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Abstract

The problemof path- nding in commercialcomputergameshasto be
solved in real time, often under constraintsof limited memoryand CPU
resources.The computationakffort requiredto nd a path,usinga search
algorithmsuchasA*, increasesvith sizeof the searctspace Hence path-

nding onlarge mapscanresultin seriousperformancéottienecks.

This paperpresentdHPA* (HierarchicalPath-FindingA*), a hierarchi-
calapproacHor reducingproblemcompleity in path- nding on grid-based
maps.This techniqueabstracts mapinto linkedlocal clusters.At thelocal
level, the optimal distancedor crossingeachclusterarepre-computecnd
cached At thegloballevel, clustersaretraversedn asinglebig step.A hi-
erarcly canbeextendedo morethantwo levels. Smallclustersaregrouped
togetherto form larger clusters. Computingcrossingdistancedor a large
clusterusesdistancesomputedor the smallercontainedclusters.

Our methodis automaticand doesnot dependon a speci ¢ topology
Bothrandomandreal-gamemapsaresuccessfulljhandledusingnodomain-
speci ¢ knowledge.Our problemdecompositiorapproachworks very well
in domainswith a dynamicallychangingervironment. The techniquealso
hasthe adwvantageof simplicity andis easyto implement. If desired,more
sophisticateddomain-speci calgorithmscan be pluggedin for increased
performance.

The experimentalresultsshav a greatreductionof the searcheffort.
Comparedo a highly-optimizedA*, HPA* is shavn to be up to 10 times
fasterwhile nding pathsthatarewithin 1% of optimal.



1 Intr oduction

The problemof path- nding in commercialcomputergameshasto be solvedin
realtime, oftenunderconstraintof limited memoryand CPUresourcesHierar
chicalsearchs acknavledgedasan effective approacho reducethe complexity
of this problem.However, no detailedstudyof hierarchicalpath- nding in com-
mercialgameshasbeenpublished Part of the explanationis thatgamecompanies
usuallydo not make theirideasandsourcecodeavailable.

Theindustrystandards to useA* [10] or iterative-deepenind\*, IDA* [3].
A* is generallyfaster but IDA* usedessmemory Therearenumerousnhance-
mentsto thesealgorithmsto make themrun fasteror explore a smallersearch
tree. For mary applicationsgspeciallythosewith multiple moving NPCs(such
asin real-timestratgly games)thesetime and/orspacerequirementsrelimiting
factors.

In this paperwe describeHPA*, a nev methodfor hierarchicalpath- nding
ongrid-basednapsandpresenperformanceests.Ourtechniqueabstract&amap
into linkedlocal clusters.At thelocal level, the optimaldistancegor crossinghe
clusterare pre-computeagndcached.At the globallevel, anactionis to crossa
clusterin asinglestepratherthanmoving to anadjacenatomiclocation.

Ourmethods simple easyto implementandgeneric aswe usenoapplication-
speci ¢ knowledgeandapplythetechniquendependentlyf the mapproperties.
We handlevariablecostterrainsandvarioustopologytypessuchasforests,open
areaswith obstaclef ary shapepor building interiors—withoutary implemen-
tationchanges.

For mary real-timepath- nding applicationsthecompletepathis notneeded.
Knowing the rst few movesof avalid pathoftensufces, allowing a mobile unit
to startmoving in the right direction. Subsequengéventsmay resultin the unit
having to changéts plan,obviating the needfor therestof the path. A* returnsa
completepath. In contrast HPA* returnsa completepathof sub-problemsThe

rst sub-problentanbe solved, giving a unit the rst few movesalongthe path.
As neededsubsequernsub-problemganbe solved providing additionalmoves.
Theadwantagehereis thatif theunit hasto changats plan,thennoeffort hasbeen
wastedon computinga pathto a goalnodethatwasnever needed.

The hierarchicalframework is suitablefor static and dynamically changing
environments. In the latter case, rst assumethat local changescan occuron
immobiletopologyelementqe.g.,a bombdestrys a bridge). We recomputehe
information extractedfrom the modi ed clusterlocally and keepthe restof the
framavork unchanged Secondassumehatthereare mary mobile units on the
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mapanda computedoathcanbecomeblocked by anotherunit. We computean
abstractpathwith reducedeffort and do not spendadditionaleffort to re ne it
to the low-level representationWe quickly getthe charactemoving in a proven
gooddirectionandre ne partsof the abstractpathasthe charactemeedsthem.
If the pathbecomedblocked, we replanfor anotherabstracpathfrom the current
positionof thecharacter

The hierarcly of our methodcanhave ary numberof levels, makingit scal-
ablefor large problemspaces Whenthe problemmapis large, a larger number
of levels canbe the answerfor reducingthe searcheffort, for the price of more
storageandpre-processingme.

Ourtechniquegroducesub-optimakolutions tradingoptimality for improved
executionperformanceAfter applyingapath-smoothingrocedurepur solutions
arewithin 1% of optimal.

1.1 Motivation

Considetheproblemof traveling by carfrom Los Angeles California,to Toronto,
Ontario. Speci cally, whatis the minimum distanceto travel by carfrom 1234
SantaMonica Blvd in Los Anglesto 4321 Yonge Streetin Toronto? Given a
detailedroadmapof North America, shawving all roadsannotatedwith driving
distancesan A* implementationcan computethe optimal (minimum distance)
travel route. This might be an expensve computationgiventhe sheersizeof the
roadmap.

Of course,a humantravel plannerwould never work at sucha low level of
detail. They would solve threeproblems:

1. Travel from 1234 SantaMonicaBoulevardto a major highway leadingout
of Los Angeles.

2. Planaroutefrom Los Angelesto Toronto.
3. Travel from theincominghighway in Torontoto 4321YongeStreet.

The rst andthird stepswould requirea detailedroadmapof eachcity. Step(2)
could be donewith a high-level map, with roadsconnectingcities, abstracting
away all the detail within the city. In effect, the humantravel plannerusesab-
stractionto quickly nd aroutefrom Los Anglesto Toronto.However, by treating
citiesasblack boxes,this searchis not guaranteedo nd the shortestoute. For
example,althoughit may be fasterto stayon a highway, for somecities where



the highway goesaroundthe city, leaving the highway andgoingthroughthe city
might be a shorterroute. Of course,it may not be a fasterroute(city speedsare
slowerthanhighway speeds)but in this examplewe aretrying to minimizetravel
distance.

Abstractioncouldbetakento ahigherlevel: dotheplanningatthestate/preince
level. Oncethe pathreachesa stateboundary computethe bestroutefrom state
to state. Onceyou know your entrancesndexits from the statesthenplanthe
inter-stateroutes.Again, thiswill work but mayresultin a sub-optimakolution.

Takento theextreme theabstractiorcouldbeatthecountrylevel: travel from
the United Statesto Canada.Clearly, therecomesa point wherethe abstraction
becomesocoarseasto beeffectively useless.

