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Abstract. We describea novel parallel randomizedsearchalgorithm for two-
playergamesThe algorithmis a randomizedversionof Korf and Chickering’s
best-firstsearchRandomizatiorbothfixesa defectin the original algorithmand
introducessignificantparallelism.An experimentalevaluationdemonstratethat
the algorithmis efficient (in termsof the numberof search-treeverticesthat it
visits) andhighly parallel.Onincrementatandomgametreesthe algorithmout-
performsAlpha-Beta,and speedsup by a factor of 18 (using 35 processors).
In comparisonJamboredKuszmaul'95], speedaup by only a factorof 6. We
have alsoevaluatedthe algorithmin a Chess-playingprogramusingthe board-
evaluationcodefrom Crafty, anexisting Alpha-Beta-basegrogram.Onasingle
processopur programis slower thanCrafty; with multiple processor# outper
formsit.

1 Intr oduction

We presenta new game-searchlgorithmthat we call RandomizedBest-FirstSearch
(RBF). It is thefirst randomizedyame-searchlgorithm.It is basedn Korf andChick-
ering’s deterministicBest-FirstSearch[5]. Randomizatiorfixesa defectin Best-First
andmakesit highly parallel.

RBF maintainsgthe searchreeandassociatebotha minimaxvalueanda probabil-
ity distribution with eachnode.The algorithmworks by repeatedlyexpandingleaves,
therebyenlaging the searchtreeandupdatingthe minimaxvaluesof nodes.The algo-
rithm choosesa leafto expandusinga randomwalk from theroot. At eachstepin the
constructiorof thewalk, thealgorithmdescend$o arandomchild, wherechildrenwith
high minimaxscoresarechoserwith a high probability!. Therandomizechatureof the
algorithm createsparallelism,since multiple processorganwork on multiple leaves
selectedby differentrandomwalks. The random-valk leaf selectionmethodis where
thenovelty of our algorithmlies.

DeterministicBest-FirstSearch(BF) also expandsa leaf at eachstep.The leaf is
choserby recursvely descendingrom anodeto to thechild with thehighest(lowestin
MIN nodes)minimaxscore.Expandingthe leaf updateghe minimaxvaluesalongthe
pathto theroot. Froma givennode,BF alwayschooseghe samechild until the score
of the child dropsbelow the scoreof anotherchild. The defectin BF is thatit never
attemptdo raisethe scoreof non-besthildren.Indeed therearesearchreesin which
BF terminateswithout determiningthe bestmove from theroot.

1 1n MAX nodesghildrenwith low minimaxscoresarechoserwith a high probabilityin MIN
nodes Laterwe usethe simplernegamaxnotation.



RBF fixesthis defectby descendingo all childrenwith someprobability. This en-
ablesthescoreof thebestmoveto becomenighestevenif thescoreof the currenthigh-
estchild doesnot drop. BF is really a highest-fist (usingthe currentscores)whereas
thedesiredstratay is bestfirst (in thesenseof theminimaxscoreafterall theleavesare
terminal).Thus,theprobabilitywith which ouralgorithmchooses child is anestimate
of the probabilitythatthe child is the best.

Therestof thepaperis organizedasfollows. Section2 describeshe RBF algorithm.
Section3 summarizesour experimentsthat assesghe efficiency of RBE Section4
shavsthatRBF caneffectively utilize mary processorsThe experimentaisetwo mod-
els, incrementarandomgametrees[2] and Chess.On randomtrees,RBF speedsip
morethanJamboresearch(a parallelversionof Alpha-Beta).For Chesswe shov that
RBF speedsip almostlinearly with asmary as64 processorsThefull paperdescribes
more experimentswhich investigatethe behaior of RBF in moredetail; they do not
invalidateary of our conclusionsSection5 presentshe summaryof our work.

2 The RBF Algorithm

RBF maintainsthe searchireein memory Eachnodehasa score which representshe
valueof the gamefor the sideto move. For theleavesof thetree,RBF usesa heuristic
functionthatis basedonly on the static stateof the gamethatthe leaf representskor
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. Section2.3 describeiow this distribution is derived.

