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Abstract
Parallel programmingmodelsshould attemptto satisfy
two conflictinggoals.On onehand,they shouldhidear-
chitecturaldetailsso that algorithm designerscan write
simple, portable programs. On the other hand, mod-
els must expose architecturaldetails so that designers
can evaluateand optimize the performanceof their al-
gorithms. In this paper, we experimentallyexaminethe
trade-offsmadebyasimpleshared-memorymodel,QSM,
to addressthis dilemma. The resultsindicatethat anal-
ysis underthe QSM model yields quite accurateresults
for reasonableinput sizesandthat algorithmsdeveloped
underQSM achieve performancecloseto thatobtainable
throughmorecomplex models,suchasBSPandLogP.

1 Introduction
A key goal of parallel language,compiler, and archi-
tecturedesignersis to supporta programmingmodel in
which programmersand algorithm designerswrite high
level descriptionsof their algorithmsthat are thencom-
piled into codeoptimizedfor differentarchitectures.De-
signingaprogrammingmodelto supportthatgoalis chal-
lenging.On onehand,if themodelis too abstract,it may
hideimportantaspectsof parallelarchitecturesandcause
algorithmdesignersto make poor designdecisions. On
the otherhand,if the model is too detailed,it may com-
plicatethe programmer’s task,andit may drive the pro-
grammerto write unportablecodethat optimizesperfor-
manceon onearchitecturewhile making it hard for the
compilerto optimizeperformanceon otherarchitectures.
Onestepin resolvingthis dilemmais to develop a con-
tract betweenprogrammersandcompilersthat specifies
which architecturaldetailsshouldbe explicitly handled
in the high-level, architecture-neutralspecificationof an
algorithmandwhich shouldbe handledby its low-level
architecture-specificimplementation. This paperexam-
ines the trade-offs madeby the QueuingSharedMem-
ory (QSM) model [8]. Earlier theoreticalanalyseshave
�
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suggestedthatdespitethe model’s simplicity, it provides
a goodbasisfor designinghigh-performancealgorithms.
Thispapertakesanexperimentalapproachto understand-
ing underwhatconditionsthis modelwill yield goodre-
sults.

TheQSM modelprovidesa simplesharedmemoryab-
stractionthatattemptsto revealthemostimportantaspects
of parallelarchitecturesto algorithmdesignerswhile hid-
ing architecturaldetailsthathave secondaryperformance
impactandthat interferewith portability. QSM provides
a sharedmemoryabstractionto simplify algorithm de-
scriptionandanalysis,it modelslocal memoryandlim-
itedremotememorybandwidthto encouragelocality, and
it usesa bulk synchronousstyle to give the compiler1

freedomto reorder, pipeline,andgroupmessagesto hide
latency and per-messageoverhead. On one hand, the
QSM can be considereda more realistic versionof the
PRAM [7], since(1) it is shared-memory, (2) it models
bandwidthlimitations,and(3) it supportsbulk-synchrony,
thus avoiding excessive synchronizations.On the other
hand,theQSM canbeviewedasa simplificationof more
detaileddistributedmemorymodelssuchasBSP[18] and
LogP[5] sinceit doesnotdealwith thedetailsof datalay-
out,andit hasa smallernumberof parametersthanthese
models. The theoreticalresultsin [8] suggestthat algo-
rithmsdesignedon theQSM shouldperformjust aswell
on the BSP(to within a small constantfactor)provided
theinputsizeis sufficiently large.

