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Abstract
Parallel programmingmodelsshouldattemptto satisfytwo
conflictinggoals. On onehand,they shouldhidearchitec-
tural detailsso that algorithm designers can write simple,
portableprograms.Ontheotherhand,modelsmustexpose
architectural detailssothatdesignerscanevaluateandop-
timize the performanceof their algorithms. In this paper,
weexperimentallyexaminethetrade-offsmadebya simple
shared-memorymodel,QSM,to addressthis dilemma.The
resultsindicatethat analysisunderthe QSMmodelyields
quiteaccurateresultsfor reasonableinputsizesandthatal-
gorithmsdevelopedunderQSMachieveperformanceclose
to that obtainablethroughmore complex models,such as
BSPandLogP.

1 Intr oduction
A key goal of parallel language,compiler, and architec-
turedesignersis to supporta programmingmodelin which
programmersandalgorithmdesignerswrite high level de-
scriptionsof their algorithmsthat are then compiled into
codeoptimizedfor differentarchitectures.Designingapro-
grammingmodelto supportthatgoal is challenging.If the
modelis too abstract,it mayhideimportantaspectsof par-
allel architecturesand causealgorithm designersto make
poor designdecisions.Conversely, if the model is too de-
tailed,it maycomplicatetheprogrammer’stask,andit may
drive the programmerto write unportablecodethat opti-
mizesperformanceononearchitecturewhile makingit hard
for thecompilerto optimizeperformanceonotherarchitec-
tures. Onestepin resolvingthis dilemmais to develop a
contractbetweenprogrammersandcompilersthatspecifies
which architecturaldetailsshouldbe explicitly handledin
thehigh-level, architecture-neutralspecificationof analgo-
rithm andwhich detailsshouldbehandledby its low-level
architecture-specificimplementation.This paperexamines
thetrade-offsmadeby theQueuingSharedMemory(QSM)
model[8]. Earlier theoreticalanalyseshave suggestedthat
despitethemodel’s simplicity, it providesa goodbasisfor
designinghigh-performancealgorithms. This papertakes
�
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anexperimentalapproachto understandingunderwhatcon-
ditionsthismodelwill yield goodresults.

The QSM modelprovidesa simplesharedmemoryab-
stractionthatattemptsto reveal themostimportantaspects
of parallelarchitecturesto algorithm designerswhile hid-
ing architecturaldetails that have secondaryperformance
impactandthat interferewith portability. QSM providesa
sharedmemoryabstractionto simplify algorithm descrip-
tion andanalysis,it modelslocal memoryandlimited re-
motememorybandwidthto encouragelocality, andit usesa
bulk synchronousstyleto give thecompiler1 freedomto re-
order, pipeline,andgroupmessagesto hidelatency andper-
messageoverhead.On onehand,the QSM canbe consid-
ereda morerealisticversionof thePRAM [7, 13], sinceit
is shared-memory, andadditionallyit (1) modelsbandwidth
limitations and (2) supportscomputingin coarse-grained
phases,thusavoiding excessive synchronizations.On the
otherhand,the QSM canbe viewed asa simplificationof
moredetaileddistributedmemorymodelssuchasBSP[18]
andLogP[5] sinceit doesnot dealwith thedetailsof data
layout,andit hasasmallernumberof parametersthanthese
models. The theoreticalresultsin [8] suggestthat algo-
rithms designedon the QSM shouldperform just as well
on theBSP(to within a smallconstantfactor)providedthe
inputsizeis sufficiently large.

In this paperwe usebothsimulationandmeasurements
of actual parallel hardware to examine how well QSM
tracksmachinebehavior in practice. In particular, we ex-
perimentallyexamineseveral waysin which QSM simpli-
fies actualarchitecturesto seeif thesesimplificationsare
asbenignastheorysuggests.We examineQSM’s decision
to omit latency (

�
) andoverhead( � ) parametersby examin-

ing the behavior of a representative programandfind that,
aspredictedby theory, programswritten in coarse-grained
phasesare insensitive to network latency andoverheadas
long as input sizesare large enoughto permit sufficient
pipeliningandbatchingof messages.For thearchitectures
and programswe examine,experimentssuggestthat this
conditionis achievedfor essentiallyany problemsizeworth