RBF is aniterative algorithm.Eachiterationstartsat theroot, andbeginsarandom
walk to oneof theleaves.In eachstepthenext nodein thewalkis choserrandomlyfrom
the childrenof the currentnode.This randomdecisionusesthe distribution associated
with eachnode.Childrenwith a low (negamax)scoreare morelikely to be chosen.
Section2.2 describegxactly how therandomchoiceis done.

Whenthealgorithmreachesleafv, thatleafis expandedits childrenaregenerated
andassignedheir heuristicvalue. The algorithmthenupdateghe scoreof v usingthe
negamaxformula. The updatedscoreis bacled up the treeto v’'s parentand so on up
to the root. We alsoupdatethe distributions of the nodesalongthe path,asdescribed
below in Section2.3.Figurel shavs a simpleexample.

RBF runs until somestoppingcriterion is met. For example,the searchcan be
stoppedf thetreehasreached certainsizeor depth,if onechild of therootemeges
clearlyasthebestmove,andsoon.

2.1 A Pruning Rule

We choosealeterministicallythelowestscoring(best)child ¢ of anodev whenchoosing
ary otherchild ¢’ cannotchangehe decisionattheroot until the scoreof ¢ changes.
The algorithmis eitherexploring the subtreerootedat the lowestscoringchild ¢;
of therootor it is exploring anothersubtreerootedat c,. In thefirst case the decision
attheroot change®nly if the algorithmraisesthe scoreof ¢;; in the secondcase pnly
if it lowersthe scoreof ¢,. We canraisethe scoreof a nodeby lowering the score



‘108 2 ¢ -7’8 2. c 778 5 C 6B 5 C
/ N\ / N\ / N\ / N\ / N\
220 (7E 22p (7€E (-4F (56 (12D (6€E (-4F (5c
/ N\
5 H (61

Fig. 1. An examplethat shavs howv RBF works. In iteration 1, the root is expanded,and its
children are assignedheir heuristicvalues.The scoreof the root is updatedaccordingto the
negamaxrule. In iteration2 the algorithm needsto male its randomchoicebetweenB or C.
NodeB hasalower score,andis thereforemorelikely to be chosenlteration3 shavs thatRBF
cancheckchildrenotherthanthe lowestscoringchild. In iteration4 RBF chooseghe bestchild
twice:firstit choosed andthenit choosegdo expandE.

of any of its childrenbelow that of the lowestscoringchild. On the other hand,we
canlower the scoreof a nodeonly by raising the scoreof its lowestscoring child.
Therefore,at ary nodewv the algorithm knows whetherit mustlower the scoreof v
(choosedeterministically)or raiseit (chooserandomly)to changethe decisionat the
root.

2.2 Child Selection

Themotivationof Best-First(andRBF) is to examinethe bestmove whenanalyzinga

variation.In aminimaxgame thequality of a positionfor aplayeris determinedy the

bestmove the opponentcan make from that position. Other moveshave no effect on

the quality of the position. Therefore to determinethe quality of a position,it suffices
to explorethebestmovefrom it. The problem,of coursejs thatwe do notknow which

move is best.Both Best-FirstandRBF usepartialinformationaboutthe gameto guess
which moveis thebest.

Best-Firstsimply usesthe currentnegamaxscoresto guesswhich move is best.
RBF usesa more sophisticatedtratayy. We definethe real scoe of a nodeto bethe
negamaxscoreof the nodewhenwe searchto depth10.2 The ideais that this value
representthe outcomeof a deepexhaustive searchandshouldthereforeenableRBF to
make excellentdecisionsBut RBF doesnot know the real score;it triesto estimateit
probabilistically

RBF treatsthe real scoreof a nodeasa randomvariable.RBF usesinformation
aboutthecurrenttreeto estimatehedistribution of this randomvariable(seeSect.2.3).
WhenRBF needsto choosethe move to explore, it usesthe following rule: A moveis
chosenwith the probability thatits real scor is lowestamongits siblings(i.e. thatit is
thebest).

We do not actually computetheseprobabilities.Instead we samplethe real score
of the childrenusingthe estimatedlistributionsandselectthe child whoserandomreal
scoreis lowest.

2 Any otherfixedvaluecanbe used We usel0 in the parameteestimation sothatis why we
definetherealscorewith depth10. Smallvaluesresultin unstablescoresandlargevaluesare
impracticalfor our experiments.



