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High-level programminganguage®ffer an expressve and portablemeansof implementingal-
gorithms. They sparethe programmethe burdenof codingin assemblytanguageandallow the
resultingprogramto be effortlesslyrecompiledon differentcompilersandarchitecturesYet with-
out a well-definedperformancemodelthat indicateshow languageconstructsare mappedo the

target machine the advantagesf a high-level programminglanguageare diminished. With no
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Abstract

ZPL is anarraylanguagedesignedor high performancescientificandengineeringcom-
putations.Unlike otherparallellanguagesZPL is foundedonamachinemodel(CTA) distinct
from ary implementinghardware. The machinemodel,which abstractgontemporaryarallel
computersmakesit possibleto correlateZPL programswith machinebehaior. Using this
associationprogrammersanknow approximatelyhowv codewill performon atypical par
allel machine,allowing themto make informed decisionshetweenalternatve programming
solutions.

This paperdescribesZPL's syntacticcuesto the programmemvhich corvey performance
information. The what-you-see-is-what-yaet (WYSIWYG) characteristicef ZPL opera-
tions areillustratedon four machines:the Cray T3E, IBM SP-2,SGI Paver Challengeand
Intel Paragon.Additionally, theWYSIWYG performancenodelis usedto evaluatetwo algo-
rithmsfor matrix multiplication,oneof whichis consideredo bethemostscalableof portable
parallelsolutions.Experimentshav thatthe performancenodelcorrectlypredictsthe faster
solutiononall four platformsfor arangeof problemsizes.
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guidelinesasto therelative costsof languagdeaturesprogrammer$ave little basison whichto
malke implementatiorchoices.Thelack of aperformancenodelalsomeanghata programwhich
executezefficiently on oneplatformmay suffer significantperformancelegradationon otherplat-
forms,sincethereareno guaranteeasto how thelanguagewill beimplemented.

Performancenodelsarewell-understoodor popularsequentialanguagesuchasC andFor-
tran. In the parallelrealm,thereis a needfor similar modelsto accountfor the complex issues
relatedto runningon multiple processors.Yet performancenodelsfor parallellanguageshave
recevedlittle attention.In this paperwe presenthe performancenodelfor ZPL, aportabledata-
parallellanguagevhosedesigngoalsincludedpresentinguserswith a clear picture of the costs
involvedin their algorithms. This is in starkcontrastwith languagesuchasHigh-Performance
Fortranwhosesourcecodegivesvery little indicationof how a programwill performon ary par
ticular machineor compiler

During programdesign programmerftenuseasymptoticanalysigo decidebetweenvarious
algorithmic choices. However, even after a specificalgorithmis selected second-ordermple-
mentationdetailsmuststill be consideredo achiere optimal performanceFor instanceconsider
the following C codefragmentshatadda pair of 2D arrays,asan exampleof how a languages

performancenodelhelpsthe programmemake suchimplementatiordecisions.

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

inti, 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++) {
} CIi]i] = AliIG] + BLIOL; } CIilil = AQIG] + BLION;
} }
Implementation Choice 1 Implementation Choice 2

Althoughthesefragmentsarealgorithmicallyandasymptoticallyequivalent,they performdiffer-
ently dueto theway C's row-majorarrayallocationpolicy interactswith the cachingmechanisms
of contemporanarchitecturesThus,C's performancenodeldictateghatthefirstimplementation
choiceis preferablebecauset will traversethe arraysin anorderthatrespectshe memoryhier-

archy Onemight amguethat a sophisticatedptimizing compiler might reorderthe loops of the
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secondragment. However, relying on suchan optimizationmakesthe codes performancdess
portable. Thus, the first implementatiorchoiceremainsthe correct choicefor C and hasthere-
fore becomethe de facto standard. In contrast,Fortranlays arraysout in column major ordeg
and Fortranprogrammerghereforechoosethe secondstyle in their programs. Otheraspectsof
both languagesre subjectto similar evaluation: parametepassingmechanismsprocedurecall
overheadl|ibrary routines etc.

It shouldbe notedthatthesetradeofs aredeterminedy the virtual machinemodelusedby a
languages compilersand,to alesserdegree theactualmachineon which the programis running.
To alargeextent,thesuccessesf FortranandC aredueto theclearmappinghatexistsbetweerthe
languagesndthevon Neumanrmmachinemodel,which formsareasonabléescriptionof modern
uniprocessorsThis ability to “see” an accuratepicture of the machinethroughthe languages
the mostcrucial characteristiof a good performancenodel. Note that althoughthe modelwill
not specifyan exactcostfor its operatorsandcannotbe usedto determinethe runningtime of a
program,it neverthelesdelpsprogrammerdy giving thema roughsenseof the consequences
theirimplementatiorchoices.