Wewantto adoptasimilarabstractiorstratgyy for computeigamepath- nding.
We coulduseA* onacompletel000 1000map—butthatrepresentapotentially
hugesearchspace Abstractioncanbe usedto reducethis dramatically Consider
eachl0 10 block of the mapasbeinga “city”. Now we cansearchin a map
of 100 100cities. For eachcity, we know the city entrancesandthe costsof
crossingthe city for all the entrancepairs. We alsoknow how to travel between
cities. The problemthenreduceso threesteps:

Startnode:Within theblock containingthe startnode, nd theoptimalpath
to the bordersof the block.

Searchattheblock level (100 100blocks)for the optimal pathfrom the
block containingthe startnodeto the block containingthe goalnode.

Goalnode:Within theblock containingthegoalnode, nd theoptimalpath
from the borderof theblockto thegoal.

Theresultis amuchfastersearchgiving nearlyoptimalsolutions.Further theab-
stractionis topologyindependentthereis noneedfor alevel designeto manually
breakthegrid into high-level featuresor annotatet with way-points.

1.2 Contributions

The contritutionsof this paperinclude:

1. HPA*, a new hierarchicalpath- nding algorithm (including pseudo-code
andsourcecode)thatis domain-independerandworkswell for staticand
dynamicterraintopologies.



2. Experimentalresultsfor hierarchicalsearchon a variety of gamesmazes
(from BioWare's BALDUR'S GATE), shaving up to a 10-fold speedim-
provementin exchangeor a 1% degradationn pathquality.

3. Variationson the hierarchicalsearchidea appearto be in useby several
game companiesalthoughmostof their algorithmic detailsare not pub-
lic. Tothebestof our knowledge,thisis the rst scienti ¢ studyof using
hierarchicalA* in thedomainof commerciacomputergames.

Section2 containsa brief overvien of the backgrounditerature. Section3
presentour newv approachto hierarchicalA*, andits performances evaluated
in Section4. Section5 presentur conclusionsandtopicsfor furtherresearch.
AppendixA providesthe pseudo-codé&r our algorithm.

2 Literatur e Review

The rst partof this sectionsummarizesierarchicalapproachesisedfor path-
nding in commercialgames. The secondpart reviews relatedwork in a more
generakontet, includingapplicationgo othergrid domainssuchasrobotics.

Path- nding usinga two-level hierarcly is describedn [5]. The authorpro-
vides only a high-level presentatiorof the approach. The problemmapis ab-
stractednto clusterssuchasroomsin a building or squareblocksona eld. An
abstractaction crossesa room from the middle of an entranceto another This
methodhassimilaritiesto our work. First, both approachegartition the prob-
lem mapinto clusterssuchassquareblocks. Secondabstraciactionsare block
crossingqas opposedo going from one block centerto anotherblock center).
Third, bothtechniquesbstract block entrancento onetransitionpoint (in fact,
we allow eitheroneor two points). This leadsto fastcomputationbut givesup
the solution optimality. Thereare also signi cant differencesbetweenthe two
approachesWe extendour hierarcly to severalabstractiorievelsanddo this ab-
stractionin a domainindependentvay. We alsopre-computeandcacheoptimal
distancegor block crossingyeducingthe costsof the on-line computation.

AnotherimportanthierarchicabpproacHor path- ndingin commerciabames
usegpointsof visibility [6]. This methodexploitsthedomainlocaltopologyto de-
ne anabstracigraphthatcoversthe mapefciently. The graphnodesrepresent
the cornersof corvex obstaclesFor eachnode,edgesareaddedto all the nodes
thatcanbe seenfrom the currentnode(i.e., the canbe connectedvith a straight
line).



This methodprovidessolutionsof goodquality. It is particularlyusefulwhen
thenumberof obstacless relatively smallandthey have acornvex polygonalshape
(i.e., building interiors). The ef ciency of the methoddecreasesvthenmary ob-
staclesare presentand/ortheir shapes not a corvex polygon. Considerthe case
of a mapcontaininga forest,which is a densecollectionof small sizeobstacles.
Modeling suchatopologywith pointsof visibility would resultin a large graph
(in termsof numberof nodesandedgeswith shortedges.Thereforethekey idea
of travelinglongdistancesn asinglestepwouldn't beef ciently exploited.When
the problemmap containsconcae or curved shapesthe methodeitherhaspoor
performanceor needssophisticatecgngineeringo build the graphefciently. In
fact, the needfor algorithmicor designerassistancéo createthe graphis oneof
thedisadwantage®f themethod.In contrastour approactworksfor mary kinds
of mapsanddoesnotrequirecomplex domainanalysigo performtheabstraction.

Thenavigationmesh(aka.NavMesh)is apowerful abstractioriechniquause-
ful for 2D and3D maps.In a2D ervironment thisapproacktoverstheunblocled
areaof amapwith a (minimal) setof cornvex polygons.A methodfor building a
nearoptimalNavMeshis presentedn [11]. This methodrelaxesthe conditionof
theminimal setof polygonsandbuilds a mapcoveragemuchfaster

Besidescommercialcomputergames,path- nding hasapplicationsin mary
researclareasPath- nding approachebasedntopologicalabstractiorihathave
beenexploredin roboticsdomainsareespeciallyrelevantfor thework describedn
this paper Quadtees|[8] have beenproposedasaway of doinghierarchicaimap
decomposition.This methodpartitionsa mapinto squareblockswith different
sizessothatablock containseitheronly walkablecellsor only blockedcells. The
problemmapis initially partitionednto 4 blocks.If ablockcontainsbothobstacle
cellsandwalkablecells, thenit is furtherdecomposethto 4 smallerblocks,and
soon. An actionin this abstractedramework is to travel betweerthe centersof
two adjacentblocks. Sincethe agentalways goesto the middle of a box, this
methodproducessub-optimalkolutions.

Toimprovethesolutionquality, quadtreesanbeextendedo framedquadtees
[1, 12]. In framedquadtreesthe borderof a block is augmentedvith cells at
the highestresolution. An actioncrossesa block betweenary two bordercells.
Sincethis representatiopermitsmary anglesof direction, the solution quality
improvessigni cantly. On the otherhand,framedquadtreesise more memory
thanquadtrees.

Framedquadtreesremoresimilar to our work thanquadtreessincewe also
useblock crossingsasabstractactions. However, we don't considerall the cells
on the block borderasentrancepoints. We reducethe numberof block entrance
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points by abstractingan entranceinto one or two suchpoints. Moreover, our
approaclallows blocksto containobstaclesThis meanghatthedistancebetween
two transitionpointsis not necessarilyinear. For this reasonwe have to compute
optimal pathsbetweerentranceointsplacedon the borderof the sameblock.

