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Abstract

In this paperwe argue that chessdatabasesave
a significantpotentialas a test-bedfor techniques
in the areaof KnowledgeDiscovery in Databases
(KDD). Corversely we think thatresearchn Arti-
ficial Intelligencehasnotyet comeupwith reason-
ablesolutionsfor theknowledgerepresentatioand
reasoningoroblemsthat are posedby knowledge-
basedcomputerchesgprogramsandconsequently
amgue that KDD techniquescould be useful for
the advancemenbf varioustypes of knowledge-
basedcomputerchesssystems.Although we can-
notpresentry concretaesultswe hopeto outline
somefruitful directionsfor furtherresearctandex-
changeof ideasbetweenthe KDD and computer
chesommunities.

1 Intr oduction

KnowledgeDiscoveryin Database¢KDD) or DataMining is
arapidly growing researctareawhich focusesonthediscor-
ery of usefuland understandablpiecesof knowledgefrom
database$Fravley et al., 1992; Fayyadet al., 1994. On
theotherhand,therapidincreasen computingpower of per
sonalcomputerandthe simultaneougall of hardwareprices
hada considerablémpacton the chessplaying community
Most seriouschessplayersusehugegamedatabasesypen-
ing databasesnd/orendgamelatabasethatthey canaccess
andusefor homepreparatiorwith variouscommercialpro-
grams.Thereis practicallyno upperlimit to thesizeof these
databasesandit is quite likely that with someeffort use-
ful knowledgecanbe extractedfrom them. However, state-
of-the-artprogramsfor analyzingthesedatabasehave only
very restrictedcapabilities Whatis neededs the supportfor
high-level conceptshatcanbeusedor describingheknowl-
edgecontainedn thesedatabasesndallow high-level inter-
actionslike “How shouldl develop my piecesin this open-
ing?”, “What are promisingplansin this pavn formation?”,
or “Showv me a winning stratgy for this type of endgame!”.
We believe thatinductivelearningtechnique$ave thepoten-
tial for supportingsuchtasks.
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The purposeof this paperis to draw attentionto research
in KnowledgeDiscoveryin ChessDatabases To that end,
wewill review previouswork, discussshortcomingspresent
directionsfor futurework. In short,we will try to arguethat
chesss aninterestingest-bedor ideasin thefield of Knowl-
edgeDiscoveryin Databases.

2 PreviousWork on KDD and Chess

Thereareavarietyof approachethatemploymachindearn-
ing techniquesin the domain of chess[Firnkranz,1994.
Several of themcanbeviewedin the KDD framewvork. This
sectionwill briefly discussprevious work that aimedat dis-
coveringchessknowledgefrom databases.

The inductionof chessconceptdrom databasess proba-
bly thetaskin computerchesghathasbeenmostintensiely
studiedin machinelearningresearch. Typically, positions
from a certainchessendgameare preclassifiednto the cat-
egorieswon or not-won. Most inductive machinelearning
algorithmsneeda so-calledattribute-valuerepresentatioras
aninput. Eachpositionin thetrainingsethasto be specified
with exactly onevaluefor afixed setof predefinedattributes.
Thelearnedconceptdescriptionis limited to testsfor certain
valuesof the givenattributes.If the positionsareonly repre-
sentedwith obvious attributeslike the locationof the pieces
andthe sideto move, the programsare not capableof mak-
ing usefulgeneralizationsAdditional attributesthat encode
potentiallyuseful patternslike kings’ oppositionor the dis-
tancebetweercertainpiecesamustbe providedto thelearning
system.

The earliestwork on learningfrom a chessdatabasés re-
portedin [Michalski and Negri, 1977, wherethe inductive
rule learningalgorithm AQ [Michalski, 1969 is appliedto
theKPK databaséescribedn [Clarke,1977. Thepositions
in the databasevere codedinto 17 attributesdescribingim-
portantrelationsbetweenthe pieces. In this representation,
ruleswith 80% predictive accurag werelearnedfrom about
250trainingexamples.

