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Abstract

The successof parallel computingin solving real-life computationally-intensive problemsrelies on their efficient
mappingandexecutionon large-scalemultiprocessorarchitectures.Many importantapplicationsareboth unstruc-
turedanddynamicin nature,makingtheir efficient parallelimplementationa dauntingtask. This paperpresentsthe
parallelizationof a dynamicunstructuredmeshadaptationalgorithmusingthreepopularprogrammingparadigmson
threeleadingsupercomputers.We examinean MPI message-passingimplementationon the Cray T3E andthe SGI
Origin2000,a shared-memoryimplementationusingcachecoherentnonuniformmemoryaccess(CC-NUMA) of the
Origin2000,anda multithreadedversionon thenewly-releasedTeraMultithreadedArchitecture(MTA). We compare
severalcritical factorsof this parallelcodedevelopment,including runtime,scalability, programmability, andmem-
ory overhead.Our overall resultsdemonstratethatmultithreadedsystemsoffer tremendouspotentialfor quickly and
efficiently solvingsomeof themostchallengingreal-life problemson parallelcomputers.

1. Introduction

Thesuccessof parallelcomputingin solvingreal-lifecomputationally-intensiveproblemsreliesontheirefficientmap-
pingandexecutiononlarge-scalemultiprocessorarchitectures.Whenthealgorithmsanddatastructurescorresponding
to theseproblemsareintrinsicallyunstructuredor dynamicin nature,efficient implementationon state-of-the-artpar-
allel machinesoffers considerablechallenges.Unstructuredapplicationsarecharacterizedby irregular dataaccess
patterns,andareinherentlyat oddswith cache-basedsystemswhich attemptto hidememorylatency by copying and
reusingcontiguousblocksof data.Dynamicandadaptive applications,on theotherhand,have computationalwork-
loadswhich grow or shrinkat runtime,andrequiredynamicloadbalancingto achievealgorithmicscalingon parallel
machines.

Many importantapplicationsare both unstructuredand dynamic,making their efficient parallel implementationa
dauntingtask. Examplesincludescientificcomputing,taskscheduling,sparsematrix computations,paralleldiscrete
eventsimulation,datamining, andwebserver applications.This paperpresentstheparallelizationof a dynamicun-
structuredmeshadaptationalgorithmusingthreepopularprogrammingparadigmson threestate-of-the-artparallel
architectures.We examinean MPI message-passingimplementationon the Cray T3E and the SGI Origin2000,a
shared-memoryimplementationusingcachecoherentnonuniformmemoryaccess(CC-NUMA) of the Origin2000,
andamultithreadedversionon thenewly-releasedTeraMultithreadedArchitecture(MTA). We compareseveralcriti-
cal factorsof this parallelcodedevelopment,includingruntime,scalability, programmability, andmemoryoverhead.

Unstructuredmeshesfor problemsin computationalscienceandengineeringallow robustandautomaticgrid genera-
tion aroundhighly complex geometries.Furthermore,theability to dynamicallyadaptsuchunstructuredmeshesis a
powerful tool for efficiently solving thoseproblemswith evolving physicalfeatures.Standardfixed-meshnumerical
�
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methodscanbemademorecosteffectiveby locally refiningandcoarseningthemeshto capturethesephenomenaof
interest.Unfortunately, anefficientparallelizationof adaptiveunstructuredmethodsis ratherdifficult, primarily dueto
theloadimbalancecreatedby thedynamically-changingnonuniformgrids. Nonetheless,it is generallybelievedthat
adaptiveunstructured-gridtechniqueswill constituteasignificantfractionof futurehigh-performancesupercomputing.

Recently, threedifferentparallelarchitectureshave emerged,eachwith its own setof programmingparadigms.On
distributed-memorysystems,eachprocessorhasits own local memorythatonly it candirectly access.To accessthe
memoryof anotherprocessor, a copy of thedesireddatamustbeexplicitly sentacrossthenetwork usinga message-
passinglibrary suchasMPI or PVM. To run a programon suchmachines,the programmermust decidehow the
datashouldbe distributedamongthe local memories,communicatedbetweenprocessorsduring the courseof the
computation,and reshuffled whennecessary. This allows the userto designefficient programs,but at the cost of
increasedcodecomplexity.

