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Abstract

In this paperwe presentTDLeaf(� ), a variationon theTD( � ) algorithmthat
enablesit to be usedin conjunctionwith minimax search.We presentsomeex-
perimentsin which our chessprogram,“KnightCap,” usedTDLeaf(� ) to learn
its evaluationfunction while playing on the FreeIneternetChessServer (FICS,
fics.onenet.net). It improved from a 1650rating to a 2100rating in just
308gamesand3 daysof play. Wediscusssomeof thereasonsfor thissuccessand
alsotherelationshipbetweenour resultsandTesauro’sresultsin backgammon.

1 Intr oduction

TemporalDif ferencelearningor TD( � ), first introducedby Sutton[9], is an elegant
algorithmfor approximatingthe expectedlong term future cost (or cost-to-go) of a
stochasticdynamicalsystemas a function of the currentstate. The mappingfrom
statesto futurecostis implementedby a parameterizedfunctionapproximatorsuchas
a neuralnetwork. The parametersareupdatedonline after eachstatetransistion,or
possiblyin batchupdatesafterseveralstatetransitions.Thegoalof thealgorithmis to
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improve thecostestimatesasthenumberof observedstatetransitionsandassociated
costsincreases.

Perhapsthemostremarkablesuccessof TD( � ) is Tesauro’s TD-Gammon,a neural
networkbackgammonplayerthatwastrainedfrom scratchusingTD( � ) andsimulated
self-play. TD-Gammonis competitivewith thebesthumanbackgammonplayers[11].
In TD-Gammonthe neuralnetworkplayeda dual role, both asa predictorof the ex-
pectedcost-to-goof thepositionandasa meansto selectmoves. In any positionthe
next move waschosengreedilyby evaluatingall positionsreachablefrom thecurrent
state,andthenselectingthemove leadingto thepositionwith smallestexpectedcost.
Theparametersof theneuralnetworkwereupdatedaccordingto theTD( � ) algorithm
aftereachgame.

Althoughtheresultswith backgammonarequitestriking, thereis lingeringdisap-
pointmentthat despiteseveral attempts,they have not beenrepeatedfor otherboard
gamessuchasothello,Goandchess[12, 15, 8].

Many authorshave discussedthe peculiaritiesof backgammonthat makeit par-
ticularly suitablefor TemporalDif ferencelearningwith self-play[10, 8, 7]. Principle
amongthesearespeedof play: TD-Gammonlearntfrom several hunderedthousand
gamesof self-play, representationsmoothness: theevaluationof a backgammonposi-
tion is a reasonablysmoothfunctionof theposition(viewed,say, asa vectorof piece
counts),makingit easierto find a goodneuralnetworkapproximation,andstochastic-
ity: backgammonis a randomgamewhich forcesat leasta minimal amountof explo-
rationof searchspace.

As TD-Gammonin its original form only searchedone-ply ahead,we feel this
list shouldbeappendedwith: shallowsearch is goodenoughagainsthumans. There
aretwo possiblereasonsfor this; eitheronedoesnot gain a lot by searchingdeeper
in backgammon(questionablegiven that recentversionsof TD-Gammonsearchto
three-plyand this significantly improves their performance),or humansare simply
incapableof searchingdeeplyand so TD-Gammonis only competingin a pool of
shallow searchers.Although we know of no psychologicalstudiesinvestigatingthe
depthto which humanssearchin backgammon,it is plausiblethat thecombinationof
high branchingfactor andrandommove generationmakesit quite difficult to search
more than one or two-ply ahead(high branchingfactor alonecannotbe the reason
becausehumanssearchvery deeplyin Go, a gamewith a similar branchingfactor to
backgammon).

In contrast,finding a representationfor chess,othelloor Go which allows a small
neuralnetworkto ordermovesat one-plywith nearhumanperformanceis a far more
difficult task. It seemsthat for thesegames,reliabletacticalevaluationis difficult to
achieve without deeplookahead.As deeplookaheadinvariablyinvolvessomekind of
minimaxsearch,which in turn requiresanexponentialincreasein thenumberof posi-
tionsevaluatedasthesearchdepthincreases,thecomputationalcostof theevaluation
functionhasto below, ruling outtheuseof neuralnetworks.Consequentlymostchess
andothelloprogramsuselinearevaluationfunctions(thebranchingfactorin Gomakes
minimaxsearchto any significantdepthnearlyinfeasible).

In this paperwe introduceTDLeaf(� ), a variationon theTD ����� themethatcanbe
usedto learnan evaluationfunction for usein deepminimax search. TDLeaf(� ) is
identicalto TD( � ) except that insteadof operatingon thepositionsthatoccurduring

2



thegame,it operateson theleaf nodesof theprincipal variationof a minimaxsearch
from eachposition.

