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Abstract

The succesf parallel computingin solving real-life computationally-intensie problemsrelies on their efficient

mappingand executionon large-scalemultiprocessomrchitectures.Many importantapplicationsare both unstruc-
turedanddynamicin nature,makingtheir efficient parallelimplementatiora dauntingtask. This paperpresentghe

parallelizationof a dynamicunstructuredneshadaptatioralgorithmusingthreepopularprogrammingparadigmson

threeleadingsupercomputersWe examinean MPI message-passirimplementatioron the Cray T3E andthe SGI

Origin2000,a shared-memorimplementatiorusingcachecoherennonuniformmemoryaccesgCC-NUMA) of the

Origin2000,anda multithreadedsersionon the newly-releasedreraMultithreadedArchitecture(MTA). We compare
several critical factorsof this parallelcodedevelopment,ncluding runtime, scalability programmability andmem-
ory overhead.Our overall resultsdemonstratéhat multithreadedsystemsoffer tremendougpotentialfor quickly and
efficiently solving someof the mostchallengingreal-life problemson parallelcomputers.

1. Introduction

Thesuccessf parallelcomputingin solvingreal-life computationally-intensie problemseliesontheir efficientmap-
pingandexecutionon large-scalenultiprocessoarchitecturesWhenthealgorithmsanddatastructuregorresponding
to theseproblemsareintrinsically unstructued or dynamicin nature efficientimplementatioron state-of-the-arpar
allel machinesoffers considerablechallenges.Unstructuredapplicationsare characterizedy irregular dataaccess
patternsandareinherentlyat oddswith cache-basedystemswhich attemptto hide memorylateng by copying and
reusingcontiguousblocksof data. Dynamicandadaptve applicationspon the otherhand,have computationaivork-
loadswhich grow or shrinkat runtime,andrequiredynamicload balancingto achiese algorithmicscalingon parallel
machines.

Many importantapplicationsare both unstructuredand dynamic, making their efficient parallelimplementationa
dauntingtask. Examplesncludescientificcomputing taskscheduling sparsematrix computationsparalleldiscrete
eventsimulation,datamining, andweb sener applications.This paperpresentghe parallelizationof a dynamicun-

structuredmeshadaptationalgorithm using three popularprogrammingparadigmson three state-of-the-arparallel
architectures.We examinean MPI message-passingiplementationon the Cray T3E andthe SGI Origin2000,a
shared-memorymplementatiorusing cachecoherentnonuniformmemoryacces§{CC-NUMA) of the Origin2000,
anda multithreadedrersionon the newly-releasedreraMultithreadedArchitecture(MTA). We compareseveral criti-

calfactorsof this parallelcodedevelopmentjncluding runtime,scalability programmabilityandmemoryoverhead.

Unstructuredneshedgor problemsin computationascienceandengineeringallow robustandautomaticgrid genera-
tion aroundhighly complex geometries Furthermorethe ability to dynamicallyadaptsuchunstructuredneshess a
powerful tool for efficiently solving thoseproblemswith evolving physicalfeatures.Standardixed-mesmumerical
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Science®f the U.S. Departmenbf Enegy undercontractnumberDE-AC03-76SF00098.
2Work supportedy National AeronauticsandSpaceAdministrationundercontracinumberNAS 2-14303with MRJ TechnologySolutions.



methodscanbe mademorecosteffective by locally refiningandcoarseninghe meshto capturethesephenomenaf
interest.Unfortunatelyanefficient parallelizatiorof adaptive unstructurednethodsds ratherdifficult, primarily dueto
theloadimbalancecreatedby the dynamically-changingonuniformgrids. Nonethelessit is generallybelievedthat
adaptveunstructured-gridechniquesvill constituteasignificantfractionof futurehigh-performanceupercomputing.

Recently threedifferentparallelarchitectureave emeged, eachwith its own setof programmingparadigms.On
distributed-memorsystemsgachprocessohasits own local memorythatonly it candirectly access.To accesghe
memoryof anothemprocessara copy of the desireddatamustbe explicitly sentacrosshe network usinga message-
passinglibrary suchas MPI or PVM. To run a programon suchmachinesthe programmemust decidehow the
datashouldbe distributed amongthe local memories,communicatedetweenprocessorsluring the courseof the
computation,and reshufled when necessary This allows the userto designefficient programs,but at the cost of
increasedodecompleity.

