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Abstract
In this paperwe argue that chessdatabaseshave
a significantpotentialasa test-bedfor techniques
in the areaof KnowledgeDiscovery in Databases
(KDD). Conversely, we think thatresearchin Arti-
ficial Intelligencehasnotyetcomeupwith reason-
ablesolutionsfor theknowledgerepresentationand
reasoningproblemsthat areposedby knowledge-
basedcomputerchessprograms,andconsequently
argue that KDD techniquescould be useful for
the advancementof varioustypesof knowledge-
basedcomputerchesssystems.Althoughwe can-
notpresentany concreteresults,wehopeto outline
somefruitful directionsfor furtherresearchandex-
changeof ideasbetweenthe KDD and computer
chesscommunities.

1 Intr oduction
KnowledgeDiscoveryin Databases(KDD) or DataMining is
a rapidlygrowing researchareawhich focuseson thediscov-
ery of usefulandunderstandablepiecesof knowledgefrom
databases[Frawley et al., 1992; Fayyadet al., 1996]. On
theotherhand,therapidincreasein computingpowerof per-
sonalcomputersandthesimultaneousfall of hardwareprices
hada considerableimpacton the chessplaying community.
Most seriouschessplayersusehugegamedatabases,open-
ing databases,and/orendgamedatabasesthatthey canaccess
andusefor homepreparationwith variouscommercialpro-
grams.Thereis practicallynoupperlimit to thesizeof these
databases,and it is quite likely that with someeffort use-
ful knowledgecanbeextractedfrom them. However, state-
of-the-artprogramsfor analyzingthesedatabaseshave only
very restrictedcapabilities.Whatis neededis thesupportfor
high-levelconceptsthatcanbeusedfor describingtheknowl-
edgecontainedin thesedatabases,andallow high-level inter-
actionslike “How shouldI develop my piecesin this open-
ing?”, “What arepromisingplansin this pawn formation?”,
or “Show mea winning strategy for this typeof endgame!”.
Webelievethatinductivelearningtechniqueshave thepoten-
tial for supportingsuchtasks.

The purposeof this paperis to draw attentionto research
in KnowledgeDiscoveryin ChessDatabases. To that end,
wewill review previouswork, discussshortcomings,present
directionsfor futurework. In short,we will try to arguethat
chessis aninterestingtest-bedfor ideasin thefield of Knowl-
edgeDiscovery in Databases.

2 Previous Work on KDD and Chess

Thereareavarietyof approachesthatemploymachinelearn-
ing techniquesin the domain of chess[Fürnkranz,1996].
Severalof themcanbeviewedin theKDD framework. This
sectionwill briefly discusspreviouswork that aimedat dis-
coveringchessknowledgefrom databases.

The inductionof chessconceptsfrom databasesis proba-
bly thetaskin computerchessthathasbeenmostintensively
studiedin machinelearningresearch. Typically, positions
from a certainchessendgamearepreclassifiedinto the cat-
egorieswon or not-won. Most inductive machinelearning
algorithmsneeda so-calledattribute-valuerepresentationas
aninput. Eachpositionin thetrainingsethasto bespecified
with exactly onevaluefor a fixedsetof predefinedattributes.
Thelearnedconceptdescriptionis limited to testsfor certain
valuesof thegivenattributes.If thepositionsareonly repre-
sentedwith obviousattributeslike the locationof thepieces
andthe sideto move, the programsarenot capableof mak-
ing usefulgeneralizations.Additional attributesthatencode
potentiallyusefulpatternslike kings’ oppositionor the dis-
tancebetweencertainpiecesmustbeprovidedto thelearning
system.

Theearliestwork on learningfrom a chessdatabaseis re-
portedin [Michalski andNegri, 1977], wherethe inductive
rule learningalgorithmAQ [Michalski, 1969] is appliedto
theKPK databasedescribedin [Clarke,1977]. Thepositions
in thedatabasewerecodedinto 17 attributesdescribingim-
portantrelationsbetweenthe pieces. In this representation,
ruleswith 80%predictive accuracy werelearnedfrom about
250trainingexamples.

