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Abstract

Thesuccessof parallelcomputingin solvingreal-life computationally-intensiveproblemsrelieson
their efficient mappingandexecutionon large-scalemultiprocessorarchitectures.Many importantap-
plicationsareboth unstructuredanddynamicin nature,makingtheir efficient parallel implementation
a dauntingtask. This paperpresentstheparallelizationof a dynamicunstructuredmeshadaptational-
gorithm using threepopularprogrammingparadigmson threeleadingsupercomputers.We examine
an MPI message-passingimplementationon the Cray T3E andthe SGI Origin2000,a shared-memory
implementationusingcachecoherentnonuniformmemoryaccess(CC-NUMA) of theOrigin2000,and
a multithreadedversionon the newly-releasedTera MultithreadedArchitecture(MTA). We compare
severalcritical factorsof this parallelcodedevelopment,includingruntime,scalability, programmabil-
ity, portability, andmemoryoverhead.Our overall resultsdemonstratethatmultithreadedsystemsoffer
tremendouspotentialfor quickly andefficiently solvingsomeof themostchallengingreal-lifeproblems
on parallelcomputers.

Key words: Distributedmemorysystems,CC-NUMA machines,multithreadedarchitectures,parallelim-
plementationtechniques,applicationperformancestudies,unstructuredmeshadaptation

1 Introduction

The successof parallelcomputingin solving real-life computationally-intensive problemsrelieson their
efficient mappingandexecutionon large-scalemultiprocessorarchitectures.Whenthealgorithmsanddata
structurescorrespondingto theseproblemsareintrinsicallyunstructured or dynamicin nature,efficient im-
plementationonstate-of-the-artparallelmachinesoffersconsiderablechallenges.Unstructuredapplications
arecharacterizedby irregular dataaccesspatterns,and are inherentlyat oddswith cache-basedsystems
which attemptto hide memorylatency by copying andreusingcontiguousblocksof data. Dynamicand
adaptive applications,on the otherhand,have computationalworkloadswhich grow or shrink at runtime,
andrequiredynamicloadbalancingto achieve algorithmicscalingonparallelmachines.

Many importantapplicationsarebothunstructuredanddynamic,makingtheir efficient parallelimple-
mentationa dauntingtask. Examplesincludescientificcomputing,taskscheduling,sparsematrix compu-
tations,paralleldiscreteevent simulation,datamining, andweb server applications.This paperpresents
theparallelizationof a dynamicunstructuredmeshadaptationalgorithmusingthreepopularprogramming
paradigmson threestate-of-the-artparallelarchitectures.WeexamineanMPI message-passingimplemen-
tation on the Cray T3E andthe SGI Origin2000,a shared-memoryimplementationusingcachecoherent
�
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nonuniformmemoryaccess(CC-NUMA) of the Origin2000,anda multithreadedversionon the newly-
releasedTeraMultithreadedArchitecture(MTA). We compareseveral critical factorsof this parallelcode
development,includingruntime,scalability, programmability, portability, andmemoryoverhead.

Unstructuredmeshesfor problemsin computationalscienceandengineeringallow robustandautomatic
grid generationaroundhighly complex geometries.Furthermore,the ability to dynamicallyadaptsuch
unstructuredmeshesisapowerful tool for efficiently solvingthoseproblemswith evolving physicalfeatures.
Standardfixed-meshnumericalmethodscanbemademorecosteffectiveby locally refiningandcoarsening
the meshto capturethesephenomenaof interest. Unfortunately, an efficient parallelizationof adaptive
unstructuredmethodsis ratherdifficult, primarily dueto the load imbalancecreatedby the dynamically-
changingnonuniformgrids.Nonetheless,it is generallybelievedthatadaptive unstructured-gridtechniques
will constitutea significantfractionof futurehigh-performancesupercomputing[10].

Recently, threedifferent parallel architectureshave emerged, eachwith its own set of programming
paradigms. On distributed-memorysystems,eachprocessorhasits own local memorythat only it can
directly access.To accessthememoryof anotherprocessor, a copy of thedesireddatamustbe explicitly
sentacrossthenetwork usinga message-passinglibrary suchasMPI or PVM. To run a programon such
machines,the programmermust decidehow the datashouldbe distributed amongthe local memories,
communicatedbetweenprocessorsduring the courseof the computation,andreshuffled whennecessary.
Thisallows theuserto designefficientprograms,but at thecostof increasedcodecomplexity.

In distributedshared-memoryarchitectures,eachprocessorhasalocalmemorybut alsohasdirectaccess
to all thememoryin thesystem.OntheOrigin2000,for example,eachprocessorusesa localcacheto fetch
andstoredata.Cachecoherenceismanagedby hardware.Parallelprogramsarerelatively easyto implement
on suchsystemssinceeachprocessorhasa global view of the entirememory. Parallelismcanbe easily
achievedby insertingdirectivesinto thecodeto distribute loop iterationsamongtheprocessors.However,
portabilitymaybediminished,andsophisticated“cacheprogramming”maybenecessarytoenhanceparallel
performance.

