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Abstract

Incrementabtack-copingis atechniquewhich hasbeen
successfullysedto supportefficient parallel executionof
a variety of search-basedAl systems—g., logic-based
and constrint-basedsystems. The idea of incremental
stak-copyingis to only copy the differencebetweenthe
dataareasof two agents,insteadof copyingthementirely,
whendistributing parallel work. In order to further re-
duce the communicationduring stadk-copyingand male
its implementatiorefiicient on messge-passingplatforms,
a new tedhnique called stack-splitting has recentlybeen
proposed. In this paper we describea schemeto effec-
tively combinestad-splitting with incrementalstadk copy-
ing, to achieve superior parallel performancein a non-
sharedmemoryernvironment\We alsodescribea scheduling
schemefor this incrementalstad-splitting strategy. These
techniquesare currently being implementedn the PALS
system—aatrallel constaint logic programmingsystem.

1. Intr oduction

Seach is a popularproblemsolving paradigmusedin
mary Al systems.Suchseach-basedAl systemgraverse
the solutionspace(typically modeledasa tree)looking for
aninstancgsolution)which satisfieghecriterialaid out by
theprogrammerExamplesof search-basedl systemsan
befoundin applicationareasuchasExpertSystemsGame
playing,constrainprogrammingplanningandlogic-based
systemq15, 4]. Suchsearch-basedl systemscanspend
a large amountof time looking for a solution, due to the
high dimensionahatureof the searctspaceandthelack of
effectiveandgenerabkearcheuristics Evenif goodheuris-
ticswerefoundto prunethe searchspacethenarrov down
spacecanstill be quite large. For example,researchern
theareaof planningareconstantlystriving to generatglans
within acceptabldime constraint,and are often forcedto
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imposelimitations (e.g., maintaina small numberof fea-
sible actions)in orderto obtaina solutionin a reasonable
amountof time[4]. Eventhen,thenumberof possibleplans
to consideris astronomical. Given the compute-intensie
natureof search-basedll systemsthe useof parallelismto
improve systems’performancebecomesa natural choice.
Indeed,a considerablenumberof proposalshave emepged
overtheyearsto exploit parallelismfrom this classof appli-
cations[16, 15, 12, 17, 14]. In particular considerablem-
phasishasbeenplacedon exploiting parallelismfrom the
operationakemanticof the programminganguagesom-
monly usedto codetheseclasse®f applicationge.g.,con-
straint programming,logic programming,and functional
programming)[12, 13, 22]. This approacthasthe adwan-
tageof beinggeneralenoughto warrantthe ability to ex-
tract parallelismfrom virtually ary applicationwritten in
ary of theseparadigmstypically in a way thatis transpar
entor semi-transparerto the applicationprogrammer In
the restof the paper we will presentour techniqguesand
resultsin the contet of parallel Prolog, thoughthey can
equallywell be appliedto specificAl systemghatincorpo-
rate seaching, aswell asotherlanguageghatincorporate
someform of non-determinisnto facilitateprogrammingpf
search-basedl applicationge.g.,constrainpprogramming
andrule-basegrogramming).

Executionin a search-basedystemis centeredaround
the developmentand exploration of a seach tree Each
internal node representsan execution point where multi-
ple alternatvesareavailableto continuewith the execution.
Leavesof the treerepreseneitherfailure points(i.e., exe-
cution pointswhich cannotleadto ary solution)or success
points(i.e., solutionsto the problem). Adopting logic pro-
grammingterminology we will referto the internalnodes
in thetreeaschoice-points A sequentiatomputatiorboils
down to traversalof this searchireeaccordingto somepre-
definedsearchstrateyy; languagedik e Prologmostlyadopt
a fixed strateyy (a left-to-right, depth-firsttraversal strat-
egy), while othersmay adapttheir searchstrateyy accord-
ing to the structureof eachindividual computation(e.g.,



