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Abstract

Hierarchicalalgorithmssuchasmultigrid applicationsform animportantcornerstonefor scientificcomputing.In
thisstudy, we take afirst steptowardevaluatingparallellanguagesupportfor hierarchicalapplicationsby comparing
implementationsof the NAS MG benchmarkin several parallelprogramminglanguages:Co-Array Fortran,High
PerformanceFortran,SingleAssignmentC,andZPL.Weevaluateeachlanguagein termsof its portability, its perfor-
mance,andits ability to expressthealgorithmclearlyandconcisely. ExperimentalplatformsincludetheCrayT3E,
IBM SP, SGI Origin, SunEnterprise5500,anda high-performanceLinux cluster. Our findingsindicatethatwhile
it is possibleto achieve goodportability, performance,andexpressiveness,mostlanguagescurrentlyfall shortin at
leastoneof theseareas.We find a strongcorrelationbetweenexpressivenessanda language’s supportfor a global
view of computation,andwe identify key factorsfor achieving portableperformancein multigrid applications.

1 Intr oduction

Hierarchicalalgorithmssuchasthe multigrid methodlie at the coreof many large-scalescientificcomputations[5,

4, 14]. Thesealgorithmsacceleratethesolutionof largediscreteproblemsby solvinga coarseapproximationof the

original problemandthenrefining that solutionuntil it forms a sufficiently preciseanswerto the original problem.

Our long-termgoal in this work is to identify importantabstractionsandoptimizationsfor parallel languagesthat

wish to supporta wide variety of hierarchicaltechniques,including adaptivemeshrefinement(AMR) [25] andthe

fastmultipolemethod(FMM) [16]. This studyconstitutesa first steptoward thatgoalby evaluatingthesupportthat

currentparallelprogramminglanguagesandcompilersoffer for theNAS MG benchmark.

ThoughNAS MG containssimplificationsthatmaynot reflecttheassumptionsof morecomplex multigrid solvers,

its authorsexplainthatthey “choseit for its portabilityandsimplicity, andexpectthatasupercomputerwhichcanrunit

effectively will alsobeableto runmorecomplex multigrid problems”[3]. In thiswork, weadoptasimilarphilosophy,

assumingthatin orderto supportcomplex adaptivehierarchicalalgorithms,aparallellanguagemustfirst demonstrate

successwith simpler, moreregularexamples.

To this end,we soughtout implementationsof NAS MG written in variousparallelprogramminglanguagesand

studiedthemon a numberof diverseparallel architectures.The languagesrepresentedin this studyareCo-Array

Fortran [28], High PerformanceFortran [21], Single AssignmentC [31], and ZPL [6]. Thoughnot technicallya
�
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parallel language,we alsoconsiderFortran90+MPI [26] sinceMPI is currently the de facto standardfor scientific

parallelprogramming.Our parallelplatformsincludetheCrayT3E,SunEnterprise5500,SGIOrigin, IBM SP, anda

high-performanceLinux cluster.

Eachimplementationof NAS MG wasevaluatedin termsof its performance,portability, andexpressiveness.The

evaluationof performanceis obvioussinceit is oftenconsideredthebottomline in parallelprogramming.Portability

constitutesanotherimportantfactordueto the wide varietyof parallelarchitecturesin usetodayaswell asthe rate

at which their characteristicsevolve. In this study, “expressiveness”describesthedegreeto which a languageallows

scientificprogrammersto expresstheiralgorithmsin astraightforwardmanner. Thoughoftenunderratedin theparallel

computersciencecommunity, expressivenessis essentialif scientistswho arenot well-versedin the intricaciesof

parallelprogrammingareto enjoy its benefits.Notethatwe form our evaluationusinga specificsetof compilersand

NAS MG implementations,andthereforemay fail to capturethemaximumpotentialof eachlanguage.With this in

mind,we havetakenpainsto makeour studyconsidereachlanguageasfairly aspossibleusingcurrenttechnology.

This paperconstitutesthe first cross-language,cross-platformstudyof a parallelmultigrid algorithm. Previous

studieshave typically concentratedon the performanceof a single languageon a singleplatform [18, 29, 32]. As

such,this work shouldbe of interestto the supercomputingcommunityas a whole, surveying the state-of-the-art

in compiling andrunninga multigrid applicationusinga varietyof languagesandarchitectures.In addition,devel-

opersof parallel languagesandcompilerscanuseour resultsto identify key featuresfor producingexpressive and

portablemultigrid applicationsthatperformwell. This paperalsopresentsthefirst publishedperformanceresultsof

theNAS MG benchmarkfor theCAF andZPL parallelprogramminglanguages.

Thispaperis organizedasfollows: In thenext section,wegiveanoverview of thelanguagesbeingcompared,em-

phasizingtheir supportfor hierarchicalapplications.In Section3 wegiveanintroductionto theNAS MG benchmark

aswell asa summaryof eachlanguage’s implementationof it. Sections4 and5 containour evaluationof theimple-

mentations’expressiveness,performance,andportability. In Section6 we summarizerelatedwork, andin Section7

we offer someconclusions.

2 The Languages

In this section,we give a brief introductionto the languagesthat form thebasisof our study: Fortran90+MPI,High

PerformanceFortran, Co-Array Fortran, Single AssignmentC, and ZPL. Inclusion in the study was basedon the

following criteria: eachlanguagehadto (1) supportparallelhierarchicalprogrammingin a reasonableform; (2) be

currentlyavailable,in use,andsupported;and(3) bereadilyavailableto thepublic.

We give a brief introductionto the philosophyof eachlanguageandgive a concretesenseof what the language

entailsby showing a simpleparallelcomputationwritten in it. We alsodescribeeachlanguage’s supportfor hierar-

chical arrays, thefundamentaldatastructureof multigrid computations.Hierarchicalarraysarecomposedof multiple

levels,eachof which typically hashalf asmany elementsperdimensionastheprevious.

This sectionalsomakesan importantdistinctionbetweenwhethera languagesupportsa local or global view of

parallelcomputation.Local-view languagesarethosethatrequireprogrammersto write a per-processorSPMDcode,

explicitly managingdetailsof communicationanddatadistribution. In contrast,global-view languagesallow program-

mersto expresstheircomputationsglobally, relyingonthecompilerto handlethedetailsof its parallelimplementation.

A brief summaryof thelanguagesdescribedin this sectionis givenin Table1.
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Language Programmerview Data distribution Communication Platforms

F90+MPI local manual manual most
HPF global directive-based invisible most
CAF local manual manual++ CrayT3E
SAC global automatic invisible Linux/SolarisSMPs
ZPL global stipulated visible most

Table1: A summaryof the parallelcharacteristicsof the languagesin this study. Programmerview indicateswhetherthe pro-
grammercodesat the local per-processorlevel or with a global view. Data distribution indicateswhetherprogrammersspecify
andmanagedatadistributionmanually, provide thecompilerwith suggestionsvia directives,rely on thecompilerto automatically
managethedistribution, or stipulatea distribution for the runtimeto manage.Communicationindicateswhethercommunication
andsynchronizationareperformedmanuallyby theprogrammeror, whenmanagedby thecompiler, whetherit is visibleor invisible
to theprogrammerat thesourcelevel (“manual++”indicatesthatthelanguageaidstheprogrammersignificantly).Thelastcolumn
indicatesthehardwareplatformson whicheachlanguageis supported.

2.1 Fortran 90+MPI

Thoughnot strictly a language,programmingin Fortran 90 (or C) using the MessagePassingInterface(MPI) li-

brary [26] mustbe mentionedasa viable approachto hierarchicalprogrammingdueto the fact that it remainsthe

mostprevalentapproachto parallelcomputing. MPI wasdesignedto be a completelyportablemessage-passingli-

brary, supportingvarioustypesof blockingandnon-blockingsendsandreceives.It hasbeenwidely supportedacross

diverseparallelarchitecturesandhasa well-definedinterfacethat formsa solid foundationon which to build parallel

applications.

Thechief disadvantageto programmingusingMPI is thatprogrammersmustexplicitly manageall thedetailsof

their parallelcomputationssincethey arewriting local-view codethatwill berun on eachprocessor. In spiteof this

programmereffort, MPI’s availability, stability, andportability have causedit to enjoy widespreaduse.MPI is often

consideredthe“portableassemblylanguage”of parallelcomputing,sinceit providesa portablemeansfor expressing

parallelcomputation,albeit in anoftenpainstaking,low-level, error-pronemanner.

