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Abstract

In thisstudyweperformthefirst cross-languagecomparisonof supportfor parallelmultigrid applica-
tions.ThecandidatelanguagesincludeHigh PerformanceFortran,Co-ArrayFortran,SingleAssignment
C, andZPL. TheNAS MG benchmarkis usedasthebasisfor comparison.Eachlanguageis evaluated
not only in termsof its parallelperformance,but alsofor its ability to expressthe computationclearly
andconcisely. Our findingsdemonstratethat the decisionof whetherto supporta local per-processor
view of computationor a globalview affectsa language’s expressivenessandperformance— thelocal
view approachestendto achieve thebestperformancewhile thosewith a globalview have thebestex-
pressiveness.We find thatZPL representsa compellingtradeoff betweenthesetwo extremes,achieving
performancethatis competitive with a locally-basedapproach,yet usingsyntaxthat is far moreconcise
andexpressive.

1 Introduction

Scientificprogrammersoftenmake useof hierarchical arraysin orderto acceleratelarge-scalemultigrid

computations[4, 3, 11]. Thesearraystypically have a numberof levels, eachof which containsroughly

half asmany elementsperdimensionasthepreviouslevel. Computationsperformedat thecoarsestlevel

provide a roughapproximationto the overall solutionandcanquickly be computeddueto the relatively

small numberof array elements.The coarsesolution can then be refinedat eachof the finer levels in

orderto producea moreprecisesolution.Hierarchicalcomputationsgenerallytake significantlylesstime

thandirectly computinga solutionat thefinestlevel, yet canoftenbedesignedsothattheaccuracy of the

solutionis only minimally affected.Scientificcomputationsthatusehierarchicalarraysincludemultigrid-

styleapplicationssuchasadaptivemeshrefinement(AMR) [19] andthefastmultipolemethod(FMM) [12],

as well as algorithmssuchas the Barnes-Hutalgorithm for � -body simulations[2] and wavelet-based

compression.

Althoughhierarchicalalgorithmsarefastcomparedto directmethodson thefinestgrid, parallelcom-

putationis oftenusedto furtheracceleratehierarchicalcomputations.Until recentyears,parallellanguage

supportfor hierarchicalcomputationwaslacking. In previouswork wehavedescribeddesirableproperties

for parallellanguagesthathopeto supporthierarchicalcomputation[8]. In thispaperwecontinuethatwork
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Language Programmerview Data distribution Communication Platforms

F90+MPI local manual manual most
HPF global undefined invisible most
CAF local manual manual++ CrayT3E1

SAC global defined invisible Linux/Solaris
ZPL global defined visible most

Figure1: A summaryof theparallelcharacteristicsof thelanguagesin thisstudy. Programmerview indicateswhether
theprogrammercodesat thelocalper-processorlevel or ata globallevel. Datadistribution indicateswhetherthedata
distributionis donemanuallyby theprogrammer, is definedby thelanguage,or is undefinedandleft upto thecompiler.
Communicationindicateswhethercommunicationandsynchronizationaredonemanuallyby theprogrammer(“++”
indicatesthat the languageaids the programmersignificantly),or aredoneby the compiler in a mannervisible or
invisible to theprogrammerat thesourcelevel.

by evaluatingthehierarchicalsupportof four modernparallelprogramminglanguages:High Performance

Fortran,Co-ArrayFortran,SingleAssignmentC, andZPL. Thelanguagesarecomparedboth in termsof

theirexpressivenessandtheirparallelperformance.Thoughnottechnicallyalanguage,hand-codedFortran

usingMPI is alsoevaluated,beingthedefactostandardfor mostscientificparallelcomputingtoday. In this

studywe usetheNAS MG benchmarkasthebasisfor comparisondueto its widespreaduseandconcise

expressionof idiomsthatarefundamentalfor hierarchicalscientificprogramming.This paperconstitutes

thefirst cross-languagecomparisonof parallellanguagesupportfor hierarchicalarraycomputation.

Therestof thispaperis laid outasfollows: In thenext section,wegiveanoverview of thelanguagesbe-

ing compared,lookingat theirsupportfor hierarchicalapplicationsandfor parallelcomputationin general.

In Section3 wegiveanintroductionto theNAS MG benchmarkaswell asanevaluationof eachlanguage’s

implementationof it. Section4 containsourexperimentalresultsfor thebenchmarks.In Section5 wegive

anoverview of relatedwork, andin Section6 we conclude.

2 The Languages

In this section,we give a brief introductionto the languagesthat will form the basisof our study: For-

tran+MPI, High PerformanceFortran, Co-Array Fortran, Single AssignmentC, and ZPL. We selected

theselanguagesbasedon thefollowing criteria: (1) eachmustsupportparallelhierarchicalprogramming

in somereasonableform; (2) eachmustbecurrentlyavailable,in use,andsupported;(3) eachmustberead-

ily availableto thepublic. For eachlanguage,we givea brief introductionto its philosophyandapproach,

asampleparallelcomputationwritten in it, andasummaryof thelanguage’ssupportfor hierarchicalcom-

putation. We pay particularattentionto whethereachlanguagesupportsa local view of computation,in

which theprogrammermustmanagedetailsof communicationanddatadistribution, or a global view, in

which thecompilertakescareof thesetasks.Theresultsof this sectionaresummarizedin Figure1.

1In addition,asubsetCAF to OpenMPtranslatoris available.
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2.1 Fortran+MPI

Thoughnot strictly a language,programmingin Fortran90 (or C) using the MessagePassingInterface

(MPI) Library [14] mustbementionedasaviableapproachto hierarchicalprogrammingdueto thefactthat

it remainsthemostprevalentapproachto parallelcomputing.MPI wasdesignedtobeacompletelyportable

message-passinglibrary, supportingvarioustypesof blockingandnon-blockingsendsandreceives.It has

beenwidely supportedacrossdiverseparallelarchitecturesandhasa well-definedinterfacethat forms a

solid foundationonwhichto build parallelapplications.Thechiefdisadvantageto thisapproachis thatthe

programmermustexplicitly manageall thedetailsof theparallelcomputationsincethey arewriting local

codethatwill berun on eachprocessor. In spiteof this, MPI’s availability, stability, andportability have

causedit to enjoy widespreadusedespitethe effort it requiresfrom programmers.Fortran+MPIcanbe

consideredthe“portableassemblylanguage”of parallelcomputing,sinceit providesa portablemeansfor

expressingparallelcomputation,albeitin anoftenpainstaking,low-level, error-pronemanner.