To testtheeffectivenessof TDLeaf(� ), we incorporatedit into our own chesspro-
gram— KnightCap.KnightCaphasa particularlyrich boardrepresentationenabling
relatively fast computationof sophisticatedpositionalfeatures. We trainedKnight-
Cap’s linear evaluationfunction usingTDLeaf(� ) by playing it on the FreeInternet
ChessServer (FICS, fics.onenet.net) and on the InternetChessClub (ICC,
chessclub.com). Internetplaywasusedto avoid theprematureconvergencediffi-
cultiesassociatedself-play1.Themainsuccessstorywe reportis thatstartingfrom an
evaluationfunction in which all coefficientsweresetto zeroexceptthe valuesof the
pieces,KnightCapwent from a 1650-ratedplayerto a 2100-ratedplayerin just three
daysand308games.KnightCapis anongoingprojectwith new featuresbeingadded
to its evaluationfunctioncontinually. We useTDLeaf(� ) andInternetplay to tunethe
coefficientsof thesefeatures

As thispaperwasgoingto presswediscovered[1] in whichthesameideawasused
to tunethematerialvaluesin a chessprogramthatonly operatedwith materialvalues.
Thelearntvaluescameout very closeto the“traditional” chessvaluesof 1:3:3;5:9for
pawn,knight,bishop,rook,queen,but werelearntby self-playratherthanon-lineplay.
With KnightCap,we found self-play to be worsethan on-line learning(seesection
4), but KnightCap’sperformancewasbeingmeasuredagainsttheon-lineplayers,not
againsta fixedprogramasin [1].

Theremainderof this paperis organisedasfollows. In section2 we describethe
TD( � ) algorithm as it appliesto games. The TDLeaf(� ) algorithm is describedin
section3. Somedetailsof Knightcaparegivenin section4.1.Experimentalresultsfor
Internet-playwith chessaregiven in sections4. Section5 containssomediscussion
andconcludingremarks.

2 The TD( 	�
 algorithm applied to games

In this sectionwe describetheTD( � ) algorithmasit appliesto playingboardgames.
We discussthealgorithmfrom thepointof view of anagentplayingthegame.

Let � denotethesetof all possibleboardpositionsin thegame.Playproceedsin
a seriesof movesat discretetime steps
���������������� . At time 
 the agentfinds itself
in someposition ������� , andhasavailablea setof moves,or actions  "!$# (the legal
moves in position ��� ). The agentchoosesanaction %&�' (!)# andmakesa transition
to state ���+*-, with probability .-�+���/������*-,��/%0� . Here ���+*-, is the positionof the board
aftertheagent’s move andtheopponent’sresponse.Whenthegameis over, theagent
receivesa scalarreward,typically “1” for a win, “0” for adraw and“-1” for a loss.

For easeof notationwewill assumeall gameshave a fixedlengthof 1 (this is not
essential).Let 20�+��34� denotetherewardreceivedat theendof thegame.If weassume
that theagentchoosesits actionsaccordingto somefunction %5����� of thecurrentstate

1Randomizingmovechoiceis anotherwayof avoidingproblemsassociatedwith self-play(thisapproach
hasbeentried in Go [8]), but the advantageof the Internetis that more information is providedby the
opponentsplay.
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� (sothat %5�+�5�6�7 (! ), theexpectedrewardfrom eachstate�8�9� is givenby:<; �+�5�>=?�A@ !)BDC ! 20����3��E� (1)

wheretheexpectationis with respectto thetransitionprobabilities.-�+���E�/���+*-,E�/%5�����F�G�
and possiblyalso with respectto the actions %5�+���F� if the agentchossesits actions
stochastically.

For vary largestatespaces� it is not possiblestorethe valueof
: ; ����� for every�7�H� , soinsteadwemighttry to approximate

: ;
usingaparameterizedfunctionclassI: =��'JLKNM(OPK , for examplelinearfunction,splines,neuralnetworks,etc.

I: �RQS��T(� is
assumedto bea differentiablefunctionof its parametersTA�U��T , ����������T M � . Theaim
is to find a parametervector TV�WK�M thatminimizessomemeasureof errorbetween
theapproximation

I: �GQX��T(� and
: ; �RQ?� . TheTD( � ) algorithm,whichwedescribenow, is

designedto doexactly that.
Suppose�Y,)�������/��� 3(Z ,��/� 3 is asequenceof statesin onegame.For agivenparam-

etervector T , definethe temporal differenceassociatedwith thetransition���>O[���+*-,
by \ � =?� I: ��� �+*-, �/T"�-] I: ��� � �/T"�E� (2)

Note that

\ � measuresthedifferencebetweentherewardpredictedby
I: �RQS��T(� at time
_^`� , andtherewardpredictedby

I: �RQS��T(� at time 
 . The trueevaluationfunction
: ;

hastheproperty @ ! #Xa0b C ! #5c : ; �����+*-,��D] : ; �+���G��de�Af��
so if

I: �GQX��T(� is a goodapproximationto
: ;

, @ !$#Xa0bRC !$# \ � shouldbecloseto zero. It is
this observationthatmotivatestheTD( � ) algorithm.

For easeof notationwe will assumethat
I: �+� 3 ��T(�g�h20��� 3 � always,so that the

final temporaldifferencesatisfies\ 3(Z ,>� I: �+� 3 ��T(�-] I: �+� 3(Z ,$��T(�D�A20�+� 3 �D] I: �+� 3(Z ,$��T(�i�
Thatis,

\ 3"Z , is thedifferencebetweenthetrueoutcomeof thegameandtheprediction
at thepenultimatemove.