As a sampleFortran 90+MPI (F90+MPI) computation,considerthe following code,designedto replaceeach

interiorelementof 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 > 0) then

call MPI_RECV( a(1), 1, MPI_REAL, index -1, 1, MPI_COMM_WORLD, ierr )
end
if ( index < nprocs -1) 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 )
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This codebegins by queryingMPI to determinethe numberof processorsbeingusedandthe uniqueindex of this

instantiationof theprogram.It thencomputesthenumberof valuesthatshouldbestoredon eachprocessor, adding

two additionalelementsto storeboundaryvaluesfrom neighboringprocessors.Next it declarestwo vectorsof floating

pointvalues,eachwith theappropriatenumberof valuesfor asingleprocessor. Thenext four conditionalsperformthe

appropriateMPI callsto make eachprocessorexchangeboundaryvalueswith its neighbors.Finally thecomputation

itself canbeperformedasa completelylocal operation.Note that this codeassumesthatnprocs will divide 1000

evenly andfails to checktheMPI calls for errorcodes.Takingcareof theseproblemswould resultin a larger, even

moregeneralcode.

It shouldbe notedthat this simpleparallelcomputationis brimming with detailsthat managedatadistribution,

boundarycases,and the MPI interfaceitself. Handling thesedetailscorrectly in a larger programis a significant

distractionfor scientific programmerswho are primarily interestedin developing and expressingtheir algorithms

(assumingthey havetheexpertiseto write acorrectMPI programin thefirst place).This is theprimarymotivationfor

developinghigher-levelapproachesto parallelprogrammingsuchasthelanguagesdescribedin thefollowing sections.

While Fortran 90 hasno implicit supportfor hierarchicalarrays,the fact that programmersare writing at the

local-view allows themto createandmanipulateparallelhierarchicalarraysmanually. They simply must take care

of managingall the relateddetails. In the F90+MPI versionof NAS MG, the implementorsaccomplishedthis by

allocatinga1D arrayperhierarchicalarraywith enoughmemoryto storeall theelementsin thehierarchy. A subrange

of thearraycanthenbesentinto thekernelroutineswhich interpretit asa 3D arrayof theappropriatesize.

2.2 High PerformanceFortran

High PerformanceFortran(HPF)[21, 38] is anextensionto Fortran90whichwasdevelopedby theHigh Performance

FortranForum, a coalition of academicand industrialexperts. HPF’s approachis to supportparallel computation

throughthe useof programmer-insertedcompiler directives. Thesedirectives allow usersto give hints for array

distribution and alignment,loop scheduling,and other details relevant to parallel computation. The hopeis that

with a minimal amountof effort, programmerscanmodify existing Fortrancodesby insertingdirectivesthatwould

allow HPFcompilersto generateanefficient parallelimplementationof theprogram.HPFsupportsa globalview of

computationin thesourcecode,managingparallelimplementationdetailssuchasarraydistributionandinterprocessor

communicationin amannerthatis invisible to theuserwithout theuseof compilerfeedbackor analysistools.

As asampleparallelHPFcomputation,considertheprogramfrom theprevioussectionwritten 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 declaringtwo 1000-elementvectorsof floating point values. It thensuggeststhat vectora be

distributedacrosstheprocessorsin a blockedfashionandthatvectorb bealignedwith a suchthat identicalindices

areallocatedon thesameprocessor. Thecomputationitself is thenspecifiedusinga traditionalFortran90 statement.

Thecompileris responsiblefor takingcareof thedetailsof distributinga andb aswell asinsertingtheinterprocessor

communicationrequiredto exchangeelementsof a at processorboundaries.Although this servesasa very concise

representationof ourparallelcomputation,theprimarydisadvantageis thattheHPFspecificationmakesnoguarantees

asto how our directiveswill be interpretedandimplemented.Although this exampleis simpleenoughthatwe can
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be reasonablyconfidentthat our intentionswill be carriedout, more complicatedprogramscan suffer significant

performancedegradationfrom onecompileror architectureto the next asa resultof their differing implementation

choices[27].

HPFhasno specificsupportfor hierarchicalarraysapartfrom Fortran90’s arraylanguageconcepts.Oneconse-

quenceof this is thatin orderto specifyahierarchicalarrayat theglobalview suchthatonemayiterateover its levels

andparallelizeit effectively, anarrayof pointersto dynamicallyallocatedarraysmustbeused[18]. Althoughthis is

possiblein Fortran90, it is not currentlysupportedby all HPF compilers,forcing usersto resortto allocatinga 4D

arrayin which theadditionaldimensionrepresentsthelevelsof thehierarchy[18]. This hastheeffect of allocatinga

numberof elementsat eachlevel equalto thatof thefinest— anextremelywastefulapproachat best.

2.3 Co-Array Fortran

Developedat Cray Research,Co-Array Fortran(CAF) [28] is anotherextensionto Fortran90 designedfor parallel

computing. However, unlike HPF, CAF requiresusersto programat the local view, writing codethat will execute

on eachprocessor. To expresscooperative parallelcomputation,CAF introducesthe notion of a co-array. This is

simply a variablewith a specialarraydimensionin which eachelementcorrespondsto a singleprocessor’s copy of

thatvariable.Thus,indexing a variablein its co-arraydimensionspecifiesa referenceto dataon a remoteprocessor.

This servesasa conciserepresentationof interprocessorcommunicationwhich is simpleandelegant,yet extremely

powerful. CAF alsoprovidesa numberof synchronizationoperationswhichareusedto keepaconsistentglobalview

of the problem. As with HPF, thereis somehopethat an existing sequentialFortrancodecanbe convertedinto a

parallelCAF codewith aminimal amountof work.

Oursamplecomputationwould 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 )

Thiscodeis similarto ourF90+MPIexampledueto thefactthatbothareFortran-basedlocalviewsof thecomputation.

It begins by queryingthe numberof availableprocessors,queryingthe uniqueindex of this instantiation,andthen

computingthe numberof valuesthat shouldbe storedon eachprocessor. Next it declarestwo co-arrayvectors,a

andb, eachof which hastheappropriatenumberof valueson every processor. Next we performa sync all which

serves as a barrier to make surethat the subsequentcommunicationstepsdo not begin until every processorhas

finishedupdatinga (cheapersynchronizationmight alsobe used,but is lessconcisefor an examplesuchas this).

The subsequentconditionalscauseeachprocessorto updateits boundaryvalueswith the appropriatevaluesfrom

its neighboringprocessors.Note thatunlike F90+MPI,this communicationis one-sided,beinginitiatedonly by the
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remotedatareference.Finally thecomputationitself canbeperformedasa completelylocal operation.

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

is conciseandclear, saving muchof theheadacheassociatedwith MPI. Furthermore,co-arrayreferenceswithin the

codeserveasvisualindicatorsof wherecommunicationis required.Notethat,asin theF90+MPIexample,this code

assumesthat nprocs dividesthe global problemsizeevenly. If this wasnot the case,the codewould have to be

written in a moregeneralstyle. As in F90+MPI,CAF’s local-view allows programmersto createandmanagetheir

parallelhierarchicalarraysmanually.

2.4 SingleAssignmentC

SingleAssignmentC (SAC) is a functionalvariationof ANSI C developedat theUniversityof Kiel [31]. Its exten-

sionsto C providemultidimensionalarrays,APL-likeoperatorsfor dynamicallyqueryingarrayproperties,forall-style

statementsthatconciselyexpresswhole-arrayoperations,andfunctionalsemantics.TheSAC compilerbenefitsfrom

thereduceddatadependencesinherentin its functionalsemantics.It alsoaggressively performsinlining andloopun-

rolling to minimizethenumberof temporaryarraysthatwouldberequiredby anaiveimplementation.SAC programs

supportaglobalview of arraycomputationandtendto beconciseandcleanalgorithmicspecifications.SAC currently

runsonly on shared-memorymachines,so issuessuchasarraydistribution and interprocessorcommunicationare

invisible to theprogrammerandperhapssomewhatlessof 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]]);

Thefirst statementgeneratesanew arrayof floatingpointvalueswith indices0–999whosevaluesareinitializedby an

arbitraryscalarexpression(omittedhere).Thisnew arrayof valuesis assignedto a usingawith-loopthatiteratesover

indices0–999.Note thatdeclarationsareautomaticin SAC — a’s sizeis inferredfrom thewith-loop while its type

is inferredfrom theexpressionprovidedwith genarray . Thesecondstatementcreatesa modifiedversionof vector

a in which eachelementin therange1–998is replacedby thesumof its neighboringvalues.This is againachieved

usinga with-loop, assigningtheresultto b. TheSAC compilerutilizesa numberof worker threads(specifiedby the

useron thecommandline) to implementeachwith-loop, resultingin parallelexecution.

