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Abstract

While presentationaspectslike graphicsandsoundare im-
portantto a successfulcommercialgame,it is likewise im-
portantthat the gameplay, the non-presentationalbehaviour
of thegame,is engagingto theplayer. Considerableeffort is
investedin testingandre�ning gameplaythroughoutthede-
velopmentprocess.We presentanoverall view of thegame-
play managementproblemand,moreconcretely, our recent
researchon thegameplayanalysispartof this task.Thiscon-
sistsof anactivelearningmethodology, implementedin soft-
waretools, for partially automatingtheanalysisof gamebe-
haviour in orderto augmenttheabilitiesof gamedesigners.

Intr oduction
Fromits earliestdays,computingsciencehasplayedanin-
creasingrole in therealmof games.Traditionalgameslike
chesswere amongthe early problemsaddressedby arti�-
cial intelligence(AI) research,while computergraphicsand
simulationhave givenrise to a whole new genreof games,
now comprisingamulti-billion dollarindustry. Wewill refer
to this new classassimplycomputergames. We distinguish
thesefrom traditionalgames,whichmaybeplayedby com-
putersbut donot requireone.

Comparedwith traditional games, modern computer
gamesarevery complex constructions,involving many pa-
rametersfor thesimulationandAI. Thevirtual worldspor-
trayedin many gamesarethree-dimensionalandhave com-
plicatedphysicsmodels.Suchworldsareeffectively contin-
uousspaces,andplayercontrolsareoftensimilarly contin-
uous(e.g. analogcontrollers).Anotherkey differencefrom
traditionalgamesis that thereis a muchwider variationin
scenarios.Chessis alwaysplayedon the sameboard,and
most traditional gamesusea widely acceptedset of rules
with only minor variations. By contrast,computergames
mayhavemany different"levels"or "maps",includingsome
developedby theplayersthemselves. Thereareoftena va-
riety of rulesandoptions,andeventheobjectivesandcon-
straintsmay changein differentportionsof the game.The
numberof playersoftenvariestoo,especiallywhenplaying
on the Internet,andtheremay be a mixture of humanand
computer-controlledplayers.
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This variability posesdif�cult problemsfor developers.
They must expend considerableeffort to ensurethat the
gameis "well-behaved"acrossthewidestpossiblerangeof
scenarios.Beyondthealreadydif�cult taskof ensuringthat
thegamerunsreliably(e.g.nocrashes,graphicalglitches,or
networking problems),they mustensurethatthesimulation
is plausibleandconsistent,thatarti�cial opponentsandal-
liesbehavereasonably, and,mostimportantly, thatthegame
is enjoyable for the player. We will refer to this rangeof
objectivesasthegameplayof a game.

Gameplayis a popularterm usedthroughoutthe indus-
try. Lackingany precisede�nition, it typically refersto the
behaviour of a game(e.g. the rules,dif�culty , consistency,
fairness,goals,andconstraints),ratherthanthepresentation
of thegame(e.g. graphics,artwork, andsound).Gameplay
contributesmuchto theenjoyability of a gameandconsid-
erableeffort is investedin designingandre�ning gameplay.
This problemis nothingnew to gamedevelopers. Quality
assuranceandplaytestingare fundamentalpartsof the de-
velopmentprocess,evaluatinggameplayalong with other
gameaspects.For themostpart,theseevaluationsaremade
by continuouslyplaying the gameduring developmentand
adjustingaccordingly. Toward the endof the development
cycle,many humantestersareemployedto rigorouslyexer-
cisethe game,catchingremainingbugsand�ne-tuning its
behaviour.

Whenpeopleconsiderarti�cial intelligencein thecontext
of computergames,the most commonassociationis with
computer-controlledopponentsandallies.While this is cer-
tainly a key applicationof AI methods,it is not the only
areain which AI can contribute to computergames. Our
recentresearchhasbeendirectedtowardwhatwecall semi-
automatedgameplayanalysis, developingtechniquesto par-
tially automatethe processof evaluatinggameplayduring
developmentin orderto reducetheburdenondesignersand
improvethequalityof the�nal product.To thisend,wehave
developedsamplingand machinelearningtechniquesthat
automaticallyexplore the behaviour of the gameand pro-
vide intelligible summariesto thedesigner. We usetheterm
semi-automaticto reinforcethe notion that suchtools can
not replace,but canonly augmentthehumandesigner, help-
ing themto make thecomplex decisionsaboutwhatconsti-
tutesenjoyablegameplay. This analysisis a key component
in thelargertaskof gameplaymanagement, whichdealsnot



only with theanalysisof gameplay, but thevisualizationof
analysisresultsandtheadjustmentof thegame'sparameters
anddesign.

