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Abstract
In thispaperwediscusstheproblemof automaticallylearningevaluation

functionparametersin a chessprogram.In particular, we describesomeex-
perimentsin whichourchessprogramKnightCaplearnttheparametersof its
evaluationfunctionusingacombinationof Temporal Differencelearningand
on-lineplayonFICSandICC.KnightCapis freelyavailableonthewebfrom
http://wwwsyseng.anu.edu.au/lsg. Themainsuccesswe report
is thatKnightCapwentfrom a(blitz) ratingof 1650to aratingof 2150in just
3 daysand308games.We discussthedetailsof our learningalgorithm,de-
tails of KnightCap,andsomeof theprincipalreasonsfor KnightCap’s rapid
improvement.

1 Intr oduction

TemporalDifferencelearning,first introducedby Samuel[6] andlater extended
andformalizedby Sutton[9] in his TD( � ) algorithm,is aneleganttechniquefor
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approximatingthe expectedlong term future cost (or cost-to-go) of a stochastic
dynamicalsystemasa function of the currentstate. In computergame-playing
it is usedto train theevaluationfunctionto approximatetheprobabilityof a win.
Perhapsthemostremarkablesuccessof TD( � ) to dateis Tesauro’sTD-Gammon,a
neuralnetwork backgammonplayerthatwastrainedfrom scratchusingTD( � ) and
simulatedself-play. TD-Gammoniscompetitivewith thebesthumanbackgammon
players[10].

In this paperwe describeour own experimentsin which the parametersof a
chessevaluationfunctionwerelearntusinga variantof TD( � ) we call TDLeaf(� )
(TDLeaf(� ) is essentiallyjustTD( � ) appliedto minimaxsearch).In particular, we
incorporatedTDLeaf(� ) into our chessprogramKnightCapandtrainedits evalu-
ation functionby on-lineplay on FICS(http://www.freechess.org) and
ICC (http://www.chessclub.com). The main successstory we report is
thatstartingfrom anevaluationfunction in which all parametersweresetto zero
except the valuesof the pieces,KnightCapwent from a 1650-ratedplayer to a
2150-ratedblitz playerin just threedaysand308games.KnightCapis freelyavail-
ableandmaybedownloadedfromhttp://wwwsyseng.anu.edu.au/lsg.

For referencepurposes,note that on a PentiumPro 200 MHz machine(the
machineusedfor theexperimentsreportedhere),KnightCapsearchesfrom 8500
nodespersecondto around20,000nodesperseconddependingon theposition.It
searches2-3 ply shallower thanBobHyatt’s Crafty1 giventhesamehardwareand
thinkingtime. In “3 0 Blitz” it will typically getto depth5 in themiddlegameand
depth9-10 in the ending. It presentlymaintainsa rating of 2400–26002 on ICC
with its learntparametersand9702book positionslearntfrom on-linegameson
ICC3. Crafty’s ratingon ICC is around2700–2900.

The remainderof thepaperis organizedasfollows. In section2 we describe
theTDLeaf(� ) algorithmasit appliesto chess.KnightCap’s architectureandhow
we incorporatedthe learningis describedin section3. Experimentalresultsfor
internet-playwith KnightCaparegiven in section4. KnightCap’s book learning
algorithmis describedin section5. Section6 containssomediscussionandcon-
cludingremarks.

1.1 Relatedwork

Theearliestreportof applyingTD( � ) to chessof whichweareawareis [3]. Gher-
rity playedhis SAL programagainstan early versionof GnuChessrestrictedto

1Crafty is thestrongestpublicdomainchessprogram.
2Thereappearsto be a systematicrating differecebetweenFICS and ICC of about200–250

points.
3Thebooklearningis describedin moredetailin section5.
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searchfor only onesecond.HeusedstraightTD( � ) ontherootnodesof thesearch.
In 4200gamesSAL drew 8 gamesandlost all theothers,which wasprobablythe
main reasonfor its lack of success:if nearlyall gamesarelost the TD( � ) algo-
rithm will tendto drive theevaluationof everypositiontowardsa loss,regardless
of its true score.KnightCapdid not suffer in this regardbecauseit waslearning
by playingontheinternetchessserverswherepeople(andcomputers)tendto pre-
fer playingopponentsof similarstrength,henceKnightCap’s win/lossratiostayed
near1.

In [11] somefurther experimentson learningchessevaluationfunctionsus-
ing TemporalDifferencelearningandExplanation-Basedlearningwerereported.
Thrun’sprogramNeuroChessagainlearntusingTD( � ) appliedto rootnodesbut in
contrastto SAL it learntby self-play, bothfrom theopeningpositionandfrom po-
sitionsarrivedat in Grandmasterplay. Thepurposeof startingfrom Grandmaster
positionswasto ensureat leasta minimal amountof relevant exploration. Neu-
roChess’performanceimprovedfrom a � 1% scoreagainstGnuChessto an11%
scorein 2400games. Both NeuroChessandGnuChesswere restrictedto 2-ply
searchwith no quiescenceextensions,andthey werebothusingthesamefeatures
(NeuroChessusedanon-linearfunctionof thefeatureswhile GnuChessusedalin-
earfunction).NeuroChess’final performancemayhave beenmuchbetterif it had
beenseededwith the “correct” materialvalues,aswasthe casewith KnightCap,
andif it hadlearntby playinga suitablyweakenedGnuChess,ratherthanby self-
play. In ourexperimentswith KnightCapwehavefoundself-playto beapoorway
of learning.

BealandSmith[1], usingTDLeaf(� ), reportedverypositiveresultsfor learning
piecevaluesusingtemporaldifferencesandself-play(in contrastto our useof on-
line play). The fact that their evaluationfunction only containedmaterialterms
probablycontributedto thesuccessof self-play.

A morecomprehensive review of automaticlearningin all areasof computer
chessprogrammingmaybefoundin [2].

2 The TDLeaf( � ) algorithm

In this sectionwe discusstheTDLeaf(� ) algorithmandhow it appliesto a com-
puterchessprogramwith a tunableevaluationfunction. Note that TDLeaf(� ) is
essentiallyjustSutton’s TD( � ) [9] adaptedfor usein minimaxsearch.