2.3 Estimating Node Distrib utions

Thedetailsof estimatinghedistribution of therealscorearedescribedn thefull paper
In short, the distribution dependson the negamaxscoreof the node,the size of the
subtreerootedat the node(a large subtreeimplies a smallervariance)andthe number
of children(anodewith mary childrenis expectedio have a high score).

We estimatedistribution parameter®y generatingnary gamepositions.For each
position, we use Alpha-Betato depth10 to computethe real score.We estimatethe
distribution usingthis trainingdata.

3 Assessinghe Efficiency of the Algorithm

We show that RBF is efficient by comparingit to Alpha-Betasearch[4]. Alpha-Beta
is widely consideredo be one of the mostefficient searchalgorithmsandis usedby

nearlyall game-playingorogramsin thefull paperwe shav thaton a classof artificial

gamesgalledincrementarandomgametrees,RBF outperformsAlpha-Beta.We also
compareRBF to Alpha-Betaon ChessThis sectiononly briefly overviews our results,
which arefully presentedn thefull paper

Incremental Random Game Trees. An incrementalrandomsearh treeis a rooted
treewith randormumbersassignedo its edgesRandontreesallow researchen® eval-
uatesearchalgorithmswhile avoiding the complicationsof gamedike ChessRandom
treeswereusedastestmodelsby Berliner, Karp, Nau, Newborn,Pearl,andothers(see
[5] for full citations).We useindependentandomvaluesfrom a uniform distribution
n [—1, 1]. Thestaticevaluationof a nodeis definedto bethe sumof the valuesof the
edgesalongthepathfrom thenodeto theroot. Thestaticevaluationattheleavesis con-
sideredto betheir exactvalue.Thusthe closerwe areto the leaves,the moreaccurate
the evaluationis. A treecanhave a uniformbranching factor if all nodeshave exactly
b children.For randombranching treeswe useindependentniform branchingfactors
betweenl andb, exceptthattherootalwayshasb children(otherwisesometreesthose
with low-degreeroots,areeasier).
Randombranchingtreesare more difficult thanuniform branchingtrees,because

they have alessaccuratesvaluationfunction [5]. Hence from now on we only discuss
random-branchingrees.

Random TreesResults. We comparedhe probability of finding the bestmove for
RBF and Alpha-Beta,whenboth algorithmshave the samecomputationakesources.
We generatedandomgametreesof fixed depth,with differentbranchingfactors.The
heuristicvaluesof the leaveswere treatedas exact values.For eachrandomtree,we
ran Alpha-Betaat differentsearchdepths For eachsearchdepth,we recordedvhether
it foundthe correctmove, andthe numberof generatechodes.We thenran RBF until
the samenumberof nodeswasgeneratedat which pointwe stoppedhealgorithmand
checledwhetherit hadfoundthe correctmove.

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



nodes.We confirmedthis resultby actually playing gamesof several turns between
RBF andAlpha-Beta.The exactsetupof the gamess describedn thefull paper RBF
won 90% of thegames.

ChessResults. We have implementeda Chesgprogramusingthe RBF algorithm,in
orderto evaluateRBF in a morerealisticsetting.For the positionevaluation,we used
the programCrafty by RobertHyatt® . Crafty is probablythe strongeshon-commercial
chesgprogramandis freely distributedwith sourcecode.In orderto evaluatealeaf, we
useCrafty to performa shallov searchof depth3. Thefull paperexplainsthis design
decision.This evaluationfunction is fairly accurateput slow (we evaluateabout150
positionspersecond).

In orderto evaluateRBF performancewe usethe LouguetChessTestll (LCT-
I), version1.21[7]. Thisis atestsuiteof 35 positions,which is commonlyusedasa
benchmarkool®. In our experimentswe usedonly the positionsthat Crafty solvesin
5 — 200 secondsThisfiltering left uswith 19 positions.

We comparedhe speedf our Chessmplementatiorto Crafty, which usesAlpha-
Beta search(more precisely the negascoutvariant). This comparisonunderestimates
RBF, becauseCrafty containsmary enhancement®o the searchalgorithm. Thesein-
clude, for example,transpositiontables,killer-moves, null-move heuristics,iterative
deepeningextensionsandso on (see[8] for a review of techniquesusedin modern
Chesgprograms).

