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Abstract

Parallel programmingmodelsshouldattemptto satisfytwo

conflictinggoals. On onehand,they shouldhide architec-
tural detailsso that algorithm designes can write simple

portableprograms.Ontheotherhand,modelsmustexpose
architectural detailssothat designes canevaluateandop-

timize the performanceof their algorithms. In this paper

we experimentallyexaminethetrade-ofs madeby a simple
shared-memorynodel,QSM,to addressthis dilemma.The
resultsindicate that analysisunderthe QSMmodelyields
quiteaccurateresultsfor reasonablénputsizesandthatal-

gorithmsdevelopedunderQSMachieve performanceclose
to that obtainablethrough more complex models,suc as
BSPandLogP.

1 Intr oduction

A key goal of parallel language,compiler, and architec-
ture designerss to supporta programmingmodelin which
programmersand algorithm designerswrite high level de-
scriptionsof their algorithmsthat are then compiledinto
codeoptimizedfor differentarchitecturesDesigningapro-
grammingmodelto supportthatgoalis challenging.If the
modelis too abstractjt may hideimportantaspectof par
allel architecturesand causealgorithm designerso make
poor designdecisions.Corversely if the modelis too de-
tailed, it may complicatethe programmerstask,andit may
drive the programmerto write unportablecodethat opti-
mizesperformancen onearchitecturavhile makingit hard
for thecompilerto optimizeperformancen otherarchitec-
tures. Onestepin resolvingthis dilemmais to develop a
contractbetweerprogrammerandcompilersthatspecifies
which architecturaldetailsshouldbe explicitly handledin
the high-level, architecture-neutrapecificatiorof analgo-
rithm andwhich detailsshouldbe handledby its low-level
architecture-specifienplementation.This paperexamines
thetrade-ofs madeby the QueuingSharedMemory (QSM)
model[8]. Earliertheoreticalanalysesave suggestedhat
despitethe model’s simplicity, it providesa goodbasisfor
designinghigh-performancelgorithms. This papertakes
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anexperimentabpproacho understandingnderwhatcon-
ditionsthis modelwill yield goodresults.

The QSM model providesa simple sharedmemoryab-
stractionthat attemptgo revealthe mostimportantaspects
of parallelarchitecturego algorithm designerswhile hid-
ing architecturaldetailsthat have secondaryperformance
impactandthatinterferewith portability. QSM providesa
sharedmemoryabstractionto simplify algorithm descrip-
tion and analysis,it modelslocal memoryand limited re-
motememorybandwidthto encouragéocality, andit usesa
bulk synchronoustyleto give the compiler freedomto re-
order, pipeline,andgroupmessaget hidelateng andper
messag®verhead.On onehand,the QSM canbe consid-
ereda morerealisticversionof the PRAM [7, 13], sinceit
is shared-memoryandadditionallyit (1) modelsbandwidth
limitations and (2) supportscomputingin coarse-grained
phasesthus avoiding excessve synchronizations.On the
otherhand,the QSM canbe viewed asa simplification of
moredetaileddistributedmemorymodelssuchasBSP[18]
andLogP[5] sinceit doesnot dealwith the detailsof data
layout,andit hasa smallemumberof parameterghanthese
models. The theoreticalresultsin [8] suggestthat algo-
rithms designedon the QSM should performjust as well
onthe BSP(to within a small constanfactor)providedthe
inputsizeis sufiiciently large.

In this paperwe useboth simulationand measurements
of actual parallel hardware to examine how well QSM
tracksmachinebehaior in practice. In particulay we ex-
perimentallyexamineseveral waysin which QSM simpli-
fies actualarchitecturedo seeif thesesimplificationsare
asbenignastheorysuggestsWe examineQSM’s decision
to omit lateng (/) andoverheado) parameterdy examin-
ing the behaior of a representatie programandfind that,
aspredictedby theory programswritten in coarse-grained
phasesareinsensitve to network lateny and overheadas
long as input sizesare large enoughto permit sufficient
pipelining andbatchingof messagesktor the architectures
and programswe examine, experimentssuggestthat this
conditionis achievedfor essentiallyary problemsizeworth

