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Abstract

ZPL is anarraylanguagedesignedfor high performancescientificandengineeringcom-
putations.Unlikeotherparallellanguages,ZPL is foundedonamachinemodel(CTA) distinct
from any implementinghardware.Themachinemodel,whichabstractscontemporaryparallel
computers,makes it possibleto correlateZPL programswith machinebehavior. Using this
association,programmerscanknow approximatelyhow codewill performon a typical par-
allel machine,allowing themto make informeddecisionsbetweenalternative programming
solutions.

This paperdescribesZPL's syntacticcuesto theprogrammerwhich convey performance
information. The what-you-see-is-what-you-get (WYSIWYG) characteristicsof ZPL opera-
tions areillustratedon four machines:the Cray T3E, IBM SP-2,SGI Power Challengeand
Intel Paragon.Additionally, theWYSIWYG performancemodelis usedto evaluatetwo algo-
rithmsfor matrixmultiplication,oneof whichis consideredto bethemostscalableof portable
parallelsolutions.Experimentsshow thattheperformancemodelcorrectlypredictsthefaster
solutiononall four platformsfor a rangeof problemsizes.

1 Intr oduction

High-level programminglanguagesoffer an expressive andportablemeansof implementingal-

gorithms. They sparethe programmerthe burdenof codingin assemblylanguageandallow the

resultingprogramto beeffortlesslyrecompiledondifferentcompilersandarchitectures.Yetwith-

out a well-definedperformancemodelthat indicateshow languageconstructsaremappedto the

target machine,the advantagesof a high-level programminglanguagearediminished. With no
�
WhatYouSeeIs WhatYouGet�
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guidelinesasto therelative costsof languagefeatures,programmershave little basison which to

make implementationchoices.Thelackof aperformancemodelalsomeansthataprogramwhich

executesefficiently ononeplatformmaysuffer significantperformancedegradationonotherplat-

forms,sincetherearenoguaranteesasto how thelanguagewill beimplemented.

Performancemodelsarewell-understoodfor popularsequentiallanguagessuchasC andFor-

tran. In the parallelrealm,thereis a needfor similar modelsto accountfor the complex issues

relatedto runningon multiple processors.Yet performancemodelsfor parallel languageshave

receivedlittle attention.In thispaper, wepresenttheperformancemodelfor ZPL, aportabledata-

parallel languagewhosedesigngoalsincludedpresentinguserswith a clearpictureof the costs

involved in their algorithms. This is in starkcontrastwith languagessuchasHigh-Performance

Fortranwhosesourcecodegivesvery little indicationof how a programwill performon any par-

ticularmachineor compiler.

Duringprogramdesign,programmersoftenuseasymptoticanalysisto decidebetweenvarious

algorithmicchoices. However, even after a specificalgorithm is selected,second-orderimple-

mentationdetailsmuststill beconsideredto achieve optimalperformance.For instance,consider

the following C codefragmentsthatadda pair of 2D arrays,asanexampleof how a language's

performancemodelhelpstheprogrammermakesuchimplementationdecisions.

const int N = 1000;
double A[N][N], B[N][N], C[N][N];
int i, j;

for (i=0; i � N; i++) � for (j=0; j � N; j++) �
for (j=0; j � N; j++) � for (i=0; i � N; i++) �

C[i][j] = A[i][j] + B[i][j]; C[i][j] = A[i][j] + B[i][j];� �
� �

Implementation Choice 1 Implementation Choice 2

Althoughthesefragmentsarealgorithmicallyandasymptoticallyequivalent,they performdiffer-

entlydueto thewayC's row-majorarrayallocationpolicy interactswith thecachingmechanisms

of contemporaryarchitectures.Thus,C'sperformancemodeldictatesthatthefirst implementation

choiceis preferablebecauseit will traversethearraysin anorderthat respectsthememoryhier-

archy. Onemight arguethat a sophisticatedoptimizing compilermight reorderthe loopsof the

2



secondfragment. However, relying on suchan optimizationmakesthe code's performanceless

portable. Thus,the first implementationchoiceremainsthe correct choicefor C andhasthere-

fore becomethe de factostandard.In contrast,Fortran lays arraysout in columnmajor order,

andFortranprogrammersthereforechoosethe secondstyle in their programs.Otheraspectsof

both languagesaresubjectto similar evaluation: parameterpassingmechanisms,procedurecall

overhead,library routines,etc.

