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Abstract

This paperprovidesa suney of previously publishedwork on machinelearn-
ing in gameplaying. The materialis organizedarounda variety of problems
that typically arisein gameplaying andthat canbe solved with machinelearn-
ing methods.This approachwe believe, allows both,researchers gameplaying
to find appropriatdearningtechniquegor helpingto solve their problemsaswell
asmachinelearningresearcherto identify rewardingtopicsfor further research
in game-playinglomains. The papercoverslearningtechniqueghatrangefrom
neuralnetworksto decisiontreelearningin gameghatrangefrom pokerto chess.
However, spaceconstraintgprevent us from giving detailedintroductionsto the
usedlearningtechniquesor games. Overall, we aimedat striking a fair balance
betweerbeingexhaustve andbeingexhausting.

*To appearin: J.Furnkranz& M. Kubat: MachineghatLearnto PlayGamesNova ScientificPublishers,
Chapter2, pp. 11-59,Huntington,NY, 2001.



1 Samuel’sL egacy

In 1947,Arthur L. Samuelat thetime Professoof ElectricalEngineeringat the Uni-
versity of lllinois, cameup with the ideaof building a checkergprogram. Checkers,
generallybeingregardeda simplergamethanchessseemedo be a perfectdomainfor
demonstratinghe power of symboliccomputingwith a quick programmingproject.
The planwasstraight-forward:“write a programto play cheders|[...] challengethe
world championand beathim”. With this tiny project, he hopedto generateenough
interestfor raisingfundsfor a universitycomputer

Little did Samuelknow that he would work on this programfor the next two
decadestherebyproducingnot only a mastetlevel checkersplayer—it beatone of
Americasbestplayersof thetimein agamethatis publishedn (FeigenbaunandFeld-
man1963)—huit alsointroducingmary importantideasin gameplayingandmachine
learning. The two main papersdescribinghis researci{Samuel1959; Samuell967)
becamdandmarkpapersn Artificial Intelligence.ln theseworks, Samuehotonly pi-
oneerednary popularenhancementsf modernsearch-basegame-playingprograms
(like alpha-betecutoffs and quiescencesearch),but alsoinventeda wide variety of
learningtechniquesor automaticallyimproving the programs performancevertime.
In fact, he considereatheckergo be a perfectdomainfor the studyof machinelearn-
ing becausén gamesmary of the complicationghat comewith real-worldproblems
aresimplified allowing the researchero focuson the learningproblemsthemseles
(Samuell959).As aresult,mary techniqueshatcontributedto thesucces®f machine
learningasa sciencecanbedirectly tracedbackto Samuelandmostof Samuelideas
for learningarestill in usein oneform or another

First, his checkergplayerrememberegositionsthatit frequentlyencounteredur-
ing play. This simpleform of rote learning allowed it to save time, andto search
deepetin subsequenyjamesvhene&er a storedpositionwasencounteredn the board
or in someline of calculation.Next, it featuredhefirst successfuhipplicationof what
is now known asreinforcementearningfor tuning the weightsof its evaluationfunc-
tion. The programtraineditself by playingagainsta stablecopyof itself. After each
move, the weightsof the evaluationfunction were adjustedin a way that moved the
evaluationof theroot positionaftera quiescencsearcicloserto the evaluationof the
root positionafter searchingseseral movesdeep. This techniques a variantof what
is nowadaysknown astempoal-differencelearningandcommonlyusedin successful
game-playingorograms.Samuel programnot only tunedthe weightsof the evalua-
tion butit alsoemployedn-linefeature subseselectiorfor constructingheevaluation
functionwith thetermswhich seento bethemostsignificantfor evaluatingthecurrent
boardsituation. Later, he changechis evaluationfunctionfrom a linear combination
of termsinto a structurethat closelyresembleda 3-layerneuralnetwork. This struc-
turewastrainedwith comparisonraining from severalthousangositionsfrom master
games.

Sincethe daysof Samueb checkergrogramthe fields of machinelearningand
gameplaying have gonea long way. Mary of the new and powerful techniqueghat
have beendevelopedin theseareascan be directly tracedbackto someof Samuels

1Thequotationandthefactsin this paragraptaretakenfrom (McCorduck1979).



ideas.His checkerglayeris still consideredo beamongthe mostinfluentialworksin
bothresearclareasanda perfectexamplefor afruitful symbiosisof thetwo fields.

1.1 MachinelLearning

Machinelearninghassincedevelopedinto one of the main researctareasin Artifi-
cial Intelligencewith severaljournalsandconferenceslevotedto the publicationof its
mainresults.Recentlythe spin-of field KnowledgeDiscoveryin DatabaseskaData
Mining (Fayyadetal. 1996;Fayyadetal. 1995;Witten andFrank2000)hasattracted
theinterestof theindustryandis consideredy mary to be oneof thefastest-graing
commercialapplicationareador Artificial IntelligencetechniqguesMachinelearning
anddatamining systemsareusedfor analyzingof telecommunicationsetworkalarms
(Hatbnenet al. 1996),supportingmedicalapplicationgLavrac 1999),detectingcel-
lular phonefraud (Fawcett and Provost 1997), assistingoasketbaltrainers(Bhandari
etal. 1997),learningto play musicexpressiely (Widmer1996),efficiently controlling
elevators(Critesand Barto 1998), automaticallyclassifyingcelestialbodies(Fayyad
etal. 1996),mining document®n the World-Wide Web (Chakrabart2000),and,last
but not least tuningthe evaluationfunctionof oneof the strongesbackgammormplay-
erson this planet(Tesaurol995). Many moreapplicationsaredescribedn (Michal-
ski, Bratko,andKubat1998). For introductionsinto MachineLearningsee(Mitchell
1997a)or (Mitchell 1997b),for anovervien of someinterestingesearcluirectionsct.
(Dietterich1997).

1.2 GamePlaying

Researclin gameplayinghasfulfilled oneof Al' sfirst dreamsa programthatbeatthe
chessworld championin atournamengame(Newborn 1996)and,oneyearlater, in a
match(Schaedfer andPlaat1997;Kaspare 1998). The checkergprogramCHINOOK
wasthe first to win a humanworld championshipn ary game(Schaefer etal. 1996;
Schadier 1997). Someof thesimplerpopulargames|ike connect-4Allis 1988),Go-
moku (Allis 1994), or nine mens morris akamill (Gasserl995) have beensolved.
Programsare currently strongcompetitorsfor the besthumanplayersin gameslike
backgammon(Tesauro1994), Othello (Buro 1997), and Scrabble(Sheppardl999).
Researclis flourishingin mary othergameslike poker(Billings etal. 1998a) bridge
(Ginsbeg 1999),shogi(Matsubaral 998)or Go (Muller 1999),althoughhumansstill
have the competitive edgein thesegames. A brief overview of the state-of-the-art
in computergameplaying canbe found in (Ginsbeg 1998),a detaileddiscussionn
(Schaefier 2000), which waswritten for the occasionof the 40th annversaryof the
publicationof (Samuell960).

1.3 Introduction

In this paper we will attemptto surney the large amountof literaturethat dealswith

machine-learnin@pproacheso gameplaying. Unfortunately spaceandtime do not
permitusto provide introductoryknowledgein eithermachingearningor gameplay-
ing (but seethe referencegyiven abore). The main goal of this paperis to enable



theinterested-eaderto quickly find previousresultsthatarerelevantfor herresearch
project,sothatshemay startherinvestigationgrom there.

Thereareseveralpossiblevaysfor organizingthe materialin this paper We could,
for example,have groupedit by the differentgamegchessGo, backgammonshogi,
Othello,bridge,pokerto namea few morepopularones)or by thelearningtechniques
used(aswe have previously donefor the domainof chesqFirnkranz1996)). Instead,
we decidedto takea problem-oriente@pproachtand groupedthemby the challenges
that are posedin differentaspectsf the game. This, we believe, allows both, re-
searcherin gameplayingto find appropriatdearningtechniquedor helpingto solve
their problemsaswell asmachindearningresearchers identify rewardingtopicsfor
furtherresearclin game-playinglomains.

We will startwith adiscussiorof booklearning,i.e.,for techniqueghatstorepre-
calculatedmnovesin a so-calledbook for rapid accessn tournamenplay (Section2).
Next, we will addresghe problemof usinglearningtechniquedor controlling the
searchprocedureghatarecommonlyusedin gameplaying programs(Section3). In
Sectiond, we will review themostpopularlearningtask,namelytheautomaticuning
of anevaluationfunction. We will considersupervisedearning,comparisortraining,
reinforcemenaindtemporal-diferencdearning.In a separatesubsectionywe will dis-
cussseveralimportantissueghatarecommonto theseapproachesThereafte(Section
5), wewill surwey variousapproachefor automaticallydiscoseringpatternsandplans,
moving from simple advice-takingover cognitive modelingapproacheto theinduc-
tion of patternsandplaying stratgyiesfrom gamedatabaseskinally, in Section6, we
will briefly discussopponenmaodeling i.e., the taskof improving the programs play
by learningto exploit the weaknessesf particularopponents.

2 Book Learning

Humangameplayersnotonly rely on their ability to estimatethe valueof movesand
positionsbut areoftenalsoableto play certainpositions‘by heart”,i.e.,withouthaving

to think abouttheir next move. Thisis the resultof homepreparationppeningstudy

androte learning of importantlines andvariations. As computersdo not forget, the
useof an openingbook providesan easyway for increasingtheir playing strength.
However, the constructiorof suchopeningbookscanbe quite laborious,andthe task
of keepingit up-to-datds evenmorechallenging.

In this section,we will discusssomeapproacheshat supportthis processwith
machinelearningtechniquesWe will notonly concernourseheswith openingbooks
in the strict senseput summarizeseveral techniqueghat aim at improving play by
preparingthe correctmove for importantpositionsthroughoff-line analysis.

2.1 Learningto choose opening variations

Theideaof usingopeningbooksto improve machine-playhasbeenpresensincethe
early daysof computergame-playing.Samuel(1959)alreadyusedan openingbook
in hischeckerglayingprogram asdid GreenblattEastlakdll, andCrocker(1967)in

theirchesgrogram.Openingbooks,.e., pre-computedbo repliesfor asetof positions,



canbe easilyprogrammedndarea simpleway for makinghumanknowledge ,which
canbefoundin game-playindooks,accessibléo themachine However, thequestion
which of themary bookmovesa programshouldchoosés far from trivial.

Hyatt (1999) tacklesthe problemof learningwhich openinghis chessprogram
CRAFTY shouldplay andwhichit shouldavoid. He proposes reinforcementearning
techniqueg(cf. Section4.3)to solve this problem,usingthe computers positionevalu-
ation after leaving the book asan evaluationof the playability of the chosenline. In
orderto avoid the problemthat someopeningggambits)aretypically underestimated
by programsCRAFTY useghemaximumor minimum(dependingnthetrend)of the
evaluationsof theten positionsencounteredmmediatelyafterleaving book. Special
provisionsare madeto takeinto accountthat valuesfrom deepersearchegsswell as
resultsagainsistrongemopponentaremoretrust-worthy

2.2 Learningto extend the opening book

Hyatt's work relies on the presenceof a (manuallyconstructedpook. However—
althoughthereis alot of bookinformationreadily availablefor gamegopulargames
like chess—formary gamesno suchinformationis available and suitableopening
bookshave to built from scratch But evenfor gamedike chessmechanisméor auto-
maticallyextendingor correctingexisting openingbooksaredesirableln the simplest
case,a programcould extendits openinglibrary off-line, by identifying lines thatare
frequentlyplayedandcomputingthe bestmove for thesepositions(Frey 1986).

In its matchesagainstKaspare, DEeP BLUE employeda techniquefor usingthe
enormougiamedatabasethatareavailablefor chesgo construcanextendedpening
book(Campbell1999). The extendedopeningbookis usedin additionto theregular,
manuallymaintainedopeningbook. It is constructedrom all positionsup to the 30th
move from adatabasef 700,000grandmastegames At eachof thesepositions,one
could computean estimateof the goodnesf eachsubsequenmove by using the
proportionof gameswon (drawvs countingas half a win) with this move. However,
suchatechniquehassomeprinciple flaws, the mostolbvious beingthata singlegame
or analysismayrefutea variationthathasbeensuccessfullyplayedfor years.Hence,
DEep BLUE doesnot solely rely on this information, but performsa regular search
whereit avardssmallbonusedor movesthatarein the extendedopeningbook. The
bonusesarenot only basedon the win percentagedyut alsoon the numberof times
amove hasbeenplayed the strengthof the playersthatplayedthe move, annotations
thatwereattributedto the move, therecenyg of the move, andseveral others.In total,
thesecriteriacanaddup to increasgor decrease move’s evaluationby abouthalf
a pavn. This amountis small enoughto still allow the searchto detectand avoid
(or exploit) faulty movesin the databasehut large enoughto biasthe move selection
towardsvariationsthat have beensuccessfullyemployedin practice. The procedure
seemdo work quite well, which is exemplified by the secondyameof DEEP BLUE’s
first matchwith Kaspare, where,dueto an configurationerror, its regular book was
disabledand DEep BLUE relied exclusively on its combinationof regular searchand
extendedbookto find areasonablevay throughthe openingjungle (Campbell1999).

Buro (1999b)describes techniquethatis usedin several of the strongesOthello
programs.It incrementallybuilds an openingbook by addingevery positionof every



gameencounteredy the program(or from external sources}o a move tree. The

programevaluatesall positionsasit goes,and entersnot only the move playedbut

alsothe next-bestmove accordingto its own evaluation. Thus,at eachnode,at least
two optionsare available,the move playedand an alternatie suggestion.Eachleaf

nodeof the book treeis eitherevaluatedby the outcome(in caseit wasthe terminal

positionof agame)or aheuristicevaluation(in casdt wasanalternatie enterecy the

program).During play, theprogramfindsthecurrentpositionin thebookandevaluates
it with a negamaxsearchthroughits subtree. The useof negamaxsearchover these
gametreeswith addedcomputerevaluationsis muchmoreinformative thanstraight-
forward frequeng-basedmethods.As long asthe move treecanbe keptin memory

this evaluationcan be performedquite efficiently becausell nodesin the book tree
are alreadyevaluatedandthusthereis no needfor keepingtrack of the positionon

the board. It is alsoquite straight-forwardo adjustthe behaior of the book by, for

example,specifyingthat dravs are consideredosses so that the programwill avoid

drawing booklines? Buro's articleis reprintedasChapter4 of (FiirnkranzandKubat
2001).

2.3 Learning from mistakes

A straight-forwardapproachfor learningto avoid to repeatmistakess to remember
eachpositionin which the programmadea mistakeso thatit is alertwhenthis posi-
tion is encounteredhe next time. The game-playingsystemHOYLE (Epstein2001)
implementssuchan approach. After eachdecisive game,HOYLE looks for the last
positionin whichthelosercouldhave madeanalternatve move andtriesto determine
the valueof this positionthroughexhaustve search.If the searchsucceedsthe state
is markedas"significant” andthe optimalmove is recordedor future encountersvith
this position. If thesearchdoesnot succeedandhencethe optimalmove couldnotbe
determined)the stateis markedas“dangerous” More detailsonthistechniquecanbe
foundin (Epstein2001).