In distributedshared-memoryarchitectures,eachprocessorhasa local memorybut alsohasdirect accessto all the
memoryin the system.On the Origin2000,for example,eachprocessorusesa local cacheto fetch andstoredata.
Cachecoherenceis managedby hardware.Parallelprogramsarerelatively easyto implementon suchsystemssince
eachprocessorhasa globalview of theentirememory. Parallelismcanbeeasilyachievedby insertingdirectivesinto
thecodeto distributeloopiterationsamongtheprocessors.However, portabilitymaybediminished,andsophisticated
“cacheprogramming”maybenecessaryto enhanceparallelperformance.

Using multithreadingto build commercialparallelcomputersis a radically new conceptin contrastto the standard
single-threadedmicroprocessorsof traditionalsupercomputers.For example,theTeraMTA processorseachuseup to
128 threads.Suchmachinescanpotentiallyutilize substantiallymoreof its processingpower by toleratingmemory
latency andusinglow-level synchronizationdirectives. This multithreadedarchitectureis especiallywell-suitedfor
irregularanddynamicproblems.Parallelprogrammabilityis simplifiedsincetheuserhasaglobalview of thememory,
andneednot beconcernedwith thedatalayout.

2. Unstructured Mesh Adaptation

For problemsthat evolve with time, meshadaptationprocedureshave proved to be robust, reliable, and efficient.
Highly localizedregionsof meshrefinementarerequiredto accuratelycaptureshockwaves,contactdiscontinuities,
vortices,andshearlayers. This providesscientiststhe opportunityto obtainsolutionson adaptedmeshesthat are
comparableto thoseobtainedon globally-refinedgridsbut at amuchlowercost.

In this paper, we parallelizea two-dimensionalunstructuredmeshadaptationalgorithmbasedon triangularelements;
completedetailsof the three-dimensionalprocedureis given in [1]. In brief, local meshadaptationinvolvesadding
points to the existing grid in regionswheresomeuser-specifiederror indicator is high, and removing points from
regionswheretheindicatoris low. Theadvantageof suchstrategiesis thatrelatively few meshpointsneedto beadded
or deletedat eachrefinement/coarseningstep. However, complicatedlogic anddatastructuresarerequiredto keep
track of the meshobjects(points,edges,elements)thatareaddedandremoved. It involvesa greatdealof “pointer
chasing”,leadingto irregularanddynamicdataaccesspatterns.

It is importantto noteherethat meshadaptationis a tool that is usedto make the primary applicationmore cost
effective. In otherwords,adaptinganunstructuredmeshis not thefinal goal in itself, but simply a meansto a bigger
end. Thus,even thoughparallelmeshadaptationandthe ensuingdynamicload balancingarecritical components
of a completeparalleladaptive application,they mustbe accomplishedrapidly andefficiently so asnot to causea
significantoverheadto theactualcomputation.

3. Test Problem

Thecomputationalmeshusedfor theexperimentsin this paperis theoneoftenusedto simulateflow over anairfoil
(seeFig. 1 for thecoarseinitial mesh).Meshrefinementis usuallyrequiredaroundthestagnationpointat theleading
edgeof theairfoil. At transonicMachnumbers,shocksform on boththeupperandlower surfacesof theairfoil that
thenpropagateto the far field. We simulatethis actualscenarioby geometricallyadaptingregionscorresponding
approximatelyto thelocationsof thestagnationpointandtheshocks.Thisallowsusto investigatetheperformanceof
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Figure1: A close-upview of theinitial triangularmesharoundtheairfoil.

themeshadaptationandloadbalancingalgorithmsin theabsenceof aflow solver.