It shouldbenotedthat thesetradeoffs aredeterminedby thevirtual machinemodelusedby a

language'scompilersand,to a lesserdegree,theactualmachineonwhich theprogramis running.

Toalargeextent,thesuccessesof FortranandCaredueto theclearmappingthatexistsbetweenthe

languagesandthevonNeumannmachinemodel,which formsa reasonabledescriptionof modern

uniprocessors.This ability to “see” an accuratepictureof the machinethroughthe languageis

the mostcrucial characteristicof a goodperformancemodel. Note that althoughthe modelwill

not specifyanexactcostfor its operatorsandcannotbeusedto determinethe runningtime of a

program,it neverthelesshelpsprogrammersby giving thema roughsenseof theconsequencesof

their implementationchoices.

In the realmof parallel languages,programmerswould like similar performancemodelson

which to basealgorithmicdecisions.In additionto the standardconcernsinheritedfrom the se-

quentialdomain,parallel languageperformancemodelsneedto emphasizethe costof interpro-

cessordatatransfer, sincecommunicationcanhave a significantimpacton the performanceof

parallelcomputations.ZPL achievesthis by usingthe CTA parallelmachinemodel [14] asthe

basisfor its performancemodel. The CTA empahsizesdatalocality andaccuratelymodelscon-

temporaryparallelmachines.ZPL'sperformancemodelhastheadditionalbenefitof ensuringthat

every operationwhich requirescommunicationis visible to the programmerat the sourcelevel.

Weaffectionatelyreferto thispropertyasZPL'sWYSIWYGperformancemodel.

The restof the paperis organizedasfollows. In the next section,we summarizethe perfor-

mancemodelsof variousparallellanguages.In Section3 we providea brief introductionto ZPL,

andin Section4 we describeits performancemodel. Section5 containsexperimentsdesignedto

validateourperformancemodel.Weconcludein Section6.
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RelatedWork

Onemethodof parallelprogrammingis to usea scalarlanguagesuchasC or Fortran,combined

with messagepassinglibrariessuchasPVM or MPI. This approachhasan implicit performance

modelin the sensethat programmersareawareof wherecommunicationtakesplace,sincethey

mustspecifyit explicitly. However, codingat this low level is tediousanderror-prone,motivating

theexistenceof higher-level parallelprogramminglanguages.

In thearenaof higher-level parallellanguages,NESLis a languagewith awell-definedperfor-

mancemodel[1]. It usesawork/depthmodelto calculateasymptoticboundsfor theexecutiontime

of NESL programson parallelcomputers.Althoughthis modelfits NESL's functionalparadigm

well andallows usersto make coarse-grainedalgorithmdecisions,it revealsvery little aboutthe

lower-level impactof one's implementationchoicesandhow they will beimplementedon thetar-

getmachine.As anexample,thecostof interprocessorcommunicationis considerednegligible in

theNESLmodelandis thereforeignoredentirely.

Themostprevalentparallellanguage,High PerformanceFortran[5], suffersacompletelackof

aperformancemodel.As a result,programmersmustre-tunetheirprogramfor eachcompilerand

platformthatthey use,neutralizingany notionof portableperformance.Ngodemonstratesthatthis

lackof aperformancemodelresultsin erraticexecutiontimeswhencompilingHPFprogramsusing

differentcompilerson the IBM SP-2[11]. Oneof thebiggestcausesof ambiguityin theperfor-

manceof HPFprogramsis thefactthatcommunicationis completelyhiddenfrom theuser, making

it difficult to evaluatedifferentimplementationoptions[4]. As anexample,Ngo comparesmatrix

multiply algorithmswritten in HPF, demonstratingthatthereis neitherany source-level indication

of how they will perform,nor doeseitheralgorithmconsistentlyoutperformthe other. [10]. By

defininga formalperformancemodelto whichall HPFcompilersmustadhere,thisproblemcould

bealleviated.