[Quinlan, 1983 describesseveral experimentsfor learn-
ing rules for the KRKN endgame. More specifically he
usedhis decisiontree learning algorithm ID3 to discover



recognitionrules for positionsof the KRKN endgamethat
arelost-in-2-ply andlost-in-3-ply respectiely.

Fromlessthan10%of thepossibleKRKN positions]D3 was
ableto derive atreethatcommittedonly 2 errorson atestset
of 10,000randomlychoserpositions(theseerrorswerelater
correctedn [VerhoefandWesselius1987). Quinlannoted
thatthis achiezementwasonly possiblewith a carefulchoice
of the attributesthat were usedto representhe positions.
Findingthe right setof attributesfor the lost-in-2-ply

task requiredthreeweeks. Adapting this setto the slightly

differenttask of learninglost-in-3-ply positionstook

almosttwo months. Thus for the lost-in-4-ply task,
which he intendedto tackle next, Quinlan experimented
with methodsfor automatinghe discovery of new usefulat-

tributes. However, no resultsfrom this endeaor have been
published.

A severe problemwith this and similar experimentswas
that, althoughthe derived decisiontreeswere shavn to be
correctandfasterin classificationthan extensive searchal-
gorithms,they werealsoincomprehensibléo chessexperts.
[Shapiroand Niblett, 1987 tried to alleviate this problem
by decomposingt into a hierarchyof smallersub-problems
that could be tackledindependently A setof ruleswasin-
ducedfor eachof the sub-problemavhich togetheryielded
a moreunderstandableesult. This procesof structuedin-
ductionhasbeenemployedo learncorrectclassificatiorpro-
ceduresfor the KPK and the KPa7KR endgameg$Shapiro,
1987. An endgamesxpert helpedto structurethe search
spaceandto designthe relevantattributes. Therulesfor the
KPa7KR endgamesveregeneratedvithout usinga database
asanoracle. Theruleswereinteractiely refinedby the ex-
pertby specifyingnew trainingexamplesandsuggestingnew
attributesif the availableattributeswerenot ableto discrimi-
natebetweersomeof thepositions.Thisrule-deluggingpro-
cesswasaidedby a self-commentindacility thatdisplayed
tracesof theclassificatiorrulesin plain English[Shapircand
Michie, 1984d. A similar semi-autonomouprocessor re-
fining the attribute setwasusedin [Weill, 1994 to generate
decisiontreesfor the KQKQ endgame.

However, the problemof decomposinghe searchspace
into easily manageablsubproblemsgainis a taskthat re-
quires extensive collaborationwith a humanexpert. Thus
there have beensereral attemptsto automatethis process.
[Paterson,1983 tried to automaticallystructurethe KPK
endgamaisinga clusteringalgorithm. Theresultshave been
negative,asthefoundhierarchyhadnomeaningo humarex-
perts.[Muggleton,1990 hasappliedDucE to the KPa7KR
task studiedby [Shapiro,1987. DucCE is a machinelearn-
ing algorithmthatis ableto autonomouslguggeshigh-level
conceptsto the user It looks for commonpatternsin the
rule base(which initially consistsof a setof ruleseachde-
scribingone exampleboardposition) andtries to reduceits
by replacingthe found patternswith newv concepts.In ma-
chinelearningthe autonomousgntroductionof new concepts
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during the learningphaseis commonlyknown as construc-
tive induction[Matheus1989. Usingconstructveinduction
Duck reduceghe role of the chessexpertto a mereevalu-
ator of the suggeste@¢onceptdnsteadof aninventorof new
conceptsDUCE structuredhe KPa7KRtaskinto a hierarchy
of 13 conceptglefinedby atotal of 553rules. Shapiros so-
lution, however, consistedf 9 conceptswith only 225rules.
NeverthelessDUCE's solutionwas found to be meaningful
for achessxpert.

