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Abstract

Multigrid algorithmsarea computationalparadigmthatenjoy widespreadusein thescientificcom-
munity. While parallelmultigrid applicationshave beenin usefor quite sometime, parallel language
supportfor featurescommonto multigrid algorithmshasbeenlacking. This forcesscientistseitherto
expresstheircomputationsin high-level termswithoutknowing theparallelimpact,or to explicitly man-
ageall thedetailsby hand,therebydiverting their attentionfrom thealgorithmitself. In this paper, we
enumeratepropertiesthat would be desirablefor any parallellanguagethat hopesto supportmultigrid
applicationdevelopment.Wethenexplainhow thesepropertiesinfluencedthedesignof supportfor hier-
archicalarraysin ZPL,ourarray-basedparallelprogramminglanguage.Wedescribetheimplementation
of thesefeaturesin the ZPL compilerandits runtimesystem.In addition,we show thatour approach
performscompetitively with hand-codedFortran+ MPI for theNAS MG benchmark,outperformingit
on 256processors.In addition,a staticcomparisonof the two codesdemonstratesZPL to bethemore
concise,readable,andflexible implementation.

1 Introduction

Multigrid algorithmsenjoy widespreadusein thescientificcommunitydueto their ability to produceac-

curateresultsin significantlylesstimethanadirect,non-hierarchicalapproach[2, 1, 7]. Theseapplications

utilize hierarchical arrays, which consistof a numberof levels, eachwith fewer elementsthantheprevi-

ouslevel — typically half asmany elementsper dimension.Real-world multigrid applicationstypically

involve largeproblemsizesandmany iterations.For this reason,parallelimplementationsareoftendevel-

opedto reducethecomputationalrunningtime. Due to theprevalenceof this technique,it seemsnatural

thatparallelprogramminglanguagesshouldprovideuserswith theability to createhierarchicalarraysthat

areeasyto manipulate,whoseparallelimplementationis madeclearto theprogrammer, andwhich result

in efficient parallelexecution. Yet, mostmodernparallel languagesfail in this respect,eitherby forcing

theprogrammerto dealwith low-level implementationdetailsthatarea distractionfrom thealgorithmat

hand,or by providing themwith high-level featuresthathavenoperformancemodelwith whichto evaluate

implementationalternatives.
�
This researchwassupportedin partby agrantof HPCtime from theArctic Region SupercomputingCenter.
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In this paperwe describethe designandimplementationof ZPL’s supportfor multigrid algorithms.

ZPL is anarray-basedparallelprogramminglanguagewhich hasprovensuccessfulin thedomainof non-

hierarchicaldataparallelcomputations[3, 12]. ZPL programstendto beconciseandeasyto read,yetresult

in executiontimesthataresimilar to hand-codedmessagepassingprograms.ZPL is uniqueamongparallel

programminglanguagesin thatit combinesaglobalview of arraycomputationswith aperformancemodel

thatallowsusersto evaluatetheparallelimplicationsof their codeat thesyntacticlevel [4].

Thispaperconstitutesthefirst descriptionof how weextendedZPL’s traditionalconstructsto elegantly

expresshierarchicalcomputationsusingmultiregionsandmultiarrays. Althoughtheseconceptshavebeen

describedelsewhere[19], this is thefirst discussionof theprinciplesthatguidedtheirdesign,thelanguage

designitself, andthe implementationof both hierarchicalandnon-hierarchicalregionsandarraysin the

ZPL compilerandruntime. We evaluateour approachby comparinga ZPL implementationof the NAS

MG benchmarkwith theoriginalhand-codedFortran+ MPI version.Comparisonsaremadebothin terms

of thestaticprogramsandtheir parallelruntimeperformance.This paperis thefirst presentationof these

results1

Thispaperis organizedasfollows: In thenext sectionwegiveanenumerationof factorsthatplayarole

in theefficientparallelexecutionof multigrid applications.Section3 givesabrief introductionto ZPL and

describeshow thesefactorsinfluencedthe designof hierarchicalarraysupportin ZPL. Sections4 and5

describehow we implementedmultiregionsandmultiarraysin the ZPL compilerandruntime. We give

performanceresultsfor a ZPL versionof theMG benchmarkin Section6, makingcomparisonswith the

hand-codedNAS implementation.In Section7 we summarizelanguagesupportfor multigrid algorithms

in otherparallelprogramminglanguages,andin Section8 weconclude.