At the endof the game,the TD( � ) algorithmupdatestheparametervector T ac-
cordingto theformula

TA=?��T&^'j 3"Z ,k ��l-,nm I: �������/T"�
op 3(Z ,k q l5� �

q Z � \ ��rs (3)

where m I: �GQX��T(� is thevectorof partialderivativesof
I:

with respectto its parameters.
Thepositiveparameterj controlsthelearningrateandwould typically be“annealed”
towardszeroduring the courseof a long seriesof games.The parameter� controls
the extent to which temporaldifferencespropagatebackwardsin time. To seethis,
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compareequation(3) for �L�tf :
Tu= �"T&^'j 3"Z ,k ��l-, m I: �������/T"�

\ �
�vT&^'j 3"Z ,k ��l-, m I: �������/T"�xw I: ������*-,$��T(�-] I: �����E��T(�zy (4)

and �L�{� :
TA= �AT&^Wj 3"Z ,k �+l-,(m I: �+� � ��T(� w 20�+��34�-] I: �+� � ��T(� y � (5)

Considereachtermcontributing to the sumsin equations(4) and(5). For �&�Uf the
parametervectoris beingadjustedin sucha way asto move

I: ��� � ��T(� —thepredicted
rewardattime 
 —closerto

I: �+� �+*-, ��T(� —thepredictedrewardattime 
�^H� . In contrast,
TD(1) adjuststheparametervectorin sucha way asto move the predictedrewardat
time step
 closerto thefinal rewardat timestep1 . Valuesof � betweenzeroandone
interpolatebetweenthesetwo behaviours.

Successive parameterupdatesaccordingto theTD( � ) algorithmshould,over time,
leadto improvedpredictionsof theexpectedreward

I: �GQX�/T"� . Providedtheactions%5�+���|�
areindependentof theparametervector T , it canbeshown that for linear

I: �GQX�/T"� , the
TD( � ) algorithmconvergesto a near-optimal parametervector [14]. Unfortunately,
thereis no suchguaranteeif

I: �GQX�/T"� is non-linear[14], or if %5�+���|� dependson T [2].
However, despitethe lack of theoreticalguaranteestherehave beenmany successful
applicationsof theTD( � ) algorithm[3].

3 Minimax Search and TD( 	 )

For mostgames,any action % takenin state� will leadto predeterminedstatewhich
we will denoteby ��}~ . Onceanapproximation

I: �RQX�/T"� to
: ;

hasbeenfound,we can
useit to chooseactionsin state� by picking theaction %9�H (! whosesuccessorstate� } ~ minimizestheopponent’sexpectedreward2:% ; �+�5�x=?� argmin~��)�Y� I: �+� } ~0�/T"�E� (6)

This wasthestrategy usedin TD-Gammon.Unfortunately, for gameslike othello
andchessit is verydifficult to accuratelyevaluateapositionby lookingonly onemove
or ply ahead.Most programsfor thesegamesemploysomeform of minimaxsearch.
In minimaxsearch,onebuildsa treefrom position � by examiningall possiblemoves
for the computerin that position,thenall possiblemovesfor the opponent,andthen
all possiblemovesfor the computerandso on to somepredetermineddepth

\
. The

leaf nodesof thetreearethenevaluatedusinga heuristicevaluationfunction(suchas

2If successorstatesareonly determinedstochasticallyby the choiceof � , we would choosethe action
minimizing theexpectedrewardoverthechoiceof successorstates.
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Figure1: Full breadth,3-ply searchtree illustrating the minimax rule for propagat-
ing values.Eachof the leaf nodes(H–O) is givena scoreby the evaluationfunction,I: �GQX�/T"� . Thesescoresarethenpropagatedbackup thetreeby assigningto eachoppo-
nent’s internalnodetheminimumof its children’s values,andto eachof our internal
nodesthe maximumof its children’s values. The principle variationis thenthe se-
quenceof bestmovesfor eithersidestartingfrom theroot node,andthis is illustrated
by adashedline in thefigure.Notethatthescoreat therootnodeA is theevaluationof
the leaf node(L) of theprincipalvariation.As thereareno tiesbetweenany siblings,
thederivativeof A’sscorewith respectto theparametersT is just m I: �+�x��T(� .I: �GQX�/T"� ), andtheresultingscoresarepropagatedbackup thetreeby choosingat each
stagethemove which leadsto thebestpositionfor theplayeron themove. Seefigure
1 for anexamplegametreeandits minimaxevaluation.With referenceto thefigure,
notethat theevaluationassignedto theroot nodeis theevaluationof the leaf nodeof
theprincipal variation; thesequenceof movestakenfrom theroot to the leaf if each
sidechoosesthebestavailablemove.

In practicemany engineeringtricks areusedto improve the performanceof the
minimaxalgorithm, j-� beingthemostfamous.