[Bain, 1994 and[Bain andSrinivasan,1994 triedto learn
rulesthat predictthe numberof pliesto a win with optimal
playonbothsidesin theKRK endgameThis seriesof exper
imentsdiffers from previouswork in two aspects¥First, the
problemwasnot representedsa singlerelationaltable, but
insteadan inductivelogic programmingalgorithmwasused
thatcouldincorporaterelationalbackgroundknowledgesuch
ascheckingwhethertwo piecesare on the samefile or row
and checkingthe distanceshetweentwo pieces. The other
differencewasthattheseexperimentsdid notaim atlearning
predictve rulesfrom a subsampl®f thedatabasehut aimed
at compressinghe databasdy learningrulesthat could re-
produceheentiredatabasejut useonly afractionof thedisk
spacehatwould berequiredfor storingthe entiredatabase.

In [Firnkranzand De Raedt,1997 we have tried to use
the samedatabasdwith slightly more complex background
knowledge)for learninga playingstrategy from thedatabase.
For this purposewe generated 00 gamesof a playerusing
an optimal stratgy (rook side)vs. a playerthat playsran-
domly. Fromall positionsandtheirassociatedptimalmoves
andbadmistakeqdroppingtherook or stale-mating)ywe had
the ILP systemICL [De Raedtand Van Laer, 1999 learn
predicateghat checkwhethera given move is optimal or a
bad mistake. Thesepredicatesvere thenusedin an artifi-
cial playerthatgeneratesll legal moves,rulesoutall moves
thatwere deemedbad mistakes,andrandomlyplays one of
theremainingmovesthatwasjudgedto be anoptimalmove.
Theresultsobtainedsofar werequiteinterestingtheinduced
playerwasableto beatarandomopponentuite consistently
but failed to do sowithin 50 movesagainst&anoptimaloppo-
nent. Thelearnedruleswererathercomplicatedpecausé¢he
provided backgroundknowledgewasat a fairly low level of
abstractior(distancedetweernpieces).All in all, the results
hada striking similarity with resultsobtainedin the areaof
behavioal cloning[Sammut1994.

The approachesliscussedso far inducedconceptsfrom
simple endgamedatabasesind suitablebackgroundknowl-
edge. Databasesf middle-gamepositionsor entire games
have sofar only beenusedfor thetuning of evaluationfunc-
tions. Thesetechniquesare usually concernedwith the ad-
justmentof numericalweightsand cannotbe consideredo
be at the coreof KDD research.The mostnotableapproach
is thework of [Hsuetal., 1994, wherestatisticatechniques
and limited look-aheadwvere combinedto tune the weights
of their world championshigprogram DEEP THOUGHT to



yield optimal performancein a databaseof grandmaster
moves. However, with thesucces®f Tesaurcs backgammon
player researchin this areashifted gradually from tuning
on database$o tuning by self-playvia tempoal-difference
learning[Tesauro1999.

3 Why Chessfor KDD?

Mary of the datasetghat have beenextensiely studiedin

inductive symbolicmachinelearninghave becomestandard
benchmarkproblems. For example,the KRK, KRKN and
KRKPa7 datasetsare part of the UCI collectionof machine
learningdatabasegalongwith dataset®f othergamesike

Othello, Abalone, Connect-4,etc., and mary “real-world”

datasets). However, mary researcherstill considerappli-

cationsof machinelearningalgorithmsto game-playingio-

mainsasfairly trivial. While this may be true for someof

the datasetsn the UCI repository we think thatthis is cer

tainly not true for gameplaying domainsin general.In fact,

our opinionis thatchesamightyield afirst-clasgtest-bedor

mary ideasthat have developedin KDD, aswe attemptto

illustratein this section.

3.1 Efficiency

An important requirementfor knowledge discovery tech-
niguesis thatthey scaleup to large amountsof data. With
the decline of hardwarepricesmore and more datacan be
storedatlow costandit is thetaskof KDD algorithmsto dis-
cover significantregularitiesin thesehugedatabasesrhusan
often heardquestionthatis raisedfor new KDD techniques
is how they scaleup to databasewith significantsizes.Usu-
ally thesaechniquesireevaluatedn databasesom theUCI
repositoryof machinelearningdatabasesyhereonly a few
dataset®iave morethan10,000examples.

