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Abstract. Wavefront computationsare commonin scientific applications.Al-
thoughit is well understoodhow wavefrontsarepipelinedfor parallelexecution,
thequestionremains:How arethey bestpresentedto thecompilerfor theeffec-
tivegenerationof pipelinedcode?Weaddressthisquestionthroughaquantitative
andqualitative studyof threeapproachesto expressingpipelining: programmer
implementedvia messagepassing,compilerdiscoveredvia automaticparalleliza-
tion, andprogrammerdefinedvia explicit parallellanguagefeaturesfor pipelin-
ing.Thiswork is thefirst assessmentof theefficacy of theseapproachesin solving
wavefrontcomputations,andin theprocess,we reveal surprisingcharacteristics
of commercialcompilers.We alsodemonstratethata parallellanguage-level so-
lution simplifiesdevelopmentandconsistentlyperformswell.

1 Introduction

Wavefront computationsare characterizedby a datadependentflow of computation
acrossa dataspace,asin Fig. 1. Wavefrontsarecommon,andthe scientificapplica-
tionsin whichthey appeardemandparallelexecution[9, 14].Althoughthedependences
they containimply serialization,it is well known that wavefront computationsadmit
efficient, parallel implementationvia pipelining [5, 15], i.e., processorsonly partially
computelocal databeforesendingdatato dependentneighbors.The questionof how
wavefrontcomputationsarebestpresentedto thecompilerfor theeffective generation
of pipelinedparallelcoderemainsopen.

In thispaper, weaddressthisquestionin astudyof threeapproachesfor expressing
wavefrontcomputations:programmerimplementedvia messagepassing,compilerdis-
coveredvia automaticparallelization,andprogrammerdefinedvia explicit parallellan-
guagefeaturesfor pipelining.Thegeneralparallelprogrammingimplicationsof these
approachesare well known, but not in the context of wavefront computations.They
areall potentiallyefficient, but eachhasa downside.Messagepassingprogramming
requiresconsiderabletimeto develop,debug,andtune.Thebenefitsof automaticparal-
lelizationareonly realizedwhenaprogramis written in termsthatthecompileris able
to parallelize.And high-level parallellanguagesonly benefitthosewho arewilling to
learnthem.Weassesstheseissuesin thecontext of pipeliningwavefrontcomputations.
�
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do j = 2, m
do i = 2, n

a(i,j) = (a(i,j)+
a(i-1,j))/2.0

enddo
enddo

(a)WF/1D/VERT

do j = 2, m
do i = 2, n

a(i,j) = (a(i,j)+
a(i,j-1))/2.0

enddo
enddo

(b) WF/1D/HOR

do j = 2, m
do i = 2, n

a(i,j) = (a(i,j)+
a(i-1,j)+
a(i,j-1))/3.0

enddo
enddo

(c) WF/2D

do j = 2, m
do i = 2, n

a(i,j) = (a(i,j)+
a(i-1,j))/2.0

enddo
enddo
do j = 2, m

do i = 2, n
a(i,j) = (a(i,j)+

a(i,j-1))/2.0
enddo

enddo

(d) WF/1D/BOTH

Fig. 1. Wavefrontkernelcomputations.

We evaluatethethreeapproachesby developingeachof thefour wavefrontkernels
in Fig.1 ontwo dissimilarparallelmachines(IBM SP-2andCrayT3E).Thekernelsare
representative of a large classof wavefronts(e.g., thosein SWEEP3D,SIMPLE, and
Tomcatv),andthey aresufficiently simplethat they allow usto focuson thefirst order
implicationsof their parallelization.We usetheMessagePassingInterface(MPI) [12]
asan illustration of messagepassing,High PerformanceFortran(HPF) [7]1 of auto-
matic parallelization,and the ZPL parallel programminglanguage[13] of language-
level representation.