1In this paper, we usethe term compiler in a broadsenseto refer to
the entity that translatesan architecture-neutralprogramdescriptioninto
anoptimized,architecture-specific implementation.This entity may bea
human,library, or aprogram.In any case,thegoalof ourmodelis to make
this translationasimple,mechanicalprocess.



parallelizing. In addition,by examiningmicrobenchmarks
on anSMP(a SunEnterprise5000),a network of worksta-
tions(aclusterof SunUltra-1workstations),andanMPP(a
Cray T3E), we evaluateQSM’s strategy of usingrandom-
ization to avoid memorybankconflicts. We find thatcom-
paredto a perfectmemorylayout with no contention,the
randomlayoutassumedby QSM addsnegligible to modest
delaysevenfor thesememory-intensiveworkloads,andran-
domizationavoidstheworst-casecontentionbehavior when
performanceis muchworsethantheideallayout.

The next sectionof this paperprovidesmoredetailsof
the QSM model and discussesthe contractit implies be-
tweenprogrammerandcompiler. Section3 examinesQSM
on a simulatorthatletsusvarynetwork performanceto de-
terminethe impactof omitting network latency andover-
headparametersfrom themodel.Section4 usesasynthetic
benchmarkon several actualmachinesto quantify the im-
pactof omitting memorybankcontentionfrom the model.
Section5 surveys relatedwork, andSection6 summarizes
our conclusions.

2 QSM Model
The QueuingSharedMemory (QSM) model [8] provides
a simple sharedmemory abstractionthat attemptsto re-
veal the mostimportantaspectsof parallelarchitecturesto
algorithm designerswhile hiding architecturaldetailsthat
have secondaryperformanceimpactandthat interferewith
portability. A QSM consistsof a numberof identicalpro-
cessors,eachwith its own private memory, that commu-
nicateby readingandwriting sharedmemory. Processors
executea sequenceof synchronizedphases,eachconsist-
ing of an arbitrary interleaving of sharedmemory reads,
sharedmemorywrites,andlocalcomputation.QSMimple-
mentsa bulk-synchronousprogrammingabstractionstruc-
turedaroundcoarse-grainedphasesin which (i) eachpro-
cessorcanexecuteseveral instructionswithin a phasebut
the valuesreturnedby shared-memoryreadsissuedin a
phasecannotbe usedin the samephaseand(ii) the same
shared-memorylocationcannotbebothreadandwritten in
thesamephase.Thismodelof computingin phasessimpli-
fies the analysisof algorithmsaswell asthe translationof
QSMdescriptionsinto efficientarchitecture-specificimple-
mentations.

Table1 summarizesa setof parametersthat mayaffect
the performanceof parallel programsand indicateshow
a QSM programmerwould accountfor thoseparameters.
QSM essentiallydividestheseparametersinto two groups.
First, the QSM performancemodelexplicitly accountsfor� , ���	� , ��
�� , 
 , and � . Theseparametersrepresentfunda-
mentalcharacteristicsof analgorithmon nearlyany paral-
lel architecture— � , the numberof processors,represents
the algorithm’s concurrency; � 
�� , the maximumnumber
of remotereadsor remotewrites by any processorduring

Ar chitectural/Algorithmic Implementation
Parameter Contract

Explicitly ModeledFactors� (numberof processors) QSM Parameter���	� (# of remoteoperations) Algorithm designer����� (# of local operations) shouldminimize� (memoryobj. contention) max(��������� �	� �	� ��� )� (gap) QSM Parameter
SecondaryFactors!

(latency), " (barriertime) Hide latency by pipelining# (per-messageoverhead) Usebulk synchronousstyle
andbatchmessages$ � (memorybankcontention) Randomizedatalayout% (network congestion) Usebulk synchronousstyle
andlimit network sendrate

Table1: Systemparameters.

a phase,representsits locality (or lack thereof);and ���	� ,
themaximumnumberof localoperationsperformedby any
processorduring a phase,representsits local computation
time. The parameter
 , the maximumnumberof readsor
writesto any remotememorylocationduringa phase,rep-
resentsthe contentionto any one remotememoryobject.

 is fundamentalto an algorithmbecausesuchcontention
cannotbe hidden by, for instance,clever layout of data
acrossbanks.Thekey architecturalparametermodeledby
QSM is the gap, � , betweenthe local instructionrateand
theremotecommunicationrate.This parameterreflectsthe
limited communicationbandwidthof most parallel archi-
tecturesandtherebyencouragesalgorithmsto exploit local-
ity. Thus,for eachphase,QSM chargesa time costfor that
phaseof max(���	� , �'&(��
�� , 
 ). A relatedmodel,thes-QSM
(symmetricQSM)chargesatimecostof max( � �)� , �*&+� 
�� ,
�,&-
 ).