As an exampleF90+MPIcomputation,considerthe following code,designedto assigneachinterior

elementof a1000-elementvectorb with thesumof its neighboringelementsin vectora:

call MPI_COMM_SIZE(MPI_COMM_WORLD, nprocs , ierr )
call MPI_COMM_RANK(MPI_COMM_WORLD, index , ierr )
vals_per_proc = (1000/ nprocs )+2
...
real a(vals_per_proc ), b(vals_per_proc )
...
if (index < nprocs -1) then

call MPI_SEND(a(vals_per_proc -1), 1, MPI_REAL, index +1, 1,
> MPI_COMM_WORLD, ierr )
end
if (index > 0) then

call MPI_SEND(a(2), 1, MPI_REAL, index -1, 2,
> MPI_COMM_WORLD, ierr )
end
if (index < nprocs -1) then

call MPI_RECV(a(1), 1, MPI_REAL, index +1, 1,
> MPI_COMM_WORLD, ierr )
end
if (index > 0) then

call MPI_RECV(a(vals_per_proc ), 1, MPI_REAL, index -1, 2,
> MPI_COMM_WORLD, ierr )
end
b(2: vals_per_proc -1) = a(1: vals_per_proc -2) + a(3:vals_per_proc )

Thiscodebeginsby queryingMPI to determinethenumberof processorsbeingusedandtheuniqueindex

of this instantiationof theprogram.It thencomputesthenumberof valuesthatshouldbestoredon each

processor, addingtwo additionalelementsto storeboundaryvaluesfrom neighboringprocessors.Next

it declarestwo vectorsof floating point values,eachwith the appropriatenumberof valuesfor a single

processor. Thenext four conditionalsperformtheappropriateMPI callsto makeeachprocessorexchange
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boundaryvalueswith its neighbors.Finally thecomputationitself canbeperformedasa completelylocal

operation.Note that this codeassumesthatnprocs will divide 1000evenly andfails to checktheMPI

callsfor errorcodes.Takingcareof theseproblemswould resultin a larger, evenmoregeneralcode.

Theobservationthatshouldbemadeis that this simpleparallelcomputationis brimmingwith details

thathandledatadistribution,boundarycases,andtheMPI interfaceitself. Managingthesedetailscorrectly

in a largerprogramis a hugedistractionfor scientificprogrammerswho areinterestedin developingand

expressingtheir science(assumingthat they have theexpertiseto write a correctMPI programin thefirst

place). This is the primary motivation for developinghigher-level approachesto parallel programming

suchasthelanguagesin thefollowing sections.

2.2 High Performance Fortran

High PerformanceFortran(HPF) [16] is an extensionto Fortran90 which wasdevelopedby the High-

PerformanceFortranForum,a coalitionof academicandindustrialexperts.HPF’s approachis to support

parallelcomputationthroughtheuseof programmer-insertedcompilerdirectives. Thesedirectivesallow

usersto give hints for array distribution and alignment,loop scheduling,and other details relevant to

parallelcomputation.Thehopeis thatwith a minimal amountof effort, programmerscanmodify existing

Fortran codesby insertingdirectives that would allow HPF compilersto generatean efficient parallel

implementationof theprogram.HPFsupportsaglobalview of computationin thesourcecode,managing

parallel implementationdetailssuchasarraydistribution andinterprocessorcommunicationin a manner

thatis invisible to theuserwithout theuseof compilerfeedbackor analysistools.

As asampleparallelHPFcomputation,considerthesameexamplefrom abovewritten in HPF:

REAL a(1000), b(1000)
! HPF$ DISTRIBUTE a( BLOCK)
! HPF$ ALIGN b(:) WITH a(:)

...
b(2:999) = a(1:998) + a(3:1000)

This codestartsby declaringthe two vectorsof floating point values. It thensuggeststhat vectora be

distributedacrossthe processorset in a blocked fashionand that vectorb be alignedwith a suchthat

identical indicesare allocatedon the sameprocessor. The computationitself is then specifiedusing a

traditionalFortran90 statement.Thecompileris responsiblefor takingcareof thedetailsof distributing

a and b as well as the interprocessorcommunicationrequiredto exchangeelementsof a at processor

boundaries.Althoughthis servesasavery conciserepresentationof our parallelcomputation,theprimary

disadvantageis thattheHPFspecificationmakesnoguaranteesasto how ourdirectiveswill beinterpreted

andimplemented.Although this exampleis simpleenoughthatwe canbe reasonablyconfidentthatour

intentionswill becarriedout,morecomplicatedprogramscansuffer significantperformancedegradations

from onecompileror architectureto thenext asa resultof their differing implementationchoices[20].

HPF hasno specificsupportfor hierarchicalprogrammingapart from the array languageconcepts
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supportedby Fortran90. Oneconsequenceof this is that in orderto specifya hierarchicalarrayin a way

thatonemay iterateover the levels,an arrayof pointersto dynamicallyallocatedarraysmustbeusedin

orderto allocatethedifferentnumberof elementsperlevel. Althoughthis is possiblein Fortran90,it is not

alwayssupportedby currentHPFcompilers,forcing usersto resortto allocatinga 4D arrayin which each

level hasa numberof elementsequalto thatof thefinestlevel [15] — anextremelywastefulapproachat

best.

2.3 Co-Array Fortran

Developedat Cray Research,Co-Array Fortran(CAF) [21] is anotherextensionto Fortran90 designed

for parallelcomputing. However, unlike HPF, CAF requiresusersto programat the local view, writing

codethat will executeon eachprocessor. To expresscooperative parallelcomputation,CAF introduces

thenotionof a co-array. This is simply a variablewith a specialarraydimensionin which eachelement

correspondsto asingleprocessor’scopy of thatvariable.Thus,indexingavariablein itsco-arraydimension

specifiesareferenceto dataonaremoteprocessor. Thisservesasaconciserepresentationof interprocessor

communicationwhich is simple andelegant, yet extremely powerful. CAF also providesa numberof

synchronizationoperationswhich areusedto keepa consistentglobalview of theproblem.As with HPF,

thereis somehopethatanexistingsequentialFortrancodecanbeconvertedinto a parallelCAF codewith

a minimalamountof work.

Oursimpleexamplecomputationwould appearin CAF asfollows:

nprocs = num_images ()
index = this_image ()
vals_per_proc = (1000/ nprocs )+2
...
real :: a( vals_per_proc )[nprocs ], b(vals_per_proc )[nprocs ]
...
call sync_all
if ( index > 1) then

a(1) = a(vals_per_proc -1)[ index-1]
end
if ( index < nprocs ) then

a( vals_per_proc ) = a(2)[index +1]
end
b(2: vals_per_proc -1) = a(1:vals_per_proc -2) + a(3:vals_per_proc )

This codeis similar to our Fortran+MPIcodedueto thefact thatbotharelocal views of thecomputation.

