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Abstract

The problemof path-�nding in commercialcomputergameshasto be
solved in real time, often underconstraintsof limited memoryand CPU
resources.Thecomputationaleffort requiredto �nd a path,usinga search
algorithmsuchasA*, increaseswith sizeof thesearchspace.Hence,path-
�nding on largemapscanresultin seriousperformancebottlenecks.

This paperpresentsHPA* (HierarchicalPath-FindingA*), a hierarchi-
calapproachfor reducingproblemcomplexity in path-�ndingongrid-based
maps.This techniqueabstractsamapinto linkedlocal clusters.At thelocal
level, theoptimaldistancesfor crossingeachclusterarepre-computedand
cached.At theglobal level, clustersaretraversedin a singlebig step.A hi-
erarchy canbeextendedto morethantwo levels.Smallclustersaregrouped
togetherto form larger clusters.Computingcrossingdistancesfor a large
clusterusesdistancescomputedfor thesmallercontainedclusters.

Our methodis automaticanddoesnot dependon a speci�c topology.
Bothrandomandreal-gamemapsaresuccessfullyhandledusingnodomain-
speci�c knowledge.Our problemdecompositionapproachworksvery well
in domainswith a dynamicallychangingenvironment. The techniquealso
hastheadvantageof simplicity andis easyto implement.If desired,more
sophisticated,domain-speci�calgorithmscanbe pluggedin for increased
performance.

The experimentalresultsshow a great reductionof the searcheffort.
Comparedto a highly-optimizedA*, HPA* is shown to be up to 10 times
faster, while �nding pathsthatarewithin 1%of optimal.
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1 Intr oduction

Theproblemof path-�nding in commercialcomputergameshasto besolved in
realtime,oftenunderconstraintsof limited memoryandCPUresources.Hierar-
chicalsearchis acknowledgedasaneffective approachto reducethecomplexity
of this problem.However, no detailedstudyof hierarchicalpath-�nding in com-
mercialgameshasbeenpublished.Partof theexplanationis thatgamecompanies
usuallydonotmake their ideasandsourcecodeavailable.

The industrystandardis to useA* [10] or iterative-deepeningA*, IDA* [3].
A* is generallyfaster, but IDA* useslessmemory. Therearenumerousenhance-
mentsto thesealgorithmsto make them run fasteror explore a smallersearch
tree. For many applications,especiallythosewith multiple moving NPCs(such
asin real-timestrategy games),thesetimeand/orspacerequirementsarelimiting
factors.

In this paperwe describeHPA*, a new methodfor hierarchicalpath-�nding
ongrid-basedmaps,andpresentperformancetests.Ourtechniqueabstractsamap
into linkedlocalclusters.At thelocal level, theoptimaldistancesfor crossingthe
clusterarepre-computedandcached.At theglobal level, anactionis to crossa
clusterin asinglestepratherthanmoving to anadjacentatomiclocation.

Ourmethodissimple,easyto implement,andgeneric,asweusenoapplication-
speci�c knowledgeandapplythetechniqueindependentlyof themapproperties.
We handlevariablecostterrainsandvarioustopologytypessuchasforests,open
areaswith obstaclesof any shape,or building interiors—withoutany implemen-
tationchanges.

For many real-timepath-�ndingapplications,thecompletepathis notneeded.
Knowing the�rst few movesof avalid pathoftensuf�ces, allowing amobileunit
to startmoving in the right direction. Subsequenteventsmay result in the unit
having to changeits plan,obviating theneedfor therestof thepath.A* returnsa
completepath. In contrast,HPA* returnsa completepathof sub-problems.The
�rst sub-problemcanbesolved,giving a unit the�rst few movesalongthepath.
As needed,subsequentsub-problemscanbesolvedproviding additionalmoves.
Theadvantagehereis thatif theunit hasto changeits plan,thennoeffort hasbeen
wastedoncomputingapathto agoalnodethatwasneverneeded.

The hierarchicalframework is suitablefor static and dynamicallychanging
environments. In the latter case,�rst assumethat local changescan occur on
immobiletopologyelements(e.g.,a bombdestroys a bridge).We recomputethe
informationextractedfrom the modi�ed clusterlocally andkeepthe restof the
framework unchanged.Second,assumethat therearemany mobileunitson the
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mapanda computedpathcanbecomeblockedby anotherunit. We computean
abstractpathwith reducedeffort anddo not spendadditionaleffort to re�ne it
to thelow-level representation.We quickly get thecharactermoving in a proven
gooddirectionandre�ne partsof the abstractpathasthe characterneedsthem.
If thepathbecomesblocked,we replanfor anotherabstractpathfrom thecurrent
positionof thecharacter.

Thehierarchy of our methodcanhave any numberof levels,makingit scal-
ablefor largeproblemspaces.Whentheproblemmapis large,a largernumber
of levels canbe the answerfor reducingthe searcheffort, for the price of more
storageandpre-processingtime.

Ourtechniqueproducessub-optimalsolutions,tradingoptimalityfor improved
executionperformance.After applyingapath-smoothingprocedure,oursolutions
arewithin 1%of optimal.

1.1 Moti vation

Considertheproblemof travelingbycarfromLosAngeles,California,toToronto,
Ontario. Speci�cally, what is the minimum distanceto travel by car from 1234
SantaMonica Blvd in Los Angles to 4321 YongeStreetin Toronto? Given a
detailedroadmapof North America, showing all roadsannotatedwith driving
distances,an A* implementationcancomputethe optimal (minimum distance)
travel route.This might beanexpensive computation,giventhesheersizeof the
roadmap.

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

1. Travel from 1234SantaMonicaBoulevardto a majorhighway leadingout
of LosAngeles.

2. Plana routefrom LosAngelesto 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 LosAnglesto Toronto.However, by treating
citiesasblackboxes,this searchis not guaranteedto �nd theshortestroute. For
example,althoughit may be fasterto stayon a highway, for somecities where
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thehighwaygoesaroundthecity, leaving thehighwayandgoingthroughthecity
might bea shorterroute. Of course,it maynot bea fasterroute(city speedsare
slower thanhighwayspeeds),but in thisexamplewearetrying to minimizetravel
distance.

Abstractioncouldbetakentoahigherlevel: dotheplanningatthestate/province
level. Oncethepathreachesa stateboundary, computethebestroutefrom state
to state.Onceyou know your entrancesandexits from the states,thenplan the
inter-stateroutes.Again, thiswill work but mayresultin asub-optimalsolution.

Takento theextreme,theabstractioncouldbeat thecountrylevel: travel from
the UnitedStatesto Canada.Clearly, therecomesa point wherethe abstraction
becomessocoarseasto beeffectively useless.