Let ���	�
���
�������	�
��� denotethe thesequenceof positionswith thecomputerto
move during the courseof a game. In eachposition ��� , the computerperforms
a minimax search(or any of its fastervariantslike � - � ) to somedepth � , using
a heuristicevaluationfunction �������
��� to assignvaluesto the leaf nodes� . The
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Figure1: A minimaxsearchtreeshowing theprincipalleaves(H andL).

parametervector � consistsof all thetunableparametersin theevaluationfunction
(valuesof the pieces,isolatedpawns, doubledpawns, king safety, etc). At the
endof the searchthe computermakes its move andrecordsthe leaf nodeof the
principal variation (alsoknown astheprincipal leaf, seeFigure1), which wewill
denoteby ���� . Notethatthebacked-upvalueassignedto theroot node � � afterthe
searchis just theheuristicvalue ����� �� �
��� of theprincipal leaf � �� . If theprincipal
leaf is notunique,any oneof theequivalentleavesmayberecorded.

At theendof thegame,thecomputerreceivesareward  !��� � � equalto "$# for a
loss,% for adraw and &'# for awin. Toconverttheraw valuesof theprincipalleaves�(������ �
��� into predictionsof thefinal reward  !������ �
��� , they arepassedthroughthe
hyperbolictangentfunction(seeFigure2), !��� �� �
���*),+.-0/21!354��6����� �� �
���87 (1)

wherethe constant� is chosento ensurea not too steepevaluationfunction (in
KnightCap�9+:%;�=<2>2> sothat  !�����
����+.%;�=<2> for aposition � in whichwhite’s su-
periority is equivalentto onepawn). Notethatany increasingdifferentiablefunc-
tion mappinglargenegative valuesof �����?�
��� to "@# , largepositive valuesto &'# ,
and % to % will do in placeof thehyperbolictangent.

Now, for eachmove AB+C#
�������D�0EF"G< , definethetemporal difference�H� by�H�B),+I !��� ��KJ � �
���B"L !��� �� �
��� (2)

For A6+IEF"M# define �N�POQ�R),+: S�����T�?"L !��� ��POQ� �
���U� (3)

Notethat �V� measuresthedifferencebetweentherewardpredictedby thecomputer
atmove A�&I# , andtherewardpredictedatmove A ( �N�POQ� is thedifferencebetween
theoutcomeof thegameandthepredictionat thepenultimatemove).
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Figure2: Predictedoutcomeof thegameasa functionof theunderlyingraw posi-
tion valuein pawns.Outcomeis 1 for awin, 0 for adraw and-1 for a loss.

Barring blundersby the opponent,a “good” evaluationfunction shouldnot
“changeits mind” too muchfrom onemove to thenext andsoshouldhave small
temporaldifferences� � . Toavoid KnightCaplearningto predictweakeropponent’s
blunders,we setall temporaldifferences�V� to zeroif KnightCapdid not predict
theopponent’s move andtheopponent’s ratingwaslessthanKnightCap’s. If the
opponentwasratedhigherwe left thetemporaldifferenceunchanged4.

TheideabehindtheTDLeaf(� ) algorithmis to adjusttheparameters� soasto
reducethesizeof thetemporaldifferences�H� . More precisely, aftercalculationof
thetemporaldifferences�V� , theTDLeaf(� ) algorithmupdatestheparametervector� accordingto theformula(whichis simplySutton’s [9] TD( � ) formularearranged
andappliedto theminimaxdomain)�X),+.�Y&Z� �ROQ�[ �K\ �T]  !��� �� �
���'^_ �POQ�[ ` \�� � ` O � �H�bac (4)

4A moresophisticatedmethodwouldbeto reducethesizeof temporaldifferencesresultingfrom
opponents’blunderson aslidingscaleasa functionof theratingdifferencebetweenKnightCapand
its opponent.Wedid not investigatethispossibility.
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where ]  !���?�
��� is the vectorof partial derivativesof  !�����
��� with respectto its
parameters� . Thepositive parameter� controlsthelearningrateandwould typi-
cally be“annealed”towardszeroduringthecourseof a longseriesof games.The
parameter�edgf %;�	#ih controlsthe extent to which temporaldifferencespropagate
backwardsin time. To seethis,compareequation(4) for �j+.% :�X),+k�Y&Y� �ROQ�[ �K\ �T]  !��� �� �
���8�V�+T�Y&Y� �ROQ�[ �K\ �T]  !��� �� �
���Plb !��� ��KJ � �
���6"L !��� �� �
���nm (5)

and �5+C# : �g),+I�o&Z� �POQ�[ �p\ �T]  S��� �� �
���Plb S��� � �q"r S��� �� �
���nmP� (6)

Considereachtermcontributing to thesumsin equations(5) and(6). For �5+I% the
parametervectoris beingadjustedin suchawayasto move  !���tsu��� —thepredicted
rewardat move A —closerto  !�����pJ � �
��� —the predictedrewardat move A?&g# . In
contrast,for �9+v# theparametervectoris adjustedto move thepredictedreward
at move A closerto the final reward  !�����T� . Valuesof � betweenzeroand one
interpolatebetweenthesetwo behaviors. Anotherway of looking at the role of� is to note that for small valuesof � evaluationsover the next few movesare
treatedasreliablefor the purposeof updatingthe parameters,whereasfor large
valuesof � only evaluationsneartheendof thegameareconsideredreliable.This
observationprovidesaheuristicfor choosing� : if theevaluationfunctionisalready
quitereliable,chooseasmallvalueof � (0.3to 0.7),if notchoose� closeto # (say
0.95or even1). In ourexperimentswith KnightCapweused�w+.%;�,x .

One easy way to computethe vector of partial derivatives ]  S��� �� �
���y+4{z�|i},~	�� s �Q�z �Q� ���������Hz	|U}�~	�� s �Q�z ��� 7 is numerically:�  !������ �
���� � ` �  !������ �
� ` &Y�
�B"L !������ �
� ` �� �
for smallenough� . This requiresonly two callsto theevaluationfunctionfor each
parameter, onewith � ` at its originalvalueandonewith � ` incrementedby � , and
hastheadvantagethatcomplex new featuresmaybeaddedto theevaluationfunc-
tion without having to alsocomputetheir derivatives. Of course,it alsorequires
that theparametersarestoredin aneasilyadjustableform (in KnightCapthey are
elementsof asinglearray).
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Note that it is not necessaryto adjustthe parametersafter every game. The
updatescanalsobeaccumulatedover severalgamesin orderto reducetheeffects
of noise.For refernce,theTDLeaf(� ) algorithmis summarizedin figure3.