constrainprogramminganguages)This structuringof the
computationsuggests naturalway for the exploitation of
parallelism:multiple processorgcomputingagentg canex-
plore the different branchesof the search-treén parallel
[15, 16. Thesemultiple agentstraversethe searchtree
looking for unexploredbranches.If anunexploredbranch
(i.e., anunexploredalternatve) is found, the agentpicksit
up and begins execution. This agentwill stop eitherif it
fails (reaches failing leaf), or if it findsa solution.In case
of failure, or if the solutionfound is not acceptabldo the
usertheagentwill badtrack, i.e.,movebackupin thetree,
looking for otherchoice-pointsvith untriedalternatvesto
explore. The agentsmay needto synchronizeif they ac-
cessthe samenodein the tree. This form of search-based
parallelismis commonlytermedor-parallelism Efficient
implementationof or-parallelismhasbeenextensvely in-
vestigatedn the context of Al systemq15, 16, 17] aswell
asfor the Prologlanguagd10, 12].

Most research on or-parallel execution of non-
deterministiclanguagesso far hasfocusedon techniques
aimed at shared-memorymultiprocessors(SMMs). In
this paper we are concernedwith the development of
execution modelsfor exploitation of or-parallelismfrom
Prolog programson MessagePassingPlatforms (MPPs).
The techniqueswe proposeare immediatelyapplicableto
other systemsbasedon the sameunderlyingmodel, e.g.,
constrain{20] andnon-monotoniaeasonindg17] systems.

Experimental [1] and theoretical studies [18] have
demonstratedhat stak-copying and in particularincre-
mentalstack-coping, is one of the most effective imple-
mentationtechniquefor exploiting or-parallelismthat one
candevise. Stack-coping allows sharingof work between
parallel agentsby copying the stateof one agent(which
owns unexploited tasks)to anotheragent(which is cur-
rently idle). The ideaof incrementalstack-coping is to
only copy the differencebetweenthe stateof two agents,
insteadof entirely copying the completestate.Incremental
stack-coping hasbeenusedto implementor-parallelPro-
log efficiently in avarietyof systemge.g.,MUSE[1], YAP
[19]), aswell asto exploit parallelismfrom otherdeclara-
tive systemg22, 20, 17].

In order to further reducethe communicationduring
stack-coping and make its implementationefficient on
message-passirmqgatforms,a new technique called stack-
splitting, has recently been proposed[11]. In this pa-
per, we describethe first ever concreteimplementationof
stack-splittingon a message-passimatform,alongwith a
novel schemeo combineincrementalcopying with stack-
splitting on MPPs. Theincrementalstadk-splitting scheme
is basedon a proceduravhich labelsparallelchoice-points
andthencomparegshelabelsto determinethe fragmentof
dataand control areasthat needto be exchangedetween
agents. Furthermore,we describea schedulingscheme

which is suitableto be usedwith this novel incremental
stack-splittingscheme. The techniquesdescribedare cur-
rently beingimplementedn the PALS system,a message-
passingor-parallelimplementatiorof Prolog. In this paper
we presenperformanceesultsfrom thisimplementation.

2. Stack-splitting

Most researctrelatedto or-parallel implementationof
non-deterministidanguagesso far has focusedon tech-
niguesaimedat shared-memorynultiprocessorSMMs)
[12,18]. Relativelyfewerefforts[21, 9, 2, 8,7, 6] havebeen
devotedto implementingogic andconstrainfprogramming
systemson messaggassingplatforms. Out of theseef-
forts only a smallnumberhave beenimplementedaswork-
ing prototypes,and even fewer have producedacceptable
speed-ups.Existing techniquesdevelopedfor SMMs are
mostly inadequatdor the needsof MPPs! In fact, most
implementationmethodsequiresharingof dataand/orcon-
trol stacksto work correctly Evenif the needto share
datastackss eliminated—asn stadk-copying—theneedto
sharethe control stackstill exists. The control stackcan
belargeandfrequentlyaccessedhusdegradingthe perfor-
manceon MPPs.

