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Abstract

While presentatioraspectdike graphicsand soundare im-
portantto a successfutommercialgame,it is likewise im-
portantthat the gameplay the non-presentationdlehaiour
of thegame,is engagingo the player Considerableffort is
investedin testingandre ning gameplaythroughouthe de-
velopmentprocess We presentan overall view of the game-
play manaementproblemand, more concretely our recent
researctonthegameplayanalysispartof this task. This con-
sistsof anactivelearningmethodologyimplementedn soft-
waretools, for partially automatinghe analysisof gamebe-
haviour in orderto augmentheabilities of gamedesigners.

Intr oduction

Fromits earliestdays,computingsciencehasplayedanin-
creasingole in therealmof games.Traditionalgamedike
chesswere amongthe early problemsaddressedy arti -
cial intelligence(Al) researchyhile computemgraphicsand
simulationhave givenrise to a whole new genreof games,
now comprisingamulti-billion dollarindustry We will refer
to this new classassimply computergames We distinguish
thesefrom traditionalgameswhich maybe playedby com-
putersbut do notrequireone.

Comparedwith traditional games, modern computer
gamesarevery complec constructionsinvolving mary pa-
rameterdor the simulationandAl. Thevirtual worlds por-
trayedin mary gamesarethree-dimensionandhave com-
plicatedphysicsmodels.Suchworldsareeffectively contin-
uousspacesandplayercontrolsare often similarly contin-
uous(e.g. analogcontrollers).Anotherkey differencefrom
traditionalgamess thatthereis a muchwider variationin
scenarios.Chessis always playedon the sameboard,and
most traditional gamesuse a widely acceptedset of rules
with only minor variations. By contrast,computergames
mayhave mary different"levels"or "maps",includingsome
developedby the playersthemseles. Thereare oftena va-
riety of rulesandoptions,andeventhe objectvesandcon-
straintsmay changein differentportionsof the game. The
numberof playersoftenvariestoo, especiallywhenplaying
on the Internet,andtheremay be a mixture of humanand
computercontrolledplayers.
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This variability posesdif cult problemsfor developers.
They must expend considerableeffort to ensurethat the
gameis "well-behaved" acrosghe widestpossiblerangeof
scenariosBeyondthealreadydif cult taskof ensuringthat
thegamerunsreliably (e.g.nocrashesgraphicalglitches,or
networking problems)they mustensurethatthe simulation
is plausibleand consistentthatarti cial opponentsandal-
liesbehaereasonablyand,mostimportantly thatthegame
is enjoyablefor the player We will referto this rangeof
objectivesasthe gameplayof agame.

Gameplayis a popularterm usedthroughoutthe indus-
try. Lackingary precisede nition, it typically refersto the
behaiour of a game(e.g. therules,dif culty , consisteng,
fairnessgoals,andconstraints)ratherthanthe presentation
of the game(e.g. graphics artwork, andsound).Gameplay
contributesmuchto the enjoyability of agameandconsid-
erableeffort is investedn designingandre ning gameplay
This problemis nothing new to gamedevelopers. Quality
assurancand playtestingare fundamentapartsof the de-
velopmentprocess,evaluating gameplayalong with other
gameaspectsFor the mostpart,theseevaluationsaremade
by continuouslyplaying the gameduring developmentand
adjustingaccordingly Toward the end of the development
cycle, mary humantestersaareemployedto rigorouslyexer-
cisethe game,catchingremainingbugsand ne-tuning its
behaiour.

Whenpeopleconsidenarti cial intelligencein thecontext
of computergames,the mostcommonassociatioris with
computercontrolledopponentandallies. While thisis cer
tainly a key applicationof Al methods,it is not the only
areain which Al can contribute to computergames. Our
recentresearchhasbeendirectedtowardwhatwe call semi-
automatedjameplayanalysis developingtechniqueso par
tially automatethe processof evaluatinggameplayduring
developmentn orderto reducethe burdenon designersand
improvethequality of the nal product.Tothisend,wehave
developedsamplingand machinelearningtechniqueshat
automaticallyexplore the behaiour of the gameand pro-
vide intelligible summariego the designerWe usetheterm
semi-automatico reinforcethe notion that suchtools can
notreplaceput canonly augmenthehumandesignerhelp-
ing themto make the complex decisionsaboutwhat consti-
tutesenjoyablegameplay This analysisis a key component
in thelargertaskof gameplaymanagementwhich dealsnot



only with the analysisof gameplaybut the visualizationof
analysigesultsandtheadjustmenbf thegameSparameters
anddesign.

