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Abstract

Adaptive applicationshave computationalworkloadsand communicationpatternswhich changeunpre-
dictablyatruntime,requiringdynamicloadbalancingto achievescalableperformanceonparallelmachines.
Efficientparallelimplementationsof suchadaptiveapplicationsis thereforeachallengingtask.In thispaper,
we comparetheperformanceof andtheprogrammingeffort requiredfor two majorclassesof adaptive ap-
plicationsunderthreeleadingparallelprogrammingmodelsonanSGIOrigin2000system,amachinewhich
supportsall threemodelsefficiently. Resultsindicatethatthethreemodelsdelivercomparableperformance;
however, the implementationsdiffer significantlybeyond merelyusing explicit messagesversusimplicit
loads/storeseventhoughthebasicparallelalgorithmsaresimilar. Comparedwith themessage-passing(us-
ing MPI) andSHMEM programmingmodels,the cache-coherentsharedaddressspace(CC-SAS)model
providessubstantialeaseof programmingat both the conceptualandprogramorchestrationlevels, often
accompaniedby performancegains.However, CC-SAScurrentlyhasportability limitationsandmaysuffer
from poorspatiallocality of physicallydistributedshareddataon largenumbersof processors.

1 Introduction

Architecturalconvergenceandsoftware tools have madeit possiblefor differentprogrammingmodelsto
be supportedon the sameplatform. At present,the threeleadingprogrammingmodelsareexplicit mes-
sagepassing,one-sidedcommunicationusingsymmetricprivateaddressspaces,andcache-coherentshared
addressspace(CC-SAS).Themessage-passingparadigmis perhapsthemostpopular, andcommonlyim-
plementedby usingthe MPI library. The SHMEM library is similar to MPI but usessymmetricaddress
spacesfor the individual processes.Thus,communicationin SHMEM requiresonly oneprocessto beex-
plicitly involved,andany processcanspecifyremotedatausingtheir local nameandtheprocessidentifier.
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CC-SAS,on the otherhand,assumesa global sharedaddressspace,leverageshardwarecache-coherency
features,andaccessesremotedataimplicitly via ordinaryloadsandstores.�

Unfortunately, it is not obvioushow thesethreeprogrammingmodelscomparein termsof parallelper-
formanceandeaseof programmability. Ourpreviousstudies[13, 14] haveshown thatevenfor non-adaptive
applications,using different programmingmodelssignificantly affects overall performanceand requires
varyingamountsof programmingeffort. In thispaper, we focuson adaptive applicationsin which thecom-
putationalworkloadsand/orthecommunicationpatterns/volumeschangeatruntime,requiringdynamicload
balancingto achievescalableperformanceonparallelmachines.Applicationsthatexhibit suchirregularun-
predictablememoryaccessesandcommunicationpatternshave becomeincreasinglyimportantin scientific
andengineeringfields,asmorecomplex phenomenaanddomainsarestudied.However, obtainingscalable
performancefor thisclassof applicationsoncurrentstate-of-the-artmultiprocessorsystemsis achallenging
task.

Severalresearchershaveinvestigatedtheparallelperformanceof variousadaptiveapplicationsondiffer-
entcomputerplatforms.MartonosiandGuptaexaminedawire routingprogramandfoundthat,comparedto
a shared-memoryimplementation,themessage-passingmodelreducedcommunicationvolumeat thecost
of compromisingsolutionquality [6]. Singhet al. found CC-SAS,whenimplementedefficiently on the
StanfordDASH machine,to provide substantialprogrammingeaseandlikely performanceadvantagesfor
hierarchicalN-Bodyapplications[16] andanumberof graphicsalgorithms[15]. DikaiakosandStadelcon-
ductedperformancecomparisonsof cosmologicalsimulationson the Intel ParagonandKSR-2 machines,
andfound that theshared-memoryversionrunningon theKSR-2outperformedthemessage-passingcode
runningon the Paragon[2]. More recently, Oliker andBiswasexaminedthe performanceof a dynamic
unstructuredmeshadaptationalgorithm using threedifferentprogrammingmodelsandconcludedthat a
multithreadedimplementationon theTeraMTA wasthesimplestandshowedthemostpromise[8]. How-
ever, eachprogrammingparadigmin thelaststudywasimplementedon a differentplatform,makingdirect
performancecomparisonsratherdifficult.

SHMEM CC-SASMPI

Programming Model Layer

Communication Layer

Application Layer

Figure1: A layeredframework for comparingdifferentprogrammingmodels.

Mostof thesestudiesdid notcomparethealgorithmicandcodingimplicationsof usingvariousprogram-
ming paradigms.Thestudiesalsodiffer substantiallyfrom ourssincewe usea commonhigh-performance
computerwith sophisticatedimplementationsof threedifferentprogrammingmodels.Theuseof a single
platformmakestheperformancedataandthecodecomparisonsvery relevant. Our overall researchgoal is
to studytheproblemof programmingmodelsfor adaptive applicationsin a layeredframework asshown in
Figure1. The top layer is calledtheApplicationLayer. Theapplicationsselectedfor this work neededto
satisfythefollowing criteria:� requireirregularandunpredictablecommunication,aswell asdynamicloadbalancing,� have wideapplicabilityto problemdomainsthatrequirehigh-performancecomputing,� requiretheuseof largenumbersof processors,and� benon-trivial to obtainscalableperformance.�

Thewordsprocessandprocessorareusedsynonymouslythroughoutthispaper.
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Basedon theserequirements,we selectedtwo typical applications:DynamicRemeshingandN-Bodyasour
testcases.Detailsof theseapplicationsaregivenin Section2. For eachapplication,wedeveloponeor more
programsfor thedifferentprogrammingmodelsusingwell-known algorithms.

Themiddlelayerin ourframework is theProgrammingModelLayer, whichprovidesdifferentprogram-
ming interfacesto theApplicationLayer. Thetwo dominantparallelprogrammingparadigmsaremessage
passingandcache-coherentsharedaddressspace.However, thereexistsanotherprogrammingmodelcalled
SHMEM which liesbetweenthesetwo extremes.A brief descriptionof thesemodelsis givenin Section3.

Thebottomlayer is calledtheCommunicationLayerandconsistsof thecomputationandcommunica-
tion hardware,andlow-level software.In thiswork,wefocusontightly-coupleddistributedshared-memory
multiprocessors.In particular, we selectedtheSGI Origin2000platform,which hasanaggressive commu-
nicationarchitectureandprovides full hardwaresupportfor the CC-SASmodel. The MPI andSHMEM
programmingmodelsarebuilt in softwarebut leveragetheunderlyinghardwarefor a sharedaddressspace
andefficientcommunication.In fact,theperformanceof thelattertwo modelsonthismachineiscomparable
to or betterthanthaton mostsystemsnot supportingtheCC-SASmodelin hardware.

This layeredapproachallows usto confineour investigationsto eachindividual layer, isolatetheprob-
lemsif any, andfind suitablesolutions.For example,therearetwo differentconsiderationsin theApplica-
tion Layer: at thealgorithmiclevel andat theimplementationor programorchestrationlevel. We examine
whetherthealgorithmsthatdeliver thebestperformancefor eachprogrammingmodelaresimilar. For non-
adaptive applications,we foundthatthebest-performingalgorithmsweresimilaracrossmodels[13], which
is a positive indicator for applicationdevelopers. If this is true for the two chosenadaptive applications,
we will investigateif therearesubstantialimplementationdifferences,andhow they affect overall perfor-
mance.In the ProgrammingModel Layer, we comparethe conceptualandprogrammingcomplexities of
the differentparadigms,thoughtheseissuesaresometimesquite subjective. We needto determineif the
performancedifferencebetweenprogrammingmodelsis causedby this layer. For example,in ourprevious
studyusingregularapplications[13], we found that theperformanceof theMPI implementationcouldbe
madecompetitive with theSHMEM andCC-SASversionsby eliminatinganextra datacopy andby opti-
mizing thecommunicationbuffer management,althoughthishadsomeprogrammingimplications.Finally,
sinceall theprogrammingmodelsarebuilt onthesameCommunicationLayer, theirperformanceis directly
comparable.

