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Abstract

In this papemwe discusghe problemof automaticallylearningevaluation
functionparameterin a chesgprogram.In particular we describesomeex-
perimentsn which our chesgprogramKnightCaplearntthe parametersf its
evaluationfunctionusingacombinatiorof Tempoal Differencelearningand
on-lineplayon FICSandICC. KnightCapis freely availableonthewebfrom
http://wwsyseng. anu. edu. au/ | sg. Themainsuccessve report
is thatKnightCapwentfrom a (blitz) ratingof 1650to aratingof 2150in just
3 daysand308gamesWe discusghe detailsof our learningalgorithm,de-
tails of KnightCap,andsomeof the principalreasongor KnightCaps rapid
improvement.

1 Intr oduction

TemporalDifferencelearning,first introducedby Samuel[6] andlater extended
andformalizedby Sutton[9] in his TD()) algorithm,is an eleganttechniquefor



approximatingthe expectedlong term future cost(or cost-to-g® of a stochastic
dynamicalsystemas a function of the currentstate. In computergame-playing
it is usedto train the evaluationfunctionto approximatethe probability of a win.
Perhapshemostremarkablesuccessf TD()) to dateis Tesaurcs TD-Gammona
neuralnetwork backgammomplayerthatwastrainedfrom scratchusingTD(A) and
simulatedself-play TD-Gammoris competitie with thebesthumarbackgammon
playerg[10].

In this paperwe describeour own experimentsin which the parametersf a
chessevaluationfunctionwerelearntusinga variantof TD(A) we call TDLeaf(\)
(TDLeaf()) is essentialljjust TD()) appliedto minimaxsearch)In particulay we
incorporatedlDLeaf()) into our chessprogramKnightCapandtrainedits evalu-
ationfunctionby on-lineplay on FICS (ht t p: / / www. f r eechess. or g) and
ICC (http://ww. chesscl ub. con). The main successtory we reportis
that startingfrom an evaluationfunctionin which all parametersveresetto zero
exceptthe valuesof the pieces,KnightCapwent from a 1650-ratedplayerto a
2150-ratedlitz playerin justthreedaysand308gamesKnightCapis freely avail-
ableandmaybedownloadedromht t p: / / wwmsyseng. anu. edu. au/ | sg.

For referencepurposesnote that on a PentiumPro 200 MHz machine(the
machineusedfor the experimentseportednere),KnightCapsearchesrom 8500
nodespersecondo around20,000nodesperseconddependingnthe position. It
searche®-3 ply shallaver thanBob Hyatt’s Crafty! giventhe samehardwareand
thinkingtime. In “3 0 Blitz” it will typically getto depth5 in themiddlegameand
depth9-10in the ending. It presentlymaintainsa rating of 2400—2600 on ICC
with its learntparameters&nd 9702 book positionslearntfrom on-line gameson
ICCB. Crafty’s ratingon ICC is around2700—-2900.

The remainderof the paperis organizedasfollows. In section2 we describe
the TDLeaf()\) algorithmasit appliesto chess KnightCaps architectureandhow
we incorporatedhe learningis describedn section3. Experimentakesultsfor
internet-playwith KnightCaparegivenin section4. KnightCaps booklearning
algorithmis describedn section5. Section6 containssomediscussiorandcon-
cludingremarks.

1.1 Relatedwork

Theearliestreportof applyingTD()) to chessof which we areawareis [3]. Gher
rity playedhis SAL programagainstan early versionof GnuChessestrictedto

ICraftyis the strongespublic domainchesgrogram.

2Thereappeargo be a systematicrating differecebetweenFICS and ICC of about200-250
points.

3Thebooklearningis describedn moredetailin sections.



searchfor only onesecondHe usedstraightTD(\) ontherootnodesof thesearch.
In 4200gamesSAL drewv 8 gamesandlostall the otherswhich wasprobablythe

main reasonfor its lack of successif nearlyall gamesarelostthe TD()) algo-

rithm will tendto drive the evaluationof every positiontowardsa loss,regardless
of its true score. KnightCapdid not suffer in this regard becauseét waslearning

by playingontheinternetchesssenerswherepeople(andcomputersjendto pre-

fer playingopponent®f similar strengthhenceKnightCaps win/lossratio stayed
nearl.

In [11] somefurther experimentson learningchessevaluationfunctionsus-
ing TemporalDifferencelearningand Explanation-Basettarningwerereported.
Thrun’s programNeuroChesagainlearntusingTD()) appliedto rootnodesbutin
contrasto SAL it learntby self-play bothfrom theopeningpositionandfrom po-
sitionsarrived atin Grandmasteplay. The purposeof startingfrom Grandmaster
positionswasto ensureat leasta minimal amountof relevant exploration. Neu-
roChess’performancemproved from a < 1% scoreagainstGnuChess$o an11%
scorein 2400 games. Both NeuroChesand GnuChesswvere restrictedto 2-ply
searchwith no quiescencextensionsandthey werebothusingthe samefeatures
(NeuroChessisedanon-linearfunctionof thefeaturesvhile GnuChessisedalin-
earfunction). NeuroChessfinal performancenay have beenmuchbetterif it had
beenseededvith the “correct” materialvalues,aswasthe casewith KnightCap,
andif it hadlearntby playing a suitablywealenedGnuChesstatherthanby self-
play. In ourexperimentswith KnightCapwe have foundself-playto beapoorway
of learning.

BealandSmith[1], usingTDLeaf()\), reportedverypositive resultsfor learning
piecevaluesusingtemporaldifferencesandself-play(in contrasto our useof on-
line play). The factthattheir evaluationfunction only containedmaterialterms
probablycontrikutedto the succes®f self-play

A morecomprehense review of automaticlearningin all areasof computer
chesgprogrammingmaybefoundin [2].