SAC’s functional naturemakes it naturalto expresshierarchicalapplicationsusinga recursive approach.This

allows programmersto implementeachlevel of a hierarchalarrayusinglocal arrayswhosedimensionsareeachhalf

asbig as the incomingarrays. While this approachis naturalfor multigrid solvers like the NAS MG benchmark,

it shouldbe notedthat it is insufficient for techniqueslike Adaptive MeshRefinement(AMR) in which the coarse

approximationgridsoftenneedto bepreservedfrom oneiterationto thenext.

2.5 ZPL

ZPL is a parallelprogramminglanguagedevelopedat the University of Washington[6]. It wasdesignedfrom first

principlesratherthanby extendingor modifyinganexistinglanguagebasedontheassumptionthattraditionalsequen-

tial applicationsandoperationscannoteffortlesslybetransformedinto anefficient parallelform. ZPL’s fundamental
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conceptis the region, a user-definedindex setthat is usedto declareparallelarraysandto specifyconcurrentexecu-

tion of arrayoperations.ZPL providesa globalview of computation,yet hasa syntax-basedperformancemodelthat

indicateswhereinterprocessorcommunicationis required,aswell asthetypeof communicationthatis needed[7].

In ZPL, oursamplecomputationwouldbeexpressedasfollows:

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

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

Thefirst two linesdeclareapair of regions— R, which formsthebaseproblemsizeof 1000indices,andInt , which

describestheinterior indices.In thenext line, R is usedto declaretwo 1000-elementvectorsof floatingpoint values,

A andB. Thefinal statementis prefixedby region Int , indicatingthat the arrayassignmentandadditionshouldbe

performedover the indices2–999.The@-operator is usedto shift the two referencesto A by –1 and1 respectively,

therebyreferringto neighboringvalues.ZPL’sperformancemodeltells theuserthattheseusesof the@ operatorwill

requirepoint-to-pointcommunicationto implement,yet thecompilermanagesall of thedetailson theuser’sbehalf.

Hierarchicalarrayscanbeexpressedin ZPLusingits conceptof multi-regions. Theseareregionswhoseindicescan

beparameterizedto yield a seriesof relatedindex sets.For example,thefollowing line declaresa setof increasingly

smallregions:

region MR{0.. k} = [1+{} .. 1000-{}];

Thisdeclarationcreatesk+1 regions,eachof whichhasits upperandlowerboundsadjustedby its index. In thisexam-

ple,MR� 0 � is equivalentto theregionRabove,MR� 1 � is equivalentto Int , andMR� 5 � would represent[6..995] .

ZPL programmerscanusemulti-regionsto createhierarchicalarrayssimply by adjustinga region’s strideor upper

boundby powersof two. For example,thefollowing declarationscreatetwo setsof hierarchicalregionsandarrays:

region HierReg1 {0.. num_levels } = [1..1000] by [2ˆ{}]; -- strides of 1, 2, 4, etc.
HierReg2 {0.. num_levels } = [1..1000/(2ˆ{})]; -- [1..1000], [1..500], etc.

var HierArr1 {}:[ HierReg1 {}] float;
HierArr2 {}:[ HierReg2 {}] float;

Althoughbothof theseapproachesarelegalandeachresultsin ahierarchicalarraywith thesamenumberof elements,

ZPL’s performancemodelindicatesthat thefirst approachis likely to resultin betterloadbalancingandsignificantly

lesscommunication,makingit preferable.For furtherdetailson multi-regions,referto [9, 33].

3 The NAS MG Benchmark

Version2 of theNAS ParallelBenchmark(NPB) suite[1] wasdesignedto evaluatetheperformanceof parallelcom-

putersusinghand-codedF90+MPIimplementationsof theversion1 benchmarks.Eachbenchmarkcontainsacompu-

tationthatrepresentsthekernelof arealisticscientificcomputation.TheMG benchmarkusesamultigrid computation

to obtainan approximatesolutionto a scalarPoissonproblemon a discrete3D grid with periodicboundarycondi-

tions.Theprevalenceof theNAS MG benchmarkmakesit anidealapplicationfor ourinitial studyof parallellanguage

supportfor hierarchicalapplications.

Thebulk of thework in MG is donein four routines,eachof which is implementedusingoneor more27-point

stencils. Two of thesestencils— resid andpsinv — operateat a single level of the hierarchy, whereasthe other
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Class ProblemSize Iterations

A � � 	 
 4
B � � 	 
 20
C � � � 
 20

Table2: Characteristicsof thethreeproductiongradeclassesof theMG benchmark.ProblemSizegivesthenumberof elements
at thefinestlevel of thehierarchy. Iterationsindicatesthenumberof timesthatthehierarchyis traversed.

two — interp and rprj3 — interpolateandproject betweenadjacentlevels of the hierarchy, respectively. Parallel

implementationsof thesestencilsrequirepoint-to-pointcommunicationto updateevery processor’s boundaryvalues

for eachdimensionthatis distributed.Notethatthiscommunicationmaybewith more“distant” processorsatcoarser

levelsof the hierarchy. In addition,the benchmarkrequiresperiodicboundaryconditionsto be maintained,andfor

globalreductionsto beperformedover thefinestgrid.

Therearefive classesof MG, eachof which is characterizedby thenumberof elementsin its finestgrid andthe

numberof iterationsto beperformed.Two of theclasses— S andW — aredesignedfor developinganddebugging

MG, andarethereforenot consideredin this study. Theotherthreeclasses— A, B, andC — areproductiongrade

problemsizesandtheirdefiningparametersaresummarizedin Table2. NotethatA andB usethesameproblemsize,

but a differentnumberof iterations.

3.1 Finding Implementations

We requiredtwo thingswhile searchingfor candidateimplementationsof NAS MG. The first wasmotivatedby the

emphasisin NPB version2 on portability rather than algorithmic cleverness[1]. In particular, we requiredeach

implementationto follow thespirit of theNAS implementationascloselyasthesourcelanguageandcompilerwould

allow. For example,animplementationcouldnotuseasparsearrayto storethetwentynonzerovaluesin the ��
���
��
inputarray, asthiswouldconstitutearadicaldeparturefrom theoriginalalgorithm.However, it couldcertainlychange

loop nestiterationorders,strive to minimizecommunication,etc. All of the implementationsusedin this studymet

this requirementwithoutmodification.

Our secondrequirementwasthat eachbenchmark’s programmerbe familiar with the languageandcompiler in

question. Our goal was to ensurethat our own ignoranceof a languageor compiler would not adverselyaffect

that language’s evaluation. This requirementwaseasyto meetdueto the widespreadstudyof NAS MG: all of the

implementationsin this studywerecodedby thelanguage’sdevelopmentteamwith theexceptionof theHPFversion

which waswrittenatNAS.

As in any programmingcontext, thereis a potentialtensionbetweenexpressivenessandperformance.In general,

the implementorsstrove to optimize for performancewithout unduly compromisingexpressiveness.For example,

the F90+MPI implementationof NAS MG often relieson Fortran77 loopsandindexing ratherthanthe equivalent

(and arguablymore expressive) Fortran 90 array statements.This decisionwasmotivatedby the desireto ensure

that the crucial stencil codewould be implementedefficiently rather than relying on eachplatform’s compiler to

get it right [37, 1]. Our efforts to make the codemoreexpressive usingarraystatementsprovedto adverselyaffect

performanceasanticipatedby thecode’sauthors.

Sincetheresultsin Sections4 and5 evaluatespecificimplementationsof NAS MG on aspecificsetof compilers,

they may not necessarilyreflectthe maximumpotentialof eachcompileror language(in truth, onewould be hard-
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(a)

+ + +++ + + +
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Figure1: A 2D illustrationof thestenciloptimizationhand-codedin theFortranversionsof NAS MG. (a) Adjacentapplications
of thestencil.Notethatthesumof therightmosttop andbottomvaluesin thefirst applicationarere-usedin thesecondandthird.
(b) To take advantageof this,avectorof sumsis pre-computed.(c) To computethestencil,thesumvaluesareweightedandadded
to theweightedvaluesfrom themiddlerow. Notethatthebenefitsfor 3D stencilsareevengreater.

pressedto designan experimentthat would). However, our methodologystrives to ensurethat while one might

conceive of a fasteror moreexpressive implementation,our implementationsrepresentreasonableexamplesof how

aknowledgeable,performance-mindedprogrammermight implementa specificmultigrid algorithmin eachlanguage

usingcurrentcompilertechnology.

3.2 The NAS MG Implementations

In this section,we give a brief descriptionof eachimplementation,emphasizingways in which it differs from the

originalNAS version.

