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Abstract. The introduction of games for benchmarking intelligent systems has
a long tradition in Al (Artificial Intelligence) research. Alan Turing was one of
the first to mention that a computer can be considered as intelligent if it is able to
play chess. Today Al benchmarks are designed to capture difficulties that humans
deal with every day. They are carried out on robots with unreliable sensors and
actuators or on agents integrated in digital environments that simulate aspects of
the real world. One example is given by the annually held RoboCup competitions,
where robots compete in a football game but also fight for the rescue of civilians
in a simulated large-scale disaster simulation.

Besides these scientific events, another environment, also challenging Al, origi-
nates from the commercial computer game market. Computer games are nowa-
days known for their impressive graphics and sound effects. However, the latest
generation of game engines shows clearly that the trend leads towards more re-
alistic physics simulations, agent centered perception, and complex player inter-
actions due to the rapidly increasing degrees of freedom that digital characters
obtain. This new freedom requests another quality of the player’s environment, a
quality of ambient intelligence that appears both plausible and in real time. This
intelligence has, for example, to control more than 40 facial muscles of digital
characters while they interact with humans, but also to control a team of digital
characters for the support of human players.

This article emphasizes the current difference between Al systems and digital
characters in commercial computer games and emphasizes the advantages that
arise if shrinking the gap between them. We sketch some methods currently uti-
lized in RoboCup and relates them to methods found in commercial computer
games. We show how methods from RoboCup might contribute to game Al and
improve both the performance and plausibility of its digital characters. Further-
more, we describe state-of-the-art game engines and discuss the challenge but
also opportunity they are offering to Al research.



1 Introduction

The introductionof gamesfor benchmarkingntelligent systemshasa long tradition
in Al (Arti cial Intelligence)researchAlan Turing was one of the rst to mention
thata computercanbe consideredntelligentif it is ableto play chesq17]. TodayAl
benchmarksiredesignedo capturedif culties thathumangdealwith every day They
arecarriedout on robotswith unreliablesensorsandactuatorsor on agentsntegrated
in digital environmentgthatsimulateaspect®f therealworld.

Within the modernapproachAl is consideredisbeingembeddednto anerviron-
mentandmeasuredby thesuccesor failureof its interactionsThebasicideabehindis
capturedy themodelof anintelligentagenf15]. An agentis anentity thatis equipped
with sensorsandactuatorsDuring discretetime stepsthe agentreceivesinformation
from the environmentwith its sensorsaandsubsequentlperformsactionsthat change
theervironments currentstate Fromthis perspectie, therearenew challengedor au-
tonomousagentswvhich aresimilar to challenges©iumansaccomplishevery day:

— The outcomeof actionsis non-deterministicconsequentlyhe agenthasto learna
modelfor their prediction.

— Obsenationsarenoisy andambiguousgconsequentlyhe agenthasto build anin-
ternalrepresentationf theworld, known asaworld model

— Theernvironmentis dynamic,consequentlyhe agenthasto interactin realtime.

— Theervironmentcontainanorethanoneagentconsequentlyheagenthasto com-
peteor cooperatavith otheragents.

Theseproblemsareof particularinterestwithin theRoboCupcompetitionsRoboCup
is an internationalresearchnitiative that encouragesesearchn the eld of robotics
andArti cial Intelligencewith a particularfocuson developingcooperatiorbetween
autonomousgentsn dynamicmulti-agentervironments Al systemslevelopedin this
context haveto provide ef cient androbustsolutionsin orderto dealwith thedif culties
listedabove.

In contrast,computergamesare not affectedby theseproblems.Digital erviron-
mentsarefree of noiseandthusdeterministic Also, the problemof cooperatiordoes
not necessarilyarisesincegamecharacterareusuallyexecutedon a singlecomputer
Dueto this simplicity, digital characterg€ansometimesompletelybe describedoy a
setof trigger medianismshat executepre-de nedbehaiors if speci ¢ conditionsare
met. In atypical First PersonShooter(FPS)game for example,digital charactergare
programmedo shootandrun towardstheir opponentsf they appeatin range,andto
freezeotherwise . They do not accountfor the structureof the ernvironmentasit would
benecessaryor example for reducingtheirdamageHowever, therecentdevelopment
of computergamesshaws that moderngamesare equippedwith realisticphysicsen-
gines, whichrequiresophisticate@lgorithmsfor controllinggamecharacters-urther
more,humanplayersareexpectingthe opposingArti cial Intelligenceto be plausible.
In fact,they wantto be ableto understanéndto predictthe decisionf their arti cial
opponents.