[Quinlan, 1983] describesseveral experimentsfor learn-
ing rules for the KRKN endgame. More specifically, he
usedhis decision tree learning algorithm ID3 to discover
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recognitionrules for positionsof the KRKN endgamethat
are lost-in-2-ply andlost-in-3-ply respectively.
Fromlessthan10%of thepossibleKRKN positions,ID3 was
ableto derivea treethatcommittedonly 2 errorsonatestset
of 10,000randomlychosenpositions(theseerrorswerelater
correctedin [VerhoefandWesselius,1987]). Quinlannoted
thatthisachievementwasonly possiblewith a carefulchoice
of the attributesthat were usedto representthe positions.
Findingtheright setof attributesfor the lost-in-2-ply
taskrequiredthreeweeks. Adapting this set to the slightly
differenttaskof learninglost-in-3-ply positionstook
almosttwo months. Thus for the lost-in-4-ply task,
which he intendedto tackle next, Quinlan experimented
with methodsfor automatingthediscovery of new usefulat-
tributes. However, no resultsfrom this endeavor have been
published.

A severe problemwith this andsimilar experimentswas
that, althoughthe derived decisiontreeswere shown to be
correctand fasterin classificationthan extensive searchal-
gorithms,they werealsoincomprehensibleto chessexperts.
[Shapiroand Niblett, 1982] tried to alleviate this problem
by decomposingit into a hierarchyof smallersub-problems
that could be tackledindependently. A setof ruleswasin-
ducedfor eachof the sub-problemswhich togetheryielded
a moreunderstandableresult. This processof structured in-
ductionhasbeenemployedto learncorrectclassificationpro-
ceduresfor the KPK and the KPa7KR endgames[Shapiro,
1987]. An endgameexpert helpedto structurethe search
spaceandto designtherelevantattributes.Therulesfor the
KPa7KRendgamesweregeneratedwithout usinga database
asanoracle. The ruleswereinteractively refinedby theex-
pertby specifyingnew trainingexamplesandsuggestingnew
attributesif theavailableattributeswerenot ableto discrimi-
natebetweensomeof thepositions.Thisrule-debuggingpro-
cesswasaidedby a self-commentingfacility that displayed
tracesof theclassificationrulesin plainEnglish[Shapiroand
Michie, 1986]. A similar semi-autonomousprocessfor re-
fining the attributesetwasusedin [Weill, 1994] to generate
decisiontreesfor theKQKQ endgame.

However, the problemof decomposingthe searchspace
into easilymanageablesubproblemsagainis a task that re-
quiresextensive collaborationwith a humanexpert. Thus
therehave beenseveral attemptsto automatethis process.
[Paterson,1983] tried to automaticallystructurethe KPK
endgameusinga clusteringalgorithm.Theresultshave been
negative,asthefoundhierarchyhadnomeaningto humanex-
perts. [Muggleton,1990] hasappliedDUCE to theKPa7KR
taskstudiedby [Shapiro,1987]. DUCE is a machinelearn-
ing algorithmthatis ableto autonomouslysuggesthigh-level
conceptsto the user. It looks for commonpatternsin the
rule base(which initially consistsof a setof ruleseachde-
scribingoneexampleboardposition)andtries to reduceits
by replacingthe found patternswith new concepts.In ma-
chinelearningtheautonomousintroductionof new concepts

during the learningphaseis commonlyknown asconstruc-
tive induction[Matheus,1989]. Usingconstructiveinduction
DUCE reducesthe role of the chessexpert to a mereevalu-
atorof thesuggestedconceptsinsteadof an inventorof new
concepts.DUCE structuredtheKPa7KRtaskinto ahierarchy
of 13 conceptsdefinedby a total of 553rules. Shapiro’s so-
lution, however, consistedof 9 conceptswith only 225rules.
NeverthelessDUCE’s solutionwas found to be meaningful
for a chessexpert.