In distributed shared-memorgrchitectureseachprocessohasa local memorybut alsohasdirect accesgo all the
memoryin the system. On the Origin2000,for example,eachprocessousesa local cacheto fetch and storedata.
Cachecoherencés managedy hardware. Parallel programsarerelatively easyto implementon suchsystemssince
eachprocessohasa globalview of the entirememory Parallelismcanbe easilyachievedby insertingdirectivesinto
thecodeto distributeloop iterationsamongthe processorsHowever, portability maybediminished andsophisticated
“cacheprogramming’maybe necessaryo enhanceparallelperformance.

Using multithreadingto build commercialparallel computerss a radically new conceptin contrastto the standard
single-threadedicroprocessorsf traditionalsupercomputerdzor example the TeraMTA processorgachuseupto

128threads.Suchmachinescan potentially utilize substantiallymore of its processingpower by toleratingmemory
latengy and usinglow-level synchronizatiordirectives. This multithreadedarchitectures especiallywell-suitedfor

irregularanddynamicproblems Parallelprogrammabilityis simplifiedsincetheuserhasaglobalview of thememory

andneednot be concernedvith the datalayout.

2. Unstructured Mesh Adaptation

For problemsthat evolve with time, meshadaptationproceduresave proved to be robust, reliable, and efficient.
Highly localizedregionsof meshrefinementarerequiredto accuratelycaptureshockwaves,contactdiscontinuities,
vortices,and shearlayers. This provides scientiststhe opportunityto obtain solutionson adaptedmesheghat are
comparabldo thoseobtainedon globally-refinedgrids but at a muchlower cost.

In this paperwe parallelizea two-dimensionalinstructuredneshadaptatioralgorithmbasedon triangularelements;
completedetailsof the three-dimensiongbrocedures givenin [1]. In brief, local meshadaptatiorinvolvesadding
pointsto the existing grid in regions wheresomeuserspecifiederror indicatoris high, and removing points from

regionswheretheindicatoris low. Theadwantageof suchstrateiesis thatrelatively few meshpointsneedto beadded
or deletedat eachrefinement/coarseningtep. However, complicatedogic and datastructuresarerequiredto keep
track of the meshobjects(points, edges elements}hat are addedandremoved. It involvesa greatdeal of “pointer

chasing” leadingto irregularanddynamicdataaccesgatterns.

It is importantto note herethat meshadaptationis a tool thatis usedto make the primary applicationmore cost
effective. In otherwords,adaptingan unstructuredneshis not thefinal goalin itself, but simply a meango a bigger
end. Thus, eventhoughparallelmeshadaptationandthe ensuingdynamicload balancingare critical components
of a completeparalleladaptie application,they mustbe accomplishedapidly and efficiently so asnot to causea
significantoverheado the actualcomputation.

3. Test Problem

The computationameshusedfor the experimentsn this paperis the one often usedto simulateflow over anairfoil
(seeFig. 1 for the coarsanitial mesh).Meshrefinements usuallyrequiredaroundthe stagnatiompoint atthe leading
edgeof the airfoil. At transonicMach numbersshocksform on boththe upperandlower surfacesof the airfoil that
then propagateto the far field. We simulatethis actualscenarioby geometricallyadaptingregions corresponding
approximatelyto thelocationsof the stagnatiorpointandthe shocks.This allows usto investigatehe performancef
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Figurel: A close-upview of theinitial triangularmesharoundthe airfoil.

themeshadaptatiorandload balancingalgorithmsin theabsencef aflow solver.

For suchsteady-statproblemsthe computationameshis typically adaptedevery few hundrediterationsof the flow

solver. Adaptationusually requiresabout5% of the total time. However, for unsteadytime-dependenproblems,
adaptations requiredmuch more frequentlyand can consume30-40%o0f the total time. Thusan efficient parallel
implementatiorof theadaptatioralgorithmis crucialfor the overall efficiency.