In thefollowing sectionswe will brie y characterizéhe
overall gameplaymanagementask andits role in the de-
velopmentprocess,and then focus on gameplayanalysis,
presentingwo currentresearchefforts aimedat providing
suitabletechniquesDetailsregardingthesamplingmethods
andmachinelearningtechniquesisedin thesetwo projects
will beprovided,andwewill concludewith somediscussion
aboutthe wider gameplaymanagementask andthe corre-
spondingpossibility for future researchandimprovements
to computergames.

GameplayManagement

It is dif cult to characterizéhe gameplaynmanagemertask
precisely Thisis largely dueto thefactthatit inevitably in-
volvessomehumanudgementEnjoyability” is essentially
impossibleto quantify.

An integral but complex partof enjoyability is the game-
play offered. Thedesigneoftenwantsto vary thegameplay
throughoutthe game(e.g. by varying dif culty, the rules,
or the objecties). It is naive to think thatthis problemcan
be addresseavithout humanintervention. However, com-
putationaltools canreducethe humanburden,allow more
extensve testing, and searchin systematiovays that may
be tediousor unintuitive to a human.Wherepossible these
toolsshouldbe applicableto mary gamesThis re-usability
is importantsinceindustry developmentcycles have little
time to spareto develop suchtools every time. The tools
mustbe easyto use.Many designerandtestersarenotpro-
grammerssoit is notreasonabléo expectthemto write or
understandomplex scriptsto guidethe process.

Someof the basicaspectf gameplaymanagemenin-
clude:

dimensions: Whataspectof gameplayis the designerin-
terestedn? Someinterestingaspectsncludethetime to
completepart of the game the “cost” (e.g. health,game
money, resources)nvolved, and the probability of suc-
ceeding.Theamountvariancein ary oneof theseis also
of interest(highly variableoutcomesnayindicateanin-
consisteng or bug in gameplay) All of theseareaspects
which the designemaywish to analyzeor constrain.

goals: What goalsdoesthe designethave in mind? They
maywish to limit gameplayalongsomedimensionge.g.
the gameshould usually take lessthan 8 hours, or the
playershouldbe ableto win by only a narrov maigin).
They maywishto prioritize goals.

analysis: Oncedimensionshave beenidenti ed, how may
they be evaluated?To whatextentcanthey be quanti ed
and estimated?This is a hard problemall by itself and
forms the focus of our currentresearchefforts and this
paper

adjustment: Given the dimensionsandthe ability to ana-
lyze partsof the game,what may be doneto achieve the
goalssetby designersZurrently mostof theadjustment
is done by hand. It may be possibleto automateparts

of the processwith the designerre ning goalsandthe
softwareworking to achieze them. This is a key part of
theproblem,andverydif cult, but onewhichwe will not
considerdeeplyat present. Before one can adjust, one
mustbeableto analyze.

visualization: How cangoalsandtheresultsof analysisbe
expressedby, andpresentedo, thedesigneraVhile all as-
pectsof gameplaymanagemenwill be heavily gamede-
pendentthis aspecimaybethe mostso. The methodfor
expressinggoalsis agoodAl problem,but otherpartsof
thevisualizationseenmoresuitedto userinterfacedesign
and,ultimately, the gamedeveloperswill bestunderstand
how to interactwith their game. We concernoursehes
with visualizationonly to the extentnecessaryo demon-
strateourideaswhile recognizinghatthisis asigni cant
partof theproblem.

GameplayAnalysis

As notedabove, our currentresearchefforts arefocusedon
the task of gameplayanalysis. The dimensiongo be eval-
uatedwill be gamedependenthut the analysismethodsare
onepartthatmaybetransferredrom oneprojectto another
Our methodologyembraceghreebasictools usedin mary
branchesof Al research:abstiaction, sampling and ma-
chinelearning

Abstraction

Any gameenginehasfar morevariableghatwe canreason-
ably expectto interpret. Whenevaluatingthe gameengine,
we areinterestedn the dimensionswe areanalyzing(e.g.
time elapsedresourcegonsumedsuccessHilure, etc.) but
we may alsoneedto setthe conditionswe areinterestedn
sampling(e.g. position,speedjnitial resourcesetc.). This
is alargeandcomplex bodyof information,andwill needto
bereducedand/ortransformedn orderto be useful. There-
fore,we seekto abstractheraw gameenginestateinto some
smallersetof featuesthatwe canmoreeasilyinterpretand
control. While mary interestingfeatureswill be gamede-
pendentanddesigneddy hand,the Al literatureofferscon-
siderableresearchon how to automateabstractiorby auto-
matically discovering importantfeaturesof the data,either
by selectingimportantvariablesfrom amongstmary (fea-
ture selection or by mappingthe high-dimensionabame
stateto somelower-dimensionaketof featureqdimension-
ality reductior). We have not explored automatecdabstrac-
tion at presentput it is likely to bea usefultool. All of our
presentwork useshand-codedabstractiongo provide our
features.