[Bain,1994] and[BainandSrinivasan,1995] tried to learn
rulesthat predictthe numberof plies to a win with optimal
playonbothsidesin theKRK endgame.Thisseriesof exper-
imentsdiffers from previouswork in two aspects:First, the
problemwasnot representedasa singlerelationaltable,but
insteadan inductivelogic programmingalgorithmwasused
thatcouldincorporaterelationalbackgroundknowledgesuch
ascheckingwhethertwo piecesareon the samefile or row
andcheckingthe distancesbetweentwo pieces. The other
differencewasthattheseexperimentsdid not aim at learning
predictiverulesfrom a subsampleof thedatabase,but aimed
at compressingthe databaseby learningrulesthatcould re-
producetheentiredatabase,but useonly afractionof thedisk
spacethatwouldberequiredfor storingtheentiredatabase.

In [FürnkranzandDe Raedt,1997] we have tried to use
the samedatabase(with slightly morecomplex background
knowledge)for learningaplayingstrategy from thedatabase.
For this purpose,we generated100gamesof a playerusing
an optimal strategy (rook side)vs. a player that plays ran-
domly. Fromall positionsandtheirassociatedoptimalmoves
andbadmistakes(droppingtherookor stale-mating),wehad
the ILP systemICL [De Raedtand Van Laer, 1995] learn
predicatesthat checkwhethera given move is optimal or a
badmistake. Thesepredicateswere then usedin an artifi-
cial playerthatgeneratesall legal moves,rulesout all moves
thatweredeemedbadmistakes,andrandomlyplaysoneof
theremainingmovesthatwasjudgedto beanoptimalmove.
Theresultsobtainedsofarwerequiteinteresting:theinduced
playerwasableto beatarandomopponentquiteconsistently,
but failed to dosowithin 50 movesagainstanoptimaloppo-
nent.Thelearnedruleswererathercomplicated,becausethe
providedbackgroundknowledgewasat a fairly low level of
abstraction(distancesbetweenpieces).All in all, theresults
hada striking similarity with resultsobtainedin the areaof
behavioral cloning[Sammut,1996].

The approachesdiscussedso far inducedconceptsfrom
simpleendgamedatabasesandsuitablebackgroundknowl-
edge. Databasesof middle-gamepositionsor entiregames
have sofar only beenusedfor thetuningof evaluationfunc-
tions. Thesetechniquesareusuallyconcernedwith the ad-
justmentof numericalweightsandcannotbe consideredto
beat thecoreof KDD research.Themostnotableapproach
is thework of [Hsuet al., 1990], wherestatisticaltechniques
and limited look-aheadwerecombinedto tune the weights
of their world championshipprogramDEEP THOUGHT to
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yield optimal performancein a databaseof grandmaster
moves.However, with thesuccessof Tesauro’sbackgammon
player, researchin this areashifted gradually from tuning
on databasesto tuning by self-playvia temporal-difference
learning[Tesauro,1995].

3 Why Chessfor KDD?
Many of the datasetsthat have beenextensively studiedin
inductive symbolicmachinelearninghave becomestandard
benchmarkproblems. For example, the KRK, KRKN and
KRKPa7 datasetsarepart of the UCI collectionof machine
learningdatabases(alongwith datasetsof othergames,like
Othello, Abalone, Connect-4,etc., and many “real-world”
datasets). However, many researchersstill considerappli-
cationsof machinelearningalgorithmsto game-playingdo-
mainsas fairly trivial. While this may be true for someof
the datasetsin the UCI repository, we think that this is cer-
tainly not truefor gameplayingdomainsin general.In fact,
our opinionis thatchessmight yield a first-classtest-bedfor
many ideasthat have developedin KDD, as we attemptto
illustratein this section.

3.1 Efficiency
An important requirementfor knowledge discovery tech-
niquesis that they scaleup to large amountsof data. With
the declineof hardwarepricesmore and more datacan be
storedat low costandit is thetaskof KDD algorithmsto dis-
coversignificantregularitiesin thesehugedatabases.Thusan
often heardquestionthat is raisedfor new KDD techniques
is how they scaleup to databaseswith significantsizes.Usu-
ally thesetechniquesareevaluatedondatabasesfromtheUCI
repositoryof machinelearningdatabases,whereonly a few
datasetshave morethan10,000examples.