Table 1 presentghe progressiorof grid sizesthroughfive levels of refinement. The computationaimeshafter the
secondefinements shawvn in Fig. 2. For referencepurposesthe original serialadaptatiorcodeconsistsof approx-
imately 1,300lines of C andrequirest.4 secondgo executethis simulationon a 250 MHz MIPS R10000processar
Notethata flow solverwasnot run betweerbetweersuccessie adaptations.

H Mesh H Vertices  Triangles Edges H
Initial 14,605 28,404 43,009
Level1 26,189 59,000 88,991
Level 2 62,926 156,498 235,331
Level 3 169,933 441,147 662,344
Level 4 380,877 1,003,313 1,505,024
Level 5 488,574 1,291,834 1,935,619

Tablel: Progressiomf grid sizesthroughfive levelsof adaptation.
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Figure2: A close-upview of the meshafterthesecondefinement.

4. Distributed-Memory Implementation

The distributed-memoryversion of the meshadaptationcode was implementedin MPI within the PLUM frame-

work [5]. PLUM is an automaticand portableload balancingenvironment, specificallycreatedto handleadaptive

unstructured-gridapplications. It differs from mostotherload balancersn thatit dynamicallybalancegprocessor
workloadswith aglobalview.

PLUM consistoof a partitioneranda remappethatload balanceandredistribute the computationameshwhennec-
essary After aninitial partitioningand mappingof the unstructuredmesh,a solver executesseveral iterationsof
the applicatiorf. The meshadaptatiorprocedurethen marksedgesfor refinementor coarseningpasedon an error
indicator (geometricfor the testsin this paper). Onceedgeshave beenmarked, it is possibleto exactly predictthe
new meshbeforeactually performingthe adaptatiorstep. Programcontrolis thuspassedo the load balancemat this
time. A repartitioningalgorithm,like the ParMETIS [4] parallelmultilevel partitioner is usedto divide the new mesh
into subgrids.All necessargatais thenredistributed,the computationameshis actuallyrefined,andthe numerical
calculationrestarted.

PLUM [5] is a novel methodto dynamicallybalancethe processoworkloadsfor unstructurecadaptve-grid compu-
tationswith aglobalview. It hasfive salientfeatures:
¢ Repeatediseof theinitial meshdual graphkeepsthe connectvity andpartitioningcompleity constanduringthe
courseof anadaptve computation.
Parallelmeshrepartitioningavoids a potentialserialbottleneck.
Fastheuristicremappingassigngartitionsto processorsothatthe redistritution costis minimized.
Efficient datamovementsignificantlyreducegshe costof remappingandmeshsubdvision.

3Recallthatasolver is not usedfor the experimentseportedn this paper



e Accuratemetricsestimateand comparethe computationalyain andthe redistribution costof having a balanced
workloadaftereachmeshadaptation.

Severaloptionsmay be setwithin PLUM, including predictive or non-predictve refinementglobal or diffusive parti-

tioning, andsynchronousr asynchronousommunicationTables2 and3 presentheresultsfor thebestcombination
of theseoptionsona T3E andan Origin2000 throughthefive refinemenstepsshovn in Table1. Notethatresultsare
notpresentedor lessthaneightprocessorsf the T3E becaus®f memoryconstraintsThe T3E usedfor theseexper

imentsis a 640-nodemachindocatedin the NERSCdivision of LawrenceBerkeley NationalLaboratory Eachnode
consistof a450MHz DEC Alpha processagrocal memory andsomenetwork interfacehardware. The Origin2000,
on the otherhand,is a 64-processoSMP clusterof R10000MIPS microprocessordpcatedin the NAS division of

NASA AmesResearciCenter

Time (secs) Imbalance|| RemapDataVolume(MB)