It beginsby queryingthenumberof availableprocessors,queryingtheuniqueindex of this instantiation,

andthencomputingthe numberof valuesthat shouldbe storedon eachprocessor. Next it declarestwo

co-arrayvectors,a andb, eachof whichhastheappropriatenumberof valuesoneveryprocessor. Next we

performa sync all which servesasa barrierto make surethat the following communicationstepsdo

not begin until everyonehasfinishedupdatinga (cheapersynchronizationmight alsobeused,but is less

concisefor an examplesuchasthis). The following two conditionalscauseeachprocessorto updateits
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boundaryvalueswith theappropriatevaluesfrom its neighboringprocessors.Note thatunlike F90+MPI,

thiscommunicationis one-sided,beinginitiatedonly by theremotedatareference.Finally thecomputation

itself canbeperformedasa completelylocaloperation.

While CAF’s local view hasthe disadvantageof forcing the userto specifydatatransfermanually,

thesyntaxis conciseandclear, saving muchof theheadacheassociatedwith MPI. Furthermore,co-array

referenceswithin thecodeserve asvisual indicatorsof wherecommunicationis required.Notethat,asin

theF90+MPIexample,this codeassumesthatnprocs dividestheglobalproblemsizeevenly. If this was

not thecase,thecodewould haveto bewritten in a moregeneralstyle.

As with HPF, CAF doesnot have any specificsupportfor hierarchicalprogramming.However, since

the programmerhasmuchfiner control over the low-level programmingdetailsandreliesmuchlesson

the compiler to supportdataallocationanddistribution, it is possiblefor the programmerto createand

manipulateparallelhierarchicalarraysmanually. They simply musttakecareof managingall thedetails.

2.4 Single Assignment C

SingleAssignmentC (SAC) is a functionalvariationof ANSI C developedat theUniversityof Kiel [24].

Its extensionsto C provide multidimensionalarrays,APL-like operatorsfor dynamicallyqueryingarray

properties,forall-stylestatementsthatconciselyexpresswhole-arrayoperations,andfunctionalsemantics.

The SAC compilerbenefitsfrom the reduceddatadependencesinherentin its functionalsemanticsand

aggressively performsinlining andloop unrolling to minimizethenumberof temporaryarraysthatwould

berequiredby anaiveimplementation.SAC programssupportaglobalview of arraycomputationandtend

to beconciseandcleanalgorithmicspecifications.SAC currentlyrunsonly on shared-memorymachines,

soissuessuchasarraydistributionandinterprocessorcommunicationareinvisible to theprogrammerand

somewhatlessof anissuethantheotherlanguagesdiscussedhere.

Oursamplecomputationwould take thefollowing form in SAC:

a = with ([0] <= x <= [999])
genarray([1000], ( float)(...));

b = with ([1] <= x <= [998])
modarray(a, x, a[x -[1]] + a[x+[1]]);

The first statementgeneratesa new arrayof floating point valueswith indices0–999whosevaluesare

initializedby anarbitraryscalarexpression(omittedhere).Thisnew arrayof valuesis assignedto a using

a with-loop that iteratesover indices0–999. Note that declarationsareautomaticin SAC — a’s size is

inferredfrom the with loop while its type is inferredfrom the expressionusedin genarray. The second

statementcreatesa modifiedversionof vectora in which eachelementin the range1–998is replaced

by thesumof its neighboringvalues.This is againachievedusinga with-loop, assigningtheresultto b.

The SAC compilerutilizes a numberof worker threads(specifiedby the useron the commandline) to

implementeachof thesewith loops,resultingin parallelexecution.

WhileSACdoesnotsupporthierarchicalarraysasaprimitivetype,its functionalnaturemakesit natural
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to expressmultigrid codesby writing thesolver recursively anddeclaringeachlevel of thehierarchyasa

local arrayin the recursion,whereeachdimensionis half asbig asthoseof the incomingarrays.While

this approachis natural for multigrid solvers like the NAS MG benchmark,it shouldbe notedthat it

is insufficient for techniqueslike Adaptive MeshRefinement(AMR) in which the coarseapproximation

gridsmayneedto bepreservedfrom oneiterationto thenext.

2.5 ZPL

ZPL is a parallelprogramminglanguagedevelopedat theUniversityof Washington[5]. It wasdesigned

from first principlesratherthanasanextensionor modificationto anexisting languageundertheassump-

tion that it is dangerousto assumethat applicationsand operationsdesignedfor sequentialcomputing

caneffortlesslybe transformedinto an efficient parallel form. ZPL’s fundamentalconceptis the region,

a user-definedindex setthat is usedto declareparallelarraysandto specifyconcurrentexecutionof ar-

ray operations.ZPL providesa global view of computation,yet hasa syntactically-basedperformance

modelthat indicateswhereinterprocessorcommunicationis requiredandthetypeof communicationthat

is needed[6].

In ZPL, oursamplecomputationwouldbeexpressedasfollows:

region R = [1..1000];
Int = [2..999];

var A,B:[R ] float;
...
[Int ] B := A@[-1] + A@[1];

The first two lines declarea pair of regions,R, which forms the baseproblemsizeof 1000indices,and

Int which describesthe interior indices. In thenext line, R is usedto declaretwo 1000-elementvectors

of floatingpoint values,A andB. Thefinal statementis prefixedby region Int , indicatingthat thearray

assignmentandadditionshouldbe performedover the indices2–999. The @ operator is usedto shift

the two referencesto A by –1 and1 respectively, therebyreferringto neighboringvalues. ZPL’s perfor-

mancemodeltells theuserthat theseusesof the@ operatorwill requirepoint-to-pointcommunicationto

implement,yet thecompilermanagesall of thedetailson theuser’sbehalf.

ZPL providesdirect supportfor hierarchicalprogrammingin the form of multi-regions. Theseare

regionswhosedefiningcharacteristicscanbeparameterizedyielding a seriesof similar index sets.Thus,

to declarea hierarchicalarray, onecould parameterizethe definingregion’s strideanduseit to definea

multiarrayasfollows:

region MR{0.. num_levels } = [1..1000] by [2ˆ{}];
var A{}:[MR {}] float;

Thefirst line is atraditionalregiondeclarationthatis modifiedto takeaparameterrange(0–num levels )

andto bestridedasafunctionof thisparameter, referencedvia theemptybraces.This resultsin aseriesof

index sets,eachof which is stridedby twice thatof theprevious.Thesecondline createsaseriesof arrays
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Class ProblemSize Iterations

A � � � � 4
B � � � � 20
C � � � � 20

Figure2: Characteristicsof thethreeproductiongradeclassesof theMG benchmark.ProblemSizetells thesizeof
thefinestgradein thehierarchy. Iterationsindicatesthenumberof timesthatthehierarchyis iteratedover.

over theseindex setssuchthateachwill containhalf thedataof theprevious. Notethat this “pyramid” of

regionscouldalsobedeclaredsuchthateachwasdensebut half asbig asthepreviousasfollows:

region MR{0.. num_levels } = [1..(1000/2ˆ{})];

Thoughthis is legal andcreatesindex setswith thesamenumbersof elements,ZPL’s performancemodel

indicatesthatthefirst approachwill resultin acomputationwith significantlylesscommunicationoverhead

andbetterloadbalancing.For moredetailson multiregionsandmultiarrays,referto [8, 26].

