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Abstract

Parallel programmingmodelsshouldattemptto satisfytwo conflicting goals. On one hand, they
shouldhide architecturaldetailsso that algorithm designerscanwrite simple, portableprograms.On
the otherhand,modelsmustexposearchitecturabletailssothatdesignersanevaluateandoptimizethe
performanceof their algorithms. Using both microbenchmarksnd several representatie algorithms,
we experimentallyexaminethe trade-ofs madeby a simple shared-memorynodel, QSM, to address
this dilemma. The resultsindicatethat analysisunderthe QSM model yields quite accurateresults
for reasonablénput sizesandthat algorithmsdevelopedunderQSM achieve performancecloseto that
obtainablehroughmorecomplex models suchasBSPandLogP.

1 Intr oduction

A key goal of parallellanguage compiler andarchitecturedesignerss to supporta programmingmodel
in which programmersand algorithm designerswrite high level descriptionsof their algorithmsthat are
thencompiledinto codeoptimizedfor differentarchitecturesDesigninga programmingmodelto support
thatgoalis challenging. On onehand,if the modelis too abstractjt may hide importantaspectof par
allel architecturesandcausealgorithmdesignerdo malke poor designdecisions.On the otherhand,if the
modelis too detailed,it may complicatethe programmes task,andit may drive the programmetto write
unportablecodethat optimizesperformanceon one architecturenhile makingit hardfor the compilerto
optimize performanceon otherarchitectures.One stepin resolvingthis dilemmais to develop a contract
betweerprogrammerandcompilersthat specifiesvhich architecturaldetailsshouldbe explicitly handled
in the high-level, architecture-neuttapecificatiorof analgorithmandwhich shouldbe handledby its low-
level architecture-specifitnplementationThis paperexaminegshetrade-ofs madeby the QueuingShared
Memory (QSM) model[11]. Earliertheoreticalanalyseshave suggestedhat despitethe models simplic-
ity, it providesa goodbasisfor designinghigh-performancelgorithms. This papertakesan experimental
approacho understandinginderwhatconditionsthis modelwill yield goodresults.

*This work wassupportedn partby an NSF CISE grant(CDA-9624082)andgrantsfrom Intel, Novell, andSun. Dahlin was
alsosupportedy anNSFCAREERgrant(9733842).Graysornwasalsosupportedn partby anNSF Graduatd-ellovship.



The QSM model provides a simple sharedmemoryabstractiorthat attemptsto reveal the mostimportant
aspect®f parallelarchitectureso algorithmdesignersvhile hiding architecturatietailsthathave secondary
performancempact and that interfere with portability QSM provides a sharedmemory abstractionto
simplify algorithmdescriptionrandanalysisjt modelslocalmemoryandlimited remotememorybandwidth
to encouragéocality, andit usesabulk synchronoustyleto give thecompilet freedomto reordey pipeline,
andgroupmessaget hidelateny andpermessageverhead Ontheonehand theQSM canbeconsidered
amorerealisticversionof thePRAM [9], since(1) it is shared-memory2) it modelsbandwidthlimitations,
and(3) it supportsoulk-synchrom, thusavoiding excessie synchronizationsOn the otherhand,the QSM
canbeviewed asa simplificationof moredetaileddistributed memorymodelssuchasBSP[21] andLogP
[7] sinceit doesnotdealwith thedetailsof datalayout,andit hasa smallermumberof parameterthanthese
models.Thetheoreticaresultsin [11] suggesthatalgorithmsdesignedn the QSM shouldperformjustas
well onthe BSP(to within a smallconstantactor)providedtheinputsizeis suficiently large.

In this paperwe useboth simulationand measurementsf actualparallelhardware to examinehow well
QSM tracksmachinebehaior in practice.ln particular we experimentallyexamineseveralwaysin which
QSM simplifies actualarchitecturego seeif thesesimplificationsare as benignastheory suggests.We
examine QSM'’s decisionto omit lateny (/) and overhead(o) parameterdy examining the behaior of
ses/eralrepresentate programsandfind that,aspredictedby theory programswrittenin a bulk-synéironous
style are insensitiveto networklatencyand overheadas long as input sizesare large enoughto permit
sufiicient pipeliningandbatchingof messaged-or thearchitectureandprogramsve examine,experiments
suggestthat this condition is achieved for essentiallyary problemsize worth parallelizing. Finally, by
examining microbenchmarksn an SMP (a Sun Enterprise5000),a network of workstationg(a clusterof
SunUltra-1 workstations)andan MPP (a Cray T3E), we evaluateQSM'’s stratgy of usingrandomization
to avoid memorybankconflicts. We find thatcomparedo a perfectmemorylayoutwith no contentionthe
randomlayout assumedy QSM doesexhibit noticeablecontention,but the contentionappeardolerable
evenfor thesememory-intensie workloads,andrandomizatiorevoids the worst-casecontentionbehaior
whenperformancés muchworsethantheideallayout.

Thenext sectionof this paperprovidesmoredetailsof the QSM modelanddiscusseshe contractit implies
betweenprogrammerand compiler Section3 examinesthe performanceof several representate algo-
rithms runningon a simulatorthat lets us vary network performancdo determinethe impactof omitting
network lateny andoverheadparameterdrom QSM. Section4 usesa synthetichbenchmarlon serseral ac-
tualmachinego quantifytheimpactof omitting memorybankcontentiorfrom themodel. Sections suneys
relatedwork, andSection6 summarizesur conclusions.