Let
I:�� �+�-�/T"� denotetheevaluationobtainedfor state� by applying

I: �GQX��T(� to the
leaf nodesof a depth

\
minimaxsearchfrom � . Our aim is to find a parametervectorT suchthat

I:�� �GQX��T(� is a goodapproximationto theexpectedreward
: ;

. Oneway to
achieve this is to applytheTD( � ) algorithmto

I:0� ���<��T(� . Thatis, for eachsequenceof
positions��,����������/� 3 in agamewedefinethetemporaldifferences\ � =?� I: � �+� �+*-, ��T(�-] I: � �+� � ��T(� (7)

asperequation(2), andthentheTD( � ) algorithmfor updatingtheparametervector T
becomes

Tu= ��T&^Wj 3(Z ,k �+l-, m I:�� �+�����/T"�
op 3(Z ,k q l5� �

q Z � \ � rs � (8)

Oneproblemwith equation(8) is thatfor

\�� � , I: � �+�-��T(� is nota necessarilya differ-
entiablefunctionof T for all valuesof T , evenif

I: �RQX�/T"� is everywheredifferentiable.
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Figure2: A searchtreewith a non-uniqueprincipal variation(PV). In this casethe
derivativeof therootnodeA with respectto theparametersof theleaf-nodeevaluation
functionis multi-valued,either m I: �+���/T"� or m I: ���x��T(� . Exceptfor transpositions(in
whichcaseH andL areidenticalandthederivativeis single-valuedanyway),such“col-
lisions” arelikely to beextremelyrare,soin TDLeaf(� ) weignorethemby choosinga
leaf nodearbitrarily from theavailablecandidates.

This is becausefor somevaluesof T therewill be “ties” in the minimax search,i.e.
therewill bemorethanonebestmoveavailablein someof thepositionsalongtheprin-
cipal variation,whichmeansthattheprincipalvariationwill not beunique(seefigure
2). Thus,theevaluationassignedto theroot node,

I: � �+�-��T(� , will betheevaluationof
any oneof a numberof leaf nodes.

Fortunately, undersomemild technicalassumptionson thebehaviour of
I: �+�-�/T"� ,

it canbe shown that for eachstate � , the setof T��AKNM for which
I: � �+�-�/T"� is not

differentiablehasLebesguemeasurezero. Thusfor all states� andfor “almost all”T���KNM , I:0� ���<��T(� is a differentiablefunction of T . Note that
I:�� ���<��T(� is also a

continuousfunctionof T whenever
I: ���<��T(� is acontinuousfunctionof T . Thisimplies

thateven for the“bad” pairs ���<��T(� , m I:�� ���<��T(� is only undefinedbecauseit is multi-
valued. Thus we can still arbitrarily choosea particularvalue for m I:�� �+�-��T(� if T
happensto landononeof thebadpoints.

Basedon theseobservationswe modified the TD( � ) algorithm to take account
of minimax searchin the following way: insteadof working with the root positions� , ���������/��3 , the TD( � ) algorithmis appliedto the leaf positionsfound by minimax
searchfrom the root positions. We call this algorithmTDLeaf(� ). Full detailsare
givenin figure3.

4 Experimentswith Chess

In thissectionwedescribetheoutcomeof severalexperimentsin whichtheTDLeaf(� )
algorithmwasusedto train the weightsof a linear evaluationfunction in our chess
program“KnightCap”.
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Let
I: �GQX�/T"� be a class of evaluation functions parameterizedby T���KNM . Let� , ������������3 be 1 positionsthat occurredduring the courseof a game,with 20����3v�

theoutcomeof thegame.For notationalconvenienceset
I: ����3��/T"�>=?�A20�+��34� .

1. For eachstate��� , compute
I:�� �����R�/T"� by performingminimaxsearchto depth

\
from ��� andusing

I: �GQX�/T"� to scorethe leaf nodes.Note that

\
may vary from

positionto position.

2. Let ���� denotethe leaf nodeof the principle variationstartingat � � . If thereis
morethanoneprincipalvariation,choosea leaf nodefrom theavailablecandi-
datesat random.Notethat I:�� �+���G��T(�D� I: ��� �� ��T(�E� (9)

3. For 
���������������1�]�� , computethetemporaldifferences:\ �6=?� I: �+� ��+*-, ��T(�-] I: �+� �� ��T(�i� (10)

4. UpdateT accordingto theTDLeaf(� ) formula:

TA=?�tT&^�j 3"Z ,k ��l-, m I: ��� �� ��T(�
op 3"Z ,kq l5� �

q Z � \ � rs � (11)

Figure3: TheTDLeaf(� ) algorithm
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4.1 KnightCap

KnightCapis a reasonablysophisticatedcomputerchessprogramfor Unix systems.
It hasall the standardalgorithmicfeaturesthat modernchessprogramstendto have
as well as a numberof featuresthat aremuch lesscommon. This sectionis meant
to give the readeran overview of the type of algorithmsthat have beenchosenfor
KnightCap. Spacelimitations prevent a full explanationof all of the describedfea-
tures, an interestedreadershouldbe able find explanationsin the widely available
computerchessliterature(seefor example[5] and [4]) or by examining the source
code:http://wwwsyseng.anu.edu.au/lsg.