For suchsteady-stateproblems,thecomputationalmeshis typically adaptedevery few hundrediterationsof theflow
solver. Adaptationusually requiresabout5% of the total time. However, for unsteadytime-dependentproblems,
adaptationis requiredmuchmorefrequentlyandcanconsume30–40%of the total time. Thusan efficient parallel
implementationof theadaptationalgorithmis crucialfor theoverallefficiency.

Table1 presentsthe progressionof grid sizesthroughfive levels of refinement.The computationalmeshafter the
secondrefinementis shown in Fig. 2. For referencepurposes,theoriginal serialadaptationcodeconsistsof approx-
imately1,300linesof C andrequires6.4 secondsto executethis simulationon a 250MHz MIPS R10000processor.
Notethata flow solverwasnot runbetweenbetweensuccessiveadaptations.

Mesh Vertices Triangles Edges

Initial 14,605 28,404 43,009
Level 1 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

Table1: Progressionof grid sizesthroughfive levelsof adaptation.
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Figure2: A close-upview of themeshafterthesecondrefinement.

4. Distributed-Memory Implementation

The distributed-memoryversionof the meshadaptationcodewas implementedin MPI within the PLUM frame-
work [5]. PLUM is an automaticandportableload balancingenvironment,specificallycreatedto handleadaptive
unstructured-gridapplications. It differs from mostother load balancersin that it dynamicallybalancesprocessor
workloadswith a globalview.

PLUM consistsof a partitioneranda remapperthat loadbalanceandredistributethecomputationalmeshwhennec-
essary. After an initial partitioning and mappingof the unstructuredmesh,a solver executesseveral iterationsof
the application

�
. The meshadaptationprocedurethenmarksedgesfor refinementor coarseningbasedon an error

indicator(geometricfor the testsin this paper). Onceedgeshave beenmarked, it is possibleto exactly predict the
new meshbeforeactuallyperformingtheadaptationstep.Programcontrol is thuspassedto the loadbalancerat this
time. A repartitioningalgorithm,like theParMETIS[4] parallelmultilevel partitioner, is usedto divide thenew mesh
into subgrids.All necessarydatais thenredistributed,thecomputationalmeshis actuallyrefined,andthenumerical
calculationrestarted.

PLUM [5] is a novel methodto dynamicallybalancetheprocessorworkloadsfor unstructuredadaptive-gridcompu-
tationswith aglobalview. It hasfivesalientfeatures:� Repeateduseof theinitial meshdualgraphkeepstheconnectivity andpartitioningcomplexity constantduringthe

courseof anadaptivecomputation.� Parallelmeshrepartitioningavoidsapotentialserialbottleneck.� Fastheuristicremappingassignspartitionsto processorssothattheredistributioncostis minimized.� Efficientdatamovementsignificantlyreducesthecostof remappingandmeshsubdivision.
�
Recallthatasolver is notusedfor theexperimentsreportedin this paper.
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� Accuratemetricsestimateandcomparethe computationalgain andthe redistribution costof having a balanced
workloadaftereachmeshadaptation.

Severaloptionsmaybesetwithin PLUM, includingpredictiveor non-predictiverefinement,globalor diffusiveparti-
tioning,andsynchronousor asynchronouscommunication.Tables2 and3 presenttheresultsfor thebestcombination
of theseoptionsonaT3EandanOrigin2000,throughthefiverefinementstepsshown in Table1. Notethatresultsare
notpresentedfor lessthaneightprocessorsof theT3Ebecauseof memoryconstraints.TheT3Eusedfor theseexper-
imentsis a 640-nodemachinelocatedin theNERSCdivision of LawrenceBerkeley NationalLaboratory. Eachnode
consistsof a 450MHz DEC Alpha processor, local memory, andsomenetwork interfacehardware.TheOrigin2000,
on the otherhand,is a 64-processorSMP clusterof R10000MIPS microprocessors,locatedin the NAS division of
NASA AmesResearchCenter.

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 5.98 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 4.7 0.25 5.1 1.25 0.99 310.40

Table2: Performanceof theMPI codeon theT3E.