2 QSM Model

TheQueuingSharedMemory(QSM) model[11] providesasimplesharednemoryabstractiorthatattempts
to reveal the mostimportantaspectof parallelarchitectureso algorithmdesignersvhile hiding architec-
tural detailsthathave secondanperformancempactandthatinterferewith portability A QSM consistsof
anumberof identicalprocessorsgachwith its own privatememory thatcommunicatdy readingandwrit-
ing sharednemory Processorgxecutea sequence®f synchronize¢phasesgachconsistingof anarbitrary
interleving of sharedmemoryreads,sharedmemorywrites, andlocal computation.QSM implementsa

!In this paper we usethe term compilerin a broadsenseo refer to the entity that translatesan architecture-neutrgirogram
descriptioninto anoptimized,architecture-specifitnplementationThis entity maybeahuman library, or aprogram.In ary case,
thegoalof our modelis to male this translationa simple,mechanicaprocess.



| Ar chitectural/Algorithmic Parameter | Implementation contract
Explicitly ModeledFactors

p (numberof processors) QSM Parameter
g (gap) QSM Parameter
% (memoryobjectcontention) Algorithm designeishould
My (# Of local operations) minimizemax(mep, g - My, )
My (# Of remoteoperations)
Secondaryactors
[ (lateny), L (barriertime) Hide lateng by pipelining

o (overheadf sendingmessages) | Usebulk synchronoustyle
Minimize overhead
by batchingmessages

h, (memorybankcontention) Minimize contentionby
randomizingdatalayout
¢ (network congestion) Usebulk synchronoustyle
Limit contentionby limiting
network sendrate

Tablel: QSM partitionsarchitecturabndalgorithmicconsiderationito two cateyories:thosethatshould
beexplicitly consideredy the algorithmdesigneandthosethatshouldbe handledby the low-level imple-
mentation.

bulk-syn@ironousprogrammingabstractiorin that(i) eachprocessocanexecuteseveralinstructionswithin
aphasebut thevaluesreturnedby shared-memoryeadsssuedn a phasecannotbeusedin the samephase
and (ii) the sameshared-memorjocationcannotbe both readandwritten in the samephase. This bulk
synchronousnodelsimplifiesthe analysisof algorithmsaswell asthetranslationof QSM descriptionsnto
efficient architecture-spefic implementations.

Tablel summarizes setof parametershatmay affect the performanceof parallelprogramsandindicates
how a QSM programmemwould accountfor thoseparametersQSM essentiallydividestheseparameters
into two groups.First, the QSM performancanodelexplicitly accountdor p, g, k, mep, andm,,. These
parametersepresentundamentatharacteristicef an algorithmon nearlyary parallelarchitecture— p,
the numberof processorsrepresentghe algorithms concurreng, m,.,,, the numberof remotememory
accessegepresentsts locality (or lack thereof),andm,,, the numberof local operationsyepresentsts
local computatiortime. Theparametek representthe contentiornto any oneremotememoryobject,which
is fundamentako an algorithmbecausesuchcontentioncannotbe hiddenby, for instance clever layout
of dataacrossbanks. The key architecturalparametemodeledby QSM is the gap, g, betweenthe local
instructionrate and the remotecommunicationrate. This parametereflectsthe limited communication
bandwidthof most parallel architecturesand thus encourageslgorithmsto exploit locality. If during a
phasethe maximumnumberof local operationgperformedby ary processois mgy,, the maximumnumber
of remotereadsor remotewrites by ary processois m..,, andthe maximumnumberof readsor writes
to ary remotememorylocationduring a phaseis x, QSM chagesa time costfor that phaseof maxgn,p,
g My, K). A relatedmodel,thes-QSM(symmetricQSM) chagesatime costof max(mep, g+ Mrw, g ).

QSM considerghe secondgroup of parametersn Tablel — [, o, h,, andc — to be secondaryfactors
in algorithmdesignand contendghat algorithm descriptionsand analysismay generallybe simplified by
ignoring thesefactors. In practice,parallel programsreducethe impact of thesefactorsusing standard



techniques:pipelining to hide lateng, batchingrequestdo reduceoverhead,andrandomizatiorto avoid
bank conflicts. Ratherthan complicatehigh-level, architecture-indepelant algorithm descriptionswith
theseroutinedetails,QSMassumesa contracin whichthecompileris responsibldor usingsuchtechniques
whenappropriateln particular:

¢ WhendesigningaQSMalgorithm,adesignemayignorenetwork lateny (/) becausshemayassume
thatthelow-level implementatiorwill hidelateng by pipeliningrequestsQSM’s bulk-synchronos
modelfacilitatesthis simplificationby creatingbatche®f requestshatmaybesentduringa phasebut
thatwill notbeuseduntil the next phase.The QSM modelthuspredictsthati will notaffectrunning
time aslongastheproblemis relatively large. For instancethis conditionholdsif (I/g) -7 << W/p,
whereW is theamountof communicatiordoneby thealgorithm,p is thenumberof processora the
targetmachine andr is thenumberof phasesn the QSM algorithm[19]. It alsoholdstrueif a QSM
algorithmdesignedor p processorss mappedontoa p’ processomachinewhere(l/g) - p' << p
[11]. In our experiments,we find thatin practicedatasetslarge enoughto be worth parallelizing
easilymeetthesecriteriafor the algorithmsandarchitecturesve examine. Synchronizatiorime, L,
alsoincreasesvith increasingateng (underthe LogP model[7], synchronizationakes l{(fgl‘l’/ggp), and
QSM expectssynchronizatiortime to becomansignificantundersimilar conditions.

¢ Whendesigninga QSM algorithm, a designerdoesnot explicitly accountfor o, the overheadof
sendingandreceving amessagelnsteadthe designeiassumeshatthecompilerwill take adwantage
of bulk synchrowy to batchrequestsandtherebyminimize overhead.By including g but noto in the
network performancemodel, QSM tells algorithmdesignergo focuson limiting the amountof data
sentby analgorithm,noton how mary messageareusedto sendthatdata.