4.1.1 Board representation

This is whereKnightCapdiffersmostfrom otherchessprograms.Theprincipalboard
representationusedin KnightCapis thetopiecesarray. This is anarrayof 32bit words
with onewordfor eachsquareontheboard.Eachbit in awordrepresentsoneof the32
piecesin thestartingchessposition(8 pieces+ 8 pawnsfor eachside).Bit � onsquare�

is setif piece� is attackingsquare
�
.

Thetopiecesarrayhasprovedto bea very powerful representationandallows the
easydescriptionof many evaluationfeatureswhicharemoredifficult or toocostlywith
otherrepresentations.Thearrayis updateddynamicallyaftereachmove in sucha way
that for thevastmajority of movesonly a smallproportionof the topiecesarrayneed
bedirectlyexaminedandupdated.

A simpleexampleof how the topiecesarrayis usedin KnightCapis determining
whethertheking is in check.Whereasanin check()functionis oftenquiteexpensive
in chessprograms,in KnightCapit involves just one logical AND operationin the
topiecesarray. In a similar fashiontheevaluationfunctioncanfind commonfeatures
suchasconnectedrooksusingjust oneor two instructions.

Thetopiecesarrayis alsousedto drive themove generatorandobviatestheneed
for a standardmove generationfunction.

4.1.2 Search algorithm

Thebasisof thesearchalgorithmusedin KnightCapis MTD(f) [6]. MTD(f) is alogical
extensionof the minimal-window alpha-betasearchthat formalisesthe placementof
the minimal searchwindow to producewhat is in effect a bisectionsearchover the
evaluationspace.

The variationof MTD(f) that KnightCapusesincludessomeconvergenceaccel-
erationheuristicsthat prevent the very slow convergencethat cansometimesplague
MTD(f) implementations.Theseheuristicsaresimilar in conceptto the momentum
termscommonlyusedin neuralnetworktraining.

TheMTD(f) searchalgorithmisappliedwithin astandarditerativedeepeningframe-
work. Thesearchbeginswith thedepthobtainedfrom the transpositiontablefor the
initial searchpositionandcontinuesuntil a time limit is reachedin thesearch.Search
orderingat therootnodeensuresthatpartialply searchresultsobtainedwhenthetimer
expirescanbeusedquitesafely.
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4.1.3 Null moves

KnightCapusesa recursive null move forwardpruningtechnique.Whereasmostnull
move usingchessprogramsuseafixed � value(thenumberof additionalplysto prune
whentrying a null move) KnightCapinsteadusesavariable � valuein anasymmetric
fashion.Theinitial � valueis 3 andthealgorithmthenteststheresultof thenull move
search.If it is the computerssideof the searchandthe null move indicatesthat the
position is “good” for the computerthenthe � value is decreasedto 2 and the null
move is retried.

Theeffect of this null move systemis thatmostof thespeedof a �t�`� systemis
obtained,while makingno morenull move defensive errorsthanan �`��� system.It
is essentiallya pessimisticsystem.

4.1.4 Search extensions

KnightCapusesa large numberof searchextensionsto ensurethat critical lines are
searchedto sufficientdepth.Extensionsareindicatedthroughacombinationof factors
includingcheck,null-movematethreats,pawn movesto thelast two ranksandrecap-
ture extensions.In additionKnightCapusesa singleply razoringsystemwith a 0.9
pawn razoringthreshold.

4.1.5 Asymmetries

Therearequite a numberof asymmetricsearchandevaluationtermsin KnightCap,
with a leaningtowardspessimistic(ie. careful)play. Apart from theasymmetricnull
move andsearchextensionssystemsmentionedabove, KnightCapalsousesanasym-
metricsystemto decidewhatmovesto try in thequiescesearchandseveralasymmetric
evaluationtermsin theevaluationfunction(suchasking safetyandtrappedpiecefac-
tors).

Whencombinedwith theTDleaf()algorithmKnightCapis ableto learnappropriate
valuesfor theasymmetricevaluationterms.

4.1.6 TranspositionTables

KnightCapusesa standardtwo-deeptranspositiontablewith a 128 bit transposition
tableentry. Eachentryholdsseparatedepthandevaluationinformationfor the lower
andupperbound.

TheETTC (enhancedtranspositiontablecutoff) techniqueis usedboth for move
orderingandto reducethe treesize. The transpositiontable is alsousedto feedthe
booklearningsystemandto initialise thedepthfor iterativedeepening.

4.1.7 Move ordering

The move orderingsystemin KnightCapusesa combinationof the commonlyused
history, killer, refutationandtranspositiontableorderingtechniques.With a relatively
expensiveevaluationfunctionKnightCapcanafford to spendaconsiderableamountof
CPUtime onmove orderingheuristicsin orderto reducethetreesize.
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4.1.8 Parallel search

KnightCaphasbeenwritten to takeadvantageof paralleldistributedmemorymulti-
computers,using a parallelismstrategy that is derived naturally from the MTD(f)
searchalgorithm. Somedetailson the methodologyusedandparallelismresultsob-
tainedareavailablein [13]. Theresultsgivenin thispaperwereobtainedusingasingle
CPUmachine.

