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Abstract

Computerchessprovidesa goodtestbedfor understand-
ingdynamicMIMD-style computations.To investigatethe
programmingissues,we engineereda parallelchesspro-
gramcalled*Socrates,which runningon theNCSA's 512
processorCM-5, tied for third in the1994ACM Interna-
tionalComputerChessChampionship.*Socratesusesthe
Jamboreealgorithmto searchgametreesin paralleland
usestheCilk 1.0languageandrun-timesystemto express
andto schedulethecomputation.In orderto obtaingood
performancefor chess,weuseseveralmechanismsnotdi-
rectlyprovidedbyCilk, suchasabortingcomputationsand
directlyaccessingtheactivemessagelayerto implementa
globaltranspositiontabledistributedacrosstheprocessors.
We foundthatwe canusethecritical path � andthetotal
work � topredicttheperformanceof ourchessprograms.
Empirically*Socratesrunsin time ��� 0 � 95�	� 1 � 09��

�

on � processors.For best-ordereduniformtreesof height
�

anddegree � the averageavailableparallelismin Jam-
boreesearchis Q ������
 2 ���
�

2
� . *Socratessearchingreal

chesstreesundertournamenttime controlsyieldsaverage
availableparallelismof over1000.

1 Intr oduction

Computerchessprovidesa goodtestbedfor understand-
ing dynamicMIMD-style computations.Theparallelism
in computerchessis derived from a dynamicexpansion
of a highly irregular game-tree,which makes computer
chessdif®cultto express,for example,asa data-parallel
program. To investigatehow to program this sort of
dynamicMIMD-style application,we engineereda par-
allel chessprogramcalled *Socrates(pronouncedªStar-
Socratesº.)The program,basedon HeuristicSoftware's
serialSocratesprogram,hasan informally estimatedrat-
ing of over 2400USCF. *Socrates,runningon the 512-
node CM-5 at the National Centerfor Supercomputing
Applications(NCSA)at theUniversityof Illinois, tied for
thirdplacein the1994ACM InternationalComputerChess
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Championshipheldat theendof June1994in CapeMay,
New Jersey.

*Socratesis a stepforward from *Tech [Kus94], our
previouschessprogram. *Techis basedon H. Berliner's
serial Hitech program[BE89], and running on NCSA's
512-nodeCM-5, tied for third in the1993ACM Interna-
tionalChessChampionship.*Socratesborrowedmany of
thetechniqueswe developedfor *Tech,includingtheba-
sicsearchalgorithmandthetranspositiontable.*Socrates
usesa new programminglanguageand run-time system
calledCilk 1.0 [BJK*94] to separatethe chessprogram
from theproblemsof schedulingandloadbalancingon a
parallelcomputer.

Tohelpmanagethecomplexity of ourchesssystems,we
dividedtheprogrammingprobleminto twoparts:anappli-
cationanda scheduler. Theapplicationcanbethoughtof
asa dynamicallyunfoldingdirectedacyclic graph,where
thegraphverticescorrespondto instructions,andthegraph
edgescorrespondcontrol-¯ow dependenciesbetweenvar-
iousinstructions.An instructionmaynot executeuntil all
itspredecessorshaveexecuted.Thescheduler, ontheother
hand,takessucha DAG anddecideson which processor
eachinstructionshouldrun, andwhenit shouldrun. The
application's job is to exposeparallelism.Thescheduler's
job is to runtheprogramasfastaspossible,giventheavail-
ableparallelismin theapplication,without runningoutof
memory. Thus,in *Socrates,weuseCilk 1.0toaddressthe
schedulingproblem,andthechessprogramitselfcanfocus
ononly thoseissueswhichareuniqueto a chessprogram.

We had learnedfrom our previous parallel chesspro-
gram,*Tech,how to predicttheperformanceof a parallel
chessprogram.It wasnotclearfrom theoutsethow topre-
dict the performanceof a parallelchessprogram. Chess
programssearcha dynamicallygeneratedtree, and ob-
tain their parallelismfrom thattree.Differentbranchesof
the treehave vastly differentamountsof total work and
available parallelism. Chessprogramsuse large global
datastructuresandarenondeterministic.We wantedpre-
dictable performance. For example, if one developsa
programon a smallmachine,onewould like to beableto
instrumenttheprogramandpredicthow fastit will runon
a big machine.How canpredictableperformancebesal-
vagedfrom a programwith thesecharacteristics?We had
foundfrom *Techthattherearetwo complexity measures
of performancethat actuallycanpredicttheperformance
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of chessprograms:thetotal work � andthecritical path
length � .

Thetotalwork andcritical pathlengthgiveusa chance
to understandhow theperformanceof a parallelprogram
will scaleasthe numberof processorsincrease,andalso
givesus a chanceto understandthe effectivenessof our
scheduler. For example,theeffectivenesswith which the
availablework is scheduledinto themachinecanbemea-
suredby comparingit to theboundfrom Brent's theorem
[Bre74, Lemma2], whichstatesthattheruntimeon � pro-
cessorswith aperfectschedulercanbebroughtdown tono
morethan � � ��
 � .

Thevaluesof � and� dependontheparallelalgorithm,
ratherthanon the scheduler. In our game-treesearchal-
gorithm, the valuesof � and � arepartially dependent
on schedulingdecisionsmadeby the scheduler, but we
believethat � and � aremostlyindependentof thosede-
cisions. A good algorithmreduces� and � . We can
compare� to theruntimeof acorrespondingserialchess
program,andwecancompare� to � . Theratioof � to
thework doneby theserialprogramis theef®ciencyof the
program,andindicateshow muchoverheadis inherentin
theparallelalgorithm.Theratio ��
 � is theaverageavail-
ableparallelismof theprogram.We canhope,becauseof
Brent's theorem,to useasmany as ��
 � processorswith
anef®ciency of at least50%.

This paperexplains how we obtain predictablehigh-
performanceon *Socrates.Section2 describesthe Jam-
boreegame-treesearchalgorithmandpresentssomean-
alytical resultsdescribingthe performanceof Jamboree
search.Then,in Section3, we describetheCilk 1.0 lan-
guageand run-timesystem. The modi®cationsmadeto
Cilk in order to run the chessprogramare describedin
Section4. In Section5 we outline several other mech-
anismsusedin the chessprogram. Section6 presentsa
descriptionof how the Jamboreealgorithmrelatesto the
algorithmsusedby otherchessprograms.We make some
concludingremarksin Section7.

2 Parallel GameTreeSearch

The *Socrateschessprogramusesan ef®cientparallel
game-treesearchalgorithmcalledªJamboreeºsearch.In
this sectionwe explain Jamboreesearch,startingwith the
basicsof negamaxsearchandserial� -

�

search,andpresent
someanalyticalperformanceresultsfor thealgorithm.

ThebasicideabehindJamboreesearchis to do thefol-
lowing operationsonapositionin thegametreethathas�

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.

� Eachchildthatturnsouttobebetterthanthe®rstchild
is searchedin turn to determinewhich is thebest.

If themove orderingis best-®rst,i.e., the®rstmove con-
sideredis alwaysbetterthanthe othermoves,thenall of
thetestssucceed,andthepositionis evaluatedquickly and
ef®ciently. We expectthat the testswill usuallysucceed,
becausethe move orderingis often best-®rstduethe the
applicationof severalchess-speci®cmove-orderingheuris-
tics.

2.1 NegamaxSearch Without Pruning

Beforedelvinginto thedetailsof theJamboreealgorithm,
let usreview thebasicsearchalgorithmsthatareapplica-
ble to computerchess.(Readerswhoarefamiliarwith the
serialgametreesearchalgorithmsmay wish to skip di-
rectly aheadto thedescriptionof theJamboreealgorithm
in Section2.4.) Most chessprogramsusesomevariant
of negamaxtreesearchto evaluatea chessposition. The
goalof thenegamaxtreesearchis to computethevalueof
position� in a tree �	� rootedatposition� . Thevalueof �

is de®nedaccordingto thenegamaxformula:




���


�

�

�

�

��

static eval (p)
if � is a leaf in �

� , and
max

�

�


�� : � achild of � in �
�

�

if � is nota leaf.