In thefollowing sections,we will brie�y characterizethe
overall gameplaymanagementtask and its role in the de-
velopmentprocess,and then focus on gameplayanalysis,
presentingtwo currentresearchefforts aimedat providing
suitabletechniques.Detailsregardingthesamplingmethods
andmachinelearningtechniquesusedin thesetwo projects
will beprovided,andwewill concludewith somediscussion
aboutthe wider gameplaymanagementtaskandthe corre-
spondingpossibility for future researchand improvements
to computergames.

GameplayManagement
It is dif�cult to characterizethegameplaymanagementtask
precisely. This is largelydueto thefactthatit inevitably in-
volvessomehumanjudgement.“Enjoyability” is essentially
impossibleto quantify.

An integral but complex partof enjoyability is thegame-
playoffered.Thedesigneroftenwantsto vary thegameplay
throughoutthe game(e.g. by varying dif�culty , the rules,
or theobjectives). It is naive to think that this problemcan
be addressedwithout humanintervention. However, com-
putationaltools canreducethe humanburden,allow more
extensive testing,and searchin systematicways that may
betediousor unintuitive to a human.Wherepossible,these
toolsshouldbeapplicableto many games.This re-usability
is importantsinceindustry developmentcycles have little
time to spareto develop suchtools every time. The tools
mustbeeasyto use.Many designersandtestersarenotpro-
grammersso it is not reasonableto expectthemto write or
understandcomplex scriptsto guidetheprocess.

Someof the basicaspectsof gameplaymanagementin-
clude:

dimensions: Whataspectsof gameplayis thedesignerin-
terestedin? Someinterestingaspectsincludethe time to
completepartof thegame,the “cost” (e.g. health,game
money, resources)involved, and the probability of suc-
ceeding.Theamountvariancein any oneof theseis also
of interest(highly variableoutcomesmay indicatean in-
consistency or bug in gameplay).All of theseareaspects
which thedesignermaywish to analyzeor constrain.

goals: What goalsdoesthe designerhave in mind? They
maywish to limit gameplayalongsomedimensions(e.g.
the gameshouldusually take less than 8 hours,or the
playershouldbe able to win by only a narrow margin).
They maywish to prioritizegoals.

analysis: Oncedimensionshave beenidenti�ed, how may
they beevaluated?To whatextentcanthey bequanti�ed
andestimated?This is a hardproblemall by itself and
forms the focus of our currentresearchefforts and this
paper.

adjustment: Given the dimensionsandthe ability to ana-
lyze partsof thegame,whatmaybedoneto achieve the
goalssetby designers?Currently, mostof theadjustment
is doneby hand. It may be possibleto automateparts

of the process,with the designerre�ning goalsand the
softwareworking to achieve them. This is a key part of
theproblem,andverydif�cult, but onewhichwewill not
considerdeeplyat present. Before one can adjust,one
mustbeableto analyze.

visualization: How cangoalsandtheresultsof analysisbe
expressedby, andpresentedto, thedesigner?Whileall as-
pectsof gameplaymanagementwill beheavily gamede-
pendent,this aspectmaybethemostso. Themethodfor
expressinggoalsis a goodAI problem,but otherpartsof
thevisualizationseemmoresuitedto userinterfacedesign
and,ultimately, thegamedeveloperswill bestunderstand
how to interactwith their game. We concernourselves
with visualizationonly to theextentnecessaryto demon-
strateour ideas,while recognizingthatthis is asigni�cant
partof theproblem.

GameplayAnalysis
As notedabove,our currentresearchefforts arefocusedon
the taskof gameplayanalysis. The dimensionsto be eval-
uatedwill begamedependent,but theanalysismethodsare
onepartthatmaybetransferredfrom oneprojectto another.
Our methodologyembracesthreebasictools usedin many
branchesof AI research:abstraction, sampling, and ma-
chinelearning.