A multi-level hierarcly hasbeenusedto enhancehe performancef multiple
goal path-planningn a MDP (Markov DecisionProcess)ramenork [4]. The
problemposedss to ef ciently learnnearoptimalpolicies (X;y) to travel from
x toy for all pairs(x; y) of maplocations.Thenumberof policiesthathaveto be
computedandstoredis quadratian thenumberof mapcells. To improve boththe
memoryandtime requirementgfor the price of losing optimality), a multi-level
structureis used—aso called airport hierarchy. All locationson the problem
map are airports that are assignedo differenthierarchicallevels. The stratgy
for travelling from x to y is similar to traveling by planein therealworld. First,
travel to biggerandbiggerairportsuntil we reachanairportthatis big enoughto
have a connectionto the areathat containsthe destination.Secondgo down in
thehierarcly by travelling to smallerairportsuntil thedestinationis reachedThis
approachs very similar to the strategyy outlinedin Sectionl.1.

An analysisof the natureof path- nding in variousframeavorksis performed
in [7]. The authorsclassify path- nding problemsbasedon the type of the re-
sultsthatare sought,the environmenttype, the amountof informationavailable,
etc. Challengesspeci c to eachproblemtype andsolving stratgiessuchasre-
planningandusingdynamicdatastructuresarebrie y discussed.

A hierarchicalapproachor shortespathalgorithmsthathassimilaritieswith
HPA* is analysedn [9]. Thiswork decomposeaninitial problemgraphinto aset
of fragmentsub-graphsinda global boundarysub-graphthatlinks the fragment
sub-graphs.Shortestppathsare computedand cachedfor future use,similarly to
the cachingthat HPA* performsfor clustertraversalroutes. The authorsanalyse
whatshortespaths(i.e., from which sub-graphsjo cache andwhatinformation
to keep(i.e., eithercompletepathor only cost)for bestperformancavhenlimited
memoryis available.

Anothertechniquerelatedto HPA* is HierarchicalA* [2], which alsouses
hierarchicarepresentationsf a spacewith thegoalof reducingtheoverallsearch
effort. However, the way thathierarchicalrepresentationareusedis differentin
thesetwo techniques.While our approachusesabstractiorto structureanden-
hancethe representatioof the searchspaceHierarchicalA* is a methodfor au-
tomaticallygeneratinglomain-independetteuristicstateevaluations.In single-
agentsearch.a heuristicfunction that evaluatesthe distancefrom a stateto the
goalis usedto guidethe searchprocess.The quality of sucha function greatly
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affectsthe quality of the whole searchalgorithm. Startingfrom theinitial space,
HierarchicalA* builds a hierarcly of abstractspaceauntil an abstractone-state
spaceis obtained. When building the next abstractspace several statesof the
currentspacearegroupedto form oneabstracistatein the next space.In this hi-
erarcly, anabstracspaces usedto computea heuristicfunctionfor the previous
space.

3 Hierarchical Path- nding

Ourhierarchicabpproachmplementghestratg)y describedn Sectionl.1. Search-
ing for anabstractsolutionin our hierarchicaframework is a threestepprocess
calledon-lineseach. First, travel to the borderof the neighborhoodhatcontains
thestartlocation. SecondsearchHor a pathfrom the borderof the startneighbor
hoodto the borderof the goal neighborhood.This is doneusingon an abstract
level, wheresearchs simplerandfaster An actiontravelsacrossarelatively large
area,with no needto dealwith the detailsof thatarea. Third, completethe path
by traveling from the borderof the goalneighborhoodo the goalposition.

The abstractedgraphfor on-line searchis built usinginformation extracted
from the problemmaze.We discussn moredetailhow theframenork for hierar
chicalsearchs built (pre-processingandhow it is usedfor path nding (on-line
search).Initially we focuson building a hierarcly two levels: onelow level and
oneabstractevel. Adding morehierarchicalevelsis discussedat the endof this
section.We illustratehow our approachworksonthesmall40 40 mapshovn
in Figurel (a).

3.1 Pre-processing Grid

The rst stepin building theframework for hierarchicakearchde nesatopolog-
ical abstractionof the maze. We usethis mazeabstractionto build an abstract
graphfor hierarchicakearch.

Thetopologicalabstractiorcoversthe mazewith a setof disjunctrectangular
areascalledclustes. The bold linesin Figure 1 (b) showv the abstractclusters
usedfor topologicalabstractionln thisexample,the40 40grid is groupednto
16 clustersof size1l0 10. Note thatno domainknowledgeis usedto do this
abstractior(otherthan,perhapstuningthesizeof the clusters).

For eachborderline betweentwo adjacentclusters,we identify a (possibly
empty)setof entrancegonnectinghem. An entrancas a maximalobstacle-free



segmentalongthe commonborderof two adjacentclustersc,; andc,, formally
de ned asbelon. Considerthe two adjacentines of tiles |, andl,, onein each
cluster thatdeterminethe borderedgebetweenc,; andc,. Foratilet 2 I [ I,
we de ne symm(t) asbeingthe symmetricattile of t with respecto the border
betweerc, andc,. Notethatt andsymn(t) areadjacentandnever belongto the
samecluster An entrancee is a setof tiles thatrespectshefollowing conditions:

The borderlimitation condition: e [, [ l,. This condition statesthat
an entranceis de ned along and cannotexceedthe borderbetweentwo
adjacentlusters.

Thesymmetrycondition:8t 2 I, [ 1,:t2 e, symn(t) 2 e.
Theobstacldree condition: anentrancecontainsno obstacldiles.

The maximality condition: an entranceis extendedin both directionsas
long asthe previous conditionsremaintrue.

Figure2 shavs azoomedpictureof the upperleft quarterof the samplemap.
The picture shavs detailson how we identify entrancesand usethemto build
the abstractegroblemgraph. In this example,the two clusterson the left side
areconnectedy two entrance®f width 3 andof width 6 respectrely. For each
entrancewe de ne oneor two transitions dependingon the entrancewidth. If
the width of the entrances lessthana prede nedconstant(6 in our example),
thenwe de ne onetransitionin the middle of the entrance Otherwisewe de ne
two transitionspneon eachendof theentrance.

We usetransitiongto build the abstracproblemgraph.For eachtransitionwe
de ne two nodesin theabstracgraphandanedgethatlinks them. Sincesuchan
edgerepresents transitionbetweenwo clusterswe call it aninter-edge. Inter-
edgesalwayshave length1l. For eachpair of nodesinsidea cluster we de ne an
edgelinking them,calledanintra-edg. We computethe lengthof anintra-edge
by searchindgor for anoptimal pathinsidethe clusterarea.

Figure2 shavsall thenodedlight grey squares)all theinteredgeqlight grey
lines), and part of the intra-edgegfor the top-right cluster). Figure 3 shavs the
detailsof the abstractednternaltopologyof the clusterin the top-rightcornerof
Figure2. The datastructurecontainsa setof nodesaswell asdistancedetween
them.We de ne thedistanceas1 for astraighttransitionand1:42* for adiagonal

Thege ricpath- nding library that we usedin our experimentsutilizes this value for ap-
proximating 2. A slightly moreappropriateapproximationvould probablybe 1:41.



transition.We only cachedistancedbetweemodesanddiscardthe actualoptimal
pathscorrespondingo thesedistanceslf desiredthepathscanalsobestored for
the price of morememoryusage SeeSection3.2.2for adiscussion.