Chessdatabases,on the other hand,are available in all
sizes. Typical gamedatabasesconsistof several hundreds
of thousandsgames,eachconsistingof, say, 30 positionson
average,not countingvariationsandcomments.Every com-
mercial chessplaying programhasaccessto hugeopening
databases.All endgameswith up to 5 piecesare available
onthreeCD-Romsandcertaintypesof 6-pieceendgamesare
on theway. Theseendgames,however, alreadyposeserious
challengesto commonlyavailablestoragemedia[Thompson,
1996]. A simple3-pieceendgamedatabasealreadyhasabout

entries(includingsomeillegalpositions),whichareusu-
ally storedin a highly compressedformat (for exampleby
usingboardsymmetries).

3.2 Background Knowledge
Most KDD techniquesassumea datarepresentationin the
so-calledattribute-valueformat.Encodingchesspositionsin
this formatwould resultin databasesthathave oneentryper
training position, whereeachentry encodesseveral impor-
tantpredicatesthataretrueor not truein thisparticulartrain-
ing position. This requiresthateachconceptfrom theback-

groundknowledgehasto be representedasa new attribute
of the dataset,which makesit tediousto provide additional
backgroundknowledgethat might help to focusthe learner
on interestingconcepts.Most availablechessdatabases,like
theKRKN andtheKRKPa7datasetsfromtheUCI repository
of machinelearningdatabases,conformto this format.

However, research in the field of Inductive
Logic Programming (ILP) [Muggleton, 1992;
De Raedt, 1995] has lead to the development of algo-
rithms that areable to makeuseof backgroundknowledge
in full first-orderhorn-clauselogic. Roughlyspeaking,these
algorithmsare concernedwith the induction of PROLOG
programs. The ability to use backgroundknowledge in
the form of PROLOG clausesallows systemssuchas PAL
[Morales, 1996] 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 thespecifiedmove. We believe thatdueto
its ability to incorporaterelationalbackgroundknowledge,
inductive logic programmingis a very promising line of
researchfor knowledgediscovery in chessdomains,because
chessconceptsusuallydependon spatialrelationsbetween
pieceson theboardand/ortemporalrelationsbetweenmoves
in a plan. This type of knowledgecan be elegantly coded
into a relationalfirst-orderlogic representation.

3.3 Data Selection

An importantstepin theKDD process[Fayyadet al., 1996],
that is widely neglectedin KDD research,is thestepof data
selection,i.e., the creationof a training set from the raw
data,whichis suitablefor theselecteddataminingtechnique.
While this stepis in generaldomain-dependent,theremight
be somegeneralprinciples that can be inferred from case
studies. Interestingquestionsthat have to be dealtwith in
thedomainof chessare,e.g.,“What constitutesatrainingex-
amples,anentiregame,thesequenceof moves,thesequence
of positions,or singlepositions?”,“How to encodechesspo-
sitionsinto featurevectorsof fixedlength,which areneeded
for mostKDD algorithms?”,or “How to dealwith the tem-
poral sequencethat is inherentwithin move sequencesin a
chessgame?”.

Considerfor examplethe caseof learningthe bestpawn
movein acertainpawn structure.Onecouldtry with asimple
classifierlearningapproach.An importantquestion,however,
is whatpositionsshouldbeusedfor trainingtheclassifier?A
simpleapproachwould be to selectall gameswith thepawn
structurein questionandusethosepositionsastrainingexam-
ples,in whichapawn moveis madethusdestroyingthestruc-
ture.Thedifferentpawn movesthathaveoccurredin thevari-
ousgamescouldbeusedasthedependentvariablethathasto
bepredictedby theclassifier. However, it is quite likely that
this approachwould over-generalizein the sensethat pawn
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moveswould alsobesuggestedfor many positionswhereit
would bepremature.This couldbe preventedby addingall
positionsin which non-pawn moveshave beentried asaddi-
tional negative examplesthat constrainthe learnedconcept.
This approach,however, will treatall positionswith a cer-
tainpawn structureasequalandwill neglectthetemporalse-
quenceof positionsin agame,whichmightcontainimportant
information.A systematicinvestigationof thevariousoptions
in thisor a similar taskis certainlya promisingendeavor.