F90+MPI The F90+MPI codethat we useis the NAS implementation,version2.3. It servesas the baselinefor

this study. It shouldbementionedthatthis implementationutilizesa cleverhand-optimizationin eachof the27-point

stencils. The optimizationcomputessubexpressionsthat arereusedin adjacentapplicationsof a stencilandcaches

themto minimize redundantFLOPs(Figure 1). This significantly improvesperformanceat the cost of obscuring

the sourcecode’s intent (and it wasa wise decision: we found that currentFortrancompilersdo not performthis

transformationwhenthe stencilsarewritten in a naive manner, causinga performancedegradationof up to 17% or

more).

HPF The HPF implementationis obtainedfrom NASA Ames [18] andstemsfrom an effort to implementall of

the NAS benchmarksin HPF. PGI identifiesthis implementationas the best-known publicly-available versionof

NAS MG for theircompiler[30], whichservesastheHPFcompilerin ourexperiments1. This implementationfollows

the F90+MPI implementationof MG very closelywith onemajorexception:asalludedto in Section2, the authors

hadto representtheir hierarchicalarraysusing4D arraysin orderto achieve a concise,flexible parallelimplementa-

tion [18, 19]. This requiresextensiveuseof HPF’sHOMEdirectivein orderto align thearraysin adistributedandload
1WeregretthatotherHPFcompilersarenot representedin this study. Wehada difficult time obtainingversionsof otherHPFcompilers,much

lessonesthatsupportedanimplementationof NAS MG. Wewelcomeany implementationsthatthereadermightbring to our attention.
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# Processors ProblemSize Data ContainsStencil
Language Author unbound? unbound? Distribution Optimization

F90+MPI NAS no( � � ) no ( � � ) 3D blocked yes
HPF NAS yes no 1D blocked2 yes
CAF CAF group no( � � ) no ( � � ) 3D blocked yes
SAC SAC group yes yes3 ( � � ) 1D blocked no
ZPL ZPL group yes yes 3D blocked no

Table3: Summaryof theMG implementationsusedin this study. Author indicatestheorigin of thecode.Thenext two columns
indicatewhetherthe numberof processorsand/orproblemsizecanbe specifiedat runtimeratherthanfixed at compile-time. If
theimplementationalsoconstrainsthenumberof processorsor problemsizeto bea power of two, this is indicatedin parenthesis.
Data distribution indicatestheway in whicharraysaredistributedacrossprocessors.Thelastcolumnindicateswhetheror not the
implementationincludesthehand-codedstenciloptimizationdescribedin Section3.2

balancedmanner. Otherthanthis issue,theimplementationis extremelytrueto theF90+MPIversionandincludesits

hand-codedstenciloptimizations.Futurework shouldconsiderhow these4D arraysmight beavoidedin otherHPF

compilers[20, 2] or usingHPFextensionsfor sparseor irregularproblems[22, 35].

CAF TheCAF implementationwaswritten usingthe F90+MPI implementationasa startingpoint. Sincebothof

theselanguagesusea local per-processorview and Fortran 90 as their baselanguage,the implementationsimply

involvedremoving the MPI calls andreplacingthemwith the equivalentco-arraysyntax. Although solutionsmore

tailoredto CAF could be imagined,this implementationis astrue to the original F90+MPI implementationasone

couldimagineandwasa fairly trivial port for its authors.

SAC The SAC implementationof MG comesaspart of the SAC distribution [36] andforms the mostradicalde-

parturefrom the NAS F90+MPI implementation.This is primarily dueto the decisionto userecursionto express

hierarchiesasdiscussedin the previous section. This differs from the NAS implementation’s iterative approachin

which the hierarchicalarraysareallocatedat the outsetof theprogramandreusedthereafter. In spiteof this differ-

ence,we usedthe official SAC implementationof MG ratherthanimplementingan iterative solutionfor fear thata

shift in paradigmwould neitherbe in the spirit of SAC nor in its bestinterestsperformance-wise.TheNAS stencil

optimizationcouldnot becleanlyhand-codedin SAC without disablingotheressentialoptimizations,soall stencils

areexpressedin their directbut redundantform.

ZPL TheZPL implementationof MG waswritten by mimicking theF90+MPIimplementationascarefullyaspos-

sible. The hierarchicalarrays,proceduralorganization,andcomputationsall follow the original scheme.The main

differenceis thatthestenciloptimizationcouldnoteasilybehand-codedin ZPL withoutwastingasignificantamount

of memory. Therefore,themoredirectbut redundantmeansof expressingthestencilswasused.

Table 3 summarizesthe versionsof the benchmarkthat we usedfor our experiments. Includedin this table is

information aboutwhethereachimplementationfixes or constrainsthe problemsize and/ornumberof processors

at compile-time. While a completelydynamically-specifiedMG could be written in eachlanguage,doing so could

adverselyaffectexpressivenessand/orperformancebymakingthecodemoregeneralandproviding lessinformationto
2Theimplementorsfoundthatdistributing morethanonedimensionhurtperformancein HPF, sochoseto distributejust one[18].
3Thoughtheproblemsizemaybespecifieddynamically, thecodeis written suchthatonly a few problemsizesarepossible.
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Figure 2: An indication of the numberof useful lines of codein eachimplementationof MG. Communicationindicatesthe
numberof linesdevotedto communicationandsynchronization.Declarationsindicatescodeusedto declarevariables,constants,
andidentifiers.Computationindicatesthenumberof linesusedto expressthecomputationitself. Notethatthelocal-view languages
require2–8timesasmany linesof code,dueprimarily to thefactthatprogrammersmustexplicitly managecommunication.

thecompiler. For example,theF90+MPIimplementationusesits knowledgeof thenumberof processorsandproblem

sizeto allocateits hierarchicalarraysstatically. Similarly, by constrainingtheproblemsizesin SAC, inlining andloop

unrollingoptimizationsareenabled.Thepointhereis not to arguewhetheror notsuchconstraintsarereasonable,but

ratherto highlight that the moredynamicimplementationsstartwith a slight disadvantage.The tablealsoindicates

thedatadistribution usedby eachimplementation.Thecurrentdistribution of SAC alwaysusesa 1D decomposition.

For all otherlanguages,thedistributionwasspecifiedby theprogrammer.

4 Evaluation of Expressiveness

To evaluatetheexpressivenessof theMG implementations,we performbothquantitativeandqualitativeanalysis.In

the quantitative stage,we classify the lines of eachbenchmarkasoneof four types: declarations, communication,

non-essential, andcomputation. Declarationsincludeall lines of codethatareusedfor thedeclarationof variables,

constants,andotheridentifiers.Communicationlinesarethosethatareusedfor synchronizationor interprocessordata

transfer. Coderelatedto comments,initialization, timings,andI/O areconsiderednon-essentialandexcludedfrom

theanalysis.Theremaininglinesof codeform thetimed,computationalkernelof thebenchmarkandareconsidered

computation.Becauselinecountswill vary somewhat dueto a programmer’s style, we usethesefiguresonly asa

coarseindicatorof expressiveness.

Figure2 givesa summaryof the quantitative classification,showing the numberof essentiallines of codeand

how they breakdown into our taxonomy. The most immediateobservation is that languageswith a local view of

computationrequire2 to 8 timesasmany linesof codeasthoseproviding aglobalview, andthatthemajorityof these

lines implementcommunication.Inspectionof this communicationrevealsthat it is not only lengthy, but alsoquite

intricate in order to handlethe exceptionalcasesthat are requiredto maintaina processor’s local boundaryvalues

in threedimensionsat all levels of the hierarchy. The differencein communicationcountsbetweenF90+MPI and

CAF stemsfrom MPI’s built-in supportfor collective communicationroutinessuchasbroadcasts,reductions,etc. In
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1 subroutine rprj3 ( r,m1k ,m2k,m3k,s, m1j,m2j,m3j ,k )
2 implicit none
3 include ’mpinpb .h’
4 include ’globals .h’
5
6 integer m1k, m2k, m3k, m1j, m2j, m3j ,k
7 double precision r(m1k, m2k,m3k), s(m1j,m2j,m3j )
8 integer j3, j2 , j1, i3, i2, i1, d1, d2, d3, j
9 double precision x1(m), y1(m), x2, y2

