ExperimentaEvaluationof QSM,
a SimpleShared-Memoryodef*

Brian GraysonMichaelDahlin,andVijaya Ramachandran
University of Texasat Austin

bgrayson@ce. ut exas. edu,

Abstract

Parallel programmingmodelsshould attemptto satisfy
two conflicting goals. On onehand,they shouldhide ar
chitecturaldetails so 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-ofs madeby asimpleshared-memorgnodel,QSM,
to addresghis dilemma. The resultsindicatethat anal-
ysis underthe QSM modelyields quite accurateresults
for reasonablénput sizesandthat algorithmsdeveloped
underQSM achieve performancecloseto thatobtainable
throughmorecomplex models suchasBSPandLogP.

1 Introduction

A key goal of parallel language,compiler, and archi-
tecturedesignerds to supporta programmingmodelin
which programmersand algorithm designerswrite high
level descriptionsof their algorithmsthat are then com-
piled into codeoptimizedfor differentarchitecturesDe-
signinga programmingmodelto supporthatgoalis chal-
lenging. On onehand.,if themodelis too abstractjt may
hideimportantaspectof parallelarchitectureandcause
algorithmdesignerdo make poor designdecisions. On
the otherhand,if the modelis too detailed,it may com-
plicate the programmers task, andit may drive the pro-
grammerto write unportablecodethat optimizesperfor
manceon one architecturewhile makingit hardfor the
compilerto optimize performanceon otherarchitectures.
Onestepin resolvingthis dilemmais to develop a con-
tract betweenprogrammersand compilersthat specifies
which architecturaldetails should be explicitly handled
in the high-level, architecture-neutradpecificationof an
algorithmandwhich shouldbe handledby its low-level
architecture-specifiimplementation. This paperexam-
ines the trade-ofs madeby the QueuingSharedMem-
ory (QSM) model[8]. Earlier theoreticalanalyseshave
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suggestedhat despitethe model’s simplicity, it provides

a goodbasisfor designinghigh-performancealgorithms.

This papertakesanexperimentalpproactto understand-
ing underwhat conditionsthis modelwill yield goodre-

sults.

The QSM modelprovidesa simplesharedmemoryab-
stractionthatattemptdo revealthemostimportantaspects
of parallelarchitectureso algorithmdesigneravhile hid-
ing architecturabetailsthathave secondanperformance
impactandthatinterferewith portability. QSM provides
a sharedmemory abstractionto simplify algorithm de-
scriptionand analysis,it modelslocal memoryandlim-
ited remotememorybandwidthto encouragéocality, and
it usesa bulk synchronousstyle to give the compilef
freedomto reorder pipeline,andgroupmessageto hide
latengy and permessageoverhead. On one hand, the
QSM can be considereda more realistic version of the
PRAM [7], since(1) it is shared-memory(2) it models
bandwidthimitations,and(3) it supportdulk-synchroty,
thus avoiding excessve synchronizations.On the other
hand,the QSM canbeviewedasa simplificationof more
detaileddistributedmemorymodelssuchasBSP[18] and
LogP[5] sinceit doesnotdealwith thedetailsof datalay-
out, andit hasa smallernumberof parametershanthese
models. The theoreticalresultsin [8] suggesthat algo-
rithms designedn the QSM shouldperformjust aswell
on the BSP (to within a small constantfactor) provided
theinputsizeis sufficiently large.

In this papemwe usebothsimulationandmeasurements
of actualparallel hardware to examinehow well QSM
tracksmachinebehavior in practice.In particular we ex-
perimentallyexamineseveralwaysin which QSM simpli-
fiesactualarchitecturego seeif thesesimplificationsare
asbenignastheory suggests.We examineQSM'’s deci-
sion to omit lateny (I) and overhead(o) parameterdy
examiningthe behavior of a representatie programand
find that, as predictedby theory, programswritten in a
bulk-synchronoustyle areinsensitve to network latengy