Usingmultithreadingto build commercialparallelcomputersis a radicallydifferentconceptin contrast
to the standardsingle-threadedmicroprocessorsof traditional supercomputers.For example,eachTera
MTA processorusesup to 128 threads. Suchmachinescan potentially utilize substantiallymore of its
processingpowerby toleratingmemorylatency andusinglow-level synchronizationdirectivesimplemented
in hardware. This multithreadedarchitectureis especiallywell-suitedfor irregularanddynamicproblems.
Parallel programmabilityis simplified sincethe userhasa global view of the memory, andneednot be
concernedwith thedatalayout.

The remainderof this paperis organizedasfollows. In Section2, we give a brief descriptionof the
two-dimensionalunstructuredmeshadaptationscheme.Thetestproblemusedfor theexperimentsreported
in this paperis describedin Section3. Sections4, 5, and6 describethemessage-passing,shared-memory,
andmultithreadingimplementationsof theadaptationprocedure,andpresentdetailedperformanceresults.
Finally, Section7 presentsa performancecomparisonby paradigm,andconcludesthe paperwith some
closingremarksandobservations.

2 Unstructured Mesh Adaptation

For problemsthat evolve with time, meshadaptationprocedureshave proved to be robust, reliable, and
efficient. Highly localizedregions of meshrefinementare requiredto accuratelycaptureshockwaves,
contactdiscontinuities,vortices,andshearlayers.Thisprovidesscientiststheopportunitytoobtainsolutions
onadaptedmeshesthatarecomparableto thoseobtainedonglobally-refinedgridsbut atamuchlowercost.

In this paper, we parallelizea two-dimensionalunstructuredmeshadaptationalgorithmbasedon trian-
gular elements;completedetailsof the three-dimensionalprocedureis given in [1]. In brief, local mesh
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adaptationinvolvesaddingpointsto theexistinggrid in regionswheresomeuser-specifiederrorindicatoris
high,andremoving pointsfrom regionswheretheindicatoris low. Theadvantageof suchstrategiesis that
relatively few meshpointsneedto beaddedor deletedat eachrefinement/coarseningstep.However, com-
plicatedlogic anddatastructuresarerequiredto keeptrackof themeshobjects(points,edges,elements)that
areaddedandremoved. It involvesa greatdealof “pointer chasing”,leadingto irregularanddynamicdata
accesspatterns.Moreover, in aparallelenvironment,sophisticateddynamicloadbalancingtechniquesmust
beemployedasthecomputationalworkloadandthecommunicationvolumegrow andshrinknonuniformly
at runtimedependingon theadaptation.

A triangularelementcanberefinedin differentways:By bisectingoneor moreof its edges,or by adding
pointsin the interior. However, themostpopularstrategy of subdividing a triangletargetedfor refinement
is by bisectingall threeof its edgesto form four congruenttrianglesasshown in Fig. 1(a). This type of
subdivision is calledisotropic;however, a refinedmeshwill be nonconformingunlessall its trianglesare
isotropicallysubdivided. To obtaina consistenttriangulationwithout global refinement,a secondtype of
subdivision is allowed. For instance,a trianglemay besubdivided into two smallertrianglesby bisecting
only oneedgeasshown in Fig. 1(b). To prevent themeshrefinementprocedurefrom propagatingif only
thesetwo subdivisionsareallowed,atrianglecanalsobesplit into threeif two of its edgesarebisected.This
caseis shown in Fig. 1(c). Thelattertwo subdivision typesareanisotropic,astheresultingtrianglesareno
longersimilar to theparent.Theprocessof creatinga consistenttriangulationis calleda closureoperation,
whichmayrequireseveral iterationsif refinementpropagationis allowed.

(a) (b) (c)

Figure1: A triangleis refinedinto (a) four, (b) two, or (c) threesmallertriangles.In (c), therearetwo ways
to selectthesecondinterior edge;theshorteroneis usuallychosenfor bettermeshquality.

It is importantto noteherethatmeshadaptationis a tool that is usedto make theprimaryapplication
morecosteffective. In otherwords,adaptinganunstructuredmeshis not thefinal goalin itself, but simply
a meansto a biggerend. The full applicationwill mostlikely includemeshgeneration,matrix formation,
numericalsolution,anderror detection,in addition to meshadaptationanddynamicload balancing(the
latter, for parallel implementationsonly). Thesemodulesareby themselvesactive fields of research,and
areoutof thescopeof thispaper. Thus,eventhoughparallelmeshadaptationandtheensuingdynamicload
balancingareonly two modulesof a completeparalleladaptive application,they arecritical components
that mustbe accomplishedrapidly andefficiently so asnot to causea significantoverheadto the actual
computation.Recentwork by theauthors[7] examinessparseiterative solver performancein thecontext of
programmingparadigmsandarchitecturalplatforms.

