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Abstract. The introduction of games for benchmarking intelligent systems has
a long tradition in AI (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 AI 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 AI, 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 AI 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 AI 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 AI research.



1 Introduction

The introductionof gamesfor benchmarkingintelligent systemshasa long tradition
in AI (Arti�cial Intelligence)research.Alan Turing was one of the �rst to mention
thata computercanbeconsideredintelligent if it is ableto play chess[17]. TodayAI
benchmarksaredesignedto capturedif�culties thathumansdealwith everyday. They
arecarriedout on robotswith unreliablesensorsandactuatorsor on agentsintegrated
in digital environmentsthatsimulateaspectsof therealworld.

Within themodernapproach,AI is consideredasbeingembeddedinto anenviron-
mentandmeasuredby thesuccessor failureof its interactions.Thebasicideabehindis
capturedby themodelof anintelligentagent[15]. An agentis anentitythatis equipped
with sensorsandactuators.During discretetime steps,theagentreceivesinformation
from the environmentwith its sensorsandsubsequentlyperformsactionsthat change
theenvironment'scurrentstate.Fromthisperspective,therearenew challengesfor au-
tonomousagentswhicharesimilar to challengeshumansaccomplisheveryday:

– Theoutcomeof actionsis non-deterministic,consequentlytheagenthasto learna
modelfor their prediction.

– Observationsarenoisyandambiguous,consequentlytheagenthasto build an in-
ternalrepresentationof theworld, known asa world model.

– Theenvironmentis dynamic,consequentlytheagenthasto interactin realtime.
– Theenvironmentcontainsmorethanoneagent,consequentlytheagenthasto com-

peteor cooperatewith otheragents.

Theseproblemsareof particularinterestwithin theRoboCupcompetitions.RoboCup
is an internationalresearchinitiative that encouragesresearchin the �eld of robotics
andArti�cial Intelligencewith a particularfocuson developingcooperationbetween
autonomousagentsin dynamicmulti-agentenvironments.AI systemsdevelopedin this
context havetoprovideef�cient androbustsolutionsin orderto dealwith thedif�culties
listedabove.

In contrast,computergamesarenot affectedby theseproblems.Digital environ-
mentsarefreeof noiseandthusdeterministic.Also, theproblemof cooperationdoes
not necessarilyarisesincegamecharactersareusuallyexecutedon a singlecomputer.
Due to this simplicity, digital characterscansometimescompletelybe describedby a
setof trigger mechanismsthatexecutepre-de�nedbehaviors if speci�c conditionsare
met. In a typical First PersonShooter(FPS)game,for example,digital charactersare
programmedto shootandrun towardstheir opponentsif they appearin range,andto
freezeotherwise.They do not accountfor thestructureof theenvironmentasit would
benecessary, for example,for reducingtheirdamage.However, therecentdevelopment
of computergamesshows that moderngamesareequippedwith realisticphysicsen-
gines1, whichrequiresophisticatedalgorithmsfor controllinggamecharacters.Further-
more,humanplayersareexpectingtheopposingArti�cial Intelligenceto beplausible.
In fact,they wantto beableto understandandto predictthedecisionsof their arti�cial
opponents.

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



Computergameshave a largepotentialfor development.In 2001theUS computer
gameindustry'sbusinessvolumewaswith 9:4 billion USDfor the�rst timehigherthan
thatoneof the�lm industrywith 8:3 billion USD.This enabledanexponentialgrowth
of theperformanceof computergraphicsboards:In 1995abulk graphicscardrendered
approximately300:000polygonspersecond,in 1999already3:000:000andin theyear
2000even100:000:000polygonspersecond.

Fig. 1. AI in computer games (data originally collected by Steve Woodcock [20])

Moreover, in the last few years,gamedeveloperspaid increasingattentionto in-
corporatingAI into computergames,asshown by a survey (�gure 1) from the Game
DeveloperConference(GDC) [20], but alsoAI researcheshave introducedgamesasa
seriouschallengeto AI [11,10].

ThisarticleemphasizesthecurrentdifferencebetweenAI systemsanddigital char-
actersin commercialcomputergamesandemphasizestheadvantagesthatariseif shrink-
ing the gapbetweenthem.On the onehand,we sketchsomesuccessfulsolutionsof
”�rst-prize-winning” teams,suchastheCS-Freiburg team[19] andtheResQ-Freiburg
team[6] anddiscusstheirapplicabilityto computergames.Weshow how methodsfrom
RoboCupmightcontributeto gameAI andimproveboththeperformanceandplausibil-
ity of its digital characters.Ontheotherhand,wedescribestate-of-the-artgameengines
anddiscussthechallengebut alsoopportunitythey areoffering to AI research.

