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Abstract. We describea novel parallel randomizedsearchalgorithm for two-
playergames.The algorithmis a randomizedversionof Korf andChickering’s
best-firstsearch.Randomizationbothfixesa defectin theoriginal algorithmand
introducessignificantparallelism.An experimentalevaluationdemonstratesthat
the algorithmis efficient (in termsof the numberof search-treeverticesthat it
visits) andhighly parallel.On incrementalrandomgametreesthealgorithmout-
performsAlpha-Beta,and speedsup by a factor of 18 (using 35 processors).
In comparison,Jamboree[Kuszmaul’95], speedsup by only a factorof 6. We
have alsoevaluatedthe algorithmin a Chess-playingprogramusingthe board-
evaluationcodefrom Crafty, anexistingAlpha-Beta-basedprogram.Ona single
processorour programis slower thanCrafty; with multiple processorsit outper-
formsit.

1 Intr oduction

We presenta new game-searchalgorithmthat we call RandomizedBest-FirstSearch
(RBF). It is thefirst randomizedgame-searchalgorithm.It is basedonKorf andChick-
ering’s deterministicBest-FirstSearch[5]. Randomizationfixesa defectin Best-First
andmakesit highly parallel.

RBFmaintainsthesearchtreeandassociatesbotha minimaxvalueanda probabil-
ity distribution with eachnode.The algorithmworksby repeatedlyexpandingleaves,
therebyenlarging thesearchtreeandupdatingtheminimaxvaluesof nodes.Thealgo-
rithm choosesa leaf to expandusinga randomwalk from theroot. At eachstepin the
constructionof thewalk, thealgorithmdescendsto arandomchild,wherechildrenwith
highminimaxscoresarechosenwith ahighprobability1. Therandomizednatureof the
algorithmcreatesparallelism,sincemultiple processorscanwork on multiple leaves
selectedby differentrandomwalks.The random-walk leaf selectionmethodis where
thenovelty of our algorithmlies.

DeterministicBest-FirstSearch(BF) alsoexpandsa leaf at eachstep.The leaf is
chosenby recursively descendingfrom anodeto to thechild with thehighest(lowestin
MIN nodes)minimaxscore.Expandingtheleaf updatestheminimaxvaluesalongthe
pathto theroot. Froma givennode,BF alwayschoosesthesamechild until thescore
of the child dropsbelow the scoreof anotherchild. The defectin BF is that it never
attemptsto raisethescoreof non-bestchildren.Indeed,therearesearchtreesin which
BF terminateswithoutdeterminingthebestmovefrom theroot.

1 In MAX nodes;childrenwith low minimaxscoresarechosenwith a high probability in MIN
nodes.Laterwe usethesimplernegamaxnotation.



RBF fixesthis defectby descendingto all childrenwith someprobability. This en-
ablesthescoreof thebestmoveto becomehighest,evenif thescoreof thecurrenthigh-
estchild doesnot drop.BF is really a highest-first (usingthecurrentscores),whereas
thedesiredstrategy is bestfirst (in thesenseof theminimaxscoreafterall theleavesare
terminal).Thus,theprobabilitywith whichouralgorithmchoosesachild is anestimate
of theprobabilitythatthechild is thebest.

Therestof thepaperis organizedasfollows.Section2 describestheRBFalgorithm.
Section3 summarizesour experimentsthat assessthe efficiency of RBF. Section4
showsthatRBFcaneffectively utilize many processors.Theexperimentsusetwo mod-
els, incrementalrandomgametrees[2] andChess.On randomtrees,RBF speedsup
morethanJamboreesearch(aparallelversionof Alpha-Beta).For Chess,weshow that
RBFspeedsupalmostlinearlywith asmany as processors.Thefull paperdescribes
moreexperiments,which investigatethe behavior of RBF in moredetail; they do not
invalidateany of our conclusions.Section5 presentsthesummaryof ourwork.

2 The RBF Algorithm

RBF maintainsthesearchtreein memory. Eachnodehasa score,which representsthe
valueof thegamefor thesideto move.For theleavesof thetree,RBF usesa heuristic
function that is basedonly on the staticstateof the gamethat the leaf represents.For
nodesthat have children, we usethe negamaxnotation:The scoreof a nodeis the
maximumof the negatedscoresof its children. In addition to the score,eachnode
storesa distribution function.Section2.3describeshow this distribution is derived.