Time (secs) Imbalance RemapDataVolume(MB)

P Refine Partition Remap Total Factor Maximum Total

2 13.12 1.3 24.89 39.3 1.00 50.11 60.64
4 11.72 1.2 16.67 29.6 1.00 35.59 88.58
8 8.31 1.4 10.23 19.9 1.02 30.21 151.75

16 5.04 1.3 5.57 11.9 1.02 13.57 121.06
32 2.28 1.7 2.82 6.8 1.05 7.77 118.55
64 1.41 2.3 1.69 5.4 1.08 4.17 132.34

Table3: Performanceof theMPI codeon theOrigin2000.

The generalruntime trendsaresimilar on both architectures.Notice that more than32 processorsarerequiredto
outperformthe serial case,sincethe total runtimeof the distributedversionincludesthe load balancingoverhead.
The refinementtime decreasesasthe numberof processors

�
increases,sincethereis lesswork per processorand

little communicationin the refinementphase.However, the speedupvaluesbecomeprogressively poorerdueto the
uneven distribution of refinementworkloadsacrossthe processors.Recall that our load balancingobjective is to
producea balancedmeshfor the more expensive solver phase. Partitioning times remainsomewhat constantfor
smallervaluesof

�
, but startto grow andeventuallydominateas

�
becomeslarge. This is becausethe amountof

work andthecommunicationoverheadof thepartitionerincreaseswith
�

. Finally, thedataremappingtimedecreases
as
�

increases.This satisfiesour bottleneckcommunicationmodel which expressesremappingas a function of
the maximum(not total) communicationamongprocessors[5]. The slight differencein the amountof datavolume
betweenTables2 and3 for thesamevalueof

�
is becausetheT3E has8-byteintegerswhereastheOrigin2000has

4-byteintegers.

5



This message-passingimplementationof theadaptationalgorithmrequireda significantamountof programmingef-
fort, effectively doublingthesizeof theoriginal serialcodeandincreasingthememoryrequirementsby 70%.Only a
fractionof theadditionalmemorywasusedfor trackingedgesandverticesresidingon partitionboundaries.Most of
thememoryoverheadwasdueto thesendandreceivebuffersfor thebulk MPI communicationduringtheremapping
phase.

5. Shared-Memory Implementation

Theshared-memoryversionof themeshadaptationcodewasimplementedon theCC-NUMA Origin2000,which is
a SMPclusterof nodeseachcontainingtwo processorsandlocal memory. Thehardwaremakesall memoryequally
accessiblefrom a softwarestandpoint,by sendingmemoryrequeststhroughrouterslocatedon the nodes. Access
time to memoryis nonuniform, dependingon how far away thememorylies from theprocessor. Thetopologyof the
interconnectionnetwork is ahypercube,boundingthemaximumnumberof memoryhopsto a logarithmicfunctionof�

. Eachprocessoralsohasa secondarycachememory, whereonly it canfetchandstoredata.If a processorrefersto
datathatis not in cache,thereis a delaywhile a copy of thedatais fetchedfrom memory. Whenaprocessormodifies
a word of data,all othercopiesof thecacheline containingthatword areinvalidated.To minimizeoverhead,cache
coherenceis managedby thehardware.

This versionof the parallel codewaswritten usingSGI’s native pragmadirectives,which createIRIX threads.A
rewrite to OpenMPwouldrequireminimalprogrammingeffort. Themainkernelof therefinementprocedureconsists
of loopingoverthelist of triangles.In theshared-memoryimplementation,thiswork is split amongall theprocessors.
However, it is necessaryto guaranteethatmultiple processorswill not modify thesamelocationin thedatastructure.
Two basicapproachesweretakento achievethis goalof preventingmemoryraceconditions.

The first strategy (ALL COLOR) usesgraphcoloring to form independentsets,wheretwo triangleshave different
colorsif they shareanedgeor a vertex. Sinceoptimalgraphcoloring is NP-complete,we usea simplegreedyalgo-
rithm. Theprocessorscanthenwork simultaneouslyon all trianglesof thesamecolor. Dynamicdistribution of loop
iterationsamongtheprocessorsis easilyachievedthroughpragmacompilerdirectives.Two algorithmicoverheadsare
associatedwith this strategy: Thecoloringof newly-formedtriangleson thefly, anda barriersynchronizationat the
completionof eachcolorbeforeprocessingof thenext colorcanbegin.

