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Abstract

The succes®f parallelcomputingin solving real-life computationally-intensie problemsrelieson
their efficient mappingand executionon large-scalemultiprocessoarchitectures Many importantap-
plicationsare both unstructuredanddynamicin nature,makingtheir efficient parallelimplementation
a dauntingtask. This paperpresentghe parallelizationof a dynamicunstructuredneshadaptatioral-
gorithm using three popularprogrammingparadigmson threeleadingsupercomputers\We examine
an MPI message-passinmplementatioron the Cray T3E andthe SGI Origin2000,a shared-memory
implementatiorusingcachecoherenhonuniformmemoryaccesgCC-NUMA) of the Origin2000,and
a multithreadedversionon the newly-releasedTera MultithreadedArchitecture(MTA). We compare
several critical factorsof this parallelcodedevelopment,ncluding runtime, scalability programmabil-
ity, portability, andmemoryoverhead.Our overall resultsdemonstrat¢hat multithreadedsystemsoffer
tremendougpotentialfor quickly andefficiently solvingsomeof themostchallengingreal-life problems
on parallelcomputers.

Key words. DistributedmemorysystemsCC-NUMA machinesmultithreadedarchitecturesparallelim-
plementatiortechniquesapplicationperformancestudiesunstructureaneshadaptation

1 Introduction

The succes®f parallelcomputingin solving real-life computationally-irgngve problemsrelies on their
efficient mappingandexecutionon large-scalemultiprocessoarchitecturesWhenthe algorithmsanddata
structuregorrespondingo theseproblemsareintrinsically unstructued or dynamicin nature efficientim-
plementatioron state-of-the-apparallelmachineoffersconsiderablehallengeslUnstructuredapplications
are characterizedy irregular dataaccesatterns,and are inherentlyat oddswith cache-basedystems
which attemptto hide memorylateny by copying andreusingcontiguousblocks of data. Dynamicand
adaptve applicationson the otherhand,have computationalvorkloadswhich grow or shrink at runtime,
andrequiredynamicloadbalancingto achieve algorithmicscalingon parallelmachines.

Many importantapplicationsare both unstructuredanddynamic,makingtheir efficient parallelimple-
mentationa dauntingtask. Examplesnclude scientificcomputing taskscheduling sparsematrix compu-
tations,parallel discreteevent simulation,datamining, and web sener applications. This paperpresents
the parallelizationof a dynamicunstructuredneshadaptatioralgorithmusingthreepopularprogramming
paradigmsn threestate-of-the-arparallelarchitecturesWe examinean MPI message-passingplemen-
tation on the Cray T3E andthe SGI Origin2000,a shared-memorymplementationusing cachecoherent
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nonuniformmemoryaccesyCC-NUMA) of the Origin2000,and a multithreadedversionon the newly-
releasedleraMultithreadedArchitecture(MTA). We compareseveral critical factorsof this parallelcode
developmentjncluding runtime,scalability programmability portability andmemoryoverhead.

Unstructuredneshegor problemsn computationascienceandengineeringallow robustandautomatic
grid generationaroundhighly complex geometries. Furthermore the ability to dynamically adaptsuch
unstructureaneshess apowerful tool for efficiently solvingthoseproblemswith evolving physicalfeatures.
Standardixed-mesmumericaimethodscanbe mademorecosteffective by locally refiningandcoarsening
the meshto capturethesephenomenaf interest. Unfortunately an efficient parallelizationof adaptve
unstructurednethodsis ratherdifficult, primarily dueto the load imbalancecreatedby the dynamically-
changingnonuniformgrids. Nonethelesst is generallybelievedthatadaptve unstructured-gridechniques
will constitutea significantfraction of future high-performancsupercomputing0].

Recently three different parallel architectureshave emepged, eachwith its own setof programming
paradigms. On distributed-memorysystems,eachprocessoihasits own local memorythat only it can
directly access.To accesghe memoryof anothemrocessqra copy of the desireddatamustbe explicitly
sentacrossthe network usinga message-passirgprary suchasMPI or PVM. To run a programon such
machines,the programmemust decidehow the datashouldbe distributed amongthe local memories,
communicatedetweenprocessorsluring the courseof the computation,andreshufled when necessary
This allows the userto designefficient programsput at the costof increasedodecompleity.

In distributedshared-memorgrchitecturesgachprocessohasalocalmemorybut alsohasdirectaccess
to all thememoryin the system.Onthe Origin2000,for example,eachprocessousesalocal cacheto fetch
andstoredata.Cachecoherencés managedby hardware. Parallelprogramsarerelatively easyto implement
on suchsystemssinceeachprocessohasa global view of the entirememory Parallelismcanbe easily
achieed by insertingdirectivesinto the codeto distribute loop iterationsamongthe processorsHowever,
portabilitymaybediminished andsophisticateicacheprogramming’maybenecessarjo enhancearallel
performance.