Sampling

A games internal variables, combinedwith the player's
stratgiesandcontrols form averylargespace Gameften
includea randomcomponentso that, even given identical
initial conditionsandplayeractions outcomesnaydifferon
repeatedrials. Analyzingtheentirespaces clearlyinfeasi-
ble. While runningthe gamesimulationwithout graphicsor
speedimits allows for muchfasteranalysiswe still needto
con ne ouranalysigo only smallpartsof thegameatatime,
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Figure 1: Architecture for sampling/learninganalyzer
The “Sampler” and “Learner” componentsare not game-
dependent.

andeventhen,canonly explorepartof thesearchspace We
mustapproximateour evaluationsusingsampling

Machine Learning

Theraw datafrom samplingis toolargeandtoo complicated
to understandeadily. Machinelearningtechniquesangen-
eralizetheresultsof thedata,constructinganabstractmodel
of the games behaiiour andallowing us to visualizeover-
all resultsratherthanspeci c instanceslt alsoallows usto
male predictionsaboutpreviously unsampledointsin the
spaceandtestthem,or to suggeshew samplepointsto con-
rm ourgenerakonclusionr extendthemto new regions.
Thisuseof thelearnednodelto directsampling(alsoknown
asquerieg in orderto improvethemodelis known asactive
learning

Figure 1 shaws the interactionbetweenthe components
describedchere the gameengine andthevisualizer

Curr ent Reseach
SoccerViz

The SocceViz projectusesactive learningto analyzesce-
nariosin the ElectronicArts (EA) soccergame, FIFA'99?1
(e.g. asingleshootershootingat the goal). In this context,
a samplepoint consistsof aninitial statefed into the game
engineanda subsequergequenc®f actions.For example,
theinitial statemight have the shooterat position (Xs;Ys)
onthe eld andthegoalieat position(xg;ygy). Theshooter
thenkicks the ball toward point (xi ; yx )?. For thisrelatively
simple scenariowe alreadyhave a six-dimensionakpace.
Eachsampleproducesan outcome scoringor non-scoring,
whichis recorded Becausé-1FA'99 includessomerandom-
nessgachpointis sampledlLOtimesandall of theoutcomes
recorded.

1EA hasmadethe sourcecodeavailableto usfor this purpose
andtheprojectis in theproces®of beingextendedo work on FIFA
2004.

2In this descriptionwe use Cartesiancoordinatesput the ab-
stractionusedto control andinterpretFIFA'99 is in termsof po-
lar coordinateqe.g. the distanceand anglebetweenshooterand
goalie). Polar coordinatedetterexpressthe relative positionsre-
quiredto scoreandhenceresultin betterlearnedrules. Thisis part
of the hand-craftedbstractiormadefor FIFA'99.

Firstwe will describethe algorithmin generatermsbe-
fore describingthe speci ¢ components.The processs it-
eratve. Onthe rst step,a x ednumberof pointsareuni-
formly randomlyselectedfrom the spaceand sampledby
runningthemin the gameengine. We thenlearna set of
rulesfrom thesampledpoints. Next, we useanactive learn-
ing methodto decidewhich samplego collectnext, collect
the sampleand repeatto process. This can continueuntil
we have exhaustedwailabletime andresourcesor until our
learnedrulesceasdo change.

Rule Learners Rule learning methodsattemptto con-
structa setof rulesthat predictan outputbasedon inputs.
For example,in the soccerdomain,sucharule might be: IF
the shooteris within 5 metresof the goalie AND the angle
betweertheshootemndgoalieis betweer80 and40 AND
thegoalieis within 1 metreof the centreof the goal THEN
theprobability of scoringis 70%.

Fromagivensetof samplesasetof ruleswill belearned
whichdescribeéhegenerabehaiour of thegamein thisspe-
ci ¢ scenario.Theserulesarealreadyeasierto understand
thanthe raw six dimensionaldata-pointsjut visualization
toolscanmake themclearerstill, andarebettersuitedto de-
signerswith little or no programmingexperience.We will
shortly give anexampleof sucha visualizationtool.

