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Abstract

Incrementalstack-copying is a techniquewhich hasbeen
successfullyusedto supportefficient parallel executionof
a variety of search-basedAI systems—e.g., logic-based
and constraint-basedsystems. The idea of incremental
stack-copyingis to only copy the differencebetweenthe
dataareasof two agents,insteadof copyingthementirely,
whendistributing parallel work. In order to further re-
duce the communicationduring stack-copyingand make
its implementationefficient on message-passingplatforms,
a new technique, called stack-splitting, has recentlybeen
proposed. In this paper, we describea schemeto effec-
tively combinestack-splittingwith incrementalstack copy-
ing, to achieve superior parallel performancein a non-
sharedmemoryenvironment.Wealsodescribea scheduling
schemefor this incrementalstack-splitting strategy. These
techniquesare currently being implementedin the PALS
system—aparallel constraint logic programmingsystem.

1. Intr oduction

Search is a popularproblemsolving paradigmusedin
many AI systems.Suchsearch-basedAI systemstraverse
thesolutionspace(typically modeledasa tree)looking for
aninstance(solution)whichsatisfiesthecriterialaid outby
theprogrammer. Examplesof search-basedAI systemscan
befoundin applicationareassuchasExpertSystems,Game
playing,constraintprogramming,planning,andlogic-based
systems[15, 4]. Suchsearch-basedAI systemscanspend
a large amountof time looking for a solution, due to the
highdimensionalnatureof thesearchspaceandthelackof
effectiveandgeneralsearchheuristics.Evenif goodheuris-
ticswerefoundto prunethesearchspace,thenarrow down
spacecanstill be quite large. For example,researchersin
theareaof planningareconstantlystriving to generateplans
within acceptabletime constraint,andareoften forced to

imposelimitations (e.g., maintaina small numberof fea-
sible actions)in order to obtaina solutionin a reasonable
amountof time[4]. Eventhen,thenumberof possibleplans
to consideris astronomical.Given the compute-intensive
natureof search-basedAI systems,theuseof parallelismto
improve systems’performancebecomesa naturalchoice.
Indeed,a considerablenumberof proposalshave emerged
overtheyearsto exploit parallelismfrom thisclassof appli-
cations[16, 15, 12, 17, 14]. In particular, considerableem-
phasishasbeenplacedon exploiting parallelismfrom the
operationalsemanticsof theprogramminglanguagescom-
monly usedto codetheseclassesof applications(e.g.,con-
straint programming,logic programming,and functional
programming)[12, 13, 22]. This approachhasthe advan-
tageof beinggeneralenoughto warrantthe ability to ex-
tract parallelismfrom virtually any applicationwritten in
any of theseparadigms,typically in a way that is transpar-
ent or semi-transparentto the applicationprogrammer. In
the rest of the paper, we will presentour techniquesand
resultsin the context of parallel Prolog, thoughthey can
equallywell beappliedto specificAI systemsthatincorpo-
ratesearching, aswell asotherlanguagesthat incorporate
someform of non-determinismto facilitateprogrammingof
search-basedAI applications(e.g.,constraintprogramming
andrule-basedprogramming).

Executionin a search-basedsystemis centeredaround
the developmentand exploration of a search tree. Each
internal node representsan executionpoint where multi-
plealternativesareavailableto continuewith theexecution.
Leavesof the treerepresenteitherfailure points(i.e., exe-
cutionpointswhich cannotleadto any solution)or success
points(i.e., solutionsto theproblem).Adopting logic pro-
grammingterminology, we will refer to the internalnodes
in thetreeaschoice-points. A sequentialcomputationboils
down to traversalof this searchtreeaccordingto somepre-
definedsearchstrategy; languageslikePrologmostlyadopt
a fixed strategy (a left-to-right, depth-firsttraversalstrat-
egy), while othersmay adapttheir searchstrategy accord-
ing to the structureof eachindividual computation(e.g.,



