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Abstract

ZPL is a parallel array language designedor high per
formancescientificand engineeringcomputations.Unlike
other parallel languages, ZPL is foundedon a madine
model (the CTA) that accurately abstracts contempoary
MIMD parallel computes. This malesit possibleto cor-
relate ZPL programswith madine behavior As a result,
programmes can reasonabouthow codewill performon
a typical parallel macine and thereby male informedde-
cisions betweenalternative programmingsolutions. This
paperdescribesZPL s performancemodeland its syntac-
tic cuesfor corveying opemtion cost. The what-you-see-
is-what-you-getWYSIWYGhature of ZPL opemtionsis
demonstatedon the IBM SP-2,Intel Paragon, SGI Power
Challenge, andCray T3E.Additionally, themodelis usedto
evaluatetwo algorithmsfor matrix multiplication. Experi-
mentsshowthat the performancemodelcorrectly predicts
thefastersolutiononall four platformsfor a range of prob-
lemsizes.

1. Intr oduction

High-level programminglanguageoffer an expressie
and portable meansof implementingalgorithms. They
spareprogrammershe burdenof codingin assemblyan-
guageand simplify the task of porting programsto new
machines. However, without a well-definedperformance
modelthatindicateshow languageonstructaremappedo
thetamgetmachinetheadwantage®f a high-level program-
ming languageare diminished. Without arny guidelinesas
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to how languageconstructareimplementedperformance-
consciougprogrammershave little basison which to make
implementatiorchoices.In addition,programghatexecute
efficiently on one platform may suffer significant perfor
mancedegradationon otherplatformsbecausehereareno
guaranteessto how a compilerwill implementthe lan-
guagesfeatures.

Performancenodelsarewell-understoodor popularse-
guentiallanguagesuchasC andFortran,becausehereis
aclearmappingbetweertheir constructandthe von Neu-
mannmachinemodel,which reasonablypproximateson-
temporaryuniprocessorsThis ability to “see” anaccurate
pictureof themachinehroughthelanguageés themostcru-
cial characteristiof a goodperformancenodel. Note that
althoughthe modeldoesnot specifyan exact costfor lan-
guageoperatorandcannotbeusedo determingheprecise
runningtime of a program,it neverthelessaids program-
mershy giving thema roughsenseof the consequencesf
theirimplementatiorchoices.

As asimpleexample analysisof thefollowing two loops
shavsthemto bealgorithmicallyandasymptoticallyequiv-
alent. However, C programmerause the first implemen-
tation becauseat accessethe elementsn the sameorder
that C's languagedefinition requiresthemto be laid outin
memory Thisresultsin animplementatiorthatrespectshe
memoryhierarchyof contemporarynachines.

const int m = 1000, n = 2000;
double A[m][n], B[m][n], C[m][n];
inti, j;

for (i=0; i<m; i++)
for (j=0; j<n; j++)
CLI0] = A6 + BIGI;

for (j=0; j<n; j++)
for (i=0; i<m; i++)
ClI0] = Af0] + BLI0T;

Implementatiori Implementatior2
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This exampleillustratesthatevenafterasymptoticanalysis
and algorithmic design, second-ordeimplementationde-
tails arestill a factorin obtaininggood performance.Al-
thougha sophisticatedompilermighttransformthesecond
implementatiorinto thefirst, C's performancenodeldoes
not guaranteehis, and thereforeprogrammersoncerned
with portableperformancewill notrely onit. As aresult,
thefirstimplementations theright choicein C. Corversely
Fortranusescolumn-majororder, so Fortranprogrammers
will usethe secondloop ordering. Otheraspectf both
languagesare subjectto similar evaluation,including pa-
rameterpassingnechanismsprocedurecall overheadsli-
brary routines,and systemcalls. Consideratiorof a lan-
guagesperformancenodelin thiswayenablesigh quality
machine-independeptogramming.

In the realm of parallel programming,thereis a simi-
lar needfor languageperformancenodelsthataccountfor
the costsassociatedvith runningon multiple processorn
additionto thoseinheritedfrom the sequentiadomain. In
particular theseparallelmodelsshouldemphasizehe cost
of interprocessodatamovementsincecommunicatiorof-
tensignificantlyimpactsapplicationperformance.

ZPL was the first parallel languageto provide an ex-
plicit performancemodel distinct from an implementing
machine.Theeffectivenesof its performancanodelis the
resultof anearlydesigndecisionto presere machinevisi-
bility ratherthanto rely on sophisticatedompileranalysis
andoptimization.Thisis in starkcontraswith parallellan-
guagessuchas High Performancd-ortran (HPF) that uti-
lize directivesto specifyparallelism.BecauséHPF's direc-
tivesareoptionalandbecausé¢he compileris freeto ignore
them,it is difficult for a programmeto reasoraboutanal-
gorithm's performancewithout detailedknowledgeof the
compiler Ngo hasshawn that this lack of a performance
modelleadsto unpredictableinconsistentandpoor perfor
mance11].