3 KnightCap

In this sectionwe describethedetailsof KnightCapincludingimplementationis-
suesassociatedwith applyingTDLeaf(� ).

KnightCapis areasonablysophisticatedcomputerchessprogramfor Unix sys-
tems.It hasall thestandardalgorithmicfeaturesthatmodernchessprogramstend
to have aswell asa numberof featuresthat aremuch lesscommon. This sec-
tion is meantto give the readeran overview of the type of algorithmsthat have
beenchosenfor KnightCap.Spacelimitationspreventa full explanationof all of
thedescribedfeatures,aninterestedreadershouldbeablefind explanationsin the
widely availablecomputerchessliterature(seefor example[4]) or by examining
thesourcecode:http://wwwsyseng.anu.edu.au/lsg.

3.1 Board representation

This is whereKnightCapdiffers mostfrom otherchessprograms.The principal
boardrepresentationusedin KnightCapis the topiecesarray. This is anarrayof
32 bit words with one word for eachsquareon the board. Eachbit in a word
representsoneof the32 piecesin thestartingchessposition(8 pieces+ 8 pawns
for eachside).Bit A onsquare� is setif pieceA is attackingsquare� .

Thetopiecesarrayhasprovedto bea very powerful representationandallows
the easydescriptionof many evaluationfeatureswhich aremoredifficult or too
costly with other representations.The array is updateddynamicallyafter each
move in sucha way thatfor thevastmajorityof movesonly a smallproportionof
thetopiecesarrayneedbedirectlyexaminedandupdated.

A simpleexampleof how thetopiecesarrayis usedin KnightCapis determin-
ing whetherthe king is in check. Whereasan in check()function is often quite
expensive in chessprograms,in KnightCapit involves just onelogical AND op-
erationin the topiecesarray. In a similar fashiontheevaluationfunctioncanfind
commonfeaturessuchasconnectedrooksusingjustoneor two instructions.

The topiecesarrayis alsousedto drive the move generatorandobviatesthe
needfor astandardmovegenerationfunction.
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� Let �����?�
��� beanheuristicevaluationfunctionparameterizedby � parame-
ters ��+���� � �������	�
�R�2��d�� � .� Let � � ���������
� � bethe E positionsthatoccurredduringthecourseof agame
(with thecomputerto move),andfor AB+g#
���������0E , let ���� betheleafnodeof
theprincipalvariation(theprincipal leaf) of thecomputer’s searchstarting
from �{� . If thereis morethanoneprincipal variation,choosean arbitrary
leafnodefrom theavailablecandidates.� Let  !��� � � betheoutcomeof thegame(-1 for a loss,0 for a draw, +1 for a
win).� For eachprincipalleaf � �� , define !��� �� �
���P),+I-0/21!3 4 %;�=<2>2>��P�(��� �� �
��� 7
where we are assuming �(���?�
��� is measuredin units of 1 pawn (scale�����?�
��� accordingly).� For Aq+C#
�������D�0E�"e# , computethetemporaldifferences:� � ),+I !��� ��KJ � �
���6"� !��� �� �
��� (7)

andthevectorof partialderivatives ]  !������ �
����+ 4 z�|i},~	�� s �Q�z �Q� ���������Vz�|i},~	�� s �Q�z ��� 7 .� Set �V��+v% if the move leadingto ����KJ � wasnot predictedby thecomputer
(option:only do this if theopponent’s ratingis lessthanthecompter).� Updateeachparameter� ` accordingto theformula:� ` ),+I� ` &Y� �ROQ�[ �K\ � �  S������ �
���� � ` � �POQ�[� \�� � � O � � �R� � (8)� shouldbe around %;�=> to %;�,x if the evaluationfunction is alreadyquite
reliable, but closeto 1 ( ��%;�=�2> ) if it is not. � shouldbe chosenso that
updatesareof theorderof #� N#�%2% of apawn.

Figure3: TheTDLeaf(� ) algorithm
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3.2 Search algorithm

The basisof the searchalgorithmusedin KnightCapis MTD(f) [5]. MTD(f) is
a logical extensionof the minimal-window alpha-betasearchthat formalizesthe
placementof theminimal searchwindow to producewhat is in effect a bisection
searchover theevaluationspace.

Thevariationof MTD(f) thatKnightCapusesincludessomeconvergenceac-
celerationheuristicsthat prevent the very slow convergencethat cansometimes
plagueMTD(f) implementations.Theseheuristicsare similar in conceptto the
momentumtermscommonlyusedin neuralnetwork training.

TheMTD(f) searchalgorithmis appliedwithin a standarditerative deepening
framework. Thesearchbeginswith thedepthobtainedfrom thetranspositiontable
for the initial searchposition and continuesuntil a time limit is reachedin the
search. Searchorderingat the root nodeensuresthat partial ply searchresults
obtainedwhenthetimerexpirescanbeusedquitesafely.

3.3 Null moves

KnightCapusesa recursive null move forwardpruningtechnique.Whereasmost
null moveusingchessprogramsuseafixed ¡ value(thenumberof additionalplys
to prunewhentrying anull move)KnightCapinsteadusesavariable¡ valuein an
asymmetricfashion.Theinitial ¡ valueis 3 andthealgorithmthenteststheresult
of thenull move search.If it is thecomputerssideof thesearchandthenull move
indicatesthatthepositionis “good” for thecomputerthenthe ¡ valueis decreased
to 2 andthenull move is retried.

Theeffectof thisnull movesystemis thatmostof thespeedof a ¡¢+:£ system
is obtained,while making no more null move defensive errorsthan an ¡¤+¥<
system.It is essentiallyapessimisticsystem.

3.4 Search extensions

KnightCapusesa large numberof searchextensionsto ensurethat critical lines
aresearchedto sufficientdepth.Extensionsareindicatedthroughacombinationof
factorsincludingcheck,null-move matethreats,pawn movesto thelasttwo ranks
andrecaptureextensions.In additionKnightCapusesasingleply razoringsystem
with a0.9pawn razoringthreshold.

3.5 Asymmetries

Therearequiteanumberof asymmetricsearchandevaluationtermsin KnightCap,
with a leaningtowardspessimistic(i.e. careful)play. Apart from theasymmetric
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null moveandsearchextensionssystemsmentionedabove,KnightCapalsousesan
asymmetricsystemto decidewhatmovesto try in thequiescesearchandseveral
asymmetricevaluationtermsin the evaluationfunction (suchasking safetyand
trappedpiecefactors).

