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Abstract

Planning is ubiquitous in real life. AI planning and single-agent heuristic

search, two major areasof arti�cial intelligence research, focus on machine-

generatedsolutions to a great range of real-life planning applications. To

successfullytackle largeplanning problems,signi�cant advancesin technology

are necessary.

This research focuseson speeding up planning and single-agent search.

Abstraction, a central idea of this work, is explored in three major applica-

tion domains,each assuminga di�eren t level of application-speci�c knowledge

available beforehand.

The �rst framework is fully automated AI planning, with no application-

speci�c knowledgeprovided. The contributions include a family of adaptive

techniquesthat automatically infer new information about a domain. Macro-

actions are extracted from previously acquired information. Algorithms for

ranking, �ltering, and using macrosat runtime are introduced. Experiments

show an improvement of ordersof magnitude,ascomparedto a state-of-the-art

plannersuch asFF, in domainswherestructural information canautomatically

be inferred. Macro-FF, an adaptive planner that implements theseideas,suc-

cessfullyparticipated in the International Planning Competition IPC-4, taking

the �rst place in 3 out of 7 domainswhereit competed.

As a seconddomain, abstraction for path-�nding on grid mapsis explored.

Partial application-speci�c knowledgeis assumed,sincepath-�nding usually

takes place in a spacewith topological structure. The main contribution is



Hierarchical Path-Finding A*, an approach shown to achieve up to a 10-fold

speed-upin exchangefor a 1% degradationin path quality, as comparedto a

highly optimized implementation of A*.

The third research domain providesa rich application-speci�c context: the

puzzle of Sokoban. The main contribution is a novel solving approach that

combines planning with abstraction. A maze is partitioned into rooms and

tunnels,allowing the decomposition of a hard initial probleminto several much

simpler sub-problems.Experiments show that a prototype implementation of

theseideasis competitiv ewith a state-of-the-art specializedsolver, on a subset

of problems.
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Chapter 1

In tro duction

1.1 AI Planning and Heuristic Search

Planning has an ubiquitous presencein real life. Humansneedto plan many

of their activities, from shoppingor driving to a destination to industrial pro-

cessesor construction projects. As a natural consequence,the exploration of

planning hasbecomea major themein the areaof computing science,in an at-

tempt to provide machine-generatedanswers to humans' day-to-day planning

jobs. Formal computertheoriessuch asarti�cial intelligence(AI) planning [32]

and heuristic search [74], which model real-life planning, are well-recognized

areasof AI research.

The �elds of AI planning and heuristic search sharemany commonideas.

At a high level of interpretation, they both try to provide a sequenceof ac-

tions that will lead to a goal state starting from the current state. Common

solutions are present at a more concrete,algorithmic level too. While several

major planning approachesexist (e.g.,planning assatis�abilit y and constraint

satisfaction [54], the graphplan algorithm [4], planning with hierarchical task

networks [26, 80, 84], etc.), planning as heuristic search has proven to be one

of the most e�ectiv e [5, 42].

Planning and search are hard by their nature, both for humansand com-

puters. To illustrate this, consider the problem of airplane transportation.

Speci�cally, considerscheduling 
igh ts on a large network of airports while

taking into account routes, aircraft capacity, pilots, attendants, airport avail-

abilit y, fuel costs,airport local con�guration, etc. Furthermore, assumethat
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the scheduleshould optimize someparameterssuch as operating costsor av-

eragewaiting time between
igh ts.

Such a computation is next to impossiblefor a human to do, since it is

large, will require lots of time to solve, and errors are very likely to occur.

Encoding so many constraints into a computer application would result in a

very largeproblem, which exceedsthe capabilitiesof current technology. Each

new variable, or new range of valuesof an existing variable, can result in a

combinatorial blow-up of the problem complexity.

Despite the hardnessof planning and search problems,great progresshas

beenachievedin the development of e�cien t solvingtechniques.The evolution

of the international planning competition over its four editions [1, 40, 61, 67]

accuratelyre
ects this. Successiveeditions introducedmoreand morerealistic

and computationally challengingbenchmarks, or harder problem instancesin

the samedomain. The top performerscould successfullysolve a largepercent-

ageof the problemseach time.

However, many real-life domainsstill posegreat challengesfor current tech-

niques. Arguably, the advancesin planning technology have yet to reach a

point that would allow automated planners to assist humans in many daily

activities. In e�ect, the needfor more e�cien t planning methods, which push

the boundariesof current technology, is of great importance.

1.2 Abstraction

Abstraction can be a good answer to challengingplanning problems. Humans

often abstract a problem solving task into higher level representations, and

a similar idea can successfullybe used in computer applications. Consider

again the exampleof airplane transportation. A human planner would never

work at such a low level of detail that considersall variables of the model.

They would structure the problem hierarchically and decomposeit into much

smaller subproblems. For instance, separatethe problem of 
ying between

airports (the global problem) from the problemsthat encode local constraints

of each airport. The global problem usesa map of inter-connectedairports.

2



On this map, airports are black boxes that ignore local details such as the

terminal/gate whereto land, how to refuel the airplane, or how to processthe

passengers'luggage. Thesedetails are solved as a separateproblem for each

airport. The result is that many smaller problems get solved, with a large

reduction in the total solving e�ort.

When the global problem is still too large, it can further be abstracted.

The network of airports can be structured into inter-communicating clusters.

Flying from Lethbridge, Canada to Trento, Italy is now a sum of smaller

problems:

1. Fly from Lethbridge to a closenational-sizeairport such as Edmonton.

This involvessearching only in the airport network of Alberta.

2. Fly to Toronto, which has many international connections. This time

search is performedonly in the network of important Canadianairports.

3. Fly to a major Europeanairport such as Frankfurt, Germany. Now the

search exploresonly major airports on the map.

4. Go down in the hierarchy in a similar fashionuntil the destinationairport

is reached.

Solutionsto planning tasksoften have associated metrics that characterize

their quality. Examplesincludethe number of stepsin a solution, the total exe-

cution time, the resourcesconsumedto achieve a goal, etc. Abstraction-based

solutions may not guarantee optimalit y. But even a near-optimal solution

might save millions of dollars per year, be moreconvenient for customers,and

even more environmentally friendly than a hand-madeschedule.

1.3 Con tributions and Target Applications

This thesisfocusesondesigning,analyzingandevaluating techniquesfor speed-

ing up planning and search. Abstraction is a central ideaof this research. The

term \abstraction" has a multitude of meanings,and many approachesfrom

the AI literature can �t into this category. In this thesis,abstraction refersto

3



the processof changing the level of granularit y at which a problem is repre-

sented. Two successfulstrategiesthat re�ne this high-level idea are reformu-

lating a problem on several hierarchical levels,and using macro-operators.

A macro-operator abstracts several related actions into a single action.

When added to a search spaceas new transitions, macros can reduce the

distance to goal states, at the price of increasing the branching factor. To

balancethis trade-o� in favor of faster search, heuristic rules are introduced

that aim to prune macrosthat areprobably not shortcuts towardsa goalstate.

As shown in Sections3.3.1and 5.1.1,macroscan alsoimprove the accuracyof

heuristic state evaluation in fully automated AI planning.

In this thesis, abstraction ideas are explored in a variety of frameworks,

each assuminga di�eren t level of application-speci�c knowledge:

� Fully automatedAI planning. This is alsoknown asdomain-independent

planning. No application-speci�c knowledgeis available beforehand,and

one single planner (i.e., solver application) addressesmany classesof

problems.

� Path-�nding on grid maps. This framework assumespartial application-

speci�c knowledge: application domainsin this classcontain a topolog-

ical structure (e.g., a city map, a game level, a building where robots

navigate, etc.) which can be exploited by e�cien t solving methods.

In principle, one software application can tackle multiple domainswith

topological structure.

� An application-speci�c context, the puzzle of Sokoban. No limitation

is imposed on the amount of domain-speci�c knowledge that can be

encoded in the solver.

The following subsectionsprovide moredetails on each framework. In each

subsection,�rst the corresponding application domain is introduced,and then

the contributions are outlined.

4



1.3.1 Domain-Indep endent AI Planning

AI planning focuseson solving problems expressedin a given standard lan-

guagesuch as PDDL [65]. A domain de�nition includesgeneralinformation

such as object typesin that application, relationships that can exist between

objects, and actions, along with their preconditions (i.e., conditions that are

required for an action to be applicable) and e�ects. A problem is de�ned as

an initial state and a goal condition. A solution plan is a sequenceof actions

that reachesthe goal starting from the initial state.

In domain-independent AI planning, a plannermust addressa largeclassof

previously unknown domains. Hencedomain-speci�c knowledge,which often

makesa hugecontribution to the successof an AI application, is not available

beforehand. The challenge is to design generic methods that work well in

many application domains. In particular, systemsthat canadapt their solving

strategy to the particularities of a domain are very appealing.

The contributions of this thesis to the areaof AI planning include:

� A family of adaptive techniquesthat automatically learn new informa-

tion about a domain and useit to speedup planning in future problems

in that domain. Domain structure information is inferred with compo-

nent abstraction and/or solution abstraction, brie
y introduced in the

following paragraphs. Macro-operators are generatedbasedon the pre-

viously acquired information. Algorithms for e�cien t �ltering, ranking,

and runtime useof macrosare introduced.

� The contributions are evaluated both with systematic scienti�c exper-

iments, and at an internationally recognizedcompetition. When new

domain information can automatically be inferred, the performanceim-

provesby ordersof magnitude,ascomparedto the state-of-the-art plan-

ner FF [42]. Macro-FF, an adaptiveplanner that implements theseideas,

successfullyparticipated in the Fourth International Planning Competi-

tion IPC-4 [40], taking �rst placein 3 out of 7 attempted domains.

Component abstraction groups related low-level constants of a planning
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problem into more abstract entities called abstract components. The idea is

similar to how humanscanabstract featuresconnectedthrough static relation-

ships into a more complex functional unit. For example,a robot that carries

a hammer could be considereda singlecomponent, which combines the skills

of a robot and a hammer. Component abstraction is a clustering procedure

in a static graph. Nodes of a static graph are distinct objects such as bill-

the-r obot , ja ck-the-r obot , the-red-hammer , etc. Edgesmodel static

relationshipsbetweenobjects. The goal of clustering is to identify small local

sub-graphsas patterns that are relevant for the domain structure. In this

example,a cluster can model an abstract functional entit y such asja ck-the-

r obot-with-the-red-hammer .

In solution abstraction, the solution of a planning problem is represented

asa solution graph. Nodesare solution steps(i.e., actions in the plan). Edges

model interactions between actions. Solution abstraction analyzesa solu-

tion graph to extract local patterns that are relevant to the structure of the

given domain. Theselocal patterns, in fact small sub-graphscorresponding to

macro-actions,are usedfor faster planning in new problems.

1.3.2 Path-Finding on Grid Maps

The objective of path-�nding is to plan a route from an initial position to a

destination on a map with obstacles.The problem is of crucial importance in

applicationssuch asrobotics, transportation, tra�c optimization in computer

networks, and commercialcomputer games,a fast growing multi-billion dollar

industry.

Besidesthe potentially large search space,path-�nding problemsoften ex-

hibit signi�cant additional challenges.Path-�nding problemsin robotics and

commercial computer gamesusually have to be solved in real time and un-

der constraints of limited memory and CPU resources.Moreover, a problem

environment can changedynamically, and parts of the map may be unknown

in advance. For somedomains, important criteria regarding the quality of

solutions (e.g., \lo ok human-like") can be hard to quantify .

For the problem of path-�nding on grid maps, the contributions of this
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thesis include:

� Hierarchical Path-Finding A* (HPA*), a hierarchical path-�nding algo-

rithm that achieves high performanceand successfullyaddresseschal-

lengessuch as thosementioned before.

� Experimental results for hierarchical search on a variety of gamemazes,

showing up to a 10-foldspeedimprovement in exchangefor a 1%degrada-

tion in path quality, ascomparedto a highly optimized implementation

of A*.

In this thesis,partitioning a map into a set of clustersis called topological

abstraction. Clustering allows to decompose an original problem into sev-

eral, much smaller problems: one problem associated with each cluster, and

one global problem that models interactions between clusters. Since a grid

is usually represented as a graph of atomic locations (tiles) inter-connected

by neighborhood relationships, topological abstraction is a graph clustering

problem.

HPA* abstracts a map into linked local clustersbasedon topological ab-

straction. Each cluster generatesa graph with entrance nodes and crossing

path edges.At the local level, optimal distancesfor crossingeach cluster are

precomputedand cached. At the global level, a whole cluster is traversedin

a singlebig step. Graphs of adjacent clustersare connectedthrough common

entrance points. In this way, all cluster graphsare combined into oneabstract

graph that covers the whole problem map.

A hierarchy can be extendedto more than two levels. Small clusters are

groupedtogetherto form largerclusters. Computation of graphedges(crossing

distances)for a large cluster usesthe graphsof the smallercontained clusters.

Path planning starts with a search at the most abstract level of the graph.

An abstract solution can gradually be re�ned until a completelow-level solu-

tion is obtained. HPA* is fully automated,needsno domain-speci�c knowledge

other than the assumptionof topologicalstructure, and allows great 
exibilit y

in execution,solving parts of the problem if and when they are needed.
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Name Target Application Utilit y Graph
Applications Independent Scope Abstraction

Component AI planning Yes Domain Small clusters
Abstraction as local patterns

Solution AI planning Yes Domain Small subgraphs
Abstraction as local patterns
Topological Path-�nding Partially Map Clusters that
Abstraction Sokoban No partition a map

Table 1.1: Abstraction strategies.

1.3.3 Sokoban

Sokoban is a single player gamecreated in Japan in the early 1980s. A man

in a mazehas to push several stonesfrom their initial locations to designated

goal locations [10]. SeeSection2.3 for a detailed description of the rules. As

shown in Chapter 7, Sokobanis a challengingapplication for both humansand

computers, being characterizedby long optimal solutions, a large branching

factor, and the presenceof deadendsin the search tree. The contributions of

this research to this domain include:

� A novel solving approach basedon problem decomposition. Similar to

HPA*, a topologicalabstraction strategy decomposesa map into rooms

connectedthrough tunnels. This allows for the decomposition of a hard

initial problem into several simpler sub-problems,with great potential

for reducing the overall search e�ort.

� Experiments show that, on problem instancesthat an initial implemen-

tation of this approach can tackle, its performanceis competitiv e with a

state-of-the-art specializedsolver such as Rolling Stone[49].

Table 1.1 summarizeskey properties of component abstraction, solution

abstraction, and topologicalabstraction, the three major approachesexplored

in this thesiswork. Topologicalabstraction in path-�nding is listed aspartially

dependingon the nature of a given application domain. The only application-

speci�c knowledgeassumedis the existenceof a topologicalspaceaspart of the

application de�nition. The column \Utilit y Scope" indicates the rangewhere
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an abstraction remainsvalid onceit is completed. For component abstraction

and solution abstraction, the utilit y scope is a planning domain. Information

acquiredfrom training instancesin a domaincanbeusedto solvenewinstances

in the samedomain. For topological abstraction, the utilit y scope is a map:

several problemson the samemap can reusethe map's abstraction.

As pointed out before,each of theseabstractionscanbeseenasa particular

caseof the more generalproblem of abstraction in a graph. The last column

of Table 1.1 indicates the result of the graph abstraction performed by each

technique.

1.4 Publications and Thesis Overview

The structure of the remaining chapters is the following: Chapter 2 surveys

related work in the AI literature and provides a background for the remain-

ing chapters. Contributions to domain-independent AI planning are the topic

of Chapters 3{5. Chapter 3 presents macro-operators created with compo-

nent abstraction. This work was previously reported in [13] and parts of [15].

Chapter 4, basedon [14] and parts of [15], describesmacro-operators created

with solution abstraction. Chapter 5 presents experiments in AI planning

previously discussedin [13, 14, 15]. Chapter 6, basedon [12], summarizes

research on hierarchical path-�nding. With a content similar to [10], Chap-

ter 7 exploreshow planning can be performedin an abstractedrepresentation

of the Sokoban puzzle. Chapter 8 presents the conclusionof the thesis and

summarizesdirections for future work.
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Chapter 2

Literature Review

This chapter surveysrelatedarti�cial intelligenceresearch and providesa back-

ground for the following chapters. Section2.1 focuseson AI planning research.

Section2.2 surveys related work on abstraction in map navigation. Sokoban

is the topic of Section2.3. Section2.4 describeswork on abstraction in other

single-agent search domains. Section2.5 presents the conclusionsof this chap-

ter.

2.1 AI Planning

The planning contributions of this thesisare in the areaof classical planning.

In principle, the sameideascan be applied to extensionsof classicalplanning

such astemporal planning, numerical planning, and planning with incomplete

information, but this is beyond the focus of this thesis. This section starts

with a short introduction to classicalplanning. Then three approaches,which

are often combined in planning research, are discussed:

� Planning as heuristic search, one of the most successfulapproaches to

AI planning.

� Abstracting planning problemsbasedon the implicit structure of a do-

main, which is not part of the standard de�nition of a problem. Such

domain structure can be either automatically inferred, or encoded by

hand.
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� Macro-operators in AI planning, a topic that needsto be revived and

combined with current state-of-the-art technology.

2.1.1 Background of Classical Planning

When solvinga planning task, a plannertakesasinput a domain and a problem

instance. Several problem instancesare usually de�ned for one domain. Fig-

ures2.1and 2.2show a domain �le and a problem�le in ToyLogistics,a simple

application where trucks can transport crates between places. Variations of

the ToyLogistics' operators drive , lo ad , and unlo ad are present in several

other domainsaswell. ToyLogistics is a simpli�ed versionof Depots, a domain

usedin the third international planning competition [61]. ToyLogistics is rep-

resented in STRIPS, a simplebut widely usedsubsetof the standard planning

languagePDDL. For information on PDDL and subsetssuch as STRIPS and

ADL, see[31, 65].

In PDDL, a domain �le contains generalinformation such as types, pred-

icates and operators (actions). A predicate has a nameand a list of (typed)

variables. Each operator o has a name, a set of (typed) parameters,precon-

ditions and e�ects. In STRIPS, the precondition Prec(o) is a conjunction of

predicates.An e�ect is split into a conjunction of positive (add) e�ects Add(o)

and a conjunction of negated (delete) e�ects Del(o). More complicated sub-

setsof PDDL such as ADL allow precondition formulas that usequanti�ers,

implications, disjunctions, conjunctions, and negations. E�ect formulas can

useuniversalquanti�ers, conjunctions,negations,and conditional e�ects [65].

A conditional e�ect is a pair (c;e), wherec is a condition formula and e is an

e�ect formula. Seebelow for details on how conditional e�ects work when an

action is applied to a state.

In PDDL, a problem instance�le contains speci�c information such as the

(typed) objects (constant symbols), the initial state s0, and the goal condition

G of the instance.

A state of a problem is represented by a collection of binary variables

called facts. Facts are obtained from domain predicatesby instantiating their

parameterswith constant symbols. Only true facts in a state s are explicitly
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(de�ne (domain ToyLogistics)
(:typestruck location crate)
(:predicates

(at ?t - truck ?p - place)
(at ?c - crate ?p - place)
(in ?c - crate ?t - truck)
)

(:action drive
:parameters(?t - truck ?p1 - place?p2 - place)
:precondition (and (at ?t ?p1))
:e�ect (and (not (at ?t ?p1)) (at ?t ?p2))

)
(:action unload

:parameters(?t - truck ?c - crate ?p - place)
:precondition (and (at ?t ?p) (in ?c ?t) )
:e�ect (and (not (in ?c ?t)) (at ?c ?p))

)
(:action load

:parameters(?t - truck ?c - crate ?p - place)
:precondition (and (at ?t ?p) (at ?c ?p))
:e�ect (and (not (at ?c ?p)) (in ?c ?t))

)
)

Figure 2.1: ToyLogistics in STRIPS.

stated:

s = f pjp is true in sg:

All unspeci�ed facts are false,accordingto the so-calledclosed world assump-

tion [65].

Function 
 : S � A ! S models transitions betweenstates. S is the set

of states, and A is the set of instantiated actions. An instantiated action is

obtained from an operator by instantiating all its parameterswith constant

symbols. If s 6) Prec(a), then 
 (s;a) is unde�ned. If s ) Prec(a), then a

is applicable to s, and 
 (s;a) is the state s0 obtained by applying a's e�ects

to s. For example,in STRIPS this meansthat all precondition facts of a are
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(de�ne (problem ToyInstance1)
(:domain ToyLogistics)
(:objects

place0place1- place
truck0 - truck
crate0 - crate

)
(:init

(at crate0 place0)
(at truck0 place1)

)
(:goal (at crate0 place1)
)

)

Figure 2.2: A problem instancefor ToyLogistics.

true in s: Prec(a) � s. The resulting state s0 is

s0 = 
 (s;a) = (s [ Add(a)) � Del(a):

In ADL, a conditional e�ect (c;e) is consideredonly if s ) c. In such a case,

e becomespart of the e�ect formula that createss0 from s.

A planning task is to �nd a sequenceof instantiated actionscalleda solution

plan

� = a1a2:::an

that reachesa goal state sn starting from the initial state s0:

si +1 = 
 (si ; ai +1 ); i � 0 ^ sn ) G:

When looking for a solution, plannersusually explorea search space asso-

ciated with the current planning task. The nature of a search spacedepends

upon the solving strategy chosen. Di�eren t planning approachescan explore

di�eren t search spaces.Forward chaining planning [32] exploresthe statespace

de�ned above. The root is the initial state s0, and the successorsof a state s

are the resulting statesof all actions applicable in s.

In regressionplanning, which searches from the goal towards the initial

state, a state in the search spaceis a collectionof facts seenasgoalconditions.
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The root of this search spaceis G. The successorsof a state s in this space

are obtained as follows: For simplicity, assumethat an action a achieves a

condition p 2 s and does not delete any condition in s. Then the successor

of s corresponding to a is obtained from s by removing p and adding all pre-

conditions of a. The next two subsectionscontain more details and references

about forward and regressionplanning.

Partial-order planning [73] exploresa spaceof partial plans. The root is an

empty plan, and a successorof a partial plan is obtained by resolving a 
aw

(e.g., add a new action that satis�es a goal condition, or add a new ordering

constraint betweentwo actions of the partial plan). In SAT planning [54], a

problem is represented as a SAT formula, and states in this search spaceare

partial assignments to the formula's variables.

2.1.2 Planning as Heuristic Search

Planning asheuristic search attempts to computea solution plan with single-

agent search techniques. The direction of spaceexploration can be either

from the initial state towards the goal state (forward-chaining search) or from

the goal state towards the initial state (regressionsearch). The most popular

search strategiesarebasedon hil l-climbing or best-�rst search. A fewvariations

of thesestrategiesare described later in this section.

A heuristic state evaluator guides the problem spaceexploration. Given

the genericnature of fully automated planning, the only knowledgeabout the

application at hand that a heuristic function can usecomesfrom the domain

and problem formulations in a standard planning language. It is especially

challenging to designa heuristic evaluation function that usesno additional

hand-coded information, and works well in many classesof problems.

Many successfulplanners use heuristic search. The following paragraphs

focus on fully automated planners that have had a major impact on the de-

velopment of the ideas in this thesis. Heuristic-search planners that can use

hand-coded information (e.g., TLPlan, TALPlanner, SHOP) are described in

Section2.1.3.

Bonet and Ge�ner's Heuristic Search Planner (HSP) [5] �rst demonstrated
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the e�ciency of heuristic search in modern planning, and generateda lot of

research interest on this topic. HSP implements a heuristic state evaluator

basedon problem relaxation. Given a state s and a fact p, h(s;p) is the length

of a shortest sequenceof relaxed actions that achieves p starting from s. A

relaxedaction is obtained from a regular action by ignoring its deletee�ects.

Given a collection of goal facts G = f g1; :::; gkg, the heuristic evaluation of

state s is

h(s) =
kX

i =1

h(s;gi ): (2.1)

This additive formula introducesyet another approximation, assumingthat

goal facts are independent. This heuristic can overestimatethe real distance

and henceis not admissible. Admissibilit y of a heuristic h meansthat, for each

state s, h(s) � h� (s), whereh� (s) is the minimum cost of a path from s to a

goal state. This property ensuresthat an algorithm such as A* [33] produces

optimal solutions with respect to their cost.

Several versions of this planner exist that di�er mainly in their search

strategy. HSP implements an incomplete hill-climbing algorithm. HSP2 im-

plements weighted A* (wA*) [75], a best-�rst search algorithm [5]. In wA*,

nodes in the open queue (i.e., nodes generatedbut not expandedyet) are

sorted accordingto a value f (s) associated to each state s:

f (s) = (1 � w)g(s) + wh(s); 0:5 � w � 1:

This is a weighted sum of g(s), the distancefrom the root to the current state

s, and h(s), the estimated distance to a goal state. When w = 0:5, wA*

is equivalent to A*. Values of w larger than 0:5 are used with the purpose

of achieving a goal state faster, as nodesevaluated closerto a goal state are

expandedwith increasedpriorit y. On the other hand, solutions computed

with wA*, w > 0:5, are not guaranteed to be optimal, even if the heuristic h

is admissible.

In HSP and HSP2, which useforward-chaining search, an important per-

formance bottleneck is that the heuristic evaluation has to be recomputed

from scratch in each state. HSPr performs regression(backwards) search us-

ing wA*. The bene�t of regressionsearch is a much faster computation of
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heuristic state evaluation. Recall that regressionsearch tries to reach s0 by

exploring a spacewherestatess = f p1; :::; png are collectionsof facts seenas

current goal conditions. The evaluation h(s0; s) of a state s = f p1; :::; png is

h(s0; s) =
nX

i =1

h(s0; pi ): (2.2)

Since the �rst parameter of h in Equation 2.2 is �xed (i.e., s0), h(s0; p) is

precomputedfor each fact p in the problem. Then, for each state s, h(s0; s)

is quickly obtained with Equation 2.2. Note that the idea of precomputing

h(s;p) is hard to apply in forward search, since s can take arbitrary values

(seeEquation 2.1).

Ho�mann's plannerFast Forward (FF) [42] signi�cantly advancedthe stan-

dards establishedby HSP. Due to its great success,FF's planning strategy is

implemented in many current planners. Perhapsthe most important contribu-

tion of FF is a new domain-independent heuristic function that proved to be

very successfulin practice. The newmethod preservesthe action relaxation of

HSP, but doesnot assumethat goalconditionswill be achieved independently.

For each state that hasto be evaluated, the distanceto a goalstate is approxi-

mated by the length of a relaxedplan that achievesall goalconditionsstarting

from the current state. The relaxedplan is computedwith relaxed graphplan,

a relaxation of the standard graphplan algorithm [4] in which delete e�ects

of actions are ignored. Solving a relaxed problem optimally is NP-hard [16],

but suboptimal relaxed plans can be found in polynomial time. Despite this

signi�cant reduction, FF often spends large amounts of time doing heuristic

state computations. FF's heuristic is not admissible,but in practice it acts as

a lower-bound for the real value in most cases.