10
11 if(m1k.eq.3) then
12 d1 = 2
13 else
14 d1 = 1
15 endif
16
17 C TWOCONDITIONALS OF SIMILAR FORMDELETED TO SAVE SPACE
18
19 do j3=2,m3j-1
20 i3 = 2*j3- d3
21 do j2=2,m2j -1
22 i2 = 2* j2-d2
23
24 do j1=2, m1j
25 i1 = 2*j1-d1
26 x1(i1 -1) = r(i1 -1,i2-1,i3 ) + r(i1-1, i2+1,i3 )
27 > + r(i1 -1,i2, i3-1) + r(i1-1, i2, i3+1)
28 y1(i1 -1) = r(i1 -1,i2-1,i3-1) + r(i1-1, i2-1,i3+1)
29 > + r(i1 -1,i2+1,i3-1) + r(i1-1, i2+1,i3+1)
30 enddo
31
32 do j1=2, m1j-1
33 i1 = 2*j1-d1
34 y2 = r(i1, i2-1, i3-1) + r (i1, i2-1, i3+1)
35 > + r(i1, i2+1, i3-1) + r (i1, i2+1, i3+1)
36 x2 = r(i1, i2-1, i3 ) + r (i1, i2+1, i3 )
37 > + r(i1, i2, i3-1) + r (i1, i2, i3+1)
38 s(j1, j2,j3) =
39 > 0.5 D0 * r(i1 ,i2,i3)
40 > + 0.25 D0 * ( r(i1-1,i2,i3 ) + r(i1+1, i2,i3) + x2)
41 > + 0.125 D0 * ( x1(i1-1) + x1(i1+1) + y2)
42 > + 0.0625 D0 * ( y1(i1-1) + y1(i1+1) )
43 enddo
44
45 enddo
46 enddo
47
48 j = k-1
49 call comm3(s, m1j,m2j,m3j ,j)
50
51 return
52 end

(a) F90+MPI/CAF version

1 #define P gen_weights ( [ 1d/2 d , 1d/4d , 1d/8d , 1d/16d])
2
3 inline double[] gen_weights ( double[] wp)
4 {
5 res = with( . <= iv <= . ) {
6 off = with( 0* shape(iv) <= ix < shape(iv)) {
7 if( iv[ix] != 1)
8 dist = 1;
9 else

10 dist = 0;
11 } fold( +, dist );
12 } genarray( SHP, wp[[ off]]);
13 return( res);
14 }
15
16
17 inline double weighted_sum ( double[] u, int[] x, double[] w)
18 {
19 res = with( 0* shape(w) <= dx < shape(w) )
20 fold( +, u[ x+dx-1] * w[dx]);
21 return(res);
22 }
23
24
25 double[] fine2coarse ( double[] r)
26 {
27 rn = with( 0* shape(r)+1 <= x<= shape(r ) / 2 -1)
28 genarray( shape(r) / 2 + 1, weighted_sum ( r, 2*x, P));
29 rn = setup_periodic_border ( rn);
30 return(rn);
31 }

(c) SAC version

1 extrinsic (HPF) subroutine rprj3 (r,m1k,m2k ,m3k,s,
2 > m1j,m2j, m3j,k)
3
4 implicit none
5 include ’ globals.h’
6 include ’ rprj3.h’
7 integer j3 , j2, j1, i3, i2, i1 , d1, d2, d3, j
8 double precision x1(m), y1(m), x2,y2
9 double precision w000(m1j,m2j, m3j), w100( m1j,m2j,m3j ),

10 > w010(m1j,m2j, m3j), w110( m1j,m2j,m3j ),
11 > w001(m1j,m2j, m3j), w101( m1j,m2j,m3j ),
12 > w011(m1j,m2j, m3j), w111( m1j,m2j,m3j )
13
14 ! hpf$ align w000(i1,i2, i3) with r(2* i1,2*i2,2* i3)
15 ! hpf$ align w100(i1,i2, i3) with r(2* i1-1,2*i2 ,2*i3)
16 ! hpf$ align w010(i1,i2, i3) with r(2* i1,2*i2-1,2* i3)
17 ! hpf$ align w110(i1,i2, i3) with r(2* i1-1,2*i2 -1,2*i3)
18 ! hpf$ align w001(i1,i2, i3) with r(2* i1,2*i2,2* i3-1)
19 ! hpf$ align w101(i1,i2, i3) with r(2* i1-1,2*i2 ,2*i3-1)
20 ! hpf$ align w011(i1,i2, i3) with r(2* i1,2*i2-1,2* i3-1)
21 ! hpf$ align w111(i1,i2, i3) with r(2* i1-1,2*i2 -1,2*i3-1)
22
23 if(m1k.eq .3) then
24 d1 = 2
25 else
26 d1 = 1
27 endif
28
29 C TWOCONDITIONALS OF A SIMILAR FORMDELETED TO SAVE SPACE
30
31 ! hpf$ independent, on home(w000(i1,i2 ,i3))
32 do i3 =1,m3j-1
33 ! hpf$ independent
34 do i2=1,m2j-1
35 do i1=1,m1j -1
36 w000(i1, i2,i3) = r(2* i1,2*i2,2* i3)
37 > + r(2* i1,2*i2+2,2* i3)
38 > + r(2* i1+2,2*i2 ,2*i3)
39 > + r(2* i1+2,2*i2 +2,2*i3)
40 end do
41 end do
42 end do
43
44 C 7 LOOPS OF A SIMILAR FORMDELETED TO SAVE SPACE
45
46 s(2:m1j -1,2:m2j-1,2: m3j-1) =
47 > 0.5 D0* w111(2: m1j-1,2:m2j -1,2:m3j-1)
48 > + 0.25D0 * ( w011(1: m1j-2,2:m2j -1,2:m3j-1)
49 > + w011(2: m1j-1,2:m2j -1,2:m3j-1)
50 > + w101(2:m1j -1,1:m2j-2,2: m3j-1)
51 > + w101(2:m1j -1,2:m2j-1,2: m3j-1)
52 > + w110(2: m1j-1,2:m2j -1,1:m3j-2)
53 > + w110(2: m1j-1,2:m2j -1,2:m3j-1) )
54 > + 0.125D0 * ( w001(1: m1j-2,1:m2j -2,2:m3j-1)
55 > + w001(2: m1j-1,1:m2j -2,2:m3j-1)
56 > + w010(1:m1j -2,2:m2j-1,1: m3j-2)
57 > + w010(1:m1j -2,2:m2j-1,2: m3j-1)
58 > + w100(2: m1j-1,1:m2j -2,1:m3j-2)
59 > + w100(2: m1j-1,1:m2j -2,2:m3j-1) )
60 > + 0.0625D0 * ( w000(1: m1j-2,1:m2j -2,1:m3j-2)
61 > + w000(1:m1j -2,1:m2j-2,2: m3j-1) )
62
63 s(m1j,:,:) = s(2,:,:)
64 s(1,:,:) = s(m1j-1,:,:)
65 s(:,m2j,:) = s(:,2,:)
66 s(:,1,:) = s(:,m2j -1,:)
67 s(:,:,m3j ) = s(:,:,2)
68 s(:,:,1) = s(:,:,m3j -1)
69
70 return
71 end

(b) HPF version

1 procedure rprj3 ( var S,R: [,,] double);
2 begin
3 S := 0.5000 * R +
4 0.2500 * (R@ˆdir100 {} + R@ˆdir010 {} + R@̂dir001{} +
5 R@ˆdirN00 {} + R@ˆdir0N0 {} + R@̂dir00N{}) +
6 0.1250 * (R@ˆdir110 {} + R@ˆdir101 {} + R@̂dir011{} +
7 R@ˆdir1N0 {} + R@ˆdir10N {} + R@̂dir01N{} +
8 R@ˆdirN10 {} + R@ˆdirN01 {} + R@̂dir0N1{} +
9 R@ˆdirNN0 {} + R@ˆdirN0N {} + R@̂dir0NN{}) +

10 0.0625 * (R@ˆdir111 {} + R@ˆdir11N {} +
11 R@ˆdir1N1 {} + R@ˆdir1NN {} +
12 R@ˆdirN11 {} + R@ˆdirN1N {} +
13 R@ˆdirNN1 {} + R@ˆdirNNN{});
14 end;

(d) ZPL version

Figure 3: The rprj3 stencil as expressedin eachimplementation.Note that to save space,repeatedidioms arecondensedas
commentsin theFortranversionsandthatcommunicationfor theF90+MPI/CAFversionis omittedcompletely.
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Machine Location Processors Speed Memory MemoryModel

Linux cluster4 LANL 128dualP-IIIs 500MHz 0.938GB DistributedMemory
IBM SP MHPCC 96 222MHz 0.5GB DistributedMemory
CrayT3E ARSC 256 450MHz 0.256GB Dist. Glb. AddressSpace
SunEnterprise5500 UT Austin 14 400MHz 0.143GB SharedMem. Multiproc.
SGIOrigin LANL 2048(16 � 128) 250MHz 0.25GB SharedMem. Multiproc.