In this paperwe describethe performancemodelof the
ZPL parallelarray language.We describethe straightfor
wardmappingof ZPL constructgo the CandidateTypeAr-
chitectuie (CTA), aparallelanalogof thevonNeumanma-
chinemodelthataccuratelyabstract€ontemporaryiIMD
parallelcomputerq15]. This allows programmerdo rea-
son aboutthe behaior of their ZPL programson paral-
lel machines.In addition,we demonstrat¢hat ZPL's syn-
taxinherentlyidentifiesoperationghatinducecommunica-
tion. Thesevisual cuessimplify the first-orderevaluation
of aparallelprograms costandmotivateour descriptionof
the performancenodelas“what-you-see-is-what-you-gje
(WYSIWYG).

We demonstratehe use of ZPL's WYSIWYG perfor
mancemodelin two experiments.Thefirst verifiesthe ac-
curag of its syntacticcuesacrossseveral problemsizes,
architecturesand numbersof processors.The secondil-

lustrateshe useof ZPL's performancanodelto accurately
selectthe betterof two matrix multiplication codeswritten
in ZPL.

The remainderof the paperis organizedasfollows. In
the next section,we summarizaelatedwork. In Section3
we provide a brief introductionto ZPL, andin Section4
we describdts performancenodel. Section5 containsex-
perimentgesignedo validateour performancenodel. We
concluden Section6.

2. Relatedwork

A commonmethodof parallelprogrammings to usea
scalarlanguagesuchasC or Fortran,in combinationwith
messageassinglibraries suchas PVM or MPI. This ap-
proachhasan implicit performancemodelformed by the
performancemodelinheritedfrom the sequentialanguage
in combinatiorwith theexplicit interprocessocommunica-
tion specifiedby the programmer However, codingat this
perprocessotevel is tediousand errorprone, motivating
theneedfor higherlevel parallelprogrammindanguages.

NESL is anexampleof a higherlevel parallellanguage
thatincludesa well-definedperformancenodel[2]. It uses
awork/depthschemeo calculateasymptotidooundgor the
executiontime of NESL programson parallel computers.
Althoughthis modelmatcheNESL's functionalparadigm
well and allows usersto make coarse-grainedlgorithmic
decisions,it revealsvery little aboutthe lowerlevel im-
pactof one'simplementatiorchoicesandhow they will be
mappedo thetargetmachine.For example,the costof in-
terprocessocommunications consideredegligible in the
NESL modelandis thereforeignoredentirely.

ThemostprevalentparallellanguageHigh Performance
Fortran[6], suffersfrom thecompletdackof aperformance
model. As a result, programmersnust re-tunetheir pro-
gramsfor eachcompilerand platform that they use,neu-
tralizing arny notion of portableperformance. Ngo et al.
demonstratéhatthislack of aperformancenodelresultsin
erraticexecutiontimeswhencompiling HPF programsus-
ing differentcompilerson the IBM SP-2[12]. Oneof the
biggesttause®f ambiguityin theperformancef HPFpro-
gramsis thefactthatcommunicatioris completelyhidden
from theuser makingit difficult to evaluatedifferentimple-
mentationoptions[5]. As anexample,Ngo comparesna-
trix multiplication algorithmswritten in HPF demonstrat-
ing thatthereis neitherarny source-lgel indicationof how
they will perform,nor ary consisteng in the relative per
formanceof thealgorithmg11]. By defininga performance
modelto which all HPF compilersmustadherethis prob-
lem could have beenalleviated. Most compilerscompen-
satefor HPF's lack of a performancenodelby providing
toolsthatgive source-lgel feedbackaboutthe compilation
processand/orprogramexecution. The dPablo toolkit [1]
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is one suchexample. The problemwith this approachis
thatsuchtoolsaretightly coupledto a particularcompiler's
compilationmodel,andthereforedo not aid in the creation
of portablyperformingprograms.

In contraswith HPF'shiddenandunspecifiedommuni-
cationmodel,F~~ wasdevelopedto make communication
explicit andhighly visible to the programmemusinga sim-
ple and naturalsyntaxextensionto Fortran90 [13]. This
resultsin a clearerperformancenodel than HPF, but not
without somecost. The useris forcedto programatalocal
perprocessotevel, therebyforfeiting someof the benefits
of higherlevel languagessuchassequentiakemanticand
deterministicexecution. Furthermore by explicitly spec-
ifying interprocessodatatransfers,programmersare not
shieldedfrom raceconditionsanddeadlockasthey would
bein a higherlevel language Thus,althoughF~~ is more
corvenientto usethanscalaanguagesvith messaggass-
ing, it doesnotraisethelevel of abstractionto a sufiiciently
corvenientlevel.

Theseexamplesdemonstrata tensionbetweenprovid-
ing the benefitsof a high-level languageandgiving the pro-
grammera low-level view of the executioncostsof their
algorithm. In ZPL, we strive to achiese the bestof both
worlds by providing a powerful andexpressve languagen
which low-level operationssuchascommunicatiorare di-
rectly visible to programmershroughthe languages oper
ators.