Using multithreadingto build commercialparallelcomputerss aradically differentconceptin contrast
to the standardsingle-threadednicroprocessorsf traditional supercomputersFor example, eachTera
MTA processousesup to 128 threads. Suchmachinescan potentially utilize substantiallymore of its
processingpower by toleratingmemorylateny andusinglow-level synchronizatiordirectvesimplemented
in hardware. This multithreadedarchitecturds especiallywell-suitedfor irregular anddynamicproblems.
Parallel programmabilityis simplified sincethe userhasa global view of the memory and neednot be
concernedvith thedatalayout.

The remainderof this paperis organizedasfollows. In Section2, we give a brief descriptionof the
two-dimensionalinstructuredneshadaptatiorschemeThetestproblemusedfor theexperimentgeported
in this paperis describedn Section3. Sections4, 5, and6 describethe message-passinghared-memory
andmultithreadingmplementation®f the adaptatiorprocedureandpresentetailedperformanceaesults.
Finally, Section7 presentsa performancecomparisonby paradigm,and concludesthe paperwith some
closingremarksandobsenrations.

2 Unstructured Mesh Adaptation

For problemsthat evolve with time, meshadaptationproceduresave proved to be rohust, reliable, and
efficient. Highly localizedregions of meshrefinementare requiredto accuratelycaptureshockwaves,
contactdiscontinuitiesyortices,andshealayers.This providesscientistgsheopportunityto obtainsolutions
onadaptednesheshatarecomparabléo thoseobtainedon globally-refinedgrids but ata muchlower cost.

In this papey we parallelizea two-dimensionalinstructuredneshadaptatioralgorithmbasedon trian-
gular elements;completedetailsof the three-dimensiongbrocedures givenin [1]. In brief, local mesh



adaptationnvolvesaddingpointsto the existing grid in regionswheresomeuserspecifiederrorindicatoris
high, andremoving pointsfrom regionswheretheindicatoris low. The adwantageof suchstratgiesis that
relatively few meshpointsneedto be addedor deletedat eachrefinement/coarseningep. However, com-
plicatedlogic anddatastructuresrerequiredio keeptrackof themeshobjects(points,edgeselementsjhat
areaddedandremoved. It involvesa greatdealof “pointer chasing” leadingto irregularanddynamicdata
accespatternsMoreover, in aparallelenvironment,sophisticatedlynamicloadbalancingechniquesnust
be emplored asthe computationalvorkloadandthe communicatiorvolumegrow andshrinknonuniformly
atruntimedependingn the adaptation.

A triangularelementanberefinedin differentways: By bisectingoneor moreof its edgespr by adding
pointsin theinterior. However, the mostpopularstratgy of subdviding a triangletargetedfor refinement
is by bisectingall threeof its edgesto form four congruentrianglesasshavn in Fig. 1(a). This type of
subdvision is calledisotropic; however, a refinedmeshwill be nonconformingunlessall its trianglesare
isotropicallysubdvided. To obtaina consistentriangulationwithout global refinement.a seconadtype of
subdvision is allowed. For instance a triangle may be subdvided into two smallertrianglesby bisecting
only oneedgeasshawvn in Fig. 1(b). To preventthe meshrefinementproceduregrom propagatingf only
thesetwo subdvisionsareallowed, atrianglecanalsobesplit into threeif two of its edgesarebisected This
caseis shavn in Fig. 1(c). Thelattertwo subdvision typesareanisotropicastheresultingtrianglesareno
longersimilarto the parent.The procesf creatinga consistentriangulationis calleda closureoperation,
which mayrequiresereraliterationsif refinemengpropagations allowed.

By
Y

(b) ()

Figurel: A triangleis refinedinto (a) four, (b) two, or (c) threesmallertriangles.In (c), therearetwo ways
to selectthe secondnterior edgethe shorteroneis usuallychoserfor bettermeshquality.

It is importantto note herethat meshadaptatioris a tool thatis usedto make the primary application
morecosteffective. In otherwords,adaptingan unstructuredneshis not the final goalin itself, but simply
ameando a biggerend. Thefull applicationwill mostlikely include meshgenerationmatrix formation,
numericalsolution, and error detection,in additionto meshadaptationand dynamicload balancing(the
latter, for parallelimplementation®nly). Thesemodulesare by themseles active fields of researchand
areout of thescopeof this paper Thus,eventhoughparallelmeshadaptatiorandthe ensuingdynamicload
balancingare only two modulesof a completeparalleladaptve application,they arecritical components
that mustbe accomplishedapidly and efficiently so as not to causea significantoverheadto the actual
computationRecentwork by theauthorq7] examinessparsaterative solver performancen the contet of
programmingparadigmsandarchitecturaplatforms.