RBF is aniterativealgorithm.Eachiterationstartsat theroot,andbeginsa random
walk tooneof theleaves.In eachstepthenext nodein thewalk is chosenrandomlyfrom
thechildrenof thecurrentnode.This randomdecisionusesthedistribution associated
with eachnode.Childrenwith a low (negamax)scorearemore likely to be chosen.
Section2.2describesexactlyhow therandomchoiceis done.

Whenthealgorithmreachesaleaf , thatleaf is expanded:Its childrenaregenerated
andassignedtheir heuristicvalue.Thealgorithmthenupdatesthescoreof usingthe
negamaxformula.The updatedscoreis backedup the treeto ’s parentandsoon up
to the root. We alsoupdatethe distributionsof the nodesalongthe path,asdescribed
below in Section2.3.Figure1 showsa simpleexample.

RBF runs until somestoppingcriterion is met. For example,the searchcan be
stoppedif thetreehasreacheda certainsizeor depth,if onechild of theroot emerges
clearlyasthebestmove,andsoon.

2.1 A Pruning Rule

Wechoosedeterministicallythelowestscoring(best)child of anode whenchoosing
any otherchild cannotchangethedecisionat theroot until thescoreof changes.

The algorithmis eitherexploring the subtreerootedat the lowestscoringchild
of theroot or it is exploring anothersubtreerootedat . In thefirst case,thedecision
at theroot changesonly if thealgorithmraisesthescoreof ; in thesecondcase,only
if it lowers the scoreof . We can raisethe scoreof a nodeby lowering the score
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Fig.1. An example that shows how RBF works. In iteration , the root is expanded,and its
childrenare assignedtheir heuristicvalues.The scoreof the root is updatedaccordingto the
negamaxrule. In iteration the algorithm needsto make its randomchoicebetweenB or C.
NodeB hasa lower score,andis thereforemorelikely to bechosen.Iteration shows thatRBF
cancheckchildrenotherthanthelowestscoringchild. In iteration RBF choosesthebestchild
twice:first it choosesB andthenit choosesto expandE.

of any of its childrenbelow that of the lowest scoringchild. On the otherhand,we
can lower the scoreof a nodeonly by raising the scoreof its lowestscoring child.
Therefore,at any node the algorithm knows whetherit must lower the scoreof
(choosedeterministically)or raiseit (chooserandomly)to changethe decisionat the
root.

2.2 Child Selection

Themotivationof Best-First(andRBF) is to examinethebestmovewhenanalyzinga
variation.In aminimaxgame,thequalityof apositionfor aplayeris determinedby the
bestmove the opponentcanmake from that position.Othermoveshave no effect on
thequality of theposition.Therefore,to determinethequality of a position,it suffices
to explorethebestmovefrom it. Theproblem,of course,is thatwedonotknow which
move is best.Both Best-FirstandRBF usepartial informationaboutthegameto guess
which moveis thebest.

Best-Firstsimply usesthe currentnegamaxscoresto guesswhich move is best.
RBF usesa moresophisticatedstrategy. We definethe real score of a nodeto be the
negamaxscoreof the nodewhenwe searchto depth .2 The idea is that this value
representstheoutcomeof adeepexhaustivesearchandshouldthereforeenableRBFto
make excellentdecisions.But RBF doesnot know therealscore;it tries to estimateit
probabilistically.

RBF treatsthe real scoreof a nodeasa randomvariable.RBF usesinformation
aboutthecurrenttreeto estimatethedistributionof this randomvariable(seeSect.2.3).
WhenRBF needsto choosethemove to explore, it usesthefollowing rule: A move is
chosenwith theprobability that its real score is lowestamongits siblings(i.e. thatit is
thebest).

We do not actuallycomputetheseprobabilities.Instead,we samplethe real score
of thechildrenusingtheestimateddistributionsandselectthechild whoserandomreal
scoreis lowest.

2 Any otherfixedvaluecanbeused.We use in theparameter-estimation,so that is why we
definetherealscorewith depth . Smallvaluesresultin unstablescores,andlargevaluesare
impracticalfor ourexperiments.



2.3 Estimating NodeDistrib utions

Thedetailsof estimatingthedistributionof therealscorearedescribedin thefull paper.
In short, the distribution dependson the negamaxscoreof the node,the size of the
subtreerootedat thenode(a largesubtreeimpliesa smallervariance)andthenumber
of children(anodewith many childrenis expectedto havea highscore).