¢ Whendesigninga QSM algorithm,a designerdoesnot accountfor the contentionof remotememory
accessetd banks(h,.) exceptwhentherearemary accesseto a specificremoteobject(k). Instead,
thedesigneassumethatthecompilerwill limit theperformancémpactof bankconflictsby random-
izing datalayout, for exampleby hashingremotememoryaddresses hardware or software[11].
Threeaspectof this modelshouldbe noted. First, randomizatiorwill not reduceconflictswhenthe
conflicting accesseareto a single memoryaddressso QSM explicitly accountdor suchhot-spot
objectconflictswith its k parameter Secondthis aspectof the implementatiorcontractshouldnot
beconstruedasindicatingthatQSM doesnot accountor carefulmemorylayoutthatimproveslocal-
ity; QSM's g parameteencourageslgorithmsto move datato their local memoriesvhenpossible.
Finally, the naturaldescriptionof mary algorithmsprovides a balancedor randomizeddatalayout
withoutrequiringrandomizatiorfrom theimplementationayer;in suchcasesasa performancepti-
mizationthe algorithmdescriptionshouldinform the compilerthatit may safelyomit randomization.

¢ Whendesigninga QSM algorithm, a designerdoesnot explicitly accountfor ¢, the network con-
gestion.Brewer andKuszmal[4] foundthatnetwork congestiorcould significantlylimit the perfor
manceof parallelmachines.QSM expectscompilersto addressongestionin two ways, bothbased
on Brewer and Kuszmals techniques.First, the periodic synchronizationgssociatedvith a bulk-
synchronougrogrammingstyle canreducecongestion Second QSM expectscompilersto limit the
rateat which nodessenddatasothatthey do not overrunreceving nodesandcausecongestionn the
network.



2.1 Comparisonwith other parallel architecture models

It is worthwhile to comparethe QSM modelto other popularmodelsfor parallelalgorithmdesign. The
traditionalmodelis the PRAM [15] which is a synchronoushared-memorynodelwith unit-time com-
municationto shared-memoryglifferentvariantsof this modelrestrictmemoryaccesset be exclusiveor

unit-time concurent While the PRAM is a simple modelthataidsin exposinghigh-level parallelismin

algorithms,its costmeasuréasa significantmismatchto realmachinesn thatit ignoresissuesof lateng,

bandwidthlimitation, andmemorygranularityin parallelmachines As in the QSM, the lateny mismatch
canbe addressetby pipeliningif suficient parallelslacknesss presentjut the synchronousatureof the
PRAM modeltypically resultsin alarger numberof phasesn a PRAM algorithmfor a givenproblemthan
in aQSM algorithm,andthusresultsin largerlatengy andsynchronizatiortoststhanin the QSM. Also, the
PRAM hasno parameteto modelbandwidthlimitation, andhencethemodeldoesnotencouragéocality of

reference As in the QSM, the memorygranularityissuecanbe addressetbhy hashing provided the exclu-
sive(e.g.,, EREW)andnot concurren{e.g., CRCW) memoryaccessule is used but the exclusve memory
accessule is morerestrictive thanthe gueuingmemoryaccessisedin the QSM.

The BSP (Bulk SyntironousParallel) [21] andthe LogP [7] modelseachmodela parallelmachineasa
collectionof processememoryunitswith no globalsharednemory The processorsreinterconnectedy
anetwork whoseperformancas characterizedhy a gapparametep anda lateny parametet (in LogP)or
synchronizatioparametef (in BSP).TheLogPmodelalsomodelsthepermessageverheac for sending
andreceving messagesndit limits network congestiorby requiringthatno morethani/g messagebe
in transitto a given destinationprocessoin ary intenal of lengthi. Therehave beenseveral algorithms
designedand analyzedon the BSP and LogP modelsand their extensions(see,e.g., [1, 3, 10, 14, 16,
23)). Thesealgorithmstendto have rathercomplicatedperformanceanalyseshecausef the numberof
parameteri themodelaswell astheneedto keeptrackof the exactmemorypartitionacrosgsheprocessors
ateachstep.

In contrastto the BSP and LogP models,the QSM hasonly two architecturalparameters--and g—and

it is a shared-memorynodel. This latter point is of importancesinceshared-memoryasbeena widely-

supportedabstractionin parallel programming[17], and additionally the architecturesof mary parallel

machinesareeitherintrinsically shared-memorgr supportit usingsuitablehardware or software. Further

asindicatedearlier the shared-memorpf the QSM canbe hashedonto the distributed memory andthis

stratgy gives provably good performanceon the BSP [11]. It is interestingto note that thereare BSP
algorithmsfor irregular problemsthatachiere goodperformancdoy randomlydistributing elementsacross
processorgsee e.g., [3] for the multi-searchproblem).

In somespecialcasegshe QSM abstractiommay not revealthe full power of a specificparallelarchitecture.
In particular algorithmsthat make useof fine-grainedsynchronizatiorare not a good matchwith QSM'’s

bulk synchronougprogrammingstyle. Also, all QSM communicatiortakes placethroughsharednemory
andall synchronizatioroccursat the endof phaseswhich is a simplerbut lesspowerful mechanisnthan

communicatiorto activatecomputatioron remotenodege.g., Active Message§2?2)).

3 Impact of omitting [ and o

The QSM modelpredictsthat network lateny [ andpermessag@verheado will notimpactrunningtime
for bulk synchronougprogramsassuminghat (1) the compileror run time systempipelinesand batches



messageand(2) the problemis sufiiciently large to provide enoughparallelismfor thesetechniquedo be
effective. In this section,we testthesehypothesedy runningseveralrepresentate parallelprogramson a
detailedsimulatorthatletsusvary network performance.