In responseto HPF's hiddenandunderspecifiedcommunicationmodel,F	
	 wasdeveloped

to make communicationexplicit andhighly visible to theprogrammerusinga simpleandnatural

syntaxextensionto Fortran90 [12]. This resultsin a betterperformancemodelthanHPF, but not

without somecost.Theuseris forcedto programat a local per-processorlevel, therebyforfeiting
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someof the benefitsof higher-level languages,suchas sequentialsemanticsand deterministic

execution. Furthermore,by explicitly specifyinginterprocessordatatransfers,programmersare

notasprotectedfrom nondeterminism,raceconditions,anddeadlockasthey mightbein ahigher-

level language.Thus,althoughF��� is moreconvenientto usethanscalarlanguageswith message

passing,it doesnot raisethelevel of abstractionto asufficiently convenientlevel.

Theseexamplesillustratea tensionbetweenproviding the benefitsof a high-level language

andgiving theusera low-level view of theexecutioncostsof their algorithm. In ZPL, we strive

to achieve thebestof bothworldsby providing apowerful andexpressive languagein which low-

level operationssuchascommunicationaredirectlyvisibleto programmersthroughthelanguage's

operators.

3 Intr oduction to ZPL

ZPL is a portabledata-parallellanguagethathasbeendevelopedat theUniversityof Washington.

Its syntaxis array-basedandincludesoperatorsandconstructsdesignedto expressively describe

commonprogrammingparadigmsandcomputations.ZPL hassequentialsemanticsthatallow pro-

gramsto bewrittenanddebuggedonsequentialworkstationsandtheneffortlesslyrecompiledfor

executiononparallelarchitectures.ZPL generallyoutperformsHPFandhasprovento becompeti-

tivewith hand-codedC andmessagepassing[9, 7]. Applicationsfrom avarietyof disciplineshave

beenwrittenusingZPL [6, 3, 13], andthelanguagewasreleasedfor widespreadusein July1997.

SupportedplatformsincludetheCrayT3D/T3E,Intel Paragon,IBM SP-2,SGIPowerChallenge,

clustersof workstationsusingPVM or MPI, andsequentialworkstations.

In thissection,wegiveabrief introductionto ZPL conceptsthatarerequiredto understandthis

paper. A morecompletepresentationof thelanguageis availablein theZPL Programmer's Guide

andReferenceManual[15, 8].

3.1 Regionsand Arrays

Theregion is ZPL'smostfundamentalconcept.Regionsareindex setsthroughwhichaprogram's

parallelismis expressed.In their mostbasicform, regionsaresimply denserectangularsetof
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indicessimilar to thoseusedto definearraysin traditionallanguages.Region definitionscanbe

inlineddirectly into aZPL program,or givennamesasfollows:

region R = [1..N ,1..N ];
BigR = [0..N+1,0..N+1]; (1)
Top = [0 ,1..N ];

Thesedeclarationsdefinethreeregions:R is anN 
 N index set;BigR is equalto R extendedby

anextra row andcolumnin eachdirection;Top describestherow justaboveR.

Regionshave two main rolesin ZPL. The first is to declareparallelarrays. This is doneby

referringto theregion in avariable's typespecifierasfollows:

var A: [BigR] double; (2)
B: [R] integer;

Thesedeclarationsdefinetwo arrays:A, anarrayof doubleswhosesizeis definedby BigR; and

B, anN 
 N integerarray. Theseconduseof a region is to specifytheindicesoverwhichanarray

operationshouldexecute.For example,thefollowing statementincrementseachelementof A by

its correspondingvalueof B over theindex rangespecifiedby R:

[R] A := A + B; (3)

RegionsareZPL's fundamentalsourceof parallelism. Eachregion is partitionedacrossthe

processorset,resultingin thedistribution of every arrayandoperationthat is definedin termsof

thatregion. Thedistributionof regionsis discussedmorefully in Section4.1.

