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Abstract

Adaptive applicationshave computationalworkloadsand communicationpatternswhich changeunpre-
dictablyatruntime,requiringdynamicloadbalancingo achiere scalableperformancen parallelmachines.
Efficient parallelimplementationsf suchadaptve applicationss thereforeachallengingask. In thispaper
we comparethe performanceof andthe programmingeffort requiredfor two major classeof adaptve ap-
plicationsunderthreeleadingparallelprogrammingnodelson anSGI Origin2000systemamachinewhich
supportsall threemodelsefficiently. Resultsndicatethatthethreemodelsdeliver comparablgerformance;
however, the implementationgliffer significantly beyond merely using explicit messagesersusimplicit
loads/storesventhoughthe basicparallelalgorithmsaresimilar. Comparedvith the message-passir{gs-
ing MPI) and SHMEM programmingmodels,the cache-coherergharedaddresspace(CC-SAS)model
provides substantiakaseof programmingat both the conceptualhnd programorchestratiorlevels, often
accompaniethy performanceyains.However, CC-SAScurrentlyhasportability limitationsandmay sufer
from poorspatiallocality of physicallydistributedshareddataon large numbersof processors.

1 Introduction

Architecturalconvergenceand software tools have madeit possiblefor differentprogrammingmodelsto
be supportedon the sameplatform. At presentthe threeleadingprogrammingmodelsare explicit mes-
sagepassingpne-sideccommunicatiorusingsymmetricprivateaddresspacesandcache-cohererghared
addresspaceg(CC-SAS).The message-passimaradigmis perhapshe mostpopular andcommonlyim-
plementedby usingthe MPI library. The SHMEM library is similar to MPI but usessymmetricaddress
spacedor the individual processesThus,communicatiorin SHMEM requiresonly one procesgo be ex-
plicitly involved,andary processanspecifyremotedatausingtheir local nameandthe processdentifier.
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CC-SAS,on the otherhand,assumes global sharedaddresspace Jeverageshardware cache-coheregc
featuresandaccessesemotedataimplicitly via ordinaryloadsandstores:

Unfortunatelyit is not obvious how thesethreeprogrammingmodelscomparan termsof parallelper
formanceandeaseof programmability Our previousstudieg13, 14] have shavn thatevenfor non-adaptie
applications,using different programmingmodelssignificantly affects overall performanceand requires
varyingamountsof programmingeffort. In this papeywe focuson adaptve applicationsn whichthecom-
putationaworkloadsand/orthecommunicatiorpatterns/elumeschangeatruntime,requiringdynamicload
balancingo achieve scalablgperformancen parallelmachinesApplicationsthatexhibit suchirregularun-
predictablenemoryaccesseandcommunicatiorpatternshave becomencreasinglyimportantin scientific
andengineerindields,asmorecomplex phenomenanddomainsarestudied.However, obtainingscalable
performancdor this classof applicationson currentstate-of-the-annultiprocessosystemss achallenging
task.

Severalresearchersaveinvestigatedheparallelperformancef variousadaptve applicationondiffer-
entcomputemplatforms.MartonosiandGuptaexaminedawire routingprogramandfoundthat,comparedo
a shared-memorymplementation{he message-passingodelreducedcommunicationvolume at the cost
of compromisingsolutionquality [6]. Singhetal. found CC-SAS,whenimplementecefficiently on the
StanfordDASH machine to provide substantiaprogrammingeaseandlikely performanceadwantagedor
hierarchicaN-Body applicationd16] anda numberof graphicsalgorithmg[15]. DikaiakosandStadelcon-
ductedperformancecomparison®f cosmologicakimulationson the Intel Paragonand KSR-2 machines,
andfoundthatthe shared-memoryersionrunningon the KSR-2 outperformedhe message-passirgpde
running on the Paragon[2]. More recently Oliker and Biswas examinedthe performanceof a dynamic
unstructuredneshadaptatioralgorithm using three different programmingmodelsand concludedthat a
multithreadedmplementatioron the TeraMTA wasthe simplestandshaved the mostpromise[8]. How-
ever, eachprogrammingparadigmin the laststudywasimplementedn a differentplatform, makingdirect
performanceomparisonsatherdifficult.

Application Layer
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Figurel: A layeredframework for comparingdifferentprogrammingmodels.

Mostof thesestudiesdid notcompareahealgorithmicandcodingimplicationsof usingvariousprogram-
ming paradigms.The studiesalsodiffer substantiallffrom ourssincewe usea commonhigh-performance
computermwith sophisticatedmplementation®f threedifferentprogrammingmodels. The useof a single
platform makesthe performancelataandthe codecomparisonsery relevant. Our overall researclgoalis
to studythe problemof programmingmodelsfor adaptve applicationsn alayeredframeavork asshavn in
Figurel. Thetop layeris calledthe ApplicationLayer. The applicationsselectedor this work neededo
satisfythefollowing criteria:
requireirregularandunpredictableommunicationaswell asdynamicloadbalancing,
have wide applicabilityto problemdomainsthatrequirehigh-performanceomputing,
requirethe useof large numbersof processorsand
benon-trvial to obtainscalableperformance.

! Thewordsprocessandprocessomreusedsynorymouslythroughouthis paper



Basedon theserequirementsye selectedwo typical applications DynamicRemeshingndN-Bodyasour
testcasesDetailsof theseapplicationsaregivenin Section2. For eachapplicationwe developoneor more
programdor thedifferentprogrammingmodelsusingwell-known algorithms.

Themiddlelayerin ourframenork is the ProgrammingModelLayer, which providesdifferentprogram-
ming interfacesto the ApplicationLayer Thetwo dominantparallelprogrammingparadigmsaremessage
passingandcache-coherersharecaddresspace However, thereexistsanothemprogrammingnodelcalled
SHMEM which lies betweerthesetwo extremes.A brief descriptionof thesemodelsis givenin Section3.

Thebottomlayeris calledthe CommunicatiorLayer andconsistof the computatiorandcommunica-
tion hardware,andlow-level software. In thiswork, we focusontightly-coupleddistributedshared-memory
multiprocessorsin particular we selectedhe SGI Origin2000platform, which hasan aggressie commu-
nicationarchitectureand providesfull hardware supportfor the CC-SASmodel. The MPl and SHMEM
programmingmnodelsarebuilt in softwarebut leveragethe underlyinghardwarefor a sharedaddresspace
andefficientcommunicationln fact,theperformancef thelattertwo modelsonthismachings comparable
to or betterthanthaton mostsystemsot supportingghe CC-SASmodelin hardwvare.