Figure4 (a) shawvs the abstractgraphfor our runningexample. The picture
includestheresultof insertingthe startandgoalnodesS andG into thegraph(the
dottedlines),whichis describedn the next sub-sectionThe graphhas68 nodes,
includingS andG, which canchangéor eachsearch At thislevel of abstraction,
therearel6clusterswith 43inter-connectiongnd88intra-connectionsThereare
2 additionaledgeghatlink S andG to therestof thegraph.For comparisonthe
low-level (non-abstractedyraphcontainsl; 463 nodes,onefor eachunblocled
tile, and2; 714edges.

Oncethe abstractgraph has beenconstructedand the intra-edgedistances
computedthe grid is readyto usein a hierarchicalsearch.This informationcan
bepre-computedbeforeagameships),storedon disk,andloadedinto memoryat
gamerun-time. Thisis sufcient for static(non-changingyrids. For dynamically
changinggrids, the pre-computediatahasto be modi ed at run-time. Whenthe
grid topologychangege.g.,a bridgeblows up), theintra- andinteredgesof the
affectedlocal clustersneedto bere-computed.

3.2 On-line Searcch

The rst phaseof theon-linesearchconnectghe startingpositionS to theborder
of theclustercontainingS. This stepis completedoy temporarilyinsertingS into
theabstracgraph. Similarly, connectinghe goal positionG to its clusterborder
is handledby insertingG into theabstracgraph.

After S andG have beenaddedwe useA* [10] to searctor apathbetweers
andG in theabstracgraph.Thisis the mostimportantpartof the on-line search.
It providesanabstracpath,the actualmovesfrom S to theborderof S's cluster
theabstracpathto G'scluster andtheactualmovesfrom theborderof G'scluster
to G.

Thelasttwo stepsof the on-linesearchareoptional:

1. Path-re nementcanbe usedto corvert anabstracipathinto a sequencef
moveson theoriginal grid.

2. Path-smoothingcanbe usedto improve the quality of the path-re nement
solution.
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The abstracpathcanbere ned in a post-processingtepto obtaina detailed
pathfrom S to G. For mary real-timepath- nding applicationsthecompletepath
is notneeded—onlyhe rst few moves. This informationallows the characteto
startmoving in theright directiontowardsthegoal. In contrastA* mustcomplete
its searchandgeneratéheentirepathfrom S to G beforeit candeterminghe rst
stepsof acharacter

Considera domainwheredynamicchangesccurfrequently(e.g.,thereare
mary mobile units travelling around). In sucha case,after nding an abstract
path,we canre ne it graduallyasthe charactenavigatestowardsthegoal. If the
currentabstractpathbecomesnvalid, the agentdiscardst andsearchegor an-
otherabstracpath. Thereis no needto re ne thewholeabstracpathin advance.

3.2.1 Searching for an Abstract Path

To be ableto searchfor a pathin the abstracigraph,S andG have to be part of
thegraph.Theprocessings the samefor both startandgoalandwe shaw it only
for nodeS. We connectS to theborderof the clusterc thatcontaingt. We addS
to the abstracgraphandsearchocally for optimal pathsbetweenS andeachof
the abstracihodesof c. Whensucha pathexists, we addan edgeto the abstract
graphandsetits weightto the lengthof the path. In Figure4 we representhese
edgeswith dottedlines.

In our experimentswe assumethat S and G changefor eachnew search.
Therefore,the costof insertingS and G is addedto the total costof nding a
solution. After a pathis found, we remove S and G from the graph. However,
in practicethis computatiorcanbe donemoreef ciently. Considera gamewhen
mary unitshaveto nd apathto thesamegoal. In thiscaseweinsertG onceand
re-useit. The costof insertingG is amortizedover several searchesin general,
a cachecan be usedto storeconnectioninformationfor popularstartand goal
nodes.

After insertingS andG, theabstracgraphcanbeusedo searcHor anabstract
pathbetweenS andG. We run a standardsingle-agensearchalgorithmsuchas
A* ontheabstracgraph.

3.2.2 Path Re nement

Path re nement translatesan abstractpathinto a low-level path. Eachcluster
crossingin the abstractpathis replacedoy an equivalentsequencef low-level
moves.
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If the cluster pre-processingachedthesemove sequencesttachedto the
intra-edgesthenre nementis simply a table look-up. Otherwise,we perform
smallsearchesnsideeachclusteralongthe abstracipathto re-discwer the opti-
mal local paths.Therearetwo factorsthatlimit the compleity of there nement
search. First, abstractsolutionsare guaranteedo be correct, provided that the
environmentdoesnot changeafter nding anabstractpath. This meanghatwe
never have to backtrackandre-planfor correctingthe abstractsolution. Second,
theinitial searchproblemhasbeendecomposethto severalvery smallsearches
(onefor eachclusteron the abstracpath),with low compleity.

3.2.3 Path Smoothing

Thetopologicalabstractiorphasede nes only onetransitionpoint per entrance.
While this is ef cient, it givesup the optimality of the computedsolutions. So-

lutionsareoptimalin the abstracgraphbut not necessarilyn theinitial problem

graph.

Toimprovethesolutionquality (i.e.,lengthandaesthetics)ve performapost-
processingphasdor pathsmoothing.Ourtechniqueor pathsmoothings simple,
but producegjoodresults. The mainideais to replacelocal sub-optimalpartsof
thesolutionby straightlines. We startfrom oneendof thesolution.For eachnode
in thesolution,we checkwhetherwe canreacha subsequemodein the pathin a
straightline. If this happensthenthelinearpathbetweerthetwo nodesreplaces
theinitial sub-optimakequencéetweerthesenodes.

3.3 Experimental Resultsfor Example

The experimentakesultsfor our runningexamplearesummarizedn the rst two
rows of Tablel. L-0 representsunningA* on the low-level graph(we call this
level 0). L-1 usegwo hierarcly levels(i.e.,level 0 andlevel 1), andL-2 useghree
hierarcly levels(i.e., level O, level 1, andlevel 2). The meaningof the lastrow,
labeledL-2, is describedn Section3.5.

Low-level (original grid) searchusingManhattardistanceasthe heuristichas
poor performance Our examplehasbeenchosento shov a worst-casescenario.
Without abstraction A* will visit all the unblocled positionsin the maze. The
searchexpandsl; 462nodes.Theonly factorthatlimits the searchcompleity is
themazesize.A largermapwith asimilartopologyrepresents hardproblemfor
A*,
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The performancas greatlyimproved by usinghierarchicalsearch.Whenin-
sertingS into the abstracgraph,it canbe linkedto only onenodeon the border
of the startingcluster Thereforewe addonenode(correspondingo S) andone
edgethatlinks S to the only accessibl@odein the cluster Findingthe edgecost
usesasearchthatexpands8 nodes.InsertingG into thegraphis identical.

A* is usedon the abstractedyraphto searchfor a path betweenS and G.
Searchingatlevel 1 alsoexpandsall thenodesof theabstracgraph.Theproblem
is alsoaworst-casescenaridor searchingtlevel 1. However, thistimethesearch
effort is muchreduced.