3.2 The @ Operator

Sinceregionsreplaceexplicit arrayindexing,ZPL providesthe@operator to allow elementswith

differentindicesto interactwith oneanother. The@ operatortakesanarrayandanoffsetvector

calleda directionandshiftsthereferencesto thearrayby theoffset.For example,to replaceeach

elementof A with theaverageof its left andright neighbors,onewoulduse:

[R] A := A@[0,–1] + A@[0,1]; (4)

Directionsaretypically namedin orderto improve a program's readability. For example,the

previousexamplecouldhavebeenwritten:
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direction left = [0,–1];
right = [0,1 ]; (5)

[R] A := A@left + A@right;

Directionsaretypically reusedthroughouta program,so this approachalsoreducescarelessin-

dexing mistakesthroughtheselectionof meaningfulnames.

3.3 Reductionsand Floods

ReductionsandfloodsareZPL's operatorsfor combiningandreplicatingarrayvalues. The re-

ductionoperator(op��� ) usesa binary operatorto combinearrayelementsalong oneor more

dimensions,resultingin anarraysliceor scalarvalue. For example,considerthe following lines

of code:

[Top] A := + ��� [R] A; (6)
[R] bigA := max ��� A;

In thefirst statement,we usea partial reductionto replaceeachelementin thetop row of A with

thesumof thevaluesin its correspondingcolumn.Notethat theregion scopeat thebeginningof

the statement(Top) specifiesthe indicesto be assigned,while the onesuppliedto the reduction

operator(R) specifieswhichelementsareto becombined.Thetwo regionsarecomparedstatically

to determinewhich dimension(s)shouldbe collapsed. The secondstatementusesa complete

reductionto mergeall theelementsof A into a singlescalarusingthe“max” operator. Complete

reductionsrequireonly asingleregionscopesinceassignmentto ascalardoesnotrequirearegion.

Theflood operator( ��� ) is thedualof a partial reduction.It replicatesthevaluesof anarray

sliceacrossanarray. Consider:

[R] begin
A := ��� [Top] A; (7)
B := ��� [1,1] B;

end;

This codedemonstratestheapplicationof a singleregion scope(R) to a block of statements.In

thefirst flood, the top row of A is replicatedacrossall therows of A in region R. As with partial

reductions,two regionsareneededto specifythefloodoperation:oneto indicatethesourceindices

of theflood(Top) andthesecondto specifythedestination(R). In thesecondstatement,thevalue

of thefirst elementof B is replicatedacrossall elementsof B in regionR.
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3.4
�

Gather and Scatter

Thegather( � ##) andscatter( � ##) operatorsarea meansof arbitrarily rearrangingdatain ZPL.

As arguments,they takea list of arraysthatareusedto index randomlyinto thesourceor destina-

tion array(for gatherandscatter, respectively). For example,the following codeusesthe gather

operatorto performamatrix transposeof B, assigningtheresultto A:

var I,J: [R] integer;
[R] begin

I := Index2; (8)
J := Index1;
A := � ##[I,J] B;

end;

This codemakesuseof the standardZPL arraysIndex1 andIndex2. Indexi is a constantarray

in which every element's valueis equalto its index in the � � � dimension.Thus,this gatherwill

replaceeachelementof A with the elementof B whoseindex is specifiedby the corresponding

valuesof I andJ. Althoughwe have setI andJ to performa transposein this example,in general

they canbeusedto specifyany permutationor rearrangementof anarray's values.

Theseoperatorsform a goodsamplingof thevarioustypesavailableto theZPL programmer.

In thenext sectionwewill reasonabouttheir implementationcostsandWYSIWYG performance.