This layeredapproachallows usto confineour investigationdo eachindividual layer, isolatethe prob-
lemsif ary, andfind suitablesolutions.For example therearetwo differentconsiderationén the Applica-
tion Layer: atthe algorithmiclevel andat the implementatioror programorchestrationevel. We examine
whetherthealgorithmsthatdeliver the bestperformancdor eachprogrammingnodelaresimilar. For non-
adaptve applicationswe foundthatthe best-performinglgorithmsweresimilar acrossmodels[13], which
is a positive indicatorfor applicationdevelopers. If this is true for the two chosenadaptve applications,
we will investigateif thereare substantiaimplementatiordifferencesandhow they affect overall perfor
mance. In the ProgrammingModel Layer, we comparethe conceptuabnd programmingcompleities of
the differentparadigmsthoughtheseissuesare sometimesjuite subjectve. We needto determineif the
performancalifferencebetweerprogrammingmodelsis causedy thislayer For example,in our previous
studyusingregular applicationg13], we foundthatthe performanceof the MPI implementatiorcould be
madecompetitve with the SHMEM and CC-SASversionsby eliminatingan extra datacopy andby opti-
mizing the communicatiorbuffer managemenglthoughthis hadsomeprogrammingmplications.Finally,
sinceall theprogrammingnodelsarebuilt onthesameCommunicatiorLayer, their performances directly
comparable.

We find thatall threeprogrammingmodelsfor boththe adaptve applicationscanachieve scalableper
formanceon the Origin2000. The algorithmsneededy the differentprogrammingmodelsfor bestoverall
performancearesimilar, but theimplementationgliffer significantlyat the conceptuabndprogramorches-
tration levels, far beyond whetherexplicit messagesr implicit loads/storesire used. Resultsindicatethat
comparedwvith MPI and SHMEM, the CC-SASstratgy provides substantiakaseof programming,often
accompaniedby performanceagains. However, CC-SASmay suffer from poor spatiallocality of physically
distributedshareddataon large numbersof processors.

More generally if the applicationsare properly programmedthe parallel performancdor thesethree
programmingmodelsare quite similar. CC-SASprogramsusuallyrequirelesstime to develop; however,
mary naive implementationsvill notachiere high performance Significantinsightsaboutthe application
areneededo structurethe programso obtainbetterdatalocality andreducesynchronizationln fact, the
technologiesppliedareoftensimilar to thoseusedin message-passirgograms For example,we build a
high-level locally essentiatreeto reducethe pagefaultsin the N-Body applicationandusea partitionerfor
load balancingin the DynamicRemeshingapplication. The importantpracticaladvantageof the CC-SAS
modelis thatthesecomplex algorithmsare simplerto implementin it becausef the implicit namingand
communication A big disadwantageof CC-SASis its lossof portability Many supercomputingplatforms
still do not directly supportthis model. Comparedwith MPI, SHMEM is relatvely easierto implement
dueto its one-sidedcommunicationand often delivers higher performance.But it is alsolimited by the
portability problem.



The remainderof this paperis organizedasfollows. Section2 givesan overviev of the two adaptve
applicationshbeinginvestigatedn this work. In Section3, we briefly describethe threeparallel program-
ming models:messag@assingusingMPl, SHMEM, andCC-SAS.Theimplementatiordetailsfor thetwo
applicationsandthe programmingdifferencesamongthe threemodelsaredescribedn Section4. Perfor
manceresultsare presentedand critically analyzedin Section5. Finally, Section6 summarizesour key
conclusions.

2 Adaptive Applications

In this section,we give an overvien of the two applicationsbeing investigatedin this work. Dynamic
RemeshingandN-Body aretwo typical adaptve problemsthat satisfythe Application Layer criteriamen-
tion in Sectionl. For thesekinds of irregular dynamicapplications the processomorkloadsandthe in-
terprocessocommunicatiorcanchangedramaticallywith time; thus,dynamicload balancingis a critical
componentCommunicatioralsotendsto be naturallyfine-grainedwhich canbe challenging.In designing
efficient parallelimplementationdor theseadaptve applications,datalocality is anotherimportantcon-
sideration.In Section4, we will focuson thesetwo issuego analyzethe algorithmicandimplementation
differenceamongthedifferentprogrammingmodels,anddiscusghe programmingeffort requiredfor each
applicationandparadigm.

2.1 Dynamic Remeshing Problem

Dynamiclocal meshrefinements requiredto efficiently capturephysicalfeaturesof interestthat evolve

with time. It providesusersthe opportunityto obtain solutionsthat are comparableo thoseon globally-

refinedgrids but at a muchlower cost. Adaptive unstructuredneshingis a powerful tool in the numerical
modelingof physicalphenomenan comple irregular domains. The meshusedin our experimentds the

oneoftenusedto simulateflow overanairfoil. Meshrefinementis usuallyrequiredaroundtheleadingedge
of the airfoil, andalongthe shocksthatform on the upperandlower surfacesat transonicMach numbers.
This physicalscenarids simulatedby geometricallyrefiningthegrid in theseregions. Furtherdetailsabout
this applicationcanbefoundin [8].

INITIALIZATION MESH ADAPTOR LOAD BALANCER
Initial lMesh Edge Marking i
Partitioning Y

FLOW SOLVER lN

Matrix Generation Partitioning

Solver Refinement Remapping

Figure2: Flowchartof the DynamicRemeshingroblem.

Theflow-chartfor the solutionprocesss shawvn in Figure2. Theinitial meshis first partitioned,anda
submeslhis assignedo eachprocess.An initial matrix is thengeneratedrom eachsubmestby assigning
arandomvaluein (0,1) to each(i, j) entry correspondingdo the vertex pair (v;,v;) of the edgesin the
submeshAll otheroff-diagonalentriesaresetto zero. The matrix is madepositive definiteby settingthe
diagonalentriesto a large value (diagonallydominant). The publicly-available Aztec library [18] is then
usedto solwe the sparsdinear system.Details of the matrix generatiorprocessandthe solutionphaseare



givenin [10]. After a specifiedcorvergenceis attained,the meshadaptoris invoked. Basedon an error
toleranceor geometricinformation,it marksthe edgesn the regionsthatneedto berefined. However, the

actualrefinemenis delayeduntil aftertheloadbalancetin orderto reducethedatamovementoverheadand
achieve betterload balancen the adaptatiorphase.If the marked meshwill causethe currentpartitionsto

becomeunbalancedthe load balancebecomesgesponsibldor repartitioningthe meshandremappinghe

data. After refinementthe matricesfor the submesheare regeneratedand passedn to the solver. The

entire cycle is thenrepeateduntil the computationis done. Extensve detailsaboutthis meshadaptation
procedureandthe dynamicloadbalancingstratgy aregivenin [7, 9].

2.2 N-Body Problem

The N-Body problemis a classicalone,andarisesin mary areasof scienceand engineeringsuchasas-
trophysics,moleculardynamics,andgraphics. Having specifiedthe initial positionsandvelocitiesof the
N interactingbodies,the problemis to find their positionsaftera certainamountof time. The Barnes-Hut
method[1] is widely usedto solwe this problemtoday It hasthreephasewithin eachiterationof the sim-
ulation. In thetree-luilding phase anoctreeis constructedo representhe distribution of the bodies.lt is
implementedoy recursvely partitioningthe three-dimensionadpaceinto eight subspaceantil the number
of bodiesin eachsubspacés belav a certainthreshold.In the secondhasetheforceinteractionsdbetween
individual bodiesare computed.Eachbody traversesthe octreestartingfrom the root. If the distancebe-
tweenabodyandthevisited subspacécell) is large enoughthe entiresubtreerootedthereis approximated
by thecell; otherwisethetraversalcontinuegecursvely with thechildren.In thethird andfinal phasegach
bodyupdatests positionandvelocity basedn the computedorces.