L A piece of software that performs the physics simulation within a game



Computergameshave a large potentialfor developmentln 2001the US computer
gameindustry'sbusinessolumewaswith 9:4 billion USDfor the rst time higherthan
thatoneof the Im industrywith 8:3 billion USD. This enabledan exponentialgrowth
of theperformancef computergraphicsboardsin 1995abulk graphicscardrendered
approximately300:000polygonspersecondijn 1999already3:000:000andin theyear
2000even 100:000:000polygonspersecond.
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Fig. 1. Al in computer games (data originally collected by Steve Woodcock [20])

Moreover, in the lastfew years,gamedeveloperspaid increasingattentionto in-
corporatingAl into computergamesasshawn by a surey ( gure 1) from the Game
DeveloperConferencd GDC) [20], but alsoAl researchebave introducedgamesasa
seriouschallengeto Al [11,10].

Thisarticleemphasizethe currentdifferencebetweerAl systemsanddigital char
acterdn commerciatomputeigamesandemphasizetheadvantageshatariseif shrink-
ing the gapbetweenthem. On the one hand,we sketch somesuccessfukolutionsof
" rst-prize-winning” teams suchasthe CS-Feiburg team[19] andthe ResQ-reiburg
team[6] anddiscusgheirapplicabilityto computeigamesWe shov how methodgrom
RoboCupmightcontributeto gameAl andimprove boththeperformancendplausibil-
ity of its digital charactersOntheotherhand we describestate-of-the-ajameengines
anddiscusghechallengebut alsoopportunitythey areofferingto Al research.

Following we will discusdn section2 andsection3 somemethodsutilized by the
CS-Reiburg [19] teamandthe ResQ-Feiburg [6] team,respectiely. In section4 we
describegameengineghatarealreadyutilized for Al researctand nally we conclude
in sectionb.

2 Al in RoboCup soccer

In this sectionwe describetechniqueautilized by the CS-Freilurg team[19], which
participatedfrom 1998to 2001in the middle sizeleague.In this leaguea maximum



numberof four autonomousobotsperteam with afootprintnotgreatethan2000mm,
competeon a 9X 5 meters eld and play a gamethat lastsfor 2X 10 minutes.The
particularchallengén thisleaguds to coverawide spectrunof researclissueganging
from robotichardwaredevelopmentndlow level sensoiinterpretatiorto planningand
multi-agentcoordinationOneof the ve CS-Freilurg robotsis shavnin gure 2(a).

(b)

Fig. 2. (a) A CS-Freiburg field player, (b) a world model generated from Laser Range Finder
(LRF) and camera data. The small circles represent estimates of the ball position from each
robot. Large and red circles represent opponents, whereas large and enumerated circles represent
teammates