3.1 Methodology
3.1.1 Workloads

We evaluatethe performanceof QSM algorithmsfor three fundamentalproblems: prefix sums(a basic
primitive for mostparallelalgorithms,with analgorithmthatdisplaysparallelismwith very little commu-
nication),samplesort (animportantalgorithmwith somecommunication)andlist ranking (the canonical
problemfor evaluatingperformanceof parallelalgorithmswith large amountof irregular communication).
As suggestedy the QSM model, we optimizedthesealgorithmsto minimize computationand commu-
nicationtime, while keepingthe numberof phasessmall [19]. Note that we focus on providing simple
algorithmsthatwill be effective for practicalproblemand machinesizes,so our algorithmsoften placea

minimum size on the problemsize per processar The runningtimesare presentedor the s-QSM,which

assumeshatthe samegapparameters encountere@t processorandatmemory

This sectionsummarizeshe algorithms.More detaileddescription®f thesealgorithmscanbefoundin the
appendix.

Prefix Sums.Thep-processoQSM prefix sumsalgorithmrunsin O(gn/p) timewith justonesynchroniza-
tion whenp < /n. Eachnodecalculateghe sumof its local elementsandbroadcasté to the remaining
processorsEachprocessothencomputeghe offsetfor its elementsandfollows thatup with a computa-
tion of the correctprefix sumsfor the positionscorrespondingo its local elementsIf theinputis initially
distributedevenly acrosghe processorgherunningtimeis O(g + gp).

SampleSort. Thep-processoQSMsamplesortalgorithmis asimpleonethatrunsin time O(gp log n+ %)

and5 phasesvith high probability (whp) whenp < y/n/logn. Thealgorithmusesoversampling:it picks
clog n randomsampleger processofor someconstant, sortsthe ¢p logn samplesandthenpicks atotal
of p pivots by usingevery (clog n)th elementin the sortedlist of samples.Theith processothensortsthe
elementsn theith ‘bucket!

List Ranking. Thelist-rankingalgorithmwe implementeds arandomizednethat,onap-processoQSM,
runsin time O(gn/p) timewith O(log p) phasesvhp Thisalgorithmassigngachprocessoarandomblock
of n/p elementsandin eachphasethe algorithmassignsachelementa randombit. During a phaseeach
processoeliminatesthoseelementsaassignedo it whoserandombit is 0 andwhosesuccessos randombit
isal. Whenthenumberof remainingelementss reducedo O(n/p) all of theelementsresentto processor
0, which thencompletegheforward computatiorusinga sequentialist-rankingalgorithmin time O(n/p).
A correspondingexpansionphasethencomputeghelist ranksof the eliminatedelementswithin the same
time bounds.

For all experimentswe raneachexperimentl0 timesandreportthe average.The standardleviationis less
than11% of the averagefor all of the samplesortruns,andlessthan2% for all but the smallestproblems
sizesfor the parallelprefix andlist rankruns.



| Parameter | Setting |
FunctionalUnits 4int/4 FPU/2load-store
FunctionalUnit Latengy 1/1/1cycle
ArchitecturalRegisters 32
RenameRegisters unlimited
InstructionlssueWindow 64
Max. InstructionslssuedperCycle | 4
L1 CacheSize 8KB 2-way
L1 Hit Time 1cycle
L2 CacheSize 256KB 8-way
L2 Hit Time 3cycles
L2 Miss Time 3+ 7cycles
BranchPredictionTable 64K entries 8-bit history
SubroutindLink RegisterStack unlimited
Clockfrequeny 400Mhz

Table2: Architecturalparameterfor eachnodein multiprocessor

3.1.2 Architecture

TheArmadillo multiprocessosimulator[12] wasusedfor the simulationof a distributedmemorymultipro-
cessar The primary advantageof usinga simulatoris thatit allows usto easilyvary hardware parameters
suchasnetwork lateny andoverhead.The coreof the simulatoris the processomodule,which modelsa
modernsuperscalaprocessowith dynamicbranchprediction,renameegistersalargeinstructionwindow,
andout-of-orderexecutionandretirement.For this setof experimentsthe processoandmemoryconfigura-
tion parameteraresetfor anadwancedprocessom 1998,andarenot modifiedfurther Table2 summarizes
thesesettings.

The simulatorsupportsa message-passinmgultiprocessomodel. The simulatordoesnot include network
contention,but it doesinclude a configurablenetwork lateny parameter In addition, the overheadof
sendingandreceving messagess includedin the simulation,sincethe applicationmustinteractwith the
network interfacedevice’s buffers. Also, the simulatorprovidesa hardware gapparameteto limit network
bandwidthanda permessag@&etwork controlleroverheadbarameter

We implementedour algorithmsusinga library that provides a sharedmemoryinterfacein which access
to remotememoryis accomplisheavith explicit get () andput () library calls. Thelibrary implements
theseoperationausinga bulk-synchronoustylein whichget () andput () callsmerelyenqueugequests
on the local node. Communicatioramongnodeshappensvhenthe library’s sync() functionis called.
Duringasync() , the systemfirst builds anddistributesa communicationglanthatindicateshowv mary
get sandput swill occurbetweereachpair of nodes.Basedon this plan,nodesexchangedatain anorder
designedo reducecontentiorandavoid deadlock.Thislibrary runsontop of Armadillo’s high-performance
message-passinigprary (I i bmvppl us).

Our systemallows us to setthe network’s bandwidth,lateng, and permessageverhead. Table 3 sum-
marizesthe default settingsfor thesehardware parameteraswell asthe obsered performancevhenwe
accesghe network hardwarethroughour sharednemorylibrary software. Note thatthe bulk-synchronos
softwareinterfacedoesnot allow usto measurdahe softwareo and! valuesdirectly The hardware primi-
tives’ performanceorrespondo valuesthatcouldbe achieved on a network of workstationdNOW) using



Parameter Hardware ObsenedPerformance
Setting (HW + SW)
Gapg (Bandwidth) 3 cycles/byte(133MBY/s) | 35 cycles/byte(put), 287 cycles/byte(get)
Permessag®verhead 400cycles(1 us) N/A
Lateng [ 1600cycles(4 us) N/A
SynchronizatiorBarrier L. | N/A 25500cycles(16-processord64 us)

Table3: Raw hardwareperformanceandmeasureetwork performancéincludinghardwareandsoftware)
for simulatedsystem.

ahigh-performanceommunicationinterfacesuchasActive Messagef2?2] andhigh-performancaetwork
hardware suchasMyrinet [18]. Note thatthe software overheadsare significantly higherbecauseur im-
plementationcopiesdatathroughbuffers and becausesignificantnumbersof bytessentover the network
representontrolinformationin additionto datapayload.In Section3.3we will describeour experiments
thatvary thesehardwareparameterso examinethe algorithms’sensitvity to them.

