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Abstract In thiswork we presentaiperformancenodelthatencompassebekey character
isticsof a Sntranspor@applicationusingunstructuredneshes Sntransportis an
importantpartof theASClworkload. Thisbuilds on previousanalysisvhichhas
beendonefor thecaseof structuredneshesTheperformancenodelingof anun-
structuredgrid applicationpresent& numberof compleities andsubtletieshat
do not arisefor structuredgrids. The resultinganalyticalmodelis parametric
using basicsystemperformancecharacteristicglateng, bandwidth, MFLOPS
rateetc),andapplicationcharacteristicmeshsizeetc). It is validatedon alarge
HP AlphaSerer systemshaving high accurag. Themodelcomparegavorably
to atracebasedmodelingapproachwhich is specificto a singlemesh/processor
mappingsituation. The modelis usedto give insightinto the achiezableperfor
manceonpossibldutureprocessingystemsontainingthousandsf processors.

Keywords:  Performancevaluation,PerformanceModeling, Unstructured-Meshes.arge-
scaleSystems.



1. I ntroduction

In this work we presentthe developmentand useof a performancemodel
for an applicationcodedevelopedfor solving the Boltzmannequationdeter
ministically (Sn transport)on unstructuredmeshes. The unstructuredmesh
applicationthatis modeledhereis known asTycho[12]. The problemis of
greatimportanceo the ASClworkload,henceothercodesarealsobeingunder
developmentfor this purposee.qg. [14].

Unstructuredneshesave severalbenefitsoverthe useof structuredmeshes
in termsof the calculationsundertalen, but have significantextra overheadn
termsof performance.Sereralimportantperformancdactorsthatcanreduce
the overall calculationefficiengy of this type of computationson large-scale
parallelsystemsareanalyzedn this paper

The algorithmsemployed in deterministicSn (discreteordinate)computa-
tionsfall in aclassgenericallynamedwavefronttechniqueslin anutshellthey
utilize an iterative approachusinga methodof “sweeping”[3]. Eachspatial
cell in a meshis processedn a specifiedorderfor eachdirectionin the dis-
creteordinatesset. The wavefronts(or sweepshpresoftwarepipelinedin each
of the processinglirections. Wavefront algorithmsexhibit severalinteresting
performancecharacteristicsrelatedto the pipelined natureof the wavefront
dynamics. Theseinclude a pipeline delayacrossprocessorgor a sweep,and
a repetitionrate of both computationand communicationin the direction of
the sweep. In the caseof a structuredmesha high efficiency of calculation
canbeachievedasall active processorperformthe sameamountof work, and
communicatehe samesizedboundarydata[3].

Efforts devotedto the performanceanalysisof Sntransportdatebackmary
years. Researchhasincludedthe developmentof performancemodelsasa
function of problemmeshand machinesize[8]. More detailedperformance
modelshave beendevelopedthatalsoincludeinterprocessocommunication,
andSMPclustercharacteristic3—4]. However, theseall considerecdanunder
lying structuredmesh.

Thekey contrikution of this paperis thedevelopmenif ananalyticalperfor
mancemodelof Sntransporton unstructuredneshes.This is thefirst perfor
mancamnodelfor SnTranspoton undructured meses. Themodelencapsulates
the main performancecharacteristicparameterizeéh termsof meshsizeand
systemconfiguration. Two analyticalmodelsare consideredonein a gen-
eralform andonein a meshspecificform. A third “trace” model, similar to
Dimemagd?2], is includedto comparethe differentmodels.

The approachthat we take for modelingis applicationcentric. It involves
understandinghe processinglow in the application,the key datastructures,
and how they useand are mappedto the available resources. From this a
performancemodelis constructedhatencapsulatethekey performancehar
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acteristics.Thisapproacthasbeensuccessfulljusedon anadaptve meshcode
[6], astructuredmeshtransporicode[3], andaMonte-Carloparticlesimulation
code[9].

Theanalyticalmodeldevelopedhereis shavn to have reasonabl@ccurayg
throughavalidation processonaHP AlphaServepardlel madine. Thegeneral
modelis able to add insight into the achiasable performancethat could be
obtainedbnhypothetichfuturearcitecturesandherceindicaing theefficiency
andsizesof meshthat could be processed.Specificallywe usethe modelto
explore expectedachievable performanceon future large-scalesystemswhich
may be capableof a 100tera-flopsprior to their availability.