2.1 Perceptionand World Modeling

Perceptiorandworld modelingareprobablytwo of the mostimportantandalsomost
dif cult tasksa robot hasto perform.Generally the correctinterpretationof sensor
datais dif cult dueto two majorproblemsFirstly, sensorgeturna noisysignal,which
meanghattheir returnis randomlydistributedaroundthetruevalue;in hardcaseghey
might even be completelywrong. Supposea cameraprovidesimagesfrom a soccer
eld andthetaskof therobotis to reportthe positionof theball. An ef cient approach
is to detectthe ball in the image by color, which is pre-de ned as red for the ball
within RoboCupsoccer However, if taking pictureswith a digital camerain suchan
ernvironment,onecaneasilyseethatthe ball appearseldomto bered.Dueto shadevs
andre ections of the illumination, the color of the ball can be someavherebetween
white, blackandred. A sensolinterpretatiormodulehasto be capableof dealingwith
suchnoisein orderto detectthe total shapeandpositionof the ball reliably.
Secondlythe information provided by a sensorcan be highly ambiguoussincea
sensomproduceghe samedatawithin differentcontexts. Supposehe robot's camera
pointstowardsthe spectatorsn orderto nd the ball. If oneof the spectatorsvears
a red T-shirt, the sensomight possiblyreturnthe spectatorgositionas a hypothesis
for the ball. In mostcasesthe processof sensorinterpretationyields more thanone
hypothesisegachweightedby a probability. Due to ambiguoushypothesegenerated
by the sensorsit is necessaryo combineall of themto a consistenbne.We call the
consistenhypothesisvorld modelwhichtypically includesthepositionsandvelocities



of therobotandobjectsaroundit. Generallyit doesnot sufce to build a world model
from sensomperceptiononly. If, for example,partsof the world arenot obsenableby
therobotfor sometime, it becomesecessario integratesensoreadingsontinuously
in orderto memorizeperceptiongrom the past.

Techniqueghat do integrateobsenationsover time are known, amongothers,as
BayesianFiltering techniquesjncluding the Kalman Filtering [13] and the Markov
Localization[5] approachBoth techniguesarecommonlyutilized by autonomousys-
tems.Figure 2(b) shavs a world modelresultingfrom the cooperatie integration of
sensoinformationby four CS-Freilurg robotsduringasoccematch.The gure shavs
theindividual hypothesiof eachrobotfor the ball position(small,grey circles)andthe
integratedhypothesigthe small,white circle) constructedrom theindividual hypothe-
sesby a Bayesiamapproach.

Bayesianworld modelingcanalsobe performedby gamecharactersn digital en-
vironmentsOneadvantagen this context is thatthe hypothesispacei.e. the spaceof
all possiblehypothesesdndthe sensotinput space(i.e. the spaceof all possiblesensor
values),canbereducedsigni cantly to a sizeappropriateo the situation.Additionally
the in uence of noisecanbe adjustedor eventotally left out. Nowadaysmostof the
gameson the market are "cheating” becausehey equiptheir characterswith super
naturalsensorghat, for example,are capableof localizing the opponentsvery time,
eventhey areout of sightor far away. However, humanplayersaregenerallysensitve
to charactersvith supernaturaknowledge,sincehumansare capableof learningand
inferring theknowledgetheir opponentsanhave.

A world model built with a Bayesianapproachhowever, representsexactly the
knowledgeanagentmaximallycanhave,givenall sensoreadingdrom thepast.There-
fore agentsthat successiely build a world modelwith a Bayesianapproachare more
likely to be plausibleandrealisticto humanplayers.Laird andcolleaguedid prelimi-
nary experimentswith a gamecharacterknown asQuale bot, thatwascapableof an-
ticipatinghumanplayersby inferring the positionthey will reachin thefuture[10]. Le
Hy andcolleagueseportedrst resultsfrom teachinggamecharacters$o selectactions
basedn aBayesiarapproacH7].

2.2 Action selectionand execution

Soccerrobotsare capableof executing primitive actions,such as their rotation and
translatioror triggeringamechanisnfor kicking theball. Dueto thecomplex dynamics
of robots,succes®r failure of simpletasks suchasshootinga goalor dribbling a ball,
dependn the executionof a sequenc®f actionsratherthanon the effect of a single
action.In orderto tacklethis dif culty , robotcontrolis usually performedby a three-
level hierarchy This hierarchyis composedf primitive actionsat the bottomlevel, of
skills, which arecomplex behaiors thatexecutechainsof actions,atthe middlelevel,
andof anactionselectionayerthatselectsskills with respecto the currentsituationat
thetop level.

