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Abstract

Gamesarea populartestbed for AI research.Many of the
searchtechniquesthat are currently usedin areassuchas
single-agentsearchandAI planninghave beenoriginally de-
velopedfor gamessuchaschess. Gamesshareone funda-
mentalproblemwith many otherfields suchasAI planning
oroperationsresearch:how toevaluateandcomparecomplex
states?Theclassicalapproachis to ‘boil down’ stateevalua-
tion to a singlescalarvalue.However, a singlevalueis often
not rich enoughto allow meaningfulcomparisonsbetween
states,andto efficiently controla search.
In thecontext of gamesresearch,anumberof searchmethods
usingmulticriteriaevaluationhave beendevelopedin recent
years. This papersurveys theseapproaches,andoutlinesa
possiblejoint researchagendafor the fields of AI planning
andgame-playingin thedomainof multicriteriaevaluation.

Intr oduction
The needfor multicriteria evaluationtechniquesin game-
playing programsis not immediatelyobvious. All popu-
lar gameshave final outcomesthat are scalar, be it win-
draw-lossas in chess,the numberof points in gamessuch
asGo or Awari, or the amountof money in casinogames.
In gamesthataresimpleenoughto allow a completeanal-
ysis, the exact value of a game position can be com-
putedby theminimaxevaluationrule (von Neumann1928;
von Neumann& Morgenstern1947). However, complex
gamessuchaschessor Gorarelyallow a completeanalysis.
Evaluationproblemsarisequickly whena player’s knowl-
edgeabouta gameis lessthanperfect. In placeof an in-
tractablecompleteanalysis,gamesareusuallyanalyzedby
a deepbut far from exhaustive searchusinga scalar-valued
heuristicevaluationfunction.

Anothersourceof complexity aregameswherethecom-
pletegamestateis not known to a playerbecauseof hidden
informationsuchasthecardsin otherplayer’shandsin most
cardgames,or becauseof chanceeventssuchasdicethrows
or cardsdrawn from a deckduringa game.

In this survey we will look at several techniquesthatuse
multicriteria evaluation in games. We start by summariz-
ing somebasicfactsaboutthestructuresusedin multicrite-
ria evaluation:vectordominance,asusedin multiobjective
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evaluations,andgeneralpartially orderedsets.Vectordom-
inancedefinesa specifickind of partial order, and in turn
eachfinite-dimensionalpartial ordercanbe representedby
a vector with the samedominancerelation that is usedin
multiobjectiveevaluation.

Themainpartof thepaperconsistsof anoverview of two
topicsthat theauthorhasworkedon: thesearchmethodof
partial orderbounding,anda classof gamescalledcombi-
natorialgameswhich arebasedon a partial orderof game
values.We alsobriefly survey otherrelatedwork on multi-
criteriatechniquesin games.

The final, mostly speculative part of the paperdiscusses
possiblerelationsbetweenthe two fields of gameplaying
andAI planning. How canmulticriteria planningmethods
beusedin gameprograms?And how cantechniquesdevel-
opedfor gametreesearchbeusedin multicriteriaplanning?

Background
In this sectionwe describethe sum-of-featuresmodel for
scalarevaluation,givedefinitionsof multiobjectiveandpar-
tial order structures,and point out their close correspon-
dence,at leastin theory.

The standard scalar approach: weightedsumof
features
In the standardmodelof computergame-playing,position
evaluationis a two stepprocess.Thefirst stepmapsa game
positionto anabstractrepresentation.A numberof relevant
attributesarecomputedandcollectedin a high-dimensional
featurevector � . Within sucha vector, singlefeaturesare
usuallyof a simple type suchas0-1 (boolean),integer, or
real. Givena featurevector � andaninteger- or real-valued
weightvector � , a scalar-valuedevaluationis computedas
theweightedsum �����	��
���
������������ .

Theweightedsumapproachto evaluationhasbeenvery
successfulin practice. It hasprovento be a usefulabstrac-
tion mechanism,with many desirableproperties,suchas
simplicity, andeaseof usein efficient minimax-basedalgo-
rithms. Furthermore,in somegamesthereis a naturalmap-
ping of positionsto a numericalevaluation,for examplethe
expectednumberof capturedpiecesin Awari or thebalance
of territory in Go. In gamesthatendin a simpleroutcome
suchaswin, lossor draw, a scalarevaluationcanbe inter-
pretedasa measureof therelativechanceof winning.