Stadk-splitting is a modification of the stack-coping
method and is designedto supportor-parallelism (OP)
on MPPs. To our knowledge, stack-splittingis the first
modelwhich satisfiesthe basicoptimality criteria for OP
[10, 18] and provides separationbetweencontrol areas.
Stack-splittingallows one to avoid sharingof the control
stack,thusallowing efficienttechniquesievisedfor SMMs
to beimplementedn MPPswithoutexcessve performance
degradation. Stack-splittinghasthe potentialto improve
locality of computation,reducecommunicationbetween
agentsandimprove cachebehaior. Furthermoreit allows
better schedulingstrategyies—e.g.,scheduling on bottom-
mostchoice-point—evenin MPPimplementation®f OP.

2.1 The Needfor a Differ ent Stack-CopyingModel

Traditional stack-coping [1] behaes as illustratedin
Fig. 1. Agent A providesa copy of of its datastructures
to agentB. Agent B performsa simplebacktrackingo the
lastchoice-pointcopied,allowing Agent B to restartcom-
putationwith oneof the unexploredalternatves.

In the traditional stack-coging technique,as imple-
mentedin the MUSE and YAP systemspacktrackingon a
choice-pointwhich hasbeensharedbetweentwo or more
agents,requiresacquiring exclusive accessto the corre-
spondingshaedframe(seeFig. 1). Sharedramesareas-
sociatedto eachcopiedchoice-pointand usedto maintain

1Adaptationof modelswith higherdegreeof sharingto MPPs,using
distributedsharednemorytechniqueshave recentlybeenproposed21].
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Figure 1. Stack-cop ying

asharedrepresentationf the alternatvesavailablein such
choice-point. The useof sharedframeswith mutually ex-
clusive accesgjuaranteethat no two agentdry to explore
the samealternatve. This solutionworksfine on SMMs—
wheremutualexclusionis easilyimplementedusinglocks
However, on a MPP this procesds a sourceof overhead—
accesdo thesharedareabecomes bottlenec{3]. Sharing
of informationin aMPPleadsto frequentexchangeof mes-
sagesand henceconsiderableoverhead. Centralizeddata
structuressuchas sharedframes,are expensve to realize
in adistributedsetting.

Neverthelessstack-coping hasbeenrecognizedasthe
bestrepresentatioomethodologyto supportOP in a MPP
setting[8, 9, 2, 7, 6]. This is becausewhile the choice-
points are shared(throughthe sharedframes),at leastall
the otherdata-structuresuchasthe ervironment,thetrail,
and the heapare not. To avoid the problem of sharing
choice-pointsn distributed implementationsmary devel-
opers have reverted back to the scheduling on top-most
choice-pointstratgy [8, 9]. Thismethodologytransferde-
tweenagentsonly the highestchoice-point(i.e., closerto
theroot)in thecomputatiortreewhich containsunexplored
alternatves. Thereasonings thatuntriedalternatvesof a
choice-pointreatechigherupin theor-treearemorelik ely
to generatdargesubtreesswell asminimizetheamountof
computatiorishared”by differentagentsindeed a system
makinguseof schedulingon top-mostchoice-pointcanbe
realizedwithout the needof sharedrames.

However, if the granularityof the branchesn the top-
mostchoice-pointsdoesnot turn out to be large, thenan-
otheruntriedalternatve hasto be picked anda new copy-
ing operationperformed. In contrast,in scheduling on
bottom-mostchoice-pointmore work could be found via
backtracking,since more choice-pointsare copied during
the samesharingoperation. Schedulingon bottom-most
choice-poinis characterizedthy thefactthatall the choice-
pointsownedby oneagentarecopiedduringasharingoper
ation. Additionally, schedulingon bottom-mosis closerto
the depth-firstsearchstratgly usedby sequentiakystems,
andfacilitatessupportof Prologsemantics Researchdone

on comparingschedulingstratgiesindicatesthat schedul-
ing on bottom-mostis superiorto schedulingon top-most
[5]. However, the sharedhatureof choice-pointds a major
drawvbackfor aMPPimplementatiorof stack-coping. The
guestionwe consideris: canwe avoid sharingof choice-
pointswhile keepingschedulingon bottom-most?The an-
sweris affirmative, asis discussedhext.