P Refine Partition Remap Total Factor Maximum Total
8 4,53 1.5 12.97 19.0 1.02 68.04 286.80
16 2.41 1.6 598 10.0 1.03 28.11 270.18
32 1.09 1.5 3.91 6.5 1.05 16.76 281.17
64 0.78 1.5 1.81 4.1 1.07 6.88 280.30
128 0.69 1.6 0.90 3.2 1.09 4.41 290.10
160 0.61 1.7 0.69 3.0 1.14 4.24 284.41
192 0.49 2.1 0.61 3.2 1.15 3.12 292.39
256 0.31 2.6 0.48 3.4 1.16 2.34 310.82
384 0.16 3.9 0.29 4.4 1.19 1.33 301.58
512 0.14 47 0.25 5.1 1.25 0.99 310.40

Table2: Performanc®f theMPI codeonthe T3E.

Time (secs) Imbalance|| RemapDataVolume(MB)
P || Refine Partition Remap Total Factor Maximum Total
2 || 13.12 1.3 24.89 393 1.00 50.11 60.64
4| 11.72 1.2 16.67 29.6 1.00 35.59 88.58
8 8.31 14 10.23 19.9 1.02 30.21 151.75
16 5.04 1.3 557 11.9 1.02 13.57 121.06
32 2.28 1.7 2.82 6.8 1.05 7.77 118.55
64 141 2.3 1.69 5.4 1.08 4.17 132.34

Table3: Performancef the MPI codeon the Origin2000.

The generalruntime trendsare similar on both architectures.Notice that more than 32 processorsre requiredto
outperformthe serial case,sincethe total runtime of the distributed versionincludesthe load balancingoverhead.
The refinementtime decreaseasthe numberof processors increasessincethereis lesswork per processoand
little communicatiorin the refinementphase.However, the speedupraluesbecomeprogressiely poorerdueto the
uneven distribution of refinementworkloadsacrossthe processors.Recall that our load balancingobjectie is to
producea balancedmeshfor the more expensve solver phase. Partitioning times remain somavhat constantfor
smallervaluesof P, but startto grow andeventuallydominateas P becomedarge. This is becausdhe amountof
work andthecommunicatioroverheadbf the partitionerincreasesvith P. Finally, thedataremappingime decreases
as P increases. This satisfiesour bottleneckcommunicationmodel which expressegemappingas a function of
the maximum(not total) communicatioramongprocessor$s]. The slight differencein the amountof datavolume
betweenTables2 and3 for the samevalueof P is becausehe T3E has8-byteintegerswhereaghe Origin2000has
4-byteintegers.



This message-passingplementatiorof the adaptatioralgorithmrequireda significantamountof programmingef-

fort, effectively doublingthe sizeof the original serialcodeandincreasinghe memoryrequirement®y 70%. Only a

fraction of the additionalmemorywasusedfor trackingedgesandverticesresidingon partitionboundariesMost of

thememoryoverheadvasdueto the sendandreceve buffersfor the bulk MPI communicatiorduringthe remapping
phase.

5. Shared-M emory Implementation

The shared-memoryersionof the meshadaptatiorcodewasimplementedn the CC-NUMA Origin2000,which is

a SMP clusterof nodeseachcontainingtwo processorsindlocal memory The hardwaremalesall memoryequally
accessibldrom a software standpointby sendingmemoryrequestshroughrouterslocatedon the nodes. Access
time to memoryis nonuniform dependingon how far away the memorylies from the processarThetopologyof the

interconnectiometwork is a hypercubeboundingthe maximumnumberof memoryhopsto alogarithmicfunction of

P. Eachprocessonlsohasa secondaryachememory whereonly it canfetchandstoredata.If aprocessorefersto

datathatis notin cachethereis adelaywhile a copy of the datais fetchedfrom memory Whena processomodifies
aword of data,all othercopiesof the cacheline containingthatword areinvalidated. To minimize overheadgcache
coherencés managedy thehardware.

This versionof the parallel codewas written using SGI's native pragmadirectives, which createlRIX threads. A
rewrite to OpenMPwould requireminimal programmingeffort. The mainkernelof therefinemenprocedureconsists
of loopingoverthelist of triangles.In theshared-memorimplementationthiswork is splitamongall the processors.
However, it is necessaryo guarante¢hat multiple processorsvill not modify the samelocationin the datastructure.
Two basicapproachesveretakento achieve this goal of preventingmemoryraceconditions.