3.2 Results

Theorysuggestshatthe bulk synchronousnodelwill allow QSM analysisto safelyignorelateny aslong
asthereis sufiicient parallelismto hideit by pipeliningrequestsin particular it suggestshatlateng will

bedominatedby otherfactorswhen(l/g) - # << W/p whereW is theamountof communicationp is the
numberof processorin thetargetmachine andr is the numberof phasesn the QSM algorithm. For our
default system,l is 1600, g is 3, andp is 16. For the algorithmswe examine,n rangesfrom 1 for prefix
sumto 4 for samplesortto (4 + 16 log p) (which is about68 for our default 16-nodemachine)for list
ranking,andfor the algorithmswe examineW is linearwith n. Thus,we would expect! to be hiddenand
QSMto predictperformancdor problemsizeswhere?2 is larger thansomeconstantimes 37,000for this
system. Assumingthatthe constantiddenby the O() notationis small,this analysissuggestshati will not
significantlyimpactperformancdor problemsizeslarge enoughto be worth parallelizing.Similarly, QSM
analysisdoesnot accountfor permessag@verheadbecausét assumeshatoverheadwill beamortizedby
batchingrequests.

Figuresl, 2, and 3 summarizethe resultsof a set of experimentsdesignedto test this hypothesis. In
eachfigure we shav the measuredesultsof running one of the algorithmsand comparethe measured
communicatiortime to the communicatiortime predictedoy QSM andthe moredetailedBSPmodel. For
all of theseexperimentswe find that QSM predictscommunicatiorperformanceavell whenn is reasonably
large.

We focuson predictingcommunicatiorperformanceatherthantotal runningtime for two reasons First,
all of themodelsabstractocal computationn the sameway, socomparison®f how thealgorithmspredict
local computatiorwill notbeinteresting.Secondfor all of themodelscalculatingappropriateconstantgor
analgorithmon a particulararchitecturas nontrivial; imprecisionat this stepmight overshadw the effects
we wishto examine.

Prefix. Figure 1l shaws the predictedand actualperformanceof the parallel prefix algorithm. A QSM
analysiof theparallelprefixalgorithmweimplementeredictsthatcommunicatiorwill taketimeg(p—1).

8
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Sample Sort for 16 processors
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List Rank for 16 processors
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A BSPanalysisncludesthe perphasesynchronizatiortost,thusaddinga 1 * L termto thatprediction.

Parallel prefix is an examplewhereQSM and BSP modelsleadto goodalgorithmdesignbut wherethey
do not allow accuratepredictionof communicatiortime. Both the QSM and BSP analysissignificantly
underestimateommunicatiortime becausehey assumea bulk-synchronousnodelwherecommunication
overheadp, is hiddenby large messageQSM'’s estimates significantlylower thanBSPs becausét also
ignoreslateng. For this algorithm,messagearesmallandcommunicatiortime is dominatedoy overhead
andlateng, sothesemodelsdo a poor job in predictingoverall performance.In addition, the amountof
communicatiordoesnot increaseas problemsizeincreases Note that althoughthe relative erroris large
becauseommunicationimeis tiny, theabsoluteerroris still small,andthe overallalgorithmis still efficient
in practice.

SampleSort. Forthesamplesortalgorithmin Figure2,aQSM analysispredictsthatcommunicatiorwill
taketime4(p—1)glogn+3(p—1)g+ gBr+ gB whp Thealgorithmis randomizedandthe B andr terms
represenhow runningtime depend®ntheloadbalanceachieved. B is the sizeof the largestbucket, andr
is a boundon thefraction of elementsn ary bucket thatareoutsidethe processothatwill sortthe bucket.
In thefigure,we plot threecasesIn thebestcaseB = % andr = 221, andall nodeshave equalamountof
work to do. The Bestcaseline shaws this unreasonablypptimistic case.By applying Chernof boundson
B andr, we derived boundsfor the algorithm’s runningtime thathold for atleast90% of runs. The details
of this derivationcanbefoundelsavhere[19]. The WHP boundline shavs this asanupperlimit ontypical
performanceFinally, we experimentallymeasuredheactualB andr skews experiencedn eachexperiment
andplot theresultingline asQSMestimate This third line representshetype of performancesstimatethat
could be achieved undera QSM modelif either(a) analgorithmwere oblivious anddeterministicandan
exacttime boundwereknown or (b) a detailedanalysisof probability distributionswereavailable.

The BSPestimatdine of the graphshaws the resultsof a BSP analysisof the algorithm usingthe actual
skews determinedexperimentally BSP analysisincludesthe perphasesynchronizatiorcost,for an addi-
tional 5L termoverthe QSM analysis.The best-cas@andupperboundload balanceanalysisfor BSPis the
sameasfor QSM, andplots for theseare omittedfrom the graphfor clarity; they would be offsetfrom the
QSMlinesby thesames L termasthe BSPestimatdine.