Lin this paper we usethe term compilerin a broadsenseto refer to
the entity that translatesan architecture-neutrgbrogramdescriptioninto
anoptimized,architecture-spefic implementation.This entity may be a
humanibrary, oraprogram.In ary casethegoalof ourmodelis to make
thistranslationa simple,mechanicaprocess.



parallelizing. In addition, by examiningmicrobenchmarks
on an SMP (a SunEnterprise5000),a network of worksta-
tions(aclusterof SunUltra-1 workstations)andanMPP (a
Cray T3E), we evaluateQSM’s strategyy of usingrandom-
izationto avoid memorybankconflicts. We find thatcom-
paredto a perfectmemorylayout with no contention,the
randomlayoutassumedby QSM addsnegligible to modest
delaysevenfor theseanemory-intensieworkloads andran-
domizationavoidstheworst-caseontentiorbehaior when
performancas muchworsethantheideallayout.

The next sectionof this paperprovides more detailsof
the QSM model and discusseghe contractit implies be-
tweenprogrammerandcompiler Section3 examinesQSM
on asimulatorthatletsusvary network performanceo de-
terminethe impactof omitting network latengy and over-
headparameterfrom the model. Section4 usesa synthetic
benchmarkon several actualmachinego quantify theim-
pactof omitting memorybankcontentionfrom the model.
Section5 surweys relatedwork, and Section6 summarizes
our conclusions.

2 QSM Model

The QueuingSharedMemory (QSM) model [8] provides
a simple sharedmemory abstractionthat attemptsto re-
vealthe mostimportantaspectof parallelarchitectureso
algorithm designerswhile hiding architecturaldetailsthat
have secondaryerformanceémpactandthatinterferewith
portability. A QSM consistsof a numberof identical pro-
cessorsgeachwith its own private memory that commu-
nicateby readingandwriting sharedmemory Processors
executea sequencef synchronizedhasesgachconsist-
ing of an arbitrary interleaving of sharedmemoryreads,
sharednemorywrites,andlocal computationQSMimple-
mentsa bulk-syn&ironousprogrammingabstractiorstruc-
turedaroundcoarse-grainegghasesn which (i) eachpro-
cessorcan executeseveral instructionswithin a phasebut
the valuesreturnedby shared-memoryeadsissuedin a
phasecannotbe usedin the samephaseand (i) the same
shared-memoriocationcannotbe bothreadandwrittenin
thesamephase This modelof computingin phasesimpli-
fies the analysisof algorithmsaswell asthe translationof
QSMdescriptionsnto efficientarchitecture-specifitnple-
mentations.

Table1 summarizes setof parametershat may affect
the performanceof parallel programsand indicateshow
a QSM programmerwould accountfor thoseparameters.
QSM essentiallydividestheseparameterinto two groups.
First, the QSM performancenodelexplicitly accountsor
P, Mop, Mry, K, andg. Theseparametersepresentunda-
mentalcharacteristic®f analgorithmon nearlyany paral-
lel architecture— p, the numberof processorstepresents
the algorithm’s concurreng; m..,,, the maximumnumber
of remotereadsor remotewrites by ary processoduring

Ar chitectural/Algorithmic Implementation
Parameter Contract

Explicitly ModeledFactors
p (numberof processors) QSM Parameter
myy (#0f remoteoperations)| Algorithm designer
mop (#0Of local operations) | shouldminimize
% (memoryobj. contention) | maxmop, g - Mrw, K)
g (gap) QSM Parameter
Secondaryactors
I (lateng), L (barriertime) Hide lateny by pipelining
o (permessageverhead) Usebulk synchronoustyle
andbatchmessages
Randomizelatalayout
Usebulk synchronoustyle
andlimit network sendrate

hy (Memorybankcontention)
¢ (network congestion)

Tablel: Systemparameters.

a phase representits locality (or lack thereof);andmp,
themaximumnumberof local operationgperformedby ary
processoduring a phase representséts local computation
time. The parametew, the maximumnumberof readsor
writesto any remotememorylocationduring a phaserep-
resentsthe contentionto any one remotememory object.
k is fundamentato an algorithmbecausesuchcontention
cannotbe hidden by, for instance,clever layout of data
acrosshanks. The key architecturaparametemodeledby
QSM s the gap, g, betweenthe local instructionrate and
theremotecommunicatiorrate. This parametereflectsthe
limited communicationbandwidthof most parallel archi-
tecturesandtherebyencouragealgorithmsto exploit local-
ity. Thus,for eachphase QSM chagesatime costfor that
phaseof maxm,p, g:-myy, £). A relatedmnodel,thes-QSM
(symmetricQSM) chagesatime costof max(mop, g-mMry.
g-K).

