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ABSTRACT

Machinelearningapproachestoplayermodelingtraditionallyemployahigh-levelgame-knowledge-
basedfeatureforrepresentinggamesessions,andoftenplayerbehavioralfeaturesaswell.Thepresent
workmakesuseofgenericlow-levelfeaturesandlatentsemanticanalysisforunsupervisedplayer
modeling,butmostlyforrevealingunderlyinghiddeninformationregardinggamesemanticsthatis
noteasilydetectablebeforehand.
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INTRodUCTIoN

Playermodelinghasbeenattractingtheinterestofgamedesignanddevelopmentexpertsforseveral
years,asameanstoincreaseplayersatisfactionandimmersion.Accordingtotheinclusivereviews
in(Smithetal.,2011)and(Hooshyaretal.,2018),modelingtechniquesvaryfromempirical(data-
driven)(Thueetal.,2007;Thurau&Bauckhage,2010;Robertsetal.,2007;Geisler,2002;Drachen
etal.,2013),wheretheapplicationofmachinelearningorstatisticalanalysistogamingdataenables
predictionsofplayingstyles,totheoretical(i.e.analytical),mostlyapplicabletoboard-likegames,
wheresearchandoptimizationtechniquesareusedtodeterminethemovestowardsthebestoutcome
(Bellman,1965).Theterm‘playstyle’ indicates themanner inwhicheachplayerbehaveswhile
playing,i.e.thechoiceshemakes,hisreactions,hisresponsetimeetc.

Regarding empirical approaches to player modeling, various learning techniques have been
experimentedwith;supervised, likesupportvectormachinesforpredictingdifficultyadjustment
(Missura&Gaertner,2009),Bayesiannetworksforclassification(Heetal.,2008),statisticalanalysis
ofthedistributionofplayeractions(Thawonmas&Ho,2007),andunsupervised,likeself-organizing
maps(Drachenetal.,2009),reinforcementlearning(Kang&Tan,2010),transferlearning(Shahine
&Banerjee,2007)andpreferencelearning(Yannakakisetal.,2009).Supervisedtechniques(stand-
aloneorincombinationwithunsupervisedapproaches)havebeengaininginpopularity(Bissonet
al.,2015;Luoetal.,2016;Minetal.,2016;Tamassiaetal.,2016;Falakmasiretal.,2016;Gaoet
al.,2016)duringthelastthree-fouryears,comparedtopurelyunsupervisedapproaches(Drachenet
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al.,2009;Anagnostou&Maragoudakis,2009;Cowleyetal.,2014),mostlyduetotheirimproved
performance. Dimensionality reduction techniques, other than self-organizing maps, have been
experimentedwithforunsupervisedmodeling:LinearDiscriminantAnalysishasbeenappliedto
arcade-styleaswellascombat-stylegames(Gowetal.,2012),wherematchdataareannotatedwith
theplayers’identitytoenablethesupervisedapplicationofLinearDiscriminantAnalysis,andthen
k-meansclusteringgroupstogetherplayersofthesamegamingstyle.

Allpreviousapproachesusealimitednumberofhigh-levelgameandplayerfeaturestoperform
modeling,thataregame-dependent(varyfromgametogame,andagameexpertisrequiredtodefine
them)andwhoseimpactontheplayermodelistosomeextenta-priorisensed.Highlevelfeatures
indicatedirectlyandalmostexplicitlythegamestatus.High-levelfeaturesincombat-stylegames
may, for instance, include thenumberofweaponsobtained, thenumberof shotsperformed, the
numberofsparelivesaccumulated.Thehigh-levelfeaturesposesignificantdemandsonknowledge
resources,whiletheyminimizeexpectationstoextractnewknowledgeandunforeseenrelationsand
dependenciesbetweengameandplayerfeatures.Lowlevelfeatures,ontheotherhand,arefeatures
thatdescribethemorphologyofthegameterrain,atspecifictimeintervals,andthegamestatus
needstobeindirectlydeducted.

LatentSemanticAnalysis(LSA)hasbeenappliedwithsignificantsuccesstoseveraldomains,
otherthanIR,likeessayassessmentinlanguagelearning(Haleyetal.,2005),intelligenttutoring
(Graesseretal.,2007), textcohesionmeasurement(McCarthyetal.,2007),summaryevaluation
(Steinberger & Jezek, 2004), text categorization (Nakov et al., 2003). Although all previously
mentionedLSAapplicationshavebeenperformedontextcorpora,someapproacheshaveproposed
its use in different non-textual knowledgedomains likeboardgameplayermodeling (Zampa&
Lemaire,2002),complexproblemsolving(Quesadaetal.,2001),genefunctionprediction(Done
etal.,2010;Dongetal.,2006;Ganapathitajuetal.,2005),webnavigationbehaviorprediction(van
Oostendorp&Juvina,2007),collaborativefiltering(Hofmann,2004),semanticdescriptionofimages
(Basilietal.,2007).

LatentDirichletAllocation(LDA)hasbeenappliedtoseveraldistinctmodelingapplications,
liketopicdetection(Griffiths&Steyvers,2004;Weinshalletal.,2013),tagrecommendation(Krestel
etal.,2009),entityresolution(Bhattacharya&Getoor,2006),humanactionrecognitioninvideo
streams(Deepaketal.,2013),spamrecognition(Broetal.,2009),satelliteimageclustering(Tang
etal.,2013),floodeventmodeling(Aubertetal.,2013),sourcecodeanalysis(Grantetal.,2013).

Thepresentworkproposesgroupingsimilarplayingstylestogetherbymodelingthesemanticsof
thegamedomain.Therearetwopossiblewaysforsupplyingdomainknowledge(Lemaire,1998):by
hand,makinguseofdomainexperts’know-how,andautomatically,byderivingthesemanticsfrom
largecorporaof“word”sequences,i.e.sequencesofconceptsthatcarryunitsofmeaningrelatedto
thedomain.Thefirstapproachismoreaccurate,butdomain-dependent,whilethesecond(adopted
inthepresentwork)isusefulwhennohand-craftedknowledgeisavailable.

Inanattempttodisassociatetheplayermodelingprocessfromthenecessityofanalreadyknown
high-levelknowledge-basedfeatureset,thepresentpaperproposes:

• The use of numerous low-level generic screen-distributed features, relatively easily derived
fromanyactiongame,thatareraw(i.e.theyareunprocessedanddon’tundergoanyaveraging/
ratecountsetc.);also,nosophisticatedknowledgeaboutthegameisrequired(e.g.specifictime
lapses,specificplayerreactions,specificgameframesandperiods);

• The use of these features to model an action game domain knowledge, i.e. to semantically
representgamestatesandgamesessions;

• TheapplicationofLSAtothegameterm-documentmatrixinordertoenabletherevelationof
hidden,previouslyunknownsemanticrelationsamongplayers,gamestatesandsessions;

• ThecomparisonofLSAtoothersemanticmodelingapproaches,likeLDA,tonotetheirdifferences
inaddressingthedatasparsenessproblem.
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