FF implements two forward search algorithms. Enforced hil l climbing

(EHC) is a fast but incomplete algorithm that greedily searches for a goal

state in the problem space.If EHC fails, becauseof either its incompleteness

or the absenceof a solution, a completebest-�rst search (BFS) algorithm is

launched to �nd a path to a goal state.

EHC starts from the initial state of a problem and performsa local search

usinga breadth-�rst strategy. When a state with a better evaluation than the
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starting state is found, the current local search stopsand a new local search is

launched starting from the newly found state. In EHC, the relaxedgraphplan

computation for a state is usednot only to �nd a heuristic evaluation, but also

to further prune the search spacewith helpful action pruning. When a state

is expanded,only movesthat occur in the relaxedplan and can be applied to

the current state are considered.

BFS is in fact wA* with w = 1, an algorithm alsoknown aspure heuristic

search [58]. When ordering nodes in the open queue,only h, the estimated

distance to a goal state, is taken into account. Nodesevaluated to be closer

to a goal state are expandedwith higher priorit y. This strategy tends to �nd

solutions with fewer expandednodesfor the price of sub-optimality.

Vidal's planner YAHSP (Yet Another Heuristic Search Planner) [87, 88]

advancesFF's approach in two signi�cant directions. First, the useof a relaxed

plan is extended. The motivation is that a relaxedplan often contains useful

information about the solution of the real problem. If this information is

compressedto only onenumber, the heuristic evaluation of the current state,

much useful information might be lost. To addressthis, Vidal introduces

lookahead policies. A lookaheadpolicy executesparts of the relaxed plan in

the real world. This often providesa path towards a goal state with no search

and few states evaluated. This technique heuristically orders the actions in

the relaxedplan and iterativ ely appliesthem aslong asthis is possible.When

the lookaheadprocedurecannot be continued with actions from the relaxed

plan, a plan repair method selectsa new action to be applied.

As a secondcontribution, YAHSP combines EHC, BFS, and lookahead

policies into one single algorithm, in an attempt to exploit the bene�ts of

each. EHC is fast and can cut o� large parts of the spacewith helpful action

pruning, while BFS is complete. The newalgorithm preservesthe completeness

of BFS, but expandshelpful nodes generatedby helpful actions with higher

priorit y than the remaining nodes.

HSP, FF and YAHSP usesomekind of relaxation of the graphplan algo-

rithm for heuristic evaluation of states. Helmert's planner Fast Downward

implements a new approach basedon causalanalysis[34, 35]. The motivation
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of this work is that graphplan relaxation often losesmuch of the structure

of the problem, and the heuristic becomesinaccurate. This is the case,for

example,in transportation domains. When a mobile object such asa truck or

an airplane movesfrom location A to location B, in a relaxedstate the object

can be in both locations at the sametime. In bad cases,the relaxedplan has

so little relevancefor the real problem that the search becomesblind.

FastDownward represents problemstateswith multi-v aluedvariablesrather

than as in the classicalstyle with propositional logic. In the exampleabove,

there will be a variable for each mobile object, with a value for each possible

location of that object. Further, a causalgraph is de�ned for a problem. Each

state variable is a node in the graph. If changing the value of a variable v

can depend on changesto a variable u, a causallink (u; v) is de�ned. One or

several subgraphs,called SAS+ � 1 structures, are extracted from the causal

graph. A SAS+ � 1 structure has one node (variable) called the high-level

variable and several nodescalled low-level variables. There is one edgefrom

each low-level variable to the high-level variable. SAS+ � 1 structuresareused

to compute the heuristic value of a state. For each structure, a local plan is

computed that changesthe high-level variable from the current value to the

goal value. Local plans of all structures are combined into the heuristic of the

global state.

2.1.3 Abstraction in Planning

Automatic discovery and exploitation of the implicit structure of a domainhas

beenexplored by Knoblock [55]. In this work, a hierarchy of abstractions is

built starting from the initial low-level problem description. A new abstract

level is obtained by dropping literals from the problem de�nition at the pre-

vious abstraction level. Planning �rst producesan abstract solution and then

iterativ ely re�nes it to a low-level representation. The hierarchy is built in

such a way that, if a re�nement of an abstract solution exists,no backtracking

acrossabstraction levels is necessaryduring the re�nement process. Back-

tracking is performed only when an abstract plan has no re�nement. Such

situations can be arbitrarily frequent, with negative e�ects on the system's
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performance.

Bacchus and Yang [3] de�ne a theoretical probabilistic framework to an-

alyze planning in hierarchical models. Abstract solutions of a problem at

di�eren t abstraction levels are hierarchically represented as nodes in a tree

structure. A tree edgeindicates that the target node is a re�nement of the

start node. An abstract solution can be re�ned to the previous level with

a given probability. Hierarchical search in this model is analytically evalu-

ated. The analytical model is further usedto enhanceKnoblock's abstraction

algorithm. The enhancement refers to using estimations of the re�nement

probabilities for abstract solutions.

Fox and Long proposealgorithms that exploit the symmetry present in a

planning domain [29, 30]. Symmetriesbetweenobjects are identi�ed starting

from the initial state of a problem [29]. Two objects are symmetrical if swap-

ping them does not changethe initial state of the problem. Symmetriesare

further usedto identify equivalent actions that can be applicable to a state.

The search spacecansafelybeprunedbasedon equivalent actions: it is enough

to generateonly oneaction that represents an entire equivalenceclass. In [29],

the only symmetriesrecognizedin search are a subsetof the initial symmetry

group extracted from the initial state of a problem. However, many other

symmetriescan exist at various levels of a search space. Hencethe authors

extend their method to dynamically identify larger equivalenceclasses[30].

Two successfulapproachesthat usehand-craftedinformation are temporal

logic control rules and hierarchical task networks. Thesecan be seenas forms

of abstraction by hand, sinceplanning usesinformation about the structure of

a domain that is not explicitly encoded in the domain de�nition. In planning

with temporal logic control rules,a formula is associated with each state in the

problem space. The formula of the initial state is provided with the domain

description. The formula of any other state is obtained basedon its prede-

cessor'sformula. When the formula associated with a state can be proven

false,that state's subtreeis pruned. The best known plannersof this kind are

TLPlan [2] and TALPlanner [60].

Hierarchical task networks (HTNs) guide and restrict planning by using a
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hierarchical representation of a domain. Human experts designhierarchies of

tasks that show how the initial problem can be broken down to the level of

regular actions. The idea was introducedby Sacerdoti[80] and Tate [84], and

has beenwidely used in real-life planning applications [89]. SHOP2 by Nau

et al. [72] is a well-known heuristic search planner wheresearch is guided by

HTNs.

2.1.4 Macro-Op erators in Planning

Early work on macro-operators in AI planning includes Fikes and Nilsson's

planner called STRIPS [28]. Macros are obtained from solution plans by re-

placingconstant arguments of actionswith genericvariables. Minton extended

this work by introducing techniquesthat �lter a setof learnedmacro-operators

[68]. In his approach, two typesof macro-operators are preferred: S-macros,

which occur with high frequencyin problem solutions, and T-macros, which

can be useful but have low priorit y in the original search algorithm. Iba pro-

posesgeneratingmacro-operatorsat run-time usingthe so-calledpeak-to-peak

heuristic [47]. A macrotraversesa \v alley" betweentwo peaksof the heuristic

state evaluation. This can correct problemswith the heuristic evaluation. A

macro�ltering procedureusesboth simplestatic rulesand dynamic statistical

data. Mooneyconsiderswholeplansasmacrosand introducespartial ordering

of operators basedon their causalinteractions [70].

Work on improving planning basedon solutions of similar problems has

been reported by Velosoand Carbonell [86]. Large collections of cases are

stored as more instancesare solved in a domain. A caseis an entire solution

of a solved problem annotated with additional relevant information such as

explanationsof successfulor failed search decisions.When a newproblemis fed

to the planner, casescorresponding to similar problemsare usedto guide the

current planning process.The sameidea of reusingsolutionsof past instances

is exploredby Kambhampati [53] in a hierarchical planning framework. In this

work, solutionsareannotatedwith causaldependenciesbetweenthe e�ects and

the preconditionsof solution steps. When a new problem is being solved, an

old plan is modi�ed into a valid solution to the current problem. In both cited
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works, similarit y metrics are de�ned that determine what stored solutions

should be retrieved and usedto solve the current instance.

McCluskey and Porteousfocuson constructing planning domainsstarting

from a natural languagedescription [64]. The approach combines human ex-

pertise and automatic tools, and addressesboth correctnessand e�ciency of

the obtained formulation. Macro-operators are a major technique that the

authors proposefor e�ciency improvement. In this work, a state in a domain

is composedof the local states of several variables called dynamic objects.

Macrosmodel transitions betweenthe local statesof a variable.

Recently, Coles and Smith implemented support for macro-operators in

their plannerMarvin [18]. Macrosaregeneratedwith two di�eren t techniques.

First, action sequencesthat escape a plateau (i.e. reach a state with a better

heuristic starting from a local minimum) are discoveredonline and cached for

later use. Second,an o�ine method generatesa reducedproblemby exploiting

symmetriesin the original instance. The solution of this problem is usedto

generatemacrosthat will be usedin the main search. No macrosare stored

from oneproblem instanceto another.

2.2 Path-Finding

The problem of path-�nding is to computea path betweentwo given locations

on a map that can contain both blocked areas and passableareas. Path-

�nding is important in numerousapplications such as commercialcomputer

games,robotics, transportation, etc. Path-�nding problemsare usually solved

by running a single-agent search such as A* on a graph associated with the

problem at hand. A commonway to obtain such a graph is to apply a grid

onto the problem map. Unblocked grid cellson the map becomegraph nodes.

Graph edgesrepresent adjacencyrelationshipsbetweencells. Other methods

of abstracting maps into search graphs, such as visibilit y points, quadtrees,

and navigation meshes,are discussedin the following subsections.This sec-

tion reviewspath-�nding in commercialgames,abstraction applied to robot

navigation, and other relevant work.
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2.2.1 Abstraction for Path-Finding in Commercial Com-
puter Games

Path-�nding in gamesusing a two-level hierarchy is described by Rabin [77].

The author providesonly a high-level presentation of the approach. A map is

abstractedinto clusterssuch as roomsin a building or squareblocks on other

topologies.An abstract action crossesa cluster.

Another important hierarchical approach for path-�nding in commercial

gamesusespoints of visibility [78]. This method exploits the local topology of

a domain to de�ne an abstract graph that covers the map. Nodes represent

cornersof convex obstacles.Edgeslink all nodesthat can seeeach other (i.e.,

they can be connectedby a straight line). This method is particularly useful

whenthe number of obstaclesis relatively small and they have a convex polyg-

onal shape. The e�ciency decreaseswhen many obstaclesare present and/or

their shape is not a convex polygon. Consider the caseof a map containing

a forest, a densecollection of small obstacles.Modeling such a topology with

points of visibilit y would result in a large graph (in terms of both number of

nodesand edges)with short edges.The key ideaof abstraction, traveling long

distancesin a single step, would not work. When the problem map contains

concave or curved shapes, the method either has poor performanceor needs

sophisticatedengineeringto build the graph e�cien tly.

A navigation mesh (also known as a NavMesh) is a powerful abstraction

technique useful for 2D and 3D maps. In a 2D environment, this approach

covers the unblocked areaof a map with a (minimal) set of convex polygons.

A method for building a near optimal NavMesh is presented in [85]. This

method relaxesthe condition of the minimal set of polygonsand builds a map

coveragemuch faster.

Many contributions to the problemof path-�nding in computergamescome

from work on commercialgamesrather than academicresearch. Hierarchical

search appearsto be usedby several gamecompanies.The algorithmic details

are not public.
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2.2.2 Abstraction for Path-Finding in Rob otics

Quadtrees have been proposedfor hierarchical map decomposition in robot

navigation [81]. A map is partitioned into square blocks of di�eren t sizes

such that a block contains either only empty cells or only blocked cells. The

problem map is initially partitioned into 4 blocks. If a block contains both

obstaclecellsand walkable cells, then it is further decomposedinto 4 smaller

blocks, and soon. A movein this abstractedframework connectscenters of two

adjacent blocks. Sincean agent always goesto the middle of a box, solutions

are sub-optimal.

The solution quality can be improved by framed quadtrees [17, 90]. In

framed quadtrees,the border of a block is augmented with cellsat the highest

resolution. An action crossesa block betweenany two border cells. Sincethis

representation permits many anglesof direction, the solution quality improves

signi�cantly. However, framed quadtreesusemore memory than quadtrees.

2.2.3 Other Relev ant Work

Learning macro-operators for path-�nding is explored by Markovitch in [62].

Given a �xed map and a distribution of the node pairs for which paths have to

be computed, training problemsare generatedand solved. The solutions are

analyzedto extract commonpatterns that will be stored as macro-operators.

Macrosare �ltered accordingto the so-calledminimum-to-better rule, which is

very similar to the plateau-escapingrule presented at the end of Section2.1.4.

Shekharet al. decomposean initial problem graph into a set of fragment

sub-graphsand a global boundary sub-graph that links the fragment sub-

graphs [82]. Shortest paths are computed and cached for future use. The

authors analyzewhat shortest paths (i.e., from which sub-graphs)to cache,

and what information to keep(i.e., either completepath or only cost) for best

performancewhen limited memory is available.

Yap analyzesgrid abstractions in path-�nding problems [91]. Grid ab-

straction discretizesa problem map into a grid with a regular structure. The

structure of a grid is determinedby the shape of its atomic cells(e.g., squares,
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hexagons,etc.), their relative positioning (e.g., squarescan be either aligned

or shifted like bricks in a wall), and possible transitions between adjacent

cells (e.g., in four straight directions or in eight straight and diagonal direc-

tions). The author analyzeshow performancein path-�nding is a�ected when

thesegrid abstractions are combined with search algorithms such as A* and

IDA* [56].

Reeseand Stout classifypath-�nding problemsaccordingto the typeof the

results that are sought, the environment type, and the amount of information

available [79]. Challengesspeci�c to each problem type and solving strategies

such as re-planning and using dynamic data structures are brie
y discussed.

Moore et al. use a multi-level hierarchy to enhancethe performanceof

multiple goal path-planning in a Markov Decision Process(MDP) framework

[71]. The problem posedis to e�cien tly learn near optimal policies � � (x; y)

to travel from x to y for all pairs (x; y) of map locations. The number of

policies that have to be computed and stored is quadratic in the number of

map cells. To improve both the memoryand time requirements, at the price of

losingoptimalit y, a multi-level structure is used{ a socalledairport hierarchy.

All locations on the problem map are airports that are assignedto di�eren t

hierarchical levels. The strategy for travelling from x to y is similar to traveling

by plane in the real world. First, travel to bigger and bigger airports until a

connectionexiststo the areathat contains the destination. Second,godown in

the hierarchy by travelling to smallerairports until the destination is reached.

Precup et al. use macro-actionsto speed up planning in reinforcement

learning [76]. In this work, a macro-action is de�ned as a starting state, a

policy that will befollowed,anda completionfunction that tells the probability

of completing the macro-actionat a given time step. The completion function

of a macro models sub-goal achievement. Since policies have probabilistic

transitions, execution of a macro-action may end-up in di�eren t �nal states.

The authors focus on developing a mathematical foundation of this model.

They illustrate the model with an application of navigating inside a building

with rooms. Macro-actions model leaving a room and reaching a hallway

point. Macrossolve the local problemsof navigating inside a room, which are
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Figure 2.3: Sokoban puzzle.

compiledaway from the global problem.

2.3 Sokoban

Figure 2.3showsthe Sokobanproblem#1 in the 90-problemtest suiteavailable

at [48]. It consistsof a mazewhich hastwo typesof squares(also called tiles):

inaccessiblewall squaresand accessibleinterior squares. Several stones are

initially placed on someof the interior squares. A man can walk around by

moving from his current position to any adjacent stone-freeinterior position.

Consider a row (or column) of three adjacent interior squaressuch that the

man is on oneend square,a stone is in the middle, and the other end square

is free. A push move is to shift both the man's and stone'spositions by one

square in the direction of the initially free square. The goal is to push all

stones to marked goal squares. In Figure 2.3, the six goal squaresare the

marked onesat the right end of the maze.

Culbersonshowed that Sokoban is PSPACE-complete [19]. In computer

Sokoban, the state of the art is represented by Junghanns'solver Rolling Stone

[52] and an anonymousJapaneseresearcher [49]. Little information is available

about the latter. Both solvers are able to �nd solutions for about two thirds

of the standard 90-problemtest suite [52].

While centered on a classicalsingle-agent search approach, Rolling Stone
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owespart of its successto abstraction techniques. Two of the most e�ectiv e

conceptsin Rolling Stone are tunnel macros and goal macros [52]. A tunnel

is a line of adjacent free cells borderedby walls. The endsof the tunnel are

connectedto the rest of the maze. Tunnel macrosare move sequencesthat

push a stonethrough a tunnel from oneend to another. A tunnel macro does

not interact with the rest of moves that are legal on the maze. Interleaving

singletunnel moveswith other movesleadsto a blow-up of the search.

A goal room is an areathat connectswith the rest of the mazevia a few en-

trancesand contains oneor several goalsquares.Goalmacrosareprecomputed

sequencesthat arrange stonesinto a goal room. While losing completeness,

goal macroseliminate many deadlocks that could be generatedby incorrect

�lling of a goal room.

2.4 Abstraction in Single-Agen t Search

This section summarizescontributions that are not necessarilydesignedfor

planning, path-�nding, or Sokoban, but still remain relevant for the work

reported in this thesis.

Culbersonand Schae�er [20, 21] introducepattern databases,large collec-

tions of abstractions of problem states that represent a heuristic evaluation

function. State abstraction is performedby replacingpart of the featuresthat

characterizea state with a generic\don't care" symbol. Subsequent research

signi�cantly extendedthis idea. Korf usedpattern databasesto compute op-

timal solutions to the Rubik's Cube puzzle[59]. Holte et al. analyzedhow to

best usea �xed amount of memory when several pattern databasesare avail-

able [45]. The authors show that several smallerdatabasescan be better than

onesingledatabase.Recent work exploits symmetriesthat pattern databases

can exhibit as a result of symmetriesin problem states [27].

Edelkamp usespattern databasesin domain-independent planning [23, 24].

Hern�adv•olgyi applies usespattern databasesto �nd macro-operators in Ru-

bik's Cube [37]. Korf [57] and Iba [47] apply macro-operatorsto the sliding-tile

puzzle.
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Holte et al. [43] usehomomorphismabstraction to analyzehow a hierarchi-

cal representation of a search spacecan be exploited in search. In homomor-

phism abstraction, a graph node at an abstract level represents several nodes

from the previouslevel. Several levelscan be built on top of oneanother until

an abstract one-statespaceis obtained. The authors arguethat two strategies

for exploiting an abstract solution at the previouslevel have mainly beencon-

sideredin the literature. The �rst strategy usesan abstract level to build a

heuristic function at a lower level. The distancebetweentwo low-level nodes

is approximated by the length of an abstract path betweenthe two abstract

nodesthat correspond to each low-level node. The secondstrategy generates

a lower-level solution by re�ning an abstract solution. Nodesin the abstract

solution act as sub-goalsin the low-level problem. Re�nement generatesa

path betweentwo abstract nodes. The authors show the similarities between

the two approachesand develop a uni�ed framework.

Holte et al. introduce Hierarchical A* [46], a search method designed

for situations when no heuristic function is provided. Hierarchical A* uses

homomorphismabstraction to structure an original search spaceon several

levels. The hierarchy is then exploitedaccordingto the �rst strategymentioned

before: search at a given level provides a heuristic function for the previous

level. The authors present techniques(e.g., smart caching of search results)

that result in expandinglessnodesthan blind search in the initial space.

Homomorphismabstractionand re�nement in explicitly represented graphs

are explored by Holte et al. in [44]. A clustering algorithm called STAR is

introducedas an e�cien t approach for homomorphismabstraction in generic

graphs. Several re�nement techniquesare evaluated, out of which a method

called AltO is shown to be the overall winner. In AltO, stepsof an abstract

solution aregraph nodesrather than graph edges.A search to �nd an abstract

solution and a search to re�ne a solution are performedin opposite directions.

AltO is opportunistic in the sensethat steps in an abstract solution can be

skipped when the re�nement process�nds shortcuts towards the goal state.

Helmstetter and Cazenave useabstraction in a solitaire card gamecalled

Gaps [36]. When this puzzle is played with a standard 52-carddeck, 4 types
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of moves exist, one for each suit. If moves of only one suit are considered,

they comein a forced sequence,with no branching. Branching is generated

whenmovesof di�eren t suits areconsideredat the sametime. At somepoints,

sequencesof di�eren t suits may interact: the subsequent evolution of a suit

candependon whethera movewasmadefor anothersuit. The authorsexploit

thesefeaturesof the puzzle to abstract an initial search spaceinto blocks. A

block is a part of the spacewhere move sequencesof di�eren t suits do not

interact with each other. Blocks are e�cien tly searched, sincethere is no need

to interleave movesof di�eren t types.

2.5 Conclusions

This chapter haspresented AI research related to this thesiswork. The focus

has beenon the state of the art in using abstraction in search and planning.

This survey indicates that variations of abstraction ideashave generatedlots

of interest in AI planning and heuristic search. Many of the successfulcontri-

butions have beenapplied in a domain-speci�c context. There are rather few

application-independent successstories in this area.

There is much room left for research on how abstraction can be exploited

in faster problem solvers. This implies both designingnew algorithms and

applying abstraction to newdomains. In particular, abstraction appearsto be

necessaryin domainswhere low-level search is often unable to �nd solutions

using the available CPU time and memory resources.Examplesof such do-

mains are somecurrent planning benchmarks, path-�nding on realistic maps,

and Sokoban, the target applications of this research.
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Chapter 3

Comp onent Abstraction in AI
Planning

In many domains,the performanceof a planner can be improved by inferring

and exploiting information about the domain structure that is not explicitly

encoded in the initial PDDL formulation. The implicit structural information

that a domain encodesis, arguably, proportional to how di�cult the domain

is, and how realistically this models the world. For example,considerdriving

a truck betweentwo locations. This operation is composedof many subtasks

in the real world. To name just a few, the truck should be fueled and have

a driver assigned.In a detailed planning formulation, several operators such

as fuel , assign-driver , and drive would be de�ned. This representation

already contains implicit information about the domain structure. It is quite

obvious for a human that driving a truck betweentwo remote locationswould

be a macro-actionwhere�rst the truck is fueledand assigneda driver (with no

ordering constraints between thesetwo actions) and next the drive operator

is applied. In a simpler formulation, one can remove the operators fuel and

assign-driver . Now driving a truck is modeledas a singleaction, and part

of the original structure hasbeenremoved from the model.

In this chapter an automatedmethod is presented that learnssuch implicit

domain knowledgeand usesit to simplify planning for newproblem instances.

This is usefulin fully automatic planning, whereonly a domain and a problem

de�nition are fed into a planner. Additional input that would encode, for

instance,human knowledgeof the domain at hand is not provided.
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1. Analysis { Extract new information about the domain structure.

2. Generation{ Build macro-operatorsbasedon the previously ac-
quired domain structure.

3. Filtering { Selectthe most promising macro-operators.

4. Planning { Usethe selectedmacro-operatorsto improveplanning
in future problems.

Figure 3.1: A generic planning approach that usesabstraction to generate
macro-operators.

(a) (b)

Figure 3.2: (a) Standard planning framework. (b) CA-ED { Integrating com-
ponent abstraction and macro-operators into the standard planning frame-
work.

As shown in Figure 3.1, this learning approach has four-steps. At step 1,

component abstraction is introducedas a novel technique to infer knowledge

about the structure of a domain. Then a small set of useful macro-operators

is produced in steps 2 and 3. Assume the original domain is expressedin

STRIPS, a simple but widely usedsubsetof the standard planning language

PDDL. The selectedmacro-operators are added to the initial domain formu-

lation, resulting in an enhanceddomain expressedin the same description

language.The de�nitions of the enhanceddomain and new problem instances

canbe givenasinput to any STRIPS planner, with no work requiredto imple-

ment step 4. Once the enhanceddomain formulation is available in standard

STRIPS, a planner makesno distinction betweena macro-operator and a nor-

mal operator [13]. This approach is calledCA-ED for Component Abstraction

{ EnhancedDomain.

Figure 3.2 comparesthe generalarchitecture of CA-ED with a standard
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planning framework. In standard planning, a planner takesas input a domain

and a probleminstance. In CA-ED, abstraction is usedto enhancethe original

de�nition of a domain. The enhanceddomain and problem instancescan be

fed into a standard planner. The box Abstraction in the �gure includessteps

1{3 above. Abstraction is performed within a training sessionthat usesone

or several sampleproblemsfrom a domain. For each sampleproblem, related

low-level objects are grouped together into newcomponents. Macro-operators

that group local actions at the level of one component are generatedwith a

local analysis. After all sampleinstanceshave beenprocessed,�ltering is used

to selectthe \b est" macros,which will be addedasnewoperatorsto the initial

domain.

If the aboveprocedureis successfuland usefulmacro-operatorsare learned,

planning will be a�ected in several important ways, analyzedin detail in Sec-

tion 3.3:

� New actions are addedto the search space,with the e�ects of reducing

the distanceto goal statesand increasingthe branching factor.

� Heuristic state evaluation, using a state-of-the-art method such asHo�-

mann's relaxedgraphplan [42], can becomemore accurate.

� Preprocessingcost,aswell asrun-time costper node, will often increase.

The rest of this chapter is structured asfollows: The next sectiondescribes

component abstraction. Section3.2focuseson generatingand �ltering macros.

Bene�ts and limitations of CA-ED areanalyzedin Section3.3. The last section

contains conclusionsand ideasfor future work.

3.1 Comp onent Abstraction

Humansoften abstract objectsconnectedthrough permanent (static) relation-

ships into one functional unit. For instance,a robot with a hammer could be

considereda single unit, with both mobilit y and maintenanceskills. In this

work, such units are modeled with abstract components (or, shorter, com-
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Figure 3.3: Static graph of a Roversproblem.

ponents). Component abstraction automatically identi�es components in a

two-stepprocess:

1. Build the problem static graph, which models permanent relationships

betweenconstant symbols (objects) of a problem.

2. Build abstract components with a clustering procedure. Formally, an

abstract component is a connectedsubgraphof the static graph.

3.1.1 Building the Static Graph of a Problem

A static graph is constructed from the PDDL representation of a planning

problem. Each constant that is an argument of at least onestatic fact de�nes

a node in the static graph. A fact is static for a problem if it is true in the

initial state and no action can change its value. All constants in a fact are

linked pairwise.1 All edgesin the graph are labeled with the name of the

corresponding fact.