QSM considersthe secondgroup of parametersn Ta-
blel—1, L, o, h,, andc — to be secondaryfactorsin
algorithmdesignand contendsthat algorithm descriptions
andanalysismay generallybe simplified by ignoringthese
factors.In practice parallelprogramseducethe impactof
thesefactorsusing standardechniquespipelining to hide
latengy, large computatiorphase¢o amortizesynchroniza-
tion costs,batchingrequestgo reduceoverheadandran-
domizationto avoid bankconflicts. Ratherthancomplicate
high-level, architecture-independealgorithmdescriptions
with theseoutinedetails,QSMassumesa contracin which
thecompileris responsibldor usingsuchtechniquesvhen
appropriateln particular;

e When designinga QSM algorithm, a designermay
ignore network lateng (I) becauseshe may assume
thatthe low-level implementatiorwill hide lateng by
pipelining requests. QSM’s model of computingin
coarse-graineghasesacilitatesthis simplificationby
creatingbatchesf requestghatmay be sentduringa
phasebut thatwill notbeuseduntil thenext phase.



¢ Whendesigningn QSM algorithm,a designedoesnot
explicitly accounfor L, the synchronizatiortime. In-
steadthedesignefollowsthe QSM costmodel,which
encourageminimizing the numberof phase$o amor
tize the costof synchronizatiorover alarge amountof
work [16].

¢ WhendesigningnQSM algorithm,a designedoesnot
explicitly accountfor o, the overheadof sendingand
receving a message.Instead,the designerassumes
that the compilerwill take advantageof concurreng
within phasego batchrequestsandtherebyminimize
overhead. By including g but not o in the network
performancenodel, QSM tells algorithmdesignerdo
focuson limiting the amountof datasentby an algo-
rithm, notonhow mary messageareusedto sendthat
data.

¢ WhendesigningpQSM algorithm,a designedoesnot
accountfor the contentionh, for accesse$o remote
memorybanksexceptwhenthereare mary accesses
to a specificremoteobject (capturedby ). Instead,
the designerassumeghat the compilerwill limit the
performancempactof bankconflictsby randomizing
datalayout[8].

e When designinga QSM algorithm, a designerdoes
not explicitly accountfor ¢, the network congestion.
Brewer and Kuszmal[2] found that network conges-
tion couldsignificantlylimit the performancef paral-
lel machinesand QSM expectscompilersto address
congestiorby (1) usingthe periodicsynchronizations
associateavith a phasedrogrammingstyleto reduce
congestionand (2) limiting the rate at which nodes
senddata.

2.1 Comparisonwith other parallel architec-
ture models

It is worthwhile to comparethe QSM modelto otherpop-
ular modelsfor parallelalgorithmdesign. The traditional
modelis the PRAM [13], which is a synchronoushared-
memory model with unit-time communicationto shared-
memory While the PRAM is a simple modelthat aidsin
exposinghigh-level parallelismin algorithms,its costmea-
surehasa significantmismatchto real machinesn thatit
ignoresissuesof lateng, bandwidthlimitation, and mem-
ory granularityin parallelmachines.As in the QSM, the
latengy mismatchcan be addressedby pipelining if suffi-
cientparallelslacknesss presentput the synchronousa-
tureof thePRAM modeltypically resultsin alargernumber
of phasesandhighersynchronizatiorcostsin a PRAM al-
gorithmfor agivenproblemthanin aQSMalgorithm.Also,
thePRAM hasno parameteto modelbandwidthiimitation,
andhencethe modeldoesnot encouragéocality. Asin the

QSM, the memorygranularityissuecan be addressedby
hashing providedthe exclusive(e.g., EREW)andnot con-
current(e.g., CRCW)modelis used put theexclusve mem-
ory accessule is morerestrictve thanthe queuingmemory
accessisedin theQSM.