3 The NAS MG Benchmark

3.1 Overview

Version2 of theNAS ParallelBenchmark(NPB)suitewasdesignedto evaluatetheperformanceof parallel

computersusingportableF90+MPI implementationsof the version1 benchmarks[1]. Eachbenchmark

containsacomputationthatrepresentsthekernelof a realisticscientificcomputation.TheMG benchmark

usesa multigrid computationto obtainanapproximatesolutionto a scalarPoissonproblemon a discrete

3D grid with periodicboundaryconditions.Dueto thewidespreaddistributionof theNPBsuite,wechose

this benchmarkasanidealcandidatefor comparingthehierarchicalsupportof modernparallellanguages.

MG hasfive main operationsandoneconstraintwhich posechallengesto parallel implementation.

Four of theoperationsarestencilcomputationsin which a 27-pointstencilis usedto computevaluesat an

arbitrarylevel of thegrid. Two of thesestencils— residandpsinv — operateat a singlelevel of thegrid.

Theothertwo — interpandrprj3 — interpolatefrom acoarsegrid to afinegrid andrestrictfrom afinegrid

to a coarsegrid, respectively. In a parallel implementation,eachof thesestencilsrequirespoint-to-point

communicationto updateaprocessor’sboundaryvalues.Notethatthiscommunicationmaynotbenearest-

neighboratcoarselevelsof thehierarchy. Thefifth operationis norm2u3whichcomputesapproximateL2

anduniform normsfor the finest grid. In a parallel implementation,this requiresa reductionover the

processorset. In addition,an implementationof MG mustmaintainperiodicboundaryconditions,which

requiresadditionalpoint-to-pointcommunications.

Therearefive classesof MG, eachof which is characterizedby the numberof elementsin the finest

grid andthenumberof iterationsto beperformed.Threeof theclasses— A, B, andC — areproduction

gradeproblemsizesandtheir definingparametersaresummarizedin Figure2. Theothertwo classes— S
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# Processors Problemsize Data
Language Author Known? known? Distribution

F90+MPI NAS yes2 yes 3D blocked
HPF NAS no yes 1D blocked
CAF CAF group yes2 yes 3D blocked
SAC SAC group no3 yes4 1D blocked
ZPL ZPL group no no 2D blocked

Figure3: Summaryof the implementationsof MG usedin this study. Author indicatestheorigin of thecode. The
next two columnsindicatewhetherthenumberof processorsandproblemsizearestaticallyknown to the compiler.
Datadistribution indicatestheway in whicharraysaredistributedacrossprocessors.

andW — aredesignedfor developinganddebuggingMG, andthereforearenot consideredin thisstudy.

3.2 MG Implementations

In the spirit of NPB version2’s decisionto measureportability ratherthan algorithmic cleverness,we

attemptedto useversionsof theMG benchmarkwhich areastrue to theoriginal NAS implementationas

thesourcelanguageandcompilerswouldallow. Thus,thebenchmarks’datalayout,proceduralbreakdown,

and operationsare as close to the NAS Fortran+MPI implementationas possible. We summarizethe

differencesbetweeneachimplementationandthe original NAS codebelow. Within this constraint,we

soughtto useversionsof thebenchmarkthatmadereasonableuseof eachlanguage’s featuresso thatour

inexperiencewith a languagewouldn’t factorinto theexperiments.For all the languagesotherthanHPF,

thebenchmarkswerewrittenby membersof thelanguage’sdesign/implementationteam.TheHPFversion

waswrittenby membersof NAS who expendedconsiderableeffort to make it asefficientaspossible[15].

F90+MPI TheF90+MPIcodethatwe usedwastheNAS implementation,version2.3. It servedasthe

baselinefor this study.

HPF TheHPFimplementationwasobtainedfrom NASA Ames[15] andstemsfrom a projectto imple-

menttheNAS benchmarksin HPF. This implementationwasidentifiedby PGIasthebestknown publicly-

availableimplementationof MG for theircompiler(whichservesasourexperimentalHPFcompiler)[27].

It follows theF90+MPIimplementationof MG very closely, makinga few changesthatallow thecodeto

bemoreamenableto HPF’s semanticsandanalysis.Unfortunately, the authorshadto make somerather

drasticconcessionsin order to implementit in a mannerthat wasconciseand independentof problem

size. Chief amongthesewasthe fact that they hadto allocatearraysof the finestgrid at every level in

thehierarchy— a tremendouswasteof memorythatwill alsohave consequenceson spatiallocality. This

2Additionally, thenumberof processorsmustbea power of two.
3Althoughthemaximumnumberof threadsmustbespecifiedon thecompile-timecommandline.
4Thoughtheproblemsizemaybespecifieddynamically, thecodeis written suchthatonly a few problemsizesarepossible.
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requiredtheuseof theHOME directive in orderto align thearraysin a mannerthatwould obtainthede-

sireddistributionandloadbalancing.Otherthanthis issue,whichis fundamentalto achieving areasonable

implementationof MG, theimplementationis extremelytrueto NAS MG.

CAF TheCAF implementationwaswrittenusingtheF90+MPIimplementationasastartingpoint. Since

bothof theselanguagesusea localper-processorview andFortranastheirbaselanguage,theimplementa-

tion simply involvedremoving theMPI callsandreplacingthemwith theequivalentco-arraysyntax.Thus,

thoughsolutionsmore tailoredto CAF could be imagined,this implementationis extremely true to the

NAS version.

SAC The SAC implementationwaspartof the SAC distribution [23] andforms themostdrasticvaria-

tion from the NAS implementation.This is primarily dueto the fact that SAC’s supportfor hierarchical

programmingis mosteasilyandefficiently expressedusinga recursiveapproachin which thecoarsegrids

arelocal arrayvariableswithin therecursive functions.In contrast,theNAS implementationusesaniter-

ative approachin which thehierarchicalarraysareallocatedonceat theoutsetof programexecutionand

reusedthereafter. In spiteof this difference,we usedtheofficial SAC implementationof MG ratherthan

implementinganiterativesolutionfor fearthata changein paradigmmaynot bein thespirit of SAC or in

its bestinterestsperformance-wise.

