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Combining Progression and Regression
in State-Space Heuristic Planning

Dimitris Vrakas and loannis Vlahavas
Department of Informatics
Avristotle University of Thessaloniki
54006, GREECE
[dvrakas,vlahavas]@csd.auth.gr

Fax: ++3031 998419

Abstract. One of the most promising trends in Domain Independent Al
Planning, nowadays, is state-space heuristic planning. The planners of this
category construct general but efficient heuristic functions, which are used as a
guide to traverse the state space either in a forward or a in backward direction.
Although specific problems may favor one or the other direction, there is no
clear evidence why any of them should be generally preferred.

This paper proposes a hybrid search strategy that combines search in both
directions. The search begins from thmtial Statein a forward direction and
proceeds with a weighted A* search until no further improving states can be
found. At that point, the algorithm changes direction and starts regressing the
Goalstrying to reach the best stateund at the previous step. The direction of
the search may change several times before a solution can be found. Two
domain-independent heuristic functions based on ASP/HSP planners enhanced
with a Goal Ordering technique have been implemented. The whole bi-
directional planning system, named BP, was tested on a variety of problems
adopted from theacent AIPS-00 planning competition with quite promising
results. The paper also discusses the subject of domain analysis for state-spac
planning and proposes two methods for the elimination of redundant
information from the problem definition and for the identification of
independent sub-problems.

Keywords: Planning, Heuristic Search, Bi-Directional Search

1. Introduction

Motivated by the work of Drew McDermott in the mid 90’s on heuristic state-space
planning, a number of researchers turned to this direction. During the last tew ge

great amount of work has been done in the area of domain-independent, state-space,
heuristic planning and a significant nhumber of planning systems with remarkable
performance were developed.

Hector Geffner in his recent work on HSP-2 [3] studies the matter of search
direction and the HSP-2 planning system enables the user to decide for the direction
of the search. It is clear from the experimental results that there are specific problems,
which favor one or the other search directions, but in general there is no clea
evidence why any of the two directions should be preferred.

In this paper we propose a hybrid search strategy for domain-independent, state-
space heuristic planning that combines both progression (forward chaining) and
regression (backward chaining). The search begins frornihial Stateand proceeds
with a weighted A* search until no further improving states can be found from the



Goals At that point the algorithm changes direction and regres<Gbalstrying to
reach the best state found at the previous step. The direction of the search may change
several times before a solution can be found.

Two domain-independent heuristic functions based on ASP/HSP enhanced with a
Goal Orderingtechnique were implemented and the whole bi-directional planning
system, named BP, was tested on a variety of problems adopted from the recent
AIPS-00 planning competition with quite promising results.

This paper also discusses the subject of automatic domain analysis and the
utilization of the information extracted from it in the planning process. We propose
two methods, based on the planning graphs created by the heuristic functions of BP,
which can identify valuable information about the internal structure of the problems.
The methods are utilized in BP for eliminating redundant information from the
definition of the domain and for dividing the problem in a number of easier sub-
problems that can be tackled in parallel.

The rest of the paper is organized as follows: Section 2 provides a brief review of
the work related to state-space, heuristic planning and other approaches to bi-
directional planning. Section 3 describes the bi-directional search strategy in detail
and deals with certain issues that arise while regressing the goals of a problem.
Section 4 describes the heuristic functions of BP and describes the adoption of a Goal
Ordering technique to heuristic state space planning. Section 5 presents experimental
results that illustrate the efficiency of BP on a variety of problems adopted from the
AIPS-00 planning competition. Section 6 discusses a number of domain analysis
techniques that result from the construction of planning graphs and section 7
concludes the paper and poses future directions.

2. Related Work

One of the most promising trends in domain-independent planning was presented over
the last few years. It is based on a relatively simple idea where a general domain
independent heuristic function is embodied in a heuristic search algorithm such a
Hill Climbing, Best-First Search or A*. A detailed survey of search algorithms can be
found in [9]. Examples of planning systems in this category are UNPOP[13], the
ASP/HSP family [2,3,4], GRT[16], AltAlt[14] and FF[7].

The first planner in this category was UNPOP[13], a regression planner that
constructed at each step a graph, nagexkdy regression-match grapihe graph
was used in the search, for creating the heuristic function and cutting down the
branching factor by pruning certain actions.

The direct descendant of UNPOP was HSP[4], which searches the state space in
the forward direction though and constructs a more sophisticated heuristic function
from a similar graph. HSP was followed by HSP-R[2], a similar planer with two main
differences from HSP. The search is performed in a backwards manner and the
heuristic is created in the opposite direction, which enables HSP-R to create the
planning graph only once. HSP and HSP-R were later embodied in a unifying
planning system called HSP-2[3]. GRT [18] is another extension to HSP that searches
in the forward direction and creates the heuristic backwards once at the beginning.

Nigenda, Nguyen and Kambhampati presented a hybrid planning system, named
AltAlt [14], which was created using programming modules from STAN [10] and
HSP-R. In the first phase, AltAlt uses the module from STAN to create a planning



graph, from which it extracts a heuristic function that is used to guide the backward
hill-climbing search, which is performed in an HSP-R manner.

One of the latest planners in this category and the most effective according to the
results of the AIPS-00 planning competitfois Hoffmann’s FF planning system [7].

FF constructs a graph similar to this of GRAPHPLAN from which it extracts a sketch
plan. The sketch plan is then used in a forward enforced hill-climbing search in two
ways. Firstly, the length of the sketch plan is used as an estimate for the distance
between thelnitial state and theGoals and secondly a set dfielpful actions is
extracted which helps in cutting down the branching factor of the search.

Bi-directional search is a well-known search strategy mentioned in almost any
textbook about Artificial Intelligence. However, it has not been broadly adopted as a
search strategy. Especially in planning, there are only a few systems performing a
combined search in both directions. The only bi-directional planners that have been
developed, to the knowledge of the authors, are PRODIGY [19], NOLIMIT[18],
FLECS[20] and RASPUTIN[6]. All of these planners have been developed by
researchers of the Carnegie Mellon University’s PRODIGY project and are based on
the combination of goal-directed backward chaining with simulation of plan
execution [18]. Although these planners perform some kind of search in both
directions, they are actually forward-direction planners, which utilize the backward
search as an action selection mechanism.

3. The Search Strategy of BP

The planners presented in the previous section have shown quite impressive

performance and they have proved to be able to handle a large variety of difficult

problems. However, they usually present variations in their efficiency among

different domains or even between problems of the same domain.There are two main

reasons that justify this behavior:

a) Although the heuristic functions constructed by all the planners are general, they
seem to work better with specific domains.

b) There are domains and problems that clearly favor one of the two search
directions (forward or backward).

The first argument, which is also a conclusion drawn from the experience of the
authors, has been stated by Stone, Veloso and Blythe in [17]. The second argument is
the main conclusion drawn by Bart Massey in an extensive study in the directions of
planning presented in [11]. Bonet and Geffner have pushed the same argument one
step further: Although we don't fully understand yet when HSP will run better than
HSP-R, the results suggest nonetheless that in many domains a bi-directional planner
combining HSP-R and HSP could probably do better than each planner separately
[2]. The answer to the question posed by Bonet and Geffner above has been answered
by Massey in [11], where the planning problems are discriminated into forward and
backward problems, in the sense that strongly directed planners will find the problems
of the opposite direction intractable.

Motivated by the conclusions stated above we developed BP, a heuristic state-
space planner, which combines search in both directions. A part of the plan is

1 A complete review of the participating systems, the domains and the results of the
AIPS-00 competition can be found at the URL: httpuAv.cs.toronto.edu/ai@900/



constructed with the progression module (forward chainer) and the rest is constructed
with the regression module (backward chainer). The sub-plan of the regression
module is inversed and merged with that of the progression module in order to

produce the final plan. However the case is not always that simple, because usually
BP interleaves the execution of both modules several times before a solution is found.
Details about the search strategy are presented later in this section but first we
describe the progression and the regression search modules.

3.1 The Progression Module

The progression module employs a best-first search method starting from the initial

state and moving forward trying to reach the goals with two main differences:

a) the size of the planning agenda is limited by an upper 8@ _AGENDAThis
means that if there are N states (N>SOF_AGENDA) only the SOF_AGENDA
most promising (according to) states will be stored and the rest will be pruned.
This fact sacrifices completeness but it is necessary, since otherwise a lot of
problems would become intractable.

b) The progression module will stop the search when it is not further possible to
move to a state, the distance of which is not greater than the distance of the
current state pludl. This part of the algorithm is crucial to the unified bi-
directional search strategy, since the valuel afetermines how frequently will
the algorithm change the search direction.

The progression module takes five arguments, which are: a) the initiall'state

the sub-problem, b) the goal&’ of the sub-problem, c) the maximum size

SOF_AGENDAof the planning agenda d) a threshdiddeclaring when should the

search stop and e) a heuristic functibncapable of estimating distances between

states. The progression module returns a new Satehich is the state closer @’

that the module could find.

3.2 The Regression Module
The algorithm of the regression module is quite similar to the one of therggsign
module, since the search strategy is symmetric. The only differences are in the way of
finding the applicable actions and forming the successor states. The regression module
makes extensive use of binary mutual exclusions between facts. Twpfaotsq are
mutual exclusive, denoted asx(p,q) if no valid state contains both of them at the same
time. Mutual exclusions are calculated in a way similar to the one they are calculated in
GRAPHPLAN [1].

An actionA is backward applicable to stagif S contains at least one add and
no del effects ofA and there are no mutual exclusions between fac&asfd the facts
added byA. StateS’ is produced from the backward application of acthio stateS
by removing the del effects & from Sand adding the add ones.

3.3 Combining the two Search Modules

The underlying framework of the bi-directional search strategy is based on a
relatively simple idea. Usually, single-directional planners reach a point in the search
process where the heuristic function becomes less informative. Two of the main
reasons that justify this behavior are: a) the branching factor of the current sub-
problem is too large for the heuristic to produce accurate estimates b) the sub-problem
is much too complex and the heuristic function becomes obsolete as the search goes
on, especially when it is constructed only once at the beginning.



In contrast, BP constructs the heuristic function in the backward direction and
starts performing a forward directed search until it reaches a S{dtem where it is
difficult to proceed. Then it reconstructs the heuristic function in the opposite
(forward) direction and starts searching, in the opposite direction (backward), from
the GoalstowardsSs. If the backward search is also blocked after some steps in a
stateS;,, BP will restart the planning process replacing thiial state withS; and
the Goalswith Ss,. The value of th&hresholdis increased each time a search module
returns without improving its initial state. The bi-directional search strategy of BP is
outlined in Figure 1, wher&t.planrepresents the plan from theitial state toStfor
the progression module and the plan from @wmalsto Stfor the regression one.

Search Algorithm of BP
Input /, G Qutput Plan
Pl anl=Pl an2=[],S = I, F = G Directi on=Forward, Threshol d=I ni t _Thr
wile FLSI
Begi n
If Direction = Forward
begin
Create backward heuristic function hg
St =Pr ogr essi on_nodul e( S, F, MAX_SOF_AGENDA, Thr eshol d, hg)
If St S Planl=Pl anl+St. pl an, Threshol d=Init_Thr, S=St
El se Threshol d=Thr eshol d+STEP
Direction = Backward
end
El se
begi n
Create forward heuristic function hg
St =Regr essi on_nodul e( S, F, MAX_SOF_AGENDA, Thr eshol d, hg)
I'f St F Plan2=Pl an2+ St. pl an, Threshol d=Ini t_Thr, F=St
El se Threshol d=Thr eshol d+STEP
Direction = Forward
End
end
Ret urn Pl anl+reversed(Pl an2)
Figure 1: The Search algorithm of BP

There are two reasons that enable BP to face the problems stated above: a) the
change in the direction enables BP to update the heuristic function, b) due to the
adaptive way in which BP changes directions, it tends to solve the major part of the
problem in the direction, which best fits it.

4. BP’s Heuristic Functions

In order to test the efficiency of the bi-directional search strategy, we developed two,
relatively simple, domain independent heuristics functions that were embedded in the
BP planning system. The two heuristic functions are quite similar and are based on
exactly the same idea, but the first one is used for the progression module and the
other for the regression one. Note here, that both search modules of BP adopt a
weighted A* search strategy, where the total cost of a s&ie calculated as:
w*L(S+w.*h(S). In this formula,L(S) is the number of steps needed to achieve state



Sstarting from the Initial state (Goals in case of regressibfg), is the value returned
by the heuristic function and; andw, are user-defined constants.

4.1 The Progression Heuristic Function

The heuristic function used for the progression module is similar to the one of the
GRT planning system. The heuristic function is extracted from a leveled graph,
similar to the one built by GRAPHPLAN. The graph consists of all the subgoals of
the domain (the action levels of the GRAPHPLAN are omitted) that are generated
from the Initial state, tagging them with a number K, identifying the minimum
number of steps needed to generate them starting from the Goals.

The graph construction begins from the Goals of the problem (level 0) and
proceeds backwards adding iteratively a new ldvetith all the subgoals that are
generated by actions that are applicable at levél An actionA is applicable at level
L-1, if at least one add-effect &f exists inL-1. For each actio/ that is applicable at
level L-1, the algorithm computes a valideas the sum of the tags of all the facts in
add@). The facts in its precondition list are then added at |évahd tagged withv+1
if they have not already been tagged with a smaller value Yhdn The expansion of
the graph iterates until the graph reaches l&ygk, where no more subgoals can be
generated with a cost smaller than the one in its tags.

After the creation of the graph, which is done only once as long as the planner
does not change direction, the tags of the facts are used to produce estimates for the
distance between any steén the domain and the goals, just by summing up the tags
of the facts inS.

4.2 The Regression Heuristic Function

As stated earlier in this section, the regression heuristic function is similar to the
progression one and just differs in the direction in which the graph is created. The
graph for the regression is built starting from the facts in the Initial state (level 0) and
proceeds forwards until it reaches a lelglyx, where no more facts can be added to
the graph with a cost smaller than the one in their tags. Here, an actoapplicable

at levell, if all the preconditions oA exist inL.

4.3 Refining the heuristic functions with Goal Ordering
Goal ordering for planning has been an active research topic over the last years and a
number of techniques have been successfully adopted by state-of-the-art planning
systems. The research so far has been focused on two tasks: a) how to automatically
extract as much information as possible about orderings among the goals of the
problem, with minimum computational cost and b) how to use this information during
planning. McCluskey and Porteous with their work on PRECEDE[12] proposed a
method for identifying goal orderings between pairs of atomic facts, based on direct
domain analysis. The more recent work of Koehler and Hoffman on GAM [8] have
resulted in two techniques for identifying goal orderings, one based on domain
analysis and another utilizing the information gained by the construction of a planning
graph. The simplest and yet quite effective orderings extracted by these techniques
have been described emasonable orderand are based on the following idea:

“A pair of goals A and B can be ordered so that B is achieved before A if it isn’t

possible to reach a state in which A and B are both true, from a state in which A is

true, without having to temporarily destroy Al15].



IPP [8] and FF[7] make use of reasonable orderings during planning through the
construction of a goal agenda that divides the goals into an ordered set of sub-goals.
The planners sequentially achieve the first sub-goal in the agenda, which has not yet
been achieved. Experimental results have shown that the use of the goal agéila yie
in significance improvement in terms of both planning time and plan quality.

BP adopts a slightly different method to compute reasonable orderings between
goals, which is based on mutual exclusions between facts of the domain. Since the
planner calculates the set of binary mutual exclusions, in order to use them for the
regression phase, the overhead imposed by the calculation of reasonable orderings is
negligible. FunctiorOB (Ordered Before), which is outlined in Figure 2, is iteratively
ran on every pair of goals in order to identify the possible orderings between the goals
of the problem.

Function OB
Input: Coals a and b
Qutput: True (a should be ordered befor® or Fal se
For each action O a€add(O
begin
Mut exPr e=f al se
For each fact f: feprec(O
If nx(b, f)=true Mt exPre=true
If MutexPre = false return fal se
end
Return true

Figure 2: The OB Function

The orderings extracted by OB are used in the planning phase, in order to refine
the results of the heuristic functions and not to divide the goals into sub-sets. More
specifically, after the evaluation of a stéBdy one of the two heuristic functions, as
exemplified by sub-sections 4.1 and 4.2, BP searches Sfatepossible violations of
the goal orderings. Fact f of a state S is violating the goal ordering if:
fe Goalsand goalg:g S and OB(g,f)=true

For every ordering violation in state S, the estimated distance between S and the
Goals is increased by a constant number, since at a later point the ordering breaches
will have to destroyed and re-achieved after the correct ordering has been reinstated.

5. Experimental Results

In order to test the efficiency of BP we implemented two additional planners: a) PMP
(Progression Module Planner), a progression planner using the progression module
and heuristic function of BP and b) RMP (Regression Module Planner), a regression
planner using the regression module and heuristic function of BP. The search modules
in PMP and RMP were slightly modified, so as to continue their search until a
solution is found. The three planning systems were tested on a large variety of
problems adopted by the recent AIPS-2000 planning competition.

The codes of the planners were based on the publicly available code of the
second version of GRT and were implemented in C++. All the tests were run on a
SUN ENTERPRISE 3000 parallel computer, with a SPARC-1 processor at 167 MHz
and 256 MB of RAM. The underlying operating system was SUN Solaris 2.6 and the



programs were compiled by GNU C++ compiler. For the tests we have chosen the
following configuration for the three planners:
MAX_SOF_AGENDA=200,I ni t _Thr =2,STEP = 2, w;=0.4 andw,=1.0.

The three planners (PMP, RMP and BP) were tested on all problems blatties
world, the logistics the MIC-10 and thefreecell domains used in the AIPS-00
planning competition. Tables 1, 2, 3 and 4 present the results of the tests. GdliZnn
and 3 present the number of steps of the plan found by each planner and the time needed
to solve the problem (in brackets). Note that short dashes mean that the problem could
not be solved within the 180 seconds limit in CPU time set on all planners. Plan lengths
written in bold note the minimum plan length found by the three planners. Note that due
to space limitations, tables 1, 2, 3 and 4 present only a part of the tested problems.

5.1 Blocks world

It is clear from table 1 that the specific problems favor regression planners. RMP was
able to solve 47% more problems than PMP producing in all problems shorter plans
in much less time, while BP presented results quite similar to RMP. Specifically, BP
solved 1 problem less than RMP, producing 16% longer plans, spending though 45%
less time on average. BP clearly outrivaled PMP, producing 67% shorter plans and
spending almost 20 times (1930%) less time on average.

5.2 Logistics

In the logistics problems the choice of planning direction didn’t seem to play a very
important role. RMP and BP solved more problems than PMP, but produced slightly
worse plans than the latter. Specifically, BP produced 3% longer plans than PMP but
solved 32% more problems in 7% less time on average. RPM solved the same number
of problems with BP and was quite faster (9%) than the latter. However the plans it
produced were 5% longer than those of BP.

Prob [PMP RMP BP Prot|PMP RMP BP

4-0 6 (40) 6 (40) 6(60)][4-0 [20(150) | 23 (240) |20(240)
5-0 12(790)|  12(100) 12110)||5-0 |27(220) | 32(350) |27(350)
6-0 42 (14790)  12(140) 18 270]|6-0 |25(210) |33 (440) | 28 (450)
6-2 54 (15820] 24 (64d)  22(260)||7-1 |62 (10730) | 51 (1340) |50 (1830)
7-0 44 (12930]  20(410) 22(390]|8-0 |31(640) |41 (1230) | 37 (1340)
7-1 70 (13990]  22(430) 24 (440]}9-1 |32(590) |34 (1230) |32(1320)
7-2 | 106 (42890)  20(530) 22 (410]| 10-0 | 74 (29650) | 54 (3790) |50(5010)
8-1 88 (27360]  20(490) 30 (850] | 12-0 | 45 (4590) " | 51 (3820) |45 (4960)
8-2 18 (250f  16(410) 16 (390)|| 13-1 | - 83 (17620) | 81 (24160)
9-1 -| s0(s150) 30(3570)|| 14-0 | - 78(15490) | 79 (31140)
9-2 -| 26(s5130)| 28 (1740)| 14-1 | 76(5970) | 93 (20410)| 87 (30120)
10-1 -| 38(21350) 42 (7490p| 15-0 | 112 (70170} 95 (21480) | 106 (38620)
10-2 114 (40200)| 15-1 |76 (20240) | 85 (20070)| 82 (24410)

109(35820)| 112 (47130)

11-0 62 (5270] 34(4730)| 78 (8490}| 16-0 | -
| 16-1 [83(10330) | 108 (40890) 85 (16430)

11-1 -l 30(2080)

11-2 - -| 220(125030)| 17-0 116 (41350) 114(53130)
12-0 -| 34(5040)| 48 (8680)|17-1 | - 120(45650)| 120 (85490)
12-1 -| 38(18380) 4| 18-1 | 104 (90900} 101 (46410)| 102 (59810)

13-1 - - 4l19-1 119 (70160) 113(89260)
14-0 -| 38(8170) 1] 20-0 | - 127(73580)| 138 (11644d)
14-1 -l 36(5910) 20-1 | 110(22620)| 123 (66510) 112 (33480

170 - -| 50(59280) Table 2: Plan length and solution time
Table 1: Plan Iength and solution time (|n msec) for Logistics pr0b|ems

(in msec) for Blocks world problems




5.3 MIC-10

MIC-10 is a domain that clearly favored progression planners, as shown by the
experimental results. RMP was unable to solve problems harder than s4-1, while PMP
and BP solved almost every problem of the domain. We tried to increase the size of
the planning agenda for RMP and as a result the planner was able to solve a few more
problems (up to s5-2) but this had a negative impact on planning time. Concerning the
other two planners, BP clearly outperformed PMP by solving 7.5% more problems in
35% less time on average and by producing 10% shorter plans.

5.4 Freecell

Like the logistics domain, freecell does not clearly favor a specific planning
direction. However PMP seemed to perform better than RMP and this is probably due
to the fact that there is too much implied information that is omitted from the goals. In
this domain BP solved 3 problems more than RMP and 2 less than PMP, producing
plans of lower quality (approx. 6% longer plans) than both RMP and PMP. However,
concerning planning time, BP clearly outperformed the other two, needing 35% less
time than PMP and 614% less time than RMP on average.

Prob | PMP RMP BP Prok | PMP RMP BP

S1-0 [4(0) 4(10) [4(20) 2-1 [9(3920) [9(37660) | 11 (4240)
S3-0 | 12(40) [10(320)| 11 (40) 2-2 |8(3910) |[8(34110) | 9(4150)
S4-0 | 16 (100) | - 15(100) 2-3 |8(3510) [8(38860) | 9(3940)
S10-0| 40 (1980) | - 36(1390) 2-4 |8(4110) |[8(32920) | 9 (4150)
S11-0| 41 (2400) | - 39(1580) 2-5 |9(3930) [9(33770) | 11(4390)
S12-0| 48 (4280) | - 41(2500) 3-1 |18(18990) | 15(88360) | 18 (43870)
S15-0| 60 (8710) | - 52(5130) 3-2 |17(20190) | 19 (100650) 19 (15000
S17-0| 67 (12840) - 62 (7880) 3-3 | 16(30130) [ 19 (90870) 15(10580)
S17-4| 65 (14280) - 57 (8040) 3-4 |15 (14950) | 13(71910) |13(9990)
S18-4| 70 (16050) - 62(9140) 3-5 |16(38760) [16(83530) | 17 (19310)
S19-0| - - 66 (11520) 4-1 |27(106590)| - 28 (93750)
S19-2| 74 (26090) - 64 (11990) 4-2 |24 (25090) |21 (150020)| -

S19-3| - - 67(12100) 4-3 |28(78620) | - 38 (86140)
S19-4| 77 (21910) - 66 (11570) 4-4 |26 (67300) [19(127580)| -

$20-0| - - 70 (16560) 4-5 |30 (100620) - 24,(27880)
S20-1| 84 (28640] - 71(13450) 5-1 |- - -

S20-2| 79 (23800) - 65 (12850) 5-2 28(159790) - -

S20-3 - 72(14770) 5-3 - 46 (152930)
S20-4 70(15570) 5-4 29 (85080) 39 (153630
Table 3: Plan Iength and solution Table 4: Plan Iength and solution time
time (in msec) for MIC-10 problems (in msec) for Freecell problems

6. Domain Analysis through Planning Graphs

The relaxed planning graphs built by the heuristic functions of BP, as described in
sections 4.1 and 4.2, can be used as a means for extracting valuable information about
the structure of the domain. This information can then be used in various ways, such
as a) removing redundant information from the definition of the problem and thus
cutting down the branching factor and b) identifying independent sub-goals that can
be solved in parallel.

6.1 Simplifying the Definition of the Problem

The simplification of the problem’s definition concerns facts of thiial state that

are useless for the planning process. For example, itotistics domain thelnitial

state may contain facts noting the initial location of packages, which do not need to be
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moved. This information is present in the description of the world, for means of
completeness, but increases the branching factor of the problem with useless actions.

BP employs a simple but efficient method for eliminating useless facts from the
Initial state, which is based on the backward graph built by the progression heuristic
function. After the initial construction of the backward graph, the method eliminates
all the facts of thenitial state that do not appear in the graph. If a fadbes not
appear in the backward graph, there is no way to reach a Stateeref S by
regressing thesoals This means that the facts added by the actions that have
their preconditions, are not present in the graph too and therefwres not contribute
at all in the process of reaching ti&oals of the problem. So it is safe to remove it
from thelnitial state without jeopardizing completeness.

There is no actual overhead imposed by the above method, since the backward
graph is built by the progression heuristic function no matter if the method for
eliminating useless facts is applied or not. As far as the efficiency of the method is
concerned, the method is not complete, in the sense that it does not identify all the
forms of information that could be safely removed from the definition of the problem.

6.2 ldentifying Independent Sub-Goals
Motivated by the results of the method for eliminating useless facts fronmnitial
state, we developed a second method for identifying independent sub-goals that can
be solved in parallel. Given the definition of a problem,AG>, the method
iteratively buildsN (size of G) backward planning graphs, removing at each time one
of the goals inG. It follows from the method in the previous sub-section that if we
remove goalG, from G, then the facts il (noted asly), that do not appear in the
backward graph o6-{G,,} are closely related t@y and they are not needed for the
achievement of the rest of the goals. After the creation of the graphs, the algorithm
comes up with a numbér of sets of the form k,G>, which indicate that the sét of
initial facts is only needed for the achievement of gGal
Consider, for example, gistics problem with a city consisting of two locations

(ai rport andcent er), two trucks {r 1 andt r 2) and three package®{, P, and
P3) that have to be moved. The initial state and the goals of the problem are:

I={at (Py, center),at (P, center),at(Ps center),at(trl,center),a
t(tr2,center)}

G={at(Py,airport),at (P, airport), at(Ps, center)}
The independent goals and the sub-sets of G used for the graphs are the following:

G=at (P, airport), G{G}={at(P,, airport),at(Ps center)}

G=at (P, airport), G{G}={at(Py,airport),at(Ps, center)}

G=at (Ps, center), G{G}={at(Py,airport),at(P,, airport)}
The three subsets of thaitial state that are extracted from the backward graphs are
the following:

I ;={at (P, center)}

I ,={at (P,, center)}

| s={at (Ps, center)}
So the sets extracted by our method are the following:

S;=<{at (Ps, center)}, at(Py,airport)>

S,=<{at (P,, center)}, at(P, airport)>

Ss=<{at (P, center)}, at(Py,center)>

At a first step, these sets can be used for further elimination of redundant facts

from the problem’s definition. If for a given setgG,>, the size olis equal to 1 and



Ik {Gy, it is safe to removeGy from G and |, from | and discard k,G,>. This is
exactly the case with sek of the previous example, where it is obvious that fact
at (Ps, cent er) could be safely removed froinandG.

The second use of the sets of the forip, &> is for dividing G in sub-goals the
plans of which that can be combined in a parallel plan. The benefits of such a method
are: a) a speedup in the planning process since tackling each sub-problem
independently is usually easier than tackling the whole problem as one and b) a
parallel plan which will probably be executed in less time than any sequential one.

The first argument is also supported by experimental results. We developed a
planner, named BP-SP (Bi-directional Planner for Sub Problems), which uses the
above method for dividing the initial problem into a number of sub-problems and then
uses BP for solving the sub-problems sequentially. Supposing that we hsets bf
the form 4,,G> andl and G are the initial state and the goals respectively, BP-SP
starts with the sub-problem’sA,G’> where:

L

F=1- lk,G ={Gy}

k 2
If BP manages to solvelsA,G’> it will encounter a stat&’ whereG' [S’] S’ will be
used for the next iteration of BP-SP to form the new sub-problémAG” > as
follows:
I” :S,-{Gl} U |2, G” :{Gz}
This process is repeatédimes and the overall plan returned by BP-SP is constructed
by concatenating the plans of the sub-problems.

The two planners (BP and BP-SP) were tested on alb§Bticsproblems of the
AIPS-00 planning competition. BP-SP managed to solve 66 problems, 20 more than
BP, and it was almost 4 times faster on average. The resulted plans were
approximately 30% longer but this could be probably overcome by a planner utilizing
the fact that the sub-plans of BP-SP can be combined in a parallel plan. It lies in our
future plans, to enhance BP with the ability to handle parallel problems.

7. Conclusions and Future Work

It is a generally accepted fact that there are certain domains or certain problems of
domains that can be tackled more efficiently by forward planners and others that can
be tackled more efficiently by backward ones. The matter of direction in planning is
an active field of research and yet no clear answer has been given to the question of
which direction should be generally preferred. This paper proposed BP, a hybrid
planning system that combines search in both directions. BP changes the search
direction in an adaptive way, which enables it to solve the major part of the problems
in the direction that best fits them.

BP has been tested on a variety of problems used in the AIPS-00 competition
and has been compared to two single-direction planners (a forward and a backward)
that utilize the same heuristic function and optimization techniques. Experimental
results have shown that BP has a stable performance on all domains, outperforming,
in general, both of the single-direction planners.

It is in our future plans to develop a more sophisticated heuristic function and
embody it in BP, along with several optimization techniques extracted from automatic
domain analysis. Our experience with BP has shown that a large amount of useful
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information can be extracted from the combination of planning graphs in both
directions and this information can be used to construct efficient optimization
techniques, such as the two methods discussed in section 6.
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Planning with Pattern Databases

Stefan Edelkamp

1 Introduction

General propositional planning is PSPACE complete [3], but when tackling spe-
cific benchmark planning instances, improving the solution quality usually re-
veals the intrinsic hardness of the problems. For example, plan existence of Lo-
gistic and Blocks World problem instances is polynomial, but minimizing the
solution lengths for these planning problems is NP-hard [11]. On the other hand
for some benchmark domains like Sokoban and Mystery even plan existence is
NP-hard. Therefore, we propose a planner that is able to find optimal plans
and, if challenging planning problems call for exponential resources, the planner
approximates the optimal solution.

Graphplan [1] constructs a layered planning graph containing two types of nodes,
action nodes and proposition nodes. In each layer the preconditions of all opera-
tors are matched, such that Graphplan considers instantiated actions at specific
points in time. Graphplan generates partially ordered plans to exhibit concur-
rent actions and alternates between two phases: graph extension to increase the
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search depth and solution extraction to terminate the planning process. Graph-
plan finds optimal parallel plans, but does not approximate solution lengths; it
simply exhausts the given resources.

Another optimal planning approach is symbolic exploration simulating a
breadth-first search according to the binary encoding of planning states. The
operators unfold the initial state over time and an efficient theorem prover then
searches for a satisfying truth assignment. A Boolean formula  describes the set
of states reachable in steps. If  contains a goal state, the problem is solvable
with the minimal as the optimal solution length.

Two approaches have been proposed. Satplan [17] encodes the planning prob-
lem with a standard representation of Boolean formulae as a conjunct of clauses.
The alternative in the planner Mips [8] is to apply binary decision diagrams
(BDDs); a data structure providing a unique representation for Boolean func-
tions [2]. The BDD planning approach is in fact reachability analysis in model
checking [4]. It applies to both deterministic and non-deterministic planning and
the generated plans are optimal in the number of sequential execution steps.
Usually, symbolic approaches cannot approximate except for recent preliminary
results with domain abstractions [15] and with symbolic best-first search [6].
Though promising, the solution quality is not as good as in explicit search.

Directed search is currently the most effective approach in classical Al-planning;:
four of five honored planning systems in the general planning track of the ATPS-
2000 competition at least partially incorporate heuristic search. However, in
traversing the huge state spaces of all combinations of grounded predicates,
all planners rely on inadmissible estimates. The currently fastest deterministic
planner, FF [13], solves a relaxed planning problem for each state to compute
an inadmissible estimate. Furthermore, non-general pruning rules in FF such as
helpful action cuts and goal ordering cuts help to avoid plateaus and local optima
in the underlying hill-climbing algorithm. Completeness in undirected problem
graphs is achieved by breadth-first searching improvements for the estimate and
by omitting pruning in case of backtracks. Nevertheless, the daunting problem for
FF are directed problem graphs with dead-ends from which its move committing
hill-climbing algorithm cannot recover.

The best admissible estimate that has been applied to planning is the mazx-
pair heuristic [10] implemented in the HSP planner. However, even by sacrificing
optimality due to scaling, in AIPS-2000 this estimate was too weak to com-
pete with the FF-heuristic. Moreover, own experiments with an improvement to
maz-pair according to a minimum matching on a graph weighted with fact-pair
solution lengths were discouraging.

This paper proposes a pre-computed admissible heuristic that easily outper-
forms maz-pair and by scaling the influence of the heuristic even the state-of-
the-art FF-heuristic is beaten. To build the database we exhaustively search
all state-to-goal distances in tractable abstractions of the planning state-space
that serve as lower bound estimates for the overall problem. After studying the



pattern database framework, we present experiments with a sizable number of
benchmark planning problems of ATPS-1998 and AIPS-2000 and draw conclud-
ing remarks.

2 Planning Space Representation

For the sake of simplicity we concentrate on the STRIPS formalism [9], in which
each operator is defined by a precondition list , an add list , and a delete list

, but the presented approach can be extended to various problem description
languages which can be parsed into a fixed state encoding. We refer to state
descriptions and lists as sets/conjuncts of grounded predicates also called facts
or atoms. This is not a limitation since all state-of-the-art planners perform
grounding; either prior to the search or on the fly.

Definition 1. Let be the set of grounded predicates and  be a set of grounded

STRIPS operators. The result ' of an operator = ( ) €  applied to
a state C  is definedas '=( \ )U incase C . Inverse STRIPS
operators ~— are given by — =(( \ )U ).

We exemplify our considerations in the Blocks World domain of ATPS-2000,
specified with the four operators , , , and . For
example, the grounded operator is defined as

2
}, and
, }

The goal of the instance 4-1 is defined by { }
and the initial state is given by { , , ,
}. The first step to construct a pattern database is a domain analysis
prior to the search. The output are mutex groups of mutually exclusive facts.
In every state (reachable from the initial state), exactly one of the atoms in
each group will be true. In general this construction is not unique such that we
minimize the state description length over all possible partitionings as proposed
for the MIPS planning system [7]. In the example problem we find the following
nine mutex-groups.
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The planning space P is in fact smaller than the set of subsets of grounded predicates,

but includes the set of states reachable from the initial state.

Consistent heuristic estimates fulfill h(v) — h(u) + w(u,v) > 0 for each edge (u,v)
in the underlying, possibly weighted, problem graph. They yield monotone merits
f(u) = g(u) + h(u) on generating paths with weight g(u). Admissible heuristics
are lower bound estimates which underestimate the goal distance for each state.
Consistent estimates are indeed admissible.



Let F be the set of grounded predicates. A

¢ is a mapping from F to F true such that for each group G
either forall f G ¢ f forforallf G ¢ f true.
)
¢odd ¢even ¢odd
¢even
(z)even G
Poda G , G G

Let ¢ be a planning space abstraction and 4 S ,S  be the graph-
theoretical shortest path between to two states S and S in . Furthermore, let
S be the start and Sy be the set of goal states in . A

according to ¢ is a set of pairs, with the first component being an abstract
planning state S and the second component being the minimal solution length in
the abstract problem space, i.e.,

(z) Sa(stﬁ Sa¢ St S

PDB ¢
n an <a<
n
PDB (z)even
PDB ¢odd ¢even ¢odd
¢even G (z)odd
G G

To include mutex-groups into PDB calculations which are not present in the goal
state, we may generate all possible instances for the fact set. In fact, this is the
approach that is applied in our implementation.
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(holding a)
(on b a)
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d
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d
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d

c) (clear b)
c) (holding b)
c)(on d b)
c)(on a b)

(clear b) (holding c)

b) (clear c)

(on a b)(clear c)
(clear c) (clear b)
(on a b) (holding c)
(clear c) (holding b)

(on a c)(clear b)

(holding c) (holding b)

(on b c)(clear b) (on a c)(holding b)
(on ¢ b)(clear c) (on d b) (holding c)
(on a c)(on 4 b) (on b c) (holding b)
(on a b)(on b ¢) (on d b)(on b ¢)
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(on ¢ b)(on d ¢)
Two pattern databases 1 and 5 are , if the
sum of respective heuristic estimates always underestimates the overall solution
1 1 2 2 < v eP
1
1
2
An is a set of group indices such

that no operator affects both atoms in groups in

not in . The according abstraction

true is called an

disjoint pattern databases.

Proof.

and atoms in groups that are

that maps all atom groups not in  to

A partition of the groups into independent abstractions sets yields




According to the partition into groups a perfect hashing function is defined
as follows. Let G ,G ,...,G be the selected groups in the current abstraction
and offset(k) be defined as offset(k) =[[ |G | with |G | = 1. Furthermore,
let group(f) and position(f) be the group index and the position in the group of
fact f, respectively. Then the perfect hash value hash(S) of state S is

hash(S) = Z position(f) - offset(group(f)).
€

Since perfect hashing uniquely determines an address for the state S, S can be
reconstructed given hash(S) by extracting all corresponding group and position
information that define the facts in S. Therefore, we establish a good compres-
sion ratio, since each state in the queue for the breadth-first search traversal
only consumes one integer. The breadth-first-search queue is only needed for
construction and the resulting PDB is a plain integer array of size offset(k + 1)
encoding the distance values for the corresponding states, initialized with oo for
patterns that are not encountered. Some states are not generated, since they are
not reachable, but the above scheme is more time and space efficient than ordi-
nary hashing storing the uncompressed state representation. Since small integer
elements consume only a few bytes, on current machines we may generate PDBs
of a hundred million entries and more.

In the simple example planning problem the combined sizes of groups and the
total size of the generated pattern databases PDB(¢ ) and PDB(¢ ) differ
considerably. Since we perform a complete exploration in the generation process,
in larger examples the requirements in time and space resources for computing
PDBs might be exhausted. Therefore, an automatic way to find a suitable bal-
anced partition according to given memory limitations is required. Instead of a
bound on the total size of all PDBs together, we globally limit the size of each
pattern database, which is in fact the number of expected states. The restriction
is not crucial, since the number of different pattern databases is small in practice.
The threshold is the parameter to tune the quality of the estimate. Obviously,
large threshold values yield optimal estimates in small problem spaces.

We are confronted with a Bin-Packing variant: Given the sizes of groups, the
task is to find the minimal number of pattern databases such that the sizes do
not exceed a certain threshold value. Notice that the group sizes are multiplied
in order to estimate the search space size. However, the corresponding encoding
lengths add up. Bin-Packing is NP-hard in general, but good approximation
algorithms exist. In our experiments we applied the best-fit strategy.

4 Results

All experimental results were produced on a Linux PC, Pentium III CPU with
800 MHz and 512 MByte. We chose the most efficient domain-independent plan-
ners as competitors. In Logistics, the program FF is chosen for comparison and
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suggests applying memory limited search algorithm like thresholding in IDA*
and alternative hashing strategies to detect move transpositions in high search
depths.

We summarize that hill climbing is better suited to the FF heuristic while
weighted A* seems to perform better with PDBs. The solution qualities are about
the same as Figure 2 deptics. Even magnification to larger problem instances fails
to establish a clear-cut winner.

4.2 Blocks World

Achieving approximate solutions in Blocks World is easy; 2-approximations run
in linear time [24]. Moreover, different domain-dependent cuts drastically reduce
the search space. Hence, TALPlanner [20] with hand-coded cuts and FF with hill
climbing, helpful action and goal ordering cuts find good approximate solutions
to problems with fifty Blocks and more. FF using enforced hill climbing without
cuts is misguided by its heuristic, backtracks and tends to get lost in local optima
far away from the goal. We concentrate on optimal solutions for this domain.
Since any -Tower configuration is reachable from the initial state state, the
state space grows exponentially in , and indeed, optimizing Blocks World is
NP-hard. Graphplan is bounded to about 9 blocks and no optimal heuristic
search engine achieves a better performance, e.g. HSP with maz-pair is bounded
to about 6-7 blocks. Model checking engines like BDD exploration in Mips and
iterative Boolean satisfiability checks in Satplan are best in this domain and
optimally solve problems with up to 12-13 blocks. Table 3 depicts that PDBs
are competitive and that the solution lengths match.

Moreover, better scaling in time seems to favor PDB exploration. However,
in both approaches space consumption is more crucial than time. In the bidi-
rectional symbolic breadth-first search engine of Mips the BDD sizes grow very
rapidly and large pattern databases with millions of entries still lead to millions
of node expansions. When searching for optimal solutions to 13-block benchmark
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Fig. 3. Time performance and solution quality of BDD expoloration and optimal PDB
planning in Blocks World. PDB construction time is included in the overall search time.
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screens were compiled to PDDL with a one-to-one ball-to-goal mapping so that
some problems become unsolvable. Since A* is complete we correctly establish
unsolvability of 15 problems in the test set. Note that the instances span state
spaces much smaller than the 90 problem suite considered in [16] with problems
currently too difficult to be solved with domain independent planning.

As expected, additional results in Sokoban highlight that in contrast to the
PDB-heuristic, the FF-heuristic, once embedded in A*, yields good but not
optimal solutions. BDD exploration in Mips does find optimal solutions, but for
some instances it requires over a hundred seconds for completion.

5 Conclusion

Heuristic search is currently the most promising approach to tackle huge problem
spaces but usually does not yield optimal solutions. The aim of this paper is to
apply recent progress of heuristic search in finding optimal solutions to planning
problems by devising an automatic abstraction scheme to construct pre-compiled
pattern databases.

Our experiments show that pattern database heuristics are very good admis-
sible estimators. Once calculated our new estimate will be available in constant
time since the estimate of a state is simply retrieved in a perfect hash table by
projecting the state encoding. We will investigate different pruning techniques
to reduce the large branching factors in planning. There are some known gen-
eral pruning techniques such as FSM pruning [25], Relevance Cuts and Pattern
Searches [16] that should be addressed in the near future.

Although PDB heuristics are admissible and calculated beforehand, their
quality can compete with the inadmissible FF-heuristic that solves a relaxed
planning problem for every expanded state. The estimates are available in a
simple table lookup, and, in contrast to the FF-heuristic, A* finds optimal solu-
tions. Weighting the estimate helps to cope with difficult instances for approx-
imate solutions. Moreover, PDB heuristics in A* can handle directed problem
spaces and prove unsolvability results.

One further important advantage of PDB heuristics is the possibility of a
symbolic implementation. Due to the representational expressiveness of BDDs,
a breadth-first search (BFS) construction can be completed with respect to larger
parts of the planning space for a better quality of the estimate. The exploration
yields a relation H (estimate, state) represented with a set of Boolean variables
encoding the BFS-level and a set of variables encoding the state. Algorithm
BDDA*, a symbolic version of A*, integrates the symbolic representation of
the estimate [6]. Since PDBs lead to consistent heuristics the number of itera-
tions in the BDDA* algorithms is bounded by the square of the solution length.
Moreover, symbolic PDBs can also be applied to explicit search. The heuristic
estimate for a state can be determined in time linear to the encoding length.

Acknowledgments We thank J. Hoffmann for the Sokoban problem generator,
M. Helmert for eliminating typos, the anonymous referees for helpful comments,
and P. Haslum for fruitful discussions on this research topic.
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Forward chaining is a popular strategy for solving classical
planning problems and a number of recent successful planners exploit it.
To succeed, a forward chaining algorithm must carefully select its next
action. In this paper, we introduce a forward chaining algorithm that
selects its next action using heuristics that combine backward regression
and goal ordering techniques. Backward regression helps the algorithm
focus on actions that are relevant to the achievement of the goal. Goal
ordering techniques strengthens this filtering property, forcing the for-
ward search process to consider actions that are relevant at the current
stage of the search process. One of the key features of our planner is
its dynamic application of goal ordering techniques: we apply them on
the main goal as well as on all the derived sub-goals. We compare the
performance of our planner with — the winner of the AIPS’00 plan-
ning competition — on a number of well-known and novel domains. We
show that our planner is competitive with , outperforming it on more
complex domains in which sub-goals are typically non-trivial.

List of keywords: forward chaining, backward regression, goal ordering,
relaxed problem

1 Introduction

Forward chaining is a popular strategy for solving classical planning problems.
Early planning systems, such as GPS [12], used forward chaining but were quickly
overcome by regression-based methods such as partial-order planning [17] and,
more recently, GRAPHPLAN [2]. These methods were viewed as more informed, or
focused. However, with the aid of appropriate heuristic functions, recent forward-
chaining algorithms [3, 6] have been able to outperform other planners on many
domains.

To succeed, a forward-chaining planner must be informed in its selection of
actions. Ideally, the action chosen at the current state must bring us closer to
the goal state. To achieve this goal, recent forward-chaining planners use new,
improved heuristic functions in which regression techniques play an important
role. The idea of backward regression through forward chaining was first explic-
itly stated by McDermott [13]. It was implicitly used in GPS and FF [6] and in its
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In this section we provide a short review of forward search algorithms and goal
ordering methods and their use in planning. This will help provide some of the
necessary background and will place this work in its proper context.

2.1 Recent forward search algorithms

HSP The HsP algorithm [3] is a forward chaining algorithm without backtrack.
Each step, the action leading to the state with minimal approximated dis-
tance to the goal is chosen. This distance is approximated by solving a relazed
problem in which the delete effects of all actions were removed. Given this re-
laxed problem, we approximate the distance from the current state to a
state  using the sum (or maximum) of the weights of the propositions that
hold in . The weight of a proposition is 0 if it belongs to . Otherwise,

()= 1+ ( ()), i.e., one more than
the minimal distance of the set of preconditions of actions that achieve

FF FF (Fast Forward) [6] is a forward search algorithm that selects an action
at each step using an approximated distance measure. The distance from the
current state to the goal is approximated by the plan length for achieving the goal
in a relaxed problem induced by the current problem. FF uses GRAPHPLAN to
solve the relaxed problem. Because the relaxed problem does not have del-effects,
there are no mutually exclusive pairs of propositions and actions in the problem.
Therefore, it can be solved in polynomial time. To make the measure near-
optimal, various heuristics for decreasing the length of the extracted solution
are applied.

The algorithm applies breadth-first search from the current state until it
finds a state ' that has a strictly better value. The ordering technique from [10],
described below, is applied to make FF more effective. FF won the AIPS 2000
planning competition.

2.2 Goal ordering methods

There has been much work on goal ordering methods and their use in planning.
Most of this work addresses the following four questions

1. How to order two propositions? [7, 10, 8]

2. How to derive a total order on propositions given an ordering on all pairs of
propositions? [10]

3. How to use a total order on goal propositions in planning? [12, 10, 8]

4. How to incorporate propositions that are not in the top-level goal into the
goal order? [14]

27



28

{1}

3 Algorithm description.



MaxDeep

MaxDeep
required
For Do -
Begin
If
If
If
End
Fig. 1.

3.2 Auxiliary procedures for the proposed forward search heuristics
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3.3 Optimizations

The actual implementation of RO introduces a number of optimizations to the
above algorithm. We describe them next.

The first feature is a more complicated backtrack condition. There are basi-
cally two conditions that can trigger backtracking: either the plan exceeds some
fixed length or a state has been visited twice. However, the first backtrack must
be triggered by the first condition. The state we backtrack to is determined as
follows: If no state appears more than once (i.e., we backtracked because of plan
length), we simply backtrack one step. If a state appears twice in the current
state sequence, we backtrack to the state prior to second appearance of the
first repeated state. For example, suppose our maximal plan length is 6, the
state sequence is ( ), and we have not backtracked before. In this
sequence, both  and  appear twice. However, 1is the first state to occur
twice. Therefore, we backtrack to before the second appearance of . Thus, the
new sequence, after backtracking, is ( ). From this point on, we backtrack
whenever the current state appears earlier in the sequence, even if plan length
is smaller than the maximal length.

The second optimization is the memoization of the sequence of subgoals
generated by the main heuristics. Instead of recomputing the whole subgoal
sequence in each application of the search heuristic, we use the subgoal sequence
that was constructed in the previous application (if such a sequence exists). The
modified algorithm eliminates from the tail of the subgoal sequence all subgoals
that were achieved in the past, and continues construction from the resulting
sequence.

This memoization method has two advantages. First, it saves time by avoid-
ing the computation of the full subgoal sequence. Second, and more importantly,
is that it maintains a connection between subsequent applications of the search
heuristics. This way, each application of the search heuristic application builds
on top of the results of the previous application and avoids accidental destruc-
tion of these results. The running example in the next section demonstrates the
usefulness of this approach.

3.4 A Running Example

Consider a well-known instance of the BlocksWorld domain called the Sussman
Anomaly. It is an instance with three blocks, its initial state is { (3 1)  —

(1) 3 - (2) (2)} and the goalis { (1 2) (2 3)}. Note,
there is only a single reachable state that satisfies the goal criteria. In this state,
the proposition — — (3) holds. However, — (3) is not stated explicitly

in the goal. This raises a difficulty for algorithms that employ goal ordering be-
cause they are strongly affected by interactions between actions in the goal. For
example, in our case, the propositions of the goal have to be ordered as follows
( (23) (12)).However, before achieving (2 3), it is necessary to achieve

- 3.
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5

Conclusions

In this paper we presented a forward search planning algorithm. An implementa-
tion of this algorithm was shown to be competitive with ~ on domains in which
subproblems obtained as a result of goal ordering are themselves non-trivial. Our
algorithm makes a number of novel contributions:

A forward search heuristics combining backward regression and goal ordering
techniques.

A complex memoization technique for reusing subgoal sequences.

A novel combination of the Logistics and the BlocksWorld domain.

A better understanding of the weaknesses and strengths of
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Fig. 1. Example task.

to reduce wasted effort during plan generation. We introduce the notion of

orderings, which captures this situation. Two landmarks and  are
also often ordered in the sense that all valid solution plans make  true before
they make  true. We call such ordering relations . For example, clear(C)
is naturally ordered before holding(C) in the above Blocksworld task.

We introduce techniques for extracting landmarks to a given planning task, and
for approximating natural and weakly reasonable orderings between those land-
marks. The resulting information can be viewed as a tree structure, which we call
the . This tree can be used to decompose the planning
task into small chunks. We propose a method that does not depend on any par-
ticular planning framework. To demonstrate the usefulness of the approach, we
have used the technique for control of both the forward planner FF(v1.0) [5] and
the GRAPHPLAN:-style planner IPP(v4.0) [8], yielding significant performance im-
provements in both cases.

The paper is organised as follows. Sections 2 to 4 explain how landmarks can
be extracted, ordered, and used, respectively. Empirical results are discussed in
Section 5 and we conclude in Section 6.

Throughout the paper, we consider a propositional STRIPS framework where ac-

tions are triples = (pre( ) add( ) del( )), plans are sequences of actions, the
result of applying an action to a state  with pre( ) is ( )=
( add()) del( ), and planning tasks are triples ( ) comprising the action

set, the initial state, and the goal state. In this section, we will focus on the land-
marks extraction process and its properties. First of all, we define what a landmark
is.

Definition 1. = ( ) landmark in

( ) : ( 1 ) 0

= 1
All initial facts are trivially landmarks (let = 0 in the above definition). For the
final search control, they are not considered. They , however, play an important
role for extracting ordering information. In the Blocksworld task shown in Figure 1,
clear(C) is a landmark, but on(A B), for example, is not. In general, it is PSPACE-
hard to decide whether an arbitrary fact is a landmark.

Definition 2.  LANDMARK RECOGNITION
= )

Theorem 1. LANDMARK RECOGNITION  PSPACE

Proof Sketch: By a reduction of (the complement of) PLANSAT, the problem of
deciding whether an arbitrary STRIPS planning task is solvable [2]: add an artificial
by-pass to the task, on which a new fact must be added. u



Due to space restrictions, we include only short proof sketches in this paper. The
complete proofs can be found in a technical report [11]. The following is a simple
sufficient condition for a fact being a landmark.

Proposition 1. Given a planning task = ( ), and a fact . Define | =
(L ) as follows.
r:= (pre( ) add( ) ) (pre( ) add( ) del( )) add( )

If 1 is unsolvable, then is a landmark in

With j being unsolvable, the goal can not be reached without adding , even
when ignoring delete lists. Deciding about solvability of planning tasks with empty
delete lists can be done in polynomial time by a GRAPHPLAN-style algorithm [1,
6]. An idea is, consequently, to evaluate the above sufficient condition for each non-
initial state fact in turn. However, this can be costly when there are many facts in
a task. We use the following two-step process.

1. First, a backward chaining process extracts landmark candidates.
2. Then, evaluating Proposition 1 eliminates those candidates that are not prov-
ably landmarks.

The backward chaining process can select initial state facts, but does not neces-
sarily select all of them. In verification, initial (and goal) facts need not be considered
as they are landmarks by definition.

2.1 Extracting Landmark Candidates

Candidate landmarks are extracted using what we call the relazed planning graph
(RPG): relax the planning task by ignoring all delete lists, then build GRAPH-
PLAN’s planning graph, chaining forward from the initial state of the task to a
graph level where all goals are reached. Because the delete lists are empty, the
graph does not contain any mutex relations [6]. Once the RPG has been built, we
step backwards through it to extract what we call the landmark-generation tree
(LGT). This is a tree ( ) where the nodes  are candidate landmarks and an
edge ( ) indicates that must be achieved as a necessary prerequisite for

. Additionally, if several nodes 1 1 are ordered before the same node
then 1  are grouped together in an AND-node in the sense that those facts
must be true together at some point during the planning process. The root of the
tree is the AND-node representing the top level goals.

The extraction process is straightforward. First, all top level goals are added to
the LGT and are posted as goals in the first level where they were added in the
RPG. Then, each goal is solved in the RPG starting from the last level. For each
goal in a level, all actions achieving are grouped into a set and the intersection

of their preconditions is computed. For all facts in we: post as a goal in the
first RPG level were it is achieved; insert as a node into the LGT; insert an edge
between and into the LGT. When all goals in a level are achieved, we move on
to the next lower level. The process stops when the first (initial) level is reached.

We also use the following technique, to obtain a larger number of candidates:
when a set of actions solves a goal, we also compute the union of the preconditions
that are not in the intersection. We then consider all actions achieving these facts.
If the intersection of those action’s preconditions is non-empty, we take the facts
in that intersection as candidate landmarks as well. More details about the process
(which are not necessary for understanding the rest of this discussion) are described
by Porteous and Sebastia [10].
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clear A
clear B pick-up C |holding C
clear D e .

arm-empty

Summarised RPG for the example shown in Figure 1.

Let us illustrate the extraction process with the example from Fig-
ure 1. The RPG corresponding to this task is shown in Figure 2. As we explained
above, the extraction process starts by adding two nodes representing the goals

and to the LGT ( = { ) b} = 0). It also
posts as goal in level 3 and in level 2. There is only one ac-
tion achieving in level 3: . So, and are
new candidates. is posted as a goal in level 2, is initially true
and does therefore not need to be posted as a goal. The new LGT is: = {

poo=A( ) ( }-

As there are no more goals in level 3, we move downwards to solve the goals in level

2. We now have two goals: and . In both cases, there is only

one action adding each fact ( and ), so their preconditions

, , , , and , as well as the re-

spective edges, are included into the LGT. The goals at level 1 are and

, which are added by the single actions and . The

process ends up with the following LGT, where we leave out, for ease of reading,
the initial facts and their respective edges: = {

pand = {( ) ( )

( ) }. Among the parts of the LGT concerning initial facts,

there is the edge ( ) € . Aswe explain in Section 3, this edge plays

an essential role for detecting the ordering constraint < that was

mentioned in the introduction. The edge is inserted as preconaition of
, which is the first action in the RPG that adds

Say we want to move from city  to city on the road map shown in Figure 3, using
a standard operator. Landmarks extraction will come up with the following
LGT: ={ o ={( ) ( )}—the RPG is
only built until the goals are reached the first time, which happens in this example
before comes in. However, the action sequence (
) achieves the goals without making true. Therefore, the candidate
€ is not really a landmark.

e

An example road map.

We want to remove such candidates because they can lead to incompleteness in
our search framework, which we will describe in Section 4. As was said above, we
simply check Proposition 1 for each fact €  except the initial facts and the goals,
i.e., for each such in turn we ignore the actions that add , and check solvability of



at(A) at(D)
at(E)
move D B C at(E)
at(A) at(D)

natural weakly

reasonable
!

clear(C) holding(C)

Definition 3. Let NATURAL ORDERING denote the following problem.
Given a planning task , and two atoms and . Is there a natural
ordering between  and , i.e., does hold?

Theorem 2. Deciding NATURAL ORDERING is PSPACE-hard.
Proof Sketch: PLANSAT

clear(C) on(B D) mnot

nearest

Definition 4. Let WEAKLY REASONABLE ORDERING denote the following prob-
lem.

Given a planning task , and two atoms  and . Is there a weakly
reasonable ordering between  and | i.e., does hold?
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Theorem 3. WEAKLY REASONABLE ORDERING  PSPACE

Proof Sketch: Reduction of the complement of PLANSAT. Arrange actions for
two new facts A and B such that: A is never deleted, and achieved once before
the original task can be started; B can be achieved only when the original goal is
solved. u

3.1 Approximating Natural and Weakly Reasonable Orderings

As an exact decision about either of the above ordering relations is as hard as plan-
ning itself, we have used the approximation techniques described in the following.
The approximation of ,, is called ,, the approximation of , is called 4. The
orders g, are extracted directly from the LGT. Recall that for an edge (L, L) in
the LGT, we know that L and L are landmarks and also that L is in the intersec-
tion of the preconditions of the actions achieving L at its lowest appearance in the
RPG. We therefore order a pair of landmarks L and L L , L ,if LGT = (N, E),
and (L,L) E.

What about ., the approximations to the weakly reasonable orderings? We
are interested in pairs of landmarks L and L , where from all nearby states in which
L is achieved and L is not, we must delete L in order to achieve L. Our method of
approximating this looks at: pairs of landmarks within a particular AND-node of
the LGT since these must be made simultaneously true in some state; landmarks
that are naturally ordered with respect to one of this pair since these give an ordered
sequence in which “earlier” landmarks must be achieved; and any inconsistencies!
between these “earlier” landmarks and the other landmark at the node of interest.
As the first two pieces of information are based on the RPG (from which the LGT
is extracted), our approximation is biased towards those states that are close to
the initial state. The situation we consider is, for a pair of landmarks in the same
AND-node in the LGT, what if a landmark that is ordered before one of them is
inconsistent with the other? If they are inconsistent then this means that they can’t
be made simultaneously true, (ie achieving one of them will result in the other being
deleted). So that situation is used to form an order in one of the following two ways:

1. landmarks L and L in the same AND-node in the LGT can be ordered L
L, if:

)

x  Landmarks:z o, L inconsistent(x,L)

2. apair of landmarks L and L can be ordered L ,,, L if there exists some other
landmark z which is: in the same AND-node in the LGT as L ; and there is an
ordered sequence of ,, orders that order L before . In this situation, L and
L are ordered, if

y Landmarks:y ., L inconsistent(y,L )

In both cases the rationale is: look for an ordered sequence of landmarks required

to achieve a landmark z at a node. For any landmark L in the sequence, if L is

inconsistent with another landmark L at the same AND-node as x then there is no

point in achieving L before L (since L will then be deleted in the effort to achieve

A final way in which we derive ordering constraints is based on analysis of any

an and 4, orders already identified. We ommit the details here and refer the
interested reader to our technical report [11].

1

http://www.dur.ac.uk/computer.science/research/stanstuff/planpage.html



4 Using Landmarks
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S:= , P:=
remove from LGT all initial facts and their edges

Disj := leaf nodes of LGT
call base planner with actions | initial state S and goal condition \/ Disj
base planner did not find a solution P’ fail
P:=P P’ S§:=result of executing P’ in S
remove from LGT all L Disj with L add(o) for some o in P’
LGT is empty
call base planner with actions , initial state S and goal A
base planner did not find a solution P’ fail
P:=P P’ output P

Disjunctive search control algorithm for a planning task ( , , ), repeatedly calling
an arbitrary planner on a small sub-task.

true anyway. When the LGT is empty—all landmarks have been processed—then
the algorithm stops, and calls the underlying base planner from the current state
with the original (top level) goals. The algorithm fails if at some point the planner
did not find a solution.

Looking at Figure 4, one might wonder why the top level goals are no sooner
given special consideration than when all landmarks have been processed. Remem-
ber that all top level goals are also landmarks. An idea is to force the algorithm,
once a top level goal has been achieved, to keep  true throughout the rest of
the process. We have experimented with a number of variations of this idea. The
problem with this is that one or a set of already achieved original goals might be
inconsistent with a leaf landmark. Forcing the achieved goals to be true together
with the disjunction yields in this case an unsolvable sub-task, making the control
algorithm fail. In contrast to this, we will see below that the simple control algo-
rithm depicted above is completeness preserving under certain conditions fulfilled
by many of the current benchmarks. Besides this, keeping the top level goals true
did not yield better runtime or solution length behaviour in our experiments. This
may be due to the fact that, unless such a goal is inconsistent with some landmark
ahead, it is kept true anyway.

4.1 Theoretical Properties

The presented disjunctive search control is obviously planner-independent in the
sense that it can be used within any (STRIPS) planning paradigm—a disjunctive
goal can be simulated by using an artificial new fact  as the goal, and adding one
action for each disjunct , where the action’s precondition is { } and the add list
is { } (this was first described by Gazen and Knoblock [4]). The search control
is obviously correctness preserving—eventually, the planner is run on the original
goal. Likewise obviously, the method is not optimality preserving.

With respect to completeness, matters are a bit more complicated. As it turns
out, the approach is completeness preserving on the large majority of the current
benchmarks. The reasons for this are that there, no fatally wrong decisions can be
made in solving a sub-task, that most facts which have been true once can be made
true again, and that natural ordering relations are respected by any solution plan.
We need two notations.

1. A is a reachable state from which the goals can not be reached anymore
[7], a task is dead-end free if there are no dead ends in the state space.
2. A fact is if, when is a reachable state with € ,and ' with

¢ 'isreachable from , then a state " is reachable from ' with € .



Given a solvable planning task O T G , and an LGT where

¢ L. If the task is dead-end free, and for

each € is a landmark such that
< ! in the tree are

"€ it holds that either ' is recoverable, or all orders
natural, then running any complete planner within the search control defined by

Figure 4 will yield a solution.

! !
T
, ¢
< ! ! [
Blocksworld Logistics Hanoi
Gripper
Tsp
Miconic Grid
C
Blocksworld
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| [ FF-vi.0 [FF-vI.0 + L] FF-v2.2 I PP [ IPP L |
[ task | time steps| time steps| time steps||  task [ time steps| time steps|
Blocksworld Blocksworld

bw-large-a 0.01 12| 0.17 16 0.01 14||bw-large-a | 0.17 12| 0.36 16
bw-large-b 1.12 30| 0.18 24 0.01 22||bw-large-b |11.05 18( 0.79 26
bw-large-c - -| 0.24 38 1.02  44||bw-large-c - -| 3.17 38
bw-large-d 7.03 56 0.31 48 0.78 54 (| bw-large-d - -111.73 54
Grid Grid

prob01 0.07 14 0.26 16 0.07 14| prob01 1.84 14| 1.15 14
prob02 0.46 39 0.44 26 0.47 39||prob02 30.61 29| 5.11 30
prob03 3.01 58 1.30 79 2.96 58||prob03 - -156.08 79
prob04 2.75 49 1.30 54 2.70 49

prob05 28.42 149|390.01 161 29.39 145

Logistics Logistics

prob-38-0 38.03 223| 5.93 285 39.61 223||log-a - -| 1.42 61
prob-39-0 101.37 244 6.22 294 98.26 239||log-b - -| 0.91 45
prob-40-0 69.03 245| 7.49 308 31.68 251||log-c - -| 1.54 56
prob-41-0 129.15 255 7.73 320 29.85 248||log-d - -| 6.80 80
Tyreworld Tyreworld

fixit-1 0.01 19| 0.18 19 0.01 19||fixit-1 0.20 19| 0.23 19
fixit-10 26.87 118 3.01 136 0.71 136||fixit-2 18.55 30| 0.67 32
fixit-20 - -| 26.24 266 10.16 266

fixit-30 - -{157.74 396 46.65 396

Freecell Freecell

prob-7-1 11.87 56 2.05 44 4.96 48||prob-2-1 8.98 9| 0.48 10
prob-7-2 4.18 50 1.99 45 4.58 52||prob-2-2 9.73 8( 0.52 10
prob-7-3 2.29 43| 1.88 46 4.07 42||prob-2-3 8.37 9| 0.53 11
prob-8-1 19.31 63] (2.17) - 11.32 60(|prob-2-4 9.17 8| 0.49 10
prob-8-2 9.89 57| 2.48 49 35.52 61| prob-2-5 8.78 9| 0.53 10
prob-8-3 2.64 50| 2.28 51 4.16 54(|prob-3-1 - -| 1.15 21
prob-9-1 145.60 84 3.33 72 9.55 73||prob-4-1 - -1 1.92 29
prob-9-2 49.17 64 3.22 60 6.77 59||prob-5-1 - -| 3.01 36
prob-9-3 3.29 55 2.95 54 5.53 54||prob-6-1 - -| 3.76 45
prob-10-1 21.89 84| (3.48) - 61.85 87

prob-10-2 15.70  70[ (2.95) - 8.45  66||Gripper

prob-10-3 7.68 56| 3.63 61 9.32 64| prob01 0.02 11| 0.20 15
prob-11-1 _|(222.48) -[(3.78) [ - (160.91) ~[|prob03 3325 23] 0.29 31
prob-11-2 | (17.76) [ (3-42) -[T17.62 (5.62) _ 74||prob20 -~ -|20.85 167
prob-11-3 | (35.13) -[(4.39) - 10.52 83

Fig. 5. Left part: running time until a solution was found, and sequential solution length for
FF-v1.0, FF-v1.0 with landmarks control (FF-v1.0 + L), and FF-v2.2. Times in brackets
specify the running time after which a planner failed because search ended up in a dead
end. Right part: running time until a solution was found, and sequential solution length
for IPP and IPP with landmarks control (IPP + L). All times are given in seconds.

lengths show some variance, making it hard to draw conclusions. In the ex-
amples used in the ATPS-1998 competition, running time with landmarks control
is better than that of both FF versions on the first four tasks. In , however,
the controlled version takes much longer time, so it seems that the behaviour of our
technique depends on the individual structure of tasks in the domain. Solution
length performance is again somewhat varied, with a tendency to be longer when
using landmarks. In , where we look at some of the largest examples from
the AIPS-2000 competition, the results are unmistakable: the control mechanism
dramatically improves runtime performance, but degrades solution length perfor-
mance. The increase in solution length is due to unnecessarily many airplane moves:
once the packages have arrived at the nearest airports, they are transported to their
destination airports one by one (we outline below an approach how this can be over-
come). In the , where an increasing number of tyres need to be replaced,
runtime performance of FF-v1.0 improves dramatically when using landmarks. FF-
v2.2, however, is still superior in terms of running time. In terms of solution lengths
our method and FF-v2.2 behave equally, i.e., slightly worse than FF-v1.0.
We have obtained especially interesting results in the domain. Data
is given for some of the larger examples used in the AIPS-2000 competition. In
, tasks can contain dead ends. Like our landmarks control, the FF search



mechanism is incomplete in the presence of such dead ends [5,6]. When FF-v1.0 or
our enhanced version encounter a dead end, they simply stop without finding a plan.
When FF-v2.2 encounters a dead end, it invokes a complete heuristic search engine
that tries to solve the task from scratch [6]. This is why FF-v2.2 can solve .
For all planners, if they encountered a dead end, then we specify in brackets the
running time after which they did so. The following observations can be made: on
the tasks that FF-v1.0 4+ L can solve, it is much faster than both uncontrolled FF
versions; with landmarks, some more trials run into dead ends, but this happens
very fast, so that one could invoke a complete search engine without wasting much
time; finally, solution length with landmarks control is in most cases better than
without.

The right part of Figure 5 shows the data that we have obtained by running IPP
against a version controlled by our landmarks algorithm. IPP normally finds plans
that are guaranteed to be optimal in terms of the number of parallel time steps.
Using our landmarks control, there is no such optimality guarantee. As a measure
of solution quality we show, like in the previous figure, the number of actions in the
plans found. Quite obviously, our landmarks control mechanism speeds IPP up by

some orders of magnitude across all listed domains. In the , solutions
appear to get slightly longer. In , solution length differs only by one more
action used in . Running IPP + L on the larger examples and

failed due to a parse error, i.e., IPP’s parsing routine failed when reading in one
of the sub-tasks specified by our landmarks control algorithm. This is probably
because IPP’s parsing routine is not intended to read in propositional encodings of
planning tasks, which are of course much larger than the uninstantiated encodings
that are usually used. So this failure is due to the preliminary implementation
that we used for experimentation. In the examples from the BLACKBOX
distribution, the solutions contain—Ilike we observed for FF in the experiments
described above—unnecessarily many airplane moves; those tasks were, however,
previously unsolvable for IPP. In one long testing run, IPP + L solved even the
comparatively large task (used for the FF variants) within 6571
seconds, finding a plan with 251 steps. In the , there is a small increase
in solution length to be observed (probably the same increase that we observed in
our experiments with FF). Running failed due to a parse error similar to
the one described above for the larger tasks. In , where we show some
of the smaller tasks from the AIPS-2000 competition, the plans found by IPP +
L are only slightly longer than IPP’s ones for those few small tasks that IPP can
solve. Running IPP 4+ L on any task larger than produced parse errors.
In , the control algorithm comes down to transporting the balls one by one,
which is why IPP + L can solve even the largest task from the AIPS-1998
competition, but returns unnecessarily long plans.

In , and partly also in , the disjunctive search control from
Figure 4 results in a trivialisation of the planning task, where goals are simply
achieved one by one. While this speeds up the planning process, the usefulness of
the found solutions is questionable. The problem is there that our approximate
LGT does not capture the structure of the tasks well enough—some goals (like a
ball being in room B in ) become leaf nodes of the LGT though there are
other subgoals which should be cared for first (like some other ball being picked up
in ). One way around this is trying to improve on the information that is
provided by the LGT (we will say a few words on this in Section 6). Another way
is to change the search strategy: instead of posing all leaf nodes to the planner as
a disjunctive goal, we tried posing a disjunction of of
those leaf nodes (we approximated consistency of a fact set as pairwise consistency
according to the TIM API). In , FF and IPP with landmarks control find
the optimal solutions with that strategy, in , the solutions are similar to
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those found without landmarks control. This result is of course obtained at the
cost of higher running times than with the fully disjunctive method. What’s more,
posing maximal consistent subsets as goals can lead to incompleteness when an
inconsistency remains undetected.

6 Conclusion and Outlook

We have presented a way of extracting and using information on ordered landmarks
in STRIPS planning. The approach is independent of the planning framework one
wants to use, and maintains completeness under circumstances fulfilled by many of
the current benchmarks. Our results on a range of domains show that significant,
sometimes dramatic, runtime improvements can be achieved for heuristic forward
search as well as GRAPHPLAN-style planners, as exemplified by the systems FF
and IPP. The approach does not maintain optimality, and empirically the improve-
ment in runtime behaviour is sometimes (like in Logistics) obtained at the cost of
worse solution length behaviour. There are however (like in Freecell for FF) also
cases where our technique improves solution length behaviour.

Possible future work includes the following topics: firstly, one can try to improve
on the landmarks and orderings information, for example by taking into account
the different “roles” that a top level goal can play (i.e. as a top level goal, or
as a landmark for some other goal), or by a more informed treatment of cycles.
Secondly, post-processing procedures for improving solution length in cases like
Logistics might be useful for getting better plans after finding a first plan quickly.
Finally, we want to extend our methodology so that it can handle conditional effects.
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Abstract. The operational traffic control problem comes up in a number of dif-
ferent contexts. It involves the coordinated movement of a set of vehicles and has
by and large the flavor of a scheduling problem. In trying to apply scheduling
techniques to the problem, one notes that this is a job-shop scheduling problem
with blocking, a type of scheduling problem that is quite unusual. In particular,
we will highlight a condition necessary to guarantee that job-shop schedules can
be executed in the presences of the blocking constraint. Based on the insight that
the traffic problem is a scheduling problem, we can derive the computational com-
plexity of the operational traffic control problem and can design some algorithms
to deal with this problem. In particular, we will specify a very simple method that
works well in fast-time simulation contexts.

1 Introduction

Assume a set of vehicles (or physical agents) with starting places, starting times, and
(perhaps multiple, sequential) goal locations. The problem is now to move the vehicles
as fast as possible to the respective goal locations. This is a problem one encounters
when trains in a railway system have to be coordinated, when airplanes have to be co-
ordinated in the air or on the ground, when autonomously guided vehicles (AGVS) in
a factory or warehouse have to be coordinated, or when a multi-robot group coordi-
nates the movement of the single robots. Interestingly, the problem does not come up
in traditional Al planning domains such asgistics(or more generallyransportation
domains [3]). In these domains we never assume that there are capacity restrictions
for locations, which implies that vehicles never interfere with each other when moving
around.

In all traffic control problems, we can distinguish betweenstiategig thetactic,
and theoperationallevel. These levels refer to the time span of a day, a few hours, and
a few minutes, respectively. We are mainly interested in how to solve the short-time
problem, which is, of course, am-line problem in the sense that we do not know the
complete input before we start to solve the problem. However, we will consider only
the static variant of the problem in the sequel.

In order to solve the problem, we will make some simplifying assumptions. This
will help us in finding a satisfycing solution in acceptable time and will at the same
time provide us with enough flexibility in the solution that will allow to accommodate
new information.
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The main simplification we consider is that we assume that the road map for the
movements of the vehicles has been fixed in advance. In general, one may want to find
solutions independently of a road map. However, this problem can be computationally
very demanding. If we are operating in a two-dimensional, rectangular environment and
want to coordinate the movement of two-dimensional objects, the decision of whether
a goal configuration can be reached is PSPACE-complete [4].

Assuming that the road map is fixed simplifies the problem considerably. However,
the problem of finding the minimal number of steps one needs to move all vehicles to
the goal locations is still NP-hard as witnessed by the generalized 15-puzzle [10]. For
this reason, we will simplify this problem even more. We will assume that the routes the
vehicles take are pre-planned and that we only hawehedulehe movements along
these routes. Although this restriction sounds very severe, it is often used in traffic
contexts. Furthermore, although simplifying the problem even more, it is still NP-hard
to find an optimal solution (as we show below). The resulting problem is similar to the
multi-robotpath-coordinatiorproblem [5, p. 379].

The rest of the paper is structured as follows. In Section 2, we formalize the traffic
control problem. We then introduce in Section 3 terminology and notions$airadul-
ing and show that the traffic problem ig@b-shopscheduling problem with blocking
constraint, which implies that the problem is NP-hard. In Section 4, we will have a look
at conditions that guarantee the existence of a solution, and in Section 5 we have a look
at methods that allow for “fast-time” simulations. Finally, in Section 6, we report on
some experimental data using those methods.

2 The Traf c Control Problem

Each traffic system is based on a spediffcastructurethat provides facilities on which
traffic movements take place, for example roads, airways or waterways. An infrastruc-
ture is often represented as a simple grépk (V, E), whereV is a set of intersections

or way-points, andt a set of legs. In this paper, however, we represent an infrastructure
as a graph where the nodes correspond to a set of resdiireegry, . . ., 4, }. FOr our
purpose, this allows for a more adequate modeling of infrastructural elements such as
intersections, as depicted in Figure 1.

(a) Graph representation (b) Resource representation

Fig. 1. Different representations of an intersection

With V' = {v1, ..., v, } we denote a fleet of vehicles that move along the resources
of a given infrastructure, where eagh € V is associated with atart timet; and an



arbitrary but fixedroute that might be the result of a path
search in the infrastructure or retrieved from a route library, for example. The minimum
time it takes to travel along resource is denoted by . A traffic problem
is a set of resources and a set of vehicles with their associated start times

and routes. If vehicles never leave the infrastructuris, called aclosedtraffic problem,
whereas in almpentraffic problem vehicles enter and leave the infrastructure.

The act of moving along resource is calledmovement activity , which
allows us to model the movement of all as amovement plan .
A traffic flow arises when vehicles move from their start position at their assigned start
time and travel along their specified route to their final position. Formally, a traffic flow

is a set of movement activities to which a time interval has been as-

signed, written . For an orderly movement of vehicles, the following
conditions have to be satisfied:

1)

(2)

3)
These condition assure that the movement of  does not start before its assigned
start time , that the actual travel time onresource does not fall short of

the minimum travel time , and finally that the given order of movement activities is
preserved without a temporal gap.

For example, if is a traffic problem with, , ,
and the connections between the resources as shown in Figure 2 (a), then

is a traffic flow for that satisfies conditions (1) - (3), illustrated in Figure 2 (a).

@) (b)

Fig. 2. lllustration of traffic flows

If we take a closer look at , we can see that vehicles and plan to use the
same resource simultaneously. Such conflicts can be excluded with the following
condition:

(4)
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However, there is another type of conflict that is an artifact of our movement model.
Consider the infrastructure as in Figure 2 (b) and the following traffic flow:

F = { <U17 T1, [07 10])7 (Ula T2, [107 20])7 <U17T3a [207 30])1 <U17T47 [307 40])7 }
- <’U2, T4, [0, 10]), <’Uz, T3, [10, 20]), <’U2, Tra, [20, 30]), <’U2, T, [30, 40])

Although this traffic flow satisfies conditions (1) - (4), both vehicles are going to ex-
change their positions at resouregsandrs, which obviously leads to a frontal colli-
sion, as sketched in Figure 2 (b). Such situations are avoided if the following condition
is satisfied:

Pij = Pros+1 A Pijt1 = Prs = Pij 7 Orst+1 (5)

We say that a traffic flow isafeif it satisfies conditions (1) - (5). In general, safety
has to be established by explicitely resolving conflicts, either by delaying vehicles or
assigning new routes to thehBuch intervention can be done by human controllers or
automatically applying rule-based conflict resolution strategies, for example.

Conflict resolution affects the efficiency of traffic flows, e.g., when a vehicle has to
stop in front of an intersection in order to give way to another one. There is a variety of
criteria for assessing efficiency of traffic flows. From an infrastructural point of view,
an optimal utilization of available resources is desirable, which, for a given set of ve-
hicles, can be achieved by minimizing the latest time at which a vehicle completes its
movement. From a vehicle point of view, the most efficient traffic flow minimizes the
delay accumulated on the way from its start to finish position.

The completion tim&’; and delayD; of vehiclev; are defined as follows:

-C; = ¢i’l;ci’
- Dy = Y5 (15 — 005) = Tigl -

Based on these definitions, theaximum completiotime C.,.x and thetotal delayT D
can be defined:

— Cmax = maxi<i<n Ci,
~TD=3%", D.

A traffic flow F' is optimalfor T'D or Cax, if it minimizes the given optimality crite-
rion.

3 Scheduling the Movements: Job-Shop Scheduling with Blocking

Scheduling is concerned with the optimal allocation of scarce resources to activities
over time [6]. As we will see in this section, there is a close analogy between finding
a safe and optimal traffic flow for a given traffic problem and finding a feasible and
optimal schedule for a certain type of scheduling problem.

A scheduling problenP = (M, J) is a set of machined/ = (u1,...,u,) and a
set of jobsJ = (ji,...,jn) that have to be processed on machined/irt Typically,

! Since we assume routes to be fixed, we do not consider the possibility of re-routing vehicles.
2 For a general introduction to scheduling, there exists a number of textbooks [1, 2, 8].



scheduling problems are classified in terms of a classification scheme [9]. The

first field describes the machine environment. If , we have aropen

shopin which each job consists of a set of operations where  has

to be processed on machinefor time units, but the order in which the operations

are executed is irrelevant. If , an ordering is imposed on the set of oper-

ations corresponding to each job. If , we have dlow shop in which each

consists of a sequence of operations and hasto be processed on
for time units. If , we have gob shop in which each each consists of

a sequence of operations and  has to be processed on a machine

for time units, with fori . Note that in a

flow shop themachine routings for all jobs the same, while in a job shop the routing is
arbitrary but fixed. With  the number of machines can be specified. The second field
indicates a number of job characteristics, for example

— pmtn (preemption): job splitting is allowed, i.e., the processing of any oper-
ation may be interrupted and resumed at a later time.
— nowait : a job must leave a machine immediately after processing is com-

pleted. For example, this restriction can be found in the domain of steel production,
where molten steel expeditiously has to undergo a series of operations while it has
a certain temperature.

— block : ajob has to remain on a machine after processing if the next machine
is busy. During that time, no other job can be processed on that machine. For ex-
ample, this phenomena occurs in domains without (or limited) intermediate buffer
storage.

The last field refers to an optimality criterion which has to be minimized and is a
function based on the completion times of jobs which in turn depends on the schedule.
The completion timeof operation  is denoted by  and the time job exits the
system is denoted by . Sometimes, for each job arelease date and adue date
is specified on which becomes available for processing or should be completed,

respectively. With this, the lateness of jobcan be defined as and the
unit penaltyas

if

else

Typically, is one of the following criteria:

- is the finish time of the last job.
- the maximum lateness.

- the total flow time

- the total weight of late jobs

A schedulés an allocation of a time interval on machine  to each op-
eration  of all jobs . A schedule ideasibleif no job is processed before its
release date (if given), the interval allocated to an operation does not fall short of its
specified processing time, no two time intervals allocated to the same job overlap and
no two time intervals on the same machine overlap. In addition, a number of specific
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requirements concerning machine environment and job characteristic have to be met. In
addition, a schedule ptimal if it minimizes a given optimality criterion.

In the sequel, we are mainly interested in job-shop schedulingblétking Inter-
estingly, job-shop scheduling with blocking is a rather unusual combination. For exam-
ple, Pinedo states that blocking is a phenomenon that occurs only in flow shops [8] and
in the survey article of Hall and Sriskandarajah complexity results only for job shop
with no-wait but not with blocking can be found [7]. One reason why most of the re-
search has focused on flow shops may be that most practical applicatibleekihg
andno waitare in flow shops. However, our traffic control problem is best considered
a job-shop problem with blocking. Solutions for such problems have to satisfy the fol-
lowing conditions:

(6)
(7)
(8)
9)

Condition (6) states that jobshould start at or after the release date of jelmd con-

dition (7) requires that the time on machine of thk subtask of job is not less than

the minimum time required for that subtask. Condition (8) formalize bthekingcon-

straint and, finally, condition (9) states that machines can only be exclusively used.
While these conditions seem to be enough to guarantee that the schedule can be

executed (and in fact, for flow-shop problems these conditions are sufficient), in a job-

shop environment it might be the case that two jobs with opposite machine routing meet

face to face, which is obviously a deadlock and might result in a complete breakdown

of the whole system. Therefore, condition

(10)

should also be satisfied. Interestingly, this condition has not been discussed in the
scheduling literature yet. The main reason is probably that, as mentioned above, block-
ing usually happens in flow-shop contexts and the blocking constraint has not been
seriously considered for job-shop environments.

To model the traffic problem as a scheduling problem, we consider infrastructural
resources as machines, vehicles as jobs and movement activities as operations. There-
fore, we have to choose the job shop machine environment , which allows us to
equate the sequence of movement activities of a vehicle with a jobs sequence of oper-
ations. A necessary job characteristic [Hock , since if a vehicle wants to
move from resource to but is blocked by another vehicle, has to
wait on until becomes available. Finally, the optimality criterion we choose
is , i.e., the minimization of the maximal completion time. In terms of the
classification scheme introduced in section 3 block is our type of scheduling
problem we are going to use for solving traffic problems.

The transformation of a traffic problem into a scheduling problem is straightfor-
ward: If 455 is a traffic problem with resources and
vehicles where each vehicle is associated with a movement plan



,then gched is the corresponding scheduling problem where
is interpreted as a set of machines ands a set of tasks. Each movement activity
that has to be performed on resource corresponds to an operation that has
to be performed on machine . Obviously, a feasible scheduledirectly cor-
responds to a safe traffic flow. It is obvious that conditions (1) - (5) for safe traffic
flows are equivalent to conditions (6) - (10) for feasible schedules.

Proposition 1. If is afeasible schedule for a job shop scheduling problem with block-
ing, then represents a safe traffic flow for the corresponding traffic problem.

From this correspondence we can immediately derive a complexity result.

Theorem 1. The traffic control problem is strongiNP-hard if we want to optimize the
maximum completion time.

Proof. As shown by Hall and Sriskandarajah [7], the problemblocking is
strongly NP-hard. This however, is clearly a special case dflocking , which
implies that the traffic control problem with three resources is already strongly NP-hard.

While this result is not surprising, it nevertheless shows that the traffic control prob-
lem is a computationally difficult problem. Moreover, the result implies that we should
look for heuristic approaches in order to solve it.

4 Solution Existence and the Infrastructure

If we know that regardless of the movements of our vehicles the goals can be reached,
we can concentrate on finding a schedule that minimizes the overall costs. Conversely,
if it is possible that a system state can be reached from which some vehicles cannot
proceed to the goal positions, then we better focus on avoiding such states and consider
optimization as secondary.

Let us first consider the situation in Figure 3. Clearly, regardless of what we do, the

I'1 {2 I’3 l'4
@

Fig. 3. A traffic problem instance without a solution

depicted problem instance does not have a solution. Conversely, if we consider problem
instances such that the start and final points are not on the routes of other vehicles, then
the problem instance has a solution. The reason is that we could move each vehicle to

3 strong NP-hardness means that even if the numbers in the problem description are coded in
unary way, the problem remains to be NP-hard.
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its final destination, starting with a new vehicle once the starting time has come and the
previous vehicle has reached its final destination. This guarantees that we can move all
vehicles collision-free to its goals — provided it is enough to start a vehicle movement at
some point after its start time. If we have to begin the vehicle movement exactly at the
start time, we may run into problems. While the entire restriction sounds very severe,
the restriction is satisfied, for example dpeninfrastructures, such as airports and train
stations. For example, at airports we might delay the landing of an airplane for as long
as the taxi ways are blocked.

However, even if the problem instance is solvable, it might be possible that a system
state is reachable from which the goal cannot be achieved. For example, in Figure 4 a

2 Iy Iy a s
| |
rl‘ I,

Fig. 4. A traffic problem instance with a possible deadlock situation

situation with a possible deadlock situation is depicted. Such deadlocks can, of course,
be anticipated and avoided in the scheduling procedure. However, due to the on-line
nature of the problem, it can happen that while executing the activity plan, one vehicle
is delayed and the deadlock happens accidentally. In order to avoid that, often the use
of resources is restricted in certain ways. For instance, often roads can only be used in a
uni-directional way resulting sometimes in detours but avoiding head-on conflicts such
as the possible one in Figure 4.

5 Very Fast Approximations for Fast-Time Simulations

In this section, we introduce a very fast algorithm for creating a safe traffic flow for a
given traffic problem. Our simulation results indicate that the efficiency of the automatic
generated traffic flow can keep up with the efficiency of a traffic flow obtained by a
human controller. As a possible application we show how such an automatic traffic
controller can be used for assessing the capacity limit of a given infrastructure.

For the corresponding job shop problem with blocking, we built a feasible schedule
by incrementally inserting jobs in a first-come-first-served manner into the schedule.
The order in which jobs are inserted is determined by their release d&tes # sched-
ule, thenS,, = {or,, € S|urs = p;} is themachine schedulef u; € M and
idle(u;, o, ¢) is true if and only if no operation is processed @nduring time[o, ¢].
Furthermore@,, = {,|ors € Sy, } is the set of finish times at; and

T 1=1
of., =" .
> {¢i,jl j>1
is theearliest possible start timef o; ;. If 0; ; has to be inserted into schedfg, _,
we consider only a finite number of potential start times:



For the example shown in Figure 5, . Finally, the predicate insertable

5 10 15 20

Fig. 5. Potential start times considered for insertion

is true, if and only if in the given schedule

1. idle istrue, i.e., no other operation is planned on during

2. Condition (8) can be satisfied, i.e., if ,idle has to be true.
3. Condition (10) is not violated, i.e., does not exchange machines with any other

As stated above, the basic idea is to sequentially insert jobs into the schedule, so the
main algorithmAutoControlleris very simple:

Algorithm AutoController
Params: sequence of jobs with
Returns: feasible schedule

for all do
inserted =
ScheduleActivity inserted
end for
return

For every job  the recursive procedutecheduleActivitys called. In a nutshell, this
procedure inserts a given operation into and continues recursively with the sub-
sequent operation , until finally the last operation  has been inserted, causing
the boolean variablimsertedto be set to

Procedure ScheduleActivity
Params: schedule , operation , boolinserted

if then
/I compute potential start times for
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while inserteddo
/I get next pot. start time

if Insertable then
; /l assign start/end time to
if then
/[ adapt end time of preceeding operation
end if
ScheduleActivity inserted // continue recursion with

if insertecthen

if then
Il reset end time of preceeding operation
end if
end if
end if
end while
else
inserted true// last operation of task has been inserted
end if

Proposition 2. For a given job shop scheduling problem with blocking, fgoCon-
troller algorithm returns a feasible schedule.

That a solution is returned follows from the fact that a new job can always be in-
serted at the end of a partial schedule. In particular, for every operatiothe set of
useful starttimes  is never empty and the predicate insertable is
always true. It is easy to show that conditions (6) - (10) are satisfied after each insertion
of an operation, so it follows that the returned schedule is feasible.

6 Experimental Results

We tested the AutoController in a traffic simulation based on the infrastructure partially
displayed in Figure 6. It is an open traffic system where vehicles dynamically arrive
at entry resources, receive a fixed route randomly taken from a standard route library
(with average route length 60 resources) and move along that route to a loading point.
After a 10-15 minute stay, they move to an exit resource and leave the traffic system.
The minimum time needed to travel along a resource is 10 secs for all vehicles.

Both a human controller and th&utoController have been confronted with the
same random sequence of 58 vehicles whose start times are equally distributed over 1
hour. The resulting traffic flow contains 123 conflicts and is even for skilled controllers
very demanding. Since the latest leave time strongly depends on the arrival times of
the last few vehicles, both the human controller antioControllerachieved the same
completion time. Hence, we use average delay as our secondary optimization criterion
that plays an important role for an economic utilization of the traffic system. As can
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Fig. 6. Simulated infrastructure

be seen in Figure 7 (a), the AutoControllers traffic flow includes 27 secs more average
delay than the human controllers traffic flow, which is a difference in performance of
20.77%.

Human vs. AutoCon
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(a) Comparison of human and automatic control (b) Traffic Density and Average Delay

Fig. 7. Simulation Results

However, when taking into account the total time a vehicle spends on the infrastruc-
ture (turnaround time), this amounts to a loss of efficiency of merely 1.62%.

Although theAutoControlleris a backtracking algorithm, in our simulation hardly
any backtracking occurred. A total of 3429 movement activities has been scheduled and
only 83 times an insertion was reversed. Consequently, the algorithm is extremely fast
and it took less than 0.5 secs to compute a safe traffic flow on a 300 MHz PC, while
on the other hand even a skilled human controller has to run the simulation most of the
time in real time which takes about 30-45 minutes.

A typical application that requires the coordination of vehicle movements are fast-
time traffic simulations that, among others, are used to evaluate the impact of infras-
tructural or operational changes in terms of capacity increase or decrease. The capacity
limit of a given infrastructure is assessed by gradually increasing traffic density [ops/h]
until an acceptable delay limit is exceeded. With ggoControlleralgorithm, the re-
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lationship between traffic density and average delay can be determined within minutes,
even if an entire day has to be simulated. An example for our infrastructure is shown in
Figure 7. In our experiment with the infrastructure as depicted in Figure 6, the capacity
limit is 45 [ops/h] if 2:30 min is the acceptable delay limit.

7 Conclusions

The traffic problem is a very common problem occurring when multiple vehicles have
to be coordinated. Examples are airport ground traffic coordination, train station co-
ordination, and multi-robot path coordination. We have shown that this problem is a
particular kind of scheduling problem, namelyjab-shopscheduling problem with
blocking This is a rather unusual scheduling problem and it turns out that it is neces-
sary to consider new constraints on schedules, which have not been discussed in the
scheduling literature yet, in order to guarantee executability. Nevertheless, the reformu-
lation of the traffic control problem as a scheduling problem allows us to derive the
computational complexity of the traffic control problem. Furthermore, on the practical
side, the reformulation suggests methods to generate schedules.

We consider restrictions on the problem which guarantee the existence of a solution
and we specify a simple, albeit powerful method that is able to generate schedules that
are reasonably good. In particular, this method is so fast that it can be used in fast-
time traffic simulations, which are needed when doing infrastructure assessments. In
an experiment we demonstrate that the simulation method is reasonably good and fast
enough to simulate a traffic flow in an infrastructure in a fraction of the time necessary
to execute this flow in real-time.

References

K. R. Baker.Introduction to Sequencing and Scheduliniiley, 1974.
R. W. Conway, W. L. Maxwell, and L. W. MillerTheory of SchedulingAddison-Wesley,
1967.

3. M. Helmert. On the complexity of planning in transportation and manipulation domains,.
Diplomarbeit, Albert-Ludwigs-Universitat, Freiburg, Germany, 2001.

4. J. E. Hopcroft, J. T. Schwartz, and M. Sharir. On the complexity of motion planning for
multiple independent objects: PSPACE-hardness for the ‘warehousman’s prothtem].
Robotics Researcl3:76-88, 1984.

5. J.-C. LatombeRobot Motion PlanningKluwer, Dordrecht, Holland, 1991.

6. E. L. Lawler, J. K. Lenstra, A. H. G. Rinnooy Kan, and D. B. Shmoys. Sequencing and
scheduling: algorithms and complexity. In S. C. Graves, P. H. Zipkin, and A. H. G. Rinnooy
Kan, eds. Logistics of Production and Inventory: Handbooks in Operations Research and
Management Scienceol. 4, pp. 45-522. North-Holland, 1993.

7. C. Sriskandarajah N.G. Hall. A survey of machine scheduling problems with blocking and
no-wait in processOperations Researcid4(3), 1996.

8. M. Pinedo.Scheduling - Theory, Algorithms, and SysteRrentice-Hall, 1995.

9. J. Lenstra R. Graham, E. Lawler and A. Kan. Optimization and approximation in deter-
ministic sequencing and scheduling: a survapnals of Discrete Mathematics:287-326,
1979.

10. D. Ratner and M. Warmuth. Finding a shortest solution for the (N x N)-extension of the
15-puzzle is intractablel. Symbolic Computatiori0:111-137, 1990.

A



Toward an Understanding of Local Search Cost in
Job-Shop Scheduling

Jean-Paul Watson , J. Christopher Beck ,
Adele E. Howe , and L. Darrell Whitley

Colorado State University, Fort Collins, CO 80523-1873 USA

{ }
ILOG, S.A., 9, rue de Verdun, B.P. 85

F-94523 Gentilly Cedex France

Local search algorithms are among the most effective approaches for
solving the JSP, yet we have little understanding of which problem features influ-
ence search cost in these algorithms. We study a descriptive cost model of local
search in the job-shop scheduling problem (JSP), borrowing from the MAX-SAT
cost models. We show that several factors known to influence the difficulty of local
search in MAX-SAT directly carry over to the general JSP, including the number
of optimal solutions, backbone size, the distance between initial solutions and the
nearest optimal solution, and an analog of backbone robustness. However, these
same factors only weakly influence local search cost in JSPs with workflow, which
possess structured constraints. While the factors for the MAX-SAT cost models
provide an accurate description of local search cost in the general JSP, our results
for workflow JSPs raise concerns regarding the applicability of cost models derived
using random problems to those exhibiting specific structure.

Local search algorithms, particularly those based on tabu search, are among the most
effective approaches for solving the JSP [BDP96]. Yet, we have little understanding as to
why these algorithms work so well, and under what conditions. In this paper, we study
descriptive cost models of local search in the JSP. Descriptive cost models relate search
space features to search cost; better models account for more of the variance in search
cost across different problem instances. We examine the cost of tabu search in the JSP by
considering an algorithm introduced by Taillard (1994), which is closely related to many
state-of-the-art algorithms for the JSP (e.g., [NS96]), and is significantly more amenable
to analysis.

Although no descriptive cost models for the JSP exist, researchers have expended
significant effort in recent years to produce relatively accurate descriptive cost models of
local search for MAX-SAT [SGS00]. Intuitively, we would expect some factors present in
these models, such as the number of optimal solutions, to influence the difficulty of local
search in other problems such as the JSP. At the same time, both the search space and
constraint structure of the JSP differ in many important ways from MAX-SAT, making
the a-priori applicability of these models unclear.
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local search and the nearest optimal solution, which we denote ;i opt, and computed
the correlation between it opt and the logarithm of local search cost. The resulting
correlations were extremely high ( =~ 095) for problems with small backbones, and
degraded only slightly for problems with larger backbones ( = 0 75). Consequently,

init opt, and not the number of optimal solutions, is the primary factor influencing local
search cost in MAX-SAT.

Singer also posited a causal explanation for the variance in jpi opt across different
MAX-SAT instances, which is based on the notion of . A MAX-SAT
instance is said to have a backbone if a substantial number of clauses can be
deleted before the backbone size is reduced by half. Conversely, an instance is said to
have a backbone if the deletion of just a few clauses reduces the backbone size by
half. Singer argues that “backbone fragility approximately corresponds to how extensive
the quasi-solution area is” ([SGS00], p. 251), by noting that a fragile backbone allows for
large init opt because of the sudden drop in backbone size, while it opt is necessarily
small in problem instances with robust backbones.

To confirm this hypothesis, Singer measured a moderate (=~ —0 5) negative correla-
tion between backbone robustness and the log of local search cost for large-backboned
MAX-SAT instances. Surprisingly, this correlation degraded as the backbone size was
decreased, leading Singer to hypothesize that “finding the backbone is less of an issue
and so backbone fragility, which hinders this, has less of an effect” ([SGS00], p. 254),
although this conjecture was not explicitly tested.

4 Algorithms, Test Problems, and Methodology

We now briefly describe Taillard’s tabu search algorithm for the JSP, and introduce the
test problems and methodology we use to investigate descriptive cost models for the JSP.

4.1 Algorithm Description

The tabu search algorithm we consider in our analysis was introduced by Taillard (1994).
This was the first tabu search algorithm for the JSP and is the basis for more advanced,
state-of-the-art JSP algorithms such as that of Nowicki and Smutnicki (1996). Taillard’s
algorithm uses the Van Laarhoven move operator [LAL92], which is often denoted by
The neighborhood is generated by swapping all adjacent pairs of jobs on any critical
path in the current solution. As in most tabu search algorithms for the JSP, recently
swapped pairs of jobs are prevented from being re-established for a particular duration,
called the tabu tenure; the tabu tenure is dynamically updated to avoid cycling behav-
ior. All runs are initiated from randomly generated “active” solutions [GT60]. In each

of Taillard’s algorithm, all neighbors are generated, and the best non-tabu
move is taken. The only long-term memory mechanism is a simple aspiration criterion,
which over-rides the tabu status of any move that results in a solution that is better than
any encountered in the current run. As Taillard indicates ([EDT94], p. 110), frequency-
based long-term memory is only necessary for problems that require a very large ( 1M)
number of iterations, which is not the case for the test problems introduced later in this
section.