Abstraction
Any gameenginehasfarmorevariablesthatwecanreason-
ably expectto interpret.Whenevaluatingthegameengine,
we areinterestedin the dimensionswe areanalyzing(e.g.
time elapsed,resourcesconsumed,success/failure,etc.) but
we mayalsoneedto settheconditionswe areinterestedin
sampling(e.g. position,speed,initial resources,etc.). This
is alargeandcomplex bodyof information,andwill needto
bereducedand/ortransformedin orderto beuseful.There-
fore,weseekto abstracttheraw gameenginestateinto some
smallersetof featuresthatwe canmoreeasilyinterpretand
control. While many interestingfeatureswill be gamede-
pendentanddesignedby hand,theAI literatureofferscon-
siderableresearchon how to automateabstractionby auto-
matically discovering importantfeaturesof the data,either
by selectingimportantvariablesfrom amongstmany (fea-
ture selection) or by mappingthe high-dimensionalgame
stateto somelower-dimensionalsetof features(dimension-
ality reduction). We have not exploredautomatedabstrac-
tion at present,but it is likely to bea usefultool. All of our
presentwork useshand-codedabstractionsto provide our
features.

Sampling
A game's internal variables,combinedwith the player's
strategiesandcontrols,form averylargespace.Gamesoften
includea randomcomponent,so that, even given identical
initial conditionsandplayeractions,outcomesmaydifferon
repeatedtrials. Analyzingtheentirespaceis clearlyinfeasi-
ble. While runningthegamesimulationwithoutgraphicsor
speedlimits allows for muchfasteranalysis,westill needto
con�ne ouranalysisto onlysmallpartsof thegameatatime,



Figure 1: Architecture for sampling/learninganalyzer.
The “Sampler” and “Learner” componentsare not game-
dependent.

andeventhen,canonly explorepartof thesearchspace.We
mustapproximateourevaluationsusingsampling.

Machine Learning
Theraw datafrom samplingis toolargeandtoocomplicated
to understandreadily. Machinelearningtechniquescangen-
eralizetheresultsof thedata,constructinganabstractmodel
of the game's behaviour andallowing us to visualizeover-
all resultsratherthanspeci�c instances.It alsoallows usto
make predictionsaboutpreviously unsampledpointsin the
spaceandtestthem,or to suggestnew samplepointsto con-
�rm ourgeneralconclusionsor extendthemto new regions.
Thisuseof thelearnedmodelto directsampling(alsoknown
asqueries) in orderto improvethemodelis known asactive
learning.

Figure1 shows the interactionbetweenthe components
describedhere,thegameengine,andthevisualizer.

Curr ent Research
SoccerViz
TheSoccerViz projectusesactive learningto analyzesce-
nariosin the ElectronicArts (EA) soccergame,FIFA'991

(e.g. a singleshootershootingat thegoal). In this context,
a samplepoint consistsof an initial statefed into thegame
engineanda subsequentsequenceof actions.For example,
the initial statemight have the shooterat position(xs ; ys)
on the�eld andthegoalieat position(xg; yg). Theshooter
thenkicks theball towardpoint (xk ; yk )2. For this relatively
simplescenario,we alreadyhave a six-dimensionalspace.
Eachsampleproducesanoutcome,scoringor non-scoring,
whichis recorded.BecauseFIFA'99 includessomerandom-
ness,eachpoint is sampled10 timesandall of theoutcomes
recorded.

1EA hasmadethesourcecodeavailableto us for this purpose
andtheprojectis in theprocessof beingextendedto work onFIFA
2004.

2In this descriptionwe useCartesiancoordinates,but the ab-
stractionusedto control and interpretFIFA'99 is in termsof po-
lar coordinates(e.g. the distanceandanglebetweenshooterand
goalie). Polarcoordinatesbetterexpressthe relative positionsre-
quiredto scoreandhenceresultin betterlearnedrules.This is part
of thehand-craftedabstractionmadefor FIFA'99.

First we will describethealgorithmin generaltermsbe-
fore describingthe speci�c components.The processis it-
erative. On the �rst step,a �x ednumberof pointsareuni-
formly randomlyselectedfrom the spaceand sampledby
running them in the gameengine. We then learn a set of
rulesfrom thesampledpoints.Next, weuseanactive learn-
ing methodto decidewhich samplesto collectnext, collect
the sampleand repeatto process.This cancontinueuntil
wehaveexhaustedavailabletimeandresources,or until our
learnedrulesceaseto change.

Rule Learners Rule learning methodsattempt to con-
structa setof rules that predictan outputbasedon inputs.
For example,in thesoccerdomain,sucha rulemight be: IF
theshooteris within 5 metresof thegoalieAND theangle
betweentheshooterandgoalieis between30� and40� AND
thegoalieis within 1 metreof thecentreof thegoalTHEN
theprobabilityof scoringis 70%.