A Rovers problem is used as an example of how component abstraction

works. SeeAppendix B for a descriptionof Rovers. Figure 3.3shows the static

graph of the sampleproblem. Starting from the left of the picture, the nodes

include two stores(store0 and store1 ), two rovers(r over0 and r over1 ),

two photo cameras (cam0 and cam1), two objectives (obj0 and obj1 ),

two cameramodes(colour and high res ), and four waypoints (point0 ,...

1In other words, a fact of arit y k � 2 will generate a clique between its k constant
arguments.
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point3 ). The edgescorrespond to the static predicates (store of ?s -

store ?r - r over) , (on board ?c - camera ?r - r over) , (suppor ts

?c - camera ?m - mode) , (calibra tion t ar get ?c - camera ?o - ob-

jective) , and (visible fr om ?o - objective ?w - waypoint) .

The two marked clusterson the left are examplesof abstract components

found by CA-ED. Each component is a rover equipped with a cameraand a

store. Details about how components are built follow in Section3.1.2.

To identify static factsnecessaryto build the static graph, the setof domain

operators O is used to partition the predicate set P into two disjoint sets,

P = PF [ PS, corresponding to 
uent and static predicates. A predicate p

is 
uen t if p is part of an operator's e�ects (either positive or negative). In

STRIPS, this translates to

p 2 PF , 9o 2 O : p 2 Add(o) [ Del(o):

Otherwise,p is static, denotedby p 2 PS.

Facts that are true in the initial state of the problem and correspond to

static predicatesarestatic. Static predicatesthat areunary2 or contain two or

morevariablesof the sametype will be ignored. The latter kind of factsareof-

ten usedto model topologicalrelationships,and can lead to largecomponents.

Appendix A.1 provides the pseudocode of the method that builds the static

graph of a problem. Details about identifying static facts in domains with

hierarchical types,which needadditional care,arepresented in Appendix A.2.

3.1.2 Building Abstract Comp onents

Abstract components are built as connectedsubgraphsof the static graph of

a problem. Clustering starts with abstract components of size1, containing

onenode each, that are generatedbasedon a randomly selecteddomain type

t, the seed type. For each node of type t in the static graph, a new abstract

component is created. Abstract components arethen iterativ ely extendedwith

a greedyapproach.

2In many current domains, unary static facts have been replaced by types associated
with variables.

33



Step Current Used component0 component1
Predicate Pred. Consts Facts Consts Facts

1 cam0 cam1
2 (suppor ts NO cam0 cam1

?c - camera
?m - mode)

3 (calibr t ar get NO cam0 cam1
?c - camera

?o - objective)
4 (on board YES cam0 (on board cam1 (on board

?c - camera r over0 cam0 r over1 cam1
?r - r over) r over0) r over1)

5 (store of YES cam0 (on board cam1 (on board
?s - store r over0 cam0 r over1 cam1

?r - r over) store0 r over0) store1 r over1)
(store of (store of

store0 store1
r over0) r over1)

Table 3.1: Building abstract components for the Roversexample.

Next the clusteringprocedureis run on the Roversexample.A moreformal

description, including pseudo-code, is provided in Appendix A.3. As said

before,Figure 3.3 shows the two abstract components built for the example.

The stepsof applying the clusteringprocedureto the examplearesummarized

in Table 3.1, and correspond to the following actions:

1. Randomly choosea seedtype (camera in this example),and createone

abstract component for each constant of type camera : component0

contains cam0, and component1 contains cam1. Next, iterativ ely

extend the components createdat this step. One extensionstep usesa

static predicatethat hasat least onevariable type already encoded into

the components.

2. Choosethe predicate(suppor ts ?c - camera ?m - mode) , which has

a variable of type camera . Since ending up with a large component

containing the whole graph is not desired, this method does not allow

merging two existing components. Hencea test is performed whether

the static facts basedon this predicate keep the existing components
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separated. These static facts are (suppor ts cam0 colour) , (sup-

por ts cam0 high res) , (suppor ts cam1 colour) , and (suppor ts

cam1 high res) . The test fails, sinceconstants colour and high res

would be part of both components. Thereforethis predicate is not used

for component extension.

3. Similarly, the predicate(calibra tion t ar get ?c - camera ?o - ob-

jective) is not used,as it would add the constant obj1 to both com-

ponents.

4. Predicate(on board ?c - camera ?r - r over) is usedfor component

extension.The components are expandedasshown in Table 3.1, Step 4.

5. Predicate (store of ?s - store ?r - r over) , whose type r over

has previously beenencoded into the components, is considered. This

predicateextendsthe components as presented in Table 3.1, Step 5.

After Step 5, no further component extensioncan be performed. There are

no other static predicatesusing at least one of the component types to be

tried for further extension. At this moment the quality of the decomposition

is evaluated. In this example it is satisfactory (see discussionbelow), and

the processterminates. Otherwise, the decomposition processrestarts with

another domain type.

The quality of a decomposition is evaluated according to the size of the

built components, where size is de�ned as the number of low-level types in

a component. In experiments, the size was limited to valuesbetween2 and

4. The lower limit is trivial, sincean abstract component should combine at

least two low-level types. The upper limit wasset heuristically, to prevent the

abstraction from building just one large component. These relatively small

values are also consistent with the goal of limiting the size and number of

macro operators. More details on this issueare provided in Section3.2.
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Figure 3.4: Abstract type in Rovers.

3.1.3 Assigning T yp es to Abstract Comp onents

Following the standard of typed planning domains, where each object has a

type, abstract components are assignedabstract types. Figure 3.4 shows the

abstract type assignedto the components of the Rovers example. As shown

in this �gure, the abstract type of a component is a graph obtained from the

component graph by changing the node labels. The constant symbols usedas

node labelshave beenreplacedwith their low-level types(e.g., constant cam0

hasbeenreplacedby its type camera ).

The examplealsoshows that components with identical structure have the

sameabstract type. As shown below, the concept of identical structure is a

strong form of graph isomorphism,which preservesthe edgelabels as well as

the typesof constants usedasnodelabels. AssumeN odes(ac) is the setof con-

stants (subgraphnodes)and F acts(ac) is the setof static factsassociated with

a component ac. The arguments c1; :::; ck of a fact f (c1; :::; ck) 2 F acts(ac) are

nodesof ac: ci 2 N odes(ac).

Two abstract components ac1 and ac2 have identical structure if:

1. jN odes(ac1)j = jN odes(ac2)j; and

2. jF acts(ac1)j = jF acts(ac2)j; and

3. there is a bijective mapping p : N odes(ac1) ! N odes(ac2) such that

� 8c 2 N odes(ac1) : Type(c) = Type(p(c));

� 8f (c1
1; :::; ck

1) 2 F acts(ac1) : f (p(c1
1); :::; p(ck

1)) 2 F acts(ac2);

� 8f (c1
2; :::; ck

2) 2 F acts(ac2) : f (p� 1(c1
2); :::; p� 1(ck

2)) 2 F acts(ac1).
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Figure 3.5: Example of a macro in Rovers.

For each abstract type a local analysis is performed with the goal of im-

proving planning at the component level. In CA-ED, local analysisis usedto

generatemacrooperators. This is only onepossibleway to exploit component

abstraction. Other ideasare mentioned in the last sectionof this chapter.

3.2 Creating Macro-Op erators

Similar to a regularSTRIPS operator, a CA-ED macro-operator m hasa name

N (m), a set of variablesV(m), a set of preconditionsPrec(m), a set of add

e�ects Add(m), and a set of deletee�ects Del(m). Hencemacrooperatorscan

be addedasnew operators to an initial domain formulation. Figure 3.5 shows

an exampleof a macro in Rovers. It collectsa soil sampleinto a rover's store,

and drops it back, with the overall e�ect of having analyzedthat soil sample.

Figure 3.6 shows completeSTRIPS de�nitions for the samplemacro and the

operators that it contains.

Macro operators are obtained in a two-step process. First, an extended

set of macrosis built and, second,the macrosare �ltered in a quick training

process. Sinceempirical analysis indicates that the extra information added

to a domain de�nition shouldbe quite small, the methods described next tend

to minimize the number of macrosand their size,measuredby the number of

variables,preconditionsand e�ects. Static macro generationusesmany con-

straints for pruning the spaceof macro operators, and discardslarge macros.

Finally, dynamic �ltering keepsonly a few top macrosfor solving future prob-

lems.
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(:action SAMPLE SOIL DROP
:parameters

(?r - rover ?s- store ?p - waypoint)
:precondition

(and (equipped for soil analysis?r) (empty ?s)
(store of ?s?r) (at soil sample?p) (at ?r ?p))

:e�ect
(and (not (at soil sample?p)) (have soil analysis?r ?p))

)
(:action SAMPLE SOIL

:parameters
( ?r - rover ?s- store ?p - waypoint)

:precondition
(and (equipped for soil analysis?r) (empty ?s)
(store of ?s?r) (at soil sample?p) (at ?r ?p))

:e�ect
(and (not (empty ?s)) (not (at soil sample?p)
(full ?s) (have soil analysis?r ?p))

)
(:action DROP

:parameters
( ?r - rover ?s- store)

:precondition
(and (full ?s) (store of ?s?r))

:e�ect
(and (not (full ?s)) (empty ?s))

)

Figure 3.6: STRIPS de�nitions of macro sample soil dr op and the opera-
tors that it contains.

3.2.1 Macro Generation

For each abstract type at, macrosare generatedthat perform local processing

within a component of type at, accordingto the locality rule detailed below.

Macro generationis a forward search in the spaceof possiblemacrooperators.

The root state is an empty macro, with empty sets of operators, variables,

preconditions,ande�ects. Each search stepappendsan operator to the current

macro, and �xes the variable mapping betweenthe operator and the macro.

Adding a newoperator o to a macrom modi�es Prec(m), Add(m), andDel(m)
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void addOperatorToMacro( operator o,
macro m,
variable-mapping� ) f

for (each precondition p 2 Prec(o)) f
if (p =2 Add(m) [ Prec(m))

Prec(m) = Prec(m) [ f pg;
g
for (each deletee�ect d 2 Del(o)) f

if (d 2 Add(m))
Add(m) = Add(m) � f dg;

Del(m) = Del(m) [ f dg;
g
for (each add e�ect a 2 Add(o)) f

if (a 2 Del(m))
Del(m) = Del(m) � f ag;

Add(m) = Add(m) [ f ag;
g

g

Figure 3.7: Adding operators to a macro.

as shown in Figure 3.7. The variable mapping � in the procedureis usedto

check the identit y betweenoperator's predicatesand macro'spredicates(e.g.,

in p =2 Add(m) [ Prec(m)). Two predicatesare consideredidentical if they

have the samename and the sameset of parameters. The variable mapping

� shows what variables(parameters)are commonin both the macro and the

new operator.

The search is selective: it usesa set of rules for pruning the search tree

and for validating a built macrooperator. Validated macrosare goal statesin

this search space.The following pruning rules are usedfor static �ltering:

� The negated precondition rule prunesoperatorswith a precondition that

matches one of the current delete e�ects of the macro operator. This

rule avoids building incorrect macroswherea predicate should be both

true and false.

� The repetition rule prunesoperators that generatecycles.A macrocon-

taining a cycle is either useless,producing an empty e�ect set, or it can
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be written in a shorter form by eliminating the cycle. A cyclein a macro

is detectedwhen the e�ects of the �rst k1 operators are the sameas for

the �rst k2 operators,with k1 < k2. In particular, if k1 = 0 then the �rst

k2 operators have no e�ect.

� The chaining rule requiresthat for consecutive operators o1 and o2 in a

macro, o2's preconditionsmust include at least onepositive e�ect of o1.

This rule is motivated by the idea that the action sequenceof a macro

should have a coherent meaning.

� The size of a macro is limited by imposing a maximum length and a

maximum number of preconditions. Similar constraints could be added

for the number of variables or e�ects, but this was found unnecessary.

Limiting the number of preconditions indirectly limits the number of

variables and e�ects. Large macrosare generally undesirable,as they

can increaseby a large margin the cost of evaluating a state with the

relaxedgraphplan algorithm.

� The locality rule is an important criterion that controls how component

abstraction can be used to generatemacro-operators. The following

high-level discussionprovides the intuitiv e idea and the motivation of

this rule. Then a formal de�nition is given.

Intuitiv ely, macrosgeneratedcomponent abstraction should perform lo-

cal processingat the level of one component. Macros that changetwo

or more abstract components at the sametime are pruned. To moti-

vate this, considerplanning with component abstraction as a hierarchi-

cal planning framework, whereeach component de�nes a local problem.

To limit the complexity of planning, it is desirablethat local problems

do not interact with each other directly i.e., each local problem interacts

only with the next level in the hierarchy. This assumption is made in

many hierarchical modelsdescribed in the literature [3, 10, 12, 72].

The formal de�nition of the locality rule is the following. Given an

abstract type at and a macro m, let the local static preconditions be
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the static predicatesthat are part of both m's preconditions and at's

edges.Local static preconditionsand their parametersin m's de�nition

de�ne a graph structure (di�eren t variable bindings for the operators

that composem cancreatedi�eren t graph structures). Locality requires

that this graph is isomorphicwith a subgraphof at. In other words, all

local static preconditionsare part of the sameabstract component.

3.2.2 Macro Ranking and Filtering

The goal of ranking and �ltering is to reducethe number of macrosand use

only the most e�cien t onesfor solvingproblems. The overheadcausedby poor

macroscan exceedtheir bene�t. This is known as the utility problem[69].

A simple but e�cien t and practical approach to dynamic macro �ltering

canbee�ectiv eat selectinga small setof usefulmacrooperators. This method

counts how often a macro operator is instantiated as an action in solution

plans. The more often a macro has been used in the past, the greater the

chancethat the macro will be useful in the future.

For ranking, each macro operator is assigneda weight that estimatesits

e�ciency . All weights are initialized to 0. Each time a macro is present in

a plan, its weight is increasedby the number of occurrencesof the macro in

the plan plus 10 bonus points. No e�ort wasspent on tuning parameterssuch

as the bonus. For common macros that are part of solutions of all training

problems,any bonus value v � 0 will produce the sameranking amongthese

common macros. No matter what the value v is, each common macro will

receive v� T bonuspoints, whereT is the number of training problems. Hence

the occurrencepoints decidethe relative ranking of commonmacros.

The simplest problems in a domain, which are usually the �rst onesin a

collection,areusedfor training. For thesesimpleproblems,all macrooperators

are added to the domain, giving each macro a chance to participate in a

solution plan and increaseits weight. After the training phase,the best macro

operators are selectedto becomepart of the enhanceddomain de�nition. In

experiments, 2 macros,each containing two steps,wereaddedasnewoperators

to the initial sets of 9 operators in Rovers, and 5 operators in Depots and
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Satellite. In these domains, such a small value was observed to be a good

tradeo� between the bene�ts and the additional preprocessingand run-time

costs. Seethe next section for an analysisof the bene�ts and the additional

costs,and Chapter 5 for an empirical evaluation. In moredomainswith larger

initial setsof operators, using more macroscould probably be bene�cial.

3.3 Analysis

3.3.1 How Macros A�ect Planning in CA-ED

This section analyzesthe impact of macro-operators in planning. The dis-

cussionfocuseson how macroschangethe heuristic evaluation of states, the

search space,the cost per node, and the preprocessingcosts.

In experiments, enhanceddomainsand probleminstancesweresolvedusing

Ho�mann's planner FF [42]. When added as new operators to the initial

domain formulation, macrosa�ect FF's relaxed graphplan algorithm. When

a state is evaluated with relaxed graphplan, a relaxed problem is solved that

achievesa goal state starting from the current state. Relaxation is performed

by ignoring all deletee�ects of actions. The length of the relaxedplan is used

as a heuristic evaluation of the real distancefrom the current state to a goal

state.

To illustrate the bene�ts of macrosin relaxedgraphplan, considerthe ex-

amplein Figures3.5and 3.6. Operator sample soil hasoneadd e�ect (full )

and one delete e�ect (empty ) that update the status of a store. Similarly,

operator dr op updatesthe store status with two such e�ects. However, when

macro sample soil dr op is used, the status of the store doesnot change:

it was empty before, and it will be empty after. No e�ects are necessaryto

expresschangesin the store status. Hence two delete e�ects (one for each

operator) are safelyeliminated from the real problem beforerelaxation is per-

formed. The relaxed problem is more similar to the real problem and the

information lossis lessdrastic.

A well-known property of macrosis that they changethe search spaceby

adding new transitions betweenstates. This is called an embedding abstrac-
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tion [46]. A node that normally needsseveral stepsto reach becomesa direct

successorwhen the macro is applied. From the perspective of a search algo-

rithm, embedding abstraction increasesthe branching factor but can reduce

the distancebetweenthe initial state and a goal state. The trade-o� is impor-

tant for the overall performanceof a search algorithm. SeeSection5.1.1 for

an empirical evaluation of the e�ects of macroson heuristic state evaluation

and search depth.

Many plannersexpandoperators into instantiated actions by replacingall

parametersand quanti�ers with constant symbols. This is doneoncefor each

problem, asa preprocessingstep. Given an operator o, let (v1; v2; :::; vk), with

Type(vi ) = t i , be the set of all its parametersand quanti�ers (the latter can

be present in ADL domains). Assumethat, in a problem, each type t has

a number of nt objects. An upper bound of the complexity of instantiating

operator o is O(nt1 � nt2 � ::: � ntk ). FF optimizes this by computing only a

superset of the reachableactions. An action is reachable if its preconditions

are true in a state reachable from the initial state. See[42] for details.

CA-ED macros increasethe number of domain operators. Furthermore,

sincemacrostend to have slightly morevariablesthan regular operators, their

instantiation cost can be higher.

Macros often increasethe averagecost per node in a search as well. Pro-

cessinga node is usually dominated in cost by calling the evaluation function.

Using macros makes relaxed graphplan more expensive, since an increased

number of actions will be involved. SeeSection 5.1 for an empirical evalua-

tion.

3.3.2 Limitations of CA-ED

The architecture of CA-ED has two main limitations. First, component ab-

straction is currently appliedonly to domainswith static facts. Second,adding

macros to the original domain de�nition is limited to simple subsetsof the

standard planning languagePDDL such asSTRIPS. The reasonis that when

a macro is added to a domain as a new operator, its complete de�nition is

required, including precondition and e�ect formulas. This is easyto achieve
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in STRIPS, as illustrated in Figures3.6 and 3.7

However, if more complex PDDL subsetssuch as ADL are used, adding

macrosto a domain �le becomesimpractical for two main reasons.First, the

preconditionand e�ect formulasof a macroarehard to infer from the formulas

of contained operators. Second,evenif the previousissueis solvedand a macro

with completede�nition is added to a domain, the costsfor preinstantiating

it into ground macro-actionscan be large.

Figure 3.8, which shows operator move from the Airp ort domain usedin

IPC-4 [40], illustrates how challenging the formula inferenceis in ADL. The

preconditionsand the e�ects of this operator are quite complicated formulas

that include quanti�ers, implications and conditional e�ects. The formulas

of a macro move|mo ve with a given parameter mapping � would have

to be automatically composedfrom the preconditions and e�ects of the two

contained operators.

Even if the above issue is solved and macros can be added as new do-

main operators, preinstantiating an ADL macro into ground actions can be

costly. Action instantiation was discussedin Section 3.3.1. The cost of this

preprocessingstepcanbe much higher in ADL than in STRIPS becauseof the

existenceof quanti�ers. ADL macrostend to have larger setsof parameters

and quanti�ers than regular ADL operators, and thereforetheir instantiation

cansigni�cantly increasethe total preprocessingcosts. ADL Airp ort is a good

illustration of how important this e�ect can be. As shown in Section5.2, the

preprocessingis so costly as comparedto the main search that it dominates

the total cost of solving a problem in this domain. Further increasing the

preprocessinge�ort with new operators is not desirablein such domains.

3.4 Conclusion and Future Work

This section has presented CA-ED, a method that learns information about

the structure of a planning domain and exploits it in new searches. Learning

is performedin a training step that usesoneor several sampleproblemsfrom

a domain. For each sampleproblem, abstract components are created that
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(:action move
:parameters

(?a - airplane ?t - airplanetype ?d1 - direction
?s1?s2- segment ?d2 - direction)

:precondition
(and (has-type ?a ?t) (is-moving ?a)

(not (= ?s1?s2))
(facing ?a ?d1) (can-move ?s1?s2?d1)
(move-dir ?s1?s2?d2) (at-segment ?a ?s1)
(not

(exists (?a1 - airplane)
(and (not (= ?a1?a)) (blocked ?s2?a1))))

(forall (?s - segment)
(imply (and (is-blocked ?s?t ?s2?d2)

(not (= ?s?s1)))
(not (occupied?s))))

)
:e�ect

(and (occupied?s2)(blocked ?s2?a)
(not (occupied?s1))
(when (not (is-blocked ?s1?t ?s2?d2))

(not (blocked ?s1?a)))
(when (not (= ?d1 ?d2))

(not (facing ?a ?d1)))
(not (at-segment ?a ?s1))
(forall (?s - segment)

(when (is-blocked ?s?t ?s2?d2)
(blocked ?s?a)))

(forall (?s - segment)
(when (and (is-blocked ?s?t ?s1?d1)

(not (= ?s?s2))
(not (is-blocked ?s?t ?s2?d2)))

(not (blocked ?s?a))))
(at-segment ?a ?s2)
(when (not (= ?d1 ?d2))
(facing ?a ?d2))

)
)

Figure 3.8: Operator move in ADL Airp ort.
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group together related low-level objects. Analysis of the components is used

to generatemacro-operators that perform local processingat the level of one

component. Macrosare �ltered down to a few top candidatesthat are added

as new operators to the initial domain.

The applicability of CA-ED is limited to domains that are expressedin

STRIPS and contain static facts in their de�nition. The next chapter shows

how CA-ED can be extendedaround theselimitations.

A challenging long-term goal of component abstraction would be auto-

matic reformulation of planning domains and problems. When a real-world

problem is abstractedinto a planning model, the corresponding formulation is

expressedat an abstraction level that a human designerconsidersappropriate.

However, choosinga good abstraction level could be a di�cult problemfor hu-

mans. Planning domainsand problemsmay be generatedautomatically as a

translation from other areasof computing science.For example,the Promela

domainsin IPC-4 [40] have beenobtained from the areaof model checking.

As shown in Section3.3.1,a macroaddedto an original domainformulation

as a regular operator in
uences the results of the heuristic function. This is

convenient (no changesare necessaryin the planning engine), but limited

only to STRIPS domains. For other subsetsof PDDL, the relaxedgraphplan

algorithm can be extendedwith special capabilities to handlemacroswhenno

enhanceddomain de�nition is provided.

To explain the behavior of the relaxedgraphplan heuristic, Ho�mann an-

alyzestopological featuresof planning domainsboth empirically and theoret-

ically [38, 39]. This work could be extendedto explore how macro-operators

a�ect the topology of planning benchmarks.
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Chapter 4

Solution Abstraction in AI
Planning

This chapter presents SOL-EP (Solution Abstraction { EnhancedPlanner),

an approach similar to CA-ED but more general.SOL-EP was designedwith

the goal of eliminating the limitations of CA-ED. First, the applicability is

extendedfrom STRIPS domainsto ADL domains. Second,CA-ED generates

macrosonly from component abstraction, which is limited to domains with

static predicates.The new method generatesmacrosfrom solutionsof sample

problems, increasingits generality. Third, the size of macros increasesfrom

2 moves to arbitrary values. Fourth, the de�nition of macrosis generalized,

allowing partially orderedsequences.

As in CA-ED, the four main stepsof SOL-EP are the onesshown in Figure

3.1: analysis, generation, �ltering and planning. However, each step is per-

formed di�eren tly than in CA-ED. At step 1, domain knowledgeis acquired

with solution abstraction, rather than component abstraction as in CA-ED.

Solution abstraction builds a structure called a solution graph from the lin-

ear action sequencethat a planner producesfor a problem. A solution graph

contains one node for each step in the plan. Edgesmodel the causale�ects

that an action hason subsequent actionsof the linear plan. At step 2, partial-

order macro-operators (i.e., macroswith partial ordering of their operators)

are extracted from a solution graph. Steps1 and 2 can be repeatedfor several

problem instancesaspart of a training process.In step 3, the set of generated

macrosis �ltered such that only the most promisingmacrosarekept for future
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Figure 4.1: The generalarchitecture of SOL-EP. EnhancedPlanner meansa
planner with capabilities to handle macros.

use. Finally, in step 4, the selectedmacrosare used to improve planning in

new problems.

The generalarchitecture of this approach is shown in Figure 4.1. For com-

parison with classicalplanning and CA-ED, seeFigure 3.2. As before, the

module Abstraction implements steps 1{3. Macros produced with abstrac-

tion are distinct input data for the planner rather than being added to the

original domain formulation. This allows the generalizationfrom STRIPS to

ADL domains. As discussedin Section 3.3.2, inferring the precondition and

e�ect formulas of a macro from the formulas of contained operators is hard

in ADL. Hencethe precondition and e�ect formulas of a SOL-EP macro are

not explicitly stated. For this reason,macroscannot be addedto the original

domain formulation anymore. For step 4, the planner is enhancedwith code

to handle macro operators.

Usingmacro-actionsat run-time canpotentially introducethe utilit y prob-

lem [69], which appears when the savings are dominated by the extra costs

of macros. The potential savings comefrom the abilit y to generatea useful

action sequencewith no search. On the other hand, macroscan increasethe

branching factor. Many instantiations of a selectedmacro-operator could be

applicableto a state, but only a fewwould actually beshortcuts towardsa goal

state. If all theseinstantiations are considered,the induced overheadcan be

larger than the savings achieved by the useful instantiations. To selectwhat

macro instantiations to use for state expansion,heuristic techniquessuch as

helpful macro pruning and goal macro pruning are introduced. SeeSection
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4.2.3 for details.

The rest of this chapter is structured as follows: The next two sections

provide details about building a solution graph, and how to extract and use

macro-operators. Macro-FF, a planner that implements SOL-EP and CA-ED

on top of FF, participated in the fourth international planning competition

IPC-4. The results are highlighted in Section 4.3. The last section contains

conclusionsand future work ideas.

4.1 Solution Graph

This section describes how to build the solution graph for a problem, start-

ing from the solution plan and exploiting the e�ects that an action has on

the following plan sequence.First the discussionframework is set with some

preliminary comments and de�nitions. Next a high-level description of the

method, an example,and the algorithm in pseudo-code are presented.