The BSP(Bulk SyntironousParallel) [18] andthe LogP
[5] modelseachrepresena parallelmachineasa collection
of processomemoryunits with no global sharedmemory
Theprocessorareinterconnectethy a network whoseper
formanceis characterizedy a gap parametely and a la-
teng/ parameteld (in LogP) or synchronizatiorparameter
L (in BSP).The LogP modelalsomodelsthe permessage
overhead for sendingandreceving messagesandit lim-
its network congestiorby requiringthatno morethani/g
messagesde in transitto a given destinationprocessoiin
ary interval of lengthl. Algorithms designedunderthese
modelstendto have rathercomplicatedoerformancenaly-
sesbecausef the numberof parametersn the model,the
lack of a sharedmemoryabstractionandthe needto keep
trackof theexactmemorypartitionacrosghe processorsat
eachstep.

3 Impact of omitting [ and o

The QSM model predictsthat network lateng [ and per

messag@verheado will notimpactrunningtime for bulk

synchronousprogramsassumingthat (1) the compiler or

runtime systenpipelinesandbatchesnessageand(2) the
inputsizeis sufficiently largeto provide enoughparallelism
for thesetechniquedo be effective. In this section,we test
thesehypothesedy runningseveral representatie parallel
programson a detailedsimulatorthat lets us vary network
performance.

3.1 Workload

Our experimentsstudiedthree QSM algorithms,one with
little communicationpnewith a mediumamountof com-
munication,andonewith alarge amountof irregularcom-
munication. As suggestedy 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
mediumcommunicationsamplesort A detaileddescrip-
tion of all threealgorithmsandexperimentaresultsontheir
performancecan be found in the extendedversionof this
paper10].

We raneachexperimentl0timesandreportthe average
numberof cycles. The standarddeviationis lessthan11%
of theaveragefor all of theruns.

3.2 Architecture

We usedthe Armadillo multiprocessosimulator[9] to sim-
ulate a distributed memorymultiprocessar For this setof



Parameter Hardware ObseredPerformance
Setting (HW + SW)
Gapg (Bandwidth) 3cycles/byte(133MB/s) | 35cycles/byte(put)
287 cycles/byte(get)
PermsgOverheads | 400cycles(1 us) N/A
Lateng/ I 1600cycles(4 us) N/A
Synch.Barrier L N/A 25500cycles(p=16)

Table2: Rav hardware performanceand measuredetwork per
formancgincludinghardwareandsoftware)for simulatedsystem.

experiments the processoand memory configurationpa-
rametersaresetfor anadvancedprocessoin 1998 (with a
400MHz clock and4 integerand4 floating point functional
units)andarenot modifiedfurther.

The primary advantageof usinga simulatoris thatit al-
lows usto easilyvary hardwareparametersuchasnetwork
bandwidth lateng, andoverhead.Table2 summarizeshe
defaultsettingsfor thesehardwareparameteraswell asthe
obsened performancevhenwe accesghe network hard-
warethroughour sharednmemorylibrary software. In Sec-
tion 3.4 we will describeour experimentsthat vary these
hardware parameterso examinethe algorithm’s sensitvity
to them.

3.3 Results

TheorysuggestshatQSM’s modelof computingin phases
will allow QSM analysisto safely ignore lateng aslong
asthereis sufficient parallelismto hideit by pipeliningre-
guests.In particular it suggestshatlateng will be domi-
natedby otherfactorswhen(l/g) - # << W/p whereW
is theamountof communicationp is thenumberof proces-
sorsin thetargetmachineandr is the numberof phasesn
the QSM algorithm[16].2 For our defaultsystem] is 1600,
g is 3, andp is 16. For samplesort is 5, andW is lin-
earwith n. Assumingthatthe constanthiddenby the O()
notationis small,thisanalysissuggestshat! will notsignif-
icantly impactperformancédor problemsizeslarge enough
to beworth parallelizing.Similarly, QSM analysisdoesnot
accountfor permessag@verheadbecauseat assumeshat
overheadwvill beamortizedby batchingrequests.