3 Test Problem

Thecomputationalmeshusedfor theexperimentsin this paperis theoneoftenusedto simulateflow over
anairfoil (seeFig. 2 for thecoarseinitial mesh).Meshrefinementis usuallyrequiredaroundthestagnation
pointattheleadingedgeof theairfoil. At transonicMachnumbers,shocksform onboththeupperandlower
surfacesof theairfoil thatthenpropagateto thefar field. We simulatethisactualscenarioby geometrically
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Figure2: A close-upview of theinitial triangularmesharoundtheairfoil.

adaptingregionscorrespondingapproximatelyto thelocationsof thestagnationpoint andtheshocks.This
allowsusto investigatetheperformanceof themeshadaptationandloadbalancingalgorithmsin theabsence
of a flow solver.

For suchsteady-stateproblems,thecomputationalmeshis typically adaptedevery few hundreditera-
tions of the flow solver. Adaptationusually requiresabout5% of the total time. However, for unsteady
time-dependentproblems,adaptationis requiredmuchmorefrequentlyandcanconsume30–40%of the
total time. Thusan efficient parallel implementationof the adaptationalgorithmis crucial for the overall
efficiency.

Table1 presentstheprogressionof grid sizesthroughfive levelsof refinement.Thefinal meshis more
than40 timeslarger thanthe initial mesh. The computationalmeshafter the secondrefinementis shown
in Fig. 3. For referencepurposes,theoriginal serialadaptationcodeconsistsof approximately1,300lines

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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Figure3: A close-upview of themeshafterthesecondrefinement.

of C andrequires6.4 secondsto executethis simulationon a 250 MHz MIPS R10000processor. Low-
level handtuning(suchasloop unrolling) wasnot performedfor any of theexperimentsin this paper, and
all compilationsusedthe-O3 optimization. All reportedrunswereexecutedmultiple timeson dedicated
systemsto assurereproducibilityof the results. Note that a flow solver wasnot run betweensuccessive
adaptations.

4 Distributed-Memory Implementation

The distributed-memoryversionof themeshadaptationcodewasimplementedin MPI within thePLUM
framework [6]. PLUM is anautomaticandportableloadbalancingenvironment,specificallycreatedto han-
dle adaptive unstructured-gridapplications.It differs from mostotherloadbalancersin that it dynamically
balancesprocessorworkloadswith aglobalview.

PLUM consistsof a partitioneranda remapperthat load balanceand redistribute the computational
meshwhennecessary. After aninitial partitioningandmappingof theunstructuredmesh,asolver executes
several iterationsof the application

�
. The meshadaptationprocedurethenmarksedgesfor refinementor

coarseningbasedonanerrorindicator(geometricfor thetestsin thispaper).Onceedgeshavebeenmarked,
it is possibleto exactlypredictthenew meshbeforeactuallyperformingtheadaptationstep.Programcontrol
is thuspassedto the loadbalancerat this time. A repartitioningalgorithm,like theParMETIS[5] parallel
multilevel partitioner, is usedto divide thenew meshinto subgrids.All necessarydatais thenredistributed,
thecomputationalmeshis actuallyrefined,andthenumericalcalculationrestarted.In short,therearethree
majorsteps:refinement,repartitioning,andremapping.
�
Recallthata solver is not usedfor theexperimentsreportedin this paper.
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PLUM is anovel methodto dynamicallybalancetheprocessorworkloadsfor unstructuredadaptive-grid
computationswith aglobalview. It hasfivesalientfeatures:

� Repeateduseof the initial meshdualgraphkeepstheconnectivity andpartitioningcomplexity con-
stantduringthecourseof anadaptive computation.

� Parallelmeshrepartitioningavoidsapotentialserialbottleneck.

� Fastheuristicremappingassignspartitionsto processorssothattheredistribution costis minimized.

� Efficientdatamovementsignificantlyreducesthecostof remappingandmeshsubdivision.

� Accuratemetricsestimateandcomparethecomputationalgainandtheredistribution costof having a
balancedworkloadaftereachmeshadaptation.