In thispaperweusebothsimulationandmeasurements
of actualparallel hardware to examinehow well QSM
tracksmachinebehavior in practice.In particular, we ex-
perimentallyexamineseveralwaysin whichQSMsimpli-
fiesactualarchitecturesto seeif thesesimplificationsare
asbenignastheorysuggests.We examineQSM’s deci-
sion to omit latency (

�
) andoverhead( � ) parametersby

examiningthe behavior of a representative programand
find that, as predictedby theory, programswritten in a
bulk-synchronousstyleareinsensitive to network latency

1In this paper, we usethetermcompilerin a broadsenseto refer to
theentity thattranslatesanarchitecture-neutralprogramdescriptioninto
anoptimized,architecture-specificimplementation.This entity maybe
a human,library, or a program.In any case,thegoalof our modelis to
make this translationasimple,mechanicalprocess.



andoverheadas long as input sizesare large enoughto
permitsufficientpipeliningandbatchingof messages.For
thearchitecturesandprogramswe examine,experiments
suggestthat this conditionis achievedfor essentiallyany
problemsizeworth parallelizing.In addition,by examin-
ingmicrobenchmarksonanSMP(aSunEnterprise5000),
a network of workstations(aclusterof SunUltra-1work-
stations),andanMPP(a CrayT3E), we evaluateQSM’s
strategy of using randomizationto avoid memorybank
conflicts. We find that comparedto a perfectmemory
layout with no contention,the randomlayout assumed
by QSM doesexhibit noticeablecontention,but thecon-
tentionappearstolerableevenfor thesememory-intensive
workloads,andrandomizationavoidstheworst-casecon-
tention behavior whenperformanceis muchworsethan
theideallayout.

The next sectionof this paperprovides more details
of the QSM modelanddiscussesthe contractit implies
betweenprogrammerandcompiler. Section3 examines
theperformanceof severalrepresentativealgorithmsrun-
ningonasimulatorthatletsusvarynetwork performance
to determinethe impactof omitting network latency and
overheadparametersfrom QSM. Section4 usesa syn-
thetic benchmarkon several actualmachinesto quantify
theimpactof omitting memorybankcontentionfrom the
model. Section5 surveys relatedwork, and Section6
summarizesour conclusions.

2 QSM Model
TheQueuingSharedMemory(QSM) model[8] provides
a simplesharedmemoryabstractionthat attemptsto re-
veal the most importantaspectsof parallelarchitectures
to algorithm designerswhile hiding architecturaldetails
thathavesecondaryperformanceimpactandthatinterfere
with portability. A QSMconsistsof anumberof identical
processors,eachwith its own privatememory, that com-
municateby readingand writing sharedmemory. Pro-
cessorsexecutea sequenceof synchronizedphases,each
consistingof an arbitrary interleaving of sharedmem-
ory reads,sharedmemorywrites,andlocal computation.
QSM implementsa bulk-synchronousprogrammingab-
stractionin that (i) eachprocessorcan executeseveral
instructionswithin a phasebut the valuesreturnedby
shared-memoryreadsissuedin a phasecannotbeusedin
thesamephaseand(ii) thesameshared-memorylocation
cannotbe both readandwritten in the samephase.This
bulk synchronousmodelsimplifies the analysisof algo-
rithmsaswell asthetranslationof QSM descriptionsinto
efficientarchitecture-specificimplementations.

Table 1 summarizesa set of parametersthat may af-
fect the performanceof parallel programsand indicates
how a QSM programmerwould accountfor thoseparam-
eters.QSM essentiallydividestheseparametersinto two

Architectural/Algorithmic Implementation
Parameter Contract

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

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

Table1: Systemparameters.

groups.First, theQSM performancemodelexplicitly ac-
countsfor � , � , � ,  "!�# , and %$'& . Theseparametersrepre-
sentfundamentalcharacteristicsof analgorithmonnearly
any parallelarchitecture— � , the numberof processors,
representsthealgorithm’sconcurrency,  %$(& , thenumber
of remotememoryaccesses,representsits locality (or lack
thereof),and  !�# , thenumberof local operations,repre-
sentsits local computationtime. The parameter� rep-
resentsthecontentionto any oneremotememoryobject,
which is fundamentalto an algorithmbecausesuchcon-
tentioncannotbehiddenby, for instance,clever layoutof
dataacrossbanks.Thekey architecturalparametermod-
eledby QSM is the gap, � , betweenthe local instruction
rate and the remotecommunicationrate. This parame-
ter reflectsthelimited communicationbandwidthof most
parallel architecturesand thus encouragesalgorithmsto
exploit locality. If duringa phase,themaximumnumber
of local operationsperformedby any processoris  %!)# ,
the maximumnumberof remotereadsor remotewrites
by any processoris  %$'& , and the maximumnumberof
readsor writes to any remotememorylocationduring a
phaseis � , QSM chargesa time cost for that phaseof
max( !�# , �+*� $(& , � ). A relatedmodel,thes-QSM(sym-
metricQSM) chargesa time costof max (  !)# , �,*- $(& ,
�.*/� ).