Thepapelisorganizedasfollows. In Sectior?, theSntransportalaulationis
detailedandcomparisondetweerits operationon structuredandun-structured
meshesare made. In Section3 the key characteristicf the processingare
describedwhich are usedin the developmentof the performancemodelsin
Sectiond4. The modelsarevalidatedin Section5 on a numberof unstructured
meshesand are usedto explore the performanceon future architectureghat
cannotcurrentlybe measuredn Section6.

2. Overview of Sn Transport Algorithms
2.1 The method of sweeping

Two examplesaredepictedoelow thatillustratethemethodof sweepingised
within an Sntransportcalculationfor a structuredandan unstructuredmesh.
In both casesthe calculationdependenciem the direction of the sweepsare
clearlyshavn.

Structured meshes Inthree-dimensiongachsweemdirectioncanbeconsid-
eredto originatein oneof the8 corners(“octarts”) of thespatid domain. Within
eachoctanttheorderingof cell processings identical. Figurel shovsthefirst
six stepof two separatswee atdifferent anglesfor atwo-dimersiond spatid
domain,originatingfrom differentoctants.Theedgeof the sweepcorresponds
to a wavefrontandis shavn asblack. It requiresthe grey cells to have been
processedn previous steps. The sameoperationcantake placein threedi-
mensiongresultingin a wavefront surface. The wavefront propagatescross
the spatialdomainat a constantcalculationvelocity sincethe time neededo
processacell is constant.This processingalgorithmasdevelopedin [8], uses
directindexing of the spatialmeshasthe cell processingrderis deterministic
for eachsweepdirection.

Unstructured meshes An example two-dimensionalunstructuredmeshis
depictedin Figure2. Two sweepdirectionsare againusedto illustrate the
processingver atotal of six steps.As before,the cellsbeingprocessedn the
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Figurel. Examplesweepprocessingna2-dimensionaktructuredmesh.

currentstepareshovn asblackandrequirethepreviously calculatedyrey cells.
The orderingof cell processings directiondependent.Theincomingdatato
acell aredeterminedby the meshgeometryandit is apparenthatthe propa-
gationspeedof the wavefrontsalsovarieswith direction. The samesituation
occursin three-dimensionajeometry only with the meshbeingcomposedf
tetrahedronspyramids,or prisms.
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Figure2. Examplesweepprocessingn an2-dimensionalinstructurednesh.

2.2 Sweeping in Parallel

Parallel wavefront computationsexhibit a balancebetweenprocessoeffi-
ciengy and communicationcost[3]. Fasterwavefronts, generatedby a data
decompositiorleadingto small subgridsizesper processarintroducehigher
communicatiorrostsbut resut in high processa utilization. Theoppositéholds
truefor slowver moving sweepslueto largersubgridsizes.In orderto optimize
wavefrontdynamics Sntransporiapplicationsypically utilize blocking of the
spatialsubgridand/orblocking of the angleset.
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Important performanceconsiderationsn parallel wavefront applications,
which needto be capturedn the model,areasfollows:

pipeline effects aprocessorsinactive until asweepsurfaceenterscellsin that
particularprocessar However, multiple sweepsare active at ary given
time in the processorarray Overlap exists betweencomputationand
communicatiorwithin eachsweepandacrosghe active sweeps.

communication costs for boundarydatatransfer

load balancing of the numberof cells processean eachPEin a step. This
appliesto wavefrontson unstructuredneshesonly asan equalnumber
of cellsareprocessedh eachstepon eachPEfor a structuredmesh.

In orderto analyzetheseeffects, the processinghat takes place on both
structuredandunstructuredneshess illustratedbelow.

Structured meshes In codessuchasSweep3Dwhich performsanSntrans-
port computationon a structuredmeshesthe 3-D meshis mappedontoa 2-D
processoarraysuchthateachprocessohasa columnof datawhich s further
blockedin its third dimension.Theprocessings effectively synchronizedfter
thefirst sweephasmovedacrosshe PEarrayresultingin all processordeing
active. Theprocessingnvolvedin eachsweeps dependenbntheblocksize(a
known constant).Thusonediagonabf processorswill beprocessing onesweg
while the previous diagonalis processinghe next sweepandsoon (Figure3).
The direction of sweeptravel is the indicatedby 2 with interprocessocom-
municationsshavn by arrows. It hasbeenshowvn thatthe costof performing
this calculationon a structuredmeshconformsto a pipelinemodel[3]:

TTotal = (P:c +Py - 1)(TCPU + STmsg) + (Nsweep - 1) (TCPU +4Tmsg) (1)

whereP, andP, aredimension®f theprocessogrid, Nsweegs thenumber
of sweepsycpy andTyssq is thetimeto process cell block, andthetime to
communicatamessageespetively. Thefirstpartof thisequatiorcorrespands
to the length of the pipeline andthe secondpartit the numberof repetitions
oncethe pipelineis filled.