In the generalcase,the solution of a planning problemconsistsof a partially

orderedsequenceof steps. When actionshave conditional e�ects, a step in the

plan should be a pair (state, action) rather than only an action. This allows

for a precisedetermination of what e�ects a given action has in the local

context. The implementation of this method handlesdomainswith conditional

e�ects in their actions and can be extendedto partial-order plans. However,

for simplicity, the following discussionassumesthat the initial solution is a

totally-ordered sequenceof actions. When an action occursseveral times in a

solution, each occurrenceis a distinct solution step.

To introduce the solution graph, the causallinks in a solution have to be

de�ned. Let < a1; :::; an > be a solution. A positive causal link between ai

and aj by p, written as ai
+ p

� ! aj , exists in the solution if: (1) i < j , (2) p is

a precondition of aj and a positive (add) e�ect of ai , and (3) no ak , i < k < j

adds p. A positive causal link is the sameas a causal link in partial-order

planning [73].

A negative causallink betweenai and aj by p, written as ai
� p

� ! aj , exists

if: (1) i < j , (2) p is a precondition of aj and a negative (delete) e�ect of ai ,
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Figure 4.2: The solution graph for problem 1 in the Satellite benchmark.

and (3) no ak , i < k < j deletesp. ai ! aj denotesthat there exists a causal

link (either positive or negative) from ai to aj .

For each step in the linear solution, a node in the solution graph is created.

The graph edgesmodel causal links between the solution actions. An edge

betweentwo nodesa1 and a2 is created if a1 ! a2. An edgehas two labels:

The ADD label is the (possibly empty) list of all facts p such that a1
+ p

� ! a2.

Similarly, the DEL label is the list of negative causallinks.

Figure 4.2 shows the solution graph for problem 1 in the Satellite bench-

mark. SeeAppendix B for details on Satellite. The graph has9 nodes,onefor

each step in the linear solution. Each node contains a numerical label showing

the step in the linear solution, the action nameand arguments, the precondi-

tions and the e�ects. Static preconditions are safely ignored: no causal link

can be generatedby a static fact, sincesuch a fact is never part of an action's

e�ects. Graph edgeshave their ADD labels shown as squareboxes,and DEL

labels as circles. Consider the edgefrom node 0 to node 8. Step 0 adds the

�rst precondition of step 8, and deletesthe third. Therefore, the ADD label

of this edgeis 1 (the index of the �rst precondition), and the DEL label is 3.

The pseudo-codefor building a solution graph is givenin Figure 4.3. A time
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upper bound is O(L 2 � m), whereL is the length of the solution at hand, and

m is the maximum number of preconditionsin a step. The methodsare in gen-

eral selfexplanatory, and follow the high-level descriptionprovided before. The

method �ndA ddActionId (p; id; s) returns the most recent action beforethe cur-

rent step id that addsprecondition p. The method addEdgeInfo(n1; n2; t; f ; g)

createsa new edgebetweennodesn1 and n2 (if onedidn't exist) and concate-

nates the fact f to the label of type t 2 f AD D; DELg. An integer nodes(a),

used in method buildNodes, provides information extracted from the search

tree generatedwhile looking for a solution. A search tree has statesas nodes

and actionsas transitions. For each action a in the tree, nodes(a) is the num-

ber of nodesexpandedin the search right beforeexploring action a. The node

heuristic (N H ) associated with an instantiated macrosequencem = a1:::ak is

de�ned as follows:

N H (m) = nodes(ak) � nodes(a1):

N H measuresthe e�ort neededto dynamically discover the given sequence

at run-time. As shown in the next section, the node heuristic is usedto rank

macro-operators in a list.

In this work, preconditions of solution steps are given in a STRIPS-like

fashion: they are conjunctions of positive facts. Hence it is important to

show why this method works for ADL domains, where preconditions can be

more complicated formulas (e.g., have disjunctions). The explanation is that

an ADL operator can be compiled down into a set of STRIPS1 operators.

This compilation is part of the preprocessingthat FF and other planners

perform [42].

A brief analysis of the graph in Figure 4.2 reveals interesting insights

about the problem and the domain structure. The action sequenceturn to

t ake image occursthree times(betweensteps3{4, 5{6, and7{8), which takes

6 out of a total of 9 actions. For each occurrenceof this sequence,there is a

graphedgethat showsthe causalconnectionbetweenthe actions: applying op-

1In practice, the compiled operators are a little more general than STRIPS, since they
can have conditional e�ects too.
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void buildSolutionGraph(Solution s, Graph & g) f
buildNodes(s, g);
buildEdges(s, g);

g
void buildNodes(Solutions, Graph & g) f

for (in t id = 0; id < length(s); ++ id) f
Action a = getSolutionStep(id, s);
addNode(id, a, nodes(a), g);

g
g
void buildEdges(Solutions, Graph & g) f

for (in t id = 0; id < length(s); ++ id) f
Action a = getSolutionStep(id, s);
for (each precondition p 2 Precs(a)) f

idadd = �ndAddActionId( p, id, s);
if (idadd != NO ACTION ID)

addEdgeInfo(idadd, id, ADD, p, g);
iddel = �ndDeleteActionId( s, id, p);
if (iddel != NO ACTION ID)

addEdgeInfo(iddel, id, DEL, p, g);
g

g
g

Figure 4.3: Pseudo-code for building the solution graph.

erator turn to satis�es precondition2 of operator t ake image. In addition,

the sequenceswitch on turn to calibra te (steps 0{2) is important for

repeatedly applying macro turn to t ake image. This sequenceestablishes

two of the preconditionsof operator t ake image. The graph alsoshows that

operator calibra te shouldbeappliedbetweenswitch on and t ake image.

It restoresthe fact (calibra ted instr0) , deletedby switch on but needed

by t ake image. Finally, there is no ordering constraint betweenswitch on

and turn to , so the ordering of the actions of this sequenceis partial. SOL-

EP performsthis type of analysisto learn useful information about a domain.
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4.2 Macro-Op erators

A SOL-EP macro-operator is a structure m = (O; � ; � ), whereO is a bag of

domain operators, � a partial ordering of the elements in O, and � a mapping

that de�nes the macro'svariablesfrom the operators' variables. In particular,

if � t is a total ordering, then m = (O; � t ; � ) is a sequential macro-operator.

A domain operator can occur several times in O. A macro's preconditions

and e�ects are not explicitly given. They are determinedat run-time, when a

macro is dynamically instantiated by applying its actions in sequence.

This section focuseson how SOL-EP learns and usesmacro-operators.

Generation, �ltering, and run-time instantiation are discussed.A global set

of candidate macrosis generatedfrom the solution graphsof several training

problems. This set is reduced to a small number of selectedmacros, com-

pleting the learning phase. Finally, the selectedmacrosare usedto speedup

planning in new problems.

4.2.1 Generating Macro-Op erators

Macros are extracted from the solution graphsof one or more training prob-

lems. SOL-EP enumeratesand selectssubgraphsfrom the solution graph(s)

and builds onemacro for each selectedsubgraph. Two distinct subgraphscan

produce the samemacro. All generatedmacrosare inserted into a global list

that will later be �ltered and sorted. The list contains no duplicates. When

an extracted macro is already part of the global list, relevant information as-

sociated with that element is updated. The algorithm increments the number

of occurrences,and adds the node heuristic N H (mi ) of the extracted instan-

tiation mi .

Figure 4.4 presents the procedurefor extracting macrosfrom the solution

graph. Parameters min length and max length limit the length l of a

macro. The minimal size is trivial: each macro should have at least two

actions. The upper bound is set to speedup macro generation. In the most

generalsetup, the upper bound could be the plan length of the problem at

hand, provided that the whole solution might be an useful macro. This is
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void generateAllMacros(Graphg, MacroList & macros) f
for (in t l = MIN LENGTH; l � MAX LENGTH; ++ l )

generateMacros(g, l , macros);
g
void generateMacros(Graphg, in t l , MacroList & macros) f

selectSubgraphs(l , g, subgraphList );
for (each subgraphs 2 subgraphList ) f

buildMacro(s, m);
in t pos= �ndMacroInList( m, macros);
if (pos != NO POSITION)

updateInfo(pos, m, macros);
else

addMacroToList(m, macros);
g

g

Figure 4.4: Pseudo-code for generatingmacros.

usually not the casein practice. This thesis focuseson identifying a few local

patterns that aregenerallyuseful,rather than caching many completesolutions

of solved problems.

In Figure 4.4, method selectSubgraphs(l ; g; subgraphList ) �nds valid sub-

graphs of size l of the original solution graph. It is implemented as a back-

tracking procedurethat producesall the valid node combinations and prunes

incorrect partial solutions early.

To describe the validation rules, considera subgraph sg with l arbitrary

distinct nodesam1 ; am2 ; :::; am l . Nodeam i is the mi -th stepin the linear solution

< a1; :::; an > . Assumethat the nodesare orderedaccordingto their position

in the linear solution: (8i < j ) : mi < mj . A subgraphsg is valid if:

� ml � m1 + 1 � l + k. The nodes of sg are obtained from a sequence

of consecutive steps in the linear solution by skipping at most k steps,

where k is a parameter. Skipping actions allows irrelevant actions to

be ignored for the macro at hand. The upper bound k captures the

heuristic that good macrosare likely to have their steps\close" together

in a solution. In the Satellite example,considerthe subgraphwith nodes
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f 0; 1; 2; 6g. For this subgraph,l = 4, ml = 6, and m1 = 0. The subgraph

is invalid for k = 2, sinceml � m1 + 1 = 7 > 6 = l + k, but it would be

valid for k � 3.

� A valid subgraphmust beconnected,sincetwo separatedconnectedcom-

ponents areassumedto correspond to two independent macros.Consider

the examplein Figure 4.2. Nodes2 and 3 do not form a valid subgraph,

sincethere is no direct link betweenthem, and thereforethis subgraphis

not connected.However, nodes3 and 4 are connectedthrough a causal

link, so this subgraphwill be validated.

� When selecting a subgraph, a solution step ar (m1 < r < ml ) can

be skipped only if ar is not connectedto the current subgraph: (8i 2

f 1; ::; lg) : : (am i ! ar _ ar ! am i ).

Method buildMacro(s;m) in Figure 4.4 builds a partially orderedmacrom

basedon the subgraphs. For each node of the subgraph, the corresponding

action is added to the macro. At this step, actions are still instantiated:

they have constant arguments rather than genericvariables. After all actions

have beenadded,all constant arguments are replacedwith genericvariables,

obtaining a variable identit y map � . The partial order betweenthe operators

of the macro is computedusing the positive causallinks of the subgraph. If a

positive causallink existsbetweentwo nodesai and aj , then a precondition of

action aj wasmadetrue by action ai . Therefore,action ai shouldcomebefore

aj in the macro sequence. The ordering has no cycles, since the ordering

constraints are determined using a subgraph of the solution graph, and the

solution graph is acyclic. A graph edgecan exist from ai to aj in the solution

graph only if i < j .

As an example,from the solution graphin Figure 4.2,24distinct macrosare

extracted. The largestcontains all nodesin the solution graph. Onemacrooc-

curs 3 times (turn to t ake image), another twice (turn to t ake image

turn to ), and all remaining macrosoccur once.

An upper bound on complexity of generating macrosof length l from a
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solution graph with L actions is

O

 

l2 �

 
l + k

l

!

� L � I

!

:

The �rst factor is the cost to build onemacro, wherethe number of ordering

constraints can be quadratic on the number of steps. The secondfactor is

the cost to enumerate all macros of length l within a window of size l + k

(i.e., a subgraphwith l + k nodesthat are consecutive in the initial sequential

solution { seethe �rst validation rule). The window slidesalong the solution

plan, obtaining the third factor (assumel + k < L). I is the cost to �nd/insert

a macro into the global set of macros.

The valueof k controls the trade-o� betweenthe speedof the algorithm and

the number of enumerated subgraphs. A small k speedsup the computation

but missesmacrosthat are too widely spreadover the solution sequence.In

contrast, a large k increasesthe processingtime exponentially , and allows

enumerating subgraphswith nodesfar away from each other. In experiments,

a small value of k turned out to be a good trade-o�: processingis fast, and

most useful macro-occurrencesare caught, since the steps of useful macros

usually form a local sequencein the plan. However, for domainswhereuseful

macro-sequencesareoften spreadout acrossa solution, increasingk can result

in a much better set of macros.

4.2.2 Filtering and Ranking

Filtering addressesthe utilit y problem. After all training problemshave been

processed,the global list of macrosis statically �ltered and sorted,sothat only

the most promising macroswill be usedto solve new problems. When the se-

lectedmacrosareusedin future searches,they are further �ltered dynamically

by evaluating their run-time performance.

Static �ltering usesan overlap rule. A macro is removed from the list

when two occurrencesof it overlap in a given solution. Considerthe following

sequencein a solution:

:::a1a2:::ala1a2:::ala1a2:::al :::
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Assumeboth m1 = a1a2:::al andm2 = a1a2:::ala1 aremacros.When m1 is used

in the search, applying this macro three times could be enoughto discover the

given sequencewith little e�ort. Considernow using m2 in the search. This

macrocannot be applied twice in a row, sincethe �rst occurrenceendsbeyond

the beginning of the next occurrence.The sequencea2:::al in the middle has

to be discoveredwith low-level search.

An important property of the overlap rule is the capacity to automatically

limit the length of a macro. For example,a1a2:::al is kept in the �nal list, while

larger macrossuch asa1a2:::ala1 or a1a2:::ala1a2 are rejected. As an exception

to the overlap rule, a macro that is a double occurrenceof a small (i.e., of

length 1 or 2) sequencewill not be rejected. In Satellite, a macro such as

(turn to t ake image turn to ) is removed becauseof the overlap, but the

macro (turn to t ake image turn to t ake image), a double occurrence

of a short sequence,is kept.

Macros are ranked accordingto the total node heuristic TN H (m) associ-

ated with each macro m, with ties broken basedon the occurrencefrequency

F . For a genericmacrom in the list, TN H (m) is the sumof the nodeheuristic

values(N H ) for all instantiations of that macro in the solutionsof all training

problems. The averagenode heuristic AN H and estimatesthe averagesearch

e�ort neededto discover an instantiation of this macro at run-time:

TN H (m) = AN H (m) � F (m):

The total node heuristic is a robust ranking method, which combines two

factors that in
uence the performanceof a macro. SinceTN H is proportional

to F , it favors macrosthat occur frequently in the training set, and may be

more likely to be applicable in the future. TN H directly dependson AN H ,

which evaluatesthe search e�ort that oneapplication of the macrocould save.

TN H dependson the search strategy. For instance,changing the order in

which movesare consideredin the search can potentially changethe ranking

in the macro list. How much the search strategy a�ects the ranking, and how

a set of macrosselectedbasedon one search algorithm would perform in a

di�eren t search algorithm are still open questions.
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After ranking and �ltering the list, only a few elements from the top of the

list are kept for future searches. The precisenumber is not crucial, sincethe

dynamic �ltering processde�ned below further tunes its value. In the Satellite

example,the selectedmacrosare(switch on turn to calibra te turn to

t ake image) and (turn to t ake image turn to t ake image).

For dynamic �ltering, the following valuesare accumulated for each macro

m. I N (m) is the number of search nodesin which at leastoneinstantiation of

m is applicableand is not rejectedby the helpful macro pruning test. I S(m)

is the number of times when an instantiation of m occurs in a solution. The

e�ciency rate is

ER(m) =
I S(m)
I N (m)

:

Dynamic �ltering evaluates each macro after solving a number of problems

N P given asa parameter. If I N (m) = 0 or ER(m) < T for a threshold T, m

is removed from the list.

T 's valuewassetbasedon the empirical observation that there is a gapbe-

tweenthe e�ciency rate of successfulmacrosand the e�ciency rate of macros

that should be �ltered out. The e�ciency rate of successfulmacroshas been

observed to rangeroughly from more than 0:05 to almost 1:00. For ine�cien t

macros,ER < 0:01. T is set to 0:03.

4.2.3 Instan tiating Macros at Run-Time

A classicalsearch algorithm expandsa node by consideringlow-level actions

that can be applied to the current state. In addition, SOL-EP adds to the

successorlist states that can be reached by applying a sequenceof actions

that composea macro. This enhancement a�ects neither the completeness

nor the correctnessof the original algorithm. Completenessis preserved since

no regular successorsare deleted. Sincemacroshave no explicit preconditions

and e�ects, a run-time function veri�es their correctness.Given a state s0 and

a sequenceof actionsm = a1a2:::ak , m can correctly be applied to s0 if ai can

be applied to si � 1, i 2 0; :::; k, where si = 
 (si � 1; ai ) and 
 (s;a) is the state

obtained by applying a to s.
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In principle, the de�nition of a SOL-EP macro at the beginning of Sec-

tion 4.2 allows that: (1) only part of the possiblestep orderingsof a macro

instantiation could be applicable in a state and (2) di�eren t orderingsof the

stepsin a macro instantiation could result in di�eren t destination states. For

the sake of e�ciency , only one ordering of steps is consideredwhen a macro

is instantiated at run-time.2 Searching for an ordering that correspondsto an

instantiation applicable to a state is signi�cantly more expensive, but it can

succeedmore often. How to best balancethis trade-o� is an open question.

Two heuristic methods, helpfulmacro pruning and goal macro pruning, are

introducedwith the goalof pruning macroinstantiations that guidethe search

in a wrong direction. The next paragraphsdiscusstheseheuristics in detail.

Helpful Macro Pruning

Helpful macropruning usesthe relaxedplan RP(s) that FF performsfor each

evaluated state s, and henceis available at no additional cost. SeeSection

2.1.2 for details on RP. The relaxed plan is used to decide what macro-

instantiations to select in a given state. Sinceactions from the relaxed plan

areoften usefulin the real world, a selectedmacroand the relaxedplan should

match partially or totally (i.e., have common actions). To formally de�ne

the matching, consider a macro m(v1; :::; vn ), where v1; :::; vn are variables,

and an instantiation m(c1; :::; cn ), with c1; :::; cn constant symbols, applicable

in s. Match(m(c1; :::; cn ); RP(s)) is the number of actions present in both

m(c1; :::; cn ) and RP(s).

If total matching is required (i.e., each action of the macro is mapped to

an action in the relaxedplan) then it will often happen that no instantiation

can be selected,sincethe relaxedplan can be too optimistic and missactions

neededin the real solution. On the other hand, a loosematching can signi�-

cantly increasethe number of selectedinstantiations, with negative e�ects on

the overall performanceof the search algorithm. The solution is to selectonly

those instantiations which have the best matching seenso far for the given
2No particular ordering is preferred. In the implemented system, this is the ordering of

the �rst instantiation discovered in the solutions of the training problems, but this is just
an implementation detail.
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macro in the given domain. A macro instantiation is selectedonly if

Match(m(c1; :::; cn ); RP(s)) � MaxMatch(m(v1; :::; vn )) : (4.1)

MaxMatch(m(v1; :::; vn )) is the largest value of Match(m(c0
1; :::; c0

n ); RP(s0)),

with m(c0
1; :::; c0

n ) applicable in s0, that has been encountered so far in that

domain.

Experiments show that MaxMatch(m(v1; :::; vn )) quickly convergesto a sta-

ble value. In the Satellite example, MaxMatch(switch on turn to cal-

ibra te turn to t ake image) converges to 4, and MaxMatch(turn to

t ake image turn to t ake image) convergesto 3.

If necessary, helpful macropruning could be further re�ned to allow di�er-

ent valuesof M atch for di�eren t instantiations of the samemacro-operator.

Assume a single large match sets MaxMatch to such a high value that no

further matches can be made. A possiblesolution would be to replace the

condition 4.1 by the following two-phaserule: Given a state s and a macrom,

�rst build the set M of all instantiations m(c1; :::; cn ) applicablein s for which

Match(m(c1; :::; cn ); RP(s)) � Tm ;

whereTm is a threshold. Then, keeponly instantiations

mi 2 argmaxmi 02 M Match(mi 0; RP(s)):

Goal Macro Pruning

As shown in Section 2.1.2, FF implements two search algorithms. Planning

starts with Enforced Hill Climbing (EHC), a fast but incomplete algorithm.

When EHC fails to �nd a solution, the search restarts with a completeBest

First Search (BFS).

In experiments it wasobservedthat, in domainswheremacrosarevery suc-

cessful,EHC is robust enoughto solve problemsand BFS doesnot needto be

called. As shown in Section5, such domainsinclude Promela Dining Philoso-

phers,PromelaOptical Telegraphand Satellite. In this scenario,helpful macro

pruning is powerful enoughto �lter instantiations of macrosat runtime.
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In domains such as Power Supply Restoration (PSR), where the bene�ts

of macrosare more limited, problem instancescan be hard for both EHC and

BFS. SeeAppendix B for a brief description of PSR. Often in this domain,

EHC quickly fails and most of the search e�ort is spent in BFS. For such hard

problems, macroscan have either positive or negative e�ects on the overall

planning e�ort.

Goal macro pruning is a very selective heuristic used in BFS in order to

reduce the 
uctuations in the performanceof macros. Goal macro pruning

keepsa macro instantiation only if the number of satis�ed goal conditions

is greater in the destination state as comparedto state where the macro is

applied. In BFS, an instantiated macro has to passboth the helpful macro

pruning and the goal macro pruning tests.

4.2.4 Discussion

Desirableproperties of macrosand trade-o�s involved in combining them into

a �ltering method are discussedin [64]. The authors identify �v e factors that

can be usedto predict the performanceof a macro set. The next paragraphs

brie
y introduce these factors and discusshow SOL-EP deals with each of

them.

TN H includes the �rst two factors (\the likelihood of somemacro being

usableat any step in solving any given planning problem", and \the amount

of processing(search) a macro cuts down"). Factor 3 (\the cost of searching

for an applicablemacroduring planning") mainly refersto the additional cost

per node in the search algorithm. At each node, and for each macro, it must

be tested if instantiations of the macroareapplicableto the current state, and

satisfy the macropruning tests. The costsaregreatly reducedby keepingonly

a small list of macros,but there often is an overheadascomparedto searching

with no macros. No special care is taken of factor 4 (\the cost (in terms of

solution non-optimality) of using a macro"). Chapter 5 contains an empirical

analysisof factors 3 and 4.

Factor 5 refersto \the cost of generatingand maintaining the macro set".

In SOL-EP, the costs to generatemacrosinclude, for each training problem,
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solving the problem instance,building the solution graph, extracting macros

from the solution graph, and inserting the macros into the global list. The

only maintenanceoperations that SOL-EP performsare to dynamically �lter

the list of macrosand to update MaxMatch for each macro, which need no

signi�cant cost.

4.3 Participating in the In ternational Planning
Comp etition

FF was enhancedwith macrosand implementation enhancements to reduce

memoryand CPU time requirements. The resulting program,Macro-FF [6, 9],

competed in the fourth international planning competition IPC-4 [40]. An

overview of FF was presented in Section 2.1.2. This section describes the

featuresof Macro-FF and summarizesits participation in the competition.

4.3.1 Macro-FF

Macros in the Comp etition System

Macro capabilities are basedon a version of the SOL-EP model, which has

broader applicability than CA-ED. Since,at the competition time, SOL-EP

was not fully developed as described in the previous sections,a preliminary

versionwas implemented in the competition system. The di�erences between

the preliminary versionand the �nal versionof SOL-EP are summarizednext.

Macros in the competition system were limited to only 2 actions. This

choice removed many challengesthat have to be solved for arbitrary-length

macros. Operations such as building and processinga solution graph, and

run-time macro instantiation are considerablysimpli�ed. Another di�erence

is in the ranking method (seediscussionbelow). The ranking method based

on a node heuristic had not beendeveloped at the competition time.

The competition systemuseda �rst implementation of the solution graph,

wherecausaledgescan be de�ned only betweentwo consecutive actions of a

plan. Henceonly sequencesof two consecutive actions can be consideredas

possiblemacros.Local chaining is enforcedby the rule that the actionsa1 and
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a2 of a macro should have at least one commonvariable, unlessa1 and/or a2

have no parameters.Macroswith null e�ects are discarded.

Run-time macroinstantiation useshelpful macropruning. A macroinstan-

tiation is usedonly if both its actions are part of the relaxed plan computed

for the current state. The competition systemimplemented neither goalmacro

pruning nor dynamic macro �ltering basedon e�ciency rate.

For ranking, macro-operators are stored in a global list ordered by their

weight, with smaller being better. Weights are initialized to 1.0 and updated

using a gradient-descent method.

For each macro-operator m extracted from the solution of a training prob-

lem, the problemis re-solvedwith m in use. Let L be the solution length when

no macrosare used,N the number of nodes expandedto solve the problem

with no macros, and Nm the number of expandednodes when macro m is

used. The di�erence N � Nm is usedto update wm , the weight of macro m.

SinceN � Nm can take arbitrarily large values, it is mapped to a new value

in the interval (� 1; 1) by

� m = �
� N � Nm

N

�

where

� (x) =
2

1 + e� x
� 1

is the sigmoid function shown in Figure 4.5, centered in (0; 0) and boundedto

(� 1; 1). In particular, the symmetry property ensuresthat, if Nm = N , the

weight update of m at the current training step is 0. The sizeof the boundary

interval hasno e�ect on the ranking procedure,it only scalesall weight updates

by a constant multiplicativ e factor. The interval (� 1; 1) is usedasa canonical

representation, which limits the absolutevalue of � m between0 and 1.

The update formula also contains a factor that measuresthe di�cult y of

the training instance. The harder the problem, the larger the weight update

shouldbe. The reasonis that macrosthat appear to be e�ectiv e in very simple

training instancescould in fact be uselessfor larger problems. The di�cult y

factor is estimated by the solution length L rather than N , sincethe former
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Figure 4.5: Sigmoid function.

has a smaller varianceover a training problem set. The formula for updating

wm is

wm = wm � � � mL

where � = 0:001. The value of � doesnot a�ect the ranking of macros. It is

usedonly to keepmacro weights within the vicinit y of 1.

Implemen tation Enhancemen ts

The enhancements described below have the goal of reducing the spaceand

CPU requirements of the planner, and a�ect neither the number of expanded

nodes nor the quality of found plans. However, when the memory or CPU

time necessaryto solve a problemare larger than the available resources,these

improvements can make the di�erence betweenfailure and successin solving

a problem. The three enhancements described below a�ect the open queue

in best-�rst search, the memory requirements in the preprocessingphase,and

state hashing. The �rst two were implemented by Enzenberger [9].

The open queuein BFS was originally implemented asa single linked list.

This was changedinto a linked list of buckets, one bucket for each heuristic

value. The time to �nd/insert an element reducesfrom linear in the total

number of statesin the list to linear in the number of di�eren t heuristic values

of the statesin the list. The buckets are implemented as linked lists and need

constant time for insertion, sincethey no longer have to be sorted.