3 Test Problem

The computationameshusedfor the experimentsn this paperis the oneoften usedto simulateflow over
anairfoil (seeFig. 2 for the coarsdnitial mesh).Meshrefinemenis usuallyrequiredaroundthe stagnation
pointattheleadingedgeof theairfoil. At transoniaVlachnumbersshocksorm onboththeupperandlower
surfacesof theairfoil thatthenpropagateo thefar field. We simulatethis actualscenaridoy geometrically
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Figure2: A close-upview of theinitial triangularmesharoundthe airfoil.

adaptingregionscorrespondingipproximatelyto thelocationsof the stagnatiorpoint andthe shocks.This
allows usto investigataheperformancef themeshadaptatiorandloadbalancingalgorithmsin theabsence
of aflow solver.

For suchsteady-stat@roblems the computationalmeshis typically adaptedevery few hundreditera-
tions of the flow solver. Adaptationusually requiresabout5% of the total time. However, for unsteady
time-dependenproblems,adaptationis requiredmuch more frequentlyand can consume30-40%o0f the
total time. Thusan efficient parallelimplementatiorof the adaptatioralgorithmis crucial for the overall
efficiengy.

Table1 presentshe progressiorof grid sizesthroughfive levels of refinement.Thefinal meshis more
than40 timeslarger thanthe initial mesh. The computationameshafter the secondrefinementis shavn
in Fig. 3. For referenceurposesthe original serialadaptatiorcodeconsists of approximatelyl,300lines

H Mesh H Vertices Triangles Edges H
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

Tablel: Progressiomf grid sizesthroughfive levels of adaptation.
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Figure3: A close-upview of the meshafterthe secondefinement.

of C andrequires6.4 secondgo executethis simulationon a 250 MHz MIPS R10000processor Low-
level handtuning (suchasloop unrolling) wasnot performedfor any of the experimentsn this papey and
all compilationsusedthe - 3 optimization. All reportedrunswere executedmultiple timeson dedicated
systemsto assurereproducibility of the results. Note that a flow solver was not run betweensuccessie

adaptations.

4 Distributed-Memory | mplementation

The distributed-memoryersionof the meshadaptatiorcodewasimplementedn MPI within the PLUM
framework [6]. PLUM is anautomaticandportableloadbalancingernvironment,specificallycreatedo han-
dle adaptve unstructured-griéhpplications.It differsfrom mostotherload balancersn thatit dynamically
balancegprocessoworkloadswith a globalview.

PLUM consistsof a partitionerand a remapperthat load balanceand redistritute the computational
meshwhennecessaryAfter aninitial partitioningandmappingof the unstructurednesh,a solver executes
several iterationsof the applicatiod. The meshadaptatiorprocedurehenmarksedgesfor refinementor
coarsenindasednanerrorindicator(geometridor thetestsin this paper).Onceedgesave beenmarked,
it is possiblgo exactly predictthenen meshbeforeactuallyperformingtheadaptatiorstep.Prograncontrol
is thuspassedo the load balancemat this time. A repartitioningalgorithm, like the ParMETIS[5] parallel
multilevel partitioner is usedto divide the new meshinto subgrids.All necessargatais thenredistriluted,
the computationameshis actuallyrefined,andthe numericalcalculationrestartedIn short,therearethree

major steps:refinementrepartitioning,andremapping.

!Recallthata solver is not usedfor the experimentsreportedn this paper



PLUM is anovel methodto dynamicallybalancehe processoworkloadsfor unstructurecdaptve-grid
computationsvith aglobalview. It hasfive salientfeatures:

¢ Repeatediseof theinitial meshdual graphkeepsthe connectiity andpartitioningcompleity con-
stantduringthe courseof anadaptve computation.

Parallelmeshrepartitioningavoids a potentialserialbottleneck.

Fastheuristicremappingassigngartitionsto processorsothattheredistritution costis minimized.

Efficient datamovementsignificantlyreduceghe costof remappingandmeshsubdvision.

Accuratemetricsestimateandcomparethe computationagainandtheredistrilution costof having a
balancedvorkloadaftereachmeshadaptation.