constraintprogramminglanguages).Thisstructuringof the
computationsuggestsa naturalway for the exploitationof
parallelism:multipleprocessors(computingagents) canex-
plore the different branchesof the search-treein parallel
[15, 16]. Thesemultiple agentstraversethe searchtree
looking for unexploredbranches.If an unexploredbranch
(i.e., anunexploredalternative) is found, theagentpicks it
up andbegins execution. This agentwill stop either if it
fails (reachesa failing leaf),or if it findsa solution.In case
of failure, or if the solutionfound is not acceptableto the
user, theagentwill backtrack, i.e.,movebackupin thetree,
looking for otherchoice-pointswith untriedalternativesto
explore. The agentsmay needto synchronizeif they ac-
cessthe samenodein the tree. This form of search-based
parallelismis commonlytermedor-parallelism. Efficient
implementationof or-parallelismhasbeenextensively in-
vestigatedin thecontext of AI systems[15, 16, 17] aswell
asfor theProloglanguage[10, 12].

Most research on or-parallel execution of non-
deterministiclanguagesso far has focusedon techniques
aimed at shared-memorymultiprocessors(SMMs). In
this paper we are concernedwith the development of
execution models for exploitation of or-parallelismfrom
Prolog programson MessagePassingPlatforms(MPPs).
The techniqueswe proposeare immediatelyapplicableto
other systemsbasedon the sameunderlyingmodel, e.g.,
constraint[20] andnon-monotonicreasoning[17] systems.

Experimental [1] and theoretical studies [18] have
demonstratedthat stack-copying, and in particular incre-
mentalstack-copying, is one of the most effective imple-
mentationtechniquefor exploiting or-parallelismthat one
candevise. Stack-copying allows sharingof work between
parallel agentsby copying the stateof one agent(which
owns unexploited tasks) to anotheragent(which is cur-
rently idle). The idea of incrementalstack-copying is to
only copy the differencebetweenthe stateof two agents,
insteadof entirelycopying thecompletestate.Incremental
stack-copying hasbeenusedto implementor-parallelPro-
log efficiently in avarietyof systems(e.g.,MUSE[1], YAP
[19]), aswell asto exploit parallelismfrom otherdeclara-
tivesystems[22, 20, 17].

In order to further reducethe communicationduring
stack-copying and make its implementationefficient on
message-passingplatforms,a new technique,calledstack-
splitting, has recently been proposed[11]. In this pa-
per, we describethe first ever concreteimplementationof
stack-splittingona message-passingplatform,alongwith a
novel schemeto combineincrementalcopying with stack-
splitting on MPPs.The incrementalstack-splittingscheme
is basedon a procedurewhich labelsparallelchoice-points
andthencomparesthelabelsto determinethefragmentsof
dataandcontrol areasthat needto be exchangedbetween
agents. Furthermore,we describea schedulingscheme

which is suitableto be usedwith this novel incremental
stack-splittingscheme.The techniquesdescribedarecur-
rently beingimplementedin the PALSsystem,a message-
passingor-parallelimplementationof Prolog. In this paper
wepresentperformanceresultsfrom this implementation.

2. Stack-splitting

Most researchrelatedto or-parallel implementationof
non-deterministiclanguagesso far has focusedon tech-
niquesaimedat shared-memorymultiprocessors(SMMs)
[12, 18]. Relatively fewerefforts[21, 9, 2,8,7,6] havebeen
devotedto implementinglogic andconstraintprogramming
systemson messagepassingplatforms. Out of theseef-
forts only a smallnumberhavebeenimplementedaswork-
ing prototypes,and even fewer have producedacceptable
speed-ups.Existing techniquesdevelopedfor SMMs are
mostly inadequatefor the needsof MPPs.1 In fact, most
implementationmethodsrequiresharingof dataand/orcon-
trol stacksto work correctly. Even if the needto share
datastacksis eliminated—asin stack-copying—theneedto
sharethe control stackstill exists. The control stackcan
belargeandfrequentlyaccessed,thusdegradingtheperfor-
manceon MPPs.

