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Abstract

The StarTechmassively parallelchessprogram,running
ona512-processorConnectionMachineCM-5 supercom-
puter, tied for third placeat the 1993ACM International
ComputerChessChampionship. StarTech employs the
Jamboreesearchalgorithm,anaturalextensionof J.Pearl's
Scoutsearchalgorithm, to ®ndparallelismin game-tree
searches.StarTech's work-stealingschedulerdistributes
thework speci®edby thesearchalgorithmacrossthepro-
cessorsof theCM-5. StarTechusesa globaltransposition
tablesharedamongtheprocessors.StarTechhasaninfor-
mally estimatedratingof over2400USCF.

Two performancemeasureshelp in understandingthe
performanceof theStarTechprogram:thework,

�

, and
thecritical pathlength,� . TheJamboreesearchalgorithm
usedin StarTechseemsto performabout2 to 3 timesmore
work thandoesourbestserialimplementation.Thecritical
pathlength,undertournamentconditions,is lessthan0.1%
of the total work, yielding anaverageparallelismof over
1000.TheStarTechschedulerachievesactualperformance
of approximately��� 1 � 02

���	��


1 � 5� on
�

processors.
Thecriticalpathandworkcanbeusedto tuneperformance
byallowingdevelopmentof theprogramonasmall,readily
accessable,machinewhile predictingtheperformanceon
a big, tournament-sized,machine.

1 Intr oduction

Computerchessprovidesagoodtestbedfor understanding
dynamicmultithreadedcomputations.Theparallelismin
computerchessis derived from a dynamicexpansionof
a highly irregulargame-tree,which hashistoricallymade
it dif®cultto implementparallelcomputerchessprograms
and other dynamicapplications. To investigatehow to
programsuchapplications,I engineereda parallelchess
programcalledStarTech(pronouncedªStar-Tekº) on the
ConnectionMachineCM-5. Eventhoughmyprimaryarea
of researchis in parallelcomputingratherthancomputer
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J-1310,andN00014-91-J-1698.

chess,the StarTech project hasproducedsomeinterest-
ing computerchesstechnology. This paperexplainshow
StarTechworksandhow it performs.

Thechessknowledgeof StarTechÐwhich includesthe
openingbook of precomputedmoves at the beginning
of the game,the endgamedatabases,the staticposition-
evaluation function, and the time-control strategyÐis
basedon H. Berliner's Hitech program[BE89]. Hitech
runson special-purposehardwarebuilt in themid 1980's
andsearchesin therangeof 100,000to 200,000positions
per second. Berliner provided me with an implementa-
tion of Hitechwritten in C (withoutany searchextensions
exceptfor quiescencewith checkextension)that runsat
2,000to 5,000positionspersecond.I built a parallelpro-
gramusingBerliner'sserialcodeandreimplementedparts
of theserialprogramto make it faster. Both theserialand
parallelversionsof my programarecalledStarTech.Star-
Tech,unlike Hitech, doesnot usethe null-move search,
which probablycostsStarTetchabouta factorof two in
performance.StarTechusesthesamesearchextensionsin
boththeserialandtheparallelimplementations.

I divided theprogrammingprobleminto two parts: an
applicationandascheduler. Theapplicationcanbethought
of asadynamicallyunfoldingtreeof chesspositions.There
aredependenciesamongthepositions.A positionmaynot
be searcheduntil the positionsit dependson have been
searched.The applicationspeci®esthe shapeof the tree
andthe dependenciesbetweenthe positions. The sched-
uler, on theotherhand,takessuchanapplicationandde-
cideson which processoreachpositionshouldbe evalu-
ated,andwhentheevaluationshouldbedone.Theappli-
cation'sjob is toexposeparallelism.Thescheduler'sjob is
to runtheprogramasfastaspossible,giventheparallelism
in theapplication.Thus,StarTechis conceptuallydivided
into two parts: The parallel gametree searchalgorithm
(theapplication),whichspeci®eswhatcanbedonein par-
allel; andthe scheduler, which speci®eswhenandwhere
thework will actuallybeperformed.

Theremainderof thispaperisorganizedasfollows.Sec-
tion 2 describeshow StarTechworksexplainingtheJam-
boreegame-treesearchalgorithmandsketchingtheimple-
mentationof theglobaltranspositiontable.A performance
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study, relatingStarTech'sperformanceto two fundamental
measuresof parallelperformance,ispresentedin Section3.
Section4 shows how I usedthosemetricsto improve the
performanceof StarTech. Section5 concludeswith some
remarksonthechallengesof parallelcomputerchess.

2 How StarTechWorks

Before examining the performanceof StarTech in Sec-
tion 3, this sectionexplainshow StarTechworks. First,
an overall descriptionof how StarTech searchesin par-
allel is presented.Then, the Jamboreealgorithm is ex-
plained,startingwith a review of the serialScoutsearch
algorithm.Next, theboard-representationproblem,which
is facedbytheimplementorsof any parallelchessprogram,
is illustratedby showing how therepeated-positiontestis
implementedin StarTech. Finally the implementationof
StarTech'sglobaltranspositiontableis explained.

StarTech's game-treesearchalgorithm is called Jam-
boreesearch.ThebasicideabehindJamboreesearchis to
do thefollowing operationson a positionin thegametree
thathas

�

children:

� The valueof the ®rstchild of the position is deter-
mined(by a recursivecall to thesearchalgorithm.)

� Then,in parallel,all of theremaining
���

1 children
aretestedto verify thatthey arenotbetteralternatives
thanthe®rstchild.

� Any childrenthat turn out to be betterthanthe ®rst
child aresequentiallysearchedto determinewhich is
thebest.

If themoveorderingisbest-®rst,i.e.,the®rstmoveconsid-
eredis alwaysbetterthantheothermoves,thenall of the
testssucceed,andthepositionis evaluatedquickly andef-
®ciently. Weexpectthatthetestsusuallysucceed,because
themoveorderingis oftenbest-®rstdueto theapplication
of severalchess-speci®cmove-orderingheuristics.

This approachto parallel searchis quite natural,and
variants of it have been used by several other paral-
lel chessprograms,such as Cray Blitz [HSN89] and
Zugzwang [FMM93]. Still others have proposedor
analyzedvariations of this style of game tree search
[ABD82, MC82, Fis84,Hsu90]. My Ph.D.thesis[Kus94]
provides a more completediscussionof how Jamboree
searchis relatedto othersearchalgorithms.I donotclaim
thatJamboreesearchis anentirelynovel searchalgorithm,
althoughsomeof the detailsof my algorithm are quite
differentfrom thedetailsof relatedalgorithms.Instead,I
view thealgorithmasagoodtestbedfor understandinghow
to designscalable,predictable,multithreadedprograms.