Wewanttoadoptasimilarabstractionstrategy for computergamepath-�nding.
WecoulduseA* onacomplete1000� 1000map– but thatrepresentsapotentially
hugesearchspace.Abstractioncanbeusedto reducethis dramatically. Consider
each10 � 10 block of the mapasbeinga “city”. Now we cansearchin a map
of 100� 100cities. For eachcity, we know the city entrancesandthe costsof
crossingthecity for all theentrancepairs. We alsoknow how to travel between
cities.Theproblemthenreducesto threesteps:

� Startnode:Within theblockcontainingthestartnode,�nd theoptimalpath
to thebordersof theblock.

� Searchat theblock level (100� 100blocks)for theoptimalpathfrom the
blockcontainingthestartnodeto theblockcontainingthegoalnode.

� Goalnode:Within theblockcontainingthegoalnode,�nd theoptimalpath
from theborderof theblock to thegoal.

Theresultis amuchfastersearchgiving nearlyoptimalsolutions.Further, theab-
stractionis topologyindependent;thereis noneedfor alevel designerto manually
breakthegrid into high-level featuresor annotateit with way-points.

1.2 Contrib utions

Thecontributionsof thispaperinclude:

1. HPA*, a new hierarchicalpath-�nding algorithm (including pseudo-code
andsourcecode)that is domain-independentandworkswell for staticand
dynamicterraintopologies.
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2. Experimentalresultsfor hierarchicalsearchon a variety of gamesmazes
(from BioWare's BALDUR' S GATE), showing up to a 10-fold speedim-
provementin exchangefor a1% degradationin pathquality.

3. Variationson the hierarchicalsearchidea appearto be in useby several
gamecompanies,althoughmost of their algorithmicdetailsare not pub-
lic. To thebestof our knowledge,this is the �rst scienti�c studyof using
hierarchicalA* in thedomainof commercialcomputergames.

Section2 containsa brief overview of the backgroundliterature. Section3
presentsour new approachto hierarchicalA*, andits performanceis evaluated
in Section4. Section5 presentsour conclusionsandtopicsfor further research.
AppendixA providesthepseudo-codefor ouralgorithm.

2 Literatur eReview

The �rst part of this sectionsummarizeshierarchicalapproachesusedfor path-
�nding in commercialgames. The secondpart reviews relatedwork in a more
generalcontext, includingapplicationsto othergrid domainssuchasrobotics.

Path-�nding usinga two-level hierarchy is describedin [5]. Theauthorpro-
vides only a high-level presentationof the approach.The problemmap is ab-
stractedinto clusterssuchasroomsin a building or squareblockson a �eld. An
abstractactioncrossesa room from the middle of an entranceto another. This
methodhassimilarities to our work. First, both approachespartition the prob-
lem mapinto clusterssuchassquareblocks. Second,abstractactionsareblock
crossings(asopposedto going from oneblock centerto anotherblock center).
Third, bothtechniquesabstracta block entranceinto onetransitionpoint (in fact,
we allow eitheroneor two points). This leadsto fastcomputationbut givesup
the solutionoptimality. Thereare also signi�cant differencesbetweenthe two
approaches.We extendour hierarchy to severalabstractionlevelsanddo this ab-
stractionin a domainindependentway. We alsopre-computeandcacheoptimal
distancesfor blockcrossing,reducingthecostsof theon-linecomputation.

Anotherimportanthierarchicalapproachfor path-�ndingin commercialgames
usespointsof visibility [6]. Thismethodexploits thedomainlocal topologyto de-
�ne anabstractgraphthatcoversthemapef�ciently . Thegraphnodesrepresent
thecornersof convex obstacles.For eachnode,edgesareaddedto all thenodes
thatcanbeseenfrom thecurrentnode(i.e., thecanbeconnectedwith a straight
line).
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This methodprovidessolutionsof goodquality. It is particularlyusefulwhen
thenumberof obstaclesis relatively smallandthey haveaconvex polygonalshape
(i.e., building interiors). Theef�ciency of themethoddecreaseswhenmany ob-
staclesarepresentand/ortheir shapeis not a convex polygon. Considerthecase
of a mapcontaininga forest,which is a densecollectionof smallsizeobstacles.
Modelingsucha topologywith pointsof visibility would resultin a largegraph
(in termsof numberof nodesandedges)with shortedges.Therefore,thekey idea
of travelinglongdistancesin asinglestepwouldn't beef�ciently exploited.When
theproblemmapcontainsconcave or curvedshapes,themethodeitherhaspoor
performanceor needssophisticatedengineeringto build thegraphef�ciently . In
fact, theneedfor algorithmicor designerassistanceto createthegraphis oneof
thedisadvantagesof themethod.In contrast,our approachworksfor many kinds
of mapsanddoesnotrequirecomplex domainanalysisto performtheabstraction.

Thenavigationmesh(aka.NavMesh)is apowerful abstractiontechniqueuse-
ful for 2D and3D maps.In a2D environment,thisapproachcoverstheunblocked
areaof a mapwith a (minimal) setof convex polygons.A methodfor building a
nearoptimalNavMeshis presentedin [11]. This methodrelaxestheconditionof
theminimal setof polygonsandbuildsamapcoveragemuchfaster.

Besidescommercialcomputergames,path-�nding hasapplicationsin many
researchareas.Path-�nding approachesbasedontopologicalabstractionthathave
beenexploredin roboticsdomainsareespeciallyrelevantfor theworkdescribedin
this paper. Quadtrees[8] have beenproposedasa way of doinghierarchicalmap
decomposition.This methodpartitionsa mapinto squareblockswith different
sizessothatablockcontainseitheronly walkablecellsor only blockedcells.The
problemmapis initially partitionedinto 4blocks.If ablockcontainsbothobstacle
cellsandwalkablecells,thenit is furtherdecomposedinto 4 smallerblocks,and
soon. An actionin this abstractedframework is to travel betweenthecentersof
two adjacentblocks. Sincethe agentalwaysgoesto the middle of a box, this
methodproducessub-optimalsolutions.

To improvethesolutionquality, quadtreescanbeextendedto framedquadtrees
[1, 12]. In framedquadtrees,the borderof a block is augmentedwith cells at
the highestresolution.An actioncrossesa block betweenany two bordercells.
Sincethis representationpermitsmany anglesof direction, the solutionquality
improvessigni�cantly. On the otherhand,framedquadtreesusemorememory
thanquadtrees.

Framedquadtreesaremoresimilar to our work thanquadtrees,sincewe also
useblock crossingsasabstractactions.However, we don't considerall thecells
on theblock borderasentrancepoints. We reducethenumberof block entrance

6



points by abstractingan entranceinto one or two suchpoints. Moreover, our
approachallowsblocksto containobstacles.Thismeansthatthedistancebetween
two transitionpointsis notnecessarilylinear. For this reasonwehave to compute
optimalpathsbetweenentrancepointsplacedon theborderof thesameblock.