We find thatall threeprogrammingmodelsfor boththeadaptive applicationscanachieve scalableper-
formanceon theOrigin2000.Thealgorithmsneededby thedifferentprogrammingmodelsfor bestoverall
performancearesimilar, but theimplementationsdiffer significantlyat theconceptualandprogramorches-
tration levels, far beyondwhetherexplicit messagesor implicit loads/storesareused.Resultsindicatethat
comparedwith MPI andSHMEM, the CC-SASstrategy providessubstantialeaseof programming,often
accompaniedby performancegains.However, CC-SASmaysuffer from poorspatiallocality of physically
distributedshareddataon largenumbersof processors.

More generally, if the applicationsareproperlyprogrammed,theparallelperformancefor thesethree
programmingmodelsarequite similar. CC-SASprogramsusuallyrequirelesstime to develop; however,
many naive implementationswill not achieve high performance.Significantinsightsabouttheapplication
areneededto structuretheprogramsto obtainbetterdatalocality andreducesynchronization.In fact, the
technologiesappliedareoftensimilar to thoseusedin message-passingprograms.For example,we build a
high-level locally essentialtreeto reducethepagefaultsin theN-Bodyapplicationanduseapartitionerfor
loadbalancingin theDynamicRemeshingapplication.The importantpracticaladvantageof theCC-SAS
modelis that thesecomplex algorithmsaresimplerto implementin it becauseof the implicit namingand
communication.A big disadvantageof CC-SASis its lossof portability. Many supercomputingplatforms
still do not directly supportthis model. Comparedwith MPI, SHMEM is relatively easierto implement
due to its one-sidedcommunicationandoften delivers higherperformance.But it is also limited by the
portability problem.
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The remainderof this paperis organizedasfollows. Section2 givesan overview of the two adaptive
applicationsbeinginvestigatedin this work. In Section3, we briefly describethe threeparallelprogram-
ming models:messagepassingusingMPI, SHMEM, andCC-SAS.Theimplementationdetailsfor thetwo
applicationsandtheprogrammingdifferencesamongthe threemodelsaredescribedin Section4. Perfor-
manceresultsarepresentedandcritically analyzedin Section5. Finally, Section6 summarizesour key
conclusions.

2 Adaptive Applications

In this section,we give an overview of the two applicationsbeing investigatedin this work. Dynamic
RemeshingandN-Body aretwo typical adaptive problemsthatsatisfytheApplicationLayercriteriamen-
tion in Section1. For thesekinds of irregular dynamicapplications,the processorworkloadsandthe in-
terprocessorcommunicationcanchangedramaticallywith time; thus,dynamicloadbalancingis a critical
component.Communicationalsotendsto benaturallyfine-grained,whichcanbechallenging.In designing
efficient parallel implementationsfor theseadaptive applications,datalocality is anotherimportantcon-
sideration.In Section4, we will focuson thesetwo issuesto analyzethealgorithmicandimplementation
differencesamongthedifferentprogrammingmodels,anddiscusstheprogrammingeffort requiredfor each
applicationandparadigm.

2.1 Dynamic Remeshing Problem

Dynamic local meshrefinementis requiredto efficiently capturephysicalfeaturesof interestthat evolve
with time. It providesusersthe opportunityto obtainsolutionsthat arecomparableto thoseon globally-
refinedgridsbut at a muchlower cost. Adaptive unstructuredmeshingis a powerful tool in thenumerical
modelingof physicalphenomenaon complex irregulardomains.Themeshusedin our experimentsis the
oneoftenusedto simulateflow overanairfoil. Meshrefinementis usuallyrequiredaroundtheleadingedge
of theairfoil, andalongtheshocksthat form on theupperandlower surfacesat transonicMachnumbers.
Thisphysicalscenariois simulatedby geometricallyrefiningthegrid in theseregions.Furtherdetailsabout
thisapplicationcanbefoundin [8].

Remapping

INITIALIZATION

Partitioning

FLOW SOLVER

Refinement

Y

N

LOAD BALANCERMESH ADAPTOR

Solver

Edge Marking

Matrix Generation

Balanced?

Partitioning

Initial Mesh

Figure2: Flowchartof theDynamicRemeshingproblem.

Theflow-chartfor thesolutionprocessis shown in Figure2. Theinitial meshis first partitioned,anda
submeshis assignedto eachprocess.An initial matrix is thengeneratedfrom eachsubmeshby assigning
a randomvalue in (0,1) to each ���	��

� entry correspondingto the vertex pair ������������� of the edgesin the
submesh.All otheroff-diagonalentriesaresetto zero. Thematrix is madepositive definiteby settingthe
diagonalentriesto a large value(diagonallydominant). The publicly-available Aztec library [18] is then
usedto solve thesparselinearsystem.Detailsof thematrix generationprocessandthesolutionphaseare
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given in [10]. After a specifiedconvergenceis attained,the meshadaptoris invoked. Basedon an error
toleranceor geometricinformation,it markstheedgesin theregionsthatneedto berefined.However, the
actualrefinementis delayeduntil aftertheloadbalancerin orderto reducethedatamovementoverheadand
achieve betterloadbalancein theadaptationphase.If themarkedmeshwill causethecurrentpartitionsto
becomeunbalanced,the loadbalancerbecomesresponsiblefor repartitioningthemeshandremappingthe
data. After refinement,the matricesfor the submeshesareregeneratedandpassedon to the solver. The
entirecycle is thenrepeateduntil the computationis done. Extensive detailsaboutthis meshadaptation
procedureandthedynamicloadbalancingstrategy aregivenin [7, 9].

2.2 N-Body Problem

The N-Body problemis a classicalone,andarisesin many areasof scienceandengineeringsuchasas-
trophysics,moleculardynamics,andgraphics.Having specifiedthe initial positionsandvelocitiesof the�

interactingbodies,theproblemis to find their positionsaftera certainamountof time. TheBarnes-Hut
method[1] is widely usedto solve this problemtoday. It hasthreephaseswithin eachiterationof thesim-
ulation. In thetree-building phase,anoctreeis constructedto representthedistribution of thebodies.It is
implementedby recursively partitioningthethree-dimensionalspaceinto eightsubspacesuntil thenumber
of bodiesin eachsubspaceis below a certainthreshold.In thesecondphase,theforceinteractionsbetween
individual bodiesarecomputed.Eachbody traversestheoctreestartingfrom the root. If thedistancebe-
tweenabodyandthevisitedsubspace(cell) is largeenough,theentiresubtreerootedthereis approximated
by thecell; otherwise,thetraversalcontinuesrecursively with thechildren.In thethird andfinal phase,each
bodyupdatesits positionandvelocity basedon thecomputedforces.

3 Programming Models

We choseanSGI Origin2000machineasthecommonplatformto compareandcontrastthedifferentpro-
grammingmodels.TheOrigin2000is ascalable,hardware-supportedcache-coherentnon-uniformmemory
access(CC-NUMA) system,with an aggressive communicationarchitecture. It thereforeautomatically
supportsthe CC-SASprogrammingmodel. The MPI message-passingandSHMEM modelsarebuilt in
softwarebut leveragethemachine’ssharedaddressspaceandtheefficientcommunicationfeatures.Wegive
hereabrief descriptionof all threeprogrammingmodels.

3.1 Message Passing using MPI

In themessage-passingmodel,eachprocesshasonly aprivateaddressspace,andmustcommunicateexplic-
itly with otherprocessesto accesstheir (private)data.Communicationis performedvia send-receive pairs,
soprocesseson bothsidesareexplicitly involved. Thesenderspecifieswhomto sendthedatabut not the
destinationaddress;thesearespecifiedby thematchingreceiver whoseaddressspacethey arein. Thedata
typically is packedandunpackedat eachendfor efficient transfer. This modelis perhapsthemostdifficult
to programfor irregularapplications;however, thebenefitslie in enhancedperformancefor coarse-grained
communicationandimplicit synchronizationthroughblockingcommunication.