The first strat@y (ALL_.COLOR) usesgraphcoloring to form independensets,wheretwo triangleshave different
colorsif they shareanedgeor a vertex. Sinceoptimalgraphcoloringis NP-completewe usea simplegreedyalgo-
rithm. The processorgsanthenwork simultaneouslyn all trianglesof the samecolor. Dynamicdistribution of loop
iterationsamongthe processorss easilyachievedthroughpragmacompilerdirectives. Two algorithmicoverheadsre
associateavith this stratey: The coloring of newly-formedtriangleson the fly, anda barriersynchronizatiorat the
completionof eachcolor beforeprocessingf the next color canbegin.

The secondstrateggy (NO_COLOR) useslow-level locksinsteadof graphcoloring. Whenathreadprocesses given
triangle, it locks the correspondingrerticesand edges. Other threadsattemptingto accesgshesemeshobjectsare
blocked until the locks are released. The algorithmic overheadlies in the idle time processorsnust spendwhile
waiting for blockedobjectsto bereleasedHowever, coloringor multiple barriersynchronizationgarenot required.

Finally, a hybrid method(HYBRID_COLOR) combinesan edge-basedoloring of the triangleswith vertex-based
locks. In this strateyy, two neighboringtrianglesareguaranteedo have differentcolorsif they shareanedge. This

approachrequiresfewer colorsthan ALL_COLOR, since an arbitrary numberof trianglescan potentially sharea

vertex, whereasno morethantwo trianglescansharean edge. Vertex synchronizatioris handledthroughlow-level

locksasin theNO_COLOR stratayy. Table4 shavsthetiming resultsfor all theseapproachesALL_COLOR required
25 colorswhereadHYBRID_COLOR neededl1 colors. Notethataftereachadaptationgcontrolwould be passedo a

shared-memorgolver which usesthe globally addressableneshfor performingflow computations.

For ALL_COLOR, thetotal runtimeremainsrelatively constantregardlessof P, althougha significantperformance
degradationis seenbetween32 and 64 processors.Several reasonontribute to thesepoor performancenumbers.
Single-processotacheperformanceandtranslationlookasidebuffer (TLB) reuseare extremely poor. On one pro-
cessorthe refinementruntime (20.8 secs)increasedy a factorof threecomparedo the serialcase(6.4 secs). This
is becausehe trianglesare processeane color at a time, wheretwo trianglesof the samecolor are never adjacent.
As a result, the cachemissrateincreaseslramaticallyfrom the serial casewhereall the trianglesare processedn
order Using the R10000hardware counters the numberof cachemisses(primary and secondaryjncreasedrom
approximatelyl5 million in the original serialcodeto almost85 million for the ALL_COLOR case.

Another consequencef the poor datalocality is the increasednissrate of the TLB. The TLB registersstorethe
translationdetweervirtual andphysicalmemoryfor the 64 mostrecentlyusedpageslf amemoryaddresss located



ALL_COLOR NO_COLOR HYBRID_COLOR
P || Refine Color Total Total Refine Color Total
1 208 21.1 419 8.2 16.2 7.4 23.6
2 215 244 459 11.9 18.6 8.9 27.5
4 175 240 415 21.1 20.2 11.2 31.4
8 170 226 39.6 38.4 21.0 12.9 33.9
16 178 220 39.8 56.8 32.3 16.3 48.6
32 235 25.8 493 107.0 60.2 19.4 79.6
64| 429 296 725 160.9 82.7 18.9 101.6

Table4: Timings(in secs)of the CC-NUMA codeon the Origin2000.

onavirtual pagewhichresidesn the TLB, thevirtual-to-physicamappings carriedoutin hardwarewith zerolateng.
Otherwisethe operatingsystemtrapsto a routinewhich finds the physicaladdressn a memorytable,resultingin a
significantoverhead. For this testcase,the numberof TLB missesincreasedrom 7.3 million in the serial caseto
almost53 million whenusingthe ALL_COLOR stratayy.