The resultsare shown in the first columnsof Table 1. Our implementationwas
usually7 — 15 timesslower than Crafty. The analysisof theseresultsis complex and
will appeain thefull paper

4 Parallel RBF

All parallelgame-searchlgorithmsusespeculatiorto achieve parallelism.A specula-
tive searchthata parallelprogramperformsmight alsobe performedat somepoint by
thesequentiahlgorithm,or it mightnot. In thelatercaseijt is extrawork thatsenesno
usefulpurpose.

The amountof extra work dependson two factors.The first oneis the quality of
speculatior(thelik elihoodthatthe speculatie searchis alsoperformedby the sequen-
tial algorithm). The secondone is the granularity of the speculationWe say that a
speculatiorthatcommitsthe algorithmto performinga large searchis coarsegrained
whereas speculatiorthatcommitsthe algorithmto a smallsearchis fine grained

The problemwith a coarse-grainedlgorithmoccurswhenit decideso performa
large speculatie searchanddiscoversthatit is not usefulbeforethe searchterminates,
but cannotabortit. Suchanalgorithmeitherperformsmoreextraspeculatie work than
necessaryo keepthe processordusy, or it speculategonsenatively in ordernot to
performtoo muchextrawork. Conserative speculatiormayleadto idle processors.

% http:/lwww.cis.uabedu/info/culty/hyatt/hyatt. html
4 For example, it was usedto evaluatethe ChessprogramsDarkThought,Rebel-Tger, and
GromitChess.



We parallelizeRBF by running P (the numberof processorsiRBF iterationscon-
currentlyandchoosingP leaves(perhapdewerthan P if we allow multiple processors
to choosethe sameleaf or if therearefewer than P leaves). We thenexpandall the
leavesandbackupthe scoresThis canbe viewed as1 non-speculatie expansionand
P — 1 speculatie expansions.

Speculatiorin RBF s, thereforefine grained.

We now turn our attentionto the quality of speculationWe claim thatthe quality
of speculationsn RBF is high. If the staticevaluatoris reliable,expandinga leaf does
not changdts valuemuch.Therefore the probabilitiesof choosingotherleavesdo not
changesignificantly In addition,thebackingup of scoresontinuenly while thenode
is thebestchild of its parent.Thereforemostchangesreexpectedo beneartheleaves.
Suchchangeslo not affectthe probabilitiesof choosingeavesin remotesubtrees.

We comparerRBFto Jambore6],[3] searchaparallelversionof Alpha-Beta(more
precisely of the scoutvariant).Jamboreevasusedasthe searchalgorithmin thechess
program* Socrateg3], which won secondplacein the 1995 computerchesschampi-
onship.Jamboreés a synchronizedsearchalgorithm:it first evaluatesonemove, and
it thentests,in parallel,thatthe otheralternatves are worse.Movesthat fail the test
(i.e. are betterthan the first move) are evaluatedin a sequenceThe speculationsn
Jamboreénvolve evaluatinglarge subtreesandarethereforecoarsegrained Jamboree
often prefersto wait for the terminationof previous searchedveforeembarkingon a
speculatie searchWe shaw thatthis preventsJamboredrom utilizing all the available
processorsEmpirical measurementshowv that RBF benefitsfrom a large numberof
processorsnorethanJambore@andachievesa betterspeedup.

4.1 Parallel Implementations

We have implementedparallelRBF usingboth a shared-memorynodelanda master
slave model.In a sharednmemorymodel,all processeaccess sharesearchree.Each
processexecutesRBF iterationsand updatesthe tree, regardlessof what other pro-
cessesare doing. This asynchronousmplementatiorallows the processorso remain
busy, ratherthanwait atglobalsynchronizatiompoints.Processel®ck nodesvhenthey
traversethe tree, to serializetree updates.The full paperprovesthatthe programis
deadlock-free.

The main problemwith the shared-memorslgorithmis thata lot of time is spent
communicatingreeupdatedetweerprocessocaches.