Stack-splitting is a modification of the stack-copying
method and is designedto support or-parallelism (OP)
on MPPs. To our knowledge, stack-splittingis the first
model which satisfiesthe basicoptimality criteria for OP
[10, 18] and provides separationbetweencontrol areas.
Stack-splittingallows one to avoid sharingof the control
stack,thusallowing efficient techniquesdevisedfor SMMs
to beimplementedonMPPswithoutexcessiveperformance
degradation. Stack-splittinghas the potential to improve
locality of computation,reducecommunicationbetween
agents,andimprovecachebehavior. Furthermore,it allows
better schedulingstrategies—e.g.,scheduling on bottom-
mostchoice-point—evenin MPPimplementationsof OP.

2.1. The Needfor a Differ ent Stack-CopyingModel

Traditional stack-copying [1] behaves as illustrated in
Fig. 1. Agent � providesa copy of of its datastructures
to agent� . Agent � performsa simplebacktrackingto the
lastchoice-pointcopied,allowing Agent � to restartcom-
putationwith oneof theunexploredalternatives.

In the traditional stack-copying technique,as imple-
mentedin theMUSE andYAP systems,backtrackingon a
choice-pointwhich hasbeensharedbetweentwo or more
agents,requiresacquiring exclusive accessto the corre-
spondingsharedframe(seeFig. 1). Sharedframesareas-
sociatedto eachcopiedchoice-pointandusedto maintain

1Adaptationof modelswith higherdegreeof sharingto MPPs,using
distributedsharedmemorytechniques,have recentlybeenproposed[21].
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Figure 1. Stack-cop ying

a sharedrepresentationof thealternativesavailablein such
choice-point.The useof sharedframeswith mutually ex-
clusive accessguaranteesthatno two agentstry to explore
thesamealternative. This solutionworksfine on SMMs—
wheremutualexclusionis easilyimplementedusinglocks.
However, on a MPPthis processis a sourceof overhead—
accessto thesharedareabecomesabottleneck[3]. Sharing
of informationin aMPPleadsto frequentexchangeof mes-
sagesand henceconsiderableoverhead. Centralizeddata
structures,suchassharedframes,areexpensive to realize
in a distributedsetting.

Nevertheless,stack-copying hasbeenrecognizedasthe
bestrepresentationmethodologyto supportOP in a MPP
setting[8, 9, 2, 7, 6]. This is because,while the choice-
pointsareshared(throughthe sharedframes),at leastall
theotherdata-structures,suchastheenvironment,thetrail,
and the heapare not. To avoid the problem of sharing
choice-pointsin distributed implementations,many devel-
opershave reverted back to the scheduling on top-most
choice-pointstrategy [8, 9]. Thismethodologytransfersbe-
tweenagentsonly the highestchoice-point(i.e., closerto
theroot) in thecomputationtreewhichcontainsunexplored
alternatives. The reasoningis thatuntriedalternativesof a
choice-pointcreatedhigherup in theor-treearemorelikely
to generatelargesubtreesaswell asminimizetheamountof
computation“shared”by differentagents.Indeed,a system
makinguseof schedulingon top-mostchoice-pointcanbe
realizedwithout theneedof sharedframes.

However, if the granularityof the branchesin the top-
mostchoice-pointsdoesnot turn out to be large, thenan-
otheruntriedalternative hasto be picked anda new copy-
ing operationperformed. In contrast, in scheduling on
bottom-mostchoice-pointmore work could be found via
backtracking,sincemore choice-pointsare copiedduring
the samesharingoperation. Schedulingon bottom-most
choice-pointis characterizedby thefactthatall thechoice-
pointsownedby oneagentarecopiedduringasharingoper-
ation. Additionally, schedulingon bottom-mostis closerto
the depth-firstsearchstrategy usedby sequentialsystems,
andfacilitatessupportof Prologsemantics.Researchdone

on comparingschedulingstrategiesindicatesthat schedul-
ing on bottom-mostis superiorto schedulingon top-most
[5]. However, thesharednatureof choice-pointsis a major
drawbackfor aMPPimplementationof stack-copying. The
questionwe consideris: canwe avoid sharingof choice-
pointswhile keepingschedulingon bottom-most?Thean-
sweris affirmative,asis discussednext.