QSM considersthe secondgroup of parametersin Ta-
ble 1 —

�
, . , � , / 
 , and 0 — to be secondaryfactorsin

algorithmdesignandcontendsthat algorithmdescriptions
andanalysismaygenerallybesimplifiedby ignoringthese
factors.In practice,parallelprogramsreducetheimpactof
thesefactorsusingstandardtechniques:pipelining to hide
latency, largecomputationphasesto amortizesynchroniza-
tion costs,batchingrequeststo reduceoverhead,andran-
domizationto avoid bankconflicts.Ratherthancomplicate
high-level, architecture-independentalgorithmdescriptions
with theseroutinedetails,QSMassumesacontractin which
thecompileris responsiblefor usingsuchtechniqueswhen
appropriate.In particular:

1 When designinga QSM algorithm, a designermay
ignore network latency (

�
) becauseshemay assume

thatthelow-level implementationwill hidelatency by
pipelining requests. QSM’s model of computingin
coarse-grainedphasesfacilitatesthis simplificationby
creatingbatchesof requeststhatmaybesentduringa
phasebut thatwill not beuseduntil thenext phase.



1 WhendesigningaQSMalgorithm,adesignerdoesnot
explicitly accountfor . , thesynchronizationtime. In-
stead,thedesignerfollowstheQSMcostmodel,which
encouragesminimizing thenumberof phasesto amor-
tize thecostof synchronizationovera largeamountof
work [16].

1 WhendesigningaQSMalgorithm,adesignerdoesnot
explicitly accountfor � , the overheadof sendingand
receiving a message.Instead,the designerassumes
that the compilerwill take advantageof concurrency
within phasesto batchrequestsandtherebyminimize
overhead. By including � but not � in the network
performancemodel,QSM tells algorithmdesignersto
focuson limiting the amountof datasentby an algo-
rithm,notonhow many messagesareusedto sendthat
data.

1 WhendesigningaQSMalgorithm,adesignerdoesnot
accountfor the contention /2
 for accessesto remote
memorybanksexceptwhen therearemany accesses
to a specificremoteobject (capturedby 
 ). Instead,
the designerassumesthat the compilerwill limit the
performanceimpactof bankconflictsby randomizing
datalayout[8].

1 When designinga QSM algorithm, a designerdoes
not explicitly accountfor 0 , the network congestion.
Brewer andKuszmal[2] found that network conges-
tion couldsignificantlylimit theperformanceof paral-
lel machines,andQSM expectscompilersto address
congestionby (1) usingtheperiodicsynchronizations
associatedwith a phasedprogrammingstyleto reduce
congestionand (2) limiting the rate at which nodes
senddata.

2.1 Comparison with other parallel architec-
ture models

It is worthwhile to comparethe QSM modelto otherpop-
ular modelsfor parallelalgorithmdesign. The traditional
model is the PRAM [13], which is a synchronousshared-
memory model with unit-time communicationto shared-
memory. While the PRAM is a simplemodel that aids in
exposinghigh-level parallelismin algorithms,its costmea-
surehasa significantmismatchto real machinesin that it
ignoresissuesof latency, bandwidthlimitation, andmem-
ory granularityin parallelmachines.As in the QSM, the
latency mismatchcanbe addressedby pipelining if suffi-
cientparallelslacknessis present,but thesynchronousna-
tureof thePRAM modeltypically resultsin alargernumber
of phasesandhighersynchronizationcostsin a PRAM al-
gorithmfor agivenproblemthanin aQSMalgorithm.Also,
thePRAM hasnoparameterto modelbandwidthlimitation,
andhencethemodeldoesnot encouragelocality. As in the

QSM, the memorygranularity issuecan be addressedby
hashing,providedtheexclusive(e.g., EREW)andnot con-
current(e.g., CRCW)modelisused,but theexclusivemem-
ory accessrule is morerestrictivethanthequeuingmemory
accessusedin theQSM.