Several optionsmay be set within PLUM, including predictive or non-predictive refinement,global
or diffusive partitioning, and synchronousor asynchronouscommunication. Tables2 and 3 presentthe
resultsfor thebestcombinationof theseoptions(predictive refinement,globalpartitioning,asynchronous
communication)on a T3E andanOrigin2000,throughthefive refinementlevelsshown in Table1. Results
arenot presentedfor lessthaneightprocessorsof theT3E becauseof memoryconstraints.TheT3E used
for theseexperimentsis a640-nodemachinelocatedin theNERSCdivisionof LawrenceBerkeley National
Laboratory. Eachnodeconsistsof a 450MHz DEC Alpha processor, 256MB of mainmemory, a 96 KB
secondarycache,andsomenetwork interfacehardware. TheT3E codewascompiledon theUNICOS/mk
2.0.4operatingsystemwith CrayC version6.3.0.2.TheOrigin2000,on theotherhand,is a 64-processor
SMP clusterof 250 MHz R10000MIPS microprocessors,locatedin the NAS division of NASA Ames
ResearchCenter. The processorscontaina 4 MB secondarycache,andeachdual processorSMP node
has512MB of mainmemory. TheOrigin2000codewascompiledon theIRIX 6.4 operatingsystemwith
MIPSproC version7.2.1.1.

Time(secs) Imbalance RemapDataVolume(MB)

P Refine Partition Remap Total Factor Maximum Total

8 4.53 1.47 12.97 18.97 1.02 68.04 286.80
16 2.41 1.60 5.98 9.99 1.03 28.11 270.18
32 1.09 1.50 3.91 6.50 1.05 16.76 281.17
64 0.78 1.49 1.81 4.08 1.07 6.88 280.30

128 0.69 1.61 0.90 3.20 1.09 4.41 290.10
160 0.61 1.70 0.69 3.00 1.14 4.24 284.41
192 0.49 2.11 0.61 3.21 1.15 3.12 292.39
256 0.31 2.60 0.48 3.39 1.16 2.34 310.82
384 0.16 3.94 0.29 4.39 1.19 1.33 301.58
512 0.14 4.70 0.25 5.09 1.25 0.99 310.40

Table2: Performanceof theMPI codeon theT3E.

Thegeneralruntimetrendsaresimilar on botharchitectures.Notice thatmorethan32 processorsare
requiredto outperformthe serialcase,sincethe total runtimeof the distributedversionincludesthe load
balancingoverhead.The refinementtime decreasesasthe numberof processors

�
increases,sincethere
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Time(secs) Imbalance RemapDataVolume(MB)

P Refine Partition Remap Total Factor Maximum Total

2 13.12 1.30 24.89 39.31 1.00 50.11 60.64
4 11.72 1.24 16.67 29.63 1.00 35.59 88.58
8 8.31 1.39 10.23 19.93 1.02 30.21 151.75

16 5.04 1.33 5.57 11.94 1.02 13.57 121.06
32 2.28 1.72 2.82 6.82 1.05 7.77 118.55
64 1.41 2.30 1.69 5.40 1.08 4.17 132.34

Table3: Performanceof theMPI codeon theOrigin2000.

is lesswork perprocessorandlittle communicationin therefinementphase.However, thespeedupvalues
becomeprogressively poorerdueto theunevendistribution of refinementworkloadsacrosstheprocessors.
Recallthatour loadbalancingobjective is to produceabalancedmeshfor themoreexpensive solver phase.
Partitioning times remainsomewhat constantfor smallervaluesof

�
, but start to grow and eventually

dominateas
�

becomeslarge. This is becausethe amountof work and the communicationoverheadof
thepartitionerincreaseswith

�
. A scalablerepartitionerwould improve theoverall parallelperformance.

However, loadbalancingquality is excellent,asis evident from the imbalancefactors,exceptwhenusing
very largenumbersof processors.

Finally, thedataremappingtime decreasesalmostlinearly as
�

increases.This satisfiesour bottleneck
communicationmodelwhichexpressesremappingasa functionof themaximum(not total)communication
amongprocessors[6]. Most of thedifferencein theamountof datavolumebetweenTables2 and3 for the
samevalueof

�
is dueto differentword sizeson thetwo machines:TheT3E has8-byteintegerswhereas

theOrigin2000has4-byteintegers.This word-sizedifferencealsoaccountsfor thefasterremappingtimes
on theOrigin2000.

Themessage-passingimplementationof theadaptationalgorithmrequireda significantamountof pro-
grammingeffort, primarily to maintainconsistentdatastructuresacrosspartitionsfor thesharedmeshob-
jects. This requirementeffectively doubledthe sizeof the original serialcodeandincreasedthe memory
requirementsby 70%. Only a fractionof theadditionalmemorywasusedfor trackingedgesandvertices
residingon partitionboundaries.Most of thememoryoverheadwasdueto thesendandreceive buffersfor
thebulk MPI communicationduringtheremappingphase.