4.1.9 Evaluation function

The heartof any chessprogramis its evaluationfunction. KnightCapusesa quite
slow evaluationfunction that evaluatesa numberof quite computationallyexpensive
features.

Themostcomputationallyexpensive partof the evaluationfunction is the “board
control”. This function evaluatesa control function for eachsquareon the boardto
try to determinewhocontrolsthesquare.Controlof a squareis essentiallydefinedby
determiningwhethera playercanusethesquareasa flight squarefor a piece,or if a
playercontrolsthesquarewith apawn.

Despitethe fact that the boardcontrol function is evaluatedincrementally, with
the control of squaresonly beingupdatedwhena move affectsthe square,the func-
tion typically takesaround30%of thetotal CPUtime of theprogram.This high cost
is consideredworthwhile becauseof the flow-on effects that this calculationhason
otheraspectsof the evaluationandsearch.Theseflow-on effectsincludethe ability
of KnightCapto evaluatereasonablyaccuratelythepresenceof hung,trappedandim-
mobile pieceswhich is normallya severeweaknessin computerplay. We have also
notedthat the moreaccurateevaluationfunction tendsto reducethe searchtreesize
thusmakingup for thedecreasednodecount.

4.1.10 Modification for TDLeaf

Themodificationsmadeto KnightCapfor TDLeafaffecteda numberof theprogram’s
subsystems.Thelargestmodificationsinvolvedtheparameterisationof theevaluation
functionsothatall evaluationcoefficientsbecamepartof a singlelong weightvector.
All evaluationknowledgecouldthenbedescribedin termsof thevaluesin this vector.

Thenext majormodificationwastheadditionof the full boardpositionin all data
structuresfrom whichanevaluationvaluecouldbeobtained.This involvedthesubsti-
tution of a structurefor theusualscalarevaluationtype,with theevaluationfunction
filling in the evaluatedpositionandother boardstateinformationduring eacheval-
uationcall. Similar additionsweremadeto the transpositiontableentriesandbook
learningdatasothat theresultof a searchwould alwayshave availableto it theposi-
tion associatedwith theleafnodein theprincipalvariation.

Theonly othersignificantmodificationthatwasrequiredwasanincreasein thebit
resolutionof the evaluationtype so that a numericalpartial derivative of the evalua-
tion function with respectto the evaluationcoefficient vectorcouldbe obtainedwith
reasonableaccuracy.
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4.2 Experimentswith KnightCap

In our main experimentwe took KnightCap’s evaluationfunction andsetall but the
materialparametersto zero. Thematerialparameterswereinitialised 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(underthepseodonym “Wimp-
Knight”) wassetplayingontheFreeInternetChessserver(FICS,fics.onenet.net)
againstbothhumanandcomputeropponents.WeplayedKnightCapfor 25gameswith-
out modifying its evaluationfunctionsoasto geta reasonableideaof its rating. After
25 gamesit hada blitz (fast time control) ratingof ������f(�A��f , which put it at about
C-level humanperformance(thestandarddeviation for all ratingsreportedin this sec-
tion is about50). Figure4 givesanexampleof thekind of gameit playsagainstitself
with just a materialevaluationfunction. We thenturnedon the TDLeaf(� ) learning
algorithm,with ����f��?� andthe learningrate jA�����?f . The valueof � waschosen
heuristically, basedon thetypical delayin movesbeforeanerrortakeseffect,while j
wassethighenoughto ensurerapidmodificationof theparameters.A coupleof minor
changesto thealgorithmweremade:  The raw (linear) leaf nodeevaluations

I: �+���� ��T(� wereconvertedto a scorebe-
tween ]�� and � by computing¡ �� =?�'¢�£)¤�¥HwX� I: ��� �� �/T"�Fy6�
This ensuredsmallfluctuationsin the relative valuesof leaf nodesdid not pro-
ducelarge temporaldifferences.The outcomeof thegame 20����3v� wassetto 1
for a win, ]�� for a lossand f for a draw. � wasset to ensurethat a valueof¢�£)¤�¥ w � I: ��� �� �/T"� y ��f��?��� wasequivalentto a materialsuperiorityof 1 pawn.  Thetemporaldifferences,

\ �>� ¡ ��+*-, ] ¡ �� , weremodifiedin thefollowing way.
Negativevaluesof

\ � wereleft unchangedasany decreasein theevaluationfrom
onepositionto thenext canbeviewedasmistake.However, positivevaluesof

\ �
canoccursimplybecausetheopponenthasmadeablunder. To avoid KnightCap
trying to learn to predict its opponent’s blunders,we setall positive temporal
differencesto zerounlessKnightCappredictedtheopponent’smove.  Thevalueof a pawn waskeptfixedat its initial valuesoasto allow easyinter-
pretationof weightvaluesasmultiplesof thepawn value.

Within 300 gamesKnightCap’s rating hadrisen ����f�f , an increaseof ¦���f points in
threedays.At thispointKnightCap’sperformancebeganto plateau,primarily because
it doesnot have an openingbook and so will repeatedlyplay into weak lines. We
have since implementedan openingbook learningalgorithmand with this Knight-
Cap now plays at a rating of 2500 on the other major internetchessserver (ICC,
chessclub.com). It regularly beatsInternationalMastersat blitz, andhasa sim-
ilar performanceto Crafty (thebestpublic domainprogram)at longertimecontrols.