For the casewhereload balanceis known with precision,the simple QSM model successfullypredicts
communicatiorperformancevhenproblemsizesarerelatively large. By ignoringthe costof permessage
overheadandnetwork latengy, QSM underestimatesommunicatiortime by a constantamount.However,
asproblemsizegrows, this errorbecomedessimportantandthe predictionsbecomamoreaccurate Accu-
racieswithin 10% of the communicatiortime areachieredfor all problemsizeslargerthanabout125,000
elementsotal (or about8,000 elementsper processaf (Note that becausecomputationtime represents
a significantportion of runningtime, a 10% error predictingcommunicatiortime translatesnto a much
smallererrorin predictingtotal runningtime.) We believe thatproblemssmallerthanthis limit areunlikely
to beworth parallelizing,somodelinaccurag for suchproblemsizesis notalarge concern.

For the casewhereload balanceis not known with precision,the Best-caseand WHP boundlinesin the
graphboundpredictedperformance Note thatthe slopesof the lines differ because imbalancefrom the
B andr termsmeanghat someprocessocould be doingmorecommunicatiorthanthe averageprocessor
Thetwo linesboundactualperformancever almostthe entirerangeof problemsizes.Again, mismatches
happerwhenproblemsizesareprobablytoo smallto beworth parallelizing. This analysissuggestshatthe
loosenes®f the boundsobtainedusing standardalgorithmanalysisandvariationsintroducedby random-
izationmayoftenbelargerthanthe errorsintroducedoy QSM's simplified network model.
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List Ranking. Figure3 shavs the predictedand actualperformanceof the list rankingalgorithm. The
runningtime for the QSM list rankingalgorithmis

1 702 4logp
7rg(§ + T) E z; +4n'gz
i=1

wherez; is the maximumnumberof elementst ary processoin theith phasewith z; = 2, z is abound
onthenumberof elementsentto processof for thesequentiatomputatiorphaseg; is acorrectionfactor
to computea boundon the maximumnumberof elementghatflipped a onebit at ary processoin theith
iteration,c, is a correctionfactorto computea boundon the maximumnumberof elementghateliminated
themseles at ary processoiin the ith iteration, 7 is a boundon the fraction of elementsthat flipped a
bit whosesuccessors/predessars are not at the sameprocessqrand«’ is a boundon the fraction of the
elementgemainingafterstep2 thatarenotin processoir;.

In the unrealizablédeal case we assuméhe randomizedstepscauseno skew in thework on the different
processorsin thatcasex; = 2(3)"1, z = n- (})*°87, 1 = ¢ = 1, andr = 7' = E=1. Thisis theBest
caseline in thegraph.To obtaina boundon a runningtime thatholdswith probabilityat least0.9, we used
Chernof boundsto obtainboundson z;, z, ¢1, andcs. As for our analysisof samplesort,theseboundsare
likely to be quite conserative. Theresultingboundon expectedperformanceas the WHP boundline in the
figure. Finally, the QSMestimateline shawvs a calculationbasedon the actualproblem-sizecompression
achieved in eachphase andthe BSPestimateline also correspondso the actualwork at eachprocessor
BSP5slinesfor theideal caseandwhplimit arenotshavn but would be offsetfrom their QSM counterparts

by asimilaramount.

As with the samplesortalgorithm,asproblemsizeincreasespredictionaccurag improves,andthe model
predictsperformancevell for problemsizesworth parallelizing.In particular the BSPpredictionis within
15% of theactualcommunicatiortime aslong asn > 40,000 elementsandthe QSM predictionis within
15% of the actualcommunicatiortime aslong asn > 60,000 elements Again notethatbecauseommu-
nicationtime is only a portion of the total runningtime, errorspredictingtotal runningtime will be even
smaller

3.3 Sensitvity to architectural parameters

The QSM modelpredictsthat! ando areeffectively hiddenwhen¥ or % is large enoughto allow suficient
pipelining andbatchingof messageswe would thereforepredictthat systemswith larger!, o, or p would
alsorequirelarger n before QSM predictionsare accurate. In fact, asthe first paragraplof Section3.2
suggestswe would predicta linear relationshipbetween, o, or p andthe minimum n requiredfor good
prediction. In Figure4, we vary [, the hardware lateng, over a rangeof valuesandcomparethe measured
performanceagainstQSM'’s predictions.Notice that QSM’s predictionsdo not accounftfor lateny andare
thusconstanis! is varied.

As hypothesizedincreasing resultsin alinearincreasdn the problemsizen requiredfor QSM to accu-
rately predictperformanceFigure5 shaws this moreclearly by plotting the pointswherethe WHP bound
line crosseshe measuregerformancdinesin Figure4. If our simulatorcould accommodatéarger prob-
lem sizes we would expecta similar linearrelationshipf we comparedvherepredictionsfirst comewithin
10%of measuregherformancdor eachvalueof /. Figure6 shavs theresultsfor anotherexperimentwhere
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we variedthe machines overheadp. Dueto memorylimitations of our simulationinfrastructurewe were
notableto vary p over awide enoughrangeto examinethis relationshipfor p.

Theseexperimentssuggesthat QSM will predictcommunicatiorperformanceof thesealgorithmsfor al-
mostary reasonablysizedproblem. For example,in our default configurationQSM accuratelypredicts
communicatiortime for the samplesort algorithmwhenn > 125,000. On our 16-processosimulated
machinethatcorrespond#o just8000 elementgperprocessgmwhichwe believe is asmallproblemsizefor
amodernmachinewith 64 MB or moreof memoryperprocessor

Thelinearrelationshipbetweert, o, andp ontheproblemsizeneededor predictionaccurag suggestshat
we maybeableto extrapolatefrom theseresultsto predictwhenQSMwill accuratelynodelcommunication
performancedor otherarchitectures.The predictionsin Table4 shouldbe treatedwith cautionsincethey

representin extrapolationfrom onesetof experimentgo a wide rangeof architecturesHowever, boththe
theoreticalQSM modelandour experimentalresultssupportthis extrapolation. Even with thesecaveats,
the datain this table suggesthat QSM will predictperformancewell for this algorithmfor modestsized
problems.