As part of preprocessing,FF builds a lookup table with all facts of the
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initial state. In the original implementation, this table is sparselypopulated

but the allocated memory is equal to the number of constants to the power

of the arity of each predicatesummedover all predicatesin the domain. The

lookup table was replacedby a balancedbinary tree with minimal memory

requirements and a lookup time proportional to the logarithm of the number

of facts in the initial state.

In the original implementation of FF's statehashing,each fact of a planning

problem is assigneda unique 32-bit random number. The hash code of a

problem state is the sum of all random numbers associated with the facts

that characterizethe given state. When two stateshave the samehashcode,

a full fact-by-fact comparisonchecks whether the states are identical. The

original implementation was replacedby a 64-bit Zobrist hashing [63]. Facts

areassigned64-bit randomnumbers,and the hashkey of a state is obtainedby

computing the XOR of all random numberscorresponding to the facts true in

the state. The larger sizeof the hashkey and the better randomization make

hashcon
icts so improbable that full state comparisonis no longer necessary.

4.3.2 Comp etition Results

The fourth international planning competition IPC-4 had a classicalpart and a

probabilistic part. For detailed information about the classicalpart, including

domain description and results in each domain, see[22, 40]. As shown in [40],

19 competitors participated in the classicalpart (21 if all systemversionsare

counted).

The organizersperformedthe ranking of systemsby hand, sinceit is hard

to obtain a meaningful ranking using strict formal rules. A distinct ranking

was performed for each version (i.e., temporal, non-temporal, numeric, etc.)

of each domain. Moreover, optimal and satis�cing (suboptimal) plannerswere

evaluated separately. In each domain version, the ranking was basedon a

visual analysis of the data charts. Apparently, the CPU time mattered the

most. For each planner, a performancerecord (N1; N2) was computed. N1

counts how many times that planner took �rst place,and N2 is the number of

second-placerankings.
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Macro-FF entered the classicalpart and competed in the following seven

domains: PromelaDining Philosophers{ ADL (containing a total of 48 prob-

lems), Promela Optical Telegraph{ ADL (48 problems), Satellite { STRIPS

(36 problems), PSR Middle Compiled { ADL (50 problems), Pipesworld No-

tankageNontemporal { STRIPS (50 problems),Pipesworld TankageNontem-

poral { STRIPS (50 problems), and Airp ort { ADL (50 problems). SeeAp-

pendix B for details on thesebenchmarks. The performancerecord of Macro-

FF was (3; 0). It took the �rst place in Promela Optical Telegraph,Satellite

(tied with YAHSP [88]), and PSR Middle Compiled.

4.4 Conclusions and Future Work

This chapter presented SOL-EP, a technique that automatically learnsa small

set of macro-operators from previous experiencein a domain, and usesthem

to speedup the search in future problems.

Exploring this method moredeeplyand improving the performancein more

classesof problems are major directions for future work. Also, the learning

method could possibly be generalizedfrom macro-operators to more complex

structuressuch ashierarchical task networks. Little research focusingon learn-

ing such structures has beenconducted,even though the problem is of great

importance.

Another interesting topic is to use macros in the graphplan algorithm,

rather than the current framework of planning as heuristic search. The mo-

tivation is that a solution graph can be seenas a subset of the graphplan

associated to the initial state of a problem. Since SOL-EP learns common

patterns that occur in solution graphs, it seemsnatural to try to use these

patterns in a framework that is similar to solution graphs.
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Chapter 5

Exp erimen ts in AI Planning

This chapter presents experiments that evaluate the CA-ED and SOL-EP ab-

straction techniques. All experiments were run on a AMD Athlon 2 GHz

machine. The experiments weredesignedat the standardsof the international

planning competition. As in IPC-4, the time and memoryresourcesarelimited

to 30 minutes and 1 GB of memory for each problem. All domains usedas

testbedswere usedin either IPC-3 or IPC-4 or both. For most domains, the

problem setsare the sameas in the competition. The exceptionsare Satellite

and Rovers, where additional problems were generatedon top of the com-

petition problem sets. More details are provided for each experiment in its

corresponding section.

Section5.1 analyzesand comparesCA-ED and SOL-EP in a commonex-

perimental framework. Section5.1.1provides an empirical evaluation of how

CA-ED macroscan a�ect the heuristic evaluation of states and the depth of

goalstates. Section5.2 focuseson the performanceof the competition system,

which implements the preliminary version of SOL-EP described in Section

4.3. Section5.3 includesan analysisof the full-scaleSOL-EP and a compar-

ison between the preliminary and the full-scale versionsof SOL-EP. Section

5.4 concludesChapters3, 4 and 5, dedicatedto AI planning research.

5.1 Evaluating CA-ED vs. SOL-EP

This sectioncomparesclassicalplanning, CA-ED, and SOL-EP. The analysis

is restricted to match CA-ED's constraints: STRIPS domainswith static facts
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are used,and the sizeof macrosis limited to only 2 actions. Therefore, this

section is not a detailed analysisof SOL-EP, which was included mainly for

comparisonreasons.

Four program setupsare comparedin this experimental evaluation. Setup

1 is the planner FF with no macros. Setup 2 is FF + CA-ED, the method

described in Chapter 3. Setup 3 is FF + SOL-EP, the method described in

Chapter 4. The preliminary versionof SOL-EP is usedin this experiment, so

that both CA-ED and SOL-EP limit the sizeof macrosto 2 actions. Setup 4

is a combination of 2 and 3. Sinceboth methods have bene�ts and limitations,

it is interesting to analyzehow they perform when applied together. In setup

4, �rst CA-ED is applied, obtaining an enhanceddomain. Next this is treated

as a regular domain, and SOL-EP is applied to generatea list of macros

with incomplete de�nitions. Finally, the enhancedplanner usesas input the

enhanceddomain, the list of macros,and regular problem instances.

SinceCA-ED can be applied only to STRIPS domainswith static facts in

their formulation, Rovers,Depots andSatellite, which satisfy theseconstraints,

wereusedas testbeds. All three domainswereusedin the third international

planning competition. Satellite wasre-usedin the fourth edition with a larger

problem set.

The set of 22 Depots problemsusedin the third competition contains both

easyand hard instances,sono problemswereaddedfor this experiment. The

Rovers and Satellite problem setsusedin the third competition can easily be

solved by FF. Hence,for the experiments reported below, they wereextended

from 20 to 40 problemseach [13]. The additional instanceswerecreatedwith

the sameproblem generatoras for the competition. The generator takes as

parametersthe number of objects of each type, the number of goals,and the

value of the random seed. In addition, the fourth competition included 16

new Satellite problems. Thesewereadded,obtaining a �nal set of 56 Satellite

problems. Problems1{36 arefrom the fourth competition, and problems37{56

wereadditionally generated.

Figures5.1{5.5and Table5.1summarizethe results. Each �gure shows the

number of expandednodesand the CPU time for onedomain on a logarithmic

68



 1

 10

 100

 1000

 10000

 0  5  10  15  20

Problem

Rovers - Nodes

(1) No Macros
(2) CA-ED

(3) SOL-EP
(4) 2 + 3

 0.01

 0.1

 1

 10

 100

 5  10  15  20

Problem

Rovers - CPU Time (seconds)

(1) No Macros
(2) CA-ED

(3) SOL-EP
(4) 2 + 3

Figure 5.1: Evaluating abstraction techniques in Rovers. Problems 1{20 are
shown.
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scale. The results show consistent performanceimprovement when macros

are used. Interestingly, combining CA-ED and SOL-EP often leadsto better

performancethan each abstraction method taken separately. In Rovers, all

three abstraction setupsproduce quite similar results, with a slight plus for

the combined setup. In Depots, CA-ED is more e�ectiv e than SOL-EP in

terms of expandednodes. The di�erences in CPU time becomesmaller, since

adding new operators to the original domain signi�cantly increasesthe cost

per node in Depots (seethe discussionbelow). Again, the overall winner in

this domain is the combined setup. In Satellite, adding macrosto the domain

reducesthe number of expandednodes,but hassigni�cant impact on cost per

node (seeTable 5.1) and memory requirements. Note that setups 2 and 4,

which add macros to the original domain, fail to solve three problems (32,

33, and 36) becauseof largememory requirements in the preprocessingphase.

The classicalsystemfails on two problems(43 and 54), soSOL-EP is the only

systemthat solvesall Satellite problems.

Domain CA-ED vs. No Macros SOL-EP vs. No Macros
Min Max Avg Min Max Avg

Depots 3.27 8.56 6.06 0.93 1.14 1.04
Rovers 0.70 0.90 0.83 0.85 1.14 1.00

Satellite 0.98 14.38 7.70 0.92 1.48 1.11

Table 5.1: Rate of cost per node.

The averagecost per node in search for a problem p is de�ned as

CPN (p) =
Time(p)
N odes(p)

; (5.1)

whereN odes(p) is the number of expandednodes,and Time(p) is the search

time. CPN is mostly determined by the relaxed graphplan algorithm that

computesthe heuristic value of states. Note that using a domain-independent

heuristic comeswith a high price in terms of costper node. In Figures5.1{5.5,

a typical value for planning speed is in the range of 1,000nodesper second.

In other AI applications,wheremuch faster heuristicscan be used,algorithms

such as A* could expand1,000,000nodesper second.
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The total cost of the relaxedgraphplan algorithm for a state is a combina-

tion of three main factors: (1) the cost to build one graphplan level, (2) the

number of levels,and (3) the cost to extract a relaxedplan after all levelshave

beenbuilt. Factor 1 dependsupon the number of actions that have beenin-

stantiated during preprocessingfor a given problem, which in turn dependson

both the number of operatorsand the number of objectsde�ned for a problem.

SeeSection3.3.1 for details.

Table 5.1 evaluateshow macroscan a�ect the cost per node in search. A

value in the table is the cost per node in the corresponding setup(i.e., CA-ED

or SOL-EP) divided by the cost per node in the setup with no macros. For

each of the two methods the minimum, the maximum, and the averagevalue

are shown.

The right part of the table shows relatively small valuesand variation for

the cost rate in SOL-EP. In contrast, the cost rate in CA-ED shows both

small and large values,varying both inside the samedomain (e.g., Satellite)

and acrossdomains(e.g., from Rovers to Satellite).

In CA-ED, using macros as new operators often reducesthe number of

levels in the relaxed graphplan of a state s, but never increasesit. Also,

relaxed plans with macros are usually shorter, so extracting a relaxed plan

after the relaxedgraphplan hasbeenbuilt can be faster.

In contrast, building one graphplan level can be more expensive. Adding

new operators to a domain increasesthe number of preinstantiated actions.

Sincemacrostend to have more variables than a regular operator, the corre-

sponding number of instantiations can be large. Let the action instantiation

rate be the number of actions instantiated for a problem when macros are

addedto a domain (CA-ED) divided by the number of actions instantiated in

the original domain formulation. Experiments show that the averageaction

instantiation rate is 6:03 in Satellite, 3:20 in Depots, and 1:04 in Rovers.

The way these e�ects of macros combine determineshow large the cost

rate is. In Satellite and Depots, it can reach relatively high values,showing

that the overheadof factor 1 (building onelevel) is higher than the savings of

factors 2 and 3. This is not surprising, given the relatively high instantiation
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rates of these domains. On the other hand, the cost rate is less than 1 in

CA-ED Rovers, showing that, in this domain, factors 2 and 3 are dominant.

Figure 5.2 shows a big jump in the CPU time starting with problem 31,

but a smallerincreasein terms of expandednodes. The explanation is that the

cost per node is signi�cantly higher for the last 10 problemsof this dataset,as

shown next. Sincethe last 10 problemswere generatedwith a larger number

of objects than the previousones,the number of instantiated actions is larger.

As explained before, building graphplan levels gets more expensive as more

actions are present, so the cost of processinga node is higher.

The experiments show no signi�cant impact of macro-operators on the

solution quality. When macrosare used,the length of a plan slightly variesin

both directions, with an averagecloseto the value of the classicalsystem.

5.1.1 E�ects of CA-ED Macros on Search

As shown in Section3.3.1,macrosaddedto a domain as new operators a�ect

both the structure of the search space(the embedding e�ect) and the heuris-

tic evaluation of states with relaxed graphplan (the evaluation e�ect). This

sectionpresents an empirical analysisof these.

Figure 5.6showsresultsfor Depots, Roversand Satellite. For each domain,

the chart on the left shows data for the original domain formulation, and the

chart on the right shows data for the macro-enhanceddomain formulation.

For each domain formulation, the data points are extracted from solution

plans as follows. Each state along a solution plan generatesone data point.

The coordinates of the data point are the state's heuristic evaluation on the

vertical axis, and the number of stepsleft until the goalstate is reachedon the

horizontal axis. Note that the number of stepsto a goal state may be larger

than the distance (i.e., length of shortest path) to a goal state. The reason

why states along solution plans were used to generatedata is that for such

states,both the heuristic evaluation, and the number of stepsto a goal state

are available after solving a problem.

The �rst conclusion from Figure 5.6 is that macros added to a domain

improve the accuracyof heuristic state evaluation of relaxed graphplan. The
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closera data point is to the diagonal,the moreaccuratethe heuristic evaluation

of the corresponding state. In each of the three domains, the data cloud on

the right, obtainedwith macro-operators, is clearly closerto the diagonalthan

its correspondant on the left.

As a secondconclusion,the projection of data cloudson the horizontal axis

is shorter in macro-enhanceddomains. This is a direct result of the embedding

e�ect: sinceeach macrocounts asonestep, the distancefrom a state to a goal

state becomesshorter. The largest reduction is in Satellite, where the length

of the projection (i.e., the number of stepsin the longestsolution) drops by a

factor of two. A similar situation is observed in Depots, wherethe projection

reducesby about 40%. For the data points (states) corresponding to the

Roversdomain, a typical reduction is within the rangeof 10{20%.

5.2 Evaluating the Comp etition System

This sectionevaluatesthe preliminary versionof SOL-EP that wasusedin the

planning competition IPC-4. The seven domainsthat Macro-FF competed in

as part of IPC-4, shown in Section4.3.2,are usedas testbeds.

Planning with macros(Macro-FF) is comparedagainst classicalplanning

(FF). Both planners contain the implementation enhancements reported in

Section4.3.1that deal with open queuemanagement, state hashing,and pre-

processing.The new64-bit state hashingis especially e�ectiv e in the PSR and

PromelaDining Philosophersdomains. Figure 5.7 shows a speedupof up to a

factor of 2.5. As a result, 3 more problemswere solved in PSR, contributing

to Macro-FF's successin this domain.

In Figures5.8{5.10,the number of expandednodesand the total CPU time

are shown for each of the seven domainson logarithmic scales.A CPU time

chart shows no distinction between a problem solved very quickly (within a

time closeto 0) and a problem that could not be solved. To determine what

the caseis, check the corresponding node chart, where the absenceof a data

point always meansno solution.

Figure 5.8 summarizesthe results in Satellite, PromelaOptical Telegraph,
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78



1e-02

1e-01

1e+00

1e+01

1e+02

1e+03

1e+04

 5  10  15  20  25  30  35  40  45

Problem

PSR - CPU Time (seconds)

FF hashing
New hashing

1e-02

1e-01

1e+00

1e+01

1e+02

1e+03

1e+04

 2  4  6  8  10  12

Problem

Philosophers - CPU Time (seconds)

FF hashing
New hashing

Figure 5.7: Comparison of the two implementations of state hashing in
PSR (left) and Promela Dining Philosophers(right).

and PromelaDining Philosophers.In Satellite and PromelaOptical Telegraph,

macros greatly improve performanceover the whole problem set, allowing

Macro-FF to win thesedomain formulations in the competition. In Promela

Optical Telegraphmacrosled to solving 12 additional problems. The savings

in Promela Dining Philosophersare limited, resulting in one more problem

being solved.

In Satellite and Promela Optical Telegraph, the CPU time grows faster

than the number of expandednodesasprobleminstancesbecomelarger, show-

ing that state evaluation with relaxed graphplan is more expensive in large

problems. The explanation is the following: Larger problems typically are

characterizedby more objects and/or longer solutions. As shown in Section

5.1, more objects result in more instantiated actions, which in turn increase

the cost to build one graphplan level. Long solutions suggestan increased

averagenumber of steps from a state s in the search spaceto a goal state

sG. Unlessthe heuristic is of very poor quality, this often results in a longer

relaxedplan of s, which is more expensive to compute.

Figure 5.9 shows the results in the ADL version of Airp ort. The savings

in terms of expandednodesare signi�cant, but they have little e�ect on the

total running time. In this domain, the preprocessingcostsdominate the total

running time. The preprocessingalso limits the number of solved problems

to 21. The planner can solve more problems when the STRIPS version of
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Figure 5.8: Comparisonof FF with and without competition macrosin Satel-
lite, Promela Optical Telegraphand Promela Dining Philosophers.
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Figure 5.9: Comparisonof FF with and without competition macrosin Air-
port.

Airp ort is used, but no macroscould be generatedfor this domain version.

STRIPS Airp ort usesseparatedomain de�nitions for each problem instance,

whereasthe learningprocessrequiresseveral training problemsfor onedomain

de�nition.

Figure 5.10contains the results in Pipesworld Non-Temporal No-Tankage,

Pipesworld Non-Temporal Tankage, and PSR. In Pipesworld Non-Temporal

No-Tankage,macrosoften leadto signi�cant speed-up.As a result, the system

solvesfour new problems. On the other hand, the systemwith macrosfails in

three previouslysolvedproblems. The contribution of macrosis lesssigni�cant

in Pipesworld Non-Temporal Tankage. The system with macros solves two

new problems and fails in one previously solved instance. Out of all seven

benchmarks,PSR is the domain wheremacroshave the smallestimpact. Both

systemssolve 29 problemsusing similar amounts of resources.In the o�cial

run on the competition machine, Macro-FF solved32problemsin this domain.

Table 5.2 shows the number of training problems and the training time

in each domain. The training phaseused 10 problems for each of Airp ort,

Satellite, Pipesworld Non-Temporal No-Tankage,and PSR. The training sets

were reduced to 5 problems for Promela Optical Telegraph, 6 problems for

Promela Dining Philosophers,and 5 problems for Pipesworld Non-Temporal

Tankage. In Promela Optical Telegraph, the planner with no macrossolves

13 problems,and using most of them for training would leave little room for
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Figure 5.10: Comparison of FF with and without competition macros in
Pipesworld No-Tankage Non-Temporal, Pipesworld Tankage Non-Temporal
and PSR.
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Domain Number of Training time
training problems (seconds)

Airp ort 10 365
Promela Optical Telegraph 5 70

Promela Dining Philosophers 6 10
Satellite 10 8

Pipesworld 10 250
Non-Temporal No-Tankage

Pipesworld 5 4,206
Non-Temporal Tankage

PSR 10 1,592

Table 5.2: Summary of training in each domain.

evaluating the learned macros. The situation is similar in Promela Dining

Philosophers;the planner with no macrossolves12 problems. In Pipesworld

Non-Temporal Tankage,the smallernumber of training problemsis causedby

both the long training time and the structure of the competition problem set.

The �rst 10 problemsuseonly a part of the domain operators, so thesewere

not included into the training set. Out of the remainingproblems,the planner

with no macrossolves11 instances.

5.3 Evaluating SOL-EP

The main goal of this section is to evaluate the full-scaleversionof SOL-EP,

which extendsthe versionusedin the IPC-4 competition. Full-scaleSOL-EP

is comparedwith the preliminary SOL-EP and with planning with no macros.

The sameseven domainsas in the previoussectionare used. Detailed per-

formanceanalysisis shown for PromelaDining Philosophers,PromelaOptical

Telegraph,Satellite, and PSR. Then brief comments are madeon Pipesworld

Notankage,Pipesworld Tankageand Airp ort.

Figures5.11{5.14show three data curveseach. The curvesarenot cumula-

tiv e: each data point shows a value corresponding to oneproblem in the given

domain. The horizontal axis preservesthe problem ordering as in the compe-
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Figure 5.11: Experimental results in Promela Dining Philosophers.
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Figure 5.12: Experimental results in Promela Optical Telegraph.
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Figure 5.13: Experimental results in Satellite.
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tition domains. The data labeledwith \Classical" are obtained with FF plus

the implementation enhancements, but no macro-operators. \PO Macros"

(partial-order macros) corresponds to a planner that implements full-scale

SOL-EP on top of \Classical". \IPC-4" shows results with the preliminary

SOL-EP.

Figures5.11and 5.12show the resultsfor PromelaDining Philosophersand

Optical Telegraph.The new extendedmodel leadsto a massive improvement.

In Dining Philosophers,each problem is solved in lessthan 1 second,while

expandinglessthan 200nodes. In both domains,the newsystemoutperforms

by far the top performersin the competition for the samedomain versions.If

the new versionof Macro-FF had beenusedin the competition, it would have

taken the �rst placein onemore domain (Dining Philosophers).No di�erence

wasobservedin terms of averagesolution quality between\Classical" and \PO

Macros".

Given a problem p, let CPNP O(p) be the cost per node CPN (p) when

partial-order macrosare used,and CPNCl (p) be CPN (p) in the classicalset-

ting, with no macros. Seeformula 5.1 for the de�nition of CPN (p). Let the

cost rate of problem p be

CR(p) =
CPNP O(p)
CPNCl (p)

:

Statistics were collected about the cost rate from problems solved by both

planners. In Optical Telegraph, the cost rate varies between 1:40 and 1:47,

with an averageof 1:43. Sinceproblemsin Dining Philosophersaresolvedvery

easily (e.g., 33 nodesin 0.01seconds)in the \PO Macros" setup, it is hard to

obtain accuratestatistics about the cost rate. The reasonis that the reported

CPU time always hasa small amount of noisepartly causedby truncation to

two decimal places. When the total time is small too, the noisesigni�cantly

a�ects the statistic's accuracy.

Figure 5.13 summarizesthe experiments in Satellite. In the competition

results for this domain, Macro-FF and YAHSP tied for �rst place. The new

model further improves Macro-FF's result, gaining up to about one order of

magnitude speedup comparedto classicalsearch. In Satellite, the heuristic

87



evaluation of a state becomesmore expensive as problemsgrow in size,with

interesting e�ects for the systemperformance.The rate of the extra cost per

nodethat macrosinduceis greaterfor small problems,and gradually decreases

for larger problems since, in large problems, the cost of heuristic evaluation

dominates. The cost rate varies from 0:83 to 2:04 and averages1:14. The

solution quality slightly varies in both directions, with no signi�cant impact

for the systemperformance.

Figure 5.14 shows experiments in PSR Middle Compiled. Partial-order

macros solve 33 problems, as comparedto 32 problems in \Classical" (i.e.,

planning with no macros). In Section5.2, 29 problemswere reported solved

by both the classical system and the competition system. The di�erence,

which comesfrom a small modi�cation in the memorymanagement module of

the planner, has little relevancefor theseexperiments.

For this problemset, partial-order macrosoften achieve signi�cant savings,

but never result in more expandednodes. This is mainly due to the goal

macro pruning rule, which turned out to be very selective in PSR. There are

problems where the number of expandednodes is exactly the samein both

setups,suggestingthat no macro was instantiated at run-time. The cost rate

averages1:39, varying between1:01 and 1:87.

Compared to the previous three testbeds, the performanceimprovement

in PSR is rather limited. A probable explanation is that the de�nition of

macro equivalenceis too relaxed and missesuseful structural information in

PSR. When checking if two action sequencesare equivalent, the current algo-

rithm considersthe set of operators, their partial ordering, and the variable

binding. The algorithm ignoreswhether conditional e�ects are activated cor-

respondingly in the two comparedsequenceinstantiations. However, in PSR,

conditional e�ects encode a signi�cant part of the local structure of a solution.

There are operators with zero parametersbut rich lists of conditional e�ects

(e.g., operator AXIOM). Further exploration of this insight is left as future

work.

In Pipesworld, the generatedmacroshave a very small e�ciency rate ER,

and the dynamic �ltering dropsall of them, reducingthe search to the classical
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algorithm. No experiments were run in Airp ort. In the ADL version of this

domain, the classicalalgorithm quickly solves the �rst 20 problems, leaving

little room for further improvement. The preprocessingphaseof the remaining

problems is so hard that only one more instance can be solved within 30

minutes.

An important problem is to evaluate in which domains SOL-EP works

well, and in which classesof problemsthis approach is lesse�ectiv e. Several

factorsa�ect the method's performance.The �rst factor is the e�ciency of the

macropruning rules,which control the set of macro instantiations at run-time

and in
uence the planner performance. E�cien t pruning keepsonly a few

instantiations that are shortcuts to a goal state (one such instantiation in a

state will do). The performancedrops when more instantiations are selected,

and many of them lead to subtreesthat contain no goal states. The e�ciency

of helpful macro pruning directly dependson the quality of both the relaxed

plan associated with a state, and the macro-schemathat is being instantiated.

Since the relaxed plan is more informative in Promela and Satellite than in

PSR or Pipesworld, the performanceof SOL-EP is signi�cantly better in the

former applications.

As a secondfactor, experiencesuggeststhat SOL-EP performs better in

\structured" domainsrather than in \
at" benchmarks. Intuitiv ely, a domain

is morestructured whenmore local details of the domain in the real world are

preserved in the PDDL formulation. In such domains, local move sequences

occur over and over again, and SOL-EP can catch theseas potential macros.

In contrast, in a \
at" domain, such a local sequenceis often replacedwith

onesingleaction by the designerof the PDDL formulation.

5.4 Conclusions

Chapters 3, 4 and 5 have presented contributions to domain-independent

planning. CA-ED and SOL-EP, two abstraction methods that learn macro-

operators basedon automatic domain analysis,were described and evaluated

in detail.

90



Future work ideasdirectly related to CA-ED and SOL-EP werepreviously

expressed.At a higher level, planning research should faster expandfrom the

narrow area of pure research towards solving more classesof real-life prob-

lems. Planning has many applications, from an automated personalagenda

to complex industrial or research projects. Any problem that exhibits fre-

quent multiple-choice decisionsgeneratesa search spaceand can potentially

be modeledwith planning. Henceexcellent opportunities for integrating plan-

ning solutions into multi-disciplinary projects exist.

An examplefrom commercialgamesillustrates this. The behavior of game

characters is often encoded with scripts, which are in fact rigid plans. The

rigidit y meansthat in somecircumstancesa script might be usedinnapropri-

ately. As an example,considera character that enters a tavern, stepsto the

counter and says \One drink, please!". This is totally unreasonableif nobody

is at the counter to answer the request. Scripts could be replacedby a plan-

ning enginethat dynamically generatesplans accordingto the given context.

There is no needto spend useful resourcesto generatelong and complicated

plans. Even quickly-found short plans that make senseto userswould make a

big di�erence in the quality of a game.
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Chapter 6

Hierarc hical Path-Finding with
Topological Abstraction

The problem of path-�nding in commercialcomputer gameshas to be solved

in real time, often under constraints of limited memory and CPU resources.

The industry standard is to useA* [83] or iterativ e-deepening A*, IDA* [56].