Figurel comparegredictedandsimulatedcommunica-
tion performanceén cycles. The Communicatiotine shovs
measureccommunicationperformance. A QSM analysis
predictsthatcommunicatiowill taketime4(p—1)glogn+
3(p — 1)g + gBr + gB with high probability (whp).® The
algorithmis randomizedandthe B andr termsrepresent
how runningtime depend®n theloadbalanceachieved. B

2|t also holdstrue if a QSM algorithm designedfor p processorss
mappecbntoap’ processomachinewhere(l/g) - p' << p[8].

3We focuson predictingcommunicatiorperformanceatherthantotal
runningtime for two reasonskFirst, all of themodelsabstractocal compu-
tationin the sameway, socomparisonsf how thealgorithmspredictlocal
computatiorwill not be interesting. Secondfor all of the modelscalcu-
lating appropriateconstantgor analgorithmon a particulararchitectureés
nontrivial; imprecisionat this stepmight overshadw the effectswe wish
to examine.For referencethetotal runningtime includingcomputationis
about20 million cyclesfor the 200,000-elemergroblemsize.

Sample Sort for 16 processors
6 T T T

QSM WHP bound

millions of cycles

QSM ideal-case

!

150000

0 50000 100000
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Figure 1. Measuredand predictedcommunicationperformance
for thesamplesortalgorithm.

is thesizeof thelargestbucket,andr is aboundonthefrac-
tion of elementsn ary bucketthatareoutsidethe processor
thatwill sortthe bucket. In the figure, we plot threecases.
In theidealcaseB = 2 andr = 2-1, andall nodeshave
equalamountsof work to do. The Ideal caseline shavs
this unreasonablyoptimistic case. By applying Chernof
boundson B andr, we derived boundsfor the algorithm’s
runningtime thathold for atleast90% of runs. The details
of this derivation canbe found elsevhere[16]. The WHP
boundline shaws this asa consenrative upperlimit on typ-
ical performanceln addition,we experimentallymeasured
theactual B andr skews experiencedandplot theresulting
line asQSMestimate This third line representshetype of
performanceestimatethat could be achievedundera QSM
modelif either(a) an algorithmwere oblivious and deter
ministic andan exacttime boundwereknown or (b) a de-
tailedanalysisof probability distributionswereavailable.

The BSP estimateline of the graph shavs the results
of a BSP analysisof the algorithm usingthe measuredB
andr skews, andalsoincludingthe experimentally-derred
perphasesynchronizatiomelays for anadditional5 L term
over the QSM analysis. The ideal-caseand upperbound
load balanceanalysisfor BSPis the sameasfor QSM, and
plots for theseare omittedfrom the graphfor clarity; they
would beoffsetfrom the QSMlinesby thesame5 L termas
the BSPestimatdine.

For thecasewhereloadbalancés known with precision,
the simple QSM model successfullypredictscommunica-
tion performancevhen problemsizesare relatively large.
By ignoringthecostof permessageverheadsynchroniza-
tion, andnetwork lateng/, QSM underestimatesommuni-
cationtime by aconstanamount.However, asproblemsize
grows, thiserrorbecomegessimportantandthepredictions
becomemoreaccurate Accuracieswithin 10% of thecom-
municationtime are achieved for all problemsizeslarger
thanabout125,000elementgotal (or about8,000elements
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Figure2: Problemsize neededor actualcommunicatiortime to
fall within the rangebetweerthe WHP boundandthe Ideal-case

linesaslateny ! is variedfor samplesort.

per processa) We believe that problemssmallerthanthis
limit areunlikely to be worth parallelizing,so modelinac-
curag for suchsmallproblemsizesis notamajorconcern.

For the casewhereload balanceis not known with pre-
cision, the Ideal-caseand WHP boundlines in the graph
boundpredictedperformance.The two lines boundactual
performancever almostthe entirerangeof problemsizes.
Again, mismatche$happerwhenproblemsizesare proba-
bly too smallto be worth parallelizing. This analysissug-
geststhatthe loosenessf the boundsobtainedusing stan-
dard algorithm analysisand variationsintroducedby ran-
domizationmay often be larger thanthe errorsintroduced
by QSM’s simplified network model.