Skills aresmallprogramghatcanbeinitiatedin particularsituationsandterminate
afterthey have succeededr failed. Onecanrealizethe selectionof skills by a setof
IF...THENCclauseghatprovide for eachsituationanappropriateskill thattherobothas
to perform.However, with increasingcomplexity of theenvironment,effectsof actions
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Fig. 3. A part of the behavior network used by the CS-Freiburg robots

becomdesspredictableandlessreliable. Thereforet turnsoutto becrucialto describe
thoseeffectsby probabilities.The CS-Freilurg teamutilized ExtendedBehaviorNet-

works(EBNSs),which allow for de ning probabilitiesto the outcomeof skills. Figure3

shaws a partof the behaiior network usedby the robots.Onecanseethe skills (round

shapesknd their pre-conditiong(boxes) that allow or dery their execution.Given a

particularsituation,the network returnsthe skill thatleadsmostlikely to a success.

We have alsoshowvn that adaptve capabilities for examplegainedby online rein-
forcementiearning,canbe of advantageparticularlyif theworld changesapidly [9].
In ourapproachherobotimprovedsimultaneouslypoththeactionselectiorandtheex-
ecutionof theskills duringits lifetime. If the environmentsuddenlychangestherobot
wascapableof adjustingits skills accordingly

In comparisorto real robot systemsgcomputergamesare usually basedon an ap-
proachthat doesnot accountfor uncertaintyandalsodealswith lesscompleity than
foundin real environments Onepopularapproachs to assemble large collection of
actionsequencefcomparableo skills) thatare executedwithin a particularsituation.
Thistechniques known asscripting[16] andis foundin mostrecentcomputergames.
Dependingonthegame sucha sequencenight sometimesvenbetailoredfor asingle
situation,for example: A playerapproachesor the rst time a particularpositionin
thedigital world, subsequently setof arti cial charactersrouncthislocationstartsto
talk to eachotherandleavesafterwards.However, it is clearthatthis kind of technique
canonly work within a predictablestory line. With the continuousimprovementof
thephysicalsimulationaswell astheincreasingdepthof human-computenteractions
within gamesthe compleity of digital worldswill grow andbecomeesspredictable
by simplescriptingmechanisms.

In contrasto realrobotsystemsgameervironmentffer thepossibilityfor collect-
ing a hugeamountof realworld experiencedy exploiting their existing infrastructure.
Computergamesare usuallydesignedo connectwith hundred=f arti cial or human
character®n the Internet.With this, machinelearning,which generallyon real robots



lackssufcient dataandlearningexamplesgcouldreachanew quality andperformance
in the context of both human-machineteractionandrobotcontrol.

2.3 Multi-agent cooperation

The cooperatiorbetweerrobotscanbe separatednto two partswhich arecooperatie
sensingandcooperatieacting.The CS-Freilurg robotsperformcooperatie sensingy
communicatingheir locally generatedvorld modelsamongeachother By this, each
robotis ableto constructa global world modelandto be aware of thingsthathappen
outsideof it's eld of view.

Cooperatie sensings in a weaksensealsofound in computergameslf, for ex-
ample,a guardianof a castledetectsan intruder, other guardianswill be alertedby
triggeringan alarm.However, alsocooperatiorcanbe "cheated’by gamecharacters.
Charactersn digital ervironmentsare not autonomousn termsof beingexecutedon
differentcomputerssothereis no needfor communicatiorbetweerthem.In fact,they
areableto shareinformationon the samemachine However, humanplayersare sen-
sitive to supernaturainformation exchangebetweentheir opponentsThey preferto
have anexplanationfor the cooperatiorof their opponentsasfor examplegivenby the
triggeredalarmin the guardianexample.