5 Shared-Memory Implementation

Theshared-memoryversionof themeshadaptationcodewasimplementedon theCC-NUMA Origin2000,
which is aSMPclusterof nodeseachcontainingtwo processorsandlocalmemory. Thehardwaremakesall
memoryequallyaccessiblefrom asoftwarestandpoint,by sendingmemoryrequeststhroughrouterslocated
on thenodes.Accesstime to memoryis nonuniform, dependingon how far away thememorylies from the
processor. Thetopologyof theinterconnectionnetwork is a hypercube,boundingthemaximumnumberof
memoryhopsto a logarithmicfunction of

�
. Eachprocessoralsohasa relatively large 4 MB secondary

cachememory, whereonly it canfetchandstoredata.If aprocessorrefersto datathatis not in cache,there
is a delaywhile a copy of thedatais fetchedfrom memory. Whena processormodifiesa word of data,all
othercopiesof thecacheline containingthatwordareinvalidated.To minimizeoverhead,cachecoherence
is managedby thehardware.

This versionof theparallelcodewaswritten usingSGI’s native pragmadirectives,which createIRIX
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threads.A rewrite to OpenMPwould requireminimal programmingeffort. Themainkernelof the refine-
mentprocedureconsistsof looping over the list of triangles. In the shared-memoryimplementation,this
work is split amongall theprocessors.However, it is necessaryto guaranteethatmultiple processorswill
notmodify thesamelocationin thedatastructure.Two basicapproachesweretakento achieve this goalof
preventingmemoryraceconditions.

Thefirst strategy (GRAPH COLOR) usesgraphcoloringto form independentsets,wheretwo triangles
have differentcolorsif they sharea vertex. Sinceoptimalgraphcoloring is NP-complete,we usea simple
greedyalgorithm.Theprocessorscanthenwork simultaneouslyonall trianglesof thesamecolor. Dynamic
distribution of loop iterationsamongtheprocessorsis easilyachievedthroughpragmacompilerdirectives.
Two algorithmicoverheadsareassociatedwith thisstrategy: Thecoloringof newly-formedtriangleson the
fly, anda barriersynchronizationat the completionof eachcolor beforeprocessingof the next color can
begin. An exampleof aninitial andadaptedmesh“colored” in this fashionis shown in Fig. 4.
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Figure4: Thetrianglesof aninitial andadaptedmesharecoloredusingtheGRAPH COLOR strategy.

The secondstrategy (NO COLOR) useslow-level locks insteadof graphcoloring. When a thread
processesagiventriangle,it locksthecorrespondingverticesandedges.Otherthreadsattemptingto access
thesemeshobjectsareblocked until the locksarereleased.Thealgorithmicoverheadlies in the idle time
processorsmust spendwhile waiting for blocked objectsto be released.However, coloring or multiple
barriersynchronizationsarenot required.

Finally, a hybrid method(HYBRID COLOR) combinesan edge-basedcoloring of the triangleswith
vertex-basedlocks. In this strategy, two neighboringtrianglesareguaranteedto have different colors if
they shareanedge.This approachrequiresfewer colorsthanGRAPH COLOR, sinceanarbitrarynumber
of trianglescanpotentiallysharea vertex, whereasno morethantwo trianglescansharean edge.Vertex
synchronizationis handledthroughlow-level locksasin theNO COLOR strategy. Table4 showsthetiming
resultsfor all theseapproaches.GRAPH COLOR required25 colorswhereasHYBRID COLOR needed
11 colors. Notethataftereachadaptation,controlwould bepassedto a shared-memorysolver which uses
theglobally addressablemeshfor performingflow computations.

For GRAPH COLOR, thetotal runtimeremainsrelatively constantregardlessof
�

, althougha signif-
icant performancedegradationis seenbetween32 and64 processors.Several reasonscontribute to these
poor performancenumbers. Single-processorcacheperformanceand translationlookasidebuffer (TLB)
reuseareextremelypoor. On oneprocessor, the refinementruntime(20.8 secs)increasesby a factorof
threecomparedto the serial case(6.4 secs). This is becausethe trianglesare processedone color at a
time, wheretwo trianglesof thesamecolor arenever adjacent.As a result,thecachemissrateincreases
dramaticallyfrom theserialcasewhereall the trianglesareprocessedin thenaturalorder, in which subse-
quenttrianglesareusuallyclosetogetherin memory. UsingtheR10000hardwarecounters,thenumberof
cachemisses(primaryandsecondary)increasedfrom approximately15 million in theoriginal serialcode
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GRAPH 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 theshared-memorycodeon theOrigin2000.

to almost85million for theGRAPH COLOR case(whenusingoneprocessor).
Anotherconsequenceof thepoordatalocality is theincreasedmissrateof theTLB. TheTLB registers

storethetranslationsbetweenvirtual andphysicalmemoryfor the64mostrecentlyusedpages.If amemory
addressis locatedon avirtual pagewhich residesin theTLB, thevirtual-to-physicalmappingis carriedout
in hardwarewith zerolatency. Otherwisetheoperatingsystemtrapsto a relatively expensive routinewhich
finds the physicaladdressin a memorytable, resultingin a significantoverhead. For this test case,the
numberof TLB missesincreasedfrom 7.3 million in the serialcaseto almost53 million whenusingthe
GRAPH COLOR strategy, againfor

���	�
.