2.2. Stack-Splitting Copying Model

In stack-copying, theprimaryreasonwhy achoice-point
hasto be sharedis becausewe want to serializethe selec-
tion of untriedalternatives,so thatno two agentscanpick
thesamealternative. However, thereareothersimpleways
of ensuringthe sameproperty: perform a splitting of the
choice-points,I.e.,eachagentis givenall thealternativesof
alternatechoice-points(SeeFig. 2). In this case,the list
of choice-pointsis split betweenthe two agents. We call
this operationchoice-pointstack-splitting or simply stack-
splitting. Stack-splittingwill ensurethatno two agentspick
thesamealternative. Theneedfor a sharedframe,asacrit-
ical sectionto protectthealternativesfrom multiple execu-
tions, hasdisappeared,aseachstackcopy hasa different
choice-point. All the choice-pointscanbe evenly split in
thiswayduringthecopyingoperation.Themajoradvantage
of stack-splittingis thatschedulingonbottom-mostcanstill
beusedwithout incurringhugecommunicationoverheads.
Essentially, after splitting, the differentor-parallel threads
becomefairly independentof eachother, andhencecom-
municationis minimizedduringexecution.This makesthe
stack-splittingtechniquehighly suitablefor MPPs.

Thesharedframesin stack-copying areusedto maintain
global information relatedto scheduling. Sharedframes
arealsoemployed in MUSE [1] to detectthe Prologorder
of choice-points,neededto executeorder-sensitive predi-
cates(e.g.,side-effects,extra-logicalpredicates)in thecor-
rectorder. However, understack-splittingthesharedframes
no longerexist; schedulingandglobal orderingof choice-
pointsinformationwill haveto bemaintainedin someother
way. They could be kept in a global sharedareaor dis-
tributedovermultipleagentsandaccessedby messagepass-
ing in caseof MPPs.

Thus, stack-splittingdoesnot completely remove the
need of a shared description of the or-tree. On the
otherhand,the useof stack-splittingmitigatesthe impact
of accessingsharedresources—e.g.,stack-splittingallows
schedulingon bottom-mostwhich reducesthe numberof
callsto thescheduler.

2.3. Incr ementalStack-Copying

Traditional stack-copying requiresagentswhich share
work to transfera completecopy of thedatastructuresrep-
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Figure 2. Splitting of Choice-points
resentingthestatusof thecomputation.In thecaseof aPro-
log computation,this may includetransferringmostof the
choice-pointsalongwith copiesof theotherdataareas(trail,
heap,environments).SincePrologcomputationscanmake
useof largequantitiesof memory(e.g.,generatelargestruc-
turesontheHeap),thiscopying operationcanbecomequite
expensive. Existing stack-copying systems(e.g., MUSE)
have introduceda variationof stack-copying, called Incre-
mentalStack-Copying[1] which allows to considerablyre-
ducetheamountof datatransferredduringa sharingoper-
ation. The ideais to comparethecontentof thedataareas
in thetwo agentsinvolvedin asharingoperation,andtrans-
fer only thedifferencebetweenthestateof thetwo agents.
This is illustratedin Fig. 3. In Fig. 3(i) we have two agents
(P1 andP2) which have 3 choice-pointsin common(e.g.,
from aprevioussharingoperation).P1ownstwo additional
choice-pointswith unexploredalternativeswhile P2 is out
of work. If P2obtainswork from P1,thenthereis no need
of copying againthe3 topchoice-points(Fig. 3(ii)).
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Figure 3. Incremental Stack-Cop ying
In the restof the paperwe describea completeimple-

mentationof stack-splittingusinga messagepassingplat-
form, analyzingin detail how the variousproblemsmen-
tioned earlierhave beentackled. In addition to the basic
stack-splittingscheme,we analyzehow stack-splittingcan
be extendedto incorporateincrementalcopying, an opti-
mizationwhichhasbeendeemedessentialto achievespeed-
upsin variousclassesof benchmarks.Thesolutionwe de-
scribehasbeendevelopedin aconcreteimplementation,re-
alizedby modifyingtheengineof acommercialPrologsys-
tem(ALS Prolog)andmakinguseof theMessagePassing

Interface(MPI) ascommunicationplatform.TheALS Pro-
log systemis basedon an efficient versionof the Warren
AbstractMachine(WAM).