To distribute work amongthe CM-5 processors,Star-
Techusesarandomizedwork-stealingapproach,in which
idle processorsrequestwork. Processorsrun codethat is

nearlyserial.Whena processordiscoverssomework that
could be donein parallel, it poststhe work into a local
datastructure.Whenaprocessorrunsoutof work locally,
it sendsa messageto anotherprocessor, selectedat ran-
dom, andremoveswork from that processor's collection
of postedwork. The CM-5 hassuf®cientinterprocessor
communicationsperformancethat thereis no appreciable
advantagein trying to steallocally ratherthanfrom a ran-
domprocessor,andtherandomizedapproachtoscheduling
is provablyef®cient[BL94].

ScoutSearch

Before delving into the details of Jamboreesearch,let
usreview theserialScoutsearchalgorithm.For a parallel
chessprogram,oneneedsanalgorithmthatbotheffectively
prunesthe tree and can be parallelized. I startedwith
a variant on serial � - � search,called Scoutsearch,and
modi®edit to bea parallelalgorithm.

Figure1showstheserialScoutsearchalgorithm.(Many
chessresearchersrefer to the Scout algorithm as ªPV
Searchº,but it appearsthatJ.Pearl's ªScoutº terminology
takesprecedence[Pea80].) Procedurescout is similarto
thefamiliar � - � searchalgorithmwhich takesparamaters

� and � usedto prunethesearch[KM75]. TheScoutal-
gorithm,however, whenconsideringany child that is not
the®rstchild,®rstperformsatestof thechild to determine
if thechild is nobettera move thanthebestmoveseenso
far. If thechild is no better, the testis saidto succeed. If
thechild is determinedto bebetterthanthebestmove so
far, the testis saidto fail, andthechild is searchedagain
(valued)todetermineits truevalue.Theideais thattesting
apositionis cheaperthandeterminingits truevalue.

TheScoutalgorithmperformstestson positionsto see
if they aregreaterthanor lessthanagivenvalue.A testis
performedbyusinganempty-windowsearchonaposition.
For integerscoresoneusesthevalues�

�

�

�

1 � and �

�

���

as the parametersof the recursive search,as shown on
Line (S9). A child is testedto seeif it is worsethanthe
bestmove so far, andif the testfails on Line (S12)(i.e.,
themoveis betterthanthebestmoveseensofar),thenthe
child is valued,onLine (S13),usinganon-emptywindow
to determineits truevalue.

If it happensto be the casethat �




1 	
� , then
Line (S13)never executesbecause�
��� implies �
��� ,
whichcausesthereturnonLine (S11)to execute.Conse-
quently, thesamecodefor Algorithm scout canbeused
for thetestingandfor thevaluingof aposition.

LineS10,whichraisesthebestscoreseensofaraccord-
ing to the valuereturnedby a test,is necessaryto insure
thatif thetestfails low (i.e., if thetestsucceeds),thenthe
valuereturnedis anupperboundto thescore.If atestwere
to returna scorethat is not a properboundto its parent,
thentheparentmight returnimmediatelywith thewrong
answerwhentheparentperformsthecheckof thereturned

2



(S1) De®nescout �

���

�

�

��� as
(S2) If � is a leaf thenreturnstatic eval �

�

� .
(S3) Let

�

��� thechildrenof � , and
(S4)

�

�

�

scout �

�

0
�

�

�

�

�

� � � ;; Value
(S5) ;; The®rstchild'svaluationmaycausethisnodeto fail high.
(S6) If

�

� � thenreturn
�

.
(S7) If

�

� � thenset �

�

�

.
(S8) For � from 1 below 	

�

�

	 do: ;; therestof thechildren
(S9) Let �

�

�

scout �

�

��
��

�

�

�

1 �

�

��� � ;; Test
(S10) If � �

�

thenset
�

�

� .
(S11) If � � � thenreturn � . ;; Fail High
(S12) If � � � then ;; Testfailed
(S13) Set �

�

�

scout �

�

� 
 �

�

�

�

�

��� . ;; Research for value
(S14) If � � � thenreturn � . ;; Fail High
(S15) If � � � thenset �

�

� .
(S16) If � �

�

thenset
�

�

� .
(S17) enddo
(S18) return

�

.

Figure1: Algorithm scout .

scoreagainst� onLine S11.
A testis typicallycheapertoexecutethanavaluationbe-

causethe � - � window is smaller, which meansthatmore
of the tree is likely to be pruned. If the test succeeds,
thenalgorithmscout hassavedsomework,becausetest-
ing a nodeis cheaperthan®ndingits exact value. If the
test fails, then scout searchesthe nodetwice and has
squanderedsomework. Algorithm scout betsthat the
testswill succeedoftenenoughto outweightheextra cost
of any nodesthat mustbe searchedtwice, andempirical
evidence[Pea80] justi®esitsdominanceasthesearchalgo-
rithm of choicein modernserialchess-playingprograms.

JamboreeSearch

The Jamboreealgorithm,shown in Figure 2, is a paral-
lelizedversionof theScoutsearchalgorithm. Theideais
that all of the testingof the children is donein parallel,
and any teststhat fail aresequentiallyvalued. A paral-
lel loop construct,in which all of the iterationsof a loop
run concurrently, appearson Line (J7). Somesynchro-
nizationbetweenvariousiterationsof theloopappearson
LinesJ12andJ18.TheJamboreealgorithmsequentializes
thefull-window searchesfor values,because,whereaswe
arewilling to take a chancethatanemptywindow search
will be squanderedwork, we arenot willing to take the
chancethat a full-window search(which doesnot prune
very much)will besquanderedwork. Sucha squandered
full-window searchcouldleadusto searchtheentiretree,
which is much larger than the prunedtree we want to
search.

The abort-and-return statementsthat appearon Lines
J10 and J15 return a value from Procedurejamboree

andabortany of thechildrenthat arestill running. Such
anabortis neededwhentheprocedurehasfounda value
thatcanbe returned,in which casethereis no advantage
to allowing the procedureandits childrento continueto
run,usingupprocessorandmemoryresources.Theabort
causesany childrenthatarerunningin parallel toabort their
childrenrecursively, which hasthe effect of deallocating
theentiresubtree.

Parallelsearchof game-treesisdif®cult becausethemost
ef®cientalgorithmsfor game-treesearchare inherently
serial. We obtainparallelismby performingthe testsin
parallel,but thosetestsmaynotall benecessaryin aserial
executionorder. In orderto getany parallelism,we must
take the risk of performingextra work that a goodserial
programwould avoid. By taking our chanceswith the
testsratherthan the valuations,we minimize the risk of
performingahugeamountof wastedwork.