A multi-level hierarchy hasbeenusedto enhancetheperformanceof multiple
goal path-planningin a MDP (Markov DecisionProcess)framework [4]. The
problemposedis to ef�ciently learnnearoptimalpolicies� � (x; y) to travel from
x to y for all pairs(x; y) of maplocations.Thenumberof policiesthathave to be
computedandstoredis quadraticin thenumberof mapcells.To improveboththe
memoryandtime requirements(for thepriceof losingoptimality), a multi-level
structureis used—aso called airport hierarchy. All locationson the problem
mapareairports that areassignedto differenthierarchicallevels. The strategy
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.Second,go down in
thehierarchy by travelling to smallerairportsuntil thedestinationis reached.This
approachis verysimilar to thestrategy outlinedin Section1.1.

An analysisof thenatureof path-�nding in variousframeworksis performed
in [7]. The authorsclassifypath-�nding problemsbasedon the type of the re-
sultsthataresought,theenvironmenttype, theamountof informationavailable,
etc. Challengesspeci�c to eachproblemtype andsolving strategiessuchasre-
planningandusingdynamicdatastructuresarebrie�y discussed.

A hierarchicalapproachfor shortestpathalgorithmsthathassimilaritieswith
HPA* is analysedin [9]. Thiswork decomposesaninitial problemgraphinto aset
of fragmentsub-graphsanda globalboundarysub-graphthat links the fragment
sub-graphs.Shortestpathsarecomputedandcachedfor futureuse,similarly to
thecachingthatHPA* performsfor clustertraversalroutes.Theauthorsanalyse
whatshortestpaths(i.e., from which sub-graphs)to cache,andwhat information
to keep(i.e.,eithercompletepathor only cost)for bestperformancewhenlimited
memoryis available.

Another techniquerelatedto HPA* is HierarchicalA* [2], which alsouses
hierarchicalrepresentationsof aspacewith thegoalof reducingtheoverallsearch
effort. However, theway thathierarchicalrepresentationsareusedis differentin
thesetwo techniques.While our approachusesabstractionto structureanden-
hancetherepresentationof thesearchspace,HierarchicalA* is a methodfor au-
tomaticallygeneratingdomain-independentheuristicstateevaluations.In single-
agentsearch,a heuristicfunction that evaluatesthe distancefrom a stateto the
goal is usedto guidethe searchprocess.The quality of sucha function greatly
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affectsthequality of thewholesearchalgorithm. Startingfrom the initial space,
HierarchicalA* builds a hierarchy of abstractspacesuntil an abstractone-state
spaceis obtained. Whenbuilding the next abstractspace,several statesof the
currentspacearegroupedto form oneabstractstatein thenext space.In this hi-
erarchy, anabstractspaceis usedto computea heuristicfunctionfor theprevious
space.

3 Hierar chical Path-�nding

Ourhierarchicalapproachimplementsthestrategydescribedin Section1.1.Search-
ing for anabstractsolutionin our hierarchicalframework is a threestepprocess
calledon-linesearch. First, travel to theborderof theneighborhoodthatcontains
thestartlocation.Second,searchfor a pathfrom theborderof thestartneighbor-
hoodto the borderof the goal neighborhood.This is doneusingon an abstract
level,wheresearchis simplerandfaster. An actiontravelsacrossarelatively large
area,with no needto dealwith thedetailsof thatarea.Third, completethepath
by traveling from theborderof thegoalneighborhoodto thegoalposition.

The abstractedgraphfor on-line searchis built using informationextracted
from theproblemmaze.Wediscussin moredetailhow theframework for hierar-
chicalsearchis built (pre-processing)andhow it is usedfor path�nding (on-line
search).Initially we focuson building a hierarchy two levels: onelow level and
oneabstractlevel. Adding morehierarchicallevels is discussedat theendof this
section.We illustratehow our approachworkson thesmall40 � 40 mapshown
in Figure1 (a).

3.1 Pre-processinga Grid

The�rst stepin building theframework for hierarchicalsearchde�nesa topolog-
ical abstractionof the maze. We usethis mazeabstractionto build an abstract
graphfor hierarchicalsearch.

Thetopologicalabstractioncoversthemazewith a setof disjunctrectangular
areascalledclusters. The bold lines in Figure1 (b) show the abstractclusters
usedfor topologicalabstraction.In thisexample,the40� 40grid is groupedinto
16 clustersof size10 � 10. Note that no domainknowledgeis usedto do this
abstraction(otherthan,perhaps,tuningthesizeof theclusters).

For eachborderline betweentwo adjacentclusters,we identify a (possibly
empty)setof entrancesconnectingthem.An entranceis a maximalobstacle-free
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segmentalongthe commonborderof two adjacentclustersc1 andc2, formally
de�ned asbelow. Considerthe two adjacentlines of tiles l1 andl2, onein each
cluster, thatdeterminetheborderedgebetweenc1 andc2. For a tile t 2 l1 [ l2,
we de�ne symm(t) asbeingthe symmetricaltile of t with respectto the border
betweenc1 andc2. Notethatt andsymm(t) areadjacentandnever belongto the
samecluster. An entrancee is asetof tiles thatrespectsthefollowing conditions:

� The borderlimitation condition: e � l1 [ l2. This condition statesthat
an entranceis de�ned along and cannotexceedthe borderbetweentwo
adjacentclusters.

� Thesymmetrycondition:8t 2 l1 [ l2 : t 2 e , symm(t) 2 e.

� Theobstaclefreecondition:anentrancecontainsnoobstacletiles.

� The maximality condition: an entranceis extendedin both directionsas
longasthepreviousconditionsremaintrue.

Figure2 shows a zoomedpictureof theupper-left quarterof thesamplemap.
The pictureshows detailson how we identify entrancesand usethem to build
the abstractedproblemgraph. In this example,the two clusterson the left side
areconnectedby two entrancesof width 3 andof width 6 respectively. For each
entrance,we de�ne oneor two transitions, dependingon the entrancewidth. If
the width of the entranceis lessthana prede�nedconstant(6 in our example),
thenwe de�ne onetransitionin themiddleof theentrance.Otherwise,we de�ne
two transitions,oneoneachendof theentrance.

Weusetransitionsto build theabstractproblemgraph.For eachtransitionwe
de�ne two nodesin theabstractgraphandanedgethatlinks them.Sincesuchan
edgerepresentsa transitionbetweentwo clusters,we call it an inter-edge. Inter-
edgesalwayshave length1. For eachpair of nodesinsidea cluster, we de�ne an
edgelinking them,calledanintra-edge. We computethe lengthof an intra-edge
by searchingfor for anoptimalpathinsidetheclusterarea.