3. Intr oduction to ZPL

ZPL is a portabledata-parallelanguagethat hasbeen
developedat the University of Washington. Its syntaxis
array-basedndincludesconstructandoperatorsiesigned
to expressvely describecommonprogrammingparadigms
andcomputationsZPL hassequentiabemanticghatallow
programsto be written and dehuggedon sequentialvork-
stationsandthenportedto parallelarchitecturesn a single
recompilation.

ZPL generallyoutperformsHPF and hasprovento be
competitve with hand-codedC and messageassing[10,
9]. Applicationsfrom a variety of disciplineshave been
written using ZPL [4, 7, 14], and the languagewas re-
leasedfor widespreadusein July, 1997. Supportedplat-
formsincludethe CrayT3D/T3E,Intel Paragon)]BM SP-2,
SGIPowerChallenge/Originglustersof workstationaising
PVM andMPI, andsequentialorkstations.

In this section we give a brief introductionto ZPL con-
ceptsthatarerequiredto understandhis paper More com-
pletepresentationsf thelanguageareavailablein the ZPL
Programmes GuideandReferencévianual[8, 16].

3.1 Regionsand arrays

Theregionis ZPL's mostfundamentatoncept.Regions
areindex setsthroughwhich a programs parallelismis ex-
pressedIn their mostbasicform, regionsaresimply dense
rectangularsetsof indicessimilar to thoseusedto define
arraysin traditionallanguages.Region definitionscanbe
inlined directly into a ZPL program,or givennamesasfol-
lows:

regionR  =[1.n ,1.n ];
Top =[O0 d1.n ()

BigR = [0..n+1,0..n+1];
Thesedeclarationslefinethreeregions:R isann x n index
set; Top describesherow justabove R; BigR is an exten-

sion of R by an extra row and columnin eachdirection.
Diagramsof theseregionsareshawn in Figurel.

‘ \ Top

\
\
: BigR
\

(@) (b) (c)

Figure 1. Diagrams of the region declarations
in code fragment 1: (a) region R, (b) region
Top, and (c) region BigR. The dashed boxes
indicate the index space [0..n+1,0..n+1].

Regionshave two mainrolesin ZPL. Thefirst is to de-
clareparallelarrays.Thisis doneby referringto the region
in avariablestype specifierasfollows:

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

Thesedeclarationglefinetwo arrays:A, ann x n arrayof
doublesandB, anintegerarraydefinedoverBigR. Figure2
shavs diagram=f thesearrays.

The seconduseof regionsis to openaregion scopethat
specifieshe indicesover which an array operationshould
execute. For example,the following statementncrements
eachelemenibf A by its correspondingalueof B overthe
index rangespecifiedby R:

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

Figure3 illustratesthis statement.

Reagions are ZPL's fundamentalsourceof parallelism.
Eachregion's index setis partitionedacrossthe processor
set,resultingin thedistribution of eacharrayandoperation
definedin termsof thatregion. Section4.1 describeghe
distribution of regionsin moredetail.
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@ (b)

Figure 2. Diagrams of the array declarations in
code fragment 2: (a) array A, declared to be of
size R; (b) array B, declared to be of size BigR..
The shading indicates that, unlike regions, ar-
rays have data associated with each index.

Figure 3. lllustration of the array addition in
code fragment 3. The darker shading indi-
cates the array elements referenced in each
expression.

3.2 The @ operator

Sinceregionseliminateexplicit arrayindexing, ZPL pro-
videsthe @ opemator to allow translatedreferencego ar
rays. The @ operatortakes an array and an offset vector
called a directionas operandsand shifts referencego the
array by the offset. For example,to replaceeachelement
of B with the sumof its left andright neighborspnewould
write:

[R] B := B@[0,~1] + B@][0,1]; (4)

Directions are generallynamedin orderto improve a
programs readability For example, line (4) could have
beenwritten:

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

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

Figure4 shaws a picture of this operation. Directionsare
typically reusedthroughouta program, so namingthem
meaningfullyalsoreducesarelessndexing mistales.

Rl B

B@left + B@right

Figure 4. lllustration of the neighbor summa-
tion expressed in code fragment 5. Note that
the @ operator translates references to B.

3.3 Reductionsand floods

Reductionsandfloodsare ZPL's operatordor combin-
ing and replicating array values. The reductionoperator
(op< <) usesa binary operatorto combinearray elements
alongoneor moredimensionstesultingin anarraysliceor
scalarvalue.For example:

[Top] B = +<<[R] B; (6)
[R] biggestA = max<< A;

In thefirst statementye usea partial reductionto replace
eachelementn thetop row of B with the sumof thevalues
in its correspondingolumn (illustratedin Figure5). The
region scopeat the beginning of the statemen{Top) speci-
fiestheindicesto be assignedwhile the onesuppliedwith
the reductionoperator(R) specifieswvhich elementsareto
be combined. The two regionsarecomparedo determine
which dimension(sshouldbe collapsed.The secondstate-
mentusesa full reductionto merge all the elementsof A
into a single scalar biggestA, usingthe “max” operator
Full reductiongrequireonly a singleregion scopesinceas-
signmento a scalardoesnotrequirearegion.