1n this paper we usethe term compilerin a broadsenseo referto
theentity thattranslategnarchitecture-neutrgdrogramdescriptionnto
anoptimized,architecture-specifisnplementation.This entity may be
ahuman library, or a program.In ary case the goal of our modelis to
male this translationa simple,mechanicaprocess.



and overheadaslong asinput sizesare large enoughto
permitsufficientpipeliningandbatchingof messaged-or
the architecturegnd programswe examine,experiments
suggesthatthis conditionis achiezedfor essentiallyarny
problemsizeworth parallelizing.In addition,by examin-
ing microbenchmarkenanSMP (a SunEnterprise5000),
anetwork of workstationga clusterof SunUItra-1 work-
stations),andan MPP (a Cray T3E), we evaluateQSM’s
stratgyy of using randomizationto avoid memory bank
conflicts. We find that comparedto a perfectmemory
layout with no contention,the randomlayout assumed
by QSM doesexhibit noticeablecontention but the con-
tentionappearsolerableevenfor thesememaory-intensie
workloadsandrandomizatioravoidsthe worst-caseon-
tention behavior when performancas muchworsethan
theideallayout.

The next sectionof this paperprovides more details
of the QSM modeland discusseghe contractit implies
betweenprogrammerand compiler Section3 examines
the performanceof several representatie algorithmsrun-
ning on asimulatorthatletsusvary network performance
to determinethe impactof omitting network lateng/ and
overheadparameterdrom QSM. Section4 usesa syn-
thetic benchmarkon several actualmachinego quantify
theimpactof omitting memorybankcontentionfrom the
model. Section5 suneys relatedwork, and Section6
summarizesur conclusions.

2 QSM Modsd

The QueuingSharedMemory (QSM) model[8] provides
a simple sharedmemoryabstractiornthat attemptsto re-
veal the mostimportantaspectof parallelarchitectures
to algorithm designerswhile hiding architecturaldetails
thathave secondaryperformancémpactandthatinterfere
with portability. A QSM consistof a numberof identical
processorseachwith its own private memory that com-
municateby readingand writing sharedmemory Pro-
cessorexecutea sequenc®f synchronizegphaseseach
consistingof an arbitrary interleaving of sharedmem-
ory reads sharednemorywrites, andlocal computation.
QSM implementsa bulk-syntironousprogrammingab-
stractionin that (i) eachprocessorcan executeseveral
instructionswithin a phasebut the valuesreturnedby
shared-memoryeadsissuedin a phasecannotbe usedin
thesamephaseand(ii) the sameshared-memoripcation
cannotbe both readandwritten in the samephase.This
bulk synchronousnodel simplifies the analysisof algo-
rithmsaswell asthetranslationof QSM descriptionsnto
efficientarchitecture-specifitnplementations.

Table 1 summarizesa setof parameterghat may af-
fect the performanceof parallel programsand indicates
how a QSM programmemvould accounfor thoseparam-
eters.QSM essentiallydividestheseparameterinto two

Architectural/Algorithmic Implementation
Par ameter Contract

Explicitly ModeledFactors

p (numberof processors) QSM Parameter
g (gap) QSM Parameter
& (memoryobj. contention) | Algorithm designer

mop (# of local operations) | shouldminimize

My (#0f remoteoperations)| max@mop, g - Mrw, K)
Secondaryractors

I (lateng), L (barriertime) Hide lateny by pipelining

o (permessag@verhead) Usebulk synchronoustyle
andbatchmessages
Randomizelatalayout
Usebulk synchronoustyle
andlimit network sendrate

h, (memorybankcontention)
¢ (network congestion)

Tablel: Systemparameters.