2.2 Stack-Splitting Copying Model

In stack-coping, the primaryreasorwhy a choice-point
hasto be shareds becauseve wantto serializethe selec-
tion of untriedalternatves, so that no two agentscan pick
the samealternatve. However, thereareothersimpleways
of ensuringthe sameproperty: performa splitting of the
choice-points|.e., eachagentis givenall thealternatvesof
alternatechoice-points(SeeFig. 2). In this case,the list
of choice-pointss split betweenthe two agents. We call
this operationchoice-pointstad-splitting or simply stad-
splitting. Stack-splittingwill ensurehatnotwo agentsick
the samealternatie. The needfor a sharedrame,asacrit-
ical sectionto protectthe alternatvesfrom multiple execu-
tions, hasdisappearedas eachstackcopy hasa different
choice-point. All the choice-pointscan be evenly split in
thiswayduringthecopying operation.Themajoradvantage
of stack-splittings thatschedulingon bottom-mostanstill
be usedwithout incurring hugecommunicatioroverheads.
Essentially after splitting, the differentor-parallel threads
becomefairly independentf eachother and hencecom-
municationis minimizedduring execution. This makesthe
stack-splittingiechniquehighly suitablefor MPPs.

Thesharedramesin stack-coping areusedto maintain
global information relatedto scheduling. Sharedframes
arealsoemployedin MUSE [1] to detectthe Prologorder
of choice-points,neededto executeordersensitve predi-
cates(e.g.,side-efects,extra-logicalpredicates)n the cor-
rectordetr However, understack-splittinghe sharedrames
no longerexist; schedulingandglobal orderingof choice-
pointsinformationwill haveto bemaintainedn someother
way. They could be keptin a global sharedareaor dis-
tributedover multiple agentsandaccessetly messag@ass-
ing in caseof MPPs.

Thus, stack-splittingdoes not completely remove the
need of a shareddescription of the or-tree. On the
otherhand,the useof stack-splittingmitigatesthe impact
of accessingharedresources—e.gstack-splittingallows
schedulingon bottom-mostwhich reducesthe numberof
callsto thescheduler

2.3 Incremental Stack-Copying

Traditional stack-coping requiresagentswhich share
work to transfera completecopy of the datastructuresep-
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Figure 2. Splitting of Choice-points

resentinghe statusof thecomputationIn thecaseof a Pro-
log computationthis may includetransferringmostof the
choice-pointalongwith copiesof theotherdataareagtrail,
heap,ervironments).SincePrologcomputationsanmake
useof largequantitiesof memory(e.g.,generatdargestruc-
turesontheHeap) this copying operationcanbecomeguite
expensve. Existing stack-coging systems(e.g., MUSE)
have introduceda variationof stack-coging, calledIncre-
mentalStadk-Copying[1] which allows to considerablyre-
ducethe amountof datatransferredduring a sharingoper
ation. Theideais to comparethe contentof the dataareas
in thetwo agentdnvolvedin asharingoperationandtrans-
fer only the differencebetweerthe stateof the two agents.
Thisis illustratedin Fig. 3. In Fig. 3(i) we have two agents
(P1 andP2) which have 3 choice-pointin common(e.g.,
from a previoussharingoperation) P1 ownstwo additional
choice-pointswith unexploredalternatveswhile P2 is out
of work. If P2obtainswork from P1,thenthereis no need
of copying againthe 3 top choice-pointgFig. 3(ii)).
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Figure 3. Incremental Stack-Copying