A§

B =

44
1240

+<<[R] B

[Top]

Figure 5. lllustration of the partial reduction
in code fragment 6. Values of B are added
column-wise over R and the sums are as-
signed to the corresponding elements in Top.

The flood operator(>>) is the dual of a partial reduc-
tion. It replicateghevaluesof anarraysliceacrossanarray
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Consider:
[R] begin
B := >>[Top] B; @)
A:=>>[1,1] A
end;

This codedemonstratethe applicationof a single region

scope(R) to a block of statementsin thefirst assignment

statementthetop row of B is replicatedacrossall therows
of B in regionR (shavnin Figure6). As with partialreduc-
tions,two regionsareneededo specifytheflood operation:
oneto indicatethe sourceindicesof theflood (Top) andthe
secondo specifythe destination(R). In the secondstate-
ment,thevalueof thefirst elemenif A is floodedacrossall

elementof A in regionR.

»

[R] B = >>[Top] B

Figure 6. lllustration of the first flood state-
ment in code fragment 7. Each element of B
in Top is replicated across its corresponding

column in R.

3.4. Gather and scatter

The gather (<##) and scatter (>##) operatorsare a
meanf arbitrarilyrearranginglatain ZPL. As arguments,
they takealist of arrayghatareusedo index into thesource
or destinationarray (for gatherand scatter respectiely).
For example thefollowing codeusegshescattemperatoto
performamatrix transpos®f B, assigningheresultto A:

var 1,J: [R] integer;

[R] begin
| :=Index1; (8)
J = Index2;
A = >##[J,1] B;
end;

This codemakesuseof the built-in ZPL arraysindex1 and
Index2. Indexi is aconstantrrayin which every elements
valueis equalto its index in the it* dimension. Thus,this
scatterwill replaceeachelementof A with the elementof
B whoseindex is specifiedby thecorrespondingaluesof |
andJ. Thisis illustratedin Figure7. Althoughwe have set

SN

>##[J,1] B

Figure 7. lllustration of the scatter operation
in code fragment 8. Each element in B is as-
signed to the element in A specified by its
corresponding values of J and |I.

| andJ to performa transposen this example,ary permu-
tationor rearrangemerdf anarray's valuesis possible.

Theseoperatorsform a representatie samplingof the
featuresavailableto the ZPL programmerIn the next sec-
tion we will reasonabouttheir implementationcostsand
WYSIWYG performance.

4.ZPL's performance model

Theaccuray of ZPL's performancenodeldependboth
on the mappingof ZPL constructdo the CTA parallelma-
chinemodelandon the CTA's ability to modelreal paral-
lel computers. If both of thesemappingsare straightfor
ward, programmersvill be ableto accuratelyreasorabout
the performanceof ZPL programs. In the context of this
paperthetwo significantfeaturef the CTA arethatit em-
phasizeslatalocality andthatit neitherspecifienor places
importanceontheprocessomterconnectopology ZPL re-
flectsthe CTA's emphasi®n locality by its syntacticiden-
tification of operatorghatinducecommunicationThelack
of emphasin interconnectopologyallows ZPL to com-
puteusingavirtual hypegrid of processors.

The performancef ZPL codedepend®n threecriteria:
scalarperformancegoncurrenyg, andinterprocessocom-
munication.ZPL programsarecompiledto C asaninterme-
diateformat, sotheir scalarmperformances dictatedheavily
by C'sperformancenodel. Concurreng andinterprocessor
communicatiorare both determinecdby the distribution of
ZPL regions,arraysandscalarsacrosgshe processogrid.

4.1 ZPL'sdata distrib ution scheme

The key to ZPL's WYSIWYG performancanodellies
in its region distribution invariant, which constrainshow
regions'index setsarepartitionedacrosgshevirtual proces-
sorgrid. ZPL dictatesthatall regionsmustbe partitioned
in agrid-alignedfashion.Thisimpliesthateachdimension
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of theregionis mappedndependentlyo its corresponding
dimensionin the virtual processomgrid. For example,in
two dimensionseachregion would requiretwo mappings:
one betweenits rows and the processorows, the second
betweenits columnsandthe processocolumns. This no-
tion generalizeso r-dimensionalegionson r-dimensional
virtual processogrids (wheresomedimensionsnaybede-
generate)Notethatpartitioningeachdimensiorof aregion
usinga blocked, cyclic, or block-gyclic schemeresultsin
grid-alignment.Our ZPL compilerusesblocked partition-
ing by default, andfor simplicity we will usethis scheme
for theremaindeof the paper

ZPL placesadditionalconstraintoninteractingregions
Two regionsareconsideredo beinteractingf they areboth
referencedvithin a singlestatementThesereferencegsan
eitherbe explicit (by referringto the region within aregion
scope)rimplicit (by referringto anarraythatwasdeclared
overtheregion). For example,in thecodefragmentof Sec-
tion 3, R andBigR areconsideredo beinteractingdueto
theuseof B (declaredver BigR) within the scopeof R in
codefragment3. FurthermoreTop andR interactdueto
their usesin the partial reductionand flood statement®f
codefragments and7. Thus,all threeregionsareinteract-
ing.