Figure2 showsall thenodes(light grey squares),all theinter-edges(light grey
lines),andpart of the intra-edges(for the top-right cluster). Figure3 shows the
detailsof theabstractedinternaltopologyof theclusterin thetop-rightcornerof
Figure2. Thedatastructurecontainsa setof nodesaswell asdistancesbetween
them.Wede�ne thedistanceas1 for astraighttransitionand1:42 1 for adiagonal

1The genericpath-�nding library that we usedin our experimentsutilizes this valuefor ap-
proximating

p
2. A slightly moreappropriateapproximationwouldprobablybe1:41.
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transition.Weonly cachedistancesbetweennodesanddiscardtheactualoptimal
pathscorrespondingto thesedistances.If desired,thepathscanalsobestored,for
thepriceof morememoryusage.SeeSection3.2.2for adiscussion.

Figure4 (a) shows the abstractgraphfor our runningexample. The picture
includestheresultof insertingthestartandgoalnodesS andG into thegraph(the
dottedlines),which is describedin thenext sub-section.Thegraphhas68nodes,
includingS andG, whichcanchangefor eachsearch.At this level of abstraction,
thereare16clusterswith 43inter-connectionsand88intra-connections.Thereare
2 additionaledgesthatlink S andG to therestof thegraph.For comparison,the
low-level (non-abstracted)graphcontains1; 463nodes,onefor eachunblocked
tile, and2; 714edges.

Once the abstractgraphhasbeenconstructedand the intra-edgedistances
computed,thegrid is readyto usein a hierarchicalsearch.This informationcan
bepre-computed(beforeagameships),storedondisk,andloadedinto memoryat
gamerun-time.This is suf�cient for static(non-changing)grids.For dynamically
changinggrids,thepre-computeddatahasto bemodi�ed at run-time. Whenthe
grid topologychanges(e.g.,a bridgeblows up), the intra- andinter-edgesof the
affectedlocal clustersneedto bere-computed.

3.2 On-line Search

The�rst phaseof theon-linesearchconnectsthestartingpositionS to theborder
of theclustercontainingS. Thisstepis completedby temporarilyinsertingS into
theabstractgraph.Similarly, connectingthegoalpositionG to its clusterborder
is handledby insertingG into theabstractgraph.

After S andG havebeenadded,weuseA* [10] to searchfor apathbetweenS
andG in theabstractgraph.This is themostimportantpartof theon-linesearch.
It providesanabstractpath,theactualmovesfrom S to theborderof S's cluster,
theabstractpathto G'scluster, andtheactualmovesfrom theborderof G'scluster
to G.

Thelasttwo stepsof theon-linesearchareoptional:

1. Path-re�nementcanbeusedto convert anabstractpathinto a sequenceof
moveson theoriginalgrid.

2. Path-smoothingcanbe usedto improve the quality of the path-re�nement
solution.
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Theabstractpathcanbere�ned in a post-processingstepto obtaina detailed
pathfrom S to G. For many real-timepath-�ndingapplications,thecompletepath
is not needed—onlythe�rst few moves.This informationallows thecharacterto
startmoving in theright directiontowardsthegoal. In contrast,A* mustcomplete
its searchandgeneratetheentirepathfrom S to G beforeit candeterminethe�rst
stepsof acharacter.

Considera domainwheredynamicchangesoccurfrequently(e.g.,thereare
many mobile units travelling around). In sucha case,after �nding an abstract
path,we canre�ne it graduallyasthecharacternavigatestowardsthegoal. If the
currentabstractpathbecomesinvalid, the agentdiscardsit andsearchesfor an-
otherabstractpath.Thereis noneedto re�ne thewholeabstractpathin advance.

3.2.1 Searching for an Abstract Path

To beableto searchfor a pathin theabstractgraph,S andG have to bepartof
thegraph.Theprocessingis thesamefor bothstartandgoalandwe show it only
for nodeS. WeconnectS to theborderof theclusterc thatcontainsit. WeaddS
to theabstractgraphandsearchlocally for optimalpathsbetweenS andeachof
theabstractnodesof c. Whensucha pathexists,we addanedgeto theabstract
graphandsetits weight to the lengthof thepath. In Figure4 we representthese
edgeswith dottedlines.

In our experimentswe assumethat S and G changefor eachnew search.
Therefore,the costof insertingS andG is addedto the total costof �nding a
solution. After a pathis found, we remove S andG from the graph. However,
in practicethis computationcanbedonemoreef�ciently . Considera gamewhen
many unitshaveto �nd apathto thesamegoal. In thiscase,we insertG onceand
re-useit. Thecostof insertingG is amortizedover severalsearches.In general,
a cachecanbe usedto storeconnectioninformation for popularstartandgoal
nodes.

After insertingS andG, theabstractgraphcanbeusedto searchfor anabstract
pathbetweenS andG. We run a standardsingle-agentsearchalgorithmsuchas
A* on theabstractgraph.

3.2.2 Path Re�nement

Path re�nement translatesan abstractpath into a low-level path. Eachcluster
crossingin the abstractpath is replacedby an equivalentsequenceof low-level
moves.
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If the clusterpre-processingcachedthesemove sequencesattachedto the
intra-edges,then re�nement is simply a table look-up. Otherwise,we perform
smallsearchesinsideeachclusteralongtheabstractpathto re-discover theopti-
mal local paths.Therearetwo factorsthat limit thecomplexity of there�nement
search. First, abstractsolutionsareguaranteedto be correct,provided that the
environmentdoesnot changeafter �nding anabstractpath. This meansthatwe
never have to backtrackandre-planfor correctingtheabstractsolution. Second,
the initial searchproblemhasbeendecomposedinto severalvery smallsearches
(onefor eachclusteron theabstractpath),with low complexity.

3.2.3 Path Smoothing

The topologicalabstractionphasede�nes only onetransitionpoint perentrance.
While this is ef�cient, it givesup the optimality of the computedsolutions.So-
lutionsareoptimal in theabstractgraphbut not necessarilyin theinitial problem
graph.

To improvethesolutionquality(i.e.,lengthandaesthetics),weperformapost-
processingphasefor pathsmoothing.Ourtechniquefor pathsmoothingis simple,
but producesgoodresults.Themain ideais to replacelocal sub-optimalpartsof
thesolutionby straightlines.Westartfrom oneendof thesolution.For eachnode
in thesolution,wecheckwhetherwecanreachasubsequentnodein thepathin a
straightline. If this happens,thenthelinearpathbetweenthetwo nodesreplaces
theinitial sub-optimalsequencebetweenthesenodes.

3.3 Experimental Resultsfor Example

Theexperimentalresultsfor our runningexamplearesummarizedin the�rst two
rows of Table1. L-0 representsrunningA* on the low-level graph(we call this
level 0). L-1 usestwo hierarchy levels(i.e.,level 0 andlevel 1), andL-2 usesthree
hierarchy levels (i.e., level 0, level 1, andlevel 2). Themeaningof the last row,
labeledL-2, is describedin Section3.5.