QSM considersthesecondgroupof parametersin Ta-
ble1 —

�
, � , 01$ , and 2 — to besecondaryfactorsin algo-

rithm designandcontendsthatalgorithmdescriptionsand
analysismay generallybe simplified by ignoring these
factors. In practice,parallelprogramsreducethe impact
of thesefactorsusingstandardtechniques:pipelining to
hide latency, batchingrequeststo reduceoverhead,and
randomizationto avoid bankconflicts. Ratherthancom-
plicatehigh-level,architecture-independentalgorithmde-
scriptionswith theseroutinedetails,QSMassumesacon-
tract in which the compileris responsiblefor usingsuch
techniqueswhenappropriate.In particular:

3 Whendesigninga QSM algorithm,a designermay
ignorenetwork latency (

�
) becauseshemay assume



that the low-level implementationwill hide latency
by pipelining requests. QSM’s bulk-synchronous
model facilitates this simplification by creating
batchesof requeststhatmaybe sentduringa phase
but thatwill not beuseduntil thenext phase.

3 Whendesigninga QSM algorithm,a designerdoes
not explicitly accountfor � , theoverheadof sending
and receiving a message.Instead,the designeras-
sumesthat thecompilerwill take advantageof bulk
synchrony to batchrequestsand therebyminimize
overhead.By including � but not � in the network
performancemodel,QSM tells algorithmdesigners
to focuson limiting theamountof datasentby anal-
gorithm,notonhow many messagesareusedto send
thatdata.

3 Whendesigninga QSM algorithm,a designerdoes
notaccountfor thecontentionof remotememoryac-
cessesto banks( 0 $ ) exceptwhentherearemany ac-
cessesto a specificremoteobject ( � ). Instead,the
designerassumesthatthecompilerwill limit theper-
formanceimpact of bank conflicts by randomizing
datalayout[8].

3 Whendesigninga QSM algorithm,a designerdoes
not explicitly accountfor 2 , thenetwork congestion.
BrewerandKuszmal[2] foundthatnetwork conges-
tion couldsignificantlylimit theperformanceof par-
allel machines.QSM expectscompilersto address
congestionby (1) using the periodic synchroniza-
tions associatedwith a bulk-synchronousprogram-
ming style to reducecongestionand(2) limiting the
rateat which nodessenddata.

2.1 Comparison with other parallel archi-
tecture models

It is worthwhile to comparethe QSM model to other
popularmodelsfor parallelalgorithmdesign. The tradi-
tional model is the PRAM [13], which is a synchronous
shared-memorymodelwith unit-time communicationto
shared-memory. While thePRAM is a simplemodelthat
aids in exposinghigh-level parallelismin algorithms,its
costmeasurehasa significantmismatchto realmachines
in that it ignoresissuesof latency, bandwidthlimitation,
andmemorygranularityin parallelmachines.As in the
QSM, thelatency mismatchcanbeaddressedby pipelin-
ing if sufficient parallelslacknessis present,but thesyn-
chronousnatureof thePRAM modeltypically resultsin a
largernumberof phasesandhighersynchronizationcosts
in a PRAM algorithmfor a givenproblemthanin a QSM
algorithm. Also, the PRAM hasno parameterto model
bandwidthlimitation, andhencethe modeldoesnot en-
couragelocality. As in the QSM, the memorygranular-
ity issuecanbe addressedby hashing,provided the ex-

clusive(e.g., EREW) and not concurrent (e.g., CRCW)
model is used,but the exclusive memoryaccessrule is
morerestrictive thanthequeuingmemoryaccessusedin
theQSM.