Unstructured meshes The processingon an unstructuredgrid follows the
samedependeng rules as above, but the meshpartitioning is typically done
in all 3 dimensions.An example2-D partitioning of an unstructuredneshis
shavn in Figure4. The communicationsbetweenprocessorsare shovn by
arrons, and a simplified propagationof the sweepin the indicateddirection
is shavn by the grey lines. Tycho actuallyenablessweepsn all directionsto
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Figure3. Thepipelineprocessingf sweepsn parallel.

commencesimultaneouslyThuseachcellis processedbr eachsweepangleset
whilst still takinginto accounthedependencieis eachof thesweepdirections.
Theunit of processingvork canbe consideredasa singlecell-anglepair.

The sweepprocessingon the unstructuredmeshcan also be blocked - a
numberof cell-anglepairscanbe processeger step. However, this canresult
in processoinefficiency down the pipeline- processoridlenesscanoccurdue
to boundarydatabetweernprocessorsiot beinga constantsizeover steps.

»Wﬁ

Figure4. Examplepartitioningandsweepflow ona2-D unstructurednesh.
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An approacho maximizeprocessoutilizationis to considereachcell-angle
pairasatask,andto assigneachapriority. Tasksareplacedin apriority queue
with thehighesipriority onesbeing procesedfirst. Thekey tothisappradisin
theassignmenof priorities. In generalprocessoboundarycellswill beof high
priority (boundarycells needto be processedn orderfor the sweepdo travel
down thepipeline),andcellsupstreanof theboundarycells(i.e. thoseneeding
to be processegbrior to the boundarycells) aregiven an even higher priority.
This schedulingapproachattemptsto maximizecell boundaryproductionin
orderto keepthe processorslownstreain thepipelinebusy. Severaldifferent
heuristicschedulingscheme$ave alreadybeenanalyzedusingTycho[12].

3. Key Processing Characteristics

Thekey processingharacteristicén Tychoare: meshpartitioning,pipeline
processingprocessoutilization, andstrongscaling. An understandingf these
factorsis requiredin orderto formulatethe performancenodel. Two situations
areconsideredn thisanalysis- ageneralkcasewvhenno knowledgeof themesh
exists (exceptfor the total numberof cells),anda meshspecificcasein which
themeshis inspectedor detailedinformationwhich canbe usedin themodel.

31 M esh partitioning

The partitioning is not donewithin Tycho, rathera suitabletool suchas
Metis [5]is utilized. This meshpartitioneraimsto produceequallysizedparti-
tions while minimizing boundaries.Suchan optimal partitioning of the mesh
in generalwould keepthe work acrossPEsconstantand minimize the com-
municationcost. However, dueto the pipeline processingandload-balancing
characteristicen Tycho, this partitioningmay not be optimal.

Tychoalsoutilizesa3-dimensionaprocessodecompositionThiscontrasts
with Sntransporion structuresneshesvhichtypically utilizesa2-dimensional
processodecomposition.

For sucha 3-D partitioning,thenumberof cells perpartitioncanbetakento
beE, = N/P whereN isthenumberof cellsin themeshandP isthenumber
of PEs(which is equalto the numberof partitions). In the generalcaseeach
3-D partition would ideally have six nearesineighborseachwith a boundary
sizeof Ep*/3 cells.

Whenconsideringaspecificmeshthenumberof cellsperprocessark,, and
a vector of neighborcommunications\,(s, p), and averagecommunication
sizes,N;(s,p), per stepfor eachPE can be obtainedby inspectiononcethe
meshhasbeenpartitionedandthe work scheduled.Note that the vectorsare
definedfor eachstep,s, andfor eachPE,p.
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3.2 Pipeline processing

Sweepsn all directionsstartsimultaneouslyn Tycho. Thefirst cell- angle
pairs processedire thosethat lie on the boundaryof the spatialmeshwhich
have noinflowsin thesweepdirection. Thiscorrespondso nearlyall boundary
elements. The sweepshus generallystartfrom the surface of the meshand
work their way to the centrebefore propagatingout the oppositeside. The
dynamicsf thepipelineis determinedy thepipelinelengthandby theamount
of computatiordoneon eachmeshpatrtition. Thepipelinelengthis determined
by the numberof stagesn the propagatiorof the sweepfrom oneside of the
meshto another In 2-D the numberof graylinesin Figure4 would represent
the numberof stages.In general,givenanideal 3D partitioning, the pipeline
lengthis givenby:

PL=(P,—1)+(P,— 1)+ (P, — 1) )

where P;, P, and P, arethe numberof PEsin eachof the threedimen-
sionsrespectrely. Thetotal work done,or thetotal numberof cell-anglepairs
processedypn eachmeshpartitionin aniterationis equalto:

W, = E, * N 3)

whereNg is numberof sweepdirections. For a specificmesh the pipeline
length, P, canbe obtainedby inspectionof the meshafterthe partitioninghas
beenperformedandis equalto the maximumnumberof PEstraversedin ary
sweepirection. Thetotalamountof work doneperpartitionremainsasabove.

3.3 Processor utilization

Eachstepin Tycho consistsof threestages:do the work at the top of the
priority queue sendboundarydatato PEsdowvnstreamandreceve boundary
datafrom upstreamPEs. The amountof work donein a stepis determined
by aninput paramete? C PS (MaxCellsPerStepdndspecifiegshe maximum
numberof cell-anglepairsthat canbe processedn a stepin eachprocessar
ThusM CPS effectively represents blocking factor

The processingsituationis complicatedby the processingdependencée-
tweenupstreamanddownstreancellsin thesweepdirections. Thisdependence
mayleadto downstreanPEswaiting for theupstreanPPEsto sendthenecessary
boundaryinformation. Therewill almostalwaysbe a degreeof inefficiency in
this operationand processorsill be staned of work waiting for the results
from otherPEs. It is interestingto notethatfor the caseof structuredmeshes,
the work on eachPE is equalthroughoutandthusthere processorsre fully
utilized oncethe pipelineis filled. To quantify this inefficiency, the metric of
Parallel ComputationaEfficiengy, PCE [12], is used:
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Wy

PCE = #steps
221 maxp([lwork (P, S)|)

(4)

wherework(P, S) is the numberof cell-anglepairsprocessedn stepS on
processot?, andW, is thetotal numberof cell-anglepairsprocessen each
processoin aniteration. PCErepresentshefraction of the maximumnumber
of cells that are processedn all stepsin aniteration. When PCE = 1 the
efficiency is 100%- this canonly occuron asmallprocessorun (typically <9
PEs).Thelowerthevalueof PCE, thegreaterthe inefficiency.

A valuefor PCEcanbeobtainedor aspecificmeshafterits partitioningand
beforethe sweepexecution. The numberof stepsrequiredto performthetotal
numberof cell-anglepairsper PE (excluding the pipeline effect) is givenby:

WP
(MCPS « PCE)

In the generalcase,i.e. without the inspectionof the mesh,a value of the
PCEhasto beassumed possiblybasedn experiencerom prior meshesThis
assumptioncan be inaccuratereflectingthe tradeof betweengeneralityand
accurag alwayspresenin performancenodelingwork.

®)

34 Strong Scaling

Typical Tychorunsareexecutedin a strongscalingmode- theinput mesh
sizeis constantandthuspartitionsbecomesmalleron larger processorcounts.
This is easilyincorporatednto a modified expressionfor Wp. However, for
the caseof strongscaling,the memoryhierarchyeffects have to be carefully
consideredFor instancevhena meshpartitionbecomesmallenoughto fit in
cachethe performancewill be betterthanif mainmemoryhasto beaccessed.

Figure5 shavsthe computatiortime percell for differentmeshesandparti-
tion sizesonan833MHzAlphaEV68processowith 8MB L2 cache.Thereare
clearlythreeregionsevident: whenthepartitiondoesnotfit into L2 cacheright
handplateau) whenthe meshfits into L2 cache(left handplateau),andwhen
partial cachere-useoccurs(middle region). Thereis somevariationbetween
meshegn this analysisdueto the differentmemoryaccesgatternsandhence
theactualcachereuse.lt canbeseerthatagoodapproximatiorto thismemory
hierarchyperformancecan be encapsulatedn a piece-wiselinear curve. In
generalhowever, we areinterestedn large meshes thosethat unfortunately
will notexhibit cachere-use.

4, Performance M odelsfor Tycho

Threeperformancenodelsfor Tychoaredescribedelov usingthekey char
acteristicsdescribedn Section3. Thefirst two, the GeneralModel (GM) and
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Figure5. Processingime percell on differentmeshandpartitionsizes.