In the restof the paperwe describea completeimple-
mentationof stack-splittingusinga messagepassingplat-
form, analyzingin detail how the variousproblemsmen-
tioned earlier have beentackled. In additionto the basic
stack-splittingschemewe analyzehow stack-splittingcan
be extendedto incorporateincrementalcopying an opti-
mizationwhichhasbeendeemedssentiato achiese speed-
upsin variousclasseof benchmarksThe solutionwe de-
scribehasbeendevelopedn aconcretdmplementationre-
alizedby modifying theengineof acommerciaPrologsys-
tem (ALS Prolog)andmakinguseof the MessagdPassing

Interface(MPI1) ascommunicatiorplatform. The ALS Pro-
log systemis basedon an efficient versionof the Warren
AbstractMachine(WAM).

3. Incremental Stack-splitting

During stack-splitting,all WAM dataareas(the WAM
modelincludesa stackfor thechoice-pointsa stackfor en-
vironments,a heapfor the dynamiccreationof terms,and
a trail usedto supportundoingof variablebinding during
backtracking)exceptfor the codeareaarecopiedfrom the
agentgiving work to theidle one.Next, the parallelchoice-
points are split betweenthe two agents. Blindly copying
all the stacksevery time anagentshareswvork with another
idle agentcanbe wasteful,sincefrequentlythe two agents
alreadyhave partsof the stacksn commondueto previous
copying. We cantake advantageof this factto reducethe
amountof copying by performingincrementalcopying as
discussecarlier

In orderto figure out the incrementalpartto be copied,
parallel choice-pointswill belabeled The goal of the la-
beling processs to uniquelyidentify the original “source”
of eachchoice-point(i.e., which agentcreatedt), to allow
unambiguousletectionof copiesof commonchoice-points.

To performlabeling,eachagentmaintainsacounter Ini-
tially, the counterin eachagentis setto 1. The counter
is increasedyy 1 every time the labeling procedurds per
formed. Whena parallelchoice-pointis copiedfor thefirst
time, alabelfor it is created.Thelabelis composeaf three
parts: (i) agentrank, (i) counter and(iii) choice-pointad-
dress.Theagentankis therank(i.e.,id) of theagentwhich
createdthe choice-point. The counteris the currentvalue
of the labeling counterfor the agentgeneratinghe labels.
The choice-pointaddresss the addres®f the choice-point
which is beinglabeled. The labelsfor the parallelchoice-
points are recordedin a separatdabel stad, in the order
they arecreated.Intuitively, the label stackkeepsa record
of changesloneto the stackssincethe last stack-splitting
operation.Obsene thatthe choiceof maintaininglabelsin
a stack—insteadf associatinghemdirectly to the choice-
points—haseendictatedby efficiency reasons.



Let us illustrate the stack-splittingaccompaniedy la-
belingwith anexample.SupposerocessA hasjustcreated
two parallelchoice-pointsandprocess is idle. ThenPro-
cessB requestsvork from processA. ProcessA first cre-
ateslabelsfor its two parallelchoice-points. Theselabels
have their rank and counterpartsas A:1. ProcessA then
pushegheselabelsinto its label stack. SeeFig. 4. Notice
thatprocess\ incrementedts counterto 2 afterthelabeling

procedureNasover.
PA cnt =2 PB cnt =1
idle

a2

Figure 4. A Does Labeling
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Figure 5. A Gives Work to B

Stack-coping is donenext. ProcessB getsall the par
allel choice-pointof processA alongwith processA label
stack.Then,stack-splittingakesplace:procesA will keep
thealternative b2 but nota2, andproces® will keeptheal-
ternatve a2 but not b2. We have designeda newv WAM
schedulinginstructionwhich is placedin the next alterna-
tive field of the choice-pointabove which thereis no more
parallelwork. This schedulinginstructionimplementsthe
schedulingschemedescribedn Sect. 4. To avoid taking
theoriginal alternatve of achoice-pointwe changets next
alternatve field to WAM instructiontrust fail. SeeFig. 5.
Afterwards,processB backtracksyemoveschoice-pointb
alongwith its correspondindabel in the label stack,and
thentakesalternatve a2 of choice-pointa.