3. Incr ementalStack-splitting

During stack-splitting,all WAM dataareas(the WAM
modelincludesastackfor thechoice-points,astackfor en-
vironments,a heapfor the dynamiccreationof terms,and
a trail usedto supportundoingof variablebinding during
backtracking),exceptfor thecodearea,arecopiedfrom the
agentgiving work to theidle one.Next, theparallelchoice-
points are split betweenthe two agents. Blindly copying
all thestacksevery time anagentshareswork with another
idle agentcanbewasteful,sincefrequentlythetwo agents
alreadyhavepartsof thestacksin commondueto previous
copying. We cantake advantageof this fact to reducethe
amountof copying by performingincrementalcopying, as
discussedearlier.

In orderto figureout the incrementalpart to be copied,
parallelchoice-pointswill be labeled. The goal of the la-
belingprocessis to uniquelyidentify theoriginal “source”
of eachchoice-point(i.e., which agentcreatedit), to allow
unambiguousdetectionof copiesof commonchoice-points.

To performlabeling,eachagentmaintainsacounter. Ini-
tially, the counterin eachagentis set to 1. The counter
is increasedby � every time the labelingprocedureis per-
formed.Whena parallelchoice-pointis copiedfor thefirst
time,a labelfor it is created.Thelabelis composedof three
parts: (i) agentrank, (ii) counter, and(iii) choice-pointad-
dress.Theagentrankis therank(i.e.,id) of theagentwhich
createdthe choice-point. The counteris the currentvalue
of the labelingcounterfor the agentgeneratingthe labels.
Thechoice-pointaddressis theaddressof thechoice-point
which is beinglabeled.The labelsfor the parallelchoice-
pointsare recordedin a separatelabel stack, in the order
they arecreated.Intuitively, the labelstackkeepsa record
of changesdoneto the stackssincethe last stack-splitting
operation.Observe that thechoiceof maintaininglabelsin
a stack—insteadof associatingthemdirectly to thechoice-
points—hasbeendictatedby efficiency reasons.
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Let us illustrate the stack-splittingaccompaniedby la-
belingwith anexample.SupposeprocessA hasjustcreated
two parallelchoice-pointsandprocessB is idle. ThenPro-
cessB requestswork from processA. ProcessA first cre-
ateslabelsfor its two parallelchoice-points.Theselabels
have their rank andcounterpartsasA:1. ProcessA then
pushestheselabelsinto its label stack. SeeFig. 4. Notice
thatprocessA incrementedits counterto 2 afterthelabeling
procedurewasover.
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Figure 4. A Does Labeling
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Figure 5. A Gives Work to B

Stack-copying is donenext. ProcessB getsall the par-
allel choice-pointsof processA alongwith processA label
stack.Then,stack-splittingtakesplace:processA will keep
thealternativeb2but nota2, andprocessB will keeptheal-
ternative a2 but not b2. We have designeda new WAM
schedulinginstructionwhich is placedin the next alterna-
tive field of thechoice-pointabove which thereis no more
parallelwork. This schedulinginstructionimplementsthe
schedulingschemedescribedin Sect. 4. To avoid taking
theoriginalalternativeof achoice-point,wechangeits next
alternative field to WAM instructiontrust fail. SeeFig. 5.
Afterwards,processB backtracks,removeschoice-pointb
along with its correspondinglabel in the label stack,and
thentakesalternativea2of choice-pointa.