2 Parallel Multigrid Considerations

Webeginbyconsideringmultigrid algorithmsabstractly, definingasetof propertiesthatwouldbedesirable

in parallellanguagesto aid in thecleanexpressionandefficient implementationof multigrid applications.

This list canthenbeusedto evaluatea language’ssupportfor multigrid applications,or to guidethedesign

of new conceptsthat might aid in designingsuchsupport. For the purposesof this discussion,let us

characterizea multigrid applicationashaving � dimensionsperlevel with ���	�
���
��� � � �
��� elementsat

its finestlevel, and � levelsaltogether.

Initially, let usrestrictourselvesto characteristicsthatapplynotonly to parallelmultigrid applications,

but alsoto sequentialones.Thefirst propertythatcomesto mindis thatthelanguageshouldallow program-

mersto write multigrid applicationsin which thevaluesof ��� , � , andpotentiallyeven � areleft unbound

until runtime. We’ll refer to this asdynamicparameterization. Forcingprogrammersto staticallyspecify

1ZPL performancefiguresfor NAS MG havebeenpublishedpreviously [13], but usinganapproachthatpredatedthehierarchical
languageconstructs,relying insteadon macroexpansionandcodereplicationto a degreethat clasheswith goodlanguagedesign
principles.
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thesevaluesis a severeinconvenience,requiringrecompilationfor every new problemsizeor degreeof

refinementthatthey careto run.

Oncethesevalueshavebeengivennames,thelanguageshouldsupporttheirusein declaringhierarchi-

cal arrays.Dueto thefact thatmultigrid applicationstendto performthesameoperationsat eachlevel of

thearray, thehierarchicalarrayshouldbe indexableby level sothat theusercaniterateover levelsof the

hierarchy, applyingthe samecomputationto eachlevel. In this sense,hierarchicalarrayscanbe thought

of as �	��� -dimensionalarrayswheretheadditionaldimensioncorrespondsto thelevel number. However,

they differ from traditionalarraysin thateachlevel containsa differentnumberof elements.The ability

to declareanditerateoversucharrayswill becalledhierarchical array support. All operationsthata lan-

guagesupportson traditionalnon-hierarchicalarrays— e.g., indexing, reductions,permutations— should

alsobeapplicableto asinglelevel of ahierarchicalarray. Furthermore,asinglelevel of ahierarchicalarray

shouldserve asa legal actualparameterfor any formal parameterwhosetype is a traditionalarrayof the

sameelementtype. We refer to theselast two propertiesashierarchical transparency. Hierarchicalarray

supportandhierarchicaltransparency bothreinforcebasicprinciplesof codereuse,therebysimplifying the

programmer’staskandallowing for a moreconcise,expressiveprogram.

Next, let usconsidermemoryallocationfor thehierarchicalarray. Eachlevel of thearrayshouldbeal-

locateddenselyin memoryto ensuregoodcacheperformance.Furthermore,thetotalmemoryconsumption

for thehierarchicalarrayshouldcorrespondto thetotalnumberof elementsin thehierarchy. In particular,

allocatinga �����������
� � � ���� 	�"! rectangulararrayis completelyunacceptable.Wereferto theseproper-

tiesascompactallocation. Hierarchicalarraysshouldalsohavepersistentstorage in whicharrayvaluesat

all levelsof thehierarchyarepreservedacrossiterationsover thehierarchy. For instance,this rule would

bebrokenby languagesthatonly providesupportfor hierarchicalarraysby iteratingover thelevelsrecur-

sively andallocatinga local arrayfor eachcall that is twice assmall (or big) asthatof thepreviouslevel.