ZPL requireghemappingfunctionsusedto partitionin-
teractingregionsto be identicalfor all indicescommonto
both regions. For example,sinceR and Top areinteract-
ing, columns of Top mustbemappedo thesameprocessor
columnascolumn: of R for all 3, 1 < ¢ < n. Sincethis
requiremenappliesto everydimensionary index common
to a pair of interactingregionsmustnecessarilype located
on the sameprocessofor bothregions. Thus,every index
(4, 4) of R will bemappedo thesameprocessoasthecor
respondingndex (i, j) in BigR.

Onceregionsare partitionedacrosshe processorsgach
arrayis allocatedusingthe samedistribution asthe region
overwhichit wasdeclared Array operationsarecomputed
ontheprocessorshatown theelementsn theenclosinge-
gion scopes.Thus,region partitioningdetermineghe con-
curreny of aZPL program.

One final characteristicof ZPL's data distribution
schemeis that scalarvariablesare replicatedacrosspro-
cessorsCohereng is maintaineceitherthroughredundant
computatioror interprocessocommunication.

It might be arguedthat ZPL's datadistribution scheme
is overly restrictve, forcing programmerso formulatetheir
problemsin termsthatareamenablédo the region distribu-
tioninvariant.Alternatively, ZPL couldsupporarbitraryar-
ray alignmentandindexing, therebyproviding greaterflex-
ibility to the programmer The problemwith this approach
is that the communicationcost of a statementwould be
determinedby the degreeto which its arraysare aligned,
somethingthat would not be apparenin the sourcecode.

Thus, estimatingperformancen sucha schemewould re-
quireprogrammerso look attheir codemoreglobally than
thestatementevel. In contrastZPL's communicatiorcosts
aredependentnly ontheoperationsvithin astatemenand
canthereforebetrivially identified. Thesecostsare evalu-
atedqualitatively in thenext section.

4.2 Qualitative evaluation of operators

OnceZPL's datadistribution schemds defined therel-
ative costsof its operatorsbecomereadily apparent. For
example,in the element-wiseaddition and assignmenbf
codefragment3, we know that correspondinglementof
A andB areassignedo thesameprocessoandthereforeno
communications requiredto completethis operation. By
this samereasoningarny ZPL statementhat only usesas-
signmenttraditionaloperatorsandfunctioncallswill also
be communication-free. Thus, communicatioris only in-
ducedwhenZPL s nontraditionabperatorsareused allow-
ing programmergo readily identify it. Furthermorethe
costof thesecommunicationsanbeestimatedasednan
understandingf the datadistribution scheme.

The @ operator. Sincethe @ operatoris usedto shift

anarray'sreferencesinteractingarrayvaluesarenolonger
guaranteedo resideon the sameprocessar Therefore,
point-to-pointcommunications requiredto transferemote
valuesto a processos local memory For example,in the

caseof ablockeddecompositionthestatemenin codefrag-

ment5 would requireeachprocessoto exchangea column
of B with both of the neighboringprocessorsn its row.

Sincethe @ operatorgenerallyrequiressuchcommunica-
tion, the programmercanexpectthatarrayreferencesvith

@'swill tendto bemoreexpensvethannormalarrayrefer

ences.

Floodsand reductions. Floodingreplicatesvaluesalong
oneor moredimensionof anarray Sincethe region dis-
tributioninvariantguaranteethatarraysliceswill resideon
processoslices,flooding canbe achieved by broadcasting
valuesto processorwvithin theappropriateslice. For exam-
ple,thefirstfloodin codefragment7 requireghateachpro-
cessonwningasectionof Top broadcasits relevantvalues
of B to the processorén its column. Similarly, the second
statementequiresthe processowith thefirst elementof A
to broadcasthevalueto all otherprocessorsOncethedata
is receved, it canbe replicatedacrossthe processos lo-
cal block of values.Dueto thefactthatbroadcastbecome
moreexpensve asthe numberof processorgrows, we can
expectthe costof floodingto increasesimilarly.
Partial reductionsare the dual of flooding, so they will

needto combinevaluesalonga processoslice, placingthe
resultat the appropriatgrocessofe.g., usinga combining
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communication | communication | communication
operator paradigm complexity volume flops
@-refeence| point-to-point 0(1) O(n) 0
flood broadcast O(logp) O(n) 0
partial reduce reduction O(logp) O(n) O(n?)
full reduce reduction O(log p) o(1 0(n?)
gather/scatter| permutation O(p?) O(n?) 0

Table 1. Summary of the expected cost per processor of selected ZPL operator s, assuming a p x p
processor grid with a distrib ution of n x n array elements per processor. Communication paradigm
indicates the induced style of data transfer; comm unication comple xity signifies the depth of the
comm unication schedule; comm unication volume indicates the number of elements transferred at
each step in the schedule; flops indicates the number of floating point operations required to perform

the operation.

tree). Full reductionsaresimilar, but requirea final broad-
castto replicatetheresultingscalarvalueacrossall proces-
sors. Sincereductionshave communicationpatternsthat
aresimilar to flooding, we expectthemto scalesimilarly,

but to be more expensve dueto the operationgequiredto

combinearrayvalues.