Low-level (originalgrid) searchusingManhattandistanceastheheuristichas
poorperformance.Our examplehasbeenchosento show a worst-casescenario.
Without abstraction,A* will visit all the unblocked positionsin the maze. The
searchexpands1; 462nodes.Theonly factorthat limits thesearchcomplexity is
themazesize.A largermapwith asimilar topologyrepresentsahardproblemfor
A*.
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Theperformanceis greatlyimprovedby usinghierarchicalsearch.Whenin-
sertingS into theabstractgraph,it canbelinkedto only onenodeon theborder
of thestartingcluster. Thereforewe addonenode(correspondingto S) andone
edgethatlinks S to theonly accessiblenodein thecluster. Findingtheedgecost
usesasearchthatexpands8 nodes.InsertingG into thegraphis identical.

A* is usedon the abstractedgraphto searchfor a path betweenS and G.
Searchingat level 1 alsoexpandsall thenodesof theabstractgraph.Theproblem
is alsoaworst-casescenariofor searchingat level 1. However, thistimethesearch
effort is muchreduced.

Themainsearchexpands67nodes.In addition,insertingS andG expands16
nodes.In total, �nding anabstractpathrequires83 nodeexpansions.This effort
is enoughto provideasolutionfor thisproblem—themovesfrom S to theedgeof
its clusterandtheabstractpathfrom theclusteredgeto G. If desired,theabstract
pathcanbe re�ned, partially or completely, for additionalcost. The worst case
is whenwe have to re�ne thepathcompletelyandno actualpathsfor intra-edges
werecached.For eachintra-edge(i.e.,clustercrossing)in thepath,weperforma
searchto computea correspondinglow-level actionsequence.Thereare12 such
smallsearches,whichexpanda totalof 145nodes.

3.4 Adding Levelsof Hierar chy

Thehierarchy canbeextendedto several levels, transformingtheabstractgraph
into amulti-levelgraph.In amulti-level graph,nodesandedgeshavelabelsshow-
ing their level in theabstractionhierarchy. Weperformpath-�nding usingacom-
binationof small searchesin the graphat variousabstractionlevels. Additional
levels in the hierarchy canreducethe searcheffort, especiallyfor large mazes.
SeeAppendixA.2.2 for detailson ef�cient searchingin a multi-level graph. To
build amulti-level graph,westructurethemazeabstractiononseverallevels.The
higherthe level, the larger theclustersin themazedecomposition.The clusters
for level l arecalled l-clusters. We build eachnew level on top of the existing
structure.Building the1-clustershasbeenpresentedin Section3.1.For l � 2, an
l-clusteris obtainedby groupingtogethern � n adjacent(l � 1)-clusters,where
n is aparameter.

Nodesontheborderof anewly createdl-clusterupdatetheir level to l (wecall
thesel-nodes).Inter-edgesthatmake transitionsbetweenl-clustersalsoincrease
their level to l (wecall thesel-inter-edges).

Weaddintra-edgeswith level l (i.e., l -intra-edges)for pairsof communicating
l-nodesplacedon the borderof the samel-cluster. The weight of suchan edge
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is the lengthof the shortestpaththat connectsthe two nodeswithin the cluster,
usingonly (l � 1)- nodesandedges.Moredetailsareprovidedin SectionA.2.2.

InsertingS into thegraphiteratively connectsS to thenodeson theborderof
the l-clusterthatcontainsit, with l increasingfrom 1 to themaximalabstraction
level. Searchingfor a pathbetweenS anda l-nodeis restrictedto level l � 1
andto the areaof the currentl-clusterthat containsS. We performan identical
processingfor G too.

The way we build the abstractgraphensuresthat we always �nd the same
solution,no matterhow many abstractlevelswe use.In particular, addinga new
level l � 2 to thegraphdoesnot diminish thesolutionquality. Herewe provide
a brief intuitive explanationratherthana formal proof of this statement.A new
edgeaddedat level l correspondsto anexisting shortestpathat level l � 1. The
weightof thenew edgeis setto thecostof thecorrespondingpath. Searchingat
level l �nds thesamesolutionassearchingat level l � 1, only faster.

In our example,addinganextra level with n = 2 creates4 largeclusters,one
for eachquarterof the map. The whole of Figure2 is an exampleof a single
2-cluster. This clustercontains2 � 2 1-clustersof size10 � 10. BesidesS, the
only other2-nodeof thisclusteris theonein thebottom-leftcorner. Comparedto
level 1, thetotal numberof nodesat thesecondabstractionlevel is reducedeven
more. Level 2, wherethe main searchis performed,has14 nodes(including S
andG). Figure4 (b) shows level 2 of theabstractgraph. Theedgespicturedas
dottedlinesconnectS andG to thegraphat level 2.

Abstractionlevel 2 is agoodillustrationof how thepre-processingsolveslocal
constraintsandreducesthesearchcomplexity in theabstractgraph.The2-cluster
shown in Figure2 is largeenoughto containthelargedeadend“room” thatexists
in the local topology. At level 2, we avoid any uselesssearchin this “room” and
godirectly from S to theexit in thebottom-leftcorner.

After insertingS and G, we are readyto searchfor a path betweenS and
G. We searchonly at thehighestabstractionlevel. Sincestartandgoalhave the
highestabstractionlevel, wewill always�nd asolution,assumingthatoneexists.
Theresultof thissearchis asequenceof nodesat thehighestlevel of abstraction.
If desired,theabstractpathcanrepeatedlybere�ned until the low-level solution
is obtained.

3.5 Experimental Resultsfor Examplewith 3-Level Hierar chy

The third row of Table1 shows numericaldatafor our runningexamplewith a
3-Level hierarchy (i.e.,with threelevels: L � 0, L � 1, andL � 2).
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As shown in Section3.3,connectingS andG to theborderof their 1-clusters
expands16 nodesin total. Similarly, we now connectS andG to the borderof
their 2-clusters.Thesesearchesat level 1 expand3 nodesfor S and22 nodesfor
G.

The main searchat level 2 expandsonly 7 nodes. No nodesother than the
onesin theabstractpathareexpanded.This is an importantimprovement,if we
considerthatsearchin thelevel 1 graphexpandedall nodesin thegraph.In total,
�nding anabstractsolutionin theextendedhierarchy requires48nodes.

It is worth to remarkthat, after addinga new abstractionlevel, the cost for
insertingS andG dominatesthe main searchcost. This illustratesthe general
characteristicof the methodthat the cost for insertingS and G increaseswith
thenumberof levels,whereasthemainsearchbecomessimpler. Findinga good
trade-off betweenthesesearchesis importantfor optimizingtheperformance.

Table1 alsoshows the costsfor completesolutionre�nement. Re�ning the
solutionfrom level 2 to level 1 expands16nodesandre�ning from level 1 to level
0 expands145nodes,for a totalof 161nodes.