3.4 Sensitvity to architectural parameters

The QSM modelpredictsthat! ando areeffectively hidden
when % is large enoughto allow sufficient pipeliningand
batchingof messagesiNe would thereforepredictthatsys-
temswith largerl, o, or p would alsorequirelargern before
QSM predictionsareaccurate.In fact, asindicatedabove,
wewould predictalinearrelationshipbetweerd, o, or p and
theminimumn requiredfor goodprediction.

In Figure2, wevaryl, thehardwarelateng, overarange
of valuesandshav wherethe WHP boundline crosseshe
measuredoerformancdine for that lateng. As hypothe-
sized,increasing resultsin alinearincreasen the problem
sizen requiredfor QSM to accuratelypredictperformance.
If our simulatorcould accommodatéarger problemsizes,
we would expecta similar linear relationshipif we com-
paredwherepredictiondirst comewithin 10%of measured
performancdor eachvalueof [.

Althoughspacdimitationsdo notallow usto includethe
resultshere,we performeda similar experimentwherewe
variedthe machines overheadp, andwe obsenedsimilar
results. Due to memorylimitations of our simulationin-
frastructureyve werenotableto vary p overawide enough
rangeto examinethis relationshipfor p.

Theseexperimentssuggesthat QSM will predictcom-
municationperformancef thesealgorithmsfor almostary
reasonablsizedproblem.As mentionedearlier in our de-
fault configurationQSM accuratelypredictscommunica-
tion time for samplesortwhenn > 125,000, which cor-
respondgo just 8000 elementsper processar We believe
thisis asmallproblemsizefor amodernmachine.

Thelinearrelationshipbetweenl, o, andp on the prob-
lem size neededfor predictionaccurag suggestshat we
may be able to extrapolatefrom theseresultsto predict
when QSM will accuratelymodel communicationperfor
mancefor otherarchitectures.The predictionsin Table 3
shouldbe treatedwith cautionsincethey representin ex-
trapolationfrom onesetof experimentgo a wide rangeof
architectures. However, both the theoreticalQSM model
and our experimentalresults support this extrapolation.
Evenwith thesecaveats,the datain this table suggesthat
QSM will predict performancewell for this algorithm for
modestsizedproblems.

4 Memory bank contention

QSMdoesnottrackhow dataareplacedacrosgylobalmem-
ory banks. QSM expectsalgorithmsto maximizelocality
by utilizing localmemoryandto minimizeremote-memory
bankcontentionby randomizingdatalayout. This section
examineshow well that strateyy will work in practiceby
examiningthe performanceof a microbenchmarkhatwas
designedto stressthe memory systemof several modern
parallelarchitectures.

Each processomrunning the microbenchmarkaccesses
globalmemoryasquickly asit canin oneof threepatterns.
In the Randonpattern,eachaccesss to arandomword in
a randomremotebank’s memory In the Conflict pattern,
eachaccesss to arandomword in memorybankO. In the
NoConflictpattern,eachaccessy processot is to a ran-
domword in memorybanki + 1 sothatno two processors
areaccessinghe samebank.

We examinethe performancef the microbenchmarlon
four systemghatspanarangeof memoryarchitectures.

e SMP-NATIVE is an8-processqr8-memory-banksun
UltraEnterprisesener with 166 MHz processorsThe
benchmarksharesmemoryusingthe cacheconsistent
sharednemoryspaceprovidedby the hardware.