The BSP (Bulk Synchronous Parallel) [18] and the
LogP [5] modelseachrepresenta parallel machineas
a collection of processor-memoryunits with no global
sharedmemory. The processorsare interconnectedby
a network whoseperformanceis characterizedby a gap
parameter� anda latency parameter

�
(in LogP) or syn-

chronizationparameter4 (in BSP).TheLogPmodelalso
modelsthe per-messageoverhead� for sendingand re-
ceiving messages,andit limits network congestionby re-
quiring thatno morethan

�65 � messagesbe in transitto a
givendestinationprocessorin any interval of length

�
. Al-

gorithmsdesignedunderthesemodelstendto haverather
complicatedperformanceanalysesbecauseof thenumber
of parametersin themodel,the lack of a sharedmemory
abstraction,andtheneedto keeptrackof theexactmem-
ory partitionacrosstheprocessorsateachstep.

3 Impact of omitting 7 and 8
TheQSM modelpredictsthatnetwork latency

�
andper-

messageoverhead� will not impactrunningtimefor bulk
synchronousprogramsassumingthat (1) the compileror
run time systempipelinesandbatchesmessagesand(2)
theproblemis sufficiently largeto provide enoughparal-
lelismfor thesetechniquesto beeffective. In thissection,
wetestthesehypothesesby runningseveralrepresentative
parallelprogramson a detailedsimulatorthatletsusvary
network performance.

3.1 Workload
OurexperimentsstudiedthreeQSM algorithms,onewith
little communication,onewith amediumamountof com-
munication,andonewith alargeamountof irregularcom-
munication. As suggestedby the QSM model,we opti-
mizedthealgorithmsto minimizecomputationandcom-
munication time, while keeping the numberof phases
small [16]. Due to spacelimitations, for this conference
paperwe presentonly the resultsfor the algorithmwith
mediumcommunication,samplesort. A detaileddescrip-
tion of all threealgorithmsandan analysisof their per-
formancecanbefoundin theextendedversionof thispa-
per[10].

We ran eachexperiment10 timesandreport the aver-
age.Thestandarddeviation is lessthan11%of theaver-
agefor all of theruns.

3.2 Architecture
We usedthe Armadillo multiprocessorsimulator [9] to
simulatea distributedmemorymultiprocessor. The pri-
maryadvantageof usinga simulatoris thatit allowsusto
easilyvary hardwareparameterssuchasnetwork latency



Parameter Hardware ObservedPerformance
Setting (HW + SW)

Gap 9 (Bandwidth) 3 cycles/byte(133MB/s) 35 cycles/byte(put)
287cycles/byte(get)

Per-msgOverhead! 400cycles(1 : s) N/A
Latency ; 1600cycles(4 : s) N/A
Synch.Barrier < N/A 25500cycles(p=16)

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

andoverhead.Thecoreof thesimulatoris theprocessor
module. For this set of experiments,the processorand
memoryconfigurationparametersaresetfor anadvanced
processorin 1998 (with a 400MHz clock and 4 integer
and4 floatingpoint functionalunits)andarenotmodified
further.

Our systemallows us to set the network’s bandwidth,
latency, andper-messageoverhead.Table2 summarizes
thedefault settingsfor thesehardwareparametersaswell
as the observed performancewhen we accessthe net-
work hardwarethroughour sharedmemorylibrary soft-
ware. In Section3.4 we will describeour experiments
thatvary thesehardwareparametersto examinethealgo-
rithm’ssensitivity to them.

3.3 Results
Theorysuggeststhatthebulk synchronousmodelwill al-
low QSManalysisto safelyignorelatency aslongasthere
is sufficient parallelismto hide it by pipelining requests.
In particular, it suggeststhatlatency will bedominatedby
other factorswhen = ��5 �1>?*A@CBDBFE 5 � where E is the
amountof communication,� is thenumberof processors
in thetargetmachine,and @ is thenumberof phasesin the
QSM algorithm[16].2 For our default system,

�
is 1600,

� is 3, and � is 16. For samplesort @ is 4, and E is
linear with G . Assumingthat the constanthiddenby theH =�> notationis small,thisanalysissuggeststhat

�
will not

significantlyimpactperformancefor problemsizeslarge
enoughto be worth parallelizing. Similarly, QSM anal-
ysis doesnot accountfor per-messageoverheadbecause
it assumesthat overheadwill be amortizedby batching
requests.