ZPL TheZPL implementationof MG waswrittenby mimickingtheNAS implementationascarefullyas

possible.Thehierarchicalarrays,functionalbreakdown, andcomputationsall follow theoriginal scheme.

The main sourceof differenceis that the Fortran implementationoptimizesthe stencilcomputationsby

precomputingcommonsubexpressionsandstoringthemfor re-useby anadjacentstencil.Thisusesaneg-

ligible amountof memoryto storetheprecomputedvalues,but resultsin far fewerfloatingpointadditions.

Thisoptimizationis noteasilyhand-codedin ZPL withoutwastingmemory, andthereforethemoredirect,

but redundantmeansof expressingthestencilswasused.

The table in Figure3 summarizesthe versionsof the benchmarkthat we usedfor our experiments.

Includedin this tableis informationaboutwhetherthebenchmarkfixestheproblemsizeand/ornumberof

processorsat compile-timeor whetherthey maybesetat runtime. Specifyingeitherpieceof information

at compile-timegivesthe compiler the ability to generatecodethat may be morehighly optimized. For

example,a codethatknows both theproblemsizeandnumberof processorsstaticallycanallocatestatic

arraysandgenerateloopswith fixed bounds. In contrast,if eitherof thesefactorsareunknown, arrays

mustbedynamicallyallocatedandloop boundswill remainunknown. Note that thesearecharacteristics

of theimplementationsthemselvesandthateachlanguagecouldsupportaversionof MG in whichneither

parameterwasknown at compile-time. Note that the ZPL benchmarkis the mostgeneral,with neither

parametersuppliedto thecompiler. Thetablealsogivesthedatadistributionusedby eachimplementation.
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MG Line Counts
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Figure4: An indicationof thenumberof usefullinesof codein eachimplementationof MG. Communicationindicates
the numberof lines devoted to communicationand synchronization. Declarations indicatescodeusedto declare
functions,variables,andconstants.Computationindicatesthenumberof linesusedto expressthecomputationitself.

For F90+MPI,CAF, andHPF, thiswaschosenby theimplementors,whereasSAC andZPL arebothlimited

by their compilerimplementations.

3.3 Evaluation of Expressiveness

To evaluatetheexpressivenessof eachcode,we performedbothquantitative andqualitative analysis.For

the quantitative stage,eachbenchmarkhadits linesof codeclassifiedasbeingoneof four types: decla-

rations, communication, non-essentials, andcomputation. Declarationsincludeall linesof codethat are

usedfor thedeclarationsof functions,variables,constants,andotheridentifiers.Communicationlinesare

thosethatareusedfor synchronizationor to transferdatabetweenprocessors.Coderelatedto comments,

initialization,performingtimings,andgeneratingoutputareconsiderednon-essential.Theremaininglines

of codeform thetimed,computationalkernelof thebenchmarkandareconsideredcomputation.

Figure4 givesasummaryof thisclassification,showing all non-essentialcodeandhow it breaksdown

into ourcategories.Thefirst observationthatshouldbemadeis thatcommunicationis responsiblefor over

half the linesof codein F90+MPIandCAF wheretheusermustcodeusinga local view. This putstheir

line countsat 5 to 6 timesthatof SAC or ZPL. Inspectionof this coderevealsthat it is not only lengthy,

but alsoquite intricatein orderto handletheexceptionalcasesthatarerequiredto maintaina processor’s

local boundaryvaluesin threedimensions.The differencein lines of communicationbetweenCAF and

F90+MPIaredueto MPI’ssupportof higher-level communicationcallsfor broadcasts,reductions,etc. In

theCAF version,suchoperationswereencapsulatedasfunctions,addingseverallinesto its communication
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subroutine rprj3( r,m1k,m2k,m3k ,s,m1j,m2j ,m3j,k )
implicit none
include ’mpinpb.h’
include ’globals.h ’

integer m1k, m2k, m3k, m1j, m2j , m3j,k
double precision r (m1k,m2k,m3k ), s(m1j, m2j,m3j)
integer j3, j2, j1 , i3, i2, i1 , d1, d2, d3, j
double precision x1(m), y1(m), x2,y2

if(m1k. eq.3) then
d1 = 2

else
d1 = 1

endif

C TWOCONDITIONALS OF SIMILAR FORMDELETED TO SAVE SPACE

do j3=2, m3j-1
i3 = 2*j3-d3
do j2=2,m2j-1

i2 = 2*j2-d2

do j1=2,m1j
i1 = 2*j1- d1
x1(i1-1) = r(i1-1,i2-1, i3 ) + r(i1-1,i2+1, i3 )

> + r(i1-1,i2, i3-1) + r(i1-1,i2, i3+1)
y1(i1-1) = r(i1-1,i2-1, i3-1) + r(i1-1,i2-1, i3+1)

> + r(i1-1,i2+1, i3-1) + r(i1-1,i2+1, i3+1)
enddo

do j1=2,m1j -1
i1 = 2*j1- d1
y2 = r(i1, i2-1,i3-1) + r(i1, i2-1,i3+1)

> + r(i1, i2+1,i3-1) + r(i1, i2+1,i3+1)
x2 = r(i1, i2-1,i3 ) + r(i1, i2+1,i3 )

> + r(i1, i2, i3-1) + r(i1, i2, i3+1)
s(j1,j2,j3 ) =

> 0.5D0 * r(i1,i2 ,i3)
> + 0.25 D0 * ( r(i1 -1,i2,i3) + r(i1+1,i2 ,i3) + x2)
> + 0.125 D0 * ( x1( i1-1) + x1(i1+1) + y2)
> + 0.0625 D0 * ( y1(i1-1) + y1(i1+1) )

enddo

enddo
enddo

j = k-1
call comm3(s,m1j,m2j ,m3j,j)

return
end

(a) F90+MPI/CAF version

#define P gen_weights ( [ 1d/2d , 1d/4d , 1d/8 d , 1d/16d ])

inline double[] gen_weights ( double[] wp)
{

res = with( . <= iv <= . ) {
off = with( 0* shape(iv) <= ix < shape (iv)) {

if( iv [ix] != 1)
dist = 1;

else
dist = 0;

} fold( +, dist);
} genarray( SHP, wp[[off]]);

return( res );
}

inline double weighted_sum ( double[] u, int[] x, double[] w)
{

res = with( 0*shape(w) <= dx < shape (w) )
fold( +, u[x+dx-1] * w[dx]);

return(res);
}

double[] fine2coarse ( double[] r)
{

rn = with( 0*shape(r)+1 <= x<= shape (r) / 2 -1)
genarray( shape(r ) / 2 + 1, weighted_sum ( r, 2*x, P));

rn = setup_periodic_border (rn);
return(rn);