Weusedanimprovedversionof MPICH [13], theportableimplementationof MPI for ourexperiments.
It usestheOrigin2000sharedaddressspaceandfastcommunicationsupportto acceleratemessagepassing.
The MPICH performancewasmuchbetterthanthe vendor-suppliedimplementationof MPI. We suspect
thatthis is becauseMPICH usesonecopy (insteadof two), andlock-freequeuemanagement.It alsoallows
theprogrammerto instrumentthe implementationsoasto distinguishbetweenwait time andtime to copy
remotedata. MPICH is consistentwith the message-passingmodelin that applicationdatastructuresare
only allocatedin privateper-processaddressspaces.However, thecommunicationbuffers for thesendand
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receive operationsareallocatedin thesharedaddressspaceduring the initialization phase;they includea
sharedpacket pool for exchangingcontrolinformation(all messages)anddata(shortmessages),andbuffer
spacefor data(large messages).All copying of datato and from the buffers is donewith the memcpy
function. Note that while hardwaresupportfor load/storecommunicationis very useful,an invalidation-
basedcoherenceprotocol,suchason mostcache-coherentmachinesincluding the Origin2000,canmake
suchproducer-consumercommunicationinefficientcomparedto anupdateprotocolorahardware-supported
but non-coherentsharedaddressspace.

3.2 SHMEM

TheSHMEM library providesthefastestinterprocessorcommunicationfor largemessages.Basically, each
processhasits personaladdressspaceasin messagepassing,but the addressspacesaresymmetric. Any
processcannamethevariablesin anotherprocess’s addressspaceby usingthe local nameandtheremote
processidentifier. The major primitivesaretheput andget commands.Theget operationis usedto
copy a variableamountof datafrom anotherprocess(usingbcopy that is similar to the memcpy used
in messagepassing)and explicitly replicateit locally. A put is the dual of get; however, eachis an
independentandcompleteway of performingdatatransfer. Only oneis usedper communication,unlike
explicit messagepassingwhich requiressend-receive pairs. Thus,thecommunicationbecomesone-sided
but remainsexplicit.

In SHMEM, thereis no conceptof a uniformly addressablesharedaddressspacethatall processescan
access.However, the privateaddressspacesof processesthat containthe logically shareddatastructures
areidenticalin their dataallocation.By providing a globalsegmentedaddressspaceandavoiding theneed
for matchingsend-receive operations,theSHMEM modeldeliverssignificantprogrammingsimplicity over
MPI, eventhoughit toodoesnotprovide fully transparentnamingor replication.

3.3 Cache-Coherent Shared Address Space (CC-SAS)

In thismodel,remotedataareaccessedjust like locally-allocateddata(or datain asequentialprogram),us-
ing loadsandstores.A load/storecachemisscausesthedatato becommunicatedin hardwareat cacheline
granularity, andautomaticallyreplicatedin the local cache.Unlike theget/put operationsin SHMEM,
ordinaryload/storeoperationsareusedto fetch/senddata.Thetransparentnamingandreplicationprovides
programmingsimplicity, particularly for dynamicfine-grainedapplications. In our parallelCC-SASim-
plementations,theparentprocessusestheUnix fork commandto spawn off child processes,onefor each
additionalprocessor, at thebeginningof theprogram.Thesecooperatingprocessesarethenassignedchunks
of work, while locksandbarriersareusedfor synchronization.Thechild processesarefinally terminatedat
theendof thelastparallelsection.

4 Implementation Details

In thissection,wedescribespecificimplementationdetailsof our two adaptiveapplicationsusingthediffer-
entprogrammingmodels.Wecompareonly theMPI andCC-SASversions,sinceSHMEMis similarto MPI
exceptprimarily for its one-sidedcommunication.In otherwords,insteadof usingsend-receive pairsasin
MPI, theSHMEM modelonly needseitheraput or aget. However, thereis oneotherdifferencebetween
MPI andSHMEM in the way they areusedto dynamicallyallocatememory. In MPI, dynamicmemory
allocationis performedby invoking themalloc utility locally andindependentlyin differentprocesses.In
SHMEM, if theprogramneedsto allocatememoryfor symmetricvariables,it mustreserveexactly thesame
sizeof memoryin all processes.In thefuture,weintendto make this transparentfrom SHMEM developers.
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4.1 Dynamic Remeshing Problem

For this application,we focuson thethreemainmodules:MeshAdaptor, LoadBalancer, andFlow Solver,
and then compareand contrastthe MPI and CC-SASimplementationsand programorchestrationsthat
arisebecauseof thenatureof the programmingmodels.We show that someof thedifferencesaredueto
reasonsbeyondusingexplicit communicationmessagesratherthanloads/stores,eventhoughthesamebasic
partitioningalgorithmfor loadbalancingandcommunicationreductionis used.Overall, theCC-SASmodel
providessubstantialeaseof programming.

Mesh Adaptor In the meshadaptormodule,all the edgesof the unstructuredmesharefirst marked to
indicatewhetheror not they needto bebisected,eitherbasedon geometricinformationor solution-driven
error tolerance. However, the actualmeshrefinementis delayeduntil after the load balancermoduleis
executed.Thisdelayhasthreebeneficialside-effects:(i) it improvestheloadbalanceof therefinementphase
sincea largerfractionof theprocessorsparticipatein themeshadaptation,(ii) it reducesthecommunication
volumeneededfor dataremappingaftertherepartitioningsincerefinementis performedby thedestination
processors,and(iii) it increasesdatalocality sincetheflow solver workson thenewly-partitionedrefined
mesh.Detailedexplanationsof theseside-effectsaregivenin [7, 9].

In theMPI implementation,eachprocessownsasubmeshandmaintainsthenecessarylocal datastruc-
turesto representit. Thus,eachmeshobject (vertex, edge,element)hasa local index. Theselocal data
structuresandindicesprovidegooddatalocality for theMPI program.However, in orderto exchangeinfor-
mationwith otherprocesses,eachprocessalsomaintainsamappingbetweenthelocal index andtheglobal
index (which is theindex of themeshobjectin theglobalmesh).

In CC-SASprograms,a completesharedmeshis maintained. A potentialdrawbackof this strategy
is that the shareddatastructurescannotbe easilychangedwithout synchronization.Unfortunately, mesh
refinementinvolvesmodifying several datastructuresby insertingnew meshobjectsandalteringtheir re-
lationships.This needfor synchronizationcanbedramaticallyreducedby letting eachprocessprecompute
its numberof new vertices,edges,andelements,andapplyingtherangeto theglobaldatastructures.This
enablestheprocessto modify its partitionof thedatastructureswith only a few synchronizations,but at the
costof someadditionalcomplexity. However, MPI programshave to maintaina lot of extra datastructures
to trackownershipof meshobjectsandto orchestratecommunication.

Load Balancer Dynamicrepartitioningto balanceprocessorworkloadsis anessentialphasein any par-
allel adaptive meshcomputation. As the numericalsimulationevolves, variousregions of the meshare
dynamicallyrefined,leadingto load imbalancethat hurts the overall performance[7, 9]. Significantre-
searchhasbeendoneonparallelpartitioningalgorithms,andseveralstate-of-the-artMPI softwarepackages
arecurrentlyavailableon the web [3, 19]. We choseParMETIS [4] asthe basicpartitionerfor this work
becauseof its goodoverall performanceandwideavailability.