We estimatedistribution parametersby generatingmany gamepositions.For each
position,we useAlpha-Betato depth to computethe real score.We estimatethe
distributionusingthis trainingdata.

3 Assessingthe Efficiency of the Algorithm

We show that RBF is efficient by comparingit to Alpha-Betasearch[4]. Alpha-Beta
is widely consideredto be oneof the mostefficient searchalgorithmsandis usedby
nearlyall game-playingprograms.In thefull paperweshow thaton aclassof artificial
games,calledincrementalrandomgametrees,RBF outperformsAlpha-Beta.We also
compareRBF to Alpha-Betaon Chess.This sectiononly briefly overviewsour results,
which arefully presentedin thefull paper.

Incr ementalRandom Game Trees. An incrementalrandomsearch tree is a rooted
treewith randomnumbersassignedto itsedges.Randomtreesallow researchersto eval-
uatesearchalgorithmswhile avoiding thecomplicationsof gameslikeChess.Random
treeswereusedastestmodelsby Berliner, Karp,Nau,Newborn,Pearl,andothers(see
[5] for full citations).We useindependentrandomvaluesfrom a uniform distribution
in . Thestaticevaluationof a nodeis definedto bethesumof thevaluesof the
edgesalongthepathfrom thenodeto theroot.Thestaticevaluationat theleavesis con-
sideredto betheir exactvalue.Thusthecloserwe areto the leaves,themoreaccurate
theevaluationis. A treecanhave a uniformbranching factor if all nodeshave exactly

children.For randombranching treeswe useindependentuniform branchingfactors
between and , exceptthattherootalwayshas children(otherwisesometrees,those
with low-degreeroots,areeasier).

Randombranchingtreesaremoredifficult thanuniform branchingtrees,because
they have a lessaccurateevaluationfunction[5]. Hence,from now on we only discuss
random-branchingtrees.

Random TreesResults. We comparedthe probability of finding the bestmove for
RBF andAlpha-Beta,whenboth algorithmshave the samecomputationalresources.
We generatedrandomgametreesof fixeddepth,with differentbranchingfactors.The
heuristicvaluesof the leavesweretreatedasexact values.For eachrandomtree,we
ranAlpha-Betaat differentsearchdepths.For eachsearchdepth,we recordedwhether
it found thecorrectmove,andthenumberof generatednodes.We thenranRBF until
thesamenumberof nodeswasgenerated,atwhich pointwe stoppedthealgorithmand
checkedwhetherit hadfoundthecorrectmove.

Theresultsshowedthatfor all branchingfactorsandall Alpha-Betasearchdepths,
RBF makes better decisionsthan Alpha-Betausing the samenumberof generated



nodes.We confirmedthis result by actually playing gamesof several turnsbetween
RBF andAlpha-Beta.Theexactsetupof thegamesis describedin thefull paper. RBF
won of thegames.

ChessResults. We have implementeda ChessprogramusingtheRBF algorithm,in
orderto evaluateRBF in a morerealisticsetting.For thepositionevaluation,we used
theprogramCraftyby RobertHyatt3 . Crafty is probablythestrongestnon-commercial
chessprogramandis freelydistributedwith sourcecode.In orderto evaluatea leaf,we
useCrafty to performa shallow searchof depth . The full paperexplainsthis design
decision.This evaluationfunction is fairly accurate,but slow (we evaluateabout
positionspersecond).

In order to evaluateRBF performance,we usethe LouguetChessTest II (LCT-
II), version1.21[7]. This is a testsuiteof positions,which is commonlyusedasa
benchmarktool4. In our experiments,we usedonly thepositionsthatCrafty solvesin

seconds.Thisfiltering left uswith positions.
We comparedthespeedof our Chessimplementationto Crafty, which usesAlpha-

Betasearch(moreprecisely, the negascoutvariant).This comparisonunderestimates
RBF, becauseCrafty containsmany enhancementsto the searchalgorithm.Thesein-
clude, for example,transpositiontables,killer-moves,null-move heuristics,iterative
deepening,extensions,andso on (see[8] for a review of techniquesusedin modern
Chessprograms).

The resultsare shown in the first columnsof Table 1. Our implementationwas
usually timesslower thanCrafty. Theanalysisof theseresultsis complex and
will appearin thefull paper.

4 Parallel RBF

All parallelgame-searchalgorithmsusespeculationto achieveparallelism.A specula-
tive searchthata parallelprogramperformsmight alsobeperformedat somepoint by
thesequentialalgorithm,or it mightnot. In thelatercase,it is extrawork thatservesno
usefulpurpose.