We have usedtwo “off-the-shelf rule learningmethods
in our frameawork. The rst is C4.5(?), awell-known deci-
siontreelearningalgorithmthatis capableof renderingthe
learnedreeinto a setof rulessuitablefor our purposesThe
secondis SLIPPER(?), a more recentmethodthat learns
rulesdirectly andis basedon an earlierrule learner RIP-
PER(?), andthe AdaBoostiearningalgorithm(?). We refer
theinterestedreaderto the relevant publicationsfor details
of thesealgorithms. For our purposedere,all thatis im-
portantis to understandhata setof ruleshasbeenlearned
usingreadily available software,andthat differentlearning
algorithmscan be usedwithin our analysistool solong as
they producereasonableules.

Samplers The part of our researchthat hasreceved the
mostattentionis thesampling.Theliteratureonactivelearn-
ing offers mary algorithmsfor decidingwhereto sample
next, chie y differing in the heuristicsthey useto identify
“interesting” regions. We have implementedseveral sam-
plerswhichfall into threebroadcategories.

1. UncertaintySampling(?): Givena binary outcome(e.g.
scoringor not scoring)andrulesthat predicta probabil-
ity for the outcome,it's clearthat the regions of great-
estuncertainty(containinga small numberof con icting
samplesor noneat all) will assigna probability of 0.5
to both outcomes. Uncertainty samplingexaminesthe
learnedrulesto determinetheregionswheresuchpredic-
tionsaremadeandrecommendadditionalsampleghere.
This methodhassomesigni cant problems.If the proba-
bility of the outcomefor that region truly is 0.5, uncer
tainty samplingwill continueto allocate samplesthere
eventhoughit hasactuallydiscoveredthetrue probability
andshouldsampleelsavhere.

2. QueryBy Committee(QBC) (?): This is a collectionof



techniqueswith a commontheme. Insteadof learninga
single predictor one collectsseveral differentpredictors
(the committeg and trains them all using the available
data. The resultsare then examinedto determinethose
regionswherethe committeememberslisagreeghe most
andnew samplesreselectedrom thoseregions.Clearly,

there are mary possibleQBC algorithms, but we have

chosentwo existing algorithmsto implement.

(a) Queryby Boosting(?): We mentionedboosting(?) in
the previous sectionin the context of rule learnersbut
it is appliedsomeavhat differently The basicideais
to associatea weightwith eachsample,indicatingthe
relativeimportanceof correctlypredictingtheoutcome
of that sample. A predictoris thentrained with the
weightedsampleset. For thosesamplesvherethisnew

predictormakes a mistale, the weightsareincreased.
For thosewhereit is correcttheweightsaredecreased.

Thenanew predictoris trainedusingthe new weighted
sampleset,andthe procesgepeats Boostingis useful
because¢hesetof predictorscanbecombinedo form a
higherquality predictor However, in the QBC context,

we usethe setof predictorsas a committee. Even if

the samealgorithmis usedto train eachpredictor the
differencesn theweightsallow the predictorsto differ
aswell.

(b) Queryby Bagging(?): Bagging(?) is a methodfor
obtainingdifferent predictors,suitablefor a commit-
tee,evenwhenusingthe samealgorithmto learneach
predictor Theidea (similar to boosting)is to take the
available samplesand generatea new sampleset by
selectingthemrandomlyand with replacement.This
meanghatduplicatef somesamplesnayarisein the
new setandthatsomeof the samplesnay be missing.
By generatinganew setin orderto train eachpredictor
thepredictorscannow bedifferentandaresuitablefor
forming a committee.

3. Region-BasedSampling: Whereasthe precedingsam-
pling techniquesare effectively “off-the-shelf, thethree
techniquegresentecherewere developedby ourselhes,
basedon our intuitions aboutsamplingandits relation-
shipto theregionsidenti ed by therules.