4 ZPL'sPerformanceModel

Theperformanceof a ZPL programis dependenton threecriteria: its scalarperformance,its con-

currency, andits interprocessorcommunication.ZPL programsarecompiledto C asanintermedi-

ateformat,soits scalarperformanceis dictatedheavily by C's performancemodel. Concurrency

andinterprocessorcommunicationarebothdependentonhow ZPL regions,arrays,andscalarsare

distributedacrosstheprocessorset.

4.1 ZPL'sData Distribution Scheme

Thekey to ZPL's WYSIWYG performancemodellies in its region distribution invariant,which

constrainshow interacting regions are partitionedacrossthe processormesh. Two regionsare

consideredto beinteractingif they arebothusedwithin asinglestatement,eitherdirectly (usinga
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regionscope)or indirectly(by referringto anarraydeclaredoveroneof theregions).For example,

in thecodefragmentsof Section3, BigR andR would beconsideredto be interactingdueto the

useof A (declaredover BigR) within thescopeof R in codefragment3. In addition,Top andR

interactdueto their usesin thepartialreductionandflood statementsin fragments6 and7. Thus

all threeregionsareinteracting.

TheZPL languagedictatesthatinteractingregionsmustbedistributedin amesh-alignedfash-

ion. Beingmesh-alignedmeansthat if two � -dimensionalregionsarepartitionedacrossa logical

� -dimensionalprocessormesh,both regions' sliceswith index � in dimension� will be mapped

to thesameprocessormeshslice � in dimension� . For example,sinceR andTop areinteracting,

they mustbe mesh-aligned,andthereforecolumn � of Top mustbe distributedacrossthe same

processorcolumnascolumn � of R. Moreover, mesh-alignmentimpliesthatelement � ! "$# of two

interactingregionswill belocatedon thesameprocessor. Thus,eachelementof R will belocated

on thesameprocessorasits correspondingelementin BigR. Notethatusinga blocked,cyclic, or

block-cyclic partitioningschemefor theboundingregion of a setof interactingregionscausesthe

regionsto bemesh-aligned.OurZPL compilerusesablockedpartitioningschemeby default,and

for simplicity wewill assumethatschemefor theremainderof thispaper.

Onceregions are partitionedamongthe processors,eacharray is allocatedusing the same

distributionasits definingregion. Array operationsarecomputedontheprocessorscontainingthe

elementsin therelevantregionscopes.Thus,regionpartitioningresultsdirectlyin theconcurrency

aspectof ZPL'sperformancemodel.

Onefinal characteristicof ZPL'sdatadistributionschemeis thatscalarvariablesarereplicated

acrossprocessors.Coherency is maintainedeitherthroughredundantcomputationwhenpossible,

or interprocessorcommunicationwhennot.

It mightbearguedthatZPL'sdatadistributionschemeis toorestrictive,forcingprogrammersto

formulatetheirproblemsin termsthatareamenableto themesh-alignmentprinciple.Alternatively,

ZPL couldallow arbitraryarrayalignmentandindexing. In thisscenario,thecommunicationcost

of a statementwould bea functionof its dataaccesspatternandthealignmentof its arrays.This

modelis complicatedby thefactthatasinglesource-levelarray(e.g., aformalparameter)mayrefer
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to a numberof distinctarraysduringexecution,eachwith its own alignmentscheme.Estimating

performancein sucha schemeis complex becausecommunicationis not manifestin the source

code,andthe analysisrequiredto locateandevaluateit requireslooking moreglobally thanthe

statementlevel. In contrast,ZPL's communicationcostsare dependentonly on the operations

within a statement.Thesecostsareevaluatedqualitatively in thenext sectionandexperimentally

in Section5.