Thesecondstrategy (NO COLOR) useslow-level locks insteadof graphcoloring. Whena threadprocessesa given
triangle, it locks the correspondingverticesandedges. Other threadsattemptingto accessthesemeshobjectsare
blocked until the locks are released.The algorithmic overheadlies in the idle time processorsmust spendwhile
waiting for blockedobjectsto bereleased.However, coloringor multiplebarriersynchronizationsarenot required.

Finally, a hybrid method(HYBRID COLOR) combinesan edge-basedcoloring of the triangleswith vertex-based
locks. In this strategy, two neighboringtrianglesareguaranteedto have differentcolorsif they shareanedge.This
approachrequiresfewer colors than ALL COLOR, sincean arbitrary numberof trianglescan potentially sharea
vertex, whereasno morethantwo trianglescanshareanedge.Vertex synchronizationis handledthroughlow-level
locksasin theNO COLOR strategy. Table4 showsthetiming resultsfor all theseapproaches.ALL COLOR required
25 colorswhereasHYBRID COLOR needed11 colors.Notethataftereachadaptation,controlwould bepassedto a
shared-memorysolverwhich usesthegloballyaddressablemeshfor performingflow computations.

For ALL COLOR, the total runtimeremainsrelatively constantregardlessof
�

, althougha significantperformance
degradationis seenbetween32 and64 processors.Several reasonscontribute to thesepoor performancenumbers.
Single-processorcacheperformanceandtranslationlookasidebuffer (TLB) reuseareextremelypoor. On onepro-
cessor, the refinementruntime(20.8secs)increasesby a factorof threecomparedto the serialcase(6.4 secs).This
is becausethe trianglesareprocessedonecolor at a time, wheretwo trianglesof the samecolor arenever adjacent.
As a result, the cachemissrate increasesdramaticallyfrom the serialcasewhereall the trianglesareprocessedin
order. Using the R10000hardwarecounters,the numberof cachemisses(primary andsecondary)increasedfrom
approximately15 million in theoriginal serialcodeto almost85 million for theALL COLOR case.

Anotherconsequenceof the poor datalocality is the increasedmiss rateof the TLB. The TLB registersstorethe
translationsbetweenvirtual andphysicalmemoryfor the64 mostrecentlyusedpages.If amemoryaddressis located
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ALL COLOR NO COLOR HYBRID COLOR

P Refine Color Total Total Refine Color Total

1 20.8 21.1 41.9 8.2 16.2 7.4 23.6
2 21.5 24.4 45.9 11.9 18.6 8.9 27.5
4 17.5 24.0 41.5 21.1 20.2 11.2 31.4
8 17.0 22.6 39.6 38.4 21.0 12.9 33.9

16 17.8 22.0 39.8 56.8 32.3 16.3 48.6
32 23.5 25.8 49.3 107.0 60.2 19.4 79.6
64 42.9 29.6 72.5 160.9 82.7 18.9 101.6

Table4: Timings(in secs)of theCC-NUMA codeon theOrigin2000.

onavirtual pagewhichresidesin theTLB, thevirtual-to-physicalmappingis carriedoutin hardwarewith zerolatency.
Otherwisetheoperatingsystemtrapsto a routinewhich finds thephysicaladdressin a memorytable,resultingin a
significantoverhead.For this testcase,the numberof TLB missesincreasedfrom 7.3 million in the serialcaseto
almost53 million whenusingtheALL COLOR strategy.