We repeatedthe experimentusingTD( � ) appliedto the root nodesof the search
(i.e. theactualpositionsasthey occurredin thegame),ratherthantheleafnodesof the
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principalvariation,andobserveda 200point ratingriseover 300games.A significant
improvement,but muchslower thanTDLeaf(� ) anda lowerpeak.

Thereappearto beanumberof reasonsfor theremarkablerateatwhichKnightCap
improved.

1. As all thenon-materialweightswereinitially zero,evensmallchangesin these
weightscould causevery large changesin the relative orderingof materially
equalpositions. Henceeven after a few gamesKnightCapwasplaying a sub-
stantiallybettergameof chess.

2. It seemsto beimportantthatKnightCapstartedout life with intelligentmaterial
parameters.This put it closein parameterspaceto many far superiorparameter
settings.

3. MostplayersonFICSprefertoplayopponentsof similarstrength,andsoKnight-
Cap’s opponentsimproved as it did. This may have hadthe effect of guiding
KnightCapalonga pathin weightspacethatled to a strongsetof weights.

4. KnightCapwasnot “thrown in thedeepend” againstmuchstrongeropponents,
henceit receievd bothpositiveandnegative feedbackfrom its games.

5. KnightCapwasnot learningby self-play.

To furtherinvestigatetheimportanceof someof thesereasons,we conductedsev-
eralmoreexperiments.

Goodinitial conditions.
A secondexperimentwasrun in whichKnightCap’scoefficientswereall initialisedto
thevalueof a pawn. Thevalueof a pawn needsto bepositive in KnightCapbecause
it is usedin many otherplacesin thecode:for examplewe deemtheMTD searchto
have convergedif j�§t�¨^'f�� f��0© PAWN. Thus,to setall parametersequalto thesame
value,thatvaluehadto bea pawn.

Playingwith theinitial weightsettingsKnightCaphadablitz ratingof around1250.
After morethan1000gamesonFICSKnightCap’sratinghasimprovedto about1550,
a300pointgain.This is amuchslowerimprovementthantheoriginalexperiment.We
donotknow whetherthecoefficientswouldhave eventuallyconvergedto goodvalues,
but it is clearfrom this experimentthat startingnearto a goodsetof weightsis im-
portantfor fastconvergence.An interestingavenuefor furtherexplorationhereis the
effect of � on the learningrate. Becausethe initial evaluationfunction is completely
wrong,therewould besomejustificationin setting �H��� earlyon sothatKnightCap
only tries to predictthe outcomeof the gameandnot the evaluationsof later moves
(whichareextremelyunreliable).

Positiveandnegativefeedback
To furtherinvestigatetheimportanceof balancedfeedback,weagaininitialisedevery
parameterin KnightCap’sevaluationfunctionto thevalueof apawn, andthisweakver-
sionwasplayedagainstanotherversionwith muchstrongerparametersettings.Apart
from a few draws by repetitionin theopening,theweakversionlost every singleone
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of 2811games.Althoughtheweakversionaftertrainingwasstrongerthantheoriginal
pawn-weightversion,it wasstill averyweakplayer—for example,it wouldsacrificea
queenfor a knight andtwo pawns in mostpositions.Thereasonfor theimprovement
over thepawn-weightversionwasthat the trainedversionhadlearntincreasedmate-
rial weightandhencewould tendto hangon to its materialwhereasthepawn-weight
versionquitehappilythrew its materialaway.

Onfacevalueit seemsremarkablethatthetrainedversionlearntanything usefulat
all by losing2811games.If every gameis lost, theonly fixedpointof theTD( � ) algo-
rithm (andtheTDLeaf(� ) algorithm)is to valueeverypositionasalossfromtheoutset.
In fact this is closeto thesolutionfoundby KnightCap: its evaluationof thestarting
positionwas ](ª pawnsby theendof thesimulation(whichgivesavaluevery closeto]�� aftersquashing).It achieved this primarily by exploiting thematerialweightsand
two asymmetricpositionalfeatures:whethertherearezeroof the opponent’s pieces
attackingits own king, andwhethertherearezeroof its own piecesattackingtheop-
ponent’s king. KnightCaplearntcoefficients for thesefeaturesof ]n���?��� pawns and](���?��� pawnsrepectively, which meantthatany positionin which therewasno attack
on eitherking (like the startingposition),thesefeaturescontributed ](«��?��« pawns to
KnightCap’sevaluationfunction.Thematerialweightsincreasedbecauseits opponent
wasa strongplayerso in mostgamestheweakversionwould very soonbedown in
material,which encouragespositivematerialparametersbecausethatgivesa negative
valuefor theposition.
Self-Play
Learningby self-playwasextremelyeffectivefor TD-Gammon,but asignificantreason
for this is the randomnessof backgammonwhich ensuresthat with high probability
differentgameshave substantiallydifferentsequencesof moves. However, chessis a
deterministicgameandso self-playby a deterministicalgorithmtendsto result in a
largenumberof substantiallysimilargames.This is notaproblemif thegamesseenin
self-playare“representative” of thegamesplayedin practice,but onecanseefrom the
examplegamein figure4 thatKnightCap’sself-playgameswith onlynon-zeromaterial
weightsareverydifferentto thekind of gameshumansof thesamelevel wouldplay.