}

(c) SAC version

extrinsic (HPF) subroutine rprj3(XXXXXXXXXXXXXXXX
> XXXXXXXXXXXXXX

XXXXXXXXXXXX

XXXXXXXXXXXXXXXXXX
XXXXXXXXXXXXXXXX
XXXXXXXXXX XXX XXX XXX XXX XXX XXX XXX XXX X
XXXXXX XXXXXXXXXXXXXXX XXXXXX XXXXX
XXXXXX XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX

> XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX
> XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX
> XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX

!hpf$ XXXXX XXXXXXXXXXXXXXXXXX XXXXXXXXXXXXXXXXX
!hpf$ XXXXX XXXXXXXXXXXXXXXXXX XXXXXXXXXXXXXXXXXXX
!hpf$ XXXXX XXXXXXXXXXXXXXXXXX XXXXXXXXXXXXXXXXXXX
!hpf$ XXXXX XXXXXXXXXXXXXXXXXX XXXXXXXXXXXXXXXXXXXXX
!hpf$ XXXXX XXXXXXXXXXXXXXXXXX XXXXXXXXXXXXXXXXXXX
!hpf$ XXXXX XXXXXXXXXXXXXXXXXX XXXXXXXXXXXXXXXXXXXXX
!hpf$ XXXXX XXXXXXXXXXXXXXXXXX XXXXXXXXXXXXXXXXXXXXX
!hpf$ XXXXX XXXXXXXXXXXXXXXXXX XXXXXXXXXXXXXXXXXXXXXXX

XXXXXXXXXXXXXXXX
XX X X

XXXX
XX X X

XXXXX
C TWOBLOCKSLIKE THE ABOVE DELETED TO SAVE SPACE

!hpf$ XXXXXXXXXXXXXX XXXXXXXXXXXXXXXXXXXX
XX XXXXXXXXXX

!hpf$ XXXXXXXXXXX
XX XXXXXXXXXX

XX XXXXXXXXXX
XXXXXXXXXXXXXXX XXXXXXXXXXXXXXXXX

> X XXXXXXXXXXXXXXXXXXX
> X XXXXXXXXXXXXXXXXXXX
> X XXXXXXXXXXXXXXXXXXXXX

XXX XX
XXX XX

XXX XX

!hpf$ XXXXXXXXXXXXXX XXXXXXXXXXXXXXXXXXXX
XX XXXXXXXXXX

!hpf$ XXXXXXXXXXX
XX XXXXXXXXXX

XX XXXXXXXXXX
XXXXXXXXXXXXXXX XXXXXXXXXXXXXXXXXXX

> X XXXXXXXXXXXXXXXXXXXXX
XXX XX

XXX XX
XXX XX

C 2 BLOCKSLIKE THE ABOVE DELETED TO SAVE SPACE

!hpf$ XXXXXXXXXXXXXX XXXXXXXXXXXXXXXXXXXX
XX XXXXXXXXXX

!hpf$ XXXXXXXXXXX
XX XXXXXXXXXX

XX XXXXXXXXXX
XXXXXXXXXXXXXXX XXXXXXXXXXXXXXXXXXXXX

XXX XX
XXX XX

XXX XX

C 3 BLOCKSLIKE THE ABOVE DELETED TO SAVE SPACE

C DELETED 23 ADDITIONAL LINES HERE TO SAVE SPACE

return
end

(b) HPF version

procedure rprj3( var S,R: [,,] double; lvl :integer);
begin

S := 0.5000 * R
+ 0.2500 * (R@dir100 {} + R@dir010 {} + R@dir001{}

+ R@dirN00{} + R@dir0N0{} + R@dir00N{})
+ 0.1250 * (R@dir110 {} + R@dir1N0{} + R@dirN10{} + R@dirNN0{}

+ R@dir101 {} + R@dir10N{} + R@dirN01{} + R@dirN0N{}
+ R@dir011 {} + R@dir01N{} + R@dir0N1{} + R@dir0NN{})

+ 0.0625 * (R@dir111 {} + R@dir11N{} + R@dir1N1{} + R@dir1NN{}
+ R@dirN11{} + R@dirN1N{} + R@dirNN1{} + R@dirNNN{});

wrap_boundary (S,lvl );
end;

(d) ZPL version

Figure 5: The rprj3 operationsfrom eachbenchmark,excluding communicationfor the F90+MPI/CAF version.
Note that the HPF implementationis editeddown for sizeandblocked out for the time beingdueto an outstanding
nondisclosureagreement.
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Machine Location Processors Speed Memory MemoryModel

CrayT3E ARSC 256 450MHz 65.5GB Dist. Glob. AddressSpace
SunEnterprise5500 UT Austin 14 400MHz 2 GB SharedMem. Multiproc.

Figure 6: A summaryof the machinesusedin theseexperiments. Location indicatesthe institution that donated
thecomputertime. Processors indicatesthe total numberof usableprocessorsto a singleuser. Speedtells theclock
speedof theprocessors.Memorygivesthetotalamountof memoryavailableacrossall processorsandMemoryModel
indicatesjust that.

anddeclarationcounts.

The next thing to noteis that the declarationsin all of the languagesarereasonablysimilar with the

exceptionof SAC which hasthe fewest. This is dueto SAC’s implicit variabledeclarations,describedin

the previous section. Thus,SAC’s declarationcount is limited to simply thoselines requiredto declare

functionsor theprogramasawhole.

In termsof computation,oneobservesthat theFortran-basedlanguageshave 2 to 3 timesthenumber

of linesastheSAC andZPL benchmarks.Thiscanbelargelyattributedto thefactthatmuchof thestencil-

basedcodewaswritten usingFortran77 loopsandindexing ratherthanFortran90’s moreconciseslice

notation.This wasdoneby theNAS implementorsdueto performanceissuesin Fortrancompilerswhich

madea Fortran90 solutioninfeasible[1]. It is expectedthat conversionof thesestatementsto an array-

basedsyntaxwould bring thecomputationportionof the linecountcloserto thatof SAC andZPL, which

benefitfrom usingwhole-arraystatementsastheir basicunit of operation.HPF’s computationlinecount

is higherthanthoseof its counterpartsdueto thedirectivesrequiredto achieve thedesiredloadbalancing

andparallelism.

However, linecountsalonedo notmakeor breaka language,sowe spenta fair amountof time looking

throughthecodesto seehow cleanlythey expressedtheMG computation.As a representative example,

Figure5 lists theroutinesthatimplementtherprj3 operationin eachbenchmark.As canbeseen,CAF and

ZPL requirethefewestnumberof lines,dueprimarily to their supportof whole-arrayoperations,a global

view of computation,andthe lack of directivesrequiredby HPF. In contrast,theFortran-basedcodesare

complicatedby looping structuresand local boundcomputations.Thoughomittedherefor brevity, the

communicationroutinescalledby the CAF andF90+MPI codesaresimilarly complex. It is safeto say

that the goal of codereusesoughtby HPF andCAF arenot met in this benchmark— obtaininga good

parallelimplementationwould requirequiteabit of work on theprogrammer’spartto instrumentandtune

a sequentialimplementationof MG.