The amountof extra work dependson two factors.The first one is the quality of
speculation(thelikelihoodthatthespeculativesearchis alsoperformedby thesequen-
tial algorithm).The secondone is the granularityof the speculation.We say that a
speculationthatcommitsthealgorithmto performinga largesearchis coarsegrained,
whereasaspeculationthatcommitsthealgorithmto asmallsearchis finegrained.

Theproblemwith a coarse-grainedalgorithmoccurswhenit decidesto performa
largespeculativesearchanddiscoversthatit is not usefulbeforethesearchterminates,
but cannotabortit. Suchanalgorithmeitherperformsmoreextraspeculativework than
necessaryto keepthe processorsbusy, or it speculatesconservatively in ordernot to
performtoo muchextra work. Conservativespeculationmayleadto idle processors.

3 http://www.cis.uab.edu/info/faculty/hyatt/hyatt.html
4 For example, it was usedto evaluatethe ChessprogramsDarkThought,Rebel-Tiger, and

GromitChess.



We parallelizeRBF by running (thenumberof processors)RBF iterationscon-
currentlyandchoosing leaves(perhapsfewer than if weallow multipleprocessors
to choosethe sameleaf or if therearefewer than leaves).We thenexpandall the
leavesandbackupthescores.This canbe viewedas non-speculative expansionand

speculativeexpansions.
Speculationin RBF is, therefore,fine grained.
We now turn our attentionto the quality of speculation.We claim that the quality

of speculationsin RBF is high. If thestaticevaluatoris reliable,expandinga leaf does
not changeits valuemuch.Therefore,theprobabilitiesof choosingotherleavesdo not
changesignificantly. In addition,thebackingupof scorescontinuesonly while thenode
is thebestchild of its parent.Therefore,mostchangesareexpectedto beneartheleaves.
Suchchangesdo not affect theprobabilitiesof choosingleavesin remotesubtrees.

WecompareRBFto Jamboree[6],[3] search,aparallelversionof Alpha-Beta(more
precisely, of thescoutvariant).Jamboreewasusedasthesearchalgorithmin thechess
program*Socrates[3], which won secondplacein the computerchesschampi-
onship.Jamboreeis a synchronizedsearchalgorithm:it first evaluatesonemove, and
it thentests,in parallel, that the otheralternativesareworse.Movesthat fail the test
(i.e. are betterthan the first move) are evaluatedin a sequence.The speculationsin
Jamboreeinvolveevaluatinglargesubtrees,andarethereforecoarsegrained.Jamboree
often prefersto wait for the terminationof previous searchesbeforeembarkingon a
speculativesearch.Weshow thatthispreventsJamboreefrom utilizing all theavailable
processors.Empirical measurementsshow that RBF benefitsfrom a large numberof
processorsmorethanJamboreeandachievesa betterspeedup.

4.1 Parallel Implementations

We have implementedparallelRBF usingbotha shared-memorymodelanda master-
slave model.In a sharedmemorymodel,all processesaccessa sharesearchtree.Each
processexecutesRBF iterationsand updatesthe tree, regardlessof what other pro-
cessesaredoing. This asynchronousimplementationallows the processorsto remain
busy, ratherthanwait atglobalsynchronizationpoints.Processeslock nodeswhenthey
traversethe tree, to serializetreeupdates.The full paperprovesthat the programis
deadlock-free.

Themainproblemwith theshared-memoryalgorithmis thata lot of time is spent
communicatingtreeupdatesbetweenprocessorcaches.

In a master-slave model,oneprocessorkeepsthe searchtreein its local memory.
This processorselectsleavesandbacksup scores.Whenever it selectsa leaf, it sends
a messageto an idle slave processor. Theslave computesthepossiblemovesfrom the
leaf, andtheir heuristicscores.It sendsthis informationbackto themaster, which up-
datesthetree.While themasterwaits to thereply of theslave, it assignswork to other
idle slaves.In this model,leaf selectionsandscoreupdatesarecompletelyserialized,
but treeupdatesinvolvenocommunication.Theserializationlimits thenumberof pro-
cessorsthat canbe effectively utilized. The maximumnumberof processorsthat this
implementationcanusedependsonthecostof leafevaluationrelativeto thecostof tree
updatesandleaf selections.