Thenegamaxformulastatesthatthebestmove for player
�

is themovethatgivesplayer� , whoplaysthebestmove
from � 's point of view, theworstoption. If thereareno
moves,thenweuseastaticevaluationfunction.Of course,
no chessprogramsearchesthe entiregametree. Instead
somelimited gametree is searchedusing an imperfect
staticevaluationfunction. Thus,we have formalizedthe
chessknowledgeas �

� , whichtellsuswhattreeto search,
andstatic eval , which tells ushow to evaluatea leaf
position.

ThenaiveAlgorithmnegamax shown in Figure1com-
putesthe negamaxvalue 


� of position � by searching
the entire tree rooted at � . It is easy to make Algo-
rithm negamax into a parallelalgorithm,becausethere
areno dependenciesbetweeniterationsof the for loop of
Line (N5). Onesimply changesthe for loop into a par-
allel loop. But negamaxis not a ef®cientserial search
algorithm,andthus,it makeslittle senseto parallelizeit.

2.2 Alpha-Beta Pruning

The mostef®cientserialalgorithmsfor game-treesearch
all avoid searchingthe entiretreeby proving that certain
subtreesneednot beexamined.In this sectionwe review
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(N1) De®nenegamax � � � as
(N2) If � is a leaf thenreturnstatic eval �

�

� .
(N3) Let

�

��� thechildrenof � , and
(N4)

�

� ��� �

(N5) For � from 0 below 	

�

�
	 do:
(N6) Let ��� � negamax �

�

��
�� � ;; RecursiveSearch
(N7) if ���

�

thenset
�

��� � ;; New bestscore
(N8) enddo
(N9) return

�

.

Figure1: Algorithm negamax.

� � � �

� � � �

� � � �

� � � �

� � � �

� � � �

� � �����

� � � �

Figure 2: White to move and win. In this position,
White neednot considerall of Black's alternatives to
40. � f1, sincealmostany move Black makeswill keep
the queen,a worseoutcomethan just taking the queen
with 40. ��� h2.

the � -
�

serialsearchalgorithmin preparationfor theex-
planationof how the Jamboreeparallelsearchalgorithm
works.

An exampleof how pruningcan reducethe size of a
gametreethatis searchedcanbeseenin thechessposition
of Figure 2. SupposeWhite hasdeterminedthat it can
win Black's queenwith 40. ��� h2. White's otherlegal
move 40. � f1 fails to capturethe queen. White does
notneedto considereverypossibleway for Black'squeen
to escape.Any oneof a numberof possibilitiessuf®ces.
Thus, White can stop thinking about the move without
having exhaustively searchedall of Black'soptions.

The idea of pruning subtreesthat do not need to
be searchedis embodiedin the serial � -

�

searchalgo-
rithm [KM75], which computesthe negamaxscorefor a
nodewithoutactuallylookingattheentiresearchtree.The
algorithmis expressedasa recursive subroutinewith two
new parameters� and

�

. If thevalueof any child, when
negated,is asgreatas

�

, thenthevalueof theparentis no
lessthan

�

, andwe saythat the parentfails high. If the
valuesof all of thechildren,whennegated,arelessthanor
equalto � , thenthevalueof theparentis no greaterthan

� , andwesaythattheparentfails low.
Procedureabsearch 3 is shown in Figure 3. When

3This variant on the standard� - � algorithm is apparentlydue to

Procedureabsearch is called,the parameters� and
�

arechosensothatif thevalueof a nodeis notgreaterthan
� andlessthan

�

, thenweknow thatthevalueof thenode
cannot affect thenegamaxvalueof theroot of theentire
searchtree.After thescoreis returnedfrom thesubsearch
on Line (A6), thealgorithm,on Line (A7), checksto see
if thenegatedscoreis asgreatas

�

. If so,we know that
thevalueof thenodeis at leastasgreatas

�

andwe can
skipsearchingtheremainingchildren;thenodehasfailed
high. Justbecauseoneof thechildrenhasa negatedscore
lessthan � , however, doesnotmeanthatsomeotherchild
might not be within the � -

�

window. Thealgorithmcan
only fail low afterconsideringall of thechildren.

The � -
�

algorithmcansubstantiallyreducethesizeof
the tree searched.The � -

�

algorithm works best if the
bestmovesareconsidered®rst,becauseif any move can
make the positionfail high, thencertainlythe bestmove
canmakethepositionfail high. KnuthandMoore[KM75]
show that for searchesof a uniform best-orderedtreeof
height � anddegree  , the � -

�

algorithmsearchesonly
!

�#"  %$ � leavesinsteadof  

$ leaves.
Forany �'& 0,beforesearchingthe � � � 1 � stchild,the � -

�

algorithmobtainsthevalueof the � th child andpossibly
usesthat value to adjust � or return immediately. This
dependency between®nishingthe � th child and starting
the � � � 1 � st child completelyserializesthe � -

�

search
algorithm.4

2.3 ScoutSearch

For aparallelchessprogram,weneedanalgorithmthat
both effectively prunesthe tree and can be parallelized.
Westartedwith avariantonserial� -

�

search,calledScout
search,and modi®edit to be a parallel algorithm. This
sectionexplainstheScoutsearchalgorithm.

Fishburn[Fis83],whocalledit fail-soft � - � search. Fail-soft � - � search
canreturna valuethatis lessthan � , in which casethevaluereturnedis
anupperboundto the truevalueof thenode,or thesearchcanreturna
valuethat is greaterthan � , in which casethe valuereturnedis a lower
boundto thetruevalue.

4R. Finkel andJ.Fishburn showedthatif theserializationimpliedby
� - � pruningis ignoredby a parallelprogram,thenit will achieve only

( )

speedupon
)

processors[FF82].
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(A1) De®neabsearch �

��� ���

�

� as
(A2) If � is a leaf thenreturnstatic eval �

�

� .
(A3) Let

�

��� thechildrenof � , and
(A4)

�

� ��� �

(A5) For � from 0 below 	

�

�
	 do:
(A6) Let ��� � absearch �

�

��


�

�

�

�

�

�

� �

(A7) If � &

�

thenreturn � . ;; Fail High
(A8) If � �

� thenset �

��� . ;; Raise�

(A9) If � �

�

thenset
�

��� .
(A10) enddo
(A11) return

�

.

Figure3: Algorithm absearch .

(S1) De®nescout �

��� ���

�

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

�

� .
(S3) Let

�

��� thechildrenof � , and
(S4)

�

� � scout � � 0
�

�

�

�

�

�

� �

(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

�

.

Figure4: Algorithm scout .

Figure4 showstheserialScoutsearchalgorithm,which
is dueto J.Pearl[Pea80]. Procedurescout is similar to
Procedureabsearch , exceptthatwhenconsideringany
child that is not the®rstchild, a testis ®rstperformedto
determineif the child is no bettera move than the best
move seensofar. If thechild is no better, the testis said
to succeed.If thechild is determinedto bebetterthanthe
bestmove so far, the test is said to fail, andthe child is
searchedagain(valued)to determineits 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.,
themove looks like it might bebetterthanthebestmove
seensofar), thenthechild is valued,on Line (S13),using

anon-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
scoreagainst

�

onLine S11.
A test is typically cheaperto executethana valuation

becausethe � -
�

window issmaller, whichmeansthatmore
of thetreeis likely to bepruned.If thetestsucceeds,then
algorithmscout hassaved somework, becausetesting
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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

�

.