2 The TDLeaf()\) algorithm

In this sectionwe discussthe TDLeaf(\) algorithmandhow it appliesto a com-
puterchessprogramwith a tunableevaluationfunction. Note that TDLeaf(}) is
essentialljjust Suttons TD()) [9] adaptedor usein minimaxsearch.
Letzy,zo9,...,zn denotethethe sequenc®f positionswith the computerto
move during the courseof a game. In eachpositionz;, the computerperforms
a minimax search(or ary of its fastervariantslike a-3) to somedepthd, using
a heuristicevaluationfunction J(z, w) to assignvaluesto the leaf nodesz. The



O]

4* -9 10 4*

Figurel: A minimaxsearchreeshaving theprincipalleaves(H andL).

parametevectorw consistf all thetunableparameters theevaluationfunction
(valuesof the pieces,isolatedpawns, doubledpawnns, king safety etc). At the
end of the searchthe computermakesits move andrecordsthe leaf nodeof the
principal variation (alsoknownn asthe principal leaf, seeFigurel), which we will
denoteby z¢. Notethatthe bacled-upvalueassignedo theroot nodez; afterthe
searchis just the heuristicvalue J (z!, w) of the principalleafz.. If the principal
leafis notunique,ary oneof theequivalentleavesmayberecorded.

At theendof thegame thecomputerecevesareward r(z ) equalto —1 for a
loss,0 for adrav and+1 for awin. To corverttheraw valuesof theprincipalleaves
J(zt, w) into predictionsof thefinal rewardr(zt, w), they arepassedhroughthe
hyperbolictangenfunction(seeFigure?2),

r(zt, w) := tanh (ﬂJ(mé, w)) (1)

wherethe constants is chosento ensurea not too steepevaluationfunction (in
KnightCapg = 0.255 sothatr(z, w) = 0.25 for apositionz in whichwhite’s su-
periority is equivalentto onepawn). Notethatary increasingifferentiablefunc-
tion mappinglarge negative valuesof J(z, w) to —1, large positive valuesto +1,
and0 to 0 will doin placeof the hyperbolictangent.

Now, for eachmove: = 1,..., N — 2, definethetempoal differenced; by

d; == r(acéﬂ,w) — r(xﬁ,w) (2)
For: = N — 1 define
dy-1 = r(zn) — r(zly_q,w). ®3)

Notethatd; measurethedifferencebetweertherewardpredictedoy thecomputer
atmoves + 1, andtherewardpredictedat move i (dy_1 is thedifferencebetween
the outcomeof the gameandthe predictionat the penultimatemove).

4
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Figure2: Predictecbutcomeof thegameasa functionof the underlyingraw posi-
tion valuein pavns. Outcomeis 1 for awin, O for adrav and-1 for aloss.

Barring blundersby the opponent,a “good” evaluationfunction should not
“changeits mind” too muchfrom onemove to the next andso shouldhave small
temporaldifferencesl;. To avoid KnightCaplearningto predictwealeropponens
blunders,we setall temporaldifferencesd; to zeroif KnightCapdid not predict
the opponent move andthe opponens ratingwaslessthanKnightCaps. If the
opponenivasratedhigherwe left thetemporaldifferenceunchanget

Theideabehindthe TDLeaf()\) algorithmis to adjustthe parameters» soasto
reducethesizeof thetemporaldifferencesl;. More precisely aftercalculationof
thetemporaldifferencesi;, theTDLeaf()\) algorithmupdateshe parametevector
w accordingo theformula(whichis simply Suttons[9] TD(\) formularearranged
andappliedto the minimaxdomain)

N-1 N-1
wi=w+a Z Vr(zt, w) Z M7, 4
i=1 j=i

4A moresophisticatednethodwould beto reducethe sizeof temporaldifferencesesultingfrom
opponentsblunderson asliding scaleasafunctionof theratingdifferencebetweerknightCapand
its opponentWe did notinvestigatethis possibility



whereVr(z,w) is the vectorof partial dervatives of r(z, w) with respectto its
parametersy. The positive parametety controlsthe learningrateandwould typi-
cally be“annealedtowardszeroduringthe courseof along seriesof games.The
parameter € [0,1] controlsthe extentto which temporaldifferencegropagate
backwardsin time. To seethis, comparesquation4) for A = 0:

N-1
wi=w+ « Z Vr(zt, w)d;
i=1

N-1
—w+a Y Vr(h,w) |r(al,w) - r(alw)] (5)
i=1
and\ = 1:
N—1
wi=w+ Z Vr(zt, w) [r(:cN) — r(xé,w)] . (6)

=1

Considerachtermcontrilbuting to thesumsin equationg5) and(6). For A = 0 the
parametevectoris beingadjustedn suchaway asto move r(z w)—thepredicted
reward at move i—closerto r(z;+1, w)—the predictedrewardat move ¢ + 1. In
contrastfor A = 1 the parametewectoris adjustedo move the predictedreward
at move 5 closerto the final reward r(zx). Valuesof A betweenzeroandone
interpolatebetweenthesetwo behaiors. Anotherway of looking at the role of
A is to notethat for small valuesof )\ evaluationsover the next few movesare
treatedasreliablefor the purposeof updatingthe parameterswhereadfor large
valuesof A only evaluationsnearthe endof thegameareconsideredeliable.This
obserationprovidesaheuristicfor choosing): if theevaluationfunctionis already
quitereliable,chooseasmallvalueof A (0.3to 0.7),if notchoose\ closeto 1 (say
0.950r evenl). In our experimentswith KnightCapwe used\ = 0.7.

One easyway to computethe vector of partial dervatives Vr(zt, w) =

ar(zt,w) ar(ztw)\ . .
(le, w18 numerically:

8‘)"(!13%,’[1)) ~ T(l‘é,’lﬂj +6) — T("Ll'liawj)

ow; ’

for smallenoughd. Thisrequiresonly two callsto the evaluationfunctionfor each
parametgronewith w; atits original valueandonewith w; incrementedby 6, and
hasthe advantagehatcomplex new featuresnaybeaddedo the evaluationfunc-
tion without having to alsocomputetheir derivatives. Of course,|it alsorequires
thatthe parameterarestoredin an easilyadjustabl€orm (in KnightCapthey are
elementf asinglearray).