Poorparallelperformancelsostemsfrom the structureof the codewhich assumes flat shared-memoryodel,and
doesnot considerdatalocality or cacheeffects. Whentrianglesof a particularcolor arebeingprocessedeachproces-
sorrefinesdistincttrianglesthathave non-overlappingedgesandvertices.However, sincethereis no explicit ordering
of the datastructurescachelines containmeshobjectswhich may be requiredby several processorsimultaneously
This falsesharingproblemis exacerbatedvhennew meshobjectsare createdduring a refinemenfphase.Eachtime
a new word is written to cache,all copiesof that cacheline residingon othernodesareinvalidated. The hardware
systemis thereforeoverloadedattemptingto maintaincache-cohereryan this environment.Also, theautomaticpage
migrationoptionof the Origin2000cannotimprove parallelperformancesincea singlepageof memorymay contain
datarequiredby all processorsNote thata moreintelligentgraphcoloring schemecould lower the numberof colors
andreducegraphcoloringtime, but would notimprove the poorscalabilityof therefinemenphase.

Relatively little effort wasrequiredto convertthe serialcodeinto the ALL_COLOR implementation.Parallelization
waseasilyachiesedby distributing loopsacrosgprocessorsisingcompilerdirectives. Theadditionof thegreedygraph
coloringalgorithmcausedibouta 10%increasen codesizeanda 5% increasén memoryrequirements.

Timing resultsfor the NO_COLOR approacharealsoshowvn in Table4. Recallthatlow-level locks areusedhere
for synchronizatiorandgraphcoloring is not needed.This simplifies parallelizationand requiresminimal memory
overhead.Unfortunately the performanceof this approachs extremelypoor on multiple processorsNotice thaton
oneprocessarthereis asmallincreasen theruntime(8.2 secs)comparedo theoriginal serialcode(6.4 secs).Thisis
dueto theoverheadf setting,checkingandreleasingow-level locks. As P increaseshowever, performanceapidly
deteriorateslueto thefine granularityof the critical sections.The processorsireconstantlycontendingo grablocks
in orderto modify meshdatastructures.In addition,blockedthreadsare unableto do any usefulwork andspinidly

waiting for accesdo locked data. It is obvious from theseresultsthat suchfine-grainsynchronizations not suitable
for this type of architecture. The HYBRID_COLOR, which usesa combinationof graphcoloring andlocks, also
shaws poorresultsfor similar reasons.

Onepossibletechniqueto improve performancas to orderthetriangles,edgesandvertices,suchthateachprocessor
refinesa contiguoussectionof the mesh. This would improve cachereuseandreducefalsesharing. To accomplish
this, adomaindecompositioralgorithmsuchasParMETIS [4] or alocality-enhancingtratgly suchasself-asoiding
walks [3] is required. All meshobjectscould thenbe remappedr reorderedaccordingly As the meshgrew after
eachrefinementstep,anotheroundof partitioningandremappingwvould be required. However, this stratey would
male little sensesinceit is equivalentto the MPI implementationrequiringa similar amountof programmingeffort
andbalancingoverheads.The only major differencewould be the useof a global addresspaceinsteadof explicit
message-passimllsfor performinginterprocessocommunication.



6. Multithreaded I mplementation

The Tera MTA is a supercomputerecentlyinstalled at the San Diego SupercomputingCenter The MTA hasa
radically differentarchitecturehancurrenthigh-performanceomputersystems Eachprocessohassupportfor 128
hardware streamswhereeachstreamincludesa programcounteranda setof 32 registers. One programthreadcan
be assignedo eachstream.The processoswitchesamongthe active streamsat every clock tick, while executinga
pipelinedinstruction.