Table4: A summaryof themachinesusedin ourexperiments.Locationindicatestheinstitutionthatownsthemachineanddonated
thecomputertime. Processors indicatesthe total numberof processorsavailableto a singleuser. Speedgivestheclock speedof
theprocessors.Memorytells theamountof memoryavailableperprocessor. MemoryModel indicatestheorganizationof memory
on theplatform.

the CAF version,suchoperationsweremanuallyimplementedasfunctions,addingto both its communicationand

declarationcounts.

Thenext thing to noteis thatof theglobal-view languages,HPFis considerablylengthierthaneitherSAC or ZPL.

This is anunfortunateconsequenceof theextracodeanddirectivesrequiredto implementits 4D hierarchicalarraysas

describedin Section3.2. Examplesof suchcodecanbeseenin lines14–21and31–44of Figure3. ThoughtheSAC

andZPL linecountsaresimilar to oneanother, SAC takesa 30-linecomputationhit by explicitly replicatingtop-level

functioncallsfor eachproblemsizeto enableinlining andunrolling. On theotherhand,it requires48 fewer linesfor

declarationsdueto its supportfor implicit variabledeclarations.

In termsof computation,oneobservesthat the F90+MPIandCAF implementationshave 2 to 3 timesthe num-

ber of lines asthe SAC andZPL benchmarks.This canlargely be attributedto the looping andindexing overhead

associatedwith hand-codingthe stenciloptimization. Although converting the stencilsin theseimplementationsto

an unoptimizedslice-notationbringsthe computationline countcloserto that of SAC andZPL, we found that this

causedtheperformanceto degradesignificantly(Section3.2),andthatcommunicationcontinuesto vastlydominate

theoverall line countsandcomplexity for thesecodes.

Our qualitativeevaluationconsistsof readingthroughthecodeby handandlooking to seeif theline countsseem

inverselyrelatedto theclarity with which eachimplementationexpressesthealgorithm. Our conclusionis that they

are. Looking at Figure3 asanexample,andnoting thatmuchof theFortrancodehasbeenomittedfor brevity, one

findsthatSAC andZPL arenot only concise,but alsoclearrepresentationsof theprojectionstencilusingfunctional

and imperative styles,respectively. The clarity of eachcanbe attributed to its global view, its supportfor whole-

arrayoperationsand language-level index sets,and its lack of hand-codedoptimizations. In contrast,the Fortran-

basedcodesareobscuredby loopingstructures,computationsrelatedto managementof datadistribution,hand-coded

optimizations,andcommunicationspecification.Theexperimentsof thenext sectionindicatewhetherthis additional

codingpaysoff in termsof performance.

5 PerformanceEvaluation

5.1 Methodology

To evaluateperformance,we rantheMG implementationson fivehardwareplatforms:a Linux cluster, a CrayT3E,a

SunEnterprise5500,anIBM SP, andanSGI Origin. Themachinesrepresentthediversityof parallelarchitecturesin

usetoday. Relevantdetailsaresummarizedin Table4.
4TheLinux clusteris linkedby Myrinet aswell as100Mbethernet.Both networksarerepresentedin ourexperiments.
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F90+MPI CAF HPF SAC ZPL

Linux cluster � � � � �
IBM SP � � � � �

CrayT3E � � � � �
SunEnterprise5500 � � � � �

SGI Origin � � � � �
Table5: A summaryof thelanguage/hardwarecombinationsstudiedin theseexperiments.“ � ” indicatesthatthelanguageis not
currentlysupportedon themachine.“ � ” indicatesthatit is supportedandincludedin our results.“ � ” indicatesthatit is supported,
but thatwe do nothave accessto a compilerfor it.

Currently, no singleplatformsupportsall of thelanguagesin ourstudysinceCAF only runson theCrayT3E and

SAC only runson theSunEnterprise.Table5 summarizesthehardware/languagecombinationsthatwestudied.

Appendix A summarizesinformation aboutthe compilersand command-lineflags that we usedto collect our

results. In mostcaseswe usedthe highestlevel of single-flagoptimizationsavailable. For the HPF benchmark,we

usedthe flags suggestedby its implementors. Both the SAC and ZPL compilersuseANSI C as an intermediate

language,sowealsoprovide informationabouttheC compilersandflagsusedby their backends.

5.2 PerformanceResults

Thegraphsin Figures4 and5 givespeedupresultsfor eachmachine.Timingswereobtainedby runningeachconfig-

uration(language � machine � numberof processors) a handfulof timesover thecourseof severaldaysandtaking

thebesttime for each.AppendixB containsthis data.Notethatmostof themachinesdid not havesufficientmemory

to run theproductiongradeclasseson smallnumbersof processors.Thus,speedupnumbersfor eachgrapharecom-

putedrelativeto thefastestimplementationonthesmallestnumberof processors.ClassesB andC areshown for each

machineexcepttheSunEnterprisewhich hadinsufficientmemoryto run a classC problem.We begin our discussion

of theperformanceresultsby focusingon thelanguagesthataresupportedonmultiple platforms.

HPF The moststriking observation is that the HPF implementationperformspoorly ascomparedto all otherlan-

guages.This is dueto theoverheadsassociatedwith its 4D hierarchicalarrayimplementation,asanticipatedin Sec-

tion 3.2.Theamountof storagerequiredby thesearrayspreventsmany of theHPFconfigurationsfrom runningdueto

memorylimitations.NotableexceptionsaretheLinux cluster, whichhasthelargestamountof memorypernode,and

theSGIOrigin,whosesharedmemoryarchitectureallowssmallprocessorconfigurationsto utilize memoryfrom other

processorson themachinethatarenot involvedin thecomputation.Theonly classC HPFresultswereobtainedon

theSGI Origin using8–16processors.Runningon fewernodescauseseachprocessorto exceedthesystem-specified

limit for how muchmemoryit canuse.Runningonmoreprocessorsexhauststheglobalamountof memoryavailable

to thegroupof 128. Note thatwhile theLinux clusterhasa greateramountof memoryperprocessor, its distributed

memoryarchitecturepreventsit from runninga classC problemusingany numberof processors.

WhentheHPFimplementationdoeshavesufficientmemoryto run, the4D arraysimpactoverallperformancedue

to their largememoryfootprintsandtheextra computationrequiredfor their correctdistributionandalignment.Note

that theHPFimplementationsare in factscaling,just not at a ratethatmakesthemcompetitivewith theotherimple-

mentations.At this point, it is beyondour ability to judgewhethertheseresultsarea symptomof theyouthof HPF

compilersor whetherthelanguageitself posessignificantobstaclesto efficient compilationof multigrid applications.
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Figure4: Speedupcurvesfor classesB andC of MG on theLinux clusterusingbothethernetandmyrinet,andon the IBM SP.
Note that thereis not enoughmemoryto run theseproblemsizeson small processorsets. Thus,we computespeedupsfor each
graphusingthe fastestexecutiontime on the smallestnumberof processors(indicatedin the y-axis label). Due to its excessive
memoryallocation,the HPF versionis unableto run on mostconfigurations.Note that the F90+MPIversioncannotrun on 96
processorssinceit is nota power of two.
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Figure 5: Speedupgraphsfor MG classesB and C on the Cray T3E and SGI Origin, and for classesA and B on the Sun
Enterprise5500.As in thepreviousfigure,speedupsfor eachgrapharecomputedusingthefastestexecutiontime on thesmallest
numberof processors.Thesuperlinearspeedupon theOrigin is dueto thememorytraffic requiredto run a classC problemon 2
processors.Wewereunableto obtainreasonabletimingsonmorethan128Origin processorsdueto thenetwork traffic involvedin
crossingbetweenmachines.SeeAppendixB for details.
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F90+MPI & ZPL By way of comparison,the F90+MPI andZPL implementationsperformreasonablywell. As

the processorset size increases,F90+MPI tendsto outpaceZPL due to communicationoverhead.Recall that the

F90+MPIimplementationis hand-codedat a local-view, allowing theprogrammerto explicitly andpreciselyindicate

when and wherecommunicationis required. In contrast,ZPL’s datatransfersare compiler-generated.Although

the compiler performsseveral communicationoptimizationsincluding vectorization,redundancy elimination, and

pipelining [12, 11], inspectionshows that it fails to insert the minimal amountof communicationrequiredby the

benchmark.ZPL’scommunicationoverheadsareapparentin thefactthatthegapbetweenF90+MPIandZPL tendsto

begreaterfor classB problemsthanclassC.