Poorparallelperformancealsostemsfrom thestructureof thecodewhich, for programmingsimplicity,
assumesa flat shared-memorymodelanddoesnot considerdatalocality or cacheeffects. Whentriangles
of aparticularcolorarebeingprocessed,eachprocessorrefinesdistincttrianglesthathave non-overlapping
edgesandvertices. However, sincedatastructuresarenot explicitly reordered,cachelines containmesh
objectsthatmayberequiredby severalprocessorssimultaneously. Thisfalsesharingproblemisexacerbated
whennew meshobjectsarecreatedduringa refinementphase.Eachtime a new word is written to cache,
all copiesof that cacheline residingon other nodesare invalidated. The hardware systemis therefore
overloadedattemptingto maintaincachecoherency in thisenvironment.Also, theautomaticpagemigration
optionof theOrigin2000cannotimprove parallelperformance,sinceasinglepageof memorymaycontain
datarequiredby all processors.A moreintelligentgraphcoloringschemecouldlower thenumberof colors
andreducegraphcoloringtime,but it wouldnot improve thepoorscalabilityof therefinementphase.

Relatively little effort wasrequiredto convert the serialcodeinto the GRAPH COLOR implementa-
tion. Thecomplexities associatedwith graphpartitioninganddataremappingwereabsent.Parallelization
waseasilyachieved by distributing loopsacrossprocessorsusingcompilerdirectives. Theadditionof the
greedygraphcoloring algorithmcausedabouta 10% increasein codesizeanda 5% increasein memory
requirements.

Timing resultsfor theNO COLOR approacharealsoshown in Table4. Recallthat low-level locksare
usedherefor synchronizationandgraphcoloringis notneeded.This simplifiesparallelizationandrequires
minimal memoryoverhead.Unfortunately, theperformanceof this approachis extremelypooron multiple
processors.Notice that on oneprocessor, thereis a small increasein the runtime(8.2 secs)comparedto
theoriginal serialcode(6.4secs).This is dueto theoverheadof setting,checking,andreleasinglow-level
locks. As

�
increases,however, performancerapidly deterioratesdueto thefine granularityof thecritical

sections.Theprocessorsareconstantlycontendingto grablocksin orderto modify meshdatastructures.In
addition,blockedthreadsareunableto doany usefulwork andspinidly waiting for accessto lockeddata.It
is obviousfrom theseresultsthatsuchfine-grainsynchronizationis notsuitablefor this typeof architecture.
TheHYBRID COLOR, which usesa combinationof graphcoloringandlocks,alsoshows poorresultsfor
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similar reasons.
One possibletechniqueto improve performanceis to order the triangles,edges,and vertices,such

thateachprocessorrefinesa contiguoussectionof themesh.This would improve cachereuseandreduce
falsesharing.To accomplishthis, a domaindecompositionalgorithmsuchasParMETIS[5] or a locality-
enhancingstrategy suchasself-avoiding walks [4] is required. All meshobjectscould thenbe remapped
or reorderedaccordingly. As themeshgrew aftereachrefinementstep,anotherroundof partitioningand
remappingwould be required.However, this strategy would make little sensesinceit is equivalentto the
MPI implementation,requiringasimilaramountof programmingeffort andbalancingoverheads.Theonly
major differencewould be the useof a global addressspaceinsteadof explicit message-passingcalls for
performinginterprocessorcommunication.

Notethatwearenotaskingwhethershared-memoryconstructscanachieveMPI performancefor equiva-
lentprogrammingapproaches.MPI generallyincursahighercommunicationoverheardthansharedmemory
dueto extramemorycopies.In fact,theMPI library is commonlysimulatedby sharedmemoryon systems
wherea globaladdressspaceis supported.Recentwork by theauthors[7] hasshown that for sparsema-
trix computations,it is possibleto achieve message-passingperformanceusingshared-memoryconstructs,
throughcarefuldataorderinganddistribution. Theconclusionhere,however, is thatfor thiscombinationof
applicationsandarchitectures,theshared-memoryprogrammingparadigmis notparticularlyeffective.

6 Multithreaded Implementation

TheTeraMTA is a supercomputerrecentlyinstalledat theSanDiego SupercomputingCenter. TheMTA
hasan architecturethat is radically different from thoseof currenthigh-performancecomputersystems.
Eachprocessorhassupportfor 128hardwarestreams,whereeachstreamincludesa programcounteranda
setof 32 registers.Oneprogramthreadcanbeassignedto eachstream.Theprocessorswitcheswith zero
overheadamongthe active streamsat every clock tick even if a threadis not blocked, while executinga
pipelinedinstruction.