Figure5: Algorithm jamboree .

a nodeis cheaperthan®ndingits exact value. If the test
fails, thenscout searchesthenodetwiceandhassquan-
deredsomework. Algorithm scout betsthat the tests
will succeedoften enoughto outweighthe extra costof
any nodesthatmustbesearchedtwice,andempiricalevi-
dence[Pea80] justify itsdominanceasthesearchalgorithm
of choicein modernserialchess-playingprograms.

2.4 JamboreeSearch

The Jamboreealgorithm,shown in Figure 5, is a paral-
lelized versionof the Scoutsearchalgorithm. The idea
is that all of the testingof the children is done in par-
allel, and any teststhat fail are sequentiallyvalued. A
parallel loop construct,in which all of the iterationsof
a loop run concurrently, appearson Line (J7). Somesyn-
chronizationbetweenvariousiterationsof theloopappears
on LinesJ12andJ18. We sequentializethe full-window
searchesfor values,because,while we arewilling to take
a chancethatanemptywindow searchwill besquandered
work, we are not willing to take the chancethat a full-
window search(which doesnot prunevery much)will be
squanderedwork. Sucha squanderedfull-window search
couldleadustosearchtheentiretree,whichismuchlarger
thantheprunedtreewewantto 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
that canbe 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.

Theactualsearchalgorithmusedin *Socratesalsoin-
cludessomeforward pruningheuristicsthatprunea deep
searchbasedon a shallow preliminarysearch. The idea
is that if the shallow searchlooks really bad, thenmost
of the time a deepsearchwill not changethe outcome.
Forwardpruningtechniqueshave lately beenshown to be
extremelypowerful, allowing programsrunningon single
processorsto beatsomeof thebesthumansat chess.The
serialSocratesprogramusessucha scheme,andsodoes
*Socrates. In the *Socratesversionof Jamboreesearch,
we®rstperformthepreliminarysearch,thenwesearchthe
®rstchild, thenwe testtheremainingchildrenin parallel,
andresearchthefailedtestsserially.

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
programwouldavoid.

2.5 Analysisof JamboreeSearch

TheJamboreesearchalgorithmcanbeanalyzedfor a few
specialcasesof treesof uniform heightanddegree.Here
we summarizeour results.Thecompletestatementof the
theoremsandproofscanbefoundin [Kus94]. It turnsout
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that we have two analyticalresults,onefor bestordered
treesandonefor worstorderedtrees.

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

Theorem1 For uniformbest-orderedtreesofdegree� and
height

�

thefollowinghold:

� The total work performedis Q ��� �
�

2
� , which is the

sameas serial � -
�

search would perform. That is,
theworkef®ciencyis 1.

� Thecritical path lengthis Q � 2 �
�

2
� , andthustheav-

erageavailableparallelismis Q ��� � 
 2 ���
�

2
� .

Chesstreestypically havedegreeof between30and40
in the middle-game,andsincewe hopeto searchat least
to depth10, a best-orderedchesstreewould have several
hundred-thousandfold parallelism.

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

Theorem2 For uniform worst-ordered treesof degree �

andheight
�

thefollowinghold:

� Thetotal workperformedis Q ��� ��� .

� Thecritical pathis Q ����� � .

For large � and
�

, theconstantswork outsothat thetotal
work performedis approximatelythreetimesas much as
the serial � -

�

search would perform(thus the ef®ciency
is 1
 3), and the critical path lengthis equalto the work
performedby serial � -

�

(with thespeedupapproaching1
frombelow.)

Surprisingly, for worst-ordereduniformgametrees,the
speedupof Jamboreesearchoverserial� -

�

searchturnsout
to beunder1. Thatis,Jamboreesearchis worsethanserial

� -
�

search,evenona machinewith nooverheadfor com-
municationsor scheduling.For comparison,parallelized
negamaxsearchachieveslinearspeeduponworst-ordered
trees,andFishburn's MWF algorithmachievesnot-quite
linearspeeduponworst-orderedtrees[Fis84].

2.6 RealChessTrees

For real chesstrees,we found that thebetterthe move
ordering,thelower thecritical pathandthelesstotalwork
isperformed.Thus,themoveorderingheuristicsof achess

program,whichareimportantfor serialprogramsbecause
it reducesthework, aredoubly importantfor our parallel
algorithmbecauseit alsodecreasesthecritical pathlength.

It is dif®cult to analyzeJamboreesearchfor arbitrary
gametrees,becauseit is dif®cultto characterizethe tree
itself, andthetreethatis actuallysearchedcandependon
how the work is scheduled.Unlike many otherapplica-
tions, the shapeof the treetraversedby Jamboreesearch
canbeaffectedby theorderof theexecutionof thework,
sometimesincreasingthework andsometimesdecreasing
work. Thus,measurementsof ªcritical pathlengthº and
ªworkº on a particularrunmaybedifferentthanthemea-
surementstaken on anotherrun, becausethe treesthem-
selves are different. It is not clear what ªcritical pathº
andªworkº meanfor Jamboreesearchon arbitrarytrees.
Nonetheless,we have foundthatwe canusethemeasurd
critical pathlengthandtotalwork to tunetheprogram.

Ourstrategy is to measurethecritical pathandthework
on a particularrun, andto try to predictthe performance
fromthosemeasurements.(Thedetailsof how wemeasure
critical pathlengtharediscussedin Section3.) We mea-
suredthe programon a setof eight problems5, shown in
Figure6. For eachproblemtheprogramwasruntovarious
depthsup to thosethat allowed the programto solve the
problemby gettingthe ªcorrectº answer, asidenti®edby
Kaufman.Wealsomeasuredtheprogrammingrunningon
a varietyof differentsizedmachines.Thenwe performed
acurve-®tof thedatato a performancemodelof theform

� predicted� � 1
�

� � � 2
�

�

�

� � 3 �

We foundthattheperformancecanbeaccuratelymod-
eledas

� � � 0 � 95
�

0 � 04��� � � 1 � 091
�

0 � 001�

�

�

� 0 (1)

with a samplecorrelationcoef®cient6 of 0.999947,anda
meanerrorof 14.2%anda meanrelative errorof 4.85%.7

To us, this is quite amazing,becausechessis a very de-
mandingapplication.For *Tech,we foundthataccording
to measurementsof the ideal parallelismpro®le(which
showstheamountof parallelismasafunctionof time,run-
ning theprogramon anideal in®niteprocessormachine),
for half the run-timethereis often lessthan10-fold par-
allelism. Thelow coef®cientson Equation1 indicatethat
theprogramquickly ®nishestheavailablework duringthe

5Our eight problemswere provided by *Socratesteam member
L. Kaufman,who is an InternationalMaster. Kaufmanhaspublished
several largersetsof benchmarks[Kau92, Kau93] thatwereusedto un-
derstand*Tech[Kus94].

6Forade®nitionof samplecorrelationcoef®cientsandotherstatistical
termssee,for example,[HL93, page51].

7The resultspresentedhere are for *Socrates. A more complete
analysisof the statisticalpropertiesof the measurementsfor *Techcan
befoundin Kuszmaul's dissertation[Kus94].
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Figure6: The8 chesspositionsusedin this paper. Below eachpositionis shown Kaufman's ªcorrectºmovefor that
position.All positionsareªWhite to moveº, exceptfor Position(f).

timesof low parallelism,andwhenthereis muchparal-
lelismtheprogramef®cientlyloadbalancesthework.

We alsofoundthatthework increasesby abouta factor
of two to threeasthenumberof processorsincreasesfrom
1 to 128 processors,and that the critical path length is
fairly stableasthenumberof processorsincreases.Most
of thedif®cultyof predictingtheperformanceof thechess
programcomesfrom the fact that the amountof work is
increasing.Theprocessorsendupexpandingsubtreesthat
areprunedin theserialcode.