Theuniform sharednemoryof the MTA is flat, andphysicallydistributedacrosshundredf banksthatareconnected
througha 3D toroidalnetwork to the processorsAll memoryaddressearehashedy the hardwaresothatapparently
adjacentvordsareactuallydistributedacrosdifferentmemorybanks.Becaus®f thehashingschemeit isimpossible
for the programmeto controldataplacementThis makesprogrammabilitymucheasiethanon standara¢ache-based
multiprocessosystems. Ratherthan using datacacheso hide lateng, the MTA processorsise multithreadingto
toleratelateng. If athreadis waiting for its memoryreferenceo complete the processoexecutesnstructionsfrom
otherthreads Performancehusdepend®n having alarge numberof concurrentomputatiorthreads.

Lightweight synchronizatioramongthreadsis provided by the memoryitself. Eachword of physicalmemorycon-
tains a full-empty bit, which enablesfastsynchronizatiorvia load and storeinstructionswithout operatingsystem
intervention. Synchronizatiormamongthreadsmay stall oneof the threadsput not the processoon which thethreads
arerunning, sinceeachprocessomay run mary threads. Explicit load balancingacrossloopsis alsonot required
sincethe dynamicschedulingof work to threadprovidesthe ability of keepingthe processorsaturatedevenif dif-
ferentiterationsrequirevarying amountsof time to complete. Oncea code hasbeenwritten in the multithreaded
model,no additionalwork is requiredto runit on multiple processorssincethereis no differencebetweenuni- and
multiprocessoparallelism.

The multithreadedmplementatiorof the meshadaptationcodeis similar to the NO_COLOR stratgy usedon the

Origin2000. Low-level locks ensurethat two neighboringtrianglesare not updatedsimultaneouslysincethis may
causea racecondition. A key differencefrom the CC-NUMA implementationis the multiple executionstreams
on eachprocessar The load is implicitly balancedoy the operatingsystemwhich dynamicallyassigngrianglesto

threads. No partitioning, remappinggraphcoloring, or explicit load balancingis required,greatly simplifying the

programmingeffort. Upon completionof the refinementphase,control would be passedo a multithreadedflow

solver [2]. Table5 shavs the performancenthe255MHz TeraMTA, throughfive refinementevels. The numberof

streamss easilychangedhrougha compilerdirective.

Numberof Streams
100 80 60 40 1

204 222 272 3.82 150.1
1.06 1.15 140 1.98
0.59 064 0.74 1.01
0.40 0.43 0.51 0.69
0.35 0.37 041 0.55

OO PA~ANEFI|T

Table5: Refinementimings (in secs)f themultithreadeccodeonthe TeraMTA.

Resultsshav thatfor 100streamsasingleMTA processo(2.04secsputperformgheserialR10000version(6.4secs)
by morethatafactorof three.With four processorgyerformanceontinuego improve,achieving 86%efficiency with
100 streamsand 95% efficiency with 40 streams.Using all eight processorsthe fastestruntimeis only 0.35 secs,
althoughefficiency is reducedo 73% and87%with 100and40 streamsrespectiely. As we increasehe numberof
processorsthe numberof active threadsncreaseproportionatelywhile the runtimesbecomevery small. As aresult,
a greatemercentag®f the overall time is spenton threadmanagementausinga decreasén efficiency (Amdahl’s
Law).



Anotherpotentialsourceof thedegradationin efficiency arememoryhot-spots A hot-spotoccurswhenmary streams
attemptto accesghe samememorylocation. This may be happenindgrequentlywithin the meshadaptatiorcode,
sincemultiple streamsare sharingedgesand verticesof the triangles. Sincea memorybankcan only handleone
referenceapproximatelyevery 36 clock ticks, multiple referencego the samebank effectively becomeserialized.
To help alleviate this problem,a limited numberof specialhot-spotcachesare provided in hardware, which allow
consecutre referencedo a singlelocation every 2 clock ticks. Futureresearchwill examinehot-spotbehaior in
detail.

Notice that whenthe numberof streamsdropsfrom 100 to 80, thereis only a slight degradationin performance,
indicating that 80 streamsare sufiicient for this problem. Whenthe numberof streamsdecrease$o 40, however,

thereis a significantslovdown, althoughthe algorithm scalesbetter Theseresultsindicatethat thereis enough
instructionlevel parallelismin the meshadaptatiorcodeto toleratethe overheadof memoryaccessandlightweight
synchronizationif enoughstreamsanbeused.