In conventional,search-basedame-playingorogramssuchtechniquesaneasily
beimplementedsia their transpositiortables(Greenblatetal. 1967;SlateandAtkin
1983).Originally, transpositiortableswereonly usedlocally with theaim of avoiding
repetitive searchefforts (e.g.,by avoiding to repeatedlysearchfor the evaluationof a
position that can be reachedwith differentmove orders). However, the potential of
usingglobaltranspositiotableswhich areinitialized with a setof permanentiystored
positionsto improve play over a seriesof gamesvassoonrecognized.

Oncemore,it wasSamuel1959)who madethefirst contributionin this direction.
His checkergplayerfeatureda rote learningprocedurethat simply storedevery posi-
tion encounteredogetherwith its evaluationsothatit could be reusedn subsequent
searchesWith suchtechniquesgeepessearchesarepossiblebecaus@n the onehand
the programis ableto save valuabletime becausgositionsencounteredn memory
do not have to be re-searched On the otherhand,if the searchencounters stored

2Actually, Buro suggestso discernbetweerpublic draws andprivate draws. The latter—beinga result
of the programs own analysisor experienceandthus, with somechance not part of the opponents book
knowledge—couldbe tried in the hopethatthe opponentsnakesa mistake,while the formermay leadto
boringdrawswhenbothprogramslay theirbookmovegasis known from manychesgrandmastedraws).



positionduringthe look-aheadit is effectively ableto searchthe original positionto
anincreasedlepthbecausdy re-usingthe storedevaluation thesearchdepthatwhich
this evaluationhasbeenobtainedis in effect addedto the searchdepthat which the
storedpositionis encounteredA very similar techniquewvasusedin the BEBE chess
program,wherethe transpositiortable was initialized with positionsfrom previous
games. It hasbeenexperimentallyconfirmedthat this simple techniquelearningin
fact improvesits scoreconsiderablywhen playing 100-200gamesagainstthe same
opponen{Scherzeetal. 1990).

In gamelike chesssuchrotelearningtechniquesielpin openingor endgamelay.
In complicatedniddlegamepositionswheremostpiecesarestill ontheboard,chances
are considerablylower that the samepositionwill be encounteredn anothergame.
Thus,in orderto avoid anexplosionof memorycostsby saving unnecessargositions,
Samuel(1959)alsodeviseda schemdor forgettingpositionsthat arenot or only in-
frequentlyused.Otherauthorstried to copewith theseproblemsby beingselectie in
which positionsareaddedto thetable. For example,Hsu (1985)tried to identify the
faulty movesin lostgamedy looking for positionsin whichthevalueof theevaluation
function suddenlydrops. Positionsnearthat point werere-investigatedvith a deeper
searchlf the programdetectedhatit hadmadea mistake the positionandthe correct
move wereaddedto the programs globaltranspositiortable. If no singlemaove could
be blamedfor the loss,a re-investigationof the gamemoveswith a deepeisearchvas
startedwith the first positionthatwassearchedfter leaving the openingbook. Frey
(1986)describeswo caseswvhereanOthelloprogram(Hsu 1985)successfullyearned
to avoid a previous mistake. Similar techniquesvererefinedlater (Slate1987) and
wereincorporatednto state-of-the-argameplaying programs suchasthe the chess
programCRAFTY (Hyatt1999).

Baxter Tridgell, andWeaver (1998b)alsoadoptthis technologybut discusssome
inconsistenciesind proposea few modificationsto avoid them. In particular they
proposeo insertnot only thelosing positionbut alsoits two successorsvery time a
positionisinsertedaconsisteng checkis performedo determinevhetherthe position
leadsto anotherbook position with a contradictoryevaluation,in which caseboth
positionsarere-evaluated.Thistechniquehasthe advantagethatonly movesthathave
beenevaluatedby the computerare enteredinto the book, so that it never stumbles
“blindly” into abadbookvariation.

24 Learning from simulation

The previoustechniquesveredevelopedfor deterministic perfectinformationgames
whereevaluatinga positionis usuallysynorymousfor searchingll possiblecontinu-
ationsto afixed depth. Someof themmay be hardto adaptfor gameswith imperfect
information (e.g.,card gamedike bridge) or arandomcomponen{e.g., dice games
like backgammonyvheredeepsearchesareinfeasibleandtechniquedike storingpre-

computedevaluationsin a transpositiontable do not necessarilylead to significant
changesdn playing strengths. In thesecases however, corventional searchcan be

replacedby simulationsearch (Schaefier 2000), a searchtechniquewhich evaluates
positionsby playinga multitude of gameswith this startingpositionagainsttself. In

eachof thesegames the indeterministicparametersre assignedifferent, concrete



values(e.qg.,by differentdicerolls or by dealingthe opponents differentsetof cards
or tiles). Statisticsarekeptover all thesegameswvhich arethenusedfor evaluatingthe
quality of themovesin the currentstate.

Tesauro(1995) notesthat such roll-outs can producequite reliable comparisons
betweenmoves, even if the usedprogramis not of masterstrength. In the caseof
backgammonsuchanalysesave subsequentliedto change#n openingheory(Rober
tie 1992,1993).Similartechniqueganbe (andindeedare)usedor positionevaluation
in gamedike bridge (Ginsbeg 1999), Scrabble(Sheppardl999), or poker (Billings
etal. 1999),andwereeventried asan alternatve for corventionalsearchin thegame
of Go (Brugmannl1993). It would alsobeinterestingto explore the respectie adwvan-
tagesof suchMonte-Carlosearchiechniquesandreinforcementearning(see(Sutton
andBarto1998)for adiscussiorof thisissuein otherdomains).

3 Learning Search Control

A typicalimplementatiorof a search-basegame-playingprogramhasa multitude of
parameterthatcanbeusedto makethesearchmoreefficient. Amongthemaresearch
depth,searchextensionsguiescenceasearchparameteranove orderingheuristicsand
more® Donninger(1996,personacommunicationonsidersan automaticoptimiza-
tion of searchparameteri his world-classchesprogramNiMzo asmorerewarding
thantuningthe parametersf NIMz0’s evaluationfunction. Similarly, Baxter Tridgell,
andWeaver (2000)considetheproblemof “learningto searctselectvely” asareward-
ing topic for furtherresearchSurprisingly this areais moreor lessstill openresearch
in game-playing. While therehave beenvariousattemptson the useof learningto
increasethe efficiengy of searchalgorithmsin other areasof Artificial Intelligence
(Mitchell etal. 1983;Laird et al. 1987),this approachthasso far beenneglectedin
gameplaying.

Moriarty andMiikkulainen (1994)train a neuralnetworkwith a geneticalgorithm
to pruneunpromisingoranche®f asearcttreein Othello. Experimentshaw thattheir
selectve searchmaintainghesameplayinglevel asafull-width search Similarly, Dahl
(Dahl 2001) usesshape-ealuating neuralnetworksto avoid searchingunpromising
movesin Go.

Buro (1995a)introducesthe PROBCUT selective searchextension, whosebasic
ideais to usethe evaluationsobtainedby a shallov searchto estimatethe valuesthat
will beobtainedoy a deepeisearchTherelationbetweertheseestimatess computed
by meanf linearregressiorfrom theresultsof alargenumberof deepsearchesDur-
ing play, brancheghatseemunlikely to producearesultwithin the currentalpha-beta
searchwindow arepruned.Iln subsequentork, Buro (1999a)generalizedheseresults
to allow pruningat multiple levels andwith multiple significancethresholds.Again,
the techniqueprovesto be usefulin Othello, wherethe correlationbetweenshallov
anddeepevaluationsseemgo beparticularlystrong.However, this evaluationstability
might alsobe obseredin othergameswherea quiescenceearchs usedto evaluate
only stablepositions(Buro 2000,personatommunication)lt is anopenquestiorhow

3For moreinformationaboutalpha-betaechniquesand relatedsearchalgorithmssee(Schaefer 2000)
for aquick introductionand(Schaefier 1989)and(Plaat1996)for details.



well thesealgorithmsgeneralizeo othergamesn comparisorto competingsuccessful
selectve searchtechniqueglike, e.g.,null-move pruning).

Otherresearchersook a lessradical approachby trying to learnmove ordering
heuristicsfor increasingthe efficiengy of alpha-betssearch.More efficient move or-
deringswill not directly changethe outcomeof a fixed-depthalpha-betssearchbut
may resultin significantlyfastersearchesThe saved time canthenbe usedfor deeper
searcheswhich may leadto betterplay. Greer Ojha, andBell (1999)train a neural
networkto learnto identify theimportantregionsof a chesgositionandordermoves
accordingto theinfluencethey exhibit upontheseregions. Inuzukaet al. (1999)sug-
gestthe useof inductivelogic programming for learninga binary preferenceelation
betweemmovesandpresensomepreliminaryresultswith anOthelloplayer A similar
approachwas previously suggestedyy Utgoff and Heitman(1988) who usedmulti-
variatedecisiontreesfor representinghe learnedpredicates However, they usedthe
learnedoreferenc@redicatenotfor move orderingin asearchalgorithm,but to directly
selectthe bestmove in a given position(asin (Nakanoet al. 1998)). As the learned
predicateneednot be transitive or even symmetric(cf. Section4.2), someheuristic
procedurehasto beusedto turn the pairwise comparison®f all successostatesnto
atotal order Onecould,for example treatthemasresultshetweemlayersin around-
robintournamenandcomputehewinner, therebyrelyingonsometypicaltie-breaking
methodgor tournamentglike the Sonneborn-Beyersystenthatis frequentlyusedin
chess).

However, for the purposesof move orderingin search,corventionaltechniques
suchasthe history heuristic(Schaefier 1983)or thekiller heuristic(Akl andNewborn
1977),arealreadyquiteefficientandhardto beat(Schaefer 2000),sothatit is doubtful
that above-mentionedearningtechniqueswill find their way into competitive game-
playing programs.Neverthelessthey area first stepinto the right directionandwiill
hopefully spavn new work in this area.For example the tuningof variousparameters
thatcontrolsearchextensiontechniquesvouldbeaworth-whilegoal (Donningerl 996,
personatommunication).lt mayturn out thatthis is harderthanevaluationfunction
tuning—whichwe will discussn thenext session—becausieis hardto separat¢hese
parameterérom the searchalgorithmthatis controlledby them.

4 Evaluation Function Tuning

The mostextensively studiedlearningproblemin gameplayingis the automaticad-
justmentof theweightsof anevaluationfunction. Typically, the situationis asfollows:
thegameprogrammehasprovidedthe programwith alibrary of routineghatcompute
importantpropertiesof the currentboardposition(e.g.,the numberof piecesof each

4Inductive logic programming(ILP) refersto a family of learningalgorithmsthat are able to induce
PROLOG programsand canthusrely on a more expressie conceptlanguagethan corventionallearning
algorithms,which operatein propositionallogic (Muggleton1992; Lavrat and DZeroski1993; De Raedt
1995; Muggletonand De Raedt1994). Its strengthsbecomeparticularlyimportantin domainswherea
structuraldescriptionof the training objectsis of importancelike, e.g.,in describingmolecularstructures
(Bratko andKing 1994; Bratko and Muggleton1995). They alsoseemto be appropriatefor manygame
playingdomains,in which a descriptionof the spatialrelationbetweenrthe piecesis often moreimportant
thantheiractuallocation.



kind on the board,the sizeof theterritory controlled,etc.). Whatis notknown is how
to combinethesepiecesof knowledgeandhow to quantifytheir relative importance.
The known approaches$o solving this problemcan be catgorizedalong several
dimensions.In whatfollows, we will discriminatethemby the type of traininginfor-
mationthey receve. In supervisedearningthe evaluationfunctionis trainedon infor-
mationaboutits correctvaluesj.e.,thelearnerecevesexamplesof positionsor moves
alongwith their correctevaluationvalues.In comparisortraining, it is provided with
a collectionof move pairsandtheinformationwhich of thetwo is preferable Alterna-
tively, it is givenacollectionof trainingpositionsandthe movesthathave beenplayed
in thesepositions. In reinforcementearning, the learnerdoesnot receve ary direct
informationaboutthe absoluteor relative valueof thetraining positionsor moves. In-
steadjt recevesfeedbackrom the environmentwhetherits movesweregoodor bad.
In the simplestcase this feedbacksimply consistsof the informationwhetherit has
won or lostthe game.Tempoal-differencelearningis a specialcaseof reinforcement
learningwhich canuseevaluationfunctionvaluesof later positionsto reinforceor cor-
rect decisionsearlierin the game. This type of algorithm, however, hasbecomeso
fashionabldor evaluationfunctiontuningthatit deseresits own subsectionFinally,
in Sectiond.5,we will discussafew importantissuedor evaluationfunctiontraining.

4.1 Supervised learning

A straight-forwardapproacHor learningtheweightsof anevaluationfunctionis to pro-
vide the programwith example positionsfor which the exact value of the evaluation
functionis known. The programthentries to adjustthe weightsin a way that mini-
mizesthe error of the evaluationfunction on thesepositions. The resultingfunction,
learnedby linear optimizationor somenon-linearoptimizationtechniquelike back-
propagatiortrainingfor neuralnetworks canthenbe usedto evaluatenew, previously
unseerpositions.

Mitchell (1984)appliedsuchatechniqueo learningan evaluationfunctionfor the
gameof Othello (seealso (Frey 1986)). He selected180 positionsthat occurredin
tournamenplay afterthe 44th move andcomputedhe exact minimaxvaluefor these
positionswith exhaustie search.Thesevalueswerethenusedfor computingappro-
priateweightsof the 28 featureof alinearevaluationfunctionby meansf regression.

In thegameof Othello,LeeandMahajan(1988)reliedon BiLL, a—forthetime—
very strongprogran? that usedhand-craftedeatures,to provide training examples
by playing a seriesof gamesagainstitself. Variety was ensuredoy playing the first
20 pliesrandomly Eachpositionwaslabeledaswon or lost, dependingon the actual
outcomeof thegame andrepresentedith four differentnumericafeaturescoregLee
andMahajan1990). The covariancematrix of thesefeaturesvascomputedrom the
trainingdataandthisinformationwasusedfor learningseveral Bayesiardiscriminant
functions(onefor eachply from 24 to 49), which estimatedhe probability of winning
in a given position. The resultsshaved a greatperformancadmprovementover the

5In 1997, BiLL wastestedagainstBuro’s LOGISTELLO and appeareccomparablyweak: runningon
equalhardwareandusing 20 minutespergameBiLL wasroughly on parwith 4-ply LOGISTELLO, which
only useda coupleof secondpergame(Buro 2000,personatommunication).
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original program.A similar procedurevasusedby Buro (1995b).He furtherimproved
classificatioraccurag by building acompletepositiontreeof all gamesInterior nodes
were labelledwith the resultsof a fast negamaxsearch which he also usedfor his
approacho openingbooklearning(seeSection2.2 and(Buro 2001)).