In addition,thefactthatZPL doesnot fix or constrainthenumberof processorsandproblemsizeatcompile-time

resultsin a certainamountof runtimeoverheadto determinewhich dataelementsmustbesentandreceivedfor each

communication.However, this flexibility paysoff on machinessuchastheIBM SPandSunEnterprisewhich do not

have a power-of-two processorset. On thesemachines,theZPL implementationcanrun usingall of the processors

while theF90+MPIimplementationmuststick to powersof two. If theamountof computationis greatenough(asfor

classC on theIBM SP),this canresultin performanceunobtainableby theF90+MPIversion.

On smallernumbersof processorsthe two implementationsarefairly comparable.This may comeasa surprise

sincethe F90+MPIcodecontainshand-codedstenciloptimizationsthat werenot efficiently expressiblein the ZPL

source.However, theZPL compilerautomaticallyoptimizesthesestencils,giving theusersimilar performancebene-

fits withoutthehassleof hand-codingtheoptimization[15]. TheZPL optimizationdiffersfrom thehand-codedversion

by computingits subexpressionson an as-neededbasisandcachingthe resultsin a small setof scalartemporaries.

This resultsin improvedtemporalandspatiallocality. It alsounrollstheinnerloopby thestencil’swidth to minimize

shiftsbetweenthesetemporaries.Thesetweaksrepresentoptimizationsthata programmermaynot bewilling to do

by hand,yetwhich havea measurablepositive impactonperformance.

Note that the Cray T3E resultsareexceptionaldueto the fact that theZPL implementationsignificantlyoutper-

forms F90+MPI.This is a resultof the fact that ZPL’s IRONMAN communicationinterfaceallows it to mapto the

SHMEM interfaceon theT3E ratherthanMPI [8]. Previouswork hasshown that themessagepassingparadigmis a

poormatchfor architecturesthatsupportone-sidedcommunication,dueto extraneousbufferingandsynchronization

overheads[34, 8]. By usingtheone-sidedSHMEM interface,ZPL canavoid theseoverheadsanduseacommunication

stylethatmorecloselymatchesthetargetarchitecture.Presumably, ashared-memoryportof IRONMAN couldresultin

similar improvementson theSGIOrigin andSunEnterprise,but at this timeonly tentativestepsin thatdirectionhave

beentaken[11]. It shouldbenotedthatwhile theHPFimplementationwasalsocompiledto theSHMEM interface,it

failedto hoistsynchronizationoutof thestencils’innerloops,negatingits benefits.

CAF TheCAF implementationalsobenefitsfrom one-sidedcommunicationon theCrayT3E. TheCAF compiler

directly generatesassemblyinstructionsto performthe remoteputsandgetsrequiredby the benchmark.The result

is performancethat is unmatchedby theotherimplementations.For configurationsthatarenot computationbound,

ZPL fallsaway from CAF muchasit did from F90+MPIonotherplatformsdueonceagainto theoverheadof flexible

compiler-generatedcommunicationascomparedto preciseprogrammer-specifiedcommunication.

It shouldbe notedthatwhile it would certainlybe possibleto supportCAF on any platform, its co-arraysyntax

predisposesit towardsone-sidedcommunicationstyles. This presentsan interestingchallengefor efficiently imple-

mentingCAF on distributedmemorymachineswhereone-sidedcommunicationis not inherentlysupportedby the
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architecture.Thisparadigmmismatchcouldcauseperformancedegradationssimilar to thoseseenwhenrunningMPI

on theT3E.

SAC Looking at the SunEnterprise,we seethat SAC scalessimilarly to ZPL andF90+MPI,but lagsslightly in

performance.Thereasonfor thisis thelackof thestenciloptimization,eitherhand-codedor by thecompiler. Detection

andoptimizationof stencilsin SAC shouldbenomoredifficult thanin ZPL,andwouldlikely beaworthwhileaddition

to theSAC compiler. Thisoptimizationcombinedwith its implicit supportfor shared-memoryshouldallow it to easily

outperformboththeF90+MPIimplementationandanMPI-basedZPL implementation.

6 RelatedWork

For eachof the languagesin this paper, work hasbeendoneon expressingandoptimizinghierarchicalcomputations

in thatlanguage[1, 18, 29, 32, 9]. However, eachof thesepapersstudiesthelanguageindependently, andtypically on

a singleplatform.Our studyis uniquein its cross-languageandcross-platformcomparison.

Anotherapproachto parallelhierarchicalprogrammingis to uselibrariesthatsupportefficient routinesfor array

creationandmanipulationin placeof a programminglanguage.Most notableamongtheseprojectsis KeLP [17],

a C++ classlibrary thatnot only supportsdensemultigrid computationssuchasMG, but alsoadaptive hierarchical

applicationswhereonly a subsetof cellsarerefinedat eachlevel. Futurework shouldconsiderthe impactof using

a library ratherthana languagefor hierarchicalapplicationsnot only in termsof performance,expressiveness,and

portability, but alsoopportunityfor optimization.

POOMA(ParallelObject-OrientedMethodsandApplications)[24] is atemplate-basedC++classlibrary for large-

scalescientificcomputing.AlthoughPOOMAdoesnotdirectlysupportmultigridcomputations,itsdomainabstraction

canbeusedto specifyoperationson stridedsubsetsof densearrayswhich cantheninteractwith (smaller)arraysthat

conformwith thedomain.

OpenMP[13] is a standardAPI that supportsdevelopmentof portablesharedmemoryparallelprogramsandis

rapidlygainingacceptancein theparallelcomputingcommunity. In recentwork, OpenMPhasbeenusedto implement

irregularcodes[23], andfuturestudiesshouldevaluateits suitability for hierarchicalmultigrid-styleproblems.

7 Conclusions

In thiswork, wehaveusedtheNAS MG benchmarkto studyparallellanguagesupportfor multigrid applications.Our

studyusedavarietyof parallellanguagesandarchitecturesthatrepresentthecurrentdiversityin parallelcomputing.In

doingso,we madea besteffort to find NAS MG implementationsthataccuratelyrepresenthow a savvy programmer

wouldimplementaparticularmultigrid algorithmin eachlanguage.Weevaluatedeachimplementation’sperformance,

expressiveness,andportability, andsummarizethesefindingshere.

Scalarperformancewasseento be primarily affectedby two factors:Thefirst is that hierarchicalarraysshould

usetheminimal requiredamountof memory. TheF90+MPI,CAF, SAC, andZPL implementationsall usethesame

amountof memory— SAC allocatesit recursively while the othersallocateit explicitly at the program’s start. In

contrast,the HPF implementationusedan excessive amountof memoryandsufferedasa result, both in termsof

performanceandits ability to run largeproblemsizesonsmallprocessorsets.
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The secondfactor in scalarperformanceis the ability to optimizestencils,whetherit is doneexplicitly by the

programmeror automaticallyby the compiler. While this doesnot affect performanceasmuchasa poor memory

allocation,we foundthatit couldcausesignificantdifferencesin executiontime,especiallyfor problemsizesthatare

computation-bound.

In termsof parallel performance,the most importantfactor is to usea communicationparadigmthat matches

that of the architecture,asshown by ZPL andCAF on the Cray T3E. Apart from that, traditionalcommunication

optimizationsthatminimize latency, numbersof communications,datatransferred,andruntimeoverheadall proved

to bevaluable.

In termsof expressiveness,we found that supportinga global view of computationallows for a hugebenefitin

termsof acode’ssizeandclarity. While explicit specificationof communicationanddatadistributionprovedto benefit

performancein this study, eachprogrammermustdecidewhethertheeffort requiredto developandmaintaina local-

view parallelcode,aswell asthedistractionthatit causesfrom thealgorithmat hand,is worth thepotentialbenefitin

performance.ZPL andSAC indicatethatgoodto exceptionalparallelperformancecanbeobtainedwithoutsacrificing

the globalview. Otherfactorsthat influencedexpressivenessincludehigh-level arrayoperations,source-level index

setrepresentations,andcompiler-supportfor stenciloptimizations.

Portability in theselanguagesis achievedprimarily via thewidespreadsupportfor MPI. MPI not only allows the

F90+MPIimplementationto run on every platform,but it alsoprovidesa usefulmechanismfor portablecompilation

of languages,asseenwith HPFandZPL. TheZPL compiler’s IRONMAN library demonstratesthatcompilersupport

for non-message-passingcommunicationstylescanresultin portableperformancethatcannotbeachievedby strictly

usingMPI. CAF presentssimilar challengesto portableperformancedueto its relianceon one-sidedcommunication,

which typically underperformsmessagepassingon distributedmemoryarchitectures.ThoughSAC is currentlysup-

portedon only two architectures,thesimilarity betweenits with-loopsandZPL’s regionsgivesreasonto hopethat it

couldbecompiledportablyusingruntimesupportsimilar to thatof ZPL.