Note thatit is not necessaryo adjustthe parametersfter every game. The
updatecanalsobe accumulatedver severalgamesn orderto reducethe effects
of noise.For referncethe TDLeaf(\) algorithmis summarizedn figure 3.

3 KnightCap

In this sectionwe describethe detailsof KnightCapincludingimplementatioris-
suesassociateavith applyingTDLeaf(}).

KnightCapis areasonablgophisticatedomputeichesgprogramfor Unix sys-
tems.It hasall the standardalgorithmicfeaturegshatmodernchessprogramsend
to have aswell asa numberof featuresthat are much lesscommon. This sec-
tion is meantto give the readeran overvien of the type of algorithmsthat have
beenchoserfor KnightCap. Spacdimitations preventa full explanationof all of
the describedeaturesaninterestedeadershouldbe ablefind explanationsn the
widely available computerchesditerature(seefor example[4]) or by examining
thesourcecode:ht t p: / / wwmsyseng. anu. edu. au/ | sg.

3.1 Board representation

This is whereKnightCapdiffers mostfrom otherchessprograms.The principal
boardrepresentationisedin KnightCapis the topiecesarray Thisis anarrayof
32 bit wordswith one word for eachsquareon the board. Eachbit in a word
representeneof the 32 piecesin the startingchessposition(8 pieces+ 8 pavns
for eachside).Bit s onsquarej is setif piecei is attackingsquarej.

Thetopiecesarrayhasprovedto be a very powerful representatioandallows
the easydescriptionof mary evaluationfeatureswhich are more difficult or too
costly with other representationsThe array is updateddynamically after each
move in suchaway thatfor the vastmajority of movesonly a smallproportionof
thetopiecesarrayneedbedirectly examinedandupdated.

A simpleexampleof how thetopiecesarrayis usedin KnightCapis determin-
ing whetherthe king is in check. Whereasan in_check()functionis often quite
expensve in chessprogramsjn KnightCapit involves just onelogical AND op-
erationin thetopiecesarray In a similar fashionthe evaluationfunction canfind
commonfeaturessuchasconnectedooksusingjustoneor two instructions.

The topiecesarrayis alsousedto drive the move generatorand obviatesthe
needfor a standardnove generatiorfunction.



e Let J(z,w) beanheuristicevaluationfunctionparameterizetdy k parame
tersw = (wy,...,w;) € RE.

e Letzy,...,z N bethe N positionsthatoccurredduringthecourseof agame
(with thecomputetto move),andfor i = 1,..., N, letz! betheleafnodeof
the principalvariation (the principal leaf) of the computers searchstarting
from z;. If thereis morethanone principal variation, choosean arbitrary
leaf nodefrom theavailablecandidates.

e Letr(zy) betheoutcomeof the game(-1 for aloss,0 for adraw, +1 for a
win).

e For eachprincipalleafz!, define
r(zk, w) := tanh (O 255 * J(xl, w))

where we are assumingJ(z,w) is measuredn units of 1 pawvn (scale
J(z,w) accordingly).

e Fori=1,...,N — 1, computethetemporaldifferences:
d; = r(zf41,w) — 7z}, w) (7)
ar(zt,w) ar(zt,w)
andthevectorof partialdervatives Vr (!, w) = ( TRt AR R )

e Setd; = 0 if the move leadingto xé+1 wasnot predictedby the computel
(option: only do thisif theopponens ratingis lessthanthecompter).

e Updateeachparametetv; accordingo theformula:

8
w; —wj—l—az T;L%w [Z)\m ‘d ] (8)

A shouldbe around0.5 to 0.7 if the evaluationfunction is alreadyquite
reliable, but closeto 1 (> 0.95) if it is not. « shouldbe chosenso that
updatesreof theorderof 1/100 of a pavn.

Figure3: TheTDLeaf()\) algorithm




3.2 Seairch algorithm

The basisof the searchalgorithmusedin KnightCapis MTD(f) [5]. MTD(f) is
a logical extensionof the minimal-windav alpha-betassearchthat formalizesthe
placemenbf the minimal searchwindow to producewhatis in effect a bisection
searclovertheevaluationspace.

Thevariationof MTD(f) that KnightCapusesincludessomeconvergenceac-
celerationheuristicsthat prevent the very slow convergencethat can sometimes
plagueMTD(f) implementations.Theseheuristicsare similar in conceptto the
momentuntermscommonlyusedin neuralnetwork training.

The MTD(f) searchalgorithmis appliedwithin a standardterative deepening
frameavork. Thesearctbeginswith thedepthobtainedrom thetranspositioriable
for the initial searchpositionand continuesuntil a time limit is reachedn the
search. Searchorderingat the root node ensureghat partial ply searchresults
obtainedwvhenthetimer expirescanbe usedquite safely

3.3 Null moves

KnightCapusesa recursve null move forward pruningtechnique.Whereasnost
null move usingchesgrogramsuseafixed R value(thenumberof additionalplys
to prunewhentrying anull move) KnightCapinsteadusesa variableR valuein an
asymmetridashion.Theinitial R valueis 3 andthealgorithmthenteststheresult
of thenull move searchlf it is the computerssideof thesearchandthenull move
indicateghatthepositionis “good” for thecomputetthenthe R valueis decreased
to 2 andthenull moveis retried.

Theeffectof this null move systems thatmostof thespeedf a R = 3 system
is obtained,while making no more null move defensie errorsthanan R = 2
system.lt is essentiallya pessimisticsystem.

3.4 Search extensions

KnightCapusesa large numberof searchextensionsto ensurethat critical lines
aresearchedo suficientdepth.Extensionsareindicatedthrougha combinatiorof
factorsincluding check,null-move matethreats pavn movesto thellasttwo ranks
andrecaptureextensionsIn additionKnightCapusesa singleply razoringsystem
with a0.9 pavn razoringthreshold.