groups.First,the QSM performancenodelexplicitly ac-
countsfor p, g, k, mop, andm,.,. Theseparametersepre-
sentfundamentatharacteristicef analgorithmonnearly
ary parallelarchitecture— p, the numberof processors,
representshe algorithm’s concurreny, m..,, the number
of remotememoryaccessesepresentis locality (or lack
thereof),andm,,, the numberof local operationsrepre-
sentsits local computationtime. The parameten rep-
resentghe contentionto any oneremotememoryobject,
which is fundamentato an algorithmbecausesuchcon-
tentioncannotbe hiddenby, for instanceglever layoutof
dataacrosshanks. The key architecturaparametemod-
eledby QSMiis the gap, g, betweerthelocal instruction
rate and the remotecommunicationrate. This parame-
ter reflectsthelimited communicatiorbandwidthof most
parallel architecturesand thus encourageslgorithmsto
exploit locality. If duringa phasethe maximumnumber
of local operationsperformedby any processolis my,
the maximumnumberof remotereadsor remotewrites
by ary processoiis m,.,,, andthe maximumnumberof
readsor writesto any remotememorylocationduring a
phaseis x, QSM chagesa time costfor that phaseof
max@mop, 9 Mrw, k). A relatedmodel,thes-QSM(sym-
metric QSM) chagesa time costof max (mep, g * My,
g-K).

QSM considerghe secondgroupof parametersn Ta-
blel—1, o, h,, andc — to be secondaryactorsin algo-
rithm designandcontendghatalgorithmdescriptionsand
analysismay generallybe simplified by ignoring these
factors. In practice,parallelprogramsreducethe impact
of thesefactorsusing standardechniques:pipelining to
hide lateng, batchingrequestgo reduceoverhead,and
randomizatiorto avoid bankconflicts. Ratherthancom-
plicatehigh-level, architecture-independealgorithmde-
scriptionswith theseroutinedetails,QSM assumesacon-
tractin which the compileris responsibld€or usingsuch
techniquesvhenappropriateln particular:

¢ Whendesigninga QSM algorithm, a designemay
ignorenetwork lateng (/) becauseshemay assume



that the low-level implementatiorwill hide lateng
by pipelining requests. QSM'’s bulk-synchronous
model facilitates this simplification by creating
batchesof requestghat may be sentduring a phase
but thatwill notbeuseduntil the next phase.

¢ Whendesigninga QSM algorithm, a designerdoes
not explicitly accountfor o, the overheadf sending
andreceving a message.Instead,the designeras-
sumeshatthe compilerwill take advantageof bulk
synchroly to batchrequestsand therebyminimize
overhead. By including g but not o in the network
performancemodel, QSM tells algorithm designers
to focusonlimiting theamountof datasentby anal-
gorithm,notonhow mary messageareusedto send
thatdata.

¢ Whendesigninga QSM algorithm, a designerdoes
notaccounfor the contentionof remotememoryac-
cesseso banks(h,.) exceptwhentherearemary ac-
cessedo a specificremoteobject (k). Instead,the
designemassumethatthe compilerwill limit theper
formanceimpact of bank conflicts by randomizing
datalayout[8].

e Whendesigninga QSM algorithm, a designerdoes
not explicitly accountfor ¢, the network congestion.
Brewer andKuszmal2] foundthatnetwork conges-
tion couldsignificantlylimit the performancef par
allel machines. QSM expectscompilersto address
congestionby (1) using the periodic synchroniza-
tions associatedvith a bulk-synchronougprogram-
ming style to reducecongestiorand(2) limiting the
rateatwhich nodessenddata.

2.1 Comparison with other parallel archi-
tecture models

It is worthwhile to comparethe QSM model to other
popularmodelsfor parallelalgorithmdesign. The tradi-
tional modelis the PRAM [13], which is a synchronous
shared-memorynodel with unit-time communicationto
shared-memoryWhile the PRAM is a simplemodelthat
aidsin exposinghigh-level parallelismin algorithms,its
costmeasuréiasa significantmismatchto realmachines
in thatit ignoresissuesof lateng, bandwidthlimitation,
and memorygranularityin parallelmachines.As in the
QSM, thelatengy mismatchcanbe addressetby pipelin-
ing if sufficient parallelslacknesss presentput the syn-
chronousatureof the PRAM modeltypically resultsin a
largernumberof phasesandhighersynchronizatiorcosts
in aPRAM algorithmfor a given problemthanin a QSM
algorithm. Also, the PRAM hasno parameteto model
bandwidthlimitation, and hencethe model doesnot en-
couragelocality. As in the QSM, the memorygranular
ity issuecanbe addressedy hashing,provided the ex-

clusive (e.g., EREW) and not concurent (e.g., CRCW)
modelis used,but the exclusive memoryaccesgule is
morerestrictve thanthe queuingmemoryaccessisedin
the QSM.