4 Memory bank contention

QSMdoesnottrackhow dataareplacedacrosglobalmemorybanks.QSM expectsalgorithmsto maximize
locality by utilizing local memoryandto minimize remote-memonpankcontentionby randomizingdata
layout. This sectionexamineshow well thatstratgy will work in practiceby examiningthe performancef

amicrobenchmarkhatwasdesignedo stresgthe memorysystemof severalmodernparallelarchitectures.

Eachprocessorunningthe microbenchmarlaccesseglobal memoryasquickly asit canin oneof three
patterns. In the Randompattern,eachaccesss to a randomword in a randomremotebanks memory
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| Architecture [P [ T [ o | g | Timin |
3

| Defaultsimulationparameters | 16 | 1600 | 400 | | 8000 |
Berkeley NOW [18] 32 | 830 | 481 | 4.3 | (k* 4640)
300MHz Pentium-IITCP/IP 100Mb SwitchedEthernet| (32) | 75000 | 150000| 24 | (k * 325000)
CRAY T3E[2] (64)| 126 | (50) | 1.6 | (k* 1558)
Intel Paragon8] (64) | 325 90 0.35| (k* 15429)
Meico CS-2[8] (32)| 497 | 112 | 1.4 | (k*5325)

Table4: The modelsexaminedin this paperpredictthatfor problemslarger thann.,;,, the QSM model
shouldaccuratelypredictrunningtime for the SampleSort benchmark.Most of the valuesfor hardware
parametersveretaken from the articlesspecifiedabore, after corverting all parameterso be in units of
clock cycles;valuesin parenthesisverenot availablein thosearticlesandrepresenestimatedralues.Our
estimatedor n,,;, onthe otherarchitecturesncludethe parametek, which correspondso differencesn
softwareimplementatiorof communicationgrimitivesacrosshearchitectures.

This patternrepresentshe accesatternthata QSM runtime systemwould achieze by randomizingdata
layout. In the Conflict pattern,eachaccesss to a randomword in memorybankO. It shavs the casethat
might happerif analgorithmhashot spotsandthe run time systemdoesnot actto eliminatethem. In the
NoConflict pattern,eachaccesdy processot is to a randomword in memorybanksi + 1 sothatno two
processorareaccessinghe samebank. This patternrepresents bestcasefor remotememoryaccesghat
mightbeachievedunderasophisticate@lgorithmdevelopedunderamoredetailedmodelthanQSM. In the
resultsbelow, we reportthe averageaccesdime for aword whenthe sharednmemoryarrayis too largeto be
cachedn themachines hardwareprocessocache.

We examinethe performanceof the microbenchmarlon four systemghat spana rangeof memoryarchi-
tectures.

¢ SMP-NATIVE is an 8-processqr8-memory-bankSun UltraEnterprisesener. Eachprocessoruns
at 166 MHz, andeachmemorybankis 128 MB. The hardwaredistributessequentiab4-bytecache
blocksto sequentiamemorybanks.Thebenchmarlsharesnemoryusingthe cacheconsistenshared
memoryspaceprovided by the hardware.

¢ SMP-BSPIlibusesthe samehardware, but the benchmarkaccessesharedmemoryusingthe shared
memorysubsef BSPlibversion1.3[6]. We compiledthelibrary to provide its globalmemoryab-
stractionusingSY SV sharedmemory We shav performancdor boththe“level-2” highly optimized
library andthe*“level-1" lessoptimizedversionandthemicrobenchmarkiseghe*high-performance”
variantsof the sharednemoryaccessunctionsthatdo lessbuffering thanthe standardunctions.

¢ NOW-BSPlibusesaclusterof sixteenl 66 MHz UltraSPARCsconnectedby a 10 Mbit/s ethernetThe
benchmarlusesthe sharedmemoryabstractiorprovided by the BSPlib runtime systemwhich uses
TCP for globalcommunicationin this system.We shov performanceaisingthe “level-2” optimized
library andthe “high-performance’sharednemoryaccesgunctions.

¢ Cray T3E uses32 nodesof a 68 nodeCray T3E. Processinglementsare Digital EquipmentCor-
porationEV5 RISC microprocessorsandtheinterconnecis a high-performancé&-D torusmemory
interconnectWe usethe shmemsharednmemorylibrary for dataaccesdo the sharedarray
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Figure 7 shaws the performanceof the benchmarkon thesearchitectures.The resultsconformto the as-
sumptionsof the QSM model. The carefulmemorylayout of the NoConflict stratgy performsmodestly
betterthanthe Randomapproachwith speedup®f 0% to 68%. But randomizatioravoids the worst-case
contentionbehaior seenin the Conflict casesvhenperformances generallya factorof two to four worse
thanthe ideal NoConflictlayout. Note that this microbenchmarkvas designedo stresstestthe memory
systems’behaior underoverload; accesgatternsfor real programsmay be lessconcurrentthan shavn
here,andthe performancaifferencesamongthe patternanaybelesspronouncedhanshavn here.

5 Relatedwork

Martin et. al [18] experimentallyexaminedhow the performanceof parallel programsdependedn the
LogP parametersThey foundthe strongestependencon permessagdandwidth(o) but lesssensitvity
to lateny (I) and perbyte bandwidth(g). We found little sensitvity to permessagéandwidthfor the
problemswe study We believe this is becausave assumea bulk synchronousmodel and assumehat
low-level compilerstake careof detailssuchasbatchingmessagewhenpossible.