Following we will discussin section2 andsection3 somemethodsutilized by the
CS-Freiburg [19] teamandthe ResQ-Freiburg [6] team,respectively. In section4 we
describegameenginesthatarealreadyutilized for AI researchand�nally weconclude
in section5.

2 AI in RoboCup soccer

In this sectionwe describetechniquesutilized by the CS-Freiburg team[19], which
participatedfrom 1998to 2001in the middle size league.In this leaguea maximum



numberof four autonomousrobotsperteam,with afootprintnotgreaterthan2000mm,
competeon a 9X 5 meters�eld and play a gamethat lasts for 2X 10 minutes.The
particularchallengein thisleagueis to coverawidespectrumof researchissuesranging
from robotichardwaredevelopmentandlow level sensorinterpretationto planningand
multi-agentcoordination.Oneof the� veCS-Freiburg robotsis shown in �gure 2(a).

(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

Perceptionandworld modelingareprobablytwo of themostimportantandalsomost
dif�cult tasksa robot hasto perform.Generally, the correct interpretationof sensor
datais dif�cult dueto two majorproblems.Firstly, sensorsreturna noisysignal,which
meansthattheir returnis randomlydistributedaroundthetruevalue;in hardcasesthey
might even be completelywrong. Supposea cameraprovides imagesfrom a soccer
�eld andthetaskof therobotis to reportthepositionof theball. An ef�cient approach
is to detectthe ball in the imageby color, which is pre-de�nedas red for the ball
within RoboCupsoccer. However, if taking pictureswith a digital camerain suchan
environment,onecaneasilyseethattheball appearsseldomto bered.Dueto shadows
and re�ections of the illumination, the color of the ball can be somewherebetween
white,blackandred.A sensorinterpretationmodulehasto becapableof dealingwith
suchnoisein orderto detectthetotal shapeandpositionof theball reliably.

Secondly, the informationprovided by a sensorcanbe highly ambiguoussincea
sensorproducesthe samedatawithin differentcontexts. Supposethe robot's camera
points towardsthe spectatorsin order to �nd the ball. If oneof the spectatorswears
a red T-shirt, the sensormight possiblyreturnthe spectatorspositionasa hypothesis
for the ball. In most casesthe processof sensorinterpretationyields more thanone
hypothesis,eachweightedby a probability. Due to ambiguoushypothesesgenerated
by thesensors,it is necessaryto combineall of themto a consistentone.We call the
consistenthypothesisworld modelwhichtypically includesthepositionsandvelocities



of therobotandobjectsaroundit. Generally, it doesnot suf�ce to build a world model
from sensorperceptiononly. If, for example,partsof theworld arenot observableby
therobotfor sometime,it becomesnecessaryto integratesensorreadingscontinuously
in orderto memorizeperceptionsfrom thepast.

Techniquesthat do integrateobservationsover time areknown, amongothers,as
BayesianFiltering techniques,including the Kalman Filtering [13] and the Markov
Localization[5] approach.Both techniquesarecommonlyutilizedby autonomoussys-
tems.Figure2(b) shows a world model resultingfrom the cooperative integrationof
sensorinformationby four CS-Freiburg robotsduringasoccermatch.The�gure shows
theindividualhypothesisof eachrobotfor theball position(small,grey circles)andthe
integratedhypothesis(thesmall,whitecircle)constructedfrom theindividualhypothe-
sesby a Bayesianapproach.

Bayesianworld modelingcanalsobeperformedby gamecharactersin digital en-
vironments.Oneadvantagein this context is thatthehypothesisspace(i.e. thespaceof
all possiblehypotheses)andthesensorinput space(i.e. thespaceof all possiblesensor
values),canbereducedsigni�cantly to a sizeappropriateto thesituation.Additionally
the in�uence of noisecanbe adjustedor even totally left out. Nowadaysmostof the
gameson the market are ”cheating” becausethey equip their characterswith super-
naturalsensorsthat, for example,arecapableof localizing the opponentsevery time,
eventhey areout of sightor far away. However, humanplayersaregenerallysensitive
to characterswith supernaturalknowledge,sincehumansarecapableof learningand
inferring theknowledgetheir opponentscanhave.