3.5 Asymmetries

Therearequiteanumberof asymmetrisearctandevaluationtermsin KnightCap,
with aleaningtowardspessimistidi.e. careful)play. Apartfrom the asymmetric



null move andsearctextensionsystemsnentionedabove, KnightCapalsousesan
asymmetricsystemto decidewhatmovesto try in the quiescesearchandseveral
asymmetricevaluationtermsin the evaluationfunction (suchasking safetyand
trappedpiecefactors).

Whencombinedwith the TDLeaf(\) algorithmKnightCapis ableto learnap-
propriatevaluesfor theasymmetricevaluationterms.

3.6 TranspositionTables

KnightCapusesastandardwo-deepranspositiotablewith a128bit transposition
tableentry Eachentry holds separatadepthand evaluationinformation for the
lower andupperbound.

The ETTC (enhancedranspositiontable cutof) techniqueis usedboth for
move orderingandto reducethe tree size. The transpositiontableis alsoused
to feedthebooklearningsystemandto initialize the depthfor iterative deepening.

3.7 Moveordering

Themove orderingsystemn KnightCapusesa combinatiorof thecommonlyused
history [7], killer, refutationandtranspositiortable orderingtechniques.With a
relatively expensve evaluationfunction KnightCapcanafford to spenda consid-
erableamountof CPUtime on move orderingheuristicdn orderto reducethetree
size.

3.8 Parallel search

KnightCaphasbeenwrittento take advantageof paralleldistributedmemorymulti-
computerspusinga parallelismstratgy thatis derived naturallyfrom the MTD(f)
searchalgorithm. Somedetailson the methodologyusedand parallelismresults
obtainedareavailablein [12]. Theresultsgivenin this paperwereobtainedusing
asingleCPUmachine.

3.9 Evaluation function

The heartof ary chessprogramis its evaluationfunction. KnightCapusesquite
a slow evaluationfunction that evaluatesa numberof computationallyexpensie

features.The evaluationfunction alsohasfour distinct stages:Opening,Middle,

Endingand Mating, eachwith its own setof parametergbut the samefeatures).
We have listed the namesof all KnightCaps featuresn table1. Notethatsome
of the featureshave more than one parameterassociatedvith them, for exam-
ple thereare 64 parameterassociatedvith rook position, one for eachsquare.

10



Thesefeaturesall begin with “I”. To summarizgust a few of the more obscure
features: IOPENING KING _ADVANCE is a bonusfor the rank of the king in
the opening,it has8 parameterspne for eachrank. IMID _KING _ADVANCE is
the samebut appliesin the middle game(the fact that we have separatdeatures
for the openingand middle gamesis a hangwer from KnightCaps early days
whenit didn't have separatgparametergor eachstage). IKING _PROXIMITY
is the numberof moves betweenour king and the opponentsking. It is very
useful for forcing matesin the ending. Again thereis one parameteifor each
of the 8 possiblevalues. IPOSBASE is the basescorefor controlling eachof
the squares.IPOSKINGSIDE andIPOS QUEENSIDE are modificationsadded
to IPOS BASE accordingas KnightCapis castledon the king or queensidesre-
spectvely. The MOBILITY scoresarethe numberof movesavailableto a piece,
thresholdingat 10. Thereis a separatescorefor eachrankthe pieceis on, hence
the total numberof parametersf 80. The SMOBILITY scoresarethe same but
now the squarehe pieceis moving to hasto besafe(i.e controlledby KnightCap).
THREAT andOPPONENTSTHREAT arecomputedby doinga minimaxsearch
on the positionin which only capturesare consideredand eachpiececan move
only once. Its not clearthis helpsthe evaluationmuch, but it certainlyimproves
move ordering(the bestcaptureis given a high weightin the ordering). IOVER-
LOADED _PENALTY is a penaltythatis appliedto eachpiecefor the numberof
otherwisehungpiecesit is defending. Thereis a separatgenaltyfor eachnum-
ber, thresholdingat 15 (this could be donebetter: we shouldhave a basescore
timesby thenumberof piecesandhave KnightCaplearnthebasescoreandaper
turbationon the basescorefor eachnumber). IQ_KING _ATTACK_OPPONENT
and INOQ_KING _ATTACK_OPPONENTare bonusedor 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_COMPUTERarethe samething for the opponentattack-
ing KnightCaps king. Notethatthis asymmetryallows KnightCapthe freedomto
learnto be cautiousby assigninggreaterweightto opponentiecesattackingits
own king thatit doesto its own piecesattackingthe opponens king. It canof
coursealsousethis to be aggressie. For moreinformationon the features see
eval.cin KnightCaps sourcecode.

The most computationallyexpensie part of the evaluation function is the
“board control”. This function evaluatesa control function for eachsquareon
theboardto try to determinenvho controlsthe square Controlof asquards essen-
tially definedby determiningwhethera playercanusethe squareasaflight square
for apiece,or if aplayercontrolsthe squarewith apawn.