3 Programming Models

We chosean SGI Origin2000machineasthe commonplatformto compareandcontrastthe differentpro-
grammingmodels.The Origin2000is a scalable hardware-supportedache-coheremton-uniformmemory
accesqJCC-NUMA) system,with an aggressie communicationarchitecture. It thereforeautomatically
supportsthe CC-SASprogrammingmodel. The MPI message-passirand SHMEM modelsare built in
softwarebut leveragethe machines sharecaddresspaceandthe efficient communicatiorfeatures We give
herea brief descriptionof all threeprogrammingmodels.

3.1 Message Passing using M PI

In themessage-passimgodel,eachprocessasonly aprivateaddresspaceandmustcommunicatexplic-
itly with otherprocesseso accesgheir (private)data. Communicatioris performedvia send-receie pairs,
so processesn both sidesareexplicitly involved. The senderspecifiesvhomto sendthe databut not the
destinatioraddressthesearespecifiedby the matchingrecever whoseaddresspacehey arein. Thedata
typically is pacled andunpacled at eachendfor efficienttransfer This modelis perhapghe mostdifficult
to programfor irregularapplicationshowever, the benefitdie in enhancegerformancdor coarse-grained
communicatiorandimplicit synchronizatiorthroughblockingcommunication.

We usedanimprovedversionof MPICH [13], the portableimplementatiorof MPI for our experiments.
It useghe Origin2000sharecaddresspaceandfastcommunicatiorsupportto acceleratenessag@assing.
The MPICH performancevas much betterthanthe vendorsuppliedimplementationof MPI. We suspect
thatthisis becauséMPICH usesonecopy (insteadof two), andlock-freequeuemanagementt alsoallows
the programmeto instrumentthe implementatiorso asto distinguishbetweenwait time andtime to copy
remotedata. MPICH is consistentwith the message-passirmgodelin that applicationdatastructuresare
only allocatedin privateperprocessaddresspacesHowever, the communicatiorbuffersfor the sendand



receve operationsareallocatedin the sharedaddresspaceduring the initialization phasethey includea
sharedpaclet pool for exchangingcontrolinformation(all messagesanddata(shortmessagesgandbuffer
spacefor data(large messages)All copying of datato andfrom the buffers is donewith the nenctpy
function. Note that while hardware supportfor load/storecommunications very useful, an invalidation-
basedcoherencerotocol, suchason mostcache-coherennachinesncluding the Origin2000,can make
suchproducerconsumercommunicationnefficientcomparedo anupdateprotocolor ahardware-supported
but non-coherensharedaddresspace.

3.2 SHMEM

The SHMEM library providesthefastesinterprocessocommunicatiorfor large message®asically each
processhasits personaladdresspaceasin messaggassingbut the addresspacesare symmetric. Any
processannamethe variablesin anothermprocess addresspaceby usingthe local nameandthe remote
procesddentifier The major primitivesarethe put andget commands.The get operationis usedto
copy a variableamountof datafrom anotherprocesqusingbcopy thatis similar to the mencpy used
in messagepassing)and explicitly replicateit locally. A put is the dual of get ; however, eachis an
independenand completeway of performingdatatransfer Only oneis usedper communicationunlike
explicit messageassingwhich requiressend-receie pairs. Thus,the communicatiorbecomesne-sided
but remainsexplicit.

In SHMEM, thereis no conceptof a uniformly addressableharedaddresspacehatall processesan
access.However, the private addresspacesf processeshat containthe logically shareddatastructures
areidenticalin their dataallocation.By providing a globalsggmentedaddresspaceandavoiding the need
for matchingsend-receie operationsthe SHMEM modeldeliverssignificantprogrammingsimplicity over
MPI, eventhoughit too doesnot provide fully transparenfhamingor replication.

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

In thismodel,remotedataareaccessegustlike locally-allocateddata(or datain a sequentiaprogram),us-
ing loadsandstores.A load/storecachemisscauseghe datato be communicatedn hardwareat cacheine

granularity andautomaticallyreplicatedin the local cache. Unlike the get /put operationan SHMEM,

ordinaryload/storeoperationsareusedto fetch/sendlata. The transparenbhamingandreplicationprovides
programmingsimplicity, particularly for dynamicfine-grainedapplications. In our parallel CC-SASim-

plementationsthe parentprocesausesthe Unix f or k commando spavn off child processexynefor each
additionalprocessqratthebeginningof theprogram.Thesecooperatingprocessearethenassigneahunks
of work, while locksandbarriersareusedfor synchronizationThe child processearefinally terminatedat
theendof thelastparallelsection.

4 Implementation Details

In this sectionwe describespecificimplementatiordetailsof our two adaptve applicationsusingthe differ-
entprogrammingnodels.We compareonly theMPl andCC-SASversionssinceSHMEM is similarto MPI
exceptprimarily for its one-sideccommunicationIn otherwords,insteadof usingsend-receie pairsasin
MPI, the SHMEM modelonly needsitheraput oraget . However, thereis oneotherdifferencebetween
MPI and SHMEM in the way they areusedto dynamicallyallocatememory In MPI, dynamicmemory
allocationis performedby invoking themal | oc utility locally andindependentlyn differentprocessedn
SHMEM, if theprogramneeddo allocatememoryfor symmetricvariablesjt mustresere exactlythesame
sizeof memoryin all processedn thefuture,we intendto make this transparenfrom SHMEM developers.



4.1 Dynamic Remeshing Problem

For this application,we focuson the threemain modules:MeshAdaptor Load BalancerandFlow Solwer,

and then compareand contrastthe MPIl and CC-SASimplementationsand programorchestrationghat
arisebecausef the natureof the programmingmodels. We shav that someof the differencesaredueto

reasondeyondusingexplicit communicationmessagegatherthanloads/storesventhoughthe samebasic
partitioningalgorithmfor loadbalancingandcommunicatiomreductionis used.Overall,the CC-SASmodel
providessubstantiabaseof programming.

Mesh Adaptor In the meshadaptormodule,all the edgesof the unstructuredmesharefirst marked to
indicatewhetheror not they needto be bisectedgitherbasedon geometricinformationor solution-drven
error tolerance. However, the actualmeshrefinements delayeduntil after the load balancermoduleis
executed.Thisdelayhasthreebeneficiakide-efects: (i) it improvestheloadbalancenf therefinemenphase
sincealargerfractionof the processorparticipaten the meshadaptation(ii) it reduceghecommunication
volumeneededor dataremappingafterthe repartitioningsincerefinemenis performedby the destination
processorsand (iii) it increaseslatalocality sincethe flow solver works on the newly-partitionedrefined
mesh.Detailedexplanationsof theseside-efectsaregivenin [7, 9].