3.6 StorageAnalysis

Besidesthe computationalspeed,the amountof storagethat a methodusesfor
path-�nding is anotherimportantperformanceindicator. Two mainfactorsin�u-
encethe amountof memorythat our hierarchicalapproachuses:the sizeof the
problemgraphandthe sizeof the openlist usedby A*. We discussthesetwo
factorsin moredetail in therestof thissection.For thegraphstorage,we include
bothanempiricalanalysisandaworst-casetheoreticaldiscussion.

3.6.1 Graph StorageRequirements

Table2 showstheaveragesizeof theproblemgraphfor ourBALDUR' S GATE test
suite.SeeSection4 for detailsaboutthisdatasetandsettingssuchasclustersizes,
or edgede�nition in the original problemgraph. We comparethe original low-
level graphto theabstractgraphsin hierarchieswith one,two, andthreeabstract
levels (not countinglevel 0). In the tablewe show the numberof nodesN , the
numberof inter-edgesE1, andthenumberof intra-edgesE2. For themulti-level
graphs,we show both the total numbersandthe numbersfor eachlevel L i , i 2
f 1; 2; 3g.

The datashow that the storageoverheadof the abstractgraphis small com-
paredto thesizeof theoriginalproblemgraph.Addinganew graphlevel updates
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thelevel of someexistingnodesandinter-edgeswithoutcreatingany new objects
of thesetypes.Theonly overheadconsistsof thenew intra-edgesthata level cre-
ates.In ourdataset,weaddatmost1; 846intra-edges(whenthreeabstractlevels
arede�ned) to aninitial graphhaving 4; 469nodesand16; 420edges.Assuming
thata nodeandanedgeoccupy aboutthesameamountof memory, we obtainan
overheadof 8:83%.

Theway that theoverheadtranslatesin termsof memorybytesis highly de-
pendanton factorssuchasimplementation,compileroptimizations,or sizeof the
problemmap.For instance,if themapsizeis at most256� 256, thenstoringthe
coordinatesof agraphnodetakestwo bytes.Morememoryis necessaryfor larger
maps.

Sinceabstractnodesandedgesarelabeledby their level, thememoryneces-
saryto storean elementmight be larger in the abstractgraphthanin the initial
graph.This additionalrequirement,calledthelevel overhead,canbeaslittle as2
bits perelement,correspondingto a largestpossiblenumberof levelsof 4. Since
mostcompilersroundthebit-sizeof objectsto a multipleof 8, thelevel overhead
couldactuallynotexist in practice.

The storageutilization can be optimizedby keepingin memory (e.g., the
cache)only thosepartsof thegraphthatarenecessaryfor thecurrentsearch.In
thehierarchicalframework,weneedonly thesub-graphcorrespondingto thelevel
andtheareawherethecurrentsearchis performed.For example,whenthemain
abstractsearchis performed,we candrop the low-level problemgraph,greatly
reducingthememoryrequirementsfor thissearch.

The worst casescenariofor a clusteris whenblocked tiles andfree tiles al-
ternateon theborder, andany two bordernodescanbeconnectedto eachother.
Assumethe sizeof the problemmazeis m � m, the mazeis decomposedinto
c � c clusters,andthe sizeof a clusteris n � n. In the worst case,we obtain
4n=2 = 2n nodespercluster. Sinceeachpair of nodesde�nesanintra-edge,the
numberof intra-edgesfor a clusteris 2n(2n � 1)=2 = n(2n � 1). This analysis
is true for clustersin the middle of the maze. We do not de�ne abstractnodes
on themazeedges,somarginal clustershave a smallernumberof abstractnodes.
For the clusterin a mazecorner, the numberof nodesis n and the numberof
intra-edgesis n(n � 1)=2. For a clusteron a mazeedge,the numberof nodes
is 1:5n andthe numberof intra-edgesis 1:5n(1:5n � 1)=2. Thereare4 corner
clusters,4c � 8 edgeclusters,and(c � 2)2 middle clusters. Therefore,the to-
tal numberof abstractnodesis 2m(c � 1). The total numberof intra-edgesis
n(c � 2)2(2n � 1) + 2(n � 1) + 3(c � 2)(1:5n � 1). Thenumberof inter-edges
is m(c � 1).
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3.6.2 Storagefor the A* OpenList

Sincehierarchicalpath-�ndingdecomposesaproblemintoasumof smallsearches,
theaveragesizeof openin A* is smallerin hierarchicalsearchthanin low-level
search.Table3 comparestheaveragelengthof theopenlist in low-level search
andhierarchicalsearch.Theaverageis performedover all searchesdescribedin
Section4.1,without re�ning theresultsafterthesolutionlength.Thedatashows
a three-foldreductionof the list sizebetweenthe low-level searchandthe main
searchin theabstractedframework.

4 Experimental Results

4.1 Experimental Setup

Experimentswereperformedonasetof 120mapsextractedfrom BioWare'sgame
BALDUR' S GATE, varyingin sizefrom 50� 50to 320� 320. For eachmap,100
searcheswererun usingrandomlygeneratedS andG pairswherea valid path
betweenthetwo locationsexisted.

The atomicmapdecompositionusesoctiles. Octilesaretiles that de�ne the
adjacency relationshipin 4 straightand4 diagonaldirections.Thecostof vertical
andhorizontaltransitionsis 1. Diagonaltransitionshave thecostsetto 1:42. We
do not allow diagonalmovesbetweentwo blocked tiles. Entranceswith width
lessthan6 haveonetransition.For largerentranceswegeneratetwo transitions.

ThecodewasimplementedusingtheUniversityof AlbertaPath-�nding Code
Library (http://www.cs.ualberta.ca/˜games/pathfind ). This li-
brary is usedasa researchtool for quickly implementingdifferentsearchalgo-
rithmsusingdifferentgrid representations.Becauseof its genericnature,thereis
someoverheadassociatedwith usingthelibrary. All timesreportedin this paper
shouldbeviewedasgenerousupperboundsonacustomimplementation.

Thetimingswereperformedona800MHz PentiumIII with 3 GB of memory.
Theprogramswerecompiledusinggccversion2.96,andwererununderRedHat
Linux version7.2.

4.2 Analysis

Figure5compareslow-levelA* toabstractsearchonhierarchieswith themaximal
level setto 1, 2, and3. The left graphshows thenumberof expandednodesand
theright graphshows thetime. For hierarchicalsearchwedisplaythetotaleffort,
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whichincludesinsertingS andG into thegraph,searchingatthehighestlevel,and
re�ning thepath.Therealeffort canbesmallersincethecostof insertingS or G
canbeamortizedfor many searches,andpathre�nementis notalwaysnecessary.
Thegraphsshow that,whencompleteprocessingis necessary, the�rst abstraction
level is goodenoughfor themapsizesthatweusedin thisexperiment.Weassume
that, for largermaps,thebene�ts of morelevelswould bemoresigni�cant. The
complexity reductioncanbecomelargerthantheoverheadfor addingthelevel. As
we show next, morelevelsarealsousefulwhenpathre�nementis not necessary
andS or G canbeusedfor severalsearches.