More importantfor gameAl arealgorithmsfor cooperatie acting. Unfortunately
the compleity of actionselectiongrows signi cantly with the numberof agentsand
numberof actionsthey canperform.Hencerobotic socceteamsmake useof role as-
signmentghat restrictthe setof available actionsto thosethat belongto the selected
role. A robotof the CS-Freilurg team lls at any time oneof four roles,theseinclude
active (to play the ball), stratggic (to defendthe teams half of the eld), support(to
supporteitherthe defenseor the offensedependingon the game)and goallkeeper(to
defendthe goal). Exceptthe role of the goalkeeper the role assignmentay change
dynamicallyduringa game.This assignmenis decidedby a simplebut effective mech-
anism:Eachrobot calculateswith respecto its currentknowledgeaboutthe world,
for eachrole anutility valuethatexpresseshe bene t for the teamif the robotwould
take onthisrole. For example theactive role assignsigh valuesto robotscloseto and
behindthe ball, but lower valuesto positionsthatinterferewith opponentplayers.in
orderto decidethe nal role assignmentthe robotscommunicatehe valuesthey have
calculatedfor eachrole. Underthe assumptiorthat eachrobot recevesthe value as-
signmentfrom all the others they areableto decidesimultaneouslya role assignment
that maximizesthe total utility of the group.A more detailedexplanationof the role
assignmeninechanisnis foundin the CS Freiburg teamdescriptionpaper{19].

Computergamesare full of situationswhereteambehaiors are bene cial. For
example,the classical rst personshooter(FPS)gamecan usually be playedin the
"Capturethe ag” mode whichis thesituationof two opposingeamspnedefendinga
fortresswith a ag, andanotheronetrying to capturethis ag. In someversionsof this
game teamsarecomposeaf differentcharactetypes,suchasasniper amedicanda
grenadierin this particularcaserole assignmentarequitesimpleto decide sincethey
follow directly from the agents type. For example,onewould constrainthe medicto
automaticallyhealingary injuredteammember



However, in ary othercase cooperatioramonggamecharacterss dif cult andthus
usuallyperformedby humanplayerson the Internetonly. We belief thatthe dynamic
role assignmenapproachmight also be appliedwithin digital environments.Digital
charactergould be programmedo dynamicallychangetheir role within the teamde-
pendingon their health,damagestrengthandtacticalabilities. Rolescanbede ned as
particularpositionsof teammemberswithin adefenseor offenseformation.Depending
on the attackof an opponentteammemberanight dynamicallychangetheir position
assignmentluringa game.

3 Al in RoboCupRescue

RoboCupRescus a partof theRoboCupcompetitionsandwasoriginally motivatedby
thedestructve earthquak thathappened 995in Kobe City, JapanThereexistsareal
rescuerobot competitionaswell asa simulatedrescuerobot competition.During the
realrobotcompetition robotshave to locateinjured peoplein anunstructuredrviron-
ment,whereagluringthe simulatedcompetitionthe challengés to coordinatamultiple
agentteamsandto locateinjuredcivilians within a simulatedarge scaleurbandisaster
(see gure 4). Wewill primarily focuson thelateronewithin this article.

The large scalesimulationis carriedout by distributedmodulesthat communicate
overanetwork with eachother Thesemodulesare:a GeographicalnformationSystem
(GIS), variousdisastersimulators(i.e. simulatingearthquaksand res), and agents
separatednto amhulance, re andpolice forces.The taskof the Al is to controland
coordinategheseagentdn orderto preventor limit damageo civilians andbuildings.

3.1 Perceptionand World Modeling

Onechallengén this domainis to copewith the uncertaintyof the globalworld state,
causedy thelimited perceptiorrangeof the agentsHumanoidsaresimulatedwith a
limited rangeof perceptionThey perceve auditoryinformationwithin a radiusof 30
metersandvisualinformationwithin aradiusof 10 metersTo overcomethislimitation,
agentshaveto cooperatiely build aworld modelfrom their perceptghatrepresentthe
currentstateof the city.

We developedspecialalgorithmsfor thecoordinatedearchof civiliansin unknavn
terrain. The dif culty hereis to not wasteresourcedy exploring the sameareatwice
andto decide,with respecto the collectedevidence,whento expandor to focusthe
search.This is performedby calculatingutility valuesfor eachlocationon the map.
Theseutility valuesaredynamicallyupdatedrom theagents sensesywhich canbe au-
ditory or visual.For example if anagentheardacivilian, theutilities of locationswithin
the agents hearingrangeareincreasedindotherwise jf locationshave beenexplored
completelysetto zero.With thisapproactit is possiblefor theagento focusthesearch
on areaswith high evidence or evento concludethewhereaboutsf civilians from ev-
idencegivenin the past.In orderto avoid the explorationof areasthat were selected
previously by otherrescueagentsexploredlocationsare communicatedetweenthe
agents.
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Fig. 4. Simulation of fires on a model of Kobe City, Japan