3.1 Incr emental Stack-splitting: The Procedure

In this sectionwe describehow thelabel stacksareused
to computetheincrementapartto be copied. Assumepro-

cessW is giving work to procesd. ProcesdV will labelall
its unlabeledbarallelchoice-pointandwill pushtheminto
its labelstack.ProcesdV thenincrementsts counter

If procesd label stackis empty thennon-incremental
stack-coping will needto beperformedollowedby stack-
splitting. Process thentriesits new work via backtracking.

However, if procesd label stackis not emptythenpro-
cessl sendsits label stackto processw which compares
it againstits own. Comparisorwill go from thefirst label
enteredn the stacksto thelastone.Theobjectieis to find
thelast choice-pointch with a commonlabel. In this way,
processesV andl areguaranteedo have the samecompu-
tation above the choice-pointch, while their computations
will bedifferentbelon suchchoice-point.

If the choice-point ch does not exist, then non-
incrementalstack-coging will needto be performedfol-
lowed by stack-splitting.However, if choice-pointch does
exist, thenprocesd backtrackgo choice-pointch, andper
forms incremental-coping. ProcessW sendsits choice-
point stackstartingfrom choice-pointch to the top of its
choice-poinstackalongwith thecorrespondindabelstack.
Stack-splittingis then performed. Afterwards, processl
triesits new work via backtracking.

We illustrate this procedureby the following example.
SupposerocesA hasthreeparallelchoice-pointsandpro-
cessC requestsvork from A. Proces4A first labelsits last
two unlabeledparallelchoice-pointandthenincrementsts
counter Afterwards,proces<C sendsts labelstackto pro-
cessA. ProcessA compareghe label stacksandfinds the
lastchoice-pointch with acommonlabel (Fig. 6).

Now, processC backtracksto choice-pointch. Incre-
mental stack-coping is performed. Then, stack-splitting
takes place(Fig. 7). C backtracksto choice-pointi and
takesalternatvei2.

3.2 Incr emental Stack-splitting: Challenges

Fourissueghatwerenotdiscussecbose andwhich are
fundamentafor the correctimplementatiorof incremental
stack-splittingarediscussedbelow.

Sequential Choice-points: The first issuehasto do with
thesequentiathoice-pointghatarelocatedamongthe par
allel choice-pointsthat will be split betweentwo agents.
The alternatves of thesechoice-pointsshouldbe keptin
only oneprocestherwise we may have repeateduseless
or wrong computations.

Installation Process:The secondssuehasto do with the
bindingsof conditionalvariableqi.e.,variableshatmaybe
bounddifferently in differentor-parallel brancheswhich

may not be copied during the incrementalstack-splitting
process. This can be fixed by having the processgiving

work createwhennecessana stackof all theseconditional
variablesalongwith their bindings. The stackis thensent



Figure 6. A Compares Labels with C
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to the processeceving work sothatit canperformthein-
stallation.

Garbage Collection: Thethird issueariseswhengarbage
collection takes place. When this happensyelocationof

choice-pointanay alsotake place. Hence,the labelsmay

no longer label the correctparallel choice-pointsand the

labelstackshouldbeinvalidated.

Next ClauseFields: Thefourth issueariseswhenthe next
clausefields of the parallel choice-pointsabove the last
commonchoice-pointch arenot the samecomparedo the
onesin the agentreceving work. This situationoccursaf-
terseveralcopying andsplitting operationsHence thepro-
cesgyiving work shouldsendthesenext clausefieldsto the
processreceving work. Thenthe splitting of all parallel
choice-pointantake placecorrectly