The cost required to solve a given problem instance using Taillard’s algorithm is natu-
rally defined as the number of iterations required to locate an optimal solution. However,
the number of iterations is stochastic (with an approximately exponential distribution
[EDT94]), due to both the randomly generated initial solution and random tie-breaking
when more than one ’best’ move is available. Consequently, we define the local search cost
for a problem instance as the median number of iterations required to locate an optimal
solution over 1000 independent runs; with 1000 samples, the estimate of the distribution
median is somewhat stable [Hoo98] [SGS00].

For analysis purposes, the most important feature of Taillard’s algorithm is the N1
move operator. More advanced critical path move operators for the JSP, such as that used
in Nowicki and Smutnicki’s algorithm, can induce search spaces that are disconnected,
such that it is not always possible to move between a randomly generated solution and an
optimal solution. Consequently, any algorithm using such a move operator is not Prob-
abilistically Approximately Complete (PAC) [Hoo98]: even with infinite run-time, the
algorithm is not guaranteed to locate an optimal solution. This severely complicates al-
gorithm analysis, as it is unclear how to define the search cost associated with a problem
instance. However, use of a connected move operator does not automatically guarantee
that an algorithm is PAC [Ho098]. While we have no analytic proof that Taillard’s algo-
rithm is PAC, the empirical evidence is compelling: in producing the results discussed in
Sections 5 and 6, Taillard’s algorithm never failed to locate an optimal solution.

4.2 Defining a Backbone for JSP

The definition of a backbone in any problem depends on how the solutions are repre-

sented. Taillard’s algorithm encodes solutions using a disjunctive graph, which contains

( —1) 2 Boolean “order” variables for each of the  machines, each of which rep-

resents a precedence relation between a distinct pair of jobs on a machine. We define

the backbone of a JSP, therefore, as the set of order variables that have the same truth

value in all optimal solutions. We define the backbone size as the fraction of the possible
( —1) 2 order variables that are fixed to the same value in all optimal solutions.

4.3 Test Problems

For a variety of reasons, we are restricted to relatively small problem sizes in our exper-
iments. From a technical standpoint, the factors present in our descriptive cost model
(e.g., backbone size and the distance between initial and optimal solutions) are functions
of all optimal solutions to a problem instance. Generating all optimal solutions to a
problem instance is much more expensive than merely proving optimality (the enumer-
ation is explicit, in contrast to the implicit approach characteristic of branch-and-bound
algorithms). Further, the number of optimal solutions in even small problem instances
is measured in the millions, which can easily exceed available memory in modern work-
stations. From a pragmatic standpoint, we consider a wide range of problems in our
experiments, controlling for backbone size, workflow configuration, and problem size. We
study over 4000 problem instances, computing the median search cost over 1000 inde-
pendent runs for each. Even for the problem sizes we consider, the overall CPU time
invested was approximately 8 CPU months on 750 MHz Pentium III workstations.
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Backbone Size
Problem Size 0.1] 0.3] 0.5] 0.7] 0.9
Number of Optimal Solutions
6 4 481837 1158660| 30007 38072| 3221 3742| 642 1374| 21 22
6 6 6233821  8070114|1405290  3221150(85292 157617 9037  9037] 85 106
Local Search Cost
6 4 6.69  3.34] 23.05  20.93] 52.64 61.22[94.76  136.56] 312.27  332.27
6 6 8.34  4.13] 32.94 32.58] 53.43 58.52[ 83.98 91.80[514.70 1853.08
log -log Correlation (r) Between the # of Optimal Solutions and Local Search Cost
6 4 -0.7508] -0.5100] -0.4905] -0.4131] -0.2683
6 6 -0.7328] -0.4865] -0.3807| -0.3227] -0.2010

The number of optimal solutions, local

search cost, and log -log

correlation (r)

between the number of optimal solutions and local search cost for general JSPs. X +Y denotes

a mean of X with a std. dev. of Y.
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Problem] Backbone Size
Size | 0.1] 0.3] 0.5] 0.7] 0.9
dinit opt-logio(local search cost) correlation

6 4 [0.9890] 0.9526] 0.9070[ 0.8296] 0.5303
6 6 |0.9912] 0.9327] 0.8911] 0.8371] 0.6484
Backbone robustness-logio(local search cost) correlation
6 4 [-0.2193[-0.3993]-0.4412]-0.5277] -0.5606
6 6 [-0.1621]-0.3629]-0.4507]-0.4712] -0.5134

Correlation (1) of 1) dinit opt and 2) backbone robustness with log (local search cost)
in general JSPs.

sizes. We have also generated similar histograms for other small problem sizes: for ratios
of 15, the bias toward small backbones becomes more pronounced, while for
ratios 1, the bias toward larger backbones is further magnified. Finally, we note that
the utility of the correlation between number of optimal solutions and local search cost
depends heavily on problem size; the influence is negligible for nearly all 6 x 6 JSPs
(which generally have large backbones), and for many 6 x 4 JSPs.

In MAX-SAT, the mean distance between the initial quasi-solutions encountered by local
search and the nearest optimal solution ( ;nit opt) is strongly correlated with local search
cost, across all backbone sizes. Intuitively, we would also expect the distance between
the first local optima encountered by local search and the nearest optimal solution to
influence local search cost in the JSP; the question is then “How strong is this influence?”.

For each of our general JSPs, we generated 1000 local optima, computed the Hamming
distance to the nearest optimal solution for each of the resulting optima, and recorded
the mean of the 1000 distances (the Hamming distance between two solutions in the JSP
is the number of order variables, out of the  ( —1) 2 possible, with different assigned
values); as with MAX-SAT, we denote this measure by init opt- We generated the local
optima by applying a next-descent algorithm from random “active” solutions [GT60].
Our next-descent algorithm evaluates the neighbors of the current solution under the

move operator in a random order, selecting the first solution that improves on the
makespan of the current solution; the algorithm terminates when no such improvements
are possible.

In Table 2, we report the correlations between it ope and 10(local search cost).
For backbone sizes of &~ 0 1 through = 0 5, the correlation is extremely high, and only
moderately degrades for the two larger backbone sizes. The -values are uniformly and
significantly better than those achieved using the number of solutions, and account for a
significant proportion of the variance in local search cost for large-backboned problems.
Thus, we also conclude that the distance between initial and optimal solutions, and not
the number of optimal solutions, is the primary factor influencing the cost of local search
in the general JSP, independent of backbone size.

Singer et al. propose backbone robustness a causal factor that largely determines the
size of the quasi-solution sub-space in MAX-SAT. Abstractly, backbone robustness is a



measure of the number of problem constraints that must be relaxed to produce a problem
with a significantly smaller backbone. While in the JSP there is no analog to relaxing
individual constraints (as is possible in MAX-SAT), there is a parameter controlling the
global constrainedness: deviation from the optimal makespan. Thus, we define backbone
robustness for the JSP as the minimum percentage above the optimal makespan at which
the backbone size is reduced by at least half (subject to integral makespan constraints).

In the lower half of Table 2 we report the correlation between the backbone robust-
ness and  1o(local search cost) for our general JSPs. The results are very similar to
those reported by Singer et al. for MAX-SAT; a moderate negative correlation for large-
backboned instances, and a gradual decay as backbone size is decreased. Analogous to
MAX-SAT, backbone robustness does appear to partially dictate the size of the sub-
space containing local optima in the general JSP. As we noted in Section 3, Singer et al.
provide a justification for the lower correlations for small-backboned instances.

6 Extending the Analysis to Workflow JSPs

The primary problem constraints in the JSP are the machine processing orders for each
job, while in MAX-SAT they are the individual clauses. In both cases, researchers typi-
cally generate problem instances such that these constraints are uniformly random. An
important issue is then generalization: real-world problems have non-random constraints,
and it is unclear whether the descriptive cost models for MAX-SAT and general JSP are
applicable to problem instances with more structured constraints. To study the effect
of non-random constraints on the accuracy of the descriptive cost model, we extend the
analysis of Section 5 to JSPs with workflow—which impose a simple, specific structure on
the machine processing orders for each job.

First, we consider the influence of the number of optimal solutions on local search
cost in workflow JSPs, reported in Table 3. As with general JSPs, we see both a dramatic
drop in the number of optimal solutions and a gradual increase in local search cost as
the backbone size is increased. Workflow JSPs have significantly fewer optimal solutions
than general JSPs, and the local search cost is generally an order of magnitude higher.
However, the  19- 1o correlation between the number of optimal solutions and the
local search cost is nearly identical with the results for general JSPs: correlation is strong
for small-backboned problems, but decays as backbone size is increased.

Next, we computed the relative frequency of backbone sizes for both the 6 4 and
6 6 workflow JSPs; the resulting histograms are shown in Figure 2. Relative to general
JSPs (Figure 1), it is clear that the presence of workflow partitions dramatically increases
the frequency of large-backboned problem instances. For the rectangular 6 4 problems,
workflow changes a bias toward small backbones in the general JSP into a relatively
large bias toward large backbones. For the 6 6 problems, workflow further magnifies
the already large bias toward large backbones found in the general JSP. We note that the
rarity of small-backboned workflow JSPs further diminishes the utility of the number of
solutions as a predictor of local search cost for these instances.

Finally, we measured the correlation between _ and  jo(local search cost);
the results are reported in the upper portion of Table 4. Here, we see a dramatic dif-
ference between general JSPs and workflow JSPs: while the influence of _ at
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Backbone Size
Problem Size 0.1] 0.3] 0.5] 0.7] 0.9
Number of Optimal Solutions
6 Adwf 27369 71049| 81255 295593| 2515.25 4704| 293 425| 18 16
6 6wl 1147650  6555440|429102  1676350[ 19017  44556] 4553 6898| 80 94
Local Search Cost
6 4wf 119.44 89.32| 122.2 114.26| 333.42 442.39| 920.72 1515.75|2087.44 2973.86
6 6wl 318.77 113.82] 513.13  143.72[1086.33  1979.39[1730.53  2846.15|5036.53  5132.54
log -log Correlation (r) Between the # of Optimal Solutions and Local Search Cost
6 dwf -0.7650] -0.6663] -0.3484] -0.2613] -0.2208
6 6wl -0.7345] -0.6877] -0.4316] -0.2700] -0.2561

The number of solutions,local search cost, and 10~ 10 correlation ( ) between the
number of solutions and local search cost for JSPs with workflow.
with a std. dev. of
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Problem] Backbone Size
Size [ 01] 03] 05[] 0.1] 0.9
dinit opt-logio(local search cost) correlation

6 4wr [ 0.8727] 0.7122] 0.5109] 0.1811] 0.0862

6 6wl | 0.8231] 0.6781] 0.5264] 0.1367] 0.0711

Backbone robustness-logio(local search cost) correlation

6 4wf [-0.0029]-0.0217]-0.0372]-0.0752] -0.1423

6 6wl |-0.0165]-0.0348]-0.0513]-0.0041] -0.1239
Table 4. Correlation ( ) of 1) _ and 2) backbone robustness with
in workflow JSPs.

init opt
init opt
may
systematically
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The evolution of the electronic sources connected through
wide area networks like Internet has encouraged the development of new
information gathering techniques that go beyond traditional information
retrieval and WEB search methods. They use advanced techniques, like
planning or constraint programming, to integrate and reason about het-
ereogeneous information sources. In this paper we describe MAPWEB,
a multiagent framework that integrates planning agents and WEB in-
formation retrieval agents. The goal of this framework is to deal with
problems that require planning with information to be gathered from
the WEB. MAPWEB decouples planning from information gathering, by
splitting a planning problem into two parts: solving an abstract prob-
lem and validating and completing the abstract solutions by means of
information gathering. This decoupling allows also to address an impor-
tant aspect of information gathering: the WEB is a dynamic medium and
more and more companies make their information available in the WEB
everyday. The MAPWEB framework can be adapted quickly to these
changes by just modifying an abstract planning domain and adding the
required information gathering agents. For instance, in a travel assistant
domain, if taxi companies begin to offer WEB information, it would only
be necessary to add new planning operators related to traveling by taxi,
for a more complete travel domain. This paper describes the MAPWEB
planning process, focusing on the aforementioned flexibility aspect.

Introduction
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Other examples of information gathering systems are Ariadne [7], Heracles [§],
WebPlan [5].

Some of the previous approaches use planning techniques to select the appro-
priate WEB sources and order the queries to answer generic user queries. That
is, they use planning as a tool for selecting and sequencing the queries. In this
paper we describe MAPWEB, an information gathering system that also uses
planning, but with a different purpose (some preliminary work can be found
in [2,3]). MAPWEB uses planning for both determining the appropriate generic
sources to query and solving actual planning problems. For instance, in this pa-
per, the MAPWEB framework is applied to a travel planning assistant domain
(e-tourism), where the user needs to find a plan to travel among several places.
Each plan not only determines what steps the user must perform, but which
information sources should be accessed. For instance, if a step is to go from A to
B by plane, the system provides the user the information of what airplane com-
panies should be consulted for further information. This domain is similar to the
travel planning assistant built using the Heracles framework. However, Heracles
constrained network, which is a kind of plan schema, needs to be reprogrammed
everytime the planning domain changes. MAPWEB tries to be more flexible by
using planning techniques to create the plans. For instance, if it is desired to
add a new information source to the system, it is only necessary to change the
planning domain instead of reprogramming the plan schema by hand. For in-
stance, if taxi fares were made suddenly available in the WEB, it would only be
necessary to add a move-by-taxi operator along with the associated WebAgent.
Actually, MAPWEB can handle planning operators which are not associated to
any information source (because, for instance, the information on a given topic
is not yet available). In that case, plans will contain steps with no detailed in-
formation. This is useful, because even if no specific information is supplied, at
least the user is told that he can fulfill that step by any means.

The paper is structured as follows. Section 2 describes MAPWEB archi-
tecture. Section 3 explains in detail the abstract planning process. Section 4
evaluates empirically the system. Finally, Section 5 summarizes the conclusions
and future lines of work.

2 System Architecture

MAPWEB is structured into several logic layers whose purpose is to isolate
the user from the details of problem solving and WEB access. More specifically,

we considered four layers between users and the WEB: (the
users), (that includes user agents, planning agents, and con-
trol agents), (that contains WebAgents to retrieve
the desired information), and (which represents the avail-

able information). This four-layer architecture can be seen in Figure 1.

This domain is a modified version of the Logistics domain.
A WebAgent is an information agent specialized in consulting a particular informa-
tion source.
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As mentioned before, in MAPWEB, the information gathering process is carried
out by a set of WebAgents, but this process is guided by the PlannerAgent that
reasons about the requested problem and the different information sources that
are available.

The planning process is divided into two parts: solving an abstract prob-
lem, and completing it with information gathered from the WEB. Planning is
decoupled this way because of two reasons:

The abstract planning problem is easier to solve by classical planners. This
is because if all the information about all the available flights, all possible
trains, etc. was included in the planning process, planning would be unfea-
sible.

It is not necessary to access the WEB during the planning process. Queries
to the WebAgents are carried out only when abstract plans are ready. This
allows to reduce the number of queries, because only those queries that are
required by the solution are ever made.

Planning works as follows. First, the PlannerAgent receives a query from
UserAgent. This query is analyzed and translated into an abstract planning
problem. Second, the PlannerAgent uses its own skills and knowledge about the
problem and tries to solve it. If the solving process is successful, the PlannerA-
gent generates a set of abstract solutions. These solutions are too general and
only have the essential information for the planning process, so they need spe-
cific information to be completed and validated. The PlannerAgent builds a set
of information queries (queries to other agents in the system to request specific
information). It is important to try to optimize the number of queries due to the
high number of possible instantiations. When the queries have been built, the
PlannerAgent selects the set of WebAgents that will be asked. Finally, when the
WebAgents answer with the information found in the WEB (if WebAgents are
successful) the PlannerAgent integrates all the specific information with the ab-
stract solutions to generate the final solutions that will be sent to the UserAgent.
In Figure 2 the modular description of the planning process is shown.

The next subsections explain this process in detail by focusing in the data
structures used by each of the relevant agents: the user query generated by the
UserAgent, the abstract problem, the abstract solutions, the specific knowledge
used by the PlannerAgent, and finally the specific information records retrieved
by the WebAgents.

The planning process starts when the user supplies a problem to be solved. A
user query is a sequence of stages. Each stage is a template that represents a
leg of the trip, and contains several fields to be filled by the user. Table 1 shows
an instance of a possible user query. It will be used to illustrate the rest of the
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transformed into an abstract planning problem, which is subsequently solved by
PropiGy4.0. Each solution is partially instantiated by means of domain dependent
heuristics. Every operator in a solution generates several WEB queries, which are sent
to the appropriate WebAgents by using the agent hierarchy. The agents return several
records, that are used to complete and validate the abstract solutions.

article. This query is then sent to the PlannerAgent. Besides the information
shown in Table 1, the user can specify the locations inside the city where s/he
wants to start or end the trip (like an airport, a train station, or a bus station).
This is done by means of the user interface provided by the UserAgent.

A user problem to go from Turin to Toledo by airplane or train.

Leg Stage Date Restrictions N° Transfers
1  Turin — Madrid Sep. 11th Plane or train Oor 1l

2 3 nights stay Sep. 11th 15.000 pts -

3  Madrid — Toledo Sep. 14th Plane or train Oor1l

4  Toledo — Turin Sep. 14th Plane or train Oor 1l

The PlannerAgent transforms the user query into an abstract problem. This is
done as follows. First, it defines an abstract city. This city includes all possible
local transports, but only the long range transport terminals that the user wishes
to use are included. Then, this abstract city is copied as many times as the
maximum number of transfers supplied by the user. It is important to remark
that the cities are abstract cities (i.e. they have no attached names, so they are
present in the abstract plan to represent the initial, intermediate, and final travel
points). The rest of details provided by the user are ignored at this stage. The
abstract problem represents the initial state and the goals of the problem that
are the inputs to .

In order to solve abstract problems, requires a domain where
the planning operators are described. Using planning at this stage (instead of
using pre-programmed plans) provides two main advantages:

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, ﬁ
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1. the system can be adapted to many different versions of travel do-
mains and problems by just changing the domain description or the abstract
problem generation method, respectively.

2. WEB . The WEB is a dynamic medium: more
and more companies make their information available in the WEB everyday.
If a new information source (like taxi fares) is made available, MAPWEB can
be adapted quickly by just adding a new planning operator and establishing
a relation with a WebAgent specialized in gathering the information from
the WEB.

The abstract problem obtained from Table 1 would be given to the Plan-
nerAgent planner (PrRoDIGY4.0) which would obtain several possible abstract
solutions. In this case, the planner would reply with the plans shown in Figures 3
(solutions with 0 transfers) and 4 (1 transfer solutions).

Problem: O-Transfers

Solution 1:

<travel-by-airplane userl planeQ airportQ airport2>
<move-by-local-transport userl lbus2 bustop20 trainstat2l city2>

Solution 2:
<move-by-local-transport userl 1lbusO bustopOO trainstatOl cityO>
<travel-by-train userl train0 trainstat0 trainstat2>

Abstract solutions generated by PRODIGY4.0 for Leg 1 with 0-Transfer.

Problem: 1-Transfers

Solution 1:

<travel-by-airplane userl planeO airport0O airportl>
<move-by-local-transport lbusl bustoplO trainstatll cityl>
<travel-by-train userl trainl trainstatl trainstat2>

Solution 2:

<travel-by-airplane userl planeO airport0O airportl>
<travel-by-airplane userl planel airportl airport2>
<move-by-local-transport lbus2 bustop20 trainstat20 city2>

Abstract solutions generated by PRODIGY4.0 for Leg 1 with 1-Transfers.

This is a set of abstract plans that contain no actual details. Some of the plan
steps might not even be possible because, for instance, there are no companies
linking two cities. Therefore, those plans need to be and
The PlannerAgent acomplishes this task in the following way:

1. The abstract steps in the solution contain unbound variables that relate to
transfer cities. They need to be bound before the WebAgents are queried.
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The PlannerAgent restricts the number of bindings by applying a geographic
heuristic. This is achieved as follows:
If the origin and arrival cities belong to the same country, only the cities
in that country are considered as possible transfer cities.
Else, if the origin and arrival cities belong to the same continent, only
the cities of that continent are considered.
Otherwise, all cities are considered.

In the case of the first leg of the trip, as Turin and Madrid belong to Europe,

we extract the cities that belong to this continent (currently, about 30).
Table 2 displays the queries that would be generated in this case.

Queries partially instantiated.

Query send to the WebAgents N Transfers
(travel-by-airplane userl plane0? Turin Toledo) 0
(travel-by-train userl train0? Turin Toledo)
(travel-by-airplane userl plane0? Madrid Turin)
(travel-by-train userl train0? Madrid Toledo)
(travel-by-airplane userl plane0? Turin Alicante)
(

(

(

travel-by-airplane userl plane0? Turin Barcelona)
travel-by-airplane userl plane0? Turin Paris)
travel-by-train userl train0? Turin Madrid)

HFHRRROOO

2. Planning operators of the abstract solutions and sources are related by
means of a WebAgent hierarchy. This hierarchy is used by the PlannerAgent
to select the relevant WebAgents that will be used to obtain the information.
This hierarchy allows the PlannerAgent to know which WebAgents know
how to retrieve the required information. In Figure 5 a description of this
hierarchy is shown.

Agent
| ___UserAgentO
| ---ReasonerAgent
| ___PlannerAgent0
| ___WebAgents
| ___Travel
|___Fly: WebAgent-Iberia,WebAgent-Amadeus-Flight
| ___Train: WebAgent-Renfe,WebAgent-RailEurope
| ___Bus
|___Hotel: WebAgent-Amadeus-Hotel
|___Car
|___ControlAgents
| ___ManagerAgent0Q
| ___CoachAgent0
Agents Hierarchy. It describes all the available agents in and their

information gathering skills.
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3. Finally the PlannerAgent uses the previous information to build a set of
queries that will sent to the selected WebAgents. If a planning operator is
repeated in different abstract solutions, it is only considered once, to avoid
repeating queries. For instance, in the solutions for 1-Transfer problems the

operator (< >) would

be translated as shown in Table 3:

Queries partially instantiated to the appropriate WebAgents.

Those queries (and all the additional information given by the UserAgent)
are sent to several WebAgents that know about airplane travel, so that variable
is instantiated as well.

3.3 Filling the Abstract Solutions

The information queries are sent to the selected WebAgents with the specific
data (departure and arrival times, travel cost, etc...) and the query that the
PlannerAgent needs. With this information the WebAgents automatically build
the specific WEB query that will be sent to the WEB information sources the
agent is specialized in. For every query, each WebAgent will return to the Plan-
nerAgent a list of records by filling a template whose structure is shared by
all the agents (there are different templates depending on the kind of informa-
tion required). In Table 4 some of the retrieved flight-records and train-records
provided by different WebAgents are shown for the Leg 1 in the example.

Finally, those records are received by the PlannerAgent that will use them
to complete the abstract solutions. If the WebAgents return no records for a
step of the abstract solution, that particular solution is rejected. However, it is
important to remark that if it is known in advance that there are no WEB sources
to complete a particular step (for instance, <

>), then the user is told that s/he has to carry out that step, even though no
specific information about that step is attached. The set of completed solutions
are finally sent to the UserAgent that requested the information.

4 Experimental Evaluation

The aim of this section is to carry out several experiments with MAPWEB to
evaluate its performance. First, the example-trip we have used to illustrate the



previous sections will be tested. Second, a set of problems given by the user will
be evaluated to analyze the average behaviour of the system.

Table 5 summarizes the example-trip (Turin to Toledo and back). To solve
this problem, a team of nine agents was used. It includes all the agents dis-
played in the agents-hierarchy of Figure 5. In particular, airplane, train, and
hotel WebAgents have been used. The next parameters have been measured:

— Validated abstract solutions/abstract solutions ratio (val.sols/abs.sols). This
value measures how many abstract solutions provided through the planner
were validated by the information provided by the information gathering
agents.

— Number of instantiated solutions. It shows all the possible solutions to the
user problem. The solutions are computed using the gathered records. The
PlannerAgent uses the k validated abstract solutions that contain [ abstract
operators. If there are b retrieved records for the j-th operator of the i-th
solution, then the number of possible instantiated solutions is:

Number of solutions = Z H b

— Number of WEB Queries. This represent all the queries made by the Web-
Agents to retrieve the specific information.

— Number of gathered records (duplicated records are removed).

— Time. It includes planning time and WEB gathering time. It is elapsed time
(i.e. the time spent by the WebAgents acting in parallel is not accumulated).

Everyone of the previous parameters is measured for both 0 and 1 transfers
(0-T and 1-T). In this example, there are no solutions for the 0 transfers because
it is impossible to complete the fourth leg of the trip (there is no way to go from
Toledo to Turin directly). On the other hand, there are thousands of possible
combinations when 1 transfer is allowed. It is important to remark that even
though when 1 transfer is used, it takes several thousand seconds to find the
solutions, only 1 second per leg is spent for actual planning.
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Table 5. request for the example-trip, with 0 and 1 transfers.

Ll

We have also tested a set of 38 problems with different configurations of
MAPWEB. The problems include 15 trips within Spain, 15 within Europe, and
8 Intercontinental ones. Each problem has been tried with 0 and 1 transfers.
The results are shown in Table 6. This experiment shows in practice the flexi-
bility of MAPWEB when it is necessary to add new information sources. The
configurations that have been used are as follows:

: only one WebAgent specialized in retrieving information from a parti-
cular Airplane Company (Iberia Airlines ) was considered.

: different WebAgents specialized in gathering information of the same
kind (flight information) were used: WebAgent-Iberia, WebAgent-Avianca,
WebAgent-Amadeus-Flights, WebAgent-4Airlines-Flights. The two last ones
are meta-searchers.

: only two WebAgents specialized in gathering information of the same
type (train information) were used: WebAgent-Renfe, WebAgent-RailEurope.

: integrates all the previous WebAgents, that is, agents for retrieving both
flight and train information ( ).

Table 6. Summary of the results for 38 user problems, with 0 and 1 transfers (0-T
and 1-T).

In Table 6, we observe the following;:

With respect to  , as it could be expected, many more solutions are found
when 1 transfer legs are allowed (999.3 vs. 7.1). It can also be observed that

www.iberia.com/iberia_es/home.jsp
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instance, one might define what information to publish (and how) in the

depending on the competence prices. This publishing process could be generated

automatically by a planner.

In the future, several new skills will be developed for different agents in

. These skills will try to improve the performance of the global sys-

tem in two ways: by increasing the number and quality of solutions found by

the agents, and by minimizing the time and computational resources used by
to solve problems.
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Abstract. This paper proposes the problem of supply restoration in
faulty power distribution systems as a benchmark for planning under
uncertainty. This benchmark, which is derived from a significant real-
world case, is both simple to understand and easily scalable. The goal
is to reconfigure the distribution network to resupply a maximum of
consumers aledted by the faults. Due to sensor and actuator uncertainty,
the location of the faulty areas and the current network configuration are
only partially observable. This makes the problem very challenging.

1 Motivation

The use of poor benchmarks for planning under uncertainty ha often been
pointed out as detrimental to the impact of the eld on the wid er community.

Except for a few testbeds in robot navigation, see e.g. [6], & are still con ned

to purely arti cial problems ranging from escaping the tiger behind the door to
making an omelette. While well-understood toy problems arede nitely useful

in explaining performance dierences, it is commonly acknavledged that the
danger of such experimentation alone is that it \entices us nto solving problems
that we understand rather than ones that are interesting” [9].

It is rather paradoxical that the literature on planning und er uncertainty
features so few benchmarks derived from signi cant real wdd cases. After all,
the main point of the research line was to better address the acessities of ap-
plications, and indeed a lot of realistic problems are modééd quite naturally
as partially observable Markov decision processes. If thistate of a airs is para-
doxical, it is also excusable: planning under uncertainty ad in particular partial
observability has so far resisted our attempts at building dgorithms that scale
up, leaving no alternative but experimentation \in the tiny ".

Fortunately, the latest advances in using compact symbolicrepresentations
for planning under uncertainty, e.g. [5,7,10,13], hold pranise of the situation
being about to change. It is likely that the present decade wi see fairly generic
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planners dealing with problems involving uncertainty on a <ale that was far out
of reach until now. It is therefore a timely moment to o er con crete challenges
to the eld by introducing benchmarks that are of practical signi cance.

This paper describes the problem of restoring supply in a falty power distri-
bution system, a problem which is of major concern for electicity distributors.
It consists in localizing the faulty lines on the distributi on network and recon-
guring the network so as to isolate these lines and resupplymost consumers.
This has to be done within minutes. When recon guring, a few parameters such
as breakdown costs should ideally be optimised, without vitating capacity con-
straints and overloading parts of the network. More importantly for our purpose,
the sensors used to locate the faults and report the current@n guration, as well
as the actuators used to change con guration, are not alwayseliable. This leads
to missing information about the current state of the network.

In virtue of this accumulation of realistic features, the problem is an ideal
testbed for systems claiming to address the necessities ohé real-world. One
of its advantages compared to other realistic ones is that itis relatively simple
to understand. Only a few straightforward classes of compoents and actions
are involved. Further, the topology of power distribution systems makes it easy
to scale the problem up or down in order to assess the e ciencyof algorithms.
However, despite this simplicity, the size of real distribution systems makes them
very challenging for methods developed not only in the planing community, but
also in related areas, such as model-based diagnosis, repand recon guration.

The paper is organised as follows. Section 2 describes phyal character-
istics of power distribution systems. Section 3 explains tle problem of supply
restoration and details the features that makes this problen a challenging and
representative testbed. Section 4 gives an overview of thecepe of the problem
with respect to existing work in the literature, and Section 5 lists the material
that will be made available on the benchmark's webpage. Our dscription of
power distribution systems and of the supply restoration problem is based on
work done in 1994-1996 in the framework of a contract betweefRISA and the
French electricity utility Electricie de France (EDF). *!

2 Power Distribution Systems

2.1 Topology

A power distribution system, as in Figure 1, can be viewed as anetwork of
electric lines connected via switching devices (SDs), regsented by small squares
in the gure, and fed via circuit-breakers (CBs), represented by large squares.
Switching devices and circuit-breakers are connected to atnost two lines. They
have two possible positions: either open or closed. White déces in the gure are
open, see e.g. SD61, and the others are closed, see e.g. SD%@ircuit-breaker
supplies power i itis closed, and a switching device stopstie power propagation

1 We thank our collaborators at EDF, in particular Isabelle Delouis-Jacob, Olivier
Jehl and Jean-Paul Krivine.
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Fig. 1. Power Distribution System (part)

i it is open. Consumers may be located on any line, and are tha only supplied
when their line is supplied.

Distribution networks have a meshable structure exploitedradially: the posi-
tions of the devices are set so that the paths taken by the poweof each circuit-
breaker form a tree called a feeder. The root of a feeder is arcuit-breaker, and
its leaves are whatever switching devices downstream happeto be open at the
time. In most cases, each line belongs to one feeder at a tinfeFor illustration,
the boxed area in the gure shows one of the feeders, and adjaat feeders are
distinguished using alternately black or grey.

2.2 Faults

Power distribution systems are often subject to permanent faults (short circuits)

occurring on one or even several lines. Since these short ciiits are mainly due
to bad weather conditions and lightning, multiple faults are not rare. Upon
occurrence of a fault, the circuit-breaker feeding the fauly line opens in order
to protect the rest of its feeder from damaging overloads. Foinstance, if a fault
occurs on the line between SD12 and SD13, CB1 will open. As a salt, all

consumers located on that feeder are left without power. Simply reclosing the
circuit-breaker will not help. Since the fault is permanent, the circuit-breaker will

still be feeding it and will open again. Instead, using the sasors and actuators
described below, the faulty lines must be located and the natork recon gured

S0 as to isolate them and restore the supply to the non-faultylines. This has to
be done within a few minutes.

2 In certain circumstances, it is possible for a line to be fed by multiple circuit-breakers,
i.e., to be belong to more than one feeder. In that case, these circuit-breakers are
leaves of each other’s feeder.

3 Technically, a permanent fault is one that cannot be eliminated by automatic pro-
tection devices such as shunts and reclosers.
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Fig. 2. Possible states and modes of the network components

2.3 Sensors and actuators

As shown in gure 2, switching devices are equipped with a remte-controlled
actuator (AC) used to change their position, a position detector (PD) sensing
this position, and a fault detector (FD) sensing the presene of faults. Circuit-
breakers are only equipped with the former two.

In normal operation, fault detectors work as follows. As lorg as a switching
device is fed, its fault detector constantly indicates wheher or not it has \seen a
fault pass" i.e., whether or not a fault is downstream of the cevice on the feeder:
If the device is not fed, its fault detector retains the status it had when last fed.
For instance, if the line between SD12 and SD13 is faulty, SD1 and SD12 should
indicate a fault while the other devices on this feeder showd not. Then CB1
should open and the fault detectors' information should remain the same until
they are fed again. So, normally, a fault is located on the lie between a sequence
of switching devices whose fault detectors indicate that itis downstream and a
sequence of switching devices whose fault detectors indigathat it is not.

Note that in the case of multiple faults on the same feeder, oly the most
downstream faults will be detected. A more signi cant problem is that fault
detectors are not always correct and can be in one of the folleing two permanent
abnormal modes. In \out of order" mode, they do not provide any information.
Obviously, this mode is observable. In \liar" mode, they always lie, i.e. indicate
the negation of the correct reading. That mode cannot be diretly observed. Due
to these abnormalities, the fault location cannot be identied with certainty on
the sole basis of the information returned by the fault detedors.

The primary role of actuators is to open switching devices sas to isolate
suspected lines and close others to direct the power from otr feeders towards
the non-faulty lines. In fact, opening and closing devices g the only available
actions in our problem. In normal mode, an actuator executesthe requested
switching operation and returns a positive noti cation. Ac tuators are not always

4 In the rare event when a switching device belongs to multiple feeders, it indicates a
fault if there is one downstream with respect to at least one of the feeders.



reliable and can be in one of the following permanent abnormlamodes: \out of
order", i.e. the actuator fails to execute the operation and sends a negative
noti cation, or \liar", i.e. it fails to execute the operati on but sends a positive
noti cation. The former mode is observable while the latter is generally not.

The continuous information provided by the position detectors often removes
uncertainty about the success of switching operations posively noti ed by actu-
ators. However, position detectors too can be \out of order" In that mode, they
do not return any information for an indeterminate time, dur ing which, even
though the mode is observable, the network con guration renains uncertain.
Figure 2 summarizes the various modes of the network componés.

2.4 Size

Like many European power distribution systems, EDF networks are composed
of some hundreds of feeders (typically from 100 to 300), eadhf which contains
a few remote-controlled switching devices (the objectives to equip each feeder
with 2-3 of them). A feeder has only a very few neighbours (tyjcally from 1 to
4), and as will be seen below, essentially only those will plaa role in supply
restoration. Hence reasoning is very local, and the networkn gure 1 is a good
representative of the complexity of the real problem. The pioblem can trivially
be scaled up or down by modifying the number of switching devies per feeder
and the number of neighbours of feeders. For experimentatio purposes, it should
be easy to generate random variations of existing networks.

3 The problem

3.1 Supply restoration

The problem of supply restoration is that of recon guring th e network in order
to resupply the consumers following the loss of one or more éelers. It amounts
to building a restoration plan consisting of opening/closing operations. This
plan should isolate the faulty lines by prescribing to open he switching devices
surrounding them. It should also restore supply to the non-&ulty areas of the lost
feeders by prescribing to operate devices so as to direct thgower towards these
areas. Note that although we use the term restoratiorplan, there is no constraint
on the nature of the plan (linear, conditional, etc ...) nor a requirement to commit
in advance to more than the next action to execute.

The following capacity constraint determines which restomation plans are ad-
missible: at any time, circuit-breakers and lines can only gpport a certain max-
imal power. This might prevent directing the power through certain paths and
resupplying all the non-faulty areas. In this paper, we will add another con-
straint which is not present in the original problem but will considerably reduce
the search space: we only consider plans which extend exisgj feeders. That is,
the plan should not transfer any of the load that a healthy feeder had at the
time of the incident to another feeder. Other types of plans ae very rarely used
in practice because they require a complex protocol with thedispatching center.
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Fig. 3. Three likely hypotheses

A good plan will optimize certain parameters under these costraints. Natu-
rally, breakdown costs should be minimised, i.e., as much led as possible should
be resupplied as fast as possible, with priority being giverio critical consumers
like hospitals. Ideally the number of switching operationsshould also be opti-
mised, so as to stay close to the con guration in which the netvork is normally ex-
ploited (called the normal con guration), and power margins of circuit-breakers
should be balanced in anticipation of the next load peak.

Obviously, the identi cation of the faulty lines is crucial to the success of
the restoration. However, as explained above, this cannot & done on the ba-
sis of the information provided by the fault detectors alone Even in the single
fault case, several hypotheses of fault location exist, e&cof which corresponds
to an hypothesis concerning the behaviour mode (\correct"\liar") of the fault
detectors. There exist preferences between hypotheses:éhprobability of mul-
tiple faults is much smaller than that of a fault detector lyi ng, and this latter
probability is higher when the fault detector indicates a fault downstream than
when it does not because fault detectors do not detect all typs of faults. But in
fact, only recon guration actions may enable us to gather emugh information
to discriminate, as illustrated in the example below.

3.2 Example

Taking our example network, suppose that CB1 opens, leavinghe bottom-most
feeder on the gure unsupplied. Suppose further that the faut detectors of SD10
and SD11 indicate a fault downstream, while the other fault detectors do not.
Among the most probable diagnoses are those shown in Figure 84) the fault
detector of SD10 lies and there is only one fault, located beteen SD11 and SD12,
(B) the fault detector of SD11 lies and there is only one fault downstream of
SD10, and (C) none of the fault detectors lie and there are twdaults.

Assuming that we consider (A) to be the most likely, a promising restoration
plan goes as follows: isolate the line between SD11 and SD1% bpening these
devices, resupply the lines upstream of the fault by reclosig CB1, and have CB5
resupply the downstream lines by closing SD53.



Suppose the execution of the plan proceeds correctly up to # point where
CB1 reopens when we attempt to close it. Either this is due to awrong fault
location hypothesis (e.g., (B) or (C) was the case), or to a falt which could
not be detected (here, a fault between CB1 and SD11), or to a fiure of an
operation meant to isolate the fault (the actuator of SD11 caild be lying, and
if its position detector is out of order, this cannot be diredly detected). Since
faults can in principle occur at anytime, it could even be the case that a new
fault has appeared while we were attempting to restore the spply. However, to
keep this benchmark manageable, we will assume that no new ti#t can occur
during power restoration.

We let the reader elaborate on what are good choices for the méaction to
perform. If we choose to open SD10 and reclose CB1 and it workshis tends
to favour hypothesis (B). In any case, this eliminates the pasibility of a fault
between CB1 and SD11, as well as the possibility of the actuatr of SD11 lying
in the context of hypotheses (A) or (C). If on the other hand CB1 opens again,
we have to look further. Alternatively, we could also chooseto test hypothesis
(B) by closing SD62 and see whether CB6 opens, but this could é& costly as
this could lead to the temporary loss of a new feeder. Or perhas we should
close SD53 as in the original plan ...Complete examples wilbe found in the
benchmark's website.

3.3 Main features of the problem

Three main features make this problem particularly intereging for state of the

art planners. Firstly, partial observability is a crucial i ssue. Executing recon g-
uration actions is necessary not only to change the state offte system, but also
to gain vital information. Conversely, a good knowledge of he system's state
is necessary to chose purposeful actions and avoid increagi breakdown costs.
Unlike certain other problems involving partial observability, this one does not
even o er the possibility of gaining information without ta king intrusive actions

and confronting the resulting observations with the expeced ones. In sum, the
problem is very representative of the need to trade o the gan of information

which results from sensing and acting, the expected rewardienalty resulting

from performing the right/wrong actions, and the cost of failing to act quickly.

This is an optimisation problem, rather than one of merely reaching a desired
state.

Secondly, the size of the state space and the structure of thproblem make
complete state enumeration { and a fortiori the incremental construction of
a universal plan { absolutely impractical. At the same time, if plan utility is
something to worry about, care should be exercised in prunig unlikely states
in a belief state, as getting rid of an unlikely but potentially very costly state
will spoil utility evaluation. Therefore, algorithms work ing with compact domain
representations or using very e ective domain control knowedge are necessary.
Concerning designing appropriate control knowledge, a cHienging aspect of the
benchmark is that it is still an open problem: functions estimating the utility of
network con gurations exist, but the optimal solutions or r ules of thumb for the
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selection of actions with high utility are unknown. In fact, even discovering of
how best to order given switching operations would be useful

Finally, as in other planning benchmarks derived from realworld applica-
tions, see e.g., [11], actions have e ects which are quite oaplex to model. For
instance, closing a device increases the load of a circuitdbaker which should
have the capacity to produce the additional resource. Closig a device may also
lead to a fault being fed by the circuit-breaker, which will then open, leaving the
lines on its feeder unsupplied. All this requires formalisns and planners which
can handle domain constraints, infer rami cations and rea®n about resources,
or at least enable the speci cation of elaborate context-dpendent e ects in the
action descriptions.

4 Position of the problem in the literature

Supply restoration is not only very representative of issus that need to be
addressed when dealing with real-world applications, but &o of current research
trends in planning and related areas. We now position the prblem with respect
to the literature, identify approaches which look likely to lead to advances in
this domain, and describe existing work on this problem.

4.1 Planning and related areas

Progressive planners, such as TLplan [1] and TALplanner [1R appear as promis-
ing candidates to get somewhere with this benchmark in the vey near fu-
ture. PTLplan [10] is an extension of TLplan to deal with partial observabil-
ity, stochastic actions, and probabilistic planning. Two features make progres-
sive planners particularly interesting for the problem: the expressiveness of the
planning language, and the extensive use of domain-contrdknowledge. After
research e ort is invested in understanding additional requirements placed by
planning under uncertainty when it comes to the speci cation of domain control
knowledge, these generic planners should be able to mimicrstegies used by
the domain speci ¢ supply restoration systems described blew.

This said, progressive planners do not seem very-well equied to deal with
the full scope of the problem, and in particular with discovering plans with high
utility. Firstly, there is no built-in capabilities for opt imisation in TLplan yet.
Secondly, because they perform explicit state enumerationthese planners are
better suited to produce plans according to a domain-specic strategy, than to
perform extensive search for optimal plans.

Recent planners working with much more compact domain repreentations
include very expressive ones like Zander [13], which is baden stochastic sat-
is ability, and MBP [7], which is based on model-checking. At present, MBP
generates plans that are guaranteed to achieve the goal deisg sensor and actu-
ator uncertainty. This is impractical for our benchmark where uncertainty just
creates too many cases to be handled, and where gaining infoation up to the



point of being 100% sure to have reached a desired state ofténcurs unaccept-
able breakdown costs. Extensions to MBP which would relax tlis requirement
would have a strong potential for excellent results on our poblem.

In the longer term, the answer to the question of the producton of high
quality plans may well come from planners based on decisiotheoretic regres-
sion [4]. First-order decision-theoretic regression is th key to symbolic dynamic
programming, and does not require state or even action enumation. It has
been integrated with the situation calculus, leading to a vey powerful problem-
solving framework [5]. At present, this framework only deak with fully observable
Markov decision processes, but once extensions to the paally observable case
are available, our benchmark should be near-perfect to evahte their bene ts.

Another worthwhile direction would be to investigate the appropriateness for
our problem of the general-purpose POMDP heuristics givenn [6, 3].

Supply restoration is also typical of problems of interestsin other areas such
as model-based diagnosis, repair, recon guration, and exition, see e.g. [8, 15,
18]. The approaches in this area are often rely on a two levelrahitecture featur-
ing a diagnostic reasoner and a quasi-classical planner. $fystems based on these
approaches have so far been the most e ective in dealing witlsimilar application
contexts, they still have some limits when confronted with aur problem: they as-
sume that all relevant information can be reliably acquired when needed, and
that actions are reliable and sometimes elementary (a typial case is component
replacements). Moreover, they are often applied to problera with belief states
small enough for their content to be easily enumerated. Thes limits are largely
due to the use of now obsolete planners which are unable to opste under uncer-
tainty or to model actions with complex e ects. Recent work on planning under
uncertainty could be used in the framework of these approachs to remedy some
of their current drawbacks.

A further line of research worth mentioning here is the modeling of diag-
nostic problem solving, including observations, actions,exogenous events, and
diagnosis/repair/recon guration plans, in languages close to those used in plan-
ning, e.g. the situation calculus [14] or narratives [2]. Itwould be of interest to
encode our example in these languages and experiment with ¢hrelated planning
technology [5, 12].

4.2 Existing work on the problem and related ones

Other works of interest are those concerned with similar Al gplications to power
systems. Space precludes more than the mention a few of thenete.

SyDRe [16] is a simple decision-theoretic prototype for suply restoration on
power distribution systems. It operates successfully in pesence of an arbitrary
number of faults, sensor and actuator uncertainties. Howegr it does not reason
on how to gain information: it generates a sequence of actianfor the most
probable state hypothesis, starts its execution, and reviss this plan whenever the
history of actions/observations shows that another hypothesis is more probable.

Diagnosis and supply restoration in powertransmission systems has been
studied e.g. in [8]. A crucial di erence with our proposed testbed is that ob-
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servations and actions are assumed to be reliable, which iseasonable when
considering transmission systems. Sensor and actuator uadainty make power
distribution systems much more challenging.

The model-based reactive planner Burton has been applied tgpacecraft en-
gine recon guration [18]. Although this recon guration pr oblem seems easier to
handle { in particular observations and actions are reliabk { it shares many
aspects with the present benchmark. Indeed power distribubn systems are an-
other representative of the sensor rich, embedded, recongrable systems, which
Williams and Nayak have dubbed immobots [17]. A number of choices made in
Burton and SyDRe are similar. For instance the \upstream progression heuris-
tic" is used in both, and they both sacri ce optimality for th e sake of e ciency,
by generating a sequence of actions for the most probable hyphesis and revising
the plan if necessary.

The above systems can be used as a reference to measure thefpenance
in time and solution quality of today's generic uncertainty planners. Ideally, we
would like to see generic planners achieving comparable tien performance by
using extensive domain-control knowledge, as well as plamrs producing plans
of much higher quality by reasoning on how to gain informatim.

5 Web site for this benchmark

We plan to make the items listed below available by early 2002on the bench-
mark's web site http://csl.anu.edu.au/ [(thiiebaux/benchmarks/pds/.

Formal description of the problem. For various reasons, the choice made in this
paper is to provide a textual description of the problem rather than a for-
mal one. We believe that this description is precise enoughd be e ectively
usable. However, the web site will provide an extended versi of the paper
including a formal description in a TLplan-like language.

Network data and problem generator.Con dentiality issues prevent us to release
data concerning existing EDF power distribution systems. Fbwever, we will
make arti cial data used in SyDRe's test suite available, including sample
problems and suboptimal solutions produced by SyDRe. We ats plan to
provide a random network/problem generator for systematic experiments.

Simulator and supply restoration system.The Standard ML implementation of
SyDRe will be downloadable from the web site. It includes a ntwork sim-
ulator which can be used as a predictive model and a supply résration
component which can serve as a reference basis for companagitests. How-
ever, since SyDRe employs a very miopic strategy which doesoh reason
about how to reduce uncertainty, the ultimate goal is to obtain better qual-
ity plans than those produced by SyDRe.

6 Conclusion

This paper proposes the use of supply restoration in power diribution systems
as a benchmark for planning under uncertainty. The time has ome to mea-



sure planning systems against such realistic examples to omplement the deeper
analyses obtained with well-understood arti cial problems. We have identi ed
approaches which are likely candidates for progress with tis benchmark, as well
as their current limits. We hope that this paper will motivat e the planning com-
munity to tackle the problem, and that the present decade wil see success with
at least a scaled down version of the above network example.
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Abstract. This paper introduces two benchmark problem sets based on actual space
mission operations. Each benchmark problem set includes problem generators,
declarative specification of the problem(s), and one or more simulations. The first
mission is the DATA-CHASER shuttle payload that flew onboard space shuttle
Discovery flight STS85 in 1997, and demonstrated the ability of automated mission
planning to both reduce commanding effort and improve science return. The second
mission is the Citizen Explorer Mission (CX-1), which is a small, earth orbiting
satellite currently being prepared for launch. We include three problem classes of
increasing complexity (and realism) for each mission scenario: planning and scheduling
with states and resources (PSSR), PSSR with functional dependencies, and PSSR with
functional dependencies and plan quality. The actual implementations are available
for download from web sites at the University of Colorado, which designed and
operated these spacecraft and missions.

1 Introduction

Historically, the research and applications communities in the area of automated
planning and scheduling have not had significant amounts of interaction. As a
consequence, there has not been significant transfer of information between the
communities in either direction. Specifically, the cross-fertilization of communities is
limited to a small number of research systems deployed in an ongoing operational
context, and similarly only a few reakworld planning and scheduling problems have
breached the research community.

There are many reasons for this situation. It takes an incredible investment of time
and energy for a researcher to learn the intricacies of an application domain. The
research community and research institutions generally have not rewarded this
investment of effort. Likewise, the community solving actual planning and scheduling
problems did not have adequate incentive to work with the research community. With
many difficult problems to solve in building functional systems, many of the central
research areas are of lower priority. And in the commercial arena, there is significant
negative incentive to distribute lessons painfully learned, which represent an important
competitive advantage after all.

Fortunately, this situation appears to be changing. Within the research community,
there is an increasing understanding of the importance of being relevant to the real
world. With the appearance of startup companies and venture capital, the financial
incentive to develop mature algorithms has grown considerably. Furthermore, with the
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maturation of the field (and technology), the incentive for applied organizations to
engage the research community has become more urgent.

This paper represents an effort to leverage the research community in developing
techniques for integrated planning and scheduling problems that occur commonly for
space mission operations. The remainder of this paper is organized as follows. First,
we describe the basic elements that we provide for each testbed domain: a domain
description, a declarative model, problem generators, and a simulation. For each such
domain, we provide three versions of increasing complexity. A basic version of each
domain includes planning and scheduling with resources. A more complex version
adds functional dependencies. And the most complex version includes both functional
dependencies and plan quality. Next, we describe each of the domains described in
this paper: DATA -CHASER shuttle payload operations and Citizen Explorer (CX-1)
satellite mission operations. For each domain we describe the background for the
mission and mission goals. We then provide more details about the planning and
scheduling problems. Next we describe the provided problem generators and
simulators. Finally, we compare the problem domains presented with previously
published domains in both the planning and scheduling and the operations research
communities.

2 The Elements of a Testbed Domain

The first element of each domain is a textual description. This description gives the
context of the model, problem generators, and simulation. It explains the mission being
modeled and the overall problem context. It also references previous work in
automated planning and scheduling solutions to the problem.

The second element of each domain is a model. This model is provided in the
ASPEN Modeling Language (AML) [Sherwood et al. 1998]. AML is a mature
representation language that has been used to represent planetary rover operations
constraints [Sherwood et al. 2000] as well as space mission operations constraints for
actual deployments [Smith et al. 2001, Wilkins&desJardins 2001]. While ideally these
domain models could be provided in a more generic language, this format was chosen
for two reasons. First, using AML facilitates timely release of the domain models by
minimizing release effort. Given that it is desirable to release as many domain models in
a timely fashion, it is hoped that others in the community will translate these models
into a generic format. Second, certain aspects of the domain model would be difficult
to represent in current generic domain description languages. The hope is that release
of these models will spur extension of domain description languages. A description of
the modeling language used for the original models is available for download from
http://aspen.jpl.nasa.gov.

The third element of each problem domain is a problem generator. This is an
executable (in these cases, Perl scripts) that can be used to generate a large number of
initial states and goals for a planner to solve. In most cases the problem generator is
parameterized to enable generating problems of varying size and diffic ulty.

The final element of each problem domain is a simulator. Once a planner has
specified a plan, an execution simulation can be used to stochastically evaluate the
effectiveness and the robustness of the plan for simulated missions operations.
Effectiveness determines how well the planner satisfied the spacecraft goals, and can
be measured by assessing the operational results, such as the science return, resource
consumption, or state changes. Robustness, on the other hand, measures the ability of
the planner to enable a successful mission in spite of significant run-time variations
and anomalies, such as an action finishing early, consuming excessive resources, or



simply not executing correctly. Robustness can be measured by determining the
number of inappropriate actions that are sent to the simulator, which in turn violate the
constraints of the domain or put the spacecraft in an unsafe state.

The simulator itself has three parts: The database which stores the current state at
time t, a set of specifications and constraints, and an executive, which receives action
commands from the planner, attempts to execute them using the specification and
constraint set, and updates the current state. The simulator is scalable so that there
can be large or small simulations. The modeling of the simulator depends on how the
planning language is defined, which determines whether activities are time-stamped,
connected by constraints, or have conditional activities, or whether the planner can
update its plan based on simulation feedback during the simulation.

For our domains, batch planners and continuous planners both use the same
simulator. The planner is required to submit activities some number of seconds in
advance of their scheduled execution, which is described as the commit window The
commit window must be greater than or equal to one second, and the planner must
register the commit window length with the simulator when execution starts. The
commit window size can change during execution, but the planner cannot modify
activities once they have entered the commit window. The planner can receive updates
from the simulator regarding activity parameter changes (such as start time or
duration), state and resource updates, and current time. The simulator can warp so that
the plans can run much faster than real time, relative to the commit window described
by the particular planner. Batch planners can control the simulator either by setting the
commit window to the duration of the plan (in which case the simulator can quickly
warp through the entire simulation), or by passing parameterized activities at the
appropriate times, but not replanning during the simulation. An important point to
note here is that the domain information does not pose any restrictions on the use of
planning technology to solve the problems. The planners could use constraint-based
methods, committed search nethods, or any other methods. Indeed, there is no
restriction that a planner must be used, a smart executive or even arbitrary C code
could be used to command the simulator. This opens the competition to truly test if
planning technology is useful.

The stochastic model, or run-time variations, are stored as part of the
specifications, which specify distributions instead of single values for certain variable
features. Three different aspects of the mission can be impacted at run time: activity
failure, resource consumption, and time and duration of state changes. Each domain
has a stochastic and a non-stochastic simulator included in the release.

3 The DATA CHASER Mission

The DATA-CHASER was a Hitchhiker payload that flew onboard the Space Shuttle
Discovery flight STS-85 in August 1997. (Figure 1) It had 3 co-aligned instruments
that take data in the far and extreme ultraviolet wavelengths: far and extreme ultra-violet
spectrometer (FARUS), soft xray and extreme ultraviolet experiment (SXEE), and a
Lyman-Alpha solar imaging telescope (LASIT). In the actual DATA-CHASER mission,
mission operations were automated using the DCAPS (DATA -CHASER Automated
Planner and Scheduler) planning system [Chien et al. 1999]. The DATA-CHASER
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Fig. 1 DATA-CHASER payload integrated into the STS-85 Shuttle Bay, STS-85 launching,
and Payload Operator Jason Willis using DCAPS to command DATA-CHASER.
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domain as modeled for the actual mission uses 67 resources and 58 activity types.
Examples of resources include onboard power, a 4 MB memory buffer, and a 2 GB
digital tape drive. Most of the systems have at least one state variable, which
represents whether or not they are activated. Shuttle orientation is also modeled as a
state variable. There are many concurrency resource constraints, for instance a
downlink or uplink can only occur during contact with a TDRSS satellite. The activities
include taking a picture with LASIT, changers for each state variable (such as
opening/closing instrument doors), and descriptions of exogenous events like the
shuttle passing to/from the Earth’s shadow. Unfortunately, software integration
difficulties before launch disabled part of the hardware during the mission. Our
problems are based on the mission as originally designed.

DATA-CHASER problems involve trying to take observations within specified time
windows given a number of exogenous events that change at different times. For
instance, one consequence of flying on the shuttle system is that shuttle resources are
shared and, hence, limited, with availability subject to change every 12 hours (the
frequency at which NASA changes shuttle flight plans). These resources include
access to uplink and downlink channels, and time that the payload is allowed to
operate. Moreover, scientists would like to perform dynamic rescheduling during the
mission. For instance, a solar flare can occur at random and drive a scientist’s desire to
rapidly alter the DATA-CHASER’s activity schedule to reflect new requirements and
goals, such as altered instrument priorities or longer integration times.

DATA -CHASER requires data and power management while gathering science. An
automated scheduler searches for an optimal “data taking” schedule, while adhering to
the constraints and resource restrictions. In its basic formulation, DATA -CHASER is a
straightforward resource and state constrained scheduling problem that serves as a
good introduction to the types of operations constraints common in spacecraft
operations. A more complicated formulation requires representation of a number of
functional dependencies including thermal and power constraints. In the full-blown
formulation, DATA-CHASER represents a complex scheduling problem involving
deadlines, observation windows, science preferences, linked observations, and
engineering optimization criteria such as minimizing tape starts and stops as well as
instrument door operations. There is no substantive planning (e.g. subgoaling) in the
DATA-CHASER domain.

3.1 The DATA-CHASER Models and Problem Generators

The simplest DATA-CHASER model has over 46 activity types that are defined in
terms of their effects on 19 resources and 9 states, which collectively represent the
DATA-CHASER’s external environment and subsystems. Such resources and states
include the memory buffer, available power, communications availability periods,
subsystem modes, and shuttle orientation. Most activities are possible commands to
payload subsystems like performing an observation, moving data to a DAT recorder, or
downlinking data. A smaller set of activities is for representing uncontrollable
exogenous events like a shuttle orientation shift or entering a communications
availability period. The five types of exogenous events to schedule around include:
 Shuttle orientation: The shuttle can point its cargo bay in one of four directions:
Earth, Sun, Moon, and Deep Sace. Given that the DATA-CHASER is a low
priority Hitchhiker payload, it has no control over the orientation.

 Shuttle contamination: Occasionally the shuttle needs to fire its maneuvering
rockets for orbit maintenance. In addition to accelerating the shuttle, this activity



contaminates local space for a short time. The DATA-CHASER has to close its
main canister door during this time to keep its optics clean.

« Low data rate communications windows : During most of the mission the shuttle can
provide a 1200 byte/sec downlink through the TDRSS satellite network, but a one to
ten minute window exists in each orbit when no TDRSS satellite is in view.

* Medium data rate communications windows: Occasionally the mission will have a
25000 byte/sec downlink to a ground station, but availability depends on ground
station visibility and the needs of other more important missions.

* Eclipse events: Once every orbit the shuttle travels through the Earth’s shadow,
and no solar observations are possible.

DCAPSRES is our simplest DATA-CHASER planning model and illustrates
planning with resources. The objective is to perform observations when the shuttle is
not in the Earth’s shadow, the cargo bay is facing the sun, and the shuttle has not
recently contaminated the space around it. FARUS, SXEE and LASIT respectively take
72, 181, and 52 seconds and generate 5120 bytes, 48 bytes, and 2 megabytes per
observation, and whole system generates a kilobyte of engineering telemetry per hour.
Given that the memory buffer only has 4 MB, it is the most constrained resource. Since
data can be rapidly transferred to the 2GB DAT recorder, there are naive approaches to
scheduling the observations by simply transferring the data as soon as it collected, but
data on the DAT cannot be downlinked for rapid analysis during the mission. Rapid
analysis is desired to let scientists alter the priorities of different observations to
improve data quality. Thus some goals have explicit downlink requirements, making
the scheduling problem slightly more difficult.

While our first model had fairly simple actions that took constant amounts of time
and had static effects, our second model (called DCAPSPARM is slightly more
complex in that it uses parameter dependency functions capture the context dependent
thermal management problem. Since DATA-CHASER was mounted on a poorly
conducting trellis in the vacuum of space, the only way to dissipate heat was through
radiation. This means that the payload warmed when the sun beat down on it, and
cooled during eclipses and when it pointed at deep space. We model this in terms of
the temperature of the payload changing at rates determined by the shuttle’s
orientation, whether or not the canister door is open, and the power requirements of
current activities. Given our model of heat, a schedule has a conflict due to calibration
loss whenever the temperature falls outside of an 18° to 22° Celsius range.

Given DCAPSPARM, we define DCAPSOPTas an even harder third model to
optimize science collection during a 12 hour period where different observations have
context dependent payoffs depending on varying solar activity — an exogenous event.

The problem generators create random start states with subsequent 12-hour
exogenous event scenarios and either a requested collection of observations or an
observation payoff metric for the DCAPSOPT model. We describe the exogenous
events either in terms of cycles that start at a random point or markov models where
time to take a transition is uniformly distributed between an upper and lower bound.
For instance, the shuttle will be at some random point in its orbit and the day/night
transition is a cycle starting at that point. Shuttle orientation provides an example of a
markov model where scheduling to satisfy other payload needs results in changing the
shuttle’s orientation in random ways. In order to inject some realism into our markov-
model-based exogenous events, we built our markov models from the 12-hour shuttle
event sequences used during actual DATA -CHASER operations.
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3.2  The DATA-CHASER Simulator

We evaluate solution plans for a problem by simulating them. The simulator takes
exogenous events and grounded activities and determines what happens to the
payload. For instance, having the contamination event with the CHASER door open
may result in the instruments failing due to dirty optics. To evaluate solutions in each
of the three models, the simulator has a flag to control the temperature component. For
the simplest model, the simulator holds the temperature constant, and for the other
models the simulator lets the temperature vary.

To make the problem more realistic, the simulator has a second flag to control a
stochastic element. While actions in planning domains have explicit durations and
effects, actions in reality have results that vary stochastically. For instance, a model
might pessimistically state that it takes two minutes to transfer a LASIT image to the
DAT recorder, but the actual time might vary from 100 to 120 seconds. In addition to
time four other effects can vary around nominal operations:

* Datatakes: Datatakes will fail randomly 9% of the time. Actual power usage will
differ from predicted power usage based on a normal distribution with a small
variance. Failure rates and variances increase as the instuments’ temperature
approach the 18° and 22° Celsius bounds due to calibration problems.

* DAT Transfers: Transferring data to the DAT fails 2% of the time with data loss.

* Communications: Communications windows can drift slightly due to small variances
between the Shuttle’s orbit and the TDRSS satellite network.

* Thermal The payload’s rate of temperature change can vary by up to 5%.

Once given a problem description, the simulator takes grounded activities some set
time in advance of executing them and giving sensory feedback in the form of failure
notifications and the actual changes to the payload, which can stochastically different
from the modeled expectations. This approach facilitates being able to test both batch
planning approaches as well as incremental approaches. Upon completing the plan the
simulator returns the plan’s resulting score based on multiple criteria:

* The number of violated operational conflicts

* The number of successfully downlinked observations by observation type
* The number of observations stored on the DAT by observation type

* The number of times that the CHASER door opens and closes

* The number of activity failures by activity

¢ The total amount of power used while performing the observations

* An observation time based utility function for DCAPSOPTproblems.

4 The Citizen Explorer 1 (CX-1) Mission

The CX-1 spacecraft is a student designed and built spacecraft (Figure 2), developed
by the Colorado Space Grant Consortium [Willis et.al. 1999]. The CX-1 satellite has a
gravity gradient boom to keep it pointed to the Earth and uses two instruments to make
atmospheric observations: a photometer to measure visible light intensity near the
365nm wavelength and a spectrophotometer to measure light intensities at different
wavelengths between 280 and 350nm. These instruments will be used to perform
atmospheric and climatological science coordinated with ground-based ozone and
aerosol measurement. CX-1 was originally scheduled to launch on No vember 17, 2000.
However, due to software and hardware difficulties with the communications
subsystem, this launch has been delayed. Future launch possibilities are currently
being negotiated. When launched, CX-1 will be in a sun-synchronous orbit around the



Fig. 2. The CX-1 Spacecraft, undergoing integration and test, and an artist’s
depiction of the CX-1 Spacecraft deployed and in flight

Earth at an altitude of 705 kilometers. The main ground tracking station will be in
Colorado, and will downlink stored satellite data, provide real time health and status
data, and uplink commands and control directives. CX-1 will also broadcast science
and engineering data at UHF frequencies to schools at locations in the US.

CX-1 mission planning scenarios focus on the problem of acquiring the appropriate
atmospheric measurements, downlinking the data to the correct schools during the
upcoming pass, uplinking real-time activity requests from the University of Colorado,
and monitoring spacecraft health and orbit patterns. Multiple constraints make this
problem difficult. First, small data buffer sizes make CX-1 planning a highly resource
constrained scheduling problem. Second, the time windows when CX-1 can downlink
to a ground station are extremely limited by the limited onboard power and the small
size of K-12 school ground stations (due to cost constraints),. Third, a large amount of
data will be requested from the spacecraft so that it is important to optimize use of
available downlink. Fourth, measurements made by CX-1 are categorized and driven by
sun levels, hence the operations will vary based on near real-time feedback. While CX-
1 operations does involve a small amount of planning (subgoaling), it is primarily a
scheduling problem.

4.1 The CX-1 Models and Problem Generators

The model for CX-1 has approximately thirty-two activities, including data-takes, data
downlinks, data uplinks, and engineering activities. These activities are defined in
terms of their effects on thirteen resources and eight states, which collectively
represent the CX-1’s subsystems and external environment. These resources and
states include the flash memory buffer, communications link, available battery power,
solar array power, a sun sensor, ground station in-view periods, climate modes, and
transmitter modes.  Activities are either commands to satellite subsystems or
exogenous events affecting the satellite’s states or resources, such as entering/exiting
the view of a ground station or entering/exiting direct sunlight.

The model also has mission and operations constraints, which can impact activities
(temporal constraints), resources, or states. Temporal constraints include requirements
that a series of critical housekeeping operations must be performed at the transitions
between light and dark. Resource constraints include requirements that the flash
memory buffer cannot exceed its capacities and that the battery power cannot go below
half of its maximum capacity. State constraints include requirements that uplinks and
downlinks only occur when the Colorado station in in-view and that the transmitter is
in transmit mode. Also, school downlinks (which do not move any memory off of the
flash memory buffer) can only occur when the schools are in-view and the transmitter
is in broadcast mode, engineering activities must take place when the sun is not
directly visible, and data takes must occur while the sun is in-view.

CX-1 problems involve obtaining and downlinking the maximum amount of
atmospheric data while staying inside power and memory resource guidelines. The in-
view duration for the Colorado ground station varies depending on the orbit of the
satellite and outages in the ground station. Removing data from the flash memory
buffer before it fills requires downlinking as much as possible during each visibility
window, and this requires dynamic rescheduling as viewing periods change. Also,
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changes in power consumption by certain activities affects the power profile and can
drain excessive power from the satellite. Here dynamic rescheduling facilitates
discarding activities to stay within power guidelines.

There are three different CX-1 models with increasing complexity. In CX}-RES
activities have constant durations and have constant resource and state needs. This
model represents a straightforward space mission operation domain for planning and
scheduling with constrained states and resources. The CX1-PARM model adds a
number of parameter dependencies. For some activities, power usage is a function on
activity duration and lighting state, and takes as much power as possible from the solar
power source before relying on battery power. Battery usage is a function of current
levels of battery charge and the duration of the activity. Downlinking bandwidth is a
function of the modes of the satellite. Finally, the CX1-OPTmodel further increases
the complexity by including optimality criteria. These criteria are based on the total
amount of data downlinked to the ground stations (preferring more data), the largest
amount of data contained in the memory buffer at any one time (with a preference for
less), the amount of data acquired while in non-tropical climates (preferring more), the
number of mode switches in the transmitter, and the smallest charge on the available
power (preferring a higher minimum charge).

With these models the CX-1 problem generators create six different files containing
activity instantiations for a user specified number of orbits. Some of these activities
are changers for exogenous events and they cannot be deleted, removed, or modified
in the schedule. Others are requests for downlinking, engineering events, and
datatakes, and can be modified, added to, or removed in the final schedule.

* Initialization Activities: In the start state, there is a random amount of power in the
battery and a random amount of data currently stored in the flash memory.

¢ Engineering Data Requests: Engineeling scans are requested approximately every
280 seconds while the spacecraft is in both in -view of the sun and in darkness.

 Datatake Requests: These requests occur approximately every 170 seconds when
the spacecraft is in-view of the sun.

* Sun In-View Periods: These periods are generated randomly based on an estimate
of a CX-1 proposed orbit and a somewhat random start position. The spacecraft
always begins the simulator in darkness. The climate (tropical or non-tropical)
transitions are generated relative to the sun in-view periods.

* Power Activities: Solar power activities add a random amount of power to the
available power resource, and occur approximately every 300 seconds while the
spacecraft is in-view of the sun.

* Downlink Station In-View Periods: Downlink windows to both the Colorado ground
station and participating schools are generated randomly based on viewing
windows for an estimated orbit and sun in-view periods. Each window’s duration is
based on both satellite position and the strength of the receiving station.

4.2 CX-1 Simulation

We can describe the mission operations of the CX-1 model, as described above, in
terms of the stochastic element of the planning simulation in order to illustrate how the
simulation can differ from predicted (or nominal) operations. For instance, many
activities have actual power usages that are normally distributed with a small variance
around their predicted power usages.

* Engineering Scans: Engineering scans fail randomly 7% of the time.
* Datatakes : Datatakes will fail randomly 9% of the time.



* Solar Power Functions: The actual amount of solar power is normally distributed
around the model’s predicted solar power with a small variance.

* Light/Dark Cycle: The sunlight/darkness cycle may be shifted based on a cyclic
model of satellite drift. The shift also impacts entering and exiting tropical zones.

« Downlinking: Satellite drift impacts all downlink opportunity windows. The start
time may be moved (i.e., delayed lock up) and the duration may be shortened (i.e.,
signal cut off) based on a cyclic model of satellite drift.

* Bandwidth: The bandwidth to downlink both spacecraft data and science data is a
uniformly distributed number, owing to possible downlink problems.

These stochastic parameters can remain ungrounded until run-time where they
impact the planner’s effectiveness. Many runs can be performed on the simulator to
estimate the expected performance of the planner. For testing purposes, we also
include a “happy simulator” which runs nominal operations with zero variance.

The CX-1 simulator receives parameterized activities from the planner and simulates
operations for the entire duration of the plan. Throughout the the plan’s execution, the
simulator calculates the score based on the following criteria:

* Number of violated operational conflicts (e.g., dual usage of atomic resources,
overflowing the memory buffer, or downlinks to nonexistent ground stations)

* Total amount of data downlinked to the Colorado ground station

* Flash memory usage (preferring a lower mean usage and smaller variance)

* Available power (preferring a higher mean and smaller variance)

* Total amount of data downlinked to the school ground stations

* Total amount of data acquired while in a non-tropical zone

* Total number of transmitter mode switches

5 Accessing the Problem Set Information

The problem set information is downloadable from the University of Colorado Space
Grant Web Site (www-sgc.colorado.edu). While the release sets are preliminary and are
still undergoing slight revisions (and testing), they are very close to the final sets.
This site will also be the focal point for future updates and releases. While the
domains are being made available to the public, specific terms are listed on the web site
— including acknowledgement of the source in the event of any usage of the material,
prohibitions on commercial use, etc.

6 Discusion: Future Work, Related Work, Conclusions

We hope that these domains will be the first in a series of space mission operations
domains released for use by the automated planning and scheduling community. As
we have less mature collaboration efforts with three other University Nanosatellite
projects, we hope that eventually we will be able to release similar problem sets relating
to these. An important aspect of this work involves determining standards for
releasing domains — i.e. a formalization of the domain, problem generator, and simulator
specifications. Developing a sufficiently expressive domain representation standard
would facilitate use of the problem sets by other research groups.

While there has been a historical disconnect between the research and applications
oriented planning communities, a number of planning-oriented domains and testbeds
have been made available. These testbeds have originated in the research community
by experimenters as they either improve an existing planner’s performance or define
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algorithms that plan with ever more expressive action representations. For instance,
the classical PRODIGY and UCPOP planners had multiple test domains included in their
releases. The sensory GRAPHplan package [Graphplan] has accompanying domains
as well. Our testbeds differ from this work due to our underlying focus on real world
problems instead of planner test cases.

On the planner comparison side, many planner optimization papers report planner
performance on a number of benchmark problems, and the most realistic of these is a
logistics problem to move packages around an artificial map. Additionally, the AIPS 98
[McDermott 2000] and 2000 [Bacchus] planning competitions had problems defined in
a standard modeling language called PDDL, and test domains with problem generators
and plan simulators were used. Our domains are different than these previously
released testbeds in that they are derived from actual space mission operations
problems and address integrated planning and scheduling with metric time, resources,
functional dependencies, and optimization (although a number of AIPS 2000 domains
had some of these elements).

The part-machining domain [Gil 1991] and the elevator control domain [Koehler &
Schuster 2000] were motivated by real problems. The part machining was an attempt to
extract domain knowledge about how to turn a mass of metal into a machined part and
encode it into a PRODIGY domain. Similarly, the elevator control domain involved
taking a set of services and constraints and encoding them in PDDL to be solved by
planners such as those participating in the AIPS competitions. One of the results from
these efforts involved determining where the established modeling language cannot
represent a desired feature of the real world problem. For instance, the elevator control
problem has a capacity constraint that PDDL could not represent. Our work differs
from this research in two places. We do not avoid time and other metric constraints,
and we altered our simulators to facilitate experimenting with interleaved planning and
execution.

A number of additional pure scheduling benchmarks exist [Fox & Ringer] as well as
makespan benchmarks. These are designed to be more manufacturing and enhanced
job-shop scheduling problems. In contrast, our work emphasizes the integrated
planning and scheduling inherent in space mission operations.

Other research on interleaved planning and execution has resulted in shared
testbeds like tileworld, truckworld, and the phoenix testbeds [Hanks et al. 1993]. These
worlds were generated as benchmark cases for agent design within a multiagent
context. While tileworld and truckworld were relatively simplistic testbeds for testing
agent systems, the phoenix testbed focused on a forest firefighting domain. Each of
these testbeds offered defining problems with varying complexity, but only the phoenix
testbed had an underlying operations scenario like our testbeds. The Robocup rescue
project [Kitano et al 2001] also focuses on providing testbeds with an underlying
operations scenario. It targets distribution of a complex multi-agent simulation
environment. This environment has the potential to provide an extremely rich planning
and scheduling testbed.

This paper introduced two benchmark problem sets based on actual space mission
operations. Each benchmark problem set includes problem generators, declarative
specification of the problem(s), and one or more simulations. The first mission is the
DATA-CHASER, which demonstrated the ability of automated mission planning to
both reduce commanding effort and improve science return [Chien et al. 1999]. The
second mission is the Citizen Explorer Mission (CX-1), which is currently being
rescheduled for launch. We include three problem classes of increasing complexity
(and realism): planning and scheduling with states and resources (PSSR), PSSR with
functional dependencies, and PSSR with functional dependencies and plan quality.



The domain descriptions, problem generators, and simulators are available for
download from a web site at the University of Colorado, which designed and built
these spacecraft and missions (and operated DATA-CHASER). It is our hope that
release of this information will help to focus the planning and scheduling research
community on key issues in planning and scheduling including: domain model
expressiveness, representing functional dependencies, and plan optimization.
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Abstract

Many real world planning problems require goals with desgliand durative actions that consume resources. In
this paper, we preselapaa domain-independent heuristic forward chaining platimercan handle durative actions,
metric resource constraints, and deadline goals. The maovation ofSapais the set of distance based heuristics
it employs to control its search. We consider both optingzimd satisficing search. For the former, we identify
admissible heuristics for objective functions based onespén and slack. For satisficing search, our heuristics are
aimed at scalability with reasonable plan quality. Our eios are derived from the “relaxed temporal planning
graph” structure, which is a generalization of planningppsato temporal domains. We also provide techniques for
adjusting the heuristic values to account for resourcetcaings. Our experimental results indicate tSapareturns
good quality solutions for complex planning problems irs@@able time.

1 Introduction

For most real world planning problems, the STRIPS model of classiaahpig with instantaneous actions is inad-
equate. We normally need plans with durative actions that execute concyrrglatteover, actions may consume
resources and the plans may need to achieve goals within given deadlines. theéd have been efforts aimed at
building metric temporal planners that can handle different types of @nts beyond the classical planning spec-
ifications [14, 9, 11], most such planners either scale up poorly or neattdwted domain control knowledge to
guide their search. The biggest problem faced by existing temporal ptaisnbius the control of search (c.f. [17]).
Accordingly, in this paper, we address the issues of domain indeperelaigtic control for metric temporal planners.

At first blush search control for metric temporal planners would seem toueey simple matter of adapting the
work in heuristic planners in classical planning [3, 12, 7]. The adaptdtowever does pose several challenges. To
begin with, metric temporal planners tend to have significantly largarcs spaces than classical planners. After all,
the problem of planning in the presence of durative actions and metagnees subsumes both the classical planning
and scheduling problems. Secondly, the objective of planning may nlimbied to simple goal satisfaction, and
may also include optimization of the associated schedule (such as maxinamedst weighted tardiness, weighted
completion time, resource consumption etc. [15]). Finally, the presefimoetric and temporal constraints, in addition
to subgoal interactions, opens up many more potential avenues for exgtagtiristics (based on problem relaxation).
Thus, the question of which relaxations provide best heuristics Haes ¢arefully investigated.

In this paper, we presei8apa a heuristic metric temporal planner that we are currently developBapais a
forward chaining metric temporal planner, whose basic search routinesapddrom Bacchus and Ady’s[1] recent
work on temporal TLPlan. We consider a forward chaining planner because afittantages offered by the complete
state information in handling metric resources [17]. Unlike temp®ot&tlan, which relies on hand-coded control
knowledge to guide the planner, the primary focus of our work is @retbping distance based heuristics to guide
the search. IrSapawe estimate the heuristic values by doing a phased relaxation: weditged heuristics from
a relaxation that ignores the delete effects and metric resource constaaitithen adjust these heuristics to better
account for resource constraints. In the first phase, we use a generaliatierplanning graphs [2], called relaxed
temporal planning graphs (RTPG), as the basis for deriving the lieariOur use of planning graphs is inspired
by (and can be seen as an adaptation of) the recent woAtait [12] and FF [7]. We consider both optimizing
and satisficing search scenarios. For the former, we develop admissibistibedor objective functions based on
makespan or slack. For the latter, we develop very effective heuristicsshahe characteristics of a “relaxed” plan

*We thank David E. Smith, Terry Zimmerman and three anonyrmevigwers for useful comments on the earlier drafts of tlaipgn. This
research is supported in part by the NSF grant IRI-980167® ftse NASA grants NAG2-1461 and NCC-1225.
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Figure 1: Sample problem description and its solution

derived from the planning graphs. Finally, we present a way of impgpthe informedness of our heuristics by
accounting for the resource constraints (which are ignored in consigubie relaxed planning graphs).

Sapads implemented in Java. Our empirical studies indicate Ssdacan solve planning problems with complex
temporal and resource constraints quite efficierigpaalso returns good quality solutions with short makespans and
very few ir relevant actions. This is particularly encouraging given thaporal TLPlan, the leading contender of
Sapahat uses hand-coded control knowledge, tends to output many irreleviantsact

The rest of this paper describes the development and evaluat®apaf We start in Section 2 with a discussion
of action representation and the general search algorithm useapia In Section 3, we present the relaxed planning
graph structure and discuss different heuristics extracted from it. $¥edaiscribe how to adjust the heuristic values
based on the metric resource constraints. We present empirical resutistian4 and conclude the paper with a
discussion of related work and future work in Sections 5 and 6.

2 Handling concurrent actions in a forward state space planner

Sapaaddresses planning problems that involve durative actions, metriarcesp and deadline goals. In this sec-
tion, we describe how such planning problems are represented and solSaegar\We will first describe the action
representation, and will then present the forward chaining state searchiafgosed bySapa

To illustrate the representation and the search algorithm us&hpa we will use a small example from the
flying domain discussed in [14]. In this domain, which we ealho-flyingairplanes move passengers between cities.
An airplane can choose between “slow flying” and “fast flying” actions. “Slown§y travels at 400 miles/hr and
consumes 1 gallon of fuel for every 3 miles. “Fast flying” travels at 60@#fir and consumes 1 gallon of fuel every
2 miles. Passengers can beardedin 30 minutes andleplanedn 20 minutes. The fuel capacity of the airplane is
750 gallons and it takes 60 minutegéduelit. Figure 1 shows a simple problem from this domain that we vaé as
a running example throughout the paper. In this problem, Persahthamirplane are at cityA, Person2 is at cityB
and the plane has 500 gallons of fuel in the initial state. The goals get tmoth Personl and Person2 to cityC in 6.5
hours. One solution for this problem, shown in the lower half igiuFe 1, involves firsboardingPersonl at cityA,
and therslow-flyingto cityB. While boardingPerson2 at cityB, we carefuelthe plane concurrently. After finishing
refueling, the plane will have enough fuelfast-flyto cityC anddeplanethe two passengers.

2.1 Action representation

Planning is the problem of finding a set of actions and their respectieuéion times to satisfy all causal, metric,
and resource constraints. Therefore, action representation has influencesrepréisentation of the plans and on
the planning algorithm. In this section, we will discuss the acteEpresentation used Bapa Our representation is
influenced by the PDDL+ language proposal[4] and the representationsuzedo[14] and LPSAT[19] planners.
Unlike actions in classical planning, in planning problems with terap@nd resource constraints, actions are not
instantaneous but have durations. Their preconditions may eithestamianeous or durative and their effects may
occur at any time point during their execution. Each acAdmas a duration 4, starting time 4, and end time 4
= a4 4). The value of 4 can be statically defined for a domain, statically defined for a particular pignni
problem, or can be dynamically decided at the time of execdtidwation A have preconditions that may

1For example, in the zeno-flying domain discussed earliercavedecide that boarding a passenger always takes 10 mfoutals problems
in this domain. Duration of the action of flying an airplandvixen two cities will depend on the distance between thesecities. Because the
distance between two cities will not change over time, thation of a particular flying action will be totally specifiesce we parse the planning



(:action BOARD (:action SLOW-FLYING

:parameters :parameters

(?person - person ?airplane - plane ?city - city) (?airplane - plane ?cityl - city ?city2 - city)

:duration (st, + st 30) :duration

:precondition (st, + st (/ (distance ?cityl ?city2)

(and (at ?person ?city) - (st,st) (slow-speed ?airplane)))
(in-city ?airplane ?city) - (st,et)) :precondition

-effect (and (in-city ?airplane ?city1) - (st,st)

(and (not (at ?person ?city)) - st (> (fuel ?airplane) 0) - (st,et))
(in ?person ?airplane) - et)) -effect

(and (not (in-city ?airplane ?cityl)) - st
(in-city ?airplane ?city2) - et
(-= (fuel ?airplane)
(* #t (sf-fuel-cons-rate ?airplane))) - #t))

Figure 2: Examples of action descriptionsSapa

be required either to be instantaneously true at the time pgbinbor required to be true starting &t and remain
true for some duratiod < D . The logical effect€ff(A) of A will be divided into three set& (A), E (A4), and

E (A, d) containing respectively instantaneous effects at time péinisZ? andS +d (0 < d < D ). Figure 2
illustrates the actual representations usefapdor actionsboardingandslow-flyingin the zeno-flying domain. Here,
standet denote the starting and ending time points of an action, wiitepresents a time instant betwesiandet
While the actionboarding(person, airplane, city) requires a person to be at the locatigty only at its starting
time pointst, it requires an airplane to stay there the duration of its executiors &dtion causes an instant effect
(not(at(?person, ?city))) at the starting time poirgt and the delayed effeét.(?person, ?airplane) at the ending
time pointet

Actions can also consume or produce metric resources and their preconditigralso well depend on the value
of the corresponding resource. For resource related preconditions,omesaVeral types of equality or inequality
checking including ==, >, <=, >=. For resource-related effects, we allow the following types of changeaf{apd
assignment(=), increment(+=), decrement(-=), multiplication(*=), andsina(/=). In Figure 2, the actioslow-flying
requires the fuel level to be greater than zero over the entire duratiorofigon and consumes the fuel at a constant
rate while executing.

Currently we only model and test domains in which effects occur at the stantdatime points, and preconditions
are required to be true at the starting point or should hold truaugiivout the duration of that action. Nevertheless,
the search algorithm and the domain representation schema uSagdare general enough to represent and handle
actions with effects occurring at any time point during their duratiomspeconditions that are required to hold true
for any arbitrary duration between the start and end time points of an attidine near future, we intend to test our
planner in domains that have more flexible temporal constraints gorédoenditions and effects of actions.

2.2 Aforward chaining search algorithm

Even though variations of the action representation scheme describedgrethieus section have been used in the
partial order temporal planners such as IxTeT[9] and Zeno[14] before, Baccusdgr1] are the first to propose
a forward chaining algorithm capable of using this type of action reptaen and allow concurrent execution of
actions in the plan. We adapt their search algorithi8apa

Before going into the details of the search algorithm, we need to desaibe major data structures that are used.
Sap& search is conducted through the space of time stamped states. We defirestainped staté as a tuple
S = (P, M,II,Q,t) consisting of the following structure:

e P=((p,t)|t <t)isasetof predicatgs that are true at and the last time instant at which they are
achievec?

e M is a set of values of all functions representing all the metric-resourcés iplanning problem. Because the
continuous values of resource levels may change over the course of glaweinsegunctionsto represent the
resource values.

e II is a set of persistent conditions, such as action preconditions, that méedprotected during a period of
time.

e Qis an event queue containing a set of updates each scheduled to occur at a speeifindharfuture. An
evente can do one of three things: (1) change the True/False value of someaieedR) update the value of
some function representing a metric-resource, or (3) end the persisfeswa®condition.

problem. Howeverrefueling an airplane may have a duration that depends on the currehteftel of that airplane. We may only be able to
calculate the duration of a givaefuelingaction according to the fuel level at the exact time instamémwe execute that action.
2For example, at time instant in Figure 1,P = {(At(airplane, A),t ), (At(Person2, B),t ), (In(Personl,t ))}
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is the time stamp of

In this paper, unless noted otherwise, when we say “state” we mean a timeestatafe. It should be obvious that
time stamped states do not just describe world states (or snap shbéswebtld at a given point of time) as done in
classical progression planners, but rather describe both the statevaditideand the state of the planner’s search.

The initial state ;,;; is stamped at time 0 and has an empty event queue and empty set of persistéitn=ond
However, it is completely specified in terms of function and predicate valoentrast, the goals do not have to be
totally specified. The goals are represented by a setsfuples =( 1 » n ) Wherep; is the " goal and

i IS the time instant by which; needs to be achieved.
Goal Satisfaction: The state = ( II ) subsumesgentails) the goat if for each ; either:

1. i Vg ; and there is no event iQ that deletes ;.
2. Thereis an event that adds ; at time instant, i
Action Application: An action A isapplicablein state = ( II ) if:
1. Allinstantaneous preconditions Afare satisfied by andM.
2. A's effects do not interfere with any persistent conditiofliand any event iQ.
3. No eventinQ interferes with persistent preconditionsAf

When we apply an actioA to a state = ( I1 ), all instantaneous effects &f will be immediately
used to update the predicate Idtand metric resources databddeof S. A’'s persistent preconditions and delayed
effects will be put into the persistent condition $étand event queu® of S. For example, if we apply action
Board(P1,airplane}o the initial state of our running example in Figure 1, then the moments of resulting state
Swillbecome = ( ) o (1 ) o (2 ) o ,M= Fuel(airplane)=500,

II = ( ) 1 and = ( 1 ) 1 .

Besides the normal actions, we will have one special action catleence-timeé which we use to advance the
time stamp ofSto the time instant, of the earliest eventin the event queu® of S The advance-time action will be
applicable in any statBthat has a non-empty event queue. Upon applying this action, we updgg8 atcording to
all the events in the event queue that are scheduled to occur at

Notice that we do not consider actidnto be applicable if it causes some everthat interferes with an event

"in the event queue, even &and ' occur at different time points. We believe that even though an event has
instant effect, there should be some underlying process that leads &fféwat Therefore, we feel that if two actions
cause instant events that are contradicting with each other, then even viethis eccur at different time points, the
underlying processes supporting these two events may contradict eachitthgrthese two actions are not allowed
to execute concurrently. Our approach can be considered as hawvitdjaocess [5] extending from the starting point
of an action to the time point at which an event occurs. The hold procesciwthat predicate from violations by
conflicting events from other actions. This also means that even thougfeaha#fa given actioi appears to change
the value of a predicate at a single time pdjmire implicitly need a duration from the starting postof A to t for it
to happen. We are currently investigating approaches to represent cosstrginttect a predicate or resource more
explicitly and flexibly. Additionally, in handling metric resourageractions between two actionSapafollows an
approach similar to the ones used by Zeno[14] and RIPP[8]: it does pwt &allo actions that access the same metric
resource to overlap with each other. By not allowing two actions affectimgdime resource to overlap, we can safely
change the resource condition that needs to be preserved during an acgé@ntmbtantaneous condition or an update
at the start or end point of that action. For example, the condition llesfuel level of an airplane should be higher
than 0 while flying between two cities, can be changed to a check to see if thefiéwel it has at the beginning of the
action is higher than the amount that will be consumed during the cofithat action. This helps in simplifying the
search algorithm. In future, we intend to investigate other ways to relsxytpe of resource interaction constraints.
Search algorithm: The basic algorithm for searching in the space of time stamped statemns #hFigure 3. We
proceed by applying all applicable actions to the current state and put thle siedes into the sorted queue using
the () function. The () function is used to take out the first state from the state queue. Gyrren
Sapaemploys the A* search. Thus, the state queue is sorted according to samgtib function that measures the
difficulty of reaching the goals from the current state. The rest of thedipcusses the design of heuristic functions.

3 Heuristic control

For any type of planner to work well, it needs to be armed with good h&sie guide the search in the right direction
and to prune the bad branches early. Compared with heuristic forwardrpaiainners in classical plannin§apa
has many more branching possibilities. Thus, it is even more critic&8&pao have good heuristic guidance.

3Advance-timas calledunqueue-eventin [1]
4For example, théoardingaction will cause the event of the passenger being insideldre at the end of that action. However, there is an
underlying process of taking the passenger from the gatestde the plane that we are not mentioning about.



State QueueSQ={S;,,i: }
while SQ/ {}
S=DequeuésSQ
Nondeterministically selectA
applicable inS
S = Appy(AS
if S’ Gthen
PrintSolution
elseEnqueués’,SQ
end while;

Figure 3: Main search algorithm

Heuristic Objective Function Basis Adm. | Use res-infor
Max-span minimize makespan RTPG Yes No
Min-slack maximize minimum slack RTPG Yes No
Max-slack maximize maximum slack RTPG Yes No
Sum-slack maximize sum-slack RTPG Yes No
Sum-action minimize number of actions | relaxed plan| No No

Sum-duration || minimize sum of action durations relaxed plan| No No

Adj. sum-act. minimize number of actions | relaxed plan| No Yes

Adj. sum-dur. || minimize sum of action durations relaxed plan| No Yes

Table 1: Different heuristics investigated §apa Columns titled “objective function”, “basis”, “adm” and “use res-
infor” show respectively the objective function addressed by each heuytisé basis to derive the heuristic values,
the admissibility of the heuristic, and whether or not resource-relatednation is used in calculating the heuristic

values.

Normally, the design of the heuristics depends on the objective iumttiat we want to optimize; some heuristics
may work well for a specific objective function but not others. In a c@dgplanning scenario, where actions are
instantaneous and do not consume resources, the quality metrics agé lio& mere count of actions or the parallel
execution time of the plan. When we extend the classical planning frarkéavdandle durative actions that may
consume resources, the objective functions need to take into account o#tigr opetrics such as the makespan, the
amount of slack in the plan and the amount of resource consumption.stiesithat focus on these richer objective
functions will in effect be guiding both planning and scheduling asp&giscifically, they need to control both action
selection and the action execution tifhe.

In this paper, we consider both satisficing and optimizing search scenartbs.former, our focus is on efficiently
finding a reasonable quality plan. In the later, we are interested in tiir@ination of objective functions based on
makespan, or slack values. We will develop heuristics for guiding lypibstof search. Table 1 provides a high level
characterization of the different heuristics investigated in this papegrinst of the objective functions that they are
aimed at, and the knowledge used in deriving them.

For any type of objective function, heuristics are generally derived fedaxed problems, with the understanding
that the more constraints we relax, the less informed the heuristierte=cfi 3]. Exploiting this insight to control a
metric temporal planner brings up the question of what constrainslaa.r In classical planning, the “relaxation”
essentially involves ignoring precondition/effect interactions betweeoreci3, 7]. In metric-temporal planning, we
can not only relax the logical interactions, but also the metric resourcgraams, and temporal duration constraints.

In Sapawe estimate the heuristic values by doing a phased relaxation: weefastthe delete effects and metric
resource constraints to compute the heuristic values, and then mbhd#g walues to better account for resource
constraints. In the first phase we use a generalization of the planraph®[2], called relaxed temporal planning
graphs (RTPG), as the basis for deriving the heuristics. Our uskohing graphs is inspired by (and can be seen
as an adaptation of) the recent work AtiAlt [12] and FF [7]. The RTPG structures are described in Section 3.1,
and Sections 3.2 and 3.3 describe the extraction of admissible and effaetivistics from the RTPG. Finally, in
Section 3.4, we discuss a technique for improving the informedriess deuristics by adjusting the heuristic values
to account for the resource constraints (which are ignored in the RTPG).

3.1 Building the relaxed temporal planning graph

All our heuristics are based on the relaxed temporal planning graph sey&TPG). This is a Graphplan-style[2]
bi-level planning graph generalized to temporal domains. Given aState P, M, ,Q,t , the RTPG is built from

5In [17], Smith et. al. discuss the importance of the choicaations as well as the ordering between them in solving cioatet real world
planning problems involving temporal and resource coirga
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while(true)
forall A =advance-timapplicable in S
S = Apply(A,S)
if S = G then Terminate solution

S’ := Apply(advance-timgs)
if p,t Gsuchthat
t < Time(S’)and p /Sthen
Terminate non-solution
elseS =S’
end while;

Figure 4: Algorithm to build the relaxed temporal planning graphdcitrre.

S using the set of relaxed actions, which are generated from original actiaisrigating all effects which (1) delete
some fact (predicate) or (2) reduce the level of some resource. Since dedets aff ignored, RTPG will not contain
any mutex relations, which considerably reduces the cost of constructiB@RThe algorithm to build the RTPG
structure is summarized in Figure 4. To build the RTPG, we need thaée datastructures: a fact level, an action
level, and an unexecuted event quéugach factf or actionA is markedin, and appears in the RTPG'’s fact/action
level at time instant /¢ if it can be achieved/executed &t/t . In the beginning, only facts which appearkn
are markedn att, the action level is empty, and the event queue holds all the unexecwet$ é&vQ that add new
predicates. Actio\ will be markedin if (1) Ais not already markeih and (2) all ofA’s preconditions are marked.
When actiomAis in, then all ofA’'s unmarked instant add effects will also be markedtt. Any delayed effece of A
that adds fact is put into the event queu@if (1) f is not markedn and (2) there is no event in Q that is scheduled
to happen before and which also adds Moreover, when an eventis added tdQ, we will take out fromQ any event
e’ which is scheduled to occur afteand also adds

When there are no more unmarked applicable actior we will stop and returmo-solutionif either (1)Q is
empty or (2) there exists some unmarked goal with a deadline that itestian the time of the earliest event@n If
none of the situations above occurs, then we will agglyance-timection toS and activate all events at time point
t . of the earliest everg’ in Q. The process above will be repeated until all the goals are mankeddone of the
conditions indicatingion-solutioroccurs. Figure 5 shows the RTPG for the st time pointt  (refer to Figure 1)
after we apply actioBoard(P1)to the initial state anddvancehe clock from¢ tot¢ .

In Sapathe RTPG is used to:

Prune the states that can not lead to any solution.

Use the time points at which goals appear in the RTPG as the lower boartdsir time of achievements in the
real plans.

Build a relaxed plan that achieves the goals, which can then be used as a basisatedhe distance fror
to the goals.

For the first task, we will prune a state if there is some gpalt such thap does not appear in the RTPG before
time pointt .
Proposition 1: Pruning a state according to the relaxed temporal planning grapfRR) preserves the completeness
of the planning algorithm

The proof is quite straight forward. Since we relaxed the delete effedtsemource related constraints of all the
actions when building the graph structure, and applied all applicable adticgach state, the time instant at which
each predicate appears in the RTPGlisveer boundon its real time of achievement. Therefore, if we can not achieve
some goal on time in the relaxed problem, then we definitely will not i tabachieve that goal with the full set of
constraints.

In the next several sections, we will discuss the second task, thatieihgedifferent heuristic functions from the
RTPG structure.

3.2 Admissible heuristics based on action durations and deadlines

In this section, we will discuss how several admissible heuristictions can be derived from the RTPG. First, from
the observation that all predicates appear at the earliest possible time ialdlxed plan graph, we can derive an
admissible heuristic which can be usedfaimize the makespari the solution. The heuristic is defined as follows:
Max-span heuristic: Distance from a state to the goals is equal to the length of thetaur between the time-instant
of that state and the time the last goal appears in the RTPG

6Unlike the initial state, the event queue of the s@feom which we build the RTPG may be.



Partial Plan Relaxed Planning Graph

FastFlight(A,B) Deplane(Pl,Bﬁ ‘ Deplane(PZ,Cb
Deplane(Pl,AL Board(P2,B) ‘
Board(P1,A) -
SlowFlight(A,B) Deplane(Pl,Cb
! ! FastFlight(B,C) !
! ! SlowFlight(B,C) | !
| S T
t0 t1 t2 t3 t4 t5 t6 t7 t8 tg
Sinit S

Figure 5: Sample relaxed temporal planning graph for durative actiohadesl actions are the ones appear in the
relaxed plan.

The max-span heuristic is admissible and can be used to find the smadlksspan solution for the planning
problem. The proof of admissibility is based on the same observatae in the proof of Proposition 1. Because
all the goals appear in the RTPG at the time instants thdbarer boundn the their real time of achievements, the
time instant at which the last goal appears in the RTPG will be the loandbon the actual time point at which we
can achieve all the goals. Thus, it is a lower bound on the makespan aftties.

The max-span heuristic discussed so far can be thought of as a generalized géthe max-action heuristic
used in HSP [3] or max-level heuristic in AltAlt [12]. One of the asgptions in classical planning is that the goals
have no deadlines and they need only be achieved by the end of the plan. oféneadifheuristics concentrate on
measuring how far the current state is to the point by whitthe goals are achieved. However, in temporal planning
with deadline goals, we can also measure the ‘slack’ values for the goalstasigplan quality measurement (where
slack is the difference in time between when the goal was achieved in the pdlthedeadline specified for its
achievement). The slack values for a given set of goals can also be a goodigmda@ahow hard it is to achieve
those goals, and thus, how hard it is to solve a planning problem drgiven state. Moreover, slack-based objective
functions are common in scheduling.

We will consider objective functions to maximize the minimum, maximor summation of slack values of all the
goals for the temporal planning problems. In our case, the slack valaediwen goal is estimated from the RTPG
by taking the difference between the time instant at whi@ppears in the RTPG and its deadline. We now present
admissible heuristics for these three slack based objective functions.

Min-slack heuristic: Distance from a state to the goals is equal to the minimum oflitol estimates of all individual

goals’

Max-slack heuristic: Distance from a state to the goals is equal to the maximum of glstifaates of all individual
goals.

Sum-slack heuristic Distance from a state to the goals is equal to the summatiormok glstimates for all individual
goals

The min-slack, max-slack, and sum-slack heuristics target the objectietidos of maximizing the minimum
slack, maximum slack, and the summation of all slack values. The adnmitysilbithe three heuristics for the respec-
tive objective functions can be proven using the same argument we matie fmax-span heuristic. Specifically, we
use the observation that all goals appear in the RTPG at time instanés #eah the actual time instants at which they
can be achieved, to prove that the slack estimated calculated using the RTd@ mal will be thaupper boundn
its actual slack value for the non-relaxed problem.