3.1. Incr ementalStack-splitting: The Procedure

In this sectionwe describehow thelabelstacksareused
to computetheincrementalpart to becopied.Assumepro-

cessW is giving work to processI. ProcessW will labelall
its unlabeledparallelchoice-pointsandwill pushtheminto
its labelstack.ProcessW thenincrementsits counter.

If processI label stackis empty, thennon-incremental
stack-copying will needto beperformedfollowedby stack-
splitting. ProcessI thentriesits new work via backtracking.

However, if processI labelstackis not emptythenpro-
cessI sendsits label stackto processW which compares
it againstits own. Comparisonwill go from the first label
enteredin thestacksto thelastone.Theobjective is to find
the lastchoice-pointch with a commonlabel. In this way,
processesW andI areguaranteedto have thesamecompu-
tation above the choice-pointch, while their computations
will bedifferentbelow suchchoice-point.

If the choice-point ch does not exist, then non-
incrementalstack-copying will needto be performedfol-
lowedby stack-splitting.However, if choice-pointch does
exist, thenprocessI backtracksto choice-pointch, andper-
forms incremental-copying. ProcessW sendsits choice-
point stackstartingfrom choice-pointch to the top of its
choice-pointstackalongwith thecorrespondinglabelstack.
Stack-splittingis then performed. Afterwards, processI
triesits new work via backtracking.

We illustrate this procedureby the following example.
SupposeprocessA hasthreeparallelchoice-pointsandpro-
cessC requestswork from A. ProcessA first labelsits last
two unlabeledparallelchoice-pointsandthenincrementsits
counter. Afterwards,processC sendsits labelstackto pro-
cessA. ProcessA comparesthe label stacksandfinds the
lastchoice-pointch with a commonlabel(Fig. 6).

Now, processC backtracksto choice-pointch. Incre-
mentalstack-copying is performed. Then, stack-splitting
takes place(Fig. 7). C backtracksto choice-pointi and
takesalternative i2.

3.2. Incr ementalStack-splitting: Challenges

Four issuesthatwerenotdiscussedaboveandwhichare
fundamentalfor thecorrectimplementationof incremental
stack-splittingarediscussedbelow.

SequentialChoice-points: The first issuehasto do with
thesequentialchoice-pointsthatarelocatedamongthepar-
allel choice-pointsthat will be split betweentwo agents.
The alternatives of thesechoice-pointsshouldbe kept in
only oneprocessotherwise,we mayhave repeated,useless
or wrongcomputations.

Installation Process:Thesecondissuehasto do with the
bindingsof conditionalvariables(i.e.,variablesthatmaybe
bounddifferently in different or-parallel branches)which
may not be copiedduring the incrementalstack-splitting
process. This can be fixed by having the processgiving
work createwhennecessarya stackof all theseconditional
variablesalongwith their bindings. The stackis thensent
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to theprocessreceiving work sothat it canperformthe in-
stallation.

GarbageCollection: The third issueariseswhengarbage
collection takes place. When this happens,relocationof
choice-pointsmay alsotake place. Hence,the labelsmay
no longer label the correctparallel choice-pointsand the
labelstackshouldbeinvalidated.

Next ClauseFields: Thefourth issueariseswhenthenext
clausefields of the parallel choice-pointsabove the last
commonchoice-pointch arenot thesamecomparedto the
onesin theagentreceiving work. This situationoccursaf-
terseveralcopying andsplittingoperations.Hence,thepro-
cessgiving work shouldsendthesenext clausefieldsto the
processreceiving work. Then the splitting of all parallel
choice-pointscantakeplacecorrectly.

4. Scheduling

We adopta simpleandfair distributedalgorithmto im-
plementa schedulingstrategy in thePALS system.A new
datastructure—theload vector—is introducedto indicate
the work loadsof different agents. The work load of an
agentis approximatedby the numberof parallel choice-
points presentin its local computationtree. Each agent
keepsa work load vector V in its local memory, and the
value of V[i] representsthe work load of the agentwith
rank i. Basedon thework loadvector, anidle agentcanre-

questparallelwork from otheragentwith thegreatestwork
load, so that parallel work can be fairly distributed. The
load vector is updatedat runtime. Whenstack-splittingis
performed,a Load Info messagewith updatedload in-
formationwill bebroadcastedto all theagentssothateach
agenthasthe latestinformationof work load distribution.
Additionally, loadinformationis attachedwith eachincom-
ing message.For example:whenaRequest Work mes-
sageis receivedfrom agent��� , thevalueof ��� ’swork load,
0, canbeinferred.