TheBSP(BulkSynchronousParallel) [18] andtheLogP
[5] modelseachrepresentaparallelmachineasacollection
of processor-memoryunitswith no globalsharedmemory.
Theprocessorsareinterconnectedby anetwork whoseper-
formanceis characterizedby a gapparameter� anda la-
tency parameter

�
(in LogP) or synchronizationparameter

. (in BSP).TheLogPmodelalsomodelstheper-message
overhead� for sendingandreceiving messages,andit lim-
its network congestionby requiringthat no morethan

�43 �
messagesbe in transit to a given destinationprocessorin
any interval of length

�
. Algorithms designedunderthese

modelstendto haverathercomplicatedperformanceanaly-
sesbecauseof the numberof parametersin the model,the
lack of a sharedmemoryabstraction,andtheneedto keep
trackof theexactmemorypartitionacrosstheprocessorsat
eachstep.

3 Impact of omitting 5 and 6
The QSM model predictsthat network latency

�
andper-

messageoverhead� will not impactrunningtime for bulk
synchronousprogramsassumingthat (1) the compiler or
run timesystempipelinesandbatchesmessagesand(2) the
inputsizeis sufficiently largeto provideenoughparallelism
for thesetechniquesto beeffective. In this section,we test
thesehypothesesby runningseveral representative parallel
programson a detailedsimulatorthat letsusvary network
performance.

3.1 Workload
Our experimentsstudiedthreeQSM algorithms,onewith
little communication,onewith a mediumamountof com-
munication,andonewith a largeamountof irregularcom-
munication. As suggestedby the QSM model, we opti-
mized the algorithmsto minimize computationand com-
munication time, while keeping the number of phases
small [16]. Due to spacelimitations, for this conference
paperwe presentonly the resultsfor the algorithm with
mediumcommunication,samplesort. A detaileddescrip-
tion of all threealgorithmsandexperimentalresultsontheir
performancecanbe found in the extendedversionof this
paper[10].

We raneachexperiment10 timesandreporttheaverage
numberof cycles. Thestandarddeviation is lessthan11%
of theaveragefor all of theruns.

3.2 Ar chitecture
WeusedtheArmadillo multiprocessorsimulator[9] to sim-
ulatea distributedmemorymultiprocessor. For this setof



Parameter Hardware ObservedPerformance
Setting (HW + SW)

Gap 7 (Bandwidth) 3 cycles/byte(133MB/s) 35cycles/byte(put)
287cycles/byte(get)

Per-msgOverhead� 400cycles(1 8 s) N/A
Latency 9 1600cycles(4 8 s) N/A
Synch.Barrier : N/A 25500cycles(p=16)

Table2: Raw hardwareperformanceandmeasurednetwork per-
formance(includinghardwareandsoftware)for simulatedsystem.

experiments,the processorandmemoryconfigurationpa-
rametersaresetfor anadvancedprocessorin 1998(with a
400MHzclockand4 integerand4 floatingpoint functional
units)andarenot modifiedfurther.

Theprimaryadvantageof usinga simulatoris that it al-
lowsusto easilyvaryhardwareparameterssuchasnetwork
bandwidth,latency, andoverhead.Table2 summarizesthe
defaultsettingsfor thesehardwareparametersaswell asthe
observed performancewhenwe accessthe network hard-
warethroughour sharedmemorylibrary software. In Sec-
tion 3.4 we will describeour experimentsthat vary these
hardwareparametersto examinethealgorithm’ssensitivity
to them.

3.3 Results
TheorysuggeststhatQSM’smodelof computingin phases
will allow QSM analysisto safely ignore latency as long
asthereis sufficient parallelismto hideit by pipeliningre-
quests.In particular, it suggeststhat latency will bedomi-
natedby otherfactorswhen ; ��3 �=<>&@?BACAED 3 � where D
is theamountof communication,� is thenumberof proces-
sorsin thetargetmachine,and ? is thenumberof phasesin
theQSMalgorithm[16].2 For ourdefaultsystem,

�
is 1600,

� is 3, and � is 16. For samplesort ? is 5, and D is lin-
earwith F . Assumingthat the constanthiddenby the GH;4<
notationis small,thisanalysissuggeststhat

�
will notsignif-

icantly impactperformancefor problemsizeslargeenough
to beworthparallelizing.Similarly, QSManalysisdoesnot
accountfor per-messageoverheadbecauseit assumesthat
overheadwill beamortizedby batchingrequests.