Wefoundthatthecriticalpathdoesnotlimit thespeedup
for our testproblems,or for the programrunningunder
tournamentconditions. By usingcritical path to under-
standtheparallelismof ouralgorithm,weareableto make
good tradeoffs in our algorithmdesign. Without sucha
methodologyit canbe very dif®cult to do algorithmde-
sign. For example,Feldmann,Monien, and Mysliwietz
®ndthemselveschangingtheir Zugzwangchessprogram
to increasethe parallelismwithout really having a good
way to measuretheir changes[FMM93]. They express
concernthat by serially searchingthe ®rstchild before
startingtheotherchildrenthey have reducedtheavailable
parallelism. Our techniqueallows us to statethat there
is suf®cientparallelismto keepthousandsof processors
busy without changingthe algorithm. We canconclude
thatweshouldtry to reducethetotalamountof work done
by theprogram,evenif it reducestheavailableparallelism
slightly.

We experimentedwith sometechniquesto improve the
work ef®ciency, andfoundseveral techniquesto improve
thework ef®ciency at theexpenseof increasingthecriti-
cal pathlength. For example,on *Techwe considereda

algorithmchangethat would valuethe ®rsttwo children
beforestartingtheparalleltestsof all theremainingchil-
dren.Theideais thatby valuingmorechildren,it becomes
more likely that the bestof the children that have been
valuedwill be ableto prunesomeof the remainingchil-
dren.Whenwemeasuredtheruntimeonasmallmachine,
the programran fasterbut on a big machinethe runtime
actuallygot worse. To understandwhy, we lookedat the
work andcritical pathlength. We found that this variant
of Jamboreesearchactuallydoesdecreasethetotal work,
but it increasesthecritical pathlength,sothatthereis not
enoughavailableparallelismto keepa big machinebusy.
By looking at both the critical path length and the total
work we wereableto extrapolatetheperformanceon the
big machinefrom the performanceon the little machine,
however, andsoweavoidedintroducingmodi®cationsthat
wouldhurtusin tournamentconditions.

3 The Cilk Work-Stealing Scheduler

Now thatwe have explainedthesearchalgorithmused
in *Socrates,we needto explain how the computationis
distributedacrossthemachine.We usea run-timesystem
calledCilk 1.0 [BJK*94]8 to distribute work amongthe
CM-5 processors.Thissectionexplainshow a programis
expressedin Cilk andhow thecomputationis distributed
acrossthemachine.

To distribute work amongCM-5 processors,Cilk uses
a randomizedwork-stealingapproach,in which idle pro-
cessorsrequestwork. Processorsrun codethat is nearly

8Cilk is a threadedlanguageof theC ilk.

7



P1 int ®b(int n)
P2

�

P3 if(n<2) returnn;
P4 elsereturn®b(n-1)+®b(n-2);
P6 �

fib(n-2)

fib(n-1)

sum

F1 threadsum(contk, int x, int y)
F2

�

F3 SendWordArgument(k, x+y);
F4 �

F5
F6 thread®b(contk, int n)
F7

�

F8 if (n<2)SendWordArgument(k, n);
F9 else
F10

�

contx, y;
F11 spawn next sum(k, ?x,?y);
F12 spawn ®b(x, n-1);
F13 spawn ®b(y, n-2);
F14 �

F15 �

Figure7: ExpressingthedoublyrecursiveFibonacciprogramin Cilk 1.0. On theupper-left is theprogramwritten in
serialC. On thelower-left is thedata¯ow graphfor theprogram.On theright is thecorrespondingCilk code.

serial. Whena processordiscoverssomework thatcould
bedonein parallel,it poststhework intoalocaldatastruc-
ture. When a processorruns out work locally, it sends
a messageto anotherprocessor, selectedat random,and
removeswork from that processor's collectionof posted
work.

TheCilk systemwasoriginalbasedontheParallelCon-
tinuationMachinerun-timesystemof Halbherr, Zhouand
Joerg [HZJ94]. In PCM,theschedulerusesadoubleended
queue(a deque) on every processor. When a processor
postswork, it pushesit on thebottomof thedeque.When
aprocessorneedsmorework todolocally, it popsit off the
bottomof the deque. Whena processorstealswork, the
work is stolenfromthetopof thedequeontheremotepro-
cessor. It turnsout thatwe modi®edthis basicscheduler,
asweshalldescribein Section4.4.

Cilk requiresthat the programmerexplicitly breakthe
algorithminto threads.To give an ideaof how programs
areexpressed,considerthedoublyrecursiveFibonacci pro-
gramshown in Figure7. First we convert theprogramto
a data¯ow graph,andthenfor eachnodeof thegraph,we
write a thread,which looks like a C function. Thus, in
the®nalCilk code,therearetwo threads,thesum thread
andthe fib thread.Thesum threadacceptstwo values,
addsthem,andsendsthe result to an explicitly provided
continuation.Thefib threadcreatesa threadto sumtwo
results,andpassescontinuations(denotedx andy) for that
threadto two subsidiaryfib threads. For a morecom-
pletedescriptionof the Cilk syntax,including a tutorial,
see[BJK*94].

Similarly for theJamboreealgorithm,we transformthe
searchcodeshown in Figure5 into a data¯ow graph,as
shown in Figure8. Thenwe expresstheprogramin Cilk
analogouslyto theFibonacciexample.

Cilk automaticallycomputesthecritical pathlengthand
totalwork of a computation.Thecomputationof thecrit-
ical pathis doneby a systemof time-stamping,asshown
in Figure9.

The Cilk systemrunson both the CM-5 andnetwork
of workstations.Soonwe expectto provideCilk versions
that run on sharedmemorymultiprocessorsanda variety
of otherparallelcomputingplatforms. We arecurrently
working on improving the Cilk time systemto provide
bettersupportfor globaldatastructures,for input/output,
andto helpautomaticallybreakupaprograminto threads.

4 UsingCilk for ChessSearch

In thefollowing two sectionswedescribetheimplementa-
tion of *SocratesusingCilk. Thesesectionsareaninter-
estingcasestudyin implementinga large,multithreaded,
speculativeapplication.As mentionedin theintroduction,
*Socratesis a parallelizationof a serial chessprogram.
Much of the code,including the staticevaluator, is iden-
tical in the paralleland the serial versionsand is not be
discussedhere. Instead,we focuson the portionsof the
codewhich werewritten speci®callyfor the parallelver-
sion.

Thissectionfocusesonthosepartsof theCilk scheduler
thatwe hadto changein orderto make Cilk behave more
like the schedulerusedin *Tech. The changeswe made
includeimplementingmigrationhandlers,abortingcom-
putationsthatarein progress,changingtheorderin which
threadsarestolen,andaddinglevel waiting.

4.1 Migration Threads

We usea large, variablesizeddatastructure(nearly200
bytes)to describethestateof a chessboard. In theserial

8



�




�������	��

�������

�

�

0

� � �

�

2

� 2� 1 � 3 ����� 1

�

1
�

3
�

��� 1

��������

�������

�

� 


� ��!�"#�

$&%#!�'

()%)��*

�+�,���

Figure8: Thedata¯ow graphfor Jamboreesearch.FirstChild 0 is searchedto determineits value,thentherestof the
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descriptionin Figure5.
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Figure9: The time at which an instructionin a data¯ow graphis executedin a perfectin®nite-processorschedule
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codewe passaroundpointersto this structureandcopy it
only whennecessary. In theparallelcodewe cannotjust
blindly passpointersbetweenthreads,becauseif thethread
is migratedthe pointerwill no longerbe valid. A naive
solutionis to copy thestatestructureinto everythread,but
this addsa signi®cantoverheadto theparallelcode. This
overheadis especiallydistastefulwhen you realize that
well under1%of threadsareactuallymigrated,somostof
thecopying wouldbewastedeffort.