By settingthe MTA to serialmode we canrun our codeusingjust onestream.Theruntimeis almost75 timesslower
thana single saturatednultithreadingprocessar A single streamcanissueonly oneinstructionat a time, andthen
mustwait thelengthof theinstructionpipeline(atleast21 cycles)beforeissuinganother Also, no usefulwork canbe
donewhile memoryis beingfetched sinceno otherthreadsareactie.

Although the Teracompilerattemptsto automaticallyextract parallelismfrom a serial program,it wasnecessaryo
explicitly handcodeall the parallelismfor themultithreaded/ersionof our meshadaptatioralgorithm. Thisis because
the codeis highly irregular, andoften usesone or morelevels of indirectionfor memoryaddressingAs a result,the
compiler cannotdeterminewhich sectionsare safeto parallelize. However, it is simpleto mark the parallelizable
regions with pragmadirectives. Thus, a trivial amountof programmingwas requiredto corvert the serial mesh
adaptatiorcodeinto the multithreadedrersion. The codesizeincreasedy about2% for compilerdirectivesandlock
placements An additionalmemoryrequiremenbf 7% wasusedto storesynchronizatiorvariablesthat coordinated
accesgo dataduring the adaptatiorprocedure.We look forward to continuingour experimentsas more processors
becomeavailableonthe TeraMTA.

7. Conclusions

The goal of this work wasto parallelizea dynamicallyadapting,unstructuredneshapplication. It is particularly

difficult to achieve good performanceon suchalgorithmsdueto their irregular and adaptve nature. We usedthree

differentprogrammingparadigmson state-of-the-arsupercomputerto achieve our objectve. Table 6 summarizes
our findings.

Program Best Code Memory Scala- Porta-
Paradigm System Time* Increase Increase bility bility
Serial R10000 6.4(P=1)

MPI T3E 3.0(P=160) 100% 70%  Medium  High
MPI Origin2000 5.4(P = 64) 100% 70%  Medium  High
CC-NUMA Origin2000 39.6(P = 8) 10% 5% None  Medium
Multithreading MTA 0.35(P =38) 2% 7% High® Low

Table6: Comparisoramongprogrammingparadigmsandarchitectures.

Themessage-passingrsiondemandedhegreatesprogrammingeffort. Datahadto beexplicitly decomposedcross
processorandspecialdatastructurediadto becreatedor meshobjectdying on partitionboundariesWe usedPLUM
for dynamicloadbalancingwhich requiredrepartitioninganddataremappingoetweerrefinemenphasesSignificant

4Differentprogrammingparadigmsequiredvarying numbersof operations.
50nly eightprocessorareavailableon the currentconfigurationof the TeraMTA.



additionalmemorywasalsoneededmainly for the communicatiorbuffers. Despitethesedravbacks,the message-
passingcodeshovedreasonablecalabilityandcanbe easilyportedto arny multiprocessosystemsupportingViPl.

Theshared-memor€ C-NUMA versionrequiredanorderof magnituddessprogrammingeffort thanthe MPI version,
and had a low memoryoverhead. This codecan be portedto any systemsupportinga global addressspace. The
ALL_COLOR stratgy usedgraphcoloringto orchestrateneshrefinementwhile the NO_COLOR strateyy reliedon
low-level locking mechanismsUnfortunately the fine-grainednatureof thesecomputationgesultedin poor cache
reuseandsignificantoverheadlueto falsesharing.Explicit datadecompositionvith remappingor atruly flat memory
systemwould berequiredto improve theseperformanceaumbers.

Finally, the TeraMTA wasthe mostimpressve machinefor our dynamicandirregularapplication.The multithreaded
implementationrequireda trivial amountof additionalcodeand hadlittle memoryoverhead. The compleities of
datadistribution, repartitioning,remapping,or graphcoloring were absenton this system. Our overall resultshave
demonstratedhat multithreadedsystemsoffer tremendougpotentialfor quickly and efficiently solving someof the
mostchallengingreal-life problemson parallelcomputers.
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