Several optionsmay be set within PLUM, including predictive or non-predictre refinement,global
or diffusive partitioning, and synchronousr asynchronougommunication. Tables2 and 3 presentthe
resultsfor the bestcombinationof theseoptions(predictve refinementglobal partitioning,asynchronous
communicationpn a T3E andan Origin2000,throughthefive refinementevels shavn in Tablel. Results
arenot presentedor lessthaneight processorsf the T3E becausef memoryconstraints.The T3E used
for theseaxperimentds a 640-nodanachindocatedin the NERSCdivision of LawrenceBerkeley National
Laboratory Eachnodeconsistsof a 450 MHz DEC Alpha processqr256 MB of mainmemory a 96 KB
secondarycache andsomenetwork interfacehardware. The T3E codewascompiledon the UNICOS/mk
2.0.4operatingsystemwith Cray C version6.3.0.2. The Origin2000,0n the otherhand,is a 64-processor
SMP clusterof 250 MHz R10000MIPS microprocessordocatedin the NAS division of NASA Ames
ResearchiCenter The processorgontaina 4 MB secondarycache,and eachdual processoliSMP node
has512MB of mainmemory The Origin2000codewascompiledon the IRIX 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 1.60 598 9.99 1.03 28.11 270.18
32 1.09 1.50 391 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: Performancef the MPI codeonthe T3E.

The generalruntimetrendsaresimilar on both architectures Notice that morethan 32 processorsare
requiredto outperformthe serial case,sincethe total runtime of the distributed versionincludesthe load
balancingoverhead. The refinementime decreaseasthe numberof processors’ increasessincethere
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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
41 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 1.33 557 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: Performancef the MPI codeon the Origin2000.

is lesswork perprocessorndlittle communicationin the refinemeniphase.However, the speedupalues
becomeprogressiely poorerdueto the unevendistribution of refinementworkloadsacrosshe processors.
Recallthatourloadbalancingobjectve is to producea balancedneshfor the moreexpensve solver phase.
Partitioning times remain somevhat constantfor smallervaluesof P, but startto grow and eventually
dominateas P becomedarge. This is becausdhe amountof work and the communicationoverheadof
the partitionerincreasesvith P. A scalablerepartitionerwould improve the overall parallelperformance.
However, load balancingquality is excellent,asis evident from the imbalancefactors,exceptwhenusing
very large numbersof processors.

Finally, the dataremappingime decreasealmostlinearly as P increasesThis satisfiesour bottleneck
communicatiormodelwhich expressesemappingasa functionof themaximum(nottotal) communication
amongprocessor$s]. Most of the differencein theamountof datavolumebetweenTables2 and3 for the
samevalueof P is dueto differentword sizeson the two machines:The T3E has8-byteintegerswhereas
the Origin2000has4-byteintegers. This word-sizedifferencealsoaccountgor the fasterremappingimes
ontheOrigin2000.

Themessage-passingplementatiorof the adaptatioralgorithmrequireda significantamountof pro-
grammingeffort, primarily to maintainconsistentatastructuresacrossartitionsfor the sharedmeshob-
jects. This requirementffectively doubledthe size of the original serialcodeandincreasedhe memory
requirementdy 70%. Only a fraction of the additionalmemorywasusedfor trackingedgesandvertices
residingon partitionboundariesMost of the memoryoverheadvasdueto the sendandreceve buffersfor
thebulk MPI communicatiorduringtheremappingphase.

5 Shared-Memory | mplementation

Theshared-memoryersionof the meshadaptatiorcodewasimplementedn the CC-NUMA Origin2000,
whichis a SMP clusterof nodeseachcontainingtwo processorandlocal memory The hardwaremalkesall
memoryequallyaccessiblérom a softwarestandpointpy sendingnemoryrequestshroughrouterslocated
onthenodes.Accesstime to memoryis nonuniform dependingn how far avay the memorylies from the
processarThetopologyof theinterconnectiometwork is a hypercubeboundingthe maximumnumberof
memoryhopsto a logarithmicfunction of P. Eachprocessorlsohasa relatvely large 4 MB secondary
cachememory whereonly it canfetchandstoredata.lf a processorefersto datathatis notin cachethere
is adelaywhile a copy of the datais fetchedfrom memory Whena processomodifiesa word of data,all
othercopiesof the cacheline containingthatword areinvalidated.To minimize overheadcachecoherence
is managedy the hardware.

This versionof the parallelcodewaswritten using SGI's native pragmadirectives, which createlRIX



threads.A rewrite to OpenMPwould requireminimal programmingeffort. The mainkernelof the refine-
ment procedureconsistsof looping over the list of triangles. In the shared-memorymplementationthis
work is split amongall the processorsHowever, it is necessaryo guaranteehat multiple processorsvill
not modify the samelocationin the datastructure.Two basicapproachegeretakento achieve this goalof
preventingmemoryraceconditions.