3.4 Irr elevant Features

A commonproblem in KDD is that the data setsusually
containmany irrelevant features. This problemis typically
solvedwith techniquesfor featuresubsetselection[Caruana
andFreitag,1994;Johnet al., 1994], i.e., techniquesthatfil-
ter out thoseattributesof the training set that appearto be
irrelevantfor thelearningproblemat hand.It is obvious,that
in chesspositionsthe exact locationof several piecesis not
alwaysrelevant,whichmeansthatchessdatabasesmightbea
nicetest-bedfor suchtechniques.In particular, equivalentsof
featuresubsetselectionfor inductive logic programmingal-
gorithms,aresearchareawhichhasnotyetreceivedtheatten-
tion thatit deserves[Fürnkranz,1997], couldbenicelystud-
ied in relationalclassificationtasksin thedomainof chess.

3.5 Noise

Another issuethat is usually of considerableimportanceis
noise in the data. Noise is a commonlyusedterm for all
sortsof errorsandinconsistenciesin thedata. It maybe the
result of misclassifications,unavailable or erroneousinfor-
mation,contradictingexamples,etc. The effect of noiseare
usuallyoverly conceptdescriptions,becausemany learning
algorithmshave severeproblemsin discriminatingbetween
contradictoryevidencethat resultsfrom noiseandcanthus
beignoredandimportantexceptionsto thecurrenttheorythat
have to beincorporatedinto thefinal theory. This problemis
known asoverfitting.

Phenomenaof this kind also appearquite frequently in
chessdatabases.In particularwith respectto evaluationof
a certain position or move, there is usually contradicting
evidencefrom different commentatorsor from the various
outcomesof gamesthat continuedfrom the given position.
Imaginefor example,theproblemof learningthebestmove
or sequenceof movesin a certainmiddle-gamepawn forma-
tion. Theremight betwo contradictingplansthatoccurpre-
dominantly, alongwith a varietyof othervariationsthathave
beeninfrequentlytried. Canwe concludethat theoneof the
two frequentlyplayedplansthatresultsin thehigherpropor-
tion of wins is thebettervariation?If theevidenceis backed
upwith asignificantnumberof games,it certainlyconstitutes
an interestingfinding. What if a line hasonly beenplayed
twice,but hasleadto a win in bothcases?Would it beworth
atry? Or is therethedangerthatthereis a refutationthatwas
not known to both players? A generalproblemwith game

databasesis that they usually only contain the moves that
havebeenplayedby two reasonablystrongopponents,which
meansthat certainvariationsthat arewell-known from the-
ory andimportantto know will never or only rarelyoccurin
sucha database.This missinginformationalsoconstitutesa
severeproblemfor knowledgediscovery techniques.In gen-
eral,we think it is very hardto determinefrom theevidence
in agamedatabasewhetheracertainmovethatdeviatesfrom
thepre-dominantplanin acertainpositionis abadmistakeor
a significantinnovation,a problemthat is very similar to the
problemof noise.

3.6 Non-classificationtechniques
The study of algorithmsfor the inductive conceptlearning
problemhasalongtraditionin MachineLearningandis prob-
ably the subfieldthat hasreceived the mostattention. This
tradition hascarriedover to KDD, but therearea a variety
of other approacheswith differentaims. For example, the
discovery of associationrules[Agrawal et al., 1995] or gen-
eraldependencies[MannilaandRäihä,1994;Pfahringerand
Kramer, 1995] might find interestingapplicationsin chess
databasesfor discovering typical piece-patterns,suchas“In
many caseswhenwhitecastlesqueen-sides,hewill sooneror
laterplayh4.”. Othertechniquesareableto discovertemporal
patterns[PadmanabhanandTuzhilin, 1996] or interestingde-
viationsfromthenorm[Kl ösgen,1995]. For anexcellentcol-
lectionof papersonvariousKDD techniquesconsult[Fayyad
etal., 1995]. Therearealsochess-specificKDD tasksthatde-
serve a deeperinvestigation,suchasthediscovery of playing
strategiesfrom endgamedatabases,which we briefly discuss
in section4.2.