Copying Data for Parallel Search

Most serialchessprogramsusedatastructuresthat make
them dif®cult to parallelize. For example,a typical se-
rial programusesmany global variables. Every time a
subsearchis startedtheglobalvariablesaremodi®ed,and
whenthesubsearch®nishes,themodi®cationstotheglobal
variablesareundone. This approachef®cientlysupports
boardrepresentationsthat arelarge, as long asrelatively
few byteschangeonany givenmove. It canbedif®cultto
parallelizea programwritten in this style,however, since
whena steal-requestarrives,thereis no explicit represen-
tationof theboardsthatneedto bestolenfrom themiddle
of thesearchtree.

StarTechaddressesthis problemby copying the board
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(J1) De®nejamboree �

���

�

�

� � as
(J2) If � is a leaf thenreturnstatic eval �

�

� .
(J3) Let

�

��� thechildrenof � , and
(J4)

�

�

�

jamboree �

�

0
�

�

�

�

�

� � �

(J5) If
�

� � thenreturn
�

.
(J6) If

�

� � thenset �

�

�

.
(J7) In Parallel: For � from 1 below 	

�

�

	 do:
(J8) Let �

�

�

jamboree �

�

��
 �

�

�

�

1 �

�

��� �

(J9) If � �

�

thenset
�

�

� .
(J10) If � � � thenabort-and-return� .
(J11) If � � � then
(J12) Wait for thecompletionof all previousiterations
(J13) of theparallelloop.
(J14) Set �

�

�

jamboree �

�

� 
 �

�

�

�

�

� � . ;; Research for value
(J15) If � � � thenabort-and-return� .
(J16) If � � � thenset �

�

� .
(J17) If � �

�

thenset
�

�

� .
(J18) Notethecompletionof the � th iterationof theparallelloop.
(J19) enddo
(J20) return

�

.

Figure2: Algorithm jamboree .

statewhen a subsearchis started. Thus, when a child
completes,the parentstill has its original, unmodi®ed,
copy of theboard,andthereforeno ªunmodifyº needsto
be done. Whentheboardis copied,however, every byte
of the boardrepresentationmustbe copied,whetherit is
modi®edor not.

Theboardstatecanincludesomethingsthatonemight
notexpect.Considertheproblemof detectingrepeatedpo-
sitions. Most serialprogramsusea hashtablethatstores
all thepositionsin thegamehistoryandthevariationlead-
ing to a particularposition. Thehashtablecanbe incre-
mentallymodi®edandunmodi®ed.Somehow the setof
previouspositionsmustberepresentedin theboardstate.

StarTechrepresentsthepositionsin thevariationwith an
arrayof hashkeys (onekey for eachposition.)This array
of positionscan be thoughtof as the part of the board-
state. (Theentiregameis broadcastto all theprocessors,
sothattheprocessorsareableto examinethepositionsin
the actualgamewithout copying thosepositionsrepeat-
edly.) Whenapositionis stolen,thesequenceof positions
betweentheroot of thesearchtreeandthestolenposition
is sentthroughthedatanetwork to thestealingprocessor.

The cost of copying the move history is not as great
as one might expect. Only the hashesof the positions
encounteredsince the last irreversiblemove needto be
copied. In StarTech,the averagelengthof the repeated-
position history that is actually copiedis less than one,
partlybecausein quiescencesearchmostof themovesare
irreversible.

The Global TranspositionTable

StarTech,likemostchessprograms,usesatransposition
tableto cacheresultsof recentsearches.For asearchfrom
a givenpositionto a certaindepth,thetranspositiontable
indicatesthevalueof thepositionandthebestmovefor that
position.Thetranspositiontableis indexedby a hashkey
derived from the position. Whenever the searchroutine
®nisheswith a position,it modi®esthetranspositiontable
bywriting thevalueback.(It maydecidethattheoldvalue
storedwasbetterto keepthanthenew value.) Whenever
the searchroutine examinesa position, the routine ®rst
checksto seeif theposition'svaluehasbeenstoredin the
transpositiontable.If thevalueis present,thentheroutine
cansimply returnthevalue. Sometimes,thevaluefor the
position is not present,but a bestmove is presentfor a
searchto a shallower depth. In this casethe bestmove
for the shallow depthcan be usedto improve the move
ordering. Sincethe Jamboreesearchalgorithmdepends
on good move ordering, the transpositiontable is very
importantto theperformanceof StarTech.

ProgramStarTechusesa global transpositiontabledis-
tributedacrossall thenodesof the machine,asshown in
Figure3. To accessthetranspositiontable,whichrequires
communicatingfrom one node to another, a message-
passingprotocol is used. The hashkey usedto index
thetableis dividedinto two parts:aprocessornumberand
a memoryoffset. Whena processorneedsto look up a
positionin the table,it sendsa messageto the processor
namedby thehashkey, andthatprocessorrespondswith a
messagecontainingthecontentsof thetableentry. (A sim-
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Memory

Offset

P0 P512P1 P2 P3 P4 P5

Processor

M0

M1

M2

M3

M4

M2097152

processor memory offset collision resolution bitsHash Key

Table element collision resolution bits search depth best move lower bound upper bound

Globally Distributed Transposition Table

Figure3: TheStartechtranspositiontableisgloballydistributed.Thehashkey for apositionisdividedintoaprocessor
number, memoryoffset, andcollision resolutionbits. The processornumberandmemoryoffset identify a unique
tableelementin themachine.Thecollision resolutionbitsdiscriminatebetweenpositionsthatmapto thesametable
element.The tableelementcontainsthedepthto which the treewassearched,thebestmove, a lower boundto the
valueof theposition,andanupperboundto thevalueof theposition.

ilar transpositiontableschemeis usedby the Zugzwang
parallelchessprogram[FMM93].)

Historicallyparallelchessprogramshaveoftenavoided
global transpositiontables.F. Popowich andT. Marsland
concludedthat local transpositiontablesare better than
global transpositiontables[PM83]. Local transposition
tablesdo not incur any message-passingoverhead,but lo-
cal transpositiontableshave a much lower hit rate than
global transpositiontables. With messagepassingover-
headsthatmeasurein the tensof milliseconds,Popowich
andMarslandwereforcedto choosebetweenbadperfor-
mancedueto message-passingcosts,or badperformance
dueto poortranspositiontableeffectiveness.Thedecision
is mucheasierfor StarTech,whichuseslow-overhead(10
microsecond)messageson the CM-5. (Similarly, Cray
Blitz usesa global transpositiontablebecauseaccessing
global memoryis alsoinexpensive on a Cray supercom-
puter[HSN89].)

3 The Performanceof StarTech

Theprevioussectionexplainedhow StarTechworks. This
sectionexploresthe performanceof StarTech. We start
by estimatingStarTech's ratingusinga ratingsestimation
benchmark.Then,by usingtwo fundamentalparallelper-
formancemetrics,theworkandthecritical pathlength,we
gain a deeperunderstandingof StarTech's performance.
Finally, we presenta few analyticalresultson the Jam-
boreesearchalgorithm.