Thefirst stratgly (GRAPH_COLOR) usegyraphcoloringto form independensets wheretwo triangles
have differentcolorsif they shareavertex. Sinceoptimal graphcoloringis NP-completewe usea simple
greedyalgorithm. The processorsanthenwork simultaneouslyn all trianglesof the samecolor. Dynamic
distribution of loop iterationsamongthe processorss easilyachiezed throughpragmacompilerdirectives.
Two algorithmicoverheadsreassociatedavith this stratgy: Thecoloringof newly-formedtrianglesonthe
fly, anda barrier synchronizatiorat the completionof eachcolor beforeprocessingf the next color can
begin. An exampleof aninitial andadaptednesh®colored” in this fashionis shavn in Fig. 4.

Figure4: Thetrianglesof aninitial andadaptednesharecoloredusingthe GRAPH_COLOR stratayy.

The secondstratgy (NO_COLOR) useslow-level locks insteadof graphcoloring. When a thread
processea giventriangle,it locksthecorrespondingerticesandedges Otherthreadsattemptingto access
thesemeshobjectsare blocked until the locks arereleased.The algorithmicoverheadies in theidle time
processorsnust spendwhile waiting for blocked objectsto be released.However, coloring or multiple
barriersynchronizationarenot required.

Finally, a hybrid method(HYBRID_COLOR) combinesan edge-basedoloring of the triangleswith
vertex-basedlocks. In this stratgy, two neighboringtrianglesare guaranteedo have different colorsiif
they shareanedge.This approachrequiresfewer colorsthanGRAPH_COLOR, sinceanarbitrarynumber
of trianglescan potentially sharea vertex, whereasno morethantwo trianglescansharean edge. Vertex
synchronizatioms handledhroughlow-level locksasin theNO_COLOR stratgy. Table4 shavsthetiming
resultsfor all theseapproachesGRAPH_COLOR required25 colorswhereatHYBRID_COLOR needed
11 colors. Note thatafter eachadaptationcontrolwould be passedo a shared-memorgolver which uses
the globally addressablmeshfor performingflow computations.

For GRAPH_COLOR, thetotal runtimeremainsrelatively constantegardlesof P, althougha signif-
icant performancealeggradationis seenbetween32 and 64 processors Several reasonsontritute to these
poor performancenumbers. Single-processocacheperformanceand translationlookasidebuffer (TLB)
reuseare extremely poor  On one processqrthe refinementruntime (20.8 secs)increasesy a factor of
three comparedto the serial case(6.4 secs). This is becausehe trianglesare processedne color at a
time, wheretwo trianglesof the samecolor are never adjacent.As a result,the cachemissrateincreases
dramaticallyfrom the serialcasewhereall the trianglesare processedh the naturalorder in which subse-
guenttrianglesareusuallyclosetogetherin memory Usingthe R10000hardware countersthe numberof
cachemisseqprimary andsecondary)ncreasedrom approximatelyl5 million in the original serialcode



GRAPH_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| 21.5 244 459 11.9 18.6 89 275
41 175 240 415 21.1 20,2 112 314
8|l 17.0 226 39.6 38.4 21.0 129 339
16 || 17.8 220 39.8 56.8 32.3 16.3 486
32| 235 258 493 107.0 60.2 194 79.6
64| 429 296 725 160.9 82.7 189 1016

Table4: Timings(in secs)of theshared-memorgodeon the Origin2000.

to almost85 million for the GRAPH_COLOR case(whenusingoneprocessor).

Anotherconsequencef the poordatalocality is theincreasednissrateof the TLB. The TLB registers
storethetranslationdetweervirtual andphysicalmemoryfor the 64 mostrecentlyusedpagesif amemory
addresss locatedon avirtual pagewhich residesn the TLB, thevirtual-to-physicalmappingis carriedout
in hardwarewith zerolateng. Otherwisethe operatingsystemtrapsto arelatively expensve routinewhich
finds the physicaladdressn a memorytable, resultingin a significantoverhead. For this testcase,the
numberof TLB missesincreasedrom 7.3 million in the serialcaseto almost53 million whenusingthe
GRAPH_COLOR stratgy, againfor P = 1.

Poorparallelperformancealsostemsfrom the structureof the codewhich, for programmingsimplicity,
assumes flat shared-memoryodelanddoesnot considerdatalocality or cacheeffects. Whentriangles
of aparticularcolor arebeingprocessedeachprocessorefinesdistincttrianglesthathave non-orerlapping
edgesandvertices. However, sincedatastructuresare not explicitly reorderedcachelines containmesh
objectghatmayberequiredby severalprocessorsimultaneouslyThisfalsesharingproblemis exacerbated
whennewv meshobjectsare createdduring a refinemenfphase.Eachtime a new word is written to cache,
all copiesof that cacheline residingon other nodesare invalidated. The hardware systemis therefore
overloadedattemptingo maintaincachecoherenyg in this ervironment.Also, theautomatigpagemigration
optionof the Origin2000cannotimprove parallelperformancesincea single pageof memorymay contain
datarequiredby all processorsA moreintelligentgraphcoloringschemecouldlower the numberof colors
andreducegraphcoloringtime, but it would notimprove the poorscalabilityof therefinemenphase.