Figure1 comparespredictedandsimulatedcommunica-
tion performancein cycles.TheCommunicationline shows
measuredcommunicationperformance.A QSM analysis
predictsthatcommunicationwill taketime I2; �KJML <4�ON+PRQ>F'ST ; �UJVL <��WSX�ZY,[�SX��Y with high probability(whp).3 The
algorithmis randomized,andthe Y and [ termsrepresent
how runningtimedependson theloadbalanceachieved. Y

2It also holds true if a QSM algorithm designedfor � processorsis
mappedontoa �]\ processormachinewhere ^ !+_ �-`a���]\abcbd� [8].

3We focuson predictingcommunicationperformanceratherthantotal
runningtimefor two reasons.First,all of themodelsabstractlocalcompu-
tationin thesameway, socomparisonsof how thealgorithmspredictlocal
computationwill not be interesting.Second,for all of the modelscalcu-
latingappropriateconstantsfor analgorithmonaparticulararchitectureis
nontrivial; imprecisionat this stepmight overshadow theeffectswe wish
to examine.For reference,thetotal runningtime includingcomputationis
about20million cyclesfor the200,000-elementproblemsize.
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Figure 1: Measuredand predictedcommunicationperformance
for thesamplesortalgorithm.

is thesizeof thelargestbucket,andr is aboundonthefrac-
tion of elementsin any bucket thatareoutsidetheprocessor
thatwill sort thebucket. In thefigure,we plot threecases.
In the idealcaseYgfih� and [jf �lknm� , andall nodeshave
equalamountsof work to do. The Ideal caseline shows
this unreasonablyoptimistic case. By applying Chernoff
boundson Y and [ , we derivedboundsfor thealgorithm’s
runningtime thathold for at least90%of runs.Thedetails
of this derivation canbe found elsewhere[16]. The WHP
boundline shows this asa conservativeupperlimit on typ-
ical performance.In addition,we experimentallymeasured
theactual Y and [ skewsexperiencedandplot theresulting
line asQSMestimate. This third line representsthetypeof
performanceestimatethatcouldbeachievedundera QSM
model if either (a) an algorithmwereoblivious anddeter-
ministic andan exact time boundwereknown or (b) a de-
tailedanalysisof probabilitydistributionswereavailable.

The BSP estimateline of the graphshows the results
of a BSPanalysisof the algorithmusingthe measuredY
and [ skews,andalsoincludingtheexperimentally-derived
per-phasesynchronizationdelays,for anadditionalo]. term
over the QSM analysis. The ideal-caseand upper-bound
loadbalanceanalysisfor BSPis thesameasfor QSM,and
plots for theseareomittedfrom the graphfor clarity; they
wouldbeoffsetfrom theQSMlinesby thesameo@. termas
theBSPestimateline.

For thecasewhereloadbalanceis known with precision,
the simpleQSM modelsuccessfullypredictscommunica-
tion performancewhenproblemsizesare relatively large.
By ignoringthecostof per-messageoverhead,synchroniza-
tion, andnetwork latency, QSM underestimatescommuni-
cationtimeby aconstantamount.However, asproblemsize
grows,thiserrorbecomeslessimportantandthepredictions
becomemoreaccurate.Accuracieswithin 10%of thecom-
municationtime are achieved for all problemsizeslarger
thanabout125,000elementstotal (or about8,000elements
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Figure2: Problemsizeneededfor actualcommunicationtime to
fall within therangebetweentheWHPboundandthe Ideal-case
linesaslatency q is variedfor samplesort.

per processor.) We believe thatproblemssmallerthanthis
limit areunlikely to beworth parallelizing,somodelinac-
curacy for suchsmallproblemsizesis not amajorconcern.