TesaurcandSejnavski (1989)trainedthefirst neural-networlevaluationfunction
of the programthat haslater developedinto TD-GAMMON by providing it with sev-
eralthousandxpert-ratedraining positions.Thetraining positionswerefrom several
sourcestextbook games,Tesaurcs gamesandgamesof the network. In eachposi-
tion, Tesauroratedseveral moves, in particularthe bestand the worst movesin the
position. He underlinedthe importanceof having examplesfor badmovesin addition
to goodmoves(otherwisegheprogramwouldtendto rateeachmove asgood)aswell as
the importanceof having manuallyconstructedraining examplesthataresuitablefor
guidingthelearnerinto specificdirections.In particular importantbut rarelyoccurring
conceptsshouldbe trainedby providing a numberof training positionsthatillustrate
thepoint. Interestings alsoTesauras techniqueof handlingunlabelledxampleg(i.e.,
legal movesin a training positionthat have not beenratedby the expert). He claims
thatthey arenecessarjor exposingthe networkto awider varietyof trainingpositions
(thusescapindocal minima). Hence,he randomlyincludedsomeof thesepositions,
eventhoughhe couldonly labelthemwith arandomvalue.

The mainproblemof supervisedpproachess to obtainappropriatdabelsfor the
training examples. Automatedapproaches—computirifpe game-theoretizalue or
trainingon thevaluesof a strongprogram—aren generabnly of limited utility .6 The
manualapproachon the otherhandis very time-intensve andcostly Besidesgxperts
arenot usedto evaluategamestatesn a quantitatve way. While onecangetarough,
gualitative estimatefor the value of a gamestate(e.qg.,the qualitative annotations=,
+, +— andthelike thatarefrequentlyusedfor evaluatingchesspositions),it is hard
for an expertto evaluatea positionin a quantitatve way (e.g.,“White's advantageis
worth 0.236pawns?).

In someworks, providing exactvaluesfor trainingthe evaluationfunctionwasnot
consideredhs important, but insteadthe training exampleswere simply regardedas
meangor signalingthe learnerinto which directionit shouldadjustits weights. For
example,in the abosre-mentionedvork, TesaurcandSejnavski (1989)did not expect
their networkto exactly reproducehe giventraining information. In fact, overfitting
the training datadid hurt the performanceon independentestdata,a commonphe-
nomenonin machinelearning. Likewise,in (Dahl 2001),a neuralnetworkis trained
to evaluatepartsof Go positions,so-calledreceptve fields. Its traininginput consists
of a numberof positive examples,receptve fieldsin which the expert playedinto its
centey andfor eachof thema negative example,anotherreceptve field from thesame
position,which waschoserrandomlyfrom thelegal movesthatthe expertdid notplay.

Olviously, it is quite cornvenientto be ableto useexpert moves a training infor-
mation.While Dahl'sabose-mentioneagpproachusesnformationaboutexpertmoves
for explicitly selectingpositive and negative training examples,comparisortraining

6An exceptionis the gameof pokerwherethe computationof the correctactionin hindsight—if the
opponentscardsare known—is fairly trivial. This approachwasusedin Watermans (1970) pokerplayer
(cf. Section5.3).
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refersto approaches which this informationcanbedirectly usedfor minimizing the
errorof the evaluationfunction.

4.2 Comparison training

Tesaurg(1989a)introduceda new framework for training evaluationfunctions,which
he calledcomparisortraining. Like in (Utgoff andHeitman1988,seeSection3), the
learneris notgivenexactevaluationgor the possiblemoves(or resultingpositions)out
is only informedabouttheir relative order Typically, it recevesexamplesin the form
of move pairsalongwith atraining signalasto which of the two movesis preferable.
However, thelearnerdoesnotlearnanexplicit preferenceelationbetweermovesasin
(Utgoff andHeitman1988),but triesto usethis kind of traininginformationfor tuning
the parametersf an evaluationfunction (Utgoff andClouse1991). Thus,thelearner
receveslesstraininginformationthanin the supervisedetting,but moreinformation
thanin the reinforcementearningsetting, which will be discussedn the next two
sections.

In the generalcase therearetwo problemswith suchan architecture:efficiengy
andconsisteng For computingthe bestamongn moves,the programhasto compare
n? — 1 move pairs. Furthermorethe predictedpreferenceseednot be transitive: the
networkmight prefermove a overb, b over ¢, ande over a. In fact,it maynotevenbe
symmetric:the networkmight prefera over b andb over a, dependingonthe orderin
which themovesareprovidedasinputsto the network.

Tesauro(1989a)solved theseproblemselegantly by enforcingthat the network
architectureis symmetric (the weights usedfor processinghe first move must be
equivalentto theweightsusedfor processinghe secondnove) andseparablgthetwo
sub-networkonly sharethe sameoutputunit). In fact, this meanshatthe samesub-
networkis usedn bothhalvesof theentirenetwork,with thedifferencahattheweights
that connectthe hiddenlayer of one sub-networko the outputunit are multiplied by
—1 in the othersub-networkIn practice this meanghatonly onesub-networkhasto
be storedandthatthis networkactually predictsan absoluteevaluationfor the move
thatis encodedat its input. Consequentlyonly n evaluationshave to be performed
for determiningthe bestmove. An experimentalcomparisonbetweenthis training
procedureandthe supervisegroceduradescribedn the previous sectionproduceda
substantiaperformanceagain,evenin casesvherea simplernetworkarchitecturevas
used(e.g.,in someexperimentsthe comparison-trainedetworksdid not usea hidden
layer). Eventually this training procedureyieldedthe NEUROGAMMON programthe
first game-playingorogrambasedprimarily on machinelearningtechnologythatwon
in tournamentompetition(at the First ComputetOlympiad,seeTesaural989b,1990;
Levy andBeal 1989)

More recently acomparisortraining proceduravasusedfor trainingachesseval-
uationfunction,whereit madea crucialdifferencen thefamous1997DEeP BLUE vs.
Kaspare match.Thiswork is describedn detailin (Tesaura2001).

Conceptuallythe training informationin Tesaurcs comparison-trainedetworks
consistof a move pair. However, in effect, thelearneris only giventhe move played
in a collectionof trainingpositions.This informationis thenusedto minimizeanerror
functionoverall legal movesin thatposition(seg(Tesaur®001)for details).Likewise,
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Utgoff andClouse(1991)shav how to encodestate(or mave) preferenceredicatess
asystemof linearinequalitieghatis no morecomple thanlearningfrom singlestates.

Similartechniquegor reducingthe predictionerroron a setof moveshave already
beenusedearlier Oncemore,it wasSamue[(1967)whofirst realizedsuchatechnique
in the secondversionof his checkerglayer wherea structureof stackedinearevalu-
ation functionswastrainedby computinga correlationmeasuréasedon the number
of timesthefeatureratedanalternatve move higherthanthe expertmove.

Nitsche(1982) madethis approactctlearerby explicitly definingthe so-calledse-
lectionfunction whichis setto 1 for the move thatwasactuallyplayedin thetraining
position,andto O for all othermoves. He thencomputedheleast-squaregifferences
betweerthe evaluationfunctionsestimate®f all move valuesandthis selectionfunc-
tion. Marsland(1985)extendsthis work by suggestinghatthe orderingof alternatie
movesshouldbeincludedinto thelearningprocesaswell. He proposesostfunctions
thatgive a higherpenaltyif the expertmove hasa low rankingthanif it is considered
asoneof thebestmoves. He alsofavors a costfunctionthatmakessurethatchanging
the rank of a move nearthe top hasa biggereffect thanchangingthe rank of a move
nearthebottom.

Similarly, vander Meulen(1989)criticized Nitsches approactecaus®f the use
of a discreteselectionfunction. Insteadhe proposedo calculatethe weightsfor the
evaluationfunctionsusinga setof inequalitiesthatdefinea hyperrectanglen param-
eterspacejn whichtheevaluationfunctionwould choosghesamemove thatis speci-
fiedin thetraining positions.Theintersectiorof severalsuchhyperrectanglesiefines
aregion wheretheevaluationfunctionfindsthecorrectmove for severaltestpositions.
Van der Meulen’s algorithmgreedilyidentifiesseveral suchregions and constructsa
suitableevaluationfunction for eachof them. New positionsare then evaluatedby
first identifying an appropriateregion and then using the associate@valuationfunc-
tion. However, this algorithmhasnot beentested,andit is an openquestionwhether
the numberof optimal regions canbe keptlow enoughfor an efficient applicationin
practice.

Hsuetal. (1990a)usedanautomaticuningapproacltfor the chesprogrambDEEP
THOUGHT, becausehey werecorvincedthatit is infeasibleto correctlyreflectthein-
teractiondetweerthemorethan100weightsof theevaluationfunctions.Like Nitsche
(1982)they choseto computethe weightsby minimizing the squarederror between
the programs and a grandmastes’ choiceof moves. Wheneer an alternatve move
recevedahigherevaluationthanthegrandmastes' move (aftera5 to 6 ply search}he
weightsof thedominantposition(seeSectiord.5)wereadjustedo decreas¢his differ-
ence.Theauthorswverecorvincedthattheir automaticalljtunedevaluationfunctionis
no worsethanthe hand-tunedunctionsof theiracademicompetitors However, they
alsoremarkedhatthe evaluationfunctionsof top commerciakchessprogramsarestill
beyondthem,but hopedto closethegapsoon.Subsequentork on DEEP THOUGHT'S
successobDEEP BLUE is describedn (Tesaura2001)

Schadfer etal. (1992)reportthattheuseof similartechniquesor tuningacheckers
evaluationfunctionon 800 Grandmastegamesyieldedreasonableesults but wasnot
competitive with theirhand-tunedveightsettings. The GoLEM Go program(Enderton
1991)useda very similar techniquefor traininga neuralnetworkto forward-prundn
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aone-plysearch However, insteadof comparingthe masters move to all alternatves
(which canbe prohibitively mary in Go), they requiredthatthe masters move hasto
bebetterthanarandomalternatie by a certainminimummagin.

Tunstall-Pedo€1991)tried to optimizetheweightsof anevaluationfunction with
geneticalgorithms’ wherethe fitnessof a setof weightswasevaluatedwith the per
centageof testpositionsfor which the evaluationfunctionchosethe move in thetrain-
ing set.A similartechniquavasalsosuggestedbr traininga neuralnetwork(Tiggelen
1991).

Comparisortrainingworkedwell in mary of theabose-mentionedpproachebut
it alsohassomefundamentakhortcomingsFor example,Schaefer etal. (1992)ob-
senedthataprograntrainedonexpertgameswill imitateahumarplayingstyle,which
makesit harderfor the programto surprisea humanbeing. This pointis of particular
importancein a gamelike checkerswherea relatively high percentagef the games
endin bookdrawns. On the otherhand,this fact could alsobe usedfor adaptingone’s
play towardsa particularopponentashasbeensuggestedh (CarmelandMarkovitch
1993, seeSection6). Buro (1998) pointedout that the training positionsshouldnot
only berepresentatie for the positionsencountereduring play, but representati for
thepositionsencountereduringseach. Thismeanghatalot of lop-sidedandcounter
intuitive positionsshouldneverthelesdeincludedin thetraining setbecauséhey will
be encounteredy the programduring an exhaustie search.Lastbut not least,using
expertgamedor training makesthe oftenunjustifiedassumptiorthatthe move of the
masteris actuallythe bestandit alsodoesnot give you additionalinformationabout
the rankingof the alternatve moves, someof which might be at leastasgoodasthe
move actuallyplayed.It wouldbemuchmorecorvenient(andmoreelegant)if aplayer
couldlearnfrom its own experience simply from playingnumerouggamesandusing
therecevedfeedbackwon or lostgamesYor adjustingits evaluationfunction. Thisis
whatreinforcementearningis about.

4.3 Reinforcement learning

Reinfocementlearning (Suttonand Barto 1998) is bestdescribedby imagining an
agentthat is able to take several actionswhosetaskis to learn which actionsare
most preferablein which states. However, contraryto the supervisedearning set-
ting, the agentdoesnot receve training informationfrom a domainexpert. Instead,
it may explore the differentactionsand, while doing so, will receie feedbackirom
the environment—theso-calledreinforcemenir reward—which it canuseto ratethe
succes®f its own actions.In agame-playingetting theactionsaretypically thelegal
movesin the currentstateof the game,andthe feedbacks whetherthe learnerwins
or losesthegameor by whichmawgin it doesso. We will describethis settingin more

A geneticalgorithm (Goldbeg 1989)is a randomizedsearchalgorithm. It maintainsa populationof
individuals that are typically encodedasstringsof 0's and1’'s. All individualsof a so-calledgeneration
areevaluatedaccordingto their fitness,andthefittestindividualshave the highestchanceof surviving into
thenextgeneratiorandof spawningnew individualsthroughthe geneticoperatorsross-oveandmutation.
For moredetails,seealso(KojimaandYoshikawa2001),which discusseshe useof geneticalgorithmsfor
learningto solvetsume-ggroblems.

14



detail using M ENACE, the MatchboxEducableNoughtsAnd Crosses€Engine(Michie
1961,1963),whichlearnedo play the gameof tic-tac-toeby reinforcement.

MENACE hasoneweightassociatedavith eachof the 287 differentpositionswith
thefirst playerto move (rotatedor mirroredvariantsof identicalpositionsweremapped
to a uniqueposition). In eachstate,all possibleactions(all yet unoccupiedsquares)
areassigned weight. The next actionis selectedat random,with probabilitiescor
respondingo the weightsof the differentchoices. Dependingon the outcomeof the
game,the moves playedby the machineare rewardedor penalizedby increasingor
decreasingheir weight. Drawing the gamewas consideredh successand was also
reinforced(albeitby a smalleramount).

MENACE's first implementationconsistsof 287 matchboxs, onefor eachstate.
Theweightsfor thedifferentactionsarerepresentedith anumberof beadsn different
colors,onecolorfor eachaction. The operatorchooses move by selectinghematch-
box that correspondso the currentmove, anddrawing a singlebeadfrom it. Moves
that have a higherweightin this position have more beadsof their color in the box
andthereforea higherchanceof beingselected.After completinga game,MENACE
recevesreinforcementhroughthe informationwhetherit haswon or lost the game.
However, therewardis notrecevedaftereachmove, but attheendof the game.If the
programmakesa goodmove, this is notimmediatelypointedout, but it will receve a
delayedreward by winning thegame® In MENACE’s case positionsare rewardedor
penalizedy increasing/decreasirigeir associateeveightsby adding/remaing beads
to/from eachmatchboxhatwasusedin thegame.