To solve this problemwe usemigrationthreads. Any
threadcanhaveamigrationthreadassociatedwith it. When
theschedulertriestomigrateathreadthathasanassociated
migrationthread,theschedulerwill ®rstcall themigration
thread. This migration threadwill returna new closure
which is migratedinstead.

Using this mechanismwe are able to passthreadsa
pointertoastatestructures.Any threadthatispassedastate
pointeris alsogivenamigrationthreadwhichwill copy the
stateintotheclosureif thethreadisstolen.Oncetheclosure
arrivesat thestealingprocessor, thestolenthreadcanthen
becalledwith a pointerto thecopiedstatestructure.This
allows the overheadof copying the stateto be paid only
whenit is actuallynecessary.

4.2 Abort

In orderto implementthe jamboreesearchalgorithmwe
mustbeableto aborta computation.This is neededwhen
wediscover thatat leastonechild hasa scoregreaterthan
beta,sothereis no needto searchtherestof thechildren.
(This is calledfailing high.) TheCilk systemhasnobuilt-
in mechanismfor abortinga computation,so this hadto
be addedasusercode. Our goal in designingthe abort
mechanismwasto keepit asselfcontainedaspossibleand
to minimizechangesto therestof thecode.Eventuallywe
would like to addsupportfor sucha mechanismto Cilk
itself.

In orderto aborta computationwe mustbe®rstableto
®ndall of the threadsthat areworking on this computa-
tion. To implementthisweuseaborttablesto link together
all the threadsworking on a computation.Whena com-
putation,say

�

1, needsto createseveral children it ®rst
createsanaborttablecontaininganentryfor eachchild of
the computation. If a child of

�

1, say � 1, itself spawns
off children,thentheentry for � 1 is updatedto containa
pointerto theaborttablethat � 1 creates.Once � 1 andall
its childrenhave completed,� 1's tableis deallocatedand
theentryfor � 1 is updated.With thismechanismin place
the abortcodeis able to ®ndall the descendantsof any
computation.Whenperformingan abort, the abortcode
doesnot actually destroy any threads,insteadit merely
makesa mark in theaffectedaborttables.Whena user's
threadrunsits ®rstactionshouldbe to checkto seeif it
hasbeenaborted,andif soskiptherestof its computation.
This checkallows the user's codeto do any cleaningup

thatmaybenecessary. (For example,thecodemayneed
to freesomedatastructures.)

Theabortmechanismprovidesfunctionsto create,up-
date,anddeallocatetheabortstructures;tocheckif athread
is aborted;andto startanabort. By usingthesefunctions
andpassingaroundafew pointerstoaborttables,thesearch
codewasmodi®edto includeabortingwithout too many
changes.

One dif®cultyencounteredin implementingthe abort
tableswasin keepingthetablescorrectwhenacomputation
migrates.Whena computationis stolenanaborttableis
allocatedon thestealer's sideandtheexisting aborttable
is modi®edto point to it. Thedif®cultyarisesbecauseat
the time a computationis stolenthereis not yet an abort
tableonthestealer'ssideto pointto. Thisaborttableis not
beallocateduntil afterthethreadbeginsto run (unlesswe
changetheruntimesystem,whichwewantedtoavoid). So
insteadwecreatea uniqueidenti®er(UID) for eachstolen
computation,andstorethat into theaborttable. Thenon
thestealer'ssidewehaveahashtableto maptheUID into
apointerto theaborttable.Theprotocolfor accessingthe
hashtableis quitetricky sincetherearemany caseswhich
requirespecialhandling.For example,thenetwork of the
CM-5 canreordermessages,thereforewe have to handle
the casewherea messageto aborta computationarrives
beforethethreadthatwill allocatethehashtableentryand
aborttablefor thatcomputation.Unfortunately,wedidnot
considerall suchpossibilitiesbeforebeginningthedesign,
so gettingthis mechanismworking correctlytook longer
thananticipated.

4.3 StealOrdering

In theoriginal Cilk runtimesystemthethreadqueuecon-
sistedof a single doubleendedqueue. Newly enabled
threadswereplacedat thefront of thequeueandthelocal
processortook work out of this sideaswell (i.e. LIFO).
Whenstealingoccurs,threadsarestolenfromtheotherside
of the queue(i.e. FIFO). For a treeshapedcomputation,
the LIFO schedulingallows the computationto proceed
locally in a depth®rstordering,thusgiving us the same
executionordera sequentialprogramwould have. How-
ever whenstealingoccurstheFIFO stealorderingcauses
a threadnearthe top of the tree to be stolen,so a large
pieceof work will bemigrated,thusminimizing stealing.
Sincejamboreesearchis a treeshapedcomputationthis
mechanismworksreasonablywell.

With this schedulingmechanism,the order in which
childrenareexecuteddependsonwhetheror notachild is
stolen. For mostcomputationsthis executionorderdoes
not matter; but for jamboreesearchit does. Execution
orderhasaneffectbecauseif onechild fails high, therest
of thechildrendo not needto besearched.Our program
ordersthechildrensuchthat whenno childrenarestolen
(the commoncase)the children most likely to fail high
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areexecuted®rst;this orderminimizesthetotal work � .
Theproblemis thatwhenstealingoccurswestealthechild
leastlikely to fail high.

Ideally we would like to stealfrom the top of the tree,
but still stealthechild thatis mostlikely to fail high. Todo
thiswehadto modify theschedulerby addingtheconcept
of levels. Eachthreadin the queueis assigneda level
andthreadsat the samelevel will be executedin a ®xed
order, regardlessof whetherthey are stolenor executed
locally. Betweenlevels, however, schedulingis doneas
before:Weexecutelocally at theshallowest(newest)level
andstealfrom thedeepest(oldest)level. Thesearchcode
thenmarksall thechildrenof a computationasbeingat a
leveloneshallowerthanthelevelatwhichthecomputation
is currentlyexecuting. This givesusexactly theordering
of threadsthatwewant. Adding this to *Socratesreduced
theamountof work performedfor searchingapositionand
seemedto give a speedupof 20-25%. This ideaseemed
importantenoughthatweincludedacleanerversionof this
mechanismin Cilk 1.0.

4.4 Level Waiting

The ®nalchangewe madeto the schedulerwasa further
attemptto reducethe extra work beingperformedby the
parallelversion. Whena processoris searchinga board
position,

�

, it spawnsoff a bunchof childrento test. If a
processorranout of childrento work on while somechil-
drenwerestill beingworkedon elsewhere,thatprocessor
wouldstealanotherclosureandbegin workingon that.

Considerthecasewhereone(or more)of thechildrenis
stolenandtheprocessor®nishestherestof thetestsbefore
thetestof thestolenchild completes.Theprocessormay
thenbeout of work to do9. This processorwill thensteal
someclosurefrom anotherprocessorandbegin searching
its boardposition, call it � . Eventually the test of the
stolenchild will complete.Whenthisresultcomesbackit
will restartthecomputationonposition

�

andpreempt� .
Sinceposition

�

maystill have additionalvaluesearches
to perform,this is potentiallya longcomputation.We are
now in a positionwhere � , no matterhow little work it
has,will not completeuntil the potentially long compu-
tationfor

�

completes.Thecomputationwhich spawned
� will continuewithout it. It mayeventuallyblock (and
therebyarti®ciallylengthenthecritical path � ) or it may
be ableto continue,but will uselooserboundsthanif �

had completed(andwill therebyincreasethe total work
� ).

Toavoid thisstalledworkwefurthermodi®edthesched-
uler. Weaddedªlevelwaitingº,afeaturewhichmakesuses
of the samelevels that wereusedin the previoussection
for optimizing the stealordering. When a computation

9It will oftenbeoutof work becausenoneof thechildrenat this level
wouldhave beenstolenif therewereany work earlierin thequeue.

spawnschildrenall thesub-computationsareplacedat the
samelevel. Thelevel waitingmechanismsimply requires
thatall of thesesub-computationshave completedbefore
wemaybegin any work atashallowerlevel. Thisprevents
usfrom starting,andthenpreempting,anunrelatedsearch.
Implementingthis changeseemedto give us a 15-20%
speedup.