In the realmof parallellanguagesprogrammersvould like similar performancemodelson
which to basealgorithmicdecisions.In additionto the standarcconcerngnheritedfrom the se-
guentialdomain,parallel languageperformancenodelsneedto emphasizeéhe costof interpro-
cessordatatransfey sincecommunicationcan have a significantimpacton the performanceof
parallelcomputations.ZPL achieresthis by usingthe CTA parallelmachinemodel[14] asthe
basisfor its performanceanodel. The CTA empahsizeslatalocality andaccuratelymodelscon-
temporaryparallelmachinesZPL s performancenodelhasthe additionalbenefitof ensuringhat
every operationwhich requirescommunications visible to the programmeiat the sourcelevel.
We affectionatelyreferto this propertyasZPL s WY SIWY erformancenodel.

Therestof the paperis organizedasfollows. In the next section,we summarizethe perfor
mancemodelsof variousparallellanguagesln Section3 we provide a brief introductionto ZPL,
andin Section4 we describdts performancanodel. Section5 containsexperimentdesignedo

validateour performancenodel.We concluden Section6.



2 RelatedWork

Onemethodof parallelprogrammings to usea scalarlanguagesuchasC or Fortran,combined
with messag@assindibrariessuchasPVM or MPI. This approacthasanimplicit performance
modelin the sensethat programmersre awvare of wherecommunicatiortakesplace,sincethey
mustspecifyit explicitly. However, codingatthislow level is tediousanderrorprone,motivating
theexistenceof higherlevel parallelprogrammindanguages.

In thearenaof higherlevel parallellanguagesNESL is alanguagewith awell-definedperfor
manceanodel[1]. It usesawork/depthmodelto calculateasymptotidooundgor theexecutiontime
of NESL programson parallelcomputers.Although this modelfits NESL's functionalparadigm
well andallows usersto make coarse-grainedlgorithmdecisionsjt revealsvery little aboutthe
lower-level impactof one'simplementatiorchoicesandhow they will beimplementednthetar
getmachine As anexample the costof interprocessocommunications considereaegligible in
theNESL modelandis thereforeégnoredentirely,

ThemostprevalentparallellanguageHigh Performancé&ortran[5], suffersacompletdack of
aperformancenodel.As aresult,programmersnustre-tunetheir programfor eachcompilerand
platformthatthey use neutralizingany notionof portableperformanceNgo demonstratethatthis
lackof aperformancenodelresultsin erraticexecutiontimeswhencompilingHPFprogramsising
differentcompilerson the IBM SP-2[11]. Oneof the biggestcauseof ambiguityin the perfor
manceof HPFprogramss thefactthatcommunications completelyhiddenfrom theuser making
it difficult to evaluatedifferentimplementatioroptions[4]. As anexample,Ngo comparesnatrix
multiply algorithmswrittenin HPF, demonstratinghatthereis neitherarny source-lgel indication
of how they will perform,nor doeseitheralgorithmconsistentlyoutperformthe other [10]. By
definingaformal performancenodelto which all HPFcompilersmustadherethis problemcould
bealleviated.

In responsdo HPF's hiddenand underspecifiedommunicatiormodel, F~~ wasdeveloped
to make communicatiorexplicit andhighly visible to the programmeusinga simpleandnatural
syntaxextensionto Fortran90[12]. Thisresultsin a betterperformancenodelthanHPF, but not

without somecost. The useris forcedto programat a local perprocessotevel, therebyforfeiting



someof the benefitsof higherlevel languagessuchas sequentialsemanticsand deterministic
execution. Furthermore py explicitly specifyinginterprocessodatatransfers programmersre
notasprotectedrom nondeterminismraceconditions anddeadlockasthey mightbein ahigher
level languageThus,althoughF~~ is morecorvenientto usethanscalananguagesvith message
passingjt doesnotraisethelevel of abstractiorio a sufficiently corvenientlevel.
Theseexamplesillustrate a tensionbetweenproviding the benefitsof a high-level language
andgiving the usera low-level view of the executioncostsof their algorithm. In ZPL, we strive
to achieve the bestof bothworlds by providing a powerful andexpressve languagen which low-
level operationsuchascommunicatioraredirectlyvisible to programmershroughthelanguages

operators.