Although this approachresultsin an implicit hierarchicalarraystructure,the arrayvaluesare lost upon

returningfrom the recursive calls andthereforewould not be preservedfor subsequentiterations.Main-

taining valuesacrossiterationsis a requirementfor many multigrid applications,suchasadaptive mesh

refinementtechniques(AMR) [11]. Finally, eachlevel of thehierarchyshouldsupportsparsemembership

sothatmemoryis not wastedif theprogrammeronly wishesto refinecertainareasof theproblemspace,

andthesesparsitypatternsshouldbedynamicallycomputable.

Finally, the languageshouldsupportcleanstencilexpressionswithin a level andbetweenlevelssince

thesearethemostprevalentoperationsin multigrid applications.Theseexpressionsshouldincludeconvo-

lutionsatagivenlevel of thehierarchy, restrictionsfrom afine level of thehierarchyto acoarserlevel, and

interpolationsfrom a coarselevel to a fine level. To reducethenumberof specialcasesfor theseexpres-

sions,thereshouldbesupportfor boundaryconditionspecificationandfor periodicboundaryconditions

in particular, dueto their prevalence.

Let usnow turnourattentionto characteristicsthatarespecificto parallelimplementationsof multigrid

3



applications. To begin with, the programmershouldbe able to write programswithout specifyingthe

numberof processorsat compile-time. In parallel computingenvironments,processoravailability can

changequickly, andrecompilingfor eachpotentialprocessorconfigurationquickly becomesanuisancefor

users.Thus,dynamicprocessorspecificationis key for programmerconvenience.

Load balancing is essentialfor making the bestuseof parallel computingresources.For example,

densemultigrid applicationscanoftenbe loadbalancedsimply by dividing eachlevel of thehierarchical

arrayinto equal-sizedblocks.

Minimal communicationshouldbeusedto accessnonlocaldatavalues.For example,in computinga

9-pointstencilfor a #�$&% denseblockedmultigrid application,only onenonlocalrow/column/elementof

dataneedsto be transferredfrom eachof the 9 logical directions,so this shouldbe implementedwith a

minimal point-to-pointdatatransferschemeratherthana moregeneralandexpensiveall-to-all communi-

cation. In short,thecommunicationcostsshouldbeproportionalto thecomplexity of thestencilandthe

datadistribution. Oncecommunicationhascompleted,thenon-localvaluesshouldbestoredin suchaway

thatthey canbeaccessedascheaplyaslocaldatavalues.We call thisnonlocalvaluetransparency.

Finally, the languageshouldgive the usersomesenseof the parallel performanceimplicationsof

their designchoices:how doesthe user’s implementationaffect the communication,loadbalancing,and

concurrency of theprogram.Preferably, thesecuesshouldbegivenat an intuitive level suchassyntactic

cuesratherthanthroughprofiling andpost-processingfeedbackmechanisms.

Thiscompletesour“wishlist” of propertiesfor parallelmultigrid languagesupport.Wemakenoclaims

that this list is exhaustive, but ratherput it forth asa prototype,believing that it coversthe fundamental

issuesthatarecommonto awidevarietyof multigridcodes.Dueto limitedspaceandtheinherentcomplex-

ity of theproblem,we postponeour discussionof sparsemultigrid applicationsuntil a laterdate,focusing

on thedensecasein this paper. We believe thatwithout sufficient supportfor thedensecase,theelegant

andefficientexpressionof sparsemultigrid applicationsis unlikely, andsowe focuson theeasierproblem

for now.