Eventhoughthereportedtimesarefor a genericimplementation,it is impor-
tant to notethat for any solutionlengththe appropriatelevel of abstractionwas
ableto provide answersin lessthan10 millisecondson average.Throughlength
400,theaveragetime persearchwaslessthan5 millisecondson a 800MHz ma-
chine.

A* is slightly betterthan HPA* when the solution length is very small. A
smallsolutionlengthusuallyindicatesaneasysearchproblem,which A* solves
with reducedeffort. Theoverheadof HPA* (e.g.,for insertingS andG) is in such
caseslargerthanthepotentialsavingsthatthealgorithmcouldachieve. A* is also
betterwhenS andG canbe connectedthrougha “straight” line on the grid. In
this case,usingthe Euclidiandistanceasheuristicprovidesperfectinformation,
andA* expandsnonodesotherthanthosethatbelongto thesolution.

Figure 6 shows how the total effort for hierarchicalsearchis composedof
the abstracteffort, the effort for insertingS and G, and the effort for solution
re�nement.Thecostfor �nding anabstractpathis thesumof only themaincost
andthecostfor insertingS andG. WhenS or G arereusedfor many searches,
only partof thiscostcountsfor theabstractcostof aproblem.Consideringthese,
the �gure shows that �nding anabstractpathbecomeseasierin hierarchieswith
morelevels.

Figure7 shows thesolutionquality. We comparethesolutionsobtainedwith
hierarchicalpath-�nding to theoptimalsolutionscomputedby low-level A*. We
plot theerrorbeforeandafterpath-smoothing.Theerrormeasurestheoverhead
in percentsandis computedwith thefollowing formula:

e =
hl � ol

ol
� 100

wherehl is thelengthof thesolutionfoundwith HPA*, andol is thelengthof the
optimalsolutionfoundwith A*. Theerroris independentof thenumberof hierar-
chical levels. Theonly factorthatgeneratessub-optimalityis not consideringall
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thepossibletransitionsfor anentrance.
Theclustersizeis aparameterthatcanbetuned.Weranourperformancetests

using1-clusterswith size10� 10. This choiceat level 1 is supportedby thedata
presentedin Figure8. This graphshows how the averagenumberof expanded
nodesfor an abstractsearchchangeswith varying the clustersize. While the
main searchreduceswith increasingclustersize,the costfor insertingS andG
increasesfaster. Theexpandednodecountreachesaminimumatclustersize10.

For higherlevels,anl-clustercontains2� 2 (l � 1)-clusters.Weusedthissmall
valuesince,whenlargervaluesareused,thecostfor insertingS andG increases
fasterthanthe reductionof themainsearch.This tendency is especiallytrueon
relatively smallmaps,wheresmallerclustersachieve goodperformanceandthe
increasedcostsfor using larger clustersmay not be amortized. The overhead
of insertingS and G resultsfrom having to connectS and G to many nodes
placedon the borderof a large cluster. The longerthe clusterborder, the more
nodesto connectto. We ransimilar testson randomlygeneratedmaps.Themain
conclusionswere similar but, becauseof lack of space,we do not discussthe
detailsin thispaper.

5 Conclusionsand Futur eWork

Despitetheimportanceandtheamountof work donein path-�nding,therearenot
many detailedpublicationsabouthierarchicalpath-�nding in commercialgames.

In this paperwe have presenteda hierarchicaltechniquefor ef�cient near-
optimal path-�nding. Our approachis domain-independent,easyto apply and
workswell for differentkindsof maptopologies.Themethodadaptsto dynami-
callychangingenvironments.Thehierarchy canbeextendedtoseveralabstraction
levels,makingit scalablefor largeproblemspaces.We testedour programusing
mapsextractedfrom a real game,obtainingnear-optimal solutionssigni�cantly
fasterthanlow-level A*.

We have many ideasfor futurework in hierarchicalpath-�nding. We planto
optimize the way that we insertS andG into the abstractgraph. As Figure6
shows,thesecostsincreasesigni�cantly with addinganew abstractionlayer. One
strategy for improving theperformanceis to connectS only to a sparsesubsetof
thenodeson theborder, maintainingthecompletenessof theabstractgraph.For
instance,if each“unconnected”node(i.e., a nodeon theborderto which we did
not try to connectS) is reachablein theabstractgraphfrom a “connected”node
(i.e.,a nodeon theborderto which we have connectedS), thenthecompleteness
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is preserved.Anotherideais to considerfor connectiononly bordernodesthatare
onthedirectionof G. However, this lastideadoesnotguaranteethecompleteness
andit is hardto evaluatethe bene�ts beforehand.If the searchfails becauseof
thegraphincompleteness,we have to performit again with thesubsetof border
nodesgraduallyenlarged.

The clusteringmethodthat we currently use is simple and producesgood
results. However, we alsowant to explore moresophisticatedclusteringmeth-
ods. An application-independentstrategy is to automaticallyminimize someof
theclusteringparameterssuchasnumberof abstractclusters,clusterinteractions,
andclustercomplexity (e.g.,thepercentageof internalobstacles).
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A APPENDIX

In this appendixwe provide low-level detailsaboutour hierarchicalpath-�nding
technique,includingthemainfunctionsin pseudo-code.Thecodecanbefoundat
thewebsitehttp://www.cs.ualberta.ca/˜adib/ . First we adressthe
pre-processing,andnext theon-linesearch.

A.1 Pre-processing

Figure9 summarizesthepre-processing.The mainmethodis preprocessing(),
which abstractstheproblemmaze,builds a graphwith oneabstractlevel and,if
desired,addsmorelevelsto thegraph.

A.1.1 Abstracting the Mazeand Building the Abstract Graph

At theinitial stage,themazeabstractionconsistsof building the1-clustersandthe
entrancesbetweenclusters.Later, whenmorelevelsareaddedto thehierarchy, the
mazeis furtherabstractedby computingclustersof superiorlevels. In themethod
abstractM aze(), C[1] is the setof 1-clusters,andE is the setof all entrances
de�ned for themap.

ThemethodbuildGraph() createstheabstractgraphof theproblem.First it
createsthenodesandtheinter-edges,andnext builds theintra-edges.Themethod
newN ode(e;c) createsa nodecontainedin clusterc andplacedat themiddleof
entrancee. For simplicity, weassumewehaveonetransitionperentrance,regard-
lessof theentrancewidth. ThemethodsgetCluster1(e;l) andgetCluster2(e;l)
return the two adjacentl-clustersconnectedby entrancee. We usethe meth-
odsaddNode(n; l) to addnoden to the graphandset the nodelevel to l, and
addEdge(n1; n2; w; l ; t) to addanedgebetweennodesn1 andn2. Parameterw is
the weight, l is the level, andt 2 f INTER; INTRAg shows the type (i.e., inter-
edgeor intra-edge)of theedge.