Relatively little effort wasrequiredto corvert the serialcodeinto the GRAPH_COLOR implementa-
tion. The compleities associatedavith graphpartitioninganddataremappingvereabsent.Parallelization
waseasilyachieved by distributing loopsacrossprocessorsisingcompilerdirectives. The additionof the
greedygraphcoloring algorithm causedabouta 10%increasen codesizeanda 5% increasen memory
requirements.

Timing resultsfor the NO_COLOR approaclarealsoshavn in Table4. Recallthatlow-level locksare
usedherefor synchronizatiorandgraphcoloringis not neededThis simplifiesparallelizationandrequires
minimal memoryoverhead.Unfortunately the performanceof this approachs extremelypooron multiple
processors.Notice that on one processqrthereis a smallincreasen the runtime (8.2 secs)comparedo
the original serialcode(6.4 secs).This is dueto the overheadof setting,checking,andreleasingow-level
locks. As P increaseshowever, performanceapidly deteriorateslueto thefine granularityof the critical
sectionsTheprocessorareconstantlycontendingo grablocksin orderto modify meshdatastructuresin
addition,blockedthreadsareunableto do any usefulwork andspinidly waiting for accesso lockeddata.lt
is obviousfrom theseresultsthatsuchfine-grainsynchronizatioris not suitablefor thistypeof architecture.
TheHYBRID_COLOR, which usesa combinationof graphcoloringandlocks,alsoshavs poorresultsfor



similarreasons.

One possibletechniqueto improve performances to order the triangles, edges,and vertices,such
thateachprocessorefinesa contiguoussectionof the mesh. This would improve cachereuseandreduce
falsesharing. To accomplishthis, a domaindecompositioralgorithmsuchasParMETIS [5] or a locality-
enhancingstratgy suchasself-avoiding walks [4] is required. All meshobjectscould thenbe remapped
or reorderedaccordingly As the meshgrew after eachrefinemenistep,anotherroundof partitioningand
remappingwould be required. However, this stratgy would male little sensesinceit is equivalentto the
MPI implementationrequiringa similar amountof programmingeffort andbalancingoverheadsTheonly
major differencewould be the useof a global addressspaceinsteadof explicit message-passiraalls for
performinginterprocessocommunication.

Notethatwe arenotaskingwhethershared-memorgonstruct€anachieze MPI performancdor equiva-
lentprogrammingapproacheaPI generallyincursahighercommunicatioroverheardhansharednemory
dueto extramemorycopies.In fact,the MPI library is commonlysimulatedoy sharednemoryon systems
wherea global addresspaceis supported.Recentwork by the authors[7] hasshavn thatfor sparsema-
trix computationsit is possibleto achiere message-passingerformancaisingshared-memorgonstructs,
throughcarefuldataorderinganddistribution. Theconclusiorhere,however, is thatfor this combinationof
applicationsandarchitecturesthe shared-memorprogrammingparadigmis not particularlyeffective.

6 Multithreaded | mplementation

The TeraMTA is a supercomputerecentlyinstalledat the SanDiego SupercomputingCenter The MTA
hasan architecturethat is radically differentfrom thoseof currenthigh-performancecomputersystems.
Eachprocessohassupportfor 128 hardware streamsywhereeachstreamincludesa programcounteranda
setof 32 registers. Oneprogramthreadcanbe assignedo eachstream.The processoswitcheswith zero
overheadamongthe active streamsat every clock tick evenif a threadis not blocked, while executinga
pipelinedinstruction.

The uniform sharedmemoryof the MTA is flat, and physically distributed acrosshundredsof banks
that are connectedhrougha 3D toroidal network to the processors.All memoryaddressesire hashed
by the hardware so thatapparentlyadjacentwvordsare actuallydistributed acrossdifferentmemorybanks.
Becausef the hashingschemeit is impossiblefor the programmeto controldataplacementThis makes
programmingmuch easierthan on standardcache-basedultiprocessosystems. Ratherthan using data
cachedo hidelateng, the MTA processorsisemultithreadingto toleratelateng. If athreadis waiting for
its memoryreferenceao completethe processoexecutesnstructionsfrom otherthreads Performancéhus
depend®n having alarge numberof concurrentomputatiorthreads.