In the MPI implementationeachprocessowns a submestandmaintainshe necessarjocal datastruc-
turesto represenit. Thus,eachmeshobject(verte, edge,element)hasa local index. Theselocal data
structuresandindicesprovide gooddatalocality for the MPI1 program.However, in orderto exchangenfor-
mationwith otherprocessesachprocessalsomaintainsa mappingbetweerthelocal index andtheglobal
index (whichis theindex of themeshobjectin the globalmesh).

In CC-SASprograms,a completesharedmeshis maintained. A potentialdravback of this stratgy
is that the shareddatastructurescannotbe easily changedwithout synchronization.Unfortunately mesh
refinementinvolves modifying several datastructureshy insertingnenv meshobjectsandalteringtheir re-
lationships.This needfor synchronizatiorcanbe dramaticallyreducedby letting eachprocesgprecompute
its numberof new vertices,edgesandelementsandapplyingtherangeto the globaldatastructures.This
enableghe procesgo modify its partition of the datastructureswith only afew synchronizationgyut atthe
costof someadditionalcompleity. However, MPI programshave to maintaina lot of extra datastructures
to track ownershipof meshobjectsandto orchestrateommunication.

Load Balancer Dynamicrepartitioningto balanceprocessoworkloadsis anessentiaphasen ary par
allel adaptve meshcomputation. As the numericalsimulationevolves, variousregions of the meshare
dynamicallyrefined,leadingto load imbalancethat hurtsthe overall performancg7, 9]. Significantre-
searchhasbeendoneon parallelpartitioningalgorithms andsereral state-of-the-amPI softwarepackages
arecurrentlyavailableon theweb [3, 19]. We choseParMETIS [4] asthe basicpartitionerfor this work
becaus®f its goodoverall performancendwide availability.

ParMETIS is a multilevel partitionerthat consistsof three main phases:coarseninghe graphto be
partitioned, partitioning the coarsegraph, and projectingthe partitionedcoarsegraphback to the given
initial graph.Thecoarsenings implementedy usinga vertex-matchingschemewvherethe “heaviest” edge
incidentonavertex is collapsed.To find a matchfor verticeson partitionboundariesa try-confirmstratgy
is used.Thisis becausén the MPI model,a messagenustbe received from the remoteprocesgo confirm
the matching,asotherprocessesay alsotry to matchtheir own boundaryverticeswith the samevertex.
After the coarseningphaseis complete the coarsesgraphis partitionedandthe ownershipof its vertices
projectedbackto theinitial graph.During this uncoarseningrojectionphasegachprocesgeconsidershe
ownershipof its boundaryverticesto reducethe overall edgecut andto furtherbalancethe workload. Due
to privateaddresspacesn MPI andthe lack of globalinformation,thesedecisionsaremadebasedon an
incompleteocal view.



A loadbalancetis simplerto implementin CC-SASprogramssinceall processesharethe sameglobal
view. In addition,aloadbalanceenhanceslatalocality, therebyreducingcontentionaswell asthenumber
of cachemissesand pagefaults. The MPI try-confirm processn ParMETIS is no longerrequiredasthe
communicatiorto checkfor matchabilityis replacedoy synchronizationWhena procesdindsa matching
verte, it first locksit andcheckswhetherit hasalreadybeenmatched.This procedurds obviously much
easierto implement.Theinitial partitioningis straightforvard becausef thesharedaddresspace Finally,
whenupdatingthe ownershipof boundaryverticesin the uncoarseningghase CC-SASenablesa decision
to bemadebasedn a consistenglobalview, which helpsgeneratenorebalancedartitions.

After the partitioning, datamust be remappedamongall the processegor the MPI implementation.
In otherwords, eachprocessmay have to send/receie messageso obtain the datathat correspondgo
its assignedpartition. This remappingphaseis very expensve for large computationaimeshes. In our
applicationremappings performedn bulk fashion,asopposedo communicatingeveralsmallindividual
messageslhe advantagesncludethe amortizationof messagestart-upcostsandgoodcacheperformance.
Thedisadwantagesrecompleity andsomeextrawork. Basically dataleaving a partitionarefirst stripped
outandplacedin a buffer, thenappropriatelycommunicatedandfinally integratedinto the corresponding
datastructureof the destinatiorprocessor

No explicit dataremappingis necessaryior programorchestrationin the CC-SASimplementation.
However, the quality of the partitioning nonethelessffectsdatalocality. For instance,f datamovement
is minimized, mostmeshobjectswill remainassignedo the sameprocesdeforeandafter a partitioning,
therebyenhancinglatalocality. Moreover, the new objectsthatare createdby subdvision arenot usedby
otherprocesseduringtherefinemenstage.

Usinga partitionerlike ParMETISratherthansimply choppingoff the datastructuresn CC-SASguar
anteegthat eachprocesss assigneda continuoussubmesho work on, andthat synchronizatioris only
neededn the subdomairboundaries.This greatlyreduceghe numberof synchronizatioroperationsand
allows eachprocesgo obtaingoodtemporalandspatialdatalocality. Otherwisethe CC-SASimplementa-
tion is unableto achieve scalablegperformancg8].

Flow Solver Theflow solver moduleconsistsof matrix generatiorandthe actualnumericalsolver. The
matrix generatiorstepis applicationdependentandasdescribedn Section2.1,adiagonallydominantpos-
itive definitematrix is generatedor eachsubmeshlin the message-passingodel, this requirescollecting
informationfrom all neighborf boundaryvertices.In ourimplementationthe procesowning aboundary
vertex is responsibldor gatheringthis data.ln CC-SAS thereis no needfor ary explicit communication.

Numericalsolvers constituteanimmenseareaof research Our objectie in this paperis to studyonly
the effects of the variousprogrammingmodels. We have thereforeselectedhe ConjugateGradient(CG)
algorithmwhich is the best-knavn Krylov subspacenethodfor solvingthelinearsystemAz = b. Algo-
rithmic detailsaboutCG aregivenin [11]. In ourwork, we usethe publicly-available Azteclibrary [18]. In
the MPI version,thematrix A is partitionedby rows (eachrow correspondso a vertex in themesh)among
the processedyasedon the partitioninggiven by theload balancer Eachprocesspreparesa list of therow
indicesof A thatit owns,aswell asthoseof thevectorsz andb.

The solver hasbeenseparatednto two phases:matrix transformationand iterative solution. In the
transformstage the verticesare groupedasinternal vertices(thosethat do not needcommunicatiorwith
otherprocesseskhordervertices(thosethat needcommunicatiorwith otherprocesses)and externalver
tices (thoseowned by other processes).Eachprocessreordersits submatrix(basedon internal, border
and externalverticesin that order)into a nearly block diagonalform to obtain good datalocality for the
time-consumingterative solutionphase In MPI programsthis involvesexpensve hashing searchingand
broadcasbperationsdueto all the databeingin privateaddresspacesin Aztec,a large numberof small
messageareusedfor the communication However, in ourimplementationmuchof the vertex ownership



informationcanbe providedduringmatrix generatiorwithout additionalcost. Thus,the Aztecinterfacecan
bemodifiedaccordingly Till date,we have accomplishedhesemodificationsonly partially sothatmostof
thematrix transformatiorwork is still left within Aztec.We planto completethisin thenearfuture. In CC-
SASprogramsa sharedarrayis usedto provide all theinformationneededy thereordering.Comparedo
MPI, the conceptual/orchesttion compleity andprogrammingeffort aregreatlyreduced.