Estimating StarTech'sRating

Themostcommonquestionsabout StarTech'sperformance
areªWhatisStarTech'sRating?ºandªHow muchrealper-
formanceimprovementdoesStarTechget by usingmore
processors?ºThis sectionattemptsto answerthoseques-
tions. Thestandardway to determinetheratingof a chess
player is to play lots of games. Sinceplaying gamesis
very time consuming,I use a set of benchmarkprob-
lems designedby I.M. L. Kaufman[Kau92, Kau93] to
estimateStarTech's performanceusingtheElo ratingsys-
tem[Elo78]. Kaufmancautionsagainstmisuseof his rat-
ingsestimator, for exampleby tuningaprogramto dowell
againstonly thebenchmarkproblems.SinceStarTechhas
not beentunedagainstKaufman'sbenchmark,we canget
someideaof StarTech's rating by usingKaufman's esti-
mator.

To obtainanestimatedElo ratingfor a program,Kauf-
manuses25chesspositions(20tactical,5positional),each
of whichhasa correctanswer. To obtainanestimatedrat-
ing, onemeasuresthetime it takesfor theprogramto ®nd
Kaufman's correctanswerfor eachposition. Then,one
throwsaway theworst5 timesandsumsup theremaining
times.Let

�

20 bethesumof thetimes,in seconds,to solve
thefastest20positions.Given

�

20, Kaufmanestimatesthe
USCFratingas

USCFRating � 2930
�

200 � log10
�

20
� (1)

whichmeansthatafactorof 10in performanceisestimated
to be worth 200 ratingspoints. In additionto looking at
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Trans- Positions Time Estimated
position Visited (seconds) Rating
Table top20

Entries
0 161,625,376 23337.14 2056

216 94,409,196 13506.36 2104
217 85,753,262 12670.01 2109
218 76,498,040 10925.46 2122
219 65,568,814 9605.36 2133
220 55,910,651 8040.08 2149
221 48,256,980 7138.08 2159
222 42,627,585 5799.31 2177
223 40,805,974 6120.18 2173
224 40,805,974 6364.99 2169

Figure4: Performanceof my bestserialimplementation
of StarTechasa functionof transpositiontablesize.The
numberof chesspositionsin the searchtree is shown,
alongwith thetime in seconds,and,theestimatedrating
using Kaufman's ratingsestimationfunction, given by
Equation1.

thefast20positions,I also®ndit interestingto look at the
sumof thetimesfor all 25positions.

I wantedto measurethe improved rating of StarTech
asa function of the numberof processors,but ®rstI had
to isolateother factors. The biggestother factor is the
effectof thetransposition-tablesizewhichvarieswith the
numberof processors.

Hsuargues[Hsu90] thatif oneincreasesthesizeof the
transpositiontablealongwith the numberof processors,
then the resultsare suspect. Hsu statesthat increasing
the transpositiontablesizeby a factorof 256 caneasily
improvetheperformanceby afactorof 2 to 5. My strategy
is to choosea transpositiontablesize that is suf®ciently
largethatincreasingit furtherdoesn't helptheperformance
onthisbenchmark.Figure4 showstheestimatedratingof
theserialprogramasa functionof the transpositiontable
size,andit alsoshows thenumberof positionsvisitedby
theprogramundereachcon®guration.

Note that thenumberof positionsvisitedby thesearch
treemonotonicallydecreasesasthe tablegetslarger, but
that after 223 entries, the numberof positionsbecomes
constant.We canconcludethatfor Kaufman'sratingstest
any transpositiontablesizeof morethan223 entriesisquite
suf®cient,andalargertranspositiontablewill not,by itself,
raisetheestimatedratingof theprogram.

I believethattheslightdecreasein estimatedrating(i.e.,
the increasein time to solve the problems)beyond 223

entriesis due to pagingand cacheeffects, becausethe
machineI ran thesetestson could not reliably hold the
working setin mainmemorywhenthetranspositiontable
is larger than223 entries. Any transpositiontableof size

Processors Timefor Estimated Timefor
Top20 Rating all

(seconds) (USCF) (seconds)
1 8936.95 2139 38261.91
2 5376.45 2183 22007.46
4 3152.54 2230 11614.43
8 1932.27 2272 7411.54

16 1240.72 2311 4398.32
32 844.00 2344 2803.33
64 573.19 2378 1670.29

128 444.78 2400 1129.68
256 378.72 2414 907.24
512 319.38 2429 677.11

Figure5: Theestimatedratingof ourparallelimplemen-
tation of Startechas a function of the numberof pro-
cessors.The time to solve the fastest20 of Kaufman's
testproblemsis shown, alongwith the estimatedrating
(computedwith Equation1), andthetimeto solveall 25
positions.

222 entriesor smallereasily®twithin themainmemoryof
theserialcomputerI used.

I ranKaufman'stestonavarietyof differentCM-5 con-
®gurations. Eachcon®gurationincludesa transposition
tableof with at least226 entriestotal. The transposition
tablesizewassetat221 entriesperprocessor, which is the
largestsize that ®tsin the 32 Megabytememoryof the
CM-5 processors.For runson fewer than32 processors,
I actuallyuseda 32-processormachinewith someproces-
sors`disabled'. In this case,I usedthe entiredistributed
memoryof the 32-processormachineto implementthe
global transpositiontable. As a result, in every parallel
run, the transpositiontablecontainsa total of at least226

entries.

Figure 5 shows the estimatedrating of Startechas a
functionof thenumberof processors.Accordingto Kauf-
man's test,thereis a diminishingreturnasthenumberof
processorsincreaseswhenonly thefastest20problemsare
considered.If we considerthe time to solve all 25 prob-
lems,however, therearestill signi®cantperformancegains
beingmadeevenwhenmoving from a 256-nodeCM-5 to
512-nodes.

Several otherchessproblemsetshave appearedin the
literatureto testtheskill of a chessprogram.TheBratko-
Kopecset [KB82], oneof the earliesttestsetspublished
for computers,wasdesignedto show the de®cienciesof
a programratherthanto estimatetheprogram's strength.
Feldmannet al. [FMM93] found that the Bratko-Kopec
testsetcouldnot differentiatebetweenmaster-level chess
programs,andsothey pickedacollectionof positionsfrom
actualgamesthey hadplayedto measuretheperformance
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of their program.Kaufman'sproblemsetwasspeci®cally
designedto estimatethe rating of a programthat plays
master-level chess.