Mesh SpecificModel (MSM) are analyticmodels. The GM usesthe charac-
teristicsdiscussedn Section3 for ageneralmesh- i.e. without usingdetailed
knowledge on the meshpatrtitioning. The MSM on the other handusesthe
knowledgeof the partitionedmesh. Thesefirst two modelsare describedo-
getherin Section4.1belov. Thethird is a TraceModel (TM) thatis basedon
ananalysisof acommunicatiortraceobtainedat run-timefor a specificmesh
onaspecificprocessocount. The TM is describedn Section4.2.

4.1 Analytical performance models

In the analytical performancemodelswe assumehat the threestagesf a
Tycho stepare distinct and do not overlap - thoseof computation,blocking
sendsandblocking receves. Thisis a simplificationastherewill beadegree
of overlapbetweercomputatiorandcommunication However, the amountof
overlapis assumedo be small,andaswill be seenfrom the erroranalysisin
Section5, is a reasonablessumption.The runtimefor aniteration of Tycho
canbemodeledas:

F#steps N
Tier = | 2. max(Work(P,5)) | Totem(5) +
S=1

#steps [INe(S,P)I|
SZZI mgx Cgl Teomm (Ne(S, P, C), Ny(S, P,C)) | (6)

wherethe first term represent€omputationandthe secondermrepresents
communication.The modelparametergareasfollows:
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Fsteps is the numberof stepsin aniteration

Work(P,S) numberof cell-anglepairsprocesse@n processo in stepS
N.(S,P,C) destinatiorPEfor communicatiorC' in stepS on processoi
N,(S,P,C) isthesizeof communicatiorC in stepS onprocessor
[|[Ne(S,P)|| numberof communicationgrom processor in stepS
Triem(x) time to process cell-anglepair givenz cellsmappedo aPE.
Teomm(z,y) timeto communicatea messagef sizey bytesto processow

Assumingno overlap betweencommunicationand computation,as stated
earlier in equation6 thefirst termrepresentsomputatiortime andthe second
communicatiortime. Dueto the wavefront natureof thesealgorithms,within
onewavefront, overlapexists betweerthe computatiorof the angle-cells.The
wavefrontwill bereadyto propagatedownstreamassoonasthe work on the
largestsubgridcontainedn thewavefrontwill becompleted.Hencethe“max”
function containedn thefirst termof the equation.Similarly, the seconderm
is a sumof the non-overlappedcommunicatiorstepsfor all wavefronts.

The modelasformulatedin equation6 representdoththe MSM andGM.
However mary of the parametersn the model are substantiallydifferentbe-
tweenthetwo. Theparametersf Tgie,, (), andTeomm () arehardwarespecific
andremainthe same.A two-parametermiece-wiselinear modelfor the com-
municationis assumedvhich useshelLateny (Z.) andBandwidth(B,) of the
network communication.

Tyomm (D, 5) = Lo(S, D) + S‘ﬁ @
whereL. isthecommunicationateng, B, isthecommunicatiorbandwidth,
D is themessage@lestinationPE,and S is the messagsize.

In theMSM the parameterstepsWork(), N,(), andNs() represenactual
time historiesof thework andcommunicationglonethroughall thestepsin an
iteration. Thesdimehistoriesareobtained by inspectionafter meshpartitioning
andschedulingof the cell-anglepairtasks prior to actualprocessingn Tycho.
They arespecificto boththe meshandthe processocount. Thistype of model
tendsto reflectthe staticbehaior of the codewhile parameterizinghe main
dynamicattributes. A similar approachwassuccessfullytakenin themodeling
of anadaptve meshcode[6].

In the GM the assumptiongresentedn Section3 for the processingchar
acteristicscanbe usedto simplify the modelinto a generalform. In the GM,
the numberof stepsis givenby

Ep * NQ
MCPS x PCE

whereFE, is thenumberof cellsperPE(assumedonstanat N/P), MCPS
is theMaxCellPerSteginput parameteto Tycho), N is thenumberof sweep

#steps = ( )+ (P -+ (B -1+ (-1 (8)
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directions,and PCE is the Parallel ComputationalEfficiengy as described
earlier P, P, and P, arethe numberof processorsn the logical x, y, and
z dimensionsrespectrely, asdescribedin section3.1. Thefirst part of this
equationrepresentshe numberof work stepsandthe secondpart represents
the pipelinelength(which will in generabe anunderestimate).

Thework on eachPEin eachstepis assumed constant:

Work(P,S) = min(MCPS, E, x Ng) 9)

Thenumberof communicationger stepon eachPE, || N.(S, P)|| = 6, and
averagecommunicationsizesper stepon eachPE arealsoassumedonstant,
Ny(S,P,C) = min(E§/3,MCPS2/3) * 40. Note that eachboundarycell
communicatedonsistsof 40 bytesof data.