Themainsearchexpands57 nodes.In addition,insertingS andG expandsl6
nodes.In total, nding anabstracipathrequires83 nodeexpansions.This effort
is enoughto provide a solutionfor this problem—themovesfrom S to theedgeof
its clusterandthe abstracpathfrom the clusteredgeto G. If desiredtheabstract
pathcanbe re ned, partially or completely for additionalcost. The worstcase
is whenwe have to re ne the pathcompletelyandno actualpathsfor intra-edges
werecached For eachintra-edgg(i.e., clustercrossing)n the path,we performa
searchto computea correspondindow-level actionsequenceThereare12 such
smallsearchesyhich expandatotal of 145nodes.

3.4 Adding Levelsof Hierar chy

The hierarcly canbe extendedto severallevels, transformingthe abstracigraph
into amulti-levelgraph.In amulti-level graph,nodesandedgeshave labelsshow-
ing their level in theabstractiorhierarcly. We performpath- nding usinga com-
binationof small searchen the graphat variousabstractiorievels. Additional
levelsin the hierarcly canreducethe searcheffort, especiallyfor large mazes.
SeeAppendixA.2.2 for detailson ef cient searchingn a multi-level graph. To
build amulti-level graph,we structurethemazeabstractioron severallevels. The
higherthe level, the larger the clustersin the mazedecomposition.The clusters
for level | are calledl-clusters. We build eachnew level on top of the existing
structure Building the 1-clustershasbeenpresentedn Section3.1.Forl 2, an
I-clusteris obtainedby groupingtogethem n adjacen{l 1)-clusterswhere
n is aparameter

Nodesontheborderof anewly created-clusterupdatetheirlevel to | (we call
thesel-nodes).Inter-edgeshat make transitionsbetween -clustersalsoincrease
theirlevel to | (we call thesd-interedges).

We addintra-edgesvith level | (i.e.,l-intra-edgesjor pairsof communicating
[-nodesplacedon the borderof the samel-cluster The weight of suchan edge
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is the length of the shortestpaththat connectghe two nodeswithin the cluster
usingonly (I 1)- nodesandedgesMore detailsareprovidedin SectionA.2.2.

InsertingS into the graphiteratively connectsS to thenodeson the borderof
thel-clusterthat containsit, with | increasingfrom 1 to the maximalabstraction
level. Searchingfor a path betweenS anda |-nodeis restrictedto level | 1
andto the areaof the currentl-clusterthat containsS. We performanidentical
processindor G too.

The way we build the abstractgraphensureghat we always nd the same
solution,no matterhow mary abstracievelswe use.In particular addinga nev
levell 2 tothegraphdoesnot diminishthe solutionquality. Herewe provide
a brief intuitive explanationratherthana formal proof of this statement A new
edgeaddedat level | corresponds$o anexisting shortesipathatlevell 1. The
weightof the new edgeis setto the costof the correspondingpath. Searchingat
levell nds thesamesolutionassearchingtlevell 1, only faster

In our example,addingan extra level with n = 2 creates} large clusters,one
for eachquarterof the map. The whole of Figure 2 is an exampleof a single
2-cluster This clustercontains2 2 1-clustersof size1l0 10. BesidesS, the
only other2-nodeof this clusteris the onein thebottom-leftcorner Comparedo
level 1, the total numberof nodesat the secondabstractionevel is reducedeven
more. Level 2, wherethe main searchis performed,has14 nodes(including S
andG). Figure4 (b) shaws level 2 of the abstracigraph. The edgespicturedas
dottedlinesconnectS andG to thegraphatlevel 2.

Abstractionlevel 2 is agoodillustrationof how thepre-processingolveslocal
constraintandreduceghe searclcompleity in theabstracgraph.The 2-cluster
shavnin Figure?2 is largeenoughto containthelargedeadend“room” thatexists
in thelocal topology At level 2, we avoid ary uselessearchin this “room” and
godirectlyfrom S to theexit in thebottom-leftcorner

After insertingS and G, we arereadyto searchfor a path betweenS and
G. We searchonly at the highestabstractiorlevel. Sincestartandgoal have the
highestabstractionievel, we will always nd asolution,assuminghatoneexists.
Theresultof this searchs asequencef nodesatthe highestlevel of abstraction.
If desiredtheabstracpathcanrepeatediybere ned until the low-level solution
is obtained.

3.5 Experimental Resultsfor Example with 3-Level Hierar chy

The third row of Table 1 shavs numericaldatafor our running examplewith a
3-Level hierarcly (i.e.,with threelevels:L  O,L 1 ,andL 2).
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As showvn in Section3.3,connectingS andG to the borderof their 1-clusters
expandsl6 nodesin total. Similarly, we now connectS andG to the borderof
their 2-clusters.Thesesearchesit level 1 expand3 nodesfor S and22 nodesfor
G.

The main searchat level 2 expandsonly 7 nodes. No nodesotherthanthe
onesin the abstracipathareexpanded.This is animportantimprovement,if we
considerthatsearchn thelevel 1 graphexpandedall nodesn thegraph.In total,

nding anabstracsolutionin the extendedhierarcly requiresA8 nodes.

It is worth to remarkthat, after addinga new abstractiorlevel, the costfor
insertingS and G dominateshe main searchcost. This illustratesthe general
characteristiof the methodthat the costfor insertingS and G increaseswith
the numberof levels, whereaghe main searchbecomesimpler Findinga good
trade-of betweerthesesearchess importantfor optimizingthe performance.

Table 1 alsoshaws the costsfor completesolutionre nement. Re ning the
solutionfrom level 2 to level 1 expandsl6 nodesandre ning from level 1 to level
0 expandsl45nodesfor atotal of 161 nodes.

3.6 StorageAnalysis

Besidesthe computationakpeedthe amountof storagethat a methodusesfor
path- nding is anotherimportantperformancendicator Two mainfactorsin u-
encethe amountof memorythat our hierarchicalapproachuses:the size of the
problemgraphandthe size of the openlist usedby A*. We discussthesetwo
factorsin moredetailin therestof this section.For thegraphstoragewe include
bothanempiricalanalysisanda worst-caseheoreticadiscussion.

3.6.1 Graph StorageRequirements

Table2 shavstheaveragesizeof theproblemgraphfor our BALDUR' S GATE test
suite.SeeSection4 for detailsaboutthis datasetandsettingssuchasclustersizes,
or edgede nition in the original problemgraph. We comparethe original low-
level graphto the abstracgraphsin hierarchieswith one,two, andthreeabstract
levels (not countinglevel 0). In the tablewe shov the numberof nodesN, the
numberof inter-edgesE ;, andthe numberof intra-edge<€,. For the multi-level
graphs,we shav both the total numbersandthe numbersfor eachlevel L;, i 2
f1;2;3g.