Whencombinedwith theTDLeaf(� ) algorithmKnightCapis ableto learnap-
propriatevaluesfor theasymmetricevaluationterms.

3.6 TranspositionTables

KnightCapusesastandardtwo-deeptranspositiontablewith a128bit transposition
tableentry. Eachentry holdsseparatedepthandevaluationinformation for the
lower andupperbound.

The ETTC (enhancedtranspositiontable cutoff) techniqueis usedboth for
move orderingand to reducethe tree size. The transpositiontable is alsoused
to feedthebooklearningsystemandto initialize thedepthfor iterative deepening.

3.7 Moveordering

Themoveorderingsystemin KnightCapusesacombinationof thecommonlyused
history [7], killer, refutationandtranspositiontableorderingtechniques.With a
relatively expensive evaluationfunctionKnightCapcanafford to spenda consid-
erableamountof CPUtimeonmoveorderingheuristicsin orderto reducethetree
size.

3.8 Parallel search

KnightCaphasbeenwrittento takeadvantageof paralleldistributedmemorymulti-
computers,usinga parallelismstrategy that is derivednaturallyfrom theMTD(f)
searchalgorithm. Somedetailson the methodologyusedandparallelismresults
obtainedareavailablein [12]. Theresultsgivenin this paperwereobtainedusing
asingleCPUmachine.

3.9 Evaluation function

The heartof any chessprogramis its evaluationfunction. KnightCapusesquite
a slow evaluationfunction that evaluatesa numberof computationallyexpensive
features.Theevaluationfunctionalsohasfour distinctstages:Opening,Middle,
EndingandMating, eachwith its own setof parameters(but the samefeatures).
We have listed the namesof all KnightCap’s featuresin table1. Note that some
of the featureshave more than one parameterassociatedwith them, for exam-
ple thereare 64 parametersassociatedwith rook position, one for eachsquare.
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Thesefeaturesall begin with “I”. To summarizejust a few of the moreobscure
features: IOPENING KING ADVANCE is a bonusfor the rank of the king in
the opening,it has8 parameters,onefor eachrank. IMID KING ADVANCE is
the samebut appliesin the middle game(the fact that we have separatefeatures
for the openingand middle gamesis a hangover from KnightCap’s early days
when it didn’t have separateparametersfor eachstage). IKING PROXIMITY
is the numberof moves betweenour king and the opponentsking. It is very
useful for forcing matesin the ending. Again there is one parameterfor each
of the 8 possiblevalues. IPOSBASE is the basescorefor controlling eachof
the squares.IPOSKINGSIDE andIPOSQUEENSIDEaremodificationsadded
to IPOSBASE accordingasKnightCapis castledon the king or queensidesre-
spectively. TheMOBILITY scoresarethenumberof movesavailableto a piece,
thresholdingat 10. Thereis a separatescorefor eachrank thepieceis on, hence
the total numberof parametersof 80. TheSMOBILITY scoresarethesame,but
now thesquarethepieceis moving to hasto besafe(i.e controlledby KnightCap).
THREAT andOPPONENTSTHREAT arecomputedby doinga minimaxsearch
on the position in which only capturesareconsideredandeachpiececanmove
only once. Its not clearthis helpsthe evaluationmuch,but it certainlyimproves
move ordering(thebestcaptureis givena high weight in theordering). IOVER-
LOADED PENALTY is a penaltythat is appliedto eachpiecefor thenumberof
otherwisehungpiecesit is defending.Thereis a separatepenaltyfor eachnum-
ber, thresholdingat 15 (this could be donebetter: we shouldhave a basescore
timesby thenumberof pieces,andhaveKnightCaplearnthebasescoreandaper-
turbationon the basescorefor eachnumber). IQ KING ATTACK OPPONENT
and INOQ KING ATTACK OPPONENTare bonusesfor the numberof pieces
KnightCap has attacking the squaresaround the enemy king, both with
and without queenson the board. IQ KING ATTACK COMPUTER and
INOQ KING ATTACK COMPUTERarethesamething for theopponentattack-
ing KnightCap’s king. Notethatthisasymmetryallows KnightCapthefreedomto
learnto be cautiousby assigninggreaterweight to opponentpiecesattackingits
own king that it doesto its own piecesattackingthe opponent’s king. It canof
coursealsousethis to be aggressive. For moreinformationon the features,see
eval.c in KnightCap’s sourcecode.

The most computationallyexpensive part of the evaluation function is the
“board control”. This function evaluatesa control function for eachsquareon
theboardto try to determinewhocontrolsthesquare.Controlof asquareis essen-
tially definedby determiningwhetheraplayercanusethesquareasaflight square
for apiece,or if aplayercontrolsthesquarewith apawn.

Despitethefactthattheboardcontrolfunctionis evaluatedincrementally, with
thecontrolof squaresonly beingupdatedwhenamoveaffectsthesquare,thefunc-