The main problemthat hasto be solved by the learneris the so-calledcredit as-
signmenproblem(Minsky 1963),i.e.,the problemof distributingthe receved reward
to the actionsthat were responsibldor it. This problemand somedomain-specific
approachetowardsits solutionalreadyarosein Section2.3: In alostgame,only one
move mightbetheculprit thatshouldreceve all of the negative reward,while all other
movesmight have beengoodmoves. However, it is usuallynotknown to the program
which move wasthe mistake.Michie hadtwo proposaldor solvingthe creditassign-
mentproblem. The first techniquesimply givesall movesin the gameequalcredit,
i.e., the sameamountof reinforcemen{onebead)is added(removed) from all boxes
thathave beenusedin thewon (lost) game.The secondechniqueassumeshat posi-
tions laterin the gamehave a biggerimpacton the outcomethanpositionsearlierin
thegame.This wasrealizedby initializing positionsearlierin the gamewith a higher
numberof beadssothataddingor remaving a singlebeadresultsin a smallerchange
in theweightsfor theactionsof thatstate.This simpletechniquedoesnot preventgood
positionsfrom receving negative feedbackif amistakewasmadeaterin thegame)or
badpositionsfrom positive reward(if the gamewaswon becauséhe opponentdid not

8In cardgamedike Hearts feedbacks oftenavailableaftereachindividual movein theform of whether
theplayermadethetrick or how manypointshemadein thetrick Kuvayev (1997)madeuseof thisinforma-
tion for traininganevaluationfunctionthatpredictsthe numberof pointsthe programwill makeby playing
eachcard. In this setting,the distinctionbetweensupervisedearningandreinforcementearningbecomes
unclear:ontheonehand,the learnedearnsfrom the reinforcementt receivesaftereachtrick, while onthe
otherhandit canusestraight-forwardsupervisedearningtechniquego do so. However, if we considerthe
possibility of “shootingthe moon”, whereoneplayermakesall the negatve pointswhich arethencounted
aspositive, therewardhasto be delayedecausé maynotbe clearimmediatelyafterthetrick, whetherthe
pointsin it arepositive or negatve.
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exploit the mistake).However, the ideais thataftermary gamesgoodpositionswill
have receved morepositivethannegative revardandvice versa,sothatthe evaluation
functioneventuallycorvergesto areasonablealue.

In themean-timegorvergenceheoremdor reinforcementearninghave confirmed
this proposition(SuttonandBarto 1998). Michie, however, hadto rely on experimen-
tal evidence first with thephysicalmachineplayingagainsta humantutor, thenwith a
simulationprogramplayingtournamentsigainsia randomplayerandagainsi@aninde-
pendentlylearningcopy of itself. The resultsshovedthat M ENACE madecontinuous
progressAfter afew hundredgamesthe programproducechearexpert play (Michie
1963).

However, MENACE hasseveralobviousshortcomingsThefirstis theuseof alook-
up table. Every statehasto beencodedhsa separatéableentry While thisis feasible
for tic-tac-toe,more complex gamesneedsomesort of generalizatiorover different
statesof the gamesbhecausen chessfor example,it is quite unlikely that the same
middlegamepositionwill appeartwice in a programs life-time. More importantly,
however, training on the outcomeof the gameis very slow and a large numberof
gamesareneededeforepositionevaluationsorvergeto reasonablgalues.Tempoal-
differencelearningintroduceda significantimprovementn thatregard.

4.4 Temporal-differencelearning

A smallrevolutionhappenedh thefield of reinforcemenlkearningwhenGeraldTesauro
presentedhis first resultson training a backgammorvaluationfunction by temporal-
differencelearning (Tesauro1992a,1992b). The basicidea of temporal-diference
learningis perhapsestunderstoodf oneconsiderdhe supervisedearningapproach
takenin (LeeandMahajan1988)whereeachencounteregositionis labelledwith the
final outcomeof the game. Naturally, this procedurds quite errorprone,asa game
in which the playeris bettermostof the time canbe lost by a single mistakein the
endgame All positionsof the gamewould thenbe labelledasbad, mostof themun-
justly.® If, ontheotherhand,eachpositionis trainedon the positionevaluationseveral
moves deepelin the game,the weight adjustmentsare performedmoreintelligently:
positionscloseto the final positionwill be moved towardsthe evaluationof the final
position. However, in the caseof a mistakelate in the game,the effect of the final
outcomewill notbevisiblein the earlyphase®f thegame.

Sutton’s (1988) TD()) learningframework, provides an elegantformalizationof
theseidea.He introduceghe parametei whichis usedto weighttheinfluenceof the
currentevaluationfunction valuefor weightupdatef previousmoves. In the simple
caseof alinearevaluationfunction

F(z)= Zw x fi(z)

%In the experiment®f Lee andMahajan(1988),theinitial phaseof randomplay oftenyieldedlop-sided
positionswhich could easily be evaluatedby their training program. However, in othergamesonehasto
rely on humantraininginformation,whichis naturallyerrorprone.
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theweightsareupdatedaftereachmove accordingo theformula
t
w1 = Wip + a(Fzp1) = Flze) Y M5 fi(a)
k=1

wherea is alearningratebetweer) and1 and F'(z:) is the evaluationfunctionvalue
for the positionafterthe¢-th move.

To understandhis, considerfor amomentthe casex = 0. In this casethesum
at the endreducedo the singlevalue f;(z;). The entireformulathenspecifiesthat
eachfeatureweightis updatedoy anamountthatis proportionalto the productof the
evaluationterm f; (z ) andthedifferencebetweerthesuccessie predictionsF (z;) and
F(z:4+1). Theresultof thiscomputationis thattheweightsareadjustedn thedirection
of thetemporadifferenceaccordingo thedegreeto which they contritutedto thefinal
evaluationF'(z;). At asettingof A # 0, the degreeto which the featurecontributed
to thefinal evaluationof previous positionsis alsotakeninto considerationyweighted
by At~* if therespectie positionoccurredk movesago.A valueof A = 1 assignghe
sameamountof creditor blameto all previousmoves. It canbeshawn thatin this case
the sumof theseupdatesover an entire gamescorrespond$o a supervisedearning
approachwhereeachpositionis labelledwith thefinal outcomeof thegame(whichis
assignedo z, 4 if thegamelastedfor n moves). For moredetails,in particularfor
adiscussiorof TD(X)'s soundformal basisandits variousconvergencepropertiesee
(SuttonandBarto 1998).

Tesaurohas appliedthis proceduresuccessfullyto train a neural-netevaluation
functionfor his backgammormlayer After solvingseveral of the practicalissueshat
areinvolved in training multi-layer neural networkswith TD(A) on a complex task
(Tesaural992a) theresultingprogram— D-GAMMON—clearly surpasseds prede-
cessorsin particularthe ComputerOlympiadchampionNEUROGAMMON, whichwas
trainedwith comparisortraining (Tesauro1989a,1990), andit did so entirely from
playing againstitself. In fact, early versionsof TD-GAMMON, which only usedthe
raw boardinformationasfeaturesalreadylearnedo playaswell aSNEUROGAMMON,
which useda sophisticatedetof features Adding thesefeaturego theinputrepresen-
tationfurtherimproved TD-GAMMON’s playing strength(Tesaural 992b).Over time
(Tesaural994,1995), TD-GAMMON notonly increasedhe numberof traininggames
thatit playedagainsttself, but Tesauroalsoincreasedhe searchdepthandchanged
thenetworkarchitecturesothatTD-GAMMON reachedvorld-championshigtrength.

However, despiteT D-GAMMON’s overwhelmingsuccessits superiorityto its pre-
decessorthatweretrainedwith supervisedearningor comparisortraining doesnot
allow theconclusiorthattemporal-diferencdearningis thebestsolutionfor all games.
For example,Samue(1967),in thefollow-uppaperton hisfamouscheckerplayer had
arrived ata differentresult: comparisortraining from about150,000expert movesap-
pearedo befasterandmorereliablethantemporal-diferencdearningfrom self-play
Similarly, Utgoff andClouse(1991)demonstratethat a variantof comparisortrain-
ing performedbetterthantemporal-diferencelearningon a simple problem-solving
task. They proposedanintegrationof bothmethodghatusescomparisortrainingonly
whenthetemporal-diferenceerrorexceedsa userdefinedthreshold andshovedthat
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this approachoutperformedts predecessorsThey alsoshawved that the numberof
gueriesto theexpert (neededor comparisortraining) decreaseevertime.

Mary authorshave tried to copy TD-GAMMON'’s learningmethodologyto other
gamessuchastic-tac-toe(Gherrity 1993),0thello (Isabelle1993;LeouskiandUtgoff
1996),chesqGherrity1993;Schmidt1994),Go (Schraudolptet al. 1994),connect-4
(Gherrity1993;Sommerlund 996),checkergLynch1997),or Hearts(Kuvayes 1997)
with mixed successAn applicationusing TD-learningto learnto evaluatethe safety
of groupsin Go from self-playis discussedn (Dahl 2001).

Noneof thesesuccessorsiowever, achieved a performancehatwasasimpressie
asTD-GAMMON'’s. Thereasorfor thisseemso bethatbackgammohasvariouschar
acteristicsthat makeit perfectlysuitedfor learningfrom self-play Foremostamong
thesearethefactthatit only requiresavery limited amountof searchandthatthedice
rolls guarantesuficientvariability in thegamesothatall regionsof thefeaturespace
areexplored.

Chessfor example,doesnot sharetheseproperties. Although this problemhas
beenknown early on and,in fact, several solutionattemptshave beenknown sincethe
daysof Samueljt took sereralyearsandmary unsuccessfudttemptdeforeasuccess-
ful chesgprogramcouldbetrainedby self-play For example,Gherrity (1993)tried to
train a neuralnetworkwith Q-learning(a temporal-diferencdearningprocedurehat
is quitesimilarto TD(0); WatkinsandDayan1992)againstGNUCHESS, but, aftersev-
eralthousandyameshis programwasonly ableto achieve 8 drawvs by perpetuatheck.
The NEUROCHESS program(Thrun 1995)alsousedTD(0) for training a neuralnet-
work evaluationfunctionby playingagainsiGNUCHESS. Its innovationwastheuseof
a secondneuralnetworkthatwastrainedto predictthe boardpositiontwo plies after
thecurrentposition(using120,000expertgamedor training). Theevaluationfunction
wasthentrainedwith its own estimategor the predictedpositionsusinga TD(0) algo-
rithm. NEUROCHESS steadilyincreasedts winning percentagérom 3%to about25%
afterabout2000traininggames.

Finally, Baxter Tridgell,andWeaver (1998a)wereableto demonstrata significant
increasen playing strengthusingTD-learningin achessprogram.Initially, their pro-
gram,KNIGHTCAP, knaew only aboutthe valueof the piecesandwasratedat around
16000n anlinternetchesssener. After about1000gameson thesener, its rating had
improvedto over 2150,whichis animprovementfrom anaverageamateuto a strong
expert. The crucial ingredientsto KNIGHTCAP's successwvere the availability of a
wide variety of training partnerson the chesssener and a soundintegration of TD-
learninginto the programs searchproceduresWe will briefly discussheseaspectsn
thenext sectionbut moredetailscanbefoundin (Baxter Tridgell, andWeaver 2001).

45 Issuesfor evaluation function learning

Therearemary interestingissuesin learningto automaticallytune evaluationfunc-
tions. We will discusssomeof themin alittle moredetail,namelythe choiceof linear
vs. non-linearevaluationfunctions,theissueof how to train thelearneroptimally, the
integration of evaluationfunction learningand search,and automatedvaysfor con-
structingthefeaturesusedin anevaluationfunction.
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45.1 Linear vs. non-linear evaluation functions

Most cornventionalgame-playingorogramsdependon fast searchalgorithmsandthus
requirean evaluationfunctionthatcanbe quickly evaluated.A linear combinationof
afew featuresthat characterizehe currentboardsituationis an obvious choicehere.
Manualtuning of theweightsof alinearevaluationfunctionis comparablysimple,but
alreadyvery cumbersome Not only the individual evaluationtermsmay dependon
eachother sothatsmallchange# oneweightmayaffectthecorrectnesef thesettings
of otherweights,but alsoall weightsdependon the characteristicef the programin
which they areused. For example,theimportanceof beingableto recognizetactical
patternssuchasfork threatsmay decreasevith the programs searchdepthor depend
ontheefficieng/ of the programs quiescencsearch.

However, advancesn automateduningtechniquefiave evenmadethe useof non-
linear function approximatordeasible. Samuel(1967) alreadysuggestedhe use of
signatue tables a non-linear layeredstructureof look-uptables. Clearly non-linear
techniquesave the advantagethatthey canapproximatea muchlarger classof func-
tions. However, they arealsoslower in training andevaluation. Hencethe questionis
whetherthey arenecessaryor a goodperformanceln mary aspectsthis problemis
reminiscenbof the well-known seach/knowledgdrade-of (Berliner 1984; Schaefier
1986;Berlineretal. 1990;JunghannandSchadker 1997).

Lee andMahajan(1988)interpretedthe big improvementthatthey achiered with
Bayesianlearningover a hand-craftedlinear evaluationfunction as evidencethat a
non-linearevaluationfunctionis betterthana linear evaluationfunction. In particu-
lar, they shaved that the covariancematricesupon which their Bayesianevaluation
functionis based exhibit positive correlationsfor all termsin their evaluationfunc-
tion, which refutesthe independencassumptionshat sometraining procedurehave
to make.

Ontheotherhand,Buro (1995b)haspointedoutthata quadratiadiscriminanfunc-
tion mayreduceto alinearform if the covariancematricesfor winning andlosingare
(almost)equal. In fact, in his experimentsn Othello, he shaved that Fishers linear
discriminantobtainsevenbetterresultsthana quadratiadiscriminanfunctionbecause
both are of similar quality but the former is fasterto evaluate(which allows the pro-
gramto searchdeeper}? ConsequentlyBuro (1995b)arguesthatthe presencef fea-
ture correlationsyhich motivatedthe useof non-linearfunctionsin (LeeandMahajan
1988),is only a necessaryput not a sufficient conditionfor switchingto a non-linear
function. It only paysoff if the covariancematricesaredifferent.

Likewise, Tesaurq1995)remarkedhathis networkstendto learnelementarycon-
ceptsfirst, andthatthesecantypically beexpressedvith alinearfunction. In fact,in his
previouswork (Tesaural989a),he noticedthata single-layemperceptrortrainedwith
comparisortrainingcanoutperforma non-lineamulti-layerperceptrorthatlearnedn
asuperviseavay. NeverthelessTesaurq1998)is corvincedthateventuallynon-linear
structureis crucialto asuccessfuperformanceHe claimsthatthe networksof Pollack
andBlair (1998)thatweretrainedby a stochastidill-climbing procedurdcf. next sec-

10Buro (1995b)alsoshavedthata logistic regressiombtainsevenbetterresultshecausét doesnot make
anyassumptionsnthe probabilitydistributionsof thefeatures.
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tion) areinferior to thosetrainedwith TD-learningbecausehey areunableto capture
non-linearity

A popularandcomparablysimpletechniqueor achieving non-linearity alsoorig-
inatingwith Samueljs to usedifferentevaluationfunctionsfor differentgamephases.
Tesaurcs earlyversionof TD-GAMMON, for example,ignoredimportantaspectdike
doublingor the runninggame(whenthe two opponentstiles are alreadyseparated)
becausesufiiciently powerful algorithmsexistedfor thesegameparts. Boyan(1992)
took this furtherandshovedthatthe useof differentnetworksfor differentsubtask®f
the gamecanimprove over learningwith a singleneuralnetworkfor the entiregame.
For example,he used8 networksin tic-tac-toeandtrainedeachof themto evaluate
positionswith N pieceson the board(N = 1..8). In backgammonhe used12 net-
worksfor differentclasse®f pipcountst! Similarly, Lee andMahajan(1988)used26
evaluationfunctions,onefor eachply from 24 to 49, for trainingtheir Othello player
BiLL. Traininginformationwassmoothecdby sharingtraining examplesbetweenthe
positionsthatwerewithin a distanceof 2 plies.

Thereareseveral practicalproblemsthat have to be solved with suchapproaches.
Oneis the so-calledblemisheffect (Berliner 1979), which refersto the problemof
keepingthevaluesreturnedby thedifferentevaluationfunctionsconsistent.