A world model built with a Bayesianapproach,however, representsexactly the
knowledgeanagentmaximallycanhave,givenall sensorreadingsfrom thepast.There-
fore agentsthat successively build a world modelwith a Bayesianapproacharemore
likely to beplausibleandrealisticto humanplayers.Laird andcolleaguesdid prelimi-
naryexperimentswith a gamecharacter, known asQuake bot, thatwascapableof an-
ticipatinghumanplayersby inferring thepositionthey will reachin thefuture[10]. Le
Hy andcolleaguesreported�rst resultsfrom teachinggamecharactersto selectactions
basedonaBayesianapproach[7].

2.2 Action selectionand execution

Soccerrobotsare capableof executingprimitive actions,suchas their rotation and
translationor triggeringamechanismfor kicking theball.Dueto thecomplex dynamics
of robots,successor failureof simpletasks,suchasshootinga goalor dribblinga ball,
dependson theexecutionof a sequenceof actionsratherthanon theeffect of a single
action.In orderto tacklethis dif�culty , robotcontrol is usuallyperformedby a three-
level hierarchy. This hierarchyis composedof primitive actionsat thebottomlevel, of
skills, which arecomplex behaviors thatexecutechainsof actions,at themiddlelevel,
andof anactionselectionlayerthatselectsskills with respectto thecurrentsituationat
thetop level.

Skills aresmallprogramsthatcanbeinitiatedin particularsituationsandterminate
after they have succeededor failed.Onecanrealizetheselectionof skills by a setof
IF...THENclausesthatprovidefor 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

becomelesspredictableandlessreliable.Thereforeit turnsoutto becrucialto describe
thoseeffectsby probabilities.The CS-Freiburg teamutilized ExtendedBehaviorNet-
works(EBNs),whichallow for de�ning probabilitiesto theoutcomeof skills. Figure3
shows a partof thebehavior network usedby therobots.Onecanseetheskills (round
shapes)and their pre-conditions(boxes) that allow or deny their execution.Given a
particularsituation,thenetwork returnstheskill thatleadsmostlikely to a success.

We have alsoshown thatadaptive capabilities,for examplegainedby onlinerein-
forcementlearning,canbeof advantage,particularlyif theworld changesrapidly [9].
In ourapproachtherobotimprovedsimultaneouslyboththeactionselectionandtheex-
ecutionof theskills duringits lifetime. If theenvironmentsuddenlychanges,therobot
wascapableof adjustingits skills accordingly.

In comparisonto real robotsystems,computergamesareusuallybasedon an ap-
proachthatdoesnot accountfor uncertaintyandalsodealswith lesscomplexity than
found in realenvironments.Onepopularapproachis to assemblea largecollectionof
actionsequences(comparableto skills) thatareexecutedwithin a particularsituation.
This techniqueis known asscripting[16] andis foundin mostrecentcomputergames.
Dependingonthegame,suchasequencemightsometimesevenbetailoredfor asingle
situation,for example:A playerapproachesfor the �rst time a particularposition in
thedigital world, subsequentlyasetof arti�cial charactersaroundthis locationstartsto
talk to eachotherandleavesafterwards.However, it is clearthatthis kind of technique
can only work within a predictablestory line. With the continuousimprovementof
thephysicalsimulationaswell astheincreasingdepthof human-computerinteractions
within games,thecomplexity of digital worldswill grow andbecomelesspredictable
by simplescriptingmechanisms.

In contrastto realrobotsystems,gameenvironmentsoffer thepossibilityfor collect-
ing a hugeamountof realworld experiencesby exploiting their existing infrastructure.
Computergamesareusuallydesignedto connectwith hundredsof arti�cial or human
characterson theInternet.With this, machinelearning,which generallyon realrobots



lackssuf�cient dataandlearningexamples,couldreachanew qualityandperformance
in thecontext of bothhuman-machineinteractionandrobotcontrol.

2.3 Multi-agent cooperation

Thecooperationbetweenrobotscanbeseparatedinto two partswhich arecooperative
sensingandcooperativeacting.TheCS-Freiburg robotsperformcooperativesensingby
communicatingtheir locally generatedworld modelsamongeachother. By this, each
robot is ableto constructa globalworld modelandto beawareof thingsthathappen
outsideof it' s �eld of view.