Gathers and scatters. Gathersand scattersare usedto

expressarbitrarydatamovementandthereforeendto move
larger volumesof datain lessregular communicatiorpat-
terns. They will tendto requiremore communicatiordue
to thefactthatthe sourcetarget,andindexing arraysareall

distributedacrosgheprocessogrid. Performancés further
impactedyy thecachecontentiorresultingfrom thenumber
of arraysin useaswell asthe randomdataaccessequired
for thesourceor destinatiorarray As aresultof all of these
factors,the programmeircanexpectgathersand scattergo

bethemostexpensve operationdescribedn this paper

Other operators. Table 1 summarizeghis analysisof
ZPL operatorsgestimatingtheir expectedcostsasymptoti-
cally in termsof problemandprocessogrid size.ZPL con-
tains additionaloperatorsot describedn this papersuch
aswraps reflects and partial and full scans Although
it could be enlighteningto discusseachof themin turn,
the moreimportantpoint is this: Knowingwhat an oper
ator doesand beingfamiliar with ZPL's data distribution
schemeit is possiblefor a programmerto qualitativelyas-
sessthe communicatiorstyle required by any operator as
well asto roughlyestimatets performancampact. In this
way, the communicatiorin a ZPL programis directly vis-
ible to programmersvithout burdeningthemwith the task
of explicitly specifyingdatatransfer Whatthey seeis what

they get.

5. Experiments

In this sectionwe experimentallydemonstratéheeffec-
tivenesf the ZPL performancemodel. In thefirst exper
iment, we measurehe executiontime of a numberof ZPL
statementandcompardheresultsto ourexpectationgrom
the qualitative analysisof the previous section. In the sec-
ond experiment,we show thatthe source-leel evaluations
of two matrix multiplicationalgorithmscanaccuratelypre-
dict theirrelative performance.

Bothexperimentsvererun onfour differentparallelma-
chines: the IBM SP-2,the Intel Paragon,the SGI Pawer
Challengeandthe Cray T3E. All interprocessocommuni-
cationwas efficiently implementedusingthe communica-
tion librariesof eachmachine:MPI onthePaverChallenge
andtheSP-2 NX ontheParagonandSHMEM ontheT3E.

5.1 Performanceof ZPL operations

Figure8 shawvs the measureaxecutiontimesof several
ZPL operationgerformedon arraysof doubles:arraycopy
([R] A := B), arrayaddition([R] A := A+B), arraytransla-
tion ([R] A := B@south), flooding([R] A := >>[Top] B),
partial reduction([Top] B := +<<[R] A), full reduction
([R] sum := +<< B), and matrix transposeusing scatter
([R] A := >##[J,1] B). Eachgraphshaows the statements'
executiontimes on three processomgrids of varying size.
Eachrow of graphsrepresents particularmachine while
eachcolumnrepresentsa specificproblemsize. The prob-
lem sizeindicateshe numberof elementof R assignedo
ead processarR is scaledin this way to maintainsimilar
cacheeffectsanddatatransfervolumesacrossll processor
gridsfor a platform. Note that statementsvhich scaleper
fectly will have consistentunningtimeswithin agraph.By
comparingbarswithin a graph,acrossa row of graphs,or
alonga columnof graphsonecanevaluatehow ZPL's op-
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Figure 8. Measured performance of ZPL operations. Each graph shows the execution times on three
processor configurations. Each column of graphs represents a per-processor problem size, and
each row represents a machine.

eratorsscalewith the numberof processorsscalewith the copy andarrayadditionstatementshouldrequireno com-

problemsize,andperformacrossarchitectures. municationand thereforescaleperfectly asthe numberof
_ processoricreasesThisis demonstratetb betrueby the
Although numerousobsenations can be made from  consistenexecutiontimesof thefirst two barswithin each

thesegraphs,we list just a few to highlight performance graph.
issuesrelatedto our analysisin the previous section. To
begin with, the WYSIWYG modelindicatesthatthe array Comparingthe array translation(bar 3) with the array
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communication | communication elements
statement complexity volume flops | referenced
[RIA =B 0 0 0 2n?
[RIA :=A+B 0 0 n? 2n?
[R] A := B@south 1 n 0 2n?
[R] A :=>>[Top] B log p n 0 nZ+n
[Top] B := +<<[R] A logp n n?—n| n’+n
[R] sum:=+<< B 2logp 1 n? n?
[R]A =>##[J,1] B p? n? 0 4n?