For thecasewhereloadbalanceis not known with pre-
cision, the Ideal-caseand WHP bound lines in the graph
boundpredictedperformance.The two lines boundactual
performanceover almosttheentirerangeof problemsizes.
Again, mismatcheshappenwhenproblemsizesareproba-
bly too small to be worth parallelizing. This analysissug-
geststhat the loosenessof theboundsobtainedusingstan-
dard algorithm analysisandvariationsintroducedby ran-
domizationmay often be larger thanthe errorsintroduced
by QSM’ssimplifiednetwork model.

3.4 Sensitivity to architectural parameters
TheQSMmodelpredictsthat

�
and � areeffectively hidden

when r � is largeenoughto allow sufficient pipeliningand
batchingof messages.We would thereforepredictthatsys-
temswith larger

�
, � , or � wouldalsorequirelarger F before

QSM predictionsareaccurate.In fact,asindicatedabove,
wewouldpredicta linearrelationshipbetween

�
, � , or � and

theminimum F requiredfor goodprediction.
In Figure2, wevary

�
, thehardwarelatency, overarange

of valuesandshow wheretheWHPboundline crossesthe
measuredperformanceline for that latency. As hypothe-
sized,increasing

�
resultsin a linearincreasein theproblem

size F requiredfor QSMto accuratelypredictperformance.
If our simulatorcould accommodatelarger problemsizes,
we would expect a similar linear relationshipif we com-
paredwherepredictionsfirst comewithin 10%of measured
performancefor eachvalueof

�
.

Althoughspacelimitationsdonotallow usto includethe
resultshere,we performeda similar experimentwherewe
variedthemachine’s overhead,� , andwe observedsimilar
results. Due to memorylimitations of our simulationin-
frastructure,wewerenotableto vary � overawideenough
rangeto examinethis relationshipfor � .

Theseexperimentssuggestthat QSM will predictcom-
municationperformanceof thesealgorithmsfor almostany
reasonablysizedproblem.As mentionedearlier, in our de-
fault configurationQSM accuratelypredictscommunica-
tion time for samplesort when Fts L-u oZv�wRw@w , which cor-
respondsto just xRw@wRw elementsper processor. We believe
this is asmallproblemsizefor amodernmachine.

The linear relationshipbetween
�
, � , and � on theprob-

lem size neededfor predictionaccuracy suggeststhat we
may be able to extrapolatefrom theseresultsto predict
when QSM will accuratelymodel communicationperfor-
mancefor otherarchitectures.The predictionsin Table3
shouldbe treatedwith cautionsincethey representan ex-
trapolationfrom onesetof experimentsto a wide rangeof
architectures.However, both the theoreticalQSM model
and our experimental results support this extrapolation.
Evenwith thesecaveats,the datain this tablesuggestthat
QSM will predictperformancewell for this algorithmfor
modestsizedproblems.

4 Memory bank contention
QSMdoesnottrackhow dataareplacedacrossglobalmem-
ory banks. QSM expectsalgorithmsto maximizelocality
by utilizing localmemoryandto minimizeremote-memory
bankcontentionby randomizingdatalayout. This section
examineshow well that strategy will work in practiceby
examiningthe performanceof a microbenchmarkthatwas
designedto stressthe memorysystemof several modern
parallelarchitectures.

Each processorrunning the microbenchmarkaccesses
globalmemoryasquickly asit canin oneof threepatterns.
In theRandompattern,eachaccessis to a randomword in
a randomremotebank’s memory. In the Conflict pattern,
eachaccessis to a randomword in memorybank0. In the
NoConflictpattern,eachaccessby processory is to a ran-
domword in memorybank yzS L sothatno two processors
areaccessingthesamebank.

We examinetheperformanceof themicrobenchmarkon
four systemsthatspanarangeof memoryarchitectures.

1 SMP-NATIVE is an8-processor, 8-memory-bankSun
UltraEnterpriseserver with 166MHz processors.The
benchmarksharesmemoryusingthecacheconsistent
sharedmemoryspaceprovidedby thehardware.

1 SMP-BSPlibusesthe samehardware,but the bench-
markaccessessharedmemoryusingthesharedmem-
ory subsetof BSPlibversion1.3 [4].

1 NOW-BSPlib usesa clusterof sixteen166 MHz Ul-
traSPARCs connectedby a 10 Mbit/s Ethernet. The
benchmarkusesthe BSPlib runtime system,which
usesTCPto simulatesharedmemoryin this system.