To demonstratethatlearningby self-playfor KnightCapis notaseffectiveaslearn-
ing againstreal opponents,we ran anotherexperimentin which all but the material
parameterswere initialised to zeroagain,but this time KnightCaplearntby playing
againstitself. After 600games(twiceasmany asin theoriginalFICSexperiment),we
playedtheresultingversionagainstthegoodversionthat learnton FICSfor a further
100gameswith theweightvaluesfixed.Theself-playversionscoredonly 11%against
thegoodFICSversion.

In [1] positive resultsusingessentiallyTDLeaf andself-play(with somerandom
movechoice)werereportedfor only learningthematerialweights.However, they were
not comparingperformanceagainston-line players,but wereprimarily investigating
whethertheweightswould convergeto “sensible”valuesasleastasgoodasthenaive
(1,3,3,5,9)valuesfor (pawn,knight,bishop,rook,queen)(they did). In view of these
positiveresults,andournegativeresultswith self-play, furtherinvestigationis required
to determinehow critical on-linelearningis for goodplay.
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KNIGHTCAP VS. KNIGHTCAP

1. Na3Nc6 2. Nb5 Rb83. Nc3 Ra84. Rb1d6 5. Ra1Na56. Nf3 Bd7 7. d3 Be68.
Qd2Nf6 9. a3Nc610. Qe3Nb811. Nd4Bc812. Qf3 Qd713. Nb3Nc614. Kd1 Ne5
15. Qf4 Ng6 16. Qg3c5 17. Ne4Nd5 18. Kd2 Qb519. Nc3 Nxc3 20. bxc3Qa621.
Rb1Kd8 22. Qf3 Ke823. Kd1 Qc624. Ke1Be625. Kd2 Kd7 26. Na1b6 27. Ke1
Kc7 28. Rb2Ne529. Qxc6+Kxc6 30. Be3Kd5 31. Kd1 Nd732. Rb1Kc6 33. c4 d5
34. cxd5+Bxd5 35. Bf4 Rd836. Rb2Nf6 37. Nb3Be638. Ke1Kd5 39. a4Kc6 40.
c4 Kd7 41. Bd2 Ne842. Ra2Kc6 43. e4Kd7 44. Be2Rc845. Kd1 Kd8 46. Bf4 Nc7
47. Na1Na648. Kc1 Ke849. Be3Rb850. Kb1 Ra851. Bf1 Nb4 52. Ra3Rb853.
Nc2 Na654. Ra2Bd7 55. Bf4 Rb756. Be3Nb857. d4cxd458. Nxd4Na659. Nb5
Nb4 60. Ra1Bxb5 61. cxb5Rd762. Kc1 Kd8 63. Bd2 Rc7+64. Kd1 Nc2 65. Ra2
Nd4 66. Be3Ne667. Bd3 Kd7 68. Bc2 Kc8 69. Ra3Kd8 70. Kc1 Rd771. Rc3Nd4
72. Rd3e573. Rhd1Bc5 74. Bxd4 exd4 75. Kd2 f6 76. Rb3Rb777. Bd3 g678. g3
Kc7 79. Ke2Kd7 80. Kf3 Rbb881. Kg4 Kc7 82. f3

Figure4: Thefirst 82 movesof a gameby KnightCapagainstitself, wherebothsides
were using an evaluationfunction in which the only non-zeroparameterswere the
materialcoefficients. Sucha configurationgives KnightCapa blitz rating of about
1650 on FICS, but as can be seenfrom the gameit playsnothing like a humanof
similar rating.

5 Discussionand Conclusion

We have introducedTDLeaf(� ), a variantof TD( � ) suitablefor traininganevaluation
functionusedin minimaxsearch.Theonly extra requirementof thealgorithmis that
theleaf-nodesof theprincipalvariationsbestoredthroughoutthegame.

We presentedsomeexperimentsin which a linear chessevaluationfunction was
trainedby on-line play againsta mixture of humanand computeropponents. The
experimentsshow boththeimportanceof “on-line” sampling(asopposedto self-play),
andtheneedto startneara goodsolutionfor fastconvergence.

Wecomparedtrainingusingleafnodes(TDLeaf(� )) with trainingusingrootnodes,
andfounda significantimprovementtrainingon theleaf nodesin chess.

We arecurrentlyinvestigatinghow well TDLeaf(� ) worksfor Backgammon,with
a view to understandingthedifferencesbetweenchessandbackgammonandhow they
affect learning.

On thetheoreticalside,it hasrecentlybeenshown thatTD( � ) convergesfor linear
evaluationfunctions[14]. An interestingavenuefor further investigationwould be to
determinewhetherTDLeaf(� ) hassimilar convergenceproperties.
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