The communicationtime is subjectto a contentionin the communication
network. Ourexperienceon usingTycho,andothercodeson clustersof SMPs,
is thatthe main contentionoccurson the numberof out-of-nodecommunica-
tionsthat occursimultaneously For examplewith the fat-treenetwork of the
Quadricsnetwork [13], the numberof communicationghat collide in higher
levels of the fat-treeis low dueto dynamicrouting. The contentionis taken
into accountby a multiplicative constanton the communicatiortime, 12opm,
which representshe numberof out-of-nodesimultaneousommunications.

4.2 A trace mode

Tracegshatareobtainedat run-timecancapturethefull computation’ com-
municationinteractionof an applicationbut is specificto a meshandto a
particularprocessorcount. The tracecanbe effectively re-playedin orderto
give aprediction. Suchatracemodelingapproachs notnewv andhasbeenused
in toolssuchasDimemagd?2], andPACE[7]. Theapproachakenhereis similar
to thatof Dimemasandprovidesa comparisorwith the analyticalmodels.

Thetracesusedherecontainthreeeventtypes: 1) the numberof cell- angle
pairs processedn a step,2) the communicationsends,and 3) the communi-
cationreceves. The communicationeventsinclude detailson the sourceand
destinationPEsaswell asthe messagasizes.However, it shouldbe notedthat
no timing informationis storedin thetracefile.

Timing informationis producedby a TraceModel Evaluator(TME) devel-
opedat Los Alamos. The TME allows differentpredictionsub-modelsto be
usedto predict: thetime to process cell-anglepair, the communicatiorcosts,
andthe communicatiorcontention.Differentsub-modelsmaybe usedto pre-
dict componentimesfor differentsystems.The TME effectively replaysthe
tracefile whilst accountingor the expectedtime taken by eachevent,andalso
resolvingcommunicationdependencieand possiblecontentionin the com-
municationnetwork [10]. It alsodeterminesvhenbi-directionaltraffic occurs
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betweenary two nodes,which canalsoreducethe effective communication
bandwidth. The TME is a detailedevaluation methodwith a potentialhigh
accurag but unfortunatelylosesary generalityin the model. The evaluation
for agiveninputtracefile is specificto ameshandprocessorcount. As it will
beseerbelaw, theanalyticalmodelscompargavorably with this morespecific
tracemodel.

5. Performance Model Validation

The three performancemodelsare validatedin this sectionon a HP Al-
phaSerer ES4064 nodesystem.Eachnodein this systemconsistsof 4 Alpha
EV68 processorsunningat833MHzeachwith an8MB L2 unifiedcache.The
nodesare interconnectedising the QuadricsQSnethigh speednetwork with
Elan3switchingtechnology The detailsof this architecturearenot described
in detail herebut a good overview of its performancecharacteristicxan be
foundin [13]. Thehardware parametersor this systemarelistedin Tablel.

Tablel. Hardwareparameterfor the HP AlphaSener ES40validationsystem.

9.2 E, > 16Kcells
Tetem (Ep)(us) 1.8Ln(E;) — 84 800 < Ep < 16K
3.7 Ep <800

12.7 S < 64bytes
12.8 64 <S5 <256
30.3 256 < S <8192
25.7 S > 8192

9.28 S < 64bytes
9.00 64 <S5 <256

|
|
|

L.(S, D)(us) intra-node(D < 4)

inter-node(D > 4)

0.0 S < 64bytes
24.0 64 <S5 <256
9.0 256 < S <8192
3.2 §5>8192

0.0 S < 64bytes
255 64 <8 <512
13.7 S > 512

1/Bc(S, D)(ns) intra-node(D < 4)

inter-node(D > 4)

Four meshesareusedin thevalidationaslistedin Table2. Theserepresent
smallandmediumsizedmeshs, resultingin smallmeshpartitionsonthelarges
processoconfigurationconsidered.

Measurementandmodelpredictionsfor eachof thefour meshesreshovn
in Figure6. Theapplicationinputparamete®/ C P.S wassetat512in all cases.
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Table2. Meshesusedin thevalidation.

Mesh #Cells Description
Nneut 43,012 Neutronwell-loggingtool andsurroundingmedia
Silc 51,963 ComputerChip andpackagingor radiationshielding
Reac 165,530 Reactompressurevesselandsurroundingcavity structures
Contest5 168,356 Cubedividedinto approximatelyequal-sizedtlements
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Figure6. Modelvalidationona)Nneut,b) Silc, c) Reac,d) Con test5.