The lastpartof themethodbuildGraph() addsthe intra-edges.Themethod
searchForDistance(n1; n2; c) searchesfor apathbetweentwo nodesandreturns
thepathcost.Thissearchis optimizedasshown in SectionA.2.2.

A.1.2 CreatingAdditional Graph Levels

The hierarchicallevels of the multi-level abstractgrapharebuilt incrementally.
Level 1 hasbeenbuilt at the previous phase.Assumingthat the highestcurrent
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level is l � 1, we build level l by calling themethodaddLevelToGraph(l). We
groupclustersatlevel l � 1 to formaclusteratlevel l (themethodbuildClusters(l),
l > 1). C[l ] is thesetof l-clusters.Thelastpartof themethodaddLevelToGraph()
addsnew intra-edgesto thegraph.

A.2 On-line Search

A.2.1 Finding an Abstract Solution

Figure10summarizesthestepsof theon-linesearch.
Themainmethodis hier archicalSearch(S; G; maxLevel), which performs

the on-line search. First we insert S and G into the abstractgraph,using the
methodinser tN ode(node;level). ThemethodconnectToBorder(n; c) addsedges
betweennoden andthenodesplacedon theborderof clusterc thatarereachable
from n. WeinsertS; G into themulti-level graphusingthemethodinser tN ode().
determineCluster(n; l) returnsthel-clusterthatcontainsnoden.

ThemethodsearchForPath(S; G; maxLevel) performsasearchatthehigh-
estabstractionlevel to �nd an abstractpathfrom S to G. If desired,we re�ne
the pathto a low-level representationusingthe methodref inePath(absPath).
Finally, the methodsmoothPath(l lPath) improvesthe quality of the low-level
solution.

A.2.2 Searching in the Multi-Le vel Graph

In a multi-level graph, searchcan be performedat various abstractionlevels.
Searchingat level l reducesthe searcheffort by exploring only a small subset
of thegraphnodes.Thehigherthelevel, thesmallerthepartof thegraphthatcan
potentiallybeexplored. Whensearchingat a certainlevel l , the rulesthatapply
for nodeexpansionarethefollowing. First, we consideronly nodeshaving level
greaterthanor equalto l. Second,weconsideronly intra-edgeshaving level l and
inter-edgeshaving level � l .

Thesearchspacecanbefurtherreducedby ignoringthenodesoutsideagiven
cluster. This is useful in situationssuchasconnectingS or G to the borderof
their clusters,connectingtwo nodesplacedon theborderof thesamecluster, or
re�ning anabstractpath.
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(a) (b)

Figure1: (a) The40 � 40 mazeusedin our example. Theobstaclesarepainted
in black. S andG arethestartandthegoalnodes.(b) Thebold linesshow the
boundariesof the10� 10clusters.

Figure2: Abstractingthetop-leftcornerof themaze.All abstractnodesandinter-
edgesareshown in light grey. For simplicity, intra-edgesareshown only for the
top-rightcluster.
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Figure3: Cluster-internalpathinformation.

(a) (b)

Figure4: (a) The abstractproblemgraphin a hierarchy with onelow level and
oneabstractlevel. (b) Level 2 of theabstractgraphin the3-Level hierarchy. The
dottededgesconnectS andG to therestof eachgraph.

Search
Technique SG Main Abstract Re�nement

L-0 0 1,462 1,462 0
L-1 16 67 83 145
L-2 41 7 48 161

Table1: Summaryof resultsour runningexample. We show the numberof ex-
pandednodes. SG is the effort for insertingS andG into the graph. Abstract
is thesumof theprevious two columns.This measurestheeffort for �nding an
abstractsolution.Re�nementshows theeffort for completepath-re�nement.
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Graph0 Graph1 Graph2 Graph3
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

Table2: The averagesizeof the problemgraphin BALDUR' S GATE. Graph0
is the initial low-level graph. Graph1 representsa graphwith oneabstractlevel
(L1), Graph2 hastwo abstractlevels (L 1; L2) , andGraph3 hasthreeabstract
levels (L 1; L2; L3). N is the numberof nodes,E1 is the numberof inter-edges,
andE2 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 hierarchicalsearch,weshow the
averageOpensizefor themainsearch,theSG search(i.e.,searchfor insertingS
andG into theabstractgraph),andthere�nementsearch.
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Figure5: Low-level A* vs. hierarchicalpath-�nding.
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(a) (b) (c)

Figure6: Theeffort for hierarchicalsearchin hierarchieswith oneabstractlevel,
two abstractlevels, and threeabstractlevels. We show in what proportionthe
maineffort, theSG effort, andthere�nementeffort contributeto thetotal effort.
Thegraypartat thebottomof adatabarrepresentsthemaineffort. Thedarkpart
in themiddleis theSG effort. Thewhitepartat thetop is there�nementeffort.
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Figure8: Theseacheffort for �nding anabstractsolution.SGrepresentsthecost
of insertingS andG. Themainsearch�nds anabstractpathin theabstractgraph.
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void abstractMaze(void) f
E = ; ;
C[1] = buildClusters(1);
for (eachc1; c2 2 C[1]) f

if (adjacent(c1; c2))
E = E [ buildEntrances(c1; c2);

g
g

void buildGraph(void) f
for (eache 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
for (eachc 2 C[1]) f

for (eachn1; n2 2 N [c]; n1 6= n2) f
d = searchForDistance(n1; n2; c);
if (d < 1 )

addEdge(n1; n2; 1; d; INTRA);
g

g
g

void addLevelToGraph(intl ) f
C[l ] = buildClusters(l);
for (eachc1; c2 2 C[l ]) f

if (adjacent(c1; c2) == false)
continue;

for (eache 2 getEntrances(c1; c2)) f
setLevel(getNode1(e); l );
setLevel(getNode2(e); l );
setLevel(getEdge(e); l );

g
g
for (eachc 2 C[l ])

for (eachn1; 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 preprocessing(intmaxLev el) f
abstractMaze();
buildGraph();
for (l = 2; l � maxLev el; l + + )

addLevelToGraph(l);
g

Figure9: Thepre-processingphasein pseudo-code.This phasebuilds themulti-
level graph,exceptfor S andG.
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void connectToBorder(nodes, clusterc) f
l = getLevel(c);
for (eachn 2 N [c])

if (getLevel(n) < l)
continue;

d = searchForDistance(s;n; c);
if (d < 1 )

addEdge(s;n; d; l ; INTRA);
g
void insertNode(nodes, 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

pathhierarchicalSearch(nodes;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);
returnsmPath;

g

Figure10: Theon-lineprocessingin pseudo-code.
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