ParMETIS is a multilevel partitionerthat consistsof threemain phases:coarseningthe graphto be
partitioned,partitioning the coarsegraph,and projectingthe partitionedcoarsegraphback to the given
initial graph.Thecoarseningis implementedby usingavertex-matchingschemewherethe“heaviest” edge
incidentonavertex is collapsed.To find amatchfor verticesonpartitionboundaries,a try-confirmstrategy
is used.This is becausein theMPI model,a messagemustbereceivedfrom theremoteprocessto confirm
thematching,asotherprocessesmayalsotry to matchtheir own boundaryverticeswith thesamevertex.
After thecoarseningphaseis complete,thecoarsestgraphis partitionedandtheownershipof its vertices
projectedbackto theinitial graph.During this uncoarseningprojectionphase,eachprocessreconsidersthe
ownershipof its boundaryverticesto reducetheoverall edgecut andto furtherbalancetheworkload.Due
to privateaddressspacesin MPI andthe lack of global information,thesedecisionsaremadebasedon an
incompletelocal view.
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A loadbalanceris simplerto implementin CC-SASprogramssinceall processessharethesameglobal
view. In addition,a loadbalancerenhancesdatalocality, therebyreducingcontentionaswell asthenumber
of cachemissesandpagefaults. The MPI try-confirm processin ParMETIS is no longerrequiredasthe
communicationto checkfor matchabilityis replacedby synchronization.Whena processfindsa matching
vertex, it first locks it andcheckswhetherit hasalreadybeenmatched.This procedureis obviously much
easierto implement.Theinitial partitioningis straightforwardbecauseof thesharedaddressspace.Finally,
whenupdatingtheownershipof boundaryverticesin theuncoarseningphase,CC-SASenablesa decision
to bemadebasedon aconsistentglobalview, whichhelpsgeneratemorebalancedpartitions.

After the partitioning, datamust be remappedamongall the processesfor the MPI implementation.
In other words, eachprocessmay have to send/receive messagesto obtain the datathat correspondsto
its assignedpartition. This remappingphaseis very expensive for large computationalmeshes. In our
application,remappingis performedin bulk fashion,asopposedto communicatingseveralsmall individual
messages.Theadvantagesincludetheamortizationof messagestart-upcostsandgoodcacheperformance.
Thedisadvantagesarecomplexity andsomeextrawork. Basically, dataleaving apartitionarefirst stripped
out andplacedin a buffer, thenappropriatelycommunicated,andfinally integratedinto thecorresponding
datastructureof thedestinationprocessor.

No explicit data remappingis necessaryfor programorchestrationin the CC-SASimplementation.
However, the quality of the partitioningnonethelessaffectsdatalocality. For instance,if datamovement
is minimized,mostmeshobjectswill remainassignedto thesameprocessbeforeandaftera partitioning,
therebyenhancingdatalocality. Moreover, thenew objectsthatarecreatedby subdivision arenot usedby
otherprocessesduringtherefinementstage.

Usingapartitionerlike ParMETISratherthansimply choppingoff thedatastructuresin CC-SASguar-
anteesthat eachprocessis assigneda continuoussubmeshto work on, and that synchronizationis only
neededon thesubdomainboundaries.This greatlyreducesthenumberof synchronizationoperations,and
allows eachprocessto obtaingoodtemporalandspatialdatalocality. Otherwise,theCC-SASimplementa-
tion is unableto achieve scalableperformance[8].

Flow Solver Theflow solver moduleconsistsof matrix generationandtheactualnumericalsolver. The
matrixgenerationstepis applicationdependent,andasdescribedin Section2.1,adiagonallydominantpos-
itive definitematrix is generatedfor eachsubmesh.In themessage-passingmodel,this requirescollecting
informationfrom all neighborsof boundaryvertices.In our implementation,theprocessowningaboundary
vertex is responsiblefor gatheringthisdata.In CC-SAS,thereis no needfor any explicit communication.

Numericalsolversconstitutean immenseareaof research.Our objective in this paperis to studyonly
the effectsof the variousprogrammingmodels. We have thereforeselectedtheConjugateGradient(CG)
algorithmwhich is thebest-known Krylov subspacemethodfor solving the linearsystem������� . Algo-
rithmic detailsaboutCGaregivenin [11]. In ourwork, weusethepublicly-availableAzteclibrary [18]. In
theMPI version,thematrix � is partitionedby rows (eachrow correspondsto a vertex in themesh)among
theprocesses,basedon thepartitioninggivenby theloadbalancer. Eachprocesspreparesa list of therow
indicesof � thatit owns,aswell asthoseof thevectors� and � .

The solver hasbeenseparatedinto two phases:matrix transformationand iterative solution. In the
transformstage,the verticesaregroupedasinternalvertices(thosethat do not needcommunicationwith
otherprocesses),bordervertices(thosethat needcommunicationwith otherprocesses),andexternalver-
tices (thoseowned by other processes).Eachprocessreordersits submatrix(basedon internal, border,
andexternalverticesin that order) into a nearlyblock diagonalform to obtaingooddatalocality for the
time-consumingiterative solutionphase.In MPI programs,this involvesexpensive hashing,searching,and
broadcastoperations,dueto all thedatabeingin privateaddressspaces.In Aztec,a largenumberof small
messagesareusedfor thecommunication.However, in our implementation,muchof thevertex ownership
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informationcanbeprovidedduringmatrixgenerationwithoutadditionalcost.Thus,theAztecinterfacecan
bemodifiedaccordingly. Till date,we have accomplishedthesemodificationsonly partially sothatmostof
thematrix transformationwork is still left within Aztec.Weplanto completethis in thenearfuture. In CC-
SASprograms,asharedarrayis usedto provideall theinformationneededby thereordering.Comparedto
MPI, theconceptual/orchestration complexity andprogrammingeffort aregreatlyreduced.

Thekernelof theCG iterative solver consistsof a sparsematrix-vectormultiply (SPMV), threevector
updates,andthreedot products.However, for many practicalapplications,theSPMV dominatestheoper-
ationcount.Thebasicsolver algorithmis similar acrossprogrammingmodelsexceptfor thedifferencesin
explicit messagingversusimplicit loads/stores.

4.2 N-Body Problem

TheBarnes-Hutmethod[1] for solvingtheN-Body problemconsistsof threemainphases:Tree-Building,
ForceCalculation,andParticleUpdate.For eachof thesemodules,wecomparebelow theMPI andCC-SAS
implementations.

Tree-Building Tree-building is the mostcomplex stepof the MPI implementation.In this phase,each
processorbuilds a locally essentialtree, which allows theforcecalculationphaseitself to proceedwithout
communication.In thefirst iteration,thedomainis partitionedinto a fixednumberof particleswhich are
distributedequallyamongtheprocessors.Subsequentiterationsusethepreviousdistribution asthestarting
point. A popularmessage-passingimplementationstrategy usestheOrthogonalRecursiveBisection(ORB)
partitioner[20]. We usea differentapproach.A costdistribution treeis computedin parallel,requiringthe
useof globalcommunication.This costrepresentstheexpectedamountof work requiredto performforce
calculationfor theparticleswithin a cell, andis usedastheloadbalancingmetric. If a cell’s costis greater
(less)thana specifiedthreshold,its spaceis recursively subdivided (collapsed)into eight (one)subspaces.
Thusalimited globaltreeis createdwhichrepresentsthecostdistributions.This treeis partitionedusingthe
costzones[16] technique,which assignseachprocessora contiguousrangeof cellsof approximatelyequal
costin Peano-Hilbertorder. A dataremapperusesthecomputedpartitioningto distributethecellsandtheir
correspondingparticles,therebycreatingacostbalancedlocaltreeoneachprocessor. A communicationstep
is finally requiredto appropriatelydistribute theparticleandcell information,thusallowing eachprocessor
to build its locally essentialtree.

We also implementedthe ORB versionin a mannersimilar to that reportedin [5, 12], andfound no
significantperformancedifferenceswith our costzonesapproach.Instead,usingcostzonesallowed us to
make easiercomparisonswith theCC-SASimplementationof theN-Bodyproblem.