452 Training strategies

Anotherimportantissueis how to provide thelearnermwith traininginformationthatis
on theonehandfocussedtnoughto guarantedastconvemgencetowardsa goodevalu-
ationfunction,but onthe otherhandprovidesenoughvariationto allow thelearningof
generallyapplicablefunctions. In particularin learningfrom self-playit is important
to ensurehatthe evaluationfunctionis subjectto enoughvariety duringtraining that
preventsit from settlingatalocal minimum. In reinforcementearning,this problemis
known asthetrade-of betweerexploration of new optionsandexploitationof already
acquiredknowledge.

Interestingly Tesaurcs TD-GAMMON did not have this problem. The reasonis
thatthe roll of the dice beforeeachmove ensureda sufiicient varietyin the training
positionssothatlearningfrom self-playworkedvery well. In fact, PollackandBlair
(1998)claimedthat TD-GAMMON’s self-playtrainingmethodologywastheonly rea-
son for its formidable performance. They back up their claim with experimentsin
which they self-traina competitive backgammorplaying networkwith a rathersim-
ple, straight-forwardstochastidill-climbing searchinsteadof Tesaurcs sophisticated
combinationof temporal-diferencesearchand back-propagationThe methodology
simply performsrandommutationson the currentweightsof the networkandletsthe
new versionplay againsthe old version. If the formerwinsin a seriesof gamesthe
weight changesarekept, otherwisethey areundone. Although Tesauro(1998)does
not entirely agreewith the conclusionghatPollackandBlair (1998)derive from this
experimentthefactthatsuchatraining proceduravorksatall is remarkable.

Ontheotherhand,Epstein(1994c)presentsomeexperimentalvidencethatself-
trainingindeeddoesnot performwell in the caseof deterministicgamessuchastic-

1pipcountsarea commonlyusedmetricfor evaluatingthe progressn abackgammomgame.
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tac-toeor achi. Her game-learningystemHoYLE (Epstein1992),which is basedon
the FORR architecturdor learningandproblemsolving (Epstein1994a) wastrained
with self-play a perfectopponenta randomlyplaying opponentandvariousfallible
opponentthatmaderandommovesn% of the time andplayedthe othermovesper
fectly. Herresultshavedthat neitherthe perfector randomtrainers,nor learningby
self-playproducedoptimalresults.Increasinghe percentagef randommovesof the
fallible trainerswhich encouragesxploration,usuallyincreasedhe numberof games
they lost without increasingthe numberof gameswon againstan expert benchmark
playet As a consequence;pstein(1994c)proposedesson-and-macticetraining, in
which phase®f trainingwith anexpertplayerareintertwinedwith phase®f self-play
anddemonstrateds superiority More detailson HoyLE canbefoundin Section5.2
and,in particularin (Epstein2001).

Potentialproblemswith self-playwere alreadynotedearlier and a variety of al-
ternative stratglies were proposed. Samuel(1959) suggested simple stratgy: his
checkerslayerlearnedagainsta copy of itself that hadits weightsfrozen. If, after
a certainnumberof gamesthelearningcopy madeconsiderablg@rogressthe current
stateof the weightswastransferredo the frozencopy, andthe procedurecontinued.
Occasionallywhenno progressouldbe detectedthe weightsof the evaluationfunc-
tion werechangedadically by settingthelargestweightto 0. This procedureeduced
thechanceof gettingstuckin alocal optimum.A similartechniquevasusedby Lynch
(1997).

LeeandMahajan(1988)andFogel (1993)ensuredxplorationof differentregions
of theparametespaceby having their Othelloandtic-tac-toeplayerdearnfrom games
in which thefirst moveswere playedrandomly Similarly, Schraudolptetal. (1994)
used Gibbs samplingfor introducingrandomnessgnto the move selection. Boyan
(1992)insertedrandomnesto the play of his programs tic-tac-toetraining partner
AngelineandPollack(1994)avoidedthis problemby evolving severaltic-tac-toeplay-
ersin parallelwith a geneticalgorithm. The fitnessof the playersof eachgeneration
wasdeterminedy having themplay atournament.

Finally, the succes®f the chessprogramKNIGHTCAP (Baxteret al. 1998b)that
employedT D-learningwasnot only dueto theintegrationof TD-learninginto search
(cf. next section)but alsoto the fact thatthe programlearnedby playingon an Inter-
netchesssener whereit couldlearnfrom a wide variety of opponent®f all playing
strengthsAs humanplayerstendto matchwith opponent®f approximatelytheir own
strength(i.e., playerswith a similar rating), the strengthof KNIGHTCAP's opposition
increasedvith its own playing strengthwhich intuitively seemgo be a goodtraining
procedurgBaxtert Tridgell, andWeaver 2001).

4.5.3 Evaluation function learning and search

In backgammongeepsearchesre practicallyinfeasiblebecaus®f the large branch-
ing factorthatis dueto the chanceelementintroducedby the useof dice. However,
deepsearchesrealsobeyond the capabilitiesof humanplayerswhosestrengthlies
in estimatingthe positionalvalue of the currentstateof the board. Contraryto the
successfuthessprogramswho caneasily out-searcttheir humanopponentout still
trail herability of estimatingthe positionalmeritsof the currentboardconfiguration,
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TD-GAMMON wasableto excel in backgammorfor the samereasonghat humans
play well: its graspof the positionalstrengthsandweaknessewasexcellent.

However, in gamedike chessor checkersdeepsearchegrenecessaryor expert
performance.A problemthat hasto be solved for thesegamesis how to integrate
learninginto the searchtechniquesin particularin chesspnehasthe problemthatthe
positionat the root of the nodeoften hascompletelydifferentcharacteristicshanthe
evaluationof the node. Considerthe situationwhereoneis in the middle of a queen
trade. The currentboardsituationwill evaluateas“being onequeenbehind”,while a
little bit of searchwill shav thatthe positionis actually even becausehe queencan
easily be recapturedwithin the next few moves. Straight-forwardapplicationof an
evaluationfunctiontuningalgorithmwould thensimply try to adjustthe evaluationof
thecurrentpositiontowardsbeingeven. Clearly, thisis nottheright thingto dobecause
simpletacticalpatterndike piecetradesaretypically handledby the searchandneed
not berecognizedy theevaluationfunction.

Thesolutionfor this problemis to basethe evaluationon the dominantpositionof
the search.The dominantpositionis the leaf positionin the searchireewhoseevalua-
tion hasbeenpropagatedackto theroot of thesearchree. Most corventionalsearch-
basedprogramsemploysomeform of quiescencsearcho ensurehatthis evaluation
is fairly stable.Usingthedominantpositioninsteadof therootpositionmakessurethat
the estimationof the weightadjustmentss basedon the positionthatwasresponsible
for the evaluationof the currentboardposition. Not surprisingly this problemhasal-
readybeenrecognizedindsolvedby Samuel(1959)but seemedo have beerforgotten
lateron. For example,Gherrity (1993)publisheda thesison a systemarchitecturehat
integratestemporal-diferencelearningandsearchfor a variety of gameg(tic-tac-toe,
Connect-4andchess)but this problemdoesnot seemto be mentioned.

Hsuetal. (1990b)implementedhe above solutioninto their comparisortraining
framavork. They comparedthe dominantposition of the subtreestartingwith the
grandmastes move to the dominantpositionof ary alternatve move at a shallov 5
to 6 ply searchlf analternatve move’'s dominantpositiongetsa higherevaluationan
appropriateadjustmentdirectionis computedin the parametespaceandthe weight
vector is adjusteda little in that direction. For a more recenttechniqueintegrating
comparisortrainingwith deepessearchesee(Tesaurd2001).

As far astemporal-diferencdearningis concernedit wasonly recentlythatBeal
andSmith(1997)andBaxtet Tridgell, andWeaver (1998b)independentlye-discoered
this techniquefor a properintegrationof learningandsearch.Bealand Smith (1998)
subsequenthappliedthis techniquefor learningpiece-waluesin shogi. A properfor-
malizationof the algorithm canbe found in (Baxteret al. 1998a)andin (Baxter
Tridgell, andWeaver 2001)

45.4 Feature construction

The crucial point for all approacheshat tuneevaluationfunctionsis the presencef
carefully selectedfeaturesthat captureimportantinformation aboutthe currentstate
of the gamewhich goesbeyond the location of the pieces. In chess,conceptdike
king safety centercontrolor mobility arecommonlyusedfor evaluatingpositions and
similar abstractionare usedin othergamesaswell (Lee and Mahajan1988; Ender
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ton 1991). TesaurcandSejnavski (1989)reportanincreasen playing strengthof 15
to 20% when addinghand-craftedeaturesthat captureimportantconceptaypically
usedby backgammorexperts(e.g., pipcounts)to their neuralnetworkbackgammon
evaluationfunction. Although Tesaurdaterdemonstratethat his TD())-trainednet-
work could surpasshis playinglevel without thesefeaturesre-insertinghembrought
yetanotheisignificantincreasen playingstrength(Tesaurdl992b).Samue(1959)al-
readyconcludechisfamousstudyby makingthepointthatthe mostpromisingroadto-
wardsfurtherimprovementsf hisapproachmightbe®...to getthe programto gener
ateits ownparameterdor theevaluationpolynomial insteadof learningonly weights
for manuallyconstructedeaturesHowever, in the follow-up paperhehadto concede
thatthegoalof “...gettingthe programto geneateits own parametergemainsasfar
in thefuture asit seemedo bein 1959 (Samuell967).

Sincethen, the mostimportantnew stepinto that direction hasbeenthe devel-
opmentof automatedraining proceduresor multi-layer neuralnetworks. While the
classicakingle-layemneuralnetwork—theso-calledperception (Rosenblati 958;Min-
sky andPapert1969)—combinegheinput featuredn alinearfashionto a singleout-
put unit, multi-layer perceptrongontainat leastone so-calledhiddenlayer, in which
someor all of theinputfeaturesarecombinedo intermediateeoncept{Rumelharéand
McClelland1986;Bishop1995). In the mostcommoncase the three-layemetwork,
the outputsof thesehiddenlayer units are directly connectedo the outputunit. The
weightsto andfrom thehiddenlayeraretypically initialized with randonvalues.Dur-
ing training of the network, the weightsare pushedinto directionsthat facilitate the
learningof thetrainingsignalandusefulconceptemegein the hiddenlayer. Tesauro
(1992a)shavs examplesfor two hiddenunits of TD-GAMMON thathe interpretecas
arace-orientedeaturedetectorandanattack-orientedeaturedetector

Typically, thelearningof the hiddenlayersis completelyunconstrainedandit is
unclearwhich conceptawill evolve. In fact, differentrunson the samedatamay pro-
ducedifferentconceptsn the hiddenlayers(dependingpn the randominitialization).
Sometimeshowever, it canbe advantageouso imposesomeconstrainton the net-
work. For example,SchraudolphPayan,and Sejnavski (1994)reportthatthey man-
agedto increasehe performancef their Go-playingnetworkby choosingan appro-
priate network architecturehat reflectsvarioussymmetriesand translation-iwvariant
propertiesof the Go board. Similarly, LeouskiandUtgoff (1996)tried to exploit sym-
metriesin the gameof Othello by sharingthe weightsbetweeneight sectorsof the
board.

Thedisadwantagef thefeaturesonstructedh thehiddenlayersof neuralnetworks
is thatthey arenotimmediatelyinterpretable Severalauthorshave workedon alterna-
tive approacheshatattemptto createsymbolicdescriptionof new features.Fawcett
andutgoff (1992)discusghe ZENITH systemwhich automaticallyconstructseatures
for alinearevaluationfunctionfor Othello. Eachfeatureis representedsaformulain
first-orderpredicatecalculus.New featurescanbe derived by decompositionabstrac-
tion, regressionand specializatiorof old features. Originally, the programhasonly
knowledgeof the goalconceptandthedefinitionsof the move operatorsbut it is able
to derive several interestingfeaturesrom them,including a featurefor predictingfu-
ture piecemobility, which seemgo benew in theliterature(FawcettandUtgoff 1992).
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ELF (Utgoff andPrecupl998)constructew featuresasconjunctionof a setof
basic,Booleanevaluationterms.ELF startswith themostgenerafeaturethathasdon't
care-valuesfor all basicevaluationtermsandthereforecoversall gamesituations. It
continuouslyadjuststhe weight for eachfeatureso thatit minimizesits error on the
incominglabelledtrainingexamples.lt alsokeepstrackwhich of the evaluationterms
with don't care-valuesare most frequently presentwhen such adjustmentsappen.
ELF canremove thesesourcef error by spavning a new featurethatis identicalto
its parentbut also specifieghatthe evaluationtermthat contributedmostto the error
mustnot be present.Newly generatedeaturesstartwith a weightof 0, andfeatures
whoseweightstaysnearO for a certainamountof timewill beremaoved. Theapproach
wasusedto learnto play checkerdrom self-playwith limited success.

A similar system,the genealized linear evaluation modelGLEM (Buro 1998),
constructsa large numberof simple Booleancombinationsf basicevaluationterms.
GLEM simply generatesll featurecombinationghatoccurwith auserspecifiedmin-
imum frequeng, which is usedto avoid overfitting of the training positions. For this
purpose,GLEM usesan efficient algorithmthat is quite similar to the well-known
APRIORI datamining algorithmfor generatingrequentitem setsin basketanalysis
problems(Agrawal etal. 1995).Contraryto ELF, whereboththe weightsandthefea-
ture setare updatedon-line and simultaneouslythe featuresare constructedn batch
andtheir weightsaredeterminedn a secondpassby linearregression.The approach
workedquite well for the Othello programL OGISTELLO, but Buro (1998)pointsout
thatit is particularlysuitedfor Othellowhereimportantconceptanbe expresseds
Booleancombinationsof the location of the pieceson the board. For othergames,
whereone hasto usemore complicatedatomic functions, this approachhasnot yet
beentested.

Utgoff (2001)providesanin-depthdescriptiorof theproblemof automatideature
construction. Someof the techniquedor patternacquisition,which are discussedn
moredetailin the next sectioncanalsobeviewedin this context.

5 Learning Patternsand Plans

It hasoften beenpointedout that game-playingsystemscanbe classifiedalongtwo
dimensionssearchandknowledge,which form a trade-of: perfectknowledgeneeds
no searchwhile exhaustve searchneedsno knowledge. For example,one canbuild
a perfecttic-tac-toeplayerwith alook-uptablefor all positions(no search)or with a
fastalpha-betaearchthat searchegachpositionuntil the outcomeis determinedno
knowledge). Clearly, both extremesare infeasiblefor complex games,and practical
solutionshave to useallittle bit of both.