The BSP (Bulk Synd&ronous Parallel) [18] and the
LogP [5] modelseachrepresenta parallel machineas
a collection of processememory units with no global
sharedmemory The processorsare interconnectedy
a network whoseperformances characterizedy a gap
parametey anda lateny parametei (in LogP) or syn-
chronizationparameteld. (in BSP).The LogP modelalso
modelsthe permessag@verheado for sendingand re-
ceving messagesndit limits network congestiorby re-
quiring thatno morethan!/g messagebein transitto a
givendestinatiorprocessom ary interval of lengthi. Al-
gorithmsdesignedinderthesemodelstendto have rather
complicatecherformancenalysedbecausef thenumber
of parameterén the model,the lack of a sharedmemory
abstractionandthe needto keeptrack of the exactmem-
ory partitionacrosghe processorsit eachstep.

3 Impact of omitting/ and o

The QSM modelpredictsthat network lateng/ [ andper

messageverhead will notimpactrunningtime for bulk

synchronouprogramsassuminghat (1) the compileror

run time systempipelinesandbatchesmessageand (2)

the problemis sufficiently largeto provide enoughparal-
lelismfor thesetechniquedo beeffective. In this section,
wetestthesehypotheseby runningsereralrepresentatie
parallelprogramson a detailedsimulatorthatletsusvary
network performance.

3.1 Workload

Our experimentsstudiedthreeQSM algorithms,onewith
litle communicationpnewith amediumamountof com-
municationandonewith alargeamountof irregularcom-
munication. As suggestedy the QSM model, we opti-
mizedthe algorithmsto minimize computationandcom-
municationtime, while keepingthe numberof phases
small[16]. Due to spacelimitations, for this conference
paperwe presentonly the resultsfor the algorithmwith
mediumcommunicationsamplesort. A detaileddescrip-
tion of all threealgorithmsand an analysisof their per
formancecanbefoundin the extendedversionof this pa-
per[10].

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

3.2 Architecture

We usedthe Armadillo multiprocessorsimulator[9] to
simulatea distributed memory multiprocessar The pri-
maryadvantageof usinga simulatoris thatit allows usto
easilyvary hardwareparametersuchasnetwork lateng



Parameter Hardware ObsenedPerformance

Sample Sort for 16 processors

Setting (HW + SW) 6
Gapg (Bandwidth) 3 cycles/byte(133MB/s) | 35cycles/byte(put)
287 cycles/byte(get)
PermsgOverheadr | 400cycles(1 us) N/A 51 QSM WHP bound
Lateng ! 1600cycles(4 us) N/A
Synch.Barrier L N/A 25500cycles(p=16)

cycles

Table2: Raw hardwareperformancendmeasureahetwork per
formance(including hardware and software)for simulatedsys
tem.

andoverhead.The core of the simulatoris the processo
module. For this setof experiments,the processorand
memoryconfigurationparameteraresetfor anadvanced
processoiin 1998 (with a 400MHz clock and 4 integer

and4 floating point functionalunits)andarenot modified

further.

Our systemallows us to setthe network’s bandwidth,
lateng/, and permessag@verhead.Table 2 summarizes
thedefault settingsfor thesehardwareparameteraswell
as the obsenred performancewhen we accessthe net-
work hardware throughour sharedmemorylibrary soft-
ware. In Section3.4 we will describeour experiments
thatvary thesehardwareparameterso examinethe algo-
rithm’s sensitvity to them.