13



Language Compiler Version Command-linearguments Comm.Mech.

CrayT3E Compilers
F90+MPI Crayf90 3.2.0.1 –O3 MPI

HPF PGIpghpf 2.4-4 –O3–Mautopar–Moverlap=size:1–Msmp SHMEM
CAF Crayf90 3.2.0.1 –O3–X 1 –Z nprocs E-regs
ZPL U. Washzc 1.15a SHMEM

Craycc 6.2.0.1 –O3 or MPI

SunEnterprise5500Compilers
F90+MPI SUNWf90 2.0 –O3 MPI

SAC U. Kiel sac2c 0.8.0 –mtdynamic14 shared
GNU gcc 2.95.1 –O1 memory

ZPL U. Washzc 1.15a MPI
SUNWcc 5.0 –fast

Figure7: A summaryof the compilersusedin theseexperiments. The compiler, versionnumber, command-line
argumentsusedaregivenfor each.In addition,thecommunicationmechanismusedby thecompileris noted.

4 Performance Evaluation

4.1 Methodology

To evaluateperformance,weranexperimentsontwo hardwareplatforms,theCrayT3EandtheSunEnter-

prise5500.No singleplatformsupportsall languagessinceCAF currentlyonly runsontheCrayT3Ewhich

is not supportedby SAC. In addition,we did not have accessto anHPFcompileron theEnterprise5500.

Themachinesareof vastlydifferentsizes— theCrayhas256processorswhile theEnterprise5500only

has14. Otherrelevantdetailsaresummarizedin Figure6.

Figure7 summarizesinformationaboutthecompilersandcommand-lineflagsthatwereusedto com-

pile the benchmarks.In all caseswe usedthe highestdegreeof single-flagoptimizationsthat wasboth

availableandworked. For the HPF compiler, we usedthe default flags that camewith the NAS code,

changing–Mmpi to –Msmpin orderto take advantageof theCray’s optimizedSHMEM communication

library. Both the SAC andZPL compilerscompileto ANSI C, so we alsogive informationaboutthe C

compilersandflagsusedby their backends. With the SAC compilerwe found that usingoptimization

levelsgreaterthan–O1causedthemultithreadedversionof thecodeto crash.5

4.2 Performance Results

Thegraphsin Figure8 give speedupresultsfor classB andC runsof F90+MPI,HPF, CAF, andZPL on

the Cray T3E (classA wasvirtually identical to classB andthereforeomittedto save space).ZPL can

compileto a varietyof communicationmechanismsincluding theCray’s SHMEM interfaceandtheMPI

standard[7], sobothwereusedfor theseexperiments.TheSHMEM interfacehasa loweroverheaddueto

5This hasapparentlybeenfixed for the next release,andwe hopeto obtaina copy for the final versionof this paperfor fairer
comparison.
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MG CLASS C – Cray T3E
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Figure8: Speedupcurvesfor theT3E.NotethatTherewasnotenoughmemoryto run thesmallerprocessorsetsizes
for theseclasses.The fastestrunningtime on the smallestnumberof processorsis usedasthe basisfor computing
speedupfor all benchmarks.NotethattheclassC HPFcodewasunableto rundueto its memoryrequirements.

reducedbufferingandsynchronizationrequirementsandis alwayspreferableto MPI, sotheMPI numbers

areincludedfor comparisonto F90+MPI.

Therewas insufficient memoryon the Cray T3E to run theseclasseson a single processor, so all

speedupcalculationsarewith respectto the fastest4-nodetime for classB and16-nodetime for classC.

Thus,thebestpossiblespeedupswere � 	�
 for classB and � �

 for classC. Dueto theHPFimplementa-

tion’sexcessivememoryrequirements(Section3.2),it couldnot runclassB with fewer than16processors

andcouldnot runclassC at all.

CAF performedthe beston all threeproblemsizes,achieving speedupsof 50.4on classB and14.6

on classC. The ZPL andF90+MPI implementationsclusteredcloseto oneothersignificantlybelow it.

HPFperformedpoorly, barley achieving a speedupof 1 on 256processors,no doubtdueto its pooruseof

memory. While it hasbeendemonstratedthatHPF programscanbenefitfrom tuning for eachparticular

architectureand/orcompiler [20], we decidednot to pursuethis avenuedue to (1) our assumptionthat

a goodimplementationon PGI’s Origin 2000compilershouldremaina good implementationon PGI’s

Cray T3E compiler; and (2) a belief that until a true hierarchicalarray can be allocatedwith the PGI

compiler, performancewill remainsignificantlylacking.

Profiling demonstratedthat two primaryfactorscontributedto thedifferencesbetweentheCAF, ZPL,

andF90+MPIversions:the differentcommunicationmechanismsusedby eachcompiler, andthe hand-

codedstenciloptimizationdescribedin Section3.2.As describedabove,MPI tendsto performsignificantly

worsethanSHMEM ontheT3EandsothisputstheSHMEM ZPL timesaheadof theZPL MPI versionand

the F90+MPI implementation.The CAF compilerusesan even lower-level communicationmechanism,

writing codethatdirectly usesGET andPUT instructionson theCray’s E registers.ThoughtheSHMEM
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Figure9: Additional speedupcurvesfor the T3E demonstratinghow muchthe SHMEM ZPL versioncangain by
eliminatingredundantcomputationin stencil-basedcodes.

interfaceis describedasbeingthin, calling into it incurssomeamountof overhead.

Thehand-codedstenciloptimizationis implementedin theCAF andF90+MPIcodes,but not theZPL

codes.Profilingshowsthatfor theclassC problemsize,roughlyhalf of theexecutiontime is spentin resid

alone,thusAmdahl’s law indicatesthatthisoptimizationhasthepotentialto makeasignificantdifference.

To determinethe impactof this optimization,we implementedit by handin theC codegeneratedby the

ZPL compilerandre-rantheSHMEM versionof thebenchmark.Resultsareshown in Figure9. Thissmall

changeallowsZPL to almostcatchup to CAF for theclassC problemsizeandallows it to geta bit closer

in classB wherecomputationis not dominatingcommunicationasheavily. We arecurrentlydeveloping

this stenciloptimizationin theZPL compilerdueto thefrequentuseof stencilsin ZPL applications.