Chessdatabasespn the other hand, are available in all
sizes. Typical gamedatabasesonsistof several hundreds
of thousandgiamesgachconsistingof, say 30 positionson
average hot countingvariationsandcomments Every com-
mercial chessplaying programhasaccesgo huge opening
databasesAll endgamesvith up to 5 piecesare available
onthreeCD-Romsandcertaintypesof 6-pieceendgamesre
ontheway Theseendgameshowever, alreadyposeserious
challengeso commonlyavailablestoragemedial Thompson,
1994. A simple3-pieceendgamelatabasalreadyhasabout
64> entries(includingsomeillegal positions) which areusu-
ally storedin a highly compressedormat (for example by
usingboardsymmetries).

3.2 Background Knowledge

Most KDD techniquesassumea datarepresentatiornn the
so-calledattribute-valugormat. Encodingchessositionsin
this formatwould resultin databasethathave oneentry per
training position, where eachentry encodessereral impor-
tantpredicateshataretrue or nottruein this particulartrain-
ing position. This requiresthat eachconceptfrom the back-
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groundknowledgehasto be representedsa new attribute
of the datasetwhich makesit tediousto provide additional
backgroundknowledgethat might help to focusthe learner
on interestingconcepts Most availablechessdatabasedike
theKRKN andtheKRKPa7datasetérom the UCI repository
of machindearningdatabases,onformto this format.

However, research in the field of Inductive
Logic Programming (ILP)  [Muggleton, 1992;
De Raedt, 1994 has lead to the developmentof algo-
rithms that are able to makeuseof backgrouncknowledge
in full first-orderhorn-clausdogic. Roughlyspeakingthese
algorithmsare concernedwith the induction of PROLOG
programs. The ability to use backgroundknowledge in
the form of PROLOG clausesallows systemssuchas PAL
[Morales, 1994 to formulate rules with complex predi-
catesin the backgroundknowledge. The rules may even
employ a limited look-aheadby including conditionslike
make_move(Side,Piece,From,To,Pos, NewPos)
and looking for discriminatingpatternsin the new position
thatresultsfrom the specifiedmove. We believe thatdueto
its ability to incorporaterelational backgroundknowledge,
inductive logic programmingis a very promising line of
researchor knowledgediscovery in chessdomains because
chessconceptsusually dependon spatialrelationsbetween
piecesontheboardand/ortemporalrelationsbetweermoves
in a plan. This type of knowledge can be elggantly coded
into a relationalfirst-orderlogic representation.

3.3 Data Selection

An importantstepin the KDD procesgFayyadetal., 1994,
thatis widely neglectedin KDD researchis the stepof data
selection,i.e., the creationof a training set from the raw
datawhichis suitablefor theselectedlataminingtechnique.
While this stepis in generaldomain-dependentheremight
be somegeneralprinciplesthat can be inferred from case
studies. Interestingquestionsthat have to be dealtwith in
thedomainof chessare,e.g.,“"What constitutes training ex-
amplesanentiregame the sequencef moves,the sequence
of positions,or singlepositions?”,'How to encodechesspo-
sitionsinto featurevectorsof fixed length,which areneeded
for mostKDD algorithms?”,or “How to dealwith the tem-
poral sequencehat is inherentwithin move sequence a
chesggame?”.

Considerfor examplethe caseof learningthe bestpavn
movein acertainpawn structure.Onecouldtry with asimple
classifiedearningapproachAn importantquestionhowever,
is whatpositionsshouldbe usedfor trainingthe classifier?A
simpleapproachwould be to selectall gameswith the pavn
structuren questiorandusethosepositionsastrainingexam-
ples,in whichapavn move is madethusdestroyinghestruc-
ture. Thedifferentpavn movesthathave occurredn thevari-
ousgamegouldbeusedasthedependentariablethathasto
be predictedby the classifier However, it is quite likely that
this approachwould over-generalizein the sensethat pavn



moveswould alsobe suggestedor mary positionswhereit
would be premature.This could be preventedby addingall
positionsin which non-pavn moveshave beentried asaddi-
tional negative examplesthat constrainthe learnedconcept.
This approachhowever, will treatall positionswith a cer
tain pawn structureasequalandwill neglectthetemporalse-
guenceof positionsin agame which mightcontainimportant
information.A systematiénvestigatiorof thevariousoptions
in this or a similartaskis certainlya promisingendesor.