Architecture p l o g {}|n~+��
Default simulationparameters 16 1600 400 3 8000

Berkeley NOW [15] 32 830 481 4.3 ( � * 4640)
300MHzPentium-IITCP/IP, 100MbSwitchedEthernet (32) 75000 150000 24 ( � * 325000)
CRAY T3E[1] (64) 126 (50) 1.6 ( � * 1558)
Intel Paragon[6] (64) 325 90 0.35 ( � * 15429)
Meico CS-2[6] (32) 497 112 1.4 ( � * 5325)

Table3: Themodelsexaminedin thispaperpredictthatfor problemslargerthan �a�'� { , theQSM modelshouldaccuratelypredictrunning
time for theSampleSortbenchmark.Most of thevaluesfor hardwareparametersweretakenfrom thearticlesspecifiedabove, aftercon-
vertingall parametersto bein unitsof clockcycles;valuesin parenthesiswerenotavailablein thosearticlesandrepresentestimatedvalues.
Our estimatesfor � �'� { on theotherarchitecturesincludetheparameter� , which correspondsto differencesin softwareimplementation
of communicationsprimitivesacrossthearchitectures.

1 CrayT3E uses32 nodesof a 68 nodeCray T3E with
DEC EV5 RISCmicroprocessors.We usetheshmem
sharedmemory library for dataaccessto the shared
array.

Figure 3 shows the performanceof the benchmarkon
thesearchitectures. The resultsconform to the assump-
tions of the QSM model. The careful layout of the No-
Conflictstrategy performsmodestlybetterthantheRandom
approachwith speedupsof 0% to 68%. But randomization
avoids theworst-casecontentionbehavior seenin theCon-
flict caseswhenperformanceis generallya factorof two to
four worsethantheidealNoConflictlayout.

5 Relatedwork
Martin et al. [15] experimentallyexaminedhow theperfor-
manceof parallelprogramsdependedon theLogPparame-
ters. They foundthestrongestdependency on per-message
bandwidth( � ) but lesssensitivity to latency (

�
) andper-byte

bandwidth( � ). We found little sensitivity to per-message
bandwidthfor the problemswe study. We believe this is
becausewe assumea bulk-synchronousmodelandassume
that low-level compilerstake careof detailssuchasbatch-
ing messageswhenpossible.

Several studieshave examinedhow differentaspectsof
network performanceaffect programperformance.Cypher
et al. [3] examinedthe performanceof several message
passingscientificcodes.Holt et al. [11] usedsimulationto
examinetheperformanceof theFLASH multiprocessoras
its architecturalparameterswerevariedandfoundthatper-
formancewas heavily dependenton messagelatency and
overhead. The WisconsinWind Tunnel was also built to
examine the impact of different communicationarchitec-
tureson systemperformance[17]. A majordifferencebe-
tweenthesestudiesand ours is that the workloadsexam-
ined in theseotherstudiesdo not generallyfollow a bulk-
synchronousprogrammingstyle. Although someof these
other studiesconcludethat overheadand latency are im-
portantfactorsfor performancefor programswritten under
currentprogrammingmodels,our conclusionshave a dif-

ferentfocus:weconcludethatit would befeasibleto adopt
a programmingmodel in which

�
and � canbe considered

secondaryfactors.
JuurlinkandWijshoff [12] provideanevaluationof sev-

eral representative algorithmsundervariationsof the BSP
model.They foundthatthemodelsgenerallypredictedper-
formancewell and that predictionaccuracy generallyim-
provedasproblemsizeincreased.

6 Conclusions
A key goalof parallellanguage,compiler, andarchitecture
designersis to supportaprogrammingmodelin whichpro-
grammersandalgorithmdesignerswrite high level descrip-
tions of their algorithmsthat are thencompiledinto code
optimizedfor differentarchitectures.In this paper, we have
experimentallyevaluatedwhethertheassumptionsmadeby
QSM are compatiblewith that goal. The resultsindicate
that analysisunder the QSM model yields quite accurate
resultsfor reasonableinputsizesandthatalgorithmsdevel-
opedunderQSM achieveperformancecloseto thatobtain-
ablethroughmorecomplex models.
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