Despitethe greatsuccessof the weightedsumapproach
to ev� aluation,the methodhasquite a few weaknesses,and
many of the alternative methodsdiscussedin the survey
(Junghanns1998) were designedto addresssuch weak-
nesses.The main drawback of using a single numberfor
evaluationis that information is lost. All kinds of features
areweighted,addedandcompared,eventhosefor whichad-
dition andcomparisondo not really makesense.Problem
topics include unstablepositions,long term strategic fea-
tures,andclose-to-terminalpositions.For adetaileddiscus-
sion see(Müller 2001b). It is thereforenaturalto consider
richerevaluationstructures,suchaspartialorders.

Partially Ordered Sets
Ourdefinitionsfollow standardconventions.For moreinfor-
mationseetextbookssuchas(Stanley 1997;Trotter1992).

A partially ordered setor poset� is a set(alsocalled � )
togetherwith areflexive,antisymmetricandtransitivebinary
relation � . Thedual relation � is definedby �����! #"
�$�%� . Two elements� and � of � arecalledcomparable if
�&�%� or �'�(� , otherwise� and � arecalledincomparable.
Therelation �&)%� is definedby �&)%�* #" �+�,�.-*�0/�
� , and �213� is equivalentto �4)3� . A nonemptysubset5

of � is calledanantichain if andonly if any two distinct
elementsof

5
areincomparable.

Multiobjective Evaluation
Thestandardapproachtoevaluationin multiobjectivesearch
(Stewart & White 1991; Harikumar& Kumar 1996; Das-
gupta,Chakrabarti,& DeSarkar1996b;1996a)usesa 6 -
dimensionalvectorof scalarvaluesfrom domains798;:�:�:<7>= .
A partial orderon suchvectorsis definedby the following
vectordominancerelation:

? � ?9@#A � � �(� @�$BDCFEHG�I :�:�: I 6J:
In partialorderterminology, theposetdefinedby thevec-

tor dominancerelationis thedirect(or cartesian)productof
thetotally ordereddomains,798�K�:�:�:LKM7N= .

While it is clearfrom thedefinitionthateachmultiobjec-
tive evaluationis a partial order, the converseis also true,
in the following sense: Any poset � of finite dimensionO C 6P
��Q
 canberepresentedasthedirectproductof

O C 6P
��Q

total orders(Ore1962).However, it might be intractableto
find sucha representationfor a given poset. Currentalgo-
rithmsfor constructinga multiobjectiverepresentationfor a
given partial orderarepracticalonly for posetsof “modest
size” (Yanez& Montero1999).

Any partial order techniquecan immediatelybe usedin
a multiobjective framework, whereasmultiobjective tech-
niquesthat rely on thevectordominancein their algorithm
only work for thegeneralcaseif a suitablevectorrepresen-
tationcanbefound.

Approachesto Multicriteria Evaluation in
Computer Game-Playing

In thissectionwe investigateproblemsof combiningpartial
orderevaluationswith minimaxsearch.Wediscusshow par-

tial orderevaluationsarisein games,andsomealgorithms
for dealingwith them.

Goalsof Partial Order Evaluation Themaingoalof par-
tial orderevaluationis to makecomparisonsbetweenposi-
tions only whenthey aremeaningful. In contrast,standard
scalarevaluationsareappliedandusedto comparepositions
regardlessof whethertheunderlyingpositionsarecompara-
ble. By refrainingfrom judgmentin doubtful cases,partial
orderevaluationaimsat increasingtheconfidencein theva-
lidity of betterandworsejudgmentsderivedby search.

The Fundamental Problemof Using a Partial
Order Evaluation in Minimax TreeSearch

When using partially orderedevaluations,the result of a
minimaxsearchcannotbe just a singlevaluefrom thepar-
tially orderedset,becausecomputingminima andmaxima
of suchvaluesis an ill-defined problem. A totally ordered
setsuchasthe integersor realsis closedundertheapplica-
tion of theoperatorsmin andmax: if � 8 I :�:�: I �SR arevalues
from atotally orderedset T , thenboth U&VXW>
�� 8 I :�:�: I �YRS
 and
U[Z]\>
�� 8 I :�:�: I �YR^
 areagainelementsof T , with theproper-
ties U_V`WN
a�b8 I :�:�: I � R 
c�d�Y� and U[Z]\>
��e8 I :�:�: I � R 
c�d�Y� for
all G � C �3f . Furthermore,the minimum andthe maxi-
mum coincidewith oneof thesevalues.For valuesfrom a
partially orderedset,it is no longerpossibleto definea min
or maxoperatorwith theseproperties.