Thekernelof the CG iterative solver consistsof a sparsanatrix-vectormultiply (SPMV), threevector
updatesandthreedot products.However, for mary practicalapplicationsthe SPMV dominateghe oper
ationcount. The basicsolver algorithmis similar acrosgpprogrammingmnodelsexceptfor the differencesn
explicit messagingersusmplicit loads/stores.

4.2 N-Body Problem

The Barnes-Huimethod[1] for solvingthe N-Body problemconsistsof threemain phasesTree-Building,
ForceCalculation andParticleUpdate.For eachof thesemoduleswe comparebelav theMPl andCC-SAS
implementations.

Tree-Building Tree-tuilding is the mostcomplex stepof the MPI implementation.In this phaseeach
processobuilds alocally essentiatree which allows the force calculationphasétself to proceedwithout
communication.In thefirst iteration, the domainis partitionedinto a fixed numberof particleswhich are
distributedequallyamongthe processorsSubsequerniterationsusethe previous distribution asthe starting
point. A popularmessage-passingiplementatiorstratgly useshe OrthogonaRecursie Bisection(ORB)
partitioner[20]. We usea differentapproachA costdistribution treeis computedn parallel,requiringthe
useof globalcommunication.This costrepresentshe expectedamountof work requiredto performforce
calculationfor the particleswithin a cell, andis usedastheload balancingmetric. If acell’s costis greater
(less)thana specifiedthreshold its spaceis recursvely subdvided (collapsed)into eight (one)subspaces.
Thusalimited globaltreeis createdvhich representthe costdistributions. Thistreeis partitionedusingthe
costzone$§l6] techniquewhich assignsachprocesson contiguousangeof cells of approximatelyequal
costin Peano-Hilberbrder A dataremappeuseshe computedoartitioningto distribute the cellsandtheir
correspondingarticlestherebycreatingacostbalancedocaltreeon eachprocessorA communicatiorstep
is finally requiredto appropriatelydistribute the particleandcell information,thusallowing eachprocessor
to build its locally essentiatree.

We alsoimplementedhe ORB versionin a mannersimilar to that reportedin [5, 12], andfound no
significantperformancealifferenceswith our costzonespproach.Instead,using costzonesllowed usto
make easiercomparisonsvith the CC-SASimplementatiorof the N-Body problem.

The CC-SASversionof the N-Body simulationis obtainedfrom the SPLASH-2suite[21] andfurther
optimized.Thetree-lilding phasevariesdramaticallyfrom the MPI implementatiorsinceonly oneglobal
octreeis created. Eachprocesss responsiblgor thoseparticlesassignedo it basedon the costsin the
previousiteration. Theglobaloctreeis built by concurrentlyaddingpatrticlesto thesinglesharedree,using
synchronizatiodocksif necessarywWhenthe cost(definedin costzonespf a cell exceedsa specifiedimit,
thatcell is dynamicallysubdvidedinto eightnewn subcells.To guaranteeorrectnessa synchronizatioock
is placedon a cell wheneer a particleis insertedinto it, or during cell subdvision. Unlike MPI, explicit
communications notrequiredto computehesharedcostdistribution tree. Theparticlesarethenpartitioned
usingthecostzonesechniquepy assigningeachprocessoa contiguoussection(in thePeano-Hilberbrder
ing sensepf the globaltree. This orderingstratgy ensuresostbalancedgartitionsandgooddatalocality
duringthe subsequerforce calculationphase.Note thatthis partitioningapproachis algorithmically simi-
lar to thatusedin the MPI version;however, a dataremappingphaseis not requiredin CC-SAS.Sinceall
the bodiesare globally addressablehey canbe reassignedo the processorsvithout the needfor explicit
communication.



Force Calculation and Particle Update Theforcecalculationis the mostexpensve phaseof the N-Body
problem.In this step,eachbodycomputests forceinteractionwith every otherbody (or cell) by recursvely
traversingthe octree. The MPI implementatiorusesthe locally essentiatree, createdn the tree-hiilding
phase o performa load balancedand communication-fredorce calculation. Eachparticles costis also
kepttrackof, for building the costdistribution treein the subsequeriteration. In thethird andfinal phase,
eachbody updatests position and velocity basedon the resultsof the force calculation. The message-
passingversionof the updatephaseis communicationfree, but suffers from someload imbalance. This
is becausehe costzonepartitioningschemeausedin tree-luilding is basedon the cost,not the numbey of
bodies.However, thecomputationabverheadf the updategphasds afunctionof thetotal numberof bodies
in eachpartition. An additionalredistritution stepto load balancethe updatess not worthwhile, sincethis
phaseconstitutesa relatively smallportionof the overall N-Body simulationtime. The SHMEM versionof
this algorithmwastransformedirectly from the MPI code,by replacingtwo-sidedcommunicationsvith
one-sideccommunications.

In CC-SAS,oncethe global sharedtree hasbeenbuilt, the force calculationis computedin parallel
withouttheneedfor synchronizationHowever, unlike the MPI version,implicit communications required
duringthis phasesincethe globaltreeis physicallydistributedamongthe processorsThe particle update
thenproceedsn parallel,usingthe resultsof the force calculation.Onceagain,this stepis synchronization
free, but requiresimplicit communication.The CC-SASupdatephases alsosomeavhatload imbalanced,
for the samereasonsasthe imbalancein the MPI update. To increasedatalocality for the next iteration,
bodiesarereorderedasedon their processoassignmentThe reorderingstepconstitutesa smallfraction
of runtime,whichis dominatedby theforce calculation.

Overall, the CC-SASimplementatiorand conceptuabrchestratiorare much simplerthan MPI. Using
synchronizatiodocksto build a globaltreein a sharedaddresspacdas muchlesscomplex thencreatinga
locally essentiatreein a distributed-memoryernvironment.However, the MPI force calculationandparticle
updateproceedwith only the useof local memory unlike the CC-SAS versionwhich requiresimplicit
communication.

In Table 1, we list the numberof essentialsourcecodelines for all three programmingmodelsfor
thesetwo applications.Codesectionsfor preparingtestdata,delugging,andcommentsarenot included.
SHMEM is very similar to MPI becausahe main differencebetweenthemis the communicatiormodel.
The CC-SAScodesrequirefar fewer lines dueto its implicit communicatiorthat obviatesthe needto set
up and maintainspecialdatastructuresand communicatiorbuffers. This alsoleadsto substantiakasein
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

Tablel: Thenumberof essentiakourcecodelinesfor thetwo adaptve applications.