This work is thefirst quantitativeandqualitativeassessmentof developingparallel
wavefrontcomputationsby thethreeapproaches.Furthermore,we comparethedevel-
opmentexperienceandperformanceof theseapproachesvia a commonsetof kernels.
Theevidencewe gatherbothconfirmswidely heldbeliefsabouttheserepresentations
andchallengesconventionalwisdom.We find that a language-level representationis
bothsimpleto developandconsistentlyefficient. In addition,ourstudyrevealssurpris-
ing characteristicsof commercialHPFcompilers.

This paperis organizedasfollows. The next sectiondescribesthe representations
thatwe consider. Sect.3 relatesour experiencesparallelizingwavefrontcomputations,
andSect.4 presentsperformancedatafor eachrepresentation.The final sectiongives
conclusions.

1 HPFis notstrictly anautomaticallyparallelizedlanguage,but it lacksintrinsicor annotational
supportfor pipelining,relegatingpipeliningto anautomaticparallelization/optimizationtask.



2 Representations: MPI, HPF, and ZPL

This sectionsummarizesthethreerepresentationswe consider. MPI andHPFarewell
known, sowe only addressZPL in any detail.

Althoughoftenefficient,messagepassing—inthiscaseMPI—programsarelabori-
ousto develop,for theprogrammermustmanageevery detail of parallelimplementa-
tion. This is illustratedby the626 line kernelof theASCI SWEEP3Dbenchmark[1],
only 179 lines of which are fundamentalto the computation.The remaindermanage
thecomplexitiesof implementingpipeliningvia messagepassing.Furthermore,by ob-
scuringthetruelogic of a program,complexity hindersmaintenanceandmodification.
Conceptuallysmallchangesmayresultin substantiallydifferentimplementations.

An HPFprogramis a sequentialFortran77/90programannotatedby theprogram-
merto guidedatadistribution (via DISTRIBUTE) andparallelization(via INDEPEN-
DENT) decisions[7]. TheHPFstandarddoesnot includeannotationsto identify com-
putationsthatmaybepipelined,but Guptaet al. indicatethattheIBM xlHPF compiler
for the IBM SP-2automaticallyrecognizesand optimizesthem [6]. Someforms of
task-level pipeliningaresupportedby HPF2,but no commercialcompilerssupportthe
new standard.Furthermore,a representationof this form would look morelike anMPI
code,thussacrificingthebenefitsof HPF.

ZPL is a data-parallelarrayprogramminglanguage[13].2 It supportsall theusual
scalardatatypes(e.g., integer andfloat), operators(e.g., mathandlogical), and
controlstructures(e.g., if andwhile). As anarraylanguage,it alsooffersarraydata
typesandoperators.ZPL is distinguishedfrom otherarraylanguagesby its useof re-
gions [3]. A region representsan index setandmay precedea statement,specifying
theextentof thearrayreferenceswithin its dynamicscope.For example,thefollowing
Fortran90 (slice-based)andZPL (region-based)arraystatementsareequivalent.

F90: a(n/2:n,n/2:n) = b(n/2:n,n/2:n) + c(n/2:n,n/2:n)
ZPL: [n/2..n,n/2..n] a = b + c;

Whenall arrayreferencesin a statementdo not refer to exactly thesamesetof in-
dices,arrayoperatorsareappliedto individual references,selectingelementsfrom the
operandsaccordingto somefunction of the enclosingregion’s indices.ZPL provides
a numberof array operators(e.g., shifts, reductions,parallel prefix, broadcasts,and
permutations),but this discussionrequiresonly theshift operator, representedby the@
symbol.It shiftstheindicesof theenclosingregionbysomeoffsetvector, calledadirec-
tion, to determinetheindicesof its argumentarraythatareinvolvedin thecomputation.
For example,the following ZPL statementperformsa four point stencilcomputation.
Let thedirectionsnorth,south, west, andeast representtheprogrammerdefined
vectors��� 1� 0 � , � 1� 0 � , � 0�	� 1 � , and � 0� 1 � , respectively.