4.2 Qualitati veEvaluation of Operators

OnceZPL'sdatadistributionschemeis understood,therelativecostof its operatorsbecomesread-

ily apparent.For example,in the element-wiseadditionandassignmentof codefragment3, we

know thatcorrespondingelementsof A andB areassignedto thesameprocessorandthereforeno

communicationis requiredto completethis operation.By this samereasoningall ZPL statements

thatuseonly assignment,traditionaloperators,andfunctioncallswill similarlybecommunication-

free.Communicationcanonly beincurredwhenoperatorsspecificto ZPL areused.Furthermore,

thecostof thesecommunicationscanbeestimatedbasedon whatwe know aboutthepartitioning

scheme.

The @ operator. Sincethe @ operatoris usedto shift an array's references,interactingarray

valuesarenolongerguaranteedto resideonthesameprocessor. Therefore,point-to-pointcommu-

nicationis requiredto transferremotevaluesto a processor's local memory. For example,in the

caseof a blockeddecomposition,thestatementin codefragment4 would requireeachprocessor

to exchangea columnof datawith its neighboringprocessorsin its row. Sincethe @ operator

generallyrequiressuchcommunication,theprogrammercanexpectthatarrayreferenceswith @'s

will tendto bemoreexpensivethannormalarrayreferences.

Floodsand Reductions. Floodingreplicatesvaluesalongoneor moredimensionsof anarray.

Sincetheregiondistributioninvariantguaranteesthatarraysliceswill mapto processorslices,this

implies thatfloodingcanbeachievedby broadcastingvaluesto theprocessorswithin theappro-

priateslice. For example,thefirst flood in codefragment7 requiresthateachprocessorowninga
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block of Top to broadcastits relevantvaluesof A to theprocessorsin its column. Similarly, the

secondstatementrequiresthe processorwith the first elementof B to broadcastthe valueto all

otherprocessors.Oncethedatais received,it canbereplicatedacrosstheprocessor's local block

of values. Due to the fact that broadcastsbecomemoreexpensive asthe numberof processors

grows,wecanexpectthecostof floodingto increasesimilarly.

Partial reductionsarethedualof flooding,so they will be implementedby combiningvalues

alonga processorslice,placingthe resultat theappropriateprocessor(e.g., usinga binarycom-

bining tree). Full reductionsare similar, but also requirea broadcastto replicatethe resulting

scalarvalueacrossall processors.Sincereductionshave communicationpatternsthataresimilar

to flooding,weexpectthemto scalein similarways,but to bemoreexpensivedueto theadditional

operationsrequiredto combinevalues.

Gathers and Scatters. Scattersandgathersareusedto expressarbitrarydatamovementand

thereforetendto move largervolumesof datain lessregularcommunicationpatterns.They will

tendto requiremorecommunicationdueto thefactthatthesource,target,andindexing arraysare

all distributedacrossprocessors.Performanceis furtherimpactedby thecachecontentionresulting

from thenumberof arraysneededto expresstheoperationandtherandomaccessof datarequired

in the sourceor destinationarray. As a resultof all of thesefactors,the programmercanexpect

gathersandscattersto bethemostexpensiveoperationdescribedin thispaper.

Other Operators. ZPL containsadditionaloperatorsnot describedherein(e.g., wraps,reflects,

andfull andpartialscans).Althoughit couldbeenlighteningto discusseachof themin turn, the

moreimportantpoint is this: Knowingwhatan operator doesandbeingfamiliar with ZPL's data

distributionscheme, it is possiblefor a programmerto qualitativelyassessthecommunicationstyle

requiredby anyoperator aswell as to roughlyestimateits performanceimpact. In this way, the

communicationimplicit in aZPL programis visible to programmerswithoutburdeningthemwith

thetaskof explicitly specifyingthedatatransfer. Whatthey seeis whatthey get.
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Experiments

In this section,we experimentallydemonstratethe effectivenessof the ZPL performancemodel.

In thefirst experiment,we measuretheperformanceof a numberof ZPL operationsandcompare

the resultsto our qualitative analysis. In the secondexperiment,we show that the source-level

evaluationsof two matrixmultiply algorithmscanaccuratelypredicttheir relativeperformance.