Figure1 comparespredictedandsimulatedcommuni-
cationperformancein cycles. A QSM analysispredicts
thatcommunicationwill taketime IJ=K�MLONP>���QSRUT�GWVYXJ=Z�ML
N[>6�\V%�A]_^`V%�A] whp.3 Thealgorithmis randomized,and

2It alsoholdstrue if a QSM algorithmdesignedfor � processorsis
mappedontoa �-a processormachinewhere b �Sc �/dA���-aAefe_� [8].

3Wefocusonpredictingcommunicationperformanceratherthanto-
tal runningtime for two reasons.First, all of themodelsabstractlocal
computationin the sameway, so comparisonsof how the algorithms
predictlocal computationwill not be interesting.Second,for all of the
modelscalculatingappropriateconstantsfor analgorithmon a particu-
lar architectureis nontrivial; imprecisionat this stepmight overshadow
theeffectswewish to examine.For reference,thetotal runningtime in-
cludingcomputationis about20 million cyclesfor the200,000-element
problemsize.
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Figure1: Measuredandpredictedcommunicationperformance
for thesamplesortalgorithm.

the ] and ^ termsrepresenthow running time depends
on the loadbalanceachieved. ] is thesizeof the largest
bucket, and r is a boundon the fraction of elementsin
any bucket thatareoutsidetheprocessorthatwill sortthe
bucket. In thefigure,weplot threecases.In theidealcase
]ihkj# and ^_h #Plnm# , andall nodeshaveequalamountsof
work to do. The Ideal caseline shows this unreasonably
optimisticcase.By applyingChernoff boundson ] and
^ , wederivedboundsfor thealgorithm’srunningtimethat
holdfor at least90%of runs.Thedetailsof thisderivation
canbefoundelsewhere[16]. TheWHPboundline shows
this asa conservativeupperlimit on typical performance.
Finally, we experimentallymeasuredthe actual ] and ^
skewsexperiencedin eachexperimentandplot theresult-
ing line asQSMestimate. This third line representsthe
type of performanceestimatethat could be achievedun-
deraQSMmodelif either(a)analgorithmwereoblivious
anddeterministicandan exact time boundwere known
or (b) a detailedanalysisof probabilitydistributionswere
available.

The BSPestimateline of the graphshows the results
of a BSPanalysisof the algorithmusingthe actual,ex-
perimentallydeterminedsynchronizationdelays,includ-
ing skews. BSPanalysisincludestheper-phasesynchro-
nization cost, for an additional o-4 term over the QSM
analysis. The ideal-caseand upper-boundload balance
analysisfor BSP is the sameas for QSM, andplots for
theseareomitted from the graphfor clarity; they would
beoffsetfrom theQSM linesby thesameoU4 termasthe
BSPestimateline.

For the casewhereload balanceis known with preci-
sion, the simpleQSM modelsuccessfullypredictscom-
munication performancewhen problem sizes are rela-
tively large. By ignoring the cost of per-messageover-
headandnetwork latency, QSM underestimatescommu-
nicationtimeby aconstantamount.However, asproblem
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Figure2: Problemsizeneededfor actualcommunicationtimeto
fall within therangebetweentheWHPboundandtheIdeal-case
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sizegrows,thiserrorbecomeslessimportantandthepre-
dictionsbecomemoreaccurate.Accuracieswithin 10%
of the communicationtime areachieved for all problem
sizeslarger thanabout125,000elementstotal (or about
8,000elementsperprocessor.) We believe thatproblems
smallerthanthis limit areunlikely to beworth paralleliz-
ing, somodelinaccuracy for suchproblemsizesis not a
largeconcern.