Basedon its work loadeachagentcanbe in oneof two
states:schedulingstateor runningstate.Whenanagenthas
somework to do, it is in a runningstate,otherwise,it is in
a schedulingstate. An agentthat is running,occasionally
checkswhetherthereareincomingmessages.Two possible
typesof messagesarechecked by the runningagent: one
is Request Work messagesentby an idle agent,andthe
other is Send Load Info message,which is sentwhen
stack-splittingoccurs. The idle agentin schedulingstate
is also calleda schedulingagent. An idle agentwantsto
get work as soonas possiblefrom anotheragent,prefer-
ably the one that has the largest amountof work. The
schedulingagentsearchesthroughits local loadvectorfor
theagentwith thegreatestwork load,andthensendsaRe-
quest Work messageto that agentaskingfor work. If
all the other agentshave no work, then the executionof
the currentquery is finishedandthe agenthalts. Whena
runningagentreceivesaRequest Work message,stack-
splittingwill beperformedif therunningagent’swork load
is greaterthan the splitting threshold,otherwise,a Re-
ply Without Work messagewith a positive work load
valuewill besentasa reply. If a schedulingagentreceives
a Request Work message,a Reply Without Work
messagewith work load0 will besentasa reply.

5. Implementation and Performance

The stack-splitting procedurehas been implemented
on top of the commercialALS Prolog systemusing the
MPI library for messagepassing.The whole systemruns
on a Sun Enterprise4500 with 14 processors. While
the Sun Enterpriseis an SMM, it should be noted that
all communication—duringscheduling,copying, splitting,
etc.—is doneusingmessages.Migration of thesystemto
a truly distributedBeowulf machine(a network of Pentium
II nodesconnectedby a Myrinet Switch) is currently un-
derway, andhasso far confirmedthe experimentalresults
observedon theSunEnterprise.

Thebenchmarksthatwehaveusedto testoursystemare
the following. The 8 Queensand10 Queensbenchmarks
consistof placinga numberof queenson a chessboardso
thatno two queensareon thesameline. TheMapColoring
benchmarkconsistsof coloring a planarmap. TheHamil-
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ton benchmarkconsistsof finding a closedpaththrougha
graphsuchthatall thenodesof thegrapharevisitedonce.
TheKnight benchmarkconsistsof findinga pathof knight-
moveson a chessboardof size5 sothatevery squareof the
boardis visited just once.TheSendMore benchmarkcon-
sistsof solving theclassicalcrypto-arithmeticpuzzle. The
Solitaire benchmarkis a solutionto the standardgamein-
volving a triangularboardwith pegs andoneemptyhole.
The8 Puzzlebenchmarkis a solutionto thepuzzleinvolv-
ing a 3-by-3boardwith 8 numberedtiles. TheSendMore,
Solitaire, and8 Puzzlebenchmarkscomputeonly onesolu-
tion while theotherbenchmarkscomputeall thesolutions.

The timing results in secondsfrom our incremental
stack-splittingsystem,which hasjust becomeoperational,
are presentedin Table 1. This systemis basedon the
schedulingstrategy describedabove.