Cooperative sensingis in a weaksensealsofound in computergames.If, for ex-
ample,a guardianof a castledetectsan intruder, other guardianswill be alertedby
triggeringan alarm.However, alsocooperationcanbe ”cheated”by gamecharacters.
Charactersin digital environmentsarenot autonomousin termsof beingexecutedon
differentcomputers,sothereis noneedfor communicationbetweenthem.In fact,they
areableto shareinformationon thesamemachine.However, humanplayersaresen-
sitive to supernaturalinformationexchangebetweentheir opponents.They prefer to
haveanexplanationfor thecooperationof theiropponents,asfor examplegivenby the
triggeredalarmin theguardianexample.

More importantfor gameAI arealgorithmsfor cooperative acting.Unfortunately,
the complexity of actionselectiongrows signi�cantly with the numberof agentsand
numberof actionsthey canperform.Henceroboticsoccerteamsmake useof role as-
signmentsthat restrict the setof availableactionsto thosethat belongto the selected
role.A robotof theCS-Freiburg team�lls at any time oneof four roles,theseinclude
active(to play the ball), strategic (to defendthe team's half of the �eld), support(to
supporteitherthe defenseor the offensedependingon the game)andgoalkeeper(to
defendthe goal). Exceptthe role of the goalkeeper, the role assignmentmay change
dynamicallyduringagame.Thisassignmentis decidedby asimplebut effectivemech-
anism:Eachrobot calculates,with respectto its currentknowledgeaboutthe world,
for eachrole anutility valuethatexpressesthebene�t for the teamif the robotwould
takeon this role.For example,theactiveroleassignshighvaluesto robotscloseto and
behindthe ball, but lower valuesto positionsthat interferewith opponentplayers.In
orderto decidethe�nal role assignment,therobotscommunicatethevaluesthey have
calculatedfor eachrole. Underthe assumptionthat eachrobot receivesthe valueas-
signmentfrom all theothers,they areableto decidesimultaneouslya role assignment
that maximizesthe total utility of the group.A moredetailedexplanationof the role
assignmentmechanismis foundin theCSFreiburg teamdescriptionpaper[19].

Computergamesare full of situationswhereteambehaviors are bene�cial. For
example,the classical�rst personshooter(FPS)gamecan usually be playedin the
”Capturethe�ag” mode,which is thesituationof two opposingteams,onedefendinga
fortresswith a �ag, andanotheronetrying to capturethis �ag. In someversionsof this
game,teamsarecomposedof differentcharactertypes,suchasa sniper, a medicanda
grenadier. In thisparticularcase,roleassignmentsarequitesimpleto decide,sincethey
follow directly from theagent's type.For example,onewould constraintthemedicto
automaticallyhealingany injuredteammember.



However, in any othercase,cooperationamonggamecharactersis dif�cult andthus
usuallyperformedby humanplayerson the Internetonly. We belief that thedynamic
role assignmentapproachmight also be appliedwithin digital environments.Digital
characterscouldbeprogrammedto dynamicallychangetheir role within the teamde-
pendingon their health,damage,strengthandtacticalabilities.Rolescanbede�ned as
particularpositionsof teammemberswithin adefenseor offenseformation.Depending
on theattackof anopponent,teammembersmight dynamicallychangetheir position
assignmentduringa game.

3 AI in RoboCupRescue

RoboCupRescueis apartof theRoboCupcompetitionsandwasoriginally motivatedby
thedestructive earthquake thathappened1995in KobeCity, Japan.Thereexistsa real
rescuerobot competitionaswell asa simulatedrescuerobot competition.During the
realrobotcompetition,robotshave to locateinjuredpeoplein anunstructuredenviron-
ment,whereasduringthesimulatedcompetitionthechallengeis to coordinatemultiple
agentteamsandto locateinjuredcivilianswithin asimulatedlargescaleurbandisaster
(see�gure 4). We will primarily focuson thelateronewithin this article.

The largescalesimulationis carriedout by distributedmodulesthatcommunicate
overanetwork with eachother. Thesemodulesare:aGeographicalInformationSystem
(GIS), variousdisastersimulators(i.e. simulatingearthquakesand �res), and agents
separatedinto ambulance,�re andpolice forces.The taskof the AI is to control and
coordinatetheseagentsin orderto preventor limit damageto civiliansandbuildings.