However, the region on this continuumwhich representshe knowledge-search
combinationthat humansuse,the so-calledhumanwindow, is differentfrom the re-
gionin which gameplaying programsxcel (Clarke1977;Michie 1982;Michie 1983;
van denHerik 1988; Winkler and Fiirnkranz1998). Stronghumanplayersrely on
deepknowledge, while game-playingporogramstypically usea lot of search. Even
TD-GAMMON, whosestrengths mostlydueto the (learned)ositionalknowledgeen-
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codedin its evaluationfunction, investigatesnore movesthana humanbackgammon
player

Themainproblemseemdo betheappropriatelefinitionof backgroundnowledge,
i.e., the definition of the setof basicconceptsr patternghatthe programcanuseto
formulatenew concepts Althoughmary gameshave arich vocahulary thatdescribes
importantaspect®f thegame theseareoftenhardto defineandevenharderto formal-
ize. In chessfor example,conceptdike passecawn skaver, or kings’ oppositionare
moreor lesscommonknowledge . However, evensimplepatterndike aknightfork are
non-trivial to formalize!? Othergamessharesimilar problems.In Go, for example,
it is very hardto describdong-distancenfluenceshetweerdifferentgroupsof stones
thatarequite obviousto humanplayers(e.g.,aladder). Obviously, if you cannotde-
scribeaconcepin agivenhypothesisanguage/ou cannotearnit. Neverthelessthere
have beenseveralattemptdo build game-playingrrogramghatrely mainly on pattern
knowledge.We will review afew of themin this section.

5.1 Advicetaking

The learningtechniquethat requiresthe leastinitiative by the learneris learning by
taking advice In this framework, the useris ableto communicateabstractconcepts
and goalsto the program. In the simplestcase the provided advicecan be directly
mappedon to the programs internalconceptrepresentatioformalism. Onesuchex-
ampleis Watermars pokerplayer(WatermariL970). Amongotherlearningtechniques,
it providesthe userthe facility to directly add productionrulesto the game-playing
program. Another classicexample of suchan approachis the work by Zobrist and
Carlson(1973),in which a chesstutor could provide the programwith a library of
useful patternsusing a chessprogramminganguagethatlookeda lot like assembly
language Mary formalismshave sincebeendevelopedin the samespirit (Bratkoand
Michie 1980;GeogeandSchadier 1990;Michie andBratko1991), mostof themlim-
ited to endgameshut somealsoaddressinghefull game(LevinsonandSryder1993;
Donninger1996). Otherauthorshave investigatedsimilar techniquedor incorporat-
ing long-termplanninggoalsinto searctproceduregkKaindl 1982;0pdahland Tessem
1994)or for specifyingtacticalpatterngo focussearchWilkins 1982).

While in the abore-mentionedapproacheshe tutoring processs often more or
lessequivalentto programmingn a high-level gameprogrammindanguagetypically
advice-takingprogramshave to devote considerableffort into compilingthe provided
adviceinto their own patternlanguage. Thus they enablethe userto communicate
with theprogramin averyintuitivewaythatdoesnotrequireary knowledgeaboutthe
implementatiorof the programnor aboutprogrammingn general.

Themostprominentexamplefor suchanapproachs thework by Mostow (1981).
He hasdevelopeda systenthatis ableto translateabstracpiecesof advicein thecard-
gameHeartsinto operationaknowledgethatcanbe understoodnddirectly accessed

12The basicpatternfor a knight fork is a knight threateningwo piecestherebywinning one of them. In
the endgamethesemight simply be two unprotectechawns(unlessone of themprotectsthe other). In the
middlegamethesearetypically highervaluedpieces(protectedor not). However, this definitionmight not
work if theforking knightis attackedut not protectecbr evenpinned.But thenagain perhapsheattacking
pieceis pinnedaswell. Or thepinnedknight cangive a discoveredheck...
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by the machine.For example,the usercanspecifythe hint “avoid taking points” and
the programis ableto translatethis pieceof adviceinto a simple,heuristicsearchpro-
cedurethatdetermineshecardthatis likely to taketheleastnumberof points(Moston
1983).However, his systemis notactuallyableto play a gameof Hearts.In particular
his architecturdacksatechniquefor evaluatingandcombiningthe differentpiecesof
advicethatmight be applicableto a givengamesituation. In recentwork, Firnkranz,
Pfahringer Kaindl, and Kramer (2000) madea first stepinto that directionby iden-
tifying two differenttypesof advice: stateabstraction advice(advicethat pointsthe
systemto importantfeaturesof thegame e.g.,determinevhetherthe queeris already
out) andmoveselectioradvice(advicethatsuggestpotentiallygoodmoves,e.g.,flush
thequeen).They alsoproposed straight-forwardeinforcementearningapproactior
learninga mappingof stateabstractionso move selectionsTheir architecturds quite
similarto Watermars pokerplayet which learnsto prioritize actionrulesthatoperate
on interpretationrules (Section5.3). The useof weightsfor combiningoverlapping
andpossiblycontradictorypiecesof adviceis alsosimilarto HOYLE (Epstein1992),
whereseveral Advisorsare ableto commentpositively or negatively on the available
setof moves. Initially, all of the Advisors are domain-independergnd hand-coded,
but HovYLE is ableto autonomoushacquireappropriatenveightsfor the Advisorsfor
the currentgamesandto learncertaintypesof novel pattern-baseddvisors(cf. Sec-
tion 5.2 and,in particular (Epstein2001).

Similar in spirit to Moston's work describedabore, Donninger(1996)introduces
a very efficient interpreterof an extensiblelanguagefor expressingchesspatterns.
Its goalis to allow the userto formulatesimple piecesof advicefor Nimzo, one of
the mostcompetitive chesgprogramsavailablefor the PC. The major differencefrom
Moston's work is the fact that peopleare not usinglanguageo expresstheir advice,
but canrely onanintuitivegraphicaluserinterface. The patternsandassociateddvice
arethencompiledinto a byte codethatcanbeinterpretedat run-time (oncefor every
root positionto award bonusegor movesthatfollow someadvice). Oneof the short-
comingsof thesystenis thatit is mostlylimited to expressingpatternsn propositional
languagewhich doesnot allow to expressrelationshipsetweenpieceson the board
(e.g.,"put therook behindthe passegawn”).

A third approachthathassimilar goalsis the useof so-calledstructued induction
(Shapiro1987). The basicideais to induce patternsthat are not only reliable but
alsosimpleandcomprehensibley enablingthe interactionof a domainexpertwith a
learningalgorithm, allowing it to focusthe learneron relevant portionsof the search
spaceby definingnew patternghatbreakup the probleminto smaller understandable
sub-problemsand use automatednduction for eachof them. We will discussthis
approachin moredetailin Section5.5.

5.2 Cognitivemodels

Psychologicaktudieshave shovn that the differencesn playing strengthsbetween
chessxpertsandnovicesarenot somuchdueto differencesn theability to calculate
longmove sequencedyut to whichmovesthey startto calculate(de Groot1965;Chase
and Simon 1973; Holding 1985; de Grootand Gobet1996; Gobetand Simon2001)
For this pre-selectiorof moveschesgplayersmakeuseof patternsandaccompaying
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promisingmoves andplans. Simonand Gilmartin (1973) estimatethe numberof a
chessexpert’s patterngto be of the orderof 10,000to 100,000. Similar resultshave
beenfoundfor othergamegReitmanl976;EngleandBukstel1978;Wolff etal. 1984).
Onthe otherhand,moststrongcomputercheslayingsystemsely on a few hundred
hand-codegatternstypically the evaluationfunction terms,and attemptto counter
balancehisdeficieng by searchingrdersof magnitudesnorepositionshanahuman
chessplayerdoes. In gamedike Go, wherethe searchspaceis too big for suchan
approachcomputemplayersmakeonly slow progress.

Naturally seseral researchersave tried to basetheir game-playingorogramson
findingsin cognitive science.In particularearly Al researchhasconcentrate@n the
simulationof aspect®f theproblem-solvingrrocesshatarecloselyrelatedto memory
like perception(SimonandBarenfeld1969)or retrieval (SimonandGilmartin 1973).
Severalauthorshave moreor lessexplicitly reliedonthechunkinghypothesigo design
game-playingrrogramdy providing it with accesso a manuallyconstructediatabase
of patternsand chunks(Wilkins 1980; Wilkins 1982; Berliner and Campbell1984;
Geopge and Schadier 1990). Naturally, attentionhasalsofocussedon automatically
acquiringsuchchunklibraries.

Someof theearlyideason perceptiorandchunkretrieval wereexpandedandinte-
gratedinto CHREST (Gobet1993),amguablythe mostadwancedcomputationamodel
of a chessplayers memoryorganization.While CHREST mainly sened the purpose
of providing a computationamodelthatis ableto explain andreproducehe psycho-
logical findings, CHUMP (Gobetand Jansenl994)is a variantof this programthat
is actually able to play a game. CHUMP plays by retrieving moves thatit haspre-
viously associatedvith certainchunksin the programs patternmemory It usesan
eye-mo/ementsimulatorsimilar to PERCEIVER (SimonandBarenfeld1969)to scan
theboardinto afixednumber(20) of meaningfukchunks.New chunkswill beaddedo
adiscriminationnet(SimonandGilmartin 1973)which is basedon the EFAM model
of memoryand perception(Feigenbauni961). During the learningphasethe move
thathasbeenplayedin the positionis addedinto a differentdiscriminationnetandis
linkedto thechunkthatcontainghemoved pieceatits original location.In theplaying
phasethe retrieved patternsare checkedor associatethoves(only about10% of the
chunkshave associateanoves). The move thatis suggestedby the mostchunkswill
be played. Experimentalkvaluation(on a collectionof gamesby Mikhail Tal andin
the KQKR ending)wasableto demonstrat¢hatthe correctmove wasoftenin the set
of movesthatwereretrievedby CHUMP, althoughonly rarelywith the highestweight.
Oneproblemseemgdo bethatthe numberof learnedchunksincreasesimostlinearly
with the numberof seenpositions,while the percentag®f chunksthathave anasso-
ciatedmove remainsconstaniover time. This seemdo indicatethat CHUMP re-uses
only few patternswhile it continuouslygeneratesew patterns.

TAL (Flinter and Keane1995)is a similar systemwhich also usesa library of
chunks,which hasalsobeenacquiredfrom a selectionof Tal’'s gamesfor restricting
the numberof movesconsidered.It differsin the detailsof the representatioof the
chunksandtheimplementatiorof their retrieval. Here,the authorsobsered a seem-
ingly logarithmicrelationshipbetweenthe frequeny of a chunk and the numberof
occurrence®f chunkswith thatfrequeng. This seemdo confirmthe above hypoth-
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esis. Walczak(1991)suggesthe useof a chunklibrary for predictingthe movesof a
(human)opponentWe will discusshis approachn Section6.

CasTLE (Krulwich 1993)is basedn RogerSchanks cognitive theoryof explana-
tion patterng Schank1986)andits computationamodel,case-basedeasoningRies-
beckand Schank1989). In particular it is basedon the case-baseglanning model
(Hammond1989),in which plansthathave beengeneralizedrom pastexperiencesre
re-usedand,whenever they fail, continuouslydetugged. CASTLE consistf several
modulesg(Krulwich etal. 1995). The threatdetectioncomponents a setof condition-
actionrules,eachrule being specializedor recognizinga particulartype of threatin
thecurrentfocusof attentionwhichis determinedy anotherule-basedomponentA
countefrplanningmoduleanalyzeghe discoveredthreatsandattemptgo find counter
measuresCASTLE invokeslearningwheneerit encounteranexplanationfailure, e.g.
whenit turnsout thatthe threatdetectionandthe countefrplanningcomponenthave
failedto detecor preventathreat.In suchacaseCASTLE usesaself-modelo analyze
which of its componentss responsibldor the failure, tries to find an explanationof
thefailure,andthenemploysexplanation-basetkarningto generalizehis explanation
(Collinsetal. 1993). CASTLE hasdemonstratethatit cansuccessfullyearnplansfor
interposition discosreredattacksforks, pinsandothershort-termtacticalthreats.

Kerner(1995)alsodescribesa case-basedeasoningorogrambasedon Schanks
explanationpatterng(Schank1986). The basicknowledgeconsistsof a hierarchyof
stratgic chessconceptglike backwardpavns etc.) thathasbeencompiledby anex-
pert. Indexed with eachconceptis an explanationpattern (XP), roughly speakinga
variabilizedplan that can be instantiatedwvith the parametersf the currentposition.
Whenthe systemencounters new positionit retrievesXPsthatinvolve thesamecon-
ceptandadaptghe planfor the previouscaseto the new positionusinggeneralization,
specialization replacementinsertionand deletionoperators. If the resultingXP is
approvedby a chessxpertit will bestoredin the casebase.

HoYLE (Epstein1992)is agame-playingystembasedn FORR,a generalrchi-
tecturefor problemsolving andlearning(Epstein1994a).1t is ableto learnto play a
variety of simpletwo-personperfect-informatioryames.HoYLE relieson several hi-
erarchicallyorganizedAdvisorswhich areableto votefor or againssomeof the avail-
ablemoves. The Advisorsarehand-codedput game-independentheimportanceof
theindividual Advisorsis learnedwith anefficient, supervisedaveight-tuningalgorithm
Epstein(1994b,Epstein(2001)A specialAdviso—PATSY—is ableto makeuseof an
automaticallyacquiredchunklibrary, andcommentsn favor of patternghatareasso-
ciatedwith wins andagainsipatternghatareassociatedvith losses.Thesehunksare
acquireadusinga collectionof so-calledspatialtemplatesa meta-languag#hatallows
to specifywhich subpartof the currentboardconfigurationareinterestingto be con-
sideredas patterncandidates Patternsthat occurfrequentlyduring play areretained
and associatedvith the outcomeof the game(Epsteinet al. 1996). HOYLE is also
ableto generalizehesepatternsinto separatepattern-oriented\dvisors. Similar to
PATSY, anotherAdvisor—ZONE RANGER—mMay supportmovesto a positionwhose
zoneshave positive associationsyherea zoneis definedasa setof locationsthatcan
be reachedn a fixed numberof moves. The patternsand zonesusedby PATsy and
ZONE RANGER are attemptsto captureand modelvisual perception. Thereis also
someempirical evidencethat HoyLE exhibits similar playing and learningbehaior
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thanhumangameplayers(Rattermanrand Epstein1995). A detaileddescriptionof
HoyLE canbefoundin (Epstein2001).

5.3 Pattern-based learning systems

Therearea varietyof otherpattern-baseglayingsystemgshatarenot explicitly based
onresultsin cognitivescience Quitewell-knownis PARADISE (Wilkins 1980,1982),a
pattern-basedxpertsystenthatis ableto solve combinationsn chessvith aminimum
amountof search. It doesnot use learningbut therea few other systemsthat rely
upontheautomatidormationof understandableatternandrule databasethatcapture
importantknowledgefor game-playing.

Theclassicexampleis Watermars pokerplayer(Watermarl970).1t hastwo types
of rules, interpretationrules which map gamestatesto abstractdescriptorgby dis-
cretizing numericalvalues)and action rules which map statedescriptorgo actions.
The programcanlearntheserulesby acceptingadvicefrom the useror from a hand-
codedprogram(cf. Section5.1) or it canautomaticallyconstructruleswhile playing.
Eachhandplayedis ratedby an oraclethat providesthe actionthat canbe proved to
be bestin retrospecfwhenall cardsareknown). After the correctactionhasbeende-
termined,interpretatiorrulesareadjustedso thatthey mapthe currentstateto a state
descriptothatmatchesuserprovidedso-calledrainingrule, whichis associatevith
the correctaction. The programthenexaminesits actionrule baseto discover therule
that madethe incorrectdecision. The mistakeis correctedby specializingthe incor-
rectrule, by generalizingoneof therulesthatareorderedbeforeit or by insertingthe
trainingrule beforeit. During play, the programsimply runsthroughthe orderedlist
of actionrulesand performsthe actionrecommendedby the first rule matchingthe
statedescriptionthat hasbeenderived with the currentsetof interpretatiorrules. In
subsequentvork, Smith (1983)usedthe samerepresentatioformalismandthe same
knowledgebasefor evolving pokerplayerswith ageneticalgorithm.