(&) Minimum Density Sampling: Eachrule learnedfrom
the datacorrespondgo a volumein the samplespace
containingthe sampleswhich form the prediction of
thatrule (i.e. the probability). A very simpleapproach
to the active learningproblemis simply to ensurethat
we have sufcient evidencein all learnedregions. We
thereforeconsiderthe densityof samplepointsin the
rule's region (i.e. the numberof sampled region vol-
ume)andaddpointssampleduniformly within there-
gion until the densityis at someminimum|level, speci-
ed by aparameter

(b) BoundaryExtension: Eachrule boundsa region for
which it makes a prediction. The stratgy hereis to
samplepoints just beyond the boundaryof a rule to
seeif we canextendits boundaries. Figure 2 showvs
arule'sregion (whichis predictinga positive outcome)
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Figure 2: Boundary-Extensiorsampling: (a) Original re-
gion (b) Boundary-Extensiosamples
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Figure 3: CounterExampleSampling: (a) Original region
(b) CounterExamplesamples

andthenthe sameregion with the proposedboundary
extensionsamples.The size of the extensionis speci-
ed by aparameter

(c) CounterExample Sampling: Supposea region con-
tains a set of samplepoints where the overwhelm-
ing majority of outcomesare the same,but a very
few counterexamplesexist, asin Figure3. Counter
examplesamplingattemptsto determinef theseoddi-
tiesin thesamplearejustamatterachanceor represent
somesmallopposingegioncontainedvithin thelarger
regionwhich shouldbe coveredby its own rule. Thisis
doneby samplingpointsin the immediateneighbour
hoodof thecounterexample.

While the detailsof the varioussamplersare of research
interest,happily they aretransparento the designerusing
thetool. All of the above methodshave beenimplemented
but we do notyethave afull comparatie studyto determine
which combinatiorof rule learnersandsamplingtechniques
is best. However, our experiencewith the C4.5 learner
in combinationwith our own Region-Basedsamplingtech-
niquesshawvs thatthey producesensibleruleswhich we can
examinein therealgameengineto con rm our understand-
ing of whatis goingon. We ervision thatthe usageof this
tool will consistto alarge extentof thedesignetooking for
peculiarrulesandtherunningthe gameengineto determine
whetherthe behaiour is reasonableChangego the game-



Figure4: SoccewViz displayof alearnedrule which predicts
alow probability of scoring. Theareaoutlinednearthe goal

shaws goaliepositionscoveredby therule. Thetriangleex-

tendingoutinto the eld shavsshooterpositionscoveredby

therule. Black dotsshov sampledshooterpositionswhere
no goalwasscored.Oneparticularshootemositionsample
andthe correspondingyoaliepositionareshown.

play can be made,the samplesre-examined,and the new
ruleschecled againby the designelin aniterative process.
Futuresamplingenginesshouldalso allow the designerto
directsamplingtowardregionsof interest.

Visualization While we arenot primarily interestedn the
visualizationaspectwhich canprobablybe betterdesigned
and managedby gamedeveloperswho have considerable
graphics,userinterface, and gameplaydesignexperience,
we have developeda tool to demonstratethe resultsof the
learningprocessThe SocceViz visualizationtool is showvn
in Figure4. This tool displaysthe rules generatedy the
learningand allows the userto examinethe samplessup-
porting the rule. Thesesamplescanalso be directly visu-
alizedin the FIFA'99 engine(seeFigure5). This research
usesthe real gameengine. Visualizationis clearly special-
ized for soccer asis the stateabstraction put the analysis
tool (learnerandsamplingengine)is genericandshouldbe
transferabld@o othergames.This work waspresentedo de-
velopersat two ElectronicArts sportsgamestudios(Van-
couwer, BC andOrlando,FL) earlierthisyear

RPG Assessor

Our secondproject,still underearly developmentattempts
to analyzegameplayin role-playing games(RPGs) like
BioWare's popular “Neverwinter Nights” title. In these
games,the type of scenariois typically x ed by the de-
signer(e.g.a ght in aroomwith three“monsters”andthe
player's characterwho carriesa setof differentweapons).
This researchexploresa somevhat differentavenueto the
soccerresearchwherewe considerricher player stratgjies.
Thesestratgyiestake the form of policieswhich specifythe
player's reactionto the differentstatesencounterediuring
the action (e.g. if all threemonstersare alive, the player

Figure5: FIFA'99 gameenginerunninga simulationof the
shootergoaliesamplehighlightedin Figure4. The simula-
tionis runningin therealgameenginebut thegraphicshave
beensimpli ed for speed.SocceViz allows the userto di-
rectly export samplego the simulationso the designercan
obsenethebehaiour of therealgame.

will attackmonsterA, whereasf only monster8 andC are
alive, theplayerwill chooseto attackmonsterC, etc). Such
policiesare not the x ed sequencesf actionsusedin the
socceresearchbut entireplansof actioncoveringmultiple
possibleoutcomego eachstageof thebattle.