3 Multigrid Support in ZPL

This sectiongivesa brief review of ZPL’s region, array, anddirectionconceptsand thendescribesour

designprocessfor extendingtheseconceptsto supportmultigrid applications.For a moredetailedintro-

ductionto ZPL, see[19].

ZPL’s fundamentalconceptis the region. Regionsare index setswith no associateddata. They are

commonlynamed,thoughdynamicregionspecifierscanalsobeinlineddirectlyinto thecode.Forexample:

region R = [1..n, 1..n ];
BigR = [0..n+1, 0..n+1];

Thesedeclarationsdefineregion R, which is an ')(*' index set,andBigR, which extendsR by onerow
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andcolumnin eachdirection. Regions’ sizescanbedescribedusingconstantsor configuration variables

— runtimeconstantsthataresetat thebeginningof a ZPL program’sexecution.

Regionsareusedto declareparallel arrays. To declaretwo arraysof doublesovertheindicesspecified

by BigR, onewould write:

var A, B: [BigR] double;

Regionsalsospecifycomputationoverarrays.For example,thefollowing statementperformselementwise

assignmentfrom B to A only for thoseindicesdescribedby R:

[R] A := B;

A region’s index set is partitionedacrossthe processorset and thus is a sourceof parallelism. ZPL’s

performancemodelspecifiesthatA andB will be distributedidentically [4], andthereforethe statement

above is completelyparallel.

Anotherbasicconceptin ZPL is thedirection. A directionis simply anoffsetvector. The@ operator

takesan arrayanda directionasoperandsandshifts referencesto the arrayby the offset. So to replace

eachelementof A with thesumof its northwestandsoutheastneighbors,onewould write:

[R] A := A@[-1,-1] + A@[1,1];

To improveprogramreadability, directionsaretypically named.For example,onecouldrewrite theabove

computationas:

direction nw = [-1,-1];
se = [ 1, 1];

...
[R] B := B@nw+ B@se;

ZPL’s performancemodelindicatesthat the@ operatorrepresentsanarrayreferencerequiringpoint-

to-pointcommunication[4]. Otheroperatorssupportreductions,parallelprefixoperations,floods,remaps,

and boundarycondition support,and eachof thesehasa particularform of communicationassociated

with it. This allows theprogrammerandcompilerto trivially identify wheredatatransferis requiredand

what type of communicationwill take place. For example,when the programmerseesan @ operator,

s/heknows thatpoint-to-pointcommunicationis required,whereasthe remapoperatorwould indicatean

expensiveall-to-all communication.

In additionto denseregions,ZPL supportsstridedregionsandarrays.For example,to declareastrided

regionS2thatomitsall of R’s evennumberedindicesandanarrayC over this region,onewrites:

region S2 = R by [2,2];
var C : [S2] integer;
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MA{1}

MA{2}

MA{3}

Dense Index Space Strided Index Space

MA{0}

Conceptual Multigrid

Figure1: Threepossibleviews of hierarchicalarrayMA: theconceptualview, a view of thedatawith denseindices,
andaview of thedatawith stridedindicesasencouragedby ZPL’sperformancemodel.

Notethatthe“step” [2,2] is simplyadirectionandcouldbenamedasusual.This regionis partitionedover

theprocessorsetin thesamewayasR. Thereforethestatement:

[S2] A := B + C;

involvesno interprocessorcommunication.Furthermore,the elementsof A not referredto by S2remain

unchanged.