Poorparallelperformancealsostemsfrom thestructureof thecodewhich assumesa flat shared-memorymodel,and
doesnotconsiderdatalocality or cacheeffects.Whentrianglesof aparticularcolorarebeingprocessed,eachproces-
sorrefinesdistincttrianglesthathavenon-overlappingedgesandvertices.However, sincethereis noexplicit ordering
of thedatastructures,cachelinescontainmeshobjectswhich mayberequiredby severalprocessorssimultaneously.
This falsesharingproblemis exacerbatedwhennew meshobjectsarecreatedduringa refinementphase.Eachtime
a new word is written to cache,all copiesof that cacheline residingon othernodesareinvalidated. The hardware
systemis thereforeoverloadedattemptingto maintaincache-coherency in thisenvironment.Also, theautomaticpage
migrationoptionof theOrigin2000cannotimproveparallelperformance,sinceasinglepageof memorymaycontain
datarequiredby all processors.Notethata moreintelligentgraphcoloringschemecouldlower thenumberof colors
andreducegraphcoloringtime,but would not improvethepoorscalabilityof therefinementphase.

Relatively little effort wasrequiredto convert theserialcodeinto theALL COLOR implementation.Parallelization
waseasilyachievedby distributingloopsacrossprocessorsusingcompilerdirectives.Theadditionof thegreedygraph
coloringalgorithmcausedabouta 10%increasein codesizeanda5% increasein memoryrequirements.

Timing resultsfor the NO COLOR approacharealsoshown in Table4. Recall that low-level locks areusedhere
for synchronizationandgraphcoloring is not needed.This simplifiesparallelizationandrequiresminimal memory
overhead.Unfortunately, theperformanceof this approachis extremelypooron multiple processors.Notice thaton
oneprocessor, thereis asmallincreasein theruntime(8.2secs)comparedto theoriginalserialcode(6.4secs).This is
dueto theoverheadof setting,checking,andreleasinglow-level locks.As

�
increases,however, performancerapidly

deterioratesdueto thefine granularityof thecritical sections.Theprocessorsareconstantlycontendingto grablocks
in orderto modify meshdatastructures.In addition,blockedthreadsareunableto do any usefulwork andspin idly
waiting for accessto lockeddata. It is obviousfrom theseresultsthatsuchfine-grainsynchronizationis not suitable
for this type of architecture.The HYBRID COLOR, which usesa combinationof graphcoloring and locks, also
showspoorresultsfor similar reasons.

Onepossibletechniqueto improveperformanceis to orderthetriangles,edges,andvertices,suchthateachprocessor
refinesa contiguoussectionof the mesh.This would improve cachereuseandreducefalsesharing.To accomplish
this, a domaindecompositionalgorithmsuchasParMETIS[4] or a locality-enhancingstrategy suchasself-avoiding
walks [3] is required. All meshobjectscould thenbe remappedor reorderedaccordingly. As the meshgrew after
eachrefinementstep,anotherroundof partitioningandremappingwould berequired.However, this strategy would
make little sensesinceit is equivalentto theMPI implementation,requiringa similar amountof programmingeffort
andbalancingoverheads.The only major differencewould be the useof a global addressspaceinsteadof explicit
message-passingcallsfor performinginterprocessorcommunication.
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6. Multithreaded Implementation

The Tera MTA is a supercomputerrecently installedat the SanDiego SupercomputingCenter. The MTA hasa
radicallydifferentarchitecturethancurrenthigh-performancecomputersystems.Eachprocessorhassupportfor 128
hardwarestreams,whereeachstreamincludesa programcounteranda setof 32 registers.Oneprogramthreadcan
beassignedto eachstream.Theprocessorswitchesamongtheactive streamsat every clock tick, while executinga
pipelinedinstruction.

Theuniformsharedmemoryof theMTA is flat, andphysicallydistributedacrosshundredsof banksthatareconnected
througha3D toroidalnetwork to theprocessors.All memoryaddressesarehashedby thehardwaresothatapparently
adjacentwordsareactuallydistributedacrossdifferentmemorybanks.Becauseof thehashingscheme,it is impossible
for theprogrammerto controldataplacement.Thismakesprogrammabilitymucheasierthanonstandardcache-based
multiprocessorsystems.Ratherthanusingdatacachesto hide latency, the MTA processorsusemultithreadingto
toleratelatency. If a threadis waiting for its memoryreferenceto complete,theprocessorexecutesinstructionsfrom
otherthreads.Performancethusdependson having a largenumberof concurrentcomputationthreads.