4.2 Parallel Random GameTrees

WehaveimplementedbothparallelRBFandJamboreesearchin theCilk language[10].
Cilk addsto the C languageshared-memoryparallel-programmingconstructs.Cilk’s
run-timesystemallows theuserto estimatetheparallelismof analgorithm,evenwhen
thealgorithmis executedonasmallnumberof processors(orevenoneprocessor).Both
RBF andJamboreespeedup as the numberof processorsgrows. However, at some
point thespeedupstagnates.We show that thereasonsfor thestagnationaredifferent:
Jamboreesearchspeculatesconservativelyandprocessorsbecomeidle,while in parallel
RBF tree-updateoperationsrequireexpensive communication.Under the conditions
of our experiment,RBF was able to utilize more processorsbeforestagnating,and
thereforeachieveda betterspeedup.

Methodology. In order to measurethe parallelismof RBF andJamboreesearch,we
conductthefollowing experiment.We generatea fixedsetof incrementalrandom
searchtreeswith branchingfactor . We searchthesetreesto depth using
Jamboreesearch,andto depth usingRBF. This resultsin approximatelythe same
numberof generatednodes.

Staticevaluationin randomtreescostsa singlemachineoperation,which is un-
realistic.In orderto modelreal evaluationfunctions,we performan emptyloop with

iterationswhenevera leaf is expanded.We comparethetime it takesJamboree
andRBF to solve thetestset,usingdifferentnumbersof processors.Theexperiments
wereperformedonanOrigin-2000shared-memorymachinewith processors.

RBF Experimental Results. Figure 2 shows the speedupsfor multiple processors.
Beyond processors,thealgorithmdoesnot speedup. We decomposetheexecution
time into timespentin theevaluationfunction(in our implementation,theemptyloop)
andthe restof the time, which we call search overhead. This overheadincludestree
operations(generatingrandomnumbers,expandingleaves,backingupscores,etc.)and
Cilk overhead(spawning threads,threadscheduling,etc.).

To estimatethesearchoverhead,we removedthedelayin theevaluationfunction.
A largepartof theoverheadis causedby treeoperations,specificallytreeupdates.The
treeis updatedwhenRBF updatesthe numberof extensionsin nodesit visits, andin
thebackupof scores.

We conductedanexperimentin which we replacedeachwrite to memorywith two
consecutive writes.The resultsshowed that for large numbersof processors,the pro-
gram was slower! Writes are expensive becauseof the memorysystemof the
Origin-2000.

The memorysystemof the Origin-2000usescachesanda directory-basedcoher-
enceprotocol(memoryis sequentiallyconsistent).Eachprocessorstoresa partof the
addressspaceusedby the programin its main memory. Eachprocessoralso stores
recently-useddatafrom all of the program’s addressspacein a privatecache.Direc-
tory hardwarestoresfor eachmain-memoryblock theidentityof processorsthathavea
copy of theblock in theircache.If oneof theprocessorschangesavaluein its cache,it
updatestheprocessorthatownstheblock,andthis processorupdatesthecachesof the
otherprocessors.Theupdateis doneby sendingmessagesoveranetwork.
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Fig.2. Speedupsof RBF andJamboree

In our implementation,all processesaccessthesearchtree,solargepartsof it, espe-
cially thenodesneartheroot,arelikely to bestoredin thecachesof all processors.For
largenumbersof processors,eachupdateto thetreeinvolvessendingmany messages,
andcommunicationbecomesa bottleneck.

Whentheevaluationfunctionis slow, theoverheadin treeoperationsis lesssignifi-
cant,andRBFcanspeedup more(seeSect.4.3).

JamboreeExperimental Results. Jamboreesearchis sensitive to thequality of move
orderingboth in the amountof work and the level of parallelism[3]. Therefore,in
our implementationwe usestaticmove ordering,in spiteof thecostof theevaluation
function.Whenthe depthof the searchedsubtreebecomessmallerthan , we switch
to Alpha-Betasearchinsteadof continuingtheJamboreerecursion.We do sobecause
Alpha-Betais a bettersearcherfor shallow depths[9]. In addition, invoking a Cilk
threadincursaconsiderableoverhead.TheCilk manualandpapersrecommendcalling
a sequentialcodewith enoughwork in thebottomof therecursion.

When Jamboreeruns on a single processor, Cilk estimates(basedon work and
critical-pathmeasurements)aparallelismof . Indeed,Fig. 2 showsthatusingmore
than processorsdoesnot increasethe speedup.If fact, using more than slows
down theprogram.