EvenKaufman's problemsetis not dif®cultenoughto
testa programlike StarTech. Partly this is becauseStar-
TechinheritsHiTech'sstrategy of analyzingapositionfor
a few secondsbeforestartingthe search,and partly be-
causeit takes the parallel searchroutine a few seconds
to exposeany parallelism. StarTechwantsproblemsthat
will take more thanjust a few secondsto solve. On the
512-processorrun, for many of Kaufman's positions,the
programspendsonly a few secondson the position. On
averagethe time spenton the fastest20 moves is only
16 secondsÐlessthan a tenth of the time allowed un-
der tournamenttime conditions(roughly180secondsper
move.) The positionsin Kaufman's test that achieve the
bestspeedupareoftendiscardedby Kaufman'sevaluation
schemebecausethey wereamongthe slowest®ve posi-
tions. In tournamentplay, StarTech's performance,mea-
suredin positionspersecond,is generallymuchbetterin
thesecond90 secondsof a searchthanduringthe®rst90
secondsof search.Undersuchconditions,StarTechseems
to achievea factorof between50and100speedupon512
processors.

Theauthorsof theZugzwangchessprogram[FMM93]
encounteredsimilar problems,®ndingthat whensearch-
ing `easy' positionsto a very deepdepth,morespeedup
is achieved thancanrealisticallybe expectedundertour-
namentconditions.On theotherhand,searchingtheeasy
problemsto a shallow depthdoesnotgive theprograman
opportunityto ®ndparallelism.

In summary, I foundit dif®cultto obtainaclearestimate
of thestrengthof StarTechfrom thesebenchmarks,but it
appearssafeto say that StarTech's rating would be over
2400USCF. An effort needsto be madeto ®ndharder
problemsto testparallelprograms.

Critical Path and Work of StarTech

Simplymeasuringtheruntimeof StarTechdoesnotprovide
muchinsightinto why theprogrambehavesasit does.We
now examinehow to usetwo fundamentalperformance
metrics,critical path and work, to betterunderstandthe
performanceof StarTech.

It wasnotcleartome,whenI startedprogrammingStar-
Tech,how to predictthe performanceof a parallelchess
program.Chessprogramssearchadynamicallygenerated
tree,and obtain their parallelismfrom that tree. Differ-
ent branchesof the treehave vastly differentamountsof
total work andaverageparallelism. Chessprogramsuse
large global datastructuresand are nondeterministic. I
wantedpredictableperformance. For example, if I de-
velop a programon a small machine,I would like to be
ableto instrumenttheprogramandpredicthow fastit will
run on a big machine.How canpredictableperformance

besalvagedfrom a programwith thesecharacteristics?
I foundthattwonumbers,thecriticalpathlengthandthe

work, canbeusedto predicttheperformanceof StarTech.
Thecritical pathlength � is thetime it would take for the
programto run on an in®nite-processormachinewith no
schedulingoverheads.It is a lower boundon theruntime
of the program. It turnsout that � canbe measuredas
theprogramruns,by a methodof timestamping,without
actuallyperforminganin®nite-processorsimulation.The
work

�

is the numberof processorcycles spentdoing
usefulwork.

�

doesnot includecyclesspentidle when
thereis not enoughwork to keepall theprocessorsbusy.
On

�

processors,I de®ne
���	�

to be the linear speedup
term. Both � and

���	�

arelower boundsto theruntime
on

�

processors.(Anotherway to think about � and
�

is to considerthe programto be a data¯ow graph. � is
the depthof the graph,and

�

is the sizeof the graph.)
Wecancompare

�

to �

� , theruntimeof acorresponding
serialchessprogram,andwe cancompare� to

�

. The
ratio �

�

� �

is theef®ciencyof the parallelprogram,and
indicateshow much overheadis inherentin the parallel
algorithm. The ratio

���

� is the average parallelismof
the program,andindicateshow many processorswe can
hopeto effectively use. A goodapplicationkeeps

�

and
� small. Usually, I simply measure� and

�

as the
programruns.Thevaluesfor � and

�

canalsobederived
analyticallyfor a few specialcases.

For many nonchessapplicationsthevaluesof
�

and �

dependonly on theapplication,ratherthanon thesched-
uler. In StarTech's searchalgorithm,however, thevalues
of

�

and � are partially dependenton decisionsmade
by the scheduler. I found that

�

and � seemto be, in
practice,mostlyindependentof thosedecisions.

It is easyto measurethe work of a program. I mea-
sured,usingthemicrosecond-accuratetimersof theCM-5,
the total numberof cycles spentrunning chesscodeon
eachprocessor. Figure6 shows how the measuredwork
varieswith themachinesizefor eachof severalexecutions
of eachof the 25 chesspositions. The time for solving
theproblemon my bestserialversionof StarTechis also
shown. Notethattheamountof work increases(thatis, the
ef®ciency drops)asthemachinesizegrows. (It turnsout
thatStarTechalwaysrunsfasteron a big machinethanon
a smallmachine,however.) Whereastheef®ciency drops
asthemachinegetslarger, if we®xthemachinesize,and
let problemsrun longer, the ef®ciency improves. (The
longerrunningpositionsareshown ®rst,andthey arethe
positionson which lessextra work is doneby biggerma-
chines.)Jamboreesearchachievesef®cienciesof between
33%and50%.

The critical path length is a little bit moredif®cult to
measure.Using the CM-5 timers,I measuredthe length
of thelongestdependency chainof eachtree,asthesearch
runs.(Themeasurementisperformedasfollows: Eachpo-
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sition's critical-path depthis de®nedto be themaximum
of the critical pathdepthsof the positionsit dependson,
plusthetimeit takestodomovegenerationandstaticeval-
uationonthatposition.)Figure7 showshow themeasured
critical pathlengthvarieswith themachinesizefor eachof
25 differentchesspositions. Thecritical pathalsovaries
with the machinesizebecausesearchalgorithminteracts
with thescheduler.

Thecriticalpathandworkcanactuallybeusedtopredict
theperformanceof StarTech. I foundthattherun-timeon

�

processorsof StarTechis accuratelymodeledas

�

�

� 1 � 02
�

�




1 � 5�




4 � 3 seconds. (2)

Exceptfor theconstanttermof 4.3seconds,thisestimateis
within afactorof 2.52of thelowerboundsgivenby � and

���	�

. The4.3-secondconstanttermcomesfrom thetime
StarTechspendsatthebeginningof everysearchanalyzing
theboardandinitializing theevaluationtables.

TheschedulerandtheJamboreealgorithmhavepositive
interactions.Abstractly, the schedulerandthe algorithm
areseparated.But in practice,thereare interactionsbe-
tweenthem. If thereis more parallelismthan thereare
processors,thenprocessorstendto do their work locally,
effectivelycreatingalargergrainsize,andtheef®ciency of
the underlyingserialalgorithmbecomesthe determining
performancefactor. The StarTechschedulerattemptsto
stealwork thatis neartherootof thegametree,ratherthan
work thatis neartheleaves.By stealingwork neartheroot
of thegametree,thesizeof stolenwork is increased.On
theotherhand,if work is stolenthatlateris determinednot
to have beenuseful,moreprocessorcyclesarewasted. I
foundthatfor agiventreesearch,theaveragesizeof stolen
work is largerfor smallermachines.