A* is generally faster, but IDA* useslessmemory. There are numerousen-

hancements to thesealgorithms to make them run faster or explorea smaller

search tree. For many applications,especially thosewith multiple moving units

(such as in real-time strategy games),thesetime and/or spacerequirements

are limiting factors.

Hierarchical search is acknowledgedasan e�ectiv e approach to reducethe

computational e�ort neededto �nd path-�nding solutions. Recently, varia-

tions of hierarchical search appear to be in use in several games. However,

no detailed study of hierarchical path-�nding in commercialgameshad been

publishedbefore[12]. Part of the explanation is that gamecompaniesusually

do not make their ideasand sourcecode available.

This chapter describesHierarchical Path-Finding A* (HPA*), a newmethod

for hierarchical search on grid-basedmaps. HPA* decomposesa map into a

collection of local clusters. Each cluster has a small set of entrances. Within

each cluster, distancesbetween all pairs of entrances are precomputed and

cached. Search is done at an abstract level, where a cluster can be crossed

in one single step. Several such abstractions can hierarchically be applied,

making this approach scalablefor large problem spaces.A cluster at a new
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abstraction level groupsseveral adjacent clustersat the previouslevel, sothat

a higher level abstracts the map into fewer clustersof larger size.

After clustering,path planning starts with an abstract search at the highest

level. An abstract path cangradually bere�ned until a completelow-level path

is obtained.

Comparedto low-level A*, problem decomposition has two main bene�ts.

Finding a solution at a high level of abstraction is usually solved much faster

than the original problem while producing only slightly sub-optimal results.

Second,increasedexecution
exibilit y is possible,allowing for parts of a prob-

lem to be solved only if and when it is necessary. This is useful in several cir-

cumstances.First, whenmemory is available, resultsof popular local searches

can be cached for future reuse.This can be the casewhenmany searcheshave

the sameorigin and/or destination, or moregenerallywhenmany paths share

a commonportion such as a bridge. Second,for many real-time path-�nding

applications, the completepath betweentwo points is not neededbeforehand.

Quickly obtaining the �rst few stepsof a valid path often su�ces, allowing a

mobile unit to start moving in the right direction. Subsequent path re�nement

can be solved as needed,providing additional moves. If a unit has to change

its plan, for example becauseof collisions with other mobile units, then no

e�ort has beenwastedon computing a detailed path to a goal node that was

never used.

In contrast, A* must completeits search and generatethe entire path from

start to destination before it can determine the �rst stepsof a correct path.

Usinga partial solution that A* canprovide in a limited amount of time is not

guaranteed to work. Sincepartial solutions do not reach the target location,

the direction of a partial solution may be wrong.

The hierarchical framework is suitable for both static and dynamically

changingenvironments. In the latter case,assumethat local topology changes

can occur (e.g., a bomb destroys a bridge). HPA* will recompute the infor-

mation extracted from the modi�ed cluster locally and keep the rest of the

framework unchanged.

HPA* is simple,easyto implement, and independent of the map properties.
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No implementation changesare required to handle variable cost terrains and

various topology typessuch asforests,open areaswith obstaclesof any shape,

or building interiors.

Section 6.1 presents this new approach to hierarchical A*. Performance

tests are presented in Section 6.2, showing up to 10 times speed-upand 1%

solution degradationascomparedto A*. Section6.3 presents conclusionsand

topics for further research. Appendix C providesalgorithmic details of HPA*,

including pseudo-code.

6.1 Hierarc hical Path-Finding A*

HPA* starts with a preprocessingphase,which usesmap abstraction to build

a hierarchical search spacecalled an abstract graph. Then a path can be

computed with the so-calledon-line search phase. An abstract graph can

be re-usedfor many online searches,amortizing its computational cost. This

section discussesin more detail how the framework for hierarchical search is

built (preprocessing)and how it is usedfor path �nding (on-line search). The

initial focus is on building a two-level hierarchy. Adding more hierarchical

levels is discussedat the end of this section. The 40� 40 map shown in Figure

6.1 (a) servesas an illustrativ e example.

A few assumptionsare madewith respect to the grids and the search algo-

rithms usedby HPA*, asshown below. HPA* is by no meanslimited to these

settings, they are usedonly for a simpler and more clear presentation. A grid

usesoctiles, which are tiles that de�ne the adjacencyrelationship in 4 straight

and 4 diagonaldirections. The cost of vertical and horizontal transitions is 1.

Diagonal transitions have the cost set to 1:42.1 Diagonal movesbetweentwo

blocked tiles are not allowed.

All searchesthat HPA* performs(e.g.,during preprocessing,abstract search,

re�nement, etc.) are assumedto useA* with the following heuristic. Given

two grid locationsl1(x1; y1) and l2(x2; y2), considerM = max(jx1� x2j; jy1� y2j)

1The path-�nding library usedto implement HPA* utilizes this value for approximatingp
2. A slightly more appropriate approximation would probably be 1:41.
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(a) (b)

Figure 6.1: (a) The 40� 40 grid g usedas an example. The obstaclesobs(g)
are painted in black. S and G are the start and the goal nodes. (b) The bold
lines show the boundariesbetween10� 10 clusters.

and m = min(jx1 � x2j; jy1 � y2j). The heuristic distancebetweenl1 and l2 is

d(l1; l2) = 1:42� m + (M � m):

This is in fact the length of a shortestpath betweenl1 and l2 on an octile grid

with no obstacles.

6.1.1 Prepro cessing a Grid

Preprocessingis performed in two steps: (1) apply topological abstraction to

the map and (2) build the abstract graph. Topological abstraction partitions

the spaceinto a set of disjunct rectangularareascalledclusters. In this exam-

ple, the 40� 40 grid is partitioned into 16 clustersof size10� 10, as shown

in Figure 6.1 (b). No domain knowledgeis usedto do this abstraction, other

than the presenceof a map and, perhaps,tuning the sizeof the clusters.

For each border line betweentwo adjacent clusters,a (possiblyempty) set

of entrances connecting the clusters is identi�ed. An entrance is a maximal

obstacle-freesegment along the common border of two adjacent clusters c1

and c2, formally de�ned below. Considerthe two adjacent rows (or columns)

of tiles l1 and l2, one in each cluster, that are separatedby the border edge
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b betweenc1 and c2. For a tile t 2 l1 [ l2, let sym(t) be the symmetrical tile

of t with respect to b. Tiles t and sym(t) are adjacent and never belong to

the samecluster. An entrance e is a set of tiles that respects the following

conditions:

1. e is connected.

2. The border limitation condition: e � l1 [ l2. This condition states that

an entrance is de�ned along and cannot exceedthe border betweentwo

adjacent clusters.

3. The symmetry condition: 8t 2 l1 [ l2 : t 2 e , sym(t) 2 e.

4. An entrance contains no obstacletiles: e \ obs(g) = ; .

5. Maximalit y: no supersetof e satis�es conditions 1 { 4.

Figure 6.2 shows a zoomed-inpicture of the upper-left quarter of the sam-

ple map. The picture showsdetails on how entrancesare identi�ed and usedto

build the abstract problem graph. In this example,the two clusterson the left

sideareconnectedby two entrancesof width 3 and of width 6 respectively. For

each entrance e, oneor two transitions are de�ned, dependingon the entrance

width. A transition is a pair of symmetrical tiles (t; sym(t)) 2 e� e that allows

communication betweenclusters. Let Te be the set of all tiles that belong to

transitions of e. Only tiles t 2 Te areusedfor communication betweenclusters.

If the width of the entrance is lessthan a prede�ned constant (6 in the exam-

ple), then one transition is de�ned at the middle of the entrance. Otherwise,

two transitions are created,oneon each end of the entrance. De�ning such a

small number of transitions preservesthe completenessand the correctnessof

the algorithm. However, solutions can be suboptimal, sincethere can be an

entrance e and a node pair (S; G) such that all optimal paths betweenS and

G must intersect en Te.

Transitions are usedto build the abstract problem graph. Each transition

generatestwo nodesin the abstract graph, and an edgethat links them. Since
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Figure 6.2: Abstracting the top-left corner of g. All abstract nodesand inter-
edgesare shown in light grey. For simplicity, intra-edgesare shown only for
the top-right cluster.

such an edgerepresents a transition betweentwo clusters,it is calledan inter-

edge. Inter-edgesalways have length 1. For each pair of nodesinsidea cluster,

an edgelinking them, called an intr a-edge, is de�ned. The length of an intra-

edgeis obtained by searching for an optimal path inside the cluster area. In

this work, optimalit y is de�ned with respect to path length. The length of

a path is the sum of the weights of its steps(edges). In particular, when all

edgeson a path have weight 1, its length is the number of steps.

Figure 6.2 shows all nodes(light grey squares),all inter-edges(light grey

lines), and part of the intra-edges(for the top-right cluster). Figure 6.3 shows

the details of the abstracted internal topology of the cluster in the top-right

corner of Figure 6.2. The data structure contains a set of nodes as well as

distancesbetweenthem. For example,going from B to D hasa minimal cost

of 10:94, the result of 7 diagonalmovesand onemoveto the right. This method

currently cachesdistancesbetweennodesanddiscardsthe actual optimal paths

corresponding to thesedistances. If desired,the paths can alsobe stored, for

the price of more memory usage.

Figure 6.4 (a) shows the abstract graph for the running example. The

picture includesthe result of inserting the start and goal nodesS and G into

the graph (the dotted lines), which is described in the next subsection. The

graph has68 nodes,including S and G, which can changefor each search. At

this level of abstraction, there are 16 clusterswith 43 interconnectionsand 88
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Figure 6.3: Cluster-internal path information.

(a) (b)

Figure 6.4: (a) The abstract problem graph in a hierarchy with one low level
and one abstract level. (b) Level 2 of the abstract graph in the 3-Level hier-
archy.

intraconnections. There are 2 additional edgesthat link S and G to the rest

of the graph. For comparison,the low-level (non-abstracted) graph contains

1; 463nodes,one for each unblocked tile, and 2; 714edges.

Oncethe abstract graph hasbeenconstructedand the intra-edgedistances

computed, the grid is ready to usein a hierarchical search. This information

can be precomputed(before a gameships), stored on disk, and loaded into

memory at run-time. This is su�cien t for static (non-changing) grids. For

dynamically changinggrids, the precomputeddata hasto be modi�ed at run-

time. When the grid topologychanges(e.g.,a bridgeblowsup), only the intra-

and inter-edgesof the a�ected local clustersneedto be re-computed.
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6.1.2 On-line Search

HPA* �rst searchesfor a path in the abstract graph. The abstract path can

subsequently be re�ned, as well as improved in quality (e.g., aestheticsand

length) as needed.

Searching for an Abstract Path

Searching for an abstract solution in the hierarchical framework is a three-step

processbasedon the following strategy: First, discover how to travel from the

start to each node on the border of its neighborhood. Second,discover how

to travel from each node on the border of the goal neighborhood to the goal

position. Third, search for a path from the border of the start neighborhood

to the border of the goal neighborhood. This is done at an abstract level,

wheresearch is simpler and faster. A singleaction traversesa relatively large

area.

At step 1, S is temporarily inserted into the abstract graph by adding

edgesto all reachable nodeson the border of the cluster containing S. Local

searchesare run for each pair (S; n), where n is a graph node on the border

of S's cluster. Such a local search is restricted to the area of the cluster. An

intra-edgebetweenS and n is addedif a local path existsbetweenthem. Each

edgeis weighted by the length of an optimal path betweenthe two nodes. In

Figure 6.4 theseedgesare represented with dotted lines. The paths can also

be cached and reusedin the re�nement phase,allowing a mobile unit to start

moving assoon as the on-line search �nishes. Step 2, which connectsG to its

cluster border, is similar to step 1.

In experiments, S andG areassumedto changefor each newsearch. There-

fore, the cost of inserting S and G is addedto the total cost of �nding a solu-

tion. After a path is found, S and G are removed from the graph. However,

in practice this computation can be done more e�cien tly. Consider a game

wheremany units have to �nd a path to the samegoal. In this case,G can be

insertedonceand reusedin several searches,amortizing the insertion cost. In

general,a cache can be usedto store connectioninformation for popular start
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and goal nodes.

At step 3, a search in the abstract graph computesa path betweenS and

G. The last two stepsof the on-line search are optional:

� Path-re�nement canbe usedto convert an abstract path into a sequence

of moveson the original grid. Each abstract edgeis mappedto a shortest

low-level path between its two end nodes. Note that global optimalit y

is not ensured,becauseof the small number of nodes de�ned for each

entrance.

� Path-smoothing canbeusedto improvethe quality of the path-re�nement

solution.

Path Re�nemen t

Path re�nement translates an abstract path back into a low-level path. Each

intra-edge in the abstract path is replacedby an equivalent sequenceof low-

level moves. If the move sequenceattached to an abstract step has been

cached, then its re�nement is simply a table look-up. Otherwise, a small

search is performedinsidethe corresponding cluster to rediscover the low-level

move sequence.

There are two factors that keep the re�nement search simple. First, ab-

stract solutions are guaranteed to be correct, provided that the environment

doesnot changeafter �nding an abstract path. This meansthat neither back-

track nor re-planningfor correctingan abstract solution arenecessary. Second,

path-re�nement is a sum of small searches,one for each intra-edgeon an ab-

stract path. The total e�ort to solve all subproblemsis often smaller than the

e�ort to solve the original problem.

Path Smoothing

Topologicalabstraction de�nes only oneor two transition points per entrance.

While e�cien t, this gives up the optimalit y of the computed solutions. So-

lutions are optimal in the abstract graph but not necessarilyin the initial

problem graph. Path smoothing improves the solution quality (i.e., cost and
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Search Total Re�nement
Technique SG Main Abstract (optional)

L-0 0 1,462 1,462 0
L-1 17 67 84 145
L-2 44 7 51 161

Table 6.1: Number of expandednodesin the running example.

aesthetics). The technique for path smoothing is simple, but producesgood

results. Assumen1n2:::nl are the nodes of a path. Path-smoothing detects

pairs (ni ; nj ); i < j such that ni and nj can be connectedby a straight line,

and ni ni +1 :::nj is sub-optimal. Then ni ni +1 :::nj is replacedby a straight line.

When all pairs (ni ; nj ); i < j are considered,an upper bound on the com-

plexity of path-smoothing is O(l2), where l is the number of low-level path

nodes. In practice, better performance is achieved based on a few simple

ideas. First, no check is necessarybetweentwo nodesinside the samecluster,

sinceall interior local paths are optimal. Second,an e�ectiv e heuristic is that,

after a local sequenceni :::nj hasbeencorrected,the processcontinuesfrom nj

rather than ni +1 . Third, if a path is optimal beforehand,or becomesoptimal

after oneor several smoothing steps,no further smoothing is necessary. How-

ever, a challengeis how to quickly determinewhether a given path is optimal.

A simple but partial solution is to check whether the cost of a path is the

sameas the heuristic distancebetweenS and G. If so, the path is proven to

be optimal, as the heuristic is admissible. Otherwise, no conclusioncan be

drawn on this matter.

6.1.3 Exp erimen tal Results for the Running Example

The experimental results for the running exampleare summarizedin the �rst

two rows of Table 6.1. SG is the e�ort for inserting S and G into the graph.

Main represents searching for an abstract path. Total Abstract is the sum

of the previous two columns. This measuresthe e�ort for �nding an abstract

solution. Re�nement showsthe e�ort for completepath-re�nement. L-0 repre-

sents running A* on the low-level graph (called level 0). L-1 usestwo hierarchy
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levels (level 0 and level 1), and L-2 usesthree hierarchy levels. For now the

focus is only on L-0 and L-1. L-2 will be described in Section6.1.5.

Low-level (original grid) search using A* has poor performance. The ex-

ample has beenchosento show a worst-casescenario. Without abstraction,

A* will visit all the unblockedpositionsin the map. The search expands1; 462

nodes. The only factor that limits the search is the map size. A larger map

with a similar topology represents a hard problem for A*.

The performanceis greatly improved by using hierarchical search. When

inserting S into the abstract graph, it can be linked to only one node on the

border of the starting cluster. Therefore one node (corresponding to S) and

one edgethat links S to the only accessiblenode in the cluster are added.

Finding the edgecost usesa search that expands8 nodes. Inserting G into

the graph is almost identical (9 nodesexpanded).

A* is used on the abstract graph to search for a path between S and

G. Searching at level 1 expandsall the nodes of the abstract graph. The

problem is also a worst-casescenariofor searching at level 1. However, the

search e�ort is much smaller: The main search expands67 nodes. Inserting

S and G expands17 nodes. In total, �nding an abstract path requires 84

node expansions. If desired, this abstract path can be re�ned, partially or

completely, for additional cost. The cost is higher when the path has to be

re�ned completely and no actual paths for intra-edgeswere cached. For each

intra-edge in the path, a search computes a corresponding low-level action

sequence.In the example, there are 12 such small searches,which expand a

total of 145nodes.

6.1.4 Adding Levels of Hierarc hy

The hierarchy can be extended to several levels, transforming the abstract

graph into a multi-level graph. In a multi-level graph, nodesand edgeshave

labels showing their level in the abstraction hierarchy. HPA* performs path-

�nding asa combination of small searchesin the graph at various abstraction

levels. Additional levelsin the hierarchy canreducethe search e�ort, especially

for large maps. SeeAppendix C.2.2 for details on e�cien t searching in a

102



multi-level graph. To build a multi-level graph, map abstraction is structured

on several levels. The higher the level, the larger the clusters in the map

decomposition. Clustersat level l are called l-clusters. Each new level is built

on top of the existing structure. Building the 1-clustershasbeenpresented in

Section6.1.1. For l � 2, an l-cluster is obtained by grouping together n � n

adjacent (l � 1)-clusters,wheren is a parameter.

If two nodesand an inter-edgeat level l � 1 make a transition betweentwo

newly createdl-clusters,all three elements update their level to l. (Nodesat

level l are called l-nodes, and edgesat level l are called l-edges.) Note that

l-nodes and l-inter-edges,l � 2, are inherited from the previous level. Not

introducing new nodeswith a new graph level is bene�cial for both building

new intra-edgesat level l , and re�ning an abstract solution, asdetailed below.

Intra-edgeswith level l (i.e., l -intra-edges)are added for pairs of commu-

nicating l-nodesplacedon the border of the samel-cluster. Sinceboth ends

of a new intra-edge were present at level l � 1 too, such an edgeis quickly

computedwith a search at level l � 1 inside the current l-cluster. More details

are provided in Appendix C.2.2.

Inserting S into the graph iterativ ely connectsS to the nodeson the bor-

der of the l-cluster that contains it, with l increasingfrom 1 to the maximal

abstraction level. Searching for a path betweenS and a l-node is restricted to

level l � 1 and to the areaof the current l-cluster that contains S. An identical

processingis performedfor G too.

The number of abstract levels can a�ect the computation speed,but not

the solution itself. In particular, adding a new level l � 2 to the graph does

not diminish the solution quality. The intuition behind this is the following:

All nodesand inter-edgesat level l are obtained from nodesat level l � 1. A

new intra-edge added at level l corresponds to an existing shortest path at

level l � 1. The weight of the new edgeis set to the cost of the corresponding

path. Searching at level l �nds faster the samesolution as searching at level

l � 1 (only more abstracted), since the added edgesdo not changeshortest

distances.

In the example,adding an extra level with n = 2 creates4 large clusters,
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one for each quarter of the map. Figure 6.2 is an example of a single 2-

cluster. This cluster contains 2 � 2 1-clustersof size10� 10. BesidesS, the

only other level-2 node of this cluster is the one in the bottom-left corner.

Comparedto level 1, the total number of nodesat the secondabstraction level

is reducedeven more. Level 2, where the main search is performed, has 14

nodes(including S and G). Figure 6.4 (b) shows level 2 of the abstract graph.

The edgespictured as dotted lines connectS and G to the graph at level 2.

Abstraction level 2 is a good illustration of how the preprocessingsolves

local constraints and reducesthe search complexity in the abstract graph. The

2-cluster shown in Figure 6.2 is large enoughto contain the large dead end

\ro om" that exists in the local topology. At level 2, the algorithm avoids any

uselesssearch in this \ro om" and goes directly from S to the cluster exit in

the bottom-left corner.

After inserting S and G, the graphcanbesearchedfor a path betweenthese

two nodes. Search is performed at the highest abstraction level. If desired,

the abstract path can repeatedlybe re�ned to the previouslevel until the low-

level solution is obtained. A solution re�ned from level l to level k; 1 � k < l

is identical to the solution computed in a hierarchy with only k levels. As

shown before,re�nement from level 1 to the original grid is not guaranteed to

producean optimal solution.

6.1.5 Exp erimen tal Results for Example with 3-Lev el
Hierarc hy

The third row of Table6.1shows numericaldata for the running examplewith

a 3-Level hierarchy. As shown in Section 6.1.3, connecting S and G to the

border of their 1-clustersexpands17 nodes in total. Similarly, S and G are

connectedto the border of their 2-clusters. Thesesearchesat level 1 expand

5 nodesfor S and 22 nodesfor G.

The main search at level 2 expandsonly 7 nodes. No nodesother than the

onesin the abstract path are expanded. This is an important improvement,

consideringthat search in the level 1 graph expandedall nodesin the graph.

In total, �nding an abstract solution in the extended hierarchy requires 51
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nodes.

After adding a new abstraction level, the cost for inserting S and G dom-

inates the main search cost. This illustrates the generalcharacteristic of the

method that the cost for inserting S and G increaseswith the number of levels,

whereasthe main search becomessimpler. Finding a good trade-o� between

thesesearchesis important for optimizing performance.

Table6.1 alsoshows the costsfor a completesolution re�nement. Re�ning

the solution from level 2 to level 1 expands16 nodesand re�ning from level 1

to level 0 expands145nodes,for a total of 161nodes.

6.1.6 Storage Analysis

Besidesthe computational speed,the amount of storageis another important

performanceindicator for path-�nding. This section analyzesthe sizeof the

problem graph and the sizeof the open list usedby A*.

Graph Storage Requiremen ts

Table6.2shows the averagesizeof a problemgraph for a setof mapsextracted

from the Baldur 's Gate game. SeeSection6.2.1for details on this dataset.

The original low-level graph is comparedto the abstract graphsin hierarchies

with one, two, and three abstract levels (not counting level 0). The table

shows the number of nodesN , the number of inter-edgesE1, and the number

of intra-edgesE2. For the multi-level graphs,both the total numbersand the

numbers for each level L i , i 2 f 1; 2; 3g are presented.

The data shows that the abstract graph is small comparedto the sizeof

the original problem graph. Adding a new graph level does not create new

nodes and inter-edges. The only overhead consistsof the new intra-edges.

In the data set, at most 1; 846 intra-edges(when three abstract levels are

de�ned) are added to an initial graph having 4; 469 nodesand 16; 420 edges.

Assumingthat a nodeand an edgeoccupy about the sameamount of memory,

the overheadis lessthan 10%.

The way that the abstract graph translates into bytes is highly dependant

on factorssuch asimplementation, compileroptimizations, or sizeof the prob-
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Graph 0 Graph 1 Graph 2 Graph 3
L1 Total L 1 L2 Total L 1 L2 L3 Total

N 4,469 367 367 186 181 367 186 92 89 367
E1 16,420 198 198 100 98 198 100 50 48 198
E2 0 722 722 722 662 1,384 722 622 462 1,846

Table 6.2: The averagesize of the problem graph in the Baldur 's Gate
test set. N is the number of nodes,E1 is the number of inter-edges,and E2

is the number of intra-edges. Graph 0 is the initial low-level graph. Graph
1 represents a graph with one abstract level (L 1), Graph 2 has two abstract
levels (L 1; L2) , and Graph 3 has three abstract levels (L 1; L2; L3).

lem map. For instance,if the map sizeis at most 256� 256, then storing the

coordinates of a node takes two bytes. More memory is necessaryfor larger

maps.

Since abstract nodes and edgesare labeled by their level, the memory

necessaryto store an element might be larger in the abstract graph than in

the initial graph. This additional requirement can be as little as 2 bits per

element, corresponding to a largest possiblenumber of levelsof 4. Sincemost

compilers round up the bit-size of objects to a multiple of 8, this overhead

might not exist in practice.

The storageutilization can be optimized by keepingin memory (e.g., the

cache) only thoseparts of the graph that are necessaryfor the current search.

In the hierarchical framework, only the sub-graphcorresponding to the level

and the area of the current search is required. For example,when the main

abstract search is performed, the low-level problem graph can be dropped,

greatly reducing the memory requirements for this search.

The worst casescenariofor a cluster is when blocked tiles and free tiles

alternate on the border, and any two border nodescan be connectedto each

other. Assumethe sizeof the problem map is m � m, the map is decomposed

into c� c clusters,and the sizeof a cluster is n� n. In the worst case,a number

of 4n=2 = 2n nodesper cluster is obtained. Sinceeach pair of nodesde�nes an

intra-edge,the number of intra-edgesfor a cluster is 2n(2n � 1)=2 = n(2n � 1).

This analysisholds for clusters in the middle of the map. No abstract nodes
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Low level Abstract
Main SG Re�nement

Open list size 51.24 17.23 4.50 5.48

Table 6.3: Averagesize of the open list in A*. For hierarchical search, the
averagesize for the main search, the SG search (i.e., search for inserting S
and G into the abstract graph), and the re�nement search are shown.

are de�ned on the map edges,so marginal clustershave a smaller number of

abstract nodes. For the cluster in a map corner, the number of nodesis n and

the number of intra-edgesis n(n � 1)=2. For a cluster on a map edge, the

number of nodes is 1:5n and the number of intra-edgesis 1:5n(1:5n � 1)=2.

There are 4 corner clusters,4c � 8 edgeclusters,and (c � 2)2 middle clusters.

Therefore,the total number of abstract nodesis 2m(c� 1). The total number

of intra-edgesis n(c� 2)2(2n� 1)+ 2n(n� 1)+ 3n(c� 2)(1:5n� 1) � 2n2c2 = 2m2,

having the sameorder asthe number of original nodesand edges.The number

of inter-edgesis m(c � 1).

Storage for the A* Op en List

Since hierarchical path-�nding decomposesa problem into a sum of small

searches, the open list in A* usually is smaller in hierarchical search than in

low-level search. Table 6.3 illustrates this for searchesrun on the Baldur 's

Gate testset described in Section6.2.1. The data shows a three-fold reduc-

tion of the list sizebetween the low-level search and the main search in the

abstracted framework.

6.2 Exp erimen tal Results

6.2.1 Exp erimen tal Setup

Experiments were performedon a set of 120 maps extracted from BioWare's

gameBaldur 's Gate , varying in sizefrom 50� 50 to 320� 320. For each

map, 100searcheswererun usingrandomly generatedS and G pairs for which

a valid path betweenthe two locationsexisted. The atomic mapdecomposition
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usesoctiles. Entranceswith width lessthan 6 have one transition. For larger

entrancestwo transitions are generated.