3.4

A commonproblemin KDD is that the data setsusually
containmary irrelevant features. This problemis typically
solvedwith techniquedor featuresubsetselection[Caruana
andFreitag,1994;Johnet al., 1994, i.e., techniqueghatfil-
ter out thoseattributesof the training setthat appearo be
irrelevantfor thelearningproblemat hand.It is obvious,that
in chesgpositionsthe exact location of several piecesis not
alwaysrelevant,whichmeanghatchesdatabasesiightbea
nicetest-bedor suchtechniqueslin particular equivalentsof
featuresubsetselectionfor inductive logic programmingal-
gorithms,aresearclareawhichhasnotyetrecevedtheatten-
tion thatit deseres[Furnkranz,1997, couldbe nicely stud-
iedin relationalclassificatiortasksin thedomainof chess.

Irr elevant Features

3.5 Noise

Anotherissuethat is usually of considerablemportanceis
noisein the data. Noiseis a commonlyusedterm for all
sortsof errorsandinconsistenciet the data. It may be the
result of misclassificationsunavailable or erroneousnfor-
mation, contradictingexamples etc. The effect of noiseare
usually overly conceptdescriptionsbecausemary learning
algorithmshave severe problemsin discriminatingbetween
contradictoryevidencethat resultsfrom noiseand canthus
beignoredandimportantexceptiongo thecurrenttheorythat
have to beincorporatednto thefinal theory This problemis
known asoverfitting

Phenomenaf this kind also appearquite frequentlyin
chessdatabaseslin particularwith respecto evaluationof
a certain position or move, there is usually contradicting
evidencefrom different commentator®r from the various
outcomesof gamesthat continuedfrom the given position.
Imaginefor example,the problemof learningthe bestmove
or sequencef movesin acertainmiddle-gamepavn forma-
tion. Theremight be two contradictingplansthatoccurpre-
dominantly alongwith avarietyof othervariationsthathave
beeninfrequentlytried. Canwe concludethatthe oneof the
two frequentlyplayedplansthatresultsin the higherpropor
tion of winsis the bettervariation?If the evidenceis backed
up with asignificantnumberof gamesit certainlyconstitutes
an interestingfinding. Whatif a line hasonly beenplayed
twice, but hasleadto awin in bothcasesouldit beworth
atry? Oris therethedangetthatthereis a refutationthatwas
not known to both players? A generalproblemwith game
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databasess that they usually only containthe moves that
have beenplayedby two reasonablgtrongopponentswhich
meansthat certainvariationsthat are well-known from the-
ory andimportantto know will never or only rarelyoccurin

sucha databaseThis missinginformationalsoconstitutesa
severeproblemfor knowledgediscovery techniquesin gen-
eral,we think it is very hardto determinefrom the evidence
in agamedatabas&hethera certainmove thatdeviatesfrom

thepre-dominanplanin acertainpositionis a badmistakeor

a significantinnovation,a problemthatis very similar to the
problemof noise.

3.6 Non-classificationtechniques

The study of algorithmsfor the inductive conceptlearning
problemhasalongtraditionin Machinelearningandis prob-
ably the subfieldthat hasreceved the mostattention. This
tradition hascarriedover to KDD, but thereare a a variety
of otherapproachesvith differentaims. For example,the
discovery of associatiorrules[Agrawal etal., 1995 or gen-
eraldependencieBvannilaandRaiha, 1994;Pfahringerand
Kramey 1999 might find interestingapplicationsin chess
databasefor discovering typical piece-patternssuchas*“In
mary casewhenwhite castlegjueen-sides)ewill sooneror
laterplayh4”. Othertechniquesireableto discovertemporal
patterndPadmanabhaandTuzhilin, 1994 or interestingde-
viationsfrom thenorm[KIdsgen199. For anexcellentcol-
lectionof papersnvariousKDD techniqueonsuliFayyad
etal., 1994. Therearealsochess-specifi& DD taskshatde-
sene adeepeinvestigationsuchasthediscovery of playing
stratgiesfrom endgamelatabasesyhich we briefly discuss
in sectiond.2.