Despitethefactthattheboardcontrolfunctionis evaluatedncrementallywith
thecontrolof square®nly beingupdatedvhena move affectsthesquarethefunc-
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Feature # | Feature #
BISHOP.PAIR 1 | CASTLE.BONUS 1
KNIGHT_OUTPOST 1 | BISHOPOUTPOST 1
SUPPORED_KNIGHT_OUTPOST | 1 | SUPPORED_BISHOPOUTPOST 1
CONNECTEDROOKS 1 | SEVENTHRANK_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 | INOQKING_ATTACK_.COMPUTER| 8
INOQ_KING _ATTACK_OPPONENT| 8 | QUEENFILE_SAFETY 1
NOQUEEN_FILE_SAFETY 1 | IPIECETRADE_BONUS 32
IATTACK_VALUE 16 | IPAWN_TRADE_BONUS 32
UNSUPPORED_PAWN 1 | ADJACENT_.PAWN 1
IPASSED PAWN_CONTROL 21 | UNSTOPRABLE _PAWN 1
DOUBLED_PAWN 1 | WEAK_PAWN 1
ODD_BISHOPSPAWN_POS 1 | BLOCKED_PASSEDPAWN 1
KING _PASSEDPAWN_SUPPOR 1 | PASSEDPAWN_ROOKATTACK 1
PASSED PAWN_ROOK_SUPPOR 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: KnightCaps featuresand the numberof parametersorrespondingo
each. Most of the featuresare self-explanatory seethe text for a descriptionof
someof the moreobscureones. Note that KnightCaps large numberof parame-
tersis obtainedby summingall the numbersn this tableandthenmultiplying by
thenumberof stagegfour).
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tion typically takesaround30% of the total CPU time of the program. This high

costis consideredvorthwhile becausef the flow-on effectsthatthis calculation
hason otheraspectof the evaluationand search. Theseflow-on effectsinclude
the ability of KnightCapto evaluatereasonablyaccuratelythe presencesf hung,
trappedand immobile pieceswhich is normally a severe weaknessn computer
play. We have alsonotedthatthe moreaccuratesvaluationfunction tendsto re-

ducethesearchreesizethusmakingup for thedecreasedodecount.

3.10 Modification for TDLeaf())

The modificationsmadeto KnightCapfor TDLeaf(\) affecteda numberof the
programs subsystemsThelargestmodificationsinvolved the parameterizatioof
the evaluationfunction so that all evaluationparameterdecamepart of a single
long weightvector All tunableevaluationknowledgecouldthenbe describedn
termsof thevaluesin this vector

The next major modificationwasthe additionof the full boardpositionin all
datastructuresromwhichanevaluationvaluecouldbeobtained.Thisinvolvedthe
substitutionof a structurefor the usualscalarevaluationtype, with the evaluation
functionfilling in the evaluatedpositionandotherboardstateinformationduring
eachevaluationcall. Similar additionsweremadeto thetranspositiortableentries
sothatthe resultof a searchwould always have availableto it the positionasso-
ciatedwith theleaf nodein the principalvariation. This significantlyenlagesthe
transpositiortable and meansthat to operateeffectively with the MTD(f) search
algorithm (itself a memory-hungrya-G variant), KnightCapreally needsat least
30Mb of hashtablewhenlearning.

The only othersignificantmodificationthat was requiredwas an increasdn
the bit resolutionof the evaluationtype so that a numericalpartial derivative of
the evaluationfunction with respectto the evaluationcoeficient vector could be
obtainedwith reasonabl@ccuray.

4 Experimentswith KnightCap

In our main experimentwe took KnightCaps evaluationfunction and setall but
the materialparameterso zero. The materialparametersvereinitialized to the
standard‘computer” values: 1 for a pawn, 4 for a knight, 4 for a bishop, 6 for
arook and 12 for a queen. With theseparametesettingsKnightCap (underthe
pseudoym “WimpKnight”) wasstartedon the FreelnternetChesssener (FICS,
fics.onenet.net)on8/ 21/ 97. Bothhumansandcomputergplay on FICS.
We playedKnightCapfor 25 gameswvithoutmodifyingits evaluationfunctionsoas
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to getareasonabl@leaof its rating. After 25gamest hadablitz (fasttime control)
ratingof 1650, which putit ataboutB-gradehumanperformanceWe thenturned
onthe TDLeaf()\) learningalgorithm,with A = 0.7. Thevalueof A waschosen
fairly arbitrarily while o wassethigh enoughto ensurerapid modificationof the
parametergeachupdatealteredthe parameterdy atmost1/1000f a pawvn).

By 8/24/97 KnightCaps ratinghadclimbedto 2150, anincreasef 500 points
in threedaysandafter only 308 games. At this point KnightCaps performance
beganto plateauprimarily becausé& doesnothave anopeningoookandsowill re-
peatedlyplay into weakline®. KnightCapalsodoesnotsearciparticularlydeeply
andsooftengetstactically outgunnedy deepeprograms.t seemsvery difficult
to addenoughfeaturego KnightCaps evaluationfunctionto enableit to learnto
predictsignificanttacticsevenasshallav as2-ply.

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

1. As all the non-materiaparametersvereinitially zero,even smallchanges
in theseparametergould causevery large changesn the relative ordering
of materiallyequalpositions.Henceevenafterafew gameXnightCapwas
playinga substantiallybettergameof chess.

2. It seemdo beimportantthatKnightCapstartedoutlife with intelligentma-
terial parametersThis putit closein parametespaceto mary far superior
parametesettings.We tried a similar experimentwith the materialparame-
tersalsoinitially setto zerobut after 1000gamesKnightCapwasstill rated
down around1300 (it hadimproved by 300 points but progresswas very
slow). Thisresultis notinconsistentvith thosereportedn [1]. Thereit took
about2000gamego learnthe “correct” materialvalues,and perhapswith
another1000 gameskKnightCapmay have reacheda rating of 1600, close
to its performancewith the materialvaluesset. However, we were using
a smallvalue of A (0.7) comparedo Beal and Smith's 0.95 andthis may
well have beena significantdifference(for A = 0.95 we arerelying more
on the outcomeof the gamefor feedback andlessuponthe evaluationsof
subsequemnositions).

3. Most playerson FICS preferto play opponentof similar strength,andso
KnightCaps opponentémpraovedasit did. Thismayalsohave hadtheeffect
of guidingKnightCapalonga pathin parametespacehatledto astrongset
of parameters.

5A ratingof 21500n FICS correspondso aratingof about23500n1CC.
5\We have sinceimplementedseveral differentopeninglearningstratggiesin additionto the eval-
uationlearningstratgies. Our efforts to datearesummarizedn section5.