OntheSunEnterprise5500,thesmallernumberof processorsmakestheresultslessinteresting,partic-

ularly sincetheF90+MPIimplementationcanonly run on processorsetsthatarepowersof two. Memory

limitationsonly allow theclassA andB problemsizesto berun. On this platform,F90+MPIsignificantly

beatstheMPI versionof ZPL with or without thehand-codedoptimization.This is mostlikely dueto the

relative quality of codeproducedby theFortranandC compilerson this platformaswell asthediffering

surface-to-volumecharacteristicsinducedby the benchmarks’allocationschemes.In comingweekswe

will beperformingmoreanalysisof thesenumbers.

Note thatSAC lagsslightly behindF90+MPIandZPL on theclassA problemsize. This is certainly

due in part to the bug that forced it to be compiledusing–O1; we saw nearly a 50% improvementin

the singleprocessorrunningtimeswhenSAC wascompiledwith –O3. In addition,a memoryleak was

discoveredin theclassB problemsizewhich preventedit from completingat all. No doubtthis memory

leakalsoimpactedtheperformanceof the classA runs. We anticipatea fixedversionof thecompilerin

thenearfutureto updatethesenumbers.
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Figure10: Speedupcurvesfor benchmarkson theSunEnterprise5500.NotethattheF90+MPIversionis unableto
runon morethan8 processorsdueto its requirementthatapower of two processorsbeused.

5 Related Work

For eachof the languagesin this paper, work hasbeendoneon expressingandoptimizing hierarchical

computationsin thatlanguage[1, 15, 22, 25, 8]. Eachof thesepapersstudiesthelanguageindependently,

however, asopposedto a cross-languagecomparisonaswehavedonehere.

Theothermainapproachto parallelhierarchicalprogrammingis to uselibrariesthatsupportefficient

routinesfor arraycreationandmanipulationin placeof a programminglanguage.Most notableamong

theseprojectsis KeLP[13], a C++ classlibrary thatnot only supportsdensemultigrid computationssuch

asMG, but alsoadaptive hierarchicalapplicationswhereonly a subsetof cells arerefinedat eachlevel.

Futurework shouldconsiderthe expressive andperformancetradeoffs for usinga library ratherthana

languagein hierarchicalapplications.

POOMA (ParallelObject-OrientedMethodsandApplications)[18] is a template-basedC++ classli-

braryfor large-scalescientificcomputing.ThoughPOOMA doesnot directly supportmultigrid computa-

tions, the domainabstractioncanbe usedto specifyoperationson stridedsubsetsof densearrayswhich

cantheninteractwith (smaller)arraysthatconformwith thedomain.

OpenMP[10] is astandardAPI thatsupportsdevelopmentof portablesharedmemoryparallelprograms

andis rapidlygainingacceptancein theparallelcomputingcommunity. In recentwork, OpenMPhasbeen

usedto implementirregular codes[17], andfuture studiesshouldevaluateits suitability for hierarchical

multigrid-styleproblems.
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Figure11: An interpretationof this paper’s experimentsby plotting performancevs. expressiveness.Performanceis
summarizedfor eachbenchmarkusingtherunningtimeof thelargestproblemsizeonthelargestnumberof processors
sinceparallelperformancefor largeapplicationsis the goal. Expressivenessis measuredin total lines of productive
code. Both numbersarenormalizedto the F90+MPI implementationof MG suchthat highernumbersimply better
performanceandexpressiveness.

6 Conclusions

We have undertaken a study of parallel languagesupportfor hierarchicalprogrammingusing the NAS

MG benchmark.Wehavemadeaneffort to studylanguagesthatareavailableandin useoncurrentparallel

computers,andto chooseimplementations,compilersettings,andhardwareplatformsthatwould benefit

theselanguages.

To summarizetheresultsof our study, Figure11 givesa roughmapof expressivenessvs. performance

asdeterminedby our experiments.Sinceour qualitative analysisof the benchmarksindicatedan inverse

correlationbetweenline countsanda cleanexpressionof the MG benchmark,we usethe total number

of productive lines of codeasthe measureof a benchmark’s expressiveness.Sinceparallelperformance

on large problemsis the ultimategoal of this work, performanceis judgedusing the executiontime of

the largestproblemsize using the largestnumberof processorsfor eachlanguage. Both numbersare

normalizedto theNAS F90+MPIbenchmarkin suchaway thathighernumbersindicatebetterexpressive-

ness/performance.

Thefirst observation to make is that expressivenessvariesfar morethanperformanceacrossthe lan-

guages,with ZPL andSAC being the mostconcisebenchmarksdueto their arrayoperatorsandglobal

scope.Our qualitativeanalysisof thesecodesshows that thoughconcise,they arestill quitereadable,and
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form cleardescriptionsof thealgorithmsinvolved.While CAF andF90+MPIcouldbeimprovedsomewhat

by amorewidespreaduseof F90syntax,theamountof codedevotedto communicationin eachconstitutes

asignificantamountof overhead,notonly in linesof code,but alsoin codinganddistractingfrom theheart

of thealgorithmathand.

In termsof performance,CAF is thefastestdueto acombinationof its fastcommunicationmechanism,

hand-codedstenciloptimizations,its useof Fortranasabaselanguage,andits 3D datadecomposition.ZPL

rivalsF90+MPIon theT3E, but lagsbehindon theSunfor reasonsyet to bedetermined.SAC andHPF

suffer from compilerbugsandunimplementedlanguagefeaturesandshouldbothseeimprovementin the

future.

Looking at performanceandexpressivenessin combination,we seethat CAF andF90+MPIdemon-

stratethatgreatperformanceis achievablethroughhardwork on thepartof theprogrammer. ZPL repre-

sentsaninterestingdatapoint in thattheexpressivenessprovidedby its globalview of theproblemdoesnot

compromiseits performance,which rivals thatof the local-view languages.ZPL alsorepresentstheonly

benchmarkthat usedneitherthe problemsizenor processorsetsizeat compiletime, andwhich demon-

stratedportableperformance.Thoughthismayseemlikeasmalldetail,anyonewhohasspentconsiderable

amountof timedeveloping,tuning,andrunningcodesonvariousplatformswith varyingproblemsizesand

numbersof processorsknowsthatsuchfactorscanbeahugeconvenience,especiallywhenperformanceis

maintained.

In futurework, weplanto continueourstudyof languagesupportfor hierarchicalapplications,moving

towardslarger andmorerealisticapplicationssuchasAMR andFMM that arenot denseat every level

of the hierarchy[19, 12]. Our approachwill be basedon extendingZPL’s region conceptto allow for

sparseregions[9]. We arealsoin theprocessof implementingthestencil-basedoptimizationdescribedin

Section3.2 in orderto give theusertheexpressivepower of writing stencilsnaturallywhile achieving the

sameperformanceasahand-codedscalarimplementation.
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