3.1 Perceptionand World Modeling

Onechallengein this domainis to copewith theuncertaintyof theglobalworld state,
causedby the limited perceptionrangeof theagents.Humanoidsaresimulatedwith a
limited rangeof perception.They perceive auditoryinformationwithin a radiusof 30
metersandvisualinformationwithin aradiusof 10meters.To overcomethislimitation,
agentshaveto cooperativelybuild aworld modelfrom theirperceptsthatrepresentsthe
currentstateof thecity.

Wedevelopedspecialalgorithmsfor thecoordinatedsearchof civilians in unknown
terrain.Thedif�culty hereis to not wasteresourcesby exploring thesameareatwice
andto decide,with respectto the collectedevidence,whento expandor to focusthe
search.This is performedby calculatingutility valuesfor eachlocationon the map.
Theseutility valuesaredynamicallyupdatedfrom theagent'ssenses,whichcanbeau-
ditory or visual.For example,if anagentheardacivilian, theutilities of locationswithin
theagent's hearingrangeareincreasedandotherwise,if locationshave beenexplored
completely, setto zero.With thisapproachit is possiblefor theagentto focusthesearch
onareaswith high evidence,or evento concludethewhereaboutsof civilians from ev-
idencegiven in the past.In orderto avoid the explorationof areasthat wereselected
previously by otherrescueagents,exploredlocationsarecommunicatedbetweenthe
agents.



Fig. 4. Simulation of fires on a model of Kobe City, Japan

Evidencebasedexplorationcanalsobefoundin computergames.ThegameThief [12],
for example,wasoneof the�rst gamestoprovideasimpli�ed visualandacousticmodel
for its characters.Also thegameSplinterCell, oneof thebestsellinggameslastyear,
requireshumanplayersto keepsilentandto hide themselveswithin darker areas.For
example,if a humanplayercausesnoiseby walking too fastor throwing a canwithin
thehearingrangeof guardians,guardiansaretriggeredto performa systematicsearch.
Guardiansare also constrainedby a limited ability to see.The humanplayer might
further reducethis ability by destroying light sourcesthatarepartof theambientillu-
mination.Oneadvantageof gamesthatprovidecharactersbasedon theagentmodel,is
thatthey offer theopportunityto win agameby fooling theopponent.Thecommercial
successof thetwo gamesmentionedaboveshows clearlythatcustomerstendto prefer
agentlikeopponentsto fully informedandoutnumberingopponents.

3.2 Action selectionand execution

Within therescuedomain,eachagenttypefocusesonparticulartargets,e.g.theambu-
lanceteamson civilians andthe �re brigadeson burning buildings.Typically, targets
areselectedby a trade-off betweentheir value(dependingon the situation)andtheir
costs(dependingontheexecutiontimefor saving them).In thecaseof theambulances,



(a) (b)
Fig. 5. (a) A typical town in Ageof 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 arealwaysone2 andcostsfor rescuinga civilian arecomposedof theexpected
timefor travelingto thetargetlocationplustheexpectedtimefor diggingthetargetout.
However, not only costsandutilities areimportantin a rescuesituation,moreover the
fact that civilians might die if rescueteamsaretoo late,playsan importantrole. The
chanceof survival of theciviliansdependsonthedegreeof their injuriesandtheextent
to which they areburiedundera collapsedbuilding. Sincesurvival time andcostsare
differentfor eachcivilian, thechosenrescuesequencehasasigni�cant in�uenceonthe
numberof victims anambulanceteamis ableto save.

In our approach,we utilize a GeneticAlgorithm (GA) for calculatinga near-to-
optimalrescuesequence.This is carriedout by representingrescuesequencesasDNA
stringsthat arecontinuouslymutatedandselected.The �tness of eachsolutionis set
equalto the numberof victims that will survive due to the correspondingsequence.
By continuousmutationandselection,the algorithmconvergestowardsbetterrescue
sequences.Thecalculationof thescoreof eachsolutionrequiresthepredictionof the
expectedlife timeof eachcivilian, e.g.theciviliansability to survivewith respectto the
currentsituation.This predictionis carriedout by a neuralnetwork that is trainedwith
a largeamountof datacollectedduringprevioussimulationruns.

Thesequenceoptimizationis implementedin termsof anany-timealgorithm.This
meansthattheGA canbecalledmultiple timesin a shorttime periodratherthanfor a
longerperiodwhich might affect theagentsperformance.Dueto this property, theGA
andthepredictionsystemareapplicableto computergamesaswell. Particularlyin Real
Time Strategy (RTS) games,therearesituationswherean optimizedtarget selection
might increasethe ef�ciency and thus the performanceof the computerplayer. One
examplewith comparableconditionsmight be whereengineerswithin a RTS game
have to repairbroken defense-buildings during an attackby the opponent.The more
buildingsarerepaired,themorelikely thecomputerplayer's teamwill survive.