11



Feature # Feature #
BISHOPPAIR 1 CASTLE BONUS 1
KNIGHT OUTPOST 1 BISHOPOUTPOST 1
SUPPORTED KNIGHT OUTPOST 1 SUPPORTED BISHOPOUTPOST 1
CONNECTEDROOKS 1 SEVENTH RANK ROOKS 1
OPPOSITEBISHOPS 1 EARLY QUEEN MOVEMENT 1
IOPENING KING ADVANCE 8 IMID KING ADVANCE 8
IKING PROXIMITY 8 ITRAPPEDSTEP 8
BLOCKED KNIGHT 1 USELESSPIECE 1
DRAW VALUE 1 NEAR DRAW VALUE 1
NO MATERIAL 1 MATING POSITION 1
IBISHOP XRAY 5 IENDING KPOS 8
IROOK POS 64 IKNIGHT POS 64
IPOSBASE 64 IPOSKINGSIDE 64
IPOSQUEENSIDE 64 IKNIGHT MOBILITY 80
IBISHOP MOBILITY 80 IROOK MOBILITY 80
IQUEEN MOBILITY 80 IKING MOBILITY 80
IKNIGHT SMOBILITY 80 IBISHOP SMOBILITY 80
IROOK SMOBILITY 80 IQUEEN SMOBILITY 80
IKING SMOBILITY 80 IPIECE VALUES 6
THREAT 1 OPPONENTSTHREAT 1
IOVERLOADED PENALTY 15 IQ KING ATTACK COMPUTER 8
IQ KING ATTACK OPPONENT 8 INOQ KING ATTACK COMPUTER 8
INOQ KING ATTACK OPPONENT 8 QUEEN FILE SAFETY 1
NOQUEEN FILE SAFETY 1 IPIECE TRADE BONUS 32
IATTACK VALUE 16 IPAWN TRADE BONUS 32
UNSUPPORTED PAWN 1 ADJACENT PAWN 1
IPASSEDPAWN CONTROL 21 UNSTOPPABLE PAWN 1
DOUBLED PAWN 1 WEAK PAWN 1
ODD BISHOPSPAWN POS 1 BLOCKED PASSEDPAWN 1
KING PASSEDPAWN SUPPORT 1 PASSEDPAWN ROOK ATTACK 1
PASSEDPAWN ROOK SUPPORT 1 BLOCKED DPAWN 1
BLOCKED EPAWN 1 IPAWN ADVANCE 7
IPAWN ADVANCE1 7 IPAWN ADVANCE2 7
KING PASSEDPAWN DEFENCE 1 IPAWN POS 64
IPAWN DEFENCE 12 ISOLATED PAWN 1
MEGA WEAK PAWN 1 IWEAK PAWN ATTACK VALUE 8

Table 1: KnightCap’s featuresand the numberof parameterscorrespondingto
each. Most of the featuresareself-explanatory, seethe text for a descriptionof
someof themoreobscureones.Note thatKnightCap’s large numberof parame-
tersis obtainedby summingall thenumbersin this tableandthenmultiplying by
thenumberof stages(four).
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tion typically takesaround30%of the total CPUtime of theprogram.This high
costis consideredworthwhilebecauseof theflow-on effectsthat this calculation
hason otheraspectsof the evaluationandsearch.Theseflow-on effectsinclude
the ability of KnightCapto evaluatereasonablyaccuratelythe presenceof hung,
trappedand immobile pieceswhich is normally a severe weaknessin computer
play. We have alsonotedthat the moreaccurateevaluationfunction tendsto re-
ducethesearchtreesizethusmakingup for thedecreasednodecount.

3.10 Modification for TDLeaf( ¦ )

The modificationsmadeto KnightCapfor TDLeaf(� ) affecteda numberof the
program’s subsystems.Thelargestmodificationsinvolvedtheparameterizationof
the evaluationfunction so that all evaluationparametersbecamepart of a single
long weightvector. All tunableevaluationknowledgecould thenbedescribedin
termsof thevaluesin this vector.

Thenext majormodificationwastheadditionof the full boardpositionin all
datastructuresfromwhichanevaluationvaluecouldbeobtained.Thisinvolvedthe
substitutionof a structurefor theusualscalarevaluationtype,with theevaluation
functionfilling in theevaluatedpositionandotherboardstateinformationduring
eachevaluationcall. Similaradditionsweremadeto thetranspositiontableentries
so that the resultof a searchwould alwayshave availableto it the positionasso-
ciatedwith theleaf nodein theprincipalvariation.This significantlyenlargesthe
transpositiontableandmeansthat to operateeffectively with the MTD(f) search
algorithm(itself a memory-hungry� - � variant),KnightCapreally needsat least
30Mbof hashtablewhenlearning.

The only othersignificantmodificationthat wasrequiredwasan increasein
the bit resolutionof the evaluationtype so that a numericalpartial derivative of
the evaluationfunction with respectto the evaluationcoefficient vectorcould be
obtainedwith reasonableaccuracy.

4 Experimentswith KnightCap

In our main experimentwe took KnightCap’s evaluationfunction andsetall but
the materialparametersto zero. The materialparameterswere initialized to the
standard“computer” values: 1 for a pawn, 4 for a knight, 4 for a bishop,6 for
a rook and12 for a queen. With theseparametersettingsKnightCap(underthe
pseudonym “WimpKnight”) wasstartedon theFreeInternetChessserver (FICS,
fics.onenet.net) on8/21/97. BothhumansandcomputersplayonFICS.
WeplayedKnightCapfor 25gameswithoutmodifyingits evaluationfunctionsoas
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to getareasonableideaof its rating.After 25gamesit hadablitz (fasttimecontrol)
ratingof #	§2>
% , whichput it at aboutB-gradehumanperformance.We thenturned
on theTDLeaf(� ) learningalgorithm,with �Z+v%;�,x . Thevalueof � waschosen
fairly arbitrarily, while � wassethigh enoughto ensurerapidmodificationof the
parameters(eachupdatealteredtheparametersby atmost1/100of apawn).

By ¨H 
<�©ª 
�Hx KnightCap’s ratinghadclimbedto <;#	>
% , anincreaseof >
%2% points
in threedaysandafteronly 308games5. At this point KnightCap’s performance
beganto plateau,primarilybecauseit doesnothaveanopeningbookandsowill re-
peatedlyplay into weaklines6. KnightCapalsodoesnotsearchparticularlydeeply
andsooftengetstacticallyoutgunnedby deeperprograms.It seemsvery difficult
to addenoughfeaturesto KnightCap’s evaluationfunctionto enableit to learnto
predictsignificanttacticsevenasshallow as2-ply.

There appearto be a numberof reasonsfor the remarkablerate at which
KnightCapimproved.

1. As all the non-materialparameterswereinitially zero,even small changes
in theseparameterscouldcausevery large changesin the relative ordering
of materiallyequalpositions.Henceevenaftera few gamesKnightCapwas
playingasubstantiallybettergameof chess.

2. It seemsto beimportantthatKnightCapstartedout life with intelligentma-
terial parameters.This put it closein parameterspaceto many far superior
parametersettings.We tried a similarexperimentwith thematerialparame-
tersalsoinitially setto zerobut after1000gamesKnightCapwasstill rated
down around1300(it had improved by 300 pointsbut progresswasvery
slow). Thisresultis not inconsistentwith thosereportedin [1]. Thereit took
about2000gamesto learnthe “correct” materialvalues,andperhapswith
another1000gamesKnightCapmay have reacheda rating of 1600,close
to its performancewith the materialvaluesset. However, we wereusing
a small valueof � (0.7) comparedto Beal andSmith’s 0.95 andthis may
well have beena significantdifference(for �Y+«%;�=�2> we arerelying more
on theoutcomeof thegamefor feedback,andlessupontheevaluationsof
subsequentpositions).