3.3 Heuristics for ef cient satis cing search

We now focus on efficiently finding reasonable quality plans. In the lestian, we discussed several admissible
heuristics which can be used to find optimal solution according to sonjeetale functions. However, admissible
heuristics such as max-span and slack-based heuristics are only concernetaliout points at which goals are
achieved, and not the length of the eventual plan. In classical planningsthesuthat use an estimate on the length
of the plan have been shown to be more effective in controlling seard2]7To estimate the length of the solution,
these planners typically use a valid plan extracted from the relaxed ptagraph (the relaxation typically involves
ignoring negative interactions). We can use a similar heuristicefopbral planning.
Sum-action heuristic Distance from a state to the goals is equal to the number of actiotie relaxed plan

The relaxed plan can be built backward from the goals in a manner nearly iddntite procedure used in
Graphplan algorithm[2] in classical planning. We first start with thalg and add actions that support them to the

7If all the goals have the same deadlines, then maximizingrtimmum slack is equal to minimizing the makespan of the @lad the two
heuristic values (max-span and min-slack) can be usedch#agably.
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solution. If we add an action to the solution, then its preconditamesalso added to the set of current goals. The
search continues until we “reach” the initial state (i.e the goals are entaji¢ide initial state). In our continuing
example, the shaded actions in Figure 5 are the ones that appear in the rédaxetign we search backward.

Finally, since actions have different durations, the sum of the idumsbf actions in the relaxed plan is another
way to measure the difficulty in achieving the goals.

Sum-duration heuristic: Distance from a state to the goals is equal to the sum of duratidmctions in the relaxed
plan.

If all actions have the same durations, then the sum of durationsadtadhs in the relaxed plan will be equivalent
to taking the number of actions in the plan. Thus, in this case, sumRaatid sum-duration will perform exactly
the same. Neither of these heuristics are admissible; searches using taetmmor sum-duration heuristics do
not guarantee to return the solutions with smallest number of actioissjutions with smallest summation of action
durations. The reason is that these two heuristics have their valuesdraaéicst (relaxed) plan found. There is no
guarantee that that first relaxed plan will be smaller than the smallest reat¢faxed) plan in terms of number of
actions, or summation of durations of actions in the plan.

3.4 Using metric resource constraints to adjust heuristic values

The heuristics discussed in the last two sections have used the kigewdbdut durations of actions and deadline
goals but not about resource consumption. By ignoring the resoelated effects when building the relaxed plan,
we may miss counting actions whose only purpose is to give sufficésource-related conditions to other actiéns.

Consequently, ignoring resource constraints may reduce the qualiguoistic estimate based on the relaxed plan.
We are thus interested in adjusting the heuristic values discussed lasthtwo sections to account for the resource
constraints.

In real-world problems, most actions consume resources, while thespecél actions that increase the levels
of resources. Since checking whether the level of a resource is sufficiesitdaing the execution of an action is
similar to checking the predicate preconditions, one obvious approaatijust the relaxed plan would be to add
actions that provide that resource-related condition to the relaxed plamred&sons discussed below, it turns out to
be too difficult to decide which actions should be added to the relaxed plsatisfy the given resource conditions.
First, actions that consume/produce the same metric-resource may owatah® RTPG and thus make it hard to
reason about the resource level at each time point. In such cases, the best wascanfohd the upper bound and
lower bound values on the value of some specific resource. However, tileldonay not be very informative in
reasoning about the exact value. Second, because we do not know the valedésoifeaources at each time point, it
is difficult to reason as to whether or not an action needs another action torsitppesource-related preconditions.
For example, in Figure 5, when we add the actiast-flying B, C') to the relaxed plan, we know that that action
will need fuel(airplane) > 400 as its precondition. However, without the knowledge about the v@déwel) of
fuel(airplane) at that time point, we can hardly decide whether or not we need to add anotleertactichieve that
precondition. If we reason that the fuel level at the initial stgtee((airplane) = 500) is sufficient for that action to
execute, then we already miss one unavoidabfa:el (airplane) action (because most of the fuel in the initial state
has been used for the other flying actitast-flying A, B)). A final difficulty is that because of the continuous nature
of the metric resources, it is harder to reason if an aajivasa resource-related effect to another action and whether
or not it is logically relevant to do so. For example, suppose thateesl ho fly an airplane froroityA to cityB and
we need to refuel to do so. Actiate fuel(airplane, cityC) gives the fuel that the airplane needs, but it is totally
irrelevant to the plan. Adding that action to the relaxed plan (and its pdiions to the goal set) will lead to the
addition of irrelevant actions, and thus reduce the quality of hecigstimates it provides.

In view of the above complications, we introduce a new way of readjgsktie relaxed plan to take into account
the resource constraints as follows: we first preprocess the probletifisations and find for each resourRean
action A that can increase the amountRfinaximally. LetA be the amount by whichl increases, and let
Dur(A ) be the duration off . Let Init(R) be the level of resourde at the state&Sfor which we want to compute
the relaxed plan, an@on(R), Pro(R) be the total consumption and productiorRify all actions in the relaxed plan.
If Con(R) > Init(R) + Pro(R), we use the following formula to adjust the heuristic values efghm-action and
sum-duration according to the resource consumption.

Sum-action heuristic value h:

Con(R) (Init(R) + Pro(R))

h  h+ A

Sum-duration heuristic value h:

Con(R) (Init(R) + Pro(R))

h h+ A

Dur(A )

8For example, if we want to drive a truck to some place and teklével is low, by totally ignoring the resource related diions, we will not
116 realize that we may need tefuelthe truck beforariving it.



sum-act sum-act adjusted sum-dur sum-dur adjusted
prob || time(s)| node time (s) | node time (s) | node time (s) |  node
zenol 0.272 14/48 0.317 14/48 0.35 20/67 0.229 9/29
zeno2 || 92.055 | 304/1951 61.66 | 188/1303 - - - -
zeno3 || 23.407 | 200/996 38.225 | 250/1221 7.72 60/289 35.757 234/1079

zeno4 - - 37.656 | 250/1221 7.76 60/289 35.752 | 234/1079
zeno5 || 83.122 | 575/3451 || 71.759 | 494/2506 - - - -
zeno6 | 64.286 | 659/3787 || 27.449 | 271/1291 - - 30.530 | 424/1375
zeno7 1.34 19/95 1.718 19/95 1.374 19/95 - -
zeno8 111 27/87 1.383 27187 1.163 27187 1.06 14/60

zeno9 || 52.82 | 564/3033| 16.310 | 151/793 || 130.554| 4331/5971| 263.911| 7959/10266

log_p1 2.215 27/159 2.175 271157 2.632 33/192 2.534 33/190
log_p2 || 165.350 | 199/1593 || 164.613| 199/1592| 37.063 61/505 - -

log_p3 - - 20.545 | 30/215 - - - -
logpd || 13.631 | 21/144 || 12.837 | 21/133 - - - -
log_p5 - - 28.983 | 37/300 - - - -
log_p6 - - 37.300 | 47/366 - - - -
log_p7 - - 115.368| 62/531 - - - -
log_p8 - - 470.356| 76/788 - - - -
log_p9 - - 220.917| 91/830 - - - -

Table 2: Solution times and explored/generated search nod&afmin the zeno-flying and temporal logistics do-
mains with sum-action and sum-duration heuristics with/withoutuesse adjustment technique. Times are in seconds.
All experiments are run on a Sun Ultra 5 machine with 256 MB RAM. “ditates that the problem can not be solved
in 500 seconds.

We will call the newly adjusted heuristiegljusted sum-actionandadjusted sum-duration. The basic idea is
that even though we do not know if an individual resource-consumingraictithe relaxed plan needs another action
to support its resource-related preconditions, we can still adjusttimder of actions in the relaxed plan by reasoning
about the total resource consumptioratifthe actions in the plan. If we know how much excess amount of a resource
R the relaxed plan consumes and what is the maximum increméttteft is allowed by any individual action in the
domain, then we can infer the minimum number of resource-increasing atiteitnge need to add to the relaxed plan
to balance the resource consumption.

For example, in the relaxed plan for our sample problem, we realize thavthactionsfast-flying A, B and
fast-flying B, C' consume a total of: 1000/2 + 1200/2 = 1100 units of fuel, whichghér than the initial fuel level
of 500 units. Moreover, we know that the maximum increment for thdamggs fuel is 750 for theefuel(airplane)
action. Therefore, we can infer that we need to add at [east — /] refueling action to make the
relaxed plan consistent with the resource consumption constraintsexpeeimental results in Section 4 show that
the metric resource related adjustments are quite important in domhials inave many actions consuming different
types of resources.

The adjustment approach described above is useful for improving thastiom and sum-duration heuristics, but
it can not be used for the max-span and slack-based heuristics withoutcgagtifieir admissibility. In future, we
intend to investigate the resource constraint-based adjustmentsgeritburistics that still preserve their admissibility.

4 Experimental results

We have implemente8apan Java. To date, our implementation 8&pahas been primarily used to test the perfor-
mance of different heuristics and we have spent little effort on codenigaition. We were primarily interested in
seeing how effective the heuristics were in controlling the search. Inake of heuristics for satisficing search, we
were also interested in evaluating the quality of the solution. Weuatekthe performance &apaon problems from
two metric temporal planning domains to see how well it performs ingtleesnplex planning problems. The first one
is the zeno-flying domain discussed in Section 2.2 [14]. The second i&aion of the temporal and metric resource
version of the logistics domain. In this domain, trucks move packageseen locations within one city, and planes
carry them from one city to another. Different airplanes and trucks movedifferent speeds, have different fuel ca-
pacities, different fuel-consumption-rates, and different fuel-fiésatvhen refueling. The temporal logistics domain
is more complicated than the zeno-flying domain because it has more tyms®afece-consuming actions. Moreover,
therefuelaction in this domain has a dynamic duration, which is not the case facion in the zeno-flying domain.
Specifically, the duration of this action depends on the fuel level of éfcle and can only be decided at the time we
execute that action.
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sum-act sum-act adjusted sum-dur sum-dur adjusted
prob || #act| duration || #act | duration || #act| duration || #act | duration

zenol 5 320 5 320 5 320 5 320
zeno2 || 23 1020 23 950 - - - -
zeno3 || 22 890 13 430 13 450 17 400
zeno4 - - 13 430 13 450 17 400
zeno5 || 20 640 20 590 - - - -
zeno6 || 16 670 15 590 - - 14 440
zeno7 || 10 370 10 370 10 370 - -
zeno8 8 320 8 320 8 320 8 300
zeno9 || 14 560 13 590 13 460 13 430

logpl] 16 | 100 | 16 10.0 16 | 100 | 16 10.0
logp2 | 22 | 18.875 || 22 | 18.875 || 22 | 18.875 | - -

log.p3 || - - 12 11.75 - - - -
log_p4 12 7.125 12 7.125 - - - -
log_p5 || - - 16 | 14.425 - - - -
log-p6 - - 21 18.55 - - - -
log_p7 || - - 27 24.15 - - - -
log-p8 - - 27 19.9 - - - -
log_p9 - - 32 26.25 - - - -

Table 3: Number of actions and duration (makespan) of the solutionsajeddrySapan the zeno-flying and logistics
domains with sum-action and sum-duration heuristics with/withesurce adjustment technique.

Table 2 and 3 summarize the results of our empirical studies. Beforg guimthe details, we should mention
that among the different types of heuristics discussed in the Sectiomx@span and slack-value based heuristics are
admissible. However, they do not scale up to reasonable sized problenasmatter of fact, the max-span heuristic
can not solve any problems in Table 2 in the allotted time. The sum-skagkshic returns an optimal solution (in
terms of makespan and sum-slack values) for the pro@enolin zeno-flying domain in 7.3 seconds, but can not
solve any other problems. However, both are able to solve smallelepnsiihat are not listed in our result tables.
Because of this, most of our remaining discussion is directed towanadsstion and sum-duration heuristics.

Table 2 shows the running times Sapdor the sum-actiorandsum-duratiorheuristics with and without metric
resource constraint adjustment technique (refer to Section 3.4) in thelamning domains discussed above. We
tested with 9 problems from each domain. Most of the problems requarespif 10-30 actions, which are quite
big compared to problems solved by previous domain-independent tehgd@nners reported in the literature. The
results show that most of the problems are solved within a reasommakléd.g under 500 seconds). More importantly,
the number of nodes (time-stamped states) explored, which is the miginiacriused to decide how well a heuristic
does in guiding the search, is quite small compared to the size of théeprs. In many cases, the number of nodes
explored by the best heuristic is only about 2-3 times the size giltre

In general, the sum-action heuristic performs better than the sumiatuteduristic in terms of planning time,
especially in the logistics domain. However, there are several problembkich the sum-duration heuristic returns
better solving times and smaller number of nodes. The metric resourcgtradjut technique greatly helps the sum-
action heuristic, especially in the logistics domain, where withoSgpacan hardly solve the bigger problems. We
still do not have a clear answer as to why the resource-adjustment tecloiggiaot help the sum-duration heuristic.
Plan Quality: Table 3 shows the number of actions in the solution and the duratiakgspan) of the solution for
the two heuristics analyzed in Table 2. These categories can be seen as indicdwg/problem’s difficulty, and the
quality of the solutions. By closely examining the solutions me¢a, we found that the solutions returned $gpa
have quite good quality in the sense that they rarely have manyarglactions. The absence of irrelevant actions
is critical in the metric temporal planners as it will both save resourosumption and reduce execution time. It is
interesting to note here that the temporal TLPlan[1], whose searchthlgdsapaadapts, usually outputs plans with
many more irrelevant actions. Interestingly, Bacchus & Ady mention L&t solutions are still better than the ones
returned by LPSAT[19], which makes our solutions that much moreasgive compared to LPSAT.

The pure sum-action heuristic without resource adjustment normadputs plans with slightly higher number of
actions, and longer makespans than the sum-duration heuristic. In soese ttessum-action heuristic guides the
search into paths that lead to very high makespan values, thus violatingdldéne goals. After that, the planner
has harder time getting back on the right track. Examples of this are zenbldgp3 which cannot be solved with
sum-action heuristic if the deadlines are about 2 times smaller than timabmakespan (because the search paths
keep extending the time beyond the deadlines). The resource adjustciamijue not only improves the sum-action
heuristic in solution times, but also generally shortens the makespbocaasionally reduces the number of actions
in the plan as well. As mentioned earlier, the adjustment technique gerdwakynot help the sum-duration heuristics



in solving time, but it does help reduce the makespan of the solutiomost of the cases where solutions can be
found. However, the set of actions in the plan is generally still theesarhich suggests that the adjustment technique
does not change the solution, utsheghe actions up to an earlier part of the plan. Thus, it favors the execotio
concurrent actions instead of using the special aaahrance-timéo advance the clock.

When implementing the heuristics, one of the decisions we had to makeedker to recalculate the heuristic
value when we advance the clock, or to use the same value as that of the patenOm the surface, this problem
looks trivial and the correct way seems to be to recalculate the heuristiesvalowever, in practice, keeping the
parent node’s heuristic value when we advance the clock always seems to lelatiomsavith equal or slightly better
makespan. We can explain the improved makespan by the fact that recalculativegitistic value normally favors
the advance-cloclaction by outputting a smaller heuristic value for it than the parerindg/many suctadvance-
clock actions will lead to solutions with higher makespan values. The soliiimg comparison is somewhat mixed.
Keeping the parent heuristics value speeds up 6 of the 9 problems tedtedagistics domain by average of 2x and
slows down about 1.5x in the 3 zeno-flying problems. We do not halesa answer for the solution time differences
between the two approaches. In the current implementati@apé we keep the parent node’s heuristic value when
we advance the clock.

Although we wanted to compai®apato other planners, there are very few implementations of metric temporal
planners with capabilities comparableS$apathat are publicly available and even they tend to scale up poorly. For
example, although Zeno is a more expressive planner $taga it can not scale up to bigger problems. The easiest
problem in the zeno-flying domain in Table 2gno3 is reported in [14] to be solved by Zeno in several minutes with
hand-coded domain control rulgsxTeT is another known planner that we would have like to compare tothisu
code is not available and IxTeT’s results reported in the literature bamcentrated on a class of temporal problems
that use discrete, but not metric, resources. In the near future, we iteotnpare our planner with TGP[16] and
TP4[6] on a simpler set of temporal planning problems that can be hangligtitbree of them.

5 Related work

There have been several temporal planning systems in the literature thzdrmdle different types of temporal and
resource constraints. Among them, planners such as temporal TLPlaefig[14], IxTeT[9], and HSTS[11] can
solve problems that are similar to the one solvedSapa There are also planners such as Resource-IPP[8], TP4[6],
TGPJ[16], and LPSAT[19] that can handle a subset of the types of pratdisnussed in this paper.

Closest to our work is the temporal TLPlan [1], which originates tlg@@hm to support concurrent actions in
the forward state space search. The critical difference between this plann8apsad that while temporal TLPlan
is controlled by hand-coded domain-specific control rulegpauses domain-independent heuristics. Experimental
results reported in [1] indicate that while Temporal TLPIlan is very fasitit tends to output plans with many irrelevant
actions.

There are several partial order planners that can handle various types ofatamgbresource constraints. Zeno[14]
can solve problems with a wide range of constraints, as well as actiomgeviditional and quantified effects. How-
ever, Zeno lacks heuristic control and scales poorly. IxTeT[9] is anofieearichical partial order planner that can
handle many types of temporal and resource constraints. Most of IXTr&€iesting innovations have been aimed
at on handling discrete resources such as robots or machines but not anresitirces. HSTS[11] is a partial or-
der planner that has been used to solve NASA temporal planning problekes.TLPlan, HSTS uses hand-coded
domain control knowledge to guide its search. parcPlan[10] is a domd@pendenttemporal planner using the least-
commitment approach. parcPlan claims to be able to handle a rich set of tempasthints, but the experiments in
[10] do not demonstrate its expressiveness adequately.

Resource-IPP (RIPP)[8] is an extension of the IPP planner to deal wiitltide actions that may consume metric
resources. RIPP considers time as another type of resource and solvempioea planning problem by assuming
that actions are still instantaneous. Like IPP, RIPP is based on GeapjBphlgorithm. A limited empirical evaluation
of RIPP is reported in [8]. TP4[6] by Haslumn & Geffner is a recent platinar employs backward chaining state
space search with temporal or resource related admissible heuristics. Tl @83 P4 are promising in a subset of
temporal planning problems where durations are measured in unit timegsoatces decrease monotonically.

There are several planners in the literature that handle either temporesaiurce constraints (but not both).
TGPJ[16] is a temporal planner based on the Graphplan algorithm. TG#dsthe notion of mutual exclusion
relations in the Graphplan algorithm to allow constraints between actindgropositions. RTPG can be seen as
a relaxed version of the planning graph that TGP uses. While TGP migtitie better bounds on slacks and times of
achievement, it is also costlier to compute. Cost of computation is espeamigital asSapavould have to compute
the planning graph once for each expanded search node. It is neverthelésgmweastigating the overall effectiveness
of heuristics derived from TGP’s temporal planning graph. LPSAT[E#8) handle metric resource constraints by
combining SAT and linear programming. As noted in Section 4, LPSAT séesigfer from poor quality plans.

9We tried to run Zeno on the same machine used toSagwithout control-knowledge for that problem, but Zeno irad&d that it can not
solve and returned a partial solution.
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6 Conclusion and future work

In this paper, we describeBapaa domain-independent forward chaining heuristic temporal planner thétacatie
metric resource constraints, actions with continuous duration, andikegtals. Sapadoes forward search in the
space of time-stamped states. Our main focus has been on developing effeatigtids to control the search. We
considered both satisficing and optimizing search scenarios and proposeigieffeatristics for both. Our heuristics
are based on the relaxed temporal planning graph structure. For optirségngh, we introduced admissible heuristics
for objective functions based on the makespan and slack values. For satisBeirch, we looked at heuristics such
as sum-action and sum-duration, that are based on plans derived from RAi€%&. were found to be quite efficient
in terms of planning time. We also presented a novel technique to imfreveuristic values by reasoning about the
metric resource constraints. Finally, we provided an extensive erap@valuation demonstrating the performance of
Sapan several metric temporal planning domains.

In the near term, we intend to investigate the problem of finding bedtexed plans with regard to the resource
and temporal constraints of actions in the domain. We are interested itohase the resource time maps discussed
in [8] in constructing the relaxed plan. Moreover, we want to use tharpimutex informationa la TGP [16] to
improve heuristics in both optimizing and satisficing searches. Ogeloterm plans include incorporatif8apan a
loosely-coupled architecture to integrate planning and schedulinghwiill be the logical continuation of our work
with the Realplarsystem[18].
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Abstract We present an algorithm for planning with time and resources, based on
heuristic search. The algorithm minimizes makespan using an admissible heuristic
derived automatically from the problem instance. Estimators for resource consump-
tion are derived in the same way. The goals are twofold: to show the flexibility of
the heuristic search approach to planning and to develop a planner that combines
expressivity and performance. Two main issues are the definition of in a
temporal setting and the definition of the estimating completion time. A
number of experiments are presented for assessing the performance of the resulting
planner.

1 Introduction

Recently, heuristic state space search has been shown to be a good frame-
work for developing different kinds of planning algorithms. It has been most
successful in non-optimal sequential planning, e.g. [4] and [10], but
has been applied also to optimal and parallel planning with good results [8].

We continue this thread of research by developing a domain-independent
planning algorithm for domains with metric time and certain kinds of re-
sources. The algorithm relies on regression search guided by a heuristic that
estimates completion time and which is derived automatically from the prob-
lem representation. The algorithm minimizes the overall execution time of
the plan, commonly known as the makespan.

As far as we are aware, no effective domain-independent planner matches
the expressivity of our planner, though some exhibit common features. For
example, [22] handles actions with duration and optimizes makespan,
while [13] and [20] handle resources, and are in this respect more
expressive than our planner.

Among planners that exceed our planner in expressivity, e.g. Zeno [18],
IxTeT [7] and HSTS [17], none have reported significant domain-independent
performance (Jonsson et al. [11] describe the need for sophisticated engi-
neering of domain dependent search control for the HSTS planner). Many
highly expressive planners, e.g. O-Plan [24], ASPEN [5] or TALplanner [15],
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are “knowledge intensive”, relying on user-provided problem decompositions,
evaluation functions or search constraints .

2 Action Model and Assumptions

The action model we use is propositional STRIPS with extensions for time
and resources. As in [3] and many other planners, the action set
is enriched with a for each atom which has as its only precondition
and effect. Apart from having a variable duration, a no-op is viewed and
treated like a regular action.

2.1 Time

When planning with time each action  has a duration, () 0. We

take the time domain to be R . In most planning domains we could use the

positive integers, but we have chosen the reals to highlight the fact that the

algorithm does not depend on the existence of a least indivisible time unit.

Like Smith and Weld [22], we make the following assumptions: For an action
executed over an interval [+ ()]

() the preconditions () must hold at , and preconditions not deleted by
must hold throughout [ + ()] and
() the effects () and () take place at some point in the interior of
the interval and can be used only at the end point + ().

Two actions, and , are iff they can be safely executed in over-

lapping time intervals. The above assumptions lead to the following condition

for compatibility: and are compatible iff for each atom €  ()U (),
¢ () and vice versa ( e ()u ()implies ¢ ().

2.2 Resources

The planner handles two types of resources: and . Re-
newable resources are needed during the execution of an action but are not
consumed ( a machine). Consumable resources, on the other hand, are
consumed or produced ( fuel). All resources are treated as real valued
quantities; the division into unary, discrete and continuous is determined by

! The distinction is sometimes hard to make. For instance, Plan [16] domain definitions appear
to differ from plain STRIPS only in that negative effects of actions are modeled indirectly,
by providing a set of constraints, instead of explicitly as “deletes”. Plan has shown good
performance in certain resource constrained domains, but domain definitions are not available
for comparison.



the way the resource is used. Formally, a planning problem is extended with
sets p and p of renewable and consumable resource names. For each re-
source name € pU p, () is the amount initially available and for
each action , () is the amount used or consumed by

We describe first the algorithm for planning with time, not considering re-
sources. In this case, a is a set of action instances with starting times
such that no incompatible actions overlap in time, action preconditions hold
over the required intervals and goals are achieved on completion. The cost of
a plan is the total execution time, or . We describe each component
of the search scheme: the search space, the branching rule, the heuristic, and
the search algorithm.

3.1 Search Space

Regression in the classical setting is a search in the space of “plan tails”,
partial plans that achieve the goals provided that the preconditions of
the partial plans are met. A regression state, a set of atoms,
the plan tail; if is the state obtained by regressing the goal through the
plan tail ’and is a plan that achieves from the initial state, then the
concatenation of and 'isavalid plan. A similar decomposition is exploited
in the forward search for plans.
In a temporal setting, a set of atoms is no longer sufficient to summarize
a plan tail or plan head. For example, the set of all atoms made true by
a plan head at time holds no information about the actions in  that
have started but not finished before . Then, if a plan tail ' maps to
a goal state, the combination of and ' is not necessarily a valid plan.
To make the decomposition valid, search states have to be extended with
the actions under execution and their completion times. Thus, in a temporal
setting states become pairs = ( ), where is a set of atoms and =
{(1 1) ( » »)}isaset of actions ; with time increments ;.
An alternative representation for plans will be useful: instead of a set of
time-stamped action instances, a plan is represented by a sequence (( o o)
( m m)) of action sets ; and positive time increments ;. Actions in
o begin executing at time o = 0 and actions in ;, =1 , at time
;= Zogj@ i ( ; is the time to wait between the beginning of actions ;
and the beginning of actions ;41).
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State Representation A search state s = (E,F) is a pair consisting of
a set of atoms E and a set of actions with corresponding time increments
F={(a,0),...,(an,0n)}, 0 <9 <dur(a;). A plan P achieves s = (E, F)
at time ¢ if PP makes all the atoms in F true at ¢t and schedules the actions a;
at time ¢ — ¢;. The initial search state is s = (Gp, (), where Gp is the goal
set of the planning problem. Final states are all s = (E, () such that E C Ip.

Branching Rule A successor to a state s = (E, F) is constructed by se-
lecting for each atom p € E an establisher (i.e. a regular action or no-op
a with p € add(a)), subject to the constraints that the selected actions are
compatible with each other and with each action b € F', and that at least one
selected action is not a no-op. Let SE be the set of selected establishers and
let

F  ={(a,dur(a))|a € SE}.

The new state s’ = (E', F') is defined as the atoms E’ that must be true
and the actions F' that must be executing before the last action in F'U F'
begins. This will happen in a time increment d,4,:

dady = min{d | (a,d) € FUF  and a is not a no-op}

where no-op actions are excluded from consideration since they have variable
duration (the meaning of the action no-op(p) in s is that p has persisted in
the last time slice). Setting the duration of no-ops in F' equal to d44,, the
state s’ = (E', F') that succeeds s = (F, F') becomes

E' = {pre(a)| (a,0uay) € FUF }
F/:{(a,é—éadvﬂ(a,&)eFUF 7(5>5adv}

The cost of the transition from s to s is ¢(s,s’) = 044, and the fragment of
the plan tail that corresponds to the transition is

P(s,s") = (A, baay) , where A ={a|(a,04a) € FU Fe }

The accumulated cost (plan tail) along a state-path is obtained by adding
up (concatenating) the transition costs (plan fragments) along the path. The
accumulated cost of a state is the minimum cost along all the paths leading
to s. The evaluation function used in the search algorithm adds up this cost
and the heuristic cost defined below.



The branching rule is sound in the sense that it generates only
valid plans, but it does not generate all valid plans. This is actually a desirable
feature?. The rule is optimality preserving in the sense that it generates some
optimal plan. This, along with soundness, is all that is needed for optimality
(provided an admissible search algorithm and heuristic are used).

As in previous work [8], we derive an admissible heuristic by introducing
approximations in the recursive formulation of the optimal cost function.

For any state s = (E, F), the optimal cost is H*(s) = ¢ iff ¢ is the least
time ¢ such that there is a plan P that achieves s at £. The optimal cost
function, H*, is the solution to the Bellman equation [2]:

H*(s) = {0 if s is final

min re | )C(S, 8,) + H*(SI) (1)

where R(s) is the regression set of s, i.e. the set of states that can be con-
structed from s by the branching rule.

Since equation (1) cannot be solved in practice, we derive
a lower bound on H* by considering some inequalities. First, since a plan that
achieves the state s = (E, F), for F = (a,0) , at time ¢ must achieve the
preconditions of the actions a at time¢ ¢ and these must remain true until
t, we have

H'(E,F) max H'( |J pre(a), )+6 (2)
(k ®)E
(i D€ @ &
H'(E,F) H'(E pre(a), ) (3)
(i i€
Second, since achieving a set of atoms F implies achieving each subset E’ of
E we also have

HYE, ) max  H*(E', ) (4)

where m is any positive integer.

2 The plans generated are such that a regular action is executing during any given time interval
and no-ops begin only at the times that some regular action starts. This is due to the way
the temporal increments d,4, are defined. Completeness could be achieved by working on the
rational time line and setting 0,4, to the ged of all actions durations, but as mentioned above
this is not needed for optimality.
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Temporal Heuristic H . We define a lower bound on the optimal
function by transforming the above inequalities into equalities. A family of

admissible temporal heuristics for arbitrary =1 2 is then defined
by the equations
( 0)=0if < (5)
(0= mn (=0 )+ ()ifl ©)
( 0)= max ( 0)if] | (7)
( )=max[ max ( )0+

)
(U ()0 (8)

The relaxation is a result of the last two equations; the first two are also sat-
isfied by the optimal cost function. Unfolding the right-hand side of equation
(6) using (8), the first two equations define the function  ( ) completely

for =0 and| | < . From an implementation point of view, this means
that for a fixed | (@) can be solved and precomputed for all sets of
atoms with | | < | and equations (7) and (8) used at run time to compute

the heuristic value of arbitrary states. The precomputation is a simple varia-
tion of a shortest-path problem and its complexity is a low order polynomial

in | | , where | |is the number of atoms.
For a fixed , equation (6) can be simplified because only a limited set
of states can appear in the regression set. For example, for = 1, the state
in (6) must have the form = ({ } ) and the regression set ( ) contain
only states = ( () () for actions such that € (). As a result,
for =1, (6) becomes

o= min O+ 0O )

2

The corresponding equations for are in [9].

3.3 Search Algorithm

Any admissible search algorithm, e.g. or DF'S branch-and-bound [14],
can be used with the search scheme described above to find optimal solutions.

The planner uses with some standard enhancements (cycle check-
ing and a transposition table) and an optimality preserving pruning rule ex-
plained below. The heuristic used is 2, precomputed for sets of at most two
atoms as described above.
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The HJ' heuristics remain admissible in the presence of renew-
able resources, but in order to get better lower bounds we exclude from the
regression set any set of actions that violates a resource constraint. For unary
resources (capacity 1) the resulting heuristic is informative, but for multi-
capacity resources it tends to be weak.

To ensure that resources are not over-consumed, a state s must contain the
remaining amount of each consumable resource r. For the initial state, this is
rem(sgp, ) = avail(r), and for a state s resulting from s

rem(s,r) =rem(s,r) — Z use(a;, ) (11)

(ai ati) Fhew

for each r € Cp.

The heuristics H}" remain admissible in the presence of consum-
able resources, but become less useful since they predict completion time but
not conflicts due to overconsumption. If, however, consumable resources are
restricted to be monotonically decreasing (i.e. consumed but not produced),
a state s can be pruned if the amount of any resource r needed to achieve s
from the initial situation exceeds the amount remaining in s, rem(s,r). The
amount needed is estimated by a function need™ (s, r) defined in a way anal-
ogous to the function HJ'(s) that estimates time. The planner implements
need' (s,r).

Because resource consumption is treated separately from time, this solu-
tion is weak when the time and resources needed to achieve a goal interact in
complex ways. The HJ' estimator considers only the fastest way of achieving
the goal regardless of resource cost, while the need™ estimator considers the
cheapest way to achieve the goal regardless of time (and other resources). To
overcome this problem, the estimates of time and resources would have to be
integrated, as in for example [20]. Integrated estimates could also be used to
optimize some combination of time and resources, as opposed to time alone.

In planning, it is normally assumed that no explicit action is needed to main-
tain the truth of a fact once it has been established, but in many cases this
assumption is not true. We refer to no-ops that consume resources as main-
tenance actions. Incorporating maintenance actions in the branching scheme
outlined above is straightforward: For each atom p and each resource r, a
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5.1 Non-Temporal Planning

First, we compare TP4 to three optimal parallel planners, IPP, BLACKBOX
and STAN, on standard planning problems without time or resources. The
test set comprises 60 random problems from the 3-operator blocksworld do-
main, ranging in size from 10 to 12 blocks, and 40 random logistics problems
with 5 6 deliveries. Blocksworld problems were generated using Slaney &
Thiebaux’s BWSTATES program [21].

Figure 1(a) presents the results in the form of runtime distributions.
Clearly TP4 is not competitive with non-temporal planners, which is expected
considering the overhead involved in handling time. Performance in the logis-
tics domain, however, is very poor (e.g. TP4 solves less than 60% of the prob-
lems within 1000 seconds, while all other planners solve 90% within only 100
seconds), indicating that other causes are involved (most likely the branching
rule, see below).

5.2 Temporal Planning

To test TP4 in a temporal planning domain, we make a small extension to
the logistics domain®, in which trucks are allowed to drive between cities as
well as within and actions are assigned durations as follows:

This is a simple example of a domain where makespan-minimal plans tend to
be different from minimal-step parallel plans.

For comparison, we tested also the TGP planner [22]. The test set com-
prised 80 random problems with 4 5 deliveries. Results are in figure 1(b).
We tested two versions of TGP, one using plain GRAPHPLAN-like memoization
and the other minimal conflict set memoization and “intelligent backtracking”
[12]. TP4 shows a behaviour similar to the plain version of TGP, though some-
what slower. As the top curve shows, the intelligent backtracking mechanism
is very effective in this domain (this was indicated also in [12]).

5.3 Planning with Time and Resources

Finally, for a test domain involving both time and non-trivial resource con-
straints we have used a scheduling problem, called multi-mode resource con-
strained project scheduling (MRCPS) [23]. The problem is to schedule a set
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Abstract. We describe an incremental and adaptive approach to integrating hierar-
chical task network planning and constraint-based scheduling. The approach is
grounded in the concept of approximating the ‘resource intensity’ of planning op-
tions. A given planning problem is decomposed into a sequence of (not necessarily
independent) subtasks, which are planned and then scheduled in turn. During plan-
ning, operators are rated according to a heuristic estimate of their expected resource
requirements. Options are selected that best match a computed ‘target intensity” for
planning. Feedback from the scheduler is used to adapt the target intensity after com-
pletion of each subplan, thus guiding the planner toward solutions that are tuned to
resource availability. Experimental results from an air operations domain validate the
effectiveness of the approach relative to typical “waterfall” models of plan-
ner/scheduler integration.

1. Introduction

Goal-oriented activity in complex domains typically requires a combination of plan-
ning and scheduling. A manufacturing facility must develop process plans for ordered
parts that can be cost-effectively integrated with current production operations. Mili-
tary planners must select courses of actions that achieve strategic objectives, while
making the most of available assets. Space observatories must allocate viewing in-
struments to maximize scientific return under a large and diverse set of causal restric-
tions and dependencies. Though conceptually decomposable, planning and scheduling
processes in such domains can be and often are highly interdependent. Different plan-
ning options for achieving a given objective can make quite different demands on
system resources; correspondingly, current resource commitments and availability will
impact the feasibility or desirability of various planning options.

The effectiveness of goal-oriented activity is ultimately tied to an ability to keep
pace with evolving circumstances, and one recognized obstacle in practice is poor
integration of “planning” and “scheduling” processes. In manufacturing organizations,
this problem has been characterized as the “wall between engineering and manufactur-
ing”. Similar sorts of barriers can be found in other large-scale enterprises. The crux
of the problem is lack of communication. Plans are developed with no visibility of
resource availability and operational status, and likewise, schedules are developed and
managed without knowledge of objectives and dependencies. Without such informa-
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tion exchange, planning and scheduling processes are forced to each proceed in an
uninformed and inherently inefficient manner. In the simplest case, the result is an
iterative waterfallmodel of integration, where planning and scheduling are performed
in sequential lockstep fashion and any problem encountered during scheduling simply
triggers the generation of a new plan.

In this paper, we present a method for improving the overall planning and sched-
uling process through a tighter integration of these constituent activities. By planning,
we refer generally to the process of deciding whatto do; i.e., the process of transform-
ing strategic objectives into executable activity networks. We use the term scheduling
to refer alternatively to the process of deciding whenand how i.e., which resources to
use to execute various activities and over what time frames. Traditionally, Al research
has viewed planning and scheduling as distinct activities, and different solution tech-
niques and technologies have emerged for each. Relatively few attempts have been
made to combine respective technologies into larger integrated frameworks.

We take as our starting point previously developed technologies for hierarchical
task network (HTN) planning and constraint-based scheduling. We describe and
evaluate an approach to their integration based on the idea of approximating the re-
source requirements (called resource intensify of different planning options, and
incrementally exchanging and exploiting information about likely resource shortfalls
and excesses to settle on options that best utilize available resources. Finally, we pre-
sent experimental results that compare an implementation of the method to an iterative
waterfall model of integration within the air operations domain. These results show
that the intensity-based approach provides plans of comparable quality for greatly
reduced computation time.

2. Technology Foundations

Planning The CPEF system provides the planning component for our work [8]. CPEF
embodies a philosophy of plans as dynamic, open-ended artifacts that evolve in re-
sponse to a continuously changing environment. CPEF provides a range of operations
required for continuous plan management, including plan generationplan execution
monitoring and plan repair Plan generation within CPEF is based on the CHIP
system —an HTN planner derived from SiPe-2 [15].

Scheduling ACS, a constraint-based scheduler, provides the base scheduling capabil-
ity. ACS is an air operations scheduler constructed using OZONE [13], a customizable
constraint-based modeling and search framework for developing incremental schedul-
ing tools. OZONE consolidates the results of application development experiences in
a range of complex domains, including one recently deployed system for day-to-day
management of airlift resources at the USAF Air Mobility Command (AMC) [1]. The
ACS scheduler adapts techniques underlying the AMC application to the air opera-
tions domain. ACS can be used to generate, incrementally extend and revise assign-
ments of aircraft and munitions to input target demands over time, taking into account
priorities, desired levels of damage, time-on-target (TOT) windows, temporal se-
quencing constraints, feasible resource alternatives, and aircraft/munitions positioning
and availability constraints.



3. Air Operations Domain Characteristics and Model

Applications that require integrated planning and scheduling will have individual
characteristics that dictate the relative importance of each of these capabilities. Much
of the work to date on combining Al planning and scheduling has focused on re-
source-driverdomains (such as satellite observation scheduling [7]), which emphasize
optimization of resource usage in satisfying a pool of tasks. In contrast, the air opera-
tions domain has a more goal-drivenflavor: while effective resource usage is impor-
tant, the key motivation is to identify and schedule actions that will ensure attainment
of stated objectives.

Obijectives within the air operations domain reduce to goals of neutralizing enemy
capabilities (e.g., antiaircraft capability, electricity production, communications) mod-
eled as hierarchical networks that ground out at the level of specific targets. We pro-
vide several strategies for attacking different network types that vary in their aggres-
siveness, and hence resource demands. These strategies range from attacking all com-
ponents in a network, to attacking a coherent subset, or an isolated node [5].

Resources (i.e., aircraft, munitions) are assigned to support prosecution of indi-
vidual targets. A given type of target usually has several possible aircraft/munitions
configurations. However, different configurations will have different degrees of effec-
tiveness, and hence the numbers of resources that must be allocated to achieve the
desired effect can vary with each choice. Quantities (or capacities) of different types
of resources are positioned at various locations nearby or within the geographic region
of interest. The set of resources assigned to fly against a given target can vary in type
and, depending on availability, may either originate from multiple locations (converg-
ing on the target within a particular time interval) or recycle from the same base loca-
tion (making sufficient sets of consecutive strikes on the target).

The style of planning required for this domain differs markedly from standard Al
approaches. Here, the search space is dense with solutions, making it easy to find a
plan that satisfies stated goals. The real challenge is to find ‘good’ plans rather than
settling for the first available solution. While most Al planning systems seek to mini-
mize plan size, bigger plans tend to be better in this domain since the inclusion of
additional activities can increase the likelihood of achieving stated objectives. For
example, eliminating more of an enemy’s missile sites tends to improve the quality of
a plan for neutralizing enemy attack capability. Note that maximizing plan size is not
equivalent to maximizing resource usage: the planner and scheduler must still decide
how to allocate available resources economically to support chosen activities.

Air operations commanders generally apportion a set of resources for a given set
of high-level objectives; human planners are expected to develop solutions that maxi-
mize the likelihood of objective attainment while staying within the resource allot-
ment. Our planning model incorporates this apportionment perspectivsto its design.
In particular, initial plans seek to capitalize on all available resources; as resource
problems arise, strategies are adopted that decrease resource usage.

4. Technical Approach

Our integration method builds on an incremental model of planning and scheduling
that assesses resource feasibility at the level of subplansfor the overall set of objec-
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tives, using a model of intensityto approximate resource demand, and adaptationin
response to scheduler feedback.

Incremental Planning and Scheduling

Within our hierarchical domain model, high-level operator choices can have a signifi-
cant impact on resource requirements. However, actions with specific resource re-
quirements do not appear until the lowest levels of a deep hierarchy. For example, the
high-level decision of whether to employ a passive or more proactive approach to
defending assets will greatly influence resource requirements, although the actual
missions that require resources are planned at much lower levels of abstraction.

Approaches in which complete layers of a hierarchical plan are forwarded to a
scheduler for resource allocation (e.g., [16]) do not provide much value in this case,
since most of the plan would have to be completed before any scheduler feedback
could be obtained. Instead, we developed a hybrid top-down/incremental model for
planning and scheduling. The approach involves planning in standard HTN fashion
down to a specified level of detail (the decomposition laygrand then splitting into
subplans that are elaborated separately. The decomposition layer, defined implicitly in
terms of specific goals, separates the higher-level strategic decisions that define over-
all plan structure from the planning of (mostly independent) lower-level objectives.

After completion of each subplan, the scheduler incrementally allocates resources
to the new actions introduced by the subplan, taking into account the resource assign-
ments already made for previous subplans. In the event that the scheduler is unable to
produce a satisfactory resource assignment, the planner will modify one or more com-
pleted subplans to reduce resource demand, and then forward the revisions to the
scheduler for appropriate adjustments to the current schedule. Once all outstanding
resource problems have been resolved, the planner continues with generation of re-
maining subplans until completion of a full plan and schedule. With this incremental
approach, the integrated plan and schedule is built in piecewise, incremental fashion,
with adjustments made in response to detected resource problems

This incremental approach would be ineffective for domains in which extensive
strategic dependencies link objectives. However, in our models for the air operations
domain, most dependencies occur at the level of resource allocation, thus enabling the
separation of the planning for individual objectives.

Intensity Models of Resource Demand

To make informed decisions about its choices, a planner requires some model of the
resource impact of its decisions. Previous work on incorporating resource feasibility
reasoning into hierarchical planning (e.g., [2]) has assumed the ability to determine a
priori minimum and maximum resource requirements for individual operators at all
levels of abstraction, and has used this information as decision-making guidance.

Two problems arise with approaches of this type. First, computing bounds on re-
source usage can be prohibitively expensive in complex domains, given the need to
consider all possible goal expansions and resource allocation options. Second, for the
air operations domain, the bounds obtained are likely to be weak and uninformative.
This latter problem stems from two factors: the heterogeneity of the resources that
might be assigned to a given subplan, and the fact that resources are physically dis-



tributed and must travel variable amounts to perform different tasks. Depending on the
type of resource assigned, different numbers of resources (or different amounts of
resource capacity) will be required to accomplish a particular task. The location and
operating characteristics of assigned resources will dictate the overall length of time
that resources must be allocated. Since in both cases, the potential variance across
resource types is quite high, simple minimum (or maximum) bounds will provide
overly optimistic (or pessimistic) estimates of resource demand.

Given these problems, our approach to linking planning and scheduling instead
builds on a heuristic characterization of expected resource usage by a planning opera-
tor, which we refer to as an operator’s intensity Our work to date has explored two
models for intensity, which vary both the dimensionality (single vs. multi) and the
precision (qualitativevs. quantitative.

Single-dimensional Qualitative Intensity Modelln this model, an operator’s inten-
sity represents a qualitative assessment of the operator’s expected resource usage
relative to alternatives for the same task. The air operations domain, for example,
contains multiple operators for neutralizing an enemy’s communication capability,
ranging from taking out a single site, to destroying some select subset of communica-
tion devices, to eliminating all communication nodes. For an intensity scale of [0 10],
the first operator might be ranked a 2, the second a 5, and the third a 10 to reflect their
relative levels of expected resource consumption.

Multidimensional Quantitative Intensity Model This model captures expected
resource usage at a finer level of granularity. Resources are grouped into functional
categories intended to capture similarities in resource applicability. These groupings
provide an aggregation over individual resource classes, thus simplifying the resource
models inherent to the scheduler; however, the aggregation has greater detail than the
single-dimensional intensity model and so would be expected to provide improved
predictive value for resource usage estimation.

Within our air operations domain, for example, aircraft and munitions can be
grouped according to the different types of missions in which they can be used (which
is a function of target type). Our multidimensional intensity model for this domain
groups 5 types of aircraft and 7 types of munitions into 4 resource dimensions. Be-
cause aircraft and munitions can be used for different types of missions, these dimen-
sions are not mutually exclusive. This connectivity introduces additional complexity
into the multidimensional intensity adaptation process, since decisions related to one
dimension can impact results for others.

The multidimensional quantitative model also improves on the single-dimensional
qualitative approach by employing a situation-dependent characterization of operator
intensity. In particular, operator intensities are defined by a heuristic function that
estimates resource demand based on the number and type of targets that an operator is
expected to introduce.

The single-dimensional model has the virtue of requiring little effort to define the
qualitative rankings within the underlying planning models: such rankings could be
readily determinable by the knowledge engineer who develops the planning operators.
In contrast, the multidimensional quantitative model requires the identification and
modeling of resource abstractions. Such abstractions fall out naturally in the air opera-
tions domain but may be more problematic to define in others.
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The weakness of the single-dimensional approach lies in its lack of granularity.
Consider a situation with relatively low overall resource demand but where the class
of resources required for a key type of action has been almost exhausted. The single-
dimensional approach would not adjust strategy selection to adapt to the shortage
because of the overall abundance of resources. In contrast, the multidimensional
model can represent a lack of capacity for specialized groups of resources, thus ena-
bling an adjustment in strategy selection to prefer approaches that minimize demand
for the oversubscribed resource.

5. Intensity-based Adaptation

The incorporation of intensity information to guide planning occurs at the level of
subplans. For a given subplan, the planner calculates a targetintensity, denoted by 1.
This value represents the expected ‘ideal’ level of resource usage for a particular sub-
plan, relative to availability and expected demand for remaining subplans. When
faced with a choice among multiple applicable operators G; for a subgoal, the intensity
19" for each is computed. Each operator is assigned a rating Rating(Q) based on how
closely its intensity matches the subplan’s target intensity, with the planner selecting
the most highly rated operator for application. The specific definitions for the target
intensity, operator intensity, and operator rating used in our work are presented below.

Adjustment of the target intensity across subplans enables the planner to adapt its
strategy to match changing resource availability. The planner is provided with updates
on resource availability after every interaction with the scheduler. Suppose that upon
successful allocation of resources to a subplan, the scheduler’s assessment of remain-
ing resource availability indicates a shortage (excess) of remaining resources relative
to the subplans yet to be generated and scheduled. By reducing (increasing) the target
intensity for the next subplan to reflect this shortage (excess), the planner will be bi-
ased toward selecting operators with lower (higher) intensity values that will decrease
(increase) resource consumption levels. In this way, the planner dynamically adjusts
its decision-making in response to scheduler feedback.

Within this adaptive framework, different control strategies can be defined for
selecting the subplan to be revised in response to scheduling problems. The experi-
ments in this paper adopt a chronological backofftrategy: when the scheduler en-
counters a problem with a subplan, the planner reduces the target intensity for that
subplan in accord with a targetintensity reduction policgnd then generates an alter-
native plan. This process continues until either a resource feasible subplan is found, or
there is no more room for intensity reduction. In the latter case, the algorithm removes
the unsuccessful subplan from the plan; if the target intensity of the previous subplan
can be reduced, then planning and scheduling are tried at that lower level; otherwise,
the planner continues to remove subplans until it encounters a subplan that is not yet at
the minimal intensity value. From that point, it tries to plan with the lower target in-
tensity and then restarts the generation process in the forward direction.

Below, we provide the basic definitions for target intensity, operator intensity,
operator rating scheme and target intensity reduction policy for the multidimensional
case, followed by their definitions for the simpler single-dimensional case.

Target Intensity 1" The target intensity for a given intensity dimension is defined in
terms of the ratio of the resources available per remaining subplan to the resources



allotted originally to each subplan (assuming uniform apportionment to each); this
ratio is then normalized relative to the interval of intensity values in use (namely,
[0, Topintensity). More formally, let Capacity(lj) be the overall capacity for re-
sources in dimension j and let R' be the remaining capacity for dimension j after the
first i of n subplans have been created and scheduled. The following equation defines
the target intensity |” for the i+1 subplan:

I T 1 i
1 - .
|’ O where | T n_i : Toplntensity
I T — Capacity(| J.)
m n

Provided that resource usage remains below allotment levels, the value I;" will exceed
Toplntensity Values below Toplntensityindicate that planning choices should de-
crease demand for resources within that dimension below the original allotment level.

Operator Intensity 1°° The intensity 1°' of a planning operator O; is defined by the
equation:
%10% ExpectedDenand(Q., | )
19 O Owhere |9 1 1% Toplintensty
%O‘D — Capacity(] )
m E n ]

The intensity for each dimension is defined to be the ratio of the expected resource
demands introduced by the operator to the original allotment of resources for that
subplan and dimension (assuming uniform allotment). For the air operations domain,
the resource demands of an operator are measured in terms of the expected munitions
and aircraft required to prosecute the targets associated with the operator. These esti-
mates are calculated by summing the expected number of targets of a given type mul-
tiplied by a capacity estimate for the type.

Operator Ranking Our scheme for ranking operators according to their proximity to
the target intensity values is defined by the following equations. The ranking method
builds on the intensity difference vector ¥ I -1%, which gives the difference be-
tween the target intensity and operator intensity vectors.

Rating (O') Penalty (d )
d, D°

P d ford 0
P ABgd) ford 0

The operator rating, denoted by Rating(O), is defined to be the sum of the magnitudes
in the intensity difference vector, adjusted by a penalty factor In cases where the
difference value d; is positive (i.e., the operator requires fewer resources than indi-
cated by the target intensity), the penalty is defined by P*; in cases where d;<0 (i.e.,
the operator is expected to use more resources than indicated by the target intensity),
the penalty is defined by P. Through appropriate settings of the ratio of these penalty
factors, different strategies can be defined that penalize resource overutiliza-
tion/underutilization to different degrees. With this rating scheme, the preferred opera-
tor will be that with the lowest rating.

Penaltyd)

Target Intensity Reduction Policy In situations where the scheduler is unsuccessful
in an attempt to allocate resources for a given subplan, it provides feedback to the
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planner in the form of the list of problematic resources whose limited capacity have

contributed to the failure. The intensity reduction policy used to adjust the target

intensity for that subplan incorporates this information. In particular, each intensity

dimension that includes resources from the problematic set is decreased by an amount
. For the experiments presented in this paper, = .25 x Toplntensity

Single-Dimensional Casé-or the single-dimensional case, the target intensity 1" re-

duces to
1 i

T n i R

% Capacity

Toplintensity

The operator intensity is simply the qualitative annotation defined for the operator,
while the rating is the difference between the target and operator intensities. The target
intensity reduction policy consists of decreasing the current target intensity by

6. Experimental Evaluation

We conducted a series of experiments to evaluate the effectiveness of our intensity
adaptation methods. Our test problem yields plans with eight subplans and 50 to 724
actions, depending upon the aggressiveness of the planning strategies applied. Ex-
periments involved running the test problem with different resource profiles, as shown
in Figure 2. The 100% profile provides just sufficient resources for the maximum
plan; the profiles then decay gradually until there are insufficient resources to support
the minimal plan. Additionally, the experiments employ a profile labeled BIG that
contains a large amount of resources relative to the maximal plan.

Figure 1: Experiment Resource Profiles

Generation time constitutes one important criterion for evaluating plan-
ner/scheduler behavior. Some measure of plan quality must also be considered. Oth-
erwise, the best strategy is simply to generate the smallest plan that satisfies stated
objectives: because it contains fewer activities, it will require fewer resources and so
should be easier to schedule. Plan quality can be difficult to assess as it involves mul-
tiple dimensions and can be highly subjective [3]. As discussed above, air operations
plans can generally be made more effective by adding more actions to them. For this
reason, we use plan size as a rough indicator of plan quality.

For a baseline, we adopted a loosely coupled iterative waterfall integration of the
planner and scheduler in which the planner generates complete plans and then passes



them to the scheduler for resource allocation and time-on-target assignments. If the
scheduler fails to produce a feasible schedule, the process repeats with the planner
performing chronological backtracking to generate alternative plans. To draw fair
comparisons with the intensity-based approaches, the waterfall method considers op-
erators in decreasing order of intensity. This strategy generally yields a plan that is
close to the largest supportable for the available resources but is not necessarily opti-
mal (i.e., chronological backtracking stops at the first solution, even though undoing
an earlier operator choice might enable more aggressive subsequent choices).

Our evaluation consists of two experiments. Experiment A compares the single-
dimensional and multidimensional approaches (with P*=P'=1) to the iterative water-
fall. Experiment B assesses the sensitivity of the multidimensional method to the pen-
alty factors P and P". For each, we consider three performance factors: generation
time, plan size, and number of planner/scheduler interactions.

Experiment A: Intensity Adaptation Evaluation

Figure 2 shows the results for Experiment A. The upper-left graph displays generation
time for the three methods. As can be seen, the waterfall method requires substantially
more time when resources become constrained, while the intensity-based methods
perform much better. The multidimensional approach outperforms the single-
dimensional approach, with the advantage increasing as resource availability drops.
The upper-right graph displays the number of interactions between the planner and
scheduler required to find a solution. As with generation time, these results show that
the multidimensional method outperforms the single-dimensional method, and that
they both are far superior to the waterfall method as resource availability decreases.
Experiment A used a scaled-down version of our air operations domain in which
goals that do not involve intensity decisions are limited to a single applicable operator.
This restriction was introduced to ensure that the waterfall backtracking was limited to
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precisely the same choices as the intensity adaptation methods, in essence providing
the best possible comparative analysis conditions for the waterfall model. An addi-
tional experiment was run where non-intensity goals had two applicable operators.
Runtimes for the intensity methods were virtually identical to those in Figure 2, since
the intensity method backtracks at the level of intensity values rather than operators
(hence, it is not impacted by the additional operators). In contrast, the waterfall
method was unable to find a solution below the 100% resource profile after 239 trials
and almost 30 hours of runtime. The waterfall method fails so badly in this larger
problem because many planning decisions must be backtracked over to reach one that
impacts resource usage significantly.

The waterfall approach produces slightly larger plans than the intensity-based
methods for the 100% through 50% profiles; as resource availability decreases further
though, it produces smaller (i.e., less aggressive) plans. In comparing runtimes, it is
clear that the small increases in plan size come at the cost of an increase of several
orders of magnitude in planning/scheduling time. While there is some variation be-
tween the single-dimensional and multidimensional methods, the difference is rela-
tively small. Overall, these results show that the performance benefits realized by the
multidimensional approach do not adversely impact solution quality.

Experiment B: Sensitivity to P/P*

As noted above, the ratio of P* and P in the operating ranking scheme for the multi-
dimensional approach can be adjusted to vary the penalty for overutiliza-
tion/underutilization of resources relative to the established target intensity. To assess
sensitivity to these values, we ran test cases with P* =1 and P" ranging from 0.5 to 4.

Figure 4 displays the results. For P'=4 (and to some extent, P'=3), there is a no-
ticeable drop in plan size for the 100% through 50% profiles. For P'=.5, generation
times and the number of planner/scheduler interactions are appreciably higher over
that same range. Such results are to be expected: when resource overutilization is
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penalized relative to underutilization (i.e., P/P" > 1), the intensity adaptation process
will be more cautious, resulting in a tendency toward smaller plans. In contrast, when
resource overutilization is favored relative to underutilization (i.e., P/ P" < 1), the
intensity adaptation process will be more aggressive in its strategy selection, possibly
resulting in the need for more backtracking due to overly aggressive strategy choices.

We had expected to see more dramatic variation as P~ changed but the adaptive
nature of the intensity method appears to compensate for overly aggressive or weak
decisions induced by large/small penalty ratios. This robustness makes the intensity
adaptation approach strongly insensitive to reasonable values for parameters P~ and
P".

7. Related Work

As mentioned earlier, much of the previous work in integrated planning/scheduling
systems has been motivated by resource-driven applications. The early Hubble Space
Telescope scheduling application of the HSTS system [7] provides a representative
example, where a set of independent (or loosely-coupled) requests for telescope view-
ing time, each requiring a complex set of spacecraft actions for setup, observation, and
cleanup, must be selected and sequenced for execution. Here, the overriding concern
is efficient allocation of system resources, with planning decisions localized to imple-
mentation of individual tasks. The Remote Agent Planner/Scheduler [4] and the
ASPEN mission planner [10] also fall into this category, as does IP3S [11], a system
that integrates process planning and production scheduling in the manufacturing do-
main.

The REALPLAN system [14] places greater emphasis on strategic planning. Like
our approach, REALPLAN partitions a problem into separate planning and scheduling
components rather than solving the entire problem in a single integrated search space
(see [12] for a survey of integrated search approaches). We similarly believe that such
partitioning provides essential computational leverage. REALPLAN employs an itera-
tive waterfall control model, with feedback of failure information in the most sophisti-
cated variant. As shown in this paper, such an approach can be intractable in nontrivial
domains.

The CIRCA-based planning and scheduling system described in [6] builds on an
iterative waterfall model of interaction, but incorporates feedback from the scheduler
to planner that is similar in spirit to our intensity adaptation approach. Based on a
probabilistic state model, the planner generates control plansdesigned to prevent
runtime transition to failure states. Planning relies on a specified probability threshold
on states, with higher thresholds leading to consideration of fewer eventualities and
simpler plans. When the scheduler is unable to meet the stated deadlines of all actions
in a generated plan, it recommends a higher probability threshold to the planner for the
next iteration. Similarly, when schedules underutilize resources, the scheduler suggests
a lower probability threshold to enable the incorporation of additional activities.

8. Conclusions

The two intensity-based methods presented in this paper provide complementary
methods for supporting effective planner/scheduler integration in domains that require
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significant strategic planning. The single-dimensional qualitative approach provides a
simple, easily implemented method that shows significant performance gains over
waterfall-style methods. The multidimensional quantitative approach provides even
better results but requires somewhat more modeling effort to operationalize.

This work represents one thrust of a larger effort to develop an integrated plan-
ning and scheduling system for management and control of large-scale enterprises [9].
Beyond the work on plan and schedule generation described here, we are developing
intensity-based methods to support efficient plan and schedule repair in response to
the addition or revision of objectives and changes to resource availability.
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Abstract. We present an algorithm for summarizing the metric resotgqgaire-
ments of an abstract task based on the resource usages aikitsial refinements.
We use this summary information within the ASPEN plannéwsitler to coor-
dinate a team of rovers that conflict over shared resourcestifd analytically
and experimentally that an iterative repair planner careegpce an exponen-
tial speedup when reasoning with summary information abesdurce usages and
state constraints, but there are some cases where the egtteead involved can
degrade performance.

1 Introduction

Hierarchical Task Network (HTN) planners [4] representidnt actions that decom-
pose into choices of action sequences that may also be ehsimd HTN planning prob-
lems are requests to perform a set of abstract actions givamital state. The planner
subsequently refines the abstract tasks into less abstratetsks to ultimately generate
a schedule of primitive actions that is executable from tfigai state. This differs from
STRIPS planning where a planner can find any sequence ohaatibose execution can
achieve a set of goals. HTN planners only find sequences énfairm abstract tasks and
a domain expert can intuitively define hierarchies of alosti@sks to make the planner
rapidly generate all sequences of interest.

Previous research [10, 9] has shown that, under certairiatests, hierarchical re-
finement search reduces the search space by an exponecttial 8ubsequent research
has shown that these restrictions can be dropped by reasduaiing refinement about
the conditions embodied by abstract actions [3, 2]. Tleesamarized condition®pre-
sent the internal and external requirements and effects @fbatract action and those
of any possible primitive actions that it can decompose.ibtging this information, a
planner can detect and resolve conflicts between abstri@gabhaand sometimes can find
abstract solutions or determine that particular decontiposchoices are inconsistent.
In this paper, we apply these abstract reasoning technigueasks that use metric re-
sources. We present an algorithm that processes a taskdmigmescription offline to
summarize abstract plan operators’ metric resource reqngnts.

This work was performed at the Jet Propulsion Laboratorjif@aia Institute of Tech-
nology, under contract with the National Aeronautics andc@pAdministration. This
work was also supported in part by DARAP(F30602-98-2-0142)
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Fig. 1. Example map of established paths between points in a roveaithp where thinner edges
are harder to traverse, and labeled points have associasedvation goals

While planning and scheduling efficiency is a major focus of @search, another
is the support of flexible plan execution systems such as BR®&MPRS [11], RAPS
[5], JAM [7], etc., that exploit hierarchical plan spacesilelinterleaving task decompo-
sition with execution. By postponing task decompositiattssystems gain flexibility to
choose decompositions that best match current circunesahiowever, this means that
refinement decisions are made and acted upon before alhabattions are decomposed
to the most detailed level. If such refinements at abstraeidantroduce unresolvable
conflicts at more detailed levels, the system will get stuat way through executing the
tasks to perform the requested abstract tasks. By using amyrinformation, a system
that interleaves planning and execution can detect antiyeesonflicts at abstract levels
to avoid getting stuck and to provide some ability to recdrem failure.

In the next section this paper uses a traveling rover exatoplescribe how we rep-
resent abstract actions and summary information. Givesethepresentations, the subse-
guent section presents an algorithm for summarizing amadigask’s potential resource
usage based on its possible refinements. Next we analytgladiw how summary in-
formation can accelerate an iterative repair plannerthdlee and make some empirical
measurements in a multi-rover planning domain.

2 Representations

To illustrate our approach, we will focus on managing a @ite of rovers as they

explore the environment around a lander on Mars. This eaptor takes the form of

visiting different locations and making observations. lEsraversal between locations
follows established paths to minimize effort and risk. Téhpaths combine to form a net-
work like the one mapped out in Figure 1, where vertices dedstinguished locations,

and edges denote allowed paths. While some paths are ovkgttamd, others are over
loose sand where traversal is harder since a rover can slip.

2.1 Resources and Tasks

More formally, we represent each rover’s status in termdasésand resource variables.
The values in state variables record the status of key raugsystems. For instance, a
rover'spositionstate variable can take on the label of any vertex in the iocatetwork.
Given this representation of state information, tasks fmeeonditions/effects that we
represent as equality constraints/assignments. In oer example traveling on the arc
from point A to point B is done with ago(A,B)task. This task has the precondition
(position=A) and the effectposition=B).
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Fig. 2. AND/OR tree defining abstract tasks and how they decompasa foorning drive from
point A to point B along one of the three shortest paths in aangle map

In addition to interacting with state variables, tasks wssources. While some re-
sources are only used during a task, using others persistsaafask finishes. The first
type of resource imondepletablewith examples like solar power which immediately
becomes available after some task stops using it. On the b#rel, battery energy is
a depletableresource because its consumption persists until a latkerréaharges the
battery. We model a task’s resource consumption by subttptite usage amount from
the resource variable when the task starts and for nonadydatesources adding it back
upon completion. While this approach is simplistic, it camservatively approximate
any resource consumption profile by breaking a task intolsmsiibtasks.

Primitive tasks affect state and resource variables, arabatract task is a non-leaf
node in an AND/OR tree of tasksAn AND task is executed by executing all of its sub-
tasks according to a some set of specified temporal contstréin OR task is executed
by executing one of its subtasks. Figure 2 gives an exampgeicii an abstract task.
Imagine a rover that wants to make an early morning trip framniA to pointB on our
example map. During this trip the sun slowly rises above titezbn giving the rover the
ability to progressively ussoak raysasks to provide more solar power to motors in the
wheels. In addition to collecting photons, the morning érse moves the rover, and the
resultangotasks require path dependent amounts of power. While a tiaxezling from
point A to point B can take any number of paths, the shortest three involvafoig one,
two, or three steps.

2.2 Summary Information

An abstract task’s state variable summary informationudes elements for pre-, in-,
and postconditions. Summary preconditions are conditimetsmust be met by the initial
state or previous external tasks in order for a task to decsmpnd execute successfully,
and a task’s summary postconditions are the effects of k®mposition’s execution
that are not undone internally. We use summary inconditfonshose conditions that
are required or asserted in the task’'s decomposition duhiagnterval of execution.
All summary conditions are used to reason about how statablas are affected while
performing an abstract task, and they have two orthogopaktpf modalities:

- or indicates that a condition holds in all or some decompasitiof the abstract
task respectively and

- , , , or indicates when a condition holds in the task’s execution
interval.

! ltis trivial to extend the algorithms in this paper to harstiate and resource constraints specified
for abstract tasks.
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For instance, thenove(A, B) task in our example hasraust, first(position=A)
summary precondition andraust, last(position=B) postcondition because all decom-
positions move the rover from to B. Since thenove(A, B) task decomposes into one
of several paths, it has summary inconditions of the fotay, sometimes(position=i),
wherei is 1, 2 or 3. State summary conditions are formalized in [2].

Extending summary information to include metric resoutiogslves defining a new
representation and algorithm for summarizatiorsulmmarized resource usagensists
of ranges of potential resource usage amounts during aed Eétforming an abstract
task, and we represent this summary information using tietsire

where the resource’s local usage occurs within the taslésiwgion, and the persistent
usage represents the usage that lasts after the task tegmiaadepletable resources.

The usage ranges capture the multiple possible usage praoffiie task with multiple
decomposition choices and timing choices among looselgtcaned subtasks. For ex-
ample, thehigh pathtask has g[4, 4], [6, 6], [0, 0]) summary power use over a 40 minute
interval. In this case the ranges are single points due tawertainty — the task simply
uses 4 watts for 15 minutes followed by 6 watts for 25 minuté® move(A, B) pro-
vides a slightly more complex example due to its decompwsidiuncertainty. This task
has &([0, 4], [4, 6], [0, 0]) summary power use over a 50 minute interval. In both cases the
persist_range is [0, 0] because power is a nondepletable resource.

While a summary resource usage structure has only one rangefsistent usage
of a resource, it has ranges for both the minimum and maxinugal lusage because
resources can have minimum as well as maximum usage limitsyva want to detect
whether a conflict occurs from violating either of these tsnAs an example of reason-
ing with resource usage summaries, suppose that only 3 ofgptswer were available
during amove(A, B) task. Given the4, 6] local_maz_range, we know that there is
an unresolvable problem without decomposing further.iRgithe available power to 4
watts makes the task executable depending on how it getsmpesed and scheduled,
and raising to 6 or more watts makes the task executablelfooss$ible decompositions.

3 Resource Summarization Algorithm

The state summarization algorithm [2] recursively progagaummary conditions up-
wards from an AND/OR tree’s leaves, and the algorithm fopuese summarization
takes the same approach. Starting at the leaves, we findipsdrtasks that use constant
amounts of a resource. The resource summary of a task wsimits of a resource is
([z,x].[z,2],[0,0]) or ([z,z],[x,z],[x,x]) over the task’s duration for nondepletable or de-
pletable resources respectively.

Moving up the AND/OR tree we either come to an AND or an OR bhaf®r an
OR branch the combined summary usage comes from the OR catigput

cEchildren - -
cEchildren - -
cEchildren - -
cEchildren - -
cEchildren -
cEchildren -

wherelb() andub() extract the lower bound and upper bound of a range respbciiee
children denote the branch’s children with their durations extertdgtie length of the
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longest child. This duration extension alters a child'®rgse summary information be-
cause the child’s usage profile has a 0 resource usage doemxtension. For instance,
when we determine the resource usagerore(A, B) we combine two 40 minute tasks
with a 50 minute task. The resulting summary informationosd 50 minute abstract
task whose profile might have a zero watt power usage for 1@Qitesn This extension
is why move(A, B) has a[0, 4] for alocal_min_range instead of[3,4]. Planners that
reason about variable durations could [8€] for a duration ranging from 40 to 50.

Computing an AND branch’s summary information is a bit mavmplicated due to
timing choices among loosely constrained subtasks.t@kax pathexamples illustrate
the simplest subcase, where subtasks are tightly consttdonexecute serially. Here
profiles are appended together, and the resulting summaggeusformation comes form
the SERIAL-AND computation

[mincechitdren (Ib(local_min_range(c
MiNcechildren (ub(local-min_range(
[mazccchitaren (Ib(local -maz range(
Maxcechiidren(ub(local _maz_range(c
[Yecenitaren (Ib(persist_range(c))),

Yeechitdren (ub(persist_range(c)))] ,

)+ (o)
)+ 2 ()]
N+ Zhe o),

)+ S @),

0 D>

whereX)“ (c) andX? “(c) are the respective lower and upper bounds on the cumulative
persistent usages of children that execute befofthese computations have the same

form as theX’ computations for the finalersist_range.

The case where all subtasks execute in parallel and haveddisturations is slightly
simpler. Here the usage profiles add together, and the bsamdultant summary usage
comes from the PARALLEL-AND computation

[Yecenitaren (Ib(local min_range(c))),
MATcechitdren (Ub(local_min_range(c)) + X33"(c))],
[mincechitdren (Ib(local_maz_range(c)) + X7°" (c)),
Yeechitdren (ub(local _-maz_range(c)))],

[Yecchitaren (Ib(persist_range(c))),

Yeechitdren (ub(persist_range(c)))] ,

whereX7?™(c) andX};°" (c) are the respective sumslotal_maz_range upper bounds
andlocal _min_range lower bounds for all children except

To handle AND tasks with loose temporal constraints, we iclemsll legal orderings
of child task endpoints. For example, in our rover’s earlyrning tasks, there are three
serial solar energy collection subtasks running in pdraifih a subtask to drive to loca-
tion B. Figure 3 shows one possible ordering of the subtask entipaeihich breaks the
move(A, B) into three pieces, and two of tlseak rayschildren in half. Given an order-
ing, we can (1) use the endpoints of the children to detersuséntervals, (2) compute
summary information for each child task/subinterval camalion, (3) combine the par-
allel subinterval summaries using the PARALLEL-AND comggicin, and then (4) chain
the subintervals together using the SERIAL-AND computatiinally, the AND task’s
summary is computed by combining the summaries for all piessirderings using an
OR computation.

Here we describe how step (2) generates different summaoyree usages for the
subintervals of a child task. A child task with summary resewsagé|a,b],[c.d],[e,f])

contributes one of two summary resource usages to eackeutarg subinterval
[a,b],[c, d],[0,0] , [a,d],[a,d],[0,0] .

2 For summary resource usages of the last interval interggtitie child task, we replade, 0]
with [e, f] in thepersist_range.
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Fig. 3. Possible task ordering for a rover's morning activitieghwesulting subintervals.

While the first usage has the tightgr, b], [c, d] local ranges, the second has looser
[a,d],[a,d] local ranges. Since thieandc bounds only apply to the subintervals con-
taining the subtask’s minimum and maximum usages, thedighnges apply to one of
a subtask’s intersecting subintervals. While the minimuth @maximum usages may not
occur in the same subinterval, symmetry arguments let useminhem in our computa-
tion. Thus one subinterval has tighter local ranges andtladirantersecting subintervals
get the looser local ranges, and the extra complexity comes iaving to investigate all
subtask/subinterval assignment options. For instaneee thre three subintervals inter-
sectingmove(A, B) in Figure 3, and three different assignments of summaryureso
usages to the subintervals: placiifig4], [4, 6] in one subinterval with0, 6], [0, 6] in the
other two. These placement options result in a subtask wigtubintervals having.
possible subinterval assignments. So if thererarehild tasks each witn alternate
assignments, then there are combinations of potential subtask/subinterval summary
resource usage assignments. Thus propagating summargnatfon through an AND
branch is exponential in the number of subtasks with matiplernal subintervals. How-
ever since the number of subtasks is controlled by the domaideler and is usually
bounded by a constant, this computation is tractable. litiaddsummary information
can often be derived offline for a domain. The propagatioaritlym takes on the form:

— For each consistent ordering of endpoints:
e For each consistent subtask/subinterval summary usaigm asnt:
x Use PARALLEL-AND computations to combine subtask/subivaésum-
mary usages by subinterval.
x Use a SERIAL-AND computation on the subintervals’ combisathmary
usages to get a consistent summary usage.
— Use OR computation to combine all consistent summary usaggst AND task’s
summary usage.

4 Using Summary Information

In this section, we describe techniques for using summdoynmation in local search
planners to reason at abstract levels effectively and dssthe complexity advantages.
Reasoning about abstract plan operators using summanyriafmn can result in expo-
nential planning performance gains for backtracking mrial planners [3]. In itera-
tive repair planning, a technique calladgregatiorthat involves scheduling hierarchies
of tasks similarly outperforms the movement of tasks irdirailly [8]. But, can summary
information be used in an iterative repair planner to imprperformance when aggre-
gation is already used? We demonstrate that summarizedastdtresource constraints
makes exponential improvements by collapsing constraingbstract levels. First, we
describe how we use aggregation and summary informatiochtedsile tasks within an
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iterative repair planner. Next, we analyze the complexitymwoving abstract and detailed
tasks using aggregation and summary information. Then gerib® how a heuristic
iterative repair planner can exploit summary information.

4.1 Aggregation and Summary Information

While HTN planners commonly take a generative least comenitrapproach to problem
solving, research in the OR community illustrates that gp#ntocal search is surpris-
ingly effective [12]. Heuristic iterative repair planninges a local search to generate a
plan. It starts with an initial flawed plan and iterativelyocises a flaw, chooses a repair
method, and changes the plan by applying the method. Unékemtive planning, the
local search never backtracks. Since taking a random wedkitih a large space of plans
is inefficient, heuristics guide the choices by determinirgprobability distributions for
each choice. We build on this approach to planning by usiagBPEN planner [1].
Moving tasks is a central scheduling operation in iterateair planners. A planner
can more effectively schedule tasks by moving related ggaipasks to preserve con-
straints among them. Hierarchical task representatiana eommon way of representing
these groups and their constraints. Aggregation involvegmg a fully detailed abstract
task hierarchy while preserving the temporal ordering traitg#s among the subtasks.
Moving individual tasks independent of their siblings anttasks is shown to be much
less efficient [8]. Valid placements of the task hierarchyha schedule are computed
from the state and resource usage profile for the hierardig. grofile represents one
instantiation of the decomposition and temporal orderiitpe abstract task’s hierarchy.
A summarized state or resource usage represents all ptprdfiles of an abstract
task before it is decomposed. Our approach involves reag@iiout summarized con-
straints in order to schedule abstract tasks before thegeremposed. Scheduling an
abstract task is computationally cheaper than scheduiedgask’s hierarchy using ag-
gregation when the summarized constraints more compagthgsent the constraint pro-
files of the hierarchy. This improves the overall performawben the planner/scheduler
resolves conflicts and finds solutions at abstract levelsrbdilly decomposing tasks.

4.2 Complexity Analysis

To move a hierarchy of tasks using aggregation, valid isismust be computed for each
resource variable affected by the hieraréfijhese valid intervals are intersected for the
valid placements for the abstract tasks and their childfée.complexity of computing
the set of valid intervals for a resource i§ ) where is the number of constraints
(usages) an abstract task has with its children for the bliand is the number of
constraints of other tasks in the schedule on the variabldf[there are similar task
hierarchies in the entire schedule, then= ( — 1) , and the complexity of computing
valid intervalsis (). But this computation is done for each ofesource variables
(often constant for a domain), so moving a task will have amlewity of ( ).

The summary information of an abstract task representsfathe constraints of
its children, but if the children share constraints overshee resource, this informa-

tion is collapsed into a singlsummaryresource usage in the abstract task. Therefore,

when moving an abstract task, the number of different caimgl involved may be far
fewer depending on the domain. If the scheduler is tryinddoga summarized abstract

® The analysis also applies to state constraints, but weigestrr discussion to resource usage
constraints for simplicity.
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task among other summarized tasks, the computation of pelement intervals can be
greatly reduced because thi O vnc? is smaller. We now consider two extreme cases
where constraints can be fully collapsed and where theyatdycollapsed at all.

In the case that all tasks in a hierarchy have constrainthersame resource, the
number of constraints in a hierarchy@sb? for a hierarchy of deptid and branching
factor (number of child tasks per parent)in aggregation, where hierarchies are fully
detailed first, this means that the complexity of moving skt O vnb*? because
¢ O b? . Now consider using aggregation for moving a partially exged hierarchy
where the leaves are summarized abstract tasks. If allrbfées in the schedule are
decomposed to leve| there areD b’ tasks in a hierarchy, each with one summarized
constraint representing those of all of the yet undetaildutasks beneath it for each
constraint variable. Se O b , and the complexity of moving the task @ vnb*' .
Thus, moving an abstract task using summary informatiorbeaa factor ofD b2(4—%)
times faster than for aggregation.

The other extreme is when all of the tasks place constramtdiféerent variables.
In this caseg¢ because any hierarchy can only have one constraint pemlaria
Fully detailed hierarchies contain O b? different variables, so the complexity of
moving a task in this case @ nb? . If moving a summarized abstract task where all
tasks in the schedule are decomposed to lgvels the same because the abstract task
summarizes all constraints for each subtask in the hieydreheath it, and each of those
constraints are on different variables such that no congsreombine when summarized.
Thus, the complexity for moving a partially expanded hielhgris the same as for a fully
expanded one. Experiments in Section 5 exhibit great ingrm@ant for cases when tasks
have constraints over common resource variables.

Along another dimension, scheduling summarized taskspsmentially faster be-
cause there are fewegmporalconstraints among higher level tasks. When task hierar-
chies are moved using aggregation, all of the local tempmrastraints are preserved.
However, there are not always valid intervals to move th&ehierarchy. Even so, the
scheduler may be able to move less constraining lower lag&ktto resolve the conflict.
In this case, temporal constraints may be violated amongnthed task’s parent and sib-
lings. The scheduler can then move and/or adjust the dasatibthe parent and siblings
to resolve the conflicts, but these movements can affecehighiel temporal constraints
or even produce other conflicts. At a depth levéh a hierarchy with decompositions
branching with a factob, the task movement can affdétsiblings in the worst case and
produce a number of conflicts exponential to the depth ofdkk.tThus, if all conflicts
can be resolved at an abstract leyed b?—¢ scheduling operations may be avoided. In
Section 5, empirical data shows the exponential growth afmatation with respect to
the depth at which ASPEN finds solutions.

Other complexity analyses have shown that under certairiatiens different forms
of hierarchical problem solving can reduce the size of tlaecdespace by an exponential
factor [10, 9]. Basically, these restrictions are that gyodthm never needs to backtrack
from lower levels to higher levels in the problem. In otherds subproblems introduced
in different branches of the hierarchy do not interact. Wendomake this assumption
for our problems. However, the speedup described abovesdsase that the hierarchies
need not be fully expanded to find solutions.

4.3 Decomposition Heuristics for Iterative Repair

Despite this optimistic complexity, reasoning about sumipea constraints only trans-
lates to better performance if the movement of summarizeldsteesolves conflicts and



advances the search toward a solution. There may be no wagdabtve conflicts among
abstract tasks without decomposing them into more detaibed. So when should sum-
mary information be used to reason about abstract tasksyhed and how should they
be decomposed? Here, we describe techniques for reasdommaogsaimmary information
as abstract tasks are detailed.

We explored two approaches that reason about tasks frorapiHevel of abstraction
down in the manner described in [3]. Initially, the plannafyoreasons about the sum-
mary information of fully abstracted tasks. As the plannanipulates the schedule, tasks
are gradually decomposed to open up new opportunities $otrimg conflicts using the
more detailed child tasks. One strategy (that we will refeaslevel-decompositioris
to interleave repair with decomposition as separate s&pp.1) The planner repairs the
current schedule until the number of conflicts cannot begeduStep 2) It decomposes
all abstract tasks one level down and returns to Step 1. By sp#¢nding enough time
at a particular level of expansion that appears effective planner attempts to find the
highest decomposition level where solutions exist withwasting time at any level.

Another approach is to use decomposition as one of the rapahods that can be
applied to a conflict so that the planner gradually decompaseflicting tasks. This
strategy tends to decompose the tasks involved in more ctadince any task involved
in a conflict is potentially expanded when the conflict is ieggh The idea is that the
scheduler can break overconstrained tasks into smalleepi® offer more flexibility in
rooting out the conflicts. This resembles the EMTF (expardtathreats-first) [3] heuris-
tic that expands (decomposes) tasks involved in more ctsBigfore others. (Thus, we
later will refer to this heuristic as EMTF.) This heuristicogds unnecessary reasoning
about the details of non-conflicting tasks. This is simitaatmost-constrained variable
heuristic often employed in constraint satisfaction peots.

Another heuristic forimproving planning performance prsfdecomposition choices
that lead to fewer conflicts. In effect, this is a least-coaintng value heuristic used in
constraint satisfaction approaches. Using summary irditiom, the planner can test each
child task by decomposing to the child and replacing themt@&eummarized constraints
that summarize the children with the particular child’s soamnized constraints. For each
child, the number of conflicts in the schedule are counted,the child creating the
fewest conflicts is chosehThis is thefewest-threats-firsfFTF) heuristic that is shown
to be effective in pruning the search space in a backtragiagner [3]. Likewise, the
experiments in Section 5 show similar performance improueis

5 Empirical Comparisons

The experiments we describe here show that summary infamanproves perfor-
mance significantly when tasks within the same hierarcheg lcanstraints over the same
resource, and solutions are found at some level of absiraci the same time, we find
cases where abstract reasoning incurs significant overtteal solutions are only found
at deeper levels. However, in domains where decompositioites are critical, we show
that this overhead is insignificant because the FTF hearfistils solutions at deeper
levels with better performance. These experiments alsw shat the EMTF heuristic
outperforms level-decomposition for certain decompositiates. In addition, we show
that the time to find a solution increases dramatically withdepth where solutions are
found, supporting the analysis at the end of Section 4.2.

4 Or, in stochastic planners like ASPEN, the children are ehasith probability decreasing with
their respective number of conflicts.

153



154

6000

5000

4000

3000

2000

Aggregation CPU seconds

1000
e

ot 2|*

0

0 1000 2000 3000 4000 5000 6000
Summary Information + Aggregation CPU Seconds

6000 6000

5000 — 5000

oo
4000 4000
.

3000

3000

2000

2000

Aggregation CPU seconds
Aggregation CPU seconds

1000 = = 1000

v 4
s, .
o 0

0 1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000 6000

Summary Information + Aggregation CPU seconds Summary Information + Aggregation CPU seconds
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The domain for our problems expands the single rover proloesceribed in earlier
sections to a team of rovers that must resolve conflicts dweresl resources. Paths be-
tween waypoints are assigned random capacities such that ene, two, or three rovers
can traverse a path simultaneously; only one rover can beyatvaypoint; and rovers
may not traverse paths in opposite directions. In additiovers must communicate with
the lander for telemetry using a shared channel of fixed battbwDepending on the
terrain, the required bandwidth varies. 80 problems wenegged for two to five rovers,
three to six observation locations per rover, and 9 to 105pwiys. Schedules ranged
from 180 to 1300 tasks. Note that we use a prototype inteftaceimmary information,
and some of ASPEN's optimized scheduling techniques coatith@ used.

We compare ASPEN using aggregation with and without sunzagon for three
variations of the domain. The use of summary informatiotudes the EMTF and FTF
decomposition heuristics. One domain excludes the conmrations channel resource
(no channél, one excludes the path capacity restrictiodsapnel only; and the other
includes all mentioned resourcasxed. Since all of the movement tasks reserve the
channel resource, we expect greater improvement in pegfiocenwhen using summary
information according to the complexity analyses in thevjunes section. Tasks within
a rover’s hierarchy rarely place constraints on other egmore than once, so the
channeldomain corresponds to the case where summarization cefiajsconstraints.

Figure 4 (top) exhibits two distributions of problems foetio channedomain. In
most of the cases (points along the y-axis), ASPEN with surprimformation finds a
solution quickly at some level of abstraction. However, iany cases, summary infor-
mation performs notably worse (points along the x-axis). fid that for these prob-
lems finding a solution requires the planner to dig deep imtorbvers’ hierarchies, and
once it decomposes the hierarchies to these levels, thaxetiife in the additional time
to find a solution between the two approaches is negligiblesTthe time spent reason-
ing about summary information at higher levels incurredagessary overhead. Previous
work shows that this overhead is rarely significant in basatéig planners because sum-
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mary information can prune inconsistent search spacessaiagblevels [3]. However,
in non-backtracking planners like ASPEN, the only oppaitiuwe found to prune the
search space at abstract levels was using the FTF heuasiiotd greater numbers of
conflicts in particular branches. Later, we will explain WRYF is not helpful for this
domain but very effective in a modified domain.

Figure 4 (left) shows significant improvement for summaifgimation in themixed
domain compared to theo channetiomain. Adding the channel resource rarely affected
the use of summary information because the collapse in suynoeastraints incurred
insignificant additional complexity. However, the chanresource made the scheduling
task noticeably more difficult for ASPEN when not using surmyriaformation. In the
channel onidomain (Figure 4 right), summary information finds soluti@tthe abstract
level almost immediately, but the problems are still cogtied when ASPEN does not
use summary information. These results support the cortyplexalysis in the previous
section that argues that summary information exponeyiialbroves performance when
tasks within the same hierarchy make constraints over time sasource and solutions
are found at some level of abstraction.

Figure 5 shows the CPU time required for ASPEN using sumnm#pyiination for
themixeddomain for the depths at which the solutions are found. Tipghdeare average
depths of leaf tasks in partially expanded hierarchies. GRE time increases dramati-
cally for solutions found at greater depths, supportingabaim that finding a solution at
more abstract levels is exponentially easier.

For the described domain, choosing different paths to aarebton location usually
does not make a significant difference in the number of casflincountered because if
the rovers cross paths, all path choices will still lead toftict. We created a new set of
problems where obstacles force the rovers to take pathaghroorridors that have no
connection to others paths. For these problems, path chaleays lead down a different
corridor to get to the target location, so there is usuallgth phat avoids a conflict and a
path that causes one. The planner using the FTF heuristimdtas the planner choosing
decompositions randomly for all but two problems (Figureft)!

Figure 6 (right) shows the performance of EMTF vs. level aeposition for differ-
ent rates of decomposition for three problems selected franset. The plotted points
are averages over ten runs for each problem. Depending ochthiee of rate of de-
composition (the probability that a task will decompose wheonflict is encountered),
performance varies significantly. However, the best deasitipn rate can vary from
problem to problem making it potentially difficult for the sha@in expert to choose. Our
future work will include investigating the relation of denposition rates to performance
based on problem structute.

® For other experiments, we used a decomposition rate of 20%.
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6 Conclusions

Reasoning about abstract constraints exponentially e@tek finding schedules when
constraints collapse during summarization, and solutssme level of abstraction can
be found. Similar speedups occur when decomposition beenadsult in varied num-
bers of conflicts. The offline algorithm for summarizing nietesource usage makes
these performance gains available for a larger set of egpreplanners and schedulers.
We have shown how these performance advantages can impBREMs effectiveness
when scheduling the tasks of multiple spacecraft. The usemimary information also
enables a planner to preserve decomposition choices thastrexecution systems can
use to handle some degree of uncertainty and failure. Ourdwork includes evalu-
ating the tradeoffs of optimizing plan quality using thigpapach as well as developing
protocols to allow multiple spacecraft planners to coaathrtheir tasks asynchronously
during execution.
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From Abstract Crisis to Concrete Relief

A Preliminary Report on Combining State Abstraction and
HTN Planning

Susanne Biundo and Bernd Schattenberg

Department of Artificial Intelligence
University of Ulm, Germany

Abstract Flexible support for crisis management can definitely be improved
by making use of advanced planning capabilities. However, the complexity of
the underlying domain often causes intractable e [aits in modeling the domain
as well as a huge search space to be explored by the system. A way to over-
come these problems is to impose a sophisticated structure not only according
to tasks but also according to relationships between and properties of the ob-
jects involved. We outline the prototype of a system that is capable of tackling
planning for complex application domains. It is based on a well-founded combi-
nation of action and state abstractions. The paper presents the basic techniques
and provides a formal semantic foundation of the approach. It introduces the
planning system and illustrate its underlying principles by examples taken from
the crisis management domain used in our ongoing project.

1 Introduction

When trying to exploit planning technology for realistic applications like system sup-
port for crisis management, one of the main problems to be tackled is theamplexity
of the underlying domain. Not only does it cause intractable modeling eorts, a huge
search space has to be explored by the system as well. Furthermoreych a system
has to be exible in the sense that mixed initiative planning has to be supported and
incoming information as well as most recently arising tasks should be caidered and
integrated during runtime. In order to meet multiple requirements like in this case,
hybrid planning approaches have to be developed to provide enough >bility and
lucidity as has repeatedly been argued by other authors as well (cf. [5] ah[8]).

We introduce a planning approach for system support in the realisticand complex
application domain of crisis management. It integrates hierarchical action and state-
based techniques in a consequent way by imposing hierarchical stctures on both
operators and states. The hierarchical concept is partly adopted from tradtional hier-
archical task network (HTN) planning (cf. [4]). Therefore, basic notions like primitive
and abstract tasks as well as methods for decomposing the latter stepwasinto primi-
tive ones are among the core concepts. However, tasks do show pre- and fasnditions
{like operators do in classical state-based planning{ on every level of alteaction. This
provides the exibility to make use of state-based planning techriques by introducing
additional tasks when trying to establish missing preconditions, ard enables the system
to integrate incoming tasks on any level of abstraction at any time. This isdone by
allowing for so-called decomposition axioms, which are de ned as part of the domain
model. The planning approach is based on a formal semantics, which relé on previous
work on logic-based planning [20]. Our formalism builds upon the semanti for basic
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STRIPS-like operators and extends the formalism to abstract tasks and dcomposition
methods.

A rst prototype implements our integrative approach. We use an object-oriented pro-
gramming paradigm, thereby exploiting object-oriented structures and mechanisms to
e ciently deal with the hierarchy of planning objects and their prop erties. According to
our experience with this rst implementation, the system is currently being completed
and extended towards several directions.

The paper is organized as follows. In Section 2 we introduce the formaksnantics. The
application domain {a mission of the German Federal Agency for Technical Reéf at
a ood{ is briey introduced in Section 3. Section 4 describes our planning method
and illustrates the techniques by means of examples taken from the §is management
domain of Section 3. In Section 5, we shortly report on the implementation ad the
lessons learned from this experiment. Section 6 is devoted to relat work and nally

we conclude with some remarks in Section 7.

2 Formal Framework

The Logical Language:  The semantics of our planning approach is based on a many-
sorted rst-order logic. The logical language L = (Z,R(,R¢,C,V) consists of a nite
set of sort symbols Z, Z~indexed families of nite disjoint sets of rigid and flexible
relation symbols (R, and R¢, resp.), a Z indexed family of disjoint sets of constants,
and a Z indexed family of disjoint sets of variables. Formulae overL are built as usual.
The formal planning language is obtained by extendingL by O, T, and E. O and T
are Z “ihdexed families of nite disjoint sets of operator and task symbols, respectively.
For all z CA%the setsR;,, R¢z, O, and T, are supposed to be mutually disjoint.
E denotes aZ “indexed family of so-calledelementary operation symbols. It provides
for each exible relation symbol R a so-calledadd-operation +R as well as a delete-
operation {R.

As for the semantics, we adopt some essential features of the planning foalisms
introduced in [19] and [20], which are based on programming and temporal logi¢cs
respectively.

Following a state-based planning approach, we use operators and tasks to take us from
one state to another. The exible symbols provided by our planning language are used
to express the changes caused by these state transitions. Conseqtlgnwe introduce
states as interpretations of the exible symbols.

States and State Transitions: For a logical languageL = ( Z,R,,R¢,C,V) a model

denotes a structureM = (D,S,I), where D is a Z indexed family of carrier sets, S is

a set of states, and | is a (state-independent) interpretation that assigns elements of
the respective carrier sets to constants and a relation of appropriateytpe to each rigid

symbol. As usual, sort preservingvaluations 3 : V, — D, are used for variables. Given
a modelM= ( D,S,I), an atomic formula R(14, ..., Ty) is valid in a state s under

a valuation B denoted by s Fm g R(T1, ..., Tn) according to the following de nition.

ForR [(Rr:sFmp R(Te, ... Ta) i ( 1g(T1), ..., Ig(Tn)) CI(R)
ForR [(Rf:sFEwme R(Ty, ..., Tn) i ( 1p(T1), ..., Ig(tn)) CSIR)

Based on these de nitions, validity of complex formulae is de ned as usal.
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Now we are ready to turn from states to state transitions. To this end, we rst assume

that our models are natural ones [19]. This means, the carrier sets are supposed to

be nite and we restrict the set of states to those, which assign nite relations to the
symbols in R¢. Furthermore, for each exible symbol R [CR¢,, z = z3,...,Zn, tWO
functions d-R: Dy, x...xD; - SxSanda-R:D; x..xD, - SxSare
de ned as follows.

s d-R(d1, ...,dn) s”i  sfR) = s(R) — {(di,...,dn)} and s’R") = s(R) for R" ER
s a-R(dy,...,dn) s®i  s¥R) = s(R) [{ldy,...,dn)} and sfR") = s(R") for R' EIR.

Given a natural model, for any two statess and s"there exists a nite sequence ofa-...
and d-... function operations op;...op, such that s op; = ... 2 op, s% where - denotes
functional composition [19].

Elementary Operations: Based on the de nitions of a-... and d-... functions on
states, we can now de ne the semantics of the elementary operationg of our planning
language as follows. Given a modeM = (D,S,I) and a valuation 3, a pair of states
(s, s") satis es an elementary operation +R(ty, ..., T,) according to

(s,sYEmp +R(T1, ..., Ta) i s a-R(la(T1), ..., Ig(tn)) s~
(s, sY Emp {R(T1, .., Ta) i s d-R(Ip(T1), ..., Ip(Tn)) s”

This means, elementary operations represent single state transitian

We nally adopt from [19] the concept of weakest preconditions (wp) w.r.t. elementary
operations. Let ¢ be a formula which contains only variables that are distinct from
those occurring in Ty,...,Tn. The weakest precondition of ¢ w.r.t. +R( Ty,...,Tn) is the
formula resulting from ¢ when replacing all atomic sub-formulae R@3,...,0n) by [(T1 E
o, 1 [T} §0n) - R(01,..-,0n) |- wp(d, {R( Ty, ..., Tn)) results from ¢ by replacing
all atomic sub-formulae R(04,...,0n) by [R(031,...,0n) [ty 80, 1 1, 8 o).

Operators and Invariants: Given a planning languageP = (Z,R,R¢,C,V,0,T,E),
an operator (primitive task) is a triple (O), prec,e), where O is an operator symbol,
X =X 1...Xp is a list of variables, prec is a formula overL = ( Z,R,,R¢,C,V), ande =
€1...em is a ( nite) sequence of elementary operations fromE. For a given modelM =
(D,S,1) and a valuation 3, this operator transforms a state s into a state s— denoted
by (s,s% Emp (OK), prec,e), i s Fwm,g prec (the operator is applicable ins)
and s op; °...°0pm SsPwhere op; is the a-... resp. d-... function corresponding to
g for 1 =i =< m. The operator generates a formula post over L if in addition s Fm g
wp(poste). The weakest precondition of a formula ¢ w.r.t a sequence of elementary
operations is generated according to a straightforward extension of the ab@ de nition.
Before nally de ning tasks and methods, we introduce the notion of invariant in order
to extend the generation of formulae from single operators to operatorsequences.
For a given modelM = ( D,S,I) and a valuation 8, a formula ¢ is invariant against an
operator (Ok), prec,e) i for all states s and s"with (s,sY Ewm.g (OK), prec,e) : if
SEmg ¢, then sEnmp ¢.
A formula post is generated by a sequence @...0, of operators i it is generated by
some Q (1 =i = n) and is invariant against each G (i <j < n).
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Tasks and Methods:  Given a planning languageP = ( Z,R,,R¢,C,V,0,T,E), a task
is a triple (T&), prec, post), where T is a task symbol,x = x ;...Xp is a list of variables,
and prec and post are formulae overL = (Z,R.,R¢,C,V). For a given model M=
(D,S,1) and a valuation B, the task transforms a state s into a state s' denoted by
(s,sY Emp (TK), prec, post)i s Em,p prec ands™k m g post and there exist a nite
sequences;...s, of states and a nite sequence Q...O,—1 of operators, wheres = s;,
s"= sp, (Si,Si+1) Fmp Oi forall 1 <i <n, and O;...0n—; generates a formula post
such that s, Fmp post” - post. The task generates a formula post™i in addition
Sn Ewm.p post - post™

The hierarchical structure of planning domains is re ected in two ways. First of all
so-calledmethods are used to specify how an abstract task can be subdivided into a set
of (primitive) subtasks, like it is usually done in HTN planning. Secondly, a hierarchy
is imposed on the formulae used to express the pre- and postconditioraf primitive
and non-primitive tasks. To this end, user-de ned decomposition axioms of the form
¢ o [Y, 2 L] specify how an abstract condition ¢ can be re ned into a more
concrete one, eachp; being a possibility to do so.

A method {(Tk), prec, post), T} is given by a task and a setT of task sequences.
For each such sequence;t..t, the tj may be primitive or non-primitive. A method is
called legal i each task sequence t...t, [Tlis a legal decomposition of the task.

For a given modelM= (D,S,1) and a valuation  a task sequence {...t, is a legal
decomposition of a task (Tk), prec, post) i the task sequence transforms a state s
into sYsuch that for the precondition prec”of task t; s Fwm,g prec” - prec and the
sequence {...tn generates a formula post'such that sty g post™'- post.

The above mentioned axioms are thereby used to justify legality of deempositions
when specifying methods. lllegal decompositions can be detectedudng compilation
of the domain.

3 The Application

Our planning domain is crisis management as being provided by organizatns like
THW. The German Technisches Hilfswerk is a governmental disaster relief organization
that provides technical assistance at home as well as humanitarian aid abroadrheir
mission within the ood disaster at the river \Oder" in July 1997 is us ed in our ongoing
project to build a rst realistic domain model for the planner. Int he following, examples
from this domain will be used to demonstrate our approach. The tasks of theTHW
are rich and widespread, they cover all aspects of crisis managemenfmging from rst
measures after a hazardous event to long term supplies after clearirgpme disaster area.
Therefore, Figure 1 only shows a relative small part of the complex taskierarchy, and
most task networks are depicted as single, more \self-explanatory" actios.

The most abstract task is named flood-disaster. It comprises a management and
communication task to determine which areas are endangered to what leveFurther-
more, the logistics and supplies have to be installed, e.g. quarter®r the relievers to
be set up. The evacuation and the securing of the embankment are the mbsrucial
sub-tasks in reality, and during all the activities, the relievers have to clear the area
continuously, i.e. to check damaged buildings, to remove perishednimals, etc.