Anotherimportantissuein RoboCupRescueis pathplanning, which is theability
to �nd a fast and safepath to locationson a city map. In this domain,planning is
dif�cult dueto the sizeof the city anddueto the uncertaintyof the currentsituation
of the roads.The size of the city makes planningexpensive, sinceit needsa lot of

2 Since we consider victims as equally important



computingresources,particularlyif theagentneedsto know aboutthetravel costsfor
each singletargeton themap.Theuncertaintyof thecurrentsituationis dueto thefact
thatoutsidetheperceptionrangeof theagent,roadsmight becomeblockedby debris
from collapsingbuildings.Thecontinuouschangesanduncertaintyof theenvironment
forcestheagentsto revisetheir planscontinuously.

We implementeda specialalgorithmfor pathplanningthat accountsfor the dif�-
cultiesdescribedabove.This algorithmis basedon thesolutionfrom Dijkstra [14] but
hasbeenadaptedto the speci�c problem.The algorithmincorporatesthe structureof
themapby combiningsmall roadsegmentsinto largerones.With this techniqueit is
possibleto �nd pathson themapin a hierarchicalfashion,which is muchfasterthan
thestandardapproach.

Pathplanningis alsoaseriousissuein RTSgames,sincetheimplementationsignif-
icantly in�uencesthequality of thegame.RTS gamessuffer underthesametwo prob-
lemsmentionedabove.Thesizeof themapdependsroughlyon thenumberof players
participatingin agame.For example,thereareRTSgameswhichareplayedwith more
thaneightplayers.During thegame,eachplayerbuilds up oneor moretowns,castles,
andmore than100 units (see�gure 5). It is interestingto note that David Pottinger
(EnsembleStudios)oncewrote: ”Path�nding is oneof the slowest thingsmost RTS
gamesdo, e.g.Age of Empires2 spendsroughly60 to 70% of simulationtime doing
path�nding.”.

Additionally, RTS gamesaresuffering undertheuncertaintyon thesituationof the
map,whichhastwo reasons:Firstly, a mapcaninitially begeneratedby random,i.e. it
is notpossibleto pre-computeall possibleplans.Secondly, usersareallowedto modify
themapduringthegame.In Ageof empires2, for example,humanplayersareallowed
to build wallsall over themapin orderto block thepathof theirenemy.

Dueto thesimilaritybetweenproblemsin computergamesandproblemsin RoboCup,
solutionsdevelopedin thecontext of RoboCuparewell suitedfor computergamesand
might improvetheirquality.

4 Simulation and Game Engines

The developmentof autonomoussystemsis in somecasesnearlyimpossiblewithout
a simulationsoftware.Thereareseveral reasons,oneis obviously the fact that expe-
riencesin realworld environmentsareexpensive to acquire,eitherdueto thephysical
damagethey might causeor simply dueto the time it coststo completethem.For ex-
ample,the machinelearningperformedon our robots(see2.2) wasonly possibleby
utilizing a simulationsoftwaretailoredfor RoboCupsoccer[8]. This is dueto thefact
that learningwascarriedout by a reinforcementlearningapproachthat hadto be ap-
plied in morethan10000learningepisodes3 until the robot wasable to successfully
shootgoalsagainsta virtual goalkeeper.

However, thedesignof agoodphysicssimulationis tediousandprobablynotsome-
thinganAI systemsdeveloperwould like to investtime in. Fortunately, therearemany
simulationsoftwarepackagesavailablenow. The”OpenDynamicsEngine”ODE [4],

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



for example,is a freely availablesoftwarelibrary that offersa rigid body simulation.
Besidesopensourcedevelopment,therearealsocompaniesdevelopingphysicsengines
for commercialcomputergames.Theseenginesaretypically usedfor morethanone
game,whereasa singlegameis soldmorethana million times.Due to thehigh sales
quantityof games,physicsenginesareavailablefor low prices.Forexample,thephysics
engineof theSwisscompany NovodeX, whichwill beutilized for thelatestversionsof
thegameUnreal, is availablefor lessthan300USD [3]. TheNimbro humanoidrobot
groupin Freiburg usessince2004theNovodeXgameenginefor thesimulationof their
humanoidrobot[1].