TheCC-SASversionof theN-Body simulationis obtainedfrom theSPLASH-2suite[21] andfurther
optimized.Thetree-building phasevariesdramaticallyfrom theMPI implementationsinceonly oneglobal
octreeis created.Eachprocessis responsiblefor thoseparticlesassignedto it basedon the costsin the
previousiteration.Theglobaloctreeis built by concurrentlyaddingparticlesto thesinglesharedtree,using
synchronizationlocksif necessary. Whenthecost(definedin costzones)of a cell exceedsa specifiedlimit,
thatcell is dynamicallysubdividedinto eightnew subcells.To guaranteecorrectness,asynchronizationlock
is placedon a cell whenever a particleis insertedinto it, or during cell subdivision. Unlike MPI, explicit
communicationis notrequiredto computethesharedcostdistribution tree.Theparticlesarethenpartitioned
usingthecostzonestechnique,by assigningeachprocessoracontiguoussection(in thePeano-Hilbertorder-
ing sense)of theglobal tree.This orderingstrategy ensurescostbalancedpartitionsandgooddatalocality
duringthesubsequentforcecalculationphase.Notethat this partitioningapproachis algorithmicallysimi-
lar to thatusedin theMPI version;however, a dataremappingphaseis not requiredin CC-SAS.Sinceall
thebodiesareglobally addressable,they canbe reassignedto theprocessorswithout theneedfor explicit
communication.
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Force Calculation and Particle Update Theforcecalculationis themostexpensivephaseof theN-Body
problem.In thisstep,eachbodycomputesits forceinteractionwith everyotherbody(or cell) by recursively
traversingthe octree.TheMPI implementationusesthe locally essentialtree,createdin the tree-building
phase,to performa load balancedandcommunication-freeforce calculation. Eachparticle’s cost is also
kept trackof, for building thecostdistribution treein thesubsequentiteration. In thethird andfinal phase,
eachbody updatesits position andvelocity basedon the resultsof the force calculation. The message-
passingversionof the updatephaseis communicationfree, but suffers from someload imbalance.This
is becausethecostzonespartitioningschemeusedin tree-building is basedon thecost,not thenumber, of
bodies.However, thecomputationaloverheadof theupdatephaseis afunctionof thetotalnumberof bodies
in eachpartition. An additionalredistribution stepto loadbalancetheupdatesis not worthwhile,sincethis
phaseconstitutesa relatively smallportionof theoverall N-Bodysimulationtime. TheSHMEM versionof
this algorithmwastransformeddirectly from theMPI code,by replacingtwo-sidedcommunicationswith
one-sidedcommunications.

In CC-SAS,oncethe global sharedtreehasbeenbuilt, the force calculationis computedin parallel
without theneedfor synchronization.However, unlike theMPI version,implicit communicationis required
during this phasesincetheglobal treeis physicallydistributedamongtheprocessors.Theparticleupdate
thenproceedsin parallel,usingtheresultsof theforcecalculation.Onceagain,this stepis synchronization
free,but requiresimplicit communication.TheCC-SASupdatephaseis alsosomewhat load imbalanced,
for the samereasonsasthe imbalancein the MPI update.To increasedatalocality for the next iteration,
bodiesarereorderedbasedon their processorassignment.Thereorderingstepconstitutesa small fraction
of runtime,which is dominatedby theforcecalculation.

Overall, theCC-SASimplementationandconceptualorchestrationaremuchsimplerthanMPI. Using
synchronizationlocksto build a global treein a sharedaddressspaceis muchlesscomplex thencreatinga
locally essentialtreein adistributed-memoryenvironment.However, theMPI forcecalculationandparticle
updateproceedwith only the useof local memoryunlike the CC-SASversionwhich requiresimplicit
communication.

In Table 1, we list the numberof essentialsourcecodelines for all threeprogrammingmodelsfor
thesetwo applications.Codesectionsfor preparingtestdata,debugging,andcommentsarenot included.
SHMEM is very similar to MPI becausethe main differencebetweenthemis the communicationmodel.
TheCC-SAScodesrequirefar fewer linesdueto its implicit communicationthatobviatestheneedto set
up andmaintainspecialdatastructuresandcommunicationbuffers. This alsoleadsto substantialeasein
programming.

DynamicRemeshing N-Body
MeshAdaptor LoadBalancer Flow Solver Total Total

MPI 5,337 4,615 6,603 16,015 1,371
SHMEM 5,579 4,100 5,906 15,585 1,322
CC-SAS 2,563 2,142 3,725 8,430 1,065

Table1: Thenumberof essentialsourcecodelinesfor thetwo adaptive applications.

5 Performance Results

TheOrigin2000machineusedfor theexperimentsreportedin thispapercontains64300MHz R12KMIPS
microprocessors,andis locatedatPrincetonUniversity. Eachprocessorhasseparate32KB primaryinstruc-
tion anddatacaches,anda unified8 MB secondarycachewith two-way associativity anda128-byteblock
size.Theentiremachinehas16GB of mainmemory, with apagesizeof 16KB. Therearetwo processorsin
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eachnodesharinganon-coherentbus.Pairsof nodesareconnectedto anetwork router, andtheinterconnect
topologyacrossthe16routersis ahypercube.

Table2 presentsthe sequentialruntimesfor both adaptive applications.For the DynamicRemeshing
problem,we simulateflow over an airfoil andgeometricallyrefineregionscorrespondingto the locations
of the stagnationpoint and the shocks[8]. The original meshcontains28K triangles,andgrows to ap-
proximately59K, 156K, 441K, 1M, and1.3M triangles,throughfive levels of refinement.For this work,
we studyonly the last four levels in detail. For example,referringto the 1.3M testcaseimplies that the
meshadaptorincreasedthe1M-trianglemeshto 1.3M triangles.Theloadbalancing,matrixgeneration,and
ensuingiterative solutionwerethenbasedon this newly-generated1.3M mesh.For theN-Body problem,
we alsotestedfour cases:16K, 64K, 256K,and1M particles.Thesedatasetscompriseof two neighboring
Plummermodelgalaxiesthatareaboutto undergo amerger[17]. However, unlikeourDynamicRemeshing
simulation,eachN-Body problemrepresentsan independentexperiment. Oneinterestingparallelperfor-
manceresultis thesuperlinearspeedupsdemonstratedby bothapplicationsin someof thetestcases.This
occurspartly becauseasthenumberof processorsincreases,a larger fractionof theproblemfits in cache.
The superlineareffect maycontinueuntil theentireproblemis accommodatedin thecombinedcachesof
theprocessors.

DynamicRemeshing N-Body
Numberof Triangles Numberof Particles

156K 441K 1M 1.3M 16K 64K 256K 1M
6.41 24.85 69.17 97.13 3.39 15.04 67.69 329.81

Table2: Sequentialruntimes(in secs)for eachtestcaseof thetwo adaptive applications.

Furthermore,we analyzethe per-processwall-clock time by dividing it into four parts: BUSY (time
spentin computation),LMEM (time waiting for local cachemiss),RMEM (time waiting for remotecom-
munication),andSYNC time (time for synchronization).In CC-SASprograms,we cannotdifferentiate
betweenLMEM andRMEM timesusingtheavailabletools.Thus,we lump themtogetherasMEM time.

5.1 Dynamic Remeshing Problem

Theperformanceof theDynamicRemeshingproblemfor varyingnumbersof trianglesis presentedin Fig-
ure3. In this rapidly adaptingflow simulation,meshrefinementandtheensuingloadbalancerareinvoked
after ten iterationsof thenumericalsolver. Futureresearchwill investigatetheperformanceof this appli-
cationundervarying flow solver iterationrequirements.It is importantto notethat a realisticapplication
will consistof many meshadaptations,andthusthesolver� adaptor� load-balancer cycle in Figure2 will
be executedthat many times. Overall, the threeprogrammingmethodsshow similar performancefor the
entireapplicationacrossall testcases.For thesmallerdatasizes,MPI andSHMEM generallyoutperform
CC-SAS.However, for our largesttestcaseconsistingof approximately1.3M triangles,theCC-SASimple-
mentationhaslower runtimesthanthemessage-passingversions.

Figure4 presentstheruntimebreakdown for the1.3M testcase.CC-SAShasa lower BUSY time than
MPI or SHMEM, but suffersfrom higherSYNC overheads.Also noticethattheMEM time underall three
programmingmodelsis relatively high. In order to understandthe overall runtimebehavior, eachof the
DynamicRemeshingcomponentsmustbeexaminedindividually.