The code was implemented using the University of Alberta Path-�nding

CodeLibrary availableat [25]. This library is usedasa research tool for quickly

implementing di�eren t search algorithms using di�eren t grid representations.

Becauseof its genericnature, there is someoverheadassociated with usingthe

library. All times reported in this sectionshould be viewed asgenerousupper

boundson a custom implementation.

6.2.2 Analysis

Figure 6.5 compareslow-level A* to abstract search on hierarchies with the

maximal level set to 1, 2, and 3. The top graph shows the number of expanded

nodes and the bottom graph shows the time. For hierarchical search, the

�gures display the total e�ort, which includesinserting S and G into the graph

(the SG e�ort ), searching at the highest level (the main e�ort ), and re�ning

the path (the re�nement e�ort ). The real e�ort can be smaller sincethe SG

e�ort can be amortized for many searches,and path re�nement is not always

necessary. The graphsshow that, when completeprocessingis performed,the

�rst abstraction level is good enoughfor the map sizesusedin this experiment.

For larger maps, the bene�ts of more levels could be more signi�cant.

Even though the reported times are for a genericimplementation, it is im-

portant to note that for any solution length the appropriate level of abstraction

was able to provide answers in lessthan 10 millisecondson average.Through

length 400, the averagetime per search was lessthan 5 millisecondson a 800

MHz machine.

A* is slightly better than HPA* for easysearch problems,whenthe solution

length is very small. The overheadof HPA* (e.g., the SG cost) in such cases

is larger than the potential savings that the algorithm could achieve. A* is

also better when S and G can be connectedthrough a \straigh t" line on the

grid. In this case,the heuristic provides perfect information, and A* expands

no nodesother than thosethat belongto the solution.

The CPU times reported for A* areunder 0.1seconds,and henceonecould
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Figure 6.5: Low-level A* vs. hierarchical path-�nding.
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wonder why bother to improve a result that already looks good. There are

several reasonsthat motivate this. First o�, the performanceof A* is expected

to decreaseas the sizeof a problem map increases.Second,in a gamewith

mobile units, many path-�nding problems(say, one for each unit) have to be

solved on a map within a limited time interval. The di�erence in performance

betweenA* and HPA* multiplies with the number of problemsbeing solved.

Third, in a game,many CPU cyclesaretakenby other gamemodules(e.g., the

graphicsengine),and waiting until the AI module getsa shareof 0.1 seconds

of CPU for each mobile unit could be impractical.

Figure 6.6 shows how the total e�ort for hierarchical search is composed

of the main e�ort, the SG e�ort, and the re�nement e�ort. The charts show

that more levelsare usefulwhen path re�nement is not necessaryand S or G

can be usedfor several searches.

Figure 6.7 shows the solution quality. Solutionsobtained with hierarchical

path-�nding are compared to optimal solutions computed by low-level A*.

The di�erence from the minimal costsolution beforeand after path-smoothing

is plotted. The di�erence is independent of the number of hierarchical levels.

The only factor that generatessub-optimality is not consideringall the possible

transitions for an entrance.

The cluster sizeis a parameter that can be tuned. The experiments were

run using 1-clusterswith size10 � 10. This choice is supported by the data

presented in Figure 6.8. This graph shows how the averagenumber of ex-

pandednodesfor an abstract search changeswith varying cluster size. While

the main search reduceswith increasingcluster size, the cost for inserting S

and G increasesfaster. The expandednode count reachesa minimum around

cluster size10.

For higher levels, an l-cluster contains 2 � 2 (l � 1)-clusters. When larger

valuesare used,the cost for inserting S and G increasesfaster than the reduc-

tion of the main search. This tendency is especially true on relatively small

maps,wheresmallerclustersachievegood performanceand the increasedcosts

for using larger clusters might not be justi�ed. The overheadof inserting S

and G results from having to connectS and G to many nodesplacedon the
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Figure 6.6: The e�ort for hierarchical search in hierarchieswith one,two, and
three abstract levels. The total e�ort is split into the main e�ort (gray), the
SG e�ort (black), and the re�nement e�ort (white).
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Figure 6.7: Solution quality.

border of a large cluster. The longer the cluster border, the more nodes to

connectto.

6.3 Conclusions and Future Work

This chapter presented a hierarchical techniquefor e�cien t near-optimalpath-

�nding. This approach is easyto apply and works well for di�eren t kinds of

map topologies. The method adapts to dynamically changing environments.

The hierarchy canbe extendedto several abstraction levels,making it scalable

for largeproblem spaces.As seenin planning, adding somesimpleabstraction

allows for signi�cant performanceimprovement. On maps extracted from a

real game,HPA* producesnear-optimal solutions much faster than low-level

A*.

This work can be extendedin several directions. Inserting S and G into

the abstract graph canbe optimized. As Figure 6.6shows, thesecostsincrease

signi�cantly with adding a new abstraction layer. One strategy for improving

the performanceis to connectS only to a sparsesubsetof the nodeson the

border, maintaining the completenessof the abstract graph. For instance, if

each \unconnected" node (i.e., a node on the border to which no connection

from S is attempted) is reachable in the abstract graph from a \connected"

node (i.e., a node on the border alreadyconnectedto S), then completenessis
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Figure 6.8: The search e�ort for �nding an abstract solution.

preserved. Another idea is to considerfor connectiononly border nodesthat

are in the direction of G. However, this doesnot guarantee completeness.If

the search fails becauseof incompleteness,it shouldbe restarted with a larger

subsetof border nodes.

The currently-used clustering method is simpleand producesgood results.

However, more sophisticated strategies can be explored. For example, au-

tomatically minimize measuressuch as number of abstract clusters, cluster

interactions, and cluster complexity (e.g., the percentage of internal obsta-

cles).

An interesting topic is to extend HPA* to non-grid maps. Finally, ex-

periments can be run on classesof problemscharacterizedby either multiple

agents, apriori unknown domains, or mobile targets. All these require re-

planning, and the abilit y of HPA* to save resourcesby postponing unneeded

re�nements could be very bene�cial.
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Chapter 7

Using Abstraction for Planning
in Sokoban

Heuristic search has led to impressive performancein gamessuch as Chess

and Checkers. However, for sometwo-player gameslike Go, or puzzleslike

Sokoban, approaches basedon low-level heuristic search are limited. Alter-

native approachesare neededto deal with such hard domains,wherehumans

still perform much better than the best existing programs.

The Sokoban domain was described in Section 2.3. The problem is di�-

cult for several reasonsincluding deadlocks (positionsfrom which no goalstate

can be reached), the large branching factor (can be over 100), long optimal

solutions(can beover 600moves),and an expensive lower-boundheuristic esti-

mator which limits search speed. Sokobanproblemsare especially challenging

sincethe domain is PSPACE-complete. Many problemsare combinations of

wonderful and subtle ideas,and �nding their solution may require substantial

resources{ for humansand especially for computers.

Sokoban is so hard for computers that a standard algorithm such as A*

would fail even on problemsthat humanscan easilysolve. Humansplan their

moves at a high strategic level, rather than performing exhaustive search at

the level of atomic actions. Based on this example, abstraction might be

the answer to improve an automated solver. This chapter introducesabstract

Sokoban, an approach that combines planning and abstraction. Ideas such

as topological abstraction, hierarchical problem decomposition, and macro-

moves, which are part of the overall theme of this thesis, are explored in an
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application-speci�c context.

Similarly to map decomposition in HPA*, a Sokoban mazeis decomposed

into rooms connectedby tunnels, resulting in a two-level hierarchical repre-

sentation of the problem. At the higher level of the hierarchy, a mazeis seen

as a small graph where nodesare rooms and edgesare tunnels. The solving

strategy is planned at this level, using abstract actions such as transferring a

stonebetweentwo connectedrooms,and rearrangingthe stonesinsidea room

so that the man can crossit. Planning the solving strategy, also called the

global problem, usesTLPlan [2], a standard planner. Details of abstract ac-

tions are solved at the low level of the hierarchy. Each room is assigneda local

problem that dealswith issuessuch as the stone con�guration of that room,

movesinside the room, and local deadlocks. Sokoban-speci�c functionality is

implemented on top of Rolling Stone[49].

In Sokoban, the solution length can be de�ned in two ways: either man

movements or stonepushescanbe counted. Solutionsin abstract Sokobanare

not guaranteed to be optimal by either criterion. Giving up optimalit y allows

for the de�nition of equivalencerelationshipsbetweencon�gurations of a given

room or tunnel. Elements of an equivalenceclassare mergedinto oneabstract

local state, reducingthe search space.If desired,non-optimal solutionscanbe

improved in a post-processingphase.

The rest of this chapter is structured as follows: Section 7.1 contains a

discussionof planning in Sokoban. Section 7.2 provides details about hier-

archical problem abstraction in Sokoban. Section 7.3 presents experimental

results, and Section7.4 contains conclusionsand ideasfor further work.

7.1 Planning in Sokoban

The �rst part of this section focuseson how to formulate Sokoban as a stan-

dard planning problem. The impact of using domain-speci�c knowledgeand

abstraction is discussed. Three domain representations, each at a di�eren t

level of abstraction, are considered. The conclusionof this analysis is that

planning in Sokoban greatly improvesas application-speci�c information and
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abstraction are used.

The secondpart explains why a planner such as TLPlan was chosento

addressthe global problem in abstract Sokoban.

7.1.1 Represen ting Sokoban as a Planning Problem

Several formulations of Sokobanasa planning domain are possible,depending

upon factors such as the abstraction level and the application-speci�c infor-

mation used. A �rst, naive approach is to useneither abstraction nor domain-

speci�c knowledge.All propertiesof the domainare translated into a standard

planning languagesuch as STRIPS. For instance,a regular low-level move in

Sokobanbecomesan action in the planning domain. Previousplanning experi-

ments basedon such a naive Sokobanrepresentation showedpoor performance

even for very small problems[51, 66].

Planning in Sokoban signi�cantly improves when domain-speci�c knowl-

edgeandan abstractedproblemformulation areemployed. The main Sokoban-

speci�c functions implemented in this work deal with:

� Deadlock: Since deadlocks a�ect the search e�ciency , a quick test to

detect local deadlock patterns is used. Deadlocks are detected using

Rolling Stone'sdatabase,which contains all local deadlock patterns that

canoccur in a 5x4 area[49]. Although this enhancement is an important

gain, the problem of deadlocks is far from being solved.

� Heuristic evaluation function: Sincethe heuristic function hasa big im-

pact on the quality of a search algorithm, a custom heuristic, called

Minmatching, was used. This is also reusedfrom Rolling Stone[49].

� State equivalencewith respect to the man's position: Supposethat two

states have identical stone con�gurations but di�eren t man positions,

and that the mancanwalk from oneposition to the other. The two states

are equivalent, unlessoptimal solutions that minimize man movements

are sought.

116



To illustrate how performanceimproves as more abstraction is used, two

domain formulations, each with a di�eren t level of abstraction, are introduced

in addition to naive Sokoban. Tunnel Sokoban is a partially abstractedrepre-

sentation, whereall tunnels present in a mazeare treated as atomic entities.

All possiblecon�gurations of a tunnel are reducedto a few abstract statesand

planning actions such as parking a stone inside a tunnel or pushing a stone

acrossa tunnel are de�ned as atomic actions. SeeSection7.2.1 for details.

Tunnel Sokoban with the domain-speci�c functionality presented above is

di�cult for the planner. The systemcould not solve even moderately complex

puzzles. Only one from the standard test suite of 90 problems [48] can be

solved by this approach. Tunnel abstraction reducesthe search space,but

the reduction is not big enoughto achieve reasonableperformance.Moreover,

although smalldeadlocksaredetected,therearemany largerdeadlock patterns

that still have to be dealt with. Hencefurther reducing the search spaceand

dealing with deadlocks more e�cien tly are desired. For this reason,abstract

Sokoban, which abstracts not only tunnels but also the rest of a maze, is

introduced. Abstract Sokoban is described in detail in Section7.2.

7.1.2 Using a Standard Planner in Sokoban

To solve the global problem in the two-level hierarchy of abstract Sokoban,

the TLPlan [2] planner was chosen,primarily sinceit allows usersto plug-in

libraries that contain customfunctions tailored for the application at hand. In

addition, TLPlan supports utilizing domain-speci�c knowledgeencoded with

temporal logic formulas, as mentioned in Section2.1.3. However, the abilit y

of TLPlan to reasonwith temporal logic was not exploited in this Sokoban

project. TLPlan is a forward chaining planner and implements several search

strategiessuch asbest-�rst search, depth-�rst search, and breadth-�rst search.

In experiments, a best-�rst search algorithm with nodesorderedaccordingto

their heuristic (pure heuristic search) wasused. The heuristic is Minmatching.

Custom code is necessaryin two important parts of the planning model

described in this chapter. First, domain-speci�c knowledgesuch as deadlock

detection, heuristic state evaluation and state equivalencecan e�cien tly be
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Figure 7.1: Toy Sokoban problem usedas an example.

implemented. Second,custom functions can be usedto model a hierarchical

planning framework. In principle, hierarchical planning can be modeled in

STRIPS, but this would result in a tremendousperformancedecay. When

an abstract action such as transferring a stone from one room to another is

applied, a Sokoban-speci�c function is called that veri�es that the action is

possiblegiven the current state (i.e., check the action preconditions), maps

the action to a sequenceof low-level moves,and computesthe changeson the

maze(i.e., the action e�ects). This mechanismsimulateshierarchical planning.

Following standard terminology of hierarchical task networks [32], an abstract

action is similar to a nonprimitive task and the associated custom function

implements a method that tells how the task can be decomposedinto a �ner

granularit y level.

7.2 Abstraction in Sokoban

This section focuseson abstract Sokoban. Section 7.2.1 provides details on

puzzle decomposition and abstract states of tunnels. Two-level hierarchical

problem representation is discussedin Section 7.2.2. The following sections

focus on one hierarchical level each: Section7.2.3 describes room processing

performed at the local level. Finally, Section 7.2.4 presents the global plan-

ning architecture. The toy problem shown in Figure 7.1 is usedas a running

example.
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Figure 7.2: Various typesof tunnels.

7.2.1 Puzzle Decomp osition

Before decomposition, a simple preprocessingdetects two types of \dead"

squares. This is also performed in Rolling Stone. First, uselessparts of a

mazesuch as tunnels with one end closedare safely removed from the prob-

lem. Second,stone-dead squares,wherethe man can go but stonescannot be

pushedbecauseof deadlock, are marked.

A puzzleis decomposedin two steps.The �rst stepis to identify its tunnels.

Any contiguous sequenceof interior (i.e., unblocked) tiles such that each tile

has exactly two interior neighbours is a tunnel. Patterns A and B in Figure

7.2 are examplesof such tunnels. The white lines that separatean end of a

tunnel from the rest of the mazeare calledseparationlines. In addition to the

previous tunnel de�nition, the patterns C and D are consideredtunnels too.

Tunnel C contains onetile and four separationlines. It is the central tile of a

3� 3 areawhereonly two opposite cornersare blocked. Tunnel D contains no

tiles { only one separationline. It is createdby a 3 � 2 area whereonly two

opposite cornersare blocked. Thesetwo patterns are useful when rooms are

identi�ed, sincethey act as room separators(seedetails below).

As a secondstep of puzzle decomposition, rooms are detected as areas

separatedby tunnels. All separationlinesand interior tiles that alreadybelong
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Figure 7.3: Abstract statesof a tunnel.

to tunnels are consideredwalls. Roomsare maximal contiguous collectionsof

interior tiles. The mazein Figure 7.1 decomposesinto two rooms linked by a

tunnel.

Tunnels are simple objects whoseproperties can be obtained with little

computational e�ort. All stone con�gurations of a tunnel can be mapped to

a few abstract stateswhile preservingcompleteness.As an example,consider

the top-left tunnel con�guration in Figure 7.3. The left stone can be on any

of the three squaresat the left of the man, without changingabstract state of

the tunnel.

Figure 7.3 shows the graph of abstract statesand transitions for a tunnel.

Each transition haspreconditionsthat may dependon the restof the maze.For

instance,pushinga stoneout of the tunnel is possibleonly if the con�guration

of the destination room allows it. The two states at the top can exist only

in the initial state of a problem. The two states at the bottom are deadlock

con�gurations (assumethe man is outsidethe tunnel). The three statesin the

middle ignore the man position. Correctnessis preserved by consideringthe

man position in the preconditions of the transitions that initiate from these

states.
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7.2.2 Hierarc hical Problem Represen tation

Once the maze is split into rooms and tunnels, the initial problem can be

decomposedinto several smaller ones,as shown in Figure 7.4. At the global

level, a mazeis mapped into a graph (Ri ; Tj ), where the nodesRi represent

roomsand the edgesTj represent tunnels. A global planning problem focuses

on how to transfer all stonesto goal rooms through the graph. In addition,

several local search problems,onefor each room, are de�ned. The complexity

of a local problem dependson both the size and the shape of a room. The

local problem attached to the one-squareroom R2 is much simpler than the

one attached to the largest room R3. While the complexity of the initial

problem increasesexponentially with the sizeof the maze,the complexity of

the local problems increasesexponentially with the size of the rooms only.

Moreover, the results of local computation can be reusedmany times during

the global-level search.

7.2.3 Lo cal Problems

Local problemsprovide information about the preconditions,e�ects, and low-

level re�nements of global planning actions. In addition, they detect local

deadlocks that can occur inside a room. The following paragraphsprovide
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1. Build local move graph;
2. Mark deadlock con�gurations with retrogradeanalysis;
3. Find strongly connectedcomponents;
4. Compute properties of each strongly connectedcomponent.

Figure 7.5: Local processingof a small room.

Figure 7.6: A few equivalent con�gurations of a room.

more details on local processing. Small rooms with no goal squares,large

roomswith no goal squares,and goal roomsare separatelydiscussed.

Small Ro oms

For small rooms, with up to 15 non-deadsquares,completepreprocessingis

possible.Figure 7.5 summarizesthe stepsof preprocessingAt step 1, the local

move graph is computed. This includes all con�gurations, regardlessof the

number of stones, that can be reached from the initial con�guration of the

room.

In this work, a room con�guration is called deadlocked if no path exists

to the goal state in the local move graph. In general,a goal state of a room

hasonestoneon each goal squareand no stoneson other squares.For rooms

with no goal squares,a con�guration is deadlocked if the room cannot be

clearedof stonesfrom that con�guration. Otherwise,the con�guration is legal.

According to this de�nition, a legal room con�guration doesnot excludethe

existenceof a larger-scaledeadlock, involving a larger mazearea.

At step 2, local deadlock con�gurations are detected in the local move

graph. Positions are labeledas legal or deadlocked using retrogradeanalysis,

starting from the empty position, which is marked as legal.

At step 3, a graph of abstract statesand transitions is computed for each
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room, as in the caseof tunnels. An abstract state of a room represents a

collection of equivalent con�gurations. Two or more con�gurations are equiv-

alent if they can be obtained from oneanother in such a way that neither the

man nor any stoneleavesthe room. Merging several equivalent con�gurations

into oneabstract state greatly reducesthe state spaceof a local problem. The

abstract statesof a room are computedas strongly connectedcomponents of

the local move graph. In this computation, graph edgesthat involve interac-

tions with the rest of the maze(i.e., the man or a stoneleaving the room) are

ignored. Figure 7.6 illustrates how one abstract state of the left room in the

toy problem represents several equivalent con�gurations. This abstract state

contains 45 equivalent con�gurations, but only three are shown in the picture.

At step 4, for each abstract state, predicatesusedto check action precon-

ditions are also computed (e.g., \can push one more stone inside the room

through entrance X"). When the value of such a predicate is true, several

ways to accomplishthe corresponding action can exist, each with a di�eren t

resulting abstract state. However, in the prototype implementation used in

experiments, only one such state is stored and used to update the problem

state after performing an action. This speedsup search for the price of los-

ing completeness.How to best balance this trade-o� is an important open

problem, whosemore thorough study is left as future work.

Large Ro oms

Local computation for large rooms is performed dynamically, as the planner

requestsnew information, and consistsof two main typesof searches. Action

search computesthe preconditions,e�ects, and re�nements of planning actions

that involve a largeroom (e.g., transfer a stonefrom a largeroom to a tunnel).

Deadlock search detectsdeadlocks that can occur in a room.

Action search implements a breadth-�rst strategy and includesthe follow-

ing enhancements. When the goal is to take out a stone, pull macros, which

eliminatea stonewithout touching any other stone,areaddedasregularmoves.

A local transposition table, which is re-initialized for each local search, tells

whether a given state has already beenvisited. During an action search, no
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stonesleave or enter the room, exceptperhapsfor a goal state of that search.

Hence,only con�gurations with the samenumber of stonesasthe initial state

have to be hashed.When the number of such con�gurations allows, a perfect

hashinguniquely mapseach con�guration to onebit in the table. Otherwise,

a classicalhash table is used. At the global level, transposition tables store

the resultsof precondition searches,sothat they can be reusedby the planner

during the global search.

A deadlock search tries to take out all stonesof a room con�guration. As

in action search, a local transposition table and pull macrosare usedas en-

hancements. When a pull macrocanbe applied, all the other movesgenerated

from that position are safely ignored.

Two tables, L with legal con�gurations and D with minimal deadlock

patterns, are usedfor prunning. A deadlock pattern d is minimal if

8s � d : s is legal:

Relation c1 � c2 exists between two room con�gurations c1 and c2 if the

�rst can be obtained from the latter by ignoring one or more stones. At the

beginning, D is empty and L contains the con�guration of the room in the

initial problem state.

Assumea room con�guration c is encountered in a deadlock search. If

9d 2 D : d � c;

then c is deadlocked and no further expansionof this state is necessary. If

desired,minimal deadlock patterns d � c are detectedand addedto D. If

9l 2 L : c � l ;

then c is legal and hencethe root state is legal. Legal con�gurations c so that

(8l 2 L) : : (c � l) are addedto L.

Goal Ro oms

For a goal room with only one stone-traversableentrance (i.e., an entrance

through which a stone can be pushed in and out), a reducedset of macro-

actions that �ll the goal squaresis precomputed. Each time a new stone is
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pushed into the room, it is automatically placed on its designatedposition.

A similar approach is implemented in Rolling Stone too. For a small goal

room with multiple stone-traversableentrances, a complete preprocessingis

performed, as in the caseof small regular rooms. Many puzzlesin the stan-

dard testset [48] have moregeneralgoal roomsthan the onesdescribed above.

Coping with more typesof goal rooms would be a major step in the e�ort of

scalingthe application to more complexpuzzles.

7.2.4 Global Problem

The global problem is formulated as a planning problem. In the examplein

Figure 7.1, the objects are declaredas follows:

(room 1000)

(room 1001)

(linear tunnel 0) .

Room 1000is the leftmost one,and room 1001is the goal room in the right.

The global state spaceS is a cross-product of the local state spacesof all

roomsand tunnels:

S = S1 � S2 � ::: � Sk :

As this equation suggests,the local spacereduction achieved with abstract

states for tunnels and small rooms results in a global spacesimpli�cation. In

the example,global statesare triples that describe the local statesof the two

roomsand the tunnel. The initial state is

(= (state 1000) 27)

(= (state 1001) 33)

(empty tunnel 0) .

The number that describesthe state of a room (i.e., 27 and 33 in the example)

is an index into an array of abstract states. At that index, a completedescrip-

tion of the state can be found, including the resulting abstract state of the

room after an action hasbeenapplied. The linear tunnel in this problem can

have only two legal abstract states: it either is empty or has a stone parked

inside.
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To expressthe goal state, onecondition, which statesthe �nal state of the

goal room, is enough:sinceall stoneshave to be on goal squares,it is obvious

that the left room and the tunnel should be empty after the puzzlehas been

solved. The goal state is

(= (state 1001) 37).

Four typesof actions are de�ned in this model:

� Man-walk takesas arguments oneroom and two entrances. This action

is only consideredwhen the man can reach the �rst entrance but cannot

reach the other one. The result is to re-arrangethe stonesso that the

man cancrossthe room from oneentrance to another. This action is also

de�ned for the casewhen the man is already insidea room and needsto

leave via a particular entrance.

� Room-to-room transfersa stonefrom oneroom to anothervia a speci�ed

tunnel that links the two rooms.

� Room-to-tunnel takesa stone from a room and parks it in an adjacent

tunnel.

� Tunnel-to-room takesa stonefrom a tunnel and pushesit to an adjacent

room.

Roomsand tunnels involved in a stonemovement changetheir abstract states

after the corresponding action is completed. To be able to move one stone

from oneroom to another, stonesin both roomsmay have to be re-arranged.

The exact way to do this is computedat the local level.

In the example,the abstract solution is a sequenceof 4 macro operators.

In this case,each macro transfers one stone from room 1000onto a free goal

squarein the goal room 1001,via the linear tunnel 0:

room-to-room 1000 0 1001

room-to-room 1000 0 1001

room-to-room 1000 0 1001
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room-to-room 1000 0 1001.

Each abstract action has a corresponding sequenceof atomic moves. For in-

stance,the �rst abstract move consistsof 12 stonepushes.

Comparedto plain and tunnel Sokoban, the abstract representation shows

greater promise for addressingthe gameas a planning problem. As will be

shown in Section 7.3, someproblems that cannot be solved by the �rst two

approaches are easily handled in the abstract one. The improvement is ex-

plained by the hierarchical formulation, search spacereduction, and deadlock

detection.

A well-known property of hierarchical task networks [72] is that higher

abstraction levelsguidethe planning at lower levels. A similar e�ect is present

in abstract Sokoban: low-level searches have precisegoalssuch as moving a

stonefrom a room to another, or changing the local con�guration so that the

man can crossthe room.

In abstract Sokoban the global search spaceis much smaller than in plain

and tunnel Sokoban. Both branching factor and distance to a goal state are

greatly reducedas a result of abstraction. Planning in abstract Sokoban is

alsosimpler becausethere are fewer deadlocks to deal with. Deadlocks inside

a room are detectedby the local analysis. Still, large deadlocks that involve

interactions betweenseveral roomsand tunnels remain undetected.

7.3 Exp erimen tal Results

This sectiondescribesexperiments designedto empirically evaluate planning

and abstraction in Sokoban. First, abstract Sokoban is comparedto the state-

of-the-art application-speci�c solver Rolling Stone. Second,to evaluate how

planning in Sokoban improvesas more abstraction is used,abstract Sokoban

is comparedagainst tunnel Sokoban. Experiments were run on 10 problems

from the standard test suite [48]. These problems, shown in Appendix D,

are the onesthat can be solved by the abstract Sokoban systemusedin the

experiments.