Lightweightsynchronizationamongthreadsis providedby the memoryitself. Eachword of physicalmemorycon-
tainsa full-empty bit, which enablesfastsynchronizationvia load andstoreinstructionswithout operatingsystem
intervention.Synchronizationamongthreadsmaystall oneof thethreads,but not theprocessoron which thethreads
arerunning,sinceeachprocessormay run many threads.Explicit load balancingacrossloops is alsonot required
sincethedynamicschedulingof work to threadsprovidestheability of keepingtheprocessorssaturated,evenif dif-
ferent iterationsrequirevarying amountsof time to complete. Oncea codehasbeenwritten in the multithreaded
model,no additionalwork is requiredto run it on multiple processors,sincethereis no differencebetweenuni- and
multiprocessorparallelism.

The multithreadedimplementationof the meshadaptationcodeis similar to the NO COLOR strategy usedon the
Origin2000. Low-level locks ensurethat two neighboringtrianglesarenot updatedsimultaneously, sincethis may
causea racecondition. A key differencefrom the CC-NUMA implementationis the multiple executionstreams
on eachprocessor. The load is implicitly balancedby the operatingsystemwhich dynamicallyassignstrianglesto
threads.No partitioning,remapping,graphcoloring, or explicit load balancingis required,greatlysimplifying the
programmingeffort. Upon completionof the refinementphase,control would be passedto a multithreadedflow
solver [2]. Table5 shows theperformanceon the255MHz TeraMTA, throughfive refinementlevels.Thenumberof
streamsis easilychangedthrougha compilerdirective.

Numberof Streams

P 100 80 60 40 1

1 2.04 2.22 2.72 3.82 150.1
2 1.06 1.15 1.40 1.98
4 0.59 0.64 0.74 1.01
6 0.40 0.43 0.51 0.69
8 0.35 0.37 0.41 0.55

Table5: Refinementtimings(in secs)of themultithreadedcodeon theTeraMTA.

Resultsshow thatfor 100streams,asingleMTA processor(2.04secs)outperformstheserialR10000version(6.4secs)
by morethatafactorof three.With four processors,performancecontinuesto improve,achieving 86%efficiency with
100 streamsand95% efficiency with 40 streams.Using all eight processors,the fastestruntimeis only 0.35secs,
althoughefficiency is reducedto 73%and87%with 100and40 streams,respectively. As we increasethenumberof
processors,thenumberof active threadsincreaseproportionatelywhile theruntimesbecomevery small. As a result,
a greaterpercentageof the overall time is spenton threadmanagement,causinga decreasein efficiency (Amdahl’s
Law).
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Anotherpotentialsourceof thedegradationin efficiency arememoryhot-spots. A hot-spotoccurswhenmany streams
attemptto accessthe samememorylocation. This may be happeningfrequentlywithin the meshadaptationcode,
sincemultiple streamsaresharingedgesandverticesof the triangles. Sincea memorybankcanonly handleone
referenceapproximatelyevery 36 clock ticks, multiple referencesto the samebank effectively becomeserialized.
To help alleviate this problem,a limited numberof specialhot-spotcachesareprovided in hardware,which allow
consecutive referencesto a single locationevery 2 clock ticks. Futureresearchwill examinehot-spotbehavior in
detail.

Notice that when the numberof streamsdropsfrom 100 to 80, thereis only a slight degradationin performance,
indicating that 80 streamsaresufficient for this problem. When the numberof streamsdecreasesto 40, however,
thereis a significantslowdown, althoughthe algorithm scalesbetter. Theseresultsindicatethat there is enough
instructionlevel parallelismin themeshadaptationcodeto toleratetheoverheadsof memoryaccessandlightweight
synchronization,if enoughstreamscanbeused.