Analysisof JamboreeSearch

TheJamboreesearchalgorithmcanbeanalyzedfor a few
specialcasesof treesof uniform height and degree. It
turnsout that I have two analyticalresults,one for best
orderedtreesandonefor worstorderedtrees.Thecomplete
statementof the theoremsandproofscanbefoundin my
Ph.D.thesis[Kus94].

Theorem1 stateshow Jamboreesearchbehavesonbest-
orderedtrees.A best-orderedtreeis onein which it turns
out thatthe®rstmoveconsideredis alwaysthebestmove,
andthusthetestsin thejamboreesearchalgorithmalways
succeed.

Theorem1 For uniformbestorderedtreesofdegree
�

and
height � , theef®ciencyis 1, andtheaverageparallelismis
about �

�
�

2 �

�����

2� .

Chesstreestypically have degreebetween30 and40 in
the middle-game,and which meansthat on a full-width

searchto depth10, a best-orderedchesstreewould have
severalhundred-thousandfold parallelism.

If thetreeisnotbest-ordered,thentheperformanceof the
parallelalgorithmcanbemuchworse,however. Theorem2
addressesworst-orderedtrees.A worst-orderedtreeis one
in whichtheworstmoveis considered®rst,andthesecond
worstmove is consideredsecond,andsoon,with thebest
moveconsideredlast.

Theorem2 For uniform worst-ordered treesof degree
�

andheight � , theef®ciencyis about1
�

3 and theaverage
parallelism is about 3, and the speedupis always less
than1.

Surprisingly, for worst-ordereduniformgametrees,the
speedupof Jamboreesearchoverserial� - � searchturnsout
tobeunder1. Thatis,Jamboreesearchis worsethanserial

� - � search,evenon anªidealº machinewith no overhead
for communicationsor scheduling.For comparison,paral-
lelizednegamaxsearchachieveslinearspeedupon worst-
orderedtrees,and Fishburn's MWF algorithm achieves
nearlylinearspeeduponworst-orderedtrees[Fis84].

In summary, criticalpathandwork aretheimportantpa-
rametersfor understandingthe performanceof StarTech.
Theaverageparallelismandef®ciency of StarTechareboth
goodenoughto achievesigni®cantspeeduponchessprob-
lems,which probablyallows StarTechto performsat Se-
nior Masterlevel.

4 Impr oving StarTech

Wehaveseenhow StarTechworks,andsomebasicperfor-
mancecharacteristicsof theprogram.This sectionshows
how thecritical pathandwork canbeusedto improvethe
performanceof StarTech.Firstwelookatatraditionalpro-
®leof how time is spentby StarTech,andthenwe review
threestrategiesthat I foundcanimprove theperformance
of theprogram.

How Time is Spentin StarTech

Examininga timing pro®lecanprovide cluesfor how to
improve a program. Figure 8 shows how the processor
cyclesarespentby StarTechon a typical chessposition
thatranfor about100secondsona512-processormachine.
The biggestchunkof time is devotedto the chess-work,
whichfurtherbrokendown in Figure9.

More thana third of all theprocessorcycles,andmore
than half the cycles spentby on `chesswork' are spent
by the codethat implementsthecontrol ¯o w of theJam-
boreealgorithm. In my serialprogram,the control ¯o w
of the � - � searchalgorithmconsumesabouta quarterof
all the processorcycles. The biggestpotentialimprove-
ment is to improve the codethat executesthe Jamboree
search,althoughI have not beenableto ®ndany obvious
improvementsto thecode.
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Figure6: The total work of eachof Kaufman's 25 testpositions,asmeasuredon variousmachinesizes. Eachbox
representsonetestposition. The positionsarenamedk01 throughk25 . The horizontalaxis on eachgraphis the
machinesize, where`S' denotesmy bestserial implementation. The vertical axis is the total work executed,in
processor-seconds.The rangeof the total work for eachpositionis shown at the left, just above the graphfor that
position.Theverticalaxisis scaledto thatrange.Eachplottedpointcorrespondsto a singlemeasuredexecution.The
positionsareplottedin descendingorderaccordingto thetimetakenby theserialimplementation.
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Figure7: Thecritical pathof eachof Kaufman's 25 testpositions,asmeasuredon variousmachinesizes. Eachbox
representsonetestposition. The positionsarenamedk01 throughk25 . The horizontalaxis on eachgraphis the
machinesize. Thevertical axis is the critical pathlength,in seconds.The rangeof the critical pathlengthfor each
positionis shown attheleft, justabovethegraphfor thatposition.Theverticalaxisis scaledto thatrange.Eachplotted
point correspondsto a singlemeasuredexecution.Thepositionsareplottedin descendingorderaccordingto thetime
takenby theserialimplementation.
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68.8% of thecyclesis `chess-work' doneby theparallelalgorithm. Of thosecycles,21.4%canbe
accountedfor by thetimethatourbestserialimplementationconsumes.

14.4% of thecyclesarespentby processorswaitingfor globaltranspositiontablereadsto complete.
6.6% of thecyclesarespentby idle processorssittingidle to avoid swampingbusyprocessorswith

requestsfor work.
3.6% of thecyclesarespentby idle processorslookingfor work to do.
3.2% of thecyclesarespentwaitingfor achild to complete,to determineif morework needsto be

doneata position.
2.2% of thecyclesarespentby busyprocessorsservicinga transpositiontablelookup.
0.6% of thecyclesarespentby processorsthathavework to do respondingto a requestfor work.
0.5% of thecyclesarespentby achild waitingfor an`abort'messagefrom its parent,aftersending

theresultto theparent.

Figure8: How processorcyclesarespentby 512 processorStarTechrunninga typical problemfrom Kaufman's
problemset,usingthedeferredreadstrategy andrecursive iterativedeepening.

37.7% of all thecyclesarespentoncontrol¯o w for theJamboreealgorithm.
15.8% of all thecyclesarespentmoving thepieceson theboard.
8.3% of all thecyclesarespentonstaticevaluation.
3.3% of all thecyclesarespentonmovegeneration.
2.0% of all thecyclesarespentsortingthemoves.
1.6% of all thecyclesarespentcheckingfor repeatedpositions.
0.2% of all thecyclesarespentcheckingfor illegalmoves.

68.8% of all thecyclesarespenton `chesswork'.

Figure9: How thetime is spenton `chesswork' for StarTechrunningon512processorsona typicalproblem.

A morecomplex schedulercouldpotentiallyget14.4%
of thecyclesbackfromwaitingontranspositiontablereads,
3.2%of thecyclesfrom thetime waitingon children,and
0.5%of thecyclesspentwaitingonparents.To savethose
18.1%of the cycleswould requireimplementinga more
complex schedulerto handlecontext switching between
subsearcheson a singleprocessor. Theseimprovements
areworth investigating.