3 Intr oductionto ZPL

ZPL is a portabledata-parallelanguagehathasbeendevelopedat the University of Washington.
Its syntaxis array-base@ndincludesoperatorsandconstructslesignedo expressvely describe
commonprogrammingparadigm&ndcomputationsZPL hassequentiasemanticshatallow pro-
gramsto be written anddeluggedon sequentialvorkstationsandtheneffortlesslyrecompiledor
executionon parallelarchitecturesZPL generallyoutperformdHPFandhasprovento becompeti-
tivewith hand-code® andmessageassind9, 7]. Applicationsfrom avarietyof disciplineshave
beenwritten usingZPL [6, 3, 13], andthelanguagevasreleasedor widespreadisein July 1997.
Supportedlatformsincludethe Cray T3D/T3E, Intel Paragon)|BM SP-2,SGI Power Challenge,
clustersof workstationausingPVM or MPI, andsequentialvorkstations.

In thissectionwe give abrief introductionto ZPL conceptshatarerequiredto understandhis
paper A morecompletepresentatiof thelanguages availablein the ZPL Programmes Guide

andReferencéManual[15, 8].

3.1 Regionsand Arrays

Theregionis ZPL' s mostfundamentatoncept.Regionsareindex setsthroughwhich a programs

parallelismis expressed.In their mostbasicform, regions are simply denserectangularset of



indicessimilar to thoseusedto definearraysin traditionallanguages Region definitionscanbe

inlined directlyinto aZPL programor givennamesasfollows:

regionR  =[1.N ,1.N
BigR =[0..N+1,0..N+1]J; 1)
Top =[0 1N

Thesedeclarationslefinethreeregions:R isanN x N index set;BigR is equalto R extendedoy
anextrarow andcolumnin eachdirection; Top describesherow justabove R.
Regionshave two mainrolesin ZPL. Thefirst is to declareparallelarrays. This is doneby

referringto theregionin avariables type specifierasfollows:

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

Thesedeclarationglefinetwo arrays:A, anarrayof doubleswhosesizeis definedby BigR; and
B, anNxN integerarray Thesecondiseof aregionis to specifytheindicesover which anarray
operationshouldexecute.For example,the following statemenincrementeachelementof A by
its correspondingalueof B overtheindex rangespecifiedby R:
[R]A:=A+B; )
Regionsare ZPL's fundamentakourceof parallelism. Eachregion is partitionedacrossthe

processoset,resultingin the distribution of every arrayandoperationthatis definedin termsof

thatregion. Thedistribution of regionsis discussedanorefully in Sectior4.1.

3.2 The @ Operator

Sinceregionsreplaceexplicit arrayindexing, ZPL providesthe @ opemator to allow elementswith
differentindicesto interactwith oneanother The @ operatortakesanarrayandan offsetvector
calledadirectionandshiftsthereferenceso thearrayby the offset. For example,to replaceeach

elemenbf A with theaverageof its left andright neighborspnewould use:
[R]A = A@[0,-1] + A@[O,1]; 4)
Directionsaretypically namedin orderto improve a programs readability For example,the

previous examplecould have beenwritten:



direction left =[0,-1];
right =[0,1 |; (5)

[R] A := A@left + A@right;
Directionsaretypically reusedthroughouta program,so this approachalsoreducescarelessn-

dexing mistalesthroughthe selectionof meaningfulnames.

3.3 Reductionsand Floods

Reductionsand floodsare ZPL's operatorsor combiningandreplicatingarray values. The re-
duction operator(op<<) usesa binary operatorto combinearray elementsalong one or more
dimensionsresultingin anarrayslice or scalarvalue. For example,considerthe following lines

of code:

[Top] A =+<<[R] A; (6)
[R] DbigA := max<< A,

In thefirst statementywe usea partial reductionto replaceeachelementn thetop row of A with
the sumof the valuesin its correspondingolumn. Notethatthe region scopeat the beginning of
the statemen{Top) specifieshe indicesto be assignedwhile the one suppliedto the reduction
operatol(R) specifiesvhichelementsareto becombined.Thetwo regionsarecomparedtatically
to determinewhich dimension(s)shouldbe collapsed. The secondstatemenusesa complete
reductionto memge all the elementf A into a singlescalarusingthe “max” operator Complete
reductiongequireonly asingleregion scopesinceassignmento ascalardoesnotrequirearegion.
Theflood operator(>>>) is the dual of a partialreduction.lIt replicateghe valuesof anarray

sliceacrossanarray Consider:

[R] begin
A = >>[Top] A; @)
B:=>>[11] B;
end;

This codedemonstratethe applicationof a singleregion scope(R) to a block of statementsin

thefirst flood, the top row of A is replicatedacrossall therows of A in region R. As with partial
reductionstwo regionsareneededo specifytheflood operation:oneto indicatethesourcandices
of theflood (Top) andthesecondo specifythedestinationR). In the secondstatementthevalue

of thefirst elementf B is replicatedacrossall elementf B in region R.
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3.4 Gather and Scatter

The gather(<##) andscatter(>##) operatorarea meansof arbitrarily rearrangingdatain ZPL.
As aigumentsthey take alist of arraysthatareusedto index randomlyinto the sourceor destina-
tion array (for gatherandscattey respectrely). For example,the following codeusesthe gather

operatorto performamatrix transpos@f B, assigningheresultto A:

var 1,J: [R] integer;

[R] begin
| :=Index2; (8)
J := Indexl;
A = <##]1,J] B;
end;

This codemakesuseof the standardZPL arraysindex1 andIndex2. Indexi is a constantarray
in which every elements valueis equalto its index in the ;t* dimension. Thus, this gatherwill
replaceeachelementof A with the elementof B whoseindex is specifiedby the corresponding
valuesof | andJ. Althoughwe have setl andJ to performatransposeén this example,in general
they canbeusedto specifyary permutatioror rearrangemeraf anarray's values.
Theseoperatordorm a goodsamplingof the varioustypesavailableto the ZPL programmer

In thenext sectionwe will reasorabouttheirimplementatiorcostsandWY SIWY G performance.

4 ZPL'sPerformanceModel

Theperformancef a ZPL programis dependentn threecriteria: its scalamperformanceits con-
curreng, andits interprocessocommunicationZPL programsarecompiledto C asanintermedi-
ateformat, soits scalarperformancas dictatedheavily by C's performancanodel. Concurreng
andinterprocessocommunicatiorarebothdependenbnhow ZPL regions,arraysandscalarsare

distributedacrosghe processoset.

4.1 ZPL'sData Distribution Scheme

Thekey to ZPL's WYSIWYG performancemodellies in its region distribution invariant,which
constrainshow interacting regions are partitionedacrossthe processomesh. Two regions are

consideredo beinteractingif they arebothusedwithin a singlestatementeitherdirectly (usinga
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regionscope)r indirectly (by referringto anarraydeclaredveroneof theregions).For example,
in the codefragmentsof Section3, BigR andR would be consideredo be interactingdueto the
useof A (declaredover BigR) within the scopeof R in codefragment3. In addition, Top andR
interactdueto their usesin the partialreductionandflood statement& fragments and7. Thus
all threeregionsareinteracting.

TheZPL languagelictateghatinteractingregionsmustbedistributedin a mesh-alignedash-
ion. Beingmesh-aligneaneanghatif two n-dimensionalegionsarepartitionedacrossa logical
n-dimensionalprocessomesh,both regions' sliceswith index 7 in dimensiond will be mapped
to the sameprocessomeshslicep in dimensiond. For example,sinceR andTop areinteracting,
they mustbe mesh-alignedandthereforecolumn: of Top mustbe distributedacrossthe same
processocolumnascolumns of R. Moreover, mesh-alignmenimpliesthatelement(s, j) of two
interactingregionswill belocatedon thesameprocessarThus,eachelementof R will belocated
onthesameprocessoasits correspondinglementn BigR. Note thatusinga blocked, cyclic, or
block-gyclic partitioningschemdor the boundingregion of a setof interactingregionscauseshe
regionsto be mesh-alignedOur ZPL compilerusesa blockedpartitioningschemeby default,and
for simplicity we will assumehatschemdor theremaindeof this paper

Onceregions are partitionedamongthe processorseacharray is allocatedusing the same
distribution asits definingregion. Array operationsarecomputedn the processorsontainingthe
elementsn therelevantregion scopesThus,region partitioningresultsdirectlyin theconcurreng
aspecbf ZPL s performancenodel.