In a masterslave model,one processokeepsthe searchtreein its local memory
This processoselectdeavesandbacksup scoresWheneer it selectsa leaf, it sends
amessageo anidle slave processarThe slave computeghe possiblemovesfrom the
leaf, andtheir heuristicscoreslt sendghis informationbackto the masterwhich up-
datesthe tree.While the mastemwaitsto thereply of the slave, it assignswvork to other
idle slaves.In this model, leaf selectionsand scoreupdatesare completelyserialized,
but treeupdatesnvolve no communicationThe serializationlimits the numberof pro-
cessorghat canbe effectively utilized. The maximumnumberof processorshat this
implementatiorcanusedepend®nthecostof leafevaluationrelative to the costof tree
updatesandleafselections.



4.2 Parallel Random GameTrees

We haveimplementedothparallelRBF andJamboresearchn theCilk languagg10].

Cilk addsto the C languageshared-memaoryarallel-programmingonstructs Cilk’s
run-timesystemallows the userto estimatethe parallelismof analgorithm,evenwhen
thealgorithmis executedbnasmallnumberof processorgor evenoneprocessor)Both

RBF and Jamboreespeedup asthe numberof processorgrows. However, at some
pointthe speedurstagnatesWe show thatthe reasondor the stagnatioraredifferent:
Jamboresearchspeculatesonsenratively andprocessorbecomedle, while in parallel
RBF tree-updateoperationsrequire expensve communication.Under the conditions
of our experiment,RBF was able to utilize more processordefore stagnatingand
thereforeachieveda betterspeedup.

Methodology. In orderto measurehe parallelismof RBF and Jamboreesearchwe
conductthe following experiment.We generate fixed setof 100 incrementarandom
searchtreeswith branchingfactorb = 10. We searchthesetreesto depth10 using
Jamboreesearchandto depth26 usingRBFE This resultsin approximatelythe same
numberof generatechodes.

Static evaluationin randomtreescostsa single machineoperation,which is un-
realistic.In orderto modelreal evaluationfunctions,we performan emptyloop with
50, 000 iterationswhenever aleafis expandedWe comparethetime it takesJamboree
andRBF to solwe the testset,usingdifferentnumbersof processorsThe experiments
wereperformedon an Origin-2000shared-memorynachinewith 112 processors.

RBF Experimental Results. Figure 2 shows the speedupdor multiple processors.
Beyond 30 processorgthe algorithmdoesnot speedup. We decomposéhe execution
time into time spentin the evaluationfunction (in ourimplementationthe emptyloop)
andthe restof the time, which we call seach overhead This overheadncludestree
operationggeneratingandomnumbersgxpandingleaves,backingup scoresetc.)and
Cilk overheadspavning threadsthreadschedulinggetc.).

To estimatethe searchoverheadwe removedthe delayin the evaluationfunction.
A large partof theoverheads causedy treeoperationsspecificallytreeupdatesThe
treeis updatedwhen RBF updateghe numberof extensionsin nodesit visits, andin
thebackupof scores.

We conductedanexperimentin which we replacedeachwrite to memorywith two
consecuife writes. The resultsshaved that for large numbersof processorsthe pro-
gramwas 30% slower! Writes are expensve becauseof the memory systemof the
Origin-2000.

The memorysystemof the Origin-2000usescachesanda directory-basedoher
enceprotocol(memoryis sequentiallyconsistent) Eachprocessostoresa part of the
addressspaceusedby the programin its main memory Each processoralso stores
recently-usediatafrom all of the programs addressspacein a private cache.Direc-
tory hardwarestoresfor eachmain-memoryblock theidentity of processorshathave a
copy of theblockin their cachelf oneof theprocessorshangesvaluein its cachejt
updateghe processothatownsthe block, andthis processoupdateshe cachesf the
otherprocessorsThe updateis doneby sendingmessageever a network.
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Fig. 2. Speedupsf RBF andJamboree

In ourimplementationall processeaccesshesearchree,solargepartsof it, espe-
cially thenodesneartheroot, arelik ely to be storedin the cachef all processorg-or
large numbersof processorsgachupdateto thetreeinvolvessendingmary messages,
andcommunicatiorbecomes bottleneck.

Whentheevaluationfunctionis slow, the overheadn treeoperationss lesssignifi-
cant,andRBF canspeedip more(seeSect.4.3).