It hasbeenarguedthatusingtheHitechstaticevaluator
is a badmatchfor anall-softwarecomputerchessproram.
SinceHitech usesspecialpurposehardware, the Hitech
staticevaluatorexpectstorunin constanttimeregardlessof
how sophisticatedthestaticevaluationfunctionbecomes.
SotheHitechstaticevaluationfunctionisdesignedtobeas
sophisticatedaspossiblegiventheconstraintsof theHitech
hardware. In StarTechonly the15.8%of thecyclesspent
movingpiecesontheboardandthe8.3%of thecyclesspent
onstaticevaluationareattributabletotheHitechemulation.
Perhapsa static evaluator designedfor a software-only
systemcould be betterthanHitech's staticevaluator, but
giventheoverheadsof StarTech's searchroutines,simply
speedingup the staticevaluatorwould not make a huge
performancedifference.I believe that themainweakness
of StarTechis its lackof searchextensionsratherthanany
weaknessin thestaticevaluator.

The code for move generationand checking illegal
moves, which takes a total of 3.5% of the cycles, was

optimizedby handin assemblylanguage.Beforetheopti-
mization,themove generationandillegal move checking
accountedfor about9%of all thecycles.

Thr eeImpr ovementStrategies

I found three strategies to improve the performanceof
StarTech: Recursive iterative deepening,deferred-reads,
anda slightserializationof thesearch.

The®rststrategy for improving performanceis to per-
form recursive iterative deepeningin order to improve
move ordering. StarTechusesits global transpositionta-
ble to improve move ordering. Most otherprogramsuse
additionalmove-orderingmechanismssuchas the killer
table[GEC67] andthe history table[MOS86]. StarTech
doesnotuseany suchadditionalmove-orderingheuristics.
Recursive iterative deepeningworks as follows. When
searchinga chesspositionto depth

�

, the®rstthing Star-
Techdoesis to lookupthepositionin theglobaltransposi-
tion tableto determineif anything from a previoussearch
hasbeensaved. If a move for a searchof depth

� �

1
or deeperis found, then StarTech usesthat move as its
guessfor the ®rstchild. If no suchmove is found, then
StarTechrecursively searchesthepositionto depth

� �

1
in orderto ®ndthe move. By so doing,StarTechgreatly
improves the probability that the bestmove is searched
®rst. Recentexperimentsperformedby D. Dailey on his
Socratesprogramsuggestthat recursive iterative deepen-
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ing may actuallyslow down programsthat alreadyhave
good move-orderingheuristics[Dai94]. (Recursive it-
erative deepeningwas usedin T. Truscott's unpublished
checkers programin the early 1980's [Tru92], and was
brie¯y exploredfor theHitechprogramby H. Berlinerand
hisstudentsin thelate1980's [Ber93].) Without recursive
iterative deepening,StarTechchoosestheright ®rstmove
85%±95%of thetime. With recursiveiterativedeepening,
a few percentmoreof the positionsaresearchedin best-
®rstorder. Recursive iterative deependingis worth about
a 20%performanceimprovementin StarTech.

The secondstrategy for improving performanceis to
perform deferred-readson the transpositiontable in or-
der to preventmorethanonepositionfrom searchingthe
samepositionredundantly. Whenaprocessingnodestarts
searchinga chessposition,StarTechrecordsin theglobal
transpositiontablethat the positionis beingsearched.If
anotherprocessorstartssearchingthe sameposition,the
processorwaitsuntil the®rstprocessor®nishes.It is much
betterfor thesecondprocessorto sit idle thanto work on
thetree,sincethispreventsthesecondprocessorfromgen-
eratingworkwhichmaythenbestolenbyotherprocessors,
causingan explosionof redundantwork. Deferred-reads
areworth abouta 4% performanceimprovementin Star-
Tech.

ThethirdstrategyistoserializeJamboreesearchslightly.
Insteadof searchingone child serially and then the rest
in parallel,asbasicJamboreesearchdoes,our variation
sometimessearchestwochildrenserially. Theprecisecon-
ditionsfor searchingtwo childrenseriallyarethatthenode
beof Knuth-Mooretype-2[KM75], thatrecursiveiterative
searchof thenodehada valuegreaterthanthe � param-
eter of the subtree,and that the searchof the ®rstchild
yieldedascorethatis lessthanor equalto the � parameter.
This serializationimprovesthe ef®ciency of StarTechby
10%±15%withoutsubstantiallyincreasingthecriticalpath
length.

Serialization Heuristics for JamboreeSearch

Thestoryof thatthird strategy illustrateshow critical path
andwork canbeusedto make gooddecisionsabouttun-
ing a parallelchessprogram.During thedevelopmentof
StarTechI foundseveralheuristicsthatmight improvethe
ef®ciency of the Jamboreechessalgorithmon real chess
positions. This improvementin ef®ciency often cameat
theexpenseof anincreasedcriticalpathlength.I foundone
heuristicthat actually improvesthe performancewithout
signi®cantlyincreasingthecritical path,however.

I ®rstsetout to identify whatwork is wasted.Thereare
two caseswheretheJamboreealgorithmdoeswork thatis
notnecessary:

failedwork is work doneto testa positionwhenthe test
fails, and the position must be searchedfor value.

Someof thefailedwork isacostintroducedby these-
rial Scoutalgorithm,sinceserialScoutalsoperforms
a research.Someadditionalfailedwork is incurred,
becausein the serialsearchthe test is possiblyper-
formedwith a tighterboundthanis availableduring
theparallelsearch.

cutoff work isworkthatisdoneonachildof apositionthat
would not have beenexpandedin a serialexecution
becauseanearlierchild wouldhave failedhigh.

I arrangedfor StarTechto computethe amountof failed
workandcutoff work. I foundthatmostof theinef®ciency
of Jamboreesearchis cutoff work. Dependingon the
position,10%±30%of all the work is cutoff work, while
lessthan2%is failedwork.

I foundthatdependingontheposition,50%±90%of the
failedwork is onType2 positions(positionsthatin abest-
orderedtreeareoff theprincipalvariationandimmediately
fail high) that droppedbelow � , while 10%±40%of the
failedwork is onType3 (positionsthatareoff theprincipal
variationanddonot fail high) thatdroppedbelow � .

Using that data,I decidedto try serializingthe search
for Type2 andType3 positionsthatdropbelow � . This
approachreducedthework by asmuchas50%,whichwas
evenmorethanmy measurementsindicatedthat it might.
The critical pathwasincreased,however, so that the av-
erageparallelismdroppedbelow 100. On smallmachines
thecritical pathwasnot a problem,but for big machines
theserializationhurt theperformanceof theprogram.

I tried a ®nerstrategy for serializingthe search. My
ideawasnotto serializethepositionscompletelythatwere
causingfailed work to appear, but simply to serializethe
positiona little bit. I tried a strategy of searchingexactly
oneadditionalchild serially, for positionsof Type 2 that
drop below � , beforesearchingthe rest of the children
in parallel. This strategy workedout well, decreasingthe
totalwork by 10%±15%while only increasingthecritical
pathslightly, sothattheaverageparallelismwasstill over
500.