14



4. KnightCapwasnotlearningby self-play In particular by playing different
opponentKnightCapis forced into positionsthat it evaluateshighly but
subsequenthydiscovers are losing. Theseare preciselythe positionsthat
KnightCapneedsto seeto learnrapidly, but are unlikely to be seenwhen
playingagainsitself.

4.1 ChangesasKnightCap learned

In thisfirst experimentwe did notrecordthegamesnightCapplayed northeevo-
lution of the parametersr the evolution of KnightCaps rating,sowe conductedch
secondexperimentin which all thesefactorswererecorded Onemodificationwe
madewasto updatethe parameterafterevery fourth gameto seewhetherthisim-
provedthe performanceln addition,we hadmademajormodificationgo Knight-
Caps evaluationfunction betweerthe two experiments:mary morefeatureshad
beenadded stageshadbeenintroduced andsomesmallchangedo the searchal-
gorithm hadbeenmade. By now therewerenearly6000independenparameters
in the evaluationfunction,whereasn the original experimenttherewerejust un-
der500. KnightCaps rating over 1070gamess plottedin figure 4. In this plot,

2150 M*\A Mﬂrf\f\w N

2100 T W
2050

2000 ik r”w
1950 / \WﬁWM%'\/I
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1850
/
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W

1750
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Figure4: KnightCaps ratingasa functionof gameglayed(secondexperiment).

KnightCapwasplayingwith just materialparametersintil learningwasturnedon
atgame0. Theratingrosesharplyandthenbeganto plateawafterabout300games
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atjustunder2000.Thesharpdeclinein KnightCaps ratingfrom game375to 420
wascausedy two “rogue” telnetprocessessing2/3 of theprocessoduringone
night of play. At game500, KnightCaps memorywasincreasedo 40Mb (it had
beenrunningwith only 8Mb until this point). Onecanclearlyseethe benefitof the
increaseanemoryin this plot (in thefirst experimentKnightCapwasrunningwith
24Mb). Again KnightCaps performancdevelledoutataround2150,but thistime
afterconsiderablymoregamesvhich maywell have beencausedy theincreased
sizeof theevaluationfunctionandalsothedecisionto updatethe parametersafter
4 gamegatherthanevery game.

Plots of variousparameterssa function of the numberof gamesplayedare
shawvn in Figure 7. Eachplot containsthree graphscorrespondingo the three
different stagesof the evaluationfunction: opening,middle andending. The
endingis whentherearelessthanor equalto six piecegqueensountfor 2 pieces)
andatleastonepawn ontheboard.“Opening”is usedwhenno morethanasingle
piecehasbeenexchangedndat leastonesidehastheright to castle.“Middle” is
not openingandnot ending(andnot mating). Note that KnightCaps parametes
areindependentor the stagesandalsothatthe stageis only alteredat the root of
the searchtree, never at aninternalnodeor a leaf. This ensuresll positionsin
a searcharecomparedisingthe sameparameterin the evaluationfunction (note
alsothatthe TDLeaf()) algorithmactsto keepevaluationdetweerdifferentstages
reasonablyonsistent).

We have shawn thefinal values(after 1070gamesYor controllingthe squares
onthe boardfor the differentstagesn Figure8. In KnightCaps evaluationfunc-
tion, a squares controlledif a piececanfly to thatsquareandnotbeimmediately
capturedor kickedaway by apawn. In thefigure,thelighterthesquarethegreater
thebonusfor controllingthatsquare Obsenre thatin theopeningthe squaresnost
desirableto control are the centralsquareson the kingside, the squaresn front
of aking-sidecastledking, andtheking-rookfile. The origin of the greatvaluein
controllingtheking-rookfile canbetracedto theuseof a standardcomputerbust-
ing” stratgy by severalhumanplayerson theinternetchessseners. The stratgy
involvessacrificinga knighton g4 (or g5if the computeiis black)andopeningthe
h-file in the process.The humanthenquickly matesdowvn the h-file. An example
gameof thistypeis shavn in figure5.

As onelastexample,in Figure9 we have shavn thefinal valueof arooklocated
on eachsquareof the board. The extremeundesirabilityof having rookson their
original square$n theopeningandmiddle gamess anothemvay for KnightCapto

"KnightCapactuallyhasa fourth andfinal stage‘mating” which kicks in whenall the piecesare
off, but this stageonly usesa few of the parametergopponens king mobility andproximity of our
king to the opponeng king).
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KNIGHTCAP MERCILOUS
InternetChessSener, August1997
1.d3d52. /)nc3e53. h3d44. e/hb5 2d75. ad4a66. Ha3d @xad 7. Hcd Hd7 8.
Exadb59. Ealbxc410. /N3 ¢b4+11. 4d2c312. bxc3dxc313. &cl14/ngf6
14.e40-015./Hg5h616. h4! hxg517. hxgb

KnightCapnow hasto returnthe Knight or be mated. ThesedaysKnightCapwill
play 17... Ee8andsurvive, hovever earlyversionsof KnightCapwould continue
17... jhe8andthen 18. Wh5f5 19. g6 Wh4 20. Exh4 2e721. Wh8

1:0 [Mercilous]

Figure5: An ICC gameshaving oneoftenrepeatedttackthatcausednightCap
to learnlarge valuesfor controllingtheh file, which thenled to improved play:.
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KNIGHTCAP CRAFTY