Both experimentswererun on four differentparallelmachines:theCrayT3E, theSGI Power

Challenge,theIBM SP-2,andtheIntel Paragon.All interprocessorcommunicationwasefficiently

implementedusingthecommunicationlibrariesof eachmachine:SHMEM on theT3E, MPI on

thePowerChallengeandtheSP-2,andNX on theParagon.

5.1 Performanceof ZPL Operations

Figure5.1 shows the measuredperformanceof selectedZPL arrayoperations:arraycopy, array

addition,translationusingthe@ operator, flooding,partialreduction,full reduction,andpermuta-

tion. Eachgraphshows theexecutiontimesof theoperationson threeprocessorconfigurationsof

differentsizes.Eachcolumnof graphsrepresentsa particularmachine,while eachrow represents

thenumberof elementsof R assignedto each processor. R is scaledin thiswayto maintainsimilar

cacheeffectsanddatatransfersizesasthenumberof processorsincreases.Notethat therunning

time of a programthatscalesperfectlywill thereforebeconstantacrossdifferentconfigurations.

By comparingvalueswithin a graph,alonga column,or alonga row, onecanevaluatehow ZPL's

operatorsscalewith the numberof processorsandproblemsize,as well as how portabletheir

performanceis acrossarchitectures.

Although countlessobservationscould be madefrom thesegraphs,we will give just a few

to highlight performanceissuesfor eachoperatorthatcorroborateour analysisfrom theprevious

section. To begin with, the WYSIWYG modelindicatesthat the first two statementsrequireno

communicationandshouldthereforescaleperfectlyasthenumberof processorsincreases.Look-

ing over thegraphs,onecanseethatthis is truein all cases.

Comparingthestatementwith the@operationto thearrayassignment,weseethatit tendstobe

moreexpensiveasexpected,dueto therequiredcommunication.As theproblemsetsizegrows,the
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Figure1: Measuredperformanceof ZPL operations.Eachgraphshows the executiontimeson
threeprocessorconfigurations.Eachcolumnof graphsrepresentsa machine,andeachrow repre-
sentsaper-processorproblemsize.

time requiredto performthe (*) assignmentstendsto dominatethetime spentin communication,

reducingtheperformancegapbetweenthetwo assignmentstatements.

As predicted,theflood operator's performancealsobecomesslower asthenumberof proces-

sorsincreases.On theT3E,where64 processorsareavailable,notethat the@ operator's perfor-

mancelevelsoff at 16 processors,while theflood continuesto becomemoreexpensive. This fits

our predictionsperfectlysinceimplementingan @ requiresa constantamountof point-to-point

communicationper processorwhile the broadcastsrequiredto implementflood continueto get

moreexpensiveasthenumberof processorsgrows.

Comparingpartialandfull reductions,weseethatthemoreexpensiveoperatoris dependenton

theproblemsizeandnumberof processors.On thesmallerproblemsizes,communicationis the

dominantfactorandthe full reductionis generallymoreexpensive sinceit requiresa broadcast.

However, on largerproblemsizes,thenumberof additionsrequiredto performa partialreduction
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region R = [1..N,1..N];
direction right = [0,1];

below = [1,0];
var A,B,C:[R] double;

Declarations for N + N Matrix Multiply

[R] begin
C := 0.0;
for i := 1 to N do

C += ( ,�, [1..N,i] A) - ( ,�, [i,1..N] B);
end;

end;

SUMMA Matrix Multiply

[R] begin
for i := 2 to N do

[right of R] wrap A;
[i..N,1..N] A := A@right;
[below of R] wrap B;
[1..N,i..N] B := B@below;

end;
C := A - B;
for i := 2 to N do

[right of R] wrap A;
A := A@right;
[below of R] wrap B;
B := B@below;
C += A - B;

end;
end;

Cannon's Matrix Multiply

Figure2: Two algorithmsfor Matrix Multiplication in ZPL.

tendsto outweighthe extra communicationof the full reduction,makingit the moreexpensive

operator.