Fromagivensetof samples,asetof ruleswill belearned
whichdescribethegeneralbehaviourof thegamein thisspe-
ci�c scenario.Theserulesarealreadyeasierto understand
thanthe raw six dimensionaldata-points,but visualization
toolscanmakethemclearerstill, andarebettersuitedto de-
signerswith little or no programmingexperience.We will
shortlygiveanexampleof sucha visualizationtool.

We have usedtwo “off-the-shelf” rule learningmethods
in our framework. The�rst is C4.5(?), a well-known deci-
siontreelearningalgorithmthat is capableof renderingthe
learnedtreeinto asetof rulessuitablefor ourpurposes.The
secondis SLIPPER(?), a more recentmethodthat learns
rulesdirectly and is basedon an earlier rule learner, RIP-
PER(?), andtheAdaBoostlearningalgorithm(?). Werefer
the interestedreaderto the relevantpublicationsfor details
of thesealgorithms. For our purposeshere,all that is im-
portantis to understandthata setof ruleshasbeenlearned
usingreadilyavailablesoftware,andthatdifferentlearning
algorithmscanbe usedwithin our analysistool so long as
they producereasonablerules.

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

1. UncertaintySampling(?): Given a binary outcome(e.g.
scoringor not scoring)andrulesthat predicta probabil-
ity for the outcome,it' s clear that the regions of great-
estuncertainty(containinga smallnumberof con�icting
samples,or noneat all) will assigna probability of 0.5
to both outcomes. Uncertaintysamplingexaminesthe
learnedrulesto determinetheregionswheresuchpredic-
tionsaremadeandrecommendsadditionalsamplesthere.
Thismethodhassomesigni�cant problems.If theproba-
bility of the outcomefor that region truly is 0.5, uncer-
tainty samplingwill continueto allocatesamplesthere
eventhoughit hasactuallydiscoveredthetrueprobability
andshouldsampleelsewhere.

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



techniqueswith a commontheme. Insteadof learninga
singlepredictor, onecollectsseveral differentpredictors
(the committee) and trains them all using the available
data. The resultsare thenexaminedto determinethose
regionswherethecommitteemembersdisagreethemost
andnew samplesareselectedfrom thoseregions.Clearly,
there are many possibleQBC algorithms,but we have
chosentwo existingalgorithmsto implement.

(a) Queryby Boosting(?): We mentionedboosting(?) in
theprevioussectionin thecontext of rule learnersbut
it is appliedsomewhat differently. The basic idea is
to associatea weightwith eachsample,indicatingthe
relative importanceof correctlypredictingtheoutcome
of that sample. A predictor is then trainedwith the
weightedsampleset.For thosesampleswherethisnew
predictormakesa mistake, the weightsare increased.
For thosewhereit is correct,theweightsaredecreased.
Thenanew predictoris trainedusingthenew weighted
sampleset,andtheprocessrepeats.Boostingis useful
becausethesetof predictorscanbecombinedto form a
higherqualitypredictor. However, in theQBCcontext,
we usethe setof predictorsasa committee. Even if
thesamealgorithmis usedto train eachpredictor, the
differencesin theweightsallow thepredictorsto differ
aswell.

(b) Query by Bagging(?): Bagging(?) is a methodfor
obtainingdifferent predictors,suitablefor a commit-
tee,evenwhenusingthesamealgorithmto learneach
predictor. The idea(similar to boosting)is to take the
available samplesand generatea new sampleset by
selectingthemrandomlyandwith replacement.This
meansthatduplicatesof somesamplesmayarisein the
new setandthatsomeof thesamplesmaybemissing.
By generatinganew setin orderto traineachpredictor,
thepredictorscannow bedifferentandaresuitablefor
forminga committee.

3. Region-BasedSampling: Whereasthe precedingsam-
pling techniquesareeffectively “off-the-shelf”, the three
techniquespresentedhereweredevelopedby ourselves,
basedon our intuitions aboutsamplingand its relation-
shipto theregionsidenti�ed by therules.

(a) Minimum DensitySampling: Eachrule learnedfrom
the datacorrespondsto a volumein the samplespace
containingthe sampleswhich form the predictionof
thatrule (i.e. theprobability). A very simpleapproach
to theactive learningproblemis simply to ensurethat
we have suf�cient evidencein all learnedregions. We
thereforeconsiderthe densityof samplepoints in the
rule's region (i.e. thenumberof samples/ region vol-
ume)andaddpointssampleduniformly within there-
gion until thedensityis at someminimumlevel, speci-
�ed by a parameter.