4 Why KDD for Chess?
A majorpoint of motivationfor KDD is that thediscovered
knowledgenot only hasto be interpretableandunderstand-
able,but alsothatit isnovel,of interestfor theuserandmaybe
evenhasa commercialvalue. This sectiontries to illustrate
why KDD approachesmight beof interestto thechesscom-
munity. In particular, we will attemptto show that the po-
tential of thesetechniquesgoesfar beyond the inductionof
simpleendgameclassifierthathave beenpredominantin the
researchsofar (section2).

4.1 Developinga High-level ChessLanguage
Thefirst stepthatis neededfor knowledgediscovery in chess
databasesis thedevelopmentof asuitablevocabularyof chess
conceptsin which the discoveredknowledgecanbe formu-
lated.Quinlan’sworkontheKRKN databasehasnicelyillus-
tratedtheneedfor anappropriatevocabularyfor learning(see
section2). However, sucha knowledgerepresentationfor-
malismfor chessconceptscouldalsocontributesignificantly
to computerchessin general.This hasalreadybeenrecog-
nizedin [ZobristandCarlson,1973], whereanadvice-taking
chessprogramis described. The aim of this project was
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the developmentof an abstractprogramminglanguagethat
wouldallow a chessmasterto “advice” a playingprogramin
termsof this language.Many formalismshave subsequently
beendevelopedin thesamespirit [BratkoandMichie, 1980;
GeorgeandSchaeffer, 1990], mostof themlimited to certain
endgames(see[MichieandBratko,1991] for abibliography).

The characteristicssucha representationformalismshas
to incorporatearethat it hasto besufficiently expressive for
formulatingabstractstrategicconcepts,thatit hasto beexten-
sibleandcanbeeasilyunderstoodby auser, andthatit canbe
efficiently implemented.Thelastpoint is particularlyimpor-
tantfor KDD purposes,becausetheremustbeefficient ways
for evaluatingpotentialtestsin discoveredrules in order to
allow efficient knowledgediscovery in large-scaledatabases.
[Donninger, 1996] shows a promisingstepinto the right di-
rectionby providing avery efficient interpreterof anextensi-
ble languagefor expressingcertaincharacteristicsof a board
position.However, theexpressivenessof thelanguageis cur-
rently limited to propositionallogic, a trade-off thathadto be
madebecauseof efficiency considerationsandthe ability to
providea graphicalinterfacethatalsoallowsuntrainedusers
to formulaterules.

4.2 Contributions to ChessTheory

Although chesstheory is fairly well developed, there are
many aspectsof the game that still need to be explored.
As an example of the potential of KDD approachescon-
siderKenThompson’simpressiveworkonfive-menendgame
databases,which is now publicly available on three CD-
ROMs. His work hasshown 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 thatcertainendgamescan-
not be be won within the 50 moves that areallowedby the
rulesof chess,or thatotherendgameswhichwerebelievedto
be draws in generalpositionscanin fact be won (although,
againstbestdefence,usuallynotwithin 50moves).As anex-
ampleconsidertheKBBKN endgame,whichwasconsidered
to bea draw for a long time,andwasshown to bea win in at
most66movesfor all but sometrivial cases[Roycroft,1988].