The datashow that the storageoverheadof the abstractgraphis small com-
paredto thesizeof theoriginal problemgraph.Adding anew graphlevel updates
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thelevel of someexisting nodesandinteredgeswithout creatingany new objects
of thesetypes.Theonly overheacconsistf the new intra-edgeshatalevel cre-
ates.In our dataset,we addat most1; 846intra-edgegwhenthreeabstractevels
arede ned) to aninitial graphhaving 4; 469nodesand16; 420edges.Assuming
thatanodeandanedgeoccupy aboutthe sameamountof memory we obtainan
overheadf 8:83%

The way thatthe overheadranslatesn termsof memorybytesis highly de-
pendanbn factorssuchasimplementationcompileroptimizations or sizeof the
problemmap. For instancejf themapsizeis atmost256 256 thenstoringthe
coordinate®f agraphnodetakestwo bytes.More memoryis necessarfor larger
maps.

Sinceabstracinodesandedgesarelabeledby their level, the memoryneces-
saryto storean elementmight be larger in the abstractgraphthanin the initial
graph.This additionalrequirementgalledthe level overheadcanbeaslittle as2
bits perelementcorrespondingo a largestpossiblenumberof levelsof 4. Since
mostcompilersroundthebit-sizeof objectsto a multiple of 8, thelevel overhead
couldactuallynotexist in practice.

The storageutilization can be optimized by keepingin memory (e.g., the
cache)only thosepartsof the graphthatarenecessaryor the currentsearch.In
thehierarchicaframewvork, we needonly thesub-grapltorrespondingo thelevel
andthe areawherethe currentsearchs performed.For example,whenthe main
abstractsearchis performed,we candrop the low-level problemgraph,greatly
reducingthe memoryrequirementsor this search.

The worst casescenariofor a clusteris whenblocked tiles andfree tiles al-
ternateon the border andany two bordernodescanbe connectedo eachother
Assumethe size of the problemmazeis m  m, the mazeis decomposedto
c cclusters,andthe sizeof a clusterisn n. In the worstcase,we obtain
4n=2 = 2n nodespercluster Sinceeachpair of nodesde nesanintra-edgethe
numberof intra-edgedor a clusteris 2n(2n  1)=2 = n(2n 1). Thisanalysis
is true for clustersin the middle of the maze. We do not de ne abstractnodes
onthemazeedgessomamginal clustershave a smallernumberof abstrachodes.
For the clusterin a mazecorner the numberof nodesis n and the numberof
intra-edgess n(n  1)=2. For a clusteron a mazeedge,the numberof nodes
is 1:5n andthe numberof intra-edgess 1:5n(1:5n 1)=2. Thereare4 corner
clusters,4c 8 edgeclusters,and(c  2)? middle clusters. Therefore the to-
tal numberof abstractnodesis 2m(c  1). The total numberof intra-edgess
n(c 2)’2n 1)+ 2(n 1)+ 3(c 2)(2:5n 1). Thenumberof interedges
ism(c 1).
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3.6.2 Storagefor the A* Open List

Sincehierarchicapath- ndingdecomposeaprobleminto asumof smallsearches,
the averagesize of openin A* is smallerin hierarchicalsearchthanin low-level
search.Table3 compareghe averagelengthof the openlist in low-level search
andhierarchicalsearch.The averageis performedover all searcheslescribedn
Sectiond.1,withoutre ning theresultsafterthe solutionlength. The datashavs

a three-foldreductionof thelist size betweenthe low-level searchandthe main
searchn theabstractedramenork.

4 Experimental Results

4.1 Experimental Setup

Experimentsvereperformednasetof 120mapsextractedfrom BioWare'sgame
BALDUR'S GATE, varyingin sizefrom50 50to320 32Q For eachmap,100
searchesvererun usingrandomlygenerateds and G pairswherea valid path
betweerthetwo locationsexisted.

The atomicmap decompositiorusesoctiles Octilesaretiles thatde ne the
adjacenyg relationshipin 4 straightand4 diagonaldirections.The costof vertical
andhorizontaltransitionsis 1. Diagonaltransitionshave the costsetto 1:42. We
do not allow diagonalmoves betweentwo blocked tiles. Entranceswith width
lessthan6 have onetransition.For largerentrancesve generatawo transitions.

The codewasimplementedusingthe University of AlbertaPath- nding Code
Library (http://www.cs.ualberta.ca/"games/pathfind ). This li-
brary is usedasa researchtool for quickly implementingdifferentsearchalgo-
rithmsusingdifferentgrid representationdBecausef its genericnature thereis
someoverheadassociatedvith usingthelibrary. All timesreportedn this paper
shouldbe viewedasgenerousipperboundson a customimplementation.

Thetimingswereperformedona800MHz Pentiumlll with 3 GB of memory
Theprogramsverecompiledusinggccversion2.96,andwererun underRedHat
Linux version7.2.

4.2 Analysis

Figure5 comparesow-level A* to abstracsearctonhierarchiesvith themaximal
level setto 1, 2, and3. Theleft graphshavs the numberof expandednodesand
theright graphshowvs thetime. For hierarchicakearchwe displaythetotal effort,
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whichincludesinsertingS andG into thegraph searchingtthehighestevel, and
re ning thepath. Therealeffort canbe smallersincethe costof insertingS or G
canbeamortizedfor mary searchesandpathre nementis notalwaysnecessary
Thegraphsshav that,whencompleteprocessings necessaryhe rst abstraction
level is goodenoughfor themapsizesthatwe usedn thisexperiment.We assume
that, for larger maps,the bene ts of morelevelswould be moresigni cant. The
compleity reductioncanbecomdargerthantheoverheador addingthelevel. As
we shav next, morelevels arealsousefulwhenpathre nementis not necessary
andS or G canbeusedfor severalsearches.

Eventhoughthereportedtimesarefor agenericimplementationit is impor-
tantto notethatfor ary solutionlengththe appropriatdevel of abstractionvas
ableto provide answersn lessthan10 millisecondson average.Throughlength
400,the averagetime per searchwaslessthan5 millisecondson a 800 MHz ma-
chine.

A* is slightly betterthan HPA* whenthe solutionlengthis very small. A
small solutionlengthusuallyindicatesan easysearchproblem,which A* solves
with reduceckeffort. Theoverheadf HPA* (e.g.,for insertingS andG) isin such
casedargerthanthepotentialsavingsthatthealgorithmcouldachieve. A* is also
betterwhenS andG canbe connectedhrougha “straight” line on the grid. In
this case,usingthe Euclidiandistanceas heuristicprovides perfectinformation,
andA* expandsno nodesotherthanthosethatbelongto the solution.

Figure 6 shavs how the total effort for hierarchicalsearchis composedf
the abstracteffort, the effort for insertingS and G, and the effort for solution
re nement. Thecostfor nding anabstracpathis the sumof only the maincost
andthe costfor insertingS andG. WhenS or G arereusedor mary searches,
only partof this costcountsfor theabstractostof a problem.Consideringhese,
the gure shaws that nding anabstractpathbecomeseasienn hierarchieswith
morelevels.