A summaryof the errorsobsered s listed in Table3. It canbe seenthat
all the modelshave a good predictionaccurag on small PE counts(casei.,
P < 32). Thisis expectedsincethey all usethe samemodelfor computation,
the dominanttermin equation6 for small processorcounts. They do differ
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howeverin theirtreatmenbf communicatiorwhichbecomespparenbnlarge
processocounts(caseii., P > 32). TheMSM will tendto over-predictsince
ary possibleoverlapbetweercomputatiorandcommunicatioris notmodeled.
In contrasthe GM will tendto underpredictsinceit assumesinidealized3-D

meshhaving a minimum numberof neighborsandhencea smallerdegreeof

communicatiorthanactuallyoccurs. The TM is the mostaccurateakinginto

accountmuchof theseeffects, but requiresa separatdraceto be analyzedfor

eachmesh/processarourt pairing.

Table3. Summaryof Model PredictionErrors(%).

GM MSM ™
i. i. Av. i. . Av. i. ii. Av.
Nneut 9.1 15.7 12.4 5.7 28.4 17.0 6.1 5.0 55
Silc 2.9 111 7.0 1.8 17.2 9.5 0.8 7.4 4.1
Reac 53 135 9.4 8.4 22.3 15.3 2.3 115 6.9

Conctest5 2.2 8.9 54 4.2 13.1 8.7 1.3 4.6 3.0

Overall 8.6 12.6 4.9

Given its generalnatureand its reasonableaccurag, GM is usedin the
following sectionto provide insightinto the performanceof Tychoon systems
andconfigurationghatcannot be currentlyanalyzedhroughmeasurements.

6. Per formance Exploration

Theperformancenodeldevelopedin Secton5 canbeusedin mary different
waysto explore the performancespaceof Tycho,on currentandfuture system
architectures.Herewe usethe validatedGM modelto: i) detail wheretime
is spenton the current ES40system(Figure 7). ii) analyzethe impacton
performancavhenusingsystemscontainingotherprocessorsvhile still using
the QuadricsQsNetnetwork (Figure8). iii) predictthe performanceon larger
meshesand systemsizes(Figure 9). iv) optimize the runtime by calculating
the valueof MCPSthatresultsin acommunicatiorcostconstitutinglessthan
20%of thetotal (Figure10).

The performancecharacteristicof the processoraisedin thesescenarios
arelistedin Table4. Thesecomputationatharacteristicsverebasedon mea-
suremenmadeon singleprocessorsn asimilarwayto thatdepictedn Figure
5. Notethatthe Itanium with a 3MB L3 cache,andthe EV68 1.25GHzwith
a 16MB L2 cache,have a different memory hierarchythan that of the vali-
dationsystem,so that the curve with the numberof cells per PE E,, is also
different. All the parallelsystemsonsideredisethe Quadricsnetwork, whose
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performancecharacteristicare unchangedrom thoselisted in Table 1, with
the processordistedin Table4.

Table4. Elementprocessingime (Telem(Ep)in us)on differentprocessors.

Memory Alpha EV68 Alpha EV68 Itanium
1GHz 1.25GHz 800MHz
Main 7.0us 6.6us 22.2us
(E, > 16K) (E, > 32K) (B, > 8K)
Main/Cache 0.98 «* Ln(E,) —3.4us  0.76 * Ln(Ep) — 2.4us 3.7 Ln(E,) — 9.3us
(800 < E, < 16K) (1600 < E, < 32K) (400 < E, < 8K)
Cache 3.0us 2.4us 11.4us
(Ep < 800) (Ep < 1600) (Ep < 400)

100
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O % Bandwidth
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|
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[
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Figure 7.  Time Componenfpredictions Figure 8.  Predictedperformanceusing
improvement(Reacmeshon HP ES40). Alpha EV68 1GhzandlItanium800MHz.

Thetime componenpredictions(Figure7) areillustratedfor theReacmesh
with MCPS setat64. A lowervalueof M CPS resultsin morecommunica-
tions. However, it canbeseenin Figure7 thattheapplicationremainscompute
bound,with lateny dominatingthe bandwidthcomponentof the communi-
cation. In addition, dueto the strongscalingbehaior, the subgridsizesget
smallerat higher processorcountsleadingto betterL2 cachebehaior. For
higher valuesof MCPS, lesscommunicationoccursand hencethe overall
time comprisesa smallercommunicatiorcomponent.