Benchmark # Agents
1 2 4 8 14

8 Queens 0.306 0.198 0.143 0.157 0.149
MapColoring 2.036 1.298 0.696 0.479 0.430

Hamilton 6.895 3.879 1.940 1.151 0.761
10Queens 7.575 3.922 2.087 1.378 1.141
Solitaire 12.912 7.598 3.813 2.029 1.335
8 Puzzle 52.945 29.601 15.026 7.845 4.754

SendMore 115.183 65.271 31.447 16.496 9.686
Knight 275.737 141.213 70.528 35.539 22.403

Table 1. Incremental Stack-splitting (sec.)
Although the resultsarevery encouraging,it shouldbe

notedthat they arevery preliminarysinceno performance
tuninghasbeendone.For benchmarkswith substantialrun-
ning time (Knight, SendMore, and8 Puzzle) thespeed-ups
arevery good. We alsoobserve that for benchmarkswith
notsosubstantialbut alsonotverysmallrunningtime(Soli-
taire, 10Queens, andHamilton) thespeed-upsarestill quite
good.Notethatfor thebenchmarkswith smallrunningtime
(Map coloring and 8 Queens) the speed-upsdeteriorate.
SeeFig. 8 underthelabelIncremental.

Theobservationsmadeaboveareconsistentwith ourbe-
lief that parallel systemsshouldbe usedfor parallelizing
programswith somewhat substantialrunning times. For
programswith small-runningtimes, there is not enough
work to offsetthecostof exploiting parallelism.Neverthe-
less,our systemis reasonablyefficient, giventhatevenfor
smallbenchmarksit canproducereasonablespeed-ups.

In orderto compareour incrementalstack-splittingsys-
temwe have alsoimplementedtwo othertechniquesusing
non-incrementalstack-copying. Oneof thesetechniquesis
basedon stack-splitting,andtheotheris basedon schedul-
ing on top-mostchoice-point. Both implementationsalso
used the schedulingmechanismsdescribedabove. The
speed-upsfor thesesystemsareshown in Fig. 8 underthe
labelsCompleteandTop.

Most benchmarksshow that the incremental stack-
splitting systemobtains higher speed-upsthan the non-
incrementalsystems. Betweenthe non-incrementalsys-
tems,the stack-splittingsystemperformsbetterin mostof
the benchmarksthan the schedulingon top-mostchoice-
point system. This is particularly evident in the caseof
the Hamilton benchmark(Fig. 8). Someof the bench-
marksshow almostnodifferencein performanceamongthe
threesystems.Oneof thereasonswhy this is happeningis
thatduringtheexecutionof thesebenchmarkstheremustbe
only oneor two parallelchoice-pointswhicharegivenaway
or split per sharing. Analyzing the sourcecodefor these
benchmarks,we seethat we have just oneparallelchoice-
pointwhich containsall theparallelwork.

Finally, theincrementalstack-splittingsystem,although
still not optimized,introducesa reasonablysmalloverhead
with respectto theoriginal sequentialALS Prologsystem.
Our PALS system,on a single agent,is on average30%
slower thanthesequentialALS system.

6. Conclusionsand Future Work

In this paperwe proposeda novel schemeto implement
incrementalstack-splittingfor or-parallelismon message-
passingplatforms. The novel methodallows to take ad-
vantageof the higher locality and independenceof com-
putation threadsallowed by stack-splitting,without los-
ing the advantagesof incrementalcopying. Furthermore,
we alsodescribeda schedulingstrategy for the incremen-
tal stack-splittingbasedimplementation.Thesetechniques
have been implementedin the ALS Prolog system,and
performanceresultsfrom this preliminary implementation
werereported.

We have almostcompletedthe migration of the PALS
systemto a Bewoulf distributedmemorymachine,andthe
preliminary resultsconfirm the validity of our methodol-
ogy (theseresults,whicharetoopreliminaryto reporthere,
seemto show speedupsthat areeven betterthanthosefor
the SunEnterprisemultiprocessorreportedin this paper).
In order to guaranteea sustainedgood speed-upon ma-
chineswith largernumberof processors(e.g.,our Bewoulf
systemhas32nodes),weareexploringalternativeschedul-
ing methodologies(e.g.,centralizedvs. distributedschedul-
ing, top vs. bottomscheduling).We arealsoperforminga
low-level performancetuning of the system,anddevelop-
ing methodologiesto supportside-effectsandotherextra-
logical predicates.
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