5 minutegame+ 5 secondncrementpermove
1. ed4eb2. N3 Hc63. &b5ab4. 2a4H)f6 5. O-0 £e76. BEelb57. £b3
(+0.56, d11)
KnightCapis now out of book althoughthe depthof its last searchindicatesthat
the principalvariationendsin a brainposition.
7...0-08.¢c3d69.h3 £b710.d3/b8
Here KnightCaphadexpected10. .. Na5which it evaluatedat —0.2 pawns for
white (but only atdepth5). 10. .. Na5wastheotheroptionin Crafty’s book.
11. a4 (+1.12, d7) /hbd7 12. axb5axb513. Exa8 2xa814. /Na3c6 15. ge2
(4+0.95, d5) We8(-0.14, d8)
Crafty is now out of book, probablybecausdhe large book wastruncatedat 30
ply.
16./H)h4d517. /)05 b4 18. inc2bxc319. bxc3dxed20. dxed4 i/ c521. a3 &b7
22. 4c4(+1.84,d5) £c8(-0.41,d8) 23. {/)\)xe7(+1.87,d6) Wxe7(-0.58,d10)24.
Wd2 (+2.12,d7) t/hfd7 (-1.26,d9)
Now Crafty seesaproblem.
25. We3 4b726. 2d2 (+2.72,d7) Ea8(—1.39,d9) 27. Exd7 Wxd7 28. &xc5
Wd1 29. &h2 (+2.30,d8) Wxc2 (—1.94,d8) 30. W3 Hh8 31. Wxf7 Wxe4 32.
Wxb7 2d833. We7 2b834. & d4Wf4 35. g3 Wf8 36. Wxe5 Ec837. £d3Wg8
38. 415 £a839. Wd6 Ze840. Wxc6 Wf7 41. WheWg842. Wh4 xf8 43. 4e4
Ze844.c4 £b845. ¥hl £e846.c5 2c847.c6Ze8 1:0 [KnightCap]

Figure 6: One of KnightCaps bettergamesagainstCrafty. Both wererunning
on PentiumPro 200 PC’s and using 50M hashtables. Crafty was using 8M of
pavn hashandits large book with the mostrecentlearningdata(asat 10-6-98).
KnightCapwasusingevaluationfunction parametersunedby TDLeaf(\) from a
handcraftedtartingpoint, anda brainwith 9702positions.All evaluationsarein
unitsof 1 pawvn.
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Figure7: Evolutionof two parameterasafunctionof thenumberof gamegplayed.
“DoubledPawn” is subtractedrom the evaluationwhile “CastleBonus”is added.
Notethateachparameteappearshreetimes: oncefor eachof thethreestagesn
theevaluationfunction. Therewasno bonusfor having castledn theendgame.
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Opening Middle Ending

Figure8: Thevalueof controllingeachsquaren the openingmiddle,andending
(after L070games). The lighter the square the greaterthe scorefor controlling
it. Notethe heavy emphasi®n controllingthe King-Rookfile in the openingand
middlegame andthecentralsquaresn themiddlegame.In theendingKnightCap
haslearntto control advancedsquarespresumablyto assistin pavn promotion
(althoughit appearsot muchpromotionhasoccurredontheg andh files).

encourageastling,in additionto the CASTLE_ BONUS paramete(Figure7).

4.2 Comparisonto hand-crafted parameters

The experimentgeportedso far demonstrat¢hata weaksetof parametergor an
evaluationfunctioncanbegreatlyimproved by applyingthe TDLeaf(\) algorithm
andtraining with on-line play. But do the final parametereomparefavourably
to the performanceachiezable with hand-craftecparametersNVe comparedhe
performancef KnightCapwith its learntparameterso KnightCaps performance
with a setof hand-crafte¢parametersagainby playingthe two versionson ICC.
The hand-craftegpbarametersvere closein performanceo the learntparameters
(perhapss0-100rating pointsworse,althoughthesefiguresarevery noisy). We
alsotestedtheresultof allowing KnightCapto learnstartingfrom the hand-coded
parametersandin this caseit seemghat KnightCapperformsbetterthanwhen
startingfrom just materialvalues(peakperformancevas2632comparedo 2575).
We are conductingmoreteststo verify theseresults. However, it shouldnot be
too surprisingthatlearningfrom a goodquality setof hand-craftegparameterss
betterthanjustlearningfrom materialparametersin particular someof the hand-
crafted parameterdiave very high values(the value of an “unstoppablepavn”,
for example)which cantake a very long time to learnundernormalplaying con-
ditions, particularlyif they arerarely active in the principal leaves. It is not yet
clearwhethergiven a sufiicient numberof gamesthis dependencen the initial
conditionscanbe madeto vanish.
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Opening Middle Ending

Figure 9: The value of placinga rook on eachsquare(after 1070 games). The
lighter the square the greaterthe value of placingthe rook on that square. The
undesirabilityof theRookhomesquaresn theearlystage®of thegameareanother
way for KnightCapto encourageastling.

5 OpeningLearning

KnightCaps lack of an openingbook hamperedts performanceonceits rating
had improved to the level whereit startedplaying sufficiently good opponents.
Theevaluationfunctionis notsophisticate@noughto preventKnightCapfrom re-
peatedlyplayingopeningblunders RathethansupplyKnightCapwith anopening
bookof Grandmastegamesye triedimplementingvariousopeningbooklearning
methoddasedon the “permanenbrain” ideain Crafty. Crafty’s permanenbrain
is asetof losingpositionsandtheir evaluationghatareinsertednto the hashtable
atthestartof every search.Thesearchwill thenavoid playingagaininto thosebad
lines.

In our casewe first tried insertingall positionsthatoccurredduringgamesand
theirbacledup valuesinto thebrain(similarto [8]). A consisteng checkwasalso
performedto locatelater entriesthat invalidatedpositionsl or 2 ply earlier and
if sothe earlierpositionswereresearchedwith the later positionsandtheir val-
uesinsertedinto the hashtable). Althoughthis methoddid improve performance
somavhat,thereweretwo difficulties:

e Someentriesinsertednto the brainhadnegative bacled-upvaluesbut were
in fact perfectly playablepositions. In suchcaseKnightCapwould avoid
thepositionsin futureandnever discover thatthey areactuallyacceptable.

e It is nearlyimpossibleto keepthe brain consistenwithout spendingarge
amountf time researchinghe positionsin the brainbetweergames.