3. Most playerson FICS preferto play opponentsof similar strength,andso
KnightCap’sopponentsimprovedasit did. Thismayalsohavehadtheeffect
of guidingKnightCapalongapathin parameterspacethatledto astrongset
of parameters.

5A ratingof 2150on FICScorrespondsto a ratingof about2350on ICC.
6Wehave sinceimplementedseveraldifferentopeninglearningstrategiesin additionto theeval-

uationlearningstrategies.Ourefforts to datearesummarizedin section5.
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4. KnightCapwasnot learningby self-play. In particular, by playingdifferent
opponentsKnightCapis forced into positionsthat it evaluateshighly but
subsequentlydiscovers are losing. Theseare preciselythe positionsthat
KnightCapneedsto seeto learnrapidly, but areunlikely to be seenwhen
playingagainstitself.

4.1 ChangesasKnightCap learned

In thisfirst experimentwedid notrecordthegamesKnightCapplayed,northeevo-
lution of theparametersor theevolutionof KnightCap’s rating,soweconducteda
secondexperimentin which all thesefactorswererecorded.Onemodificationwe
madewasto updatetheparametersafterevery fourthgameto seewhetherthis im-
provedtheperformance.In addition,wehadmademajormodificationsto Knight-
Cap’s evaluationfunctionbetweenthe two experiments:many morefeatureshad
beenadded,stageshadbeenintroduced,andsomesmallchangesto thesearchal-
gorithmhadbeenmade.By now therewerenearly6000independentparameters
in theevaluationfunction,whereasin theoriginal experimenttherewerejust un-
der 500. KnightCap’s rating over 1070gamesis plottedin figure 4. In this plot,
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Figure4: KnightCap’s ratingasa functionof gamesplayed(secondexperiment).

KnightCapwasplayingwith just materialparametersuntil learningwasturnedon
atgame0. Theratingrosesharplyandthenbeganto plateauafterabout300games
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at justunder2000.Thesharpdeclinein KnightCap’s ratingfrom game375to 420
wascausedby two “rogue” telnetprocessesusing <H 
£ of theprocessorduringone
night of play. At game500,KnightCap’s memorywasincreasedto 40Mb (it had
beenrunningwith only 8Mb until thispoint). Onecanclearlyseethebenefitof the
increasedmemoryin thisplot (in thefirst experimentKnightCapwasrunningwith
24Mb). AgainKnightCap’s performancelevelledoutataround2150,but this time
afterconsiderablymoregameswhichmaywell have beencausesby theincreased
sizeof theevaluationfunctionandalsothedecisionto updatetheparametersafter
4 gamesratherthaneverygame.

Plotsof variousparametersasa function of the numberof gamesplayedare
shown in Figure 7. Eachplot containsthreegraphscorrespondingto the three
different stagesof the evaluationfunction: opening,middle and ending7. The
endingis whentherearelessthanor equalto six pieces(queenscountfor 2 pieces)
andat leastonepawn ontheboard.“Opening” is usedwhennomorethanasingle
piecehasbeenexchangedandat leastonesidehastheright to castle.“Middle” is
not openingandnot ending(andnot mating). NotethatKnightCap’s parameter’s
areindependentfor thestages,andalsothatthestageis only alteredat theroot of
the searchtree,never at an internalnodeor a leaf. This ensuresall positionsin
a searcharecomparedusingthesameparametersin theevaluationfunction(note
alsothattheTDLeaf(� ) algorithmactsto keepevaluationsbetweendifferentstages
reasonablyconsistent).

We have shown thefinal values(after1070games)for controllingthesquares
on theboardfor thedifferentstagesin Figure8. In KnightCap’s evaluationfunc-
tion, a squareis controlledif a piececanfly to thatsquareandnotbeimmediately
capturedor kickedawayby apawn. In thefigure,thelighter thesquare,thegreater
thebonusfor controllingthatsquare.Observe thatin theopeningthesquaresmost
desirableto control are the centralsquareson the kingside,the squaresin front
of a king-sidecastledking, andtheking-rookfile. Theorigin of thegreatvaluein
controllingtheking-rookfile canbetracedto theuseof astandard“computerbust-
ing” strategy by severalhumanplayerson theinternetchessservers.Thestrategy
involvessacrificingaknightong4(or g5 if thecomputeris black)andopeningthe
h-file in theprocess.Thehumanthenquickly matesdown theh-file. An example
gameof this typeis shown in figure5.

Asonelastexample,in Figure9wehaveshown thefinalvalueof arooklocated
on eachsquareof theboard.Theextremeundesirabilityof having rookson their
originalsquaresin theopeningandmiddlegamesis anotherway for KnightCapto

7KnightCapactuallyhasa fourthandfinal stage“mating” whichkicks in whenall thepiecesare
off, but this stageonly usesa few of theparameters(opponent’s king mobility andproximity of our
king to theopponent’s king).
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KNIGHTCAP MERCILOUS

InternetChessServer, August1997
1. d3 d5 2. ­ c3 e53. h3 d4 4. ­ b5 ® d7 5. a4a66. ­ a3 ® xa47. ­ c4 ­ d7 8.¯

xa4b5 9.
¯

a1bxc410. ­ f3 ® b4+11. ® d2 c3 12. bxc3dxc313. ® c1 ­ gf6
14. e4O–O15. ­ g5h616. h4! hxg517. hxg5° ±² ³³ ´´´ ´

µ ¶
KnightCapnow hasto returntheKnight or bemated.ThesedaysKnightCapwill
play 17. ..

¯
e8andsurvive,howeverearlyversionsof KnightCapwouldcontinue

17. .. ­ e8andthen 18. · h5 f5 19. g6 · h420.
¯

xh4 ® e721. · h8° ² ±²³ ´
³´´´ ´
µ

1 : 0 [Mercilous]

Figure5: An ICC gameshowing oneoftenrepeatedattackthatcausedKnightCap
to learnlargevaluesfor controllingtheh file, which thenled to improvedplay.
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KNIGHTCAP CRAFTY

5 minutegame& 5 secondincrementpermove
1. e4e52. ­ f3 ­ c6 3. ® b5 a64. ® a4 ­ f6 5. O–O ® e76.