Table 2. Summary of expected statement costs per processor. The first three columns are as in Ta-
ble 1. Elements referenced gives the number of distinct array references required by each statement.

copy (bar 1), we seethatit tendsto be more expensve as
expected,dueto the requiredcommunication.The differ-
enceis leastsignificantfor thesingleprocessocasesvhere
thereis nocommunicationNotethatfor the SP-2,Paragon,
andPower Challengewhereonly a modestnumberof pro-
cessorsvereavailable,increasingheprocessogrid sizere-
sultsin anincreasedxecutiontimein spiteof the expected
O(1) communicatiocompleity. Thisis dueto thefactthat
eachprocessoin a2 x 2 grid is eithera sourceor a desti-
nationof communicationwhile larger grids requiresome
processorso do both. On the T3E wheremoreprocessors
are available, it can be seenthat the time to performthe
translationlevels off, confirmingthe predictedO(1) com-
municationcompleity. Onall platforms thetime required
to performthe n? assignmenttendsto dominatethe O(n)
communicatiorastheproblemsizegrows,reducingheper
formancegapbetweerthe two typesof assignment.

As predicted,the flood operators performancgbar 4)
becomesslower as the number of processorsncreases.
Looking at how the flood operatorscaleswith the number
of processorsnotethat on the Cray T3E wherelarge pro-
cessosetswereavailable, theflood doesnotlevel off asthe
@ operatordid. This is consistenwith its O(log p) com-
municationcompleity aspredictedn Tablel.

Examiningthe partialandfull reductiongbars5 and6),
we seethat they similarly matchtheir predictedcommu-
nication compleity, becomingmore expensve as the the
numberof processorsncreases.In addition, note that on
smallerproblemsizeswherecommunicatioris lessdomi-
natedby theO(n?) computationthefull reductiondoesnot
scalewith the numberof processoraswell asthe partial
reduction. This is evidenceof the factthatthe full reduce
requiresabroadcasin additionto thereductionoverall the
processorsywhereaghe partial reductionsimply requiresa
reductionover asinglecolumnof processors.

Finally, aspredicted the scattetbasedmatrix transposi-
tion (bar7) consistentlyprovesto be significantlymoreex-
pensvethanthe otheroperatorsgenerallycostinganorder

of magnitudemorethanthe next mostexpensve statement.

Therearea few resultsthatmay seemsurprisingat first
glance. For instance why arethe floodsso muchcheaper
thanotherstatementsn somary configurationsAnd why
dofull reductionsoftenoutperformpartialreductionsvhen
they require more communication? The properresponse
to thesequestionds to notice that our analysisup to this
point hasbeenconcernedvith parallelperformancessues
to theexclusionof thescalarcomponenof the performance
model—inparticular the memoryhierarchy

To rectify this problem, let us considerthe statements
morethoroughly Table2 presentsa summaryof the state-
ments'costs,usingan analysissimilar to Table1. We dis-
pensewith the big-O notationin orderto displayconstants
that may be relevant for this analysis. In addition, we in-
spectheregionsandarraysusedin eachstatemento deter
minethe numberof distinctelementghatit referenceskor
example,the arraycopy statemenaccesseall elementsn
A andB overR andthereforereference@n? elements.

With this more completeanalysis,it becomesappar
ent that the memory hierarchyaccountsfor theseseem-
ing anomalies. For example, the flood is shown to refer
encefewer arrayelementghanall otherstatementgxcept
the reductions(which requireO(n?) additions). Thus, its
modesimemoryrequirementsindlack of floatingpointop-
erationsmost likely accountfor its betterrelative perfor
mance.Memory requirementganalsoexplain the dispar
ity betweerthe partialandfull reductionssincethe full re-
ductioncanaccumulatets valuesinto a scalarratherthan
anarray resultingin greaterocality. Thefactthatthe ob-
senedbehaiors areamplifiedon larger problemsizesand
the Paragon(which hasa smallercache)senesas further
confirmationthatthe memoryhierarchyis responsible.

It is importantto realizethatthe contentsof Table2 can
be generatedsimply by examining the statementsndivid-
ually, reasoningaboutthe type of communicatiorthey re-
quire, and calculatingthe numberof array referencesall
within the contet of the ZPL performancanodel. No fur-
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direction right = [0,1];
below =[1,0];

region R =[1..n,1..n];
var A,B,C:[R] double;

(@) Common declarations for
n x n matrix multiplication

[R] begin
C:=0.0;
fori:=1tondo
C += (>>[1..n,i] A) * (>>[i,1..n] B);
end;
end;

(b) SUMMA matrix multiplication

Figure 9. Two algorithms for n x n matrix multiplication

therinformationis neededo producetheseestimatesand
yet they can accuratelycharacterizeperformance. In the
next sectionwe usethis identicaltechniqueo evaluatema-
trix multiplicationalgorithms.

5.2 Matrix multiplication

Although analyzingthe performanceof individual ZPL
statementss instructive, the real test of the WYSIWYG
performancanodelis in evaluatingwhole algorithms. In
Figure 9, we give two ZPL implementationsfor dense
matrix-matrixmultiplication: SUMMA [17] andCannons
Algorithm [3]. SUMMA is consideredo bethe mostscal-
able of portableparallel matrix multiplication algorithms.
It iteratively floodsa columnof matrix A anda row of ma-
trix B, accumulatindgheir productin C. Cannonsalgorithm
skewsthe A andB matricesasaninitializationstepandthen
iteratively performscyclic shifts of A and B, multiplying
andaccumulatingheminto the C matrix. Theskewing and
cyclic shiftsareachievedusingZPL s wrap operatomwithin
an of region—anotherform of point-to-pointcommunica-
tionin ZPL.