Themeshadaptormoduleis responsiblefor refiningthemeshin specifiedregionsin orderto investigate
localizedflow phenomenain finer detail. As describedin Section4.1, this phaseconsistsof edgemarking
andmeshsubdivision. Theparallelworkloadof themeshadaptoris generallyloadimbalancedbecausethe
partitioningprocessis designedto optimizethe performanceof the costly flow solver phase.In MPI and
SHMEM, eachprocessoris responsiblefor refiningits local region of themesh.To build a consistentfinal
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Time(ms)
156Kdataset 441Kdataset

P=16 P=32 P=64 P=16 P=32 P=64
MPI 499 418 570 1047 732 746
SHMEM 436 323 388 1034 654 728
CC-SAS 472 434 568 1092 844 904

1M dataset 1.3M dataset
P=16 P=32 P=64 P=16 P=32 P=64

MPI 2805 1665 1355 4015 2305 1694
SHMEM 2865 1605 1389 4100 2239 1830
CC-SAS 2597 1678 1508 3518 1949 1574
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Figure3: Runtimes(in millisecs) for the DynamicRemeshingproblemon 16, 32, and64 processorsfor
differentdatasets.

mesh,coarse-grainedcommunicationis usedacrosspartition boundaries.CC-SAS,however, maintains
a singlesharedmeshwhich is concurrentlyrefined. The global addressspaceallows a reductionin the
programmingcomplexity, but introducesa large volume of implicit communicationfor suchirregularly
structuredcomputations.CC-SASalso incursan additionalalgorithmiccostsincesynchronizationlocks
arerequiredto avoid possibleraceconditionsduringthesubdivision phase.Thenumberof synchronization
pointsis minimizedby precomputingthelocationof newly createdtriangles.

Figure5 presentsthemeshadaptorruntimesfor the156Kand1.3M-triangletestcases.Thedistributed-
memoryimplementationsignificantlyoutperformsCC-SASfor bothdatasizesdueto its datalocality and
coarse-grainedcommunication.We experimentedwith theCC-SASversionby reorganizingthedatastruc-
turesin a localizedfashionas in the message-passingcases. With the modifications,the meshadaptor
runtimesimproved;however, theoverall performancewasunaffectedasit hadthesameMPI/SHMEM data
remappingbottleneck.TheperformancedifferencebetweenMPI andSHMEM is primarily in thelocal op-
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Figure4: Timebreakdown for the1.3M datasetsizeon 64 processors.
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Time(ms)
156Kdataset 1.3M dataset

P=16 P=32 P=64 P=16 P=32 P=64
MPI 48 32 43 302 164 88
SHMEM 65 32 34 415 246 105
CC-SAS 134 164 235 582 465 524
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Figure5: Runtimes(in millisecs)for theMeshAdaptormoduleon 16,32,and64 processorsfor the156K
and1.3M datasets.

erations,andis probablycausedby changesin thecachebehavior dueto theparticularmemoryallocation
methodused. In fact, Figure4 indicatesthat SHMEM hashigherLMEM time, which may simply be a
functionof cacheconflicts.For the1.3M dataset,theperformanceof theMPI andSHMEM meshadaptor
improveswith larger numbersof processors.However, for almostevery testcaseshown, CC-SASperfor-
mancedegradesasthenumberof processorsincreases.Theirregularnatureof unstructuredmeshsubdivi-
sionis inherentlyatoddswith thegloballysharedmeshandthuscausesanincreasein thevolumeof implicit
communication,memorylatency, falsesharing,andTLB misses[8]. In addition,theuseof low-level syn-
chronizationsreducesperformancefor largernumbersof processors.In conclusion,thedistributed-memory
implementationof themeshadaptorofferssignificantperformanceadvantagesover CC-SAS.

The load balancingmoduleis invoked after eachiterationof the meshadaptor, to rebalancethe pro-
cessorworkloadsandminimize interprocessorcommunicationfor the costly solver phase.Note that the
partitioningis performedon theinitial dualgraph,which keepstheconnectivity andpartitioningcomplex-
ity constantthroughoutthe adaptive computation[7]. In the load balancingmodule,thereis a significant
algorithmicdifferencebetweenCC-SASandMPI. The MPI implementationcalls ParMETIS to compute
a new partitioning, followed by a dataremappingphasewhich appropriatelydistributesthe mesh. This
message-passingremappingphaseincursboththecommunicationcostandthecomputationaloverheadfor
breakingdown andrebuilding thedatastructures.In CC-SAS,a partitioningphaseis usedbut dataremap-
ping is not required.Eachprocessoris assignedits propersubdomain,but theactualdataredistribution is
performedduringthetransformphaseof theflow solver. Thus,CC-SAShasa significantadvantageduring
loadbalancing.

Figure6 presentsthe loadbalancingruntimesfor the1.3M dataset. Thetotal CC-SAStime is signifi-
cantly lower thanMPI andSHMEM sinceit doesnot performdataremapping.Interestingly, theCC-SAS
ParMETISimplementationis itself alsosubstantiallyfasterthantheoriginal MPI version.But partitioning
timealoneis notsufficient to ratetheperformanceof apartitioner;oneneedsto investigatepartitioningqual-
ity aswell. Partitioningquality is usuallydefinedin two ways: thecomputationalload imbalancefactortu

The load imbalancefactoris the ratio of theworkloadon the mostheavily-loadedprocessorto theaverageload acrossall
processors.
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Time(ms)
Partitioning Remapping

P=16 P=32 P=64 P=16 P=32 P=64
MPI 143 156 170 1135 762 621
SHMEM 81 95 187 848 696 508
CC-SAS 52 79 105 0 0 0

PartitioningQuality
LoadImbalanceFactor EdgeCut
P=16 P=32 P=64 P=16 P=32 P=64

MPI 1.04 1.07 1.13 3169 5447 8668
SHMEM 1.04 1.07 1.13 3169 5447 8668
CC-SAS 1.02 1.05 1.05 3935 6472 10497
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Figure6: Runtimes(in millisecs)for LoadBalancing(ParMETISPartitioningandRemapping),andparti-
tioningquality on16,32,and64 processorsfor the1.3M dataset.

andtheedgecut. Figure6 shows that theCC-SAScodegivesbetterworkloadbalanceamongtheproces-
sors(uptoan 8% improvement)at thecostof a larger numberof cut edges.Futureresearchwill examine
shared-memorypartitioningin detail.Noticethatfor all threeparadigms,theParMETIStimeincreaseswith
largernumbersof processors,dueto thepartitioners’increasedvolumeof computationandcommunication
overheads.Finally, the dataremappingtime decreaseswith moreprocessors.This is becauseremapping
time is a functionof themaximumcommunicationamongprocessors[7].

Theflow solver is themostexpensive moduleof our DynamicRemeshingsimulation.After eachadap-
tation andload balancingphase,the newly-generatedmeshis convertedto a matrix, asdescribedin Sec-
tion 2.1. A transformstepthenrearrangesthematrix to improve datalocality for the time-consumingCG
iterative solutionprocedure.Recall that the numberof rows andnonzerosin our matrix correspondsre-
spectively to thenumberof verticesandedgesin theunderlyingmesh.For example,thematrix generated
from the1.3M datasetcontainsmorethan488K rows and1.9M nonzeros.Thesolutionto this matrix re-
quires22CGiterations.Figure7 presentstheruntimesof thenumericalsolverusingthethreeprogramming
paradigmsfor 156K and1.3M triangles. Theseruntimesdo not include the matrix generationoverhead
(which is about11%of thetotal executiontime for thelargesttestcaserunningon 64 processors),sinceit
is applicationdependentandbeyondthescopeof this paper.

Overall, the runtimesof theflow solver arequite similar on all threeprogrammingmodelssincetheir
underlyingalgorithmsareessentiallyidentical. The implementationdetails,however, vary significantly.
For the 1.3M case,thereis a dramaticimprovementin performancewith increasingnumbersof proces-
sors. Partitioning thematrix into more(smaller)subdomainsresultsin improvedcachereuseandreduced
solver times.Theoverheadof thetransformin MPI andSHMEM is substantiallyhigherthanCC-SAS.The
distributed-memorymatrix transformationinvolvescomplex reorderingbasedon internal,border, andex-
ternalvertices.This is necessaryfor efficientcommunicationduringtheCGalgorithm.Theshared-memory
transform,however, simply assignsa block of rows to eachprocessorsinceno explicit communicationis
required.Nevertheless,SHMEM and/orMPI slightly outperformCC-SASfor the1.3M testcase.This is
dueto the efficient performanceof the distributed-memoryCG, which hasbetterdatalocality andlower
communicationvolumethantheCC-SASimplementation.
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Time(ms)
156Kdataset 1.3M dataset

P=16 P=32 P=64 P=16 P=32 P=64
MPI 291 234 293 2579 1246 859
SHMEM 270 179 139 2750 1292 749
CC-SAS 255 179 193 2779 1253 776
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Figure7: Runtimes(in millisecs)for theSolver on 16, 32, and64 processorsfor the156K and1.3M data
sets.