Several studieshave examinedhow differentaspect®f network performanceaffect programperformance.
Cypheret. al [5] examinedthe performanceof several messageassingscientificcodes. Holt et. al [13]
usedsimulationto examinethe performanceof the FLASH multiprocessorsits architecturaparameters
were varied and found that performancewas heaily dependenbn messagdateny andoverhead. The
WisconsinWind Tunnelwasalsobuilt to examinethe impactof differentcommunicatiorarchitecture®n
systenperformancg20]. A majordifferencebetweerthesestudiesandoursis thattheworkloadsexamined
in theseotherstudiesdo not generallyfollow a bulk-synchronos programmingstyle. Although someof
theseotherstudiesconcludethat overheadandlateny areimportantfactorsfor performancdor programs
written under currentprogrammingmodels,our conclusionshave a differentfocus: we concludethat it
would befeasibleto adopta programmingnodelin whichl ando canbe consideregecondaryactors.

6 Conclusions

A key goalof parallellanguagecompiler andarchitecturedesignerss to supporta programmingmnodelin
which programmers&andalgorithmdesignerswrite high level descriptionof their algorithmsthat arethen
compiledinto codeoptimizedfor differentarchitecturesin this papey we have experimentallyevaluated
whetherthe assumptionsnadeby QSM are compatiblewith thatgoal. The resultsindicatethat analysis
underthe QSM modelyields quite accurataesultsfor reasonablénput sizesandthatalgorithmsdeveloped
underQSM achiere performanceloseto thatobtainablehroughmorecomplex models.
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Appendix: Detailed algorithm descriptions

We describethe algorithmsfor prefix sums,samplesortandlist ranking,asthey wereimplementecon the
simulator For all algorithmsthe input andoutputwasdistributeduniformly acrosshe P processors.

parallelprefix(array A4, sizen)

Stepl: Calculatelocal prefixsums.Eachprocessocalculates prefix sumon its
local portionof thearray

Step2: Exchange sumsbetweerprocessos. Eachprocessobroadcasts copy of its last
sumto every otherprocessar

BARRIER SYNCHRONIZATION

Step3: Final modification.Eachprocessoaddsup thesumsfrom its precedingprocessors,
andaddsthis offsetto eachof its previously-calculategrefix sums.

samplesor{array S, sizen)

Major stepl: Pivotselection
Allocateand“register”temporarystructures.
BARRIER SYNCHRONIZATION(to ensureghe shared-memor{registrations’have completed)
Eachprocessoselectsclogn of its elementgandomly(with replacement),
andbroadcast#ts sampledo all otherprocessors.
BARRIER SYNCHRONIZATION
Eachprocessoguicksortsall cP log n samplesandselectsvery
clog nth elementasa pivot (for atotal of P — 1 pivots,or P “buckets”).
Major step2: Redistritution
Assigneachlocal elemento oneof of the P buckets,basedn the choserpivots.
For1 <4 < P, every processosendsts countof elementdor bucketi, along
with a pointerto the locationof theseelementsto processoi
BARRIER SYNCHRONIZATION
Eachprocessonow getsthe otherprocessorstontributionsto its bucket.
Eachprocessoalsoparticipatesn a parallelprefix of thetotal numberof elementsn eachbucket.
BARRIER SYNCHRONIZATION
Major Step3: Local Sort
for1 <i < Pin parallel
processoi sortsthe elementsn theith bucket
Major Step4: Redistrilution
Eachprocessowritesthe sortedelementsn its bucketinto the appropriatdocations
in array$.
BARRIER SYNCHRONIZATION
Un-registeranddeallocateemporarystructures.
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listrank (array S, array P, array R, sizen)

Arrays: successoarray.S; predecessairray P; returned-ranksirray R;

Localvariablesindirectionarrayl, flip arrayF', successosflip arraySF', removedelementarrayRN, andtemporary
new ranksN R.

Isize is the currentnumberof elementsi.e. I[i] pointsto theith elementn currentlinkedlist.

Initialization:
Initialize R to beall ones.
Initialize I[:] = i, to give a one-to-onecorrespondence,
Allocateandregistertemporarystructures.
sinceno elementhasbeenremovedyet.
Major stepl: Each processorepeatedlyemaessomeelementgromits list,
until thelist sizeis fairly smallasfollows.
for ¢ - log P iterationsdo
eachactive element generates flip (randombit), andstoresit in F[I[:]];
BARRIER SYNCHRONIZATION(to ensureshared-memoryegistrationshave completedn
thefirst loop, andto ensurethatthe updategrom the previousloop have completed)
if i is nottheheadelementandi: hasasuccessorandF[I[i]] is 1
(i.e.,i flippedal), thenloadits successosflip into SF[I[i]].
BARRIER SYNCHRONIZATION
if F[I[i]] =1 andSF[I[:]] = 0 (i flipped1, and:’'s successosflip was0),
thens removesitself from thelinkedlist by performinga doubly-linkedlist-remove
usingS and P. Geti’'s predecessosrank.
if thisis thelastiterationof theloop, sendour countof remainingelementgo
nodeO (doingthis stepnow savesa BARRIER SYNCHRONIZATION).
BARRIER SYNCHRONIZATION
for eachelement removedin the previousphase]ook attherecevedrankof its
predecessoandincrementits predecessasrank R[i] by i's currentrank.
(Barriersynchronizatioris not neededasthis canbedonein parallelwith the
flip generatiorof the next iteration,or in parallelwith thefirst phaseof the stepbelow.)
Major step2: Processol0 finishesthelist reductionlocally.
Performa prefix-sumon the countsremainingat eachprocessar
BARRIER SYNCHRONIZATION
All processorsendthedatafor their currently-actve elementgthe predecessaguointers,
thecurrentranks,andanappropriaténdirectionarray)to processof.
BARRIER SYNCHRONIZATION
Processo0 performsalocal list-rank on the remainingactive elementsandputsthefinal
ranksfor theseremainingactive elementsn their designatedocations.
BARRIER SYNCHRONIZATION
Major step3: PerformMajor stepl in reverse nsertingelementdackinto thelist
andpatchingthingsup.
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