4. Scheduling

We adopta simpleandfair distributedalgorithmto im-
plementa schedulingstratey in the PALS system.A new
datastructure—thdoad vector—is introducedto indicate
the work loadsof differentagents. The work load of an
agentis approximatedby the numberof parallel choice-
points presentin its local computationtree. Eachagent
keepsa work load vectorV in its local memory and the
value of V[i] representghe work load of the agentwith
ranki. Basedonthework loadvector, anidle agentcanre-

guestparallelwork from otheragentwith the greatestvork
load, so that parallelwork can be fairly distributed. The
load vectoris updatedat runtime. When stack-splittingis
performed,a Load_I nf 0 messagevith updatedload in-
formationwill be broadcastetb all theagentssothateach
agenthasthe latestinformation of work load distribution.
Additionally, loadinformationis attachedvith eachincom-
ing messageFor example:whena Request Wor k mes-
sagds recevedfrom agentP, , thevalueof P;’swork load,
0, canbeinferred.

Basedon its work load eachagentcanbein oneof two
statesschedulingstateor runningstate.Whenanagenthas
somework to do, it is in arunningstate,otherwisejt is in
a schedulingstate. An agentthatis running, occasionally
checkswhetherthereareincomingmessagestwo possible
typesof messagesre checled by the running agent: one
is Request Wor k messagasentby anidle agent,andthe
otheris Send_Load_l nf o messagewhich is sentwhen
stack-splittingoccurs. The idle agentin schedulingstate
is also called a schedulingagent. An idle agentwantsto
get work as soonas possiblefrom anotheragent,prefer
ably the one that has the largestamountof work. The
schedulingagentsearcheshroughits local load vectorfor
theagentwith the greatestvork load,andthensendsaRe-
guest Wor k messageo that agentaskingfor work. If
all the other agentshave no work, then the execution of
the currentqueryis finishedandthe agenthalts. Whena
runningagentrecevesa Request Wor k messagestack-
splittingwill beperformedf therunningagentswork load
is greaterthan the splitting threshold,otherwise,a Re-
pl y_W t hout Wér k messagavith a positive work load
valuewill besentasareply. If aschedulingagentreceves
a Request Wor k messagea Repl y_W t hout Wor k
messagavith work loadO will besentasareply.

5. Implementation and Performance

The stack-splitting procedurehas been implemented
on top of the commercialALS Prolog systemusing the
MPI library for messageassing. The whole systemruns
on a Sun Enterprise4500 with 14 processors. While
the Sun Enterpriseis an SMM, it should be noted that
all communication—duringchedulingcopying, splitting,
etc.—is doneusingmessagesMigration of the systemto
atruly distributedBeowulf machine(a network of Pentium
Il nodesconnectedby a Myrinet Switch) is currently un-
derway, andhasso far confirmedthe experimentalresults
obsenedonthe SunEnterprise.

Thebenchmarkshatwe have usedto testour systemare
the following. The 8 Queensand 10 Queenshenchmarks
consistof placinga numberof queenson a chessboardo
thatnotwo queensareonthe samdine. The Map Coloring
benchmarkconsistsof coloring a planarmap. The Hamil-



ton benchmarkconsistsof finding a closedpaththrougha
graphsuchthatall the nodesof the grapharevisited once.
TheKnight benchmarlconsistf finding a pathof knight-
moveson a chessboardf size5 sothatevery squareof the
boardis visited just once. The SendMore benchmarkcon-
sistsof solving the classicalcrypto-arithmetigpuzzle. The
Solitaire benchmarks a solutionto the standardyamein-
volving a triangularboardwith pegs and one empty hole.
The 8 Puzzlebenchmarks a solutionto the puzzleinvolv-
ing a 3-by-3 boardwith 8 numberediles. The SendMore,
Solitaire, and8 Puzzlebenchmarkgomputeonly onesolu-
tion while the otherbenchmarkgomputeall the solutions.

The timing resultsin secondsfrom our incremental
stack-splittingsystem which hasjust becomeoperational,
are presentedn Table 1. This systemis basedon the
schedulingstrateyy describedabove.