Analyzing thesealgorithmsasymptoticallyrevealsthat
they both performO(n?) computationand O(n) commu-
nications. However, using the WYSIWYG performance
modelaswe did in the previous section,we canperform
amoreprecisesvaluation.

Table3 summarizesheresultsof this analysis.Thefirst
columnshaws thattheinitialization stepof Cannons algo-

[R] begin
/* initialize matrices by skewing */
fori:=2tondo
[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;
/* compute first product and iterate */
C.=AxB;
fori:=2tondo
[right of R] wrap A;
A := A@right;
[below of R] wrap B;
B := B@below;
C += A« B;
end;
end;

(c) Cannon's matrix multiplication
in ZPL and their common declarations.

rithm requirest to performtwice asmary communications
thanthe SUMMA algorithmoverall. Althoughthecommu-
nicationin Cannons$ algorithmis more scalabledueto its
O(1) communicatiorcompleity, it is not obviousthatthis
will besuflicientto make upfor thefactorof two difference
in the numberof communicationsLooking atthe memory
footprint of eachalgorithm, we seethat the implementa-
tion of Cannons algorithmtouchesdar morememorythan
SUMMA. Thisis duenot only to its initialization step,but
alsobecausét accessesvery elementof all threematrices
while performingthe shiftsin its main loop. In contrast,
eachiterationof SUMMA only hasto referencen elements
of the A andB matriceso performthefloods.

Basednthisanalysiswe canhypothesizé¢hatSUMMA
will tendto outperformCannons algorithm,especiallyon
the larger problemsizeswherememoryis expectedto be-
comethebottleneck.

Totestourhypothesisweranbothprogramsnthesame
four machinesfor a variety of problemsizes(onceagain
scalingthe problemto maintaina constantamountof data
per processor). Figure 10 showvs our resultsand verifies
thatSUMMA outperformsCannon$ algorithmin all cases.
Performingthe equivalentexperimentin HPF, Ngo demon-
stratedthatnotonly is it virtually impossibleto predictthe
relative performanceof thesealgorithmsby looking at the
HPFsourceput alsothatneitheralgorithmconsistentlhout-
performsthe otheracrossall compilers[11]. ZPL's WYSI-
WYG performancenodelmakesboth source-lgel evalua-
tion andportableperformancereality.
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number of communication | communication elements
algorithm || communications complexity volume flops referenced
Cannon 4n 1 n 2n% —n? | n- (2%2 + 3n?)
SUMMA 2n logp n 2n3 n - (n? + 2n)

Table 3. Summary of the expected costs of the matrix multiplication algorithms per processor. Num-
ber of comm unications indicates the number of times a comm unication (cyclic shift or flood) is used

by the algorithm. The other comm unication statistics are reported per comm unication.

columns are as in Table 2.

5.3 Summary

In our experimentswe seethatZPL's WYSIWYG per
formancemodelallows usto reasoraboutthe executionof
a programwithout having a specificmachinein mind. It
shouldbe notedthat, asin the sequentiadomain, ZPL's
performancenodeldoesnot yield exactinformationabout
aprogramsrunningtime. Thiswould beimpossible How-
ever, it doesallow programmerso be awareof theimplica-
tionsof theirimplementatiordecisionsy makingthemap-
ping of their codeto a parallelmachineexplicit. As with
sequentialanguagesa programmers intuition may be in-
accuratedueto the compleity of modernmachinesor the
impactof compileroptimizations(e.g., pipeliningcommu-
nication or removing redundantcommunications). How-
ever, we expectthat by revealingthe mappingof ZPL to
parallelmachinesboththroughits performancenodeland
its syntacticcues,the programmemill be betterequipped
to confrontthesechallenges.

6. Conclusionsand futur e work

A languages performancenodel gives programmers
rough understandingf a codes performancefacilitating
the selectionbetweenalternatie implementations. Such
modelsareparticularlycrucialin theparalleldomainwhere
thecostof languagdeaturesmayvary greatlyin magnitude
(e.g., local versusremotememoryaccess).Yet, ZPL is the
first high-level parallelprogrammindanguageo presenta
performancenodelthat allows usersto seethe target ma-
chine throughtheir code. This is doneby cleanly map-
ping the languageto the hardware via the CTA machine
model,andit givesprogrammersheability to reasorabout
acodesrelative performanceMoreover, operatorghatin-
ducecommunicatiorareclearlyvisible in ZPL syntax.We
referto thisasZPL's WYSIWYG performancanodel. We
have givenan explanationof how thelanguageachievesit,
demonstrateiow programmerganuseit, andexperimen-
tally verified that a diversecollectionof parallelmachines
respectt.

All other

In futurework we will beextendingthe ZPL languageo
handlerregularandsparseroblems.Thechallengewill be
to do sowhile preservingZ PLs WYSIWYG properties.
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Figure 10. Performance of SUMMA and Cannon's algorithm for matrix multiplication
graph shows the execution times on three processor configurations.
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