3.3 Results

Theorysuggestshatthe bulk synchronousnodelwill al-
low QSManalysigo safelyignorelateng aslongasthere
is sufficient parallelismto hide it by pipelining requests.
In particular it suggestshatlateng will bedominatedoy
otherfactorswhen (I/g) - @ << W/p whereW is the

millions bf

=

QSM ideal-case

o E L L L
0 50000 100000 150000

problem size

200000

Figurel: Measuredandpredictedcommunicatiorperformance
for thesamplesortalgorithm.

the B andr termsrepresenhow runningtime depends
ontheloadbalanceachiered. B is the sizeof the largest
bucket, andr is a boundon the fraction of elementsin
ary bucketthatareoutsidethe processothatwill sortthe
bucket. In thefigure,we plot threecasesIn theidealcase
B = 2 andr = 21, andall nodeshave equalamountsof
work to do. The Ideal caseline shaws this unreasonably
optimistic case.By applyingChernof boundson B and
r, we derivedboundsfor thealgorithm'srunningtime that
holdfor atleast90%of runs. Thedetailsof this derivation
canbefoundelsavhere[16]. The WHPboundline shavs
this asa consenrative upperlimit on typical performance.

amountof communicationp is the numberof processors Finally, we experimentallymeasuredhe actual B andr

in thetargetmachineandr is thenumberof phasesn the

QSM algorithm[16].2 For our default system/ is 1600,

g is 3, andp is 16. For samplesortr is 4, and W is

linearwith n. Assumingthatthe constanthiddenby the

O() notationis small, this analysissuggestshat! will not

significantlyimpact performanceor problemsizeslarge

enoughto be worth parallelizing. Similarly, QSM anal-

ysis doesnot accountfor permessag@verheadbecause
it assumeghat overheadwill be amortizedby batching
requests.

Figure 1 comparegredictedand simulatedcommuni-
cation performancen cycles. A QSM analysispredicts
thatcommunicatiorwill taketime4(p—1)glogn+3(p—
1)g + gBr + gB whp3 Thealgorithmis randomizedand

2|t alsoholdstrueif a QSM algorithmdesignedor p processorss
mappecbntoap’ processomachinewhere(l/g) - p' << p [8].

3We focuson predictingcommunicatiorperformanceatherthanto-
tal runningtime for two reasons.First, all of the modelsabstraciocal
computationin the sameway, so comparisonf how the algorithms
predictlocal computatiorwill not be interesting.Secondfor all of the
modelscalculatingappropriateconstantgor an algorithmon a particu-
lar architecturds nontriial; imprecisionat this stepmight overshadw
the effectswe wish to examine.For referencethetotal runningtime in-
cludingcomputationis about20 million cyclesfor the200,000-element
problemsize.

skews experiencedn eachexperimentandplot theresult-
ing line asQSMestimate This third line representshe
type of performanceestimatethat could be achieved un-
deraQSMmodelif either(a) analgorithmwereoblivious
and deterministicand an exact time boundwere known
or (b) adetailedanalysisof probability distributionswere
available.

The BSPestimateline of the graphshaws the results
of a BSP analysisof the algorithm usingthe actual, ex-
perimentallydeterminedsynchronizatiordelays,includ-
ing skews. BSPanalysisincludesthe perphasesynchro-
nization cost, for an additional 5L term over the QSM
analysis. The ideal-caseand upperboundload balance
analysisfor BSPis the sameasfor QSM, and plots for
theseare omitted from the graphfor clarity; they would
be offsetfrom the QSM linesby thesame5 L termasthe
BSPestimatdine.

For the casewhereload balanceis known with preci-
sion, the simple QSM model successfullypredictscom-
munication performancewhen problem sizes are rela-
tively large. By ignoring the costof permessagever
headandnetwork latengy, QSM underestimatesommu-
nicationtime by a constanamount.However, asproblem
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Figure2: Problemsizeneededor actualcommunicatiortime to
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linesaslateng [ is variedfor samplesort.

sizegrows, this errorbecomedessimportantandthepre-
dictionsbecomemore accurate. Accuracieswithin 10%
of the communicatiortime are achieved for all problem
sizeslarger thanabout125,000elementgotal (or about
8,000elementyper processaj We believe that problems
smallerthanthis limit areunlikely to be worth paralleliz-
ing, so modelinaccurag for suchproblemsizesis not a
largeconcern.