In our examples we will focus on the evacuation task, which consists ofato sub-tasks:
one informs the population about the relief measures, the second bringseople to safe
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flood—disaster

securing—embankment clearing medical-treatment .
build-support-camp ship

management-and-communications transport get-clearance

/Ioglsncs—and—supplles ST check-weather ...
. . \ maintenance
determine-critical-places
determine-safe—places informing—population assist-leaving-population board un—board

3 : driving -
establish-camp securing-population

install-depot
p building-bridges clearing-roads check-engine

. . drive—by-truck
technical-assistance drive-by-jeep

Figure 1. Task hierarchy in the flood disaster scenario, ellipses represent task networks

areas. The methods for latter de ne two expansions, depending on thénitial situation.
The relievers can help the people to leave the endangered area bydmselves, or the
circumstances might require the population to be moved by the THW.

4 Combining hierarchical action- and state-based planning

Our planning approach exibly combines classical HTN and classical stateoriented
POCL planning based on the formal framework introduced in Section 2. Tte prototype
implements a simple top-level algorithm comparable to [16, p. 374], whichs basically
a classical nonlinear planning algorithm with decomposition of abstract taks as an
additional plan modi cation step. Although it looks very similar to those used by
existing hybrid planning systems (see section 6), we will use ito outline the underlying
principles in the sub-routines. First we will focus on the closhg of open preconditions.
In order to enable the planner to reason about the plans' causal structues and depen-
dencies at all levels of abstraction, complex tasks do carry precondibins and e ects like
the operators do. For the time being they are assumed to be conjunctionsf positive
and negative literals.

While the relation between abstract and primitive tasks is given by anumber of meth-
ods as in classical HTN planning, in our approach relations between the rg®ctive
preconditions and e ects are speci ed by the decomposition axioms. Tle example in
Figure 2 shows two methods for the expansion of the abstract transport ask in the
evacuation context. The ordering constraints represent all possiblesequences of sub-
tasks, sort information for the variables is given in the task de nitions.

One of the decomposition axioms that will be applied in the respectiveexpansion steps,
will e.g. look like this (assuming the intuitive subsort relationships):

At(Unit u, Location I) - [ Standing-at(\Vehicle u, Location |, Road r) [
Aircraft-at(Aircraft u, Location I, Height h) 1
(At(Container c, Location I) [Id(Container ¢, Unit u)) 1. ]

The speci ed decomposition axioms together with the sort and subsort denitions,

represent a hierarchy on the relations and objects in the domain. We camake use
of this knowledge when closing open preconditions with tasks on dieent levels of
abstraction. When some (possibly abstract) e ect of a task is needed teestablish the
precondition of another, the planner can provide this by choosing somdaccording to
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method m_1 method m_2

expands transport (?passengers,?from,?to,?by) expands transport (?passengers,?from,?to,?by)

vars ?road Road vars ?tower Tower

nodes  (1:board (?passengers,?from,?by)) nodes  (1:get-clearance (?from,?tower,?by))
(2:driving (?by, ?from,?to,?road)) (2:check (?by))
(3:un-board (?passengers, ?from, ?by )) (3:board (?passengers,?by))
- (4:fly (?by,?from,?to, ?tower))

order 1<2, 2<3 order 1<4, 2<4, 3<4

causal 1--in(?passengers,?by)--2 causal  1--cleared(?by)--4,

2--checked(?by)--4,
1--in(?passengers,?by)--4
binding - binding -

Figure 2. Example for a method de nition

the decomposition axioms{ suitable tasks in the partial plan to close theopen condition.
We then add causal links like in classical non-hierarchical POCL planing to represent
causality. But no establisher may be identi ed, even in the initial state. In this case the
planner can introduce a suitable establisher for the open conditionrom the domain
description. Figure 3 shows the planning process in such a situain.

! ;

- ! logistics-and-supplies evacuating

! Location area4, Road ?r) i

'Pre:  Standing-at(?u,?from,?r), |

Reachable-by-land(?from,area4,r),
I
I
I
I
I
i

| fly | status(?r,0k) informing—population
I )
L T T |Effect: +Standing-at(?u,area4,?r), securing—population
1 (Aircraft ?u, Location ?from, -Standing-at(?u,?from,?r) !
| Location area, Tower 2t) B e s S P —. . ‘
iPre: At(?u,?from), ' move \ medical—treatmen | establish-camp 1

Handled-by(?u,?t),
clearence(?t,0k),

I
I
I
| | Jeep jeep18,Truck truck9 ...)
maintenance-status(?u,ok) !
I
I
I
I

| Location area4)

! . | (Passengers groupl, Location area4,
Pre: At(?u,?from NS N N
Effect: +At(?u,aread), | ( ) ! L _Location camp2, Unit ?u)

|
|
|
|
|
|
| N
N
|
|
|
|
|
|

I . - ' Effect: +At(truck9,aread),
—~At(2u,2from), . | Effect: +At(?u,aread), ~, Pre:_ At(?u,aread) At(groupl,aread) —<~1-==<-__"" +At§jeep18 areazz)
+maintenance-status(?u,ke). ! L “At(?u,2from) B _Effett” +At(?u,camp2),+At(groupl,camp2), | +status(aread,occup),
—maintenance-status(?u,ok) ! e -7 —At(?u,area4),-At(groupl,aread) 1 —status(area4,cleared) ...

Figure 3. Closing an open precondition along the condition hierarchy.

The abstract need for an arbitrary THW unit to be present in the evacuation area can
be ful lled by any of the tasks shown. The rst task move is a \classical" candidate. Its

sub-task fly and the establish-camp action qualify in our system, because of aircraft
and jeeps being sub-sorts of the abstract sorunit. The driving task establishes a
more specialized e ect than the precondition needs in two ways. Not oly vehicles are
more special objects, but also the relationStanding-at is more concrete thanAt (see
decomposition axiom above).

At this point, search control has more choices to investigate, some of wkh might spe-
cialize the involved objects too early, an e ect sometimes calledierarchical promiscu-

ity. But on the other hand, the commitment to a less abstract establishercan rule out

inconsistent solutions at an early stage. We may use the driving task forclosing the
condition at this point and add a variable assignment for the \downcast" of the unit

I | \ " build-support-camp I . Group thwa6.
i (Unit ?u, Location ?from, | \ transport  (Location area4, Group thw26,

| Pre: status(aread,cleared) ...
I
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in the transportation task. Later in plan generation we might nd out, that th ere is no
road to the evacuation area anymore, and the planner has to backtrack and fo@ion
solutions with aircraft.

We note, that especially at this point the search strategy plays a crudal role, i.e.
when to insert new tasks. Currently, we work on an extension to the ajorithm, that
is looking for invariants in expansions. If an open precondition is invarant against all
tasks expanded so far, it is obvious, that the planner has to insert a n@ task. But if
ther are tasks in the current plan, against which the condition is not invariant, it is a
promising strategy to enforce their expansion. The rationale behind his strategy is to
check, whether the expansions in which the desired e ect might mani fests eventually
result in consistent solutions.

Now assume, the abstract movement is chosen for establishing the coitidn, and a
causal link with the label At(?u,area4) is inserted. Furthermore, let the planner decide
to expand the transport task according to the above de nition in method m_1 into the
task network describing a transport by land vehicles. As in classicaHTN planning,
the speci ed network substitutes the expanded task in the net, especting existing
orderings and variable bindings, but we cannot update the causal links, bcause the less
abstract tasks show more concrete, and hence syntactically not equivaht, conditions.
Our solution lies in the decomposition axioms, according to which we ditribute the
abstract e ects and conditions under the tasks of the expanded network This means,
the decomposition axioms are used to inherit causal links from an abstractevel to
a more concrete one. Figure 4 shows the result: the passengers are bosddon some
vehicle, driven to the camp and then un-boarded again. The more abstraclink carried

medical-treatment

logistics—and-supplies . y
- evacuating ——— = “*  build-support-camp
move transport
(Unit Jeepl, Location ?I,
Location depot) board(groupl,area4,?u)
Pre:  At(Jeepl,?l) W‘ un-board(group1,aread,?u)
Effect: -Al(Jeepl?)), = =|-=-===-___ (Vehicle ?u, Location area4
+At(Jeepl,depot Tee N ’
(Jeep1,depo)) [ move Ay Location camp2, Road ?r)
(Unit 2u, Location ?from, AN Pre: _ Standing-at(?u,aread,?r),
Location area4) . .- Reachable-by-land(area4,camp2,?r),
Pre:  At(?u,?from) \ .- status(?r,ok)
Effect: +At(?u,aread), "7 ====-" - Effect: +Standing—at(?u,camp2,?r),
~At(?u,?from) Standing-at(?u,area4,?r) ~Standing-at(?u,area4, ?r)

Figure 4. Handling task interactions on di erent abstraction levels

the At relation between a vehicle?u and the location area4. The decomopsition axioms
justify a specialization of this link into Standing-At for vehicles. Please note, that
the vehicle boarding task may carry the same precondition, which lead to a second
inherited causal link derived from the abstract causal relation. Furthermore, when the
abstract move task is specialized, it has to be checked against the decomposition axi@n
whether the newly introduced causal links are inheritable or not. F not, the plan has

to be considered inconsistent.

Now we come to threat handling, where the system can make use of the decpmwsition

axioms like it did for condition establishment. Con icts can be detected and resolved
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between arbitrary expansion levels, as the negation of an abstract conditin implies the
negation of every concrete one speci ed in the decomposition axioms, andreegation of
one of the concrete conditions threatens the abstract one. This mechasin guarantees
correct solutions when using the standard POCL con ict resolution strategies at any
time the algorithm chooses to check for threats. In addition, beside®rderings and non-
codesignation, expansion becomes a reasonable threat resolution mechemi Due to a
ner granularity, the con icting e ect might turn out to be harmless at the primitive
operator level where the con icting tasks may overlap.

The example in Figure 4 shows the expansion of a support procedure thi a second
movement task, and how it interferes with an established condition The light line
indicates the conict at an abstract level, the dark one does so for the nore concrete
link. The negated e ect can be specialized in a way that makes the plarinconsistent.
A simple non-codesignation or some ordering constraint can solve this tsiation, for a
con ict involving several layers of abstraction.

5 Implementation

We implemented a rst prototype of the planning system in Java. It i ntegrates task
decomposition with state-based planning techniques for con ict handing and closing
of preconditions. The main algorithm, which is brie y described in Section 4, performs
non-deterministic steps according to a very simple strategy that rst tries to close
open preconditions, then resolves threats and binds variables, and i least priority
expands complex tasks. This rather simple procedure is able to pfarm a systematic
planning strategy like it can be found in classical nonlinear planners:As a last choice
in closing preconditions, binding variables, and resolving threatsit tries to expand the
respective task. In a least commitment fashion it tries to develop he plan at the most
abstract level. The upcoming next version of the system will use a rare exible top
level routine which determines the appropriate sequence of plan mapulating steps by
analyzing the visited and expected plan space, thereby projectig causal interactions.
As already suggested above, we found it e.g. very useful to concentrateggansion within
the con icting tasks to rule out inconsistent solutions at an level as arly as possible.
However, we note that in the rst experiments the proposed modelirg approach seems
to lead to more \benign" domain models in terms of e cient task hierarch ies, that
prune large parts of the non-useful search space quite e cient.

To increase the system's performance, we use a conservative algonithfor manipulating
a global plan structure representing the expanded networks. By doig so, we have the
additional advantage to automatically bookkeep the performed expansion stgs as well
as all other choices made by the algorithm (cf. decomposition links in [24]) When
looking for an appropriate e ect to close an abstract precondition, the system can
easily inspect already expanded abstract tasks and follow their decongsition to less
abstract levels.

The algorithm allows recursive task expansion schemata to model loopsf for every
recursive task a terminating method is provided and if an appropriate search algorithm
is used (here: iterated deepening) then the recursion is harmleswith respect to program
termination and \increasing the incompleteness” of the planning pracess. These loops
are very useful in the presented examples, e.g. evacuation has to bergformed until all
persons safe, although recursion handling still requires improveent (cf. future work
in section 7).



From Abstract Crisis to Concrete Relief 9
6 Discussion and Related Work

Hierarchical task network (HTN) planning as described and analyzed in [3]$ the basis
for systems like O-Plan, UMCP and Shop.

In contrast to our approach, which makes use of state abstractions in condibn achieve-
ment, abstract tasks in O-Plan [2] do not carry preconditions and e ects Instead, the
system relates conditions of primitive operators over di erent lewvels in the plan gen-
eration process by introducingcondition types in the abstract expansion schemes [21].
These types specify how conditions of the tasks in the expansion canebachieved: by
the e ect of a task that is (a) inside or outside the current expansion and(b) in-
troduced at the current plan generation level, above, or below. Pleas note, that this
technique requires the domain encoder to structure the task higarchy very carefully
as methodologically it's pruning works rather on the system's search gace structure
than on that of plan space. Compared to O-Plan, UMCP [4] is a much more purisic
implementation. The search space is constraint pruned, down to themost concrete
operator level, where the typical conditions are introduced. Both systems merely rely
on action abstraction.

A new direction in the HTN paradigm is given by the Shop system [14], that poposes
ordered task decomposition, using if-then-else cascades in methaelection. The main
idea is to plan all tasks in the order they are later executed. This eables the system
to deduce complete state descriptions, beginning with the inital state. The developers
met the criticism on their linearity assumption with a modi ed sy stem, called M-
Shop [15] which can handle planning problems with parallel goals in the itial task.
Many realistic domains may meet this partial linearity property, the crisis management
domain in our work, however, does not as task execution itself is higly @tributed and
the execution order for most tasks is not known in advance.

Planning using state abstraction was the earliest form of hierarchical panning in linear
planning systems. Nonetheless, the Abstrips system [17] is stillidcussed [7], and has
in uenced many modern planners. Classical state abstraction works bydeleting certain
sets of preconditions, thereby de ning "criticality levels" for e ach of which the system
plans in a classical manner. Alpine in [9] automatically generates theseelels, building
abstraction hierarchies with \ordered monotonicity"”, i.e. detailed action levels do not
interfere with more abstract established conditions. Similar work in the context of
nonlinear planning has been done by Yang in the Abtweak planner [23].

Exploiting object-oriented formalisms or state abstraction is a comparaively new tech-
nique in planning. Semantic foundations for \real" object oriented approaces can be
found in the literature, ranging form reasoning about object database modks in the
style of terminological logics [1] to speci cation oriented work [18]. [6] ugs plans as
object methods for an hybrid reactive robot controller, mapping incoming percepts
on partially speci ed object templates as plan selection criteria. More related to our
view is that of object centered planning [13], where objects are organizkin static and
dynamic sorts. Each instance of a dynamic sort has its own local state whkh is de ned
by a set of predicates. Consequently, predicates are owned by ex&gtone sort, the
key attribute of the predicate, and thereby becoming static or dynamic themselves.
For all sorts legal local states are speci ed, and over their transitionsagain operators.
OCLh [12] extends this formalism to action abstraction by introducing a sort hierarchy,
in which dynamic predicates are inherited from super-sorts. So-céd guards play the
role of pre and postconditions of objects transition sequences that buil the semantics
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for abstract tasks. The planning algorithm in this framework repeats an exand then
make-sound cycle: after expanding one level of task networks, the sisn is checking
for inconsistencies and repairing them. Although our state abstraction  similar (and
so far yet simple, compared to \full* object oriented systems), we @n handle the re-
nement of objects and predicates, likewise, and are not restrictedto a xed planning
strategy.

Integrating state-based nonlinear planning capabilities, i.e. reasoimg about operator
interactions and inserting new plan steps/tasks in the fashion of e.g. U®op [11], into
an action abstracting system promises many advantages. As Estlin, Chien ahWang
point out in [5] it adds the strengths of both, at the same time softening their weak
points. This is re ected in the modeling process: task networksamore naturally represent
hierarchy and modularity and enable the user to represent domains iran object oriented
form which easier to write and reason about. Decomposition rules can refeo either
low- or high-level forms of a particular object or goal, as the information petaining
to specic entities is contained in smaller, more specialized ruts. The drawback of
this technique is that \inter-modular constraints" [5], i.e. exceptions or special cases
in action execution, cannot be represented adequately, which oftenebhds to overly-
speci ed reduction rules. This can be seen in the example in gure3, where classical
hierarchical planners would introduce expansion schemes for everkind of support
task to be ordered before the evacuation. Operator based techniques ohé other hand
help encoding implicit constraints, as their kind of plan re nement is more general and
provides more compact representations. In addition, it brings with it an early detection
of inconsistencies at an abstract level, together with means of resolvignthe con icts.
But using solely operators, certain aspects are di cult to represert (for a discussion
about the expressive power of HTN planning, see [3]). The advantages of a natal
mixed domain knowledge representation are obvious, although dicult to evaluate
quantitatively: \[it is] easier to encode the initial knowledge base, fewer encoding errors
occur [...], and maintenance of the knowledge base is considerably éas"[5]

Such hybrid systems had been watched suspiciously a long time, bause the planning
paradigms were considered to be con ictive. New Al textbooks presenthis approach in
the style of state abstraction planning in [23], i.e. the abstract tasks arry preconditions
and e ects from a subset of the less abstract tasks. Yang suggests in [22) tkeep
hierarchical models restricted in such a way, that in every redetion schema there is one
task carrying the main e ects of the network and hence those of the assaated abstract
task. In such domains the downward solution property holds as a basis for ective
search space reduction. A similar approach is presented by Russell diNorvig [16], who
allow distribution of conjuncts of conditions among the sub-tasks of thenetwork. One of
the very few existing systems is DPOCL [24], mentioned before wit its introduction of
decomposition links to record decisions during planning. DPOCL deomposes abstract
tasks into networks with additional initial and nal steps which carry the conditions
of the abstract tasks. Some of the techniques used there raise the aial question
of user intent. The system prunes unused steps and takes conditioastablishers from
every level of abstraction, even from sub-tasks of potential establisérs. The problem
of when to insert new tasks, and where to use decomposition rules onlis very hard
to solve, as it depends in part on the modeller's intention. So far, v’ have provided
the system a switch for explicitly not inserting new tasks in precondition achievement,
as well as an output, indicating the inserted tasks Moreover, prematue insertion of
new tasks may lead to non-optimal short plans, but we postpone this prol#m for this
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time as a matter of \good" search strategies, like it is solved for classial state-based
nonlinear planners {but of course it will be tackled in the future.

Closely related to our approach is the work of Kambhampati [8]. He integrates HN

planning in a general framework for re nement planning, thereby making use of op-
erator based techniques. This uni ed view should help making use ofecent progress
in planning algorithms, e.g. by giving propositional encodings for SAT bagd planners
[10]. In his view, the algorithm uses reduction schemes where availédy and primitive

actions otherwise. Causal interaction is analyzed also at the abstract leal, and re ned

by a mapping of conditions and e ects of abstract tasks on conditions and e &ts in its

sub-tasks. Abstract conditions are closed by phantom establishers thaare identi ed

at a later stage, while our algorithm just \waits" if no suitable task is less abstract
enough. Con ict detection and resolution can only be done at the primitive level, as
in contrast to our methodology, there is no \vertical" link between causalities in the
di erent levels of abstraction. Kambhampati addresses user intent ly de ning a subset
of abstract e ects explicitly for condition establishment, and by explicit representing

the incompleteness of scheme de nitions. For the latter, a specic predicate prevents
insertion of new steps.

Another aspect of hybrid planning to mention is its relevance to the relative new area of
mixed initiaive planning. Only small modi cations to hybrid planni ng algorithms allow
the user to propagate decisions as commitments to the planner, includg insertion of
new tasks (many technical problems concerning systematicity of thesystem, etc. are
of course beyond the scope of this paper). The resulting system bene from our state
abstraction technique, because the intermediate results, whickare the basis for user
interaction, become more usable in two ways(a) The explicit representation of causal
interactions is intuitive, even for abstract tasks, and (b) all modi cations can be done at
an arbitrary level of abstraction. An example might be an abstract plan with t ransport
tasks, for some of which a human user can decide { on the basis of the planasopped
so far { not to be performed by aircraft. He can introduce at this level constraints to
choose land vehicles.

7 Conclusions and Future Work

We have introduced a planning approach that integrates hierarchical aisk networks
and state-based POCL planning techniques by imposing hierarchicaktructures on
both tasks and state descriptions. Tasks on all abstraction levels are erinded by pre-
and postconditions, which enable the exible integration of hierarchical decomposition
and nonlinear planning. A formal semantics of the approach provides the nabn of
legal decomposition, among others. It is an essential means to ensure thaturing
domain modelling tasks and state abstractions are de ned in a mutually onsistent
way. A planning system has been presented, which implements th integrative planning
approach. It will be used to exibly generate mission plans for envirormental disasters.

Future work will, among others, be devoted to even further exploit the object-oriented
implementation paradigm and to the implementation of a more exible search strat-

egy. Furthermore, the example domain strongly demands resource reasawj, especially
time, and a specialized loop mechanism.
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Abstract Starting from a set of requirements which should be accahetl by any hierachical planning ap-
proach to real-world problem solving, we show how known dmiehical models may be improved by means
of a hybrid approach. Additionally, on the basis of this hglbmodel, which is being applied to a real domain,
we present a compared criticism about known hierarchi@irphg properties and its usefulness to reflect the
complexity of real-world problems.

Keywords: hierarchical planning, abstraction formalism, planningdgal domains

1 Introduction

The use of hierarchical planning techniques is intendecttoese two goals. On the one hand, to improve the
efficiency in time and space of non-hierarchical planninghods [3,4,14,17,18,24,23]. And, on the other hand, to
achieve problem solving strategies closer to those exduliy humans in real-world problems [5,10,11,20]. In any
case, these hierarchical planning techniques search &ayuesace of plan&S .. 5™} such thatS is a solution at
the highest level of abstractiofi* is a solution at the lowest level of abstraction, that is,imftive solution, and
every planS?  is a valid refinement of a more abstract piin

In order to achieve those goals, a hierarchical planningehfod real-world problems should be based both
on some knowledge abstraction formalism for domains dessoris and also on some planning process able to
obtain abstract plans and refine them into primitive plansijrbany case, these planning models should satisfy the
following requirements:

— Expressiveness. The domain description language and sieation formalism should support the represen-
tation of real-world problems similarly to hierarchicabptem solving knowledge representations of humans.

— Simplicity. The stage of domain description should be agptnas possible, that is, it must have the lowest
number of syntactical restrictions and, if possible, it trhessupported by knowledge acquisition tools.

— Autonomy. A hierarchical planning model should reduce aximam the number of decisions taken during
domain description, most of them manually defined by humamg translate these decisions into the planning
process which reaches a higher responsibility in the pmlslelving process. The fact is that domain descrip-
tions may be used to code some procedural knowledge, thay tases may be an excessive amount of this
type of knowledge. The goodness of this practice is not clearthe one hand, the encoding of procedural
knowledge in domain descriptions may be very efficient ang bma straightforward domain description
technique. However this could lead the planner not to sabweesinstances of problems if some “precoded
knowledge” is missing. On the other hand, a more declar&ivavledge representation in domain descrip-
tions may be more difficult or not very intuitive to handle bo¢cause of its generality, the scope of solvable
instances of problems is increased.

— Soundness and completeness. A hierarchical planning gsat®uld find valid solutions at every abstraction
level whenever they exist.

— Efficiency. In order to adequately exploit a hierarchy of wiexdge, a hierarchical planning process should
intensively reuse the knowledge embedded in higher levatisas as a guide to refine lower level solutions
more efficiently.

This work has been supported by the spanish government Ci@&r project TAP99-0535-C02-01.
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Known models of hierarchical planning hardly satisfy altlegse requirements, but only some of them, since
there seems to be a trade-off between the attainment of oitiesaspect to others. In general, this is true both in
non-decompositional models based on abstraction higesr¢,17,18,24] and in decompositional models, either
HTN-based models [11,16,20] or POCL-decomposition modeld.,25].

In the case of decompositional methods, mamityn methods, it is widely recognized that they have a great
expressiveness power for real world problems [16], howeahere is a high number of decisions which must be
taken during the description stage of a domain, decreabim@utonomy of the planning process and increasing
the effort needed to represent a domain [20,23]. In the chseredecompositional methods, mainly abstraction
hierarchies, they are almost completely devoted to imptbeeefficiency of planning processes, disregarding
expressiveness issues. They represent an excellent tisabfeamework for the study of hierarchical planning
processes, but its lack of expressiveness makes these deatimre difficult to apply in real-world problems.
These models may lead to conclude that any improvement iresgpeness implies a decrease in efficiency, and
this is not always true [8].

The need to satisfy the above mentioned requirements hdddahe definition of a set of properties which
only appear in hierarchical planning models. The main prtiggewhich can be found in the literature &fpward
Solution PropertyMonotonic Ordered MonotoniandDownward Refinement Propeifiy,17,23].

These properties are intended to define a reference frarkdarathe design of “good” hierarchical planning
models so that any model which meet these properties, distiesmsome of the requirements, mainly, efficicency
and completeness. However, despite its undoubted thealresefulness and the benefit achieved in the devel-
opment of hierarchical planning models, this set of prapennay be questioned because they do not take into
account all of the requirements and some property may pariows risk some of the requirements, mainly expre-
siveness, i.e. an appropriate representation of know|emgeof the most important issues for solving real-world
problems [9].

However, it is possible to achieve a higher attainment o$¢hequirements by means of a hybrid planning
process which could use decomposition techniques joinitly @perator-based techniques to benefit of the advan-
tages of both models [12]. This work analyzes the main sbariegs of known hierarchical planning methods and
presents a hybrid hierarchical planning model which presid higher accomplishment of the above requirements
and that has been used to solve real-world problems [7,8&].Hjorid process presented in [12] is only focused
on representational issues, by reusing concepts fomand operator-based planning, neglecting details about its
impact on the planning process. This work is a deep efforkpdi@t the syntax and semantics of decomposition
and modularity based on a representational scheme whifgdrglffom that ofHTN and operator-based planning,
and also to explicit the impact of this knowledge repred@man the planning process.

In order to correctly argue this criticism, the main issuasr the design of a hierarchical planning model
have been identified, and they will be used to show how knownahchical planning methods present some
shortcomings in every category and how the approach pregémtthis work solves some of them providing a
higher degree of accomplishement of the requirements.€lilssaes are the following ones:

— Issues related to domain description.
1. The definition of the abstraction formalism.
2. A syntactic description to articulate the decompositibactions.
3. A semantic description to identify valid decompositiamsl modularity relations.
— Issues related to the planning process.
1. Completeness issues in backtracking between diffebesttaction levels.
2. Consistency issues of the causal structure of plans ketdiferent abstraction levels.

Next section will show the shortcomings of known approac¢béserarchical planning under the point o view
of these issues, and this same point of view will be used teovghe contributions of this paper in Section 3.
Finally, some reflections about the role of these issuesyraore complex interactions between the requirements
are shown.

2 Shortcomings of known hierarchical models

2.1 Abstraction formalisms

Every hierarchical planning model establishes a set ofagyitial tools to allow for the description of different
abstraction levels in a domain. This abstraction formalismsed during the planning process in a “top-down”



refinement of high level plans into lower level plans whicldemwhen primitive plans are obtained. The definition
of this abstraction formalism directly has effects on reguients such as expressiveness, simplicity and autonomy.

An optimal abstraction formalism should allow for a real Wwhedge abstraction at different levels [5,15,21]
so that actions and literals are represented at differertudarity levels and the number of syntactical rules and
human decisions are reduced to the minimum in the stage o&ithoskescription.

Abstraction hierarchies based models use “literal-ogdhabstraction formalisms in which every literal from
leveli remains at level + 1. This is a very hard syntactic restriction since it limitg tbstraction of knowledge,
mainly actions, which maintain their semantics at everyrabton level, but described with a different number of
literals, so that this formalism is unable to represent counmgl actions. For this reason, it is very difficult to apply
in real-world problems [5,21].

On the other hand, decompositional models use an “actiem®d” abstraction formalism, based either on
static decompositions (reduction schemes) [11,23] or orathic decompositions (decompositon schemes) [12,13,25]
which allow for a real abstraction of actions so that lowgelections are represented with a higher granularity that
higher level actions. This formalism provides a great esgik@ness power for complex problems [16]. However,
in these models, every precondition and effect of a compaumion must be somehow distributed amongst its
constituent subactions [23,25]. This restriction limfte teal abstraction of knowledge, since all of the abstacti
levels share the same set of literals, it decreases theisitpgf domain descriptions and needs a great effort of
human decisions.

2.2 Decomposition mechanism

This is a set of syntactic tools to decompose high level astinto lower level subactions and it influences expres-
siveness, simplicity, autonomy and completeness. Withaedo expressiveness and completeness, the decompo-
sition mechanism must allow for alternative decomposgtiand a true modularity of actions, that is, a different
granularity of knowledge between the compound action andubactions. With respect to simplicity and auton-
omy, action decomposition should provide the means to desdomains with the minimum amount of knowledge
supplied by humans.

Action decompositions are present in decompositional dsooiet do not appear in abstraction hierarchies.
Although there are some minor differences between themgih imodels the decomposition mechanism always
need extra knowledge which has to be coded by hand. It is basadset of static reduction rules which must be
supplied by hand during domain description: the anteceafahe rule is a compound action and its consequent is
the set of subactions, its relative ordering a set of cairged between them and even binding constraints. These
mechanisms are very expressive but also make the stage aifinldescription very difficult.

2.3 Semantic validity of decompositions

The decomposition mechanism establishes a modularitiioelaetween two plans® andS?  at different ab-
straction levels so that every actiondi is mapped into a set of actions 8f . Not every syntactically valid
decomposition is also a semantically valid one, so a setit#riar which feature semantically valid decomposi-
tions, i.e. modularity relations, should be defined takimg account the following issues.

— Every action at level + 1 must be related to an action at level
— A decomposition of an action should not have any internablvadble flaw.

— Subactions should not interfere with the effects of higkeel of the action whose decomposition they belong
to.

In known decompositional models these issues are resplitysith the human who writes a domain descrip-
tion, decreasing the autonomy of the planner. This shifeegponsibility could be avoided by defining general
semantic properties which must be satisfied by any modulzrdposition, and giving more responsibility to the
planner to find a valid decomposition by means the syntagtitstof the mechanism and reducing the effort of
coding a domain.
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2.4 Backtracking between abstraction levels

A key issue in any hierarchical planning algorithm is thechekbacktracking between different abstraction levels
during the search process. This is particularly importanérvat some abstraction levieh solution cannot be
found and the algorithm needs to go back at level to search for other refinements. This can be seen as a
knowledge-based pruning mechanism which is able to rejeatgtnd branches at high abstraction levels and
provide an improvement in efficiency. However, dependingt@nabstraction formalism and on the features of a
valid solution, there may be sondemainsin which a planner may lose its completeness due to this kaaiihg
mechanism [17,23].

The existence of these domains led to the definition ofUpgvard Solution Propertf{USP) [17,23]. This
property states that if a primitive solution exists in a hierarchical domain, then there is a sequence of refinesme
{8 ,..S"} which starts at the highest abstraction level and ends abwest level such that every’  is a valid
refinement ofS?. It may be seen that the contrapositve of this property alfav backtracking when a solution
does not exist at any abstraction level, i.e., there will basaiution at primitive level.

This property is always satisfied by abstraction hierasch&sed models [3,17]. But in the caseHoiv based
models, it is shown [23] that this property does not usuadiidibut it can be satisfied by the addition of some
syntactic restrictions, mainly thénique Main SubactioiUMS). This restriction states that all of the precondison
and effects of a compound action must be reproduced in ordysabaction of its decomposition. This restriction
leads to use the same granularity of knowledge in compounmheaas well as in their subactions, thus completely
losing the modular relation of a real decomposition of awiorlhis implies a lose in expressiveness in real-world
problems and, therefore, mostN based planners do not satisfy the USP. One might think thd&P is not
satisfied, then completeness of decompositional plannigpgrithms may be put in risk in those situations in
which the algorithm bactracks but, actually, it dependdmrépresentation of the final solution.

When the solution to a problem is seen as the lowest leve| ptana primitive plan, then hierarchical planning
methods may be seen as another heuristic to improve thesefficiof planning, that is, a different way to arrive
at a one-level plan which solves a planning problem. In trees®s completeness may be lost since in some
domains, there can be a primitive solution but no abstrdatisas and thus a backtracking criterium based on
the nonexistence of abstract solutions would not be endDghhe opposite, when a solution to a problem needs
a complete hierarchy of valid plans where every abstracgt {gaompletely autonomous and operational, and it
is used as a modularization tool for lower level plans, thenrnonexistence of any abstract solution impedes the
existence of a complete hierarchy of valid plans and it candegl as a sound backtracking criterium.

Another property related toSPis theDownward Refinement PropertpRP) [2,3]. The DRP states that if a
non-abstract, concrete level solution to the planning l@rokexists, then any abstract solution can be refined to a
concrete solution without backtracking across abstradéeels. This property is also hard to satisfy in real-world
problems. Its fulfilment implies a drastic improvement ifi@éncy since a hierarchical planner does not need to
backtrack between abstraction levels, but in order to dip there cannot be more than one decomposition for every
compound action. This is also very restrictive for realddgroblems in which the need to represent alternative
decompositions has been widely recognized as a key regeiirgi6,20].

2.5 Consistency of causal structures through abstractiorelvels

This last issue consists of reusing the set of causal linlebkshed at some abstraction levels a guide to refine
a plan at level . When every causal link established at lewvé&d somehow “inherited” at level then a
hierarchical planner is said to satisfy th®notonic Property2,17,23,24]. This property is very important with
respect to the attainment of efficiency and consistencyeptanning process:

— The efficiency may be improved since the reuse of causal lirfkish have been established at higher levels
avoids the redundancy of the planning process in the seat#dtvs previously solved at higher levels do not
need to be reconsidered again at every lower level. Furthierunsolvable threats may be detected earlier to
prune dead-end branches.

— From the point of view of the consistency of the planning jess; it would not be easily understandable that
any action in a plan at some level could contradict any cawdalion previously established at any previous
level despite of the correctness of that plan in its own le¥elbstraction.

Therefore, a hierarchical planning model for real-worldlgems should satisfy this semantic property. In the
case of abstraction hierarchies, this property directlgfialue to the abstraction formalism and independently of
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the planning process followed, eithe8STRIPS[3,17] orABTWEAK [24]. HTN based models provide the means to
inherit causal links between abstraction levels, but ogeéra they must be hand-coded during domain descriptions
[23] decreasing the autonomy of the planner, whereas irr diieompositional models this issue is not addressed
[12,13,25].

Next section will show the main contribution of this papeddrow it provides helpful advances in every issue
discussed in this section with respect to both non decortippal and decompositional approaches to planning for
real-world problems.

3 A hybrid model for real-world problem solving

Compound Agent

Properties | Behavior

Sttes
Name &
Vaisbles | Compounc
Actions

Interface

Is Part Of 1s Part Of ‘

Primitive Agent Primitive Agent
Properties | Behavior Properties | Behavior
States Stetes
Name & Name &
Vaisbles | Primitive Vaizbles | Primitive
Actions Actions

Figurel. Primitive and Compound agents.

In our model a domain is represented asompositional hierarchy of agen{see Figure 1), i.e., an agent
hierarchy with different levels of abstraction such thajthlevel agentsqompound agenfsare composed by
lower-level agents. Leaf nodes of the hierarchy@mimitive agentswhich represent real world entities able to act.
We can find many real applications which fit into these fea{28] (robot planning and control [1], manufacturing
systems [6,19] or aerospace applications [12]).

Every ageny of a compositional hierarchy is represented by means ofdiggrties (name and variables) and
its behaviour. The behaviour is modeled as a finite automiatamich every actior of g is represented by a set
of requirementsReqa , which must be satisfied in order to achieve a correct exacwii the action, and a set of
effects,Efs a , which include the change of state producedlmyver the agenj (we noteAg a the agent which an
actiona belongs to). In order to achieve an adequate expressivéoragzal-world planning, the model of actions
embodies two fundamental features:

— Actions are considered as intervals, that is, every actiohan ageny executes over an interval, End a
defined froma until the next change of state gf produced by another action of the same agem,a .

— The set of requirements is divided into a set of conditiores/fo represent different ways for preconditioning
an action (see [7,8] for more details).

Actions in a compositional hierarchy may bemitive actions if they are executed by primitive agents, or
compound actiondf they are executed by compound agents. Both action typasesthe same structure, but
compound actions, which are represented at a higher lexasifaction, additionally include a set@fpansion
methodswhich are used to decompose them into subactions. Debails ghis decomposition mechanism will be
described later in Section 3.2.

Remaining sections are devoted to explain in more detaihghrid model, and to show how the key issues of
known hierarchical models, shown in Section 2, may be imgddx order to solve real-world problems.

3.1 Abstraction formalism

As opposite to the formalisms described in Section 2.1, tstraction formalism of our hybrid approachkis-
haviour orientedthat is, the abstraction is centered on the behaviour opcamd agents in such a way that the
behaviour of high level agents is a more abstract represemtaf the behaviour of their components.
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Firstly, the knowledge of a compound agent and the knowleddes components are related by means of
the Interface of the compound agent [6] (noted &s,). This is a set of simple association rules used to map
literals, variables and states of an agent into literalsatiées and states of its components. This mechanism allows
an expert to easily describe and relate actions and litefadgients at different levels with a different semantic
granularity, such that sets of literals and actions at diffieabstraction levels are also different.

Secondly, in order to articulate levels of abstraction dearuds, during the planning process, we have defined
anarticulation function[6,15]. This function (noted ag,;) is a domain independent mechanism defined for every
compound ageng which uses its interface to translate every literal into & fevel of abstraction. Hence, every
literal I=(N z; . ..x,,) at leveli, in the description of a compound actiah of a compound agent, is translated
into a set of literals of level + 1, whose arguments are consistent with the new level of atigira These literals
are built according to these rules:

— Ifthere is a rule innt, which specifically associatédo a set of literals, theff, ({) returns that set.
— Otherwise, the literal is translated component by compgnan, f,(I) returns the single sef (Int,(n)

Intg(z1)...Intg(2,))}
— Finally, if there is no semantic correspondence in the nlestraction level fol, f,() returns the empty set.

Both the articulation function and the interface of compdagents may be used to relate knowledge at dif-
ferent granularities. The knowledge of a compound agerth) wilower granularity, may be translated into the
knowledge of its constituent agents, with a greater graityla

Additionally, there is a sort of assisting tool for domairsdeptions: an expert may describe a domain as a
compositional hierarchy from an existitpss libraryof predefined agents which also contains predefined agent
interfaces. Thatis, rules contained in interfaces may bgya@used, simplifying the process of domain encoding.

This abstraction mechanism provides a real abstractiomofvledge since actions and literals in the hierar-
chy are represented at different granularity levels, blatteel between them. As a result, the amount of syntactic
constraints which must be observed during the domain qesamistage is reduced. There is no need to distribute
preconditions and effects at lower abstraction levelsesihis knowledge will be translated by the articulation
function. Moreover, a human domain designer only has toigpetich are the components of a compound agent
and, if needed, to specialize some agents by introducingéospecific knowledge.

As will be seen later, this formalism is able to maintain-am-like expressiveness, but with a simpler domain
description process which reduces human decision makiegrt stages.

3.2 Decomposition Mechanism

Every compound action of every agent at levé| contains a set afxpansion methodgng, m1, . ..} where every
methodm; ;- is a set of literals at level+ 1 which represent subgoals to be achieved by actions of agetite
nextleveli + 1. This set of literals will be noted @a=comga) and they are a semantically equivalent representation
of the effects ot at leveli + 1.

From the point of view of a human at the domain descriptiogest& must be taken into account that every
compound actioix contains alefault expansion methpah, whose literals are the result of applyifigto every
literal in the set of effects af. Moreover, in most cases this method has shown to be expeessbugh to describe
how a compound action may be decomposed.

The decomposition mechanism is a dynamic process, pertbatnglanning time, which decomposes a com-
pound actior at leveli following these two steps:

1. Determine the set of literals at the next level 1 which have to be achieved by actions of agents at that level.
It may be obtained fronmq, without any additional knowledge, or by means of anothtrahtive method. .

2. Determine, by means ¢for-based techniques, the set of actions such that either Hiesfysthose literals
generated by or they contribute to their establishment. These actiotisweike up the real decomposition of
.

This decomposition process preserves the expressivehedges@mposition rules of other models, that is, it
allows for alternative action decompositions, with diéfet grain size. Additionally, it improves decomposition
mechanisms discussed in Section 2.2 in the sense that itrdegquire to know the modular decomposition

! Greek letters represent higher level actions and latieretower level actions.



of every compound action, prior to the planning process,iarmdost cases the only required knowledge is the
interface of every compound agent, covering much betterirements of simplicity and autonomy.

Another feature of this mechanism is that the correctness @écomposition does not have to be checked
“a priori” by hand. Instead of this, this task is shifted inte planning process who becomes the responsible to
dynamically check the correctness of every decompositienery level of abstraction.

3.3 Semantic validity of decompositions

A key issue in the previously described decomposition pgecethat it allows to shift the task of determining the
set of subactions which corresponds to a compound actionhietplanner, while preserving semantic correctness.
This feature leads to definemaodularization relationshifppetween two plans at different levels of abstraction. In
the following we will introduce some fundamental conceptstfinally, will allow us to define what we consider
a valid decomposition as@rrect modularization relationship

Modularization relationships In our compositional hierarchy we use two functiossi{«) and Scopéa), to
represent hierarchical relationships “is composed by”‘@gdart of” respectively, so we say thate Suda) <

a = Scopéa). FunctionScopéa) (Figure 2) gathers the general criteria that a hierarchutzaler has to take into
account to dynamically find the set of subactidns, a .. ..} of a compound action. It takes as input an action
a, from a planS? at leveli, which satisfies a literdl from the same level, and it decides which is goepeof a,
that is, the compound actianat the inmediately higher level which contains the action its decompaosition.

Scopea
IF a/ asatl,l Decompa
THEN Let a1,...,a  suchthat asa'l ,1  Decompa
Let o = Non Deterministically Choose One Gfrst «1,...,a
ELsElet ay,...,a suchthat asatl .l  Reqga
Let a = Non Deterministically Choose One ®frst SCOpe€a; , . .., SCOpea
Returna

Figure2. FunctionScope

Summarizing, the scope of an actietis a higher level actiow if one of the following conditions holds:

— a establishes several literals generated by different ilglvel actions{« , ..., a,}, anda is one of the first
actions of this set (functioRirst returns a set of actions for which no other actions preceel® h the set of
actions used as argument). It must be said that a same actipieontribute to different higher level actions
but it is assigned to only one of them.

— a establishes several requirements of a set of actions ante tevel{a ,...,a,}, anda is one of the first
scope®f this set of actions.

This definition is based on literal satisfaction, so it is gible to dynamically generate, at planning time by
means ofPorbased techniques, the set of subactions for a given contiaation at level. Moreover, functions
Scopéa) andSul{«) establish a modularization relationship between planeatconsecutive abstraction levels,
such that every action in a plan at levés mapped into a set of actions of a plan at the next Ievel.

Taking into account the terms of this definitiomprbased causal link management is the natural way to
dynamically guarantee a valid causality between the sidrexof a compound action.

Correct modularization relationships In order to guarantee a correct modularization relatignshigh-level
effects of a compound actiom at level: should not be deleted by any of its subactions at lévell. The set
of literals Decomda), generated at leval + 1 by the above described decomposition mechanism,cdre a
semantically equivalent representation of the effects af leveli, therefore these are actually the literals which
should be protected at levek- 1.
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The new concept olfiybrid causal linkis used to protect these literals. In order to understand dadwbrid
causal link is represented, and its semantic implicatiis,necessary to know the extended representation of a
causal link used in our model, which embodies the notion tibas interval, a more suitable representation for
real-world domains [7,8].

Acausallink] — ]is a structure used for representing that a requiremefan action has been satisfied
by another action and this has to be protected during the action intdrvall and is not necessarilgnd ). So,

an action threatens a causal link— |, when deletes and the interval ] is unordered with respect to
theinterval End )]

De nition 1 (Hybrid causal link.) A hybrid causal link at levelis a structure represented s — ], where

— and are two compound actions at level 1 which belong to a causal link — ] atlevel —1.
— s aliteral atlevel generated by, atlevel —1,suchthat € ag ().
— is an action which satisfiesand = Scopé ).

A hybrid causal link describes that a literal generated and satisfied by some subactionof has to be
protected from any other threatening actionpat the same level than , which could delete that literal. Thus, a
hybrid causal link will be used to detect and solveydorid threat an analogous concept to that of classic threat
which takes into account the existence of causal links & it abstraction levels.

De nition 2 (Hybrid Threat.) An action produces a hybrid threat to a hybrid causal lihk — ] when

)y 29
i) [ End )]is unordered with respectfo ]

Finally, based on these concepts of hybrid causal link afwlitiyhreats we are able to establish what we con-
sider acorrect modularization relationshig\ correct modularization between two plans at consecuatgtraction
levels exists when there are no hybrid threats within th@sad any compound action, that is, when any effect of
a compound action is not deleted by any of its subactions.

Therefore, any modularization relationship must satist t

A € Sul{ ) suchthat produces a hybrid threat to a hybrid causal link— .

The definition of a correct modularization relationship ipaticular case of a hybrid threat in which the
threatening action and the causal link belong to the sameesttallows a planner to decide which decompositions
are correct and also to establish the order relations anshtéinks between its subactions, both dynamically.
Moreover, from the point of view of a human domain desigrtes, glanner will be able to modularize the actions
of one level with respect to the actions of a higher level,sk tahich is only carried out by humans in HTN
methods.

This procedure to dynamically identify valid decomposisoof actions allows for an increase of autonomy
of the planner and a greater simplicity of domains desansti since the knowledge which identifies these valid
decompositions does not have to be provided during domaiimgolnstead, this knowledge is “distilled” during
the planning process.

3.4 The planning process

The goal of the planning process is obtaining a hierarclpiead which correctly describes the behaviour of a com-
positional hierarchy of agents at different levels of adxtion. A solution to a problem is a hierarchical plan, that
is, a sequence of pla{sS! S } at different abstraction levels, where every pfanmust be a valid solution
at level , which will be called a level partial solucion, since it describes the behaviour of eganhtevel . The
lowest level plan is completely made up of primitive actioaisd every plan at levelhas a correct modulariza-
tion relationship with respect to the plan at the next albtiva level + 1. The algorithm which generates such
hierarchical and modular plans is shown in Figure 3.

2 Two intervals are unordered when their limits are unord¢séd



HYBIS (Domai n, Agenda, H Pl an)
IF Agenda is emptyanD IsPrimitivePlan(H- Pl an[ Current Level ])
THEN RETURNH- Pl an
ELSE LET FI aw= SelectFlaw(Agenda)
IF Fl awconsists on a hierarchical refinement
THEN RETURN REFINE (Domai n, Fl aw, Agenda, H Pl an)
ELSE RETURNGENERATE (Domai n, Fl aw, Agenda, H- Pl an)

REFINE (Domai n, , Agenda, H Pl an) GENERATE (Domei n, Fl aw, Agenda, H PI an)
LET Met hods = HowToRe ne?( , Donai n,H Pl an) LET Al ternati ves = HowToDolt?(Fl aw, Domai n, H- Pl an)
WHILE Met hods is not empty WHILE Al t er nat i ves is not empty
LET m= ExtractExpansionMethod(Met hods) LET How= Extract(Al t er nati ves)
Insert(m Pl an- H] ) Dolt(How, Donwi n, Agenda, H Pl an)
LET Resul t =HYBIS(Domai n, Agenda, H Pl an) LET Resul t = HYBIS(Domai n, Agenda, H Pl an)
IF Resul t # FAIL THEN RETURN Resul t IFResul t # FAIL THEN RETURN Resul t
RETURN FAIL RETURN FAIL

Figure3. A hierarchical hybrid algorithm based on hierarchisah-like refinement and generativorlike re-
finement.

This algorithm synthesizes a hierarchical plan by genegatind refining a set of plans at different levels of
abstraction. Every plan describes the behaviour of a set of agents at the same leddt, may be considered a
complete solution to a levélproblem or a partial solution to the whole problem.

The highest level plan, !, is obtained by generative techniques, and every plafiori > , is obtained by
means of a hybrid process which interleaves hierarchioalcfonREFINE) and generative (functioBENER-
ATE) refinements. FunctioREFINE performs the step 1 described in Section 3.2, that is, it mposes every
compound actiom into a set of literals by any of its existing methods and thénserts these literals in the plan.
FunctionGENERATE performs the step 2 described in Section 3.2 taking intowatcihe validity of decompo-
sitions described in Section 3.3. That is, it satisfies elitasal by means of generative techniques and establishes
a correct modularization relationship between every camgaction and its subactions. FUunctiGENERATE
is based on a non-hierarchical POCL planner described in [8]

The process ends when all of the actions in the current piapranitive actions and that plan has been correctly
modularized.

Next, we will discuss the key issues of backtracking betweesls of abstraction, and the consistency of causal
structure through levels of abstraction.

3.5 Backtracking between abstraction levels.

In the algorithm described in Figure 3, backtracking betwalestraction levels is done when there is no possibility
to generate a plan modular and causally correct with respect to! as seen in Section 3.3. It must be said that,
taking into account the type of solutions obtained by ourrapph, backtracking between abstraction levels has no
negative effect over the completeness of the algorithmiszsigsed in Section 2.4.

A solution is not a primitive plan, as in mostrN approaches, but a complete hierarchical and modular plan,
that is a sequence of plans?! ... , Where the lowest level plan is completely made up of primaitictions,
every plan is a partial solution at levéland it has a correct modularization relationship with resgethe plan
at the next abstraction levél . Hence, if there is no partial solution at some abstractoell then there is no
possibility to obtain such a complete hierarchy of validnsladespite of the existence of any later primitive partial
solution. Therefore, in these situations, the need to otaaiomplete hierarchy of plans leads to backtrack to the
previous abstraction level to continue the search for rdtidre refinements. Given that a solution is a complete
hierarchy of plans, as opossite to most HTN approaches ichnisolution is a primitve plan, a backtracking
criterium based on the contrapositveusPdoes not put in risk the completeness of the algorithm.

As can be seen, the usefulness of &P to backtrack between abstraction levels in real-world pilag
depends on how a correct solution is defined. However, owréxqce in solving real-world planning cases points
to an interesting role of this property in domain validatiamich will be outlined in Section 4.

Finally, next section will be devoted to show the monotdsyiof the causal structure through different abstrac-
tion levels.
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3.6 Consistency of causal structures through abstractiorelvels.

In our hybrid model, a pla§ inherits the causal link structure generated in the glart by means of a dynamic
process at planning time. This process is based on reusingigin level structure of causal links, taking into
account the inheritance rules shown in Figure 4.

RULE 1: RULE 2:

; n i1 .
Acausallinkf —  ]fromS&* *, suchthat Ag(a)( ) # NIL, A hybrid causal link| EN ] from &
has associated a hybrid causal ik, ]in S* if has associated a causal lipk’s  ]in S if

o€ Ag(a)( ) ) eSuhl )
. Sat
i) aia}t i) == e€Req)

Figure4. Inheritance rules of causal links

This monotonic inheritance of higher-level causal streesus used to detect and solve hybrid threats. These
hybrid threats represent a violation of a causal link eghbt at level by an action at level and they will
become a classic threat at level when all of the actions at levelhad been decomposed. Hence, unsolvable
hybrid threats, which will later become unsolvable clagisieats, may be used for an early detection of dead-end
branches and backtracking before all of the decompositiaas been completed.

In summary, this inheritance of causal structures not ordyides a greater expressiveness, since it is the basis
of the dynamic decomposition mechanism, but it also pravaereater efficiency, since it allows for an early
detection of some unsolvable threats exploiting the kndgdesynthesized at previous levels.

4 Conclusions

In this work we have shown some advances in hierarchicahplgnwhich overwhelm a set of shortcomings on
known hierarchical models, and we have presented a discussithe adequacy of hierarchical planning properties
for real-world planning, on the basis of a hybrid planning@ach developed to solve real-world problems.

Space precludes to justify our proposal with an appropgagerimentation. It must be said that our model
has been extensively used for the automatic synthesis @rbldcal control programs for manufacturing systems
in which simple domain descriptions and modularity relasiplay a very important role. This experimentation is
being carried out in close collaboration with experts orustdal domains within a research project, and it will
appear in other paper in preparation.

In any case, all of the improvements which have been proplasesia common basis: the abstraction formal-
ism based on tharticulation function This abstraction formalism allows for a high accomplishingf formerly
enumerated requirements (see Table 1 for more details):

— Simplicity: it reduces human effort on syntactic consttsinbservance and decision making, at domain de-
scription stage.

— Autonomy and expressiveness: it provides the basis for amijmaction decomposition process performed at
planning time and it allows to obtain “ready-to-use” planisieth describe the behaviour of a compositional
hierarchy of agents.

— Soundness and completeness: it also provides the basiyrdianmically checking the semantic correctness
through plan levels with different semantic granularithile preserving completeness.

— Efficiency: the inheritance of causal structures providesrheans for an intensive reuse of the knowledge
embedded in higher levels. This reuse of higher level kndagdeproduces a great benefit on the efficiency
and, in addition, it allows for a more understandable plagmpirocess from the point of view of a human.

On the other hand, we have also discussed the adequacy ofikmievarchical planning properties for real-
world problem solving. In summary, thERPis too restrictive and it leads to reduce expressivenese&world
problems. However, we have shown that the Monotonic Prgpentery useful for real-world planning. In par-
ticular, we have introduced a new mechanism which mono#digicnherits causal structures between plans at
different abstraction levels, which are represented & miht semantic granularity by changing the represemtatio



language. Finally, we have shown thé@Pmay be used to bactrack between abstraction levels withgtihg in

risk the completeness of our hybrid algorithm. This is beeahe type of solution needed in our approach is not
a primitive plan, but a complete hierarchy of plans. Howetles accomplishment of this property is still useful
during domain description process, from a knowledge ermging perspective.

Although the completeness of the planning algorithm coelébibmally proven, it is always possible to describe
a hierarchical domain with no partial solution at some auwstievel, but with a partial solution at ground level.
This means that theSPis an inherent property to every hierarchical domain, whezsmmplishment is necessary
to prevent the description of bad domains. However, it cbeldrgued that there could be some feedback between
the planning process and the domain description proceds tkat the planner could be able to detect and suggest
some domain coding errors. This strategy could be impleettioy means of a mixed initiative planning process,
such that the planner would inform the expert about the oistances which invalidate the execution of actions at
a given level (for instance, a unsolvable threat could medeaallock between two agents). This situation would
interrupt the hierarchical refinement process until a red&fn of conditions at that abstraction level had been
done.

This mixed initiative process could provide the basis foyaaimic knowledge validation, at different levels of
abstraction, during the planning process. But it must be &t such as mixed initiative redefinition process, at
a single level of abstraction, is only operative with an edatton formalism like the one presented here, since it
needs a completely differentiated representation at eafesyraction level, otherwise this redefinition should also
be propagated into lower level representations.

At present we are developing an intelligent digital assistar the interactive development of industrial control
programs on the basis of this hybrid model.
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L IBM T J Watson Research Center, PO Box 218, Yorktown Heights
New York 10598 USA

2 ILOG, S.A., 9, rue de Verdun, B.P. 85, F-94523 Gentilly Cedex France

Abstract. Many scheduling systems assume a static environment within
which a schedule will be executed. The real world is not so stable: ma-
chines break down, operations take longer to execute than expected, and
orders may be added or canceled. One approach to dealing with such
disruptions is to generate robust schedules: schedules that are able to
absorb some level of unexpected events without rescheduling. In this pa-
per we investigate three techniques for generating robust schedules based
on the insertion of temporal slack. Simulation-based results indicate that
the two novel techniques out-perform the existing temporal protection
technique both in terms of producing schedules with low simulated tardi-
ness and in producing schedules that better predict the level of simulated
tardiness.

Keywords: Robustness, Uncertainty, Scheduling, Heuristics
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3 Temporal Protection

Temporal protection [Gao95] is a preprocessing technique which extends the
duration of each activity based on the uncertainty statistics of the resource on
which it executes.?

Resources that have a non-zero probability of breakdown are designated as
breakable resources. The durations of activities requiring breakable resources
is extended to provide extra time with which to cope with a breakdown. The
scheduling problem with protected durations is then solved with standard schedul-
ing techniques.

The intuition behind the extension of durations is that during schedule ex-
ecution, the protected durations provide slack time which can be used in the
event of machine breakdown. For instance, in Figure 1, activities A and B are
sequenced to execute consecutively on a breakable resource. The length of the
white box represents the original duration of the activities while the shaded box
represents the extension due to temporal protection. If the machine breaks down
while activity A is executing, the extra time within the protected duration can
be used to absorb the breakdown. If the breakdown lasts no longer than the
available protection, its effect will not be felt in the rest of the schedule. If the
breakdown lasts longer, some reactive approach must be taken to restore consis-
tency to the schedule. If no breakdown occurs during the execution of activity A,
then activity B can start earlier: the slack provided by the temporal protection
for A is available for use by activity B.

Activity A Activity B

L ]

L
v

time

A key issue is the amount of temporal protection added to each activity.
Too much protection will result in a poor quality but highly robust schedule.
Too little protection will also result in a poor quality schedule execution if a
breakdown occurs. The approach taken by Gao extends the duration so as to
amortize the breakdown over a number of activities.

More formally, given an activity, A, that requires a breakable resource, R,
temporal protection defines a protected duration for A, dur  , where ¢p denotes
temporal protection, as follows:

2
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durg

m at( ) (2)

The equation specifies that the protected duration of an activity  is its
original duration plus the duration of breakdowns that are expected to occur
during the execution of

duratp = dura +

By extending activity durations in a preprocessing step, temporal protection
transforms the original problem to a new problem that can be solved with any
scheduling technique. We conjecture, however, that the preprocessing has a dis-
advantage in that during scheduling the amount of slack added to each activity
cannot be directly reasoned about. This can lead to situations where it is impos-
sible to share slack between activities even when no resource breakdowns have
occurred. Indeed, the claim that activity in Figure 1 can start execution early
if there is no breakdown during or before activity  is an over-simplification.
For example, in Figure 2 we introduce a third activity, , which executes on a
non-breakable resource and so has no temporal protection. Activity = must ex-
ecute after activity , and since activity finishes execution later than activity

, the earliest start time of is the end time of . The temporal protection
represented by the extension of the duration of activity  is not available for
use by activity as  cannot start earlier than the end time of

Activity A Activity B

Activity C

L
>

time

Fig. 2. A situation where the temporal protection cannot be shared between activities
and

To avoid such situations, we propose the time window slack (TWS) approach
which reasons directly about the slack time available for an activity during prob-
lem solving. Rather than including this slack as part of the activity duration,
we explicitly reason about it by adding a relation to the problem definition that
specifies that schedules must have sufficient slack time for each activity.

The advantage of this approach is that there is more information about activ-
ity slack during the problem solving. In a situation such as the one in Figure 2,



we are able to detect that the slack of activity cannot be shared with activity
. If there is still sufficient slack in the schedule after activity , we still may be
able to generate a valid schedule. If not, we must backtrack and continue search.
The amount of slack for each activity is still critical for the generation of

a robust schedule. Using r to denote the set of all activities executing on
resource , the required slack for activity € R is:
durp

slacky > —BEactsn 7
- ()

The required slack for an activity under TWS is considerably larger than the
duration extension in temporal protection. Indeed, the amount of slack on each
activity is equal to the sum of the durations of all the expected breakdowns on

. This difference is because we expect the slack on all activities on a resource
to be shared. If the slack is completely shared then the total slack on a break-
able resource is approximately equal (given integer rounding) to the sum of the
durations extensions in temporal protection.

The relation in inequality 3 is somewhat problematic for standard scheduling
approaches: no solution which assigns start times to activities can satisfy it unless
the left-hand side evaluates to 0. The very act of assigning a start time forces
the slack (as defined in equation 1) to be 0. Therefore, rather than being able
to use arbitrary scheduling techniques, we must use scheduling techniques that
reason about the order of activities on resources. Fortunately, such techniques
are not uncommon (e.g., [SC93,BF00]).

< ar( ) (3)

Neither temporal protection nor TWS take into account the placement of activi-
ties on the scheduling horizon. For example, consider scheduling a newly repaired
machine whose 47( ) is 1000 days and whose 47( ) is 50 days. Given the
negligible probability of a breakdown before day 800, it does not seem worth-
while to focus on making the schedule more robust before this time. Focused
time window slack (FTWS) uses the uncertainty statistics to focus the slack on
areas of the horizon that are more likely to need it to deal with a breakdown.
The probability distribution, ( ( ws( ) wr( )) < ), allows us to com-
pute the probability that a breakdown event will occur at or before time . An
approximation of this curve can be efficiently computed using standard statisti-
cal techniques. This curve is used to determine the amount of slack an activity
should have given the basic intuition that the higher the probability of a break-
down occurring before the execution an activity, the greater the amount of slack.
The slack for an activity is computed as a function of the probability that a
breakdown will occur before or during the execution of the activity and of the
expected breakdown duration. If the 4( ) for a machine is much less than the
scheduling horizon, the possibility of multiple breakdowns must be considered.
We do this by considering the cases for each breakdown, , separately. First,
we assume that at time 0 the machine has just been maintained. For each value
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group the likelihood of breakdown on each breakable machine increases as the
level increases.

The statistical values for each level of U, are derived as follows for a break-
able resource, R. Given the set of activities, actsg, requiring resource R, a lower-
bound, Ib(R) on the latest end time of the activities is calculated:

Ib(R) = maX(A n;iclgsﬂ(estA) + dura, An}leﬁR(lftA)) (7)
A actsgr

Using [b(R), we define, g r(R, Usiqr), the mean time between failure for
resource R, and oy ¢ (R), the standard deviation time between failure, as follows:

(R
:U’tbf(Rv Ustat) = 2[]8%, Utbf(R) = — (8)

The standard deviation of the down time o4 (R) is simply the mean duration
of the activities in actsg while the mean down time, ug4(R) is twice that value.

As we began with 10 problems, 6 values for L, the due date looseness factor,
and have a total of 9 combinations of the uncertainty factors, we have a total of
540 test problems.

6.1 Evaluation Criteria

The evaluation of the schedules under uncertainty is done using a simulator.
Our optimization function, therefore, has two forms: simulated and predicted.
Given problem instance, p, we use TARD(p,*) to denote the minimal sum of
the tardiness over all jobs in a predictive schedule. Similarly, we use TARD(p, s)
to denote the tardiness of problem instance p in simulation s.

Given a set of simulations, S, and a set of problems, P, the primary basis of
comparison of our robustness techniques is the mean simulated tardiness:

s TARD(p,s)
MST(P, ) = — 5l

Our secondary evaluation criteria is the mean absolute difference between
the predicted tardiness and the simulated tardiness.

9)

s sq @|TARD(p,s) — TARD(p, )|
1S x |Q|

MATD(P,S) = (10)

6.2 Results

For each test problem and for each robustness technique (including the

where the uncertainty statistics were ignored), each scheduling problem
was solved to optimality using ILOG OPL Studio 3.1, ILOG Scheduler 4.4, and
ILOG Solver 4.4. Solving a single problem to optimality took approximately 10
seconds, regardless of robustness technique, on a Pentium II, 300 MHz PC.
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are less disruptive: unless the breakdown occurs during an activity that is on a
critical path some of the breakdown will be absorbed by the naturally occurring
slack. Furthermore, with low levels of uncertainty, the level of slack required in
the TWS and FTWS conditions is small. The activity sequences in the optimal
solutions in the no protection condition will therefore be quite similar to those
of TWS and FTWS. Similar sequences will lead to similar simulated tardiness
results.

The second phenomenon is that while temporal protection performs very
poorly in terms of absolute difference with one breakable machine, when three
machines are breakable it has a lower mean absolute difference than TWS and
FTWS. The poor behavior, especially at level 3, arises from the fact that extend-
ing the durations of the activities on the breakable resource leads to a scheduling
problem where the breakable resource is essentially a bottleneck. The optimal-
ity of a solution depends almost wholly on the sequence of activities on that
resource while the sequences on the rest of the resources are irrelevant. An op-
timal solution, therefore, has an almost random sequencing of activities on the
non-breakable resources. When the duration extensions are removed in the sim-
ulation, the sub-optimal sequences on the non-breakable resources leads to high
tardiness. In contrast, with multiple breakable machines, optimality depends on
more than one resource, leading to a better sequence of activities over more of
the resources. The TWS and FTWS methods do not lead to a single bottleneck
resource when there is only one breakable machine. This is because the slack
that is added to the activities on the breakable resource affects upstream and
downstream activities as well. Since by construction all jobs have one activity
on the breakable resource, all activities in the problem are constrained to have
some level of slack. Even though there is only one breakable resource, all re-
sources are required to have an equal amount of slack and therefore there is no
bottleneck resource that completely defines optimality. During problem solving,
the activity sequences on the non-breakable resources are just as important as
those on the breakable resource in terms of optimality. The fact that the slack
is “propagated” to activities that are not on a breakable resource is, in retro-
spect, obvious. Based on our results, however, it may have a significant impact
on the performance of robustness techniques. An interesting question arises as
to the relative contribution of reasoning about slack during problem solving and
of “slack propagation” toward dealing with uncertainty.

We do not as yet have an explanation of the good performance of temporal
protection with high levels of uncertainty.

7.1 Relation to Previous Work

Slack-based techniques involve the addition of extra time in order to recover from
unexpected events. Similar approaches, called temporal redundancy, are common
in real-time fault tolerant scheduling [GMM95]. Such scheduling problems differ
from those typically investigated in the AI community both in the scope (i.e.,
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Dynamic Schedule Management: Lessons from
the Air Campaign Planning Domain *

Computational Intelligence Research Laboratory,
1269, University of Oregon,
Eugene, OR 97403
drabble,haqnQcirl.uoregon.edu

Abstract. This paper describes the Dynamic Execution Order Schedul-
ing ( ) system that has been developed to handle highly dynamic
and interactive scheduling domains. Unlike typical scheduling problems
which have a static task list, is able to handle dynamic task lists
in which tasks are added, deleted and modified “on the fly” is also
able to handle tasks with uncertain and/or probabilistic outcomes.
extends the current scheduling paradigm to allow tasking in dynamic and
uncertain environments by viewing the planning and scheduling tasks as
being integrated and evolving entities. has been successfully ap-
plied to the domains of Air Campaign Planning () and Intelligence,
Surveillance and Reconnaissance () management. The paper provides
an overview of the dynamic task model and the “penalty box” scheduling
algorithm which was developed to provide robust solutions to over con-
strained scheduling problems. The basic algorithm is described together
with extensions to handle flexible time constraints.
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Several systems [11,6,10] have attempted to solve problems in domains in
which there are defined time bounds on activities or where an activity’s outcome
follows some predictable distribution. For example, in semi-conductor manufac-
turing a machine may have a failure rate of between 0.1% and 0.5% depending
on the chip being manufactured. It may also be the case that some steps need
to be re-executed to deal with failures and reworking, e.g. most of the failed
chips can be fixed if they pass through steps 112 through 118 again. Systems
such as CASPER [3] and CPEF [9] have also attempted to address the planning
and execution problem. However, neither system has taken a resource centered
optimization approach and neither has attempted to coordinate planning func-
tions across distributed platforms. While these techniques have been successful
in domains with limited amounts of uncertainty they are totally unsuitable for
dealing with domains such as ACP that contain large amounts of uncertainty
(e.g., partially order activities, activities with unknown durations, unexpected
outcomes, new requirements) and probabilities (e.g., expected aircraft attrition
rates, target damage, locations of enemy forces). The problem is further com-
plicated by the distributed nature of the planning process in which different
aspects of the plan are generated and maintained by separate planning cells
(e.g. logistics, airborne tankers,, maintenance). The problem becomes one of op-
timally putting together many different scheduling pieces and monitoring their
dependencies and requirements over time.

One of the key aspects of the ACP process is the scheduling of aircraft
and weapons to targets (i.e., how many aircraft, of what type, carrying which
weapons are assigned to the target). This is a very complex problem as it contains
large numbers of different types of constraints (e.g., time, user priority, weight of
effort !, phasing 2, resources). The assignment problems needs to address three
major concerns:

1. Identifying trade-offs between different aircraft assignments. For example,
a mission’s success can be increased if it has fighter escort but these same
fighter aircraft could be employed on other bombing missions. If the opti-
mization criteria is to minimize the schedule’s makespan and to maximize
mission success then the choice of whether or not fighter aircraft are assigned
becomes an important trade-off.

2. Identifying the optimal set of targets which can be attacked with the re-
sources available. This requires the scheduler to identify a subset of the tar-
gets that can be successfully assigned and to ensure the reasons why targets
that are unassigned are fed back to the human planners. This allows for the
development of more robust schedules (i.e., ones with a higher probability of
succeeding) than previously available to USAF planners. In many cases the
human planners would sooner have a schedule that has a high probability of
destroying 90% of the targets than one than one which has a low probability

! the weight of effort specifies the percentage of aircraft which can be assigned to a
particular target type, e.g. 40% of F-15s to SAM targets.

2 phasing specifies the relative order target types should be attacked, e.g. all SAMs
before bridges
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the overall aim. For example, if the aim is to stop the enemy forces crossing the
river it may be possible to achieve this by destroying only 80% of the bridges.
This makes target selection a very important aspect of the scheduling process.
The scheduling process aims to find an optimal assignment of aircraft to tar-
gets which minimizes the probability of needing to restrike the target or cause
collateral damage while also minimizing the risk to the assigned aircraft.

The problem is further complicated by the fact that aircraft can be reassigned
to a different mission on the fly. For example, aircraft could be diverted to attack
a pop-up target for which they are an optimal match. Alternatively, the aircraft
may be a good match but the weapons they are carrying are not. This means the
aircraft could be diverted to a base and reconfigured if time permits. Changing
missions on the fly has potential knock on effects with later missions being
postponed or reassigned due to longer than expected mission durations.

The target matching problem is driven by a set of tables which provide details
of the different aircraft, weapons, targets, support assets, etc. The primary in-
formation source is the target table and a section is provided in Table 1. This
table show the type of mission, air superiority () the hardness of the target
and the risk associated with attacking the target 5. Associated with each tar-
get type is a reward which defines the importance of the target to the human
planners. Table 2 shows a section of the rewards table (these values were calcu-
lated through discussions with human planners and through the analysis of the
schedules generated by ).

Obj|Task| Lat Long |Hardness| Risk Target
AS| 1 |180804N|233902W| Hard High airfield
AS| 3 |172708N|223930W| Soft |Medium radar-comms

ACP Target Table

The mission type from Table 1 identifies the class of aircraft which could be
sent against the target. Table 3 shows the mapping of aircraft to mission type
and shows that the same aircraft can be used in for many different missions.

One of the optimization criteria for this problem is minimize risk and
tries to identify aircraft which have a low risk against a selected type of target.
The expected risk to an aircraft is calculated by summing the total probability
that the aircraft will be shot down either to or from the target” One key decision

5 Not shown is the time window during which the target needs to be attacked, e.g.
D+5, D+10, etc

batteries have a threat radius which has a known probability of detection based
on the distance the aircraft is from the center of the radius.

7
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Table 2.

DEOS needs to make is to whether or not to use SEAD protection to reduce the
risk to the attacking aircraft. As pointed out earlier this may have the side effect
of making another strike mission late.

Once a potential aircraft has been selected it must be checked to ensure that
it can carry appropriate weapon load for the target. The probability of destruc-
tion is noted in terms of a single weapon and the current USAF doctrine is that
the plane carries enough weapons to give a 90% or better chance of destroying
the target. There is no guarantee that a specified weapon load will destroy the
target as they could all miss. Additional tables provides details of the probability
of weapon hitting the target, provide data on air to air refueling times, aircraft
speed and range, turn round times, etc. Full details of the aircraft/weapon pair-
ing algorithm are given later in the paper.

Table 3.

Each mission is modeled using the PRFER mission task model [5] that defines
a natural breakdown of a mission into its constituent parts or sub-blocks.

— Plan: Time taken for the pilot to plan the mission. Once a plan has been
identified it is inserted in the slot for other workflow tasks to examine and
check.

— Ready: Time taken to prepare the plane for the mission



— Fly: Time taken to get to the mission objective

— Execute: Time taken to execute the mission, e.g. drop weapons, unload food
pallets, etc.

— Reconstitute: Time taken to turn the aircraft round once it has returned to
base.

The PRFER model allows a tasking agent to create a better model of the
processing the task needs and to better understand how to allocate resources,
identify tradeoffs, asses changes and modify the associated task list. The sub-
blocks are allowed to “breath” as changes in the domain are reflected as changes
in one or more of the sub-blocks. For example, if the aircraft chosen for the
mission develops a failure during its ready time then the “Ready” sub-task will
expand and accommodate the extra time. The PRFER model allows DEOS to
quickly identify the impact of changes, propose potential changes to the mission
tasking and inform the planners of new deadlines and constraints (e.g. the planes
now on hold need refueling in the next 30 minutes).

2 Resource Allocation Algorithm

The basic concept behind DEOS is to generate schedules quickly and to update
them on the fly as new requirements and changes occur in the domain. The
core SWO algorithm uses a priority queue to determine the order in which tasks
should be released to a greedy scheduling algorithm. This identifies the best
aircraft/weapon for a given task from those available. Tasks later in the priority
queue have a smaller choice of resources due to earlier commitments. The order
of the priority queue is determined by how difficult the task is to deal with that
is, the higher the task is in the queue the harder it is to handle it correctly. It does
not require an external priority to be identified by the user. Once a schedule has
been generated it is analyzed to identify which tasks were handled badly (e.g.,
a task was completed after its deadline, or assigned to a high attrition aircraft).
Any task that “squeaks” (i.e., was handled badly) is given a “blame score” and
is promoted in the priority queue, with the distance it is promoted determined
by the extent of the problem. This new priority queue is then used to generate
another schedule that is analyzed for problems. This process continues until no
significant improvement in the schedule is noted over several iterations. SWO is
extremely fast with each cycle of generate, analyze, and re-prioritize taking only
a few seconds, even for large problems.

One of the key issues in this domain was to generate schedules which balanced
a number of potentially conflicting factors. For example, the planners wanted all
2500 targets attacked in the shortest time, with minimum attrition and minimum
risk of collateral damage. However, to guarantee that each target was attacked
with minimum risk would require all missions to be flown by F-117s and that
would result in very long schedules. A sample schedule was generated which used

8 This can be replaced by a “drive” or “sail” block for operations using land or sea
transport

199



200

only the best target/aircraft pairing and it had a makespan in excess of six days.
Using the approach the schedule was reduced in length to just under two
days with a less than 1% reduction in overall schedule quality.

To address these potential conflicts a series of functions were developed which
investigated the different aspects of the problem, e.g. aircraft attrition, probabil-
ities of hitting and destroying the target, numbers of weapons needed, number
of aircraft needed, support assets, number of sorties, etc. It was identified that
the key elements of evaluation were the probability that the target would be
attacked successfully and that the attacking aircraft would have a low attrition
rate. This allowed two main functions to be identified °. Function 1 describes the
probability that a target will be destroyed given a specified number of weapons

and the probabilities of hit and kill (P P ) respectively for a single weapon.
Function 2 describes the expected attrition rate for aircraft when attacking
with  total aircraft.

N

P (N,n,P) = (n

) a_a pP) P

The uses these formulas to evaluate different combinations of weapons
and aircraft for a given target type, trying to identify the best possible match.
However, it may be the case that the required aircraft/weapon pairing may be
unavailable in the desired time interval (e.g., between 0900 hrs and 1100 hrs all F-
16s may be assigned to other missions). may decide to use a second option
(i.e., a different aircraft and/or weapon) and will cycle through the different
options until an assignment of aircraft/weapons to the target can be made °.
In addition, may add in a sortie to off set a high expected attrition
rate. After an assignment has been made it may be the case that it is a poor
one (e.g., high attrition rate, low probability of success) and this is dealt with in
the next cycle of algorithm when the generated schedule is analyzed and poor
assignments identified.

During the development of the algorithm it was identified that in many cases
the number of targets greatly exceeded the available resources. In addition, it was
also identified that some of the time constraints provided by the human sched-
ulers were leading to less than optimal schedules. Details of the modifications to
the basic algorithm are provided in the following sections.

—
10
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SAM SAM

SAM
SWO
SAM
SWO
DEOS
DEOS
USAF
DEros
DEOS
raw analysis
DEOS
DEOS USAF
DEOS

This is the summation of the number of targets attacked, probability of success,
number of missions and sorties
This is the raw score divided by the makespan in minutes
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Iteration|Targets Assigned|Raw Score|Analysis
2 667 667075 15744
3 667 669873 20219
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4 Summary and Further Work

Table 4. Target set vs Makespan Trade-off
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Fig. 1. Air Mission Planning Results
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flexible time constraints and the “penalty box” techniques are applicable to
problems where there is phasing between different groups of tasks. For exam-
ple, in manufacturing domains schedulers are often faced with the problem of
switching production from one type to another to improve overall productiv-
ity. Several improvements will be made to DEOS and these include adversarial
planning in which the schedule will propose robust solutions to potential enemy
responses. The interface will be improved to allow easier interaction and speci-
fication of policies and preferences. The results from the ACP domain and other
non-probabilistic manufacturing domains show a distinct grouping of schedule
quality as shown in Figure 1. These groups represent classes of solutions (rather
than point solutions) that have particular attributes and values. DEOS will be
modified to automatically identify these discontinuities in the solution space and
alert the planners.
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Algorithms for Propagating Resource Constraints in
AT Planning and Scheduling: Existing Approaches
and New Results

This paper summarizes the main existing approaches to the prop-
agation of resource constraints in Constraint-Based scheduling and identifies
some of their limitations for using them in an integrated planning and schedul-
ing framework. We then describe two new algorithms to propagate resource
constraints on discrete resources and reservoirs. Unlike most of the classical
work in scheduling, our algorithms focus on the precedence relations between
activities rather than on their absolute position in time. They are efficient even
when the set of activities is not completely defined and when the time window
of activities is large. These features explain why they are particularly suited
for integrated planning and scheduling approaches. All our algorithms are il-
lustrated with examples. Some encouraging preliminary results are reported on
pure scheduling problems.
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planning and scheduling. In the next section, we describe the basic structure which the
new algorithms we propose rely on: precedence graphs. Then, we present two original
techniques for propagating resource constraints: the energy precedence algorithm and
the balance algorithm. Finally, the last section of the paper describes how these propa-
gation algorithms can be embedded in a least-commitment search procedure and gives
some preliminary results on pure scheduling problems.

2 Model and Notations

A corresponds to the current scheduling infor-
mation available at a given node in the search tree. In a mixed planning and scheduling
problem, it represents all the temporal and resource information of a partial plan. A
partial schedule is composed of activities, and temporal constraints and resource con-
straints. These concepts are detailed below.

An A corresponds to a time interval [start(A),end(A)) where
start(A) and end(A) are decision variables denoting the start and end time of activity
A. start  (A), start  (A), end (A) and end  (A) will respectively denote the
current earliest start time, latest start time, earliest end time and latest end time
of activity A. The duration of activity A is a variable dur(A) = end(A) — start(A).
Depending on the problem, the duration may be known in advance or may be a decision
variable. In a mixed planning and scheduling problem, a planning operator may be
composed of one or several activities.

A is a constraint of the form: min <
t —t < max where t and t are either some variable representing the start or end
time of an activity or a constant and min and maz are two integer constants. Note
that simple precedence between activities as well as release dates and due dates are
special cases of temporal constraints.

The most general case of resources we consider in this paper is the reser-
voir resource. A resource is a multi-capacity resource that can be consumed,
produced and/or just required over some time interval by the activities in the schedule.
A reservoir has an integer maximal capacity and may have an initial level. As an ex-
ample of a reservoir, you can think of a fuel tank. A is a reservoir
resource that cannot be produced. Discrete resources are also often called renewable or
sharable resources in the scheduling literature. A discrete resource has a known max-
imal capacity that may change over time. A discrete resource allows for example to
represent a pool of workers whose availability varies over time. A is
a discrete resource with unit capacity. It imposes that all the activities requiring the
same unary resource are totally ordered. This is typically the case of a machine that
can only process one job at a time. Unary resources are the simplest and the most
studied resources in scheduling as well as in Al planning.

A defines how a given activity A
will require and affect the availability of a given resource R. It consists of a tuple
< A,R,q,TE > where ¢ is an integer decision variable describing the quantity of re-
source R consumed (if ¢ < 0) or produced (if ¢ > 0) by activity A and TE is a time
extent that describes the time interval where the availability of resource R is affected
by the execution of activity A. For example:



1 is a resource constraint that states that activity
will require 1 unit of resource between its start time and its end time.
=[2 3] is a resource constraint that states that activity
will produce 2 or 3 units of reservoir at its end time. This will increase the
availability of after the end time of
4 is a resource constraint that states that activity  will
consume 4 units of resource at its start time. This will decrease the availability
of after the start time of

Of course, the same activity —may participate into several resource constraints. Note
that the change of resource availability at the start or end time of an activity is con-
sidered to be instantaneous: we do not handle continuous changes.

At given node in the search, we say that a resource is

if we know that no additional resource constraint on that resource will be added

in the partial schedule when continuing in the search tree. In stratified planning and

scheduling approaches where the planning phase is separated from the scheduling one,

all the resources can be considered closed during scheduling as all the activities and

resource constraints have been generated during the planning phase. Note also that

in approaches that interleave planning and scheduling and implement a hierarchical

search as in [11], it is also possible to identify as closed resources during the search the
ones belonging to already processed abstraction levels.

From the point of view of Constraint Programming, a partial schedule is a set of
decision variables (start, end, duration of activities, required quantities of resource)
and a set of constraints between these variables (temporal and resource constraints).
A solution schedule is an instantiation of all the decision variables so that all the
constraints are satisfied. In Constraint Programming, the main technique used to prune
the search space is . It consists in removing from the domain
of possible values of a decision variable those values that we know for sure will violate
some constraint. More generally, constraint propagation allows finding in the current
problem some features shared by all the solutions reachable from the current search
node; these features may be some domain restriction or some additional constraints
that must be satisfied. Currently, in constraint-based scheduling there are two families
of algorithms to propagate resource constraints: timetabling approaches and activity
interaction techniques.

The first propagation technique, known as , relies on the computation
for every date of the minimal resource usage at this date by the current activities
in the schedule [7]. This aggregated demand profile is maintained during the search
and it allows restricting the domains of the start and end times of activities by re-
moving those dates that would necessarily lead to an over-consumption of the re-
source. For simplicity reason, we describe this technique only on discrete resources

and assuming all the time extents are . Suppose that an activity
requires () | () ()] units of a given resource  and is such that
() (), then we know for sure that  will at least execute between
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start  (A) and end  (A) and thus, it will require for sure ¢ (A) units of resource
R on this time interval. For each resource R, a curve is maintained that aggregates all
these demands that is:

¢ @)= ¢ (4
{ mam( )S min( )}

It’s clear that if there exists a date t such that C' (¢) is strictly greater than the
maximal capacity of the resource (), the current schedule cannot lead to a solution
and the search must backtrack. Furthermore, if there exists an activity B requiring
¢(B) units of resource R and a date to such that: end (B) to < end (B)
and ¢ [to,end (B)),C (t) +q (B) > Q then, activity B cannot end after
date to as it would over-consume the resource. Indeed, you must remember that, as
end (B) to, B is never taken into account in the aggregation on the time interval
[to,end  (B)). Thus, to is a new valid upper bound for end(B). A similar reasoning
can be applied to find new lower bounds on the start time of activities as well as
new upper bounds on the quantity of resource required by activities. Moreover, this
approach can easily be extended to all types of time extent and to reservoirs. The main
advantage of this technique is its relative simplicity and its low algorithmic complexity.
It is the main technique used so far for scheduling discrete resources and reservoirs.
Unfortunately, these algorithms propagate nothing until the time windows of activities
become so small that some dates ¢ are necessarily covered by some activity. It means
that unless some strong commitments are made early in the search on the time windows
of activities, these approaches are not able to efficiently propagate. Furthermore, these
approaches do not directly exploit the existence of precedence constraints between
activities.

The second family of algorithms is based on an analysis of

Instead of considering what happens at a date ¢, it considers some subsets {2 of act1v1tles
competing for the same resource and performs some propagation based on the position
of activities in 2. Some classical activity interaction approaches are summarized below.

The simplest example of such an algorithm is the disjunc-
tive constraint on unary resources [8]. This algorithm analyzes each pair of activities
(A, B) requiring the same unary resource and, whenever the current time bounds of ac-
tivities are so that start  (A) < end (B), it deduces that as activity A necessarily
starts before the end of activity B is must be completely executed before B and thus,
end(A) start  (B) and start(B) end (A). Actually, the classical disjunctive
constraint can be generalized as follows: whenever the temporal constraints are so that
the constraint start(4) < end(B) must hold, it adds the additional constraint that
end(A)  start(B). Note that this algorithm is the exact counterpart in scheduling of
the disjunctive constraint to handle unsafe causal links in POCL planners proposed in
[13]. Unfortunately, such a simple constraint only works in the restricted case of unary
resources.

Edge-finding techniques [3, 16] are available for both unary and dis-
crete resources. On a unary resource, edge-finding techniques detect situations where a
given activity A cannot be executed after any activity in a set (2 because there would
not be enough time to execute all the activities in {2 A between the earliest start



time of activities in {2 A and the latest end time of activities in {2 A. When such a
situation is detected, it means that A must be executed before all the activities in (2
and it allows to compute a new valid upper bound for the end time of A. More formally,
let {2 be a subset of activities on a unary resource, and A / {2 another activity on the
same unary resource. Most of the edge-finding technique can be captured by the rule
(1)  (2) where:

(end (2 A) start (2) <dur(2 A)
(2) end(A) min  (end (£2") dur(2"))

Similar rules allow to detect and propagate the fact that a given activity must end
after all activities in {2 (), cannot start before all activities in 2 ( ) or
cannot end after all activities in 2 ( ). Furthermore, edge-finding techniques
can be adapted to discrete resources by reasoning on the resource energy required by
the activities that is, the product duration required quantity. Most of the edge-
finding algorithms can be implemented to propagate on all the activities A and all the
subsets {2 with a total complexity in O(n?).

Energetic Reasoning. As for the edge-finding techniques, energetic reasoning [9]
analyzes the current time-bounds of activities in order to adjust them by removing
some invalid values. A typical example of energetic reasoning consists in finding pairs
of activities A, B on a unary resource such that ordering activity A before B would lead
to a dead-end because the unary resource would not provide enough “energy” between
the earliest start time of A and the latest end time of B to execute A, B and all the
other activities that necessarily needs to execute on this time window. More formally,
if C'is an activity and [t1,t2) a time window, the energy necessarily required by C' on
the time window [t1,t2) is:

w! ):min(end (C)  t1,ta start  (C),dur(C),ta t1)

Thus, as soon as the condition below holds, it means that A cannot be ordered before
B and thus, must be ordered after. It allows to update the earliest start time of A and
the latest end time of B.

end (B) start (A)<dur(A)+ dur(B)+ wl () ()
el 1}

Other adjustments of time bounds using energetic reasoning exist that allow, for ex-
ample to deduce that an activity cannot start at its earliest start time or cannot end at
its latest end time. Furthermore, energetic reasoning can easily be extended to discrete
resources.

A good starting point to learn more about edge-finding and energetic reasoning on
unary resources is [1] where the authors describe and compare several variants of these
techniques. Although these tools (edge-finding, energetic reasoning) are very efficient
in pure scheduling problems, they suffer from the same limitations as timetabling tech-
niques. Because they consider the absolute position of activities in time rather than
their relative position, they will not propagate until the time windows of activities have
become small enough and the propagation may be very limited in case the current
schedule contains many precedence constraints. Furthermore, these tools are available
for unary and discrete resources only and are difficult to generalize to reservoirs.
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The following sections of this paper describes two new techniques to propagate discrete
and reservoir resources based on analyzing the relative position of activities rather
than their absolute position. These algorithms fully exploit the precedence constraints
between activities and propagate even when the time windows of activities are still
very large which is typically the case in least-commitment planners and schedulers. Of
course these new propagation algorithms can be used in cooperation with the existing
techniques we just described above. Both of our algorithms are based on the precedence
graph structure described in the section below.

4 Precedence Graph

4.1 Definitions

A resource event on a given resource is a time-point variable at which the
availability of the resource changes because of an activity. A resource event always
corresponds to the start or end point of an activity. Let:

— () denote the time-point variable of event . ,,,;,( ) and .. ( ) will respectively
denote the current minimal and maximal value in the domain of ( ).

— () denote the relative change of resource availability due to event  with the
convention that 0 denotes a resource production and 0 a resource con-
sumption. () and a.( ) will respectively denote the current minimal and
maximal value in the domain of ( ).

There is of course an evident mapping between the resource constraints on a resource

and the resource events. Note that all time extents are associated a unique resource

event except for that is associated two.

A precedence graph on a resource is a directed graph g = ( < <) where
< < and:

—  is the set of resource events on
— < =( ) istheset of precedence relations between events of the form () ().
— < =( )isthe set of precedence relations between events of the form () ().

The precedence graph on a resource aims at collecting all the precedence information
between events on the resource. These precedence information may come from: (1)
temporal constraints in the initial statement of the problem, (2) temporal constraints
between activities in the same planning operator, (3) search decisions (e.g. causal link,
promotion, demotion, ordering decisions on resources) or (4) may have been discovered
by propagation algorithms (e.g. unsafe causal links handling, disjunctive constraint,
edge-finding, etc.) or simply because ,4.( ) min( ). When new events or new
precedence relations are inserted, the precedence graph incrementally maintains its
transitive closure. This leads to a worst-case complexity of ( %) to maintain the
precedence graph. The precedence relations in the precedence graph as well as the
initial temporal constraints are propagated by an arc-consistency algorithm. Given an
event in a precedence graph and assuming the transitive closure has been computed,
we define the following subsets of events:

— () is the set of events simultaneous with  that is the events such that ()
<cand () <
— () is the set of events before that is the events such that () <
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can be considered as a kind of MTC on reservoirs that only detects some necessary
conditions'. Given an event z, using the graph we can compute an upper bound on the
reservoir level at date t(xz) € just before x assuming (1) All the production events y
that may be executed strictly before x are executed strictly before z and produce as
much as possible that is @naz(y); (2) All the consumption events y that need to be
executed strictly before x are executed strictly before x and consume as little as possible
that is gmaz(y); and (3) All the consumption events that may execute simultaneously
or after z are executed simultaneously or after z. More formally, if L;,;; is the initial
level of the reservoir, P the set of production events and C' the set of consumption
events, this upper bound can be computed as follows:

Lfnaw () = Linit + Z Qmaz(y) + Z Tmaz(Y) (1)

yePN(B(z)UBS(z)uU(z)) yeCNB(x)

Applying this formula to event x on Figure 1 if with suppose L;,;; = 2 leads to
L5,..(x) =24+ [242+2]+[ 5] =3. In a very similar way, it is possible to compute
Ly . (), a lower bound of the level just before z; L. (z), an upper bound of the
level just after z and L, (), a lower bound of the level just after z. For each of these
bounds, the balance constraint is able to discover four types of information: dead ends,
new bounds for resource usage variables and time variables and new precedence

relations. For symmetry reasons we only describe the propagation based on Ly, ., ().

Discovering dead ends. Whenever Ly, .. () < 0, we know for sure that the level of

the reservoir will be negative just before event z so the search has reached a dead end.

Discovering new bounds on resource usage variables. Suppose there exists a
consumption event y  B(z) such that ¢mas(y)  Gmin(y) > Ly, (z). If y would
consume a quantity ¢ such that ¢maz(y) ¢ > L., (z) then, simply by replacing
Gmaz(y) by ¢(y) in formula (1), we see that the level of the reservoir would be negative
just before z. Thus, we can find a better lower bound on ¢(y) equal to Guaz(Yy)
L5 .. (z). On the example of Figure 1, this propagation would restrict the consumed
quantity at the beginning of activity A, to [ 8, 5] as any value lower than 8 would
lead to a dead end.

Discovering new bounds on time variables. Formula (1) can be rewritten as
follows:

Liiao(2) = (Linit + Z Imaz (y)) + ( Z Gmaz (Y))

yeB(x) yePN(BS(z)uU(z))

If the first term of this equation is negative, it means that some production events in
BS(z) U(z) will have to be executed strictly before z in order to produce at least:

Hrfnn (‘T) = Linit Z Amaz (y)
yEB(z)
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Let () denote the set production events in ( )U (). We suppose the events
(1 --- .-+ )in () are ordered by increasing minimal time (). Let Dbe
the index in [1 ] such that:

1

() ()< ()

=1 =1
If event is executed at a date () < (), not enough producers will be able
to execute strictly before in order to ensure a positive level just before . Thus,
( )+ 1is a valid lower bound of ( ). On Figure 1 if =2, () =3,

and this propagation will deduce that ( ) must be strictly greater than the minimal
between the earliest end time of 5 and the earliest end time of ¢.

Discovering new precedence relations. There are cases where we can perform an
even stronger propagation. Suppose there exists a production event in ( ) such
that:

() o)y ) )

Then, if wehad ( ) < (), we would see that again there is no way to produce ()
before event  as the only events that could eventually produce strictly before event
are the onesin ( )N( ()U ()U ()). Thus, we can deduce the necessary
precedence relation: ( ) (). For example on Figure 1, the balance algorithm would
discover that needs to be executed strictly after the end of 4. Note that a weaker
version of this propagation has been proposed in [4] that runs in ( 2) and does not
analyze the precedence relations between the events of ().
Like for timetabling approaches, one can show that the balance algorithm is sound,
that is, it will detect a dead end on any fully instantiated schedule that violates the
reservoir resource constraint. In fact, the balance algorithm does not even need the
schedule to be fully instantiated: for example, it will detect a dead end on any non-
solution schedule as soon as all the production events are ordered relatively to all the
consumption events on a resource. Furthermore, when all events on a reservoir of
capacity  are so that ()< ()< ()>0,and ()>0-
in that case, we say that event is safe - then, any order consistent with the current
precedence graph satisfies the reservoir constraint. In other words, the reservoir is
solved. This very important property allows stopping the search on a reservoir when
all the events are safe and even if they are not completely ordered. Note also that,
according to the concepts introduced in [14], the balance constraint can be seen as an
algorithm that implicitly detects and solves some deterministic MCSs on the reservoir
while avoiding the combinatorial explosion of enumerating these MCSs. The balance
algorithm can be executed for all the events with a worst-case complexity in  ( 2) if
the propagation that discovers new precedence relations is not turned on, in  ( 3) for
a full propagation. In practice, there are many ways to shortcut this worst case and in
particular, we noticed that the algorithmic cost of the extra-propagation that discovers
new precedence relations was negligible. In our implementation, at each node of the
search, the full balance constraint is executed until a fix point is reached.



6 First Results

We implemented a complete and relatively simple search procedure on reservoirs that
selects pairs of unsafe events (z,y) and creates a choice point by adding either the
relation t(z) < t(y) or t(y)  t(z). The heuristics for selecting which pair of events to
order relies on the bounds on reservoir levels L ~ (z), L  (z),L (z),and L ()
computed by the balance constraint. These levels can indeed be considered as some
texture measurements [2] projected on the schedule events. Until now, few benchmarks
are available on problems involving temporal constraints and reservoirs. The only one
we are aware of is [15] where the authors generate 300 project scheduling problems in-
volving 5 reservoirs, min/max delays between activities and minimization of makespan.
From these 300 problems, 12 hard instances could not be solved to optimality by their
approach. We tested our algorithms on these 12 open problems . The results are sum-
marized on the table below. The size of the problem is the number of activities. The
bounds are the best lower and upper bounds of [15]. The times in the table were mea-
sured on a HP-UX 9000/785 workstation. We can see that all of the 12 open problems
have been closed in less than 1 minute CPU time. Furthermore, our approach produces
highly parallel schedules as the balance constraint implements some sufficient condi-
tions for a partial order between events to be a solution. In the optimal solutions there
may be up to 10 activities possibly executing in parallel in the partial order.

Lower bound |U pper bound
92 93
85
178
203 223
192 197
199 217
196 218
330 36/
283
344 360
317 326
335

We also tested the energy precedence constraint on unary resources. For this purpose,
we wrote a very simple least-commitment search procedure based on the precedence
graph that orders pairs of activities on a unary resource and aims at finding very good
first solutions. We benched this search procedure on 44 famous job-shop problems
(namely: , , , ) with the energy precedence constraint as
well as the disjunctive and the edge-finder constraint. In average, the makespan of the
first solution (without using any restart or randomization) produced by our approach is
only 7.35% greater than the optimal makespan whereas the average distance to optimal
of the best greedy algorithms so far [17] is 9.33% on the same problems.

7 Conclusion and Future Work

This paper describes two new algorithms for propagating resource constraints on dis-
crete resources and reservoirs. These algorithms strongly exploit the temporal relations
in the partial schedule and are able to propagate even if the time windows of activities
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are still very large. Furthermore, on discrete resource, they do not require the resource
to be closed. These features explain why they particularly suit integrated approaches to
planning and scheduling. From the standpoint of pure scheduling, these algorithms are

powerful tools to implement and search procedures based on the
relative position of activities. An additional advantage of this approach is that it pro-
duces instead of fully instantiated ones. These solutions

are more robust. All the algorithms described in this paper have been implemented and
are available in the current version of ILOG Scheduler [12]. As far as Al Planning is
concerned, future work will mainly consist in studying the integration of our scheduling
framework into a HTN or a POP Planner as well as improving our search procedures.
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Abstract. This paper is concerned with temporal planning relying on
CSP-based functional representations. These powerful representations
are today mostly restricted to the use of piecewise constant functions
ranging over finite domains.
We are proposing here an extension that brings a significant enhancement
in the expressiveness of the representation, towards handling continuous
change. This extension consists mainly in allowing

. We have studied this extension and we
are currently implementing it in the context of the IXTET planner. How-
ever this extended representation is not specific to that planner and it
can be useful to most temporal planners. We show how IXTET syntax,
planning algorithm and control can be simply extended to this class of
functions. We then consider the more significant modifications required
in the two constraints managers for handling temporal and atemporal

CSPs.

Planning is about time; it is mainly the synthesis of a temporal projection over
the future for achieving some desired goal. Time appears to be the main com-
ponent in a planning ontology. However, has abstracted away
time in state transition systems. This restrictive assumption proved to be fruitful
in developing planning algorithms and techniques. But its well-known drawbacks
in expressiveness - concurrency, duration, persistence, actions for maintaining
values, temporally qualified goals and dynamics - and the lack of direct applica-
tions of this technology argue more and more for pursuing the development of
explicit temporal planning.

Instead of global, still pictures of the entire world, i.e. states, and their tran-
sitions, the temporal representation we are interested in here focuses on local

individual evolutions of state variables. It is a : each
state variable is a partially specified function of time, called a or .
Itisa : these temporal functions are linked through a

set of temporal and atemporal constraints into a globally consistent temporal
projection.

This potentially powerful representation has been developed and used by
several planners, among which IXTET [Laborie 95], RAX-PS
[Muscettola 97] or parcPlan [El-KKholy 96]. But is has been mostly restricted
to piecewise constant functions ranging over finite domains. The contribution of
this paper is to extend the representation to the use of piecewise linear functions,
ranging over continuous or discrete domains.

217



218

This representation requires significant extension in the CSP manager of
atemporal variables, going from finite domains to mixed finite and continuous
domains. It further introduces an interesting coupling between atemporal and
temporal variables that were up to now managed separately. This coupling re-
quires another extension of the Time-Map manager.