(b) BoundaryExtension: Eachrule boundsa region for
which it makes a prediction. The strategy hereis to
samplepoints just beyond the boundaryof a rule to
seeif we can extend its boundaries.Figure2 shows
arule's region(which is predictingapositiveoutcome)

(a) (b)

Figure2: Boundary-ExtensionSampling: (a) Original re-
gion (b) Boundary-Extensionsamples

(a) (b)

Figure3: Counter-ExampleSampling: (a) Original region
(b) Counter-Examplesamples

andthenthesameregion with the proposedboundary
extensionsamples.Thesizeof theextensionis speci-
�ed by aparameter.

(c) Counter-ExampleSampling: Supposea region con-
tains a set of samplepoints where the overwhelm-
ing majority of outcomesare the same,but a very
few counter-examplesexist, as in Figure3. Counter-
examplesamplingattemptsto determineif theseoddi-
tiesin thesamplearejustamatterachanceor represent
somesmallopposingregioncontainedwithin thelarger
regionwhichshouldbecoveredby its own rule. This is
doneby samplingpoints in the immediateneighbour-
hoodof thecounter-example.

While thedetailsof thevarioussamplersareof research
interest,happily they are transparentto the designerusing
the tool. All of theabove methodshave beenimplemented
but wedonotyethaveafull comparativestudyto determine
whichcombinationof rule learnersandsamplingtechniques
is best. However, our experiencewith the C4.5 learner
in combinationwith our own Region-Basedsamplingtech-
niquesshowsthatthey producesensibleruleswhichwe can
examinein therealgameengineto con�rm our understand-
ing of what is goingon. We envision that theusageof this
tool will consistto a largeextentof thedesignerlooking for
peculiarrulesandtherunningthegameengineto determine
whetherthebehaviour is reasonable.Changesto thegame-



Figure4: SoccerViz displayof alearnedrulewhichpredicts
a low probabilityof scoring.Theareaoutlinednearthegoal
showsgoaliepositionscoveredby therule. Thetriangleex-
tendingout into the�eld showsshooterpositionscoveredby
therule. Black dotsshow sampledshooterpositionswhere
no goalwasscored.Oneparticularshooterpositionsample
andthecorrespondinggoaliepositionareshown.

play can be made,the samplesre-examined,and the new
rulescheckedagainby thedesignerin an iterative process.
Futuresamplingenginesshouldalsoallow the designerto
directsamplingtowardregionsof interest.

Visualization While wearenotprimarily interestedin the
visualizationaspect,which canprobablybebetterdesigned
and managedby gamedeveloperswho have considerable
graphics,user-interface,and gameplaydesignexperience,
we have developeda tool to demonstratestheresultsof the
learningprocess.TheSoccerViz visualizationtool is shown
in Figure4. This tool displaysthe rulesgeneratedby the
learningand allows the userto examinethe samplessup-
porting the rule. Thesesamplescanalsobe directly visu-
alizedin the FIFA'99 engine(seeFigure5). This research
usesthe realgameengine.Visualizationis clearlyspecial-
ized for soccer, as is the stateabstraction,but the analysis
tool (learnerandsamplingengine)is genericandshouldbe
transferableto othergames.Thiswork waspresentedto de-
velopersat two ElectronicArts sportsgamestudios(Van-
couver, BC andOrlando,FL) earlierthisyear.

RPG Assessor
Our secondproject,still underearlydevelopment,attempts
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 a roomwith three“monsters”andthe
player's character, who carriesa setof differentweapons).
This researchexploresa somewhat differentavenueto the
soccerresearchwherewe considerricher playerstrategies.
Thesestrategiestake theform of policieswhich specifythe
player's reactionto the differentstatesencounteredduring
the action (e.g. if all threemonstersare alive, the player

Figure5: FIFA'99 gameenginerunninga simulationof the
shooter-goaliesamplehighlightedin Figure4. Thesimula-
tion is runningin therealgameenginebut thegraphicshave
beensimpli�ed for speed.SoccerViz allows theuserto di-
rectly export samplesto the simulationso thedesignercan
observethebehaviour of therealgame.

will attackmonsterA, whereasif only monstersB andC are
alive, theplayerwill chooseto attackmonsterC, etc).Such
policiesarenot the �x ed sequencesof actionsusedin the
soccerresearch,but entireplansof actioncoveringmultiple
possibleoutcomesto eachstageof thebattle.