Onefinal characteristiof ZPL' s datadistribution schemas thatscalarvariablesarereplicated
acrosgrocessorsCohereng is maintaineckitherthroughredundantomputationrwvhenpossible,
or interprocessocommunicatiorwhennot.

It mightbearguedthatZPL sdatadistributionschemas toorestrictve,forcing programmer$o
formulatetheirproblemsn termsthatareamenabléo themesh-alignmemnrinciple. Alternatively,
ZPL couldallow arbitraryarrayalignmentandindexing. In this scenariothe communicatiorcost
of a statementvould be a function of its dataaccesgatternandthe alignmentof its arrays.This

modelis complicatedy thefactthatasinglesource-lgel array(e.g., aformal parameterjnayrefer



to a numberof distinctarraysduring execution,eachwith its own alignmentscheme Estimating
performancen sucha schemeas comple« because&eommunications not manifestin the source
code,andthe analysisrequiredto locateand evaluateit requireslooking more globally thanthe

statementevel. In contrast,ZPL's communicationcostsare dependenbnly on the operations
within a statement.Thesecostsareevaluatedqualitatively in the next sectionandexperimentally

in Sectionb.

4.2 Qualitative Evaluation of Operators

OnceZPL sdatadistribution schemas understoodtherelative costof its operatordecomesead-
ily apparent.For example,in the element-wiseadditionandassignmenbf codefragment3, we
know thatcorrespondinglementof A andB areassignedo the sameprocessoandthereforeno
communications requiredto completethis operation.By this samereasoning@ll ZPL statements
thatuseonly assignmentyaditionaloperatorsandfunctioncallswill similarly becommunication-
free. Communicatiorcanonly beincurredwhenoperatorspecificto ZPL areused.Furthermore,
the costof thesecommunicationganbe estimatedasedon whatwe know aboutthe partitioning

scheme.

The @ operator. Sincethe @ operatoris usedto shift an array’s referencesinteractingarray
valuesarenolongerguaranteetb resideonthe sameprocessaorTherefore point-to-pointcommu-
nicationis requiredto transferremotevaluesto a processos local memory For example,in the
caseof a blocked decompositionthe statemenin codefragment4 would requireeachprocessor
to exchangea columnof datawith its neighboringprocessorsn its row. Sincethe @ operator
generallyrequiressuchcommunicationthe programmecanexpectthatarrayreferencesvith @'s

will tendto be moreexpensve thannormalarrayreferences.

Floodsand Reductions. Floodingreplicatesvaluesalongoneor moredimensionof anarray
Sincetheregiondistributioninvariantguaranteethatarraysliceswill mapto processoslices,this
impliesthatflooding canbe achiezed by broadcastingaluesto the processorsvithin the appro-

priateslice. For example,thefirst flood in codefragment7 requiresthateachprocessoowning a
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block of Top to broadcastts relevantvaluesof A to the processorsn its column. Similarly, the
secondstatementequiresthe processovith the first elementof B to broadcasthe valueto all
otherprocessorsOncethe datais receved, it canbereplicatedacrosshe processos local block
of values. Due to the fact that broadcastbecomemore expensve asthe numberof processors
grows, we canexpectthe costof floodingto increasesimilarly.

Partial reductionsarethe dual of flooding, sothey will beimplementedoy combiningvalues
alonga processoslice, placingthe resultat the appropriateprocessofe.g., usinga binary com-
bining tree). Full reductionsare similar, but alsorequirea broadcasto replicatethe resulting
scalarvalueacrossall processorsSincereductionshave communicatiorpatternghataresimilar
to flooding,we expectthemto scalein similarways,but to bemoreexpensve dueto theadditional

operationgequiredto combinevalues.

Gathers and Scatters. Scattersand gathersare usedto expressarbitrary datamovementand
thereforetendto move larger volumesof datain lessregular communicatiorpatterns.They will

tendto requiremorecommunicatiordueto thefactthatthe sourcetamget,andindexing arraysare
all distributedacrosgprocessorsPerformances furtherimpactedoy thecachecontentiorresulting
from thenumberof arraysneededo expressthe operationandtherandomacces®f datarequired
in the sourceor destinatiomarray As a resultof all of thesefactors,the programmeicanexpect

gathersandscatterdo bethe mostexpensve operationdescribedn this paper

Other Operators. ZPL containsadditionaloperatorsiot describecherein(e.g., wraps,reflects,
andfull andpartialscans).Althoughit couldbe enlighteningto discusseachof themin turn, the
moreimportantpointis this: Knowingwhatan operator doesandbeingfamiliar with ZPL's data
distributionschemeit is possiblefor a programmetto qualitativelyassesshecommunicatiostyle
required by any operator as well asto roughlyestimatets performancampact. In this way, the
communicationmplicit in aZPL programis visible to programmersvithout burdeningthemwith

thetaskof explicitly specifyingthedatatransfer Whatthey seeis whatthey get.
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5 Experiments