We studied these extensions and we are currently implementing them in the
context of the IXTET planner. The paper presents the proposed extension within
IXTET notations and construct. However the approach is not specific to that
planner, it can be useful to most temporal planners. To be self-contained (and
to further promote the CSP-based functional representation) we will describe it
in section 2 together with the proposed extension. We will develop in section 3
the required extensions in planning algorithms and control. We then focus on the
two atemporal and temporal CSP networks, their extensions and links required
by the new type of functions introduced. Algorithms will be described and dis-
cussed, however no empirical results on the performance of the extended planner
are yet available. Similarly, we’ll focus the paper on state variables without con-
sidering at this stage the resource handling capabilities of IXTET. We conclude
on the expressiveness of the extended representation and its relationship to other
approaches.

In IXTET, a dynamic domain is described by a set of temporally qualified at-
tributes (multi-valued fluents), each being a k-ary mapping from a finite domain
into a finite range. Time is considered as a linearly ordered set of instants. We
use time-points as the elementary primitive. Conjunctions of constraints (both
symbolic constraints of the time-point algebra and numerical ones) can be ex-
pressed between time-points. As will be discussed later, the system does not
handle disjunctions. Thus numerical constraints are upper and lower bounds on
the temporal distance between two time points.

To describe the dynamic of the world, a propositional reified logic formalism
is used, where attributes are temporally qualified by two predicates : and
. The persistence of the value of an attribute during the interval
is expressed by the assertion . The instantaneous change of the

value of from to  at time 1is expressed as .

A partial plan, as well as a planning operator (called a ), is represented

by a , that is to say a conjunction of temporal predicates ( and

predicates) and of constraints on time-points and on atemporal variables
used as values or arguments of attributes. The constraints allowed in IXTET are
binary constraints of the form ¢ <t or ¢t — ' € [I,u] (where ¢ and ¢’ stand for
time points) and z =y, * # y, ¢ € D or # € D, = y € D, (where z and y
stand for atemporal variables).

Chronicles are the core of the representation from the planner’s point of view.
This representation offers considerable expressiveness by allowing to distribute
events and persistence conditions within a task at different time points. Through
chronicles, we benefit from a partial specification of the world along some threads
caused by actions. Note that an expresses, within a single proposition, both
a precondition and an effect of an action : requires that has
value before and causes to be equal to  after ; furthermore this can be
expressed anywhere with respect to the start and end points of the action.



task MOVE(?0bj,?Rb,?To)(start,end) {

event(Position(?0bj):(?From,?Arm1),start);
hold(Position(?0bj):moving,(start,t1));
event(Position(?0bj):(moving,?Rb),t1);
use(Available(?Arm1):1,(start,t1));

hold(Position(?Rb):?From,(start,t1));
event(Position(?Rb):(?From,moving),t1);
hold(Position(?Rb):moving, (t1,t2));
event(Position(?Rb):(moving,?To),t2);
hold(Position(?Rb):?To,(t2,end));

event(Position(?0bj):(?From,?Arm2),t2);
hold(Position(?0bj):?Arm2,(t2,end));
event(Position(?0bj):(?Arm2,?To),end);
use(Available(?Arm2):1,(t2,end));

?0bj in Objects;

?From in PLACES; ?To in PLACES;
?From != ?To;

?From in {L1} => ?Arm1 in {A1};
?Toin {L2} => ?Arm2 in {A2}

(t1 - start) in [00:03:00,00:03:30];
(t2 - t1) in [00:10:00,00:11:00];
(end - t2) in [00:03:00,00:03:30];

start 11 t2 end

I I
Position(?Rb) | ?From moving ?To |

Position(?0bj) [7From|  ?Arml ?Rb 2Arm2. ?To

Available(?Arm1)

[N
o
[

??

Available(?Arm2) | 27 | M

State Variables Table

Move(Objectl,Robot1,L2) (start, end)
start t1 t2 end
I t t i
I t t i
start’  t1’ t2' end’
Move(Object2,Robot2, L1) (start’, end’)

Intertwining Actions For 2 Robots

Table 1. A Task Example in the IXTET Formalism

Proposed extension
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value cannot be combined with values of other attributes to permit or
to forbid other activities at some intermediate positions or orientations. In order
to do that, one may break down the change of the corresponding attribute into
several steps. However this approach is not very satisfactory; it complicates the
specification of planning operators. Furthermore, it can be less efficient than
handling directly an extended representation.

We propose here to add to event and hold a third temporal predicate, called
change. The expression change(p : (v,v ), (¢,t)) specifies that the value of at-
tribute p changes linearly from v to v during the interval ¢ to ¢ . Predicate
change, together with event and hold, extends the representation to partially
specified piecewise linear functions.

The specification of the evolution of p over [¢,¢ [ will be completed by an
explicit constraint of the formv v Dorwv wv=a (¢ ). Thislast kind of
constraint brings about an interesting aspect of the proposed extension since it
enables one to connect the effect of an action to its duration which is necessary
to express many real world domains.

Having added predicate change, the assumption that attributes range over
finite domains cannot hold anymore. Consequently, we also added numerical at-
tributes ranging over intervals in the set of real numbers. Constraints concerning
numeric variables are : # D to specify an initial domain, x D y D
to express range dependency (these constraints might mix discrete and numeric
variables) and also the two kind of constraints on difference mentioned above.

These two extensions require some slight generalization of the planning and
control algorithms, but they mainly require a re-design of the atemporal CSP
manager, and, because of the coupling introduced, of the temporal constraint
manager as well.

Search Control Module

Insertion Global Search Tree|

Insertion || ¢ the chose\ A-eps Algorithm

resolvant Resolvant Choice

Partial Plan
Analysis Module

Flaw Selection

or {=+ _ Computation of K Factdg
Backtrack / _ Selection to K min.
Reconstructiol

of partial plan|

Events
I T I

and
—
Assertions ——

Temporal Lattice
0—0
Oo—0

Analysis Module

Feasability
Search for Establisher}
among existing event:

and new tasks

SubGoals
with
valuated resolvant;

Variables Table
?x1in{ab,c}
2x2 in [5,10]v[15,20]

Satisfiability
Computation of
additional Constraints|
to solve Conflicts

SubGoals
with
valuated resolvant;

Fig. 1. The Different Modules in IxTeT



IXTET performs a least commitment search in a space of partial plans [Weld 94].
Nodes of the search space are chronicles. Edges correspond to plan refinements
such as adding a task or a constraint. A chronicle /7 is a valid solution plan iff:

— (1) For every assertion hold(Att(x ,...,xx) : v,(t,t')) and for every event

event(Att(xz ... xg) : (v,v"),t) II contains :
an establisher B = event(Att(2est , ..., Testrs) © (W, Vest), test) such that
(l‘ = Test ) ce - (l‘k = xestk) (vest = U) (test < t)
a causal link hold(Att(x ..., zp) : v, (test,1)).

— (2a) For every couple (E, H) where H = hold(Att(x ,...,xz5) 1 v ,(t ,1))
and F = event(Att(y ,...,yx) : (v ,v"),t ) II contains one of the following
constraints : (t <1 ) t <t) r =y) (xr = yi)

— (2b) For every couple (H , H ) where H = hold(Att(xz ,...,25) v ,(t ,1'))

and H = hold(Att(y ,...,yx) : v ,(¢t ,')) II contains one of the following

constraints : (t' <1 ) t<t) (x =y) (xr = yi)

(3) The temporal constraints and atemporal constraints are consistent.

This criteria enables us to decide why and how a chronicle should be refined in
order to achieve every subgoal (unexplained propositions) through the insertion
of tasks and/or causal links, and in order to solve any potential conflict through
the insertion of temporal or atemporal constraints.

The first two conditions above are used to detect flaws and to define resolvers.
The selection of the next flaw to consider and the non-deterministic choice of a
resolver are the main control decisions of the planner. The third condition on the
consistency of the constraints does not direct the search process. At each step
of the search, constraints are dynamically inserted. They are locally propagated
through the corresponding constraint network. If the local propagation detects
an inconsistency, then the search process has to backtrack. The local propagation
being incomplete for atemporal variables, it is completed by a global consistency
checking once a plan is found.

We are going to use the same approach for the extended representation. As
an event, a change is both a precondition and an effect. Hence it may introduce
a subgoal requiring an establisher. It can also produce such an establisher. Sim-
ilarly there can be threats between a change and a hold, or a between change
and an event, or with another change.

Let us consider an unexplained change predicate: change(Att(z ,...,xz,) :
(vi,vg), (ti,tf)). It can be established by another such predicate, already in the
current chronicle or to be added through some task: change(Att(z’,...,x}) :

(vf, v%), (5, %)) if the following conditions are consistent with the current chron-
icle:

r =2 and ... and z, =z}, and v} = v;and t} t;.

In that case, the corresponding resolver is the above conjunction together
with the following causal link : hold(Att(z ,...xn) : v;, (t},ti)).

A threat between two predicates: hold(Att(x ,...xp) 1 v, (¢t ;1)) and
change(Att(x', ..., 2L) : (v, v"),(t',t)) can be solved by this disjunction of
constraints, when consistent with the current chronicle:

(x =a')or ... or (k= x}) (separation)
or (t <t') (promotion)
or (t' <t) (demotion)

or (t =t andv="1")

or (' =t andv="1")
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Similarly a threat between ( n) ) ( )) and

( n) o ) ( )) is solved by this disjunction of con-
straints:
( =) ( n= ,) (separation)
( ) (promotion)
( ) (demotion)

The various cases of threats introduced by the extended representation are
summarized in the table 2. They can all be handled in a similar way by adding
to the current chronicle a conjunction of temporal and atemporal constraints.
The remaining problem is how to handle these extended constraints.

Promotion / w~,»—< Promotiol / w"
# 7

L

L
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M

Pl l NP l N
A | RN
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|
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4 The Constraints Managers

IxTeT has three different specialized constraints managers : one dealing with
atemporal variables, one dealing with time points and a third one dealing with
resources. In order to cope with the new kind of constraints needed to handle the
extension to continuous change, we need to enhance the atemporal constraints
manager and to bring about closer interactions between this manager and the
Time-Map.

4.1 The Atemporal Constraints Manager

This system handles the atemporal variables which are dynamically introduced
in the partial plan during the search process; as well as the related constraints
which might be introduced to solve flaws. It is actually a CSP Solver dealing
with variables over finite domains.

The manager is queried by the planning system for testing if two variables
can be unified or differentiated, for inserting new constraints and for checking



global consistency. The desired level of expressivity required by the planner is
quite rich. We have to handle the following constraints : = , = | ,

Thus the manager problem is that of a general binary CSP over finite do-
mains whose consistency checking is a NP-complete problem. Because of the
large number of queries from the planner to the manager, IXTET maintains
an incomplete arc-consistency checking while planning. Complete consistency
checking 1s postponed until a plan without flaws is found.

The main drawback of this method is that it leads to ”blind” backtrack : the
search process might choose to develop a refinement branch that is doomed to fail
because of an undetected inconsistency, thus loosing time. Furthermore, once the
inconsistency is detected the backtrack point cannot be easily identified. However
this criticism should be counterbalanced by the following observation : because
of the least commitment strategy, carrying on the search process will lead to a
reduction of the problem size by introducing equality constraints corresponding
to postponed establishment.

Dealing with continuous domains : To handle predicates, the plan-
ner needs to get information concerning variables whose domains are continuous.
The constraints that might be posted on two numeric variables are : ,

" and ¢ y-
This last class of constraints leads us to consider domains that are disjunc-
tions of intervals in  : given a constraint ” x g, if () 4=
then the propagation yields the insertion of the constraint » which might

create "holes” in the domain associated to x.

The local arc consistency algorithm can be adapted without too much trou-
ble. We have to provide operators on the intervals disjunctions similar to those
used for discrete set and also to define propagation rules concerning the new
”difference” constraints.

Problems arise concerning the complete propagation algorithm. This algo-
rithm performs an extensive instantiation of the variables to detect the values
that will necessary lead to inconsistency. It is a forward checking search . This
cannot be directly transposed to numeric variables : it makes no sense to check
for all the values in a continuous domain. A naive technique consists in replacing
variable instantiations by domain splitting. A dichotomy splitting can be iterated
until a fixed minimal interval length is reached. We propose to use an analog
method, but instead of a systematic dichotomy that does not take the constraint
network into account and thus might lead to unnecessary computations, we will
use the constraints to guide the splitting of intervals.

Our purpose is to have a common framework to handle both discrete and
numeric variables. To achieve this goal we have got to change the notion of
instantiation concerning numeric variables so as to obtain equivalent complex-
ity. Let us point out that , in the discrete case, instantiations are performed in
order to reduce the uncertainty on the value of a variable, thus enabling the
solver to actually fire every constraint. But, hopefully, the triggering of the con-
straints concerning numeric variables does not require the variables to be fully
instantiated. Among the constraints on numeric variables, only the dependency
constraints propagation might be postponed because of a lack of information.
The equality and domain restriction constraints will be immediately propagated
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at insertion, respectively through the fusion of the equivalence class of the af-
fected variables and through the effective reduction of the valuation domain.

The distance constraints ( — € ) will be propagated by the arc consistency
propagation. But to propagate a dependency constraint 7 € = € 7,
the solver needs to know whether  (resp. ) takes its value in (resp. )

or not. This is the kind of constraints that might stop propagation along paths
and thus prevent the detection of inconsistency. The complete propagation al-
gorithm should reduce the uncertainty on the variables enough to decide how to
propagate the constraint, i.e. it should decide whether €& or not. This is
the key to our algorithm.

The domain of a numeric variable will be decomposed into disjoint intervals

such that for every constraint 7 & = € Tor” € = € 7,
the following proposition is true : (  C y (N = (). The complete
propagation procedure will then successively try to reduce the valuation domain
of  to these different intervals (). For each it will be able to decide how
the constraints should be applied. Thus the problem of instantiating a numeric
variable has been transformed into choosing subintervals in a finite set.

Since this method can also be used for discrete variables (domains will then
be decomposed into disjoint subsets), it provides a simple algorithm to deal
with a heterogeneous CSP containing both discrete and numeric variables for
the type of constraints in a temporal planner. Table 3 presents the algorithm
for complete propagation in such a CSP. The procedure Complete_Propagation
computes minimal domains in the CSP. For every variable, it builds a partition of
its domain according to the constraints. Then it successively shrinks the domain
to every element of the partition and checks the consistency of the resulting CSP
: only sub-domains leading to consistent CSP are kept in the minimal domain.
If a minimal domain is found to be empty, then the CSP is inconsistent.

4.2 Mixing timePoints and Variables

Among the extensions of the representation presented above, we have insisted
on the necessity to express actions whose effects depend on their duration. It
implies to be able to handle ”transversal” constraints binding both timepoints
and atemporal variables, i.e. coupling constraints between the atemporal CSP
and the Time-Map.

To illustrate such a constraint let us consider a simple example dealing with
the control of a robot : an action ” Move” brings a robot from one point to another
along an axis at constant speed. Thus the duration of the shift is proportional to
the distance between the initial and final position of the robot : — =

x( — ).

The first observation is that this kind of constraint can be splitted, each part

being inserted in a specific Constraints Manager : the difference T between  and
can be introduced in the atemporal variables manager trough the constraints

( - = * ) and the other way round, the difference D between
and yields the constraints (| — = ) to be added to the
Time-Map. Since both the Time-Map and the atemporal constraints network
are dynamically constructed, we shall iterate such constraints posting during
the search process. It should be noted however that the resolution of constraints
problems computes minimal valuation domain. Thus from one step to another,
the domain associated to a variable will shrink : consequently if two distance



The Complete Propagation Algorithm

- 0

computes minimal domains and ***
*** returns true if the CSP is consistent ***
For each variable var
AcceptedV alues
Elts  Partition(var)
For each e in Flts
If (unify(var,e) Global_consistency_checking())
AcceptedV alues.append(e)
endIf
endFor
If AcceptedValues =
RETURN Flalse
Else
Domain(var)  AcceptedValues
endIf
endFor
RETURN T'rue

%%

*** returns true if the CSP is consistent ***
var Choose One Non Instanciated variable
Values  Partition(var)

While Values =
elt  pop(Values)
If (unify(var,elt) Global_consistency_checking())
** unify triggers local propagation ***
RETURN True
endIf
endWhile
RETURN False

(v)
*** This function returns the set of alternative *
*** disjoint domains for v ***

If there is at least one = constraint on v then

RETURN e ,e Domain(v)
Else
Part Domain(v)
LDep D, (v\D),(v D ' D) ( D
While LDep =
KDom  pop(LDep)
NewPart
While (Part =
Elt  pop(Part)
NewPart  NewPart (Elt KDom)
NewPart  Newpart (Elt  Kpom)
endWhile
Part  NewPart
endWhile
RETURN Part
endIf

*%
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constraints on the same variable are successively posted, the second one will
discard its predecessors.

The second point we must focus on is the difference in handling disjunctions
by the two constraints managers. As mentioned in the previous paragraph, do-
mains assoclated to numeric atemporal variables are disjunctions of intervals.
On the contrary the use of disjunctions in the time-map manager is forbidden.
To bridge the gap between these two managers we will discuss more in-depth
the time-map manager.

Basically this manager handles Simple Temporal Networks [Dechter 89]. Tt
has limited expressivity but complete propagation can be computed in polyno-
mial time thanks to the Floyd-Warshall algorithm, for instance. On the contrary,
if we extend the expressivity to disjunctions of intervals (that is to say Temporal
CSP or T-CSP), we are then confronted to NP-Hard problems [van Beek 89].
The solution retained in IXTET is to limit the expressivity so as to ensure com-
pleteness at every step of the planning process and to deal with disjunctions at
the control level with explicit estimates and heuristics.

A possible solution to the coupling between the two CSPs would be to keep
simple intervals inside of the temporal network, and to relax constraints inher-
ited from the atemporal variables manager by approximating a disjunction of
intervals to its lower and upper bounds. The propagation would then be incom-
plete because of the relaxation : an inconsistency may be detected only once the
time-map manager is committed to instantiate a variable to a value that was not
part of the initial disjunction on the atemporal manager’s side. The handling of
such a situation will be achieved at the search level that should backtrack in
order to avoid the inconsistent constraint.

Another solution is to accept to pay the cost of handling disjunctions of in-
tervals in the temporal constraint network. This would enable the search process
to rely on complete propagation between the two constraints managers and to
backtrack immediately if a constraint is introduced that gives rise to inconsis-
tency.

We have chosen this second solution. The use of disjunctive constraints has
long been avoided because it was known to be intractable in worse case. But
recent experiment results prove that in most practical cases actual complexity
of propagation of sets of intervals through arithmetic constraints such as the
one we are concerned with is linear rather than exponential [Shapiro 99]. Fur-
thermore this simplifies the control process, gets rid of heuristic evaluation and
avoid backtracking, which our experiments proved to be a real bottleneck for the
planner.

Most of the temporal planners that address the same goals as IXTET rely on the
same kind of representation of the world. The most spectacular application in the
field was the Remote Agent Experiment lead by the NASA : among the different
technologies that were embedded in the remote agent architecture, the planning
system PS had a crucial role. In RAX-PS, the world is also described through
a set of temporally qualified state variables, some of which represent activities
executed by a device : there is a strong parallel between a token associated to a
literal and the invocation of an activity to be executed by the execution super-
visor. A time point represents the moment at which the activity corresponding
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Constraint-based Strategies for the Disjunctive
Temporal Problem: Some New Results

Angelo Oddi

Abstract.
- < v - < Vv v - (<K
incremental forward checking
arc-consistency
Keywords

In many recent Artificial Intelligence applications the need of a more expressive
temporal reasoning frame is increasing more and more. For example, in continual
planning applications [1] a relevant capability is the continuous management of
temporal plans [2, 3]. To this purpose, the representation of temporal disjunc-
tion allows a leverage of systems’ capability, for example, it avoids a too early
commitment on action orderings. Other interesting applications of the temporal
model proposed in this paper are discussed in the work [4], these applications
range from scheduling and planning to temporal database with indefinite infor-
mation.

The Temporal Constraint Satisfaction Problem (TCSP) [5] is a way to repre-
sent temporal disjuctions, it allows constraints of the form x—y < r1Vz—y < ryV
...Vz—y < 7. A further generalization of the TCSP is proposed in [6, 4] where a
problem has constraints of the form z1 —y; <7y Vao—ys <roV...Vop—yr < rg.
In [7] this last problem is referred to as Disjunctive Temporal Problem (DTP)
and we use this name in the paper. DTPs have been studied in several previ-
ous works: (a) in [6, 4] several constraint-based (CSP) algorithms (in the line
of [8]) are defined and experimentally compared. One of them, based on

[9], is shown to be the best; (b) in [7] DTP is modeled as a
propositional satisfability (SAT [10]) problem and solved with a state-of-the-art
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SAT-solver plus some additional processing. Experiments show an improvement
of up to two orders of magnitude with respect to the results in [6]. (c) finally
in [11] the constraint-based algorithm proposed in [6, 4] is improved exploiting
the quantitative temporal information in the solution “distance graph”. Using
this knowledge an incremental version of the forward checking is obtained and
shown to be competitive with the results proposed in [7].

Our starting point in the work [11] was the observation of the sharp difference
between the results shown in [6] and [7] and the idea of using the “quantitative
reasoning” that can come out from a temporal constraint network representation.
We basically observe that the effects of quantitative temporal information to
improve global performance of DTPs has not been explored enough in previous
works. Using such knowledge we were able to define an

algorithm which has comparable performance (measured as number of
forward checks) with the best SAT-based version proposed in [7].

This paper follows the same CSP-based approach and again focus on using
“quantitative reasoning” that can come out from a temporal constraint network
representation. In particular we propose a new heuristic strategy for

used in our CSP framework and an filtering algorithm.
The rationale behind the new results is quite general and can be exploited in
other solvers that rely on “quantitative temporal reasoning”.

The paper is structured as follows. Section 2 introduces the basic concepts
used in the paper. Section 3 gives a basic CSP algorithm which integrates results
from both previous works, included the . Section 4
introduces two additional solving algorithms for solving DTP instances, and
an experimental evaluation of the different approaches is given in Section 5.
Section 6 ends the paper with some conclusions.

The Disjunctive Temporal Problem (DTP) involves a finite set of temporal vari-
ables z1,y1,T2,¥2 . . . Tpn, Y ranging over the reals and a finite set of constraints
C={cr,co,...cptoftheformay —yy <ryVas—y2 <ra V...V —yr < 1,
where r; are real numbers. A DTP is consistent if an assignment to the variables
exists such that in each constraints ¢; € C' at least one disjunct z;; — y;; < 745
is satisfied. One way to check for consistency of a DTP consists of choosing one
disjunct for each constraint ¢; and see if the conjunction of the chosen disjuncts
is consistent. It is worth observing that this is equivalent to extracting a “par-
ticular” STP (the Simple Temporal Problem defined in [5]) from the DTP and
checking consistency of such a STP. If the STP is not consistent another one is
selected, and so on. Both previous approaches to DTP [6, 4, 7, 11] do this basic
search step.

All [6, 4, 7, 11] share a “two layered” algorithmic structure.
An upper layer of reasoning is responsible for guiding the search that extracts the
set, of disjuncts, a lower layer represents the quantitative information of the tem-
poral reasoning problem. In [6] a general CSP formulation is used at the upper
level while the quantitative information is managed by using the incremental di-
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(dtp, S)

1. CheckConsistency(dtp)

2. IsaSolution(dtp)

3. (S)

4.

5. ¢ < SelectVariable(dtp)

6. 0+ Value(dtp, c)

7. CSP-DTP-SOLVER(dtp, S U {6})
8.

9. (Fail)

10.

A CSP solver for the DTP.

3 A CSP Algorithm for DTP
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3.1 Integrating SAT Features
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3.2 Incremental Forward Checking
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Arc-consistency init
& init
while /Vand A ., 0 do begin
i
foreach not assigned variable ; € do
~ U i
end

Fig. 2.

the operator as equivalent to a forward checking test) the total CPU time
and the number of visited search nodes.

We adopt the same evaluation procedure used in [6, 7] and use the random
DTP generator defined by Stergiou. DTP instances are generated according to
the parameters (k,n,m,L) (k: number of disjuncts per clause, n: number of
variables, m: number of disjunction (temporal constraints); L: a positive integer
such that all the constants r are sampled in the interval [—L, L]). In particular,
according to [6, 7] experimental sets are generated with k = 2, L = 100 and the
domain of r is on integers not on reals as in the general definition of DTP.

Experimental results are plotted for n € {10,12,15,20, 25,30}, where each
curve represents the number of consistency checks versus the ratio p = m/n (in
both the results of Figures 3 and 4 p = m/n is an integer value which ranges from
2 to 14). The median number of checks over 100 random samples for different
values of p is plotted in Figures 3(a)-3(f) where three different type of results
are compared: (1) the performance of the best algorithm proposed in [6] and
labeled with SK; (2) the results of the SAT-based solving methods, there are
two methods: the first one labeled with TSAT (5), which corresponds to the
best results claimed in the work [7], and a second one, labeled with T'SAT (3,
which represents some new results only published on the T'S AT web page (see the
reference [7] for the URL); (3) the performance of our constraint-based approach,
in particular the curve labeled with C'SPi corresponds to the best results in
the paper [11], and the one labeled with C'SPineg represent the new results
obtained with the heuristic strategy definited in Section 4. Figure 4(d) plots the
percentage of problems solvable by C'S Pineg on different n. The algorithms are
implemented in Common Lisp and the reported results are obtained on a SUN
UltraSparc 10 (440MHz). All the results are obtained setting a timeout of 1000
seconds of CPU time.

There are several comments on the C'SPineg performance: (a) all the curves
have the same behavior of the previous results. It is confirmed that the harder in-
stances are obtained for p € {6, 7} and for such values the percentage of solvable
problems becomes < 10%. When the number of variables n increases the hardest
region narrows; (b) the median number of forward checks show that C'SPineg
significantly improves over C'SPi. This fact shows that the new selection vari-
able strategy is very effective, and indirectly confirms that there could be further



space for investigating improvements of the CSP approach; (c) the

compares very well with the pre-existing approaches, it outperforms the others
for € {10 12 15 20} and it is competitive with (3) for € {25 30}.
However, further work will be needed to clearly outperform (3) on all
One possible direction of research is the use of more effective filtering strategies
to reduce the dimension of the search tree. However, the use of a more powerful
filtering strategy has a price of an higher computational time. Hence, the real
problem is find a good tradeoff among number of consistency checks, number of
search nodes and CPU time.

Figure 4(a) shows a comparison between the performance of our constraint-
based algorithm and the other one which uses the arc-consistency
filtering strategy (labeled with ) introduced in Section 4. With respect
to number of forward checks performs about one order of magnitute
worse than , where in the case of the arc-consistency algorithm we
consider the test + + + > 0 as equivalent to a forward check. On
the other hand, if we consider the CPU time performance (Figure 4(c)), the ratio
between the and CPU times is less than 3 in the transition
phase. The analysis is completed by the results in Figure 4(d), which show that
the strategy is able to reduce about 25% the number of search nodes
respect to the performance.

About the results of Figure 4 we have the following observations: (a) the
arc-consistency strategy performs an higher number of consistency checks re-
spect to the forward checking strategy and many of the performed checks are
unnecessary, in fact, after each solution modifications, many distances on the
graph remain unchanged, hence many tests of the form + + + >0
are unnecessarily performed; (b) in our approch a consistency check has (1)
time complexity (in the TSAT approach is at least ( )) and this explain the
difference in performance between number of consistency checks and CPU time
shows in Figure 4.

The experimental results confirm that the CSP approch contains good ideas,
in fact our results are comparable with the ones obtained by the TSAT approach
which uses one of the best SAT-solver available, in addition, for lower values of
the ratio = (< 5) the is significantly better with respect to all
the others (it is to be noted also that in many practical applications the condi-
tion < 5 is likely to be verified). On the other hand, further investigation is
needed to realize a competitive arc-consistency solving algorithm, in this exper-
imentation some useful observations about tradeoffs among number of forward
checks, number of search nodes explored, and CPU time are pointed out, and
represent a good starting point for future research directions.

6 Conclusion

This paper has extended the constraint-based approach, initially introduced in
[6] and later improved in [11], to solving the DTP temporal problem. As it is
pointed out in the short discussion at the begining of the paper, DTP is going
to become very relevant in many planning application. We propose two new
additional solving methods for DTP. The first one is an heuristic strategy for
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Improvements to SAT-based conformant planning

Claudio Castellini 2, Enrico Giunchiglid, and Armando Tacchefla
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Abstract. Planning as satisfiability is an efficient technique for sieal plan-
ning. In previous work by the second author, this approachblezn extended to
conformant planning, that is, to planning domains havingpimplete informa-
tion about the initial state and/or the effects of actionsthis paper we present
some domain independent optimizations to the basic proeeaikscribed in the
previous work. A comparative experimental analysis shdasthe resulting pro-
cedure is competitive with other state-of-the-art confamtplanners on domains
with a high degree of parallelism.

1 Introduction

Planning as satisfiability [1] is an efficient technique flassical planning. In the classi-
cal setting, the idea behind planning as satisfiabilityrngsé: For any action description

, it is possible to compute a propositional formtia whose satisfying assignments
correspond to the possible transitions caused by the égaaftan actionin . Intr
there is a propositional variable for each ground action symbol, and two propo-
sitional variables and ; for each ground fluent in . Intuitively, represents
the value of in the initial state of the transition, and; represents the value of
in the resulting state, after having performed the actidren the problem of finding a
plan of length leading from an initial state to a goal state corresponds to finding
an assignment satisfying

0 AA gtr A (1)

(see [2] for more details). This simple idea had a lot of inipache classical plan-
ning community, mainly because it led to very impressiveltsgsee, e.g., [2]). In [3],
the planning as satisfiability approach has been extendeditimrmant planning, that
is, to planning problems having incomplete information attthe initial state and/or
the effects of actions. Some preliminary experimentalltesaported in [4] show that
the approach can be competitive w.ctGP [5], a conformant planner based on plan
graphs [6].

* A special thank to Paolo Ferraris for many fruitful discoess on the topic of this paper. Paolo
has also participated to the design of the architectui@pEAN, and has developed the first
version ofC-PLAN. Norman McCain has made possible to integrate the Causall@sdr in
C-PLAN. The first two authors are supported by ASI, CNR and MURST. thirel author is
partially supported by NSF grants CCR-9700061 and CCR-3288BSF grant 9800096, and
a grant from the Intel Corporation.
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In this paper we present some domain independent optiimtd the basic proce-
dure described in [3]. Some of these optimizations have bremnporated in -PLAN,

a SAT-based system for planning in domains whose actionriggisn component is
specified using the highly expressive action languafi§. As a consequence;PLAN
allows for conformant planning in domains with constrajrtsncurrent actions, and
nondeterminism. A comparative experimental analysis shibat -PLAN is competi-
tive with other state-of-the-art conformant planners omdims with an high degree of
parallelism.

The paper is structured as follows. In Section 2 we brieflyewthe conformant
planning via SAT approach. In Section 3 we discuss the wesslasef and optimiza-
tionsto the basic procedure. In Section 4 we perform the expet@mheomparative
analysis. We end the paper in Section 5 with some conclusions

The material here presented is part of [8]. In [8], we give pihecise definitions,
statements, proofs, and we also present some additionalimental analysis.

2 Conformant planning via SAT

This Section introduces some terminology and notationuliabe used in the rest of
the paper. Precise definitions are not given for lack of sp@ee [3] or [8].

We start with a set of atoms partitioned into a setfloént symbolsand a set of
action symbolsA formulais a propositional combination of atoms. Attionis an
interpretation of the action symbols. Intuitively, to enézan actiomy means to execute
concurrently the “elementary actions” represented by thieasymbols satisfied by.

In the rest of the paper, an actiofis represented by the set of action symbols satisfied
by a.

An action descriptiotD is a finite set of expressions describing how actions change
the state of the world, i.e., describing their precond#iand (possibly hondeterminis-
tic) effects. Regardless of hol¥ is specified, we assume to have a formulawhose
satisfying assignments correspond to the transition®,adis in the classical planning
as satisfiability framework outlined in the introductibn.

A planning problenfor D is characterized by two formuldsand( in the fluent
signature, i.e., is a triple I1,D,G , wherel andG encode the initial and goal
state(s) respectively. Alan(of lengthn )is a finite sequence! ... « of actions.

Consider a planning problem I,D,G . Aplana! ... a is possiblefor
m if, starting from an arbitrarily chosen initial state, thensecutive execution of the
actionsa!,...,a can lead to a goal state. According to the results in [9, 73sjtue
plans of lengtm correspond to the assignment satisfying (1), as in theickssetting.
However, if we have incomplete information about the ihisgte and/or actions are
non deterministic, then possible plans are not guaranteee tvalid. As pointed out
in [9], in order for a plam! ... « to be valid we have to check

— thatthe plan is “always executable” in any initial state,,iexecutable for any initial
state and any possible outcome of the actions in the plan, and
— that any “possible result” of executing the plan in any aliitate is a goal state.

1 In [3], we use the term “causally explained transition”:énere simply say transition.
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=0 ot ; = o Statg 0o otrt ( );
function -sAT() return -SAT_GENpp| (cnf( ), ).

function -SAT_.GENpLL( , )

if = thenreturn -sSAT_TEST( );

if then return False

if aunitclause occursin thenreturn -SAT_GENp( | (assigr ), );
= aliteral occurringin

return -SAT_GENp_, (assigrf ), yor -SAT_GENpL_ (assigq ), ).

function -SAT_TEST( )
= the set of literals in corresponding to action literals
foreach plan '; ; s.t.eachelementinisaconjunctin -} *'
ifnot SAT( _, ™' )thenexitwith *; ; ;
return False

Fig.1. -SAT, -SAT_GENp__ and -SAT_TEST.

As shown in [3], we can check if a plan' ... «" is valid for 7 by verifying whether
Io AStatg’ A =Zog ANt ANS P | G A =Z,. )

1=
where

— Statd’ is a formula representing the set of “possible initial stite
— Z is a newly introduced fluent symbol, and
— trt? is a formula defined on the basistof’.

Thus, we may divide the problem of finding a valid plan fointo two parts:

1. generatepossible plang! ... o by finding assignments satisfying the formula
(1), and
2. testwhether each generated plah ... o™ is valid by verifying whether (2) holds.

This is the idea behind the procedudtesAT in Figure 1. In the Figuregnf P is a
set of clauses corresponding®o L is the literal complementary tb and, for any literal
L and set of clauseg, assigr{L, ) is the set of clauses obtained frapby deleting
the clauses in whicli, occurs as a disjunct, and eliminatidigfrom the others. As it
can be seen;-sAT is the Davis-Logemann-Loveland (DLL) procedure [10], ece
that, as soon as one assignment satisfgimigP is found, the procedur@-sSAT_TEST
is invoked. Indeed, each assignment satisfydnfP corresponds to a set of possible
plans, and’-sAT_TEST checks whether any of these are valid. Since all the possible
assignments satisfyingnf P are potentially generated and test€dsAT is correct
and complete forr, n: Any returned plan is valid forr (correctness and, if Falseis
returned, there is no valid plan of lengtHor 7« (completenegsHoweverC-SAT only
checks the existence of valid plans of lengthindeed, even assuming that a plan is
returned, we are not guaranteed of its optimality (we say dhplan of lengthn is
optimalif it is valid and there is no valid plan of length n). Thus, if we are looking
for optimal plans, we have to consider , , , , ,..., andforeach value of, call
C-sAT. This is the idea behind the syst&xPLAN [4, 8].
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Fig. 2. A robot navigation problem

3 Improvements to SAT-Based conformant planning

In order to understand how the basic procedure above descviorks consider the
following robot navigation problem: We are giverba 5 grid, and1 robot is moving
in it. It starts from the bottom-left corner of the grid and goal is to reach the right
side. The robot can movieorth, east, south, west, and its duty is not trivial because
there can be some objects in some locations of the grid. leraodhave some nonde-
terminism, we assume to have one object in locat{dn4), (2, 2), (4, 3), and also that
either locationg3, 1), (5,5) or (3, 5), (5, 1) are occupied. Figure 2 depicts the resulting
scenario. The initial position of the robot is indicated lgirale and occupied locations
are marked with a black square. A dashed line outlines thEgeetions. Squares filled
with a pattern indicate that the corresponding locatimagbe occupied.

According to our definitions in the previous Section, we $&g the shortest possi-
ble plans are of length: Both

east ; east ; east ; north ; east

and

east ; east ; north ; east ; east

are possible. On the other hand, any optimal valid plan, e.g.
north ; north ; east ; east ; south ; east ; east

is at leas® steps long. However, before finding a valid plarpLAN will generate and
test all the possible plans of length 5, 6, and it may genedatesome of the possible
plans of length 7. (The possible plans of length 6 are thosehich a robot does not
move for one time step). Indeed, the main weaknessesrafaN are that, at each,

1. it generates and tesafl the possible plans. Indeed, in many cases we can generate
only a subset of the possible plans, at the same time keepimgleteness of the
procedure, and

2. there is no interaction between generation and testihgs may lead to explore
huge portions of the search space without finding a solutBmabse of some wrong
choices at the beginning of the search tree.

In the following Subsections we describe two domain indeleanhoptimizations which
alleviate the first two weaknesses.



3.1 Eliminating possible plans

The basic idea is to consider only plans which are possitde‘deterministic version”
of the original planning problem. In a deterministic versiall sources of nondeter-
minism (in the initial state and/or in the effects of the ant) are eliminated. This is
possible without losing completeness, and it is a consegpuefthe following fact.

Consider two planning problems I, D,G andn’ I'D',G inthe same
fluent and action signatures, and such that

1. every initial state oD’ is also an initial state ab, (i.e.,I’ I isvalid),

2. for every actionn, the set of states d? in which « is executable is a subset of the
set of states oD’ in which « is executable,

3. every transition o)’ is also a transition o, (i.e.,tr ' tr is valid),

4. every goal state of is also a goal state af (i.e.,G G’ isvalid).

If a plan is not possible for’ then it is not valid forr. Then, in -PLAN we can:

— generate possible plans fet, and
— test whether each of the generated possible plans is inddied v

The result is still a correct and complete planning procedtor the given planning
problemr and length). Indeed, in choosing’, we want to minimize the set of possible
plans generated and then tested. Hence, we waiut be a deterministic version af

A planning problemx’ I’ D' G’ is a deterministic version of if it also satisfies
the following conditions:

1. I' is satisfied by a single state,

2. for each actiomy, the set of states in which is executable irD is equal to the set
of states ofD’ in which « is executable,

3. for any actionr and stater, there is at most one staté such that o, a, 0’ is a
transition ofD’,

4. G is equal toG’.

Of course, unless the planning problenis already deterministic, there are many
deterministic versions (possibly exponentially many)e Obvious question is whether
there is one which is “best” according to some criterion.r@ddack to our robot navi-
gation problem, we have two deterministic versions:

— If locations , , , are occupied, the shortest plan (in the deterministic do-
main) has lengthv; ,
— Iflocations , , , are occupied, the shortest plan has length

Indeed, any valid plan for the original nondeterministiarpiing problem has length
greater or equal to, i.e., to the max betweeN; andN,. This is not by chance. In fact,
let S be the set of deterministic versionssfFor each planning problemt in S, let
N 7' be the length of the shortest plan for Then, the length of any valid plan far
is greater or equal to

max ¢ N «' .

On the basis of this fact, we can introduce an ordef@tcording to whiche’ S is
better thanr” S if
N« Na". 3)
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In other words, we prefer the deterministic versions whieltd¢o have solutions (each
corresponding to a possible plan for the original plannirabfem) for the biggest pos-
sible value ofn. In our robot navigation problem, this would lead us to cleotse
deterministic version in which the locatiof3, 1), (5, 5) are the ones which are occu-
pied.

Determining the se$ of deterministic versions af is in general not an easy task.
Even assuming that determinitgis possible, finding the’ € S such to satisfy (3)
for eachn” € S seems impractical at best. What we propose is the followkiog.
simplicity, we assume to have nondeterminism only in thigaihstate: Analogous con-
siderations hold for actions with nondeterministic effedfinder this assumption, we
modify ourC-SAT_GENp L procedure in Figure 1 in order to do the following:

— once an assignmennt satisfyingcnf(P) is found, we determine the assignment
u' C pto the fluent variables at tinfg

— if the possible plan correspondingtads not valid, and the planning problem is not
already deterministic, then we disallow future assignmertending.’, by adding
to I the clause consisting of the complement of the literalsgati byy'.

In this way, we progressively eliminate some initial stdtsvhich there is a determin-
istic version having a possible plan of lengthGiven that some initial states have not
yet been eliminated, the corresponding deterministiciorssof the original planning
problem have lengttk> n. At the end, i.e., when we get to a deterministic planning
problemr’, 7’ is a deterministic version of and it satisfies (3) for eact’ € S.

In the example of Figure 2, this optimization has the effé&lioninating the initial
state in which{(3,5), (5,1)} are occupied. This elimination occurs immediately after
the first possible but not valid plan (e.deast}; {east}; {east}; {north}; {east})is
found.

3.2 Incorporating Backjumping and Learning

We do not enter into the details about how backjumping anchieg are implemented
in SAT, and assume that the reader is familiar with the togee(e.g., [11-13]). Here we
dothe same asin[12, 13], exceptthat we have to extend tlceguoe there described in
order to account for the rejection of assignments corredipgrio possible but not valid
plans. Indeed, what we can simply do — assuming an assignment corresponding to
a possible but not valid plan = « ;...;a™ —is to returnFalseand setv} ™ ﬁaﬁ

as the initial working reason. However, are there any otbett¢r) choices? According
to the definition of valid plan, there are two possible cawdega is not valid:

1. executingy ;...;a® in some initial state can lead to a staté, anda®*  is not
executable in*, or

2. « is always executable in any initial state, but one of the ipsutcomes of
executingo in an initial state is not a goal state.

In both cases;-sSAT_TESTdetermines an assignmepitsatisfyingA}' ™ aj AV,
and thus returnBalse Also notice that in the first casg; satisfies

~Z T T e



GPT| CMBP Cplan
P - T || Total || #s| Total ||#s|#pp|Last Tot.searchTotal
2-1 (| 0.03(2]|0.00|1| 1 |0.00 0.00 |0.00
4-1 (] 0.03(4]0.01{|1| 1 |0.00 0.00 |0.00
6-1 [ 0.04(6]0.02||1| 1 |0.00 0.00 |0.00
8-1 || 0.15|/8|0.08(|1| 1 |0.00 0.00 |0.00
10-1 || 0.27||20{ 0.61(|1| 1 |0.00 0.00 |0.00
15-1 ||17.05/|15(42.47|1| 1 [0.00 0.00 |0.00
20-1 ||MEM MEM||1| 1 |0.00 0.00 |0.00

Table 1.Bomb in the toilet: Classic version

with k < n. Then we can set? ﬂaﬁ as the initial working reason for rejecting
Any assignment satisfying? aﬁi corresponds to a not valid plan. Of course, setting
Vi —al  as working reason for rejectingis better than setting” —a! : since
k < n each disjunct iv¥ -a! s alsoinv? -a! ,and,ifk < n -1, the
viceversa is not true.

In the example of Figure 2, this optimization has the follogveffect: If the possible
plan{east}; {east}; {east}; {north}; {east} is tried, then it is rejected with a reason

which inhibits the further generation of possible plansibeing with {east}; {east}.

4 Experimental Analysis

The ideas presented in Section 2 and the optimizations ibesicin Section 3 have
been implemented iG-PLAN. C-PLAN accepts action descriptions specified’irand
thus it naturally allows for, e.g., concurrency, constraand nondeterminism. Our cur-
rent version (ver. 2) of-PLAN has been implemented on top®iv, an efficient SAT
checker developed by our group [13].

To evaluateC-PLAN’s effectiveness we consider an elaboration of the trauktio
“bomb in the toilet” problem from [14]. There is a finite sBtof packages and a fi-
nite setT of toilets. One of the packages is armed because it contdiamé. Dunking
a package in atoilet disarms the package and is possibléfdiméypackage has not been
previously dunked. We first consider planning problems With= 2, 4, 6, 8, 10, 15, 20,
and|T'| = 1. We compare our system with Bonet’s and GeffnePs[15], and Cimatti’s
and Roveri'scMBP [16, 17] planners. These are two among the most recent coafar
planners, and according to the results presented in [15§,the most effective to date.
We remark that botkMBP andGPT are sequential planners: they try to execute at most
one action at each step. Furthermaresp computes all the valid plans, not just one
like GPTandC-PLAN. The results for these three systems are shown in Table theln t
table, we show

— for GPT, the total time the system takes to solve the problem,
— for cmBP, the number of steps (column “#s”) (i.e., the number of eletay ac-
tions) and the total time needed to solve the problem (coltiratal”),
— for C-PLAN,
e the number of steps (i.e., the number of parallel actioryfan “#s”);
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the number of possible plans generated before finding a ‘ealéd (column

“#pp”);

the search time taken by the system at the last step (colulmst™);

the total search time, being the sum over all steps of thetétken by
-SAT_GENpLL and -SAT_TEST(column “Tot.search”); and

the total time taken by the system to solve the problem, eketpthe off-line

time necessary to compute’ andtrt? (column “Total”). This total time does

not coincide with “Tot.search” because it includes alsotiimes necessary for

expanding the formula, and for doing some other computatitarnal to the

system.

Times are in seconds, and all the tests have been run on aufehtj 850MHz,
512MBRAM running Linux SUSE 7.0. For practical reasons, wepped the execu-
tion of a system if its running time exceeded 1200s of CPU timi¢ it required more
than the 512MB of available RAM. In the table, the first casedscated with “TIME”
and the second with “MEM”.

As it can be seen from Table 1;PLAN takes full advantage of its ability to execute
actions concurrently. Indeed, it solves the problem in amtg step, by dunking all
the packages at the same time. Furthermore, the time takerPyN is always not
measurablecmepP and GPT have comparable performances, withiBp being better
of a factor of 2-3. However, the most interesting data abloeé systems is that when
P = 20 they both run out of memory. Indeed, batirT andcmBP can require huge
amounts of memoryGpPTfor storing the set of belief states visited, arspP for storing
(as Binary Decision Diagrams, BDD [18]) the transition tigla and the set of belief
states visited.

We also consider the elaboration of the “bomb in the toiletishich dunking a
package clogs the toilet. There is the additional action ughiing the toilet, which
is possible only if the toilet is clogged. The results arevandn Table 2 for P =
2,4,6,8,10 and T = 1,5,10. With one toilet, these problems are the “sequential
version” of the previous. With multiple toilets they are danto the “BMTC” problems
in [17]. As we can see from Table 2, when there is only onettoileLAN “Total” time
increases rapidly compared to the other solvers. Indgeds 1 represents the purely
sequential case in which the only valid plan consists in aigly dunking a package
and flushing the toilet till all the packages have been dun&edthe other hand, we
see, e.g., forP =6and T' = 1, that most of -PLAN time is not spent in the search.
By analysing these numbers and profilingeLAN code, we discovered that

— most of the search time is spent WSAT_GENp | : on all the experiments we tried,
each call of -saT_TESTtakes an hardly measurable time,

— the time taken by the system to expand the formula at eactcatepe consider-
able, but (since the expansion is done once for each steg)mdeccount for the
possible big differences between “Tot.search” and “Tot@His is evident if we
compare row 6-1 in Table 2 with row 6-1 in Table 3: The formutaexpand in the
two cases are equal, and the number of expansion is the saiwever, the “Total”
time in Table 2 is significantly bigger than the “Total” timeTable 3,

— the possible big differences are due to the fact that, in oureat version, each time

-SAT_TESTIs invoked by -SAT_GENp| |, we pay a cost linear in the size of the
V formula. This cost is due to the copying of thiformula from one data-structure
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GPT|| CMBP Cplan

P - T || Total || #s| Total ||#s| #pp | Last|Tot.search Total
2-1 (| 0.10(3| 0.00{ 3| 6 |0.00f 0.00 0.01
2-5 || 0.04||2| 0.01|2| 1 |0.00{ 0.00 | 0.00
2-10 || 0.05||2| 0.03 1| 1 |0.00| 0.00 0.00
4-1 (| 0.04( 7| 0.00 ||7| 540 |0.12] 0.15 | 0.65
4-5 |0.23||4| 0791 1 |0.00f 0.00 0.00
4-10 || 2.23|/4|11.30||1| 1 |0.00| 0.00 0.01
6-1 || 0.09(|11] 0.04 ||11|5256115.39 49.39 |(221.55
6-5 || 3.29|| 7| 16.80|| 3 |9834656.92 57.34 |419.53
6-10 (|74.15 MEM 1| 1 |0.00f 0.00 0.01
8-1 || 0.41]|15/ 0.20 TIME
8-5 ||32.07|11 112.4& TIME
8-10 ||[MEM MEM |[1] 1 |0.00| 0.00 0.01
10-1 || 2.67||19] 1.55 TIME
10-5 ||MEM 15974.43 TIME

10-10 ||MEM MEM | 1| 1 |0.00f 0.00 | 0.04

Table 2.Bomb in the toilet: Multiple toilets, clogging, one bomb.

to another internal o§iM. This linear cost, multiplied by the number of times
SAT_TESTIs invoked, accounts for the difference between “Tot.98amad “Total”
in the example 6-1 of Table 2.

We remark that the potentially exponential cost of verifym plan does not arise in
practice, at least on all the experiments we tried. As a maftéact, each time a plan
is verified, the corresponding set of unit clauses is addeéded” formula and (if the
plan is not valid) the empty set of clauses is generated after few splits. This was
expected (see the Section on implementation in [3]): whatmgerestimated is the cost
paid because of copying théformula. We believe that this cost is also responsible for
many of -PLAN’s timeouts, and that a better engineering of the systemntieaolve
this particular problem, will allow -PLAN to be even more competitive. In any case,
-PLAN’s performances are not too bad compared to the ones of tiee stivers: -
PLAN, CMBP, GPTdO not solve 4, 3, 3 problems respectively.

Finally, we consider the same problem as before, excepttbato not know how
many packages are armed. These problems, with respectdodisereviously consid-
ered, present a higher degree of uncertainty. We consideatime values of” and 7'
and report the same data as before. The results are showhle3[a

Contrarily to what could be expected,PLAN performances are much better on the
problems in Table 3 than on those in Table 2. This is most exideve compare the
number of plans generated and tested L AN before finding a solution. For example,
if we consider the four packages and one toilet problem,

— with one bomb, as in Table 2;PLAN generates 540 possible plans and takes 0.65s
to solve the problem (0.15s of search time),

— with possibly multiple bombs, as in Table 3;PLAN generates 15 possible plans
and takes 0.02s to solve the problem (0.02s is also the stiareh
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GPT|| CMBP Cplan

P - T || Total ||#s| Total ||#s| #pp| Last|Tot.search Total
2-1 (| 0.03(/3]| 0.00(3| 3 [0.00f 0.00 0.00
2-5 || 0.04||2| 0.00{/1| 1 |0.00f 0.00 | 0.00
2-10 || 0.24]{2| 0.02 ||1| 1 |0.00f 0.00 0.02
4-1 ||0.17||7] 001 7| 15 |0.01| 0.02 0.02
4-5 |1 0.06(/4| 054|/1| 1 {0.01| 0.00 0.01
4-10 || 0.38||4| 7.13| 1| 1 |0.02| 0.00 | 0.02
6-1 || 0.08(|11] 0.03 ||11|117|0.25| 1.39 2.01
6-5 || 0.33||7|10.71|| 3| 48 |0.62| 0.66 | 1.36
6-10 || 7.14 MEM ||1| 1 |0.00{ 0.00 | 0.00
8-1 || 0.06||15| 0.17 |{15(119512.23 147.25 |184.29

8-5 || 2.02 |11 90.57|| 3|2681j14.84 15.60 [317.13
8-10 ||MEM MEM | 1| 1 |0.00f 0.00 |12.68
10-1 || 0.21}|19| 1.02 TIME
10-5 (|12.51|15 591.33 TIME

10-10 |MEM MEM | 1| 1 |0.00f 0.00 | 0.06

Table 3.Bomb in the toilet: Multiple toilets, clogging, possibly ftiple bombs.

To understand why, consider for simplicity the case in whiwdre is only one toilet and
two package$’; andP;. Forn

— there are no possible plans if we know that there is one bontb, a

— there is the possible plan consisting of the empty sequenaetions, correspond-
ing to assuming that neithét, nor P, is armed, in the case we know nothing. This
plan is not valid, and, because of the determinizatibrLAN adds a clause to the
initial state saying that at least one package is armed.

Forn , C-PLAN in both cases tries 2 possible plans. If we assume that irgtrse
first the plan in whichP; is dunked

— if we further assume that there is one bomb, it rejects it, afabcause of the
determinization— it adds a clause to the initial state whailtbws to conclude that
the bomb is inP,. Then, forn andn , any plan in whichP, is dunked is
possible.

— in the other case, it rejects it, and —because of the deté&ration— it adds a
clause to the initial state saying that the bomb is noPjnor is in P,. Then, it
generates the other plan in which oty is dunked. Also this plan is rejected and
a clause saying that a bomb isfi or not in P, is added to the initial state. Thus,
there is now only one initial state satisfying all the coastts: namely the one in
which bothP,; andP, are armed. This allows-PLAN to conclude that there are no
possible plans fon , and to immediately generate a valid plamat

The optimizations described in Section 3 help a lot. Indéede consider the four
packages and one toilet problem, and disable the optiroizsiti

— if we have one bomb, as in Table @;PLAN generates 2145 possible plans and
takes 0.54s to solve the problem (0.24s in the last step),



— if we have possibly multiple bombs, as in Tabl&3pLAN generates 3743 possible
plans and takes 0.93s to solve the problem (0.72s in thet&gst s

BesidesC-PLAN’s performances, alsoMBP and GPT seem to get benefits by the
added nondeterminism. Overall;PLAN, CMBP andGPT do not solve respectively,
and of the considered problems. On the ones they solve, we gghtpthe same
picture that we had befor€-pPLAN takes full advantage of its ability to concurrently
execute actions, and thus behaves better on problems witipladoilets.
Overall,GPT, cMBP andC-PLAN do not solve 6, 7, 6 respectively of the 37 examples
that we tried.

5 Conclusions and related work

We have presented some optimizations to the basic procéaturenformant planning
described in [3]. The procedure and the optimizations haenbimplemented id-
PLAN ver. 2, a SAT-based conformant planner based orsteSAT library.C-PLAN
incorporates the Causal Calculator [9], and is thus abledson about action descrip-
tions specified irC. C allows for, e.g., concurrency, constraints, and nondetésm.
This causeg-PLAN to be one of most expressive conformant planners among the cu
rently available. From the experimental analysis we gdtdira, cCMBP andC-PLAN do
not solve 6, 7, 6 respectively of the 37 examples that we.theast important, while-
PLAN runs out of timecmBP andGPTrun out of memory. This seems to point out that
C-PLAN range of applicability is different from the range of appldity of cmsp and
GPT. Analogous results supporting this fact are reported i jlf¢ere it is shown that
for classical, highly parallel domains the planning ass$iatbility approaches appear to
do best. The fact that SAT-based approaches and BDD-bapeaiahes have different
range of applicability is also confirmed by

— previous work comparing BDD and DLL as SAT procedures, sé§ [2
— recent work in symbolic reachability in formal verificaticsee [21, 22].

Beside the already cited [15, 16], two other works on confmtiplanning are [5]
and [24]. In [5], the authors propose an approach based orgpégphs. The underlying
idea is to construct a planning graph for every possiblergetgstic version of the
original planning problem. Constraints over planning gn@pnsure conformance. The
main weakness of the approach is that there can be expdhenteny deterministic
version, causing the creation of exponentially many plagmjraphs. In [24], Rintanen
reduces the problem of conformant and conditional plantdrige problem of deciding
the satisfiability of a Quantified Boolean Formula (QBF). @pproach is similar to
Rintanen’s: The search performed by our generate and st gure resembles the one
of a QBF solver if run on formulas corresponding to confortydanning problems. On
the other hand, by dealing with the original planning prafblgve are able to introduce
optimizations —like the ones described in Section 3— whaketinto account the
nature of the original problem.

In [23], a new algorithm for conformant planning based onuitgic-symbolic
search”, is proposed and the experimental results are sape A detailed analysis
of the paper and the results is in our agenda.
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Symbolic Techniques for Planning with Extended Goals
in Non-Deterministic Domains

Marco Pistore, Renato Bettin, and Paolo Traverso
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Via Sommarive 18, 38050 Povo, Trento, Italy
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Abstract. Several real world applications require planners that degd non-
deterministic domains and with temporally extended gdakcent research is
addressing this planning problem. However, the abilityexlthg in practice with
large state spaces is still an open problem. In this papeeseribe a planning al-
gorithm for extended goals that makes use of BDD-based sijerhodel check-
ing techniques. We implement the algorithm in the MBP planexaluate its ap-
plicability experimentally, and compare it with existirgpts and algorithms. The
results show that, in spite of the difficulty of the problemBM deals in practice
with domains of large size and with goals of a certain complex

1 Introduction

Research in classical planning has focused on the probl@moeiding algorithms that
can deal with large state spaces. However, in some applicdtmains (like robotics,
control, and space applications) classical planners &fieuti to apply, due to restric-
tive assumptions on the planning problem they are desigaed ljighly customized)
for. Restrictive assumptions that result from practicglexiences are, among others,
the hypotheses about the determinism of the planning doarairthe fact that goals
are sets of final desired states (reachability goals). @évecent works address either
the problem of planning for reachability goals mon-deterministic domain&ee for
instance [7, 15, 3, 10]), or the problem of planning femporally extended goatkat
define conditions on the whole execution paths (see fornast§8, 1]). Very few works
in planning relax both the restrictions on deterministienddns and on reachability
goals, see, e.g., [11, 14]. These works show that plannirntgifioporally extended goals
in non-deterministic domains is theoretically feasibleaimather general framework.
However, they leave open the problem of dealing in practitle thie large state spaces
that are a characteristic of most real world applicationgekd, the combination of
the two aspects of non-determinism and temporally extegdats makes the problem
of plan generation significantly more difficult than considg one of the two aspects
separately. From the one side, planning for temporallyreded goals requires gen-
eral synthesis algorithms that cannot be customized arichized to the special case
of reachability goals. From the other side, compared torpranfor extended goals in
deterministic domains, the planner has to take into acdterfiact that temporal prop-
erties must be checked on all the execution paths that fesaitthe non-deterministic
outcomes of actions. These two factors mpkactical planning for extended goals in
large non-deterministic domains an open and challenging problem

In this paper we address this problem. The starting poinbhéswiork presented
in [14], which provides a theoretical framework for plangiim non-deterministic do-
mains. In [14], goals are formulas in the CTL temporal lo§f CTL provides the abil-
ity to express goals that take into account the fact thatamplay non-deterministically
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resultin many possible different executions and that se@geirements can be enforced
on all the possible executions, while others may be enfoooéglon some executions.
In order to show that planning for CTL goals is feasible tleioally, [14] presents a
planning algorithm that searches through an explicit regméation of the state-space.
This however limits its applicability to trivial examplekn this paper we describe in
detail a novel planning algorithm based on symbolic modekkmg techniques, and
evaluate it experimentally. The algorithm is a major deyr@rfrom that presented in
[14], both theoretically and practically. Theoreticallyhile [14] is an explicit-state
depth-first forward search, the algorithm presented hefermsulated directly by us-
ing symbolic model checking techniques. Starting from thaldormula, it builds an
automaton that is then used to control the symbolic searcetsof states. From the
practical point of view, the algorithm opens up the posiibib scale-up to large state
spaces. We implement the algorithm in the MBP planner [}, j@novide an extensive
experimental evaluation. The experiments show that pkanim such a general setting
can still be done in practice in domains of significant diniens, e.g., domains with
more than & states, and with goals of a certain complexity. We comparePMBth
SIMPLAN [11], a planner based on explicit-state search, and shosidingicant bene-
fits of planning based on symbolic model checking w.r.t. iexp$tate techniques. We
also compare the algorithm for extended goals with the MBf@rithms presented in
[6, 7], that have been customized to deal with reachabiligig} The general algorithm
for extended goals introduces a rather low overhead, ie sfpthe fact that it deals with
a much more general problem.

The paper is structured as follows. Section 2 presents thie Hafinitions on plan-
ning for extended goals in non-deterministic domains. Tére ©f the paper are Sec-
tions 3 and 4. The former presents the planning algorithnilevthe latter describes its
implementation in the MBP planner and shows the experinentduation. Finally,
Section 5 draws some conclusions and discusses related work

2 Non-Deterministic Domains, Extended Goals and Plans

In this section we recall briefly the basic definitions forrplang with extended goals
in non-deterministic domains. See [14] for examples anth&rexplanations.

De nition 1. A (non-deterministic) planning domainisatuple , , , ,where

is the finite set of (basic) propositions, is the set of states, is the finite
set of actions, and is the transition relation. We write q for
q,a,q
The transition relation describes how an action leads framsiate to possibly many
different states. We require that relationis total, i.e., for every; there is some
a andq suchthayy ¢ .We denote with ¢ a q.q g the
set of the actions that can be performed in sgatnd with q,a q q q
the set of the states that can be reached fygrarforming actioru q .
De nition 2. Let be the set of basic propositions of a domairand letd . The
syntax of ar(extended) goagj for s the following:

g b bg 99y g g
9 g 9 g 9 9 g9 9.

We define the following abbreviations: ¢ g, g g,

g , and g



Extended goals are expressed with CTL formulas. CTL allosvexpress goals that
take into account non-determinism. For instance, it is ipdsso express the different
forms of reachability goals considered in [6, 7]: the goalb requires plans to have
a chance of reaching a set of final desired states whérads (“weak” planning),

b requires plans that are guaranteed to achieve the goabritstplanning), and

b b requires plans that try to achieve the goal with iterativel-and-error
strategies (“strong-cyclic” planning). We can express aiferent kinds of maintain-
ability goals, e.g., g (“maintaing”), —g (“avoid g"), g (“try to maintaing”),

—g (“try to avoid ¢g"), and g (“always maintain a possibility to reagjy).
Moreover, reachability and maintainability requiremecas be combined, like in the
cases of g (“reach a set of states whegecan be maintained”). See [14] for a
larger set of examples of extended goals that can be exprrgs€4 L.

In order to satisfy extended goals, we need to consider pleisare strictly more
expressive than plans that simply map states of the worldttores to be executed, like
universal plans [16], memory-less policies [3], and s&tten tables [6, 7]. In the case
of temporally extended goals, actions to be executed maydapend on the “internal
state” of the executor, which can take into account, e.gvipus execution steps. More
precisely, a plan can be defined in terms ofaation functionthat, given a state and
anexecution contex¢éncoding the internal state of the executor, specifies ttieraio
be executed, and in terms otantext functiorthat, depending on the action outcome,
specifies the next execution context.

De nition 3. A planfor a domainD is a tupler C, cp,act ctxt , whereC' is a set
of (execution) contextgy € C' is the initial context, act @ x C — A is the action
function, and ctxt @ x C' x @ — ('is the context function.

If we are in stateg and in execution context, thenact ¢, ¢ returns the action to be
executed by the plan, whiletxt ¢, c,q associates to each reached stat¢he new
execution context. Functioretandctxtmay be partial, since some state-context pairs
are never reached in the execution of the plan.

The execution of a plan results in a change in the currerg stadl in the current
context. It can therefore be described in terms of transstlietween state-context pairs,
like ¢g,c = ¢,c .Due to the non-determinism of the domain, a plan may lead to
an infinite number of different executions. In [14] a finiteepentation of all possible
executions is obtained by defining arecution structurelt is a Kripke structure [9]
whose set of states is the set state-context pairs, and wiaosé#ions are the transitions
of the plan. According to [14], a plan satisfies a ggéafl CTL formula g holds on the
execution structure corresponding to the plan.

3 The Symbolic Planning Algorithm

A planning problem requires to build a plan that satisfiegtbed and is compatible with
the given domain (i.e., it is executable). The algorithm wappse works by building an
automaton, called theontrol automatorihat is used to guide the search of a plan. The
states of the control automaton are the contexts of the plnig being built, and the
transitions represent the possible evolutions of the ctsmtghen actions are executed.
Control automata are strictly related to the tree automadpgsed in [12] as the basic
structure for performing CTL synthesis. The outline of timbolic planning algorithm

is the following:
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function symbolic-plan o Plan

aut  build-aut

assoc build-assocaut

plan  extract-planaut assoc

return plan
It works in three main steps. In the first stdild-autconstructs the control automa-
ton for the given goal. In the second stdquild-assoaxploits the control automaton
to guide the symbolic exploration of the domain, and ass$esia set of states in the
planning domain to each state in the control automatonitiveely, these are the states
for which a plan exists from the given context. In the thirgjsextract-plarconstructs
a plan by exploiting the information on the states assodiai¢he contexts.
Control automata.Control automata are the key element for the definition oftlaa-
ning algorithm.
De nition 4. A control automatois a tuple 0 , Where:

— isthe set of control states (or contexts), agde  is the initial control state.

- — P PropB xP X is the transition function, where Prop is
any propositional formula constructed from basic propiosis € B.

- {1 oty With ; C ,isthe set of theed blocksof the automaton.
The transitions in describe the different valid evolutions from contexEor each
€ , component constrains the states where the transitions is appli-

cable, while components and describe the contexts that must hold in the next
states, according to the transition. More precisely, eaciext € must hold for
“some” of the next states, while defines the context that must hold for “all the other”
next states. The distinction between contextsand context is necessary in the case
of non-deterministic domain, since it permits to distirgflubetween behaviors that the
plan should enforce on all next states, or only on some of them

Component defines conditions on the valid infinite executions of a pldrese co-
incide with the so called “acceptance conditions” of auttantaeory [13]. Acceptance
conditions are necessary to distinguish the control statagplan where the execution
can persist forever from the control states that shouldfbeventually in order to allow
for a progress in the fulfillment of the goal. More preciselygiven red block €
is used to represent all the control states in which the di@cis trying to reach or
achieve a given condition. If an execution of a plan persisiisle , then the condition
is never reached, the execution is not accepted and thegaat valid. If a control state
does not appear in any red block, then it corresponds to atisittwhere only safety or
maintainability goals have to be fulfilled, so no progres®ipuired.

Construction of the control automatalMe now define how the control automaton is
constructed from the goal.

De nition 5. The control automaton  build-aut  is built according to rules:

-0 o €
—-If 3 n € then, for each € progr 1 A--- A , and for
each partition{ n} Of :
{order-goals U ; } order-goals €
Moreover,order-goals U ; € for andorder-goals €
— For each strong until subgoalof o,let , { €  head hift 4 /0,
then , €



Each state of the control automaton corresponds to an atdisteof subgoals, rep-
resenting those subgoals that the executor should curracitieve. The order of the
subgoals represents their priorities. Indeed, there aratgins in which it is necessary
to distinguish control states that correspond to the satngaals according to their pri-
orities. Consider for instance the case of gpak pPA q , that requires
to keep achieving both conditignand conditiorny. Two different contexts generated
in the construction of the control automaton for this go& ar p, ¢,gac and

q, Dp,gac - They have the same subgoals, but the first one gives prtorggal

p, while the second one gives priority to goal ¢. By switching between the two
contexts, the plan guarantees that both the condip@mlq are achieved infinitely of-
ten. In general, the first gohkad ¢ in a contexk is the goal with the highest priority,
and it is the goal that the planning algorithm is trying toiagk first.

In order to be able to define the priority of the subgoals wealrtelistinguish three
categories of formulas: thgtrong untilgoals ( = _ and _ _), theweak until
goals( - .- and _ _),andthdransientgoals ( ~-V_and_AJ).A
transient goal is “resolved” in one step, independentlyftheir priority: prefixes
and , for instance, express conditions only on the next exeowdiep. Weak until
goals are allowed to hold forever, without being resolveaergfore, we assign a low
priority to transient and weak until goals. Strong until oaust be instead eventually
resolved for the plan to be valid. We assign a high priorityhiese goals, and, among
the strong until goals, we give priority to the goals that active since more steps.
Namely, the longer a strong until goal stays active and wived, the “more urgent”
the goal becomes. In Definition 5 the ordering of subgeals performed by function
order-goalssg, c . The input context represents the list of the subgoals in the old
context; it is necessary to determine the priority amongstheng until goals that are
already active in the old context.

One of the key steps in the construction of the transitiorcfion of a control au-
tomaton is the functioprogr. It associates to each gaathe conditions thay defines
on the current state and on the next states to be reacheddarto the CTL seman-
tics. This is obtained by unrolling the weak and strong wpirators, as shown by the
following rules:

—progr g g progrg A g g Vprogrg and
progr g g progrg A g g Vprogrg ;
—progr g g progrg A g g Vprogrg and
progr g g progrg A q g Vprogrg .
Functionprogr commutes with the other operators: e@ogrg A g progrg A
progr g . Forinstanceprogr p  pA p,progr q qV p, and
progr pA q PAGA p VvV pA pA q - We can assume

that formulaprogr g is written in disjunctive normal form, as in the examples\aho
Each disjunct corresponds to an alternative evolution efdbmain, i.e., to alternative
plans we can search for. Each disjunct consists of the cotipmof three kinds of
formulas, the propositional onésand —b, those of the form  f, and those of the
form h. In the algorithm, we make this structure explicit and repreprogr g as
a set of triples

progrg { P, EX;, AX; |i€I}.

wherep € P; are the propositional formulas of thieh disjunct ofprogr g , andf €
EX; (h e AX;) if f ( h)belongs to the-th disjunct.
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In the case the componehtX of a disjunct P, EX, AX contains more than one
subgoal, the generation of the control automaton has toitae@ccount that there are
different ways to distribute the subgoalsihX to the set of next states. For instance,
if set EX contains two subgoals, then we can require that both theosidbdold in
the same next state, or that they hold in two distinct nexestdn the general case,
any partitionEX ,..., EX, of the subgoals ilE X corresponds to a possible way to
associate the goals to the next states. Namely, for €ach ..n, there must be some
next state where subgoalsX U £ X; hold. In all the other states, subgoalsAX’ must
hold.

A plan for a given goal is not valid if it allows for executiongere a strong until
goals becomes eventually active and is then never resdivedder to represent these
undesired behaviors, the construction of the automatorrgées a red blocks, for
each set of contexts that share the same “higher-priotitghg until goalg.

Associating states to context@nce the control automaton for a gagalis built, the
planning algorithm proceeds by associating to each coimekte automaton a set of
states in the planning domain. The association is built Imgtion build-assoc

1 function build-assocaut Assoc

2 foreachc € autC do assocc Q

3 green-block {ceC VB¢ autR.c ¢ B}

4  blocks autR U {green-block

5 while 3B € blocks. need-refinemenB do

6 if B € autR then foreachc € B do assoce 0
7 while 3¢ € B . need-update do

8 assoce update-ctxtaut assocc

9 return assoc

The algorithm starts with an optimistic association, tregtigns all the state§ in the
domain to each context (line 2). The association is themtitexly refined. At every
iteration of the loop (lines 5-8), a block of contexts is oliwsand the corresponding
associations are updated. Those states are removed froasgbeiation, from which
the algorithm discovers that the goals in the context aresatisfiable. The algorithm
terminates when a fixpoint is reached, that is, whenever rtbdurefinement of the
association is possible: in this case, functimed-refinemenB at line 5 evaluates
to false for eachB € blocksand the guard of thevhile fails. The chosen block of
contexts may be either one of the red blocks, or the blockaiéstthat are not in any
red block (this is the “green” block of the automaton). In tase of the green block,
the refinement step must guarantee only that all the stadesiated to the contexts are
“safe”: that is, they never lead to contexts where the goahotibe achieved anymore.
This refinement (lines 7-8) is obtained by choosing a coritettte green block and by
“refreshing” the corresponding set of states (functigirate-ctxy. Once the fixpoint
is reached and all the refresh steps on the statd$ @0 not change the association
(i.e., no context inB needs updates), the loop at lines 7-8 is left, and anothek o
chosen. In the case of a red block, not only does the refinegoanantee that the states
in the association are “safe”, but also that the contexthénréd block are eventually
left. Indeed, as we have seen, executions that persistdonmevhe control states of a
red block are not valid. To this purpose, the sets of statescéted to the red-block
are initially emptied (line 6). Then, iteratively, one ofetltontrol states in the red-
block is chosen, and its association is updated (lines K 8his way, a least fixpoint is
computed for the states associated to the red block.



The core step obuild-assods functionupdate-ctxtaut assoc ). It takes as input

the automatorgut = ( ), the current association of sta@ssoand a context
€ , and returns the new set of states to be associated to
update-ctxtaut assoc ) = € Q:
I eAdA I ye ()

€ states-of ) A
() € strong-pre-imag&sso¢ |) A

() € multi-weak-pre-imaggasso¢ ]: € })

For a state to be associated to the context, the next statesponding to the execution
of some action € A should satisfy the transition conditions of the automat@t.us
consider an action and an element ) € ().Formula describes condi-
tions on the current states. Only those states that satishepty are valid (condition

€ states-of )). isthe contextthat should be reached for “all the other” states,
i.e., for all the next states not associated with any coritext . Since all the contexts
in  contain a superset of the goals in contexive check, without loss of generality,
thatall the next states are valid for contextIn order to satisfy this constraint, function
strong-pre-imagés exploited on the seisso¢ | of states that are associated to context

. Functionstrong-pre-image ) returns the state-action pairs that guarantee to reach

states in :

strong-pre-image ) ={( ): € Act( )AExec( )C }
Set  contains the contexts that must be reached for some negssiat satisfy this
constraint, functiormulti-weak-pre-imagés called on the sefasso¢ |1: € }
whose elements are the sets of states that are associatedctantexts in . Function
multi-weak-pre-imageeturns the state-action pairs that guarantee to covenaiets
of states received in input:
multi-weak-pre-imagel)s) =
{( ): €Act()AT :Qs—Exec( )V €@s ()€ }
This function can be seen as a generalization of functi@ak-pre-image ), that
computes the state-action pairs that may lead to a state imeak-pre-image ) =
{( ) :Exec( )N # 0}.Indeed, in functiormulti-weak-pre-image ) an in-
jective map is required to exist from the to the next states obtained by the execution
of the state-action pair. This map guarantees that thetdéast one next state in each
set of states is . We remark that functiowpdate-ctxis the critical step of the algo-
rithm, in terms of performance. Indeed, this is the step whiee domain is explored to
compute pre-images of sets of states. BDD-based symbohaigues [4] are exploited
in this step to obtain a compact representation of the settatés associated to the
contexts, and to allow for an efficient exploration of the ddm

Extracting the planOnce the associatiomssocfrom contexts to sets of states is built
for automatoraut, a plan can be easily obtained. The set of contexts for theqaa-
cides with the set of contexts of the control automaaan The information necessary
to define functionactandctxtis implicitly computed during the execution of the func-
tion build-assoc Indeed, functionsipdate-ctxtand multi-weak-pre-imageletermine,
respectively, the actioact( ) to be performed from a given statén a given context

, and the next execution contestki( ") for any possible next staté. A plan can
thus be obtained from a given assignment by executing one step of the refinement
function and by collecting these information.
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4 Experimental Evaluation

We have implemented the planning algorithm inside the MBpér. MBP [2] is built
on top of a state-of-the-art symbolic model checkesSWV [5]. Further information
on MBP canbe found dtttp: //sra.itc.it/tool s/ nbp/.

The experimental evaluation is designed to test the sdigyatii the approach, both
in terms of the size of the domain and in terms of the complexitthe goal. In the
experiments we also draw a comparison with planning algrétfor extended goals
based on an explicit-state exploration of the domain, arhnticular with $M PLAN .
SIMPLAN [11] implements different approaches to planning in notedwinistic do-
mains. We focus on the logic-based planning component,evdseended goals can be
expressed in (an extension of) Linear Temporal Logic (LTI} formulas can be used
in SIMPLAN to describe user-defined, domain- and goal-dependentadatitategies,
that can provide aggressive pruning of the search spackelexperiments we test the
performance of 81PLAN with and without strategies. Another important comparison
term are the algorithms provided by MBP for the specific caseeachability goals
[6,7]. Some of the experiments are designed to evaluatewbsdhead of the general
algorithm for extended goals w.r.t. the optimized algarith

We consider the “robot delivery” planning domain, first désed in [11]. This do-
main describes a building, composed by 8 rooms connecteddmois. A robot can
move from room to room, picking up and putting down objectsm® rooms in the
domain may be designed as “producer” and as “consumer” roamebject of a cer-
tain type can disappear if positioned in the correspondimgamer room, and can then
reappear in one of the producer rooms. Furthermore, in dodadd non-determinism
to the system, some of the doors may be designed to closeuvithtervention of the
robot: they are called “kid-doors” in [11].

The experiments have been performed on a Pentium Il 700 Midtz4vGb RAM
of memory running Linux. The time limit was set to 1 hour (368Tonds). All the
experiments have been run on 5 random instances. In thestatdereport the average
time required to complete. In the case of MBP, the reportedsiinclude also the pre-
processing time necessary in MBP to build the symbolic igm&ation of the planning
domain. In the case only some of the instances terminateeitirtie limit, we report
the average on the instances that terminate and the nurob&rminated instances as
t/ . If all the instances of an experiment do not terminate, tireesponding cell is
left empty.

The first two experiments coincide with the experiments psaul in [11] Experi-
ment 1 consists in moving objects into given rooms and then mairtteém there. No
producer and consumer rooms are present in this experiiverfix the number of ob-
jects present in the domain to 5. The numbef objects to be moved ranges from 1 to
5, while the numbek of kid-doors ranges from 0 to 7. The CTL goal is the following:

in obj ,room A---Ain obj ,room

Experiment 2 consists in reactively delivering produced objects to theesponding
consumer room. The numbgrof producer and consumer rooms ranges 1 to 4, while
the numbel of kid-doors ranges form 0 to 7. The CTL goal is the following:

in obj ,prod — in obj ,cons

The results of these two experiments are reported in Tabdes 2 for MBP, for $v-
PLAN with control strategies (% PLAN with CS), and for 81 PLAN without control
formulas (SMPLAN w/o CS). MBP and 81PLAN exhibit complementary behaviors



MBP SIMPLAN with CS SIMPLAN w/o C
n=1 n=2 n=3 n=4 n=5| n=1 n=2 n=3 n=4 n=5| n=1 n=2 n=3
k=0]] 0.7] 3.4] 22.1] 143910944 05 0.7 1.2 1.6 1.7] 311.911454 B
[1/5]
k=1]| 0.7 45 337 19531219.4] 1.0 1.9 6.3 48 01| 1065 05
[2/5]| [1/5]
k=2|| 0.8 5.0 3809 275.11648. 84| 114 11.5 116.7 1286 s E
[4/5]
k=3]| 0.8 64 412 276.92163.4] 16.0] 40.1] 378.9 727.( - B E
[2/5] [4/5]| [3/5]| [3/5]
k=4]| 1.0 56| 45.7 336.92185.3| 22.2]1478. 275.1 -
[3/5] [3/5]| [2/5]
k=5]| 1.2 7.8 43.4 350.21866.]| 680.5 352.9 420.]] B B B B
[3/5] [2/5]| [1/5]
k=6]| 1.2 8.8 52.1] 426.22505.1|1143. B - B B B B
[3/5]|| [4/5]
kK=7|| 1.4 9.4 42.7] 303.32886.1 - B - . . . .
[2/5]
Table 1. Results of Experiment 1.
MBP SIMPLAN with CS SIMPLAN w/o CS

p=1 p=2 p=3 p=4 p=1 p=2| p=3 p=4|| p=1 p=2 p=3 p=4
k=0]] 00| 64 124.62053q] 03 24 28.7 303.8] 33.2 /2.1 - -
[4/5]| [1/5]
k=1| 00 61 13724269 08 151 3602 3094 9.2 17.8

[3/5]]| [2/5]] [1/5]
k=2 00 63 112526841 150 630 9180 - - -

[4/5]| [1/5]
K=3|[ 0.0 5.6 123.12063.]| 245.73289. - = = - - =
[1/5]

k=4 0.1 12.8 130.623255] 122 - - - - - - -
[3/5]

k=5 0.1 113 140.62944.9|1386.9 B - B B - - B
[1/5]

k=6 0.1 7.9 130.32940.2|110%. - - - - - - -
13/5]]| [1/5]

k=7 01 124 140.92703.4] 1.8 - - - - - - -
[1/5]

Table 2. Results of Experiment 2.

in these tests. The performance of MBP is left rather unsdtewhen kid-doors are
added, but the time required to find a plan grows exponentialthe number of
objects to be moved and in the numbeof producer rooms. i PLAN with control
strategies scales linearly with respect to the numbef objects, and behaves better
than MBP also when the numbepf producer rooms grows.l8 PLAN, however, suf-
fers remarkably when kid-doors are added to the domain.

Some remarks are in order on the different behaviors of tloesiigtems in the first
experimentin the case the numbeof objects to be moved grows. The number of steps
that the robot must perform grows linearly in the number géots, while the number of
interesting states of the planning domain grows exponigntidBP searches for a plan
for all the states in the domain. This explains its expomgtiow. The search control
strategies in B1PLAN, instead, prune most of the search space, at least in thaoase
kid-doors are present. The plan is therefore built in lingae w.r.t. its length. When
the search control strategies are disallowed im B AN, a larger portion of the state
space should be explored, and the performance becomes nousb.wndeed, plans are
found in the time limit only for very small values of paramste, , and .

Experiment 3 is designed to compare the performance of the general eedend
goals planning algorithm of MBP with the optimized algonith provided by MBP
for reachability goals. In this case, the robot is requiedetach a state where a goal
condition is satisfied. The goal conditions have the foltogviorm:

= in(obj room)A---Ain(obj, room,)
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k=0 k=7
n=1 n=2 n=3 n=4 n=5| n=1 n=2 n=3 n=4 n=5
p 0.7 3.8 26.9 160.21316.3] 0.3 0.3 0.4 04 04
Strong 0.4 23 16.1 139.5 766.8 03 03 03 04 04
SIMPLAN with CS 04 07 12 16 21 - - - - -
SIMPLAN w/o CS - - - - -

1.3 9.9 46.1 601.62547.3 2.3] 12,9 75.0 589.9

p p -
SC-Global 0.6] 3.6/ 26.00 266.641253.3] 1.1 5.0] 39.9  238.61880.6
SC-Local 0.2 1.3 9.3[ 1111 615.1] 2.1 15.3 152.§1525.9 -

Table 3. Results of Experiment 3.

We consider three optimized algorithms for reachabilitglgoThe first algorithm tries
to build Strongplans, i.e., plans that reach conditipdespite non-determinism. It cor-
responds to temporally extended gaddl p. The other algorithms try to buil&trong-
Cyclicplans by exploiting two different approaches, tBlebaland theLocalapproach
described in [6]. We recall from Section 2 that a strong-icylan defines a trial-and-
error strategy, corresponding to the temporally extendsal 4 (EF p W p). Strong-
cyclic plans cannot be expressed iMPLAN: indeed, SV PLAN is not able to express
those goals that require a combination of universal andentisl path quantifiers.

Strong-cyclic plans are interesting in the cases wher@gtptans do not exist due
to the non-determinism in the domain. In order to allow foctssituations, in this
experiment we use a variant of the robot delivery domain,revtiee robot may fail to
open a kid-door. (In the original domain, the robot alwaysceeds in opening a door;
kid can close it again only from the next round.) If a kid-d@®on the route of the
robot, no strong plan exists for that problem: the robot caly try to open the door
until it succeeds.

The results of this experiment are shown in Table 3. We remust the case of 0
kid-doors (where strong plans always exist), and the ca3ekaf-doors (where strong
plans never exist). In all the cases, the numberf objects to be moved ranges from
1 to 5. The upper part of the table covers the “strong” reailibhaplanning problem
and compares the optimized MBP algorithm (Strong), the geradgorithm on goal
AF p, and, for completeness|MPLAN. In the caseé = 7, the times in Table 3 are
those required by MBP to report that no strong plan existe [6twer part of the ta-
ble considers the “strong-cyclic” reachability planninmglplem and compares the two
strong-cyclic algorithms of MBP (SC-Global and SC-Localliahe general MBP al-
gorithm on goalA(EF p W p). The experiment shows that the generic algorithm for
temporally extended goals compares quite well with rejogbe optimized algorithms
provided by MBP. Indeed, the generic algorithm requiresuabwice the time needed
by the optimized algorithm in the case of the strong plans@mlt2.5 the time
of the optimized “global” algorithms for the strong-cycptanning. The “local” algo-
rithm behaves better than the generic algorithm (and thafiglobal” one) in the case
a strong plan exists, i.ek, = 0; it behaves worse in the case no plan exists, k.e=, 7.
This difference in the performances of the MBP algorithmsves from the overhead
introduced in the generic algorithm by the need of managemegc goals, and from
the optimizations present in the specific algorithms. Fetance, the Strong and SC-
Local algorithms stop when a plan is found for all the inisédtes, while the generic
algorithm stops only when a fixpoint is reached.

Experiment 4 tests the scalability of the algorithm w.r.t. the complgxit the goal.
In particular, we consider the case of sequential readhabials in the modified do-
main of Experiment 3. Given a sequensge. .., p of conditions to be reached, with

p =in(obj ,,room 1) in(obj ,room ),



k=0 k=7
t=1]t=2| t=3| t=4| t=5| t=6|[ t=1| t=2| t=3| t=4[ t=5/t=6
AF_ 35.1] 97.5/158.7196.1197.9290.4] 0.3] 0.5 0.4 0.6 0.6] 0.8
SIMPLAN With CS|| 1.2[ 2.9 4.2 6.8 7.8 115 1 -
SIMPLAN w/o CS - B B B B B . . . . . .
A(EF _W.) [[128.1]195.1[307.7358.0583.0632.4]151.4279.9342.9544.0642.9799.4
Table 4. Results of Experiment 4.

we consider the “strong” sequential reachability planrpngpblems

AF (p1 AF (p2 AF (pt)))
and the “strong-cyclic” sequential reachability plannprgblem

A(EF (m A(EF ps Wpt)) W(p1 A(EF pt Wpt))).
In Table 4 we present the outcomes of the experiment. In tbagtcase, we present
the results also for I®1PLAN. In the strong-cyclic case a comparison is not possible,
as SMPLAN is not able to represent this kind of goals. The numbef objects is set
to 3, while the nesting level ranges from 1 to 6. The cases of 0 and of 7 kid-doors
are considered. The experiment shows that MBP scales abeatly in the number
of nested temporal operators, both in the case of strongratigicase of strong-cyclic
multiple reachability. In the case of 0 kid-doors and strosgchability, also 81 PLAN
with search control strategies scales linearly, and thiopaance is much better than
MBP. Without search strategiesiNEPLAN is not able to complete any of the tests in
this experiment.

The experimental evaluation shows that MBP is able to delmglatively large do-
mains (some of the instances of the considered experimamgsrhore than0® states)
and with high non-determinism, and that the performanckescaell with respect to
the goal complexity. In terms of expressiveness, CTL turidmbe an interesting lan-
guage for temporally extended goals. With respect to LTledusy SMPLAN), CTL
can express goals that combine universal and existentibl qpeantifiers: this is the
case, for instance, of the strong-cyclic reachability go@ln specific planning prob-
lems, (e.g., reachability problems) the overhead w.rtintiped state-of-the-art algo-
rithms is acceptable. The comparison wittmELAN shows that the algorithms based
on symbolic techniques outperform the explicit planningpaithms in the case search
control strategies are not allowed. With search contr@itegiies, 81PLAN performs
better than MBP in the case of domains with a low non-detesminThe possibility
of enhancing the performance of MBP with search strategias interesting topic for
future research.

5 Conclusions and Related Work

In this paper, we have described a planning algorithm basexymbolic model check-
ing techniques, which is able to deal with non-determiaidtimains and goals as CTL
temporal formulas. This work extends the theoretical tequresented in [14] by devel-
oping a symbolic algorithm that fully exploits the potetitiaof BDDs for the efficient
exploration of huge state spaces. We implement the algoiithMBP, and perform
a set of experimental evaluations to show that the appraaphaictical. We test the
scalability of the planner depending on the dimension ofdtwmain, on the degree of
non-determinism, and on the length of the goal. The experiatevaluation gives pos-
itive results, even in the case MBP is compared with harldstd domain and goal
dependent heuristics (like those ofM3PLAN), or with algorithms optimized to deal
with reachability goals.
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Besides 8vPLAN, very few attempts have been made to build planners that work
in practice in such a general setting like the one we prophse.issue of “temporally
extended goals” is certainly not new. However, most of thekadn this direction re-
strict to deterministic domains, see for instance [8, 1]siaf the planners able to deal
with non-deterministic domains, do not deal with tempgrakttended goals [7, 15, 3].

Planning for temporally extended goals is strongly relatethe “synthesis prob-
lem” [12]. Indeed, the planner has to synthesize a plan frengiven goal specification.
We are currently investigating the applicability of the posed algorithm to synthesis
problems.

In this paper we focus on the case of full observability. Ateesion of the work to
the case of planning for extended goals under partial obbéity is one of the main
objectives for future research.
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Abstract

Recently, universal planning has become feasible throbnghuse of efficient
symbolic methods for plan generation and representatisedan reduced ordered
binary decision diagram®@EDDs). In this paper, we address adversarial universal
planning for multi-agent domains in which a set of uncoméfade agents may be
adversarial to us (as in e.g. robotics soccer). We presentéwoBDD-based uni-
versal planning algorithms for such adversarial non-deitgstic finite domains,
namely optimistic adversarial planningind strong cyclic adversarial planning
We prove and show empirically that these algorithms exteacekisting family of
0BDD-based universal planning algorithms to the challengingalos with adver-
sarial environments. We further relate adverserial plago positive stochastic
games by analyzing the properties of adversarial plans witese are considered
policies for positive stochastic games. Our algorithmsehlgen implemented
within the Multi-agentoBDD-based Planneymop, using the Non-deterministic
Agent Domain Languag&ADL

Keywords: adversarial universal planning, multi-agent planning;deierministic do-
mains, stochastic games.

1 Introduction

Universal planning, as originally developed by Schoppers (1987), &paroach for
handling environments with contingencies. Universal planning isqaatily appeal-

ing for active environments causing actions to be non-deterministimiversal plan
associates each possible world state with actions relevant in that statéfeving the
goal. Due to the non-deterministic outcome of actions, a univeraaliplexecuted by
iteratively observing the current state and executing an action in the paciated
with that state.

In the general case the non-determinism forces a universal plan to covee all th

domain states. Since planning domains traditionally have large glates, this con-
straint makes the representation and generation of universal plans imnR&cently,
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reduced ordered binary decision diagramsgDs,[1]) have been shown to be efficient
for synthesizing and representing universal plans [2, 3, @D are compact repre-
sentations of Boolean functions that have been successfully appkgchinolic model
checking[7] to implicitly represent and traverse very large state spaces. Usimg si
lar techniques, a universal plan represented aseD can be efficiently synthesized
by a backward breadth-first search from the goal to the initial states iplamaing
domain?

There are thre@BDD-based planning algorithmstrong strong cyclicand opti-
mistic planning Strong and strong cyclic planning were contributed within niee
planner[2, 3]. MBP specifies a planning domain in the action description langutige
[4]. The strong planning algorithm tries to generate a strong plana plan where all
possible outcomes of the actions in the plan change the state to aatevelsiser to
the goal. The strong cyclic planning algorithm returns a stroag,qf one exists, or
otherwise tries to generate a plan that may contain loops but Is guaranteciidge
the goal, given that all cyclic executions eventually terminate.

Optimistic planning was contributed within thewopr planner [6]. WMoP spec-
ifies a planning domain in the non-deterministic agent domain langunNiget, , that
explicitly defines a controllable system and an uncontrollable envieoras two sets
of synchronous agents. Optimistic planning tries to generate a reléedvpere the
only requirement is that there exists an outcome of each action that leaddaie a s
nearer the goal.

None of the previous algorithms are generally better than the othleesr. Sirengths
and limitations depend on the structure of the domain [6]. Howeuenitation of the
previous algorithms is that they can not reason explicitly about enmient actions,
due to their usage of amplicit representation of the effect of these actiohJhis is
an important restriction for adversarial domains, as for the strongcayetl optimistic
algorithms, an adversarial environment may be able to prevent goal achigvemen

In this paper we contribute two new planning algorithms robusathersarial en-
vironments: optimistic adversarial planningnd strong cyclic adversarial planning
These algorithms explicitly represent environment actions. The plaamethen rea-
son about these actions and take adversarial behavior into account. Wehave
contrast to strong cyclic plans, strong cy@idversarialplans guarantee goal achieve-
ment independently of the environment behavior. Similarly, we ptbaeoptimistic
adversarial plans improve the quality of optimistic plans by guaramgethiat a goal
state can be reached from any state covered by the optimistic adversarialgdan in
pendently of the behavior of the environment. The results are verifigurieaily in
a scalable example domain using an implementation of our algorithnieiomopr
planning framework.

Adversarial planning is related to game theory. The main difference isthatal
is represented In terms of a set of states instead of a utility functiotikdJstrong
cyclic adversarial planning, game tree algorithms, such as alpha-betam@in|5],
can only guarantee goal achievement if the search is complete and the opp@semt us
strict mini-max strategy. In practice, though, the explicit-stateckehas to be depth-
bounded which reduces the approach to heuristic action selection. Matrix gaenes
stateless and therefore strictly less expressive. The game-theoretieviydatbat is
closest in relation to adversarial planning is stochastic games (SGshaSt@ games
extend Markov decision processes (MDPs) to multiple agents. An MDR drasition
probabilities and is thus more expressive than the non-deterioitvahsition model
of adversarial planning. However, by translating an adversarial plannaidem into
an SG problem by adding non-zero transition probabilities, we preaitsin optimistic
adversarial plan exists if and only if the solution to the correspandositive stochas-
tic game has a positive expected reward. Moreover, if a strong cyclersafal plan

1This work assumes that the non-deterministic domain digfinis known and the focus is on the devel-
opment of effective universal planning algorithms undés #ssumption.

2Figure 1(b) illustrates this restricted representatiarafoexample domain introduced in next section.



existsathen the solution to the corresponding stochastic gamenhasiamum expected
reward.

The restricted domain model of adversarial planning is suitable folgmdwhere
transition probabilities are irrelevant (e.g. worst case analysisd.aflvantage of this
domain model compared to the MDP model of SGs is that it allows the apphoait
efficient OBDD-based symbolic solution methods that potentially scateuch larger
domains than can be handled by the explicit-state value iteration metbads[9])
used for solving stochastic games.

The remainder of the paper is organized as follows. Section 2 defines our repre-
sentation of adversarial domains and introduces an example domain usaghitud
the paper. Section 3 defines the optimistic and strong cyclic adverskalipg al-
gorithms and proves their key properties. In Section 4 we define ané properties
of the stochastic game representation of the adversarial planning poblenmally,
Section 5 draws conclusions and discusses directions for future work.

2 Adversarial Plan Domain Representation

An NADL domair? description consists of: a definition sfate variablesa description

of systemandenvironment agentaind a specification dhitial andgoal conditions

The set of state variable assignments defines the state space of the domagrent’'s
description is a set olctions An action has a precondition and an effect defining

in which states the action is applicable and what states the action can lead to. At
each step, all of the agents perform exactly one action, and the resulting augile

is ajoint action* The system agents model the behavior of the agents controllable
by the planner, while the environment agents model the uncontrolgivieonment.
There are two causes of non-determinisidADL domains: (1) actions having multiple
possible outcomes, and (2) uncontrollable concurrent environmemacggystem and
environment actions are assumed to be independent, such that an action chibsen by
system in some state can not influence the set of actions that can be chosen by th
environment in that state and vice versa. No assumptions are made aboehéwvéor
of environment agents. They might bhdversaria) trying to prevent goal achievement
of the system agents.

We represent the transition relation of BADL domain with a Boolean function,

( ). isthe current state, and are system and environment actions
and 'is a next state. ( "} is true if and only if ' is apossiblenext state
when executing )in .

A planning problenis a tuple( ), where is a transition relation, andand

are Boolean functions representing the initial and goal states, respectvelyi-
versal plan , is a partial mapping from the domain states to the power set of system
actions. A universal plan would xecutedby the system agents by iteratively observ-
iﬂg the current state and executing one of the actions in the univeasehptociated to
that state.

As an example, consider the domain shown in Figure 1. This domain hiagla s
system agent that can execute the actionand , and a single environment agent
that can execute the actiors and . Edges in the figure are labeled with the cor-
responding joint action. There are 5 states, namely and . and arethe
only initial and goal states, respectively.is a dead end state, as the goal is unreach-
able from . This introduces an important difference betweeand , that captures
a main aspect of the adversarial planning problem. We can view the two stated

as states in which the system and the environment have different opitiesuOb-
serve that the system “wins”, i.e., reaches the goal, only if the sigredfito actions

3The reader is referred to [6] for a formal definitionN¥#DL
4In the remainder of the paper we will often refer to jointi@es as simply actions.
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in the joint action are different. Otherwise it “loses”, as there is nositemm to the
goal with a joint action with actions with the same sign. The goal is rasiehfrom
both states and . However the result of a “losing” joint action is different forand

. In , the system agent remains in Thus, the goal is still reachable for a possible
future action. In , however, the agent may transition to the dead end statghich
makes it impossible to reach the goal in subsequent steps.

+S -S

+S -S

°M

Figure 1: An adversarial planning domain example with initial stadad goal state .
There is a single system and environment agent with actiens and +
respectively. (a) shows the explicit representation of environment aatieed by our
adversarial planning algorithms, while (b) shows the implicit repméstion used by
previous algorithms, where the effect of environment actions is modwsi¢de non-
determinism of system actions.

Now consider how an adversarial environment can take advantage of the fggssibi
of the system reaching a dead end from Since the system may end in, when
executing in , itis reasonable for the environment to assume that the system will
always execute- in . But now the environment can prevent the system from ever
reaching the goal by always choosing actien so the system should completely avoid
the path through .

This example domain is important as it illustrates how an adversariaiczmaent
can act purposely to obstruct the goal achievement of the system. We avitlinghe
following sections to explain our algorithms. A universal plan, gnéeeing that is
eventually reached,is( + ) ( + ) . In contrast to any previous univer-
sal planning algor|thm the strong cyclic adversarial planning algorican generate
this plan as shown in Section 3.3.

3 Adversarial Planning

We introduce a generic functid?lan( ) for representingpBbD-based universal
planning algorithms. The algorithms, including ours, onlyefifby definition of the
function computing the precomponeRréComy

The generic function performs a backward breadth-first search from thetgosd
to the initial states. In each step the precomponept,of the visited states, , is



computed. The precomponent is a partial mapping from states to the petvef s
system actions. Each state in the precomponent is mapped to a set of rejstamt s
actions for reachingy’.

function Plan T, I,G

U VoG

whilel V

Uy T,V

if U, then return failure

elseU U U,

vV v Up

return U

If the precomponent is empty a fixpoint bf has been reached that does not cover the
initial states. Since this means that no universal plan can be generated thattbever
initial states, the algorithm returrigilure. Otherwise, the precomponent is added to
the universal plan and the states in the precomponent are added to the wsitedf v
states. All sets and mappings in the algorithm are representedbys. In particular,
the universal plan and the precomponent are represented by the characterettanf

of the set of state-actions pairs in the mapping.

3.1 The Optimistic Adversarial Precomponent

The core idea in adversarial planning is to be able to generate a plan feydtesn
agents that ensures that the environment agents, even with complete kyewiede
domain and the plan, are unable to prevent reaching the goals. We forthédimea

in the definition of &air state A states is fair with respect to a set of statds, and

a universal planlJ, if, for each applicable environment action, there exists a system
action inU such that the joint action may lead intd. Let Ay s denote the set of
ﬁpplicable environment actions in statdor transition systenf’. We then formally

ave:

De nition 1 (Fair State) A state,s, is fair with respect to a set of stateg, and a
universal planlU, ifandonlyif a. Ar s . as U s .T s,as,ae,s s V.