Evidencébasedxplorationcanalsobefoundin computeigamesThegameThief[12],
for example wasoneof the rst gamego provideasimpli ed visualandacoustianodel
for its charactersAlso the gameSplinterCell, oneof the bestsellinggamedastyear,
requireshumanplayersto keepsilentandto hide themseleswithin darker areasFor
example,if a humanplayercausesoiseby walking too fastor throwing a canwithin
the hearingrangeof guardiansguardiansaretriggeredto performa systematicsearch.
Guardiansare also constrainedby a limited ability to see.The humanplayer might
furtherreducethis ability by destrging light sourceghatarepartof the ambientillu-
mination.Oneadwantageof gameshatprovide characterbasedn theagentmodel,is
thatthey offer the opportunityto win agameby fooling the opponentThe commercial
succes®f thetwo gamesnentionedabove shovs clearlythatcustomergendto prefer
agentlike opponentgo fully informedandoutnumberingppponents.

3.2 Action selectionand execution

Within therescuedomain,eachagenttypefocuseson particulartargets,e.g.theamhu-
lanceteamson civilians andthe re brigadeson burning buildings. Typically, targets
are selectedby a trade-of betweentheir value (dependingon the situation)andtheir
costs(dependingnthe executiontime for saving them).In the caseof theamhulances,
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Fig. 5. (a) A typical town in Age of Empires2 (Ensemble Studios) built by a human player, (b) De-
fending a town against an digital opponent (Images are taken from www.ensembelstudios.com).

utilities arealwaysone andcostsfor rescuinga civilian arecomposeaf the expected
time for travelingto thetargetlocationplustheexpectedime for diggingthetargetout.
However, not only costsandutilities areimportantin a rescuesituation,morewerthe
factthat civilians might die if rescueteamsaretoo late, playsanimportantrole. The
chanceof survival of the civilians depend®nthe degreeof theirinjuriesandthe extent
to which they areburied undera collapsedbuilding. Sincesurvival time andcostsare
differentfor eachcivilian, thechoserrescuesequencéasasigni cant in uence onthe
numberof victims anamhilanceteamis ableto save.

In our approachwe utilize a GeneticAlgorithm (GA) for calculatinga nearto-
optimalrescuesequenceThisis carriedout by representingescuesequenceasDNA
stringsthat are continuouslymutatedand selected The tness of eachsolutionis set
equalto the numberof victims that will survive dueto the correspondingequence.
By continuousmutationand selection the algorithm convergestowardsbetterrescue
sequencesThe calculationof the scoreof eachsolutionrequiresthe predictionof the
expectedife time of eachcivilian, e.g.thecivilians ability to survive with respecto the
currentsituation.This predictionis carriedout by a neuralnetwork thatis trainedwith
alargeamountof datacollectedduring previoussimulationruns.

The sequenceptimizationis implementedn termsof anary-time algorithm.This
meanghatthe GA canbe calledmultiple timesin a shorttime periodratherthanfor a
longerperiodwhich might affect the agentsperformanceDueto this property the GA
andthepredictionsystemareapplicableo computelgamesaswell. Particularlyin Real
Time Stratgy (RTS) gamesthereare situationswherean optimizedtarget selection
might increasethe ef ciency andthusthe performanceof the computerplayer One
examplewith comparableconditionsmight be where engineerswithin a RTS game
have to repairbroken defense-hildings during an attackby the opponent.The more
buildingsarerepairedthemorelik ely the computemplayer'steamwill survive.