Anotherinterestingsystemis the chessprogramMORPH (Levinson and Sryder
1991; Gould andLevinson1994). Its basicrepresentationantity are pattern-weight
pairs (pws) Patternsare represente@sconceptuapositiongraphsthe edgesbeing
attackrelationshipsandthe nodesbeing piecesand importantsquares.Learnedpat-
ternscanbegeneralizedy extractingthe commonsubtreeof two patternswith similar
weightsor specializedy addingnodesandedgedo the graph. Differentpatternscan
be coupledusingreverseengineeringsothatthey resultin a chainof actions.Thepat-
ternweightsare adjustedby a variantof temporal-diferencelearning,in which each
patternhasits own learningrate, which is setby simulatedannealing(i.e., the more
frequentlya patternis updatedthe slower becomests learningrate). MORPH evalu-
atesa move by combiningthe weightsof all matchecdpatternsnto a single evaluation
functionvalueandselectinghe move with thebestvalue,i.e. it only performsa 1-ply
look-ahead.The systemhasbeentestedagainstGNUCHESS andwasableto beatit
occasionally The samearchitecturenasalsobeenappliedto gamesotherthanchess
(Levinsonetal. 1992).

Kojima, Ueda,andNagano(1997)discussan approachor learninga setof rules
for solving tsume-goproblems. Theseare inducedwith an evolutionary algorithm,
which wassetup to reinforcerulesthat predicta move in a databaseNew rulesare

29



constructedor situationsin which no otherrule matcheghe move playedin the cur
rent position. Ruleswith high reliability canspavn childrenthat specializethe rule
by addingoneconditionandinherit someof the parents activationscore.Kojimaand
Yoshikava (2001)shovedthatthis approactis ableto outperformpatternswith fixed
receptve fields, similarto thosethatareoftenusedin Go programgo reducethecom-
plexity of theinput(seee.g.,Stoutamirel991;Schraudolptetal. 1994;or Dahl2001).

5.4 Explanation-based learning

Explanation-basekbarning(EBL) (Mitchell et al. 1986)hasbeendevisedasa proce-
durethatis ableto learnpatterngn domainswith arich domaintheory Thebasicidea
is thatthe domaintheorycanbe usedo find anexplanationfor a givenexamplemove.
Generalizingthis explanationyields a pattern,to which the learnertypically attaches
themove thathasbeenplayed.In thefuture,the programwill play this (type of) move
in situationswherethe patternapplies,i.e., in situationsthat sharethosefeatureshat
arenecessaryor the applicability of this particularexplanation.In game-playinglo-
mains,it is typically easyto representherulesof the gameasa formaldomaintheory
Hence,several authorshave investigatedEBL approacheshat allow to learn useful
patterndrom aformalizationof therulesof thegame.

A very early explanation-basettarningapproacto chesshasbeendemonstrated
by Pitrat (1976a,1976b). His programis ableto learn definitionsfor simple chess
conceptdike skaver or fork. The conceptsarerepresentedsgeneralizednove trees,
so-calledprocedues To understan@ move the programtriesto constructa move tree
usingalreadylearnedproceduresThis treeis thensimplified (unnecessargnovesare
remoed) and generalizedsquaresand piecesare replacedwith variablesaccording
to somepredefinedules),in orderto producea new procedurehatis applicableto a
varietyof similar situations.

Pitrat's programsuccessfullydiscovereda variety of usefultacticalpatterns How-
ever, it turnedout that the size of the move treesgrows too fast oncethe program
haslearneda significantnumberof patternsof varying degreesof utility. This util-
ity problemis a widely acknavledgeddifficulty for explanation-basetearningalgo-
rithms (Minton 1990)andpattern-learninglgorithmsin general.Interestingly it has
led Pitratto the conclusionthat the learningmoduleworks well, but a more sophis-
ticatedmethodfor dealingwith the mary proceduregliscorered during learningis
neededPitrat1977).

Minton (1984)reportsthesameproblemof learningtoo mary too specializedules
with explanation-basetkarningfor the gameof Go-moku. His programperformsa
backwardanalysisafter the opponenthasachieved it goal (to have five stonesin a
row). It thenidentifiesthe patternthathastriggeredtherule which hasestablishedhat
the opponenthasachiered a goal. Fromthis patternall featureghathave beenadded
by the opponents lastmove areremored andall conditionsthat have beennecessary
to enablethe opponents lastmove areadded.Thusthe programderivesa patternthat
allows to recognizehe dangerbeforethe opponenthasmadethe devastatingmove. If
the programs own lastmove hasbeenforced,the patternis againchangecdy deleting
the effects of this move andaddingthe prerequisitesor this move. This processof
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patternregressionis continueduntil oneof the programs moveshasnot beenforced.
The remainingpatternwill thenform the conditionpartof a rule thatrecognizeshe
dangemeforetheforcedsequencef movesthathasachieredthe opponentsgoal.

However, the limitation to tactical combinationswhere eachof the opponents
movesis forced,is too restrictive to discover interestingpatterns.Consequentlyser-
eralauthorshave tried to generalizeéhesetechniquesPuget(1987),e.g.,simply made
the assumptiorthatall the opponents movesareoptimal (he hasreacheda goal after
all), but presents techniquehatis ableto includealternatve moveswhenregressing
patternsover the programs own moves. However, his techniquehadto sacrificesuffi-
cieng, i.e., it couldno longerbe guaranteethatthe move associatedavith the pattern
will actuallyleadto aforcedwin. Lazyexplanation-basedearning (Tadepalli1989)
doesthis even moreradically by learningover-general overly optimistic plans,which
aregeneratedy simply not checkingwhetherthe movesthatled to the achiszement
of a goal wereforced. If one of theseoptimistic planspredictsthat its application
shouldachieve acertaingoal,but it is notachiezedin thecurrentgame theopponents
refutationis generalizedo a counterplanthatis indexed with the original, optimistic
plan. Thus,thenext time this planis invoked,the programis ableto foreseethis refu-
tation. Technically thisis quite similar to the case-basegdlanningapproachdiscussed
in Section5.2.

Another problemwith suchan approachis thatin gameslike chessthe ultimate
goal (checkmate)s typically too distantto be of practicalrelevance. Consequently
Flann(1989)describe$’LACE, a programthatreasonsvith automaticallyacquiredab-
stractiondn the form of new subgoalsandoperatorghatmaintain,destroyor achieve
suchagoal. Complex expressiondor the achi&zementof multiple goalsareanalyzed
by the programandcompiledby performinganexhaustie caseanalysis(Flann1990,
1992),whichis ableto generatggeometricatonstraintthatcanbe usedasarecogni-
tion patternfor theabstractoncept.

Peoplealso looked for ways of combiningEBL with otherlearningtechniques.
FlannandDietterich(1989)demonstratenethodgor augmentindeBL with asimilarity-
basednductionmodulethatis ableto inductively learnconceptdrom multiple expla-
nationsof several examples. In a first step,the commonsubtreeof the explanations
for eachof the examplesis computedand generalizedvith EBL. In a secondphase
this generalconcepts inductively specializedy replacingsomevariableswith con-
stantsthat are commonin all examples. Dietterichand Flann (1997) remarkedthat
explanation-basedndreinforcementearningareactuallyquite similarin thewayboth
propagaténformationfrom the goal statesbackward.Consequentlythey proposean
algorithmthatintegrateghegeneralizatiombility of explanation-basedoalregression
into a corventionalreinforcementearningalgorithm.Amongothersthey demonstrate
a successfubpplicationof the techniqueto the KRK chessendgame.Flann(1992)
shaws similar resultson otherendingsn chessandcheckers.

However, becausef the abore-mentionedgroblems,mostimportantlythe utility
problemandthe needfor adomaintheorythatcontainsmoreinformationthana mere
representatioof the rulesof the games,nterestin explanation-baseékarningtech-
nigueshasfaded.Recentlyit hasbeenrejuvinatedfor the gameof Go, whenKojima
(1995)proposedo useEBL techniquedor recognizingforcedmoves. This technique
is describedn moredetailin (Kojima and Yoshikava 2001). A relatedtechniqueis
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usedin the Go programGoGoL for acquiringrulesfrom tacticalgoalsthatarepassed
to the programin theform of meta-programgCazenae 1998).

5.5 Pattern induction

In additionto databasesf commonopeningsaandhugegamecollectionswhich have—
sofar—beenmostly usedfor the tuning of evaluationfunctions(Section4) or the au-
tomaticgeneratiorof openingbooks(Section2), for mary gamescompletesubgames
have alreadybeensolved,anddatabaseareavailablein whichthegame-theoretigalue
of positionsof thesesubgamesanbelookedup. In chessfor example,all endgames
with up to five piecesand somesix-pieceendgamesave beensolved (Thompson
1996).Similarendgamelatabasebave beenbuilt for othergamedike checkergLake
etal. 1994). Somegamesareevensolvedcompletelyi.e., all possiblepositionshave
beenevaluatedandthe game-theoretiwalue of the startingposition hasbeendeter
mined(Allis 1994;Gassefl 995). Mary of thesedatabasearereadilyavailable,some
of them (in the domainsof chess,connect-4andtic-tac-toe)are commonlyusedas
benchmarlproblemsfor evaluatingmachine-learninglgorithms!® For someof them,
notonly theraw positioninformationbut alsoderivedfeatureswhich capturevaluable
information (similar to termsin evaluationfunctions),are madeavailablein orderto
facilitatethe formulationof usefulconcepts.

Theearliestwork on learningfrom a chessdatabasés reportedby Michalski and
Negri (1977),who appliedtheinductive rule learningalgorithmAQ (Michalski 1969)
to the KPK databaselescribedy Clarke (1977). The positionsin the databasevere
codedinto 17 attributesdescribingimportantrelationsbetweerthe pieces. The goal
wasto learna setof rulesthat are ableto classifya KPK positionaswin or draw.
After learningfrom only 250training positions,a setof ruleswasfoundthatachiezed
80% predictive accurag on this task,i.e., it wasableto correctlyclassify80% of the
remainingpositions.

Quinlan (1979) describesseveral experimentsfor learningrules for the KRKN
endgameln (Quinlan1983),he usedhis decisiontreelearningalgorithmID3 to dis-
cover recognitionrulesfor positionsof the KRKN endgamehatarelostin 2 ply as
well asfor thosethatarelostin 3 ply. Fromlessthan10% of the possibleKRKN
positions,ID3 wasableto derive a treethat committedonly 2 errorson a testsetof
10,000randomlychosenpositions(theseerrorswere later correctedoy Verhoefand
Wesseliug1987)).Quinlannotedthatthis achi&zementwasonly possiblewith a care-
ful choiceof theattributesthatwereusedto representhe positions.Findingtheright
setof attributesfor thelost-in-2-plytaskrequiredthreeweeks.Adaptingthis setto the
slightly differenttaskof learninglost-in-3-ply positionstook almosttwo months.Thus
for thelost-in-4-plytask,which heintendedo tacklenext, Quinlanexperimentedvith
methodsfor automatingthe discovery of new useful attributes. However, no results
from this endesor have beenpublished.

A severe problemwith this and similar experimentsis that, althoughthe learned
decisiontreescan be shovn to be correctandfasterin classificationthan exhaustie
searchalgorithms they aretypically alsoincomprehensibléo chessexperts. Shapiro

18Theyareavailablefrom http://www.ics.uci.edu/ mlearn/MLRepository.html.
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andNiblett (1982)triedto alleviatethis problemby decomposinghelearningtaskinto
ahierarchyof smallersub-problemshatcouldbetackledindependentlyA setof rules
is inducedfor eachof thesub-problemsvhichtogethelyield amoreunderstandablee-
sult. This proces®f structuedinductionhasbeenemployedo learncorrectclassifica-
tion proceduregor the KPK andthe KPa7KR endgame$Shapiro1987).An endgame
expert helpedto structurethe searchspaceandto designthe relevantattributes. The
rulesfor the KPa7KR endgamesvere generatedvithout the useof a databasesan
oracle.Theruleswereinteractvely refinedby the expertwho could specifynew train-
ing examplesand suggestew attributesif the available attributeswere not able to
discriminatebetweensomeof the positions. This rule-delugging processvas aided
by a self-commentindacility that displayedtracesof the classificatiorrulesin plain
English (ShapiroandMichie 1986). A similar semi-autonomouprocesdor refining
the attribute setwas usedby Weill (1994)to generatedecisiontreesfor the KQKQ
endgame.

However, the problemof decomposinghe searchspaceinto easily manageable
subproblemss a taskthatalsorequiredextensive collaborationwith a humanexpert.
Consequentlythere have beensereral attemptsto automatethis process. Paterson
(1983)tried to automaticallystructurethe KPK endgamaeisinga clusteringalgorithm.
The resultswerenegative, asthe found hierarchyhad no meaningto humanexperts.
Muggleton(1990)appliedtherule learningalgorithmDucE to the KPa7KR taskstud-
ied by Shapiro(1987). DUCE is is ableto autonomouslhsuggeshigh-level concepts
to the user similar to someof the approachesliscussedn Section4.5.4. It looks
for commonpatternsin the rule base(which initially consistsof a setof ruleseach
describingone example boardposition) and tries to reduceits size by replacingthe
foundpatternswith new conceptsin machindearningtheautonomountroductionof
new conceptsiuringthelearningphasds commonlyknown asconstructiveinduction
(Matheus1989). Using constructve induction, DUCE reduceshe role of the chess
expertto amereevaluatorof thesuggestedonceptsnsteadof aninventorof new con-
cepts.DuUcCE structuredhe KPa7KR taskinto a hierarchyof 13 conceptslefinedby a
total of 553 rules. Shapiros solution,however, consistedf 9 conceptawith only 225
rules.NeverthelesDucE's solutionwasfoundto be meaningfulfor a chessexpert.

Most of thesesystemsare evaluatedwith respecto their predictive accuray, i.e.,
their ability to generalizdrom a few examplesto new examples. Althoughthesere-
sultsarequiteinterestingrom amachine-learningointof view, their utility for game-
playingis lessobvious. In gameplaying, oneis typically notinterestedn generaliza-
tionsfrom afew exampleswhena completedatabasés alreadyavailable. However, it
would beavaluableresearctprojectto simply compresshe availabledatabasemto a
few (hundred)powerful classificatiorrulesthatareableto reproducehe classification
of the positionsstoredin the database.Currently I/O costsare often prohibitive so
thatduringregular searchesanendgame-databageokupis only feasibleif the entire
databaseanbe keptin main memory Accessto externaldata(e.g.,a databasestored
on a CD-ROM) is only feasibleat the root of the search.Variousefficient compres-
siontechniquediave beenproposedor this purposeHeinz 1999a,1999b).However,
if oneonly hasto storea setof classificationrules, perhapswith a few exceptions,
the memoryrequirementgould be significantlyreduced.Again, the main obstacleto
this endesor is not the lack of suitablemachine-learninglgorithms—neavadaysML
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algorithmsarefit for addressindiundredsf thousand®f examplesand canemploy
powerful subsamplingechniquedor larger databaseésee(Bain andSrinivasan1 995)
for somepreliminaryexperimentson compressinglistance-to-mataformationin the
KRK endgame)—iit the lack of availability of appropriatdackgroundknowledgefor
thesedatabases.If the learningalgorithmsare not given the right featuresthat are
usefulfor formulatingthe conceptsthey cannotbe expectedto generalizavell.