By measuringaverageparallelismwecanunderstandthe
impactof ouralgorithmdesigndecisions.In contrast,one
recentenhancementto theZugzwangprogram[FMM93]
is to explicitly computethe numberof critical children
of a position,andwhensearchinga positionwith exactly
onecriticalchild,andseveralpromisingmoves,Zugzwang
searchesall thepromisingmovessequentiallybeforestart-
ing theparallelsearchof theotherchildren.They express
concernthat by serially searchingthe ®rstchild before
starting the other children they have reducedthe aver-
ageparallelism. Sincethe Zugzwangliteraturedoesnot
analyzecritical path lengths,it is dif®cult to determine
how Zugzwang'sserializationscaleswith themachinesize
without actually runningthe programon a big machine.
Measuringcritical pathandwork cananswersuchques-
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tions.
In summary, by measuringthe critical path and total

work, I wasableto improve theperformanceof theStar-
Techprogramover a wide variety of machinesizes. If I
hadonly studiedtheruntimeon smallmachines,I would
have beenmisled into overserializingthe program. By
measuringthecritical pathlength,I wasableto predictthe
performanceonabig machine.I thenveri®edthattheper-
formanceof the tunedcodematchedthepredictionwhen
runonabig machine.

5 Conclusions

Computerchessprovidesa goodtestbedfor understand-
ing multithreadedcomputations.The parallelismof the
applicationderivesfrom a dynamicexpansionof a highly
irregular game-tree.The treesbeingsearchedareorders
of magnitudetoo large to ®t into thememoryof our ma-
chines,andyetserialprogramscanrungame-treesearches
depth-®rstwith very little memory, sincethesearchtreeis
at most20 to 30 ply deep.Computerchessrequiresinter-
estingglobalandlocal datastructures.Computerchessis
demandingenoughto presentengineeringchallengesto be
solvedandto provide for someinterestingresults,yet it is
not sodif®cultthatonecannothopeto makeany progress
at all. Sincethereis anabsolutemeasureof performance
(`How well doestheprogramplaychess?'),thereis noper-
centagein cheating,e.g.,by reportingparallelspeedupsas
comparedto a really badserialalgorithm. In additionto
thosetechnicaladvantages,computerchessis alsofun.

By separatingthe searchalgorithmand the scheduler,
the problemsof eachcould be solvedseparately. OnceI
hadbuilt a provably goodscheduler, I wasableto focus
my attentionon theapplication,analyzingandimproving
the performanceof the underlyingsearchalgorithm. By
usingcritical path to understandthe a program,onecan
make goodtradeoffs in algorithmdesign.Without sucha
methodologyit canbeverydif®culttodoalgorithmdesign.
My measurementsdemonstrate,for example,that thereis
plentyof parallelismin StarTech.

Many researchershave tried to build parallelchesspro-
grams,with mixedsuccess.TheStarTechprogramowesits
successbothto goodhardwareandgoodsoftware.On the
hardwareside,theCM-5's fastuser-level messagepassing
capabilitymakesit possibletouseaglobaltranspositionta-
ble,andtodistribute®negrainedworkef®ciently. Fasttim-
ing facilities allow ®ne-scaleperformancemeasurement.
On the softwareside,StarTechusesa goodsearchalgo-
rithm,andsystematicallymeasurescriticalpathlengthand
totalwork to understandtheperformanceof theprogram.

I foundthatchessplacesgreatdemandson a scheduler.
In anotherexperimentI performed,I found,byreconstruct-
ing theschedulefor an in®nite-processorsimulation,that
sometimesthereisplentyof parallelwork todo,andsome-

timesthereisverylittle. I typicallysaw averageparallelism
of at leastseveralhundred,but for abouta quarterof the
run-timeonanin®niteprocessormachine,theaveragepar-
allelismwaslessthan4. It is crucialthattheschedulerdoa
goodjobwhenthereis verylittle todo,sothattheprogram
cangetbackto thehighly parallelparts.

StarTech's tournamentperformancedemonstratesthe
practicalityof theparallelcomputerchesstechnologyde-
scribedin this paper. StarTech,runningon the512-node
CM-5 at the NationalCenterfor SupercomputingAppli-
cationsat Universityof Illinois, tied for third placeat the
1993ACM ComputerChessTournamentonits®rstouting.

The Futur e

TheStarTechwork pointsto severalareasfor futurework,
including new algorithms,new programs,and new pro-
grammingparadigms.

Thereareseveralotherapproachesto gametreesearch
thatarenotbasedon � - � search,severalof whichmightbe
applicableto parallelsearch.For example,H. Berliner's
B* searchalgorithm[Ber79] triesto prove thatoneof the
moves is betterwith respectto a pessimisticevaluation
thanany of theothermoveswith respectto anoptimistic
evaluation. D. McAllester's Conspiracy search[McA88]
expandsthetreein sucha way thatto changethevalueof
the root will requirechangingthe valuesof many of the
leavesof the tree. The SSS*algorithm[Sto79] applies
branchandboundtechniquesto gametreesearch.These
algorithmsall requirespacewhich is nearlyproportional
to the run time of the algorithm,but the the constantof
proportionalitymaybesmallenoughto befeasible.While
thesealgorithmsall appearto beparallelizable,they have
not yet beensuccessfullydemonstratedaspracticalserial
algorithms. I wantedto be ableto comparemy work to
thebestserialalgorithms.Nonetheless,smarteralgorithms
with higheroverheadsmaybecomemorevaluableasma-
chineperformanceincreases.

One of the biggestopenquestionsfor tuning parallel
chessprogramsis theimpactof additionalsearchheuristics
on the critical pathandtotal work. In StarTechwe only
did a simplesearchto a given depthandthenperformed
quiescencesearch,trying out all thecaptures.Most state-
of-the-artchessprogramsemploy searchextensionsand
forwardpruningto improvethequalityof theirtreesearch.

I have been working on a newer program, called
� Socrates,with D. Dailey, L. Kaufman, C. F. Joerg,
C. E. Leiserson, R. D. Blumofe, M. Halbherr, and
Y. Zhou[JK94]. � Socratesusesmoresophisticatedsearch
extensionsandseemsto have evengreateraverageparal-
lelism thanStarTech. � Socratesusesa new programming
languageand run-time systembeing developedat MIT
calledCilk (pronounced̀Silk') [BJK*94]. Cilk provides
alanguageandrun-timesystemto separatetheapplication
programfromtheproblemsof schedulingandloadbalanc-
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ing ona parallelcomputer. Cilk hopesto make it possible
for ordinaryC programmersto write multithreadedappli-
cationswithouthaving to beexpertsin parallelcomputing.
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