By settingtheMTA to serialmode,we canrun ourcodeusingjust onestream.Theruntimeis almost75 timesslower
thana singlesaturatedmultithreadingprocessor. A singlestreamcanissueonly oneinstructionat a time, andthen
mustwait thelengthof theinstructionpipeline(at least21cycles)beforeissuinganother. Also, nousefulwork canbe
donewhile memoryis beingfetched,sinceno otherthreadsareactive.

Although the Teracompilerattemptsto automaticallyextract parallelismfrom a serialprogram,it wasnecessaryto
explicitly handcodeall theparallelismfor themultithreadedversionof ourmeshadaptationalgorithm.Thisis because
thecodeis highly irregular, andoftenusesoneor morelevelsof indirectionfor memoryaddressing.As a result,the
compilercannotdeterminewhich sectionsaresafeto parallelize. However, it is simple to mark the parallelizable
regions with pragmadirectives. Thus, a trivial amountof programmingwas requiredto convert the serial mesh
adaptationcodeinto themultithreadedversion.Thecodesizeincreasedby about2%for compilerdirectivesandlock
placements.An additionalmemoryrequirementof 7% wasusedto storesynchronizationvariablesthatcoordinated
accessto dataduring the adaptationprocedure.We look forward to continuingour experimentsasmoreprocessors
becomeavailableon theTeraMTA.

7. Conclusions

The goal of this work was to parallelizea dynamicallyadapting,unstructuredmeshapplication. It is particularly
difficult to achieve goodperformanceon suchalgorithmsdueto their irregular andadaptive nature. We usedthree
differentprogrammingparadigmson state-of-the-artsupercomputersto achieve our objective. Table6 summarizes
ourfindings.

Program Best Code Memory Scala- Porta-

Paradigm System Time� Increase Increase bility bility

Serial R10000 6.4(
�
	��

)
MPI T3E 3.0(

�
	
�����
) 100% 70% Medium High

MPI Origin2000 5.4(
�
	����

) 100% 70% Medium High
CC-NUMA Origin2000 39.6(

�
	��
) 10% 5% None Medium

Multithreading MTA 0.35(
�
	��

) 2% 7% High� Low

Table6: Comparisonamongprogrammingparadigmsandarchitectures.

Themessage-passingversiondemandedthegreatestprogrammingeffort. Datahadto beexplicitly decomposedacross
processorsandspecialdatastructureshadto becreatedfor meshobjectslying onpartitionboundaries.WeusedPLUM
for dynamicloadbalancing,whichrequiredrepartitioninganddataremappingbetweenrefinementphases.Significant
�
Differentprogrammingparadigmsrequiredvaryingnumbersof operations.�
Only eightprocessorsareavailableon thecurrentconfigurationof theTeraMTA.
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additionalmemorywasalsoneeded,mainly for thecommunicationbuffers. Despitethesedrawbacks,themessage-
passingcodeshowedreasonablescalabilityandcanbeeasilyportedto any multiprocessorsystemsupportingMPI.

Theshared-memoryCC-NUMA versionrequiredanorderof magnitudelessprogrammingeffort thantheMPI version,
andhada low memoryoverhead.This codecanbe portedto any systemsupportinga global addressspace.The
ALL COLOR strategy usedgraphcoloringto orchestratemeshrefinement,while theNO COLOR strategy reliedon
low-level locking mechanisms.Unfortunately, the fine-grainednatureof thesecomputationsresultedin poor cache
reuseandsignificantoverheaddueto falsesharing.Explicit datadecompositionwith remappingor atruly flat memory
systemwould berequiredto improvetheseperformancenumbers.

Finally, theTeraMTA wasthemostimpressivemachinefor ourdynamicandirregularapplication.Themultithreaded
implementationrequireda trivial amountof additionalcodeandhad little memoryoverhead.The complexities of
datadistribution, repartitioning,remapping,or graphcoloring wereabsenton this system.Our overall resultshave
demonstratedthat multithreadedsystemsoffer tremendouspotentialfor quickly andefficiently solving someof the
mostchallengingreal-life problemsonparallelcomputers.
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