[1..n,1..n] a := (b@north + b@south + b@west + b@east) / 4.0;

In a scalarlanguage,wavefront computationsare implementedby loop neststhat
containnon-lexically forwardloopcarriedtruedatadependences.Traditionalarraylan-
guagesemanticsdonotallow theprogrammerto expresssuchadependenceatthearray

2 This ZPL summaryis sufficient for this discussion.Detailsappearin theliterature[13,4].



[2..m,2..n] a := (a+a’@north)/2.0;

(a)

[2..m,2..n] a := (a+a’@west)/2.0;

(b)

[2..m,2..n] a := (a+a’@west
+a’@north)/3.0;

(c)

[2..m,2..n] a := (a+a’@north)/2.0;
[2..m,2..n] a := (a+a’@west)/2.0;

(d)

Fig. 2. ZPL wavefrontkernelscorrespondingto thosein Fig. 1.

level,soZPL providestheprimeoperatorfor thispurpose.Primedarrayreferencesrefer
to valueswritten in previous iterationsof the loop nestthat implementsit.3 For exam-
ple, theZPL statementsin Fig. 2 aresemanticallyequivalentto thecorrespondingloop
nestsin Fig 1. The prime operatorpermitsthe array-level representationof arbitrary
loop-carriedflow datadependences,but herewe only describeits usein wavefronts.

ZPL may further be distinguishedfrom otherparallel languagesby its what-you-
see-is-what-you-get(WYSIWYG) performancemodel[2]. The languageshieldspro-
grammersfrom mostof the tediousdetailsof parallel programming,yet the parallel
implicationsof a codeare readily apparentin the sourcetext. Naturally, the prime
operator—indicatingthatpipelinedparallelismis available—supportsthis model[4].

3 Parallelization Experiences: MPI, HPF, and ZPL

In thissectionwedescribeourexperienceswriting andtuningwavefrontcomputations.

3.1 MPI

A messagepassingimplementationof pipelining is conceptuallysimple,but it is sur-
prisingly complex in practice.As an illustration, the WF/2D kernel is 40 lines long,
which is largewhencomparedto thesingleloop nestthatis represents.In addition,its
development,debugging,andperformancetuning consumedthreehours,a long time
for sucha trivial computation.Naturally, with messagepassingevenmoderatecompu-
tationswill beslow to developandlengthy.

Furthermore,despitethe conceptualsimilarity betweenthe four kernels,the four
MPI implementationsdiffer in significantways,suchas locationof communication,
allocationof ghostcells,andindexing. Thestructureof eachcodeis closelytied to the
distributionof dataandthedependencesthatdefinethewavefront,sothereis little code
reusebetweenthe four implementations.In addition,we are facedwith the problem
of finding the besttile size (i.e., the granularityof the pipeline). In order to contain
developmenttime,we forgo a dynamicscheme[10] in favor of directexperimentation
for eachkerneloneachmachine.Naturally, theresultswill notextendto othermachines
anddifferentproblemsizes.

3 This discussionexcludesthemechanismfor enlarging thescopeof theprimedreference.



3.2 HPF

HPFprogrammersneednot manageperprocessordetailsandexplicit communication.
Nevertheless,they direct thecompiler’s parallelizationvia annotations.HPF lacksan-
notationsto identify wavefrontcomputations,sothecompileris solely responsiblefor
recognizingandoptimizingthemfrom their scalarrepresentations[8, 11]. We consider
thePortlandGroup,Inc. PGHPFandIBM xlHPFcompilersseparately, below.

PGHPF. The HPF compiler from PortlandGroup, Inc. (PGHPF)doesnot perform
pipelining.We determinethis by examiningthe intermediatemessagepassingFortran
codeproducedby the-Mftn compilerflag.Theperformancedatawill confirmthis.

PGHPFstrictly obeys the INDEPENDENT annotations,redistributing arraysbe-
fore andafter loop nestsso that all the annotationspecifiedparallelismis exploited.
An implication of this is that parallel loops exploit parallelism—atthe cost of data
redistribution—evenwhentheuserspecifieddatadistributionprecludesparallelism.In
this way PGHPFextractssomeparallelismfrom two of thekernels—aswe will seein
thenext section—but it is not competitivewith apipelinedimplementation.