Anotherimportantissuein RoboCupRescuis path planning which is the ability
to nd afastand safepathto locationson a city map. In this domain, planningis
dif cult dueto the size of the city anddueto the uncertaintyof the currentsituation
of the roads.The size of the city makes planningexpensie, sinceit needsa lot of

2 Since we consider victims as equally important



computingresourcesparticularlyif the agentneedsto know aboutthetravel costsfor

ead singletargeton themap.Theuncertaintyof the currentsituationis dueto thefact
that outsidethe perceptiorrangeof the agent,roadsmight becomeblocked by debris
from collapsingbuildings. The continuouschange@nduncertaintyof the ervironment
forcesthe agentdo revisetheir planscontinuously

We implementeda specialalgorithmfor path planningthataccountgor the dif -
cultiesdescribedabove. This algorithmis basedon the solutionfrom Dijkstra [14] but
hasbeenadaptedo the speci ¢ problem.The algorithmincorporateghe structureof
the mapby combiningsmall road segmentsinto larger ones.With this techniqueit is
possibleto nd pathsonthe mapin a hierarchicalfashion,which is muchfasterthan
the standardapproach.

Pathplanningis alsoaserioudssuein RTS gamessincetheimplementatiorsignif-
icantly in uencesthe quality of thegame RTS gamessuffer underthe sametwo prob-
lemsmentionedabove. The sizeof the mapdependsoughly on the numberof players
participatingin agame For example thereareRTS gameswhich areplayedwith more
thaneightplayers.During the game eachplayerbuilds up oneor moretowns, castles,
and more than 100 units (see gure 5). It is interestingto note that David Pottinger
(EnsembleStudios)oncewrote: "Path nding is one of the slowestthings mostRTS
gamesdo, e.g. Age of Empires2 spendsoughly 60 to 70% of simulationtime doing
path nding.”.

Additionally, RTS gamesaresuffering underthe uncertaintyon the situationof the
map,which hastwo reasonsFirstly, amapcaninitially be generatedy random,.e. it
is notpossibleto pre-computall possibleplans.Secondlyusersareallowedto modify
themapduringthegame In Age of empiles2, for example humanplayersareallowed
to build walls all overthe mapin orderto block the pathof theirenemy

Duetothesimilarity betweerproblemsn computeigamesandproblemsn RoboCup,
solutionsdevelopedin the context of RoboCuparewell suitedfor computergamesand
mightimprove their quality.

4 Simulation and Game Engines

The developmentof autonomousystemss in somecasesearlyimpossiblewithout
a simulationsoftware. Thereare several reasonspneis obviously the fact that expe-
riencesin realworld environmentsareexpensve to acquire eitherdueto the physical
damagehey might causeor simply dueto thetime it coststo completethem.For ex-
ample,the machinelearningperformedon our robots(see2.2) wasonly possibleby
utilizing a simulationsoftwaretailoredfor RoboCupsoccel[8]. Thisis dueto thefact
thatlearningwas carriedout by a reinforcementearning approactthat hadto be ap-
plied in morethan 10000learningepisode$ until the robot was able to successfully
shootgoalsagainsia virtual goalkeeper

However, thedesignof agoodphysicssimulationis tediousandprobablynotsome-
thinganAl systemsieveloperwouldlike to investtime in. Fortunatelytherearemary
simulationsoftware packagesvailablenow. The "Open DynamicsEngine” ODE [4],

3 An episode is a series of actions that terminates if either the robot succeeds or fails



for example,is a freely available softwarelibrary that offersa rigid body simulation.
Besidesopensourcedevelopmenttherearealsocompaniesievelopingphysicsengines
for commercialcomputergames.Theseenginesaretypically usedfor morethanone
game,whereasa singlegameis sold morethana million times.Dueto the high sales
quantityof gamesphysicsenginesreavailablefor low prices.For example thephysics
engineof the Swisscompary NovodeX which will be utilized for thelatestversionsof
thegameUnreal, is availablefor lessthan300USD [3]. The Nimbmo humanoidrobot
groupin Freiburg usessince2004the NovodeXgameenginefor the simulationof their
humanoidrobot[1].