For thecasewhereloadbalanceis notknown with pre-
cision, the Ideal-caseandWHPboundlines in thegraph
boundpredictedperformance.The two lines boundac-
tual performanceover almosttheentirerangeof problem
sizes.Again,mismatcheshappenwhenproblemsizesare
probablytoosmallto beworthparallelizing.Thisanalysis
suggeststhat the loosenessof the boundsobtainedusing
standardalgorithmanalysisandvariationsintroducedby
randomizationmay often be larger thanthe errorsintro-
ducedby QSM’ssimplifiednetwork model.

3.4 Sensitivity to architectural parameters
TheQSM modelpredictsthat

�
and � areeffectively hid-

denwhen q # is large enoughto allow sufficient pipelin-
ing andbatchingof messages.We would thereforepre-
dict thatsystemswith larger

�
, � , or � would alsorequire

larger G beforeQSM predictionsare accurate. In fact,
asindicatedabove,we would predicta linearrelationship
between

�
, � , or � andthe minimum G requiredfor good

prediction.
In Figure 2, we vary

�
, the hardware latency, over a

rangeof valuesand show where the WHP bound line
crossesthe measuredperformanceline for that latency.
As hypothesized,increasing

�
resultsin a linear increase

in theproblemsize G requiredfor QSMto accuratelypre-
dict performance. If our simulatorcould accommodate
largerproblemsizes,we would expectasimilar linearre-
lationship if we comparedwherepredictionsfirst come
within 10%of measuredperformancefor eachvalueof

�
.

Although spacelimitations do not allow us to include

theresultshere,weperformedasimilarexperimentwhere
we varied the machine’s overhead,� , and we observed
similar results.Dueto memorylimitationsof our simula-
tion infrastructure,wewerenotableto vary � overawide
enoughrangeto examinethis relationshipfor � .

TheseexperimentssuggestthatQSMwill predictcom-
municationperformanceof thesealgorithmsfor almost
any reasonablysizedproblem.For example,in ourdefault
configurationQSM accuratelypredicts communication
time for the samplesort algorithmwhen GsrtN/uUoAv'wxwUw ,
which correspondsto just yUwxwUw elementsper processor.
We believe this is a smallproblemsizefor a modernma-
chine.

Thelinearrelationshipbetween
�
, � , and� on theprob-

lem sizeneededfor predictionaccuracy suggeststhatwe
may be able to extrapolatefrom theseresultsto predict
whenQSM will accuratelymodelcommunicationperfor-
mancefor otherarchitectures.Thepredictionsin Table3
shouldbetreatedwith cautionsincethey representanex-
trapolationfrom onesetof experimentsto awiderangeof
architectures.However, both the theoreticalQSM model
and our experimentalresultssupportthis extrapolation.
Evenwith thesecaveats,thedatain this tablesuggestthat
QSM will predictperformancewell for this algorithmfor
modestsizedproblems.

4 Memory bank contention
QSM doesnot track how dataare placedacrossglobal
memorybanks.QSM expectsalgorithmsto maximizelo-
cality by utilizing local memoryandto minimizeremote-
memory bank contentionby randomizingdata layout.
Thissectionexamineshow well thatstrategy will work in
practiceby examiningtheperformanceof a microbench-
mark that wasdesignedto stressthe memorysystemof
severalmodernparallelarchitectures.

Eachprocessorrunningthe microbenchmarkaccesses
global memoryasquickly as it can in oneof threepat-
terns. In theRandompattern,eachaccessis to a random
word in a randomremotebank’s memory. In theConflict
pattern,eachaccessis to a randomword in memorybank
0. In theNoConflictpattern,eachaccessby processorz is
to a randomword in memorybank zfV{N so that no two
processorsareaccessingthesamebank.

We examinethe performanceof the microbenchmark
on four systemsthat spana rangeof memoryarchitec-
tures.
3 SMP-NATIVE is an 8-processor, 8-memory-bank

Sun UltraEnterpriseserver with 166 MHz proces-
sors.Thebenchmarksharesmemoryusingthecache
consistentsharedmemory spaceprovided by the
hardware.