5 Performance Results

The Origin2000machineusedfor the experimentgeportedn this papercontaingg4 300MHz R12KMIPS
microprocessorgndis locatedat PrincetonUniversity Eachprocessohasseparat&2 KB primaryinstruc-
tion anddatacachesanda unified8 MB secondargachewith two-way associatiity anda 128-byteblock
size.Theentiremachinehas16 GB of mainmemory with apagesizeof 16 KB. Therearetwo processorn
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eachnodesharinganon-coherenius. Pairsof nodesareconnectedo anetwork routetr andtheinterconnect
topologyacrosghe 16 routersis a hypercube.

Table 2 presentghe sequentiaktuntimesfor both adaptive applications. For the Dynamic Remeshing
problem,we simulateflow over an airfoil and geometricallyrefineregions correspondindo the locations
of the stagnationpoint andthe shocks[8]. The original meshcontains28K triangles,and grows to ap-
proximately59K, 156K, 441K, 1M, and 1.3M triangles,throughfive levels of refinement.For this work,
we studyonly the lastfour levelsin detail. For example,referringto the 1.3M testcaseimplies that the
meshadaptorincreasedhe 1M-trianglemeshto 1.3M triangles.Theloadbalancingmatrix generationand
ensuingiterative solutionwerethenbasedon this newly-generatedL.3M mesh. For the N-Body problem,
we alsotestedfour cases16K, 64K, 256K, and1M particles.Thesedatasetscompriseof two neighboring
Plummemodelgalaxieghatareaboutto undego amemger[17]. However, unlike our DynamicRemeshing
simulation,eachN-Body problemrepresentan independenexperiment. Oneinterestingparallel perfor
manceresultis the superlineaspeedupslemonstratedy both applicationan someof the testcases.This
occurspartly becausasthe numberof processoréncreasesa larger fraction of the problemfits in cache.
The superlineaeffect may continueuntil the entire problemis accommodateth the combinedcachesof
theprocessors.

DynamicRemeshing N-Body

Numberof Triangles Numberof Particles
156K | 441K | 1M | 13M | 16K | 64K | 256K | 1M
6.41 | 24.85| 69.17 | 97.13| 3.39| 15.04 | 67.69 | 329.81

Table2: Sequentiatuntimes(in secs)or eachtestcaseof thetwo adaptve applications.

Furthermore we analyzethe perprocesswall-clock time by dividing it into four parts: BUSY (time
spentin computation)LMEM (time waiting for local cachemiss),RMEM (time waiting for remotecom-
munication),and SYNC time (time for synchronization).In CC-SASprograms,we cannotdifferentiate
betweerLMEM andRMEM timesusingthe availabletools. Thus,we lump themtogetherasMEM time.

5.1 Dynamic Remeshing Problem

The performancef the DynamicRemeshingroblemfor varyingnumbersof trianglesis presentedn Fig-
ure 3. In this rapidly adaptingflow simulation,meshrefinementindthe ensuingoad balancerareinvoked
afterteniterationsof the numericalsolver. Futureresearctwill investigatethe performanceof this appli-
cationundervarying flow solver iterationrequirementslt is importantto notethat a realisticapplication
will consistof mary meshadaptationsandthusthe solver—adaptor+load-kalancer cycle in Figure 2 will
be executedthat mary times. Overall, the three programmingmethodsshav similar performanceor the
entireapplicationacrossall testcases.For the smallerdatasizes, MPl andSHMEM generallyoutperform
CC-SAS.However, for our largesttestcaseconsistingof approximatelyl.3M triangles the CC-SASimple-
mentationhaslower runtimesthanthe message-passingrsions.

Figure4 presentsheruntimebreakdevn for the 1.3M testcase.CC-SAShasalower BUSY time than
MPI1 or SHMEM, but suffersfrom higherSYNC overheadsAlso noticethatthe MEM time underall three
programmingmodelsis relatively high. In orderto understandhe overall runtime behaior, eachof the
DynamicRemeshingomponentsnustbe examinedindividually.

Themeshadaptomoduleis responsibldor refiningthe meshin specifiedregionsin orderto investigate
localizedflow phenomenan finer detail. As describedn Section4.1, this phaseconsistsof edgemarking
andmeshsubdvision. The parallelworkloadof the meshadaptolis generallyloadimbalancedecausehe
partitioning processs designedo optimize the performanceof the costly flow solver phase.ln MPI and
SHMEM, eachprocessors responsibldor refiningits local region of the mesh.To build a consistenfinal
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Figure 3: Runtimes(in millisecs)for the Dynamic Remeshingoroblemon 16, 32, and64 processorgor
differentdatasets.

mesh,coarse-grainedommunicationis usedacrosspartition boundaries. CC-SAS, however, maintains
a single sharedmeshwhich is concurrentlyrefined. The global addressspaceallows a reductionin the

programmingcompleity, but introducesa large volume of implicit communicationfor suchirregularly

structuredcomputations.CC-SASalsoincurs an additionalalgorithmic cost sincesynchronizatiodocks

arerequiredto avoid possibleraceconditionsduringthe subdvision phase . The numberof synchronization
pointsis minimizedby precomputinghe locationof newly createdriangles.

Figure5 presentshe meshadaptoruntimesfor the 156K and1.3M-triangletestcasesThedistributed-
memoryimplementatiorsignificantly outperformsCC-SASfor both datasizesdueto its datalocality and
coarse-grainedommunicationWe experimentedvith the CC-SASversionby reoiganizingthe datastruc-
turesin a localizedfashionasin the message-passingases. With the modifications,the meshadaptor
runtimesimproved; however, the overall performancevasunafectedasit hadthe sameMPI/SHMEM data
remappingoottleneck.The performancalifferencebetweerMPl andSHMEM is primarily in thelocal op-

MPI SHMEM CC-SAS
2000
- 1600 1 WMAW O SYNC
£ 1200 -
£ 800
= ELMEM
400
0 OBUSY
°SeR8¥8 2888 °L8¥Yy

Processor Identifier

Figure4: Time breakdavn for the 1.3M datasetsizeon 64 processors.
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Figure5: Runtimes(in millisecs)for the MeshAdaptormoduleon 16, 32, and64 processor$or the 156K
and1.3M datasets.

erations,andis probablycausediy changesn the cachebehaior dueto the particularmemoryallocation
methodused. In fact, Figure 4 indicatesthat SHMEM hashigherLMEM time, which may simply be a
functionof cacheconflicts. For the 1.3M dataset,the performanceof the MPl and SHMEM meshadaptor
improveswith larger numbersof processorsHowever, for almostevery testcaseshavn, CC-SASperfor
mancedeggradesasthe numberof processorincreasesThe irregular natureof unstructuredneshsubdvi-
sionis inherentlyat oddswith theglobally sharedneshandthuscausesnincreasen thevolumeof implicit
communicationmemorylateng, falsesharing,andTLB missed8]. In addition,the useof low-level syn-
chronizationseducegerformancdor largernumbersof processorsin conclusionthedistributed-memory
implementatiorof the meshadaptoroffers significantperformancedwantageover CC-SAS.