Another implication of strictly respectingannotationsis that they mustbe placed
very carefully. If an INDEPENDENT annotation is placed on the inner loop in
WF/1D/HOR,thecompilerwill redistributethearrayinsidethej loop,resultingin per-
formancethreeordersof magnitudeworsethanthatof theloop nestin WF/1D/VERT.
The programmermay interchangethe two loops,making the outer loop INDEPEN-
DENT, but theresultingarraytraversalwill havepoorcacheperformance.

While the loop nestsin WF/1D/VERT, HOR, andBOTH canuseredistribution to
exploit parallelism,that in WF/2D cannot, for it containsdependencein bothdimen-
sions.Only pipeliningwill extractparallelismfrom thiscode.Wefoundthatbecausethe
loop containsno INDEPENDENT annotations,every arrayelementreadis potentially
transmittedin theinnerloop. It appearsthatonly thesourceanddestinationprocessors
of eachscalarcommunicationblock while the communicationtakesplace,thusother
processorsarepermittedto computeahead,limited only by datadependences.This re-
alizesa crudeform of fine grainpipeliningwhenarrayshappento be traversedin the
right way. Despitethis, the inner loop communicationprevent this codefrom being
competitivewith a truepipelinedimplementation.

XLHPF. A publishedreport indicatesthat IBM xlHPF performspipelining [6]. The
compilerdoesnotprovideanoptionfor viewing theintermediatemessagepassingcode
andtheparallelizationsummaryexcludesthis information,sowe experimentallycon-
firm thatthecompilerdoesindeedperformpipelining.Specifically, we observethatan
HPFwavefrontcomputationhassinglenodeperformancecomparableto theequivalent
Fortran77 programandthatit achievesspeedupbeyondthis for multipleprocessors.

Unlike PGHPF, xlHPF only exploits parallelismon INDEPENDENT loopsthat it-
erateover a distributeddimension.This fact andthe pipelining optimizationresult in
goodparallelperformancefor all of thekernels.Despitethis,wefind thatthepipelining
optimizationfails on evenmodestlymorecomplex wavefront.For example,loopsthat
iteratefrom high to low indicesor containnon-perfectlynestedloopsarenotpipelined.
Certainly, they couldbe.But thelessonis thatwhenoptimizingarbitrarycode,certain
casesor idiomsmayeasilybeoverlooked.Conversely, a language-levelsolutionmakes
explicit boththesemanticandperformanceimplicationsof a computation.



3.3 ZPL

TheZPL representationsof the kernelsaretrivial to express(Fig. 2). It is apparentto
boththeprogrammerandthecompilerhow parallelismmaybederivedfrom them,and
tuningwasunnecessary.

4 Performance

We gatherperformancedataon two parallelmachines:a 272processorCrayT3E-900
(450MHz DEC Alpha 21164nodes)and192 processorIBM SP-2(160MHz Power2
SuperChipnodes).Weuseanumberof compilersin thisevaluation:ontheT3E,weuse
theCrayCF90Version3.2.0.1andPortlandGroup,Inc.PGHPFv2.4-4;ontheSP-2,we
useIBM xlf Fortranv4.1.0.6,IBM xlHPFv1.4,IBM xlc v3.1.4.0,andPGHPFv2.1.On
bothmachineswe usethe Universityof Washingtonzc v1.15ZPL compiler[16]. All
compilersareusedwith thehighestoptimizationlevel thatguaranteesthepreservation
of semantics.

Westudyfour differentrepresentations:C+MPI,ZPL, xlHPF, PGHPF. TheC+MPI
codeis a well tunedpipelinedmessage-passingprogram.It representsthebestthatcan
beachievedon thesemachinesusingtheC programminglanguage.BecausethexlHPF
compileris only availableon theSP-2,we donot have resultsfor it on theT3E.

For all theexperiments,thea arrayis distributedacrossa dimensionthatgivesrise
to a loopcarrieddependence(e.g., thefirst dimensionin WF/1D/VERT) soasto isolate
the impactof pipelining.Althoughit appearsthatWF/1D/VERT andWF/1D/HORdo
not requirepipelining (i.e., thereexists a distribution that permitscompleteparallel
execution),thesekernelsmayappearin acontext thatrequiresadifferentdistribution.