As with soccer, the detailedgamestate(i.e. the health
of theplayerandall heropponents,theweaponscarriedby
each,etc.) formsa largespacewhichwe mustabstract(e.g.
monsterA is simply deador alive, etc). As before,theab-
stractionis constructedby hand,but in orderto realizeour
policies,we mustdiscover which abstractstatesarereach-
ablefrom a given abstractstate(e.g. in the absenceof the
dubiousbene�tsof necromancy, theabstractstate“Monster
A is alive” is not reachablefrom “Monster A is dead”,but
the reversetransitionis quitesensible).Ratherthanhaving
the designerspecify this large set of abstract statetransi-
tions, we have developedsamplingmechanismsthat auto-
matically discover the transitions.This is doneby starting
at the initial stateandsystematicallyattemptingcombina-
tionsof actionsuntil wearecon�dent thatwehaveobserved
most, if not all, of the possibletransitions(extremely low
probabilitytransitionsareunlikely to have profoundeffects
ongameplay).

Giventhestatetransitions,we canenumerateall possible
playerpoliciesandsamplethemto determinetheoutcomes
for each. Unfortunately, spacedoesnot allow us to to ex-
plain this processin greaterdetail,but theautomatictransi-
tion discovery hasalreadybeendevelopedandis currently
beingtested.We hopeto moveontothepolicy samplingas-
pectin thenearfuture.Theproductsof this researchwill al-



low thedesignerto analyzethescenariosin their gameand
discover potentiallyundesirablebehaviours (e.g. very few
playerstrategiesresult in success,someparticularstrategy
renderstheencountertrivial, etc).

The Future of GameplayManagement
Our gameplaymanagementframework is basedon our dis-
cussionswith commercialgamedevelopers.We have con-
nectionstoseveralcompanies,includingElectronicArts (the
world's largestgamedeveloperandpublishermakingsports
andmany othergames),BioWare(top-ranked role-playing
games),andRelic Entertainment(award-winningreal-time
strategy games).In this paperwe have presentedonly our
currentresearchwhich is focusedon analysis. We believe
this is necessarilythe �rst stepbecausethe tasksof visual-
izing andadjustinggameplayeffectively will be tied to ob-
taining the right datafor thedesignerandfuture tools,and
summarizingit in usefulways.

Looking forward, therearetwo fundamentalwaysthese
ideascould be applied,which we will call of�ine andon-
line. Of�ine applicationsimpact only the developmentof
the game. Analysisandadjustmentsareperformedduring
the development,but the �nal productdoesnot usethese
methods.More ambitiously, onlinemethodswould take ef-
fect while playing the �nal game. Understandably, devel-
opersareconcernedaboutonlinemethodsbecausethey can
impact the player experienceat a point when they longer
havecontrol.Webelievethatonlinemethodswill ultimately
be importantbut will needto be well-understoodandpre-
dictable.

We will now identify somespeci�c tasks,someof which
arehandledentirelyby handat presentandsomeof which
arerarely, if ever, used.

Of�ine Methods

� identifying sweet spots, speci�c situations or player
strategiesthatrenderthegametooeasy

� identifyinghard spots, situationsthataretoodif�cult and
whereonly veryspeci�c playerstrategiesareeffective

� balancingopposingforcesto ensurea fair contest

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

� hand-tuningopponent/allyAI for varyingdif�culty level

� retuningafterfeaturechangesor bug�x es

� automaticallytuningparameters

� automaticallylearningstrategiesfor opponent/allyAI

Online

� dynamicallyadjustingdif�culty basedon recentplayer
performance

� analyzingsituationsto makeopponent/allyAI decisions

� providing feedbackon opponentAI vs. player perfor-
mancefor learning

� providing commentary, feedback,or adviceto theplayer
duringthegame

Potential Bene�ts

� augmenthumantestingwith computationalresources

� designer-driven testing strategies allowing more direct
controlthanby managinghumantesters

� regressionsuites(collectionsof goalsandanalysisstrate-
giesthatmayberepeatedlytestedasthegamechanges)

Conclusions
Many of theabovetasksrepresentambitiousgoalsbut all of
our contactswith theindustryindicatea strong,widespread
inclination to pursuethem. They will undoubtedlyform a
substantialportionof our futureresearch.Our currentwork
on gameplayanalysisshows that the task offers many in-
terestingAI researchproblemsand our initial resultsare
promising. Oncewe have goodanalyzersin place,we can
look forward to the adjustmentaspectof the task, tuning
gameparametersautomaticallyto meetgoals. We believe
thiswork will berewardingto boththeAI researchcommu-
nity andgamedevelopers,andoffersanotheravenuefor AI
researchto interfacewith computergames.
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