The load balancingmoduleis invoked after eachiteration of the meshadaptor to rebalancehe pro-
cessorworkloadsand minimize interprocessocommunicationfor the costly solver phase. Note that the
partitioningis performedon theinitial dual graph,which keepsthe connectiity andpartitioningcomple-
ity constanthroughoutthe adaptve computation7]. In the load balancingmodule,thereis a significant
algorithmic differencebetweenCC-SASand MPI. The MPI implementatiorcalls ParMETIS to compute
a new partitioning, followed by a dataremappingphasewhich appropriatelydistributesthe mesh. This
message-passimgmappingohasancursboththe communicatiorcostandthe computationabverheador
breakingdown andrehuilding the datastructuresin CC-SAS,a partitioningphases usedbut dataremap-
ping is not required. Eachprocessois assignedts propersubdomainput the actualdataredistritution is
performedduringthe transformphaseof theflow solver. Thus,CC-SAShasa significantadvantageduring
loadbalancing.

Figure6 presentghe load balancingruntimesfor the 1.3M dataset. The total CC-SAStime is signifi-
cantly lower thanMP1 and SHMEM sinceit doesnot performdataremapping.interestingly the CC-SAS
ParMETISimplementationis itself alsosubstantiallyfasterthanthe original MPI version. But partitioning
time aloneis notsufiicientto ratethe performancef apartitioner;oneneeddo investigateartitioningqual-
ity aswell. Partitioning quality is usuallydefinedin two ways: the computationaload imbalancefacto?

% The load imbalancefactoris the ratio of the workload on the mostheavily-loadedprocessoto the averageload acrossall
processors.
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Figure6: Runtimes(in millisecs)for Load Balancing(ParMETIS PartitioningandRemapping)andparti-
tioning quality on 16,32, and64 processoror the 1.3M dataset.

andthe edgecut. Figure6 shavs thatthe CC-SAScodegivesbetterworkloadbalanceamongthe proces-
sors(upto an 8% improvement)at the costof a larger numberof cut edges.Futureresearchwill examine
shared-memorpartitioningin detail. Noticethatfor all threeparadigmsthe ParMETIStime increasesvith
larger numbersof processorsjueto the partitioners’increased/olumeof computatiorandcommunication
overheads.Finally, the dataremappingtime decreasewith more processors.This is becauseemapping
time is afunction of the maximumcommunicatioramongprocessor§/].

Theflow solver is the mostexpensve moduleof our DynamicRemeshingimulation.After eachadap-
tation andload balancingphase the newnly-generatedneshis convertedto a matrix, asdescribedn Sec-
tion 2.1. A transformstepthenrearrangeshe matrix to improve datalocality for the time-consumingCG
iterative solution procedure.Recallthat the numberof rows and nonzerosn our matrix correspondse-
spectvely to the numberof verticesandedgesn the underlyingmesh. For example,the matrix generated
from the 1.3M datasetcontainsmorethan 488K rows and 1.9M nonzeros.The solutionto this matrix re-
quires22 CG iterations.Figure7 presentsheruntimesof the numericalsolver usingthethreeprogramming
paradigmsfor 156K and 1.3M triangles. Theseruntimesdo not include the matrix generationoverhead
(which is about11% of the total executiontime for the largesttestcaserunningon 64 processors)sinceit
is applicationdependenandbeyondthe scopeof this paper

Overall, the runtimesof the flow solver are quite similar on all threeprogrammingmodelssincetheir
underlyingalgorithmsare essentiallyidentical. The implementationdetails, however, vary significantly
For the 1.3M case,thereis a dramaticimprovementin performancewith increasingnumbersof proces-
sors. Partitioning the matrix into more (smaller)subdomaingesultsin improved cachereuseandreduced
solvertimes. The overheadf thetransformin MPl andSHMEM is substantiallyhigherthanCC-SAS.The
distributed-memorymatrix transformationinvolves comple reorderingbasedon internal,border and ex-
ternalvertices.Thisis necessarjor efficientcommunicatiorduringthe CG algorithm. Theshared-memory
transform,however, simply assignsa block of rows to eachprocessosinceno explicit communications
required. NeverthelessSHMEM and/orMPI slightly outperformCC-SASfor the 1.3M testcase. This is
dueto the efficient performanceof the distributed-memoryCG, which hasbetterdatalocality andlower
communicatiorvolumethanthe CC-SASimplementation.
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Figure7: Runtimes(in millisecs)for the Solver on 16, 32, and64 processorsor the 156K and1.3M data
sets.

In summary Dynamic Remeshings anirregularly structured dynamicallyadaptingapplication,con-
sistingof severaldistinctmodules gachwith its own performanceharacteristicsNoneof theprogramming
modelspresentedh this paperis best-suitedor all thesemodules.Thedistributed-memoryersionsgener
ally have betterdatalocality andconsequentlputperformCC-SASduringthe meshadaptatioranditerative
solutionphasesbecausall the datais alreadyin local memory However, CC-SAShasthe advantageof a
globaladdresspacewhich reducegprogrammingcompleity andimproves performancdor a numberof
the modules. For example,during load balancing the CC-SASversionof ParMETIS partitionsthe mesh
fasterthan MP1 or SHMEM. More importantly CC-SASdoesnot requirea remappingphase which ac-
countsfor a significantoverheadon large datasets.Finally, the CC-SAStransformphaseof the flow solver
outperformsothMPI andSHMEM.

The total runtimesin Figure 3, shawv that the advantagesof MPI and SHMEM leadto betteroverall
performancdor the threesmallestdatasets. The 1.3M testcaseshaws the crosseer point whereCC-SAS
becomeghe fastesimplementationFor this largestdataset,the benefitsof CC-SASoutweighthe adwan-
tagesof MPI andSHMEM. Thus,noneof the programmingparadigmss a clearwinnerfor this application
in termsof overall performance However, eventhoughall threemodelsusesimilar high-level algorithms,
CC-SASoffersaninherentadwantageby reducingthe programmingandorchestratioroverheads.

5.2 N-Body Problem

The performanceof the N-Body simulationfor varying datasizesis presentedn Figure8. The MPI and
SHMEM implementationshawv similar behaior acrossall processocountsanddatasets,sincetheir un-
derlyingalgorithmsarethe same.In fact,on 16 processorsall threeprogrammingparadigmshave similar
runtimesacrossall datasets. However, on 64 processorsperformancelifferencesbetweenthe two basic
programmingscheme$egin to emege. Forthe 16K dataset,CC-SAShasaruntimeadwantagecomparedo
MPI1 andSHMEM. All threeimplementation®enefitfrom largerdatasizes but the effectis moredramatic
for messag@assing At 1M bodies the MPI andSHMEM versionssignificantlyoutperformCC-SAS.
Figure9 shavs theruntimebreakdavn for the 16K testcaseusing64 processorsHerethe BUSY times
for MP1 andSHMEM aresignificantlyhigherthanCC-SAS.Themessage-passinvgrsiongequirecomple
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Figure8: Runtimeg(in secs)or theN-Body problemon 16, 32, and64 processor$or differentdatasets.

datamovementand computationgo build the locally essentiatree,comparedo the CC-SASglobaltree
implementationForthistestcasethe CC-SASparadignmotonly simplifiestheprogrammingoverheadbut

alsoresultsin areduceduntime.Figure9 alsoshavs thatthe MPI versionsuffersfrom highandimbalanced
RMEM and SYNC times,comparedo SHMEM. This is dueto the disadantagef having send/receie

pairsin MPI which causea highercommunicatioroverheadhanthe one-sidedapproach.
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Figure9: Time breakdavn for the 16K dataseton 64 processors.
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Figure10: Time breakdavn for the 1M dataseton 64 processors.