3 SMP-BSPlibusesthesamehardware,but thebench-
mark accessesshared memory using the shared



Architecture p l o g |~}����

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 this paperpredictthatfor problemslargerthan �1�`� | , theQSM modelshouldaccuratelypredict
runningtime for theSampleSortbenchmark.Most of thevaluesfor hardwareparametersweretaken from thearticlesspecified
above, after converting all parametersto be in units of clock cycles; valuesin parenthesiswere not available in thosearticles
andrepresentestimatedvalues.Our estimatesfor � �`� | on theotherarchitecturesincludetheparameter� , which correspondsto
differencesin softwareimplementationof communicationsprimitivesacrossthearchitectures.

memorysubsetof BSPlibversion1.3[4].

3 NOW-BSPlibusesa clusterof sixteen166MHz Ul-
traSPARCsconnectedby a 10 Mbit/s Ethernet.The
benchmarkusesBSPlib runtimesystem,which uses
TCPto simulatesharedmemoryin thissystem.

3 Cray T3E uses32 nodesof a 68 node Cray T3E
with DEC EV5 RISC microprocessors.We usethe
shmem sharedmemorylibrary for dataaccessto the
sharedarray.

Figure3 shows the performanceof the benchmarkon
thesearchitectures.The resultsconformto the assump-
tions of the QSM model. The careful memory layout
of theNoConflict strategy performsmodestlybetterthan
theRandomapproachwith speedupsof 0% to 68%. But
randomizationavoids theworst-casecontentionbehavior
seenin theConflict caseswhenperformanceis generally
a factor of two to four worsethan the ideal NoConflict
layout.

5 Related work
Martin et al. [15] experimentallyexaminedhow the per-
formanceof parallelprogramsdependedon theLogPpa-
rameters.They found the strongestdependency on per-
messagebandwidth( � ) but lesssensitivity to latency (

�
)

andper-bytebandwidth( � ). We foundlittle sensitivity to
per-messagebandwidthfor the problemswe study. We
believe this is becausewe assumea bulk synchronous
modelandassumethat low-level compilerstake careof
detailssuchasbatchingmessageswhenpossible.

Several studieshave examinedhow different aspects
of network performanceaffect program performance.
Cypher et al. [3] examinedthe performanceof several
messagepassingscientific codes. Holt et al. [11] used
simulation to examine the performanceof the FLASH
multiprocessoras its architecturalparameterswere var-
iedandfoundthatperformancewasheavily dependenton
messagelatency andoverhead.TheWisconsinWind Tun-
nelwasalsobuilt to examinetheimpactof differentcom-
municationarchitectureson systemperformance[17]. A

majordifferencebetweenthesestudiesandoursis thatthe
workloadsexaminedin theseotherstudiesdo not gener-
ally follow a bulk-synchronousprogrammingstyle. Al-
thoughsomeof theseother studiesconcludethat over-
headand latency are important factorsfor performance
for programswrittenundercurrentprogrammingmodels,
ourconclusionshaveadifferentfocus:weconcludethatit
wouldbefeasibleto adoptaprogrammingmodelin which�

and � canbeconsideredsecondaryfactors.
Juurlink andWijshoff [12] provide a goodevaluation

of several representative algorithmsundervariationsof
the BSP model. They found that the modelsgenerally
predictedperformancewell andthat predictionaccuracy
generallyimprovedasproblemsizeincreased.

6 Conclusions
A key goal of parallel language,compiler, and archi-
tecturedesignersis to supporta programmingmodel in
which programmersand algorithm designerswrite high
level descriptionsof their algorithmsthat are thencom-
piled into codeoptimizedfor differentarchitectures.In
this paper, we have experimentallyevaluatedwhetherthe
assumptionsmadeby QSMarecompatiblewith thatgoal.
The resultsindicatethat analysisunderthe QSM model
yields quite accurateresults for reasonableinput sizes
and that algorithmsdevelopedunderQSM achieve per-
formancecloseto thatobtainablethroughmorecomplex
models.
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