For the casewhereloadbalancas notknown with pre-
cision, the Ideal-caseand WHP boundlinesin the graph
bound predictedperformance. The two lines boundac-
tual performancever almostthe entirerangeof problem
sizes.Again, mismatchefhappenwvhenproblemsizesare
probablytoosmallto beworth parallelizing. Thisanalysis
suggestshat the loosenes®f the boundsobtainedusing
standardalgorithmanalysisandvariationsintroducedby
randomizationrmay often be larger thanthe errorsintro-
ducedby QSM'’s simplified network model.

3.4 Senditivity to architectural parameters

The QSM modelpredictsthat! ando areeffectively hid-
denwhen ¥ s large enoughto allow suficient pipelin-
ing and batchingof messagesWe would thereforepre-
dict thatsystemaswith larger!, o, or p would alsorequire
larger n before QSM predictionsare accurate. In fact,
asindicatedabove, we would predicta linearrelationship
between, o, or p andthe minimumn requiredfor good
prediction.

In Figure 2, we vary [, the hardware lateng/, over a
range of valuesand shaw where the WHP bound line
crosseshe measuredperformancdine for that lateng.
As hypothesizedincreasing resultsin alinearincrease
in theproblemsizen requiredfor QSMto accuratelypre-
dict performance. If our simulatorcould accommodate
largerproblemsizeswe would expecta similar linearre-
lationshipif we comparedwhere predictionsfirst come
within 10% of measuregerformancdor eachvalueof [.

Although spacelimitations do not allow usto include

theresultshere we performedasimilar experimentwhere
we varied the machine$ overhead,o, and we obsened
similar results.Due to memorylimitations of our simula-
tion infrastructureyve werenotableto vary p overawide
enoughrangeto examinethis relationshipfor p.

TheseexperimentssuggesthatQSMwill predictcom-
municationperformanceof thesealgorithmsfor almost
ary reasonablgizedproblem.For example,in our default
configurationQSM accuratelypredicts communication
time for the samplesort algorithmwhenn > 125,000,
which corresponddo just 8000 elementsper processar
We believe thisis a small problemsizefor amodernma-
chine.

Thelinearrelationshipbetweerl, o, andp onthe prob-
lem sizeneededor predictionaccuray suggestshatwe
may be able to extrapolatefrom theseresultsto predict
whenQSMwill accuratelynodelcommunicatiorperfor
mancefor otherarchitecturesThe predictionsin Table3
shouldbetreatedwith cautionsincethey represenainex-
trapolationfrom onesetof experimentgo awide rangeof
architecturesHowever, both the theoreticalQSM model
and our experimentalresults supportthis extrapolation.
Evenwith thesecaveatsthedatain thistablesuggesthat
QSMwill predictperformancavell 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 randomizing data layout.
This sectionexamineshow well thatstrateyy will work in
practiceby examiningthe performanceof a microbench-
mark that was designedo stressthe memorysystemof
severalmodernparallelarchitectures.

Eachprocessorunning the microbenchmarlaccesses
global memoryas quickly asit canin one of threepat-
terns. In the Randompattern,eachaccesss to arandom
word in arandomremotebank’s memory In the Conflict
pattern.eachaccesss to arandomwordin memorybank
0. In the NoConflictpattern,eachaccesdy processot is
to a randomword in memorybanki + 1 sothatno two
processorareaccessinghe samebank.

We examinethe performanceof the microbenchmark
on four systemsthat spana rangeof memaoryarchitec-
tures.

e SMP-NATIVE is an 8-processqr 8-memory-bank
Sun UltraEnterprisesener with 166 MHz proces-
sors.Thebenchmarlsharesnemoryusingthecache
consistentsharedmemory spaceprovided by the
hardware.