5 Other ChessMechanisms

Theprevioussectiondescribedissuesthatarosein getting
thesearchroutinesto runin ourparallelenvironment.This
sectiondescribesotheraspectsof theserialcodethathad
to bemodi®edto run in a parallelsystem.Theseaspects
includethe transpositiontable,detectingrepeatedmoves,
anddebuggingsupport.

5.1 TranspositionTable

MostserialchessprogramsincludeaTranspositionTable.
Thisisbasicallyahashtableof previouslyevaluatednodes.
After a nodeis searchedwe create(or update)the hash
entry for this node. The informationstoredin this entry
includesa score,a move, a depthanda checkkey. The
scoretellsusthevalueof thenode;themovetellsuswhat
moveachievesthis score;andthedepthtells ushow deep
a searchwasdone. The checkkey is usedto distinguish
betweenthemany positionswhichmayhashto thisentry.

Before searchinga nodewe ®rstcheckto seeif it is
presentwith adeepenoughdepth,thenweneednotsearch
thisnodeagain.Thiscanoccurbecausethesameposition
canbereachedby many differentsequencesof moves(i.e.
a transposition).Much of the time whenwe geta hit the
depthis not suf®cientfor thecurrentsearch.But evenin
thiscasethetableis still usefulbecauseit givesusthebest
move foundby anearliersearch,andoftenthebestmove
at a shallower depthis the bestmove at a deeperdepth.
By usingthe returnedmove asour predictedbestmove,
we increaseour chancesof accuratelypredictingthebest
move,which,aswesaw in Section2, reducesthework and
critical pathof thecomputation.

For *Socrateswe implementeda distributed transpo-
sition table. We had a choicebetweenimplementinga
blockingor a non-blockinginterfaceto thetable. Whena
threadbeginsa searchof a nodethe®rstthing it typically
doesis to do a transpositiontablelookupon thatnode.In
a blocking implementation,this threadwould sendoff a
lookuprequestto theappropriatenodeandbusy-wait until
theresponsearrives,andthencontinue.Theobviousdis-
advantageof blockingis thatwewastetimebusy-waiting.

In a non-blockingimplementationwe would breakthis
threadinto several threads.Whenthe time cameto do a
lookup,a threadwould bepostedon thenodethatwould
hold theentry. This threadwould do thelookupandsend
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theresultbackto theoriginalnode,enablingthecontinua-
tion of thesearch.This implementationhastheadvantage
that we do not spendany time busy-waiting while we do
a tablelookup. But it hasonebig disadvantagein that it
mayleadto many searchestakingplaceon thesamenode
concurrently. Intermixing two or more searcheson the
samenodecancauseboth the work andthe critical path
to increase.To avoid theseincreasestheschedulerwould
havetobemodi®edtokeepthetwocomputationsseparate.
To avoid the complexity involved in sucha modi®cation
wechoseto implementa blockingtranspositiontable.

Sincethereis noway to implementthisblockingmech-
anismusingCilk primitives,we droppedto a lower level
and usedthe Strataactive messagelibrary [BB94]. We
designedthe transpositiontablesuchthatall accessesare
atomic. For examplewhena value is to be put into the
table,theinformationaboutthepositionis sentto thenode
wherethe entry resides,andthat nodeupdatesthe entry
asrequired. Alternatively, we couldhave implementeda
non-atomicupdateby performingaremotereadof theen-
try, modifying the entry, and thendoing a remotewrite.
Non-atomicupdateswould have requiredmoremessages
andwould have hadto eitherlock theentrywhile theup-
datewas in progress,or risk losing someinformation if
two updateoperationsoverlapped.

To determinehow muchthe busy-waiting hurtsus,we
instrumentedour codeto measurethe time spentbusy-
waiting10. Our experimentsshowedusthatthemeantime
betweensendingthe requestandreceiving the reply was
around1600cycles. This workedout to about7% of the
executiontime.

Anotherdecisionwe facedwashow large to make the
hashentries.Clearly, wewould liketo makethemaslarge
aspossible11. Thescoreandthemoveeachrequire16bits.
Thebits describingthedepthandtypeof searchrequired
another9. The only otherpieceof an entry is the check
bits. In our implementationeachpositionhada64bit key.
Of thesebits9 wereusedto selectaprocessorand21were
usedto selecta hashline on a given processor, so there
is no needto storethesebits in the entry itself. Of the
remainingbits 34 bits we storedonly 23 of themas the
checkbits sincethis allowed us to ®t an entry in one64
bit doubleword. Whenexecutingon the 512 processor
systemwehada 1 billion entryhashtable!

Thelastaspectof thetranspositiontablewewill examine
is subsumptions.Theissueis what,if anything,do we do
if two independentsearchesareconcurrentlysearchingthe
sameposition(i.e. onesearchªsubsumesºtheother). For
example,ProcessorP1maybegin a searchof Position �

10Not all this time is wastedsince while busy-waiting we poll the
networksowemayspentpartof thistimerespondingtoarrivingmessages.
But the analysisabove gives us an upperboundon the cost of busy-
waiting.

11Hsu claimsthat increasingthe sizeof the hashtableby a factorof
256caneasilygive a factorof 2 to 5 speedup[Hsu90].

andbeforeit completesandwrites its resultinto thehash
tableProcessorP2 begins anothersearchof Position � .
This leadsto part of the searchbeingduplicated. In the
serialcodethesesearcheswouldbeperformedsequentially
sothisproblemwouldnotoccur.

We consideredtrying to avoid this overheadin the fol-
lowing manner. Whena searchbeginsif thetransposition
tablelookupfailsanentryis createdfor thatpositionandit
is markedasªsearchin progress.º Thenif anotherlookup
occurson this positionwe know that a searchis already
beingdone.We would thenhave theoptionof waiting for
theearliersearchto complete.

We chosenot to implementthis mechanism. Imple-
mentingit would have beensomewhat complicated,and
therewereanumberof issuesthatthiswouldraisethatwe
did not havea clearunderstandingof. For example,when
we wereaboutto aborta searchwould it benecessaryto
®rstcheckto seeif anyoneelseis waiting for the results
of thissearch.Anotherexampleis decidingwhento wait:
If a positionis alreadybeingsearchedto depth � , andwe
wantto searchit to depth� � 1, dowewait for thedeeper
search?If we don't wait we aredoing extra work, if we
dowait wemaywait muchlongerthanif wehadjustdone
it ourself. We instrumentedour programto estimatehow
muchduplicatework wasbeingdone.Eachtimewecom-
pletedasearchandwereabouttowrite thehashtableentry
we ®rstdid a hashtablelookup to seeif we would get a
hit if we beganthesearchnow. (If so, thensomeoneelse
musthavecompletedasearchof thisnodeduringthetime
sincewebeganthesearch.)Wefoundthatthisoccuredless
than1% of thetime. Furthermore,wehadimplementeda
similarmechanismfor *Tech,andit sometimesspeedsthe
programup,andsometimesslows it down.

5.2 RepeatedMoves

To fully describeapositionin achessgameweneedmore
thanjustadescriptionof whereeachpieceis ontheboard;
somehistory is neededaswell. A simpleexampleis we
needto know if the king hasmoved. If it hasthen we
cannotcastle,evenif thekinghasmovedbacktoitsoriginal
position.Thissortof informationcaneasilybestoredin a
few bits in thestatesothiscausesnodif®culty.