The uniform sharedmemoryof the MTA is flat, andphysicallydistributed acrosshundredsof banks
that are connectedthrougha 3D toroidal network to the processors.All memoryaddressesare hashed
by thehardwareso thatapparentlyadjacentwordsareactuallydistributedacrossdifferentmemorybanks.
Becauseof thehashingscheme,it is impossiblefor theprogrammerto controldataplacement.This makes
programmingmucheasierthanon standardcache-basedmultiprocessorsystems.Ratherthanusingdata
cachesto hidelatency, theMTA processorsusemultithreadingto toleratelatency. If a threadis waiting for
its memoryreferenceto complete,theprocessorexecutesinstructionsfrom otherthreads.Performancethus
dependsonhaving a largenumberof concurrentcomputationthreads.

Lightweight synchronizationamongthreadsis provided by the memoryitself. Eachword of physical
memorycontainsafull-emptybit, whichenablesfastsynchronizationvia loadandstoreinstructionswithout
operatingsystemintervention. Synchronizationamongthreadsmay stall oneof the threads,but not the
processoron which the threadsare running, sinceeachprocessormay run many threads. Explicit load
balancingacrossloopsis alsonot requiredsincethe dynamicschedulingof work to threadsprovidesthe
ability for keepingtheprocessorssaturated,even if differentiterationsrequirevaryingamountsof time to
complete.Onceacodehasbeenwritten in themultithreadedmodel,noadditionalwork is requiredto run it
on multipleprocessors,sincethereis no differencebetweenuni- andmultiprocessorparallelism.

Themultithreadedimplementationof themeshadaptationcodeis similar to theNO COLOR strategy
usedon the Origin2000. Low-level locks ensurethat two neighboringtrianglesarenot updatedsimulta-
neously, sincethis maycausea racecondition. A key differencefrom theshared-memoryimplementation
is themultiple executionstreamson eachprocessor. The load is implicitly balancedby theoperatingsys-
temwhichdynamicallyassignstrianglesto threads.No partitioning,remapping,graphcoloring,or explicit
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loadbalancingis required,greatlysimplifying theprogrammingeffort. Uponcompletionof therefinement
phase,controlwould be passedto a multithreadedflow solver [3]. Table5 shows theperformanceon the
8-processor255MHz TeraMTA with 8 GB of mainmemory, throughfiverefinementlevels.TheMTA code
wascompiledon theMTX 0.5.1operatingsystemwith TeraC version0.5. Thenumberof streamsis easily
changedthroughacompilerdirective.

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 that for 100streams,a singleMTA processor(2.04secs)outperformstheserialR10000
version(6.4secs)by morethana factorof three.With four processors,performancecontinuesto improve,
achieving 86%efficiency with 100streamsand95%efficiency with 40 streams.Usingall eightprocessors,
thefastestruntimeis only0.35secs,althoughefficiency is reducedto73%and87%with 100and40streams,
respectively. As weincreasethenumberof processors,thenumberof activethreadsincreaseproportionately
while theruntimesbecomeverysmall.As aresult,agreaterpercentageof theoverall timeis spentonthread
management,causinga decreasein efficiency (Amdahl’s Law).

Anotherpotentialsourceof thedegradationin efficiency arememoryhot-spots. A hot-spotoccurswhen
many streamsattemptto accessthesamememorylocation. This maybehappeningfrequentlywithin the
meshadaptationcode,sincemultiplestreamsaresharingedgesandverticesof thetriangles.Sinceamemory
bankcanonly handleonereferenceapproximatelyevery36clockticks,multiplereferencesto thesamebank
effectively becomeserialized.To help alleviate this problem,a limited numberof specialhot-spotcaches
areprovidedin hardware,whichallow consecutive referencesto asinglelocationevery2 clockticks. Future
researchwill examinehot-spotbehavior in detail.

Noticethatwhenthenumberof streamsdropsfrom 100to 80, thereis only a slight degradationin per-
formance,indicatingthat80 streamsaresufficient for thisproblem.Whenthenumberof streamsdecreases
to 40,however, thereis a significantslowdown, althoughthealgorithmscalesbetter. Theseresultsindicate
that thereis sufficient instructionandthreadlevel parallelismin the meshadaptationcodeto toleratethe
overheadsof memoryaccessandlightweightsynchronization,if enoughstreamscanbeused.

It is difficult to speculateon the expectedruntimeof the meshadaptationcodefor a fully-configured
256-processorMTA. Much of theperformancewill dependon specifichardwareconfigurationsandfuture
operatingsystemdesign. However, a systemof this sizerunning100 active threadsper processor, would
require25,600concurrentstreamsof execution.For our testcase,thenumberof trianglesperthreadwould
thendropto about50 duringthefifth refinementlevel. This mayprove too low to overcomeparallelover-
headsandloadimbalance,implying thatour problemsizewould thenbetoo small for sucha largenumber
of MTA processors.