¯
e1b5 7. ® b3

( &�%;�=>2§ , d11)
KnightCapis now out of bookalthoughthedepthof its last searchindicatesthat
theprincipalvariationendsin a brainposition.
7. .. O–O8. c3d69. h3 ® b710. d3 ­ b8
HereKnightCaphadexpected10. .. Na5 which it evaluatedat "T%;�=< pawns for
white (but only atdepth5). 10. .. Na5wastheotheroptionin Crafty’s book.
11. a4 ( &'#
�K#	< , d7) ­ bd7 12. axb5axb513.

¯
xa8 ® xa8 14. ­ a3c6 15.

¯
e2

( &�%;�=�2> , d5) · e8(–%;�K#¸© , d8)
Crafty is now out of book, probablybecausethe large book wastruncatedat 30
ply.
16. ­ h4d517. ­ f5 b418. ­ c2bxc319. bxc3dxe420. dxe4 ­ c521. ® a3 ® b7
22. ® c4(+1.84,d5) ® c8(–0.41,d8)23. ­ xe7(+1.87,d6) · xe7(–0.58,d10)24.· d2 (+2.12,d7) ­ fd7 (–1.26,d9)
Now Craftyseesaproblem.
25. · e3 ® b7 26.

¯
d2 (+2.72,d7)

¯
a8(–1.39,d9) 27.

¯
xd7 · xd7 28. ® xc5· d1 29. ¹ h2 (+2.30,d8) · xc2 (–1.94,d8) 30. · f3 ¹ h8 31. · xf7 · xe432.· xb7

¯
d833. · e7

¯
b834. ® d4 · f4 35. g3 · f8 36. · xe5

¯
c837. ® d3 · g8

38. ® f5
¯

a839. · d6
¯

e840. · xc6 · f7 41. · h6 · g842. · h4
¯

f8 43. ® e4¯
e844. c4

¯
b845. ¹ h1

¯
e846. c5

¯
c847. c6

¯
e8 1 : 0 [KnightCap]

Figure6: Oneof KnightCap’s bettergamesagainstCrafty. Both were running
on PentiumPro 200 PC’s andusing50M hashtables. Crafty wasusing8M of
pawn hashandits large book with the mostrecentlearningdata(asat 10-6-98).
KnightCapwasusingevaluationfunctionparameterstunedby TDLeaf(� ) from a
handcraftedstartingpoint, anda brainwith 9702positions.All evaluationsarein
unitsof 1 pawn.
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Figure7: Evolutionof twoparametersasafunctionof thenumberof gamesplayed.
“DoubledPawn” is subtractedfrom theevaluationwhile “CastleBonus”is added.
Notethateachparameterappearsthreetimes:oncefor eachof thethreestagesin
theevaluationfunction.Therewasnobonusfor having castledin theendgame.
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Opening Middle Ending

Figure8: Thevalueof controllingeachsquarein theopening,middle,andending
(after 1070games).The lighter the square,the greaterthe scorefor controlling
it. Notetheheavy emphasison controllingtheKing-Rookfile in theopeningand
middlegame,andthecentralsquaresin themiddlegame.In theendingKnightCap
haslearnt to control advancedsquares,presumablyto assistin pawn promotion
(althoughit appearsnotmuchpromotionhasoccurredon theg andh files).

encouragecastling,in additionto theCASTLE BONUSparameter(Figure7).

4.2 Comparisonto hand-crafted parameters

Theexperimentsreportedsofar demonstratethata weaksetof parametersfor an
evaluationfunctioncanbegreatlyimprovedby applyingtheTDLeaf(� ) algorithm
and training with on-line play. But do the final parameterscomparefavourably
to the performanceachievable with hand-craftedparameters?We comparedthe
performanceof KnightCapwith its learntparametersto KnightCap’s performance
with a setof hand-craftedparameters,againby playing the two versionson ICC.
The hand-craftedparameterswereclosein performanceto the learntparameters
(perhaps50–100rating pointsworse,althoughthesefiguresarevery noisy). We
alsotestedtheresultof allowing KnightCapto learnstartingfrom thehand-coded
parameters,andin this caseit seemsthat KnightCapperformsbetterthanwhen
startingfrom justmaterialvalues(peakperformancewas2632comparedto 2575).
We areconductingmoreteststo verify theseresults. However, it shouldnot be
too surprisingthat learningfrom a goodquality setof hand-craftedparametersis
betterthanjust learningfrom materialparameters.In particular, someof thehand-
craftedparametershave very high values(the value of an “unstoppablepawn”,
for example)which cantake a very long time to learnundernormalplayingcon-
ditions, particularly if they arerarely active in the principal leaves. It is not yet
clearwhethergiven a sufficient numberof gamesthis dependenceon the initial
conditionscanbemadeto vanish.

20



Opening Middle Ending

Figure9: The valueof placinga rook on eachsquare(after 1070games).The
lighter the square,the greaterthe valueof placingthe rook on that square.The
undesirabilityof theRookhomesquaresin theearlystagesof thegameareanother
way for KnightCapto encouragecastling.

5 OpeningLearning

KnightCap’s lack of an openingbook hamperedits performanceonceits rating
had improved to the level whereit startedplaying sufficiently good opponents.
Theevaluationfunctionis notsophisticatedenoughto preventKnightCapfrom re-
peatedlyplayingopeningblunders.RatherthansupplyKnightCapwith anopening
bookof Grandmastergames,wetriedimplementingvariousopeningbooklearning
methodsbasedon the“permanentbrain” ideain Crafty. Crafty’s permanentbrain
is asetof losingpositionsandtheirevaluationsthatareinsertedinto thehashtable
at thestartof everysearch.Thesearchwill thenavoid playingagaininto thosebad
lines.

In ourcasewefirst tried insertingall positionsthatoccurredduringgamesand
theirbackedupvaluesinto thebrain(similar to [8]). A consistency checkwasalso
performedto locatelater entriesthat invalidatedpositions1 or 2 ply earlier, and
if so the earlierpositionswereresearched(with the later positionsandtheir val-
uesinsertedinto thehashtable). Althoughthis methoddid improve performance
somewhat,thereweretwo difficulties:� Someentriesinsertedinto thebrainhadnegative backed-upvaluesbut were

in fact perfectlyplayablepositions. In suchcasesKnightCapwould avoid
thepositionsin futureandnever discover thatthey areactuallyacceptable.� It is nearlyimpossibleto keepthe brain consistentwithout spendinglarge
amountsof timeresearchingthepositionsin thebrainbetweengames.