Otherrequiredhistory cannot be storedso easily. In
chessif the sameposition is repeated3 times then the
gameis a draw. Similarly if 50 movesaremadeby each
playerwithoutanirreversiblemovebeingmade,thegame
is a draw12. To handlethesecaseswe needto keeptrack
of all movessincethe last irreversiblemove. (Oncean
irreversiblemove is madeearlierpositionscannotbe re-
peated.)We do thisby addinganarrayof positionsto our
statestructure.Thisarraycontainsall thepositions(repre-

12An irreversiblemove is onewhich cannotbe undone;that is, one
whichcapturesapieceor movesapawn.
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sentedby their 64 bit hashkey) sincethe last irreversible
move.

Thisarraygreatlyincreasesthesizeof thestatestructure
(from about160bytesto nearly1000bytes). For a serial
programthesizeof thestatemaynot besigni®cantsince
the codecould just modify andunmodify the samestate
structure.For parallelcode,however, it is oftennecessary
to make copiesof thestatesoa largestatecanslow down
theprogram.To preventthis from occuringwhenwecopy
astateweonly copy thepartof therepeatedpositionarray
that is meaningful. Sincethe averagelengthof this list
is quite small (under2) copying this list addsvery little
overhead.

5.3 Debugging

In ordertomakeit easiertodebugourcode,wemakeliberal
useof `assert'statements.Not only did this causebugsto
be detectedsooner, it wasalsohelpful in pinpointingthe
causeof the bug. Oneof our biggestproblemsinitially
was making sure that the parallel versionwas working
correctly. Thiswasdif®cultbecauseif theparallelversion
wascloseto theserial,but not exactly thesame,it would
usuallyproducethe exact sameanswers.We wereoften
modifyingboththeparallelandtheserialsearchalgorithms
andkeepingthemconsistentwasquite error prone. One
methodweoccasionallyusedto testwhetherbothversions
wereidenticalwastoruntheparallelcodeononeprocessor
andrun theserialcodeandmake surethey bothsearched
exactly thesamenumberof nodes.Unfortunatelywe did
not do this checkoftenenoughandat onepoint somany
minor variationshadcreptin thatwe woundup spending
almost a week trying to make both versionsconsistent
again.

Oneof themostusefulassertionsweaddedwastocheck
ateverynodeof thetreethattheresultsof theparallelcode
werethesameastheserialcode.In thedebuggingversion
of thecode,afterthesearchof apositionwascompletewe
would call theserialcodeon thesamepositionandassert
that theresultswerethesame.(We do this with thehash
tableturnedoff, otherwisetheserialcodesimply®ndsthe
resultin the hashtable.) This wasextremelyslow, but it
is aneasywayto detectany differencesbetweentheserial
and parallel searches,and to pinpoint exactly wherethe
differenceslie. After we startedusingthis check,keeping
bothversionsidenticalbecamemucheasier. We think this
isanapproachthatisapplicabletomany parallelprograms,
not just chess.

Even with this grandioseveri®cationnot all our bugs
weredetected.At onepoint thedebuggingmodeworked
®newhen run on any numberof processors,as did the
non-debuggingprogramwhenrun on oneprocessor. But
whenweranonmorethanoneprocessorthespeedupwas
quite small. It turnedout that debuggingmodewasnot
beingcompletelyturnedoff asthe¯ag whichsayswhether

or not to usethehashtablewasbeingsetcorrectlyonly on
processor0. Thereforeall otherprocessorswould never
usethehashtable.As is oftenthecase,bugswhich affect
only performancecanbe harderto detectthanbugs that
affectcorrectness.

6 RelatedSearch Algorithms

OurchessprogramusesJamboreesearch[Kus94], aparal-
lelizationof scoutsearch[Pea80], in which at every node
of the searchtree, the programsearchesthe ®rst child
to determineits value,and then tries to prove, in paral-
lel, that all of the other children of the nodeare worse
alternatives than the ®rstchild. This approachto paral-
lelizing gametreesearchis quitenatural,andit hasbeen
usedby several other parallel chessprograms.,suchas
CrayBlitz [HSN89] andZugzwang[FMM91]. Still oth-
ershave proposedor analyzedvariationsof this style of
gametreesearch[ABD82, MC82, Fis84, Hsu90]. We do
not claim that thesearchalgorithmis a new contribution.
Instead,we view thealgorithmasa testbedfor evaluating
mechanismsneededfor thedesignof scalable,predictable,
asynchronousparallelprograms.

Jamboreesearchwas used in our previous program,
*Tech [Kus94]. *Socratesis a step forward compared
to *Techbecauseweintroduceda linguistic layerandrun-
time systemcalled Cilk 1.0 [BJK*94] to make it easier
to programthe applicationwithout worrying about the
schedulingissues.Many of thetechniquesoriginally used
in *Techwereborrowedfor *Socrates.Inspiredby some
problemswe had with early versionsof our *Tech pro-
gram,LeisersonandBlumofe designeda provably good
schedulerthathasgoodspaceandtimebounds,aswell as
low communicationsrequirements[BL94].

OtherparallelalgorithmsbasedonScoutsearchinclude
minimal tree search,mandatorywork ®rst, and princi-
pal variation splitting. S. Akl, D. Barnardand R. Do-
ran [ABD82] proposedthe minimal tree search, which
performsthe weak � -

�

searchby searchingthe minimal
tree (i.e., the Knuth-Moorecritical tree [KM75]). Each
position is kept in an expandedform, potentially for a
long time, resulting in unrealisticstoragerequirements.
TheDeep-Thoughtparallelalgorithmasdescribedin Hsu's
thesis[Hsu90] is avariantof thehigh-storage-requirement
minimal treesearch.

J. Fishburn [Fis84] proposedthe mandatorywork ®rst
(MWF) algorithm.Algorithm MWF is basedon theweak
versionof � -

�

search.It explicitly computesthenumber
of critical childrenof thepositionbeingsearched.A child
of a positionis critical if thechild is in theKnuth-Moore
critical tree,which meansthat the child would de®nitely
be searchedby the � -

�

algorithm. If the position be-
ing searchedhasmorethanonecritical child, thenMWF
searchesthe®rstchild andthensearchestheotherchildren
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in parallel. If the ®rstchild turns out to be worsethan
someotherchild, MWF thenresearchesthechildrenthat
mightbethebest,all in parallel.In contrast,Jamboreere-
searchessequentially. For nodeswith exactly onecritical
child,MWF searchesjustthe®rstchild. Fishburnanalyzed
MWF for best-orderedandworst-orderedtrees,but not for
realisticgametrees.Onecanconstructgametreesthatare
mostly best-ordered,in which the MWF algorithmdoes
almostasbadlyasthenaiveparallel � -

�

search's
!

�

"

�	�

speedup.

Fishburn's MWF algorithm can be viewed as being
separatefrom the scheduler, but his analysisdependson
the scheduler. For example,Fishburn provesthat worst-
orderedgame-treesachieve speedupusing mandatory-
work-®rston a tree-of-processorsscheduler, in which the
depthof the game-treeis muchgreaterthanthe depthof
the processortree. Our Theorem2, in contrast,states
that for an in®niteprocessorperfectschedulerthe aver-
ageavailableparallelismis lessthan3 andthespeedupis
lessthanone.EventhoughtheMWF algorithmis tangled
upwith thetree-of-processorsscheduler, onecaninterpret
Fishburn's resultssomewhat independentlyof the sched-
uler. Fishburn's resultsindicate,for example,that if one
hasa treeof processorsthat is half asdeepas the game
tree and the degreeof the processortree is greaterthan
thedegreeof thegametree,thenthecritical pathis short
and the work ef®ciency is good. Sucha tree is asgood
asªin®niteprocessorsºfor analgorithmin whichtheshal-
lowest

�


 2 pliesof thegametreearesearchedin parallel
and the deepest

�


 2 plies of the gametreearesearched
serially. It turnsout that thehalf-the-depth-seriallystrat-
egy, whenappliedto Jamboreesearch,reducestheaverage
available parallelismeven further, down to about 2 for
worst-orderedtrees. Fishburn did not analyzewhat hap-
pensif the treeof processorsis asdeepasthegametree.
ThereasonthatMWF achievesspeedupon worst-ordered
treesis thatMWF researchesthechildrenwho failedtheir
testsin parallel,while theJamboreealgorithmseriallyre-
searchesall the failedchildren. Hence,for worstordered
trees,Jamboreesearch®ndslittle parallelism,while MWF
®ndsmuchparallelism.Any chessprogramthatis search-
ing worst-orderedtreesis notcompetitive,however.