Lightweight synchronizatioramongthreadss provided by the memoryitself. Eachword of physical
memorycontainsafull-emptybit, which enablegastsynchronizatiowvia loadandstoreinstructionswithout
operatingsystemintervention. Synchronizatiormmongthreadsmay stall one of the threads,but not the
processoon which the threadsare running, sinceeachprocessommay run mary threads. Explicit load
balancingacrossoopsis alsonot requiredsincethe dynamicschedulingof work to threadsprovidesthe
ability for keepingthe processorsaturatedevenif differentiterationsrequirevarying amountsof time to
complete.Oncea codehasheenwritten in the multithreadednodel,no additionalwork is requiredto runit
on multiple processorssincethereis no differencebetweeruni- andmultiprocessoparallelism.

The multithreadedmplementatiorof the meshadaptatiorcodeis similar to the NO_COLOR strategyy
usedon the Origin2000. Low-level locks ensurethat two neighboringtrianglesare not updatedsimulta-
neously sincethis may causea racecondition. A key differencefrom the shared-memorimplementation
is the multiple executionstreamson eachprocessor The loadis implicitly balancedy the operatingsys-
temwhich dynamicallyassigngrianglesto threads.No partitioning,remappinggraphcoloring, or explicit
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load balancingis required greatlysimplifying the programmingeffort. Uponcompletionof the refinement
phase controlwould be passedo a multithreadedlow solver [3]. Table5 shavs the performanceon the
8-processo55MHz TeraMTA with 8 GB of mainmemory throughfive refinementevels. TheMTA code
wascompiledontheMTX 0.5.1operatingsystemwith TeraC version0.5. Thenumberof streamss easily
changedhrougha compilerdirective.

Numberof Streams
100 80 60 40 1

204 222 272 3.82 150.1
1.06 1.15 1.40 1.98
0.59 0.64 0.74 1.01
0.40 0.43 0.51 0.69
0.35 0.37 041 0.55

oo~ NRF|T

Table5: Refinementimings(in secs)of the multithreadedcodeon the TeraMTA.

Resultsshav that for 100 streamsa singleMTA processof2.04 secs)outperformsthe serialR10000
version(6.4 secs)y morethana factorof three. With four processorsperformancecontinueso improve,
achiezing 86%efficiengy with 100streamsand95% efficiengy with 40 streamsUsingall eightprocessors,
thefastestuntimeis only 0.35secsalthoughefficiengy is reducedo 73%and87%with 100and40streams,
respectrely. As weincreasehenumberof processorghenumberof active threadsncreaseroportionately
while theruntimesbecomevery small. As aresult,agreatepercentagef theoveralltimeis spentonthread
managementausinga decreas@n efficiency (Amdahl’s Law).

Anotherpotentialsourceof thedegradationin efficiency arememoryhot-spots A hot-spotoccurswhen
mary streamsattemptto accesshe samememorylocation. This may be happeningrequentlywithin the
meshadaptatiorcode sincemultiple streamsaresharingedgesandverticesof thetriangles.Sinceamemory
bankcanonly handleonereferenceapproximatelyevery 36 clockticks, multiple referenceso thesamebank
effectively becomeserialized. To help alleviate this problem,a limited numberof specialhot-spotcaches
areprovidedin hardware,whichallow consecutie reference$o asinglelocationevery 2 clockticks. Future
researctwill examinehot-spotbehaior in detail.

Noticethatwhenthe numberof streamsiropsfrom 100to 80, thereis only a slight degradationin per
formancejndicatingthat80 streamsaresuficient for this problem.Whenthe numberof streamsiecreases
to 40, however, thereis a significantslovdown, althoughthe algorithmscalesbetter Theseresultsindicate
that thereis sufiicient instructionand threadlevel parallelismin the meshadaptationcodeto toleratethe
overhead®f memoryaccesandlightweightsynchronizationif enoughstreamsanbeused.

It is difficult to speculateon the expectedruntime of the meshadaptatiorcodefor a fully-configured
256-processoMTA. Much of the performancewill dependon specifichardware configurationsandfuture
operatingsystemdesign. However, a systemof this sizerunning 100 active threadsper processqrwould
require25,600concurrenstreamsof execution.For our testcase the numberof trianglesperthreadwould
thendropto about50 duringthe fifth refinementevel. This may prove too low to overcomeparallelover
headsandloadimbalancejmplying thatour problemsizewould thenbetoo smallfor sucha large number
of MTA processors.