Solutionsfor SpecialCases

Several differentapproachesto overcomethis fundamental
problemhave beentried. In somespecialcases,it is possi-
ble to definemeaningfulminandmaxoperatorswith similar
but morerestrictedproperties.Onepossibleapproachin the
casewhenthe posetis a lattice is to definethe leastupper
(greatestlower) boundof a set of incomparablevaluesas
themaximum(minimum)of thesevalues.(Ginsberg 2001)
developssucha searchmodelandappliesit to the imper-
fect informationgameof Bridge. For generallattice-valued
evaluations,that do not possessthe specialsemanticsused
in Ginsberg’s model,this approachlosesinformation,since
propagatingsuchboundsby a treebackupleadsto comput-
ing boundsof boundsof boundsetc.,which makesthe ap-
proximationweakerandweaker.

Another approach(Dasgupta,Chakrabarti,& DeSarkar
1996b)keepstrack of a set of nondominatedsetsof out-
comes.This canleadto high complexity in thecasewhen
therearemany incomparablevalues. A viable searchpro-
cedureseemsto requireextra assumptions,suchas totally
orderedprivatepreferencesof theplayers,so this approach
doesnotseemto beusedin practice.

Approximating ScalarValues

Onenaturalway in which partial ordersarisein gamestate
evaluation is uncertaintyabout the true value of a scalar
value. Intervals, “fat values” suchas triples containinga
lower bound, a realistic value and an upper bound (Beal
1999),andprobability distributions(Baum& Smith 1997)
are prominentexamples. Dif ferentkinds of partial orders



canbedefinedover suchstructures.Onenaturalinterpreta-
tion ofg aninterval is asa pair of upperandlower boundson
theunknown truevalue. Thecorrespondingpartialorderis
avectordominanceorder. An exampleof arelatively strong
orderingof probabilitydistributionsis stochasticdominance
(Russell& Norvig 1995).

(Lincke2002)studiestheproblemof building anopening
book for a game,that cancontainboth exact andheuristic
minimax scores. He definesa new type of min and max
operatorsfor “fat values” that keep value representations
compactyet can preserve someinformationaboutchoices
betweenexact andheuristicplays. He further extendsthe
modelto dealwith draw valuesarisingfrom positionrepeti-
tion.

Partial Order Bounding (POB)
Partial orderevaluationsareusefulsincethey aremoreex-
pressive than scalarevaluations. Onepracticalproblemis
that many partial ordersearchmethodstry to backup par-
tially orderedvaluesthroughthe tree. Dependingon the
methodused,this leadseither to potentially hugesetsof
incomparableoptions,or to a lossof information,or both.
In addition,somemethodsareapplicableonly to restricted
typesor specificrepresentationsof partialorders.Partial or-
der bounding(POB) (Müller 2001b)avoids suchproblems
by separatingthe comparisonof partially orderedevalua-
tionsfrom thetreebackup.

Partial orderboundingis basedon the ideaof null win-
dow searches,whichhavealreadybecomeverypopularwith
scalarevaluationthroughsearchmethodssuchas SCOUT
(Pearl1984)andMTD(f) (Plaatet al. 1996). Ratherthan
directly computingminimax values,null window searches
areusedto efficiently computeboundson the gamevalue.
In SCOUT, thepurposeis to prove thatothermovesarenot
betterthanthebestknown move,while in MTD(f) themini-
maxvalueis discoveredby aseriesof null window searches.
Thegoalof asinglenull window searchis to establishanin-
equalitybetweena givenfixed boundandtheevaluationof
a nodein thesearchtree.POBextendsthis ideato thecase
of partialorderevaluation.

In the caseof a poset � , a bound hji3� canbe given
by an antichainin � thatdescribestheminimal acceptable
outcomesa playerwantsto achieve.

The successsetof h in � is definedby k�
ahQ
_�ml]� E
�onqpSr E htsQ�o�ur�v , andthe failure setof h in � is the
complementof thesuccessset, w#
ahQ
x���2yHk�
�hQ
 .