5.6 Learning playing strategies

We definea playing stratgy as a simple, interpretableprocedurefor (successfully)
playing a gameor subgame.Learningsucha stratgy is significantly harderthanto
learnto classifypositionsaswon or lost. Considethe caseof a simplechessndgame,
like KRK. It is quitetrivial to learnafunctionthatrecognizesvon positions(basically
theseareall positionswhereBlack cannotcaptureéWhite’srook andis not stale-mate).
However, avoiding drawing variationsby keepingone’s rook safeis not equivalentto
making progresgowardsmating one’s opponent. This problemof having to choose
betweenmovesthat all look equally good hasbeentermedthe mesaeffect (Minsky
1963).

Bain, e.g, hastried to tacklethis problemby learningan optimal playerfrom a
perfectdatabasér theKRK endgaméBain1994;BainandSrinivasaril995).Hetried
to learnrulesthatpredictthe numberof pliesto awin with optimal play on bothsides
in theKRK endgameSucha predictorcouldbeusedfor asimpleplayingstratey that
simply picksthe move thatpromiseghe shortestlistancao win. He foundthatit was
quiteeasyto learnrulesfor discriminatingdravn positionsrom wonpositions put that
thetaskgotharderthelongerthedistanceo win was.Discriminatingpositionsthatare
wonin 12 pliesfrom positionghatarewonin 13pliesprovedto beconsiderabihardey
atleastwith the simplegeometricconceptghat he usedasbackgroundknowledgefor
thelearner

On the otherhand,humanplayersare ableto follow a very simple,albeit subop-
timal stratgy to win the KRK chessendgame Every chessnovice quickly learnsto
win this endgame.An automatonthat could play this endgamgalbeit only from a
fixed startingposition)wasalreadyconstructedht the beginning of this centuryby the
Spanishengineel_eonardoTorresy Quevedo(Vigneron1914). Thus,it seemgo be
worth-whileto look for simplepatternghatallow a playerto reliablywin theendgame
but not necessarilyn theoptimalway (i.e., with theleastnumberof moves).

PaL (Morales1991;Morales1997)usesinductive logic programmingechniques
to inducecomple patterndn first-orderlogic. It requiresa humantutor to provide a
few trainingexamplesfor theconceptdo learn,but assist$erby generatingadditional
exampleswith a perturbationalgorithm. This algorithmtakesthe currentconcepide-
scriptionandgeneratesew positionsby changingcertainaspectsike thesideto move,
thelocationof somepiecesgetc. Theseexampleshave to beevaluatedoy theuserbefore
they areusedfor refining the learnedconcepts.PaL’s architecturds quite similar to
Shapiros structurednduction(Section5.1) but it is ableto induceconceptsn amore
powerful descriptionlanguage.Morales(1994)demonstratethis flexibility by using
PAL to learnaplayingstratgy for the KRK endgameFor this taskit wastrainedby a
chessxpertthatprovided examplesfor a setof usefulintermediateconceptsAnother
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referencesystemis dueto Muggleton(1988).His programusessequencénductionto
learnstratg@iesthatenableit to play a partof the difficult KBBKN endgamenamely
thetaskof freeinga cornerecishop.

It is no coincidencehatall of the above examplesarefrom the domainof chess
endgames.The reasonfor this is that on the onehandmary perfectchessendgame
databaseareavailable,while, onthe otherhand,thesearenot well-understoody hu-
manplayers.The mostfamousexamplearethe attemptsof a former Correspondence
ChessWorld Championanda CanadianChessChampionto defeatken Thompsons
perfectKQKR databasavithin 50 moves (Michie 1983;Levy andNewborn 1991)or
the attemptof an endgamespecialistto defeata perfectdatabaseén the “almostun-
documentedindvery difficult” KBBKN endgamé&Roycroft1988). GM JohnNunn’s
effort to manuallyextract someof the knowledgethatis implicitly containedn these
databasesgesultedin a seriesof widely acknavledgedendgamebooks(Nunn 1992,
1994hb,1995),but Nunn (1994a)readily admittedthat he doesnot yet understandll
aspect®f thedatabaselseanalyzedWebelieve thatthediscovery of playingstrategies
for endgamelatabasets a particularlyrewardingtopicfor furtherresearclfFurnkranz
1997).

6 Opponent Modeling

Opponenmodelingis animportant,albeitsomeavhat ngglectedresearctareain game
playing. Thegoalis to improve the capabilitiesof the machineplayerby allowingit to
adaptto its opponentandexploit his weaknessesEvenif a game-theoreticabptimal
solutionto a gameis known, a systemthat hasthe capabilityto modelits opponents
behaior mayobtaina higherreward. Consideyfor example,the gameof rock-paper
scissorsakaRoShamBgowhereeitherplayercanexpectto win onethird of thegames
(with onethird of draws) if both playersplay their optimal stratgies(i.e., randomly
selectone of their threemoves). However, againsta playerthat alwaysplays roc,
a playerthatis ableto adapthis stratgy to alwaysplaying paper canmaximizehis
reward,while a playerthatstickswith the“optimal” randomstratey will still win only
onethird of the gamegBillings 2000b). In fact, therehave beenrecenttournaments
on this gamein which the game-theoreticallpptimal player(therandomplayer)only
finishedin the middle of the packbecausét wasunableto exploit the weakerplayers
(Billings 2000a;Egnor2000).

For the above reasonppponenmodelinghasrecentlybecomea hottopicin game
theory Work in this areais beyondthe scopeof this paperandtheauthors expertise);
we havetoreferthereadeito (Fudenbeg andLevine 1998)or to Al Roth’son-linebib-
liography'# For someAl contributionsto game-theoretiproblemssee e.g.,(Littman
1994; Mondererand TennenholtzZ1997; Brafmanand Tennenholtz1999; Koller and
Pfeffer 1997).

Surprisingly however, opponenimodelinghasnot yet receved muchattentionin
the computergamescommunity Billings et al. (1998b)seethe reasonfor that in
thefactthat“in gamedike chessppponenimodelingis not critical to achiezing high

14Seenttp://www.economics. harvard.edu/ aroth/bib.html#l ear nbi b
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performancé. While this may be true for somegamesit is certainlynot true for all
games:In poker however,” they continue*opponenimodelingis essentialo success.

Although variousother authorshave noticed beforethat minimax searchalways
strivesfor optimal play againstall playerswhile it could be morerewardingto try to
maximizetherewardagainsta fallible opponentJanser(1990)wasprobablythefirst
who explicitly tried to exploit this by investigatinghe connectiorof searchdepthand
move selection. His basicideawasto accumulatevariousstatisticsaboutthe search
(like the numberof fail-highsor fail-lowsin analpha-betssearch)n orderto extract
somemeta-informatiorabouthow thesearctprogressedn particular hesuggestetb
look for trapandswindlepositionsj.e., positionan whichoneof theopponentsmoves
looks much better(much worse)thanits alternatves, assumingthat the opponents
searchdepthis limited. Trappositionshave the potentialthattheopponenmightmake
a badmove becausats refutationis too deepin the searchtree, while in a swindle
positionthe playercanhopethatthe opponenbverlooksoneof hisbestrepliesbecause
he doesnot seethe crucial continuation® In subsequenwork, Janser{1992b,1992a,
1993)hasinvestigatedheuseof heuristicghatoccasionallysuggessuboptimamoves
with swindlepotentialfor theweakersideof KQKR chessndgameOtherresearchers
proposedechniqueso incorporatesuchopponenmodelsinto thesystem$ own search
algorithm(CarmelandMarkovitch 1993,1998b;lida etal. 1994).

To our knowledge,CarmelandMarkaovitch (1993)werethefirst to try to automat-
ically learn amodelof the opponents move selectiorprogressFirst, they proposed
simplealgorithmfor estimatingthe depthof the opponents minimaxsearch.To this
end,they employeda comparisortrainingtechniqugseeSectiond.2). For eachtrain-
ing position,all movesareevaluatedoy alimited-depthsearch.The numberof moves
thataredeemedetterthanthemove actuallyplayedis subtractedrom the scoreof the
currentsearchdepth,while the numberof movesthatareconsidereegqualor worseis
addedo thescore.Thisprocedurés repeatedor all searchdepthaupto acertainmax-
imum. Thedepthachiezing the maximumscoreis returned.Subsequentithe authors
alsoproposedaway for learningthe opponent (linear) evaluationfunctionby super
visedlearning:for eachpossiblemove in thetrainingpositionsthealgorithmgenerates
alinearconstrainthatspecifieghatthe (opponents)evaluationof theplayedmove has
to beatleastasgoodasthealternatve underconsideratiorfwhich the opponenthose
notto play). A setof weightssatisfyingtheseconstraintds thenfound by linear pro-
gramming.This procedurds repeatedintil the programmakesno significantprogress
in predictingthe opponents moveson anindependentestset. Again, this is applied
to avariety of searchdepthswherefor depths> 1 thedominantpositionsof the mini-
maxtreesof thetwo movesareusedn thelinearconstraints® CarmelandMarkovitch
(1993)testedtheirapproachn acheckerplayer Theopponentnodelwastrainedoff-
line on800trainingpositions andthelearnednodelswvereevaluatedoy measuringhe

15yiterwijk andvandenHerik (1994)suggesto alsogive a bonusfor continuationsvherethe proportion
of high-qualitymovess relatively low. However, it is questionablevhethersuchan approachwill produce
ahigh gain. Forexamplethis approactwould alsoawarda bonusfor piecetradeswheremovesthatdo not
completethetradewill have muchlower evaluation.

16Thelearningof the evaluationfunctionfor eachindividual searchdepthis quite similar to manyof the
approachesdescribedn Section4. The novelaspectereis the learningof several functions,onefor each
level of searctdepth,andtheir usefor opponentmodeling.

36



accurag with whichthey wereableto predicttheopponent movesonanindependent
testsetof anotheB00 examples.In two out of threeruns,thelearnedmnodelachieved
perfectaccurag. Subsequentithe authorsntegratedtheir learningalgorithminto an
opponeninodelsearchalgorithm,a predecessaf thealgorithmdescribedn (Carmel
andMarkovitch 1998b) wheretheunderlyingopponenmodelwasupdatedafterevery
othergame.Thelearnerwassoonableto outperformits non-learningppponents.

Later, CarmelandMarkovitch (1998ajinvestigatedapproachefor learningregular
automatahatsimulatethe behaior of their opponentsstratgiesandappliedthemto
several game-theoreticgbroblems. They wereableto shav thatan agentusingtheir
methodof inferring a model of the opponents strategy from its interactionbehaior
wassuperiorto seseralnon-adaptie andreinforcement-learninggents.

The InductiveAdversaryModeler (IAM) (Walczak1991; Walczakand Dankelll
1993) makesthe assumptiorthat a humanplayer strivesfor positionsthat are cog-
nitively simple,i.e., they canbe expressedwvith a few so-calledchunks. Whereasa
systemlike CHuMP (Section5) basests own move choicesupona chunklibrary, IAM
tries to modelits opponents chunklibrary. To thatend,it learnsa patterndatabase
from a collectionof its opponentsgamesWheneerit is IAM’ sturnto move, it looks
for nearlycompletecchunksij.e.for chunksthatthe opponentouldcompletewith one
move, andpredictsthatthe opponenwill play this move. Multiple move predictions
areresohedheuristicallyby preferringbiggerandmorereliablechunks.In thedomain
of chessJAM wasableto correctlypredictmorethan10% of the movesin gamesof
several grandmasterscluding Botwinnik, Karpov, andKaspare. As IAM doesnot
alwayspredicta move, the percentagef correctly predictedmoveswhenit actually
madea predictionwaseven higher Theauthoralsodiscussedheseapproachefor the
gamesf Go (WalczakandDankelll 1993)andHex (Walczak1992).A variantof the
algorithm,whichis only concernedvith the modelingof theopponents openingbook
choicesjs discussedh (Walczak1992)and(Walczak1996).

As mentionedabore, Billings etal. (1998b)have notedthatopponenmodelingis
more crucial to successn pokerthanit is in othergames.Thereare mary different
typesof pokerplayers,anda goodplayeradaptshis stratey to his opponent.For ex-
ample trying to call abluff hasalowerchanceof winningagainst consenrative player
thanagainsta risky player Billings etal. (1998b)distinguishbetweentwo different
opponenimodelingtechniquesgenericmodelscapturegeneralplaying patterng(like
a bettingaction shouldincreasethe probability that a player holds a strongerhand),
while specifiomodelsreflecttheindividualbehaior of theopponentsBothtechniques
areimportantfor updatingthe weightsuponwhich Lok1’s decisionsarebased.

At theheartof LokI’s architecturds anevaluationfunctioncalledthe Triple Gen-
erator, which computesa probability distribution for the next actionof a player(fold,
ched/call, or bet/raise given his cardsandthe currentstateof the game. The other
central pieceof informationis the Weight Table, which, for eachpossibletwo-card
combinationcontainsthe currentestimateshat eachof the opponentsoldsthis par
ticular hand. Genericmodelingis performedafter eachof the opponents actionsby
calling the Triple Generatofor eachpossiblehandandmultiplying the corresponding
entryin the weighttablewith the probability that correspondso the actionthe oppo-
nenthastaken. Thus, LokI’s beliefsaboutthe probabilitiesof its opponentshands
areheld consistentvith their actions.Specificmodelingis basedn statisticsthatare
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keptaboutthe frequeng of the opponentsactionsin variousgamecontets. In par

ticular, Lok computeghe medianhandvaluefor whichanopponentvould call abet
andits variance Handswith estimatedraluesabore the sumof meanandvarianceare
not re-weighted(factor = 1.0), while handsbelowv the meanminusthe varianceare
practicallyignored(factor= 0.0). Valuesinbetweerareinterpolated Thus,L OKI uses
information gatheredrom the individual opponents’pastbehaior to re-adjusttheir
entriesin theWeightTable.More detailsof thecomputatiorof the genericandspecific
opponenmodelscanbefoundin (Billings etal. 1998b;Billings etal. 2001).

7 Conclusion

In this paperwe have suneyedresearchin machindearningfor computemgameplay-
ing. It is unavoidablethatsuchanoverview is somevhatbiasedoy theauthors knowl-
edgeandinterestsandour sincereapologiesgo to all authorswhosework hadto be
ignoreddueto our spaceconstraintr ignorance Neverthelesswe hopethatwe have
providedthereademwith agoodstartingpointthatis helpful for identifyingtherelevant
worksto startone’s own investigations.

If thereis a conclusionto be dravn from this suney, thenit shouldbe thatre-
searchin gameplaying posesseriousanddifficult problemswhich needto be solved
with existing or yet-to-be-deelopedmachindearningtechniquesPlus,of coursejt’s
fun...
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