ThepredictedperformancemprovementoveranAlphaEV68833MHzsys-
temwhenusingasystemwith eitherAlphaEV681GHzor anltanium800MHz
revealssomeinterestingfeatureqFigure8). The1GHzAlphaoutperformshe
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Figure 9. Predicted performanceon Figure 10.  Predictedvalueof MCPS
largermeshesandprocessocounts. (communicatiorcost< 20% of total).

833Mhzprocessoasexpectedby about20%for largersubgridsizes(notfitting
in thecache)but decreaset aboutl0%on larger PEcountsdueto similar L2
cacheperformancdor the two processorsSimilarly the 1.25GHzAlpha also
outperformsthe 833MHz EV68 duein partto its increased-2 cache(16MB
vs. 8MB). The Itanium, at similar clock speedsjs performing significantly
poorerthanthe Alpha. Its cacheperformancas alsomuchpoorerthanthat of
the Alpha’s, asevidentby thelower performanceon larger processorcounts.

The predictedperformancefor larger mesheson larger processorcounts
indicatesan expectedgoodscalingbehaior (Figure9). This study considers
mesheof size: 1,000,000cells, 5,000,000cells, and 20,000,000cells being
processean upto 8192PEs. Eachcurve assumes PCEof 0.8 with the min
andmaxbarsindicatingaPCEof 0.6and0.9respectiely. It canbeseerthatthe
smallermeshhasasignificantcommunicatiorcomponenatlarge PEcounts as
shovn by thekneein thecurwe. If avalueof M C PSS greatethan512wasused,
the numberof stepswould decreasend hencethe amountof communication
would decrease This indicatesthatfor larger meshesa correspondindarger
valueof M CPS shouldbe utilized.

The usageof the GM modelto determinea value of MCPS sothatthe
communicationrcomponenbf the runtimeis at most20%is shavn in Figure
10. A lowervalueof M C PS is beneficialasit will resultin ahigherPCEvalue
but increaseccommunicatiorcost. It canbe seenthatthevalueof MCPS is
dependentiponthe meshsizeaswell asthe processoicount. It canbe seen
thatthevalueof M C PS actuallyexhibits anincreasebeforedecreasingsthe
meshincreaseswith sizefor a particularprocessorcount. As the numberof
processorsncreasesthe curve canbe seento shift to the right. The form of
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thesecurvesresultsfrom two competingfactor Thefirst factoris theincreased
computatiortime asthemeshsizeincreaseslueto lesscachereuse- thisleads
to anincreasen communicatiortimeresultingin asmallerM C P S value. The
secondactoris the pipelinelengthasthe meshgetssmaller- on asmallmesh
thepipelinelengthcandominatethe PCE.Thusa greaterdegreeof blocking (a
lower valueof M C PS) is requiredto keepprocessoutilization high.

Fromtheseanalysest canbe seenthatgiventhe complexity of the perfor
mancdssuesassociateavith Tycho,thisperformancespaceannoteanalyzed
without a generalmodel. Issuessuchasdeterminingthe valueof MCPS are
oftentoo complicatedandresultfrom aninterplayof mary factors.It shouldbe
notedthatit is plannedto incorporatea versionof the GM into the application
codein orderto dynamicallydeterminethe value of MCPS at runtime and
thushelp optimizethetime- to-solutionfor Tycho.

1. Summary

In thisworkwehave presentegredictive performarceandscahbility modds
for adeterministidrarnspat applicaion using unstructured meshs. Themodels
take into accountthe main computationrandcommunicatiorcharacteristic®f
the entire code. Two of the modelsdevelopedare analyticwhereasa third is
basedon the analysisof runtimetraces. The modelsare shovn to have good
accurag throughvalidationon a 64 nodeHP AlphaSenrer system.

Themodelsvariedin their degreeof generality Thevalidationshavedthat
asthemodelsincorporatednorespecificdetailson the actualmeshbeingpro-
cessedtheaccurayg increased However this alsoresultsin lossof generality
limiting theamountof insightinto achiezable performance.

It wasshown thata generallyapplicableanalyticalmodelof this application
canencapsulatéhe performancecharacteristicsvith reasonablyaccurag and
thenusedto explore the expectedperformancan mary differentperformance
scenarios.Thisis akey elementof developingapplicationbasedperformance
models- thatis to explorethe performancespace to aidin the developmentof
the applicationcodeandto predictperformanceon future systemarchitecture
prior to their availability for measurement.

Webelieve performancenodelingis key to building performancengineered
applicationsandarchitectures.This work is one of few performancanodels
that exist for entire applications. It follows on from our work on structured
particle transportmodeling[3], adaptve meshrefinementmodeling[6], and
Monte-Carlosimulation[9].
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