On the otherhand,many of theseendgamedatabasesare
not thoroughlyunderstoodby humanexperts. The mostfa-
mousexampleare the attemptsof grandmastersto defeata
perfectKQKR databasewithin 50 moves or the attemptof
anendgamespecialistto defeata perfectdatabasein the“al-
most undocumentedand very difficult” KBBKN endgame
[Roycroft, 1988]. GM JohnNunn’s effort to manuallyex-
tract someof the knowledgethat is implicitly containedin
thesedatabasesresultedin a seriesof widely acknowledged
endgamebooks[Nunn,1992;1994b;1995], but Nunnread-
ily admittedthat he doesnot yet understandall aspectsof
the databaseshe analyzed[Nunn, 1994a]. It would be re-
wardingto developalgorithmsfor automaticallydiscovering
playingstrategiesfor suchendgames(see[Muggleton,1988]

and [Fürnkranzand De Raedt,1997] for somepreliminary
work). Suchstrategies could be both, easily implemented
into a computerprogramaswell as enrich the state-of-the-
art of endgametheory. While for theformercaseanoptimal
strategy1 would bedesirable,for thelattercasea suboptimal
winning strategy is often preferable,if it is simpleandun-
derstandable.This is a particularlyhardproblem,becauseit
is non-trivial to decidewhich suboptimalmoves contribute
to someglobalprogressandwhichsuboptimalmovesdo not
improve the position. An attemptto learna simpleplaying
strategy for theKRK endgamemight easilyendup with the
simplestrategy “alwaysmove your rook away from the en-
emyking” whichwill alwaysresultin awonposition(at least
for thenext 49moves),but clearlymakenoprogresstowards
thegoalof matingtheopponent’sking. Othertasksthatcould
beautomatizedwith KDD approachesincludethediscovery
of openingtheorymistakes,the automaticdetectionof par-
ticularly promisingor unpromisingline-upsor middle-game
plansin certaintypesof openings,andmany more.

4.3 Educational ChessPrograms
Another obvious point, where chessknowledge would be
of considerableimportance,andprobablythe point with the
highestcommercialpotential is the useof high-level chess
knowledge in educationalchessprograms. For example,
imaginea programthatanalyzesa certainpositionor anen-
tire gameon an abstractstrategic level, tries to understand
your opponent’s andyour own plans,andprovidessugges-
tions on differentways to proceed. Somecommercialpro-
gramsalreadyprovidesuchcapabilities,but ata veryprelim-
inary level thatusuallyis only ableto detecttactical,but not
strategic mistakes. The ICCA hasrecognizedthe potential
of suchprograms,andhascreatedthe TheBestAnnotation
Award whichwill beawardedannuallyfor thebestcomputer-
generatedannotationof a chessgame.2 Somepreliminary
work on using case-basedreasoningfor a strategic analy-
sisof a givenchesspositioncanbe found in [Kerner, 1994;
1995]. An automaticor semi-automaticfacility for enriching
the basicvocabulary of patternsandplanswould be highly
desirablefor thedevelopmentof sucha system,or mayeven
form animportantcomponentof sucha program.

4.4 IncreasingPlaying Strength
It should be obvious that incorporatingadditional knowl-
edgeinto computerchessprogramscan lead to significant
increasesin playingstrength.However, themotivationto in-
vestigatesuchapproacheshassignificantlydeclinedwith the
somewhatunexpectedsuccessof brute-forceprograms.Some
authorshave investigatedapproachesto incorporatestrate-
gic long-termknowledgeinto conventionalchessprograms
[Kaindl, 1982;OpdahlandTessem,1994;Donninger, 1996],

1In the following, anoptimalplayingstrategy refersto onethat
will leadto matein theminimumnumberof moves.

2SeeICCAJournal15(4):235–236,1992.
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but theinvestigationof knowledge-basedchessprogramshas
practicallycometo astand-still.However, wethink thatthere
aremany situationswherethe myopiaof brute-forcechess
programssurfaces.

As an extremeexample,considerthe problemshown in
figure1. It is quitesafeto assumethat this problemwill not
besolvedby acomputerprogrambasedonbruteforcesearch
in the nearfuture. We would even supposethat it is quite
uncertainto assumethatnoprogramwouldcorrectlyplaythis
position. A brief experimentthat we have conductedwith
FRITZ4 hasdemonstratedthatFRITZ will playBb1to prevent
blackfrom playingPd3,bring its king to a1,Ba2,king to e1,
Bb1, andfinally move the king to f2 in orderto capturethe
pawn onf3. It doesnot realizethatPf6-f5will draw afterthis
captureandthe exchangethat follows it becauseof black’s
queeningthreats,whichpreventall furtheractivitiesof white.