¢ SMP-BSPlibusesthe samehardware, but the bench-
mark accessesharednemoryusingthe sharedmem-
ory subsebf BSPIlibversionl1.3[4].

o NOW-BSPIlib usesa clusterof sixteen166 MHz Ul-
traSRARCs connectedby a 10 Mbit/s Ethernet. The
benchmarkusesthe BSPIib runtime system, which
usesTCPto simulatesharednemoryin this system.



| Architecture | p | I | 0 | g | Tmin |

| Defaultsimulationparameters | 16 | 1600 [ 400 [ 3 | 8000 |
Berkeley NOW [15] 32 | 830 | 481 | 43 | (k*4640)
300MHzPentium-IITCP/IR 100Mb SwitchedEthernet| (32) | 75000 | 150000 24 | (k* 325000)
CRAY T3E[1] 64)| 126 | (50) | 1.6 | (k* 1558)
Intel Paragon6] (64) | 325 90 0.35| (k* 15429)
Meico CS-2[6] (32) | 497 | 112 | 1.4 | (k*5325)

Table3: Themodelsexaminedin this papermpredictthatfor problemdargerthann,;,, the QSM modelshouldaccuratelypredictrunning
time for the SampleSortbenchmark Most of the valuesfor hardware parametersveretakenfrom the articlesspecifiedabove, after con-
vertingall parametero bein unitsof clock cycles;valuesin parenthesisverenotavailablein thosearticlesandrepresenéstimatedralues.
Our estimatedor nmin Onthe otherarchitecturesncludethe parameteik, which correspondso differencesn softwareimplementation

of communicationprimitivesacrosshe architectures.

e Cray T3E uses32 nodesof a 68 nodeCray T3E with
DEC EV5 RISC microprocessorsaiVe usethe shnmem
sharedmemorylibrary for dataaccesgo the shared
array

Figure 3 shaws the performanceof the benchmarkon
thesearchitectures. The resultsconform to the assump-
tions of the QSM model. The careful layout of the No-
Conflictstrategyy performsmodestlybetterthantheRandom
approachwith speedup®f 0% to 68%. But randomization
avoids the worst-casecontentionbehaior seenin the Con-
flict casesvhenperformances generallyafactorof two to
four worsethantheidealNoConflictlayout.

5 Relatedwork

Martin et al. [15] experimentallyexaminedhow the perfor-
manceof parallelprogramsdependedn the LogP parame-
ters. They foundthe strongestiependeng on permessage
bandwidth(o) but lesssensitvity to lateng (I) andperbyte
bandwidth(g). We found little sensitvity to permessage
bandwidthfor the problemswe study We believe this is
becausave assume bulk-synchronousnodelandassume
thatlow-level compilerstake careof detailssuchasbatch-
ing messagewhenpossible.

Several studieshave examinedhow differentaspectf
network performanceaffect programperformance Cypher
et al. [3] examinedthe performanceof several message
passingscientificcodes.Holt etal. [11] usedsimulationto
examinethe performanceof the FLASH multiprocessoas
its architecturaparametersverevariedandfoundthatper
formancewas heavily dependenbn messagdateny and
overhead. The WisconsinWind Tunnelwas also built to
examine the impact of different communicationarchitec-
tureson systemperformancdgl17]. A majordifferencebe-
tweenthesestudiesand oursis that the workloadsexam-
inedin theseotherstudiesdo not generallyfollow a bulk-
synchronougprogrammingstyle. Although someof these
other studiesconcludethat overheadand lateng are im-
portantfactorsfor performancdor programswritten under
currentprogrammingmodels,our conclusionshave a dif-

ferentfocus: we concludethatit would befeasibleto adopt
a programmingmodelin which [ ando canbe considered
secondaryactors.

JuurlinkandWijshoff [12] provide anevaluationof sev-
eral representatie algorithmsundervariationsof the BSP
model. They foundthatthe modelsgenerallypredictedoer
formancewell andthat predictionaccurag generallyim-
provedasproblemsizeincreased.

6 Conclusions

A key goalof parallellanguagecompiler, andarchitecture
designerss to supporta programmingnodelin which pro-

grammersandalgorithmdesignersvrite high level descrip-
tions of their algorithmsthat are then compiledinto code
optimizedfor differentarchitecturesin this paperwe have

experimentallyevaluatedvhethertheassumptionsnadeby

QSM are compatiblewith that goal. The resultsindicate
that analysisunderthe QSM model yields quite accurate
resultsfor reasonablénput sizesandthatalgorithmsdevel-

opedunderQSM achieve performanceloseto thatobtain-

ablethroughmorecomplex models.
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