For convenience we define amfair state to be a state that is not fair. The optimistic
adversarial precomponent is an optimistic precomponent pruned for stdgas. In
order to use a precomponent fmBDD-based universal planning, we need to define it as
a boolean function represented by@BDD. The optimistic adversarial precomponent
(OAP) is the characteristic function of the set of state-action paireiptacomponent:

De nition 2 (OAP) Given atransition relation]’, the optimistic adversarial precom-
ponent of a set of state¥), is the set of state-action pairs given by the characteristic
function:

T,V s,as a. . AT s,a, J T,V s,a, (1)
ae,s . T s,as,ae,s s V s /|V (2)

J T,V s,a, as,s .T s,as,ae,s s V 3)
AT s,a, as,s . T s,as,0¢,5 . (4)

Line (1) ensures that the state is fair. It says that, for any state iprédfmmponent,
every applicable environment action (defined A, a. ) must also be included in a
joint action leading td” (defined by.J s, a. ). Line (2) says that every system action
as relevant for a state / V must have at least one next statd/in

Figure 2 shows the optimistic adversarial precomponent of 6tdite the example
domain ( TG F, s, F s,U s, U, s ). Forclarityweinclude
the transitions of the actions in the precomponent.
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Figure 2: The OAP of7 for the example of Figure 1.

3.2 The Strong Cyclic Adversarial Precomponent

A strong cyclic adversarial planis a strong cyclic plan where everyisté#. Thus, all
the actions in the plan lead to states covered by the plan. In particulaguaianteed
that no dead ends are reached. The strong cyclic adversarial precomponenj (SCAP
consists of a union of optimistic precomponents where each state infdhe opti-
mistic precomponents is fair with respect to all states in the previcemmponents
and the set of visited states.

The algorithm for generating an SCAP adds one optimistic precompahamime.
After each addition, it first prunes actions with possible next statesowered by the
optimistic precomponents and the set of visited states. It then sulrsthgprunes all
the states that are no longer fair after the pruning of outgoing actlbal.the states
are pruned from the precomponent, the algorithm continues addingisfiti precom-
ponents until no actions are outgoing. Thus, in the final SCAP, we lmgg cycles
due to loops and transitions crossing the boundaries of the @pitrprecomponents.
Again, we define the precomponent as the characteristic function of a satebstion
pairs:

De nition 3 (SCAP) Given a transition relation]’, the strong cyclic adversarial pre-
component of a set of statdg, is the set of state-action pairs given by the character-
istic functionSCAP (T, V')(s, as).

function SCAP(T,V)
i:=0; OAp := OAP(T,V)
while OA; =
SCA := PruneSCA(T,V,0A, i)
if SCA= then
return SCA
elsei:=i+1
OA; == OAP(T,V  (Uj_, states(OA)))
return
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Figure 3: (a) The OAP pruned for actions with outgoing transitignsThe SCAP of
G, for the example of Figure 1.

function PruneSCA(T,V, OA, 1)

repeat
SCA:=U _,04
V =V, V :=VU(U _, states(04 ))
for j=0toi

P := PruneOutgoing(T,V , OA )
OA := PruneUnfair(T,V ,P)
V =V U states(OA )

until SCA=uU _,04

return SCA
PruneOutgoing(T,V, 04) = OA(s,a ) A (Va ,s' . T(s,a ,a ,s') = V(s'))
PruneUnfair (T,V, 0A) = OA(s,a )A (Ya .A(T)(s,a )= J(T,V)(s,a ))

SCAP(T,V) adds an optimistic adversarial precomponent until the pruning func-
tion PruneSCA(T,V,OA, 1) returns a non-empty precomponent. The pruning func-
tion keeps a local copy of the optimistic adversarial precomponents in an @A.

SCA is the precomponent found so far. The pruning continues 6t reaches a fix
point. V' is the set of states in the current precomponent. In each iteration trassitio
leading out oft” are pruned. States turning unfair with respect’'tq because of this
pruning, are then removed. is the union of all the states in the previous optimistic
precomponents and the set of visited stafes

For an illustration, consider again the OAP®f(see Figure 2). Action-s would
have to be pruned froiii since it has an outgoing transition. The pruned OAP is shown
in Figure 3(a). Now there is no action leadingian U when the environment chooses
+e. U has become unfair and must be pruned from the precomponent. Since the
precomponent is non-empty no more optimistic precomponents hdneadded. The
resulting precomponensCAP(G) = {(F, +s), (F, —s)}, is shown in Figure 3(b).
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3.3 Properties of the Algorithms

Optimistic and strong cyclic adversarial planning extend the pusd@DD-based uni-
versal planning algorithms by pruning unfair states from the plarr. ekample, for
the domain of Figure 1, the strong cyclic planning algorithm wogenerate the plan
{C {+ = DHC {+ =1} {+ 1} while the strong cyclic adversarial plan-
ning algorithm, as introduced above, generatesthefgla{+ }) ( {+ — }}. It
is capable of pruning from the plan, since it becomes unfair. Also note that the plan
is not a plain strong plan since progress towards the goal is not gaacaim every
state. It is easy to verify that there actually is no strong plan for thisaii.

In order to state formal properties of adversarial planning, we definkevieéof a
state to be the number of optimistic adversarial precomponents fregothl states to
the state. We can now prove the following theorem:

Theorem 1 (SCA Termination) The execution of a strong cyclic adversarial plan even-
tually reaches a goal state if it is initiated in some state coverettiéylan and actions
in the plan are chosen randomly.

Proof: Since all unfair states and actions with transitions leading out of tioagst
cyclic adversarial plan have been removed, all the visited states will barfeicov-
ered by the plan. From the random choice of actions in the plan it theswfelihat
each execution of a plan action has a non-zero probability of leading to aastate
lower level. Let be the maximum level of some state in the strong cyclic adversarial
plan ( exists since the state space is finite). Letenote the smallest probability of
progressing at least one level for any state in the plan. Then, from staggyin the
plan, the probability of reaching a goal state irsteps is at least . Thus, the proba-
bility of reaching a goal state in  stepsis atleast— (1 — ) , which approaches
1for — oco. Thus, a goal state will eventually be reached. |

The termination theorem makes strong cyclic adversarial plans more pothenf
strong cyclic plans since termination of strong cyclic plans only @agumranteed by
assuming no infinite looping (i.e. a “friendly” environment). F@timistic adversarial
plans, termination can not be proved since dead ends may be reached. Howeeer, si
optimistic plans only consist of fair states, there is a chance of pssgrg towards the
goal in each state:

Theorem 2 (OA Progress) The execution of an optimistic adversarial plan has a non-
zero probability of eventually reaching the goal from each stateersd by the plan if
the actions in the plan are chosen randomly.

Proof: This follows directly from the fact that each state in the plan is fair. O

Optimistic plans do not have this property since unfair states magdbeded in the
plans. Thus, it may be possible for the environment to preventytsters from pro-
gressing towards the goal either by forcing a transition to a dead engd wraking
transitions cyclic.

3.4 Empirical Results

The adversarial and previowssDD-based universal planning algorithms have been
implemented in the publicly availablevoPp planning framework. In order to illustrate
the scalability of our approach, we use a general version of the exampiaidof
Figure 1, as shown in Figure 4.

The domain has a single system and environment agent with adtiens-  }
and{+ — }, respectively. The system progresses towards the goal if the sigims of t
two actions In the joint action are different. At any time, it can switchfitbie lower
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Figure 4: A general version of the domain shown in Figure 1.

to the upper row of states by executingn the upper row, the system can only execute
+ . Thus, in these states an adversarial environment can prevent furtheegs dgr
always executing- .

Figure 5 shows, in a double logarithmic scale, the running timafgdlan size as
a function of the number of domain states when finding strong cyclictndg cyclic
adversarial plan®.In this domain both algorithms scale well. The experiment indicate
a polynomial time complexity for both algorithms. For the larghshain with 65,536
states the CPU time is less than 32 seconds for generating the stroicgadyersarial
plan. The results also demonstrate the efficiencg®bDs for representing universal
plans in structured domains. The largest plan consists of only 38 Oiiles.

The strong cyclic adversarial plans only consider executingnd+ , while the
strong cyclic plans consider all applicable actions. Hence, the stronig eglslersarial
plans have about twice as mamgDD nodes and take about twice as long time to
generate. But this slightly higher cost of generating a strong cyclieradvial plan
pays off well in plan quality. The strong cyclic adversarial plan is gu@eohto achieve
the goal when choosing actions in the plan randomly. In contrast, titapility of
achieving the goal in the worst case for the strong cyclic plan is hess(£)"/?~1,
where is the number of states in the domain. Thus, for an adversarial enviranmen
the probability of reaching the goal with a strong cyclic plan is pcatiy zero, even
for small instances of the domain.

4 Relation to Stochastic Games

A stochastic games a tuple( 1om 1..n), Where is the number of agents,

is the set of states, ; Is the set of actions available to playefand is the joint
action space ; n), is the transition function [0 1], and

i is a reward function for theth agent . A solution to a stochastic game
is a stationary and possibly stochastic policy, PD( ;), for an agent in this
environmentthat maps states to a probability distribution over itsre:t The goal is to
find such a policy that maximizes the agent’s future discounted rewaua zéro-sum
stochastic game, two agents have rewards adding up to a constant valaidualar,
zero. The value of a discounted stochastic game with discount fadtoa vector of

5The experiment was carried out on a 500 MHz Pentium IIl PC &8 MB RAM running Red Hat
Linux 5.2.
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Figure 5: CPU time and plan size of strong cyclic and strong cyclieesrial plans
as a function of domain size.

values, one for each state, satisfying the equation:

L) = max min (s) (s e HNCH+ ()

PD A, ac€A.
7€ as €A, s €S

For positive stochastic games, the payoffs are summed without aidisfe@tor, which
can be computed as( ) =lim,_, ().

The derived stochastic game from a universal planning problem is giyeheb
following definition:

De nition 4 A derived stochastic ganieom a planning problem, ), is a zero-
sum stochastic game with states and actions identical to thdke ptanning problem.
Reward for the system agent is one when entering a state aero otherwise. Transi-

tion probabilities, , are any assignment satisfying,

(s e Ne@I i (. e )

(s . =0 otherwise

We can now prove the following two theorems:

Theorem 3 An optimistic adversarial plan exists if and only if, famy derived stochas-
tic game, the value at all initial states is positive.

Proof: (=) We prove by induction on the level of a state. For a stajegt level
one, we know the state is fair with respect to the goal states. So, for agon of
the environment, there exists an action of the system that transttoagoal state
with some non-zero probability. If,,;, is the smallest transition probability, then if
the system simply randomizes among its actions, it will receive a rewasdeowith

probablhty 5 . Therefore, () > %”IL 0. Consider a state, at level . Since
is fair, we can use the same argument as above that the next state will legeltless
than with probability - ‘W" With the induction hypothesis, we get,

()= |m“|’ () o




Therefore, all states in the sEthave a positive value. Since the algorithm terminates
with IV, then all initial states have a positive value.

Assume for some derived stochastic game that the value at all initialssat
positive. Consider running the optimistic adversarial planningritigm and for, the
purpose of contradiction, assume the algorithm terminates vithV. Consider the
states / V that maximizes/ s . We know that, since the algorithm terminated,
s must not be fair with respect 6. So there exists an action of the environment,
such that, for alk , the next state will not be iiv. So we can bound the value equation
by assuming the environment selects action

V s Zaa <ZTs,a,a,s 7Vs>

Notice that we do not have to sum over all possible next states sinkaavethe
transition probabilities to states in are zero (by the selection af ). We also know
that immediate rewards for states notlinare zero, since they are not goal states.
By our selection ok we know thatV’ s must be smaller than the value of. By
substituting this into the inequality we can pull it outside af fummations which now
sumto one. S& s , as we need to satisfy:

V s YV s

Since any initial state is not i, Vs must have value equal to zero, which is a
contradiction to our initial assumption. So, the algorithm mushieate withl  V/,
and therefore an optimistic adversarial plan exists. |

Theorem 4 If a strong cyclic adversarial plan exists, then famy derived stochastic
game, the value at all initial states is 1.

Proof: Consider a policyr that selects actions with equal probability among the un-
pruned actions of the strong cyclic adversarial plan. For states noeiadversarial
plan select an action arbitrarily. We will compute the value of executirggpblicy,
V.

Consider a state in the strong cyclic adversarial plan such that s is minimal.

LetL s N bethelevel of this state. We know that this state is fair with respeheto
states at level less tha¥i, and therefore (as in Theorem 1) the probability of reaching

a states with L s N when following policyr is atleasp —— > . This

same argument can be repeatedsforand so after two steps, with probability at least
p?, the state will bes whereL s Ls N . Repeating this, afteV

steps with probability , the state will bes whereL s Ls N , SOs
must be a goal state and the system received a reward of one.

So we can consider the value at statehen following the policyr. We know after
N steps if it has not reached a goal state it must be in some state stdl adtrersarial
plan due to the enforcement of the strong cyclic property. In essence,iatbisetith
outgoing transitions are pruned and therefore are never executed biye value of
this state by definition must be larger thein s . Therefore,

Vs p p vV s
Y P
P
V s P
1 p
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SoV™ s and sinces is the state with minimal value, for any initial statg
VT s; . SinceV s; maximizes over all possible policiek, s; . O

5 Conclusion

This paper contributes two neaBDD-based universal planning algorithms, namely
optimistic and strong cyclic adversarial planning. These algorithatsrally extend
the previous optimistic and strong cyclic algorithms to adveasarivironments. We
have proved that, in contrast to optimistic plans, optimistic asbrial plans always
have a non-zero probability of reaching a goal state. Furthermore, weepraved
and shown empirically that, in contrast to strong cyclic plans, a gtoguolic adversar-
ial plan always eventually reach the goal. Finally, we introduced and praexnted
relations between adversarial universal planning and positive stochastizsg An in-
teresting direction for future work is to investigate if adversariahping can be used
to scale up the explicit-state approaches for solving stochastic ganpesiipg states
and transitions irrelevant for finding an optimal policy.
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Abstract. Coordination between processing entities is one of the mvaizly
studied areas in multi-agent planning research. Receasitbyts have been made
to understand the formal computational issues of this itambarea. In this paper,
we make a step toward this direction, and analyze a resiradéss of coordina-
tion problems for dependent agents with independent gaaisgain the same
environment. We assume that a state-transition desaripfieach agent is given,
and that preconditioning an agent's transitions by theestaf other agents is the
only considered kind of inter-agent dependence. Off-lioerdination between
the agents is considered. We analyze some structural piegpef these prob-
lems, and investigate the relationship between these grepand the complex-
ity of coordination in this domain. We show that our generalbem is provably
intractable, but some significant subclasses areriand even polynomial.

1 Introduction

Coordination between processing entities is one of the maitly studied areas in
multi-agent planning research. Recently, efforts havalmeade to understand the for-
mal computational issues in this important area. In thispape make a additional step
toward this direction. We describe a restricted class ofdioation problems for agents
with independent goals acting in the same environment,ithtite strategy of each
agent should be planned while taking into account strasegfi®other agents as plan-
ning constraints. In these problems, (i) the set of feagilalas for each agentis defined
by a state-transition graph, and (ii) preconditioning aerdgtransitionsby thestates
of other agents is the only considered kind of inter-agepeddence. For this problem
class, off-line coordination is considered: structurad @omputational properties are
investigated, and both tractable and intractable sulbetase presented. Although the
examined class of problems can be seen as significantlyctestrits place in multi-
agent systems was already discussed in Al literature, @,44[ 22]. We believe that
the formal model we suggest for the presented problem cEsserve as a basis for
further extensions toward a representation of richer ragént worlds yet preserving
convenience for computational analysis.

In the area of multi-agent coordination, we identify two maésearch directions:
multi-agent collaboratiormndsynthesizing multi-agent plans multi-agent collabora-
tion, goal achievement is a team activity, i.e., multiplesig collaborate towards the
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achievement of an overarching goal. During the last deczd@&us theories for multi-
agent collaboration, e.g. [9, 18, 20], and several gengixaaches for corresponding
planning, e.g. [11, 25], were proposed; for an overview ¢f Hrea see [17]. In addi-
tion, a few formal computational results concerning theliioa formation are found
for both benevolent [24] and autonomous [12] agents.

Synthesizing multi-agent plans addresses synchronizhétween agents that work
on independent goals in the same environment. In [16], akrdd merging of precon-
structed individual agent plans is presented, and it isdaseintroducing synchro-
nization actions. In [15], a heuristic approach that expldecomposed search space
is introduced. Whereas in [15, 16] methods for merging pktrike primitive level are
described, in [8] a strategy for plan merge on differentleeéhierarchical plans is pre-
sented. In [1, 2], a generic approach for distributed, im@etal merging of individual
plans is suggested: the agents are considered sequetiallshe plan for the currently
processed agent is synchronized with the plans chosen doprétviously processed
agents. Besides, a few more algorithmic approaches to dicaign-specific plan syn-
chronization are proposed in [7,23, 26]. Note that all theggeroaches for inter-agent
synchronization assume that the personal plans are alattructed, and that the
merging operation is considered only on this fixed set ohidldial plans (possibly, cer-
tain local modifications of the plans may be allowed). Thiseasially restricts not only
the quality, but even the ability to find a coordinated plan.

A wider formal model for multi-agent systems that concerothltletermining per-
sonal agent plans and their synchronization, is suggestgzP]. With respect to this
model, the cooperative goal achievement problem is defiheadn be roughly stated
as follows: Given a set of benevolent agents in the sameanwvient, each one with
its own, independent goal, does there exist a satisfyingsysf coordinated personal
plans? In [22], this problem is shown to bePACEcomplete.

In this paper, we concentrate on a particular class of thpemdive goal achieve-
ment problem. In this problem class, which we denote temas(state-transition sup-
port), an action (transition) of an agent can be constrdiydtie states of other agents.
Following [6, 22], each agent is assumed to be represerdaladinite automaton. As in
[8,15, 16], the coordination process is assumed to bemdfdind centralized. Note that
we are not dealing here with many complementary issues di-auggnt systems such
as determining agent behavior, collaboration establigtiacision process distributing,
etc.

We suggest to represent ams problem domain using a graph language. The two
interrelated graphical structures of our model are as\ialo

1. Thestrategy di graph the state-transition graph describing behavior of an agen
2. Thedependencedi graph description of the dependence between the agents.

The strategy graph compactly captures all alternativeopedsplans for the corre-
sponding agent: its strategies correspond t#tasfrom the source node to the target
node in its strategy graph. Transition of an agent along ge éslconditioned by the
statesof the agents on which it depends, i.e., their locations gaoenodes in their
strategy graphs. The reader can find some relation betweestrategy graphs and the
interactive automata of [21]. The main differences are Weafi) address precondition-
ing, not interaction between agents, and (ii) considetioé-planning.
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Fig. 1. Examples of strategy graphs for: (a) single agent, (b) tgenigroup: transitions ok’
depend on states af.

The nodes of the dependence graph correspond to the agergdgl( ) appears

in the dependence graph if some action of the agel@pends on the state of the agent

. We define subclasses of , mainly with respect to structural properties of the de-
pendence graph, and analyze their complexity. The contgleximeasured in terms of
the total size of the strategy graphs and the size of the diepee graph (which is ac-
tually the number of agents). We show that our general proldeorovably intractable,
but some significant subclasses aramand even polynomial. As far as we know, such
an analysis of the relation between the structural and thepatational properties of
a multi-agent coordination problem was not done in previasearch. Note that this
paper presents only first results of our ongoing researcis, th particular, we do not
discuss relative significance of the presented problensetasand we do not provide
wide final conclusions.

The rest of the paper is organized as follows: Section 2 ptesnd discusses our
model. Section 3 is devoted to the basic case of two agertioBd introduces a clas-
sification of  ’s subclasses, and presents additional complexity restdtshe proofs
and some of the detailed algorithms we refer to the techmégadrt [13]. Concluding
remarks are given in Section 5, together with some discnssiaelated issues and
future work.

2 Graphical Model for ST'S

In this section we define two graphical structures of the problem domain. The
strategy graph  captures the alternative personal strategies of an agéltie agent’s
states are represented by the nodes of Each (directed) edge represents a possible
transition between the two corresponding states. Multijplesitions between two states
are possible. If a transition is conditioned, then the spomding edge has label
which describes the condition; when a transition can be dowker several alternative
conditions, this is modeled by multiple edges, each lableyeal single condition. There

are two unique nodes in , the source node and the target node, which represent the

initial and goal states of , respectively. The possible agent’s strategies are repred
by the paths from the source node to the target node. Forustrdtion see Fig. 1(a),
where the possible strategies are: , , . .

The size of this structure is linear in the length of the peobdescription. Observe
that in general, the number of different, potentially apglile, strategies may be expo-
nential in the size of the problem even for an acyclic strestéor a general structure,
this number can, formally, be infinite.
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Consider a pair of agents and sothat depends on in the following sense:
each transition of is preconditioned by a certain state of In graph terms, each
edgein ¥ is labeled by the name of a node if’. An example is given in Fig. 1(b),
where the inner graph models and the outer one models. Note that there are two
transitions of from the state to the state which are preconditioned by different
states of . The following pair of strategies for and is coordinated: The agent
begins from state and begins from state . Subsequently, (i) moves to , (ii)

moves to , while isin , (ii) movesto, (iv) movesto ,(v) moves
to , and finally, (iv) movesto . We denote this coordinated multi-agent strategy
bythesequence )(  )( ) ) X ) . The other possible coordinated
plans for ~and are ( )( )(  )( ) ) and ( ) ) ) ).
No other coordinated pair of strategies exists. For exaniptee agents begin with
( ) ) ),then cannotleave, sinceitisimpossible for toreach after
being in

In general, there are several agents » » With strategy graphs: = 4 |
1 . We say that an agent; depends on an agent; if transitions of ; have
states of ; as preconditions. Note that a few agents may depend on theagent, and
an agent may depend on a few other agents. Hence, a trargditioris preconditioned
by states of agents that; depends on; in general, a transition can depend on a part of
them.

Thedependence graph is a digraph whose nodes areg, 1 , and there is
an edge from ;to ;ifagent ; dependson agent;. In what following, we identify
nodes of with the corresponding agents. Likewise, we identify theesand edges
of ?with the states and transitions of, respectively. An edge of * has a compound
label, each component of which is a state of an immediategoesor of ; in  (i.e.,
a node in the strategy graph of this predecessor).

Both the strategy graph and the dependence graph can beumtedtstraightfor-
wardly, given ansts problem. Likewise, the structural properties of the depernd
graph, which are investigated in this paper, can be verifiddw polynomial time in
the size of the graph.

In this papergachtransition of an agent is preconditioned by the statedlafgents
that this agent depends on, if the opposite is not declarplicdk/. We consider only
connected dependence graphs. The reason is that othehgisett of agents can be
divided into disjoint subsets that can be considered incdeégetly.

A natural motivation for a pair of agents and as above is that fulfills some
mission, while supports it. In practice, the mission of may be a movement towards
a target, while either watches from certain observation points, or feeds it from
certain warehouses, or protects it from some fortified pmsst Such a supportis usual
in military and is wide-spread in various other activitiEsr example, a worker as-
sembles some compound product, while a mobile crameoves the (half-assembled)
product from one working place of to another. In general, when there are several
agents, each agentis supported by a few agents, and intippgis a few other agents.

Having read this far the reader may argue that it is possk#é we never know
an agent’s behavior in complete detail, and even if we dontimaber of states that
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represent an agent’s behavior may be very large. In this eapdoiting and even con-
structing strategy graphs seems to be infeasible.

Indeed, it is not realistic to present detailed models of ynaal-life systems as
finite state machines. However, as it is argued in [22], tipeagentation an agent uses
need not present the world in sufficient detail to require enexpressive description
language. Intuitively, it is possible to distinguish beemehe physical state of agents
and their computational state. It is the computationaksthat we have difficulty in
modeling by finite-state machines. However, the computatistate of an agent is not
accessible to the other agents. On the other hand, a fiaite-gdescription can serve
well as a representation of the physical state. A wider disicen of these and other
issues of finite-automata-based knowledge representatidmeasoning can be found
in [22]. Likewise, number of finite-automata-based ardiiiees are discussed in the Al
literature, e.g., see [6].

In case that the number of parameters describing the phgsata (and thus the size
of the state space) is still large, it is often possible t@tallvantage of the structure of
an agent in order to derive a concise description of its skafgarticular, an agent may
be viewed as being composed of a number of largely indepemdemponents, each
with its own state. Each such component (such as robot’s,imatbr, wheel, etc.) can
be represented by an agent, whose physical state is réjativgple, since it describes
a particular feature of a complex system. In this case, tla¢esty graphs of the agents
are expected to be of reasonable size.

3 The Basic Case of Two Agents

In the rest of the paper, we study the complexity of varioudtiragent coordination
problems based on the model suggested above. In this seaidemonstrate our tech-
niques on solving the basic case of agentiepending on agent. Given the strategy
graphs of and , we build a new graph describing restricted by . As a result,
our problem is reduced to the known problem of finding a sotwetarget path in this
new graph. Such a reduction becomes possible because afcday of the original
restrictions.

We describe a solution of our problem as an interleaved seguef transitions of
agents and , as was shown in Section 2. Let us analyze the structure oherge
coordinated plan for these agents. As mentioned above, private strategies find

are source-to-target paths in and respectively, and we denote them by
and . Letusdivide intointervals ;, 5, of constancy of labels: all
edges (transitions) in  are labeled (preconditioned) by the same node (state)f

. The ’'spath s also divided by the nodes into some parts. The considered
planis as follows: (1) If 1 / ,then agent movesfrom to state ; alongthe
initial part of  ; (2) Agent movesalong, toitsend;(3) movesfrom ;t0 -
along the next partof ;(4) movesalong, , etc. Finally, if / ,thenagent

moves from to along the final part of . For illustration see Figure 2.

Let see what “degrees of freedom” has. For simplicity of notation, we denote
by oand by ;. Observe that the replacement of part of between to

+1, < < ,byanyotherpathfrom to 4, retains the planfeasible. Thatis,
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Fig. 2. Relation between personal strategiesxobndY”

the only requirement for feasibility of is theexistenceof such a path for each label
change along . Moreover, replacement of any by another path between its ends
such that all its edges are labeled byretains the plan feasible.

Lets now consider building such a coordinated planWe take as a central issue
finding an appropriate path . As mentioned above, the only critical points in its build-
ing are the moments of label change along: if the label changes from to ,
then a “connecting” path from to in must exist. In order to include into
the same framework the cases in which the label of the first exigot  and the label
of the last edge is not , we extend  as follows. We add to a dummy source
~ , with an edgd ~ ) labeled , and a dummy target , with an edge )
labeled , and consider path from ~ to~ in this extended graph . Itis easy
to see that existence of connecting paths infor all critical pointsin™ is necessary
and sufficient for the feasibility . Indeed, the twin path is the concatenation of
all connecting paths, fdr < < . Therefore, the only information we need in order
to build an appropriate path in is whether two edges may be consequent on a path
"~ in the above sense, for all pairs of adjacent edges in

Information on existence of a path between any pair of nodeand of
(reachability of from ) can be obtained by a preprocessing of. Appropri-
ate algorithms are widely known and are very fast; the pdiemstelves, if any, are
provided by these algorithms as well, e.g. see [10]. Heneecan form the following
database for all pairs of consequent edges in If an edge labeled enters some
node and an edge labeled leaves the same node, then the gair ) is marked
“permitted” if either = or is reachable from in . For example see
Figure 3, where dotted lines show the permitted edge pairs.

Fig. 3. lllustration of G with the corresponding’ ! .



In fact, the suggested construction provides a reductigheoproblem of finding a
path™ as defined above to a known problem of finding a path in a gragtthe new
graph | havethedge®f = asnodes, and letits edges be defined by the permitted
pairs of edgesin . Now, all we need is a path from the source n¢de )tothe
target nodg ) in | . Clearly, such a path defines the corresponding path in
"~ immediately.

Figure 4 summarizes the algorithm for finding a coordinated for agent de-
pending on (“supported by”) agent. This algorithm is, evidently, polynomial. The
reader can “execute” it by himself on the example given irufég3. This example is
the same as the one in Section 2, and any of the three feasitndinated plans listed
there can be obtained as the result of such an execution. Wadsave achieved our
first result, and in what following, we use the presented aagn for analyzing other
variants ofSTs.

1. Extending strategy grapfi™ to G**.

2. Preprocessing of strategy gra@h : finding a path from any node to any other node (in fact,
it is sufficient to do this for the node pairs needed in the péese only).

3. Constructing permitted-edge graght!¥ .

4. Finding a source-to-target path@*!" , if any, or reporting on non-existence of a coord
nated plan, otherwise.

5. Reconstructing from the path found in phase 4 a pdthin G and its abridged variant™
in GX.

6. Building a pathsY in GY as the concatenation of paths found at phase 2, for all label
changes along™.

7. Outputting properly interleaved strategie$ ando™ .

Fig. 4. Algorithm for the basic  problem.

Theorem 1. There exists a polynomial time algorithm that, given a paagents ,
in which  depends on , determines existence of a coordinated plan and finds such a
plan, if exists.

This result can be easily generalized to findingatimalcoordinated plan. Assume
that the cost function is the sum or the product of weightstates and/or transitions
used in the plan. Since in step 4 of the algorithm, an arlyipath can be chosen, let us
choose an optimal path; this suffices for global optimaltyy algorithm for finding a
cheapest path in a graph can be used, e.g. see [10].

Now let us require, in additiorsjmplicityof s strategy, i.e., let us forbid to visit
the same state twice. A motivation for this can be that eaatle ff relates to some
consumable resources. It turns out that this seeminglyassential change in the prob-
lem definition, change the problem to ke-complete. Informally, the reason for this
complexity worsening is that the locality of preconditianthus broken. This result is
mainly interesting from the theoretical point of view, ritpoints on a computational
sensitivity of our original problem.

1 Such a construction is a variant of the so called “edge grédpigtvn in graph theory; the
addition in our case is the exclusion of non-permitted ediges it.
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4 Results for Some Other Subclasses 8fT'S

In this section we discuss various additional complexisyits for . Problem classes
are defined mainly by the structure of their dependence gidpheover, both results
and methods depend crucially on the number and size of pessifent strategies: if
both of them are polynomial in the size of problem domainntive distinguish such a
class adboundedFigure 5 summarizes the achieved results, and each bog figilre
denotes an s subclass.

The notation is as follows: First, each subclass is denoted with respect to the
form of the dependence grapli:stands fodirected chainF for directed fork(graph
with exactly one node with a hon-zero outdegré®) for directed inverse forkgraph
with exactly one node with a non-zero indegre@)or polytree(digraph whose un-
derlying undirected graph is a tree), afdor singly-connected DA@&irected acyclic
graph with at most one directed path between any pair of no8esond, the subscript
denotes the number of agentsstands for a constant bound, andhdicates no bounds.

By default, we assume that each transition of an agent isopdétioned by the
states ofll agents that this agent depends on. Alternativeiy, a superscript denotes
a possibility ofpartial dependence. in a superscript denotes the requirement that
all strategies chosen astmple Note that case§€ andC have been discussed in
Section 3.

Provably Intractable
C
0|
NP —complete
s v P | c,|
ol 97 ] 0

Polynomia!

IFV

OooOoooomooOopogm

P |

o

Bounded General

Fig. 5. Complexity results fosTs

Coordinating General Agents A natural generalizatio© of the classC (as in
Section 3) occurs when there is a dependence chain: agents , with

dependent on , . For simplicity of notation, let us abridge to in
superscripts (e.g., instead of ).

Our approach fofC s to iterate the analysis and the algorithm €or along the
dependence chain. A naive scheme is as follows. For proxegair ,we need a
database onoordinatedreachability in . Observe that our algorithm f@ applied
to pair provides such an information for nodes ; clearly, this can be done



for any pair of nodes off . Considering paird , A , lets check reachability and store
paths, if any, forall pairs of nodes inG , as required. Now, we are as if sure that if
we would determine a coordinated plan for pair, A based on the above reachability
relation for A , a corresponding strategy fot will be obtained easily. Hence, the
situation withA | A is similar to that withA , A , and thus we can iterate up tb .
Personal coordinated strategies can be consequentlystegoted, fromd _ to A .

However, this scheme turns to be inconsistent. The poirtag tn fact, the coor-
dinated reachability relation i& is on itsedgesnot on its nodes, and it is captured
by the edge grapt | . Therefore, informally, the right approach is to create dgee
graph forG basingonG | , notonG . This idea of recursive edge graph creating can
be generalized for dependence chain of arbitrary lengtindtbis method, we never
arrive at a deadend as in the naive scheme, and we can obyadoarinated plan for
this problem. For the detailed algorithm for , together with an illustrating example
of its execution and a counterexample for the naive approsctefer to the technical
report [13].

Theorem 2. (I) There exists an algorithm for that determines existence of a coor-
dinated plan and finds such a plan, if exists. This algoritsmalynomial in the total
size of strategy graphs and exponentiahirthus s proved to be polynomial.

(D] has instances with exponentially sized minimal solutions.

The proof of the exponential lower bound is by the followingmple. Each agent
A ,2 i n,hasthe strategy graph as follows:

i 1 i 1
o i
The strategy graph fod looks the same, except that its edges are unlabeled. THis pro
lem instance has a unique minimal coordinated plan of tetajth2 2 transitions.

By showing that is provably intractable, theorem 2 emphasizes our motivati
for exploiting various structural restrictions omrs in order to find problem classes
which are polynomial, e.g., , or at least belong tap. In particular, the subclass of

strategy graphs of which are acyclic can be easily shownltmbeonpP. However,
the question of its exact hardness is still an open questiba.same question is open
for the decision version of .

Theorem 3 summarizes the complexity results for some otlasses ofkTs (for
notations see Section 4).

Theorem 3. () There exists a polynomial time algorithm fof that determines exis-

tence of a coordinated plan and finds such a plan, if exi#}sThere exists a polynomial

time algorithm for  that determines existence of a coordinated plan and finds suc
plan, if exists(lll) " is NP-complete(IV) V™ is NP-complete.

Proof sketch. ()in Vv, a single agentd depends on a group of independent
supporting agentd ..., A . The algorithm is similar to that for . The idea is that
several preconditions on the same transition can be checllegendently(ll) is
an extension of in which onlysomeof transitions of the supported agent depend on
the state of the supporting agent. The algorithm foris similar to that for , except
that a certain modification of the permitted-edge gr&pH is used(lll),(IV) In ", a
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Main
RepeaPruningwhile strategy sets are changing.
If all strategy sets are empty, then report that no coordohatan exists.
Otherwise, perfornConstruction

Pruning
Foralledges ; ; in do:
For each * * do:

If Compatibility-Check ; ;) returns false forall/ 7 then remove * from °.
Foreach’ 7 do:
If Compatibility-Check ; ;) returns false forall ¢ 7 then remove 7 from 7.
Compatibility-Check ; ;)
If ©  with neighboring repetitions removed is a subsequence of
then return true, else return false.
Construction
Pick any agent and any strategy for it.
Traverse undirectly from the node . For each visited node , choose any strategy of
that is compatible with the strategy chosen for the node frdrich we came to .

Fig. 6. Algorithm for PJ;.

single agent ; supports a group of agents, . The membership inP can be
easily shown for botfi™ andF" . In turn, the proofs of hardness fbf* andF¥ are
by polynomial reductions from 3AT and PATH WITH FORBIDDEN PAIRSproblems,
respectively.

RemarksThe algorithm forC can be extended fd , similarly to the extension
of the G, algorithm forC, . Results presented for the cases of chain and inverse fork
dependence graphs can be generalized to the case of depergtaph being a tree
directed to its root.

Coordinating Bounded Agents In this section we consider the class of problems for
which the number and size of strategies for each agent is\poijal in the size of the
problem domain. In what follows, such agents are referreobanded Let us denote
by the set of allowed strategies of  (i.e., source-to-target pathsin). We show
that if a dependence graph forms a polytree thenfor bounded agents is polynomial.
However, its extension to singly connected directed graphbeadynpP-complete.

ConsiderP . Notice that any polytree is an acyclic graph. Denote (by) the se-
quence of edge labels along, and by ( )[ ] the projection of ( ) to the nodes of

. Figure 6 presents our algorithm fBr .

Theorem 4. (I) There exists a polynomial time algorithm fBr with bounded agents
that determines existence of a coordinated plan and finds aydan, if exists(ll) S
for bounded agents isp-complete.

Proof sketch. (IAccording to the analysis in Section 3, the conditio@ofmpatibility-
Checkconfirms that the checked pair is coordinated. Therefore, convergence of
the pruning process ensures that for each age(i} any one of its strategies has at least
one supporting strategy of each predecessor of , and (ii) any one of its strategies
supports at least one strategy for any successoriaf . Hence, ifConstructiorhas a
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personal strategy to begin with, then it is surely succésBhlynomiality holds, since
each execution dPruningdecreases the total number of personal strategies.

(I) Membership inNP for ST is straightforward, and the hardness proof is by a
polynomial reduction from 35AT.

5 Discussion and Conclusions

In this paper, we concerned coordination for a set of agéatsvtork on independent
goals in the same environment. We investigated a parti¢ahaily of the problems of
finding coordinated plans, where actions of an agent depenbeolocal states of cer-
tain other agents. First, we presented a graphical repsagmmmodel for this family of
problems. Then, we classified these problems mainly acegtdithe structural proper-
ties of the model. In the main part of the paper, we analyzeadtimputational proper-
ties of various problem classes. We gave polynomial saistfor several classes, while
for some other we proved theilP-completeness or even provable intractability. A num-
ber of unsolved problems remains for the further researsl stiggested approach—to
find a sufficiently formal description for some problem cksssand to analyze their
computational properties—seems to be prospective in thHg-egent area. Following
some additional observations with respect to results pteden this paper.

First, let each agent and its states be considered as avallgd variable and its
values, respectively, and let the set of agents’ trangtimnconsidered as a set of oper-
ators over the above variables. In this context, our resolt&€ern complexity analysis
in the area of classical planning over multi-valued vaesty, 19]. Specifically, our
results address the planning problems over multi-valueies and only unary (=
single effect) operators.

Second, in our model, each agent is assumed to be assignepets@nal goal,
which is independent of the personal goals of all other agetdwever, a supporting
agent may have no explicit personal goal, while supportictiyities of some other
agents may be its only destiny. This particular relaxatian be immediately added
into the presented model, with no negative impact on the coatipnal properties of the
problems. The coordinated group of dependent agents caieWwed as collaborating
towards the achievement of some global goal.

Third, in this work we address only groups of fully contrallentities. Therefore,
in particular, our results do not concern state-transisiettings where agent'’s strategy
depends on uncontrolled environment, like that studie®,5].

In the future, we plan to continue with analysis of variouasssks of . In ad-
dition, we want to examine other forms of dependence bettleeagents, and other
forms of goal(s) definition for a group of agents. This isswilkbe examined in the
context of their impact on the complexity of coordinatione \Also plan to address re-
lated optimization problems.
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Zhengzhu Feng and Eric A. Hansen

1 Introduction

Markov decision processes (MDPs) have been adopted as a framework for research in decision-
theoretic planning [2]. An MDP models planning problems for which actions have an uncer-
tain effect on the state, and sensory feedback compensates for uncertainty about the state.
An MDP is said to be completely observable if sensory feedback provides perfect state infor-
mation before each action. It is said to be partially observable if sensory feedback is noisy
and provides partial and imperfect state information. Although a partially observable Markov
decision process (POMDP) provides a more realistic model, it is much more difficult to solve.

Dynamic programming is the most common approach to solving MDPs. However, a draw-
back of classic dynamic programming algorithms is that they require explicit enumeration of
a problem’s state space. Because the state space grows exponentially with the number of state
variables, these algorithms are prey to Bellman’s “curse of dimensionality.” To address this
problem, researchers have developed algorithms that exploit a factored state representation
to create an abstract state space in which planning problems can be solved more efficiently.
This approach was first developed for completely observable MDPs, using decision trees to
aggregate states with identical values [3]. Improved performance was subsequently achieved
using algebraic decision diagrams (ADDs) in place of decision trees [9]. A factored represen-
tation has also been exploited in solving POMDPs using both decision trees [4] and ADDs [8].

Although this approach improves the efficiency with which many problems can be solved,
it provides no benefit unless there are states with identical values that can be aggregated.
Moreover, the degree of state abstraction that can be achieved in this way may be insuffi-
cient to make a problem tractable. Many large MDPs and even small POMDPs resist exact
solution. Thus, there is a need for approximation to allow a tradeoff between optimality and
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computation time. For completely observable MDPs, an approach to approximation that
increases the degree of state abstraction by aggregating states with similar (rather than
identical) values has been developed, using both decision trees [5] and ADDs [13]. This paper
develops a related approach to approximation for the partially observed case.

Whereas the value function of a completely observable MDP can be represented by a
single ADD, the value function of a POMDP is represented by a set of ADDs. This makes
development of an approximation algorithm for factored POMDPs more complex. We de-
scribe two complimentary forms of approximation for POMDPs. The first is closely related
to approximation in the completely observable case and involves simplifying an ADD by
aggregating states of similar value. In the second form of approximation, the set of ADDs
representing the value function is reduced in size, by removing ADDs that contribute only
marginally to value. The latter technique is often used in practice, but has not been analyzed
before in the literature. We clarify the relationship between these two forms of approxima-
tion, and derive a bound on their approximation error. Experimental results show that this
approach to approximation can improve the rate of convergence of dynamic programming,
as well as the range of problems it can solve.

We assume a discrete-time POMDP with finite sets of states S, actions A, and observations
O. The transition function Pr(s |s,a), observation function Pr(o|s ,a), and reward function
r(s,a) are defined in the usual way. We assume a discounted infinite-horizon optimality
criterion with discount factor § € (0, 1]. A belief state, b, is a probability distribution over S
maintained by Bayesian conditioning. As is well-known, it contains all information necessary
for optimal action selection. This gives rise to the standard approach to solving POMDPs.
The problem is recast as a completely observable MDP with a continuous, |S|-dimensional
state space consisting of all possible belief states, denoted B. In this form, the POMDP can
be solved by iteration of a dynamic programming operator T that improves a value function
V : B — R by performing the following “one-step backup” for all belief states b.

Vo) =TV, (b) = max r(b,a) + 3 Pr(olb,a)V,, (b%) (1)

o

where r(b,a) =, ¢b(s)r(s,a); b2 is the updated belief state after action a and observation
o; and Pr(olb,a) = . ¢Pr(o,s|s,a)b(s) where Pr(o,s |s,a) = Pr(s|s,a)Pr(o|s ,a).

The theory of dyna}nic programming tells us that the optimal value function V is the
unique solution of the equation system V = TV, and that V' = lim, T,V , where T,
denotes n applications of operator 7' to any initial value function V . We note that T,
corresponds to the value iteration algorithm.

An important result of Smallwood and Sondik [11] is that the dynamic-programming
operator T' preserves the piecewise linearity and convexity of the value function. A piecewise
linear and convex value function V' can be represented by a finite set of |S|-dimensional
vectors of real numbers, V = {v ,v ,...,v*}, such that the value of each belief state b is
defined as:

V(b) = max b(s)v'(s).

ik
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The observation model of a POMDP is represented in factored form, in a similar way.
We use an ADD  *( ;|X") to represent the probability that observation variable ; is true
after action is taken and the state variables change to X'. Given an ADD, *( ;|X"), for
each observation variable , it is again convenient to construct a single ADD, *(Y|X"),
that represents in factored form the observation function for all observation variables. We
call this a , and it is constructed in the same way as a complete
action diagram.

Given a complete action diagram and a complete observation diagram, a single ADD,

:0(X'|X), representing the transition probabilities for all state variables after action and
observation , is constructed as follows:

o) = (X)) (A7)

The ADD *°(X'|X) represents the probabilities (‘| ), just as %(X'|X) represents
the probabilities (/| ) and *(Y|X') represents the probabilities (| " ).

The reward function for each action can also be represented compactly by an ADD,
denoted *(X’). Similarly, a piecewise linear and convex value function for a POMDP can be
repesented compactly by a set of ADDs. We use the notation V = { 1(X) 2%(X) e
to denote this value function.

Hansen and Feng [8] describe how to modify the incremental pruning
algorithm to exploit this factored representation of a POMDP for computational speedup.
We briefly review their approach, and refer to their paper for details.

The first step of incremental pruning is generation of the linear functions in the sets V3-°.
For a POMDP represented in factored form, the following equation replaces Equation (2):

a,o,i(X): T((OT)_*_ Z a’O(X’|X) i(XI)
X

All terms in this equation are represented by ADDs. The symbol >, denotes an ADD
operator called existential abstraction that sums over the values of the state variables in
@0 (X' X) “(X'), exploiting state abstraction to compute the expected value efficiently.

State abstraction is also exploited to perform pruning more efficiently. Recall that the
value function is represented by a set of linear functions. Each linear function is represented
compactly by an ADD that can map multiple states to the same value, corresponding to a
leaf of the ADD. In this case, the leaf corresponds to an abstract state. Hansen and Feng [8]
describe an algorithm that finds a partition of the state space into abstract states that is
consistent with the set of ADDs. Given this abstract state space, both tests for dominance
can be performed more efficiently. In particular, the number of variables in the linear program
used to test for dominace is reduced in proportion to the reduction in size of the state space.
Because linear programming consumes most of the running time of incremental pruning, this
significantly improves the performance of the algorithm in the best case. In the worst case,
performance is only slightly worse since the overhead for this approach is almost negligible.
Hansen and Feng [8] report speedups of up to a factor of twenty for the problems they test.
The degree of speedup is proportional to the degree of state abstraction.
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4 Approximation algorithm

As an approach to scaling up dynamic programming for POMDPs, the exact algorithm
reviewed in the previous section has two limitations. First, there may not be sufficiently
many (or even any) states with identical values to create an abstract state space that is
small enough to be tractable. Second, although the size of the state space contributes to
the complexity of POMDPs, the primary source of complexity is the potential exponential
growth in the number of linear functions (ADDs) needed to represent the value function.

We now describe an approximate dynamic programming algorithm that addresses both
of these limitations by ignoring differences of value less than some error threshold . It runs
more efficiently than the exact algorithm because it computes a simpler, approximate value
function for which we can bound the approximation error. There are two places in which
the algorithm ignores value differences — in representing state values, and in representing
values of belief states. These correspond to two complementary forms of approximation, one
in which an ADD representing state values is simplified, and the other in which a set of ADDs
representing belief state values is reduced in size. In other words, one form of approximation
reduces the size of the state space (using state abstraction) and the other reduces the size of
the value function (by pruning more aggressively). Before describing the algorithm, we define
what we mean by approximate dynamic programming and present some theoretical results
that allow us to bound the approximation error

We begin by defining what we mean by an approximate
value function and an approximate dynamic programming operator.

Deﬁnitior} 1. .
| — ||< (Notethat| — || denotesmax, | ()— ().

~

Definition 2. .
= <
We define an approximate value iteration algorithm ", in the same way that we defined
the value iteration algorithm . The error between the approximate and exact -step value
functions is bounded as follows.

Theorem 1. 0

To compute a bound on the error between a -step approximate value function and
the optimal value function, we use the Bellman residual between the ( — 1)th and th
approximate value functions. The following theorem is essentially the same as Theorem 12.2.5
of Ortega and Rheinboldt [10], who studied approximate contraction mappings for systems of
nonlinear equations, and Theorem 4.2 of Cheng [7], who first applied their result to POMDPs.

Theorem 2.

1% = ISl =0



Value iteration using an approximate dynamic programming operator converges “weakly,”
)

that is, two successive value functions fall within a distance 127 in the limit. (Decreasing ¢

‘weak” convergence will allow further improvement, as discussed later.)

¢

after

For any value function V' and e > 0, there is an N such that for alln > N,

. . 20
||T V-T ,1V|| S m‘i‘é.

Simplifying ADDs We first describe an approach to approximation that simplifies an ADD
by ignoring small differences in state values. It is based on a similar approach to approxima-
tion for completely observable MDPs [13], although modifications are needed to extend this
approach to POMDPs.

For completely observable MDPs, a single ADD represents the value function. Each leaf
of the ADD corresponds to a distinct value. If more than one state has the same value,
the states are mapped to the same leaf. In this way, a leaf can represent a set of states,
or equivalently, an abstract state. Because state abstraction can be exploited to accelerate
dynamic programming, the approach to approximation is to increase the degree of state
abstraction by aggregating states with similar (though not identical) values.

St-Aubin et al. [13] introduce the following notation and terminology. The value of a
state is represented as a pair [l,u], where the lower, [, and upper, u, bounds on the val-
ues are both represented. The span of a state, s, is given by span(s) = u — . The combined
span of states s, s2,...,s with values [l,u1],...,[l ,u ],is given by cspan(sy, sa,...,5 ) =
maz(uy,...,u )—min(ly,...,l ). The method of approximation is to merge states (and cor-
respondingly, leaves of an ADD) when their combined span is less than §. This approximation
is performed after each iteration of dynamic programming. The simpler ADD allows compu-
tational speedup, at the cost of some approximation error introduced by ignoring differences
of value less than 4.

To implement this approach to approximation, St-Aubin et al. [13] modified the ADD
package so that a leaf of an ADD can represent a range of values, and a single ADD can
represent a ranged value function. We don’t do this because the value function of a POMDP
is represented by a set of ADDs, instead of a single ADD, and we are concerned with upper
and lower bounds on the values of belief states. The set of ADDs representing the lower
bound function may not be the same as the set of ADDs representing the upper bound
function. An alternative to a ranged value function is to use two ADDs to represent bounds
on state values — one for lower bounds and one for upper bounds. But this representation
would require performing incremental pruning twice — once to compute a piecewise linear and
convex lower bound function and once to compute a piecewise linear and convex upper bound
function — doubling the complexity of the algorithm. Instead, we found that we can achieve
an equally good result by computing a piecewise linear and convex lower bound function
only, and representing the upper bound by using a scalar for the approximation error.

Figure 1 illustrates the effect of simplification. The ADD on the left is simplified by
merging leaves that have a combined span of less than § = 0.5. The ADD on the right
represents a lower bound on the value of each abstract state. Adding ¢ to each lower bound
gives the upper bound. We use the following algorithm to simplify an ADD. The input is an
ADD and approximation threshold §. The output is a simplified ADD with bounded error.
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QUEUE <« all leaves of ADD sorted in increasing
order of value
+ remove first element from QUEUE
«{}
while QUEUE is not empty
+ remove next element from QUEUE
if cspan(XU{ }) <
X—XU{}
else
merge(X) and create new ADD leaf for X
X {}
endif
endwhile

Because the complexity of each merge is | |, the complexity of this algorithm is (] |%.
Performing this simplification algorithm on each ADD in a piecewise linear and convex value
function results in an approximate value function with approximation error

:{1 n}
:{T n} i ||i_¢||§

In Section 2, we described two tests for dominated linear functions. It has
long been recognized that both tests are sensitive to numerical imprecision errors when the
value representing the degree of dominace is close to zero. Thus, a precision parameter is
typically used to prevent linear functions from being included in the value function due to
numerical imprecision error. Instead of testing for a value greater than zero to ensure that a
linear function is not dominated, the test is for a value greater that 10 '3, for example, or
some number that represent the limit of numerical precision on the computer.

Many practitioners have noticed that increasing this precision parameter (to a value
of, say, 10 %), has the added benefit of pruning vectors that contribute only marginally to
the value function. This often results in significant performance improvement. Although this
technique is widely used in practice, the effect of this approximation on the error bound of the
value function has not been analyzed before in the literature. We consider this second method



of approximation in this paper because of its close, and complementary, relationship to our
first method of approximation, which also ignores small differences of value. Equation (3)
gives a test for dominance that we generalize to allow approximation as follows.
w
uey
w(s) = <uls), Vs € S,
0>0
The linear programming test for domination is generalized to allow approximation as follows.

w
1% d 0>0

Let PRUNE be the pruning operator that employs these two approximate dominance tests.
1%
|PRUNE(V)— PRUNE (V)| < 6.

Both the approximate ADD simplification algorithm and the approxi-
mate pruning algorithm are applied repeatedly during incremental pruning. They are applied
to each set V. They are applied to each of the |O| sets of ADDs created by the cross-sum
operator during the computation of V . Finally, they are applied to the set VV created by the
union of the sets V . Thus, we must consider how approximation error accumulates during
the progress of incremental pruning.

.
P P
v 5 +6
A 1% 14 P
v v P
V +V V +V 5 +6
vV uv V uv max(d ,0 )
T T
P P
v

1TV =TV < 20| +1)(6 +0 ).
Letting d = (2|0 + 1)(d + ¢ ), we can use Theorem 2 to compute a bound on the error
between the approximate and optimal value functions.

Finally, we note that with exact dynamic programming, the
difference between successive value functions always decreases from one iteration to the next.
This is not necessarily the case with approximate dynamic programming. It suggests a strat-
egy for reducing the approximation parameters over successive iterations. Whenever there
is an increase in the Bellman residual, we reduce the approximation parameters ( , by
the discount factor 0.5) and the solution continues to improve. By using a high degree of
approximation initially and gradually reducing it, we may accelerate the rate of improvement
in initial iterations and still eventually achieve a result of equal quality as a result found by
the exact algorithm. This is explored in the next section.
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5 Analysis of performance

Hansen and Feng [8] use seven test problems to evaluate the performance of their exact dy-
namic programming algorithm for factored POMDPs. Among these, the fourth test problem
(with six state variables, five actions, and two observation variables) illustrates the worst-
case performance of the algorithm. Because there are strong dependencies among all the
state variables, the algorithm finds no state abstraction. So we use this example as a test
of whether the approximation algorithm can create state abstractions where the exact algo-
rithm cannot. Figure 2 compares the size of the abstract state space created by the exact and
approximation algorithms over successive iterations. Approximate ADD simplification makes
it possible to solve the problem in an abstract state space that varies in size from five to thirty
states, compared to 64 states in the original state space. This shows that ADD simplification
can create useful state abstractions for problems with little or no variable independence.
Figure 4 and 5 show the interaction between the two forms of approximation by way
of their effect on the two principal sources of POMDP complexity — the size of the state
space and the size of the value function. The data is collected by running the program



with different pruning and simplification errors for 30 iterations. The average size of the
abstract state space and the average size of the value function are then plotted as a function
of the two types of approximation error. Figure 4 shows that increasing the ADD pruning
error has little or no effect on ADD simplification. Figure 5 shows that increasing the ADD
simplification error only slightly amplifies the effect of ADD pruning. Thus, the performance
improvement achieved from each form of approximation is almost independent, with a slight
positive interaction effect. The two methods of approximation are complementary. ADD
simplification decreases the size of the state space and ADD pruning decreases the size of
the value function.

Figure 3 shows the separate effect of each form of approximation on the rate of conver-
gence, as well as their combined effect. (The ADD simplification error is 0.1 and the ADD
pruning error is 0.01.) It shows that using both forms of approximation results in better
performance than using either one alone. It also shows that the approximation algorithm can
find a better solution than the exact algorithm, in the same amount of time. The reason for
this is that the approximation algorithm approximates the dynamic-programming operator,
which performs a single iteration of dynamic programming. Dynamic programming takes
many iterations to converge. Because approximation allows the dynamic-programming oper-
ator to be computed faster in exchange for slightly less improvement of the value function,
approximation can have the effect of increasing the rate of improvement. In other words, the
approximation algorithm can perform more iterations in the same amount of time, and, as a
result, can find a better solution in the same amount of time. This is true even though each
iteration of the approximation algorithm may not improve the value function as much as a
corresponding iteration of the exact algorithm.

We are not only interested in improving the rate of convergence of dynamic programming.
We are also interested in solving larger problems than the exact algorithm can solve. The
scalability of both the exact algorithm and the approximation algorithm is limited by the
same two factors - the size of the state space and the size of the value function. (The dynamic
programming algorithm currently cannot handle problems with more than about 50 states or
value functions with more than a few hundred ADDs.) The approximation algorithm scales
better than the exact algorithm because it can control the size of the state space and the size
of the value function. It controls the size of the (abstract) state space by using approximation
to adjust the degree of state abstraction. It controls the size of the value function by using
approximation to adjust the threshold for pruning ADDs, and thus the number of ADDs
that are pruned. This allows the algorithm to find approximate solutions to problems with
more states than the exact algorithm can handle, and to avoid an exponential explosion in
the size of the value function. The quality of the solution that can be found within these
limitations is problem-dependent, but easily estimated by computing the error bound.

POMDPs are very difficult to solve exactly and it is widely-recognized that approximation is
needed to solve realistic problems. We have described two complementary forms of approxi-
mation that improve the performance of a dynamic programming algorithm that computes
a piecewise linear and convex value function. The first form of approximation increases the
degree of state abstraction by ignoring state distinctions that have little effect on value. The
second form of approximation reduces the number of linear functions used to represent the
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value function by removing those that have little effect on value. Both forms of approxima-
tion allow computational speedup in exchange for a bounded decrease in solution quality.
Both also have tunable parameters that allow the degree of approximation to be adjusted to
suit the problem. We showed that this approach to approximation improves both the rate of
convergence of dynamic programming, and its scalability.
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Abstract. Solving Partially Observable Markov Decision Process&MPPs)
generally is computationally intractable. In this papez,study a special POMDP
class, namely informative POMDPSs, where each observatmriges good albeit
incomplete information about world states. We propose twgsimo accelerate
value iteration algorithm for such POMDPSs. First, dynamiocgsamming (DP)
updates can be carried out over a relatively small subsedlfflspace. Conduct-
ing DP updates over subspace leads to two advantages: eptatsnal savings
in space and computational savings in time. Second, a pastd procedure is
used to cut down the number of iterations for value iterativar subspace to
converge. Empirical studies are presented to demonstaaiteug computational
gains.

1 Introduction

Partially Observable Markov Decision Processes (POMDPS) provide aajérsene-
work for Al planning problems where effects of actions are nondetertiuraad the
state of the world is not known with certainty. Unfortunately, sadvgeneral POMDPs
is computationally intractable [10]. For this reason, special classes BICHRS incur
much attention recently in the community(e.g., [8, 12]).

In this paper, we study a class of POMDPs, naniefgrmative POMDPswhere
any observation can restrict the world into a small set of states. InfaerfROMDPSs
come to be a median ground in terms of informative degree of obsamgatio one
extreme case, unobservable POMDPs assume that observations do i provin-
formation about world states(e.g.,[9]). In other words, an obsenvatnnot restrict the
world into any range of states. In another extreme case, fully observdbiRsMssume
that an observation restricts the world into a unique state.

For informative POMDPs, we propose two ways to accelerate value iter&iist,
for such POMDPs, we observe that dynamic programming(DP) update® azried
out over a subset of belief space. DP updates over a subset leads to two advantages
fewer vectors are in need to represent a value function over a subset;cdonaltat
savings are gained in computing sets of vectors representing valueofusotier the
subset. Second, to further enhance our capability of solving inform&®MDPs, a
point-based procedure is integrated into value iteration over thees[il8. The pro-
cedure effectively cuts down the number of iterations for value iteratiacotverge.
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The integrated algorithm is able to solve an informative POMDP 5 states, 35
observations and 5 actions within 430 CPU seconds.

The rest of the paper is organized as follows. In next section, we unteoback-
ground knowledge and conventional notations. In Section 3, we digcabem char-
acteristics of informative POMDPs and problem examples in the litexaltuSection 4,
we show how the problem characteristics can be exploited in value iter8gation 5
reports experiments on comparing value iteration over belief space and siMeset of
it. In Section 6, we integrate the point-based procedure to valueidterater a subset
of belief space. In Section 7, we briefly discuss some related work.

2 Background

In a POMDP model, the environment is described by a set of statéthe agent
changes the states by executing one of a finite set of actlorg each point in time,
the world is in one state. Based on the information it has, the agent chooses and
executes an action. Consequently, it receives ammediate reward- s,a and the
world moves stochastically into another stateaccording to aransition probability
P §'|s,a . Thereafter, the agent receives an observatifsom a finite setZ according
to anobservation probability” z|s’,a . The process repeats itself.

Information that the agent has about the current state of the world camirea
rized by a probability distribution ove$ [1]. The probability distribution is called a
belief stateand is denoted by. The set of all possible belief states is called biedief
spaceand is denoted big. A belief subspacer simplysubspacés a subset oB. If the
agent observes after taking actior in belief stateb, its next belief staté’ is updated
as

b's' kP zls',a ZP s'|s,a b s (1)

wherek is a re-normalization constant. We will sometimes denote this new Istditf
byt b,a,z .

A policy prescribes an action for each possible belief state. In other words, it is
a mapping froms to .4. Associated with policyr is its value functionV’ ™. For each
belief stateh, V™ b is the expected total discounted reward that the agent receives by
following the policy starting fromb, i.e. V™ b Erp > Ary, wherer; is the
reward received at timeand\ ( <\ < ) is thediscount factorlt is known that there
exists a policyr* suchtha/™ b > V™ b for any other policyr and any belief state
b. Such a policy is called aaptimal policy The value function of an optimal policy
is called theoptimal value functionWe denote it byy*. For any positive numbet, a
policy w is e-optimal if V™ b e > V* b for any belief staté.

The dynamic programming(DP) update operatdr maps a value functiofy” to
another value functioft'V' that is defined as follows: for artyin B,

a

TV b rba XY PzbaVrbaz

wherer b,a ) .7 s,a b s isthe expected reward if actienis taken inb.



Value iterationis an algorithm for finding-optimal value functions. It starts with
an initial value functio/ and iterates using the formuld: =TV . Value iteration
terminates when thBellman residualmax V (b) V  (b) falls belowe(1 A)/2A.
When it does, the value functidn is e-optimal.

Value functionV” is piecewise linear and convex (PL&)d can be represented by a
finite set of -dimensionaliectorg[11]. Itis usually denoted by . In value iteration,

a DP update computes aset representing’  from  representing’ .

3 Problem Characteristics

In general, a POMDP agent perceives the world by receiving observationsnétar
from any state, if the agent executes an actiand receives an observatienworld
states can be categorized into two classes by the observation model: statgsthean
reach and states it cannot. Formally, the set of reachable statesis andP(z s,a) >
0 . We denote it by

An [a, z] pair is said to bénformativeif the size is much smaller than
Intuitively, if the pair|[a, 2] is informative, after executing and receiving:, the agent
knows that the true world states are restricted into a small set. Analiisrrz is said
to beinformativeif [a, z] is informative for every actiom giving rise toz. Intuitively,
an observation is informative if it always gives the agent an good ideat atmnid
states regardless of the action executed at previous time point. A POMEd#d to
be informativeif all observations are informative. In other words, any observatien th
agent receives always provides it a good idea about world states. Sincesameation
is received at each time point, a POMDP agent always has a good albeit imperfect idea
about the world.

Informative POMDPs are especially suitable and appropriate for magaltiass
of problems. In this class, a problem state is described by a numbeiathess(fluents).
Some variables are observable while others are not. The possiblerassits to observ-
able variables form the observation space. A specific assignment to obseradables
restricts the world states into a small range of thensldtted Alohgprotocol problem
belongs to this class [2, 4]. Similar problem characteristics also exdshon-stationary
environment model proposed for reinforcement learning [7].

4 Exploiting Problem Characteristics

In this section, we show how informativeness can be exploited in véduation. We
start from belief subspace representation.

4.1 Belief subspace

We are interested in particular subspace tyqmdief simplexIt is specified by a list of
extreme belief state$he simplex with extreme belief states b , ...» consists of all
belief states of the fory. A b whereh 0Oandd), A =1.

Suppose the current belief statebidf the agent executes an actiorand receives
an observation, its next belief state is(b, a, z). If we vary the belief state in the belief
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spaceB, we obtain a sef ( )] € B}. Abusing notation, we denote this set by
(B ). In words, no matter which belief state the agent starts from, if it receives
after performing , its next belief state mustbeifB8 ). Obviously, (B ) C B.
Belief states in the set(B ) have nice property which can be explored in con-
text of informative POMDPSs. By belief state update equation, if staienot in the set
S , the belief /(') equals 0. The nonzero beliefs must distribute over statés in
To reveal the relation between belief states and thé setwe define a subset &:

B )={l ()=10V eSS ()20}
€S

It can be proven that for any belief state ( ) must be in the above set.

Therefore, (B ) is a subset of (B ) for a pair[ ]. It is easy to see that
(B ) is a simplex in which each extreme point has probability mass on oree stat

We consider the union of subspaces (B ) for all possible combinations of
actions and observations. It consists of all the belief states the agent camssrcn
other words, the agent can never get out of this set. To ease presentatidmmate this
setby (B A Z). Since each simplex in itis a subsettgfsois (B A Z).

One example on belief space and subspaces is shown in Figure 1. A POMDP has
four states and four observations. Its belief region is the tetrahesB&@D where A,
B, C and D are extreme belief states. For simplicity, we also use thesesl&dtrefer
to the states. Suppose th@t sets are independent of the actions. More specifically,
for any action , S |, = { S, =H{ LS, =H{ }, and
S ,={ }. In this POMDP, belief simplexes are four facets ABC, ABD, ACD
and BCD and belief subspacéB A Z) is the surface of the tetrahedron. We also note
that the subspaceB A Z) is much smaller thaf in size.

A

Belief space Belief simplexes

Fig. 1. Belief space, belief simplexes and belief subspace

4.2 Value functions over subspaces

A value function  over belief spacé is a mapping from the belief spad¢®to real
line. Conceptually, foranyin B, () is the maximum rewards the agent can receive
in steps if it starts from. Value function over subspacedefined similarly. A -step
value function over simplex(B ) is @ mapping from the simplex. We denote it by

B Conceptually, for a belief statein subspace (B ), (B )( ) is the
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maximum rewards the agent can receive if it starts florAn n-step value function
y (BAZ) (b) can be defined similarly and its domain is restricteg (8, A, Z).

Value functionV/ can be represented by a 3&t of |S|-dimensional vectors. [V’
is restricted to a simple%(B, a, z), it is a value functior// (B ) over the simplex. It
preserves the PLC property and can be represented by a set of vectors. Froativie
POMDPs, the restriction will result in a representational advantage. fjadlgj for a
pair [a, z], since the beliefs over states outsifle are zero, we need to allocate only
|S | components for a vector. Typically, a value function is represented byat gr
number of vectors. If one represents the same value function over aesintplould
lead to tremendous savings because the vectors are of smaller dimensions.

Given a collection{V (8 )} in which each sev ¥ ) is associated with an
underlying setS , defining a value functioy (BAZ) over subspace(B, A, Z) ex-
hibits a little bit difficulty. This is because the underlying set contains different
states for differenta, z] pairs. It makes no sense if one defines the value function by
computing the inner product of a vector and a belief state because pdbsitdimen-
sion of the vector differs from that of the belief state. We defin€ * 2 this way: for
anybin ¢(B, A, Z),

v EADp) =y E ) (2)
where[a, 2] is a pair such thai € ¢(B, a, z). The setV (BAZ) can be regarded as a

two-dimensional array of sets over simplexes. When it needs to determateesfor a
belief state, one (1) identifies a simplex containing it and (2) compb#sgelue using

the corresponding set of vectors. Obviously, thaséf 4 %) represents value function
v BAZ)

4.3 DP update over subspace

In this subsection, we show how to conduct implicit DP update oveebslibspace.

The problem is cast as: given an arnm}B AZ) representing” (BA2) over subspace
#(B, A, Z), how to compute an array (ﬁ AZ)o
To compute the sét J(ﬁ A Z), we construct one sét J(ﬁ " for any possible pair

[@',2']. Before doing so, we recall how DP update over belief space constructs a vecto
insetTV .

DP updatel'V computes a séf ,, from a current seV . It is known that each
vector inV 4, can be defined by a pair of action and a mapping from the set of ob-
servations to the séf . Let us denote the action byand the mapping by. For an
observatiorz, we used to denote the mapped vectorih. Given an actiorm: and a
mappingd, the vector, denoted by , is defined as follows: for eachin S,

B (s)=r(s,a) + XYY P(s'|s,a)P(z|s',a)d (s).
By enumerating all possible combinations of actions and mappings, ondefare

different vectors. All these vectors forma 3ét,,,i.e..{8 lac A4,:Z =V }. It
turns out that this set represents value funciion; .
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BAZ

We move forward to define a vectorin ° given an array’ . Similar

to the case in DP updafBy , a vector in sel B can be defined by a pair of
actiona and a mapping but with two important modifications. First, the mappihg
from set of observations to the array BAZ  Moreover, for an observation § is a
vectoriny ® . Second, the vector only need to be defined over thé set To be
precise, given a paju’, z'], an actiors and a mapping, a vector, denoted by , can
be defined as follows:

foreachsinS

B (s) =r(s,a) +)\Z Z P(s'|s,a)P(z]s',a)d (s).

ESaz

A couple of remarks are in order for the above definition. Fi#st, has only|S |
components. For states outsifle , it is unnecessary to allocate space for them. Sec-
ond, given the action and observation, when we define the componefit (s), we
only need to account for next states$h . This is true because for other states the
probabilities of observing are zero. It is important to note that &  |-dimensional
vector is constructed by making use p£| vectors: these vectors are of different
dimensions because they come from different representing sets oveexaspl

If we enumerate all possible combinations of actions and mappings abewegw
define various vectors. These vectors form a set

{8 lacAd: 2>V BAZ gv26 ey B}

The setis denoted by B . The following lemma reveals the relation between the

set and value functiofi >

B B

Lemma 1. For any pair [a, 2], the setV represents value functiol
over simplex)(B, a, z). O

For now, we are able to construct a 3et®  for a pair|a, z]. A complete DP
update ovep(B, A, Z) needs to construct such sets for all possible pairs of actions and
observations. After these sets are constructed, they are pooled togetiren an array

v BAZ tinduces a value function by (2). It can be proved that the ayra AZ
represents value functior BAZ over the seth(B, A, Z). The following theorem
meansthat’ ©“Z defines the same value functionias over the sep(B, A, Z).

Theorem 1. Foranybin ¢(B, A, 2),V 54Z )=V  (b). O

As a corollary of the above theorem, we remark that, i§ a belief state in the
intersection of two simplexes(B,a ,z ) and¢(B,a ,z ) for two pairs[a ,z ] and
a2V B @)=V "),



4.4 Complexity analysis

DP update V, improves values for belief spad& while DP update of computing
fo BAZ from yg BAZ improves values for subspaceB A Z . Since the sub-
space is much smaller tha&hin an informative POMDP, one expects:(1)fewer vectors
are in need to represent a value function over a subspace;(2)since keepingertefs
needs solve linear programs, this would lead to computational gainséndst. Our

empirical studies confirmed these two expectations.

4.5 Value iteration over subspace

Value iteration over subspace starts with a value funce8f% . Each setin it is
initialized to contain a zero-vector 6§, |-dimension.

As value iteration continues, the Bellman Residual becomes smaller between two
consecutive value functions overB A Z . When the residual over B A Z falls
below a predetermined threshold, it is also the case for the residual ovsmaplex.
This suggest that the stopping criterion depend on residuals ovelesiasp\When the
quantity  ,.. beo Buae V2 Bz _pg B the maximal difference
between two consecutive value functions over all simplexes, falls belbweatold ,
value iteration should terminate.

When value iteration terminates, it outputs the aﬂiﬁ)}g’“‘l’z . Avalue function
over the entire belief space can be defined by one step lookahead operatones follo

{ |y B } v €eB ®)

z

a

The value function defined is said to b¥? %% -greedy

The hope is that iV BAZ s a good value function over B 4 Z , so is

Ve BAZ -greedy value function. The following theorem shows how the thidsho

impacts the quality of value function? >4% andyg 542 -greedy value function.

Theorem 2. If < - |Z| and value iteration over B A Z outputs

¢ BAZ b BAZ
n

, thenVy, -greedy value function is-optimal over the entire belief
space. O

This theorem is important for two reasons. First, although valuatiter over subspace
computes a value function over a subset of belief spaoptimal value function over
the entire belief space can be obtained by one step lookahead operator. Seeand, d
the availability of -optimal value function oveB, the agent can use it to select action
for any belief state irB. This is true for any initial belief states. AlthoughB A Z
consists of all belief states the agent can encounter after receiving any obsenbetio
initial belief state does not necessarily belong to this set. The theorpliegnhat the
¢ BAZ -greedy value function can be used to guide the agent to select near optimal
action for any initial belief state.
Finally, we note that to guarantee theptimality, the threshold (setto  —
|Z] ) in value iteration over subspace is smaller than that over belief space.
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This stopping criterion is said to bstrict one. Ify is set to be:(1 — A)/(2)) for value
iteration over subspace, the condition islt@se stopping criteriorin our experiments,
we use the loose stopping criterion.

5 Experiments

Experiments have been designed to test the performances of value itergtiathats
with and without exploiting the informative characteristics. Herergmort results on a
3x3 grid world problem in Figure 2. It has nine states and the loc8{jorarked byx) is
the goal state. The grid is divided by three rows and three columnse Enetthree lo-
cations along any row or column. The agent can perform one of four nomlireadtion
moving actions or a declaring success action. After performing a movingnacdtie
agent reaches a neighboring location with probability 0.80 and stays sathe loca-
tion with probability 0.20. Reasonable constraints are imposed tonga@ctions. For
instance, if the agent is in location 0 and moves north, it stays at the seatioh. A
declare-success action does not change the agent’s location. After performiag-an
tion, the agent is informed of the column number with certainty. As stinghproblem
has three observations: col-0, col-1 and col-2. A move action incurs atektlf the
agent declares success in location 8, it receives a reward of 10;If it does dwein ot
locations, it receives a cost of -2.

Columns: 0,1,2.
Py,
=
2 0 |3 |6 N
o 1 |4 |7 W E
5 2 |5 |* S

Fig. 2. A 3x3 grid world

This POMDP is informative. If value iteration is conducted withoutleiing infor-
mativeness, one need to improve values over spaee{b| fzo b(s;) = 1.0}. Since
the observations are column numbers and independent of actions, DP apelaselb-
space need to account for three simplexgs= {b| b(s;) = 1.0} for
j=0,1,2 wheregj is the column number.

Our experiments are conducted on a SUN SPARC workstation. The difeator
is set to 0.95. The precision parameter is set to 0.000001. The quadityrement
is set to 0.01. We use the loose stopping criterion. In our exgerisn incremental
pruning [12,5] is used to compute sets of vectors representing vahoidas over
belief space or subspace. For convenience, wevldeandV1 to refer to the value
iteration algorithms with and without exploiting regularitiesgestively. We compare
V1 andV11 at each iteration along two dimensions: the size of set representing value
function and time cost to conduct a DP update. The results are presenigdiia 8.

3j,3j+1,3j+2
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Fig. 3. Comparative study on value iterations over belief spacebafidf subspace

The first chart in the figure depicts the number of vectors in log-scalergtad
at each iteration fol andVI1. In VI, at each iteration, we collects the sizes of
sets representing value functions.\Ih1, we compute three sets representing value
functions over three simplexes and report the sum of the sizes of thesesets. For
this problem, except the first iteratiorl generates significantly more vectors than
VI1.InVI, after a severe growth, the number of vectors tends to be stable. batigs
value functions over belief space are represented by over 10,000 vectonstrargahe
number of vectors generated by 1 is much smaller. Our experiments show that the
maximum number is below 150. Aftefl 1 terminates, the value function is represented
by only 28 vectors.

Due to the big difference between numbers of vectors generat&d byand V1,
V11 is significantly efficient thav1l. This is demonstrated in the second chart in Fig-
ure 3. Note that CPU times in the figure are drawn in log-scale. WHdnterminates
after 207 iterations, it takes around 2,700 seconds. On average, one Bfe tgices
less than 13 seconds. Pél, it never terminates within reasonable time limit. By our
data, it takes 1,052,590 seconds for first 25 iterations. On average, eationi¢akes
around 42,000 seconds. Comparing withl, we see that 11 is drastically efficient.

6 Integrating Point-based Improvement

In this section, we integrate a point-based improving proceduevadtie iteration over
subspace and report our experiments on a larger POMDP problem.

6.1 Point-based improvement

The standard DP updafe is difficult because it has to account for infinite number of

belief states. However, given a setind a belief state, computing the vector in the set

T atbis much easier. This can be accomplished by using a so-dadleldip operatar
Given a set of vectors, a point-based procedure heuristically generates a finite set

of belief points and backs up on the set to obtain a set of vectors. It igrasbsto have
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this property: the value function represented by the set of backup véstoeter than
the input sel. Because the set of belief states are generated heuristically, point-based
improvements is much cheaper than DP improvements.

A point-based value iteration algorithm interleaves standard DP upditduenulti-
ple steps of point-based improvements. The standard DP update ehsuites toutput
value function is-optimal when value iteration terminates.

6.2 Backup operator

g.AZ BAZ.T

In value iteration over subspace, DP update complte fromy o}

do so, it computes the skt B for each[a’, 2] pair. It is conceivable that this is
still not so easy becaugé’3, o', z') usually consists of infinite number of belief states.

Consequently, it is necessary to design a point based procedureto émprgv o
before itis fed to DP update over subspac8, o', z'). We can generate heuristically a
finite set of belief states in the simplex and back up on this set to obtainat vectors.
The key problem is, given a s&t ° A% and a belief staté in ¢(B,d’,z"), how to

compute a vector in the set 5" " 2 We can define a backup operator in this context.
The backup vector can be built by three steps as follows.

1. For each actiom and each observationy find the vector inY b that has
maximum inner product with (b, a, z). Denote it bys

2. For each action, construct a vectgf by: for eachs in the setS . /,

B (s)zr(s,a)%—’yz Z P(s',z|s,a)B (s")

€Z '€Sa-

whereP(s', z|s, a) equals toP(s'|s, a) P(z|s, a).
3. Find the vector, among th# 's, that has maximum inner product withDenote it
by S.

It can be proven that is a vector iny BT With the backup operator, before

the sety is fed to DP update over subspace, it is improved by multiple steps of
point-based procedure. After these preliminary steps, the improvedrsetsd to DP
update over subspace. As such, we expect that the number of iterations ealuted

as value iteration converges.

6.3 Experiments

The problem is an extended version of the 3x3 grid world. It istithted in Figure 4.
It has 35 columns. The goal location is 104, marked«kg the figure. The agent is
informed of its column number. So the problem has 105 states, 35 aliseivand 5
actions. The transition and observation models are similar to th@eigrid world.

For simplicity, we usé®’B-V 11 andV11 to refer to the algorithms conducting DP
over subspace with and without integration of point-based procedure.t® space
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Columns: 0...34

Fig. 4. A 3x35 grid world

limit, we report only on the time cost of DP updateMi1 andPB-V11. For conve-
nience, the time reported for a DP updat@®8fV 11 consists of two portions: the time
for multiple point-based improvements and the time for a DP update subspace.
The results are collected in Figure 5. Note that the time axis is dnatagiscale.

100000 T T T T

PB-VI1, sibspace+pb —
S subspace only -

10000 g E

1000

=
o
]

-
o

CPU seconds(in log scale)

-

0.1 Il Il Il Il Il Il Il
0 5 10 15 20 25 30 35 40
number of iterations

Fig. 5. Comparative study on value iteration over subspace witbilatfpased improving

We see thaV¥ 11 stand-alone is still insufficient to solve the problem. It takekelitt
time in first 15 iterations but the DP time grows later on. For instarfor the 20th
iteration, it takes 2,500 CPU seconds and for 27th iteration, it tak€9 $@conds. It is
believed tha¥ 1 can by no means solve this problem.

The situation changes when the point-based procedure is integegtedl 1 con-
verges in 425 seconds after 36 DP updates (plus point-based improveaventsglief
subspace. On average, each iteration takes less than 15 seconds. It is muchafaster th
VI1. In addition,V11 needs to run 207 iterations to converge for 3x3 grid world (men-
tioned in previous section). Taking this as a reference, we also noté¢hpbint-based
procedure is still efficient in cutting down the number of iterations/fbl to converge.

7 Related Work and Future Directions

Our concept of informative POMDPs is very similar to that of regioriadeyvable
POMDPs in [12]. Both of them assume that any observation restrictedhle into a
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small set of states. In [12], a regional observable POMDP is proposgiproximate an
original POMDP and value iterations for regional observable POMD@sanducted
over the entire belief space. Our work focuses on accelerating value iteratioswech

POMDP class by restricting them over a subset of belief space.

The approach we use to exclude belief states from being considered warksikeu
that in reachability analysis (e.qg., see [6, 3]). In fully observable MBIB technique is
used to restrict value iteration over a small subset of state space. Evenghlttalue
iteration is restricted into a subspace for informative POMDPs, vesvdhat value
function of good quality over entire belief space can be obtained from vahetions
over its subset. In addition, as mentioned in Subsection 4.5, thefuamcion generated
by value iteration over subspace is guaranteed todygtimality without much effort.
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Abstract. Motivated by the requirements of many real-life applications,
recent research in Al planning has shown a growing interest in tackling
problems that involve numeric constraints and complex optimization ob-
jectives. Applying Integer Programming (IP) to such domains seems to
have a significant potential, since it can naturally accommodate their
representational requirements. In this paper we explore the area of ap-
plying IP to Al planning in two different directions.

First, we improve the domain-independent IP formulation of Vossen et
al., by an extended exploitation of mutual exclusion relations between
the operators, and other information derivable by state of the art domain
analysis tools. This information may reduce the number of variables of
an [P model and tighten its constraints. Second, we link IP methods to
recent work in heuristic search for planning, by introducing a variant of
FF’s enforced hill-climbing algorithm that uses IP models as its under-
lying representation. In addition to extending the delete lists heuristic
to parallel planning and the more expressive language of 1P, we also
introduce a new heuristic based on the linear relaxation.

Many recent successful approaches to Al planning, including planning graphs [2],
propositional satisfiability [11] and heuristic search [3], are essentially restricted
to planning domains representable in propositional logic. It seems however that
many practical applications are beyond this representational framework, as they
require expressing features like resources, numeric constraints, costs associated
with actions, and complex objectives. Integer Programming (IP), and its under-
lying language of linear inequalities, seem to meet many of these requirements,
at least from the representation perspective.

The study of the relevance of IP techniques to Al planning has only recently
started to receive some attention. The LPSAT engine [16] integrates propositional
satisfiability with an incremental Simplex algorithm; Lplan [6] uses the linear re-
laxation as a heuristic in a partial-order causal-link planner; ILP-PLAN [12] uses
IP models for solving problems with resources, actions costs and complex objec-
tive functions; Bockmayr and Dimopoulos [5] show how IP models can be used to
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incorporate strong forms of domain knowledge and represent compactly numeric
constraints; finally, Vossen et al. [15] introduce a strong, domain-independent,
method for translating STRIPS planning into IP models.

The IP models intend to enhance previous approaches to Al planning, like
or , that essentially view planning as a constraint satisfac-
tion problem. All these methods provide optimality guarantees for the solutions
they generate, usually with respect to plan length. Recently, [13] and [3] intro-
duced a new promising approach to Al planning that is based on heuristic search.
Planners of this family, eg. [4, 10, 14], automatically extract heuristic functions
from a planning problem specification and use it to guide the search for a solution
in the state space. These planners do not provide any optimality guarantees, un-
less they employ admissible heuristics combined with optimal search algorithms,
as eg. in [9].
In this paper we extend previous work on using IP in Al planning in two
different directions. First, we improve the IP formulation of [15]. Second, we link
IP methods to recent work in heuristic search for planning.

In the first part of the paper we describe an improved formulation of STRIPS
planning, that exploits more fully the mutual exclusion relations between both
the operators and the fluents, than this is done in [15]. Mutex information can
strongly influence the way a planning problem is translated into inequalities, as
it can yield formulations with fewer variables and constraints. Moreover, richer
forms of information that can be derived automatically by domain analysis tools
[7,8], can further tighten the IP formulation of a planning domain.

In the second part of the paper we present a variant of s [10] enforced hill-
climbing algorithm that uses the IP models as its underlying representational
language and is capable of generating parallel plans. Moreover, we introduce a
new method for heuristic evaluation, that is based on solving the linear relax-
ation of the IP models, and compare it with the IP formulation of the delete
lists relaxation method of
As one may expect, clearly outperforms the new heuristic methods in term
of running speed. This can be attributed partly to the fact that  finds totally-
ordered plans, while the new algorithms generate parallel plans. Moreover, while

and similar planners, utilize highly optimized special-purpose techniques to
speed-up heuristic evaluation, we rely on general purpose algorithms like Simplex
and branch and bound. Nevertheless, generality has the advantage of extended
expressiveness, as our approach can handle any domain representable in the lan-
guage of linear inequalities. Moreover, we reiterate that the new algorithms gen-
erate parallel plans, a feature that can increase their usability in domains that
are inherently parallel. This should be contrasted with most heuristic search
based planners that generate totally-ordered plans, with the exception of recent
work by Haslum and Geffner [9]. Additionally, the TP models can easily accom-
modate declarative domain knowledge and exploit it in the heuristic evaluation.
Finally, IP formulations, combined with the linear relaxation heuristic allow us
to implement a variety of strategies that offer a tradeoff between search time
and solution quality.



2 IP Models for Planning Problems
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The explanatory frame axioms are encoded as

+ + 1t 1 + 1
while the initial state constraints are represented by setting , to 1if 1is true
in the initial state and 0 otherwise. Finally, if 1 , for each goal we add
the constraint + + - 1.

2.2 Exploiting Domain Structure

The domain independent models of planning problems described above can be
substantially improved by exploiting properties of the specific planning domain
at hand. In particular, by analyzing in greater detail than in [15] the mutual
exclusion relations between the operators and the fluents of a domain, we may be
able to reduce the number of state-change variables and tighten the constraints
of the IP model. We assume the availability of suitable domain analysis tools
capable of identifying these relations, as those described eg. in 7, 8]. We describe
first, two improvements that aim at reducing the number of variables of the IP
model.

— For each fluent  such that Z 1, define as =
€
Z . This is a simple modification that allows us to substitute
€
out variable . Similar observations hold for the B variables.
— Let  be a fluent such that + 1 holds for every pair of actions
1 and - . Then merge - and
substituting out variable ~ . With this modification we can omit all
constraints that refer to B but we need to include constraints of the
form for all that reflect the new, extended,
meaning of the variables.

The first improvement is straightforward, while the second deserves some

further discussion. Since every 1 i1s mutually exclusive with every

9 , the variables B and , are also exclusive. Instead of

adding an additional constraint, we omit variable ~  and “transfer” its role

in the model to the corresponding variable . Note that while exclusion

constraints of the form -+ + B 1 are dropped, the

constraints + + - 1 remain in the formulation, marking
and (and therefore the deleted ~ ) as mutually exclusive.
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3 Heuristic Search
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Add the selected actions to current plan, set S := S’ and h(S) := h(5");
endwhile

Algorithm MEHC differs from FF in the way it performs the search for the
successor state at each of its iterations. The new search method is implemented
by procedure EBFS, which is presented below.

For a planning problem P, let P, denote the set of constraints in the IP
formulation of P over the time interval . Moreover, let P/" denote the set of
constraints obtained if the integrality constraints of P; are dropped. Finally, let
Pf" denote the set of constraints, over the time interval ¢, of the IP model of
the problem obtained from P by dropping the delete list of the operators. Then,
procedure EBFS below implements the breadth-first search for a state with a
better heuristic value, where P/ stands for any of P/" and P{" depending on the
method we employ.

procedure EBFS(m,step,nd-limit,cutof f)
1=step;
while (i<cutof f+step)
set branch and bound node limit to nd-limst, and

solve min(z Z Ya j) subject to
a€Aje[i+1,m]
P[O,z’] U P[/z'+1,m]U {Z Z Ya,j < h(S)}§
a€A je[i+1,m]
if (feasible) then return solution else ¢:=i+1;
endwhile

Note that the set of constraints Fg ;; allows for parallel action execution, and
therefore, the successor of a state S can be any state that can be reached from
S by executing a set of parallel actions. Hence, the algorithm generates parallel
plans.

Procedure EBFS uses branch and bound in order to perform the search for
the successor state, and therefore its theoretical time complexity is determined
mainly by the number of integer variables of the problem it solves. If the linear
relaxation heuristic is used, each iteration of EBFS has time complexity which 1s,
in the worst case, exponential in the number of variables of Fg ;1. In the case of
the constraint relaxation heuristic, this complexity is higher, as it is exponential
in the number of variables of Fyg; U P[?:—l,m
revealed that, in many domains, the set of constraints P/ is much harder to

) However, our experimentation

satisfy than the corresponding set Pf". Consequently, the constraint relaxation
heuristic can outperform the linear relaxation one in terms of running speed.

Moreover, the use of branch and bound in EBFS has some interesting im-
plications. For instance, in the case of the constraint relaxation approach, the
algorithm can branch on any of the variables of Pjo ;U P[?—]—l,m]’ interleaving in
this way the selection of the successor state with its evaluation. Furthermore,
the objective function, which minimizes the number of actions, can provide sub-

stantial guidance in the search of a low cost successor state.



The new algorithm is parametric to the values of step, nd-limit, and cutoff.
Parameter nd-limit defines the node limit of the branch and bound search algo-
rithm. Parameter step defines the minimum distance (number of parallel steps)
of the successor state from the current state, while cutoff defines the maximum
such distance. Parameters step and nd-lim:t allow us to implement a variety of
search strategies that trade-off solution quality for performance. Higher values
for nd-lemit may generate successor states with better heuristic values, while
higher values for step usually lead to more informed choices in the selection of
the successor state. Therefore, higher values for these parameters usually yield
better plans, while lower values better run times.

4 Experimental Results

We run some initial experiments with the new IP formulation and the heuristic
search method on a variety of planning domains. The models were generated by
hand, using the algebraic modeling system PLAM (ProLog and Algebraic Mod-
eling) [1] and following the steps described in section 2. In all the experiments
CPLEX 6.6 was used. All variables were declared integer. The setting was the fol-
lowing. At each node of the branch and bound dual simplex with “steepest-edge
pricing” was used. Probing was set to 1, leading to some simplifications of the
models, as well as clique cuts derivation. The variable selection strategy was set
to “pseudo-reduced costs” | and the node selection strategy to best-bound search.
All experiments were run on a Sun Ultra-250 with 512 MB RAM.

Table 1 compares the performance of the TP formulation of [15] (column OIP)
and the improved formulation discussed in section 2 (column ITP) on blocks world
and rocket domain problems. The objective function in both domains was set to
minimize the number of actions. In the rocket domain, some flight minimization
experiments were also run, and are marked with the problem name suffix f1-min
in Table 1. The entries under “First” refer to the run time and number of nodes
explored until the first solution was found. For the blocks world problems the
entries under “Optimal” refer to solving these problems to optimality (the time
needed to prove optimality is included). The same entries for the, more difficult,
rocket problems refer to finding a solution with cost that is provably not more
than 10% higher than the cost of the optimal solution. The data of Table 1 were
obtained using, in each domain and for each formulation, the cut generation
strategy that seems to perform best. In the blocks world domain the default
values were used for both formulations. In the rocket domain, different Clique
and Gomory cut generation strategies were used for the different formulations
and the different optimization objectives, but we do not discuss this issue further.

Both domains allow for parallel actions. The largest problem in the blocks
world domain, bw3, involves 13 blocks, has plan length 9 and the optimal solution
has 19 actions. The IP formulation for this domain is strong, leading to small
integrality gaps and, consequently, good performance. In some moderately sized
problems, the first solution was obtained by simply rounding the values of the
variables obtained after solving the linear relaxation.
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First Optimal
OIP 1P OIP 1P
Problem time|nodes|time|nodes||time|nodes|time|nodes
93 5 25 0 93 5 28 11
310 0 108 0 310 0 108 0
70721 21 |[876| 23 - - 1277 50
98 | 371 | 13 56 631 | 2554 | 92 | 287
109 | 297 | 10 28 [|1521| 4237|132 | 260
- - 408 | 459 - - 1885| 1251
7478| 2522 | 461 | 456 - - 1886| 993
1828|1734 | 19 14 ||3775| 5417 | 59 | 422
591 | 384 | 80 | 320 (|3602] 4754 | 82 | 360
- - 236 | 260 - - 1685| 4791
3391 372 (210 150 - - |2083| 4067

Performance comparison of different [P formulations on action and flight
(marked with the name suffix ) minimization problems. For each problem we
give run time and number of nodes in the branch and bound tree. Times in seconds. A
dash denotes that no solution was found within about 2 hours (8000 sec) of CPU time.

In the rocket domain, the largest problem, rocket4, involves 16 packages, b
locations and 3 planes. The optimal parallel plan length 1s 7, and the optimal
solution contains 41 actions. Here the IP formulation is weaker. The integrality
gap is larger, and closes relatively slow, after many iterations. Nevertheless, in
most cases, the new formulation is substantially stronger.

Table 2 shows some representative results from experiments with the IP based
heuristic methods on the parallel rocket domain. The CR, columns refer to the
constraint relaxation heuristic, while the LR columns to the linear relaxation
one. The FF column shows the number of actions in the plan generated by FF,
which solves all problems in a few seconds.

LR CR FF
Problem |pac|pl|loc||time|len|actions||time|len|actions||actions
161315 29 |9 45 25 (13| 46 53
16 3|5 62 |9 47 36 (14| 45 41
16135 33 |9 43 31 (13| 49 52
2113|6445 |11 57 27 |11 56 67
21 13| 6 || 427 |12
21136 || 286 |12
| 27 |4 7 [|1598[ 11 75 214 (13 90 80

Performance comparison of the heuristic search algorithms. For each problem
we give the number of packages (pac), planes (pl) and locations (loc), solution time in
seconds (time), parallel plan length (len) and number of actions in the plan (actions).



In all problems the relaxation based algorithm was run with the step and
cutoff parameters set to 1. For the smaller problems, rocket4 to rocket6, the
nd-limit parameter of the linear relaxation based algorithm was set to infinity,
ie. at each iteration the corresponding problem was solved to optimality. How-
ever, for larger problems, like rocket7 and rocket8, when the linear relaxation
heuristic is used, the number of explored nodes has to be limited in order to gain
acceptable efficiency. The 3 entries of Table 2 prefixed with rocket7, correspond
to solutions of the same problem with different node bounds. Row rocket7-1
refers to solving the problem without limiting the number of explored nodes,
while rows rocket7-2 and rocket7-3 correspond to a limit of 1000 and 500
nodes respectively. For problem rocket8 the node limit was set to 500. In the
problems we considered, restricting the number of nodes affects only the first two
iterations of the algorithm, as in the subsequent iterations the optimal solution
is found after exploring a few nodes. More specifically, in most problems, the
first two iterations make up more than 60% of the total solution time.

In most of the problems it seems that the linear relaxation heuristic offers a
reasonably good trade-off between search time and solution quality. For instance,
if we compare the solution time of the direct IP formulation of problem rocket4
in Table 1, with the time needed for solving the same problem with the linear
relaxation heuristic algorithm in Table 2, we note a decrease from 461 secs to 29
secs. This speed-up comes with an increase of the plan length from 7 to 9.

It is interesting to compare the characteristics of the linear and constraint
relaxation methods. The constraint relaxation heuristic almost always runs faster
than the linear relaxation one. But as far as parallel plan length is concerned,
constraint relaxation is quite unstable, and in many cases (eg. problems rocket5
and rocket8in Table 2) generates plans that underutilize the available resources
(planes) and, for this reason, are longer.

The results presented in [15], suggest that careful modeling can make IP effective
in solving classical STRIPS problems. This has important practical implications,
since many problems can be represented as a set of STRIPS operators together
with some additional complex constraints. Solving such problems effectively,
requires reasonable performance on their STRIPS part.

In this paper we presented some improvements of the IP formulation of [15]
that exploit more fully the structure of the planning domains. The new transla-
tion method benefits from recent work in automated domain analysis, but also
recent advances in Integer Programming. Indeed, advanced features of state-
of-the-art TP solvers, such as preprocessing, probing, and constraint derivation,
most notably in the form of Gomory and Clique cuts, have positive effect on
the performance of the models. Our current work focuses on further improving
the TP formulation of planning problems, and combining it with strong forms of
domain knowledge. More extensive experimentation, to be reported in a longer
version of this paper, gives encouraging first results.
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The enforced hill-climbing algorithm that we described in the second part of
the paper, can be understood as an attempt towards combining IP models with
heuristic search. This is done in a way different than in the system [6],
which uses the linear relaxation of an IP formulation, which is different than
ours, as a heuristic in a partial-order causal-link planner.

Our intention is to develop algorithms that improve efficiency at an accept-
able cost in solution quality. In parallel domains, which is our main focus, the
degree of parallelism of the generated plan is an integral part of solution quality.
It seems that the linear relaxation heuristic performs better than the constraint
relaxation in terms of solution quality, but it is slower. We currently work on
improving its performance.

Obviously, the algorithm we presented is neither complete nor optimal. Fu-
ture research will focus on investigating whether it is feasible to employ IP
models in heuristic search algorithms that satisfy both properties.
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RIFO, as has been proposed by Nebel et al. [8], is a method

that can automatically detect irrelevant information in planning tasks. The
idea is to remove such irrelevant information as a pre-process to planning.
While RIFO has been shown to be useful in a number of domains, its main
disadvantage is that it is not completeness preserving. Furthermore, the
pre-process often takes more running time than nowadays state-of-the-art
planners, like FF, need for solving the entire planning task.
We introduce the notion of relaxed irrelevance, concerning actions which are
never needed within the relaxation that heuristic planners like FF and HSP
use for computing their heuristic values. The idea is to speed up the heuris-
tic functions by reducing the action sets considered within the relaxation.
Starting from a sufficient condition for relaxed irrelevance, we introduce
two preprocessing methods for filtering action sets. The first preprocessing
method is proven to be completeness-preserving, and is empirically shown to
terminate fast on most of our testing examples. The second method is fast on
all our testing examples, and is empirically safe. Both methods have drastic
pruning impacts in some domains, speeding up FF’s heuristic function, and
in effect the planning process.

relazed irrelevance
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legal generation paths

0,7,G
0 0, 0, 0
0 S o CS Result S,o

S U o \ 0 P
G C Result IZ,P P (o1,...,0n) minimal
(01, .-+, 0i-1,0i41,---,0n) 0; length

P optimal

P

Definition 1. Given a planning task P O,7,G . The P of P is

defined as P! O'\Z,G , with
O {preo,addo,0 | preo ,add o, delo € O}

1 'We only sketch our proofs. The complete proofs can be found in a longer version of the
paper, available as a technical report [5].
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Let O,7,G be a planning task. An action o € O is
if o is not part of any optimal relaxed solution from any reachable state.

Let RELAXED-IRRELEVANCE denote the following problem:
0717 g o€ o
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Theorem 1.

Proof Sketch: By a polynomial reduction from PLANSAT, the decision problem
of whether there exists a solution plan for a given arbitrary STRIPS planning task
[3]: First rename all atoms in the original task. Then put original into the renamed
action set, plus two artificial actions: one requiring the renamed goal to be solved,
deleting all renamed atoms, and adding ’s precondition, the other needing ’s adds,
and achieving the renamed goal. is needed for an optimal relaxed solution in the
modified task if and only if the original task is solvable. u

3.1 A Sufficient Condition

We now derive a sufficient condition for relaxed irrelevance. The following definition
forms the heart of our investigation.

Definition 4. = ( ) generation graph
G a = )
(G () ()=
= 1 n= G generation paths
() (it1) connecting facts legal

1 1

( () (i) U (p=
1<5<i

The generation graph to a task intuitively represents all ways in which facts can
be achieved. A generation path is a sequence of actions that support each other,
and that end up making at least one goal true. We will see in the following that
the only generation paths that are adequate in minimal relaxed solutions are those
generation paths that are legal. Precisely, we will show the following.

Theorem 2. ( ) = 1 n

i i
With that, we immediately have our sufficient condition.