Benchmark # Agents
1 | 2 | 4 | 8 | 14

8 Queens 0.306 0.198 0.143 0.157 0.149
Map Coloring 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 resultsare very encouragingit shouldbe
notedthatthey arevery preliminary sinceno performance
tuninghasbeendone.For benchmarksvith substantiafun-
ning time (Knight, SendMore, and8 Puzz|@ the speed-ups
arevery good. We alsoobsene that for benchmarkswith
notsosubstantiabut alsonotvery smallrunningtime (Soli-
taire, 10 QueensandHamilton) thespeed-uparestill quite
good.Notethatfor thebenchmarksvith smallrunningtime
(Map coloring and 8 Queen} the speed-upsleteriorate.
SeeFig. 8 underthelabellncremental

Theobsenationsmadeabove areconsistentvith our be-
lief that parallel systemsshouldbe usedfor parallelizing
programswith somevhat substantialrunning times. For
programswith small-runningtimes, there is not enough
work to offsetthe costof exploiting parallelism.Neverthe-
less,our systemis reasonablefficient, giventhat evenfor
smallbenchmarksét canproducereasonablspeed-ups.

In orderto compareour incrementaktack-splittingsys-
temwe have alsoimplementedwo othertechniquesising
non-incementalktack-coging. Oneof thesetechniquess
basedon stack-splittingandthe otheris basedn schedul-
ing on top-mostchoice-point. Both implementationsalso
usedthe schedulingmechanismgdescribedabove. The
speed-up$or thesesystemsareshawvn in Fig. 8 underthe
labelsCompleteandTop.

Most benchmarksshowv that the incremental stack-
splitting systemobtains higher speed-upghan the non-
incrementalsystems. Betweenthe non-incrementabkys-
tems,the stack-splittingsystemperformsbetterin mostof
the benchmarkghan the schedulingon top-mostchoice-
point system. This is particularly evident in the caseof
the Hamilton benchmark(Fig. 8). Someof the bench-
marksshav almostno differencein performancemongthe
threesystems.Oneof thereasonwhy this is happenings
thatduringthe executionof theseébenchmarksheremustbe
only oneor two parallelchoice-pointsvhich aregivenaway
or split per sharing. Analyzing the sourcecodefor these
benchmarkswe seethat we have just one parallelchoice-
pointwhich containsall the parallelwork.

Finally, theincrementaktack-splittingsystemalthough
still not optimized,introducesa reasonablysmall overhead
with respecto the original sequentiaALS Prologsystem.
Our PALS system,on a single agent,is on average30%
slowerthanthesequentiaALS system.

6. Conclusionsand Futur e Work

In this paperwe proposeda novel schemeo implement
incrementalstack-splittingfor or-parallelismon message-
passingplatforms. The novel methodallows to take ad-
vantageof the higherlocality and independencef com-
putation threadsallowed by stack-splitting, without los-
ing the advantagesof incrementalcopying. Furthermore,
we alsodescribeda schedulingstrateyy for the incremen-
tal stack-splittingbasedmplementation.Thesetechniques
have beenimplementedin the ALS Prolog system,and
performanceaesultsfrom this preliminaryimplementation
werereported.

We have almostcompletedthe migration of the PALS
systemto a Bewoulf distributedmemorymachine andthe
preliminary results confirm the validity of our methodol-
ogy (theseresults which aretoo preliminaryto reporthere,
seemto shav speedupshat are even betterthanthosefor
the Sun Enterprisemultiprocessorreportedin this paper).
In orderto guaranteea sustainedgood speed-upon ma-
chineswith largernumberof processorge.g.,our Bewoulf
systemhas32 nodes)we areexploring alternatve schedul-
ing methodologiege.g.,centralizedss. distributedschedul-
ing, top vs. bottomscheduling).We arealsoperforminga
low-level performanceduning of the system,and develop-
ing methodologiego supportside-efectsand other extra-
logical predicates.
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