However, despitethe long solutionsequence,theproblem
canbesolvedquitenicely by humanbeings.A typical path
to a solutionmight proceedasfollows: Becauseof theabove
drawing chancefor black, white’s only hopelies in queen-
ing one of its pawns on the b-file. To achieve this, white
hasto conquersquarea6. However, he hasno moves that
put blackinto zugzwang,becauseblackcananswerall white
king moveswith king movesb7-a8-b7or b7-c8-b7.However,
a typical maneuver in suchpositionis theso-calledtriangle
maneuver, whereoneking is ableto usea3-cycle to returnto
its original square,while theotherking is only ableto make
a 2-cycle. White can thereforetry to move its king to e1,
playinge1-f2-f1-e1,which would gainonemove. Whenthe
whiteking returnsto a5,we will have exactly thesameposi-
tion, but with blackto move. As hecannotits king because
of white’s threatKa6,hehasto move pawn. Thentheentire
sequenceis repeated11 timesuntil blackhasno morepawn
movesandhasto answer254. Ka5 with Kc8 thusallowing
Ka6,followedby a matein 15.

While this positioncertainly is quite unlikely to occur in
anactualgame,it nicely illustratesthedifferencebetweena
knowledge-basedapproachanda search-basedapproachto
chess.It is quite obvious that the useof knowledgecanbe
usedto narrow down the searchconsiderably. In fact, more
thanhalf of the moves neednot be calculatedat all, if one
hasfound the23-move maneuver for forcing black to move
a pawn, whichhasto berepeated11 times.This generalpat-
tern of repeatinga certainmove sequenceto force the op-
ponentto a weakeningmove will occurquite frequentlyin
endgames.Likewise, the type of positiondiscussedabove,
where FRITZ4 apparentlytries its luck with capturingthe
blackpawn on f3 only to reacha drawn endgame,is not un-
commonin pawn endgamesandis a nice examplehow ex-
plicit knowledgemayconsiderablyincreaseplayingstrength.

4.5 Tournament Preparation

Anotherpossibleapplicationfor KDD approacheswould be
to provide a sophisticatedaid for unearthingcharacteristics

NenadPetrovic,1969

Matein 270moves

Figure1: A hardproblemfor search-basedchessprograms

of thestyleof individualplayersandfor studyingtheirweak-
nessesand strengths. Somecommercialprogramsalready
supporttoolsof this sortby, e.g.,allowing to derive statistics
on thesuccessof a playerwith differentopeningsor plotting
statisticson the frequency of with which hemovesa certain
pieceto a certainsquare.KDD techniqueslike the discov-
ery of associationrulesor thedetectionof interestingdevia-
tionsfrom thenormcouldprovidemuchmorepowerful tools
to thatend. This typeof applicationwould lay its emphasis
on the integrationof suitableKDD techniquesinto a chess
databaseinterfaceinsteadof merelyutilizing previously dis-
coveredknowledge.

5 Conclusion

In this work, we have studiedthe potentialof chessas a
test-bedfor ideasin the wide field of KnowledgeDiscov-
ery in Databases,and,conversely, to investigatethepotential
of KDD techniquesfor (computer)chess. To that end, we
have startedwith anoverview of previouswork in thatarea,
andhave thenoutlinedsomeideashow importantproblems
in KDD researchcanbestudiedin interestinglearningprob-
lems in the domainof chess. Thereafterwe have sketched
someideashow thecomputerchesscommunityandthechess
communityin generalmight profit from sophisticatedappli-
cationsof KDD techniquesto chessdatabases.However, by
no meanswe would like to give the impressionthat the ap-
plication of KDD techniquesto chessis a trivial task. It is
our firm belief thatsuchinvestigationswill provide valuable
results,but will requiresignificantfurtherresearch.Themain
goal of this paperwas to motivate and encourageresearch
projectsin thisarea.
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