By settingtheMTA to serialmode,wecanrunourcodeusingjustonestream.Theruntimeis almost75
timesslower thanasinglesaturatedmultithreadingprocessor. A singlestreamcanissueonly oneinstruction
ata time,andthenmustwait thelengthof theinstructionpipeline(at least21cycles)beforeissuinganother.
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Also, no usefulwork canbedonewhile memoryis beingfetched,sinceno otherthreadsareactive.
AlthoughtheTeracompilerattemptsto automaticallyextractparallelismfrom a serialprogram,it was

necessaryto explicitly handcodeall theparallelismfor themultithreadedversionof our meshadaptation
algorithm. This is becausethe codeis highly irregular, andoften usesoneor more levels of indirection
for memoryaddressing.As a result,thecompilercannotdeterminewhich sectionsaresafeto parallelize.
However, it is simple to mark the parallelizableregionswith compilerdirectives. Thus,a trivial amount
of programmingwasrequiredto convert the serialmeshadaptationcodeinto the multithreadedversion.
Thecodesizeincreasedby about2% for compilerdirectivesandlock placements.An additionalmemory
requirementof 7% wasusedto storesynchronizationvariablesthat coordinatedaccessto dataduring the
adaptationprocedure.We look forwardto continuingourexperimentsasmoreprocessorsbecomeavailable
on theTeraMTA.

7 Conclusions

Thegoalof thiswork wasto parallelizeadynamicallyadapting,unstructuredmeshapplication.It is particu-
larly difficult to achievegoodperformanceonsuchalgorithmsdueto their irregularandadaptivenature.We
usedthreedifferentprogrammingparadigmson state-of-the-artsupercomputersto achieve our objective
 .
Table6 summarizesourfindings.Thetimingsfor thevariousparallelversions,which arethebesttimesfor
any numberof processorstested,includetheoverheadof dynamicloadbalancing(this is absentin theserial
version).It is alsoimportantto realizethatdifferentparallelversionsusedifferentdynamicloadbalancing
strategies. Finally, note that “code increase”is not considereda precisemetric, but is nonthelessa very
usefulmeasureof overall programmingcomplexity.

Programming 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
Shared-memory Origin2000 39.6(

�����
) 10% 5% None Medium

Multithreading MTA 0.35(
�����

) 2% 7% High� Low

Table6: Comparisonamongprogrammingparadigmsandarchitectures.

Themessage-passingversiondemandedthegreatestprogrammingeffort. Datahadto beexplicitly de-
composedacrossprocessorsandspecialdatastructureshadto becreatedfor meshobjectslying onpartition
boundaries.WeusedPLUM for dynamicloadbalancing,which requiredrepartitioninganddataremapping
betweenrefinementphases.Significantadditionalmemorywasalsoneeded,mainly for thecommunication
buffers.Despitethesedrawbacks,themessage-passingcodeshowedreasonablescalabilityandcanbeeasily
portedto any multiprocessorsystemsupportingMPI.

Theshared-memoryversionrequiredanorderof magnitudelessprogrammingeffort thantheMPI ver-
sion, and hada low memoryoverhead. This codecanbe portedto any systemsupportinga global ad-
dressspace.TheGRAPH COLOR strategy usedgraphcoloringto orchestratemeshrefinement,while the
�
All codesarepublicly availabledirectly from theauthors.�
Differentprogrammingparadigmsrequiredvaryingnumbersof operations.�
Only eightprocessorsareavailableon thecurrentconfigurationof theTeraMTA.
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NO COLOR strategy relied on low-level locking mechanisms.Unfortunately, the fine-grainednatureof
thesecomputationsresultedin poorcachereuseandsignificantoverheaddueto falsesharing.Explicit data
decompositionwith remappingor a truly flat memorysystemwould be requiredto improve theseperfor-
mancenumbers.

Finally, theTeraMTA wasthemostimpressive machinefor ourdynamicandirregularapplication.The
multithreadedimplementationrequireda trivial amountof additionalcodeandhadlittle memoryoverhead.
Thecomplexities of datadistribution, repartitioning,remapping,or graphcoloringwereabsenton this sys-
tem; however, the MTA is not well-suitedfor all typesof algorithms. A codesegmentnot amenableto
multithreadingcancreatea dramaticbottleneckwithin an application.This canbe seenin Table5 where
theperformanceof onestreamis 75 timesslower thana singlesaturatedMTA processor. We alsoexpect
the runtimeof theMTA to beslower thantraditionalcache-basedarchitecturesfor loadbalancedapplica-
tions with substantialcachereuse. Otherperformancestudiescomparingthe MTA with leadingparallel
systemsmay be of interestto the reader[2, 3, 8, 9]. In conclusion,our overall resultshave demonstrated
thatmultithreadedsystemsoffer tremendouspotentialfor quickly andefficiently solvingsomeof themost
challengingreal-lifeproblemson parallelcomputers.
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