Figure7 shaws the solutionquality. We comparethe solutionsobtainedwith
hierarchicalpath- nding to the optimal solutionscomputedby low-level A*. We
plot the error beforeandafter path-smoothingThe error measureshe overhead
in percentsandis computedwith thefollowing formula:

hl ol
e=

100
ol

wherehl is thelengthof the solutionfoundwith HPA*, andol is thelengthof the
optimalsolutionfoundwith A*. Theerroris independentf thenumberof hierar
chicallevels. The only factorthatgeneratesub-optimalityis not consideringall
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thepossibletransitionsfor anentrance.

Theclustersizeis aparametethatcanbetuned.We ranour performanceests
usingl-clusterswith sizel0 10. Thischoiceatlevel 1 is supportedy the data
presentedn Figure8. This graphshavs how the averagenumberof expanded
nodesfor an abstractsearchchangeswith varying the clustersize. While the
main searchreduceswith increasingclustersize, the costfor insertingS and G
increasegaster The expandedhodecountreaches minimumat clustersize 10.

For higherlevels,anl-clustercontain® 2 (I 1)-clustersWeusecdthissmall
valuesince,whenlargervaluesareused the costfor insertingS andG increases
fasterthanthe reductionof the main search.This tendeng is especiallytrue on
relatvely small maps,wheresmallerclustersachiere goodperformanceandthe
increasedcostsfor using larger clustersmay not be amortized. The overhead
of insertingS and G resultsfrom having to connectS and G to mary nodes
placedon the borderof a large cluster The longerthe clusterborder the more
nodesto connecto. We ransimilar testson randomlygenerateanaps.The main
conclusionswere similar but, becauseof lack of space,we do not discussthe
detailsin this paper

5 Conclusionsand Futur e Work

Despitetheimportanceandtheamountof work donein path- nding, therearenot
mary detailedpublicationsabouthierarchicapath- nding in commercialgames.

In this paperwe have presented hierarchicaltechniquefor efcient near
optimal path- nding. Our approachis domain-independengasyto apply and
workswell for differentkinds of maptopologies.The methodadaptgo dynami-
cally changingervironments.Thehierarcly canbeextendedo severalabstraction
levels,makingit scalablefor large problemspacesWe testedour programusing
mapsextractedfrom a real game, obtainingnearoptimal solutionssigni cantly
fasterthanlow-level A*.

We have mary ideasfor futurework in hierarchicalpath- nding. We planto
optimize the way that we insertS and G into the abstractgraph. As Figure 6
shaws, thesecostsincreasesigni cantly with addinga new abstractiorlayer One
stratgy for improving the performances to connectS only to a sparsesubsebdf
the nodeson the border maintainingthe completenessef the abstracgraph. For
instancejf each“unconnected’hode(i.e., a nodeon the borderto which we did
nottry to connectS) is reachablen the abstracgraphfrom a “connected’node
(i.e.,anodeontheborderto which we have connected), thenthe completeness
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is presered. Anotherideais to considerfor connectioronly bordemodeghatare
onthedirectionof G. However, thislastideadoesnotguarante¢ghe completeness
andit is hardto evaluatethe bene ts beforehand.If the searchfails becauseof
the graphincompletenessye have to performit again with the subsetof border
nodesgraduallyenlaged.

The clusteringmethodthat we currently useis simple and producesgood
results. However, we alsowant to explore more sophisticatectlusteringmeth-
ods. An application-independerstratgy is to automaticallyminimize someof
theclusteringparametersuchasnumberof abstractlustersgclusterinteractions,
andclustercompleity (e.g.,the percentagef internalobstacles).
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A APPENDIX

In this appendixwe provide low-level detailsaboutour hierarchicalpath- nding
techniqueincludingthemainfunctionsin pseudo-codelhe codecanbefoundat
thewebsite http://www.cs.ualberta.ca/~adib/ . Firstwe adresghe
pre-processingandnext theon-linesearch.

A.1 Pre-processing

Figure9 summarizeghe pre-processingThe main methodis preprocessing),
which abstractghe problemmaze,builds a graphwith one abstractevel and, if
desiredaddsmorelevelsto thegraph.

A.1.1 Abstracting the Maze and Building the Abstract Graph

At theinitial stagethemazeabstractiorconsistsf building the 1-clustersandthe
entrancebetweerclusters Later, whenmorelevelsareaddedo thehierarcly, the
mazeis furtherabstractedby computingclustersof superiorevels. In themethod
abstractM aze(), C[1] is the setof 1-clusters,andE is the setof all entrances
de ned for themap.

The methodbuildGraph() createghe abstracigraphof the problem. First it
createshenodesandtheinteredgesandnext buildstheintra-edgesThe method
newN odge;c) createsa nodecontainedn clusterc andplacedat the middle of
entrancee. For simplicity, we assumave have onetransitionperentranceregard-
lessof the entrancewidth. The methodgyetClusteri(e;l) andgetCluster2(e;l)
returnthe two adjacentl-clustersconnectedoy entrancee. We usethe meth-
odsaddNoddn; 1) to addnoden to the graphand setthe nodelevel to I, and
addEdge(n; ny; w; I;t) to addanedgebetweemodesn; andn,. Parameterv is
theweight, | is thelevel, andt 2 fINTER; INTRAg shaws the type (i.e., inter-
edgeor intra-edgef theedge.

The last partof the methodbuildGraph() addstheintra-edges.The method
searchForDistance(n; ny; ¢) searchefor apathbetweertwo nodesandreturns
the pathcost. This searchs optimizedasshawvn in SectionA.2.2.

A.1.2 Creating Additional Graph Levels

The hierarchicallevels of the multi-level abstractgraphare built incrementally
Level 1 hasbeenbuilt at the previous phase.Assumingthat the highestcurrent
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levelis| 1, we build level | by calling the methodaddLewelT oGraph(l). We
groupclustersatlevell 1toformaclusteratlevell (themethodouildClusters(l),
| > 1). C[l]isthesetof I-clusters.Thelastpartof themethodaddLevelT oGraph()
addsnew intra-edgedgo thegraph.

A.2 On-line Search
A.2.1 Finding an Abstract Solution

Figure10 summarizeshe stepsof theon-linesearch.

The mainmethodis hier archicalSearch(S; G; maxLevel), which performs
the on-line search. First we insertS and G into the abstractgraph, using the
methodnsertN odgnode;level). ThemethodconnectToBorder(n; ¢) addsedges
betweemoden andthe nodesplacedon theborderof clusterc thatarereachable
fromn. WeinsertS; G into themulti-level graphusingthemethodnser tN odg) .
determineCluster(n; ) returnsthel-clusterthatcontainsnoden.

ThemethodsearchForP ath(S; G; maxLevel) performsasearchatthehigh-
estabstractiorlevel to nd an abstractpathfrom S to G. If desired,we re ne
the pathto a low-level representatiomnising the methodr ef ineP ath(absPath).
Finally, the methodsmoothPath(lIPath) improvesthe quality of the low-level
solution.