Wefind thatthesingleprocessorexecutiontimesfor C+MPI andZPL—whichgen-
eratesC code—arecomparableto thatof asequentialC program.Similarly, onasingle
processor, xlHPFandPGHPFmatchsequentialFortran.OntheT3E,sequentialC code
typically executesin twice the time of comparableFortrancodes,while on the SP-2
this ratio varieswith characterof the kernel.SuchdisparitiesbetweenC andFortran
implementationsof thesamecomputationarecommon.In any case,thatsingleproces-
sorexecutiontimesmatchsequentiallanguages(within eachlanguagedomain)indicate
observedscalingbehavior is relative to anefficientbaseline.

All theperformancedatais summarizedby thegraphsin Fig. 3. Thesegraphsde-
pict performance(i.e., inverseexecutiontime),sohigherbarsindicatefasterexecution.
Furthermore,theperformanceis scaledrelative to C+MPI. First, observe that theZPL
performancekeepspacewith thatof C+MPI. This indicatesthatZPL is bothperform-
ing aswell andscalingaswell asthehandcodedprogram.At timestheZPL codeeven
surpassesC+MPI, becauseit performslow level optimizationsfor moreefficient array
access.ConsiderthePGHPFperformance.It is competitiveonasingleprocessorfor the
WF/1D/VERT andWF/1D/BOTH kernels,but it quickly trailsoff asthenumberof pro-
cessorsincreases.This is because,PGHPFredistributesthedatato achieveparallelism,
whichdoesnotscale.TheSP-2exaggeratesthiseffect,becauseits highcommunication
costsoutweighthebenefitsof redistribution.Furthermore,for WF/1D/HORandWF/2D
significantcommunicationappearsin theinnerloop, resultingin abysmalperformance
(thebarsarenot evenvisible!).
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Fig. 3. Performancesummary. Kernel namesare from Fig. 1. Note that all PGHPFbars are
present,but they areverysmallfor WF/1D/HORandWF/2D.

XlHPF is competitive with the C+MPI andZPL, becauseit performspipelining.
Thesingleprocessorbarshighlight disparitiesin local computationperformance.ZPL
performsconsiderablybetterthanany of theothersfor WF/1D/VERT. We hypothesize
that the dependencesin this kernel thwart properarrayaccessoptimizationby the xl
optimizer(usedby both the FortranandC compilers).The ZPL codedoesnot suffer
from this, becauseits compilergeneratesdirectpointerreferencesratherthanusingC
arrays.WhentheC+MPI codeis modifiedin this way, its performancematchesZPL.
Conversely, ZPL is worsefor WF/1D/HOR.Again, we believe this is anoptimization
issue.WhentheZPL codeis modifiedto useC arraysratherthanpointermanipulation,
it matchesHPF. Thesummaryis thatwhenweignorethedifferencesthatarisefrom us-
ing C versusFortran,theC+MPI,xlHPF, andZPL kernelperformancearecomparable.
Nevertheless,asstatedin the previoussection,we founda numberof wavefrontsthat
eventhexlHPF compilerfailedto optimize.

5 Conclusion

We have evaluatedthe experienceandperformanceof expressingwavefront compu-
tationsby threedifferentapproaches:programmerimplementedvia messagepassing,
compilerdiscoveredvia automaticparallelization,andprogrammerdefinedvia explicit
parallel languagefeaturesfor pipelining. Our study revealsthat in developingwave-
fronts, eachapproachcan producean efficient solution, but at a cost. The message
passingcodestookconsiderablylongerto developanddebugthantheotherapproaches.
TheHPFcodesdid notreliablyperformwell. Althoughonecompilerproducedefficient
code,the otherwasthreeordersof magnitudeworse.Even the bettercompiler failed
to pipelinesomevery simplecases.We find that the language-level approachembod-



ied in ZPL simplifies programdevelopmentand resultsin good performancethat is
consistentlyachieved.
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