To circumwenttheseproblemswe implementedan alternatve scheme.Insteadof
insertingall positionsin a gamein the brain, KnightCaponly insertsthe losing
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position and the two subsequenpositions. KnightCapinsertsno positionsif it

won the gameor drew againsia strongeropponent.Thelosing positionis defined
to belast positionin the gamefor which the evaluationwas abore zero,andthe
evaluationof the previoustwo moveswerealsoabove zero. By requiringat least
threeconsecutie movesto be abore zerowe dampout someof the noisein the
evaluationfunction. Thethreenew positionsarethenresearcheth reverseorderto

atleastdepth7 or depthonemorethanthe depthsearchedn thegame whichever
is greater(this takesaround30 seconddor a middle-gamepositionon a Pentium
Pro200MHzPC (in blitz play)). Thereasorfor storingthetwo positionsafterthe
losing positionis to guaranteehatthe nev searchon the losing positionis aware
of thelow scoreof thelaterpositions.

Onemodificationto this procedurés madein the casethatthelosingposition
occursprior to a brain positionthatwasactuallyencounteredh the game.In that
casewe regardthefinal brain positionasthelosingmove, insertits two successor
movesandresearclall 3 in reverseorder

Every time a positionis insertedin the brain, a 2-ply consisteng checkis
performed:every brainpositionis examinedto seeif its recommendechove leads
to anotherbrain position. If so, andif the secondbrain position contradictsthe
scoreof thefirst brainpositionboth positionsare marked to be researchedlf the
secondgositionis notin thebrainbut thereis amovein thatpositionthatleadsto a
brainpositionwith alower scorethanthefirst brainpositionthenagainthesecond
andfirstbrainpositionsaremarkedfor researchAll entriegequiringresearchafter
theconsisteng checkaresearchedh reverseorder A nev gameis notplayeduntil
thebrainis completely‘clean” (noinconsistenciearefound).

With this openinglearningstratgy? KnightCap(playingunderthepseudogm
“KnightC” onICC) haslearntmary of the standardpeningines(KnightCapnow
hasmorethan10000positionsin its brain). Not beingexpertsoursehes,we judge
this by the factthatwhenplayingversionsof Crafty it is nearlyalwaysin Crafty’s
book for five full movesand hasbeenobsered to be in book for 17 moveson
oneoccasion.One nice thing aboutthe openinglearningis that KnightCap“un-
derstands’why certainopeningmoves areweak becausét hasplayedthe weak
linesitself in determiningthis fact. Suchinformationis not availablein Grand-
mastergames:the “correct moves” are always there but the computerdoesnot
necessarilknown whatto doif its opponenplaysanincorrectmaove. Sometimes,
however, KnightCapwill lose a large numberof gamesbeforeeventuallyruling
outa particularweakline of play.

Note thatwe have not run book learningand evaluationfunction learningsi-

8Thisis not strictly an openinglearningstratey asbrain positionscancomefrom ary phaseof
thegame.

22



multaneously The difficulty with applyingboth simultaneuoslys thataslearning
proceed®lderbook entriesneedto be periodicallyresearchethecausehey were
originally searchedvith an obsoleteevaluationfunction. This rquireseven more
time to be devotedto the managementf the brain. An exampleof KnightCaps
play with alarge brainlearntthroughon-lineplay on ICS is shavn in Figure6.

6 Conclusionand Future Work

We haveintroducedTDLeaf()), avariantof TD()) for tuningtheparametersf an
evaluationfunctionto be usedin minimaxsearch.The only extra requiremenpf
thealgorithmis thattheleaf nodeof eachprincipalvariation(the principal leaf) is
storedthroughoutagame.

TDLeaf(\) wasincorporatednto our chesgprogram‘KnightCap”, whichthen
learntfrom a B-gradeplayerto Masterlevel in 308 gamesand 3 daysof on-line
play onthe FICS InternetChessSener. In this experimentKnightCapstartedout
with widely usedmaterialparametesettings,all other parametersvere setto 0.
Thefinal performancef thelearntparametersvascomparabléo theperformance
of asetof hand-craftegharametersAlso worthy of noteis thatwhenlearningwas
seededvith thehand-craftegharameterKnightCaps ratingimprovedafurther50
to 100 points(this time playingon ICC), althoughthe variancein theseestimates
is quite high. Hencethetake homemessagérom our experimentswith KnightCap
would be: incorporateasmuchknowledgeaspossiblein theinitial parameteset-
tings,andthenlet learningproceedrom there.A versionof KnightCap‘KnightC”
having learntin this way is presentlyrunningon ICC on PPro200 hardwareand
hasa blitz rating of 2400-250Qthe top ratingis about3000). This versionis also
using our openingbook learningalgorithm, a variation on Crafty’s “permanent
brain” idea.

It appearghat learningvia on-line rather than self-play was important for
KnightCaps success.In particulay the knovledge of the opponentis conveyed
in the positionsplayedduring the game: if the opponentopensup files next to
KnightCaps king andthencheckmate&nightCapi,it tells KnightCapthathaving
openfiles next to its king is a badidea. Suchinformationis unlikely to be discor-
eredthroughself-play

One weaknesf the resultspresentechereis that we have only testedthe
TDLeaf(\) algorithm on one evaluationfunction. It would be goodto seeour
resultsrepeatedor otherevaluationfunctionsin differentprogramsanda more
systematistudyof theinfluenceof the parameten andthelearningratea onthe
learningperformance.

Anotherareafor furtherwork is theautomatidnductionof featuressinceit is
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the lack of tacticalability (andhencereliable featuresfor predictingtactics)that
haspreventedKnightCapfrom improving even further We did obsere that as
KnightCaps evaluationfunctionimprovedit wasableto searctdeepein thesame
lengthof time. An evenmoreradicalavenuefor furtherwork is to learnto search
selectvely. The potentialgainsfrom reliable selectve searcharelikely to be far
greaterthanimprovementsn evaluationfunctiontechnology
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