Figure 10 shavs the time breakdavn for the 1M dataset. The resultsare quite differentcomparedo
the 16K example. Sincethe datasizeis relatively large, the total executiontime is dominatedby the force
calculation.The BUSY time for all threeapproachess very similar. However, the MEM andSYNC times
for CC-SASaremuchhigherthanMP| andSHMEM. Thisis becausén the message-passingplementa-
tions, the locally essentiatree-lilding time is now negligible, andthe force calculationproceedswithout
the needfor interprocessocommunication.CC-SAS,on the otherhand,usesa global sharedtree which
is physicallydistributedamongall the processorsThis resultsin implicit communicatiorduring the force
calculationwhich causepagefaults(TLB missesandincreasesnemorylateng.

We canimprove the performancef the CC-SASimplementatiorfor this largesttestcaseby locally du-
plicatinga subsebf theremotecells. Notethatthis would not be a naturalprogrammingstylefor CC-SAS,
andbringsus closerto the message-passirgiyle of datareplication. Eachprocessoexplicitly createsa
local copy of theremotecellswhich arefrequentlyusedduringtheforcecalculation.Fromour experiments,
we foundthatthe duplicationcanbe limited to the first four levels of the tree,which is approximately590
(out of morethan366K) cellsfor the 1M dataset. TheimprovedimplementationcalledCC-SAS-NEWis
presentedn Figurell. NoticethatCC-SAS-NEWoutperformghe original CC-SASimplementatiorbut is
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Figurell: Runtimes(in secs)on 16, 32, and64 processorgor the 1M dataset,including CC-SAS-NEW
performance.
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still slower thanthe message-passingrsions.If all theremotecellsrequiredin the force calculation(not
just a subsetwereduplicatedin CC-SAS-NEW this programmingstratgy would effectively be the same
asthe locally essentiatree of MPlI and SHMEM. Thusfor the N-Body problem,all threeprogramming
paradigmsausethe samealgorithmto achieve bestperformancehowever, their correspondingmplementa-
tionsarequitedifferent.

6 Conclusions

In this paperwe studiedthe performancef andthe programmingefforts for two differentadaptve applica-
tions (DynamicRemeshingN-Body) underthreeleadingprogrammingmodels(MPIl, SHMEM, CC-SAS)
on an SGI Origin2000system.In orderto keepour investigationtractableandmodular we useda layered
approach Resultsindicatedthatall threemodelsmostly achieve similar performancehowever, theimple-
mentationdiffer significantlyeventhoughthe samebasicparallelalgorithmsareused. CC-SASprovides
substantiabaseof programmingandis oftenaccompaniedby performanceayains.Unfortunately CC-SAS
currently hasportability limitations and may suffer from poor spatiallocality of the physicallydistributed
shareddata,in which casesomeof the programmingadwantagesnustbegivenupto obtaincomparableer
formance.Theseobsenationsareconsistentvith thosein our previous studyon regularapplicationg13].

TheN-Body simulationsuccessfullyachievedscalableperformanceacrossll threeprogrammingmeth-
odologies.TheCC-SASruntimeonthelargesttestcasewasapproximatelyd4%sloverthanMPI; however,
the CC-SASimplementatiorrequired22%lesscode.With someexplicit datareplication,we demonstrated
thatCC-SASperformanceanbe substantiallymprovedto bewithin 20%of themessage-passingrsions.
Furtherimprovementsareexpecteadhroughmoreexplicit controlof datamanagementror certainprojects,
CC-SASSs programmingadwantagesnay outweighthe performancealeficiencies.

TheDynamicRemeshingroblemshavedcomparablgerformancecrossll threeprogrammingmod-
els, but did not scalewell on a 64-processomachineeven for the largestproblemsize considered.Pre-
vious researclexaminedthe meshadaptatiorandload balancingalgorithmsacrossvariousprogramming
paradigmsandarchitecture$8]. The DynamicRemeshingsimulationin this paperextendedthatwork by
creatinga completeadaptve applicationwhich combinesa numericalsolver with theoriginal parallelmesh
adaptatiormodule. To understandhe overall runtimebehaior, eachof the componentsnustbe examined
individually. The solver phasewasthe mostcomputationallyexpensve stepandachiezed scalableperfor
manceacrossall threeprogrammingmodels. However, the runtimesof the othercritical modulesdid not
decreaseavith increasingorocessocounts creatinga potentialperformancédottleneck.Thiswastrue of the
parallelpartitioner whosecomputatiorandcommunicatioroverheadgjren with the numberof processors
acrossall threeprogrammingmodels.Anotherdramaticexampleof this slovdown behaior wasseenn the
CC-SASmeshadaptor For our largesttestcaserunningon 16 processorshis phaseaccountedor 16% of
the overall runtime.However, on 64 processorghe CC-SASmeshadaptatiorconsumednorethan33% of
thetotal executiontime. We expectthis trendto continueasthe numberof processormcreasesThesepoor
performancecharacteristicsvill be magnifiedin unsteadysimulationswhich requirefewer solver iterations
betweermeshadaptations.

Achieving scalableperformancdor dynamicirregularapplicationss eminentlychallenging.Privatead-
dressspacemethodologiethave beenmakingsteadyprogresdowardsthis goal; however, they suffer from
compl implementatiorrequirements.The useof a global addresspacegreatly simplifiesthe program-
ming task,but candegradethe performancef dynamicadaptve applications Previouswork [8] attempted
to implementa dynamicallyevolving meshadaptatiorcodeusingshared-memorglgorithmsandOpenMP-
styledirectives. This nave programmingstratgy resultedn extremelypoor performancegomparedo the
MPI counterpartsincedatalocality issuesverenot properlyaddressedn this paper we have shavn thatit
is possibleto achieve message-passimgrformanceaisingthe CC-SASprogrammingechniqueby carefully
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following the samehigh-level stratgies. This approachfocuseson spatiallocality throughmethodssuch
asdataremappingandreplication,which aretraditionally not considered part of the shared-memorpro-
grammingparadigm.In addition,fine-grainedsynchronizationgre generallynon-scalableandmay need
to becompletelyeliminatedon massvely parallelsystemsFuturework with adaptve irregularapplications
will investigatevhetherCC-SAScanremaincompetitive with message-passirmpdeson larger numbersof
processors.
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