Corollary 1. ( )

Semantically, Definition 4 can be seen as a modification of the base technique
that is used in RIFO. The relation between the techniques gives a nice picture of
what is happening. Briefly, it can be explained as follows. To create an expectation of
what is relevant for solving a planning task, RIFO builds a so-called fact-generation
tree. This is an AND- OR-tree that is built by backchaining from the goals. The
root node is an AND-node corresponding to the goals. Other AND-nodes corre-
spond to an action’s preconditions, and the OR-nodes are single atoms that can
alternatively be achieved by different actions. Once this tree is generated, RIFO
applies a number of simple heuristics to select the information from the tree that
is likely most relevant. Now, the set of all legal generation paths can be viewed as
a more restrictive version of RIFQO’s fact-generation tree, where an action is only
allowed to achieve an OR-node if the intersection of the action’s precondition with
the facts on the path from the OR-node to the tree root is empty. This is adequate



(only) for relaxed planning. While RIFO selects fractions of its tree as relevant, we
select the whole tree. This gives us completeness in the relaxation. The proof to
Theorem 2 proceeds using what we call the , which are the facts for
whose achievement actions can be placed at a certain position in a relaxed solution.

(,,) S P= op,...,0,
S open facts OF(P,i) of P at position 4

OFPi)=( |J () U ) U (),
i<j<n i<j<n i<k<j
needed facts NF(P, i) of P at position i
NE(Pi)=0F(Pi) (S |J (o)
1<) <i
An action placed at position 7 in a relaxed plan P must add all needed facts of

P at position 4, and in a minimal relaxed plan there is at least one needed fact at
each position.

( [ ) S P = O1,y...,0p
S (0;) NF(P,i) 1 i n

If an action does not add a needed fact, then P is no relaxed

solution, because either some precondition ahead or some goal remains unachieved.
|

( [ ) S P = O1,---,0n
S NF(P,i) = 1 i n

If there is no needed fact at position ¢, then P without o; is still a
relaxed solution—all facts that must be achieved are true without applying o;. ®

Using the above two lemmata, Theorem 2 can be proven, stating that to all

actions o; in a minimal relaxed solution P = o04,...,0, thereis a legal generation
path P; starting with o;.
( ) The desired paths P; can be constructed by

starting with o;, successively stepping onto a successor action that has a needed
fact as precondition, and stopping when a goal fact is needed. With Lemma 2, there
is always at least one needed fact, and with Lemma 1, those facts are added. The
resulting action sequence is obviously a generation path, and it is legal because facts
are not yet true at the position where they are needed. u

Unfortunately, deciding about the sufficient condition given by Corollary 1 is
still NP-hard.

Given a planning task ( , , ) and an action o , is there a legal generation
path starting with o?

Membership follows by a simple guess-and-check argument. Hard-
ness can be proven by a polynomial reduction from 3SAT. Introduce one action for
each literal in the clauses, and one action for each variable. Additionally, introduce
a starting action s. The preconditions and add lists can be arranged such that the
following holds: Firstly, a generation path starting with s must visit all clauses at
least once, and afterwards pass through all variables. Secondly, passing a variable

legally requires that the path has not visited the respective variable its nega-
tion. A legal generation path starting in s thus defines a satisfying truth assignment
via the literals visited in the clauses, and vice versa. u
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4 Approximation Techniques

We will now introduce two polynomial-time approximations of legal generation
paths, filtering action sets for relaxed planning. The first method includes all ac-
tions that start a legal path, and is therefore complete in the relaxation. As we
will see in the next section, the method terminates fast in almost all of our testing
examples. The second method does not give any completeness guarantees, but will
be shown to be empirically safe, and to terminate extremely fast on  examples in
our testing suite.

4.1 A Sufficient Approximation

Let us first introduce a notation for the set of all actions that start a legal generation
path. With Corollary 1, we can restrict the actions considered by an FF or HSP
style heuristic function to that set without loosing completeness.

Definition 7. =(,,) legal action set
= o0 P *:' o P

Our sufficient approximation collects together all actions starting generation
paths that fulfill a weaker notion of legality. Reconsider Definition 4.

Definition 8. =(,,) P =
01,--.,0 initially legal ( (o) (041)) (01) = 1 ¢ n 1
initially legal action set
r:20 29
rc )= o P 10 P

=U%Z I ()

In words, we obtain the initially legal action set by computing a fixpoint over the
actions that start an initially legal generation path. A generation path is initially
legal when between any two actions there is a connecting fact that is not contained
in the precondition of the first action. Clearly, legal generation paths—where there
are connecting facts that are not contained in the precondition of previous
action—fulfill this property.

Proposition 1. =(,,)

The definition of translates directly into the fixpoint computation depicted
in Figure 1. Our implementation is straightforward. In each iteration of the fixpoint
process, check for all not yet selected actions o whether there is a path to the goals,
using only edges that are not excluded by o’s preconditions.

We have also implemented two other sufficient approximations of . One of
those weakens by dropping the condition that the action sequences P must con-
sist of members. The other method strengthens by incrementally building
a graph of edges that start already selected paths. The required action sequences
P must then traverse only edges that are in the graph already. In our experiments,
both methods showed significantly worse runtime behaviour than the above
computation. The filtered action sets were, however, the same for all three meth-
ods in most of the cases. We therefore chose to concentrate on as a sufficient
approximation.



Olu =10

Fixpoint := TRUE
0€e O \ O|i1
there is an initially legal path from o to o
consisting out of actions in Ol
O|i1 = O|i1 @] {0}
Fixpoint := FALSE

Fixpoint

Fixpoint computation of actions starting initially legal generation paths: A suffi-
cient approximation of legal generation paths.

Like the computation of initially legal paths, our second approximation technique
performs a fixpoint computation. Unlike the former computation, the method allows
only edges (') in the paths that are legal with respect to . What’s more, each
action is associated with at most one single edge that can be traversed from
We call the resulting action set the set of approzximative legal actions ;. Have a
look at the pseudo code in Figure 2.

Olat :i={oc}, e :=0,k:=0

Fixpoint := TRUE
o0e© \ O|a1
there is an edge (0,0"), o' € O|q such that
the path (0,e (0'),e (0'),...,e*(0') = 0g) is initially legal
O|a1 = O|a1 @] {0}
e:=eU{(0,0")}
Fixpoint := FALSE

k=k+1
Fixpoint

Fixpoint computation of actions starting approximative legal generation paths: An
insufficient but fast approximation of legal generation paths.

The algorithm depicted in Figure 2 iteratively includes new actions into 4
until a fixpoint is reached. The key feature of the algorithm is the function
, which is represented in the figure as a set of ( ( )) pairs. The function starts
as the empty set of such pairs, i.e., is initially undefined for the whole action set.
If an action is included into 4 due to an edge ('), then that edge is included
into the definition of . Initially, the only member of 4 is ¢, so in iteration
= 0 the only edges that can be included are direct connections to the goals. In
any later iteration , defines a tree of depth  where the root node is ¢, and
each node—the actions for which is defined—occurs exactly once. For the not yet
selected actions it is then checked whether they have an edge connecting them
to a tree node ' such that the path ocny Hh (" = & is initially
legal. Note here that ocny Hh k(") is just the concatenation of the
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edge (0,0 ) with the path from o to the tree root. If that path is initially legal, then
o and the edge (0,0 ) are included into the tree.®> While allowing only a single edge
for each node may sound way to restrictive, the method turned out to be, as said,
surprisingly safe in our testing examples.

5 Extension to Conditional Effects

We have extended our theoretical analysis and approximation algorithms to deal
with conditional effects. Because FF compiles away all ADL constructs except the
conditional effects [4], this enabled us to deal with planning domains specified in
the ADL language [9]. In the following, we briefly summarise the extensions made
to the definitions and algorithms introduced in Sections 3 and 4. For more details,
we refer the interested reader to our technical report [5].

An effect is relaxed irrelevant if it can be ignored in all optimal relaxed solutions
from all reachable states, i.e., if all optimal relaxed plans are still relaxed plans
without that effect. Relaxed irrelevant effects can be detected by looking at the set
of all effects in a task as a set of STRIPS actions STRIPS( ), where each effect of an
action o corresponds to an action that has as preconditions pre(o) plus the effect’s
conditions. The parallel to Theorem 2 is that, if an effect can not be ignored in a
minimal relaxed solution from some state, then the effect starts a legal generation
path in STRIPS( ). This can be proven by a natural extension of the needed facts
notion.

Extending the filtering methods from Section 4 thus comes down to implement-
ing them on the set STRIPS( ). If an effect does not start an initially or approx-
imative legal generation path in STRIPS( ), then the effect is removed from the
respective action in the sense that the effect is not considered within the relaxation.
If all effects of an action are removed, then the whole action is ignored.

6 Empirical Evaluation

We evaluated our approach by running a number of large scale experiments. We used
20 benchmark planning domains, including all examples from the AIPS-1998 and
ATPS-2000 competitions. The domains were , two s (three-
and four-operator representation), , , ,

, , , -ADL, -SIMPLE, -STRIPS,

, , , , and . In each of these domains, we gen-
erated instances by using randomised generation software.* We ran experiments for
evaluating

) Y

1. RIFQO’s runtime behaviour when compared to FF,
2. the runtime behaviour and pruning impact of ; and 4,
3. and the empirical safety of .

For each single experiment, we set up a large testing suite containing up to 200
instances from each domain. The testing suites differed in terms of the size of the
instances that we generated.

In the first experiment, we ran the RIFO implementation within IPP4.0 versus
FF on a suite of 681 instances that were small enough for the IPP4.0 instantiation

3 For optimisation, one obviously only needs to look at actions o that are leafs of the
current tree.

* Descriptions of the randomisation strategies and the source code of all genera-
tors are publicly available at http://www.informatik.uni-freiburg.de/” hoffmann/ff-
domains.html.



routine to cope with. Test runs were given 300 seconds time and 400 M Bytes
memory on a Sun machine running at 163 MHz. We show the number of instances
handled successfully, and the average running time per domain. For FF, we count
as successfully handled those instances were a plan was found. For RIFO, success
on an instance means termination of the pre-process within the given time and
memory bounds. We count only those such instances for which we know they are
solvable—those were FF found a plan. Times are averaged over those instances
that both implementations handled successfully. Running time for RIFO does not
include IPP’s instantiation time. See the data in Figure 3.

Fig. 3. Instances handled successfully, and average running times for RIFO and FF per do-
main. The successfully handled instances for FF are those for which a plan was found. The
successfully handled instances for RIFO are those solvable ones where RIFO terminated
within the given time and memory bounds.

In 3 of the 20 domains shown ( , and ) does RIFO
terminate faster than FF solves the tasks. In 10 domains, RIFO’s average running
time is orders of magnitude higher than that of FF. In some domains, RIFO exhausts
resources on a number of instances that FF manages to solve. We conclude that
RIFO is, as a pre-process, not competitive with FF, at least in its implementation
within IPP4.0.

In our second experiment, we evaluated the O and O| methods in terms of
runtime behaviour and pruning impact. Test runs were given 300 seconds and 200
M Bytes memory on a Sun machine running at 300 MHz. We used a total of 2334
large instances generated to be of a size challenging for FF, but still within its range
of solvability within the given resources. On each task, we ran three implementa-
tions: FF-v2.2 [4], and two versions of the same code were O] respectively O|
were computed as a pre-process. In the latter two versions, FF’s heuristic function
was changed to consider only those effects contained in the filtered action set. We
measured the overhead produced by the filtering methods, the total running times,
the time taken for state evaluations, and the number of effects in the complete
respectively filtered action sets. See the data in Figure 4.

In some domains, like Freecell, the routine can handle only comparatively small instances
which is, we think, due to the implementation: this is intended to deal with full scale
ADL constructs [6], and fails to efficiently handle the simple STRIPS special case.
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overhead total time single evaluation number of effects
o] |0 H FF |+0| |+0| H FF |+0| |+O] ‘ o | o | o
Assembly 0.01]0.00{{12.83| 12.01| 11.53|| 1.75] 1.64 1.57 426.72 358.64 358.64
Blocksworld-3ops|| 0.59|0.08|| 1.62 2.24 1.61(| 3.41| 3.47| 3.21|| 1854.62| 1854.62| 1819.09
Blocksworld-4ops|| 0.04|0.00|| 1.04| 1.08| 0.99( 0.76| 0.76| 0.72 290.06 290.06 286.94
Briefcaseworld 0.04|{0.01f| 5.51| 1.10| 1.01|| 4.26] 0.82| 0.77|| 4106.50| 670.00| 670.00

domain

Bulldozer 0.02|0.01|| 6.89| 7.00| 6.67| 1.27| 1.29| 1.23 599.22| 599.22| 599.17
Freecell 11.14|0.53||17.47| 28.77| 17.33|| 8.19| 8.26| 7.87|| 4725.37| 4668.17| 4668.17
Fridge 0.00(0.00|| 1.71| 1.72] 1.70]| 0.96] 0.97| 0.95 302.22| 302.22| 302.22
Grid 76.12|0.54(|11.57| 87.90| 11.93|| 7.95| 8.09| 7.89( 6424.35| 6424.35| 6417.28
Gripper 0.03|0.01|| 0.33| 0.36| 0.27]| 1.38| 1.39] 1.11 478.00{ 478.00| 359.00
Hanoi 0.00(0.00|| 4.73| 4.80| 4.58|| 0.83| 0.84| 0.80 244.50| 244.50| 244.50
Logistics 2.24|0.22||83.57| 45.51| 43.52||37.45| 19.39| 19.40]{19904.53|15347.80|{15347.80
Miconic-ADL 1.09]0.29(|13.91] 13.48| 12.23((12.72]| 11.33| 10.92|| 2988.20| 2700.52| 2700.52

Miconic-SIMPLE(| 0.17(0.02|| 0.52| 0.69| 0.51| 2.14| 2.15| 2.04|| 1504.00| 1504.00| 1504.00
Miconic-STRIPS || 0.16[0.02|| 0.39| 0.55| 0.38| 1.92] 1.94| 1.82|| 1504.00| 1504.00| 1504.00

Movie 0.00(0.00|| 0.00( 0.00| 0.00| 0.33] 0.23| 0.17 7.00 7.00 7.00
Mprime 60.20|0.79|| 5.40| 65.66| 6.13(|16.38]| 16.54| 16.18(|12138.00|12136.97|12136.32
Mystery 12.87|1.05||20.11| 33.26| 21.14||15.59| 15.80| 15.57||14644.20|14644.20|14641.38
Schedule 0.48|0.01|52.31| 55.56| 54.52|{10.86| 7.07| 6.99|| 3049.84| 917.43| 916.82
Tsp 0.01[0.09|| 0.13| 0.14| 0.22]] 2.09| 2.11| 2.13|| 4390.00| 4390.00| 4390.00
Tyreworld 1.34]0.08(|23.23| 13.27| 7.07([19.31| 9.92| 5.81|| 7105.50| 4479.00| 3646.00

Fig. 4. Average overhead for pre-processing, average total running time, average running
time per state evaluation, and average number of effects, shown per planning domain and
filtering method used. Times are in seconds except for state evaluations, where milliseconds
are specified.

All measured values were averaged over those instances were all three methods
succeeded in finding a plan (we tried inserting default values in the other cases, but
found that this generally obfuscated the results more than it helped understanding
them). In 12 domains, the solved instances were exactly the same across all methods
anyway. In another 3 domains, differences occurred only in very few instances (1
- 2 out of 90 - 181). In Grid and Mprime, computing O] sometimes exhausted
resources (in Grid, 41 of 179 cases, in Mprime, 51 of 196 cases). In Assembly and
Logistics, the speed-up produced by the filtering methods helped FF to solve some
more instances (165 instead of 159 in Assembly, 87 instead of 75 in Logistics). In
Schedule, original FF solved 85 instances instead of 74 solved with O| or O] on.
We will come back to the Schedule domain later.

Let us first focus on the overheads produced. Compare the first two columns
with the third column, showing average solving time for FF. The overhead for O|
is neglectible (i.e., below 0 2 seconds on average) in 11 of our domains, and orders of
magnitude smaller than FF’s average time in another 4 domains. In the 3-operator
Blocksworld, the overhead is a third of ’s time, and below a second anyway. In
the remaining four domains, the pre-process can hurt: In Freecell and Mystery, it
takes almost as much time as FF, and in Grid and Mprime it can take much longer
time (we will later describe an approach to automatic recognition of the cases were
the pre-process takes a lot of time). The overhead for O] is neglectible in 14 of the
domains, and still a lot smaller than FF’s running time in the other cases.

Concerning the impact that the filtering methods have on the number of effects
in the action set, the speed of the heuristic function, and the total running time,
it is easiest to start by looking at the rightmost three columns in Figure 4. The
methods do not prune any effects in 6 of our domains, and prune very few effects in
another 7 domains. Moderately many effects are pruned in the Assembly, Gripper
and Miconic-ADL domains. In the Briefcaseworld, Logistics, Schedule and Tyre-
world domains, the pruning is drastic.® As a consequence, the average time taken

5 In the , for example, amongst other things all actions are thrown out that
take objects out of the briefcase—taking objects out of the briefcase is not necessary
within the relaxation, where keeping them inside never hurts.
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Abstract
This paper presents a planning technigue in which a flawed set of reactive rules is used to
guide a stochastic forward-chaining search. A planner based on this technigue is shown to
perform well on Blocks World problems. But the attraction of the technique is not only its
high performance as a straight planner, but also its anytime capability. Using a more
dynamic domain, the performance of a resource-bounded version of the planner is shown
to degrade gracefully as computational resources are reduced.

1 Introduction

As Bacchus and Kabanza have demonstrated, the use of domain-specific rules to guide
a forward-chaining planner is a promising line of research [Bacchus & Kabanza, 2000].
Using only a handful of temporal logic formulae as heuristics, their TLPlan system
outperforms many state-of-the-art domain-independent planners on hard Blocks World
problems. In a similar vein, the present paper describes a forward-chaining planner
whose search is controlled by domain-specific rules. But where TLPIlan uses formulae
of temporal logic to guide the search, the present planner uses a set of reactive rules.

Although the resulting planner is reasonably fast, the aim of the present work isn't the
construction of a high-performance planner. Rather, the chief aim is to supply a system
that seamlessly integrates reactive behaviour and planning at the same level. This is
achieved because the reactive rules enable the planner to behave as an anytime
algorithm [Dean & Boddy, 1988], [Zilberstein, 1993]. The planner can always supply a
partial solution, including an action to execute right away, no matter how far into its
computation it has gone. But the solutions it finds increase in quality with the time
available to search for them.

Given sufficient time to respond, the planner generates a complete plan from initial
state to goal. In this case, the reactive rules serve to speed up the search. Given
insufficient time to find a complete plan, the system responds with a partial plan
constructed (mostly) out of actions recommended by the reactive rules, but with the
benefit of look-ahead to favour those that are least dangerous and most promising.
Given very little time to respond, the system doesn’t even have the luxury of look-
ahead, and all it can offer is a partial plan comprising a single action recommended by
the reactive rules. In other words, it starts to behave as the reactive rules would on their
own.
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Although some pioneers of the use of reactive rules rejected deliberative planning
altogether [Brooks, 1986], [Agre & Chapman, 1987], in the late Eighties and early
Nineties, a variety of ways of reconciling planning with reactivity were studied.
Prominent examples include the work of Schoppers [1987], Drummond [1989], and
Mitchell [1990]. In robotics, hybrid architectures combining a low-level reactive layer
with a high-level deliberative layer, such as that described by Gat [1992], have become
commonplace, and are now to be found in the remotest corners of the Solar System
[Pell, et al, 1997]. However, none of this work looks at the possibility of using reactive
rules to guide a forward-chaining planner, possibly because the idea only starts to look
plausible in the light of Bacchus and Kabanza’s more recent work.

2 Useful but Imperfect Reactive Rules

Consider the following pair of goal-directed reactive rules for solving Blocks World
problems. As we’ll see, these rules are useful but imperfect.

RULE BW1
Move X onto Y if X is on Y in the goal and everything under Y is correct with respect to
the goal

RULE BW2
Move X from Y to Z if anything under Y is incorrect with respect to the goal and
everything under Z is correct with respect to the goal.

Let's investigate the performance of these rules on some examples, beginning with
the trivial Blocks World problem depicted in Figure 1. Starting in the initial state, the
successive application of Rules BW1 and BW?2 yields the following sequence of actions
leading to the goal: move A to the table, move B to the table, move C to B, move A to

B
,C, ,B,

Initial State Goal State

Figure 1: Blocks World Problenbw- smal |

In this case, the rules generate a unique sequence of actions. But in general, such rules
are non-deterministic. For example, in the initial state of the Blocks World problem in
Figure 2, the rules recommend three possible actions — move E to the table, move C to
the table, and move | to the table.

o B
B | G
[Fl o] [A] E]l o] [F]

Initial State Final State

Figure 2: Blocks World Problenbw- | ar ge- b



Rules BW1 and BW2, though simple, are effective with many Blocks World
problems. Rule BW1 alone can generate an optimal 6-step solution to the problem of
Figure 2 using negligible CPU time. However, these two rules aren’t guaranteed to find
a solution toany Blocks World problem. Probletow- | ar ge- b+ is identical tobw-
| ar ge- b except that blocks E and A are swapped in the final state. Given this
problem, one possible sequence of applications of Rules BW1 and BW2 leads to the
state shown in Figure 3. In this state neither Rule BW1 nor Rule BW?2 is applicable.

E|] [G
o m FLEF
Figure 3: A Stalled State

Not only can the rules lead to stalled states. They can also recommend actions that are
positively harmful. Take the problem in Figure 4, for example. In the initial state, one of
the actions recommended by the reactive rules is to move A onto C, where it will
prevent B from getting to its final destination.

B |
ol

Initial State Final State

Figure 4: Rule BW2 Goes Wrong

In general, the fact that a set of reactive rules has been effective on a large class of
problems is no guarantee that it will solve the next problem that comes along. If the
rules are hand-coded or pre-computed off-line, their correctness and completeness can
be proved. But if the rules are learned on the fly, by a reinforcement learning algorithm,
for example, there’s no guarantee of completeness, and no possibility of off-line
validation.

It's easy to see that, in this case additional rule would solve the stalled state
problem. The new rule would cater for the case when X needs to be moved off Y, even
though the blocks below Y are correctly placed. But this is beside the point. The
pertinent observation here is that an imperfect set of rules, of the sort that a learning
algorithm might generate, can still be useful.

The system proposed here is designed to exploit the availability of useful but
imperfect sets of reactive rules. As long as the rules are effective some of the time, they
can be used to efficiently guide the search of a forward-chaining planner. The reactive
rules serve a similar function to the temporal logic formulae in TLPlan. But unlike
TLPIlan’s heuristic formulae, the reactive rules can be used in stand-alone mode when a
fast response is needed. Moreover, although the examples of reactive rules used in this
paper are all indexed on a goal, the system can also function with goal-less reactive
rules (of the kind that are prevalent in biologically-inspired approaches to robotics). In
the absence of an explicit goal, it isn’t an advisable strategy for an intelligent agent to
cease activity altogether, which is why goal-less reactive rules that encourage
exploration and play are useful. Furthermore, at times when there is no explicit goal, an
agent still has to react to ongoing events. In either case, it's advantageous for the agent
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to look ahead before executing an action. In contrast to conventional approaches to
planning and plan execution, the present system can accommodate this requirement.

3 Linear lterative Lengthening

Given unbounded time to act, the system under discussion is guaranteed to produce a
plan if one exists. Given very little time to act, the system can still suggest the next
action to be executed using the reactive rules alone. In between these two extremes, the
reactive rules and the search-based planner operate together, producing a high-quality
partial plan with an immediately executable action. Moreover, as we’ll see, in this
intermediate region, the system can discover plans that the reactive rules would miss
altogether and that a conventional search-based planner would fail to find within an
acceptable time.

The basic idea of using reactive rules to guide a forward-chaining planner can be
implemented in a variety of ways. During the work carried out for this paper, several
different approaches were tried, on a variety of Blocks World problems, using Rules
BW1 and BW2 from Section 2 as the reactive guide. Only the most promising technique
is described here. This also happens to be the simplest of the implementations.

The most successful planner uses an algorithm we’llioelr iterative lengthening
In the following pseudo-code, the algorithm is invoked by a calL®lan(G,S,P),
whereG is the goal state§ is the initial state, arel is the returned plan. A state is a set
of fluents, to which the closed world assumption is applicable. The valialdehe
length bound.

1 Procedure ILPlan(G,S,P)
2 L:=1

3 FPlan(G,S,L,P)

4 While plan not found
5 L:=L+1

6 FPlan(G,S,L,P)

The FPlan procedure tries to construct a plan, and exits if it finds one or if the plan
it's working on exceeds the current length bound. In this case, the length bound is
incremented, and the planner goes round the loop again, starting with an empty plan.

7 Procedure FPlan(G,S,L,P)

8 P:=1]

9 While Length(P)<Land S#G

10 Let RL be the set of actions recommended
11 by the reactive rules for state S

12 Let EL be the set of remaining actions
13 executable in S

14 If RL is empty

15 Then randomly select A from EL

16 Else randomly select A from either
17 EL or RL with a bias towards RL
18 P:=[A]P]

19 S :=result of executing Ain S



The FPlan procedure uses forward chaining to construct a single candidate plan in
progression order. Successive actions are randomly selected, but with a heavy bias
towards those recommended by the reactive rules.

While this planner is sound, it obviously isn't complete. No attempt is made to
systematically explore the search tree. It is, however, complete in a stochastic sense: as
the execution time tends to infinity, the probability of finding a solution, if one exists,
tends to one. (In the reported experiments, though, the bias towards recommended
actions was made 100%, sacrificing completeness even in this stochastic sense.) In
practise, theoretical completeness is a less interesting property than how likely it is that
the planner will actually find a solution in an acceptable timeframe. On this score, how
good can an algorithm be that burrows apparently blindly down a single branch of the
search tree at a time?

The answer is that everything depends on the quality of the reactive rules guiding the
planner. At one extreme, if the reactive rules are very poor, the planner really is
working blindly and its performance is appalling. At the other extreme, if the reactive
rules are extremely good, they can solve any problem directly, and the planner is
redundant. The planner’s performance is most impressive in the intermediate cases,
where the reactive rules are effective on a small class of problems, but are unable to
solve all problems by themselves. As we’ll see in the next section, the Blocks World
rules of Section 2 fall into this intermediate category, and the planner’s performance is
correspondingly impressive.

But for the planner to be efficigreven in these intermediate cases, it has to be able
to make effective guesses when the reactive rules are inapplicable. The algorithm above
simply makes a random choice. This works fine with the Blocks World, because it’s just
enough to jog the planner out of a stalled state. But in other domains, it will be
necessary to employ a little more sophistication. One way to do this is to introduce an
evaluation function for scoring potential successor states, and to use this to select the
most promising (and least dangerous) next action. This extension to the basic algorithm
will be discussed in Section 6.

4 Blocks World Experiments

As already stated, the thrust of this papeamnasthe design of a stand-alone high-speed
planner. The issue at hand is architecture rather than performance. In designing a whole
agent, such as a robot, we need to integrate features such as deliberative planning,
reactive behaviour, and heuristics in a single control system that also interleaves
computation and action. Accordingly, the experimental results presented in this section
should be taken solely as a “proof of concept”.

The result of applying the planner to a number of Blocks World problems are
presented, using the two reactive rules discussed in Section 2 to guide the search.
Problemsbw- smal | , bw- | ar ge- b, andbw- | ar ge- b+ were described in Section
2. Problemsw- | ar ge- ¢ andbw- | ar ge- d were taken from the BlackBox test suite
[Kautz & Selman, 1999]. Problebhw | ar ge- c+ is a modification obw- | ar ge- c.

Each problem was submitted to the planner 10 times, first using only Rule BW1, and
then using both Rules BW1 and BW2. The results using only Rule BW1 are presented
in Table 1.

The planner was implemented in LPA Prolog 32 on an Apple iMac with a 233MHz

G3 processor. Note that, in a sense, the true metric here is not the time taken to find a
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solution, but whether or not the planner can find an anatvall within a reasonable
timeframe. If a planner can deliver an answer to a problem in a matter of seconds, then
turning this into milliseconds is simply a matter of optimisation and computing power.
On the other hand, when the system fails to present an answer having been left to run
overnight, we suspect its practical limits have been reached.

Problem Av. Time Av. Length
bw- smal | 0.02s 4.0
bw-1 arge-b 0.12s 6.0
bw- | ar ge- b+ 0.19s 7.0
bw-| ar ge-c 1.60s 14.9
bw- | ar ge- c+ 7.13s 32.9
bw- | ar ge-d 33.88s 18.5

Table 1 Using Rule BW1 Only

The planner consistently solvbs+ | ar ge- b in around one tenth of a second. The
plan is always 6 steps long, which is optimal. Recall that the reactive rules alone fail to
solve this problem altogether. Moreover, 9-block problems sublwakar ge- b and
bw- | ar ge- b+, though soluble in seconds by the current generation of domain
independent planners, exemplified by BlackBox [Kautz & Selman, 1999], were large
enough to overwhelm earlier planners, such as UCPOP [Penberthy & Weld, 1992].

The present planner consistently solves the 15-block probienh ar ge- ¢ in less
than 2 seconds. Howevdryw- | ar ge- c is a relatively “easy” problem for its size. A
solution can be found just by repeatedly following Rule BW1. In other words, there’s
always a block that can be moved to its final destination, and the planner never has to
dismantle a tower just to get at a particular block.

Problembw- | ar ge- c+ is designed to be more difficult. The initial state is that of
bw- | ar ge- c. But the goal state is the same as the initial state with only the bottom
two blocks of each tower swapped over. This requires the planner to take each tower
apart, swap the bottom blocks, and then rebuild it. The planner also performed
satisfactorily on this problem, consistently finding a solution in under 10 seconds.

Finally, the planner was run on a 19-block problémy; | ar ge- d. Until recently,

Blocks World problems of this size were beyond the capability of domain-independent
planners. On average, the present planner can $oiwveé ar ge- d in around 30

seconds.
Problem Av. Time Av. Length
bw-| ar ge- a 0.02s 4.0
bw-| arge-b 0.72s 8.5
bw- | ar ge- b+ 0.96s 9.5
bw- | ar ge-c 14.27s 20.0
bw-| arge-c+ 21.52s 24.0
bw- | ar ge-d 58.36s 28.4

Table 2 Using Rules BW1 and BW2

Table 2 presents the results of running the planner on the same problems, but using
both Rules BW1 and BW2. The performance turns out to be worse than with Rule BW2
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absent, with respect to both time and length. This is because of Rule BW2’s tendency to
recommend the occasional harmful action. Since the recommendations of reactive rules
are given such weight, their mistakes are very costly.

5 The Kids World Domain

The results reported in the previous show that the planner outperforms fast domain-
independent planners in the Blocks World, using only a single guiding reactive rule, one
that is incapable of solving Blocks World problems on its own. This is an encouraging
result. But it doesn’t show off one of the most attractive features of a forward-chaining
planner guided by reactive rules, which is its anytime capability.

In this section, a new domain is introduced, called Kids World, which is abjyst
dynamic, in the sense that unexpected events can occur with a preset probability. (In
other respects, Kids World resembles the Logistics domain used to assess planners in
planning competitions.) Kids World problems will be tackled with a resource-bounded
version of the planner of Section 3, which is embedded in a sense-plan-act cycle that
executes plans and reacts to ongoing events.

Two properties of this system are demonstrated using Kids World problems. First, it's
demonstrated that the planner’s performance degrades gracefully as its resource bound
is decreased. Second, it's shown that the system can solve Kids World problems in real
time, even with the frequent occurrence of unexpected events.

The Kids World domain comprises the four fluents aind fictions summarised in
Table 3 below. The action Move(x) affects the location of both the parent and any child
they are carrying. The Open(d) and Close(d) actions have the precondition that the
parent isn’'t carrying anything. To move from one location to another, the connecting
door has to be open.

The particular Kids World problem used in the experiments reported here involves
two children, Kerry and Liam, and three locations — the house, the street, and the car.
These locations are connected by doors in the obvious way. In the initial state, the
parent and both children are in the house and the doors are all closed. In the final state,
everyone is in the car and both the children are happy. A crucial additional twist to the
problem is that Kerry becomes unhappy if Liam is put in the car first.

Fluent/Action Meaning
Location(x) Parent is in location x
Location(c,x) Child c is in location x
Carrying(c) Parent is carrying child c
Happy(c) Child c is happy
IsOpen(d) Door d is open
Move(x) Go to location x
PickUp(c) Pick child c up
PutDown(c) Put child ¢ down
Open(d) Open door d
Close(d) Close door d

Table 3: Kids World Fluents and Actions

Planning in Kids World would be much easier if children stayed where they were put.
Then, planning could be studied without having to consider plan execution. But to make
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Kids World problems realistic, after every action the parent performs, there’s a certain
probability that one or other of the children will run off somewhere completely
unexpected. In Experimentsw- 1 andk w- 2 described in the next section, this
probability is set to zero, but in Experiméew 3, it is set to 0.1.

A set of seven reactive rules were used in the experiments reported here. Two
examples follow. Note their non-determinism. Suppose the parent is in the car carrying
Liam, while Kerry is still in the street. Then Rule KW1 recommends putting Liam
down, while Rule KW2 recommends going back for Kerry.

RULE KW1
If you're carrying a child and you're in the location the child has to end up, then put the
child down

RULE KwW2
If there’s a child in another room who needs to be moved, then move towards that room

As with the Blocks World example, these seven reactive rules are deliberately
imperfect. On their own, they can solve some Kids World problems. But they cannot
solve the problem described above on their own, as they quickly lead to a stalled state.
Even with the injection of the occasional random action to jog the system out of a
stalled state, the rules still frequently make the fatal mistake of putting Liam in the car
first. However, the rules can be used to effectively guide a forward chaining planner.

6 Planning with Bounded Computation

This section describes the resource-bounded version of the planner. With a low resource
bound, the system amounts to the use of reactive rules with look-ahead. But with higher
values, the system doesn’t commit to an action early by executing it as reactive rules do,
even with look-ahead. Instead, it carries out search — backtracking “in the head” rather
than in the world.

The linear iterative lengthening algorithm of Section 3 can easily be made resource-
bounded by incorporating a count of the number of times the body of the while loop in
the FPlan procedure is executed. ThePlanR procedure below maintains a resource
boundV. The planning process is terminate¥ iexceeds a predefined boudd

1 Procedure ILPlanR(G,S,P)
2 L=1,V:==0
3 FPlanR(G,S,L,P,V)
4 While plan not found and V < ®
5 L:=L+1
6 FPlanR(G,S,L,P,V)
If V exceedsb, the system returns the best partial plan it has found so far. The best

partial plan so far is maintained Bsn theFPlanR procedure below, and is determined
using an evaluation functioB¢ore, on partial plans (see [Korf, 1990]).



7 Procedure FPlanR(G,S,L,P,V)
8 P:=[B:=1]
9 While Length(P)<Land SzGandV<®

10 Let RL be the set of actions recommended
11 by the reactive rules for state S

12 Let EL be the set of remaining actions
13 executable in S

14 If RL is empty

15 Then randomly select A from EL

16 Else randomly select A from RL

17 P:=[A]P]

18 S :=result of executing Ain S

19 If Score(P) < Score(B) ThenB :=P

20 V=V+1

21 IfV>dThenP =B

When this planner is embedded in a sense-plan-act cycle, it exhibits anytime
properties everwithout a carefully designed evaluation function. Table 4 shows the
results of Experimerkw- 1, a Kids World experiment in whictore(P) = 0 for all P.

In other words, the planner simply returns the partial plan it's currently working on
when the resource bound is exceeded.

In Experimentkw- 1, the planner has to plan and carry out a sequence of actions that
solves the Kids World problem described above. The probability of an unexpected event
after a parental action is set to zero. In other words, the kids stay put. After each action
the system executes,rigplans from scratchThis is perfectly feasible, as the planner
solves Kids World planning problems very quickly.

Resource Av. Actions Aborts
Bound
1000 17.4 0
500 17.0 1
200 17.9 5
100 22.5 10
50 23.0 16
10 24.9 15
2 — 30

Table 4 Results of Experimertw 1

The system was run 30 times for each value of the resource bound. A run was aborted
after 50 actions, as this indicates that the planner has made Kerry irreversibly unhappy
by putting Liam in the car first. The number of actions executed was averaged over all
the successful runs. As Table 4 shows, the performance of the system degrades
gracefully as the resource bound is reduced, both in terms of the number of aborted runs
and the length of the successful runs.

When the resource bound is 1000, the planner can always find a solution, so there are
no aborted runs. When the resource bound is 2, the system is behaving almost as if it
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were using the reactive rules on their own, and all runs are aborted. For intermediate
values of the resource bound, we get intermediate levels of success. When the resource
bound falls below 200, we start to see an increase in the length of the successful runs as
well as a continuing increase in the number of aborted runs.

To see why this graceful degradation occurs, in spite of the fact that the planner
doesn’t evaluate intermediate, partial plans, consider how the system behaves as it gets
closer to the goal. When the goal is too far away, the planner’s resource bound will be
exceeded before it finds a plan, and the first action in the partial plan it returns will be
one the reactive rules would have chosen on their own. But the closer the goal gets, the
more likely it becomes that the planner will find a complete plan before the resource
bound is exceeded. The higher the resource bound, the more rapidly this likelihood
increases.

Although the planner exhibits anytime properties even when the evaluation function
returns a constant, the degradation in the planner’s performance can be made more
graceful still if a less trivial evaluation function is used. Without such an evaluation
function, the partial plans returned when the planner fails to find a complete plan are of
uniform quality whatever the resource bound. With a proper evaluation function, a high
resource bound means the planner is more likely to find a complete plan, just as before.
But it will also produce better quality partial plans when it can’t find a complete plan.

In Experimentkw- 2, a very simple evaluation function was used to demonstrate this.
This function simply gives a score of —1 to any partial plan that leaves a child unhappy,
and a score of 0 to all other partial plans. The rest of the details of ExpknveRtare
as forkw- 1. The results of this experiment are presented in Table 5, for low values of
the resource bound.

Resource Av. Actions Aborts
Bound
100 20.9 6
50 23.1 11
10 29.0 13
2 32.4 13

Table 5 Results of Experimedtw- 2

Table 5 shows a clear improvement in performance over that obtained with the
constant evaluation function, in terms of aborted runs. Even when the resource bound is
2, the planner is still able to find solutions. The increase in average run length at
resource bound 10 is misleading, because it's due simply to the presence of a number of
long runs that would have led to abortion with the constant evaluation function. When
the resource bound dips below about 50, the number of aborted runs levels off at around
12, although the number of actions per run continues to increase as the resource bound
goes down. With such a low resource bound, the planner will rarely find a complete
plan, so this gradual degradation can only be put down to a correspondingly gradual
reduction in the quality of its partial plans, which is what we were aiming for.

In Experimentkw 1 andkw- 2, there were no surprise interventions by the children
themselves. But in Experimektv 3, the dynamic potential of the domain is explored,
and the probability of a child unexpectedly moving somewhere by itself is increased



from zero to 0.1. Sometimes these unexpected events make the planner’s job easier, but
most of the time, they make it harder.

Table 6 presents the results of Experimiem 3. The set-up is essentially the same
as in Experimenkw- 2, except that the system is given up to 100 actions before a run is
aborted. As before, 30 runs were carried out for each value of the resource bound. In
addition to the number of actions averaged over the successful runs, the mean response
time per action is given, to indicate that planning is taking place in a realistic timeframe
for robotic applications.

The results of Experimekiw 3 show that the system is consistently able to solve the
problem in spite of interference in plan execution. As before, we see a steady
deterioration in performance as the resource bound is decreased. The similar response
times for resource bounds of 1000 and 500 suggest that the planner doesn’t generally
require as many as 1000 resource units to find a plan, and this is confirmed by the total
absence of aborted runs even with a resource bound of 200.

Resource Av. Aborts Mean Response Time
Bound [ Actions
1000 25.8 0 599ms
500 26.5 0 627ms
200 28.1 0 521ms
100 40.9 1 347ms
50 46.6 7 199ms
10 51.6 12 44ms
2 55.1 10 11ms

Table 6. Results of Experimerkw 3

7 Concluding Remarks

How does the system described here differ from Bacchus and Kabanza’s TLPlan, from
which it takes its inspiration? First, TLPlan’s temporal logic formulae have to be correct
for all plans in order to preserve the completeness of the planner. Reactive rules, on the
other hand, only supply recommendations. They can be completely wrong without
threatening the planner’s (stochastic) completeness. Second, TLPlan’'s heuristic
formulae don’'t have a standalone role, and can’'t form the basis of a planner with
anytime capability, like the one presented here.

The forward chaining approach to planning has many benefits that haven’'t been
explored in this paper. For example, it's much easier to implement safety and
maintenance goals in a forward-chaining mechanism than in a backward-chaining one.
Similarly, it's easier to extend the planner to accept a rich input language, permitting
concurrent actions, actions with indirect effects, and so on. These topics are the subject
of ongoing work.

The forward-chaining approach to planning is further vindicatedamrecent work of
Hoffmann and Nebel [2001], whose forward-chaining FF planner outperforms other
state-of-the-art domain-independent planners without relying on pre-defined domain-
specific rules. Instead, the FF planner automatically extracts heuristics from the domain
description to guide the forward search. A promising line of research would be to see
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how such automatically generated heuristics could be used in combination with reactive
rules in a system of the sort described here.
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The efficiency of Al planning systems is usually evaluated

empirically. The planning domains used in the competitions of the 1998
and 2000 AIPS conferences are of particular importance in this context.
Many of these domains share a common theme of transporting portables,
making use of mobiles traversing a map of locations and roads.
In this contribution, we embed these benchmarks into a well-structured
hierarchy of transportation problems and study the computational com-
plexity of optimal and non-optimal planning in this domain family. We
identify the key features that make transportation tasks hard and try
to shed some light on the recent success of planning systems based on
heuristic local search, as observed in the AIPS 2000 competition.

1 Introduction

LoGISTICS BLOCKSWORLD
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prove more general results that apply to domain families rather than individual
domains. Not only does this help present the results in a more structured way, it
also allows to shed some light on the sources of hardness in these benchmarks.

Because of space limitations, we only discuss the transportation domain fam-
ily here, covering eight of the thirteen competition domains, namely ,

, , , , and three versions of LA
similar discussion of the other domains ( , , ,

, and ) and the corresponding domain families as well as a more
thorough discussion of the results presented here can be found elsewhere [8].

In the following section, we will introduce and analyze some new transporta-
tion problems generalizing most of the competition benchmarks. Section 3 ap-
plies the results of this analysis to the competition domains and covers some
additional aspects of the and domains. The implications of
those results are discussed in Section 4, followed by some comments on related
work in Section 5 and possible directions for future research in Section 6.

2 A Hierarchy of Transportation Problems

In this section, we will define and analyze a hierarchy of transportation prob-
lems that combines the key features of the important transportation benchmark
domains.

Definition 1. task
A task is a 9-tuple (V, E, M, P, fuely,lo,lg,cap,road), where

— (V, E) is the roadmap graph; its vertices are called locations, its edges are
called roads,

— M 1is a finite set of mobiles,

— P is a finite set of portables (V, M, and P must be disjoint),

— fuely: VN is the fuel function,

—lp: (M P) V is the initial location function,

—lg: P V is the goal location function,

—cap: M N is the capacity function, and finally

—road: M  P(E) is the movement constraints function.

This should not require much explanation. The goal location function is only
defined for portables because we do not care about the final locations of mobiles.
We do require that goal locations are specified for all portables, unlike most
planning domains. This is because portables with unspecified goals could safely
be ignored, not contributing to the hardness of the task.

The fuel function bounds the number of times a given location can be left
by a mobile. Fuel is associated with locations rather than mobiles because this
is the way it is handled in the -like domains. The carrying capacity
function bounds the number of portables a given mobile can carry at the same
time. The movement constraints function specifies which roads a given mobile
is allowed to use.

We will now define some special cases of transportation tasks.



ivj € {17007*} k € {17+7*} Iijk
I=(V,E,M,P, fuel ,l ,lg,cap,road)

i=1 cap(m)=1 m

i =00 cap(m)=|P)| m

j=1 fuel (v)=1 v

j=o00 fuel (v) =00 v

k=4 road(m)=E m

k=1 roadim) = E m M| =1

According to this definition, the most general task set, containing all

tasks, is Z,.«, and the most specific ones, having no proper specializations
in the hierarchy, are T ,7 o ,Z , and Zooso -

T(I) I=(V,E,M,P,
fuel |1 ,lg,cap,road) (Vr, AT) Vi=(MUP —-VUM) X
(V = {0,...,max fuel (V)}) (I, fuel), (', fuel')) € Ay

(Fm e M,v,v' €V : I(m)=vA{v,v'} € road(m) A fuel(v) >0
ANlU'=1® (m,v'") A fuel = fuel ® (v, fuel(v) — 1))

VEmeMpeP: Im)=Ilp)AN|{peP|l(p)=m} <cap(m)
ANU'=1® (p,m) A fuel' = fuel)

V@EmeMpeP: Ip)=mAl=1&(p,l(m))A fuel' = fuel)

This definition captures the intuition of legal state transitions in the specified
transportation task. The first disjunct specifies transitions related to
of a mobile, the second relates to a mobile a portable, and the third

to a mobile a portable. In the following, we will only use these intuitive
terms when talking about state transitions.

We can now define the decision problems we are interested in:

ijk
Given: I=(V,E,M,P, fuel ,l ,lg,cap,road) € L;jy
Question: T(I) (1, fuel ) (lg, fuel’)
fuel' €V —

ijk
Given: I=(V,E,M,P, fuel ,l ,lg,cap,road) € L;j, K €
Question: T(I) K (, fuel)

(lg, fuel') fuel' eV —

! Of course, oo is not a natural number. However, as we shall see shortly in the proof
of Theorem 1, we can assume that there is “enough” fuel at each location, justifying
this definition.

% States specify the location of mobiles and portables and the current fuel function.

% We use the notation & ( ) for functional overloading, i.e. the function  with

()= and ()= ()for #
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NP

Theorem 4. PLANEX-TRANSPORT 11 is NP-complete
PLANEX-TRANSPORT 1; is NP-complete, even if the roadmap is restricted
to be a planar graph.

Proof. NP
V.E V1 1% V.E
U1 TRANSPORT I 11
V.E
U1
V, E V1 O
PLANEX TRANSPORT
7 NP
2.2 Bounded Plan Existence
NP PLANLEN
TRANSPORT J
NP
PLANLEN TRANSPORT; 1 PLANLEN TRANSPORT 1
14 |4
LogisTics
GRID
grid
ey W yoeosh w, h width height
a,b a,b
a a b b

Theorem 5. PLANLEN-TRANSPORT; ; s NP-complete
PLANLEN-TRANSPORT; 1 is NP-complete, even if the roadmap is restricted
to be a grid.

353



354

Proof. Membership in NP is already known. For hardness, we reduce from the
1 metric TSP, which is NP-complete in the strong sense [6, Problem ND23].*
Omitting the technical details which can be found elsewhere [8], the key idea
is to have one portable for each site in the TSP instance, which needs to be
moved to an adjacent location. The mobile starts at the northmost (with the
highest coordinate) TSP site and has to visit each site in order to deliver all
portables, and the number of movements needed for that is equal to the length
of the shortest non-closed TSP tour (i.e. a tour not returning to the initial
location). The tour can be closed by putting an additional portable that needs
to be moved “far up north”.

To enforce that the length of the shortest plan is dominated by the movement
between sites rather than movement between the initial and (adjacent) goal
locations of portables the coordinates of the sites are scaled by a factor of 2 (
being the number of sites). O

The same reduction can be used in the unrestricted capacity case [8]. Addi-
tionally, in this setting the following result holds.

Theorem 6. PLANLEN-TRANSPORT 1 18 NP-complete
PLANLEN-TRANSPORT  1is NP-complete, even if the roadmap is restricted
to be a complete graph.

Proof. Membership in NP is already known. For hardness, we reduce from the
Feedback Vertex Set problem [6, Problem GT7]. Let () be a digraph and

N. Then () contains a feedback vertex set of size at most  if and
only if there is a solution of length at most 3 +2 +  for the TRANSPORT
task 1 where the roadmap is a complete graph with locations  and
an additional location ¢, which is the initial location of the only mobile, there
are no capacity or fuel constraints, there is one portable to be moved from ¢ to

each and one portable to be moved from to for each ()

To see this, observe that for each feedback vertex set , the planning
task can be solved by moving the mobile to the vertices from in any order,
then to the vertices from in an order which is consistent with the arcs in
the subgraph induced by (which must be acyclic because is a feedback

vertex set), and finally to the vertices from  again, in any order, picking up and
dropping portables in the obvious way. This requires + pickup and drop
actions each and + movements, totaling a number of actions bounded
by3 +2 + if .

On the other hand, any plan must contain at least one pickup and drop
action for each portable and visit each location at least once, totaling3  +2
actions, so if a plan does not exceed the given length bound, there cannot be
more than locations that are visited more than once. These locations must
form a feedback vertex set. a

* Our transformation is only polynomial if numbers in the original TSP instance are
encoded in unary, but this is a valid assumption for decision problems that are
-complete in the strong sense.



3 Competition Domains from AIPS 1998/2000

Having completed the analysis of the domain, we can now apply
these results to the transportation domains from the planning competition.®

The domain [15] is equal to our Z  task set. Thus, plan existence
and bounded plan existence are -complete in this domain, even in the case
of planar roadmaps, according to Theorems 1 and 4 and Corollary 1. This still
holds if there is only one mobile and all portables start at the same location as
the mobile.

The domain [15] adds operators to move fuel between locations to
the original domain. However, these can only be applied if at least two
units of fuel are present at a given location, so for tasks from Z ;, there is no
difference between the two domains and consequently the same hardness results
apply for . Membership in for the decision problems related to

follows from a polynomial plan length argument, as for the number of

move, pickup and drop actions the same bounds as for tasks apply,

and there is no need to have more actions that move fuel than movements of
mobiles.

tasks [15] are special cases of 7 tasks and generalizations of

T 1 tasks with complete graph roadmaps. Thus, according to Theorems 1, 2,

and 6, plans can be found in polynomial time in this domain, but the bounded

plan existence problem is -complete, even if there is only one mobile (either
truck or airplane).
The domain [15] is a specialization of Z ; and thus allows for

generating plans in polynomial time. Of course, this domain is so simple that
even optimal plans can be generated in polynomial time.

For tasks without doors, the domain [15] is very similar to Z; 1 with
grid roadmaps®, thus the bounded plan existence problem in this domain is -
hard, even in the absence of doors. It is actually in and thus -complete
(with or without doors), again by a polynomial plan length argument, as it is not
hard to bound the number of actions between two actions in a reasonable
plan, and no location can be unlocked more than once.

If optimality is not required, plans can be generated in the domain in
polynomial time by a simple strategy unlocking door after door as long as this
is possible and then moving the keys to their goal destinations if reachable. [8]

Concluding our discussion of , we want to briefly mention another proof
of -hardness for the bounded plan existence problem without going into detail
(cf. [8]). This reduction does not emphasize the route planning aspect of the
domain and instead makes use of doors and is illustrated in Figure 1.
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instance corresponding to (AV BV D)A(AV -AVC)A(BV-=CV-D).
Locations with doors are marked with squares. The bottom left location contains the
mobile and one key for each literal, opening the corresponding doors. The bottom right
location contains an additional key. All keys must be moved to the bottom left location.

For the remaining competition domain, the elevator domain [12],
things are a bit more complicated. There are actually three different domains
under that name that were part of the AIPS 2000 competition. The first, called

STRIPS, defines tasks very similar to with one mobile,
Or o001 With complete graphs. The only difference is that portables (passengers)
can only be dropped at their destination locations and can never be picked up
again (reboard the elevator). Theorems 1, 2, and 6 apply, and thus plans can be
found in polynomial time, but deciding existence of a bounded length plan is an

-complete problem.

The same is true for the second version of , called .
In this version, all boarding and leaving at a given floor (picking up or dropping)
is automatically handled by a single action with conditional effects. It causes
all passengers inside the elevator with that goal destination to leave and all
passengers waiting outside to board. This only requires a minor change to the
proof of Theorem 6, changing the plan length bound to 2( + )+1for +
movements of the elevator and + +1 actions.

The “real” domain additionally introduces special passengers
which impose movement restrictions on the elevator. Most importantly, the el-
evator may only stop at floors to which all passengers inside the elevator have
access, and there are “attended” passengers who require the presence of at least
one “attendant” passenger as long as they are inside the cabin (if the last atten-
dant leaves the elevator, a new one must board). There are also VIP passengers
who must be served with priority.

The decision problems related to that domain are still in because the
number of stops can be bounded by twice the number of passengers to be served
(one stop at their initial, another at their goal floor), and this in turn bounds
the number of movements. However, as it turns out, plan existence is already

-hard in this domain. Due to space restrictions, we will not give a formal
definition of the decision problem at hand, which can be found in [8]. It should
be possible to understand the following proof without those details, though.

Membership in has been shown. For -hardness, we reduce from



the problem of finding a Hamiltonian path with a fixed start vertex in a
digraph () [6, Problem GT39].
The corresponding MicoNic-10 task has the following floors: an init floor

, final floor  , for each vertex a vertex start floor , and vertex end floor
u» and for each arc () an arc floor ,,. is the set of all these floors and
for each vertex , , is the set containing ,, ,, and the arc floors for outgoing
arcs of . These are the passengers to be served:
Passenger  |From|To |Access to Special
v1 v1 VIP, attendant
“ “ attended
w | wl w attendant
Do w u none
( ) Coww| uww | v wv oy v attendant

Assume that it is possible to solve the task. Because is a VIP, the first
stops must be at and ,, picking up all the attended passengers and ., .
Because of the movement restrictions of that passenger, the journey can only
proceed to floors from ,,, and ,, is not an option because going there would
lead to the only attendant leaving. Thus, the elevator must go to ,, 4, (for some
vertex  that is adjacent to ) and can then only proceed to , and then ,,,
picking up ,.

We are now in a similar situation as upon arrival at ,,, and again, the
elevator will eventually go to some floor ,,, then ,,, following the arcs of the
digraph () in a path [ n) until all vertices have been visited once.
No vertex can be visited twice because of the passengers of type , . So plan
existence implies a Hamiltonian path starting at  in the digraph.

On the other hand, if a Hamiltonian path exists, there is a sequence of elevator
movements that leads to all attended passengers having arrived at their final
destination and the elevator being at some floor ,, for . No longer requiring
attendants, it can then immediately proceed to ,, then  and finally serve the
remaining passengers of type ,, (for arcs () not part of the Hamiltonian
path), one after the other, completing the plan.

U

Let us briefly summarize the results of our analysis. For fairly general trans-
portation tasks, we have shown NP-completeness of non-optimal planning in
the restricted fuel case and NP-completeness of optimal planning in all cases.
Just finding some plan in tasks where fuel is abundant was shown to be a poly-
nomial problem.

This is detailed in Figure 2. For some domains, even some severe restrictions
are still sufficient to get NP-hardness. Specifically, all NP-hardness results in
the multi-agent competition domains still hold if there is only one agent, and
the NP-hardness result for GRID still holds if there are no doors at all. For
convenience, we repeat the results for the competition domains:
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We present a random generator of partially complete round
robin timetables that produces exclusively satisfiable instances, and pro-
vide experimental evidence that there is an easy-hard-easy pattern in
the computational difficulty of completing partially complete timetables
as the ratio of the number of removed entries to the total number of en-
tries of the timetable is varied. Timetables in the hard region provide a
suitable test-bed for evaluating and fine-tuning local search algorithms.

Walk-
SAT
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partially complete timetable can be finely controlled by tuning the number of
removed entries.

In order to investigate the hardness of the instances of our generator we
conducted a comprehensive experimental investigation. We observed that there is
an easy-hard-easy pattern in the computational difficulty of completing partially
complete timetables with LSA’s for SAT as the ratio of the number of removed
entries to the total number of entries is varied. Timetables in the hard region
provide a suitable set of randomly generated satisfiable scheduling benchmarks.

We considered the generic problem solving approach that consists in mod-
eling combinatorial problems as SAT instances and then solving the resulting
instance with a SAT solver. In the last years the planning as satisfiability ap-
proach has gained popularity and has allowed the creation of planning systems
like Blackboz [9]. The scheduling as satisfiability approach was used by Craw-
ford & Baker [5] to solve the job shop problem and by Béjar & Manya [2, 3] to
create timetables for a variant of round robin tournaments. The generation of
satisfiable instances for the quasigroup completion problem was investigated by
Achlioptas, Gomes, Kautz & Selman [1, 6], as well as in [8]. Their papers inspired
our work on the round robin completion problem.

The paper is structured as follows. In Section 2 we introduce the round robin
problem. In Section 3 we describe the random generator of partially complete
timetables. In Section 4 we present and discuss the experimental investigation.

2 The round robin problem

In this paper we consider the timetabling problem for temporally dense single
round robin tournaments (DSRR): given an even number of teams n, the DSRR
problem consists in distributing n(n — 1)/2 matches in n — 1 rounds in such a
way that each team plays each other team exactly once during the competition.
Figure 1 shows a 6-team DSRR timetable. We represent DSRR timetables for
n teams by an n x (n — 1) matrix o of variables, where variables o, tell the
opponent team against which team ¢ plays in round r.

The DSRR problem for n teams can be represented as a constraint satisfac-
tion problem (CSP) [7] as follows:

The set of variables is formed by all variables o;, in matrix o.
The domain D,, , of each variable oy, is {1,...,n}.
The set of constraints is formed by the following constraints:

e all-different(o;1,...,0tp 1), for every ¢t € {1,...,n}, and
e round-matches(o1,p,...,0n,), for every r € {1,...,n —1}.

The constraints all-different and round-matches are defined as follows:

all-different(xi,...,&m) = {(v1,...,Um) € Dy, X -+ X Dy |V ji=j Vi # vj}

round-matches(zy,...,Tm) = {(V1,...,Vm) € Dy, X ---x D, |
Viji=j Vi ZiAv; =j ¢ v; =i}
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Fig. 2. A symmetric quasigroup
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Fig. 1. A 6-team DSRR timetable
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3 A random generator of partially complete timetables

holes

Random-Generator

an even number of teams n and an even number of holes h
an n-team partially complete timetable with A holes
h o= n% +1
T := a randomly generated n-team complete DSRR timetable
while h > 0 do
S := set of non-empty entries 0§:r of T such that rows ¢,t have
have less than A’ + 1 holes and column r has less than k' holes;
oﬁfr := a randomly selected entry of S;
T := T with entries o, and o}, removed;
h:=h 2
endwhile
return(T);

Random generator of partially complete timetables

WalkSAT
WalkSAT
WalkSAT
Satz
4 Experimental results
X —
WalkSAT
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complete timetables. Each instance was executed until 25 solutions were found
using no cutoff (maxflips), 30% noise for n = 30, 26% noise for n = 32, and 20%
noise for n = 36. We used approximately optimal noise parameter settings for
each timetable size. Such experiments were performed on PC’s with 500 MHz
Pentium III Processors under Linux Operating System.

Figure 4 visualizes the easy-hard-easy pattern in the computational difficulty
of completing partially complete timetables with for n = 30,32, 36.
Along the horizontal axis is the ratio of the number of holes to the total number
of entries of the timetable, and along the vertical axis is the median number of
flips needed to solve an instance.

Figure 5 is like Figure 4 but the median number of flips are normalized. One
can observe that there is a shift in the location of the hardness peak as a function
of the number of teams.

Figure 6 visualizes the easy-hard-easy pattern for n = 32 showing seconds
instead of flips. Along the vertical axis are the mean and median number of
seconds needed to solve an instance.
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From the experimental results we can conclude that, when we use our random
generator of partially complete timetables, there is an easy-hard-easy pattern in
the computational difficulty of completing partially complete timetables with
LSA’s for SAT as the ratio of the number of removed entries to the total number
of entries is varied. Thus, the expected hardness of completing a timetable can
be finely controlled by tuning the number of removed entries, and timetables in
the hard region provide a source of suitable scheduling benchmarks to evaluate
and fine-tune LSA’s.

Taking into account the existing work on the quasigroup completion prob-
lem [1, 8], and the equivalence between the DSRR completion problem and the
problem of completing partially complete symmetric quasigroups, we conjecture
that the easy-hard-easy pattern could also be observed if we use non-Boolean en-
codings as well as algorithms other than WalkSAT. A crucial point for obtaining
this difficulty profile was the generation model of partially complete timetables.
We did not identify the easy-hard-easy pattern with other strategies of making
holes.
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Learning Robot Action Plans for
Controlling Continuous, Percept-driven Behavior*

Michael Beetz and Thorsten Belker

! Computer Science Dept. IX, Munich University of Technololglunich, Germany
2 Dept. of Computer Science I, University of Bonn, Bonn, @any

Abstract. Autonomous robots, such as robot office couriers, need @oru-
tines that support flexible task execution and effectiveoagblanning. This pa-
per describes KRMLEARN, a system that learns structured symbolic robot ac-
tion plans for navigation tasks. Given a navigation taskRML EARN learns to
structure continuous navigation behavior and represéetteirned structure as
compact and transparent plans. The structured plans amebtby starting with
monolithical default plans that are optimized for averagdgmance and adding
subplans to improve the navigation performance for thergigsk. Compactness

is achieved by incorporating only subplans that achieveisignt performance
gains. The resulting plans support action planning and ppistic task execu-
tion. XFRMLEARN is implemented and extensively evaluated on an autonomous
mobile robot.

1 Introduction

Robots operating in human working environments and soldiyigamically changing
sets of complex tasks are challenging testbeds for autonsmubot control. The dy-
namic nature of the environments and the nondeterminiffécts of actions requires
robots to exhibit concurrent, percept-driven behavioreltably cope with unforeseen
events. Most physical control processes are continuouature and difficult to repre-
sent in discrete symbolic structures.

In order to apply high-level plan-based control techniquasots need adequate and
realistic representations of their control processesdhable their planning routines to
foresee problems and forestall them. In this paper we ta&kadivigation behavior of
autonomous mobile robots as our prototypical example.

Different approaches have been proposed to specify thgaidmn behavior of such
robots. A number of researchers consider navigation assiarioe of Markov deci-
sion problemsNiDPs) [KCK96]. They model the navigation behavior as a finitdesta
automaton in which navigation actions cause stochastie st@ansitions. The robot is
rewarded for reaching its destination quickly and reliallgolution for such problems
is apolicy, a mapping from discretized robot poses into fine-graineityasion actions.

MDPs form an attractive framework for navigation because ttsgyauuniform mech-
anism for action selection and a parsimonious problem d@ngo@he navigation poli-
cies computed byDPs aim at robustness and optimizing the average performamee.

This research is partially funded by the Deutsche Forsctgemeinschaft.
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of the main problems in the applicationabp planning techniques is to keep the state
space small enough so that theps are still solvable.

Another approach is the specification of environment- asll-tpecific navigation
plans, such astructured reactive navigation planssRNpPs) [Bee99].SRNFs specify a
default navigation behavior and employ additional conenirrpercept-driven subplans
that overwrite the default behavior while they are activiee @efault navigation behav-
ior can be generated by amP navigation system. The (de-)activation conditions of
the subplans structure the continuous navigation behavitask-specific way.

SRNPs are valuable resources for opportunistic task executidneffective action
planning because they provide high-level controllers vgitibplans such as traverse
a particular narrow passage or an open area. More spegifisalNrs (1) can gener-
ate qualitative events from continuous behavior, such &srieg a narrow passage;
(2) support online adaptation of the navigation behavisivédmore carefully while
traversing a particular narrow passage), and (3) allow éongact and realistic sym-
bolic predictions of continuous, sensor-driven behaviibe specification of good task
and environment-specif&rRNFs, however, requires tailoring their structure and param-
eterizations to the specifics of the environment.

We propose to bridge the gap between both approaches byrigaRrNFs, sym-
bolic plans, from executingaiDpP navigation policies. Our thesis is that a robot can
autonomously learn compact and well-structusedirs by usinguDpP navigation poli-
cies as default plans and repeatedly inserting subplanshiaRNFs that significantly
improve the navigation performance. This idea works bezthespolicies computed by
themDP path planner are already fairly general and optimized ferage performance.
If the behavior produced by the default plans were uniforgdgd, making navigation
plans more sophisticated would be of no use. The rationdleteequiring subplans
to achieve significant improvements is to keep the strucifitee plan simple.

2 An Overview on XFRMLEARN

We have implemented PRMLEARN a realization of this learning model and applied
it to learningsRNPRs for an autonomous mobile robot that is to perform office imwur
service. XXRMLEARN is embedded into a high-level robot control system cadkedc-
tured reactive controller§srcs) [Bee99].sRCs are are controllers that can revise their
intended course of action based on foresight and planniagesiution timesrcs em-
ploy and reason about plans that specify and synchrareurrent percept-driven
behavior. Concurrent plans are represented in a trangpamdrmodular form so that
automatic planning techniques can make inferences abent #md revise them.

XFRMLEARN is applied to the RINO navigation system [BCF00], which has
shown impressive results in several longterm experim@uasceptually, this robot nav-
igation system works as follows. A navigation problem is)gf@rmed into a Markov
decision problem to be solved by a path planner using a viduation algorithm. The
solution is a policy that maps every possible location iheaptimal heading to reach
the target. This policy is then given to a reactive colliseamoidance module that exe-
cutes the policy taking the actual sensor readings intolatd8CF"00].



The RHINO navigation system can be parameterized in different ways perame-
ter PATH is a sequence of intermediate points which are to be visitélad specified or-
der.coLLI-MODE determines how cautiously the robot should drive and how athyr
it is allowed to change direction.HRNO’s navigation behavior can be improved be-
cause RIINO’s path planner solves an idealized problem that does netttakdesired
velocity, the dynamics of the robot, the sensor crosstalit the expected clutteredness
fully into account. The reactive collision avoidance comeot takes these aspects into
account but makes only local decisions.

We propose an “analyze, revise, and test” cycle as a conipudhtnodel for learn-
ing SRNPS. XFRML EARN starts with a default plan that transforms a navigation j@mb
into anMDP problem and passes tivpP problem to RiINO’s navigation system. After
RHINO’s path planner has determined the navigation policy thégadion system acti-
vates the collision avoidance module for the execution efrésulting policy. XRMm-
LEARN records the resulting navigation behavior and looks fatslkres of behavior
that could be possibly improved.FRMLEARN then tries to explain the improvable
behavior stretches using causal knowledge and its knowlatigut the environment.
These explanations are then used to index promising plasisevmethods that intro-
duce and modify subplans. The revisions are then tested éniesof experiments to
decide whether they are likely to improve the navigationawatr. Successful subplans
are incorporated into the symbolic plan.

3 Structured Reactive Navigation Plans

Let us now take a more detailed look at the representatierafs.

navigation plan  (desk-1,desk-2)
with subplans

TRAVERSE-NARROW-PASSAGH 635,1274, 635,1076)
parameterizations  colli-mode  slow
path constraints 635,1274, 635,1076
justification narrow-passage-bug-3

TRAVERSE-NARROW-PASSAGK...)

TRAVERSE-FREE-SPACK...)

DEFAULT-GO-TO ( desk-2)

ThesrNPabove contains three subplans: one for leaving the lefteftine for en-
tering the right one, and one for speeding up the traversddeohallway. The subplan
for leaving the left office is shown in more detail. The patmsinaints are added to
the plan for causing the robot to traverse the narrow passdgegonally with maxi-
mal clearance. The parameterizations of the navigatiaesyspecify that the robot is
asked to drive slowly in the narrow passage and to only use Eensors for obstacle
avoidance to avoid the hallucination of obstacles due tasorosstalk.

SRNPs are callesgstructuredbecause the subplans explicitly represent task-relevant

structure in continuous navigation behavior. They areedaleactive because “per-
ceived” qualitative events, such as entering or leaving raomapassage, trigger the
activation and termination of subplans.
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4 XFRMLEARN in Detail

A key problem in learning structured navigation plans is traicture the navigation
behavior well. Because the robot must start the subplansyamthronize them, it must
be capable of “perceiving” the situations in which subplans to be activated and
deactivated. Besides being perceiveable, the situatiomsid be relevant for adapting
navigation behavior. Among others, we use the concepaobwnesdor detecting the
situations in which the navigation behavior is to be adapBaded on the concept of
narrowness the robot can differentiate situations suchesgsdpace, traversing narrow
passages, entering narrow passages, and leaving narreageas
Diagnosis of Conspicous SubtracesJpon carrying
out a navigation task, RNO produces a behavior
trace like the one shown in Figure 1. The robot’s posi-
tion is depicted by a circle where the size of the circle
is proportional to the robot’s translational speed. Be-
havior feature subtraces such as low and high trans-
lational speed, turning in place, and frequent stop-
ping often hint at which behavior stretches can be
improved. To infer how the improvements might be
| e | mmm  achieved, XRMLEARN first tries to explain a behav-
Fig. 1: Visualization of a behavior ior feature subtrace by finding environment feature
trace. The center of the circles desubtraces, such as “traversing a narrow passage” or
note the robot’s position and the"passing an obstacle” that overlap with it. We use the
size of the circle the current speeddredicate My CAUSE(F1,F2) to specify that the en-
of the robot. vironment featureel may cause the behavior feature
F2 like narrow passages causing low translational ve-
locity. If there is sufficient overlap between a behaviortdea subtracd and an en-
vironment feature subtracethen the behavior is considered to béehavior flaw
The diagnosis step is realized through a simple diagnagiicthat, depending on the
instantiation of May CAUSE(?F1,7%2) can diagnose different kinds of flaws:
D-1 Low translational velocity is caused by the traversal ofoarpassages.
D-2 Stopping is caused by the traversal of narrow passage.
D-3 Low translational velocity is caused by passing an obstadelose.
D-4 Stopping caused by passing an obstacle too close.
D-5 High target velocity caused by traversing free space.

The “revise” step uses programming knowledge about how to revise navigation
plans and how to parameterize the subsymbolic navigatiodutes that is encoded
in the form of plan transformation rules. In their conditiparts transformation rules
check their applicability and the promise of success. Tleders are used to estimate
the expected utility of rule applicationsFPRML EARN selects the rule with a probability
proportional to the expected utility and applies it to tharpl

For the purpose of this paperFRMLEARN provides the following revisions:

R-1 If the behavior flaw is attributed to the traversal of a narpagsage then insert a
subplan to traverse the passage orthogonally and with nzdxiearance.

R-2 Switch off the sonar sensors while traversing narrow passéghe robot repeat-
edly stops during the traversal.




R-3 Insert an additional path constraint to pass a closeby dlestath more clearance.

R-4 Increase the target velocity for the traversal of free spabere the measured
velocity almost reaches the current target velocity.

R-5 Insert an additional path constraint to avoid abrupt chamgéhe robot’s heading.

Because XRMLEARN'’s transformation rules are heuristic, their applicapidnd
the performance gain that can be expected from their apigicés environment and
task-specific. Therefore PRMLEARN learns the environment and task specific ex-
pected utility of rules based on experience.

The “test” step. Because plan transformation rules check their applidstaitid pa-
rameterization with respect to idealized models of theremrment, the robot, the per-
ceptual apparatus, and operation of the subsymbolic néeigsystem, XRMLEARN
cannot guarantee any improvements of the existing plarreftie, XFRML EARN tests
the resulting candidate plans against the original plangpgatedly running the orig-
inal and the revised plan and measuring the time performiantte local region that
is affected by the plan transformation. The new candidaie @ accepted, if based on
the experiments there is a 95% confidence that the new pldorper better than the
original one.

5 Experimental Results

To empirically evaluate XRMLEARN we have performed two long term experiments
in which XFRMLEARN has improved the performance of thelRo navigation system
for given navigation tasks by up to 44 percent within 6 to 7rsou

Fig. 2. Behavior trace of the default plan (a). Low T-Vel subtrad®s l(earnedsRNP(C).

Figure 2(a) shows the navigation task (going from the degkéneft room to the
one in the right office) and a typical behavior trace genératethembdpP navigation
system. Figure 2(b) visualizes the plan that was learned EyML EARN. It contains
three subplans. One for traversing the left doorway, onéhferight one, and one for
the traversal of the hallway. The ones for traversing thengdags are RAVERSENAR-
ROWPASSAGE subplans, which comprise path constraints (the blackes)as well as
behavior adaptations (depicted by the region). The subiglactivated when the re-
gion is entered and deactivated when it is left. A typicaldabr trace of the learned
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SRNPis shown in Figure 2(c). We can see that the behavior is muak tnamogeneous
and that the robot travels faster. This visual impressiaoigirmed by statistical tests.
The t-test for the learnesRNPbeing at least 24 seconds (21%) faster returns a signifi-
cance of 0.956. A bootstrap test returns the probability. 856 that the variance of the
performance has been reduced.

In the second learning session the average time neededrformpég a navigation
task has been reduced by about 95.57 seconds (44%). Theftitdise revised plan
being at least 39 seconds (18%) faster returns a significa@®52. A bootstrap test
returns the probabilty of 0.857 that the variance of thegranfince has been reduced.

6 Conclusions

We have described BRML EARN, a system that learr&RNPs, symbolic behavior spec-
ifications that (a) improve the navigation behavior of aroaotmous mobile robot gen-
erated by executingiDP navigation policies, (b) make the navigation behavior more
predictable, and (c) are structured and transparent stitjiaiievel controllers can ex-
ploit them for demanding applications such as office dejiver

XFRMLEARN is capable of learning compact and modw&nps that mirror the
relevant temporal and spatial structures in the continmawgyation behavior because
it starts with default plans that produce flexible behaviatiized for average perfor-
mance, identifies subtasks, stretches of behavior thatdedkthey could be improved,
and adds subtask specific subplans only if the subplans qanova the navigation be-
havior significantly.

The learning method builds a synthesis among various sdbfa#l Al: computing
optimal actions in stochastic domains, symbolic actiompiag, learning and skill ac-
quisition, and the integration of symbolic and subsymbapproaches to autonomous
robot control. Our approach also takes a particular viewherirttegration of symbolic
and subsymbolic control processes, in particwiaPs. In our view symbolic represen-
tations are resources that allow for more economical réagoithe representational
power of symbolic approaches can enable robot controltetsetter deal with com-
plex and changing environmants and achieve changing s@igeoécting jobs. This is
achieved by making more information explicit and repreisgrbehavior specifications
symbolically, transparently, and modularly. In our apmtogPO)MDPs are viewed as a
way to ground symbolic representations.
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Abstract. Weakly-coupled Markov decision processes can be decordpoge
subprocesses that interact only through a small set ofeettk states. We study
a hierarchical reinforcement learning algorithm desigt®dake advantage of
this particular type of decomposability. To test our altfori, we use a decision-
making problem faced by autonomous planetary rovers. lygitoblem, a Mars
rover must decide which activities to perform and when teerse between sci-
ence sites in order to make the best use of its limited ressuia our exper-
iments, the hierarchical algorithm performs better thatfe@ning in the early
stages of learning, but unlike Q-learning it converges tolmptimal policy. This
suggests that it may be advantageous to use the hieraratgoaithm when train-
ing time is limited.

1 Introduction

The Markov decision processes (MDP) framework is widelydusemodel problems
in decision-theoretic planning and reinforcement leagriéj. Recently there has been
increased interest in delimiting classes of MDPs that aterally decomposable and
developing special-purpose techniques for these clages fthis paper, we focus on
reinforcement learning for weakly-coupled MDPs. A weaktpled MDP is an MDP
that has a natural decomposition into a set of subproceghestransition from one
subprocess to another requires entry into one of a smalf bettteneck states. Because
the subprocesses are only connected through a small seite$,sthey are “almost”
independent. The common intuition is that weakly-couplddd should require less
computational effort to solve than arbitrary MDPs.

The algorithm that we investigate is a reinforcement leggniersion of a previously
studied planning algorithm for weakly-coupled MDPs [2].eTplanning algorithm is
model based, whereas our algorithm requires only infolwndtiom experience trajec-
tories and knowledge about which states are the bottlertatgss This can be beneficial
for problems where only a simulator or actual experienceagadlable. Our algorithm
fits into the category of hierarchical reinforcement leagn{see, e.g., [7]) because it
learns simultaneously at the state level and at the subgsdeeel. We note that other
researchers have proposed methods for solving weaklyled DPs [3-5], but very
little work has been done in a reinforcement learning cantex

For experimentation we use a problem from autonomous @aneiver control that
can be modeled as a weakly-coupled MDP. In our decision-nggddenario, a rover on
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Mars must explore a number of sites over the course of a déapulistopping to estab-
lish communication with Earth. Using only a list of sitesidrmation about its resource
levels, and information about the goals of the mission, thesrr must decide which
activities to perform and when to move from one site to thet.neixnited resources
and nondeterministic action effects make the problem noatrin the main body of
the paper, we describe in detail how this problem can be nedded a weakly-coupled
MDP, with each site being a separate subprocess.

We compare the hierarchical algorithm with Q-learning, eedsee that the hierar-
chical algorithm performs better initially but fails to cmrge to the optimal policy. A
third algorithm which is given the optimal values for thetterieck states at the start ac-
tually learns more slowly than both of the aforementiongdathms. We give possible
explanations for the observed behavior and suggestiorfatioe work.

2 MDPs and Reinforcement Learning

A Markov decision process (MDP)odels an agent acting in a stochastic environment
with the aim of maximizing its expected long-term rewardeTipe of MDP we con-
sider contains a finite set of states, with ¢ being the start state. For each state

s is a finite set of actions available to the agents the table of transition probabil-
ities, where ( ) is the probability of a transition to state given that the agent
performed action in state . is the reward function, where( ) is the reward
received by the agent given that it chose actian state .

A policy isamapping from states to actions. Solving an MDP amouritisding a

policy that maximizes the expected long-term reward. |a ffaiper, we use the infinite-
horizon discounted optimality criterion. Formally, theeagshould maximize

lzt(t (t))]

t=0

where [0 1] is the discount factor. In order to modspisodictasks, we can include
an absorbing state from which the agent can only receive areiffate reward of zero;
a transition to the absorbing state corresponds to the ead episode.

Algorithms for MDPs often solve foralue functionsFor a policy , the state value
function, ™( ), gives the expected total reward starting from staséd executing .
The state-action value function( ), gives the expected total reward starting from
state , executing action, and executing from then on.

When an explicit model is available, MDPs can be solved ustagdard dynamic
programming techniques such as policy iteration or vakmiton. When only a simu-
lator or real experience are available, reinforcemenbiegrmethods are a reasonable
choice. With these techniques, experience trajectoreessed to learn a value function
for a good policy. Actions taken on a trajectory are usuailyegly with respect to the
current value function, bugxploratoryactions must also be taken in order to discover
better policies. One widely-used reinforcement learnilygp@thm is Q-learning [8],
which updates the state-action value function after eaafsition from to under



actiona with the following rule:

Q s,a Q s,a al|lRsa v Q s',ad Qs,a],

a

wherea is called the learning rate.

3 Reinforcement Learning for Weakly-Coupled MDPs

Consider an MDP with a state s€that is partitioned into disjoint subsefs, . .., S,,.
Theout-spaceof a subsefS;, denoted) S; , is defined to be the set of states notin
that are reachable in one step fréfn The setof stateB O S 0 S,, that
belong to the out-space of at least one subset comprise tloé Bettleneckstates. If
the set of bottleneck states is relatively small, we callNtizP weakly-coupled

In [2], the authors describe an algorithm for weakly-codpMDPs that can be
described as a type of policy iteration. Initially, values the bottleneck states are set
arbitrarily. The low-level policy improvement phase inves solving each subproblem,
treating the bottleneck state values as terminal rewattshigh-level policy evaluation
phase consists of reevaluating the bottleneck states ésetholicies. Repeating these
phases guarantees convergence to the optimal policy inta finmber of iterations.

The rules for backpropagating value information in ourf@icement learning algo-
rithm are derived from the two phases mentioned above. Twefiie of our approach
are that it doesn’t require an explicit model and that lesgréan proceed simultane-
ously at the high level and at the low level.

We maintain two different value functions: a low-level statction value function
Q defined over all state-action pairs and a high-level staigevlunctionV}, defined
over only bottleneck states. The low-level part of the le@egns described as follows.
Upon a transition to a non-bottleneck state, the standaleb@ving backup is applied.
However, when a bottleneck state B is encountered, the following backup rule is
used:

Qs,a Qsa a Rsa yWVys Qs,a ,

whereq; is a learning rate. For the purposes of learning, the battlkstate is treated
as a terminal state, and its value is the terminal rewardh#gel backups occur only
upon a transition to a bottleneck state. The backup rule is:

Vi s Vis anR Vs Ws,

wherek denotes the number of time steps elapsed between the tWertsatk statesk
is the cumulative discounted reward obtained over this,taméq;, is a learning rate.

It is possible to alternate between phases of low-level agh-level backups or
to perform the backups simultaneously. Whether either@ggr converges to an op-
timal policy is an open problem. We chose the latter for oypeginents because our
preliminary work showed it be more promising.
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4 Autonomous Planetary Rover Control

4.1 The Model

In this section we describe a simple version of the rovergi@cimaking problem and
how it fits within the weakly-coupled MDP framework. In oures@rio, a rover is to
operate autonomously for a period of time. It has an ordeegdence of sites along
with priority information and estimated difficulty of obtang data, and it must make
decisions about which activities to perform and when to mibgen one site to the
next. The goal is to maximize the amount of useful work th&s gene during the time
period.

The action set consists of taking a picture, performing &spmeter experiment,
and traversing to the next site in the sequence. Spectromgperiments take more
time and are more unpredictable than pictures, but theyl yietter data. The time to
traverse between sites is a noisy function of the distanbedam the sites. The state
features are the time remaining in the day, the current siteber (from which priority
and estimated difficulty are implicitly determined), themher of pictures taken at the
current site, and whether or not satisfactory spectrontztier has been obtained at the
current site. FormallyS T x I x P x E,whereT" { min, min,..., min}
is the set of time valued; {, , , , }isthesetofsitesP {, , }isthe set
of values for pictures taken; arfd  { , }is the set of values for the quality of the
spectrometer data. The start statggs ( , , , ). The sequence of sites used for
our experiments is shown in Table 1.

Table 1. The sequence of sites for the rover to investigate

Site | Priority | Estimated dif culty | Distance to next site
1 8 medium 3m
2 5 hard 5m
3 3 easy 7m
4 2 easy 3m
5 9 hard N/A

A nonzero reward can only be obtained upon departure frote@asd is a function
of the site’s priority and the data obtained at the site. Bsk ts episodic withy .An
episode ends when the time component reaches zero or thefiraskes investigating
the last site. The aim is to find a policy that maximizes theeexkgd total reward across
all sites investigated during an episode. Because of ldrtitae and nondeterministic
action effects, the optimal action is not always obvious.

In order to see how this problem fits into the weakly-coupleBMframework,
consider the set of states resulting from a traversal betwsites. In all of these states,
the picture and spectrometer components of the state attegero. The seB
T x1Ix{ }x{ }istaken to be the set of bottleneck states, and it is ovesé#iithat
we define the high-level value function. Note that the batlek states comprise only
300 of the problem’s 1,800 states.



4.2 Experiments

In our experiments, we tested Q-learning against the hikieal algorithm on the prob-
lem mentioned in the previous section. In addition, we tkatealgorithm that we call
the omniscientierarchical learning algorithm. This algorithm is the saas the hier-
archical algorithm, except that the values for the bottddrstates are fixed to optimal
from the start, and only low-level backups are performedfing the bottleneck val-
ues, the problem is completely decomposed from the starto@fse, this cannot be
done in practice, but it is interesting for the purpose of parnson.

For the experiments, all values were initialized to zeral we used-greedy ex-
ploration withe . [6]. For the results shown, all of the learning rates weraset
0.1 (we obtained qualitatively similar results with leargrates of 0.01, 0.05, and 0.2).
Figure 1 shows the total reward per episode plotted agdiestiimber of episodes of
learning. The points on the curves represent averages evieds 1000 episodes.

‘ —— Q-learning
j ? ---------- Hierarchical learning

Total reward
=

+++++ Omn. Hierarchical learning

0 50 100 150 200 250 300 350 400 450 500

Episodes (x 1000)

Fig. 1.Learning curves for Q-learning, hierarchical learning amniscient hierarchical learning

A somewhat counterintuitive result is that the omniscieietrdrchical algorithm
performs worse than both the original hierarchical algponitand Q-learning during
the early stages. One factor contributing to this is thaaligation of the state-action
values to zero. During the early episodes of learning, theevaf the “leave” action
grows more quickly than the values for the other actions bse# is the only one that
leads directly to a highly-valued bottleneck state. Thiesdabent frequently leaves a
site without having gathered any data. This result dematestrthat decomposability
doesn’t always guarantee a more efficient solution.

The second result to note is that the hierarchical algorjtlenfiorms better than Q-
learning initially, but then fails to converge to the optimpalicy. It is intuitively plausi-
ble that the hierarchical algorithm should go faster, sihgaplicitly forms an abstract
process involving bottleneck states and propagates vaflosmation over multiple time
steps. It also makes sense that the algorithm doesn’t cpgegice we consider that the

high-level backups areff policy. This means that bottleneck states are evaluated for the

policy that is being executed, and this policy always inesidon-greedy exploratory
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actions. Algorithms such as Q-learning, on the other hazatnl about the policy that
is greedy with respect to the value function regardless a€lvpolicy is actually being
executed.

5 Conclusion

We studied a hierarchical reinforcement learning algarifor weakly-coupled MDPs,
using a problem in planetary rover control as a testbed. @sults indicate that the
decomposability of these problems can lead to greater exfigi in learning, but the
conditions under which this will happen are not yet well uistieod. Perhaps exper-
imentation with different low-level and high-level leangi rates could shed some in-
sight. Also, experimental results from other weakly-caapMDPs besides the rover
problem would be valuable. Finally, a more detailed thécaéinvestigation may yield
an algorithm similar to ours that is provably convergent.

On the application side, we plan to develop a more realisticc@mplex simulator
of the rover decision-making problem. In this simulatog tiever will choose among
multiple sites to traverse to. It will also have to managediisa storage and battery
capacity and perform activities during constrained timerivals. The state space of the
model will most likely be too large to explicitly store a valdior each state. We will
instead have to use some form of function approximation.
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Abstract. Planning under partial observability in nondeterminigtiznains is a
very significant and challenging problem, which requireslishg with uncertainty
together with and-or search. In this paper, we propose a fgawitam for tack-

ling this problem, able to generate conditional plans theataaranteed to achieve
the goal despite of the uncertainty in the initial conditéord the uncertain effects

of actions. The proposed algorithm combines heuristicceiarthe and-or space

of beliefs with symbolisbD-based techniques, and is fully amenable to the use
of selection functions. The experimental evaluation shinasheuristic-symbolic
search may behave much better than state-of-the-art salgatithms, based on

a depth-first search (%) style, on several domains.

1 Introduction

In this paper, we tackle the problem of conditional planninger partial observability,
where only part of the information concerning the domaitustés available at run time.
In its generality, this problem is extremely challengingngpared to the limit case of
full observability, it requires dealing with uncertaintipaut the state in which the ac-
tions will be executed. Compared to the limit case of nullestiability, also known as
conformant planning, it requires the ability to search #oxd construct, plans repre-
senting conditional courses of actions. Several appraaththis problem have been
previously proposed, e.§WAS98, based on extensions of GraphPlan, §8&0d,
based on Partially Observable Markov Decision ProcessespP).

Our work builds on the approach proposed BCRTO1], where planning is seen
as and-or search of the (possibly cyclic) graph induced bydttmain, an@gbD-based
technigues borrowed from symbolic model checking provitleient search primitives.
We propose a new algorithm for planning under partial okegtity, able to generate
conditional acyclic plans that are guaranteed to achiezagytial despite of the uncer-
tainty in the initial condition and in the effects of actionkhe main feature of the
algorithm is the heuristic style of the search, that is arbento the use of selection
functions, and is fully compatible with the use of a symbotiob-based representa-
tion. We call this approacheuristic-symbolicsearch. The proposed approach differs
from (and improves) the depth-first search proposdd@RT0] in several respects.
First, depending on the selection function, it can impletukffierent styles of search,
including DFs. Furthermore, the use of selection functions allows to cwere poten-
tially bad initial choices, and can therefore result in mefficient computations and
higher quality plans. Finally, it opens up the possibilifyusing preprocessing tech-
nigues for determining domain/problem-dependent hécsisThe heuristic-symbolic
algorithm was implemented in thesp planner[BCP 01], and an extensive experi-
mental evaluation was carried out. The results show tha&n eonsidering a simple
domain-independent heuristic, for several classes oflgnab the heuristic-symbolic
algorithm significantly improves the performance and catss better plans with re-
spectto [Fs.
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The paper is organized as follows. In Section 2 we descrilogafig observable
planning domains and conditional planning. In Section 3 wes@nt the planning al-
gorithm. In Section 4 we give an overview of the experimeataluation, draw some
conclusions and discuss some future work.

2 Domains, Plans, and Planning Problems

A partially observable planning domainisatugfe S A R O X). P is afinite set of
propositionsS C (P) is the set of statesd is a finite set of actiondk C Sx AxS
is the transition relation, describing the effects of (jlllysnondeterministic) action ex-
ecution. We say that an actionis applicable in a state iff there exists at least one
state ’ such thatR ( "). O is a set of boolean observation variables, whose values
can be observed during plan executidh: O — (§ x {T 1})isthe observation
relation. Intuitively, X' associates each possible value of each observation \at@abl
the set of states where observing the variable returns salcle \(\WWe consider obser-
vation variables to be always defined, and independent fctiores performed prior to
observing. The full framework (sd8CRTO01]) and the actualBp implementation are
free from these constraints. The current presentatiomiplgied for reasons of space.)
We consider conditional plans, branching on the value otplable variables. A

plan for a domairD is either the empty plan, an action € 4, the concatenation

1; 2 of two plans ; and », or the conditional plan ? | : 5 (read “if then

1 else »”), with € O. The execution of a plan must take into account, at each
step, that the executor can be unable to distinguish betwesst of possible states
for the current situation. We call such a set of indistinbalsle states a “belief state”.
An action is applicable to a belief state iff is applicable in all states of .
Intuitively, the execution of a conditional planstarting from a belief state results
into a set of states recursively defined over the structurebgfeither (a) the application
of the transition relation, if an action is performed, or th¢ union of the executions
on every branch resulting from the possible observationesfor a variable, if the
plan branches on. We say that a plan is applicable on if no non-applicable actions
are met during its execution on . A planning problem is a 3-tuplé> Z G) whose
components are a planning doméaina set of initial stateg and a set of goal stat€s
A solution consists of a plan which is applicable ovef, and whose execution dh
results in a belief state equal foor contained into it.

Consider the example of a simple robot navigation donfajna 2x2 room with

an extra wall (Figure 1). The propositions of the domainM¢ NE, SW andSE, i.e.
the four positions in the room. Exactly one of them holds ioheaf the four states
in S. The robot can move in the four directions, unless the adsamot applicable
due to a wall standing in the direction of motion. At each titio&, the information
of walls proximity in each direction is available to the rol{observation variables
Val I N, Vil | S, VIl | WandWal | E). In the figure, the execution of the plag =
CoEast ; Wl | N? (GoSout h ; GoWest ) : GoWest , starting from the uncertain
initial conditionNWor SW is outlined by solid lines. The plan, is a solution for the
problem o ={Dy, {NWSW, {SW }.

3 Planning under Partial Observability

When planning under partial observability, the search sgan be seen as an and-or
graph, recursively constructed from the initial belieftst&xpanding each encountered
belief state by every possible combination of applicabteoas and observations. The
graph is possibly cyclic; in order to rule out cyclic behagichowever, the exploration
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Fig. 1. A simple robot navigation domain

can be limited to its acyclic prefix. Figure 1 depicts the &rptefix of the search space

for the problemP, described above. Each node in the prefix is associated toha pat

describing how the node has been reached, and to the condiegdelief state.

The prefix is constructed by expanding each node in all pesgiays, each repre-
sented by an outgoing arc. Single-outcome arcs correspapticable actions (action
execution is deterministic in belief space). For instamtg expands into N7 and N8.
Multiple outcome arcs correspond to observations. Foraimst, node N2 results in
nodes N4 and N5, corresponding to the observationédfl N. The application of an
observation is what gives the “and” component in the segrelbes we have a solution
for (the belief state associated with) N2 if we have a sotutoy both N4 and N5 (whose
associated belief states are obtained by conjoining thefbelssociated by’ to the ob-
served values ofal | Nwith the belief state associated to N2). Some non-inforeati
observations are not reported in the graph.

The expansion of a node is halted when (a). is associated with a belief state

contained in the goal, or (b) is a loop back, i.e. it has an ancestor node with the same

belief state. For instance, node N6 loops back onto node Milewode N11 loops
back onto node N4. Node N9 and N10 are associated with thebgtiaf state.

The planning algorithm for conditional planning under robservability is de-
scribed in Figure 2. It takes in input the initial belief stand the goal belief state,
while the domain representation is assumed to be globadlijadole to the subroutines.
The algorithm incrementally constructs the finite acycliefix described above. The
algorithm relies on an extended data structure, storeceiprttaph variable, which rep-
resents the prefix being constructed. Each node in the gt associated with a
belief state and a path. In addition to son-ancestor lirtkes graph has links between
the nodes in the equivalence classes induced by equalitysmtiated belief states, and
presents an explicit representation of the frontier of sadebe expanded. A success
pool contains the solved nodes for the graph.

Atline 1, the algorithm initializes the graph: the root naseresponds to the initial
belief state, and the success pool contains the goal. Tines @-24) the iteration pro-
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HEURSYM CONDPLAN( , )

1 = MKINITIAL GRAPH( , );

2 while (GRAPHROOTMARK( VE{ H

3 := EXTRACTNODEFROMFRONTIER( );

4 if (SUCCESEPOOLY IELDSSUCCESY , )

5 MARKNODEASSUCCESY );

6 NODESETPLAN ( ,RETRIEVEPLAN ( , );
7 PROPAGATESUCCESSONTREE( , );

8 PROPAGATESUCCESSONEQCLASS( , );

9 else

10 := EXPANDNODEWITHACTIONS( );

11 := EXPANDNODEWITHOBSERVATIONY );
12 EXTENDGRAPHOR( , , );

13 EXTENDGRAPHAND( , , );

14 if (SONSYIELDSUCCESY )

15 MARKNODEASSUCCESY );

16 NODESETPLAN ( ,BUILD PLAN( ));

17 PROPAGATESUCCESONTREE( , );

18 PROPAGATESUCCESONEQCLASS( , );
19 else if(SONSY IELDFAILURE( )

20 MARKNODEA SFAILURE( , );

21 NODEBUILD FAILUREREASON( , );

22 PROPAGATEFAILUREONTREE( , );

23 PROPAGATEFAILUREONEQCLASS( , );
24 end while

25 if (GRAPHROOTMARK( )= )

26 return GRAPHROOTPLAN ( );

27 else

28 return ;

Fig. 2. The planning algorithm

ceeds by selecting a node and expanding it, until a soluiémund or the absence of a
solution is detected. At loop exit, either a plan or a failisreeturned (lines 25-28).

With the first step in the loop, at line 3, a node is extractenfithe frontier in
order to be expanded. ThexXERACTNODEFROMFRONTIER primitive embodies the
selection criterion and is responsible for the style (amdetffiectiveness) of the search.
Then, at line 4, we check whether the belief state assoctatélte selected is
entailed by some previously solved belief state in the ssgpeol. If so, the formerly
detected plan is reused for , which is marked as success. Moreover, the success
is recursively propagated both to the ancestors of (line 7) and to the nodes in
its equivalence class (line 8). The rules for success prtpaydirectly derive from
the and-or graph semantics. Recursive success propatgkesalso care of removing
descendents of success nodes from the frontier (as theansign would be useless).

If the success of cannot be derived by the success pool, then the expansion of
is attempted, computing the nodes resulting from possittierss (line 10) and
observations (line 11). The graph extension steps, at i2e%3, construct the nodes
associated to the expansion, and add them to the graph, @ilsg the bookkeeping
operations needed to update the frontier and the links legtw@des. In particular,
for each node, the associated status is computed. For aestéirm newly constructed
node has a belief state that is already associated with a thlan the node is marked
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as success. Newly constructed nodes are also checked fus, Ibe. if they have an
ancestor node with the same belief state then they are maskiadure.

If it is possible to state the success of based on the status of the newly intro-
duced sons (primitive &NSY IELDSUCCESSat line 14), then the same operations at
line 5-8 for success propagation are executed. Similarlines 19-23, if it is possible

to state the failure of based on the status of the newly introduced sons, failure is

propagated throughout the and-or graph. Failure can happeimstance, due to loop

detection. The failure of the node is stored in such a wayithan be reused in the
following search attempts. Notice however that, diffelefrom success, a failure de-
pends on the node path. For instance, in a subsequent sétaraptt could be possible

to reach a belief state with a non-cyclic path. Thereforehdzelief state is associated
with a set of belief states representing the failure realsdnitively, the failure reason

contains the sets of belief states that caused a loop ineafi¢hrch attempts originating
from the belief state marked with failure.

The algorithm is integrated imBP [BCPt01], a general planner for nondetermin-
istic domains which allows for conditional planning undell bbservability, also con-
sidering temporally extended goals, and for conformamiigteg. MBP is based on the
use of symbolic model checking techniqussM93]. In particular, it relies on Binary
Decision Diagrams, structures that allow for a compactasgntation of sets of states
and an efficient expansion of the search space [G8®0 for an introduction to the
use ofsDDs in planning).

4 Results and Conclusions

We carried out an extensive experimental analysis of theigtesymbolic algorithm
presented in previous section, comparing it with tiressBpproach ofBCRTO1], shown
to outperform other conditional planners suchsas andGPT. For lack of space, we
only provide a high-level description of the considered dora and results. The details

can be found ifBCROJ. We considered the standard benchmark problems for PO

planning used iNBCRTO01: MAZE, Empty Room (ER), RING. In the MAZE, a mov-
ing robot must reach a fixed position in a maze, starting fragwdnere and being able
to observe the walls around its current position. Basictiig problem reduces to gath-
ering knowledge about the robot position. Unless the maggisficantly symmetric,
almost at each move of the robot, observing contributesatirpose. Furthermore,
the problem is highly constrained: observing is forced imynsituations by the lack
of applicable actions prior to that. In the ER, the same pobik tackled considering,
rather than a maze, a wide empty room; the robot starts froqwlagre in the room. In
this formulation, most moves of the robot will lead to “enafl’ some useful sensing.
In the RING, the aim is to have all windows of a ring of connélateoms locked by a
moving robot. Each window must be closed, if open, beforadpkicked (if unlocked).
Here, the key issue is that of locality: before moving arquhé robot should better
solve the local problem of locking the local window. Othesejiplans may become ex-
tremely lengthy. Thus, observing and moving must be indedd “in a sensible way”.
Furthermore, we considered some variations to the ER. INVER problem, the robot
initially is in one of two positions near the center of the madr his forces the robot to
execute long sequences of actions before being able torgathee useful information
from sensing the walls. In the ERS, a portion of the empty ri®a“sink”, i.e. once
entered there, the robot cannot exit it.

The performance of the heuristic-symbolic algorithm hlyasiepends on the se-
lection function, that controls which portions of the sémspace are explored. The
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problem of finding an effective, problem dependent selactimction for controlling
and-or search appears to be in general very hard. In all uergrents, we considered
a simple structural selection function, that gives highres®o nodes whose equivalence
class contains many open nodes and few failed ones. In dptiésahoice, the results
are quite promising. In the RING, ER, VER, ERS problems thertg of the search,
and the length of the plan (defined as its maximum depth) ahrbatter than in the
original DFssearch. The MAZE problem evidences a reasonable loss déeiffic This

is due to the fact that the problem is very constrained, aingslithe DFs search ac-
cordingly. In this case, the overhead of maintaining a gsaplcture and having explicit
propagation routines explains the result.