Insteadof usinga physicsengine,it is alsopossibleto buy a gameandto useits
gameenginedirectly. Thisis known asmodding atechniquehatallows usergo modify
certainpartsof the game suchasthe geometryandphysicalbehaior of objects.These
objectscanbestatic,suchaslandscapeandbuildings,but alsodynamic,suchasdigital
charactersFurthermorehe gameallows for the control of thesecharactersnternally
or externally by a network connectionWe are currently emplogying the gameUnreal
Tournamen®003togethemwith anextension[18] developedfor theNIST* USAR® test
facility. The extensionoffers a rich setof virtual robotsthat canbe pluggedinto the
simulationandallows the simulationof userspeci ¢ robottypes.

It is easyto seethatgameenginesarealreadyoffering a degreeof ef ciency, detalil
anddiversitywhichis clearlybeyondthemeansary "hand-made’simulatorof research
groupsfocusingon Al or roboticscouldever offer. Thisis apparentvith theimpressie
Havok[2] gameenginethatwill bepartof thegameHalf Life 2. Half Life 2, which has

rst beendemonstratedtthe ElectronicEntertainmenExpo 2003, providesa preview
of the close-to-realityphysicsmodelsfuture gameengineswill take on.Charactergan
initiate complex chainreactionof itemsin theenvironment.For example jtemsthrown
into the waterinteractasone might expectthemto do. Barrelsmove like corksfor a
momentthensink to the bottom.Wood oats on the surfaceand even supportsother
itemstossedn top of it until theloadbecomesunstableor too heary andthensinks.

As well asthe ervironment,the detail level of digital charactersparticularlytheir
bodies,is alsoimproved. The body is modeledwith a complex skeletonThat canbe
manipulatedoy virtual musclesin Half Life 2 thereareapproximatelyd0 musclegor
modelingjustthefaceanimation.This makesit possiblefor gamecharacterso express
mary individual humanemotions(see gure 6). The gamecompary Valve developed
a specialeditor, known asthe Half Life Face Poser, for authoringfacial animations
consistentvith phonemegronouncedy the characters.

Sincesuchtoolsareimprovingin termsof compleity anddiversity, it seemstraight
forwardthatthey will alsobe of interestto developersof humanoidrobotsandhuman-
robotinteractions.

5 Conclusion

We have shown thatthereareseveralgoodreasonsvhy computergameswill positively
in uence Al researchn thefuture: Firstly, the computergamemarket providesa high

4 National Institute of Standards and Technology
® Urban Search and Rescue



Fig. 6. Image taken from the facial animation of the ”g-man” in Half Life 2

potentialfor development,sincegamessell in greathnumbers.Tools developedfor a

particulargamemight even be reusedfor othergames(the conceptof gameengines).
Secondly gameengineshave improved signi cantly during the last few years.They

provide outstandingphysicssimulationsandtools for designingand studyinghuman-
machineinteractionsThirdly, dueto their Internetconnectvity, gamesareproviding a

greatdeal of datafrom human-machinénteractionswhich is useful,for example,in

the context of machindearning.

We have also showvn that thereare several good reasonswhy Al methodsdevel-
opedin the context of RoboCupare optimally tting the needsof moderncomputer
gamesFirstly, algorithmsfrom thatcontext arefastandreliablesincethey have to en-
ablethe agentto act undersensomoiseand uncertaintyin realtime. Secondlythese
algorithmsareparticularlybasedn theagentmodelandthusprovide the basisfor dig-
ital characterso modeltheir ervironment.Digital charactershatbuild modelsof their
ernvironmentareleadingto realisticandplausiblebehaiors.

Onecanexpectthatthe developmentpotentialof computergamesandthe growing
focusongameAl will have anacceleratingffecton Al researchWe expectthatcoop-
erationbetweengamecompaniesandAl researcherwiill increasan the future. From
this symbiosismary usefultoolsmight arise.For example the successie development
of physicsenginesandimprovementof gameAl will continueto demandmoreperfor
mancefrom the computer This will probablyenforcethe developmentof specialized
hardwarefor Al or physicssimulation.A similar processhasalreadybeennoticedin
the past.The introductionof the standardizednterfacesDirectX and OpenGLfor the



renderingof 3D graphicsinitiated the developmentof ef cient hardware boardsthat
exponentiallyimprovedeachyeat
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