¢ SMP-BSPlibuseshe samehardware,but thebench-
mark accessesshared memory using the shared



Architecture

[ p [ ' | ©° |

| Mmin |

g P
| Defaultsimulationparameters | 16 | 1600 | 400 [ 3 ] 8000 |
Berkeley NOW [15] 32 | 830 | 481 | 4.3 | (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) | 325 920 0.35| (k* 15429)
Meico CS-2[6] (32) | 497 | 112 | 1.4 | (k*5325)

Table3: Themodelsexaminedin this paperpredictthatfor problemsargerthann,i», the QSM modelshouldaccuratelypredict
runningtime for the SampleSortbenchmark.Most of the valuesfor hardware parametersveretaken from the articlesspecified
above, after converting all parametergo be in units of clock cycles; valuesin parenthesisvere not available in thosearticles
andrepresenestimatedsalues. Our estimatedor n..;» 0nthe otherarchitecturesncludethe parametek, which correspondso

differencesn softwareimplementatiorof communicationprimitivesacrosghearchitectures.

memorysubsebf BSPlibversion1.3[4].

¢ NOW-BSPlibusesa clusterof sixteen166 MHz Ul-
traSRARCs connectedy a 10 Mbit/s Ethernet.The
benchmarlusesBSPlib runtimesystemwhich uses
TCPto simulatesharednemoryin this system.

e Cray T3E uses32 nodesof a 68 node Cray T3E
with DEC EV5 RISC microprocessorsWe usethe
shmemsharednemorylibrary for dataaccesgo the
sharedarray

Figure 3 shaws the performanceof the benchmarkon
thesearchitectures.The resultsconformto the assump-
tions of the QSM model. The careful memory layout
of the NoConflict strately performsmodestlybetterthan
the Randomapproachwith speedup®f 0% to 68%. But
randomizatioravoids the worst-casecontentionbehavior
seenin the Conflict casesvhenperformances generally
a factor of two to four worsethan the ideal NoConflict
layout.

5 Reated work

Martin et al. [15] experimentallyexaminedhow the per
formanceof parallelprogramsdependeadn the LogP pa-
rameters. They found the strongestdependeng on per
messagéandwidth(o) but lesssensitvity to lateng (1)
andperbyte bandwidth(g). We foundlittle sensitvity to
permessagéandwidthfor the problemswe study We

believe this is becausewve assumea bulk synchronous

modeland assumethat low-level compilerstake care of
detailssuchasbatchingmessagewhenpossible.

Several studieshave examinedhow different aspects
of network performanceaffect program performance.
Cypheret al. [3] examinedthe performanceof several
messagepassingscientific codes. Holt et al. [11] used
simulationto examine the performanceof the FLASH
multiprocessomas its architecturalparametersvere var-
ied andfoundthatperformancevasheaily dependenon
messagéateny andoverhead TheWisconsinwind Tun-
nelwasalsobuilt to examinetheimpactof differentcom-
municationarchitecture®n systemperformancgl17]. A

majordifferencebetweerthesestudiesandoursis thatthe
workloadsexaminedin theseotherstudiesdo not gener
ally follow a bulk-synchronougprogrammingstyle. Al-
thoughsomeof theseother studiesconcludethat over
headand latengy are importantfactorsfor performance
for programswritten undercurrentprogrammingmodels,
ourconclusion$ave adifferentfocus: we concludethatit
wouldbefeasibleto adopta programmingnodelin which
[ ando canbeconsideredecondaryactors.

Juurlink and Wijshoff [12] provide a good evaluation
of several representatie algorithmsunder variations of
the BSP model. They found that the modelsgenerally
predictedperformanceawvell andthat predictionaccurag
generallyimprovedasproblemsizeincreased.

6 Conclusions

A key goal of parallel language,compiler, and archi-
tecturedesignerds to supporta programmingmodelin

which programmersand algorithm designerswrite high
level descriptionsof their algorithmsthat arethen com-
piled into codeoptimizedfor differentarchitectures.In

this paper we have experimentallyevaluatedwhetherthe
assumptionsnadeby QSM arecompatiblewith thatgoal.
The resultsindicatethat analysisunderthe QSM model
yields quite accurateresultsfor reasonablanput sizes
and that algorithmsdevelopedunder QSM achieve per

formancecloseto that obtainablethroughmore complex

models.
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