In summary, DynamicRemeshingis an irregularly structured,dynamicallyadaptingapplication,con-
sistingof severaldistinctmodules,eachwith its own performancecharacteristics.Noneof theprogramming
modelspresentedin thispaperis best-suitedfor all thesemodules.Thedistributed-memoryversionsgener-
ally havebetterdatalocality andconsequentlyoutperformCC-SASduringthemeshadaptationanditerative
solutionphases,becauseall thedatais alreadyin local memory. However, CC-SAShastheadvantageof a
globaladdressspace,which reducesprogrammingcomplexity andimprovesperformancefor a numberof
the modules.For example,during load balancing,the CC-SASversionof ParMETISpartitionsthe mesh
fasterthanMPI or SHMEM. More importantly, CC-SASdoesnot requirea remappingphase,which ac-
countsfor asignificantoverheadon largedatasets.Finally, theCC-SAStransformphaseof theflow solver
outperformsbothMPI andSHMEM.

The total runtimesin Figure3, show that the advantagesof MPI andSHMEM leadto betteroverall
performancefor thethreesmallestdatasets.The1.3M testcaseshows thecrossover point whereCC-SAS
becomesthefastestimplementation.For this largestdataset,thebenefitsof CC-SASoutweightheadvan-
tagesof MPI andSHMEM. Thus,noneof theprogrammingparadigmsis aclearwinnerfor thisapplication
in termsof overall performance.However, eventhoughall threemodelsusesimilar high-level algorithms,
CC-SASoffersaninherentadvantageby reducingtheprogrammingandorchestrationoverheads.

5.2 N-Body Problem

The performanceof the N-Body simulationfor varying datasizesis presentedin Figure8. The MPI and
SHMEM implementationsshow similar behavior acrossall processorcountsanddatasets,sincetheir un-
derlyingalgorithmsarethesame.In fact,on 16 processors,all threeprogrammingparadigmshave similar
runtimesacrossall datasets. However, on 64 processors,performancedifferencesbetweenthe two basic
programmingschemesbegin to emerge.For the16K dataset,CC-SAShasaruntimeadvantagecomparedto
MPI andSHMEM. All threeimplementationsbenefitfrom largerdatasizes,but theeffect is moredramatic
for messagepassing.At 1M bodies,theMPI andSHMEM versionssignificantlyoutperformCC-SAS.

Figure9 shows theruntimebreakdown for the16K testcaseusing64processors.HeretheBUSY times
for MPI andSHMEM aresignificantlyhigherthanCC-SAS.Themessage-passingversionsrequirecomplex
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Time(secs)
16K dataset 64K dataset

P=16 P=32 P=64 P=16 P=32 P=64
MPI 0.221 0.136 0.124 0.929 0.503 0.352
SHMEM 0.222 0.136 0.103 0.929 0.514 0.308
CC-SAS 0.234 0.125 0.079 1.021 0.538 0.307

256Kdataset 1M dataset
P=16 P=32 P=64 P=16 P=32 P=64

MPI 3.995 2.107 1.210 20.71 9.173 4.639
SHMEM 4.183 2.077 1.103 19.22 8.869 4.576
CC-SAS 4.421 2.275 1.223 21.82 11.97 6.688
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Figure8: Runtimes(in secs)for theN-Body problemon 16,32,and64processorsfor differentdatasets.

datamovementandcomputationsto build the locally essentialtree,comparedto the CC-SASglobal tree
implementation.For thistestcase,theCC-SASparadigmnotonly simplifiestheprogrammingoverhead,but
alsoresultsin areducedruntime.Figure9 alsoshowsthattheMPI versionsuffersfrom highandimbalanced
RMEM andSYNC times,comparedto SHMEM. This is dueto the disadvantagesof having send/receive
pairsin MPI whichcauseahighercommunicationoverheadthantheone-sidedapproach.
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Figure9: Timebreakdown for the16K dataseton 64 processors.
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Figure10: Timebreakdown for the1M dataseton 64processors.

Figure10 shows the time breakdown for the 1M dataset. The resultsarequite differentcomparedto
the16K example.Sincethedatasizeis relatively large, thetotal executiontime is dominatedby theforce
calculation.TheBUSY time for all threeapproachesis very similar. However, theMEM andSYNC times
for CC-SASaremuchhigherthanMPI andSHMEM. This is becausein themessage-passingimplementa-
tions, the locally essentialtree-building time is now negligible, andtheforcecalculationproceedswithout
the needfor interprocessorcommunication.CC-SAS,on the otherhand,usesa global sharedtreewhich
is physicallydistributedamongall theprocessors.This resultsin implicit communicationduringtheforce
calculationwhichcausespagefaults(TLB misses)andincreasesmemorylatency.

Wecanimprove theperformanceof theCC-SASimplementationfor this largesttestcaseby locally du-
plicatingasubsetof theremotecells.Notethatthiswouldnotbeanaturalprogrammingstylefor CC-SAS,
andbringsus closerto the message-passingstyle of datareplication. Eachprocessorexplicitly createsa
localcopy of theremotecellswhicharefrequentlyusedduringtheforcecalculation.Fromourexperiments,
we foundthat theduplicationcanbelimited to thefirst four levelsof the tree,which is approximately590
(out of morethan366K) cellsfor the1M dataset.Theimprovedimplementation,calledCC-SAS-NEW, is
presentedin Figure11. NoticethatCC-SAS-NEWoutperformstheoriginalCC-SASimplementationbut is

Time(secs)
P=16 P=32 P=64

MPI 20.71 9.173 4.639
SHMEM 19.22 8.869 4.576
CC-SAS 21.82 11.97 6.688
CC-SAS-NEW 19.70 9.983 5.287
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Figure11: Runtimes(in secs)on 16, 32, and64 processorsfor the1M dataset,includingCC-SAS-NEW
performance.
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still slower thanthemessage-passingversions.If all theremotecells requiredin theforcecalculation(not
just a subset)wereduplicatedin CC-SAS-NEW, this programmingstrategy would effectively bethesame
asthe locally essentialtreeof MPI andSHMEM. Thusfor the N-Body problem,all threeprogramming
paradigmsusethesamealgorithmto achieve bestperformance;however, their correspondingimplementa-
tionsarequitedifferent.

6 Conclusions

In thispaper, westudiedtheperformanceof andtheprogrammingefforts for two differentadaptiveapplica-
tions(DynamicRemeshing,N-Body) underthreeleadingprogrammingmodels(MPI, SHMEM, CC-SAS)
on anSGI Origin2000system.In orderto keepour investigationtractableandmodular, we useda layered
approach.Resultsindicatedthatall threemodelsmostlyachieve similar performance;however, the imple-
mentationsdiffer significantlyeventhoughthesamebasicparallelalgorithmsareused.CC-SASprovides
substantialeaseof programming,andis oftenaccompaniedby performancegains.Unfortunately, CC-SAS
currentlyhasportability limitationsandmaysuffer from poorspatiallocality of thephysicallydistributed
shareddata,in whichcasesomeof theprogrammingadvantagesmustbegivenupto obtaincomparableper-
formance.Theseobservationsareconsistentwith thosein ourpreviousstudyonregularapplications[13].

TheN-Bodysimulationsuccessfullyachievedscalableperformanceacrossall threeprogrammingmeth-
odologies.TheCC-SASruntimeonthelargesttestcasewasapproximately44%slower thanMPI; however,
theCC-SASimplementationrequired22%lesscode.With someexplicit datareplication,wedemonstrated
thatCC-SASperformancecanbesubstantiallyimprovedto bewithin 20%of themessage-passingversions.
Furtherimprovementsareexpectedthroughmoreexplicit controlof datamanagement.For certainprojects,
CC-SAS’sprogrammingadvantagesmayoutweightheperformancedeficiencies.