To conclude,we useour experienceswith theNAS MG benchmarkto classifywhetheror not eachlanguageused

in thisstudyis expressive,hasreasonableperformance,andis portable.LookingatTable5 andthegraphsin Figures2,

4, and5, we find that thelanguagesarenaturallybimodalin eachcategory. At present,F90+MPI,HPF, andZPL are

farmoreportablethanCAF andSAC. Local-view languagesareseento befar lessexpressivethanthosesupportinga

globalview. And all languagesotherthanHPFcurrentlyobtainreasonableperformancefor thisbenchmark.Theresult

is the Venndiagramin Figure6, which summarizesour findingsfor the currentstate-of-the-artin parallellanguage

supportfor densemultigrid computations.

In future work, we plan to continueour studyof languagesupportfor hierarchicalapplications,looking toward

morecomplex applicationssuchasAMR andFMM [25, 16]. Theseapplicationsdiffer from MG in that different

areasof thehierarchicalproblemspacearerefinedto differing degrees.Our approachin this work will bebasedon

mixing traditionalZPL multi-regionswith AdvancedZPL’s supportfor sparseregions[10] in anattemptto preserve

theexpressiveness,performance,andportability demonstratedin this first experiment.
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Figure6: A Venndiagramthatsummarizestheresultsof our paper. Comparingthelanguagesto oneanotherusingtheNAS MG
benchmarkandcurrentcompilers,wefind thatthey fall into distinctgroupsin termsof expressiveness,portability, andperformance.
For eachcharacteristic,wemakeasimplebinarydecisionasto whetheror noteachlanguagehasthepropertyin question.It should
be emphasizedthat this diagramwill certainly vary whenusingdifferentbenchmarksandas the compiler technologyfor each
languagematures.
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A Compiler Specifications

Thefollowing is asummaryof thecompilationprocessusedin theseexperiments.Thecompiler, versionnumber, and
command-lineargumentsusedaregivenfor eachlanguageandplatform. In addition,thecommunicationmechanism
usedat runtimeis noted.

Language Compiler Version Command-linearguments Comm.Mechanism

Linux clustercompilers
F90+MPI GNU g77 0.5.25 –O3 MPI (MPICH 1.2)

HPF PGI pghpf 3.1-2 –O3–Mautopar–Moverlap=size:1–Mmpi MPI (MPICH 1.2)
ZPL U. Wash.zc 1.16a MPI (MPICH 1.2)

GNU gcc 2.95.2 –O3

IBM SPcompilers
F90+MPI IBM mpxlf 2.4 –O3 MPI (IBM)

HPF PGI pghpf 2.4-4 –O3–Mautopar–Moverlap=size:1–Mmpi MPI (IBM)
ZPL U. Wash.zc 1.16a MPI (IBM)

IBM mpcc 2.4 –O3

CrayT3E compilers
F90+MPI Crayf90 3.3.0.0 –O3 MPI (Cray)

CAF Crayf90 3.3.0.0 –O3–X 1 –Z nprocs E-registers
HPF PGI pghpf 3.0-1 –O3–Mautopar–Moverlap=size:1–Msmp SHMEM
ZPL U. Wash.zc 1.16a SHMEM

Craycc 6.3.0.0 –O3

SunEnterprise5500compilers
F90+MPI WorkShopf90 5.0 –fast MPI (Sun)

SAC U. Kiel sac2c 0.90alpha –O3–v1 –noLIR–noTSI–maxlur3 –mt sharedmemory
SUNWcc 5.0 –fast

ZPL U. Wash.zc 1.16a MPI (Sun)
SUNWcc 5.0 –fast

SGI Origin compilers
F90+MPI MIPSpro7 f90 7.3.1.1m –O3 MPI (SGI)

HPF PGI pghpf 2.4-4 –O3–Mautopar–Moverlap=size:1–Mmpi5 MPI (SGI)
ZPL U. Wash.zc 1.16a MPI (SGI)

MIPSprocc 7.3.1.1m –O3

B Experimental Timings

The following tablescontainthe bestobserved timesfor eachconfigurationandwereusedto computethe speedup
graphsof Section5.

Linuxcluster(ethernet)—ClassB
processors 1 2 4 8 16 32 64 128

F90+MPI 362.60 194.51 110.41 52.51 30.39 17.55 8.29 6.21
ZPL 309.43 175.12 97.83 55.14 35.24 21.30 11.73 11.88
HPF —.— 896.02 964.65 618.68 362.18 223.62 146.13 115.47

Linuxcluster(ethernet)— ClassC
processors 1 2 4 8 16 32 64 128

F90+MPI —.— —.— 828.18 390.26 215.02 121.04 56.51 34.66
ZPL —.— —.— 725.29 384.99 214.52 117.45 62.82 44.49
HPF —.— —.— —.— —.— —.— —.— —.— —.—

5Although–Msmpwould bemoreappropriatefor theOrigin, it wasnot supportedwith our installation.
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Linuxcluster(myrinet)— ClassB
processors 1 2 4 8 16 32 64 128

F90+MPI 359.33 181.84 99.13 44.02 23.59 13.21 5.82 3.34
ZPL 308.51 176.92 108.82 42.57 21.96 11.05 6.10 3.35
HPF —.— 616.38 516.15 314.54 177.57 104.10 62.95 47.15

Linuxcluster(myrinet)—ClassC
processors 1 2 4 8 16 32 64 128

F90+MPI —.— —.— 775.83 356.45 189.27 104.95 45.93 24.99
ZPL —.— —.— 827.56 338.99 172.15 86.87 44.53 23.27
HPF —.— —.— —.— —.— —.— —.— —.— —.—

IBM SP— ClassB
processors 1 2 4 8 16 32 64 96

F90+MPI —.— 83.48 48.86 23.19 12.55 7.83 3.80 —.—
ZPL —.— 82.27 45.12 28.75 14.41 7.71 4.94 3.98
HPF —.— —.— —.— —.— —.— —.— 42.17 31.10

IBM SP—ClassC
processors 1 2 4 8 16 32 64 96

F90+MPI —.— —.— —.— —.— 96.35 54.65 25.40 —.—
ZPL —.— —.— —.— —.— 104.01 52.08 29.96 21.95
HPF —.— —.— —.— —.— —.— —.— —.— —.—

CrayT3E—ClassB
processors 1 2 4 8 16 32 64 128 256

CAF —.— 117.38 58.86 28.98 14.98 7.87 4.22 2.31 1.15
F90+MPI —.— 127.22 68.94 31.47 17.52 10.49 4.77 2.92 1.96

ZPL —.— 127.79 59.08 30.39 15.55 7.88 4.51 2.63 1.63
HPF —.— —.— —.— —.— —.— —.— 80.16 —.— 56.35

Cray T3E— ClassC
processors 1 2 4 8 16 32 64 128 256

CAF —.— —.— —.— —.— 118.42 59.89 30.23 15.91 7.91
F90+MPI —.— —.— —.— —.— 128.59 70.89 32.14 18.12 10.92

ZPL —.— —.— —.— —.— 112.63 57.85 31.24 15.30 8.24
HPF —.— —.— —.— —.— —.— —.— —.— —.— —.—

SGIOrigin —ClassB
processors 1 2 4 8 16 32 64 128 256

F90+MPI 202.13 130.04 61.88 32.84 16.93 8.46 3.98 2.65 264.17
ZPL 244.88 147.27 72.37 39.06 19.37 9.66 5.46 3.10 310.15
HPF 556.13 488.93 341.50 183.94 94.67 52.80 29.33 24.96 —.—

SGIOrigin — ClassC
processors 1 2 4 8 16 32 64 128 256

F90+MPI —.— 1534.95 853.55 380.58 135.18 64.36 33.62 22.51 340.35
ZPL —.— 2004.99 1026.91 441.74 160.35 75.09 41.31 26.47 445.16
HPF —.— —.— —.— 1949.62 1006.18 —.— —.— —.— —.—

SunEnterprise— ClassA
processors 1 2 4 8 14

F90+MPI 73.49 39.36 19.87 11.34 —.—
ZPL 61.29 35.37 17.59 12.60 12.15
SAC 92.56 49.27 27.07 17.27 15.18

SunEnterprise— ClassB
processors 1 2 4 8 14

F90+MPI 341.77 172.33 103.78 59.13 —.—
ZPL 277.53 162.00 80.02 57.87 55.83
SAC 434.02 230.80 126.08 79.49 68.76
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