By settingthe MTA to serialmode,we canrun our codeusingjust onestream.Theruntimeis almost75
timesslower thanasinglesaturatednultithreadingorocessorA singlestreancanissueonly oneinstruction
atatime, andthenmustwait thelengthof theinstructionpipeline(atleast21 cycles)beforeissuinganother
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Also, no usefulwork canbe donewhile memoryis beingfetched sinceno otherthreadsareactve.

Althoughthe Teracompilerattemptgo automaticallyextract parallelismfrom a serialprogram,it was
necessaryo explicitly handcodeall the parallelismfor the multithreadedversionof our meshadaptation
algorithm. This is becausehe codeis highly irregular, and often usesone or more levels of indirection
for memoryaddressingAs a result,the compiler cannotdeterminewhich sectionsare safeto parallelize.
However, it is simpleto mark the parallelizableregions with compilerdirectves. Thus, a trivial amount
of programmingwas requiredto convert the serial meshadaptationcodeinto the multithreadedversion.
The codesizeincreasedy about2% for compilerdirectvesandlock placementsAn additionalmemory
requiremenbf 7% wasusedto storesynchronizatiorvariablesthat coordinatedaccesgo dataduring the
adaptatiorprocedureWe look forwardto continuingour experimentsasmoreprocessorecomeavailable
ontheTeraMTA.

7 Conclusions

Thegoalof thiswork wasto parallelizeadynamicallyadaptingunstructureaneshapplication.lt is particu-
larly difficult to achiere goodperformancen suchalgorithmsdueto theirirregularandadaptve nature.We
usedthreedifferent programmingparadigmson state-of-the-arsupercomputer achie/e our objective?.
Table6 summarizesurfindings. Thetimingsfor the variousparallelversionswhich arethe besttimesfor
ary numberof processorsestedjncludethe overheadf dynamicloadbalancingthisis absenin theserial
version). It is alsoimportantto realizethatdifferentparallelversionsusedifferentdynamicload balancing
stratgjies. Finally, notethat “code increase”is not considereda precisemetric, but is nontheless very
usefulmeasuref overall programmingcomplexity.

Programming 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
Shared-memory Origin2000 39.6(P = 8) 10% 5% None Medium
Multithreading MTA 0.35(P = 8) 2% 7%  High Low

Table6: Comparisoramongprogrammingparadigmsandarchitectures.

The message-passingrsiondemandedhe greatesprogrammingeffort. Datahadto be explicitly de-
composedicrosgrocessorandspecialdatastructureiadto becreatedor meshobjectslying on partition
boundariesWe usedPLUM for dynamicloadbalancingwhich requiredrepartitioninganddataremapping
betweerrefinemenphasessSignificantadditionalmemorywasalsoneededmainly for the communication
buffers. Despitethesedravbacks themessage-passingdeshavedreasonablecalabilityandcanbeeasily
portedto any multiprocessosystemsupportingMPl.

Theshared-memoryersionrequiredanorderof magnituddessprogrammingeffort thanthe MPI ver
sion, and had a low memoryoverhead. This codecanbe portedto ary systemsupportinga global ad-
dressspace.The GRAPH_COLOR stratgy usedgraphcoloringto orchestrateneshrefinementwhile the

2All codesarepublicly availabledirectly from theauthors.
3Differentprogrammingparadigmsequiredvarying numbersof operations.
4Only eightprocessorareavailableon the currentconfigurationof the TeraMTA.
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NO_COLOR strategy relied on low-level locking mechanisms.Unfortunately the fine-grainednatureof
thesecomputationgesultedn poorcachereuseandsignificantoverheaddueto falsesharing.Explicit data
decompositiorwith remappingor a truly flat memorysystemwould be requiredto improve theseperfor
mancenumbers.

Finally, the TeraMTA wasthe mostimpressie machinefor our dynamicandirregularapplication.The
multithreadedmplementationmequireda trivial amountof additionalcodeandhadlittle memoryoverhead.
The compleities of datadistribution, repartitioning,remappingor graphcoloringwereabsenbn this sys-
tem; however, the MTA is not well-suitedfor all typesof algorithms. A codesggmentnot amenabldo
multithreadingcan createa dramaticbottleneckwithin an application. This canbe seenin Table5 where
the performanceof onestreamis 75 timesslower thana single saturatedMTA processor We alsoexpect
theruntimeof the MTA to be slower thantraditionalcache-basedrchitecturegor load balancedapplica-
tions with substantiakcachereuse. Other performancestudiescomparingthe MTA with leadingparallel
systemganay be of interestto thereaderf2, 3, 8, 9]. In conclusion,our overall resultshave demonstrated
that multithreadedsystemsoffer tremendougpotentialfor quickly andefficiently solving someof the most
challengingreal-life problemson parallelcomputers.
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