4 Why KDD for Chess?

A major point of motivationfor KDD is that the discosered
knowledgenot only hasto be interpretableand understand-
able but alsothatit is novel, of interestfor theuserandmaybe
even hasa commercialvalue. This sectiontriesto illustrate
why KDD approachemight be of interestto the chesscom-
munity. In particular we will attemptto show that the po-
tential of thesetechniquesgyoesfar beyond the induction of
simpleendgameslassifierthathave beenpredominantn the
researcltsofar (section2).

4.1 Developinga High-level ChessLanguage

Thefirst stepthatis neededor knowledgediscoreryin chess
databaseis thedevelopmenbf asuitablevocalulary of chess
conceptsn which the discoreredknowledgecan be formu-

lated.Quinlan'swork ontheKRKN databaséasnicelyillus-

tratedtheneedfor anappropriatesocatularyfor learning(see
section2). However, sucha knowledgerepresentatioffior-

malismfor chesonceptxouldalsocontributesignificantly
to computerchessin general. This hasalreadybeenrecog-
nizedin [ZobristandCarlson,1973, whereanadvice-taking
chessprogramis described. The aim of this project was



the developmentof an abstractprogramminglanguagethat
would allow achessmasterto “advice” a playingprogramin
termsof this language Many formalismshave subsequently
beendevelopedin the samespirit [BratkoandMichie, 1980;
GeogeandSchaeler, 1994, mostof themlimited to certain
endgamegsed Michie andBratko,1991] for abibliography).
The characteristicsucha representatioiormalismshas
to incorporatearethatit hasto be sufiiciently expressve for
formulatingabstracstrateic conceptsthatit hasto beexten-
sibleandcanbeeasilyunderstoodby a user andthatit canbe
efficiently implementedThelastpointis particularlyimpor-
tantfor KDD purposesbecaus¢heremustbe efficient ways
for evaluatingpotentialtestsin discoreredrulesin orderto

allow efficient knowledgediscovery in large-scaledatabases.

[Donninger 1996 shows a promisingstepinto the right di-
rectionby providing avery efficientinterpreterof an extensi-
ble languagdor expressingcertaincharacteristicef a board
position.However, the expressienesf thelanguages cur
rently limited to propositionalogic, atrade-of thathadto be
madebecausef efficieng/ considerationgindthe ability to
provide a graphicalinterfacethatalsoallows untrainedusers
to formulaterules.