As with soccey the detailedgamestate(i.e. the health
of the playerandall heropponentsthe weapongsarriedby
each.etc.) formsa large spacevhich we mustabstracie.g.
monsterA is simply deador alive, etc). As before,the ab-
stractionis constructedy hand,but in orderto realizeour
policies,we mustdiscover which abstractstatesare reach-
ablefrom a given abstractstate(e.g. in the absenceof the
dubiousbene tsof necromany, the abstracttate*Monster
A is alive” is not reachabldrom “Monster A is dead”, but
thereversetransitionis quite sensible).Ratherthanhaving
the designerspecify this large set of absttact statetransi-
tions, we have developedsamplingmechanismghat auto-
matically discover the transitions. This is doneby starting
at the initial stateand systematicallyattemptingcombina-
tionsof actionsuntil we arecon dentthatwe have obsened
most, if not all, of the possibletransitions(extremely low
probability transitionsare unlikely to have profoundeffects
ongameplay).

Giventhestatetransitionswe canenumeratall possible
playerpoliciesandsamplethemto determinethe outcomes
for each. Unfortunately spacedoesnot allow usto to ex-
plain this processn greaterdetail, but the automaticransi-
tion discovery hasalreadybeendevelopedandis currently
beingtested We hopeto move ontothe policy samplingas-
pectin the nearfuture. The productsof this researctwill al-



low the designelto analyzethe scenariosn their gameand
discover potentially undesirablebehaiours (e.g. very few
player stratgjiesresultin successsomeparticularstratey
rendergheencountetrivial, etc).

The Futur e of Gameplay Management

Our gameplaymanagemenframework is basedon our dis-
cussionswith commercialgamedevelopers.We have con-
nectiongo severalcompaniesincludingElectronicArts (the
world's largestgamedeveloperandpublishemrmakingsports
and mary othergames) BioWare (top-ranked role-playing
games)andRelic Entertainment{award-winningreal-time
stratgly games). In this paperwe have presentednly our
currentresearchwhich is focusedon analysis. We believe
this is necessarilthe rst stepbecausehe tasksof visual-
izing andadjustinggameplayeffectively will betied to ob-
taining the right datafor the designerandfuture tools, and
summarizingt in usefulways.

Looking forward, thereare two fundamentalaysthese
ideascould be applied,which we will call ofine andon-
line. Ofine applicationsimpactonly the developmentof
the game. Analysisand adjustmentsare performedduring
the development,but the nal productdoesnot usethese
methods.More ambitiously online methodswould take ef-
fect while playing the nal game. Understandablydevel-
opersareconcernedboutonline methodsbecausehey can
impact the player experienceat a point when they longer
have control. We believe thatonlinemethodswill ultimately
be importantbut will needto be well-understoodand pre-
dictable.

We will now identify somespeci c tasks,someof which
arehandledentirely by handat presentand someof which
arerarely, if ever, used.

Of ine Methods

identifying sweet spots speci ¢ situations or player
stratgyiesthatrenderthe gametoo easy

identifying hard spots situationghataretoo dif cult and
whereonly very speci ¢ playerstrat@iesareeffective

balancingopposingforcesto ensureafair contest

hand-tuningsimulationparameterge.g. speed damage,
etc.)for dif culty level (e.g.Easy Normal,Hardsettings)

hand-tuningopponent/aliyAl for varyingdif culty level

retuningafterfeaturechange®r bug x es

automaticallytuning parameters

automaticallylearningstratejiesfor opponent/allyAl
Online

dynamically adjustingdif culty basedon recentplayer
performance

analyzingsituationso make opponent/allyAl decisions

providing feedbackon opponentAl vs. player perfor
mancefor learning

providing commentaryfeedbackpr adviceto the player
duringthegame

Potential Bene ts
augmenhumantestingwith computationatesources

designerdriven testing stratgies allowing more direct
controlthanby managincghumantesters

regressiorsuites(collectionsof goalsandanalysisstrate-
giesthatmay berepeatedlytestedasthegamechanges)

Conclusions

Marny of theabove tasksrepresenambitiousgoalsbut all of
our contactswith theindustryindicatea strong,widespread
inclination to pursuethem. They will undoubtedlyform a
substantiaportionof our futureresearchOur currentwork
on gameplayanalysisshawvs that the task offers mary in-
terestingAl researchproblemsand our initial resultsare
promising. Oncewe have goodanalyzerdn place,we can
look forward to the adjustmentaspectof the task, tuning
gameparametersautomaticallyto meetgoals. We believe
thiswork will berewardingto boththe Al researcttommu-
nity andgamedevelopersandoffersanotheravenuefor Al
researcho interfacewith computergames.
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