Insteadof usinga physicsengine,it is alsopossibleto buy a gameandto useits
gameenginedirectly. Thisis knownasmodding, atechniquethatallowsusersto modify
certainpartsof thegame,suchasthegeometryandphysicalbehavior of objects.These
objectscanbestatic,suchaslandscapesandbuildings,but alsodynamic,suchasdigital
characters.Furthermorethe gameallows for thecontrol of thesecharactersinternally
or externally by a network connection.We arecurrentlyemploying the gameUnreal
Tournament2003togetherwith anextension[18] developedfor theNIST4 USAR5 test
facility. The extensionoffers a rich setof virtual robotsthat canbe pluggedinto the
simulationandallows thesimulationof userspeci�c robottypes.

It is easyto seethatgameenginesarealreadyofferinga degreeof ef�ciency, detail
anddiversitywhichis clearlybeyondthemeansany ”hand-made”simulatorof research
groupsfocusingonAI or roboticscouldeveroffer. This is apparentwith theimpressive
Havok[2] gameenginethatwill bepartof thegameHalf Life 2. Half Life 2, whichhas
�rst beendemonstratedat theElectronicEntertainmentExpo2003,providesa preview
of theclose-to-realityphysicsmodelsfuturegameengineswill take on.Characterscan
initiatecomplex chainreactionsof itemsin theenvironment.For example,itemsthrown
into the waterinteractasonemight expectthemto do. Barrelsmove like corksfor a
momentthensink to the bottom.Wood �oats on the surfaceandeven supportsother
itemstossedon topof it until theloadbecomesunstableor tooheavy andthensinks.

As well astheenvironment,thedetail level of digital characters,particularlytheir
bodies,is also improved.The body is modeledwith a complex skeletonThat canbe
manipulatedby virtual muscles.In Half Life 2 thereareapproximately40 musclesfor
modelingjust thefaceanimation.Thismakesit possiblefor gamecharactersto express
many individual humanemotions(see�gure 6). The gamecompany Valve developed
a specialeditor, known as the Half Life Face Poser, for authoringfacial animations
consistentwith phonemespronouncedby thecharacters.

Sincesuchtoolsareimproving in termsof complexity anddiversity, it seemsstraight
forwardthatthey will alsobeof interestto developersof humanoidrobotsandhuman-
robotinteractions.

5 Conclusion

Wehaveshown thatthereareseveralgoodreasonswhy computergameswill positively
in�uence AI researchin thefuture:Firstly, thecomputergamemarket providesa high

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



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

potentialfor development,sincegamessell in greatnumbers.Tools developedfor a
particulargamemight evenbereusedfor othergames(theconceptof gameengines).
Secondly, gameengineshave improved signi�cantly during the last few years.They
provide outstandingphysicssimulationsandtools for designingandstudyinghuman-
machineinteractions.Thirdly, dueto their Internetconnectivity, gamesareproviding a
greatdealof datafrom human-machineinteractions,which is useful,for example,in
thecontext of machinelearning.

We have also shown that thereareseveral good reasonswhy AI methodsdevel-
opedin the context of RoboCupareoptimally �tting the needsof moderncomputer
games:Firstly, algorithmsfrom thatcontext arefastandreliablesincethey have to en-
ablethe agentto act undersensornoiseanduncertaintyin real time. Secondly, these
algorithmsareparticularlybasedon theagentmodelandthusprovidethebasisfor dig-
ital charactersto modeltheir environment.Digital charactersthatbuild modelsof their
environmentareleadingto realisticandplausiblebehaviors.

Onecanexpectthatthedevelopmentpotentialof computergamesandthegrowing
focusongameAI will haveanacceleratingeffectonAI research.Weexpectthatcoop-
erationbetweengamecompaniesandAI researcherswill increasein the future.From
thissymbiosismany usefultoolsmightarise.For example,thesuccessivedevelopment
of physicsenginesandimprovementof gameAI will continueto demandmoreperfor-
mancefrom the computer. This will probablyenforcethedevelopmentof specialized
hardwarefor AI or physicssimulation.A similar processhasalreadybeennoticedin
thepast.The introductionof thestandardizedinterfacesDirectX andOpenGLfor the



renderingof 3D graphicsinitiated the developmentof ef�cient hardwareboardsthat
exponentiallyimprovedeachyear.
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