The conclusion that can be drawn is that giving up tirsBtyle search is in general
an advantage, leading in many cases to better results exasénce of highly tuned
scoring mechanisms, and opens up the possibility for faritin@rovements. Future
research will be directed to the definition of preprocessétiniques and more effec-
tive heuristic functions, with the goal to obtain “smarteehaviors from the heuristic-
symbolic algorithm. Another direction of future researsthie extension of the partially
observable approach presented in this paper to find strasiig splutions, and to deal
with goals expressed in a temporal logic.
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1 Introduction

In this paper we investigate reward maximisation as an alternative to plan length for
the optimisation criteria in STRIPS style problems. In reward maximisation problems we
attempt to maximise the total reward obtained from the states visited and actions taken
during plan execution, where the reward is an aribitary real-valued function over states
and actions. In particular we focus on reward problems where the planners objectives are
specified through the rewards allocated to different world states rather than as an explicit
goal which be achieved.

Inspired by the success of heuristic search in efficiently solving goal-based STRIPS
problems (Bac00; BG99; HNO1) we suggest that similar methods may be used in reward
maximisation problems. To investigate this idea we present a modification of the heuristic
used in HSP which is applicable in the reward maximisation case.

This paper is organised as follows. Section 2 presents a mathematical model of STRIPS
problems and its reward based extensions. Section 3 gives the derivation of our new heuristic
and an outline of the algorithm used to calculate it. The final sections discuss future work
(Sec 4), compare related work (Sec 5) and present conclusions (Sec 6).

2 Reward Based Planning

Following (BG99) we represent a conventional STRIPS (FN71) domain as a tuple D =
A,O , where A is a set of atoms and O is a set of operators. The operators op O and
atoms a A are all assumed ground (all variables replaced by constants). Each operator
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has precondition, add and delete lists which we denote as Pre( ), Add( ) and Del( )
respectively, given by sets of atoms from
Such a domain can be seen as representing a state space where:

1. the states € are finite sets of atoms from

2. the state transition function ( ) which maps from states to states is given by:
= ( )= UAdd( )\ Del( ) if Pre( ) C (1)
N ~ undefined otherwise.

3. the result of applying a sequence of operators is defined recursively as

n= (o ( 1 )= ((o( 1 n-1)) ) (2)

In reward based planning the domain description is augmented to give P = ( )
where C  represents the initial situation and  is the reward function which maps from
situations to real valued rewards.  consists of two components, a state based component,

— IR, and an operator based component, — IR. The solution to a reward
based planning problem is a sequence of operators = ( ; n) that the
total reward received from the states visited and operators applied during plan execution.

One particular problem with reward based planning not found in goal based planning
is the possibility of cyclic solutions with infinite reward. Such infinities are difficult to work
with so it is usual to modify the optimisation criteria to remove them; for example, by
discounting future rewards (Put94), optimising with respect to reward rate, or optimising
with respect to a finite planning horizon. A finite horizon is used in this work though the
method could be applied in the other cases .

Heuristic search planners use a heuristic function ( ) to guide solution search in state
space. To develop an effective heuristic we use the same trick that proved so effective in
STRIPS planning (BG99; HNO1), i.e. we solve a relaxed problem ignoring operator delete
lists and use this solution as a heuristic estimate in the original problem. Unfortunately
solving even the relaxed problem can be shown to be NP-hard (BG99) so an approximate
solution must be used.

In STRIPS problems one of the most successful approximations is that used in the HSP
system developed by Bonet and Genffer (BG99). This decomposes the problem of finding
the shortest path to the goal state into one of finding the shortest path to each individual
atom from which an estimate of the goal distance is reconstructed. This decomposition and
reconstruction is performed because the number of atoms, | | is generally smaller
than the number of states, i.e. subsets of atoms, | |, (which is exponential in the number
of atoms, | | < |2/4/]). Hence performing computations in atom space can be significantly
cheaper in time and space than the equivalent computations in state space.

For reward based problems we propose to use a modifed version of the same approxi-
mation technique of decomposing and resconstructing state values from atom values. We
begin by defining the , (), of state as the maximal reward obtainable in getting
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full graph construction algorithm to level-off from the initial state. Any mutex’s which
hold at level-off this point are static. Additional dynamic mutex’s and then be computed
to any required degree of accuracy only when necessary.

A prototype reward based planner has been implemented using the above heuristic evalu-
ation function both with and without the mutal exclusion enhanchements. Initial results
appear to validate the system with the heuristic values showing good correlation to the
true value of a state. We are currently in the process of developing an A* search engine a
full test suite for the planner. We then intend to perform comparisons with other planners
in both conventional STRIPS and reward based domains.

There are obviously rich connections between this work and existing work on Graph-
plan (BF97) and the heuristic state space search planners (BG99; HNO1) upon which it is
based. The idea of using mutual exclusion information to account for negative interactions
and hence improve the quality of the heuristic estimates is similar to that used in (NNKO00)
to improve the heuristic estimates in regression search.

This work is also closely related to work on adding probabilistic (BL98) and decision
theoretic (PCO00) abilities to the Graphplan algorithm. These systems rely on propagating
additional probability information through the planning graph in much the same way that
rewards are propagated in this work. This work also has significant connections to work on
decision theoretic planning, where reward based formulations are also used. Traditionally
these systems have used dynamic programming over a graphical representation of state
space to find optimal solutions (Put94). As discussed above in Sec 2 and in (BDH99)
this works well for reasonable state space sizes but tends to become infeasible for very
large state spaces. Use of heuristic search to address such large problems has recently been
proposed by Bonet and Geffner (BG00).

A method for extending the techniques of heuristic planning, as used in the well known
HSP system, to the more expressive language of reward based planning was presented.
The development of a domain independent heuristic for reward maximisation problems
forms the crux of our work. This heuristic is based upon computing an estimate for the
maximal reward obtainable in a relaxed problem where delete lists are ignored. We have
shown how our heuristic function was developed to cope with reward accumulation and
goalless planning problems. We have also demonstrated how this heuristic estimate can
be improved by using any available mutual exclusion information to take some account of
negative interactions.
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Abstract. Real-time search methods, such as LRTA*, have been used
to solve a wide variety of planning problems because they can make deci-
sions fast and still converge to a minimum-cost plan if they solve the same
planning task repeatedly. In this paper, we perform an empirical eval-
uation of two existing variants of LRTA* that were developed to speed
up its convergence, namely HLRTA* and FALCONS. Our experimental
results demonstrate that these two real-time search methods have com-
plementary strengths and can be combined. We call the new real-time
search method eFALCONS and show that it converges with fewer actions
to a minimum-cost plan than LRTA*, HLRTA*, and FALCONS.

1 Introduction

Real-time (heuristic) search methods have been used to solve aiade variety of
planning problems. Learning Real-Time A* (LRTA*) [7] is probably the best -
known real-time search method. Unlike traditional search methods ti can not
only act in real-time but also amortize learning over several planningepisodes
if it solves the same planning task repeatedly. This allows it to nd a subopti-
mal plan fast and then improve the plan until it follows a minimum-cost plan.
Researchers have recently attempted to speed up its convergenadile maintain-
ing its advantages over traditional search methods, that is, without increasing its
lookahead. Ishida and Shimbo, for example, developeg-search to speed up the
convergence of LRTA* by sacri cing the optimality of the resulting plan [5, 6]. In
this paper, on the other hand, we study real-time search methods thaspeed up
the convergence of LRTA* without sacri cing optimality, namely HLRTA* [8]
(which is similar to SLRTA* [1]) and our own FALCONS [2]. We present the r st
thorough empirical evaluation of HLRTA* and show that it and FALCONS have
complementary strengths that can be combined. We call the resultingreal-time

“We thank Stefan Edelkamp for introducing us to HLRTA*, Richard Korf for maki ng Thorpe's
thesis about HLRTA* available to us, and James Irizarry for re-implementi ng HLRTA*. The
Intelligent Decision-Making Group is partly supported by NSF awards to Sven Koeni g under
contracts 11S-9984827 and 11S-0098807 as well as an IBM faculty partners hip award. The views
and conclusions contained in this document are those of the authors and should not be i nterpreted
as representing the o cial policies, either expressed or implied, of the sponsoring organizations,

agencies, companies or the U.S. government.
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Table 1. Comparison of HLRTA* and FALCONS with LRTA*

Performance Average Speedup Over LRTA*
Measure Over HLRTA* \ FALCONS
Number of |All 15 Cases 2.08% 18.84%
Actions to |7 Most Informed Cases -0.69% 28.73%
Convergence |7 Least Informed Cases 4.50% 8.86%
Number of |All 15 Cases -11.06% 42.33%

Trials to 7 Most Informed Cases -16.68% 43.87%
Convergence (7 Least Informed Cases -5.17% 40.52%
Number of |All 15 Cases 7.04% -21.90%
Actions in |7 Most Informed Cases 11.65% -49.81%
First Trial 7 Least Informed Cases -0.99% -0.14%

search method Even FAster Learning and CONverging Search (eFALCONS) and
show that it converges with fewer actions to a minimum-cost plan than LRTA*,
HLRTA*, and FALCONS, even though it looks at the same states when it se-
lects successors on undirected graphs and is not more knowledge-ingive to
implement.

2 Motivation for Combining HLRTA* and FALCONS

HLRTA* keeps the successor-selection rule of LRTA* but improves its \alue-
update rule, while FALCONS keeps the value-update rule of LRTA* but im-
proves its successor-selection rule. In the following, we compatbese two real-
time search methods with LRTA* averaged over 1000 runs in seven domains
with two or three di erent heuristic functions each, for a total of f teen distinct
experimental cases that we have previously used in [3]. As requireby the real-
time search methods, all domains are nite, all of their states have nite goal
distances, and all heuristic functions do not overestimate the trie distances. We
use three di erent performance measures. The main performance mease is the
number of actions until convergence (that is, until the real-time search methods
repeatedly execute a minimum-cost plan). The other performance mesures are
the number of trials to convergence and the number of actions in the r¢ trial,
where a trial consists of all actions until the goal is reached and the reafime
search method is reset to the start. Table 1 summarizes our empiral results.
The number of actions to convergence of FALCONS was smaller than that of
HLRTA* and the number of actions to convergence of HLRTA* was smaller than
that of LRTA*. In addition, we gained two other important insights:

— The number of trials to convergence of HLRTA* was larger than that of
LRTA* but the number of actions in the rst trial of HLRTA* was smaller
than that of LRTA*. The opposite was true for FALCONS. Thus, the number
of trials to convergence is a weakness of HLRTA* and the number of actions
in the rst trial is a weakness of FALCONS. Figure 1 illustrates this obser-
vation for one of the fteen experimental cases, a four-connected gridarld
with the Manhattan distance heuristic. The gure graphs the number of ac-
tions for each trial. The graph for HLRTA* started below that of LRTA*,
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Fig. 1. Comparison of HLRTA* and FALCONS with LRTA* in a Four-Connected
Gridworld with Manhattan Distance Heuristic

rose above it after the eighteenth trial (see inset) and then remaind above
it until the end of learning. The graph for FALCONS, on the other hand,
started above that of LRTA*, dropped below it after the second trial and
then remained below it until the end of learning.

— The improvement in number of actions until convergence of HLRTA* over
LRTA* was smaller in the most informed cases than that of HLRTA* over
LRTA* in the least informed cases. The opposite was true for FALCONS.
Thus, the number of actions to convergence is a weakness of HLRTA* in
the most informed cases and a weakness of FALCONS in the least informed
cases.

Thus, there are two reasons for combining HLRTA* and FALCONS. First,
the resulting real-time search method could reduce the number ofictions to
convergence by reducing the number of actions for early trials belowhat of
FALCONS and the number of actions for later trials below that of HLRTA*.
Second, the resulting real-time search method could be less sétige to the
level of informedness of the heuristic function and thus perform bter across all
experimental cases.

3 eFALCONS

LRTA* associates an h-value with every state to estimate the goal distance
of the state (similar to the h-values of A*). LRTA* always rst updates the
h-value of the current state (value-update rule) and then uses the kvalues of
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Table 2. Comparison of eFALCONS with LRTA*, HLRTA* and FALCONS

Performance Average Speedup of eFALCONS over
Measure Over LRTA* |HLRTA* |FALCONS
Number of |All 15 Cases 21.31%| 19.34% 2.18%
Actions to |7 Most Informed Cases 28.73% | 29.01% 0.00%
Convergence |7 Least Informed Cases | 13.52% 9.53% 5.16%
Number of |All 15 Cases 36.79% | 41.44% -12.11%

Trials to 7 Most Informed Cases 38.13% | 44.38% -15.77%
Convergence |7 Least Informed Cases | 34.29% | 37.10% -10.36%

Number of |All 15 Cases -15.01% | -25.70% 4.72%
Actions in |7 Most Informed Cases [-36.86% | -56.21% 7.95%
First Trial 7 Least Informed Cases 0.38% 1.28% 0.53%

the successors to move to the successor believed to be on a minimtcost path
from the current state to the goal (action-selection rule). HLRTA* intro duces h-
values in addition to the h-values and uses them to modify the valuedpdate rule
of LRTA* so that the h-values converge faster to the goal distances. FALCONS,
on the other hand, introduces g- and f-values in addition to the h-values (similar
to the g- and f-values of A*) and uses them to modify the action-selectiorrule
of LRTA* so that it moves to the successor believed to be on a shortest ath
from the start to the goal. eFALCONS, shown in Figure 2, then uses the value
update rule of HLRTA* for both the g- and h-values and the action-selection
rule of FALCONS. eFALCONS and FALCONS access only the successors and
predecessors of the current state, while LRTA* and HLRTA* access only the
successors of the current state. Thus, all four real-time search mhbds access
the same states on undirected graphs. A more detailed description of &ECONS
together with proofs of its properties is given in [4].

4 Empirical Study of eFALCONS

Table 2 compares eFALCONS with LRTA*, HLRTA*, and FALCONS. More
detailed results are given in [4], including signi cance results okained with the
paired-samples Z test at the ve-percent con dence level. The talle demonstrates
two advantages of eFALCONS over HLRTA* and FALCONS:

1. The number of trials to convergence of eFALCONS was 41.44 percent smaller
than that of HLRTA*, and the number of actions in the rst trial of eFAL-
CONS was 4.72 percent smaller than that of FALCONS. We pointed out
earlier that the number of trials to convergence was a weakness of HLRTA*
and the number of actions in the rst trial was a weakness of FALCONS.
Thus, eFALCONS mitigates the weaknesses of both HLRTA* and FALCONS
across performance measures. Indeed, Figure 1 shows that the numbafrac-
tions of eFALCONS was smaller than that of FALCONS in the early trials
and smaller than that of HLRTA* in the later trials. As a consequence, the
number of actions to convergence of eFALCONS was 19.34 percent smaller
than that of HLRTA* and 2.18 percent smaller than that of FALCONS.
Thus, combining the value-update rule of HLRTA* and the action-selection



In the following, S denotes the finite state space; Sstart 2 S denotes the start state;
and Sgoal 2 S denotes the goal state. succ(s) S denotes the set of successors of
state s, and pred(s) S denotes the set of its predecessors. c(s,s") > 0 denotes the
cost of moving from state s to successor s='2 succ(s). We use the following conven-
tions: arg mingoorfy) ‘= ?, maXsoorfy) (= 1 , and mingoorfy) (= 1 . We use the
following abbreviations, where ? means “undefined:”

h(r) ifdh(r)=7? ordh(r)&s
852 S and r 2 succ(s): hs(r) = sig()r) other(w)ise )

r) ifdg(r)=7? ordg(r)&s
8s2 S and r 2 pred(s): gs(r) := gé(?,) othSSW)ise and 9(r)

8r2sS: f(r) := max(g(r) + h(r), h(Sstart))-

The values are initialized as follows: 8r 2 S: g(r) := h(Sstart,r) and
h(r) := h(r,sgoa1), Where h(r,rY is a heuristic estimate of the distance from r 2 S

to rP2 S. Furthermore, 8r 2 S: dg(r) := ?, dh(r) := ?, sg(r) := ?, and
sh(r) == ?.
1. s = Sstart.

2. s":= arg mingoorsgcecs) F(S).
Break ties in favor of a successor s=with the smallest value of c(s, sJ + hs(sY.
Break remaining ties arbitrarily (but systematically).
3a. p 1= arg mingorpmedcs) (9s (8™ + c(s™'s)).
N = arg minsoorscecs) (€(S, s + hs(s™).
b. Perform the following assignments in parallel:
g(s) := if s = sstart then g(s)
else max(g(s),
gs(p) + c(p, s),
MaXsoorstice(s) (IS ¢(s,5™))).
sg(s) := if s = Sstart then g(s)
else max(g(s),
MiNsoo rpred(sy\p3 (Gs (8™ + c(s™s)),
Maxsoorsice(s) (9(8™) (s, 8))).
dg(s) :
h(s)

p.
if S = sgoar then h(s)
else max(h(s),
c(s, n) + hg(n),
maxsorpreds) (NS c(s™'s))).
sh(s) := if s = sgoal then h(s)
else max(h(s),
minsoo@cc(s)\{n}(c(sv SE@ + hS(ng)v
maxsorpredsy (NST  c(s™'s))).

dh(s) := n.
4. If s = sgoar, then stop successfully.
5. s :=s%
6. Go to 2.

Fig. 2. eFALCONS
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rule of FALCONS indeed speeds up their convergence. The number of ac-
tions to convergence of eFALCONS, for example, is typically over twenty
percent smaller than that of LRTA* and, in some cases, even over fty per
cent smaller (not shown in the table).

. The number of actions to convergence of eFALCONS was 29.01 percent

smaller than that of HLRTA* in the most informed cases and 5.16 percent
smaller than that of FALCONS in the least informed cases. We pointed
out earlier that the number of actions to convergence was a weakness of
HLRTA* in the most informed cases and a weakness of FALCONS in the
least informed cases. Thus, eFALCONS mitigates the weaknesses of both
HLRTA* and FALCONS across the levels of informedness of the heuristic

function.

5 Conclusions

In this paper, we presented eFALCONS, a real-time search method thats similar
to LRTA* but uses the value-update rule of HLRTA* and the action-selection

rule of FALCONS. We showed experimentally that eFALCONS converges to a

minimum-cost plan with fewer actions than LRTA*, HLRTA*, and FALCONS.
For example, its number of actions to convergence is typically over t@nty percent
smaller than that of LRTA* and, in some cases, even over fty percent smaler. It

is future work to combine eFALCONS with e-search to speed up its convergence

even more by sacri cing the optimality of the resulting plan.
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1 Introduction

Proof planning considers mathematical theorem proving@araning problem. It has
enabled the derivation of mathematical theorems that l¢sideithe scope of traditional
logic-based theorem proving systems. One of its strengtites from heuristic math-
ematical knowledge that restricts the search space andpéacilitates the proving
process for problems whose proofs belong in the restricadch space. But this may
exclude solutions or restrict the kinds of proofs that cafoed for a given problem.

We take a different perspective and investigate problessefor which little or no
heuristic control knowledge is available and test the usdgandomization and restart
techniques. Our approach to control in those mathematarakihs is based on inves-
tigations on so-calletleavy-tailed distribution§4, 3, 2]). Because of the non-standard
nature of heavy-tailed cost distributions the controlletidduction of randomization
into the search procedure and quick restarts of the randwhpizocedure can eliminate
heavy-tailed behavior and can take advantage of short Mangpply these techniques
to the complicated domains of proof planning, the first tagk o find problem classes
for which proof planning exhibits an unpredictable run tibehavior, i.e., with heavy-
tailed cost distributions. Secondly, the experiments jgled the basis for determining
suitablecutoff valuesi.e., the time interval after which a running proof attensghter-
rupted and a new attempt is started. Finally, we designedvecoatrol strategy which
dramatically boosts the performance of our proof planneafclass of problems for
which proof planning exhibits heavy-tailed cost behavior.

2 Proof Planning

A proof planning problem is defined by amitial state specified by the proof assump-
tions, theopen goalgiven by the theorem to be proved, and a sebpérator§l]. A
mathematical proof corresponds to a plan that leads fronnitiael state to the goal
state.

For a very basic example of an operator in proof planning icdenghe =
operator. Its purpose is to replace occurrences of ternisredipect to given equations.
= is applicable during the planning process if a current gea term [ ] that
contains an occurrence of a ternmand there is an assumption that is an equation with

as one side and another termas the other side. The application-ef reduces
then goal [ ] to the new goal[ ] which is the same term a§ ] but the occurrence of
is replaced by an occurrence of
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The proof planning approach developed in this paper is implged in the?MEGA
system [8, 7]f2MEGA employs backward chaining as its main planning strategst Th
is, the planner continuously tries to reduce open goals pblyam an operator that has
an appropriate effect, which in turn might result in one orenoew open goals and so
on. Initially, the only open goal is the theorem. During thianning process there are
several choice points such as which goal should be tackledhiwh operator should be
applied in the next step.

3 The Domain of Residue Classes

In this section, we describe the domain of residue classesstbe integers. A detailed
description of the whole domain can be found in [6].

The Residue Class DomaiA residue class seRS,, over the integers is the set of
all congruence classes modulo an integei.e., ,, or an arbitrary subset of ,,.
Concretely, we can deal with sets of the form, , \{ },...where denotes
the congruence classmodulo . Binary operations on a residue class set are either
, —,* which are the addition, subtraction, and multiplicationresidue classes or
functions composed from these connectives, e.¢y vy x . Forgivenresidue class
set and binary operation we can examine their basic algepraperties (is the sét.S,,
closed with respect to the binary operatigiis it associative, does it have a unit element
etc.) and classify them in terms of groups, monoids, etc.edeer, we are interested
in classifying structures into equivalence classes of @ghic structures. During this
classification process we have to prove proof obligatioairg that two structures
RS, ,o and RS, ,o areisomorphic or not. Thereby, two structurésS,, ,o
and RS, ,o are isomorphic if there exists a total functian RS, — RS,
such thath is injective, surjective, and is a homomorphism with respee ando .
A function h is @ homomorphism, if x o y hx o hy holdsforallz,y €
RS, . A non-isomorphism probleis formalized as-iso RS,, ,o ,RS, ,o ,where
1so abbreviatessomorphic.

Two Proof Strategie$Ve developed several proof techniques to tackle theseswnér-
phism problems im2MeGA. We will focus here on two of those techniques (1) proof
by case analysis and (2) proof by contradiction.

(1) The case analysis strategy is a basic but reliable apprimaprove a property
of a residue class structure. Its essence is a proof by dasedaustively checks all
instances of a conjecture. Since residue class sets agg finly finitely many instances
have to be considered. For non-isomorphism problems thentwgt case split is to
check for each possible function from the one residue cletsst® the other one that it
is either not injective, not surjective, or not a homomospini

(2) An alternative proof strategy creates a proof by cornttaxh. It assumes that
there exists a functioh RS,, — RS,, which is an isomorphism and thus, in partic-
ular, an injective homomorphism. It derives the contradicby proving that there are
two elements: ,c € RS, withc / ¢ buthc h ¢ which contradicts the
assumption of injectivity ofi. Note, that the proof is with respect to all possible ho-
momorphisms: and we do not have to give a particular mapping. In the renggiofi



the paper we call the described proof technique to tackleismmorphism proofs the
Not I nj Not | so technique.

We briefly explain théNot | nj Not | so strategy for the example théiZ, ~x7) is
notisomorphic tqZZ ~+7). The strategy first constructs the situation for the indirec
argument. From the hypothesis that the two structures amedgphic follow the two
assumptions that there exists a functiotiat is injective and a homomorphism. By the
first assumption a contradiction can be concluded when walaseto show that is
not injective.

The planner continues by applying a method to the seconargsin, that intro-

duces the homomorphism equatioft * ) = ( )+ ( ) instantiated for every ele-
ment of the domain as new assumptions. In the above examgguziions like

0)= 0)r 1)for =0 =1 (a)

0)= O0)F (0)for =0 =0 (b)

are introduced. From this set of instantiated homomorplagomations theéNot | n-

j Not | so strategy tries to derive that is not injective. To prove this, it has to find
two witnesses and suchthat # and ( )= ( ).Inourexampld and
1 are chosen for and , respectively, which leads to(0 ) = (1 ). This goal is
transformed into the equatiorf0 )+ (0 )+ (0 )+ (0 )+ (0)+ (1 )= (1 )by
successively applying equations from the equation systémtive operato=

First, equation (a) is applied to the left hand side of theagign which results in

(0)+ (1) = (1). Then equation (b) is applied four times to occurrences of
(0 ) on the left hand side. The final goal is closed by an applioatibthe opera-
tor — which calls the Computer Algebra SystemalLE to evaluate

the equation. The final equation holds sirige (0 ) equalsD modulo5. The choice
of the next instantiated homomorphism equation to be apiguided by a heuristic
described in [5].

4 Experimental Results

The experiments were conducted witb0 non-isomorphism problems for the residue
class se#Z . We decided for the residue class gt because its cardinality is small
enough to obtain solution statistics in a reasonable timehlBPms from this class are:
1- (Z *x 7ZZ +),

2.~ (Z - 7 (= )+ —)).

The overall experimental effort was around one month of ape bn a 32 node com-
pute cluster. A detailed description of all experimentsigafiound in [5].

4.1 Randomization and Heavy-Tailed Behavior

First let us consider thdlot | nj Not | so strategy because this strategy leads to the
most interesting proof planning behavior in the residussidomain.The application
of theNot I nj Not | so strategy to all problems of the testbed solved 108 of the 160
instances &7 5%) (2 hour time limit per proof attempt). The runs revealed gss-
ingly high variance in the performance of this strategy andtiferent problems of the
testbed. On some of the problems it succeeded very fast add@ed short proof plans
consisting only of a few applications ef , Whereas on other problems the plan-
ning process took much longer and resulted in proof planis miany applications of

= . Furthermore, for over 30% of the instances no proof wasdanr? hours.
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Fig. 1. Run time distribution over testbed without randomization.

Table 1 displays the performance extrema for this detestidrproof by contradic-
tion strategy on the testbed as well as the mean values dveuadessful runs. The
values in brackets give the deviation from the mean. Fig.dlwshthe underlying dis-
tribution of the run time for these experiments. In fact, digtribution exhibitsheavy-
tailed behavior [2] which is manifested in the long tail of the disfition stretching
for several orders of magnitude. Gorretsal. have shown that one can take advantage
of the large variations in run time of such heavy-tailedritistions by introducing an
element of randomness into the search process, combine@wdistart strategy.

Costs [Mean Min. Max.
Proof IengtTSB 45 (18.2%) 83 (50.9%)
Run Time (483 8(98%)  7145(1380%)
Table 1. Statistics for successful runs (108 out of 160) on testbetyudeterministic strategy.

A key criterion for the success of such a randomization asthreapproach is a
large variance in different randomized runs with the sanstaimce. To explore this
issue, we considered multiple runs on a single instancetbydacing a stochastic el-
ement into the planning process. Typically, the heurigtiachoosing the next instanti-
ated homomorphism equation to be applied ranks severatiegeaqually good. When
faced with such equally ranked equations, the plannerepftiem in a random order.
This randomized version of théot | nj Not | so technique was run  times for the
problem instance of the testbed:

—is0 5, T Y 5, 5, 5%¥T Y 5

(in the remainder of this section we refer to this problembasstandard problem
Interestingly, the run time distribution of the randomizedof search by contradiction
on the single instance also exhibits heavy-tailed behaoilar to Fig. 1 (see [5] for
a detailed analysis). This indicates an inherent variandhé search process of the
Strategy.

Given this result, we can now use a restart strategy to ingtbeg proof search
performance. Fig. 1 shows that the ascend of the cumulatisiedistribution function
is very steep at the beginning but becomes very flat beyonaajppately  seconds.
This steep ascend at the beginning indicates that thereaiga fraction of short and
successful runs whereas the flat ascend afterseconds provides evidence that the
probability of finding a proof plan decreases considerahdbnce, it is advantageous
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Fig. 2. Log-Log plots of run time distribution over testbed with amithout randomization.

to perform a sequence of restarts on a single instance (witledefined cutoff) until
reaching a successful run or the total time limit, insteagayforming a single long run.
Based on an analysis of the underlying distributions of ttpeeeiments for the full
testbed and for the standard problem we considered sewtodl ealues, using a binary
search strategy. The cutoff value of 100 provided the bestlt® The planner found

proof plans forl 56 of the 160 problems (97.5%) in an average time of 473.4 seconds.

For the four remaining unsolved problemsabLE does not provide any substitution
hint and, thus, the proof by contradiction strategy becoqguite ineffective.

Fig. 2 plots the run time distribution of the resulting resstrategy with cutoff 100
(log-log scale) on the problems of the testbed. The restdatid given by the curve that
drops rapidly. The figure also shows the run time distributibthe deterministic strat-
egy. The sharp drop of the run time distribution of the restxategy clearly indicates
that this strategy does not exhibit heavy tailed behavior.

In previous applications of randomization and restart®miginatorial domains run
time has been the key issue [2]. In the case of proof plan@ingdditional important
issue is the length of the proof discovered by the systemtehproofs are generally
more elegant than long proofs. An interesting aspect ofpipdication of randomization
and restart strategies that is novel in our context is thetfet it leads to a variety of
proof lengths for the same problem instance. For instarareguir standard problem
instance, we found a range of proofs from proofs consistingrdo 78 nodes. Such a
degree of variance is unusual for proofs generated by pilaohing.

Having a set of proof planning operators and a flexible cattied includes random-
ization the planner can generate a variety of proofs. Theatly enhances the ability
of the system to find proofs and increase the overall robastoktthe theorem proving
system.

4.2 Case Analysis Strategy

This strategy explores all possible mappings between thetates. Since the goal is
to prove a non-isomorphism, the prover needs to establethnith mapping is an iso-
morphism. Obviously, this strategy is computationallyyvexpensive and, as our ex-
periments show, it is practically infeasible for structiod cardinality larger than four.
There still is the question as to whether randomization nagfuse in this context.
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Table 2 shows that there is still some variation in run timé proof length (100 ran-
domized runs on a single problem instance fror) due to different search pruning
effects, but the variations are small compared to thosewarieced for the proof by
contradiction strategy. Further analysis (see [5]) shdwas the underlying distribution
is not heavy-tailed and therefore a restart strategy wouotdboost the performance
significantly.

Costs |Mean Min. Max.
Proof Lengt ( %) ( %)
Run Time ( %) ( %)

Table 2. Randomized version of the case analysis strategy.

5 Conclusions

The analysis of the cost distributions of proof planningepts for a class of theorems
and on the detection dfeavy-tailedbehavior gave rise to an application of random-
ization and restarts techniques. The experimental patiefrivestigations includes a
study of two different planning strategies and the deteatiim of cut-off values for the
restart. As a conclusion, we have introduced new kind ofrobkihowledge into the
proof planning process, a much larger fraction of problestances became solvable
(from 67.5% to 97.5%), and a variety of proofs can be gendffatea problem. The ap-
plication of randomization and restart techniques makesdéarch process more robust
even when the size of the search spaces involved grows swpenentially. We de-
scribed in this paper experiments with non-isomorphisnbiemos of the residue class
set . We obtained analogous results on non-isomorphism prabkdnthe residue
classsets 5, 3, 4and g (see[5)]).

Proof planning can benefit from these investigations in gaEr®ecause they pro-
vide a stochastic approach to semi-automatically desggoimtrol knowledge and be-
cause this kind of control knowledge can augment the mattieatig motivated control
knowledge previously used in proof planning.
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Abstract. Scheduling in Real-time systems differs from scheduling in conven-
tional models in two principal ways: (a) Parameter variability, (b) Existence of
complex constraints between jobs. Our work focusses on variable execution times.
Whereas traditional models assume fixed values for job execution time, we model
execution times of jobs through convex sets. The second feature unique to real-
time systems, is the presence of temporal relationships that constrain job execu-
tion. Consider for instance the requirement that job 1 should conclude 10 units be-
fore job 2. This can be modeled through a simple, linear relationship, between the
start and execution times of jobs 1 and 2. In real-time scheduling, it is important
to guarantee a priori, the scheduling feasibility of the system. Depending upon the
nature of the application involved, there are different schedulability specifications
viz. Static, Co-Static and Parametric. Each specification comes with its own set
of flexibility issues. In this paper, we present a framework that enables the spec-
ification of real-time scheduling problems and discuss the relationship between
flexibility and complexity in the proposed model. We motivate each aspect of our
model through examples from real-world applications.

1 Introduction

In this paper, we describe the features of our real-time scheduling framework called
the E- T- C ( Execution-Time-Constraints ) Real-Time Scheduling model. Real-time
scheduling differs from traditional scheduling in two fundamental ways, viz. non-constant
execution times and the existence of complex constraints (such as relative timing con-
straints) between the constituent jobs of the underlying system. A traditional scheduling
model such as the one discussed in [14] and [3] assumes that the execution time of a
job is a fixed constant. This assumption is not borne out in practice; for instance the
running time of an input dependent loop structure sudoids = 1 to N ) will depend

upon the value oiV. Secondly, jobs in a real-time system are often constrained by com-
plex relationships such as: Start jdp within 5 units of JobJ, completing. Traditional
scheduling literature does not accommodate constraints more complex than those that
can be represented by precedence graphs.

Our scheduling model is composed®§ub-models, viz. the Job model, the Con-
straint model and the Query model. The Job model describes the type of jobs that we are
interested in scheduling. The Constraint model is concerned with the nature of relation-
ships constraining the execution of the jobs. The Query model specifies what it means
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for a set of jobs to be schedulable, subject to constraints imposed as per the Constraint
model.An instance of a problem in the- T- C model is specified by instantiating the
variables in the sub-models.

We focus on the following issues:

(a) Designing a framework that enables specification of real-time scheduling problems,
and
(b) Studying instantiations of interest in this framework.

The rest of this paper is organized as follows: Sectidrescribes the Job model
within the E- T- C scheduling framework. The Constraint model is discussed in the
succeeding section viz. SectioB. Section 4 details the Query model and presents the

types of queries that we consider in this thesis. Each aspect &f fhieC scheduling
framework is motivated through an example from real-time design. A classification
scheme for Scheduling problems in tBeT- C model is introduced in5.

2 Job ModelinE-T-C

Assume an infinitely extending time axis, starting attime . This axis is divided into
intervals of length ; these intervals are ordered and each interval is called a scheduling

window e.g. represents the first scheduling window, represents the second
scheduling window and in general, represents the scheduling window.
We are given a set afrdered, non-preemptivggbs , with start
times and execution times . isthe period of the job-

set and all jobs execute periodically in each scheduling window. We remark that non-
preemptive jobs form the bulk of real-time applications in mission-critical tasks [11].

3 Constraint Model in E-T-C

The executions of the jobs in the job-set( discussed in the above section ) are con-
strained through relationships that exist between their start times and execution times.
In the E- T- Cmodel, we permit only linear relationships; thus the constraint system on
the job-set is expressed in matrix form as :

1)
where,

- isan vector, representing the start times of the jobs;

- isan vector representing the execution times of the jobs;
- isa matrix of rational numbers, called tloenstraint matrix

- isan  vector of rational numbers,

Observe that System (1) can be rewritten in the form:

()

410



where,
GS+Heé=A]Js¢€

We can also use the finish timgsof jobs in relationships. Since the jobs are non-
preemptive, the relatiors; +e; = f; holds for all jobsJ; and hence our expressiveness
is not enhanced by the inclusion.

System (1) is a convex polyhedron in tBey dimensional space, spanned by the
start time axe$si, s2,. . ., sp } and the execution time axésy, es,...,en}.

The execution times are independent of the start times of the jobs; however they may

have complex interdependencies among themselves. This interdependence is expressed

by setting
EcE ®3)

whereE is an arbitrary convex set. We regard the execution times-agectors
belonging to the sdk.
The ordering on the jobs is obtained by imposing the constraints:

sit+e <sip1,Vi=1,...,n—1.

The ordering constraints are included in tAematrix in (1).
The Constraint model can be adapted to special situations by restrictingRiter
A or both. The following advantages result from such restrictions:

— A model that more accurately describes the requirements of the current situation,
— Faster algorithms for schedulability queries, and
— More efficient dispatching schemes.

In §3.1,§3.2 and§3.3 we discuss restrictions to the convexEewhile §3.4,§3.5
and$§3.6 deal with restrictions to the constraint matAix

3.1 The Axis-parallel Hyper-rectangle domain

As specified above, the sBtin the Constraint model can be an arbitrary convex do-
main. One domain that finds wide applicability is the axis-parallel hyper-rectangle do-
main ( henceforth abbreviatedagh ). The Maruti Operating System [8—10] estimates
running times of jobs by performing repeatethsso as to determine upper and lower
bounds on their execution time. Accordingly, the running time otjglviz. e;, belongs
to the intervall;, u;], wherel; andu; denote the lower and upper bounds on the exe-
cution time as determined by empirical observatiimese i ndependent range
variations are the only constraints on the execution tines.
Observe that during actual executiencan take any value in the ranfig ;).

Theaph domain possesses two useful features:

— A specification that is tractable for this domain is also tractable for arbitrary convex
domains [23],

— A specification that is provably “hard” for arbitrary convex domains is also “hard”
for this domain [18].

Thus when proving complexity results ( especidiprdness resulty it suffices to
focus on theaph domain only.
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3.2 The Polyhedral domain

A feature of machining systems such as the ones discussed in [25] and [7] is the active
interdependence of execution times on each other. For instance, the requirement that
the sum of the speeds of two ax&sand.J> not exceedk is captured bye; + e; < a.
Polyhedral domains are generalizations ofdipdn domains discussed above.

3.3 Arbitrary Convex Sets

Even polyhedral domains cannot capture the requirements of Power Systems in which
there exists quadratic constraints on the execution times. For instance, the spherical
constrainte? + e3 + ...e2 < r,r > 0 captures the requirement that the total power
spent in the system is boundedbj2] .

3.4 Standard Constraints

The class of “standard constraints” was introduced in [16], as a restriction to the con-
straint matrix A for which the Parametric Schedulability query ( see Sectid3 )
could be decided efficiently.

De nition 1. A constraint is said to be a standard constraint, if it can be expressed
as a strict difference relationship between at most two jobs. The relationship could be
expressed between their start or finish times.

These constraints are also knownrasnotone constrainti the literature [6]. Stan-

dard constraints serve to model relative positioning requirements between two jobs and
absolute constraints on a single job. When the constraints are standard, the@atrix

in System (2) is network unimodular [5, 13] and hence the constraint system can be
represented as a network graph [21, 4].

The advantage of the network representation is that certain feasibility queries in
the primal system can be expressed as shortest-path queries in the corresponding dual
network [4]. Standard constraints are widely used to model temporal relationships in
flight-control systems [11, 12].

3.5 Network Constraints
Network constraints are a straightforward generalization of standard constraints.

De nition 2. A constraint is said to be a network constraint, if it can be put in the
following form:
a.s; +b.s; <ce+dej+k, (4)

wherea, b, c,d, k € R.

Network constraints can also be represented as graphs [6, 1]; however the relation-
ships between adjacent vertices form a polyhedron and are not adequately represented
through edges, as in the case of standard constraints. Once again, the advantage of the
graph representation is the existence of faster algorithms for feasibility checking as
opposed to general constraints. Network constraints find wide applicability in approxi-
mating certain measures [19].



3.6 Arbitrary Constraints

Job completion statistics such &am of Completion timemndWeighted Sum of Com-
pletion timesof jobs are of interest to the designers of real-time systems [25]. These
statistics are aggregate constraipty_, (s; + e;) and cannot be captured through ei-
ther standard or network constraints.

4 Query model inE-T-C

Goal: We wish to determine a start time vecgiin each scheduling window, such that
the constraint system (1) holds ( is not violatedt)run-timefor any execution time
vectoré € E.

The above specification ( called teehedulability specificatioyis rather vague and
is intended to be so; in this section, we shall present three different formalizations of the
informal specification above. Each formalization ( specification ) has a different notion
of what it means for a job-set to be schedulable and is characterized by a distinct set of
complexity issues and flexibility concerrtidowever, in all the specifications the guar-
antees provided are absolute i.e. if the schedulability query is decided affirmatively, then
the constraint set will not be violated at run tim&e also use the ternmschedulability
gueryandschedulability predicatéo refer to the schedulability specification.

4.1 Static Scheduling

Static scheduling ( also callegicheduling with no Clairvoyanceis concerned with
deciding the following predicate:

Py =35 =[s1,52,...,5nVE€ = [e1,€0,...,en] €EE A& <b ? (5

In other words, the goal is to determine the existence of a single start-time vector
§ € R, such that the constraint system represented by (1) holds. The only information
that is available prior to the dispatching of jobs in & scheduling window is the
knowledge of the execution time domdih

In[23], we showed that the above proposition can be decided efficiently for arbitrary
convex domains. From a computational perspective, query (5) is the easiest to answer.
Static Scheduling is the only mode of scheduling at one’s disposal, if the dispatcher
does not have the power to perform online computations; inddt} dispatching time
is one of the advantages of static scheduling [24].

4.2 Co-Static Scheduling

Static scheduling is unduly restrictive in that even simple constraint sets will fail to have
static schedules [22]. The restrictiveness of Static Scheduling stems from the insistence
on rational solution vectors. If however, the solution vector is allowed to be a function
of the execution time vector, then a greater amount of flexibility results. In Co-Static
Scheduling ( also calle8cheduling with total Clairvoyanck the assumption is that

the execution time vector is known at the start of the scheduling window, although it
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may be different in different windows. Accordingly, we wish to decide the following
predicate:

P.=VE=ler,en,...,en] €EE IS =[s1,50,...,5,] AJ5&<b ? (6)

Co-static scheduling permits maximum flexibility during the dispatching phase, in
that if a constraint system is not co-statically schedulable, then it is not schedulable.
However, query (6) is oONP- conpl et e for arbitrary constraint sets, as shown in [22].
We have recently shown that the co-static schedulable query is solvable in polynomial
time for standard and network constraints [20]. Co-static scheduling queries are appli-
cable in Flow-shops [15].

4.3 Parametric Scheduling

Co-static scheduling requires knowledge of the execution time vector for a particular
scheduling window, prior to determining the start time vector for that window. This may
not be feasible in all real-time systems. Parametric scheduling ( also Sallextiuling

with limited Clairvoyance attempts to provide a balance between the Static an Co-
Static scheduling modes. In a parametric schedule, the start time of a job is permitted
to depend upon the start and execution times of jobs that have been sequenced before
it and only on those time#n this mode, we restrict our discussiondph domains,
inasmuch as this simple domain preserves the hardness of schedulability queries. Thus,
the parametric schedulability predicate is:

P, =3s1 Ver € [li,u1] Isz Ve € [la,us] ... 35, Ven € [ln,un] A5, <b ?
)

5 A Taxonomy of Scheduling problems

From the discussion in the above sections, it is clear that in order to specify an instance
of a scheduling problem in tHe- T- Cscheduling framework, it is necessary to specify:

— The nature of the execution time domaiR (),
— The type of constraints on the jobg\(), and
— A description of the schedulability quen®&;, P, Pp ).

Thus, a problem instance can be specified by instantiating the tuples o thg|y >
triplet, where,

— « represents the execution time dom&n The following values are permissible
for a:
e aph - E is an axis-parallel hyper-rectangle,
e pol y - Eis a polyhedron
e ar b - E is an arbitrary convex domain.
Clearlyaph is the weakest domain in terms of what can be specifiedaardis
the strongest.
— B represents the constraint matd( G, H) - § can assume the following values:
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e st an - The constraints argtandardwhich implies thatG andH are network,
unimodular matrices.
e net - The constraints areetworkwhich implies thatG andH have at most
two non-zero entries in any row
e arb - G andH are an arbitraryn x n rational matrices
Once agairst an is the weakest constraint class, in terms of real-time constraints
that it can model, whereas b is the strongest.
— ~ represents the schedulability predicate - The schedulability predicate specifies
what it means for a set of jobs to be schedulable; the following values are permitted:
e st at - The query is concerned with static schedulability,
e CcO- st at - The query is concerned with co-static schedulability,
e par am- The query is concerned with parametric schedulability.

Clearlyco- st at is the most flexible query argt at is the least flexible.

Accordingly, < aph|arb|stat > represents an instance of a real-time scheduling
problem, in which the execution time domain is an axis-parallel hyper-rectangle, the
constraints are arbitrary and the schedulability predicate is static. Our notation scheme
is similar to the < «|8|y > scheme for traditional scheduling models [14, 3].

6 Ofine Analysis versus Online Dispatching

Scheduling algorithms in theé- T- C model possess an offline schedulability analyzer
and an online dispatching component The analyzer examines the constraints on the
system and the type of schedulability query involved, to determine whether a feasible
schedule is possibl@his analysis is always carried out offlinEhe dispatching com-
ponent is concerned with determining the exact start times of the jobs in the current
scheduling windowDispatching is always carried out online.

For a given instance of a scheduling problem, the offline analyzer is executed ex-
actly once. If the schedulability query is decided affirmatively, the online dispatcher is
executed in every scheduling window.
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Abstract. Many systems are designed to perform both planning and execution:
they include a plan deliberation component to produce plans that are then dis-
patched to an execution component,executive which is responsible for the
performance of the actions in the plan. When the plans have temporal con-
straints, dispatch may be non-trivial, and the system may include a didtgct
patcher which is responsible for ensuring that all temporal constraints are satis-
fied by the executive. Prior work on dispatch has focused on plans thatecan b
expressed as Simple Temporal Problems (STPs). In this paper, we sketch a dis-
patch algorithm that is applicable to a much broader set of plans, namely those
that can be cast as Disjunctive Temporal Problems (DTPs), and we identify four
key properties of the algorithm.

1 Introduction

Many systems are designed to perform both planning and execution: thegere
plan deliberation component to produce plans that are then dispatched to an execution
component, oexecutive which is responsible for the performance of the actions in
the plan. When the plans have temporal constraints, dispatch may keial and
the system may include a distintispatchey which is responsible for ensuring that all
temporal constraints are satisfied by the executive. Prior work on plan dispatch [1-3]

has focused on plans that can be represented as Simple Temporal Problems (STP) [4].

In this paper, we sketch a dispatch algorithm that is applicable to a much broader set
of plans, those that can be cast as Disjunctive Temporal Problems (DTPs), and iden-
tify four key properties of the algorithm.

2 Disjunctive Temporal Problems

Definition. A Disjunctive Temporal Problem (DTP)is a constraint satisfaction
problem <V, C>, whereV is a set of variables (or nodes) whose domains are the real
numbers, andC is a set of disjunctive constraints of the fo@n I, <x;—y;<u; O
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.0 1h €% — ¥ < Uy, such that for ¥i <n, x andy; are both members &f, andl; , u;
are real numbers. Aaxact solutionto a DTP is an assignment to each variabl®/in
satistying all the constraints i@. If a DTP has at least one exact solution, it@sis-
tent

A DTP can be seen as encoding a collection of alternative Simple Temporal Prob-
lems (STPs). To see this, note that each constraint in a DTP is a disjunction of one or
more STP-style inequalities. L€} be thej-th disjunct of thei-the constraint of the
DTP. If we select one disjund@; from each constrain€;, then the set of selected
disjuncts forms an STP, which we will call@mponent STRof a given DTP. It is
easy to see that a DTP is consistent if and only if it contains at least one consistent
component STP. Moreover, any solution to a consistent component SDRsdlso
clearly an exact solution tD itself.

Definition. A(n inexact)solutionto a DTP is a consistent component STP of it. The
solution setfor a DTP is the set of all its solutions.

When we speak of a solution to a DTP, we shall mean an inexact solution. Plans can
be cast as DTPs by including variables for the start and end points of each action.

3 A Dispatch Example

Consider a very simple example of a plan with three actiBng,andR. (For presen-
tational simplicity, we assume each action is instantaneous and thus represented by a
single node) P must occur in the interval [5,10] ar@ in the interval [15,20]P and

Q must be separated by at least 6 time units; Rmdust be performed either the inter-

val [11,12] or [21,22]. The plan as described can be represented as the following
DTP: {Cl1. 5 P-TR<10015<sP-TR<20; C2. 5 Q-TR<10015<Q-
TR<20; C3. 6sP-Q<0o6<Q—-P<o; C4. 11<R-TR<12021<R-

TR < 22}. (Note thatTR, the time reference point, denotes an arbitrary starting
point.) This DTP has four (inexact) solutionsSTR: Cy3, Cy, Cap Ca1;  STPy: Cyy,

Co2 C32, Cazy  STPs: C1a, Cpy, Cay, Caz; STRA: Cig, Gy, Caay Cagl

Definition: An STP variablex is enabledif and only if all the events that are con-
strained to occur before it have already been executed. A DTP vaxabinabledif
and only if it has a consistent component STP in whigh enabled.

In STP, bothP andR are initially enabled, while in STfand STR, Q is initially
enabled. Hence, all three actions are initially enabled for the DTP. Enablement is a
necessary but not sufficient condition for execution: an action must albehe the
sense that the temporal constraints pertaining to its clock time of execution are satis-
fied. In the current example, none of the actions are initially live. The first action to
become live i, at time 5. An action isive during itstime window
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Definition: Thetime window of an STP variableis a pair [,u] such that < x—-TR
<u, and for alll', u' suchthat’ < x—TR<u’, I'<| andu<u’. Given a set of
consistent component STPs for a DTP, we will write TX¥M)(to denote the time win-
dow for variablex in thei™ such STP. Thepper boundof a time window [,u] for x
in STPi, written U(x,i), isu. Thetime window of a DTP variablexis TW (X)=0;s
TW (x,i), whereSis the solution set ob.

The dispatcher can provide information about when actions are enabled and live in
an Execution Table (ET) This is a list of ordered pairs, one for each enabled action.
The first element of the entry specifies the action, and the second is a list of the con-
vex intervals in that element’s time window. For our example, then, the initial ET
would be: [P, {[5,10], [15,20]}>, <Q, {[5,10],[15,20]}}>, <R,
{[11,12],[21,22]}>}. The ET summarizes the information in the solution STPs so that
the executive does not have to handle them directly.

The ET provides information about what actianaybe performed, but it does not
provide enough information for the executive to determine what actiurstbe per-
formed. To see this, note that the ET just given does not indicatéttbed is a prob-
lem with deferring bottP andQ until after time 10. However, such a decision would
lead to failure: if the clock time reaches 11 and neitRamor Q has been executed,
then all four solutions to the DTP will have been eliminated. Thus, in addition to the
information in the ET, the dispatcher must also provide a second type of information
to the executive. Thdeadline formula (DF)provides the executive with information
about the next deadline that must be met.

In the next section, we explain how to calculate the DF, which is more complicated
than computing the ET. Here we simply complete the example, by illustrating how the
ET and the DF would be updated as time passes. The initial DF would indicate that
eitherP or Q must be executed by time 10. Suppose that at time 8, aBtisnexe-
cuted. At this point, STPand STR are no longer solutions. The ET then becomes {
<Q, {[15,20]}>, <R, {[11,12], [21,22]}> } and the DF is trivially ‘Q by 20" . In
this case, an update to ET and DF resulted because an activity occurred. However,
updates may also be required when an activity does not occur within an allowable time
window. For example, iR has still not executed at time 13, then its entry in the ET
should be updated to be just the singleton [21,22], with no changes reduitieel DF.

The example presented in this section contains variables with very little interaction.
In general, there can be significantly more interaction amongst the temporal con-
straints, and the DF can be arbitrarily complex.

4 The Dispatch Algorithm

We now sketch our algorithm for the dispatch of plans encoded as DTPs. The in-
put is a DTP and the output is an Execution Table (ET) and a Deadline Formula (DF).
For each pair x, TW(X)> in ET, x must be executed some time within TX)/( It is up
to the executive to decide exactly when. The DF imposes the constrairi tesg to
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hold by timet, where a variable that appears in the DF becomes true when its corre-
sponding event is executed.

The dispatch algorithm will be called in three circumstances: (1) when a new plan
needs to have its dispatch information initialized, at or before filRe(2) when an
event in the DTP is executed; (3) when an opportunity for execution passes because
the clock time passes the upper bound of a convex interval in the time windam fo
action that has not yet been executed. Pseudo-code is provided in Figure 1. Space
constraints preclude detailed description of the algorithm (but see [5]). Here we sim-
ply illustrate the procedure for computing the DF, the most interesting part of the
algorithm.

Recall the example above. Initially, at time TR, the DTP has four solutions. To
determine the initial DF, we consider the next critical moment, NC, which is the next
time at which any action must be performed. This time is equal to the minimal value
of all the upper bounds on time windows for actions, i.e., it is min{U(x,i)| X is an ac-
tion in the DTP, and i is a solution STP}. For instance, in our example DTP, U(P, 1)
=U(P, 2) = 10. The actions that may need to be executed by NC are those x such that
U(x,i) = NC for some STP i. We create a list UMIN containing ordered pairs <x,i>
such that U(x,i) = NC. In our current example, UMIN = {<P, 1>, <P, 2>, <Q, 3>,
<Q, 4>}. Now we perform the interesting part of the computation. If <x,i>is in
UMIN , it means that unless x is executed by time NC, STPi will cease to be a solu-
tion for the DTP. It is acceptable for STPi to be eliminated from the solution set only
if there is at least one alternative STP that is not simultaneously eliminated. This is
exactly what the deadline formula ensures: that at the next critical moment, the entire
set of solutions will not be simultaneously eliminated. We thus use a minimal set
cover algorithm to compute all sets of pairs <x,i> in UMIN such that the i values
form a minimal cover of the set of solution STPs. In our example, there isammy
minimal cover, namely the entire set UMIN. Thus, the initial DF specifies that P or Q
must be executed by time 10: KR, 10>. In general, there may be multiple mini-
mal covers of the solution STPs: in that case, each cover specifies a disjunction of
actions that must be performed by the next critical time. For instance, suppose tha
some DTP has four solution STPs, and that at time TR, U (L, 1) = U (L, 2) = U (M, 3)
=UM,4)=U(N,4)=U(S, 3)=10. Then by time 10 either L or M must be exe-
cuted; additionally, at least one of L or N or S must be executed. The corresgondin
DF is <(LOM)XLONOS), 10>.

5 Formal Properties of the Algorithm

The role of a dispatcher is to notify the executive of when actions may be executed
and when they must be executed. Informally, we will say that a dispatch algorithm is
correctif, whenever the executive executes actions according to the dispatch notifica-
tions, the performance of those actions respects the temporal corsstribihe under-
lying plan. Obviously, dispatch algorithms should be correct, but correctness is not
enough. Dispatchers should also deadlock-free they should provide enough in-
formation so that the executive does not violate a constraint through inaction. A
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Initial-Dispatch (DTP D)
1. Find all n solutions (consistent component STPs) to D, calculate their distance
graphs, and store them in Solutions [i]. Associate each solution with its (integer-
valued) index.

2. Setthe variable TR to have the status Executed, and assign TR=0.
3. Compute-Dispatch-Info(Solutions).

Update-for-Executed-Event (STP [i] Solutions)

1. Letxbe the event that was just executed, at ttme
Remove from Solutions all STP$or whicht O TW (x,i).
Propagate the constrairg x — TR <t in all remaining Solutions.
Markx as Executed.
Compute-Dispatch-Info (Solutions).

arwd

Update-for-Violated-Bounds (STP[i] Solutions)
1. LetU={U(x, K|U (X, K <Current-Timé
2. Remove from Solutions all STRghat appear itJ.
3.  Compute-Dispatch-Info (Solutions).

Compute-Dispatch-Info (STP[i] Solutions)

1. For each eventin Solutions

2. {If xis enabled

3. ET = ETO <x, TW(X)>}.

4. Let U = the set of upper bounds on time windowsx,i)(for each still un-
executed action x and each ST.P

5. Let NC, the next critical time point, be the value of the minimum uppgr

bound in U.

6. Let Uyn = {U(X, )] U(x,i) = NC}.

7. For each such that UX,i) O Uy, let Sc={i | UX,i) OUpin}

8. {Initialize F = true;

9. For each minimal solution MinCover of the set-cover problem  (Soju-
tiOﬂS,DS&, letF=F E(D x| A MinCoverX)-

10. DF = <, NC>.}

Figure 1. The Dispatch Algorithm
third desirable property for dispatchersmaximal flexibility: they should not issue a
notification that unnecessarily eliminates a possible execution, i.e., an execution that
respects the constraints of the underlying plan. Finally, we will require dispatch algo-
rithms to beuseful, in the sense that they really do some work. Usefulness will be
defined as producing outputs that require only polynomial-time reasoningeopattt
of the executive. Without a requirement of usefulness, one could achieve the other
three properties by designing a DTP dispatcher that simply passed the DTP represen-
tation of a plan on to the executive, letting it do all the reasoning about when to exe-
cute actions.
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Our dispatch algorithm has these four properties, as proved in [5]. The proofs de-
pend on a more precise notion of how the dispatcher and the executive interact. The
dispatcher issues motification sequencea list of pairs <ET,DF%. . . ,<ET,DF>,,
with a new notification issued every time an event is executed or an upper bound is
passed. The executive performsexecution sequenca listx;= ty, ..., X,=t, indi-
cating that evenx; is executed at timg, subject to the restriction thajti ¥ > t;.

An execution sequence is complete if it includes an assignment for each event in the
original DTP; otherwise it is partial. The notification and execution sequences will be
interleaved in arevent sequenceWe associate each execution event with the preced-
ing notification, writing Notiff;) to denote the notification of evert

Definition. An execution sequende respects notification sequendd iff

1. For each execution evextt;in E, <x;, TW (x)> appears in ET of Notifxj) and
t O TW(x), i.e., each event is performed in its allowable time window.

2. Foreach DF=EK,t>in N, {x |x =t; JE andt; <t} satisfiesF. That is, the execu-
tion sequence satisfies all the deadline formulae.

Theorem 1: The dispatch algorithm in Fig. 1 is correct, i.e., any complete execution
sequence that respects its notifications also satisfies the constraints of D.

Theorem 2: The dispatch algorithm in Fig. 1 is deadlock-free, i.e., any partial execu-
tion that respects its notifications can be extended to a complete execution that satis-
fies the constraints of D.

Theorem 3: The dispatch algorithm in Fig. 1 is maximally flexible, i.e., every com-
plete execution sequence that respects the constraibtaiitl be part of some com-

plete event sequence.

Theorem 4: The dispatch algorithm in Fig. 1 is useful, i.e., generating an execution
sequence is polynomial in the size of the notifications.
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Finding the shortest plan for a given planning problem is
extremely hard. We present a domain independent approach for plan
optimisation based on Genetic Programming. The algorithm is seeded
with correct plans created by hand-encoded heuristic policy sets. The
plans are very unlikely to be optimal but are created quickly. The sub-
optimal plans are then evolved using a generational algorithm towards
the optimal plan. We present initial results from Blocks World and found
that GP method almost always improved sub-optimal plans, often dras-
tically.

Finding any plan for planning domains is often a difficult task, but we are often
more interested in the even harder task of finding optimal or near optimal plans.
The current fastest planning systems use heuristics and hill-climbing techniques.
However, no heuristic is perfect and plans found in this way are often sub-
optimal, in the sense they use more actions to achieve the goal state than are
necessary.

We present a domain independent technique, based on Genetic Programming
(GP) that attempts to optimise linear plans. The system accepts a seed of plans
from which to optimise. This seed could be produced by a current planning
system or plans made using heuristics. The amount of computational effort to
devote to the optimisation stage can also be set by the user by setting various
parameters of the system. The GP algorithm also has anytime behaviour, and
could return the best current plan at any time during the run.

Using the Genetic Planning optimisation system, we experimented on two
domains: Blocks World Domain, and the Briefcase Domain [6]. The Blocks World
problems were kindly donated to us Jose Ambité. The results of the Briefcase
Domain have been omitted due to space restrictions. During the experimentation
we were looking for how much the initial plans could be shrunk depending on
the type of heuristics used, the behaviour of the system as it operated, and what
changes we could make to the current system to improve its ability.
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2 Plan Optimisation via Genetic Programming

We present here one possible implementation of using Genetic Programming as
a linear plan optimiser. We used two different hand-encoded policy sets for the
Blocks Domain in order to seed the initial population with correct but overly long
plans. We then used a generational algorithm with standard genetic operators in
order to optimise those plans [2]. We based our work on a previously implemented
generational algorithm for linear planning [8].

The following implementational details have many alternatives, and are not
fixed. One of the strengths of our approach is that the Fitness Function and
Simulation stage can be altered to look for different cost aspects besides the
simplistic plan length.

Plan Representation: Plans are represented as linear lists of sequential,
instantiated, atomic actions. Each atomic action contains one operator and its
arguments.

Simulation: The simulation stage takes an individual or plan and then at-
tempts to apply all the actions. During the simulation stage various attributes
of the plan can be recorded such as how many actions there are in the plan and
what effect the plan had on the initial state. This information can then be used
as input by the fitness function.

Fitness Function: The fitness function takes the output of the simulation
stage and prescribes a fitness value to individual based on the information given
to it. In the case of this system the fitness function has two parts. The first part
says whether the plan achieves all the goals not. The second part is the number
of actions in the plan and is used as a tie-breaker in tournament selection.

2.1 Genetic Operators

There is a large choice of genetic operators to be used during the optimisation
stage. We have taken the position of keeping things simple and stochastic. One
alternative is to implement domain specific operations, such as rewrite rules, for
optimising particular domains.

Crossover: This system implements 1-point crossover.

Reproduction: This is the simplest operator and it copies the selected par-
ent into the next population.

Shrink Mutation: This type of mutation simply deletes a randomly selected
action from the parent.

Move Mutation: This type of mutation moves a randomly selected action
to a new randomly selected position.

Mutations occur on children created by either reproduction or crossover. The
probabilities of the operators occuring are set by the user. The implementation
presented here is based on an existing system and is by no means optimal for
generating optimal plans. Improvements that can be made to it and some are
suggested in Section 5.



3 Policy Set Planning in Blocks World
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it “wanders” around at random until the first rule starts to succeed. The first

policy set belongs in the class of . The second policy set
unstacks all the blocks and then stacks the blocks back up in the right order.
This policy set belongs in the class of . This was the

policy set Ambité used in PbR [1].

4 Experimental Results

Each experiment was done using the parameters shown in Table 1. We performed
25 runs for each problem, and again for each policy set. We experimented using
50 Blocks World problems. During the run we recorded the average number
of actions in the first best individual (from the seeding stage) and the average
number of actions in the last best individual. Each point on the x-axis represents
a single problem. The order of the problems is first by blocks size, and then by
average length of the first best individual.

Parameter Setting

Termination Maximum number of generations is 1000
Population Size 20 plans

Initial Length Maximum 400 actions

Tournament Size 2

Maximum Plan Size 1000 actions

Genetic Operators 5% crossover and 95% reproduction
Shrink Mutation Applied to 5% of children, 1 delete
Move Mutation Applied to 5% of children, 1 move

Referring to Figure 1, Policy Set 1 shows significant but not complete im-
provement in plan length after 1000 generations. An additional termination cri-
terion was implemented, called “no change” which stops a run if there is no
change in fitness after X generations. We repeated the experiments setting X to
5000. Taking the 30 block problems as an example, these were shrunk down to
the 50 action mark.

Referring to Figure 2, some improvement could be made to the initial plan
within 1000 generations even though the initial plans were reasonably close to
optimal. The no change results managed to to shrink the plans a little more,
and taking the 30 block problems again, these were shrunk down to around the
40 action mark. This difference between the two policy sets is returned to in the
conclusions.

Also included in Figure 2 are results from FF [4]. We ran the 3 plans produced
for the 30 block problems using the no change setup. The results are indicated
with the triangles, and show significant shrinkage.

CPU times are not considered as the system was implemented using Java, and run-
ning on Solaris. System times can be dramatically improved if written for C under
Linux.
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5 Conclusions and Future Work
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Abstract. The Autonomous Sciencecraft Constellation (ASC) will fly onboard
the Air Force’s TechSat-21 constellation (scheduled for launch in 2004). ASC
will use onboard science analysis, replanning, robust execution, model-based
estimation and control, and formation flying to radically increase science return
by enabling intelligent downlink selection and autonomous retargeting. These
capabilities will enable tremendous new science that would be unreachable
without this technology. We offer a demonstration of the planning, scheduling,
and execution framework used in ASC.

1 Context

Robust planning, scheduling, and execution in a real environment is a challenging task.
In general, each of these elements is difficult in their own right, and the fusion of these
can be equally challenging. We offer a demonstration of the integration of each of
these in the real task of operating the Techsat-21 (TS21) constellation of sciencecraft
[4]. Our demonstration includes nominal operations as well as operations with
anomalies. Our system is capable of generating its own science goals based on
previous information-gathering activities. In general, the system as a whole provides
considerable autonomy. The rest of this document describes the specific mission and
its background, as well as our approach to addressing the challenges we face in flying
such a mission. -

TechSat-21 is scheduled for a late 2004 launch and will fly three satellites in a
near circular orbit at an altitude of 600 Km. The primary mission is one-year in length
with the possibility for an extended mission of one or more additional years. One of
the objectives of TechSat-21 is to demonstrate advanced radar systems. The principal
processor onboard each of the three TechSat-21 spacecraft is a BAE Radiation
hardened 175 MIPS, 133MHz PowerPC 750 running the OSE 4.3 operating system.

" Portions of this work were performed at the Jet Propulsion Laboratory, California
Institute of Technology, under a contract with the National Aeronautics and Space
Administration.  Other portions were performed at the Massachusetts Institute of
Technology Space Systems and Artificial Intelligence Laboratories, under contracts
from AFOSR and the DARPA Mobies program.
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OSE was chosen because it is message passing and thus suitable for distributed
applications. Each satellite will have 128 Mbytes of SDRAM as well as considerable
(Gigabytes) of disk storage

2 Autonomy Technologies and Scenario
The ASC onboard flight software includes several autonomy software components:

1. Onboard science algorithnf&] that will analyze the image data, generate derived
science products, and detect trigger conditions such as science events,
“interesting” features, and change relative to previous observations

2. Model-based mode identification and execution (Mtai) uses component-based
hardware models to analyze anomalous situations and to generate novel command
sequences and repairs.

3. Robust execution management softwaieg the Spacecraft Command Language
(SCL) package to enable event-driven processing and low-level autonomy

4. The Continuous Activity Planning, Scheduling, and Replanning (CASPER)
planner that will replan activities, including downlink, based on science
observations in the previous orbit cycles

5. The ObjectAgent and TeamAgent cluster management softwavéll enable the
three Techsat-21 spacecraft to autonomously perform maneuvers and high
precision formation flying to form a single virtual instrument

We will demonstrate ASC — specifically autonomous recognition of science events and
response including planning and execution. For example, ASC will monitor lava flows
in Hawaii and respond as follows:

1. Initially, ASC has a list of science targets to monitor.

2. As part of normal operations, CASPER generates a plan to monitor the targets on
this list by periodically imaging them with the radar.

3. During such a plan, a spacecraft images the volcano with its radar.

4. The Onboard Science Softwacempares the new image with previous image and
detects that the lava field has changed due to new flow. Based on this change the
science software generates a goal to acquire a new high-resolution image of an
area centered on the new flow.

5. The addition of this goal to the current goal set triggers the CASPER planner to
modify the current operations plan to include numerous new activities in order to
enable the new science observation. During this process CASPER interacts with
ObjectAgent to plan required slews and/or maneuvers.

6. SCL executes this plan in conjunction with several autonomy elements. Mode
Identification assists by continuously providing an up to date picture of system
state. Reconfiguration (Burton) achieves configurations requested by SCL. And
ObjectAgent and TeamAgent execute maneuvers planned by CASPER and
requested at run-time by SCL.

7. Based on the science priority, imagery of identified “new flow” areas; are
downlinked. This science priority could have been determined at the original
event detection based on subsequent onboard science analysis of the new image.

As demonstrated by this scenario, onboard science processing and spacecraft
autonomy enable the focus of mission resources onto science events so that the most
interesting science data is downlinked. In this case, a large number of high priority



science targets can be monitored and only the most interesting science data (during
times of change and focused on the areas of change) need be downlinked.

3 Planning and Execution Framework

ASC utilizes a hierarchical architecture for planning and execution. CASPER operates
at the highest level of abstraction, creating mission plans in response to high level
science and engineering goals. CASPER performs traditional planning and scheduling
and reasons about high level states and resources. CASPER uses local search, iterative
repair, and continuous planning to respond at the 10s of seconds timescale (for further
details see [2]). CASPER is being deployed in a wide range of applications including
spacecraft operation, rover control, ground communications station automation, and
high level control of unpiloted aerial vehicles.

Scheduled CASPER activities correspond to scripts in the Spacecraft Command
Language (SCL) [10] that provide robust execution. SCL integrates procedural
programming with a real-time, forward-chaining, rule-based system to provide a
“smart” executive command and control function. This functionality can be used to
implement retries use of alternate execution methods for robust execution as well as
fault detection, isolation and recovery (FDIR). SCL is a mature software product, and
has successfully flown on Clementine I and ROMPS.

Mode identification (MI) uses a declarative model to interpret sensor information
to determine the configuration of the system in the presence of incomplete, noisy data.
Mode reconfiguration uses these same models to determine command sequences to
achieve desired configurations. The executive uses the model to track planner goals,
confirm hardware modes, reconfigure hardware, generate command sequences, detect
anomalies, isolate faults, diagnose, and perform repairs.

Our model-based execution framework is an enhanced version of the Burton
system, described in [9] and under development at the MIT Al and Space Systems
laboratories.  This framework incorporates the Mode Estimation capabilities of
Livingstone 1 and 2, described in [5] and developed at NASA Ames. The marriage
between the model-based executive and SCL provides a powerful hybrid execution
capability with an expressive scripting language and an extensive capability to
generate novel responses to anomalous situations.

ObjectAgent and TeamAgent [7] provide an autonomous maneuver and
formation flying capability for ASC. At plan time, CASPER consults OA and TA on
the feasibility and resource requirements to perform formation changes, maneuvers,
and slews. At execution time, formation changes, maneuvers, and slews planned by
CASPER and requested by SCL are performed by OA and TA. In this execution time
function OA and TA perform closed loop control in their use of lower-level attitude
and control software to achieve the desired goals.

4 Related Work and Conclusions

In 1999, the Remote Agent experiment (RAX) [6] executed for several days onboard
the NASA Deep Space One mission. RAX demonstrated a batch onboard planning
capability but did not demonstrate onboard science. RAX also included an earlier
version of the Livingstone and Burton mode identification and fault recovery software.
PROBA[8] is a European Space Agency (ESA) mission launching in 2001 that will be
demonstrating onboard autonomy.

The Three Corner Sat (3CS) University Nanosat mission will be using the
CASPER onboard planning software integrated with the SCL ground and flight
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execution software [3]. Launching in 2002, 3CS will use onboard science data
validation, replanning, robust execution, and multiple model-based anomaly detection.
The 3CS mission is considerably less complex than Techsat-21 but still represents an
important step in the integration and flight of onboard autonomy software.

ASC will fly on the Techsat-21 mission will demonstrate an integrated
autonomous mission using onboard science analysis, replanning, robust execution,
model-based estimation and control, and formation flying. ASC will perform
intelligent science data selection that will lead to a reduction in data downlink. In
addition, the ASC experiment will increase science return through autonomous
retargeting.  Demonstration of these capabilities in onboard the Techsat-21
constellation mission will enable radically different missions with significant onboard
decision-making leading to novel science opportunities. The paradigm shift toward
highly autonomous spacecraft will enable future NASA missions to achieve
significantly greater science returns with reduced risk and cost.
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Abstract

Introduction

(or ) in planning are
properties of objects or relationships among objects that
hold in all states reachable from the initial state. For
example, a familiar invariant in a blocks world is the
property that that if one block is on another, the latter
is not clear. In our terminology, this is an
constraint. Another example is that a block can be on
at most one other block; this is a con-
straint (sv-constraint).

A point that has become widely recognized in the
planning community (and that we amplify in what fol-
lows) is that knowledge of state invariants is important
for efficient planning. However, such knowledge can-
not in general be assumed to be available in a
given planning domain. Rather, planning domains are
generally considered fully specified once a set of opera-
tors with well-defined preconditions and effects has been
supplied, along with an initial state. This is defensible
since state invariants are implicit in the specification
of the operators and initial state; i.e., under a
assumption the only properties and relationships that
change when an operator is applied are those spelled
out in the effects of the operator. So a separate speci-
fication of what remains unchanged when operators are
applied would be logically redundant. However, it is
far from obvious from inspection of a given set of plan-
ning operators and an initial state what the invariants
of the domain are. The goal of our research has been to
formulate automatic, efficient methods for inferring the
most important such invariants, and to implement these
methods in our D system.

*

http://prometeo.ing.unibs.it/discoplan

The importance of state invariants for efficient plan-
ning is that they can be used to radically restrict the
search space. This is so for any approach to planning
that involves explicit or implicit exploration of incom-
pletely specified possible states of the world, as is the
case for deductive planning, regression planning, bidi-
rectional planning, and planning by incremental con-
straint satisfaction (in particular, SAT-based planning).

In our work we have focused on SAT-based planners.
These implicitly search a space of state sequences, con-
strained by disjunctions of ground literals. Their per-
formance depends critically on the invariants added (as
ground instances) to the mix of disjunctions, and intu-
itively this is because state invariants constrain the al-
ternative states that are possible at each time step under
consideration. Some results showing the dramatic im-
provements in the performance of SAT-based planners
like SATPLAN [8] and MEDIC [2] obtainable through
the use of automatically inferred invariants are included
in [5].

D finds a variety of different types of con-
straints, including static (type) constraints (most im-
portantly, supertype /subtype and exclusion relations
among static monadic predicates — ones unaffected by
any operator), and predicate domain constraints (sets
of possible argument tuples corresponding to each pred-
icate in the domain, after 0, 1, ..., ¢t actions have oc-
curred). But the majority of its algorithms are devoted
to the discovery of state invariants, using a

paradigm. All the algorithms instantiating this
paradigm are applicable to sets of operators conform-
ing with or syntax [11, 7], allowing for
-clauses (conditional effects) but not disjunctive or
universally quantified conditions. We will be referring
to the unconditional part of an operator as its

. The allowance for conditional effects is a

major distinction of D from related systems.

Very briefly, the hypothesize-and-test paradigm con-
sists of hypothesizing invariants I' of some particular
syntactic type, such as implicative constraints (IMPLIES
¢ 1) where ¢ and ¢ are literals that may contain uni-
versal variables, augmenting these hypotheses with po-
tential supplementary static conditions, and then test-
ing them against all -clauses of all operators and
against the given initial conditions. In the testing phase,
minimal sets ¥ of supplementary conditions are found,
up to sets of some limited size (e.g., 2 or 3) that suf-
fice to ensure that ¥ = I holds in all states reachable
from the initial state. The hypothetical invariants I’
of a particular type are chosen by inspecting the pre-
conditions and effects of particular operators, to find
conditions that appear to become or remain true when
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certain kinds of effects occur. The idea is to choose the
constituents of I' in such a way that a proof by induc-
tion of the invariance of I' will be at least locally enabled.
In this way large numbers of syntactically possible in-
variants are eliminated from consideration. The testing
phase can be viewed as an automated inductive proof
attempt (with addition of supplementary conditions as
needed to allow the proof to succeed). An important
point is that I' may actually consist of multiple hypothe-
ses that can be proved to be invariants by simultaneous
induction. Typically, such multiple hypotheses consist
of an implicative hypothesis ( ¢ 1) along with
sv-hypotheses corresponding to argument positions in ¢
and 1 occupied by universal variables occurring in only
one of ¢, v. The point is important since the invari-
ance of the individual formulas in such cases cannot be
proved in isolation. Our various hypothesize-and-test
algorithms have been proved to yield correct invariants,
and run in polynomial time for fixed bound on the num-
ber of supplementary conditions ¥ added to I'.

In a little more detail, the hypothesize-and-test algo-
rithms conform with the following structure (iterating
over all possible candidate constraints I' found in the
first step).

1. Hypothesize a constraint I' based on co-occurrences
of literals in a when-clause w of an operator and in
the corresponding primary when-clause wy (if differ-
ent). For example, effects ¢ and ¢ might lead to an
implicative hypothesis ( ¢ ), and possibly
sv-hypotheses about the predicates involved.

2. Add a set of candidate supplementary conditions
o1,...,0 ,consisting of the static preconditions of w
and w; and if w = wy, the negations of static precon-
ditions of other when-clauses (except ones that unify
with static preconditions of w or w; or their nega-
tions).

3. Test hypothesis I relative to each when-clause of each
operator, using the relevant werification conditions;
for each apparent violation of I' find the correspond-
ing possible “excuses” for the violation. An excuse is a
set of provisos of,...,a' , chosen from the candidate
supplementary conditions, that weaken the hypothe-
sis sufficiently to maintain its truth. If a violation
has no excuses, abandon the hypothesis I', otherwise
record the set of possible excuses of the violation on
a global list.

4. Find all minimal subsets (up to a given size, e.g., 3) of

o1,...,0 that “cover” all apparent violations of T’;

a subset of o1,...,0 covers an apparent violation

of I' if it contains all elements of at least one “excuse”
for that violation;

5. Check hypothesis (T' o}...,0" ) (i.e., the original hy-
pothesis together with added provisos) for each of the
minimal subsets of,...,0' of o1,..,0 found in
the previous step for truth in the initial conditions of
the problem being solved; return the variant hypothe-
ses that pass this test as the verified hypotheses.

The wverification conditions referred to in step 3 de-
pend on the form of I', and are designed to ensure that
if T' together with specified supplementary conditions
holds in a given state, it also holds in every possible
successor state. For example, in the case of a simple im-
plicative constraint ( ¢ 1) together with a set of
static supplementary conditions, the verification condi-
tions say (roughly) that any operator effect matching ¢
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Figure 1:

must be accompanied by an effect or persistent precon-
dition matching v, or else the preconditions must entail
the falsity of a supplementary condition; and similarly
for the contrapositive, ( ¥ ¢). (The condi-
tions are actually slightly more complicated because of
the allowance for conditional effects.)

Types of DISCOPLAN Invariants

The input of DISCOPLAN is a domain description con-
sisting of the specification of an initial state and a set
of extended STRIPS operators which may involve condi-
tional effects, negated preconditions, constants, typed
and untyped parameters (Figure 1 gives a very sim-
ple formalization of the blocks world containing some of
these fetures). In the following we describe the types of
invariants that are discovered by the current version of
DiscoPLAN (for a more detailed description the reader
is referred to [5, 6]).

Predicate Domain Constraints. Predicate domain
constraints are sets of possible argument tuples corre-
sponding to each predicate in the domain after 0, 1, ...,
t actions have occurred. These constraints are computed
using a simplified version of the planning graph for the
given problem [1].

Static Predicates and Static Constraints. Static
constraints are invariants involving type-predicates, i.e.,
static monadic predicates that occur positively in the
initial state — ones unaffected by any operator. Static
constraints consist of a (possibly empty) set of objects
for each type-predicate and a list of supertype, subtype,
and incompatible relationships between type-predicates.

Simple Implicative Constraints. Simple Implica-
tive Constraints are constraints of form ((¢

¢) oy...0 ), where ¢, ¢, and o1,...,0 are function-
free literals, i.e., negated or unnegated atomic formulas
whose arguments are constants or variables. Such con-
straints are to be interpreted as saying “In every state,
for all values of the variables, if ¢ then v, provided that
01, .-, and o 7. We assume that the variables occurring
in ¢ include all those occurring in ¢ and in the supple-
mentary conditions o1,...,0 . The predicate in ¢ is a
fluent predicate, while ¥ may be fluent or static. How-
ever, if ¢ contains variables that do not occur in 1, then
1 is required to be “upward monotonic”, in the sense
that no instances of it can become false ( 1 does not
unify with effect of any operator; this is certainly true
if 1) is static). Finally, we require o1,...,0 to be static.
The following is an example of this type of constraint
in the blocks world stating that the table cannot be on
any block: z,y ON(z,y) NEQ(z, TABLE).

Single-valuedness Constraints. An sv-constraint

states that the value of a certain predicate argument

is unique for any given values of the remaining argu-

ments. An example of an sv-constraint is the following

blocks-world constraint stating that any object can be
at most one other object:
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CODA: Coordinating Human Planners

Karen L. Myers, Peter A. Jarvis, and Thomas J. Lee

1 Introduction

The scope and complexity of large-scale planning tasks often necessitates coop-
eration among multiple planners with differing areas of expertise, each of whom
contributes portions of the overall plan. These planners may be distributed both
geographically and temporally, thus further complicating coordination.

As a concrete illustration, consider special operations forces (SOF) mission
planning for the military (the motivating domain for our work). SOF planning
involves numerous people working on separate but interconnected facets (e.g.,
strategy, logistics, medical, intel) of an overall plan. The SOF planning pro-
cess is time constrained, concurrent, and iterative. Individual planners construct
subplans based on their expectations for the operating environment and re-
quirements. As the overall plan develops, expectations evolve and modifications
must be made. Currently, such changes are communicated informally by word
of mouth, or transmitted in batch mode at regularly scheduled coordination
sessions. This approach can lead to omissions and delays that reduce the effec-
tiveness of the planning process and the quality of the resulting plans.

The SOF planning domain lies well beyond the range of current automated
planning technologies. Moreover, fully automated approaches are unlikely ever
to succeed because (a) planning for this domain involves a huge strategic com-
ponent that is extremely difficult to model, and (b) successive planning tasks
(e.g., disaster relief, counter-terrorism) tend to be unique, making it difficult to
formulate reusable background knowledge with adequate coverage.

Techniques from the Al planning community can still contribute to complex
domains of this type. In particular, tools can improve the plan
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development process [2, 3]. Plan authoring tools provide a structured set of plan
editing operations that support users in developing large-scale plans, yielding
principled representations of plans with well-defined semantics. Their main role
is to augment rather than replace human planning skills, but they may provide
limited automated capabilities. Planning aids can be defined that reason over
the plan structures produced by these tools, including capabilities for supporting
multiplanner coordination.

The CODA system ( ) provides auto-
mated support for focused information sharing during collaborative plan devel-
opment by a team of humans using plan authoring tools [5]. CODA is designed
for applications where distributed human planners are assigned responsibility
for developing subportions of a global plan. These subplans are expected to have
a moderate degree of coupling due to the need to reflect coherent strategy, to
coordinate actions, and to share limited resources. Within CODA, each plan-
ner declares the kinds of plan changes that are of interest to him or her; we
call these declarations (or ). As users develop
plans with a plan authoring tool, their activities are monitored. Changes that
match detected PARs are forwarded automatically to the person who declared
interest in them. In this way, distributed planners can receive focused, real-time
updates of plan changes that are relevant to their local planning efforts.

Figure 1 presents the architecture of CODA. Within the context of a global
plan, individuals work independently to produce local plans for their assigned
tasks. Plans are developed using a structured , which supports a broad
range of plan manipulation capabilities. User interactions with the plan editor
are tracked by an module, which maintains a history of all editing
operations. As events are logged, a semantically grounded representation of the
local plan is built.

The provides the main inferential capability within CODA, being
responsible for linking observed plan changes to declared PARs. The matching
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in the collection, or to some defined over the collection. As
an example: >

CODA includes an interactive that helps users define the
plan changes in which they are interested. This tool builds on the Adaptive Forms
technology [1], a grammar-based framework that supports the specification of
structured data through a form-filling interface that adapts in response to user
inputs. With this tool, users create PARs by filling in forms using an English-like
syntax; as users incrementally specify PARs, remaining options adjust in accord
with constraints of the underlying grammar. An internal compiler transforms the
completed forms into the formal PAR structures required by CODA’s matcher.

When designing user input tools, the competing requirements of expressivity
and ease of use must be balanced. To address this issue, CODA’s PAR authoring
tool provides two sets of forms. First, a set of provides the full
expressive power of the PAR language. While powerful, these forms require more
effort to complete; in addition, people unaccustomed to formal languages require
training to use them effectively. Second, the tool includes specializations of the
general forms that capture commonly used within the SOF planning
domain. The specialized forms build in values that users would have to specify
in the general case, thus simplifying the specification process.

4 Conclusions

CODA provides a practical solution to the problem of coordinating distributed
human planners. By having human planners explicitly declare those aspects of
the overall planning process that interest them, CODA can provide timely and
focused distribution of information that will expedite and improve the quality
of coordinated problem solving. The use of a rich, Al-based representation for
plans and planning operations provides the key to this technology.

The AI Planning community has developed several systems that share in-
formation to coordinate multiple automated planners, using techniques such as
constraint propagation [4] and relevance reasoning [6] that analyze the causal
structure of local plans. These approaches do not transfer to settings where hu-
mans author plans because complete causal structures, while a by-product of
automated planning methods, will not be available.

References

Proc. of the ACM Intl. Conf. on Intelligent User Interfaces
SOFTools User Manual

Intl. World Wide Web Conf.,
Artificial Intelli-

gence

Proc. of AAAI-98



An Integrated Planning and Scheduling Prototype for
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Abstract. With the arrival of the Pathfinder spacecraft in 1997, NASA began a
series of missions to explore the surface of Mars with robotic vehicles. The
mission was a success in terms of delivering a rover to the surface, but
illustrated the need for greater autonomy on future surface missions. The
planning process for this mission was manual, and very time constrained since it
depended upon data from the current day to plan the next day. This labor-
intensive process was not sustainable on a daily basis for even the simple
Sojourner rover for the two-month mission. Future rovers will travel longer
distances, visit multiple sites each day, contain several instruments, and have
mission duration of a year or more. Manual planning with so many operational
constraints and goals will be unmanageable. This paper discusses a proof-of-
concept prototype for ground-based automatic generation of rover command
sequences from high-level goals using Al-based planning software.

1 Demonstration

We will demonstrate a ground based automated planning prototype for a multi-
instrument Mars rover using the ASPEN planner (Chien, et al., 2000). With this
software, new goals can be added to the existing plan, resulting in conflicts that will be
solved using an iterative repair algorithm. The end result will be a valid sequence of
commands for execution on a rover.

2 Introduction

Over the next 10 years, NASA will be sending a series of rovers to explore the
surface of Mars. The rover planning process uses specialized tools for path planning
and instrument planning, but the actual activity planning and scheduling is a manual
process (Mishkin, et al., 1998). We are using Al planning/scheduling technology to
automatically generate valid rover command sequences from goals specified by the
specialized tools. This system encodes rover design knowledge and uses search and
reasoning techniques to automatically generate low-level command sequences while
respecting rover operability constraints, science and engineering preferences,
environmental predictions, and also adhering to hard temporal constraints.

3 ASPEN Planning System

In ASPEN, the main algorithm for automated planning and scheduling is based on
a technique called iterative repair (Rabideau, et al., 1999, Zweben et al., 1994).
During iterative repair, the conflicts in the schedule are addressed one at a time until
conflicts no longer exist, or a user-defined time limit has been exceeded. A conflict
occurs when a resource requirement, parameter dependency or temporal constraint is
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not satisfied. Conflicts can be repaired by means of several predefined methods. The
repair methods are: moving an activity, adding a new instance of an activity, deleting
an activity, decomposing an activity into subgoals, abstracting an activity, making a
resource reservation on an activity, canceling a reservation, connecting a temporal
constraint, disconnecting a constraint, and changing a parameter value. The repair
algorithm may use any of these methods in an attempt to resolve a conflict. How the
algorithm performs is largely dependent on the type of conflict being resolved and the
activities, states, and resources involved in the conflict.

4 Rover Motion Planning

ASPEN is able to reason about simple resource and state constraints. ASPEN also
has the ability to use simple external functions to calculate parameters for resource
usage. Many rover constraints are too complex to reason about in a generalized
planning system, or use simple parameter functions to solve. For these, an external
program must be used to reason about these constraints. ASPEN can interface with
other domain-specific programs (or special purpose algorithms) using input files,
library calls, a socket interface, or software interfaces. Motion planning is a good
example of a complex rover constraint requiring a specialized tool.

JPL uses a tool called Rover Control Workstation (RCW) for the motion-planning
problem (Cooper, 1998). RCW provides a unique interface consisting of a mosaic of
stereo windows displaying the panorama of Mars using camera images from both a
lander and a rover. The operations team uses the RCW to make decisions about where
to safely send the rover and what to do when reaching the goal. RCW calculates the
maximum safe tilt angles for the rover traverse goals input by the user. RCW also
calculates the parameters for the rover motion commands. The RCW software outputs
a set of goals that cannot be changed in ASPEN.

5 Mixed-Initiative Rover Planning

While the goal of this work is an integrated fully automated planning system for
generating a rover sequence of commands, the human operator is required to be part of
the planning process. There is not enough CPU capability onboard current flight rovers
to run autonomy software such as path planning or generalized planning. The JPL
developed Web Interface for Telescience (WITS) science-planning tool (Backes, et al.,
1998) and the RCW motion-planning tool each require human interaction. These tools
allow the user to select rover destinations and science targets in three dimensions using
surface imagery. The WITS tool does not actually enforce an order of the goals, but
instead relies on ASPEN to build the plan, schedule, and check the resource usage.

Combining these tools with ASPEN creates a “mixed-initiative” end-to-end
planning system. The ASPEN operator starts with a set of goals from WITS and RCW,
but can then modify the schedule within ASPEN by inserting new goals, changing
existing activities, or deleting activities. The schedule is then generated using a
forward dispatch algorithm followed by an iterative repair algorithm to fix any
conflicts. The repair actions available for each activity are defined within the model
for that activity. If the rover resources are over-constrained or under utilized, the user
may decide to modify the schedule to optimize the rover resource usage, then re-run
the iterative repair algorithm. Several iterations can be performed using ASPEN,
WITS, or RCW to modify the goals. This capability allows the rover operations team
to try several different scenarios before deciding on the best course of action. The
result of this mixed-initiative optimization strategy is a plan with increased science



opportunities. Because ASPEN is autonomously checking flight rules and resource
constraints, the plan should also be safer than a manually generated plan.

We are also investigating how the user should be interacting with each of the tools
involved in building a schedule. The science and engineering users are used to
interacting with WITS and RCW, but not with ASPEN. Yet WITS and RCW do not
show resource information and activity ordering. Currently the system requires the
user to utilize the ASPEN GUI for resource and activity information. In the future,
this information could be added directly to the WITS GUI.

6 Difficulties in Modeling Rover Constraints

There are several aspects of modeling the Mars rover domain has proven to be very
difficult. The power system is a good example. The rovers planned for 2003 contain
solar arrays and rechargeable batteries. During the daytime, the power for rover
operations is produced using the solar arrays. If the total power drain from operating
the rover exceeds the available power from the solar arrays, the batteries must be
drawn upon. Because the battery drain is context dependent, the planner needs to
understand all the influences and be able to repair conflicts using this knowledge.
Additionally, computing the energy taken from a battery is a function of the battery
parameters such as temperature, current, voltage, etc. Representing this in a planning
model is very difficult.

To solve the power-modeling problem, we initially used a parameter dependency
function to calculate the amount of solar power and battery power as a function of the
activity duration, available solar array power, available battery power, and power
required by the activity. This technique will only work if there are no overlapping
power activities because the calculated solar array and battery usage are based on the
amount available at the beginning of the activity. In the ASPEN representation,
resource use is assumed to be constant over the duration of the activity. In the same
manner, we can only request the existing value of a resource at the start of the activity
and we must assume that the existing resource profile remains constant until the end of
the activity. In the case of overlapping activities that consume power, the first of the
two activities would calculate the required power based on the available power at the
start time of the first activity. The power available would change during the activity
due to the overlap of the second activity.

Another difficulty with modeling the depletable resources in planning systems is
the usage profile. Some examples in the spacecraft and rover domains include the
memory buffer resource, battery, and fuel. If an activity that uses the memory buffer
resource has duration of several minutes, ASPEN will change the value of the resource
timeline at the beginning of the activity. In this case, the entire amount of memory
buffer resource used by the activity is unavailable for the entire activity. In the
example, the memory resource is set to them maximum value at the start of the
timeline. This is the equivalent of consuming an entire tank of gas in a car at the
beginning of a trip rather than using the gas gradually over the course of the trip.
Likely the actual resource usage is linear over the duration of the activity. For long
activities, the depletable resource value near the beginning of the activity can be very
inaccurate. One workaround for this problem is to split the activity up into several
subactivities, each using an equal fraction of the resource. This solution has several
problems. First, it increases scheduling complexity by adding multiple activities into
the activity database. Second, it creates the problem of trying to determine how many
subactivities is enough to accurately model the resource usage. Third, it’s non-intuitive
for the user to see multiple subactivities that don’t represent actual events. The ideal
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method for modeling resource usage is to use a generalized timeline. Generalized
timelines allow modelers to provide a set of functions to describe the depletable
resource timeline and its constraints. The generic scheduler can then accurately reason
about the described timelines. The example given contains a linear depletable timeline,
but any other function could have been modeled as well.

7 Conclusions

Planning and reasoning about complex rover resources is a difficult task to
automate. The rover planning process involves interfacing with other specialized
planning tools to create a mixed-initiative end-to-end planning system.

Current approaches to rover-sequence generation and validation are largely
manual, resulting in a labor and knowledge intensive process. This is an inefficient use
of scarce science-investigator and key engineering-staff resources. Automation as
targeted by this tool will automatically generate a constraint and flight rule checked,
time ordered list of commands and provide resource analysis options to enable users to
perform more informative and fast trade-off analyses.
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Abstract We describe a Graphical Interface for Planning with Objeetited GIPO
that has been built to investigate and support the knowledgeeering process in the
building of applied Al planning systems. GIPO embodies ajectixentred approach
to planning domain modelling. There are two reasons for ipinog knowledge engi-
neering support for Al planning: (i) to apply a planning gstto a new domain to
test the planning system itself (ii) to tackle the end-usebfem for the engineer who
might be a domain expert but need not necessarily have aadigeknowledge of Al
planning. Our research is primarily aimed at developing @hioe and tools to meet
the requirements of the latter case (ii), although the beneéin also be enjoyed by
planning experts.

1. Introduction

Planform [1] is a UK EPSRC grant funded research project iichvive are devel-
oping an open platform for the systematic acquisition ohplag domain models, and
tools to combine these models with planners to create ffigiianning applications.
Part of the work involves the development of an knowledgeussitipn method where
knowledge is captured by describing changes that the abljedhe domain undergo
as the result of the application of operators. The methodireg that we structure the
domain definition around types of objects, the states thestlobjects may inhabit, and
the possible transitions from state to state that the abjaaly undergo as a result of the
application of planning operators. The content of this diédin provides the basis for
much of the validation and cross-checking that the tool {zabte of performing and
allows the domain developer to approach the task of definiregaiors in a structured
and well-supported manner. The additional support pravitie possibility of open-
ing up domain definition to modellers who do not need to be dkedkn Al planning
technology as has traditionally been the case.

In brief, GIPO provides (a) a graphical means of defining a planning domaiteh
(b) a range of validation tools to perform syntactic and setmachecks of emerging
domain models (c) dynamic tools to allow the modeller tofydtiat the domain spec-
ification can support known plans within the domain (d) tomlsmport and export
domain definitions to the literal-based PDDL format for tglrips domains, with or
without conditional effects (e) an interface that allowstfte integration of third party
planning algorithms to be run and animated from within th@d@nvironment.
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GIPOis designed on the assumption that the knowledge engindldrentrying to
build descriptions of new domains using a method which ilmp@sloose sequence on
the sub-tasks to be undertaken to develop an initial modete@n initial rough model
has been constructed, development may proceed in a mosévieeand experimental
manner. A key design goal in building the supporting GUI that been to allow the
creation of a specification with the tool taking care of théadeof the syntax of the
underlying specification. Use of the tool will never resulta syntactically ill-formed
specification.

2. Domain Acquisition

The process of domain model development and the model’sagyton which this
is based is detailed in the literature (see GIPO home pagevfith also contains a
more detailed version of this paper). Here we sketch the staips of the knowledge
acquisition process, describing how the tool supportsghisess. We outline two im-
portant steps of the knowledge acquisition process - aiogudomain structure and
acquiring domain actions.

The process starts with the identification of the kinds ototy that characterise the
domain. The method requires that distinct collections gécts, which we calkorts
can be organised into a hierarchy. A visual tree editor isluseconstruct a sort tree
and the relations and attributes that characterise thetstipéeach sort. The key step in
the object centred modelling process is to characteride el state of objects of the
sorts that are subject to change during the planning prdoedsfining their relations
and attributes. We refer to sorts subject to such changlyamicwhere as the sorts
where the objects remain unchanged staic A description of a state of an object
we call asubstate definitionJnder classical assumptions each member object of a sort
may be in only one such substate at any time, and that durargg{ecution the object
goes througlransitionswhich change its state from one such substate to another.

In parallel with the specification of substates the modeléer now assemble plan-
ning operators. The operator editor forms the heart of GIHis editor relies on the
notion that operators and methods generally cause objgatkange from one sub-
state to another (callambject transitiony Whereas substate definition captures domain
structure, operator definition captures domain behaviour.

For each object changed by the application of an operatoe thidl be a transition
defining the set of substates the object may be in prior togbécation of the operator
and the definition of the precise substate the object willrbas a result of applying
the operator. We enable the composition of operators bydhgath modeller building
a simple graph of the operator by selecting the elementsentrimsitions from an
available list of the predefined substates the object/sadpable of being in. Consider
the remove wheel operator taken frortyee changelomain illustrated in figure 1. The
rectangles describe states or generalisations on stadegeats of identified sorts where
the pair of rectangles in the same row representriresitionthat the referenced object
will make as a result of applying the operator, named indh& box Here there are
two objects changed by the operation, the wheel itself aadtib that the wheel was
attached to. The hub in the example moves from the state vithisfjacked up and free
to being jacked up and bare as a result of removing the wheel.
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Fig. 1. The Operator Definition Editor

3. Domain Analysis

During domain model acquisition numerdosal verification checkare applied to
ensure consistency. Once an initial domain model has bderedas described above,
the domain modeller can ruglobal verification toolgo further check the validity of
the specification. Tools which we have developed includd godering generators,
a random tasks generator, and a “reachability” analysik Tdw latter tool examines
substates that are defined for a sort and indexes them atfegrogierators that use them
either as consumers or producers. This may reveal to theidaonwaleller that contrary
to expectation some substates cannot be produced and herideanly ever be used in
the initial state of an object, or that some cannot be condand hence either are only
useful in the development of objects of other sorts, or atbh@kind of specified only
in a goal condition.

In addition to static analysis of the specification the donmabdeller can dynam-
ically check a domain against a set of problems either bygusie manuaktepper
(shown in figure 2) or by running a selected planning algariggainst defined test
problem cases. With the stepper, the engineer choosesaattiapply in the current
state to generate the consequent state and proceeds inahisemo verify that the
domain and operator definitions do support known plans fegrgproblems within the
domain. In the example shown in figure 2, again drawn frontyhe changedomain,
each column of circles represents the state of objects atimeenstance. The linked
oval is the operator applied to the states with the linkstigathe objects changing and
participating in the application of the operator. The indielog box shows an opera-
tor fetchitool in the process of the user choosing instantiations for tharpaters. The
panes at the sides show the task being attempted and a lisitflde operators in the
domain.
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Fig. 2. The Plan Stepper

Theanimatorallows integrated planners to run against defined problemgeaph-
ically displays the transitions made to objects as the pidolds. The animator is struc-
turally very similar to the stepper except that the operakmice is determined by the
results output by the planner.

4. Future Work

Although the object centred method lifts domain acquisitio a conceptual level,
the details of specifying substate definitions and tramsdtiare still too theoretical for
an unskilled user. We aim in the future to incorporate mofergncing mechanisms to
aid the unskilled user in this task. We are also developintpots to assist the domain
modeller to extract structured knowledge from informaltek descriptions of the do-
main and to assist the modeller to create new models by grayallibrary of previous
domain models.
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