In this section,we experimentallydemonstrat¢he effectivenessof the ZPL performancenodel.
In thefirst experiment,we measureghe performancef a numberof ZPL operationandcompare
the resultsto our qualitative analysis. In the secondexperiment,we show that the source-lgel
evaluationsof two matrix multiply algorithmscanaccuratelypredicttheir relatve performance.
Both experimentsvererun on four differentparallelmachinesthe Cray T3E, the SGI Paver
ChallengethelBM SP-2andthelntel Paragon All interprocessocommunicatiorwasefficiently
implementedusingthe communicatioribrariesof eachmachine:SHMEM on the T3E, MPI on

thePawer Challengeandthe SP-2,andNX onthe Paragon.

5.1 Performanceof ZPL Operations

Figure5.1 shawvs the measuregerformanceof selectedZPL arrayoperations:arraycopy, array
addition,translationusingthe @ operatorflooding,partialreduction full reductionandpermuta-
tion. Eachgraphshaws the executiontimesof the operationson threeprocessoconfigurationof
differentsizes.Eachcolumnof graphsrepresents particularmachinewhile eachrow represents
thenumberof element®of R assignedo ead processaorR is scaledn thisway to maintainsimilar
cacheeffectsanddatatransfersizesasthe numberof processorincreasesNote thattherunning
time of a programthat scalegperfectlywill thereforebe constantacrossdifferentconfigurations.
By comparingvalueswithin agraph,alonga column,or alongarow, onecanevaluatehow ZPL's
operatorsscalewith the numberof processor@and problemsize, aswell ashow portabletheir
performances acrossarchitectures.

Although countlessobsenationscould be madefrom thesegraphs,we will give just a few
to highlight performancessuedor eachoperatorthat corroborateour analysisfrom the previous
section. To begin with, the WYSIWYG modelindicatesthatthe first two statementsequireno
communicatiorandshouldthereforescaleperfectlyasthe numberof processorscreaseslLook-
ing overthegraphspnecanseethatthisis truein all cases.

Comparinghestatementvith the @ operatiorto thearrayassignmentye seethatit tendsto be

moreexpensve asexpecteddueto therequiredcommunicationAs theproblemsetsizegrows, the
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Figure1l: Measuredperformanceof ZPL operations.Eachgraphshaws the executiontimeson
threeprocessoconfigurations Eachcolumnof graphsrepresenta machineandeachrow repre-
sentsaperprocessoproblemsize.

time requiredto performthe N? assignmenttendsto dominatethetime spentin communication,
reducingthe performanceyapbetweerthetwo assignmenstatements.

As predictedtheflood operators performancelsobecomeslower asthe numberof proces-
sorsincreasesOn the T3E, where64 processorareavailable,notethatthe @ operators perfor
mancelevels off at 16 processorswhile the flood continueso becomemoreexpensve. This fits
our predictionsperfectly sinceimplementingan @ requiresa constantamountof point-to-point
communicatiorper processomwhile the broadcastsequiredto implementflood continueto get
moreexpensve asthe numberof processorgrows.

Comparingpartialandfull reductionsye seethatthemoreexpensve operatotis dependendn
the problemsizeandnumberof processorsOn the smallerproblemsizes,communications the
dominantfactorandthe full reductionis generallymore expensve sinceit requiresa broadcast.