4.2 Contributionsto ChessTheory

Although chesstheory is fairly well developed, there are
mary aspectsof the gamethat still needto be explored.
As an example of the potential of KDD approacheson-
siderKenThompsonsimpressie work onfive-menendgame
databaseswhich is now publicly available on three CD-
ROMs. His work hasshowvn both, the enormousmagnitude
of the taskand its importancefor chess. Many of the ana-
lyzed endgameshave provided new insightsinto chessthe-
ory. For example,it is now known thatcertainendgamesan-
not be be won within the 50 movesthat are allowed by the
rulesof chesspr thatotherendgamesgvhich werebelievedto
be draws in generalpositionscanin fact be won (although,
againsbestdefencepsuallynotwithin 50 moves).As anex-
ampleconsideithe KBBKN endgamewhich wasconsidered
to beadraw for alongtime,andwasshovn to beawin in at
most66 movesfor all but sometrivial case§Roycroft,1984.
On the otherhand,mary of theseendgamedatabaseare
not thoroughlyunderstoody humanexperts. The mostfa-
mousexampleare the attemptsof grandmasterso defeata
perfectKQKR databasevithin 50 moves or the attemptof
anendgamespecialisto defeata perfectdatabasén the “al-
most undocumentedand very difficult” KBBKN endgame
[Roycroft, 1984. GM JohnNunn'’s effort to manually ex-
tract someof the knowledgethat is implicitly containedin
thesedatabasesgesultedin a seriesof widely acknavledged
endgamebooks[Nunn, 1992;1994b;1999, but Nunnread-
ily admittedthat he doesnot yet understandall aspectsof
the databasese analyzed[Nunn, 19944. It would be re-
wardingto develop algorithmsfor automaticallydiscovering
playingstratgiesfor suchendgameg¢see[Muggleton,1984
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and [Furnkranzand De Raedt,1997 for somepreliminary
work). Suchstratgies could be both, easilyimplemented
into a computerprogramaswell as enrichthe state-of-the-
artof endgameheory While for theformer caseanoptimal
stratgy’ would be desirablefor the latter casea suboptimal
winning strat@y is often preferable|if it is simpleandun-
derstandableThis is a particularlyhard problem,becauset
is non-trivial to decidewhich suboptimalmoves contritute
to someglobal progressaandwhich suboptimaimovesdo not
improve the position. An attemptto learna simpleplaying
stratgy for the KRK endgamenight easilyendup with the
simple stratgy “always move your rook awvay from the en-
emyking” whichwill alwaysresultin awonposition(atleast
for the next 49 moves),but clearlymakeno progresgowards
thegoalof matingtheopponentsking. Othertasksthatcould
be automatizedvith KDD approachemcludethe discovery
of openingtheory mistakesthe automaticdetectionof par
ticularly promisingor unpromisingline-upsor middle-game
plansin certaintypesof openingsandmary more.

4.3 Educational ChessPrograms

Another obvious point, where chessknowledge would be
of considerablémportance and probablythe point with the
highestcommercialpotentialis the use of high-level chess
knowledge in educationalchessprograms. For example,
imaginea programthat analyzesa certainpositionor anen-
tire gameon an abstractstrateic level, tries to understand
your opponents and your own plans,and provides sugges-
tions on differentwaysto proceed. Somecommercialpro-
gramsalreadyprovide suchcapabilities put ata very prelim-
inary level thatusuallyis only ableto detecttactical,but not
stratgic mistakes. The ICCA hasrecognizedhe potential
of suchprograms,and hascreatedthe The BestAnnotation
Award whichwill beawardedannuallyfor thebestcomputer
generatecannotationof a chessgame? Somepreliminary
work on using case-basedeasoningfor a stratgjic analy-
sis of a given chesspositioncanbe foundin [Kerner 1994,
1995. An automaticor semi-automaticacility for enriching
the basicvocahulary of patternsand planswould be highly
desirablefor the developmentof sucha system,or mayeven
form animportantcomponenbf sucha program.

4.4 IncreasingPlaying Strength

It should be obvious that incorporatingadditional knowl-
edgeinto computerchessprogramscan leadto significant
increasesn playing strength.However, the motivationto in-
vestigatesuchapproachekassignificantlydeclinedwith the
somavhatunexpectedsuccessf brute-forceprogramsSome
authorshave investigatedapproachego incorporatestrate-
gic long-termknowledgeinto corventionalchessprograms
[Kaindl, 1982;0pdahland Tessem1994;Donninger 1994,

LIn the following, an optimal playing strateyy refersto onethat
will leadto matein theminimumnumberof moves.
2SeelCCAJournal 15(4):235-2361992.



but theinvestigationof knowledge-basedhesgrogramsas
practicallycometo astand-still. However, we think thatthere
aremary situationswherethe myopiaof brute-forcechess
programssurfaces.

As an extreme example, considerthe problemshaowvn in
figure 1. It is quite safeto assumehatthis problemwill not
be solvedby a computeprogrambasedn bruteforcesearch
in the nearfuture. We would even supposehatit is quite
uncertairto assumehatno programwouldcorrectlyplaythis
position. A brief experimentthat we have conductedwith
FRITz4 hasdemonstratethatFRrI Tz will playBb1to prevent
blackfrom playingPd3,bring its king to al1,Ba2,kingto el,
Bb1, andfinally move the king to f2 in orderto capturethe
pavn onf3. It doesnotrealizethatPf6-f5will draw afterthis
captureandthe exchangethat follows it becauseof black’s
gueeninghreatswhich preventall furtheractuvities of white.