As in the caseof abstract Sokoban, Rolling Stone also usestwo types of
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search and, to perform a measurement, a one-to-onecorrespondenceis con-

sideredbetweenthe search spacesin the two approaches. At the global level,

Rolling Stoneperformsthe so-calledtop-level search, whosepurposeis to �nd

a goal state. This is comparedwith the global planning in abstract Sokoban.

There is also the pattern search in Rolling Stone, whosemain goal is to de-

termine deadlock patterns and �nd better bounds for the heuristic function

[50]. Pattern search in Rolling Stone is comparedwith local preprocessingin

abstract Sokoban, as they both are meansto simplify the main search.

Figure 7.7illustrates how abstraction reducesthe depth of the globalsearch

in both abstract Sokoban and Rolling Stone. SP represents the number of

stone pushesin the solutions found by Rolling Stone. In this experiment,

SP estimatesthe depth of a search tree when no abstraction is used. RS is

the length of the solutions found by Rolling Stone when tunnel macrosand

goal macroscount as one step each. AS is the number of planning actions

in solutions found in abstract Sokoban. AS is much smaller than SP, as one

planning action in abstract Sokobancorrespondsto several regularmoves. The

graphsuggeststhat the global search spacein abstract Sokobanis smallerthan

the main search spaceusedin Rolling Stone. This is an important result, as

it promisesan exponential reduction in the search space.

When using tunnel Sokoban, TLPlan can seldomsolve a problem entirely.

In the 10-problemsubset,only the simplest problem, which has6 stones,can

be solved. For this reason,comparisonagainst tunnel Sokoban is made on

subproblemsof Sokoban puzzles.A subproblemis obtained by removing from

the initial con�guration somestonesaswell asan equalnumber of goalsquares.

Figure 7.8 shows results for solving subproblemsof Problem #6. The number

of expandednodesin the main search is plotted on a logarithmic scale.Tunnel

Sokoban is only able to solve subproblemswith 7 or lessstones.Comparedto

Rolling Stone,abstract Sokobanachievesa reduction that remainsstableover

the whole set of subproblemsof Problem #6.

Table 7.1 presents a more detailed comparisonbetweenabstract Sokoban

and tunnel Sokoban. Subproblemx(y) is obtainedfrom problemx by keepingy

stonesin the maze.The subproblemslisted arethe largestthat tunnel Sokoban
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Abstract Sokoban Tunnel Sokoban
Subproblem PlN PPN Time PlN Time

1(6) 71 1,044 1.57 10,589 126.24
2(6) 24 61,113 0.93 80,740 9,490.21
3(7) 8 482 0.12 77,919 12,248.66
4(6) 9 41,065 0.80 27,514 3,061.94
5(6) 7 404 0.20 53,141 11,733.83
6(7) 19 54,317 1.06 71,579 8,189.77
7(8) 13 26,011 0.75 132 0.88
9(6) 13 245 0.25 35,799 4,883.55
17(5) 1,047 306,224 29.63 14,189 391.42
80(6) 10 395,583 3.02 14,266 949.98

Table 7.1: Abstract Sokoban vs. tunnel Sokoban.

Abstract Sokoban Rolling Stone
Problem PlN PPN Time TLN PSN Time

1 71 1,044 1.57 50 1,042 0.14
2 635 62,037 16.10 80 7,530 0.63
3 12 19,948 2.04 87 12,902 0.23
4 128 69,511 3.20 187 50,369 3.27
5 36 297,334 23.14 202 43,294 1.72
6 36 54,414 1.37 84 5,118 0.31
7 54 35,813 1.57 1,392 28,460 1.37
9 35 7,607 1.01 1,884 436,801 22.17
17 8,091 444,073 166.98 2,038 29,116 2.23
80 47 877,914 4.56 165 26,943 2.25

Table 7.2: Abstract Sokoban vs. Rolling Stone.

can solve. PlN is the number of nodes expandedin the global search, and

PPN are nodesin local room preprocessing.No local processingis performed

in tunnel Sokoban. The time is measuredin seconds.The data demonstrates

a huge di�erence in terms of e�ciency betweenthe two approaches. Even if

the valuesof PPN seemto be relatively large, preprocessingis fast, sinceno

heuristic function has to be computed in a local search.

Table7.2showsa comparisonbetweenabstract Sokobanand Rolling Stone.

For Rolling Stone, TLN is the number of nodes expandedin the top-level

search and PSN is the number of expandednodesin the pattern search. For
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many problems, the number of planning nodes PlN is smaller than TLN ,

which supports the claim that the global search spacein abstract Sokoban is

smaller than the oneconsideredby Rolling Stone. In contrast, when compar-

ing PSN and PPN , abstract Sokoban shows larger local searches, with the

notable exceptionof problem #9. This is an e�ect of completepreprocessing

of small rooms, even though only a small part of it will be required at the

global planning level. Problem #9 shows that on-demandlocal computation

can be very fast. This suggeststhat a better approach could be to compute

local information on demand,asneededby the planner, for all (i.e., both small

and large) roomswith no goal squares.

Rolling Stoneis faster, with the exceptionsof problems#4 and #9. Note

that abstract Sokoban solvesproblem #9 20 times faster than Rolling Stone,

for the reasonsexplainedin the previousparagraph. The overheadof abstract

Sokoban is determined by the local processingas well as the utilization of a

generalpurposeplanner. TLPlan usesa genericpropositional representation

of states, while the Sokoban-speci�c library represents states in a way that

encodes knowledge about the domain. At each node in the main search, a

conversionis madebetweenthe two representations, increasingthe processing

time per node. This is an inherent cost that hasto be paid for using a generic

planning engine.On the other hand, abstract Sokobanhasthe advantage that

other planners that accept customizedcode can be used to solve the global

planning problem, whereasRolling Stoneis a special-purposesystem.

Abstract Sokoban can solve 10 problems from the standard set, while

Rolling Stone solves 57. The di�erence is explained by the research and de-

velopment e�ort investedin each system. Rolling Stone is a �nely tuned ap-

plication, developed in about two and a half years. Abstract Sokoban solved

10 problemsafter a development of about 6 months. In his thesis,Junghanns

shows how the number of problemssolved by Rolling Stone evolved as more

e�ort wasspent on research and development [49]. The data indicatesthat, af-

ter oneyear of e�ort, 12 problemsweresolved, with a jump from oneproblem

to 12 problemswithin a two-month period at the half of the one-year interval.

When Rolling Stone is restricted to a version basedon a similar amount of
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e�ort as for abstract Sokoban, the two systemsshow similar performancein

terms of number of problemssolved.

To summarizethe experiments, the resultsclearlyshow that abstract Sokoban

is much more e�cien t than other planning representations of the game. No

previousknown planning attempts in Sokoban led to solving problemswithin

the complexity range of the standard test suite [48]. In addition, abstract

Sokoban is competitiv e with Rolling Stone on the 10-problemsubset. How-

ever, parts of the abstracted architecture need improvement to scaleup its

performance.A few ideasare discussedin the next section.

7.4 Conclusions and Future Work

This chapter presented an approach that appliesplanning and abstraction to

Sokoban. Abstract Sokoban is introducedas a hierarchical formulation of the

domain obtained by decomposing a maze into rooms and tunnels. A global

problem,solvedwith a standardplannersuch asTLPlan, providesa high-level

solvingstrategywherestonesaretransferredbetweenroomsand tunnels. Each

room constitutes a local problem that solvesthe local constraints of abstract

planning actions.

Many directions can be explored for future work. Many problems in the

standard testset were not attempted becausetheir goal rooms could not be

processedwith the current system. Better decomposition of a mazeinto rooms

and tunnels is a challenging task that is expected to have great impact on

the overall systemperformance. Treating several inter-connectedrooms and

tunnels as a single room can be bene�cial, since all their interactions are

removed from the global level. While the current decomposition processis

quite rigid, it can be enhancedwith a strategy aiming to optimize parameters

such asthe number of roomsand tunnels, and the interactions betweenrooms

and tunnels. As pointed out previously, better study of the completeness

is desirable. Finally, the global spacecan be further simpli�ed by detecting

deadlocks acrossseveral roomsand tunnels.
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Chapter 8

Conclusions

Planning and heuristic search are fundamental areasof arti�cial intelligence

reasearch, with a great number of potential real-life applications. Despite re-

cent progressin theseresearch areas,many problemsof generalinterest remain

too computationally challengingfor the capabilities of current technology.

The topic of this thesishasbeenimproving planning and search with auto-

matic abstraction. Threeframeworks,each with a di�eren t level of application-

speci�c knowledge,served as testbedsfor this research.

The �rst framework, domain-independent AI planning, is the topic of

Chapters 3{5. A planner takes as input a domain and a problem expressed

in a standard input language. Since one planner addressesmany domains,

including previouslyunseenones,no additional application-speci�c knowledge

can be provided by hand. This thesis introduced techniques that automat-

ically learn new information about a domain and use it for faster planning

in future problems. Empirical evaluation shows an improvement of orders

of magnitude, as comparedthe state-of-the-art planner FF [42], in domains

where speci�c knowledgecan automatically be inferred. Participation in the

international planning competition IPC-4 resultedin taking �rst placein 3 out

of 7 attempted domains.

The secondframework, path-�nding on grid maps, is the topic of Chapter

6. Partial application-speci�c knowledge is assumed,since application do-

mains in this classcontain a topological structure that can be exploited by a

solver. In principle, one program can tackle multiple applications with topo-
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logical structure. Hierarchical Path-Finding A*, the main contribution to this

domain, is shown to be up to 10 times faster in exchangefor a 1% degradation

in path quality, as comparedto A*.

Chapter 7 has introducedan approach that appliesplanning and abstrac-

tion to Sokoban. No limitation is imposedon the amount of domanin-speci�c

knowledgethat can be used. A topological abstraction strategy decomposes

a map into rooms connectedby tunnels. This allows for the decomposition

of a hard initial problem into several simpler sub-problems.A prototype im-

plementation of abstract Sokoban is shown to be competitiv e with the state-

of-the-art specializedsolver Rolling Stone, on problems that the abstracted

planning systemcan tackle.

Future work ideas were presented in previous chapters. In AI planning,

ideasfor new theoretical contributions are contained in Sections3.4 and 4.4.

A claim is made in Section 5.4 that planning research should faster expand

from the narrow areaof pure research towards solving more classesof real-life

problems. Section6.3 suggestsideasfor improving the performanceof HPA*.

Similar ideascan be applied to related applications such as robot navigation,

transportation, etc. Finally, Section7.4 points out directions for future work

in abstract Sokoban.
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App endix A

Algorithmic Details of CA-ED

This appendix auguments Section3 with the following details: The pseudocode

of static graph construction is provided in SectionA.1. SectionA.2 describes

how static facts are determined in domains with hierarchical types. Section

A.3 shows pseudocode for the component abstraction method, in addition to

the high-level description provided in Section3.1.2.

A.1 Pseudo code of Static Graph Construction

Pseudocode for building the static graph of a planning problem is shown in

Figure A.1. In the main method buildStaticGraph(), the �rst stepis to identify

static domainpredicates.A predicateis static if no operator includesit among

its e�ects. For simplicity, the STRIPS domain formulation is assumedsothat

each operator o has a list of add e�ects Add(o) and a list of delete e�ects

Del(o). Unary facts and facts with two variablesof the sametype are ignored

as discussedin Section3.1.1.

The next step of the main method labels with \static" all facts in the

initial problem state s0 that are instantiations of static predicates. Finally, a

static graph is generatedbasedon the problem static facts. Each argument

of a static fact becomesa node in the graph. Arguments of each static fact

are linked pairwiseby graph edges.Each edgeis labeledwith the nameof the

corresponding fact.

For simplicity, method identifyStaticPredicates() is calledeach time a static

graph is built. However, an actual implementation can be optimized. The

142



void buildStaticGraph(Graph &g) f
identifyStaticPredicates(&stP reds);
identifyStaticFacts(stP reds;&stF acts);
for (each static fact f 2 stF acts) f

// add nodesto the graph
for (each constant c 2 Args(f )) f

if (c =2 Nodes(g))
addNode(c;&Nodes(g));

g
// add edgesto the graph
for (each c1; c2 2 Args(f ); c1 6= c2) f

addEdge(c1; c2; Name(f ); &Edges(g));
g

g
g

void identifyStaticPredicates(Preds&stP reds) f
stP reds= ; ;
for (each domain predicatep) f

static = true ;
if (Arit y(p) == 1 _ Symmetric(p))

contin ue;
for (each domain operator o) f

if (p 2 Add(o) [ Del(o))) f
static = false;
break ;

g
g
if (static)

stP reds= stP reds[ f pg;
g
void identifyStaticFacts(PredsstP reds, Facts &stF acts) f

stF acts = ; ;
for (each fact f 2 s0) f

if (Pred(f ) 2 stP reds)
stF acts = stF acts [ f f g;

g

Figure A.1: Static graph construction in pseudo-code.
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results of this method depend only on the current domain, not on the current

problem instance. Therefore, it is enoughto call it onceand reuseits results

for several instancesin a domain.

A.2 Static Facts in Domains with Hierarc hical
T yp es

In a domain with hierarchical types, instancesof the samepredicate can be

both static and 
uent. Considerthe Depots domain,a combination of Logistics

and Blocksworld. This domain usessuch a type hierarchy. Type loca t able

hasfour atomic sub-types: pallet , hoist , tr uck , and cra te . Type pla ce

has two atomic sub-types: depot and distributor . Predicate (at ?l -

loca t able ?p - pla ce) , which indicatesthat object ?l is locatedat place?p,

correspondsto eight specializedpredicatesat the atomic type level. Predicate

(at ?p - pallet ?d - depot) is static, sincethere is no operator that adds,

deletes,or movesa pallet. However, predicate (at ?c - cra te ?d - depot)

is 
uen t. For instance,the lift operator deletesa fact of this type.

To addressthe issueof hierarchical types, a domain formulation is used

whereall typesare expressedat the lowest level in the hierarchy. Each predi-

cate is expandedinto a set of low-levelpredicates whosearguments have low-

level types. Similarly, low-leveloperators have variable typesfrom the lowest

hierarchy level. Component abstraction and macrogenerationare doneat the

lowest level. After building the macros, the type hierarchy of the domain is

restored. When possible,a set of two or more macro operators that have low-

level typesis replacedwith oneequivalent operator with hierarchical types.

A.3 Pseudo code of Comp onent Abstraction

Figure A.2 shows pseudo-code for component abstraction, which identi�es

small clusters in a problem static graph g given as a parameter. Types(g)

contains all types of the constant symbols usedas nodes in g. Given a type

t, Preds(t) is the set of all static predicates that have a parameter of type

144



componentAbstraction(Graph g) f
for (each t 2 Types(g) chosenin random order) f

resetAllStructures();
Open  t;
for (each ci 2 N odes(g) with type t)

AC  createComponent( ci );
while (Open6= ; ) f

t1  Open;
Closed t1;
for (each p 2 Preds(t1) n Tr ied)

Tr ied  p;
if : (predConnectsComponents(p;AC)) f

extendComponents(p;AC);
for (each t2 2 Types(p))

if (t2 =2 Open[ Closed)
Open  t2;

g
g
if (evaluateDecomposition() = OK)

return AC;
g
return ; ;

g

Figure A.2: Component abstraction in pseudo-code.

t. Given a static predicate p, Types(p) includes the types of its parameters.

Facts(p) are all facts instantiated from p.

Each iteration of the main loop tries to build components starting from a

seedtype t 2 Types(g). The setsOpen, Closed, Tr ied, and AC are initialized

to ; . Each graph node of type t becomesthe seedof an abstract component

(method createComponent). The components aregreedilyextendedby adding

new facts and constants, such that no constant is part of any two distinct

components. The method predConnectsComponents(p;AC) veri�es if any fact

f 2 Facts(p) mergestwo distinct abstract components in AC. If so, no fact

from Facts(p) will be usedfor component extension.

Method extendComponents(p;AC) extendsthe existing components using

all static facts f 2 Facts(p). For simplicity, assumethat a fact f is binary and
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hasconstants c1 and c2 as arguments. In the most generalcase,four possible

relationships can exist betweenthe abstract components and elements f , c1,

and c2:

1. Both c1 and c2 already belongto the sameabstract component ac:

9(ac 2 AC) : c1 2 Nodes(ac) ^ c2 2 Nodes(ac):

In this case,f is addedto ac as a new edge.

2. Constant c1 is already part of an abstract component ac (i.e., c1 2

Nodes(ac)) and c2 is not assignedto a component yet. Now ac is ex-

tended with c2 as a new node and f as a new edgebetweenc1 and c2.

3. If neither c1 nor c2 are part of a previously built component, a new

component containing f , c1 and c2 is createdand addedto AC.

4. Constants c1 and c2 belongto two distinct abstract components:

9(ac1; ac2) : c1 2 Nodes(ac1) ^ c2 2 Nodes(ac2) ^ ac1 6= ac2:

While possiblein general,this last alternative never occursat the point

wheremethod extendComponents is called. This is ensuredby the pre-

vious test with method predConnectsComponents.

The result is evaluatedat the endof each iteration. If a good decomposition

is found starting from t, the procedurereturns with success.Otherwise, the

processrestarts from another seedtype.

Considerthe casewhen a static graph has two disconnected(i.e., with no

edgebetweenthem) subgraphssg1 and sg2 such that Types(sg1)\ Types(sg2) =

; . In such a case,the algorithm shown in Figure A.2 �nds abstract components

only in the subgraph that contains the seedtype. To perform clustering on

the whole graph, the algorithm has to be run on each subgraphseparately.
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App endix B

Domains used in Planning
Exp erimen ts

This appendix summarizesthe planning domainsusedin experiments in Chap-

ter 5. Rovers, Depots and Satellite were usedin the third international plan-

ning competition IPC-3 [61]. Satellite, Promela,Airp ort, PSR and Pipesworld

werebenchmarks in the fourth competition IPC-4 [40, 41].

B.1 Rovers

In the Roversdomain, roverscan be equipped with photo camerasand stores

where rocks and soil can be collected and analyzed. Rovers have to gather

pictures and data about rock and soil samples,and report them to their base.

Waypoints and connectionsbetweenthem de�ne a map on which rovers nav-

igate between locations of interest. Such locations include waypoints that

contain rock and/or soil samples,waypoints that photo objectivesare visible

from, and waypoints that allow communication with the base.

B.2 Dep ots

In Depots, crates have to be transported by truck between locations of two

types: depots and distributors. A truck can move betweenany two locations

in one step and transport any number of cratesat a time. Each location has

oneor more pallets, wherecratescan be stacked, and oneor more hoists that

can transfer a crate from a truck to the top of a stack and back. A hoist can
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hold at most one crate at a time. To transfer a crate from a truck to a stack

or back, the stack, the hoist and the truck have to be at the samelocation.

B.3 Satellite

In the Satellite domain, satellites have instruments that can take pictures in

di�eren t modes. When a satellite is equipped with several instruments, only

one instrument can be powered on at a time. A satellite together with an

instrument on board can take an imageof an objective in a given mode when

the satellite is oriented into the direction of the objective, and the instrument

is calibrated, poweredon, and supports that picture mode.

B.4 Promela

Promela is the input languageof a model checker called SPIN [40]. A model

de�ned in Promela is a set of processes(i.e., automata) that communicate

through messagequeues.A Promelaplanning problem is a PDDL representa-

tion of a Promela model. Promela Dining Philosophersand Promela Optical

Telegraph, the two domains used in IPC-4 and in this thesis research, are

PDDL adaptations of two original Promela models.

B.5 Airp ort

The goalof an Airp ort problemis to schedulethe incomingand outgoingtra�c

on an airport. The topology of an airport is modeledasa set of segments and

an adjacencyrelationship betweensegments. A segment canhost oneplaneat

a time. If the enginesof a plane are running, one or several segments behind

the plane cannot be occupiedby another plane.

The available actions in this domain are to move an airplane betweentwo

adjacent segments, to start or stop the enginesof a plane, to push a plane

back from its parking position, and to take o�.
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B.6 Power Supply Restoration

Power Supply Restoration (PSR) modelsa power distribution network where

electric lines are connectedby switchesthat can be openedor closed.One or

several power sourcesprovide the network with electricity. When an electric

line becomesfaulty, its power sourceis disconnectedfrom the network and

all lines supplied by this sourcelose power. The goal of a PSR problem is

to restore the power supply on all non-faulty lines by changing the status of

network switches.

B.7 Pip esworld

In Pipesworld, batchesof di�eren t typesof oil products have to be transported

through a network of pipesand reservoirs. A pipe contains a constant number

of batches. Inside a pipe, two batchescan be adjacent only if their typesare

compatible with each other. When a batch is pushedin at oneend of a pipe,

all batchesinsidethe pipe areshifted and the batch at the other end is pushed

out.

Several versionsof Pipesworld were introduced in IPC-4. See[40] for de-

tails. This thesiswork contained experiments with two versionsof this domain:

Pipesworld NotankageNontemporal andPipesworld TankageNontemporal. In

the �rst version, reservoirs have unlimited capacity, whereastankagerestric-

tions exist in the latter version.
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App endix C

Algorithmic Details of HP A*

This appendix provideslow-level detailsabout HPA*, including the main func-

tions in pseudo-code. The codecanbefoundat [25]. First preprocessing,which

abstractsa grid map into a multi-level graph is presented. Then details about

on-line search, which performs hierarchical search in a multi-level graph are

provided.

C.1 Prepro cessing

Figure C.1summarizesthe preprocessing.The main method is preprocessing(),

which abstractsa map, builds a graph with oneabstract level and, if desired,

addsmore levels to the graph.

C.1.1 Abstracting the Maze and Building the Abstract
Graph

In the initial stage,abstraction consistsof building the 1-clusters(i.e., clusters

at level 1) and the entrances between clusters. Later, when more levels are

addedto the hierarchy, the mazeis further abstractedby computing clusters

of higher levels. In method abstractMaze(), C[1] is the set of 1-clusters,and

E is the set of all entrancesde�ned for the map.

Method buildGraph() creates the abstract graph of the problem. First

it creates the nodes and the inter-edges,and next builds the intra-edges.

Method newNode(e;c) createsa node contained in cluster c and placed at

the middle of entrance e. For simplicity, assumethere is one transition per
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void preprocessing(int maxLev el) f
abstractMaze();
buildGraph();
for (l = 2; l � maxLev el; l + +)

addLevelToGraph(l);
g

void abstractMaze(void) f
E = ; ;
C[1] = buildClusters(1);
for (each c1; c2 2 C[1]) f

if (adjacent (c1; c2))
E = E [ buildEntrances(c1; c2);

g
g

void addIntraEdges(int l ) f
for (each c 2 C[l ])

for (each n1; n2 2 N [c]; n1 6= n2) f
d = searchForDistance(n1; n2; c);
if (d < 1 )

addEdge(n1; n2; l ; d; INTRA )
g

g

void buildGraph(v oid) f
for (each e 2 E) f

c1 = getCluster1(e;1);
c2 = getCluster2(e;1);
n1 = newNode(e;c1);
n2 = newNode(e;c2);
addNode(n1; 1);
addNode(n2; 1);
addEdge(n1; n2; 1; 1; INTER );

g
addIntraEdges(1);

g

void addLevelToGraph(int l ) f
C[l ] = buildClusters(l);
for (each c1; c2 2 C[l ]) f

if (adjacent (c1; c2)) f
for (each

e 2 getEntrances(c1; c2)) f
setLevel(getNode1(e); l );
setLevel(getNode2(e); l );
setLevel(getEdge(e); l );

g
g

g
addIntraEdges(l);

g

Figure C.1: The preprocessingphasein pseudo-code. This phasebuilds the
multi-level graph, except for S and G.
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entrance, regardlessof the entrance width. Methods getCluster1(e;l) and

getCluster2(e;l) return the two adjacent l-clusters connectedby entrance e.

Method addNode(n; l) adds node n to the graph and setsthe node level to l.

Method addEdge(n1; n2; l ; w; t) adds an edgebetween nodes n1 and n2. Pa-

rameter w is the weight, l is the level, and t 2 f INTER ; INTRA g the type of

the edge.

Method searchForDistance() searches for a path between two nodes and

returns the path cost. This search is optimized as shown in SectionC.2.2.

C.1.2 Creating Additional Graph Levels

The hierarchical levelsof the multi-level abstract grapharebuilt incrementally.

Level 1 hasbeenbuilt at the previousphase.Assumingthat the highestcurrent

level is l � 1, level l is built by the method addLevelToGraph(l). Groups of

clustersat level l � 1 form a cluster at level l in method buildClusters(l), l > 1.

C[l ] is the set of l-clusters.

C.2 On-line Search

C.2.1 Finding an Abstract Solution

Figure C.2 summarizesthe stepsof the on-line search. The main method is

hierarchicalSearch(S; G; maxLevel), which performs the on-line search. First

S and G are inserted into the abstract graph, using method insertNode(n; l).

Method connectToBorder(n; c) adds edgesbetween node n and the nodes

placed on the border of cluster c that are reachable from n. Method de-

termineCluster(n; l) returns the l-cluster that contains node n.

Method searchForPath(S; G; maxLevel) performs a search at the highest

abstraction level to �nd an abstract path from S to G. If desired,the path is

re�ned to a low-level representation by method re�nePath(absPath). Finally,

method smoothPath(l lPath) improvesthe quality of the low-level solution.

152



void connectToBorder(node s, cluster c) f
l = getLevel(c);
for (each n 2 N [c])

if (getLevel(n) � l ) f
d = searchForDistance(s;n; c);
if (d < 1 )

addEdge(s;n; d; l ; INTRA );
g

g
void insertNode(node s, int maxLev el) f

for (l = 1; l � maxLev el; l + +) f
c = determineCluster(s; l );
connectToBorder(s; c);

g
setLevel(s;maxLev el);

g

path hierarchicalSearch(node s;g, int l ) f
insertNode(s; l );
insertNode(g; l );
absPath = searchForPath(s;g; l );
l lPath = re�nePath(absPath; l );
smPath = smoothPath(l lPath);
remove(s);
remove(g);
return smPath;

g

Figure C.2: On-line processingin pseudo-code.

C.2.2 Searching in a Multi-Lev el Graph

In a multi-level graph, search can be performedat various abstraction levels.

Searching at level l reducesthe search e�ort by exploring only a small subset

of the nodes. The higher the level, the smaller the part of the graph that

can potentially be explored. When searching at a certain level l , only nodes

having level � l , intra-edgeshaving level l , and inter-edgeshaving level � l

are considered.

The search spaceis further reducedby ignoring the nodesoutside a given

cluster. This appliesto situations such as connectingS or G to the border of

their clusters,connectingtwo nodesplacedon the border of the samecluster,

or re�ning an abstract path.
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App endix D

Sokoban Test Suite

Problem #1

Problem #6Problem #5Problem #4

Problem #9 Problem #17Problem #7

Problem #80

Problem #2 Problem #3

154