JamboreeExperimental Results. Jamboreaearcthis sensitve to the quality of move
orderingboth in the amountof work andthe level of parallelism[3]. Therefore,in
our implementationwe usestaticmove ordering,in spiteof the costof the evaluation
function. Whenthe depthof the searchedubtreebecomesmallerthan 3, we switch
to Alpha-Betasearchinsteadof continuingthe Jamboreaecursion We do sobecause
Alpha-Betais a bettersearcheifor shallov depths[9]. In addition, invoking a Cilk
threadincursaconsiderabl®everheadThe Cilk manualandpapergecommendalling
asequentiatodewith enoughwork in the bottomof therecursion.

When Jamboreeruns on a single processqrCilk estimategbasedon work and
critical-pathmeasurementsg)parallelismof 14.8. Indeed Fig. 2 shavs thatusingmore
than 15 processorsioesnot increasethe speeduplf fact, using morethan20 slows
down the program.

Jamboreesearchspeculategonseratively, soit doessomecomputationsserially.
Thisresultdn relatively little parallelism RBF, ontheotherhand performsfine-grained
high-qualityspeculatre searcheskigure 2 shavs that RBF uses30 processorbefore
stagnatingWhile Jamboreavasableto speedup the searchby a factorof 5.5, RBF
achievesa speedupf 18.

4.3 The Performanceof Parallel RBF on Chess

We implemented parallelversionof our Chesgprogram usingthemasterslave model.
We performedour experimentson anOrigin-2000machine The programusesvPI [1]



Table 1. Runningtimesof our Chesgprogramwhenit wasexecutedon 1, 32 and64 processors,
andthe relative speedupsThe first column shaws the solutiontimes of Crafty (usinga single
processor).

[TestnaméCraftytime] n=1 [| n=32 [Speedufin=64[Speedup
Pos3 18.14 1430 || 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 {|21.8 42.59
Pos9 7.67 16.80 || 1.10 | 15.27 || 1.05| 16.00
Posl11 69 1104.0%| 38.55| 28.64 ||31.60 34.94
Pos12 9.41 72.05 || 2.15| 33.51 | 2.95| 24.42
Cmbl 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 2724.3(0) 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 2451 |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 communicatéetweemprocessesSinceRBF is arandomizedilgorithm,the solution
time varies betweenexecutions,even on the sameinput. The time we reportis the
averagesolutiontime over20 experiments.

Table1 showvs thatRBF oftenachievesa linear speedupevenon 64 processorsin
somecaseshespeedupvassuperinear Sometimeshespeculatie searctin aparallel
computationfinds the solutionthat enableghe programto stop beforecompletingall
thework of the serialcomputation Specifically in someof thetestpositionstheright
solutioninitially appeardo be a bad move, andthe serial programconsidersit with
a small probability Whenthe searchtreeis small, the parallelprogrammustexamine
badmovesto generatavork for all the processorsTherefore it discosersthe solution
earlier

Small superlinear speedupgould also have beencreatedby inaccuraciesn the
time measurementgThe reportedrunningtimesareaveragef 20 runs,measuredo
within 1 seceach).

5 Summary

We have presentedRBF, a selectve searchalgorithmwhichis arandomizedsersionof
the Best-Firstalgorithm.We have shovn thatRBF is efficientandhighly parallel.



For incrementarandomgametrees,RBF makesbetterdecisionghan Alpha-Beta
searchandwins 90% of its gameagainstit. We attribute this succesgo the accurag
of the evaluationfunction, which allows RBF to prune movesthat seembadwithout
takinglargerisks.

In ChesgheevaluationfunctioncanbeinaccurateThis might causeRBF to exam-
ine theright move with a small probability. ConsequentlyRBF is slower thanAlpha-
Beta.Bearin mind that our experimentalprogramwascomparedo a state-of-the-art
Chessrogram.

As aparallelsearchalgorithm ,RBF performsfine-grainedcandhigh-qualityspecula-
tions. Thisresultsin ahighlevel of parallelismwith little extrawork. For randomtrees,
RBF achieved a betterspeedughan JamboreeOn Chesstestproblems,our program
achievedalinearspeedupvenon 64 processors.
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it in thisresearch.
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