To circumvent theseproblemswe implementedanalternative scheme.Insteadof
insertingall positionsin a gamein the brain, KnightCaponly insertsthe losing
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positionand the two subsequentpositions. KnightCapinsertsno positionsif it
won thegameor drew againsta strongeropponent.Thelosingpositionis defined
to be last positionin the gamefor which the evaluationwasabove zero,andthe
evaluationof theprevious two moveswerealsoabove zero. By requiringat least
threeconsecutive movesto be above zerowe dampout someof the noisein the
evaluationfunction.Thethreenew positionsarethenresearchedin reverseorderto
at leastdepth7 or depthonemorethanthedepthsearchedin thegame,whichever
is greater(this takesaround30 secondsfor a middle-gamepositionon a Pentium
Pro200MHzPC(in blitz play)). Thereasonfor storingthetwo positionsafterthe
losingpositionis to guaranteethat thenew searchon the losingpositionis aware
of thelow scoreof thelaterpositions.

Onemodificationto this procedureis madein thecasethatthelosingposition
occursprior to a brainpositionthatwasactuallyencounteredin thegame.In that
casewe regardthefinal brainpositionasthelosingmove, insertits two successor
movesandresearchall 3 in reverseorder.

Every time a position is insertedin the brain, a 2-ply consistency checkis
performed:everybrainpositionis examinedto seeif its recommendedmove leads
to anotherbrain position. If so, and if the secondbrain positioncontradictsthe
scoreof thefirst brainpositionbothpositionsaremarkedto beresearched.If the
secondpositionis not in thebrainbut thereis amovein thatpositionthatleadsto a
brainpositionwith a lowerscorethanthefirst brainpositionthenagainthesecond
andfirstbrainpositionsaremarkedfor research.All entriesrequiringresearchafter
theconsistency checkaresearchedin reverseorder. A new gameis notplayeduntil
thebrainis completely“clean” (no inconsistenciesarefound).

With thisopeninglearningstrategy8 KnightCap(playingunderthepseudonym
“KnightC” onICC) haslearntmany of thestandardopeninglines(KnightCapnow
hasmorethan10000positionsin its brain).Not beingexpertsourselves,we judge
this by thefactthatwhenplayingversionsof Crafty it is nearlyalwaysin Crafty’s
book for five full movesandhasbeenobserved to be in book for 17 moveson
oneoccasion.Onenice thing aboutthe openinglearningis that KnightCap“un-
derstands”why certainopeningmovesareweakbecauseit hasplayedthe weak
lines itself in determiningthis fact. Suchinformationis not available in Grand-
mastergames:the “correct moves” arealways therebut the computerdoesnot
necessarilyknow whatto do if its opponentplaysanincorrectmove. Sometimes,
however, KnightCapwill losea large numberof gamesbeforeeventuallyruling
outaparticularweakline of play.

Note that we have not run book learningandevaluationfunction learningsi-

8This is not strictly anopeninglearningstrategy asbrainpositionscancomefrom any phaseof
thegame.
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multaneously. Thedifficulty with applyingbothsimultaneuoslyis thataslearning
proceedsolderbookentriesneedto beperiodicallyresearchedbecausethey were
originally searchedwith anobsoleteevaluationfunction. This rquiresevenmore
time to be devotedto themanagementof the brain. An exampleof KnightCap’s
playwith a largebrainlearntthroughon-lineplayon ICS is shown in Figure6.

6 Conclusionand Future Work

Wehave introducedTDLeaf(� ), avariantof TD( � ) for tuningtheparametersof an
evaluationfunctionto beusedin minimaxsearch.Theonly extra requirementof
thealgorithmis thattheleafnodeof eachprincipalvariation(theprincipal leaf) is
storedthroughoutagame.

TDLeaf(� ) wasincorporatedinto ourchessprogram“KnightCap”,which then
learntfrom a B-gradeplayerto Masterlevel in 308 gamesand3 daysof on-line
play on theFICSInternetChessServer. In this experimentKnightCapstartedout
with widely usedmaterialparametersettings,all otherparametersweresetto 0.
Thefinal performanceof thelearntparameterswascomparableto theperformance
of asetof hand-craftedparameters.Also worthyof noteis thatwhenlearningwas
seededwith thehand-craftedparameters,KnightCap’sratingimprovedafurther50
to 100points(this time playingon ICC), althoughthevariancein theseestimates
is quitehigh. Hencethetakehomemessagefrom ourexperimentswith KnightCap
would be: incorporateasmuchknowledgeaspossiblein theinitial parameterset-
tings,andthenlet learningproceedfrom there.A versionof KnightCap“KnightC”
having learntin this way is presentlyrunningon ICC on PPro200 hardwareand
hasa blitz ratingof 2400-2500(thetop ratingis about3000).This versionis also
using our openingbook learningalgorithm, a variation on Crafty’s “permanent
brain” idea.

It appearsthat learningvia on-line rather than self-play was important for
KnightCap’s success.In particular, the knowledgeof the opponentis conveyed
in the positionsplayedduring the game: if the opponentopensup files next to
KnightCap’s king andthencheckmatesKnightCap,it tells KnightCapthathaving
openfiles next to its king is a badidea.Suchinformationis unlikely to bediscov-
eredthroughself-play.

One weaknessof the resultspresentedhereis that we have only testedthe
TDLeaf(� ) algorithm on one evaluationfunction. It would be good to seeour
resultsrepeatedfor otherevaluationfunctionsin differentprograms,anda more
systematicstudyof theinfluenceof theparameter� andthelearningrate � on the
learningperformance.

Anotherareafor furtherwork is theautomaticinductionof features,sinceit is
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the lack of tacticalability (andhencereliablefeaturesfor predictingtactics)that
haspreventedKnightCapfrom improving even further. We did observe that as
KnightCap’s evaluationfunctionimprovedit wasableto searchdeeperin thesame
lengthof time. An evenmoreradicalavenuefor furtherwork is to learnto search
selectively. The potentialgainsfrom reliableselective searcharelikely to be far
greaterthanimprovementsin evaluationfunctiontechnology.
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