Thesuccesssetcontainsall valuesthatare“goodenough”
with respectto thegivenbound h , while thefailuresetcon-
tains the remaininginsufficient values. Minimax searchis
usedto decidewhetherthe first playercanachieve a result
� E k�
ahQ
 , or whetherthe opponentcanprevent this from
happening.In the exampletreeshown in Figure1, leaves
have beenevaluatedby pairs of integers. The usualvec-
tor dominanceorder is used. In the diagram,squaresrep-
resentMAX nodesand circles MIN nodes. For illustra-
tion, we considerthe following two out of the large num-
ber of possiblebounds: h 8 �zl{
�| I~} 
 I 
 G��SIL� 
Lv and h����
l{
a| IL� 
 I 
a� I�� 
Lv . In thisexample,MAX canobtainthebound
h 8 but fails to obtainthe bound h�� . Leaf evaluationsand

backed-upvaluesareshown in the figure,with a plus sign
representingsuccessanda minussign representingfailure
for MAX. Note that MAX would not succeedby selecting
oneof thetwo single-elementsubsetsof h�8 in thisexample.

Figure1: Exampleof searchusingPOB

In POB,thecomparisonof partiallyorderedvaluesis sep-
aratedfrom thevaluebackupprocedurein thegamegraph.
Thissimplifiesthecomputationcomparedwith previousap-
proaches,sincetherearenosetsof incomparablevaluesthat
mustbecomputed,stored,andbackedup.

Partial order bounding can be combined with any
minimax-basedsearchmethod,suchasalpha-betaor proof-
numbersearch(Allis 1994). A partial orderevaluationcan
beaddedto asophisticatedstateof theartsearchenginewith
minimaleffort. Themethodhasbeensuccessfullyappliedto
solvingcapturingracesin thegameof Go (Müller 2001b).

The next topic, decompositionsearch,representsa very
differentapproachto minimax gameanalysis,which leads
to a partialorderevaluationaswell.

Combinatorial Gamesand DecompositionSearch
Decompositionsearch (Müller 1999) finds minimax solu-
tionsto gamesthatcanbepartitionedinto independentsub-
games.Themethoddoesnotusetraditionalminimaxsearch
algorithmssuchasalpha-beta,but relieson conceptsfrom
combinatorialgametheoryto do locally restrictedsearches.
The result of each local searchis an element from the
partially ordereddomainof combinatorialgames(Conway
1976; Berlekamp,Conway, & Guy 1982). In a last step,
combinatorialgamesarecombinedto find aglobalsolution.
This divide-and-conquerapproachallows theexactsolution
of muchlargerproblemsthanis possiblewith alpha-beta.

Combinatorial GameTheory
Combinatorial game theory (Conway 1976; Berlekamp,
Conway, & Guy 1982) breaks up game positions into
smallerpiecesand analyzesthe overall gamein termsof
theselocal subgames.

Eachmove in a gamecorrespondsto a move in onesub-
gameand leaves all other subgamesunchanged.A game
endswhenall subgameshave ended,andthefinal outcome



Figure2: A threeheapNim positionandits subgames

of thegamecanbedeterminedfrom thesubgameoutcomes.
A well-known example of a combinatorialgameis Nim,
shown in Figure 2, which is playedwith heapsof tokens.
At eachmove, a playerremovesanarbitrarynumberof to-
kensfrom asingleheap,andwhoeverrunsoutof movesfirst
loses.EachNim heapconstitutesonesubgame.While win-
ning a singlesubgameis trivial, winning thesumof several
heapsrequireseitherexhaustive analysis,or, muchmoreef-
ficiently, a computationusingthecalculusof combinatorial
games.

This theorycanbeseenasbotha generalizationandasa
specialcaseof classicalminimaxgametheory. It is a gener-
alizationbecauselocally, eachplayercanmove in eachpo-
sition,whereasin classicalminimaxgamesonly oneplayer
hasthemove. On the otherhand,from a global viewpoint
combinatorialgamesarea specialcase,becauseonly some
gamesallow a decompositioninto subgames.

DecompositionSearch
Decompositionsearch(Müller 1999) is a framework for
solving gamesthroughdecomposition,followed by a par-
ticularkind of localsearchnamedlocal combinatorialgame
search (LCGS)andthe analysisof the resultinglocal game
graphsthroughcombinatorialgametheory.