Several programsuse principal variant splitting (PV-
splitting) [MC82], which is a anothervariationon MWF,
but the ideasbehindPV-splitting are, like MWF, some-
whatobscuredby thefactthata tree-of-processorssched-
uler is entangledinto the searchalgorithm. Later work
hasseparatedthe schedulerfrom the algorithm. For ex-
ample,Cray Blitz [HSN89] apparentlyusesPV-splitting
with somethinglikeawork-stealingscheduler. No critical
pathanalysisormeasurementhasbeenperformedfor Cray
Blitz, however.

The Zugzwang program,developedby R. Feldmann,
P. Mysliwietz, and B. Monien [FMM91], usesa par-

allel searchalgorithm that is very similar to Jamboree
search.Zugzwangachieveshigh work-ef®ciency, search-
ing to within a few percentthesamenumberof nodesin a
parallelsearchasin a sequentialsearch.Theef®ciency of
ourprogramsappearsto besomewhatlower, probablybe-
causetheZugzwangteamhasgoneto substantialeffort to
try to ensurethatthey searchthetreein a mostlybest-®rst
order.

Theparallelaspirationsearchalgorithm[Bau78] divides
the � -

�

window into segments,andgiveseachprocessor
a differentsegmentof the window to search.Aspiration
searchachievesonlysmallparallelspeedups.Surprisingly,
the serial version of aspirationsearchoften runs faster
thana in®nitewindow search.Todaymoststate-of-the-art
chessprograms,including *Tech,usea serialaspiration
searchin whichthegametreeis searchedwith asmall � -

�

window, andif thescoreis outsideof thewindow, thetree
is researched.

R. Karp andY. Zhang[KZ89] show how to searchan
AND/OR treein parallelby carefullyallocatingthe right
numberof processorsto eachsubtree. C. Stein [Ste92]
employs Karp and Zhang's algorithmas a subroutineto
do a parallel � -

�

search.Steinperformsa binary search
for thevalueof thegametree,ateachstageconvertingthe
gametree to an AND/OR treewith the questionªIs the
valueof therootgreaterthan � ?º.

Thereareseveralotherapproachesto gametreesearch
thatarenot basedon � -

�

search.H. Berliner's B* search
algorithm[Ber79] tries to prove that oneof the movesis
betterwith respectto a pessimisticevaluationthanany of
the othermoveswith respectto an optimisticevaluation.
D. McAllester's Conspiracy search[McA88] expandsthe
treein suchaway thatto changethevalueof therootwill
requirechangingthe valuesof many of the leavesof the
tree. The SSS* algorithm [Sto79] appliesbranchand
boundtechniquesto gametreesearch.Thesealgorithms
all requirespacewhich is nearlyproportionalto the run
time of thealgorithm,but the theconstantof proportion-
ality may be small enoughto be feasible. While these
algorithmsall appearto be parallelizable,they have not
yet beensuccessfullydemonstratedaspracticalserialal-
gorithms. We wantedto be ableto compareour work to
thebestserialalgorithms.

7 Conclusions

The history of *Socratesshedssomelight on the prob-
lemsof developinga high-performanceparallelprogram.
The*Socrateschessteam,whichincludesincludesR.Blu-
mofe,M. Halbherr, C. Joerg, B. Kuszmaul,C. Leiserson,
andY. Zhou of MIT as well as D. Dailey and L. Kauf-
man of Heuristic Software, decidedto start with a new
chessprogramratherthanto try to parallelizetheoriginal
Socratesprogram.Thedif®cultywith theoriginalSocrates
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programis that it usesmany global variableswhich are
modi®edthroughoutthe search.We felt that it would be
easierto startwith a programthatwasdesignedto modify
its statein a non-destructive fashionby alwaysmakinga
new copy of thevariablesthatrepresentthestateof achess
boardin the treesearch. It turnedout that the decision
to startwith a new programresultedin theprogrambeing
substantiallyweaker thanwe hadhoped,becausewe did
not have suf®cienttime to getall of thechessknowledge
transferedfrom Socratesto *Socrates.

The programwas developedon a very tight sched-
ule. Dailey implementeda bare-boneschessprogramthat
copieschessboardsandprovidedit to theMIT contingent
in May1994.DuringJune,Dailey visitedMIT tohelptune
theprogram,but wespentmostof Junesimplygettingthe
parallelversionof theprogramto work correctly. Thepro-
gramstartedplaying predictablyonly a few daysbefore
thetournament.Thetournamentwasto starton Saturday
morning,andon thepreviousThursdaynight theprogram
crashed2out3 timesthatweplayedit. Fridaymorningwe
packeduptwo X-terminalsandtwo modemsinto thetrunk
of our carsanddrove the eight hoursto CapeMay, New
Jersey, wonderingwhetherwe were going to be embar-
rassedby a programthat would crashduring tournament
play. Fridaynight we loggedin andmadechangesto the
programuntil 3am.Thenthetournamentbegan.Saturday
morningwe playedandwon our ®rstgame. We noticed
someproblemswith theprogram,andmodi®edit for the
Saturdayeveningmatch,which we also won. Saturday
night we madesomemoremodi®cationsto theprogram,
andon Sundaymorningwe won our third game.We left
theprogramalonefor theSundayeveninggame,whichwe
lost to DeepThought. *Socrates's insuf®cientapprecia-
tion of thevalueof castlingrightsresultedin a poormove
thatDeepThoughtpunishedbrilliantly in whattheon-site
commentatorscalledªoneof theall-timegreatestgamesof
computerchessº.Our ®fthgameresultedin a disappoint-
ing lossto Zarkov, in which*Socratesmadetwo mistakes
dueto insuf®cientchessknowledge.The®rstmistakewas
similar to themistake in thegameagainstDeepThought,
but*Socratesmanagedtosalvagethegametoadrawnrook
andpawn endgame.Unfortunately, *Socratesmanagedto
®nda losing move in a position that the commentators
thoughtwasnearlya forceddraw. Throughoutthetourna-
menttheprogramranwithoutcrashing,andsearchedquite
deeply. If only wehadgivenDailey moretime to tunethe
chessknowledge...

Oneof the importantorganizationdifferencesbetween
*Techand*Socratesis that*Socratesseparatestheappli-
cation from the scheduler, whereasin *Tech the sched-
uler andthe applicationwerewoundup together. More
importantly, *Socratesemploys a linguistic layer to help
theprogrammerexpresstheprogramindependentlyof the
scheduler. Separatingthesystemgreatlysimpli®edtheim-

plementationof *Socrates,andallowed us to implement
severalotherparallelapplicationsincludingaproteinfold-
ing program[PJG*94] whichwasthe®rstprogramto ®nd
thenumberof Hamiltonianpathsin a 4 � 4 � 3 grid, and
somesmallerprogramssuchas the doubly recursive Fi-
bonacciroutine,abacktrackingsearchtosolvetheproblem
of determininghow many waysthereareto place� queens
on an � by � chessboard,a ray-tracingimagerendering
program,anda radiosityimagerenderingprogram.

We arenow developingadditionalmechanismsfor Cilk
to provide high performanceon a wider varietyof appli-
cations. We aretrying to improve the linguistic layer, to
develop abstractionsfor manipulatingshareddatastruc-
tures,andto simplify theinterfaceto input/outputandthe
operatingsystem.
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