Finally, aspredicted,thescatteroperationconsistentlyprovesto besignificantlymoreexpen-

sive thantheotheroperators,generallycostingat leastanorderof magnitudemorethanthenext

mostexpensiveoperator.

5.2 Matrix Multiply

Althoughevaluatingtheperformanceof individual ZPL statementsis instructive, the real testof

theWYSIWYG performancemodelis in evaluatingentirealgorithms.In Figure2, we show two

algorithmsfor matrix-matrixmultiplication,SUMMA [16] andCannon'sAlgorithm [2]. SUMMA

is consideredto be the most scalableof portableparallel matrix multiplication algorithms. It

iteratively floods a column of matrix A and a row of matrix B, accumulatingtheir product in

C. Cannon's algorithmskews the A andB matricesasan initialization stepandtheniteratively

performscyclic shifts of A andB, multiplying themandaccumulatinginto the C matrix. The

skewing andcyclic shiftsareachievedusingZPL's wrap operatorwithin anof region — another
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Figure3: Peformanceof SUMMA andCannon'salgorithmfor matrixmultiplicationin ZPL.Each
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form of point-to-pointcommunicationin ZPL.

Analyzingthesealgorithmsasymptotically, weseethatthey bothperform /10 2*3 4 computation

and /10 254 communication.However, lookingat thecommunicationincurredby eachprogram,we

candeterminethat they arenot equal.TheSUMMA algorithmis realizedusing 672 floodswhile

Cannon's algorithmrequires872 cyclic shifts. Giventhatfloodsandshiftsaresimilar in cost,we

canguessthatSUMMA shouldbethebetteralgorithm.

To testourhypothesis,weranbothalgorithmsonthesamefour machinesfor avarietyof prob-

lem sizes(onceagainscalingtheproblemto maintaina constantamountof dataperprocessor).

Figure5.2 shows our resultsandverifiesthat SUMMA is fasterthanCannon's algorithmin all

cases.Performingthesameexperimentin HPF, Ngodemonstratedthatnot only is it virtually im-

possibleto predicttheperformanceof thesealgorithmsby lookingat theHPFsource,but alsothat

neitheralgorithmconsistentlyoutperformstheotheracrossall compilers[10]. ZPL's WYSIWYG

performancemodelmakesbothsource-level evaluationandportableperformancea reality.
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5.3
9

Discussion

It shouldbenotedthat,asin thesequentialrealm,ZPL's performancemodeldoesnot yield exact

informationabouta program's runningtime. However, it doesallow a programmerto be aware

of the implicationsof their implementationdecisionsby makingthe mappingof their codeto a

parallelmachineclear. As with sequentiallanguages,aprogrammer's intuition canbeundermined

by thecomplexity of modernmachinesandtheimpactof compileroptimizations(e.g., pipelining

communication,removing redundantcommunications).However, asin thesequentialworld, we

expectthat ZPL's cueswill be invaluableto programmersby allowing themto seethe machine

throughthelanguage.

6 Conclusionsand Futur eWork

A language's performancemodelgivesprogrammersa roughunderstandingof a code's perfor-

mance,facilitating the selectionbetweenalternative implementations.Thoughparticularly im-

portantin theparalleldomain– wherethecostof languagefeaturesmayvary greatly, e.g., local

versusremotememoryaccess– ZPL is thefirst parallelprogramminglanguageto presenta per-

formancemodeldistinct from an implementingmachine.Not only canprogrammersevaluatea

code's approximatecost,they maydo it simply, for they have a clearunderstandingof how each

languagefeatureis mappedto theunderlyinghardwarevia theCTA machinemodel.This we call

ZPL'sWYSIWYG performancemodel.Wehavegivenaqualitativeargumentof how thelanguage

realizesthisandexperimentallyverifiedthatadiversecollectionof parallelmachinesrespectit.

In futurework we will extendtheZPL languageto handleirregularandsparseproblems.The

challengewill beto dosowhile preservingZPL'sWYSIWYG performancemodel.
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