However, on larger problemsizes the numberof additionsrequiredto performa partialreduction
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[R] begin

region R =[1..N,1..N]; fori:=2toNdo
direction right = [0,1]; [right of R] wrap A;
below = [1,0]; [i..N,1..N] A := A@right;
var A,B,C:[R] double; [below of R] wrap B;
[1..N,i..N] B := B@below;
Declarations for NxN Matrix Multiply end;
C:=AxB;
fori:=2to Ndo
[right of R] wrap A;
[R] begin A = A@right;
C:=0.0; [below of R] wrap B;
fori:=1to Ndo B := B@below;
C +=(>>[1..N,i] A) = (>>[i,1..N] B); C+=AxB;
end; end,
end; end,
SUMMA Matrix Multiply Cannon's Matrix Multiply

Figure2: Two algorithmsfor Matrix Multiplication in ZPL.

tendsto outweighthe extra communicatiorof the full reduction,makingit the more expensve
operator

Finally, aspredicted the scatteroperationconsistentlyprovesto be significantlymoreexpen-
sive thanthe otheroperatorsgenerallycostingat leastan orderof magnitudemorethanthe next

mostexpensve operator

5.2 Matrix Multiply

Although evaluatingthe performanceof individual ZPL statementss instructive, the real testof
the WYSIWYG performancemodelis in evaluatingentirealgorithms.In Figure2, we shav two
algorithmsfor matrix-matrixmultiplication, SUMMA [16] andCannons Algorithm [2]. SUMMA
is consideredo be the most scalableof portableparallel matrix multiplication algorithms. It
iteratively floods a column of matrix A anda row of matrix B, accumulatingtheir productin
C. Cannons algorithm skews the A and B matricesasan initialization stepandtheniteratvely
performscyclic shifts of A and B, multiplying them and accumulatingnto the C matrix. The

skewing andcyclic shiftsareachiezed usingZPL s wrap operatorwithin an of region — another
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Figure3: Peformancef SUMMA andCannons algorithmfor matrix multiplicationin ZPL. Each
graphshaws the executiontimeson threeprocessoconfigurations Eachcolumnof graphsrepre-
sentsamachineandeachrow represents perprocessoproblemsize.

form of point-to-pointcommunicationn ZPL.

Analyzingthesealgorithmsasymptoticallywe seethatthey bothperformO(N?3) computation
andO(NN) communicationHowever, lookingatthecommunicationncurredby eachprogramwe
candetermineghatthey arenotequal. The SUMMA algorithmis realizedusing2 N floodswhile
Cannons algorithmrequirese N cyclic shifts. Giventhatfloodsandshiftsaresimilarin cost,we
canguesghat SUMMA shouldbethebetteralgorithm.

To testour hypothesisywe ranbothalgorithmson the samefour machinegor avarietyof prob-
lem sizes(onceagainscalingthe problemto maintaina constantamountof dataper processor).
Figure 5.2 shaws our resultsand verifiesthat SUMMA is fasterthan Cannons algorithmin all
casesPerformingthe sameexperimentin HPF, Ngo demonstratethatnotonly is it virtually im-
possibleo predictthe performancef thesealgorithmsby looking atthe HPFsource put alsothat
neitheralgorithmconsistentlyoutperformghe otheracrossall compilers[10]. ZPL'sWYSIWYG

performancenodelmalkesbothsource-lgel evaluationandportableperformance reality.
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5.3 Discussion

It shouldbe notedthat,asin the sequentiatealm,ZPL s performancenodeldoesnot yield exact
informationabouta programs runningtime. However, it doesallow a programmeto be aware
of the implicationsof their implementatiordecisionsby makingthe mappingof their codeto a
parallelmachineclear As with sequentialanguagesa programmesintuition canbeundermined
by the complity of modernmachinesandtheimpactof compileroptimizations(e.g., pipelining
communicationremoving redundantommunications) However, asin the sequentiaivorld, we
expectthat ZPL's cueswill be invaluableto programmerdy allowing themto seethe machine

throughthelanguage.

6 Conclusionsand Futur e Work

A languages performancanodel gives programmersa rough understandingf a codes perfor
mance,facilitating the selectionbetweenalternatve implementations. Thoughparticularly im-
portantin the paralleldomain— wherethe costof languagdeaturesmay vary greatly e.g., local
versusremotememoryaccess- ZPL is thefirst parallelprogramminganguagédo presenia per
formancemodeldistinct from animplementingmachine. Not only can programmer®valuatea
codes approximatecost,they maydo it simply, for they have a clearunderstandingf how each
languagdeatureis mappedo the underlyinghardwarevia the CTA machinemodel. Thiswe call
ZPL'sWYSIWYG performancenodel.We have givena qualitatve agumentof how thelanguage
realizeghis andexperimentallyverifiedthata diversecollectionof parallelmachinesespecit.

In futurework we will extendthe ZPL languagdo handleirregularandsparsgroblems.The

challengewill beto dosowhile preservingZPLs WY SIWYG performancenodel.
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