TheDynamicRemeshingproblemshowedcomparableperformanceacrossall threeprogrammingmod-
els, but did not scalewell on a 64-processormachineeven for the largestproblemsizeconsidered.Pre-
vious researchexaminedthe meshadaptationandload balancingalgorithmsacrossvariousprogramming
paradigmsandarchitectures[8]. TheDynamicRemeshingsimulationin this paperextendedthatwork by
creatingacompleteadaptive applicationwhichcombinesanumericalsolver with theoriginalparallelmesh
adaptationmodule.To understandtheoverall runtimebehavior, eachof thecomponentsmustbeexamined
individually. Thesolver phasewasthemostcomputationallyexpensive stepandachieved scalableperfor-
manceacrossall threeprogrammingmodels.However, the runtimesof the othercritical modulesdid not
decreasewith increasingprocessorcounts,creatingapotentialperformancebottleneck.Thiswastrueof the
parallelpartitioner, whosecomputationandcommunicationoverheadsgrew with thenumberof processors
acrossall threeprogrammingmodels.Anotherdramaticexampleof thisslowdown behavior wasseenin the
CC-SASmeshadaptor. For our largesttestcaserunningon 16 processors,this phaseaccountedfor 16%of
theoverall runtime.However, on64 processors,theCC-SASmeshadaptationconsumedmorethan33%of
thetotalexecutiontime. Weexpectthis trendto continueasthenumberof processorsincreases.Thesepoor
performancecharacteristicswill bemagnifiedin unsteadysimulationswhich requirefewersolver iterations
betweenmeshadaptations.

Achieving scalableperformancefor dynamicirregularapplicationsis eminentlychallenging.Privatead-
dressspacemethodologieshave beenmakingsteadyprogresstowardsthis goal;however, they suffer from
complex implementationrequirements.The useof a global addressspacegreatlysimplifiesthe program-
ming task,but candegradetheperformanceof dynamicadaptive applications.Previouswork [8] attempted
to implementadynamicallyevolving meshadaptationcodeusingshared-memoryalgorithmsandOpenMP-
styledirectives.This naive programmingstrategy resultedin extremelypoorperformance,comparedto the
MPI counterpart,sincedatalocality issueswerenotproperlyaddressed.In thispaper, wehaveshown thatit
is possibleto achievemessage-passingperformanceusingtheCC-SASprogrammingtechniqueby carefully
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following the samehigh-level strategies. This approachfocuseson spatiallocality throughmethodssuch
asdataremappingandreplication,which aretraditionallynot considereda partof theshared-memorypro-
grammingparadigm.In addition,fine-grainedsynchronizationsaregenerallynon-scalable,andmayneed
to becompletelyeliminatedonmassively parallelsystems.Futurework with adaptive irregularapplications
will investigatewhetherCC-SAScanremaincompetitive with message-passingcodeson largernumbersof
processors.

Acknowledgements

Thework of thefirst two authorsis supportedby theNationalScienceFoundationundergrantESS-9806751.
The secondauthor is also supportedby a PresidentialEarly CareerAward for Scientistsand Engineers
(PECASE)and a SloanResearchFellowship. The work of the third author is supportedby the Office
of ComputationalandTechnologyResearch,Division of Mathematical,Information,andComputational
Sciencesof theU.S.Departmentof Energy undercontractDE-AC03-76SF00098.Thework of the fourth
authorwassupportedby NationalAeronauticsandSpaceAdministrationundercontractDTTS59-99-D-
00437/A61812Dwith ComputerSciencesCorporation.

References

[1] J.E.BarnesandP. Hut, “A hierarchical� � ������� � � forcecalculationalgorithm,” Nature, 324(1986)
446–449.

[2] M.D. DikaiakosandJ.Stadel,“A performancestudyof cosmologicalsimulationsonmessage-passing
andshared-memorymultiprocessors,” 10th InternationalConferenceon Supercomputing, 1996,94–
101.

[3] G. KarypisandV. Kumar, “ParMETIS:Parallelgraphpartitioningandsparsematrix ordering,” Uni-
versityof Minnesota,http://www-users.cs.umn.edu/ � karypis/metis

[4] G. KarypisandV. Kumar, “Parallelmultilevel k-way partitioningschemefor irregulargraphs,” SIAM
Review, 41 (1999)278–300.

[5] P. Liu andS.N.Bhatt,“Experienceswith parallelN-bodysimulation,” 6thACM SymposiumonParallel
AlgorithmsandArchitectures, 1994,122–131.

[6] M. MartonosiandA. Gupta,“Tradeoffs in messagepassingandsharedmemoryimplementationsof a
standardcell router,” 18thInternationalConferenceon Parallel Processing, 1989,III:88–III:96.

[7] L. Oliker andR. Biswas,“PLUM: Parallel loadbalancingfor adaptive unstructuredmeshes,” Journal
of Parallel andDistributedComputing, 52 (1998)150–177.

[8] L. Oliker andR. Biswas,“Parallelizationof a dynamicunstructuredapplicationusingthreeleading
paradigms,” Supercomputing’99, 1999.

[9] L. Oliker, R. Biswas,andH.N. Gabow, “Parallel tetrahedralmeshadaptationwith dynamicloadbal-
ancing,” Parallel Computing, to appear.

[10] L. Oliker, X. Li, G. Heber, andR. Biswas,“Orderingunstructuredmeshesfor sparsematrix computa-
tionson leadingparallelsystems,” Parallel andDistributedProcessing, Springer-VerlagLNCS 1800
(2000)497–503.

19



[11] Y. Saad,IterativeMethodsfor SparseLinearSystems, PWSPublishingCompany, 1996.

[12] J.K. Salmon,Parallel Hierarchical N-BodyMethods, PhDThesis,California Instituteof Technology,
1990.

[13] H. ShanandJ.P. Singh, “A comparisonof MPI, SHMEM andcache-coherentsharedaddressspace
programmingmodelson the SGI Origin2000,” 13th International Conferenceon Supercomputing,
1999,329–338.

[14] H. Shanand J.P. Singh, “Parallel sorting on cache-coherentDSM multiprocessors,” Supercomput-
ing’99, 1999.

[15] J.P. Singh,A. Gupta,andM. Levoy, “Parallelvisualizationalgorithms:Performanceandarchitectural
implications,” IEEE Computer, 27 (1994)45–55.

[16] J.P. Singh,J.L. Hennessy, andA. Gupta,“Implicationsof hierarchicalN-bodymethodsfor multipro-
cessorarchitectures,” ACM TransactionsonComputerSystems, 13 (1995)141–202.

[17] J.P. Singh, C. Holt, T. Totsuka,A. Gupta,and J. Hennessy, “Load balancingand data locality in
adaptive hierarchicalN-bodymethods:Barnes-Hut,fastmultipole,andradiosity,” Journalof Parallel
andDistributedComputing, 27 (1995)118–141.

[18] R.S. Tuminaro, M. Heroux, S.A. Hutchinson, and J.N. Shadid, “Aztec: A massively par-
allel iterative solver library for solving sparselinear systems,” Sandia National Laboratories,
http://www.cs.sandia.gov/CRF/aztec1.html

[19] C. Walshaw, M. Cross,andM.G. Everett,“Jostle:Parallelgraph/meshpartitioningandload-balancing
software,” Universityof Greenwich,http://www.gre.ac.uk/ � jjg01

[20] R.D. Williams, “Performanceof dynamicload balancingalgorithmsfor unstructuredmeshcalcula-
tions,” Concurrency:PracticeandExperience, 3 (1991)457–481.

[21] S.C.Woo,M. Ohara,E. Torrie,J.P. Singh,andA. Gupta,“The SPLASH-2programs:Characterization
andmethodologicalconsiderations,” 22ndInternationalSymposiumon ComputerArchitecture, 1995,
24–36.

20