A.2.2 Searchingin the Multi-Le vel Graph

In a multi-level graph, searchcan be performedat various abstractionlevels.
Searchingat level | reducesthe searcheffort by exploring only a small subset
of thegraphnodes.Thehigherthelevel, thesmallerthe partof thegraphthatcan
potentiallybe explored. Whensearchingat a certainlevel |, the rulesthatapply
for nodeexpansionarethefollowing. First, we consideronly nodeshaving level
greateithanor equalto |. Secondwe consideronly intra-edge$aving level | and
interedgeshaving level |.

Thesearclspacecanbefurtherreducedy ignoringthenodesoutsidea given
cluster This is usefulin situationssuchasconnectingS or G to the borderof
their clusters,connectingwo nodesplacedon the borderof the samecluster or
re ning anabstracpath.

23



(a) (b)

Figurel: (a) The40 40 mazeusedin our example. The obstaclesrepainted
in black. S andG arethe startandthe goal nodes.(b) The bold lines shawv the
boundarie®fthe1l0 10clusters.

———

]

;;

Figure2: Abstractingthetop-leftcornerof themaze.All abstrachodesandinter-

edgesareshawn in light grey. For simplicity, intra-edgesareshawvn only for the
top-rightcluster
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Figure3: Clusterinternalpathinformation.

) (b)

Figure4: (a) The abstractproblemgraphin a hierarcly with onelow level and

oneabstractevel. (b) Level 2 of theabstracgraphin the 3-Level hierarcly. The
dottededgesconnectS andG to therestof eachgraph.

Search
Technique|| SG | Main | Abstract | Re nement
L-0 01,462 1,462 0
L-1 16 67 83 145
L-2 41 7 48 161

Table1l: Summaryof resultsour runningexample. We shav the numberof ex-
pandednodes. SG is the effort for insertingS and G into the graph. Abstract
is the sumof the previous two columns. This measureshe effort for nding an
abstracsolution.Re nemenshawvs the effort for completepath-re nement.
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GraphO | Graphl Graph2 Graph3

L1 ‘ Total L, ‘ L, ‘ Total L, ‘ L, ‘ Ls ‘ Total
N 4,469| 367| 367|186|181| 367|186| 92| 89| 367
E,| 16,420/ 198| 198|100 98| 198|100| 50| 48| 198
E, 0|722| 722|722|662|1,384| 722 | 622 | 462 | 1,846

Table2: The averagesize of the problemgraphin BALDUR'S GATE. GraphO
is theinitial low-level graph. Graphl represents graphwith oneabstractevel
(L1), Graph2 hastwo abstractlevels (L1;L,) , and Graph3 hasthreeabstract
levels (L1;L5;L3). N is the numberof nodes,E; is the numberof interedges,
andE, is thenumberof intra-edges.

Low level Abstract
Main | SG | Re nement
| OpenSize||  51.24[ 17.23] 4.50 | 5.48 ]

Table3: Averagesizeof theopenlist in A*. For hierarchicakearchwe shawv the
averageOpensizefor themainsearchthe SG search(i.e., searcHor insertingS
andG into theabstracgraph),andthere nementsearch.

Total expanded nodes CPU Time
12000 T ! . . 0.09
—~ 0.08 - low-level ——
,  L0000F low-level —— & 007 1-level abstract—-—-
3 1-level abstract - @ ST 2-level abstract-—=-
kS 8000 | 2-level abstract---«- o 0.06f 3-level abstract-—s
c 3-level abstract—= IS
I £ 005f
= 6000 S
2 a 0.04 -
E 4000} S oo3f
z &
o 0.02 -
2000 ¢ 1 F 0.01 B EE
100 200 300 400 100 200 300 400
Solution Length Solution Length
(a) (b)

Figure5: Low-level A* vs. hierarchicapath- nding.
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1-Level Abstract 2-Level Abstract

3-Level Abstract
= T = q_F ﬂ_ﬂ%ﬁ
= I B B = == B B in |
100 200 300 400 500 1 400 s00

100 200 300 400 500 00 200 300
Solution Length SdutionLengh Solution Length

Figure6: Theeffort for hierarchicalsearchn hierarchiesvith oneabstractevel,
two abstractievels, andthreeabstractievels. We shav in what proportionthe
main effort, the SG effort, andthere nementeffort contritute to the total effort.
Thegraypartatthebottomof adatabarrepresentthe maineffort. Thedarkpart
in themiddleis the SG effort. Thewhite partatthetopis there nementeffort.
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WsGc
[ Main search

Number of Expanded Nodes
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Cluster Size

Figure8: Theseackteffort for nding anabstracsolution. SGrepresentshe cost
of insertingS andG. Themainsearchnds anabstracpathin theabstracgraph.
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void abstractMaze@id) f
E=1;
C[1] = buildClustergl);
for (eachcy;c, 2 C[1]) f
if (adjacentc;; c,))
E = E [ buildEntrancegc:; c;);
g
g

void buildGraph(wid) f
for (eache2 E) f
c: = getClusterte;1);
¢, = getClusterge;1);
n; = nevNodge;c;);
n, = nevNodge;c;);
addNodén; 1);
addNodény; 1);
addEdgéni;ny; 1; 1, INTER);
g
for (eachc2 C[1]) f
for (eachny;ny 2 N[c];ny 6 ny)f

if (d< 1)
addEdgéni;ny; 1;d; INTRA);

d = searchBrDistancény; ny; c);

void addLevelToGraph(intl) f

g

C[I] = buildClustergl);
for (eachcy;c, 2 C[I)) f
if (adjacenfc;;c;) == false)
continue;
for (eache 2 getEntrancgg;; c,)) f
setLevel(getNodele); 1);
setLevel(getNode2e); 1);
setLevel(getEdgée); 1);

g

g
for (eachc 2 CJl])

for (eachny;ny 2 N[c];ny 6 ny) f
d = searchBrDistancén;; ny; c);
if d< 1)
addEdgény;ny;|; d; INTRA)

void preprocessing(imhaxLevel) f

abstractMaze();

buildGraph();

for (I = 2;1 maxLevel;l + +)
addLevelToGrapfl);

Figure9: The pre-processinghasan pseudo-codeThis phasebuilds the multi-

level graph,exceptfor S andG.



void connect®Border(nodses, clusterc) f
| = getLevel(c);
for (eachn 2 N[c])
if (getLevel(n) < I)
continue;
d = searchbrDistancés;n; c);
if(d< 1)
addEdgés; n; d;I; INTRA);

void insertNode(nods, int maxLevel) f
for (I = 1;1 maxLevel;l + +)f
¢ = determineClustégs;1);
connect®Borde(s;c);

g
setLevel(s; maxLevel);

g

pathhierarchicalSearch(nodgeg, int 1) f
insertNod¢s; 1);
insertNodé¢g; 1);
absPath = searchbrPath(s;g;1);
[IPath = re nePath(absPath; I);
smP ath = smoothRth(lIP ath);
returnsmP ath;

Figure10: Theon-lineprocessingn pseudo-code.
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