Let � beagamethatdecomposesinto asumof subgames
� 8N� :�:�: � ��R . Let thecombinatorialgameevaluationof �
be �#
a�Q
 . Decompositionsearch is definedasthefollowing
four stepalgorithmfor determiningoptimalplayof � :

1. Gamedecompositionandsubgameidentification: given
� , find anequivalentsumof subgames� 8�� :�:�: � ��R .

2. Local combinatorialgamesearch(LCGS): for each � � ,
performasearchto find its gamegraph �Q�'
�����
 .

3. Evaluation: for eachgamegraph �Q�'
�����
 , evaluateall
terminalpositions,thenfind thecombinatorialgameeval-
uationof all interior nodes,leadingto thecomputationof
�#
�����
 .

4. Sumgameplay: throughcombinatorialgameanalysisof
thesetof combinatorialgames�#
a����
 , selectan optimal
move in ��8 � :�:�: � � R .
We describesteps2 and4 further in the following para-

graphs. For further details on the theory, the algorithm,
andits applicationssee(Berlekamp,Conway, & Guy 1982;
Müller 1995;1999).

Local Combinatorial GameSearch Localcombinatorial
gamesearch(LCGS)is themaininformationgatheringstep
of decompositionsearch.It is performedindependentlyfor
eachsubgame.LCGSgeneratesa gamegraphrepresenting

all relevantmove sequencesthatmight beplayedlocally in
the courseof a game. LCGS worksdifferently from mini-
max treesearchin a numberof ways,includingmove gen-
erationandrecognitionof terminalpositions.

The gamegraph built by LCGS also differs from the
tree generatedby minimax search. In the caseof mini-
max,playersmove alternately, soeachpositionis analyzed
with respectto the player on move. In contrast,there is
no player-to-move-next in a subgame. All possiblelocal
move sequencesmust be includedin the analysis,includ-
ing sequenceswith several successive moves by the same
player, becauseplayerscanswitchbetweensubgamesatev-
ery move.

Anotherdifferenceis the treatmentof cycles. Classical
combinatorialgameevaluation is definedonly for games
without cycles. However, similar methodsbasedon a
techniquecalled thermography are being developed that
can deal with cyclic subgamesas well (Berlekamp1996;
Fraser2002;Müller 2000).

Sum GamePlay

To find anoptimalmove in a sumgame,thefinal stepof de-
compositionsearchselectsamovewhichmostimprovesthe
position.This improvementis measuredby a combinatorial
gamecalledthe incentiveof a move. The incentivesof all
movesin all subgamesarecomputedlocally. If oneincentive
dominatesall others,anoptimalmove hasbeendetermined.
This is the usualcasefor gameswith a relatively strongly
orderedsetof valuessuchasGo.

Sinceincentives are combinatorialgamesand therefore
only partiallyordered,it canhappenthatmorethanonenon-
dominatedcandidatemove remains.In thiscase,anoptimal
move is found by a morecomplex procedureinvolving the
combinatorialsummationof games(Conway1976).

Sincesucha summationcanbe an expensive operation,
thereis no worstcaseguaranteethatdecompositionsearch
is alwaysmoreefficient thanminimax search.In practice,
it seemsto work muchbetter. Thealgorithmpresentsmany
opportunitiesfor complexity reductionof intermediateex-
pressionsduring local evaluationaswell asduringsumma-
tion.

Even though all searchand most analysisis local, de-
compositionsearchyieldsglobally optimalplay, which can
switch back and forth betweensubgamesin very subtle
ways,asin theexampleof Figure3.

An optimal62 move solutionsequencecomputedby de-
compositionsearchis shown in Figure3. On a stateof the
art system4 yearsago,thecompletesolutiontook only 1.1
seconds.Full-boardalpha-betasearch,evenwith furtheren-
hancementsthatexploit locality, hasno chanceto solve this
kind of problems.It requirestime that is exponentialin the
sizeof thewholeproblem, whereasLCGS’ worstcasetime
is exponentialin thesizeof thebiggestsubproblem. If thelo-
cal combinatorialgameevaluationsgeneratedduringLCGS
canbecomputedandcomparedwithout toomuchoverhead,
asusuallyseemsto bethecasein theGo endgamesinvesti-
gated,a dramaticspeedupresults(Müller 2001a).



Figure3: An optimalsolutionto problemC.11

GameSearch Techniquesin Multicriteria
Planning

This sectionpresentssomepreliminary ideasfor applying
gamesmethodsin AI planning.Theauthorhopesthat they
will becomepartof theemerging researchagendain multi-
criteriaplanning.