However, despitethe long solutionsequencethe problem
canbe solved quite nicely by humanbeings. A typical path
to a solutionmight proceedasfollows: Becausef the abore
draving chancefor black, white’s only hopelies in queen-
ing one of its pavns on the b-file. To achiese this, white
hasto conquersquarea6. However, he hasno moves that
put blackinto zugzwanghecausédlackcananswerall white
king maoveswith king movesb7-a8-b7or b7-c8-b7.However,
atypical maneuer in suchpositionis the so-calledtriangle
maneuverwhereoneking is ableto usea 3-cycle to returnto
its original squarewhile the otherking is only ableto make
a 2-gycle. White canthereforetry to move its king to el,
playingel-f2-f1-e1,which would gainonemove. Whenthe
white king returnsto a5,we will have exactly the sameposi-
tion, but with blackto move. As he cannotits king because
of white’s threatKa6, he hasto move pavn. Thenthe entire
sequencés repeated. 1 timesuntil black hasno morepavn
moves and hasto answer254. Ka5 with Kc8 thusallowing
Ka6, followedby a matein 15.

While this positioncertainlyis quite unlikely to occurin
an actualgame,it nicely illustratesthe differencebetweena
knowledge-basedpproachand a search-basedpproachto
chess.lt is quite obvious that the use of knowledgecanbe
usedto narrav down the searchconsiderably In fact, more
than half of the moves neednot be calculatedat all, if one
hasfoundthe 23-move maneuer for forcing blackto move
apawvn, which hasto berepeated 1 times. This generabat-
tern of repeatinga certainmove sequenceo force the op-
ponentto a weakeningmove will occur quite frequentlyin
endgames.Likewise, the type of position discussedbore,
where FRITz4 apparentlytries its luck with capturingthe
black pavn on 3 only to reacha dravn endgameis not un-
commonin pavn endgamesndis a nice examplehow ex-
plicit knowledgemay considerablyncreaseplayingstrength.

4.5 TournamentPreparation

Anotherpossibleapplicationfor KDD approachesvould be
to provide a sophisticatedhid for unearthingcharacteristics
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Figurel: A hardproblemfor search-basechesgrograms

of thestyle of individual playersandfor studyingtheir weak-
nessesand strengths. Somecommercialprogramsalready
supporttools of this sortby, e.g.,allowing to derive statistics
onthesucces®f aplayerwith differentopeningsor plotting
statisticson the frequeng of with which he movesa certain
pieceto a certainsquare. KDD techniquedike the discos-
ery of associationrulesor the detectionof interestingdevia-
tionsfrom thenormcouldprovide muchmorepowerful tools
to thatend. This type of applicationwould lay its emphasis
on the integration of suitableKDD techniquesnto a chess
databasénterfaceinsteadof merelyutilizing previously dis-
coveredknowledge.

5 Conclusion

In this work, we have studiedthe potential of chessas a

test-bedfor ideasin the wide field of Knowledge Discov-

eryin Databasesnd,corversely to investigatehe potential
of KDD techniquedor (computer)chess. To thatend, we

have startedwith an overview of previouswork in thatarea,
and have thenoutlinedsomeideashow importantproblems
in KDD researcltanbe studiedin interestinglearningprob-

lemsin the domainof chess. Thereafterwe have sketched
someideashow thecomputerchescommunityandthechess
communityin generalmight profit from sophisticatedppli-

cationsof KDD techniquego chessdatabasesHowever, by

no meanswe would like to give the impressionthat the ap-

plication of KDD techniquedo chessis a trivial task. It is

our firm belief thatsuchinvestigationswill provide valuable
resultspbutwill requiresignificantfurtherresearchThemain

goal of this paperwasto motivate and encourageesearch
projectsin thisarea.
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