Jamboreesearchspeculatesconservatively, so it doessomecomputationsserially.
Thisresultsin relatively little parallelism.RBF, ontheotherhand,performsfine-grained
high-qualityspeculative searches.Figure2 shows thatRBF uses processorsbefore
stagnating.While Jamboreewasable to speedup the searchby a factorof , RBF
achievesa speedupof .

4.3 The Performanceof Parallel RBF on Chess

Weimplementedaparallelversionof ourChessprogram,usingthemaster-slavemodel.
We performedourexperimentsonanOrigin-2000machine.TheprogramusesMPI [1]



Table 1. Runningtimesof our Chessprogramwhenit wasexecutedon , and processors,
andthe relative speedups.The first columnshows the solutiontimesof Crafty (usinga single
processor).

TestnameCrafty time n= n= Speedupn= Speedup

Pos3 18.14 14.30 4.05 3.53 4.25 3.36
Pos4 28.33 125.90 3.55 35.46 3.75 33.57
Pos5 80 930.50 30.30 30.71 21.85 42.59
Pos9 7.67 16.80 1.10 15.27 1.05 16.00
Pos11 69 1104.05 38.55 28.64 31.60 34.94
Pos12 9.41 72.05 2.15 33.51 2.95 24.42
Cmb1 16.52 71.95 1.00 71.95 1.00 71.95
Cmb4 13.44 220.00 3.25 67.69 3.00 73.33
Cmb5 5.14 2.80 1.00 2.80 1.00 2.80
Cmb6 7 126.00 3.70 34.05 1.95 64.62
Cmb7 157 331.75 2.35 141.17 1.10 301.59
Cmb8 6.79 270.20 12.25 22.06 3.15 85.78
Cmb9 57.86 581.85 17.90 32.51 6.70 86.84
Cmb10 64 2724.30 89.45 30.46 37.80 72.07
Fin3 16.13 5.80 0.80 7.25 0.45 12.89
Fin4 155 162.40 7.10 22.87 3.65 44.49
Fin5 24.51 136.35 6.10 22.35 3.25 41.95
Fin6 11.25 206.45 6.55 31.52 3.05 67.69
Fin7 102 2831.30 123.15 22.99 53.85 52.58

to communicatebetweenprocesses.SinceRBF is arandomizedalgorithm,thesolution
time variesbetweenexecutions,even on the sameinput. The time we report is the
averagesolutiontime over experiments.

Table1 shows thatRBF oftenachievesa linearspeedup,evenon processors.In
somecasesthespeedupwassuperlinear. Sometimesthespeculativesearchin aparallel
computationfinds the solutionthat enablesthe programto stopbeforecompletingall
thework of theserialcomputation.Specifically, in someof thetestpositionstheright
solution initially appearsto be a badmove, and the serialprogramconsidersit with
a smallprobability. Whenthesearchtreeis small, theparallelprogrammustexamine
badmovesto generatework for all theprocessors.Therefore,it discoversthesolution
earlier.

Small superlinear speedupscould also have beencreatedby inaccuraciesin the
time measurements.(Thereportedrunningtimesareaveragesof runs,measuredto
within seceach).

5 Summary

We havepresentedRBF, a selectivesearchalgorithmwhich is a randomizedversionof
theBest-Firstalgorithm.We haveshown thatRBF is efficientandhighly parallel.



For incrementalrandomgametrees,RBF makesbetterdecisionsthanAlpha-Beta
search,andwins of its gameagainstit. We attribute this successto the accuracy
of the evaluationfunction,which allows RBF to prunemovesthat seembadwithout
takinglargerisks.

In Chesstheevaluationfunctioncanbeinaccurate.ThismightcauseRBFto exam-
ine the right move with a small probability. Consequently, RBF is slower thanAlpha-
Beta.Bear in mind that our experimentalprogramwascomparedto a state-of-the-art
Chessprogram.

Asaparallelsearchalgorithm,RBFperformsfine-grainedandhigh-qualityspecula-
tions.This resultsin ahigh level of parallelismwith little extrawork. For randomtrees,
RBF achieveda betterspeedupthanJamboree.On Chesstestproblems,our program
achieveda linearspeedupevenon processors.
Acknowledgement.Thanksto RichardKorf for pointingusto theBest-Firstalgorithm.
Thanksto RobertHyatt for makingCrafty publicly availableandfor allowing usto use
it in this research.
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