Partial Order Bounding

Theideaof usingmany simpleyes/noquestionsto approach
a complex problemis intuitively appealing.Canit bemade
to work in thedomainof multicriteria AI planning?Many
planning systemsare slowed down by their manipulation
of complex structuresduring the search.The challengeof
developinga plannerbasedon partial orderboundingis to
transformthe planning problem into a seriesof decision
problemsthat can be efficiently searched.Onesuccessful
exampleof a similar approacharetheexisting methodsfor
compilingplanningproblemsinto SAT instances.

DecompositionSearch

Combinatorialgametheoryusesoneof thefundamentalap-
proachesfor dealingwith complexity: divide andconquer.
The uniquepoint of this approachis the rich partially or-
deredstructureof combinatorialgamesthat can be used
on an intermediatelevel, to representsolutionsto subprob-
lems. Furthermore,a powerful mathematicalapparatuscan
beusedto combinepartialsolutions.

An analogousapproachin AI planningcouldwork asfol-
lows:
� Split a planningprobleminto subtasks.
� Uselocal searchon eachsubtask,which is parameterized

by thepossibleexternalcontexts in which it might beap-
plied.

� Find a partial orderstructureto representthe parameter-
izedsolutionsto subtasks.

� Define a global combinationoperator, which might be
basedona combinationof: high-level search,andknowl-
edgeaboutthepartialorderstructureof sub-solutions.

To giveamoreconcreteexample,thesubtaskof transport-
ing somegood � from

5
to h mighthaveapartiallyordered

solutionspacethat is parameterizedby the resourcesused,
suchas fuel, time andpersonnel.It canbe further param-
eterizedby the resultsachieved, suchas the quantityof �
transported,therisk of failureandsoon. Theideais a“plan
library” with multiattributeannotationsof subtasksandso-
lutions.

Multicriteria Planning in Gamesand Puzzles
Adversarial planning is more complex than single-agent
planning, since normal planning usually assumesan un-
changingenvironmentundercompletecontrolof theagent,
whereasin adversarialplanningall possiblehostile oppo-
nentactionshave to be takeninto accountaccordingto the
minimaxprinciple.

Go
Gois anintricategamewhichrequiresacomplex evaluation
(Bouzy & Cazenave 2001;Müller 2002). Most successful
Go programsutilize a complex hierarchyof objectsto rep-
resentthestateof a Go board,andvery selectively generate
movesthatpursuegoalsrelatedto theseobjects.Thebasic
evaluationin Go is a scalarmeasuringthe balanceof ter-
ritory, often obtainedby summingup a valuein the range
between+1 (surepoint for player) and -1 (surepoint for
theopponent)for all pointson theboard.Even so, in prac-
tice many othercriteriaareusedto modify this value(Chen
2000).

In termsof planning,high-level plansfor objectson the
boardareused.(Hu & Lehner1997)proposeseveralmodels
for combininglocal plansin a Go framework, taking into
accounttheoverall minimaxevaluationprincipleaswell as
the questionof keepingthe initiative while executingone
plan,which allowsa playerto starton thenext planaswell.

Multicriteria planningappearsto bea naturalframework
for this kind of environment.A situationcanberepresented
asa setof plansfor eachplayer. During a game,plansare
in differentstagesof completion,andrepresentdifferentde-
greesof local successor failure for eachplayer. Eachmove
playedin a gameof Go typically haseffectson many levels
andon many differentplans.Someof theseeffectsaregood
for the player, while othersaredetrimental.This naturally
leadsto apartialorderevaluationstructure.

Planning in Sokoban
In ongoing work with Adi Botea and JonathanSchaeffer
(Botea 2002), we investigatean abstractmodel for plan-
ning in thepuzzleof Sokoban(Junghanns1999).Thiswork
roughly follows the decompositionsearchplanningmodel
outlined above. A Sokobanpuzzle is split into subprob-
lemscalledroomsandtunnelsrepresentingpartsof theover-
all maze. Several staticandsearch-basedanalysesareper-
formedon the subproblems.This resultsin a compactin-
termediaterepresentationof the possiblelocal solutionsto



eachsubproblem.Thehigh-level globalplanneris now able
to work on the muchreducedabstractedplanningproblem
insteadof theoriginal maze.
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