Althoughstridedregionsaresufficient for describingany individual level in a hierarchicalarray, each

levelwouldhaveto beexplicitly declaredandnamed,violatingournotionof hierarchicalarraysupport.For

this reason,we introducetheconceptof parameterizingZPL directions,regions,andarrays.For example,

thefollowing declaresa multidirection, mse+ , :

direction mse+ 0..3 , = [1,1] scaledby 2ˆ + , ;

which describesthe four directions:[1,1], [2,2], [4,4], and[8,8]. To refer to the direction[2,2], the pro-

grammerwould simply write mse+ 1 , . Thiscanthenbeusedto definea multiregion:

region MR+ , = R by mse+ , ;

which in turn candefinea multiarray:

var MA+ , : [MR + , ] integer;
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Thus,MA - . is a 2-dimensionalhierarchicalarray with four levels, and indicescorrespondingto those

describedby MR - . .
At this point it is worth noting that thereare two different indexing schemesfor hierarchicalarrays

in any language.For example,to expressthe hierarchicalarrayconceptualizedin Figure1(a) we could

eitherdefinelevel / denselyas[1..n/(2ˆi),1..n/(2ˆi)](Figure1(b)), or we coulddefineeachlevel asbeing

[1..n,1..n],but stridedby largerandlargeramounts(Figure1(c)). In orderto ensurethathierarchicalarrays

areloadbalancedandthat stenciloperationsrequireminimal communication,ZPL’s performancemodel

dictatesthat thesecondis thebetterchoicefor our language.Thoughusersareoften initially resistantto

think aboutindexing in this manner, they quickly realizethatonceregionsanddirectionsarenamed,the

numericindicescanbeignored,resultingin extremelyreadablestencils.

Computationonmultiarrayscanbedoneonany levelasthoughit wasanormalZPL array. Forexample,

thefollowing codeperformsa4-pointstencilat every level of MA:

for i := 0 to 3 do
[MR - i . ] MA- i . = (MA - i . @north - i . + MA- i . @south - i . +

MA- i . @east - i . + MA- i . @west - i . )/4;
end;

Similarly, computationsbetweenlevelsaresimple,asillustratedin the following loop which performsa

restrictionoperationup thehierarchy:

for i := 0 to 2 do
[MR - i+1 . ] MA- i+1 . = (MA - i . @north - i . + MA- i . @south - i . +

MA- i . @east - i . + MA- i . @west - i . )/4;
end;

A readermight raisethe objectionthat multiregionsaresuperfluous.Why not simply allow the user

to declareanarrayof regionsusingZPL’s indexedarrays?Themainreasonwe chosenot to do so is that

regionsarenot a standardtypein ZPL, but rathera conceptunto itself. Dueto its valuein analyzingand

optimizationof ZPL code,we werehesitantto incorporateregionsinto thetypesystemalthoughthis may

berelaxedin ZPL’ssuccessorlanguage,AdvancedZPL.

Thebottomline is thatmultidirections,-regions,and-arrayshelpmeetmany of thegoalsthatwe laid

out for ourselvesin Section2: regionscanbe dynamicallyparameterizedthroughthe useof configura-

tion variables;multiarraysfulfill our expectationsfor hierarchicalarraysupportandtransparency, provide

persistentstorage,stencilexpressions,andboundaryconditionspecifications(not describedhere). ZPL’s

performancemodelspecifiesthatmultiarrayswill becompactlyallocated,loadbalanced,andimplemented

with minimalcommunication,andthattheparallelperformanceimplicationswill bevisible in thecode.In

thefollowing sectionswe will describewhatis requiredto make thiswork.
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4 Compiler Issues

The changesrequiredin the ZPL compiler to implementmultidirections,multiregions,andmultiarrays

fall into two main areas:adjustingthe internal representationto supporttheseconcepts,and updating

the compiler’s fluff analysispass.The first of theseis an organizationaltaskwhile the secondrequiresa

significantimprovementto ZPL’s compile-timeanalysis. Both of thesemodificationswill be addressed

here.

TheZPL compilerusesanAbstract SyntaxTree(AST) to storetheuserprogramduringcompilation,

with standardstructuresfor statements,expressions,datatypes,symboltableentries,etc.Thecompileruses

theAST to maintainZPL’s high-level semanticsthroughoutcompilation,only scalarizingthecodeduring

codegeneration.This is possibledueto thefactthatouroutputlanguageis ANSI C; thustraditionalscalar

optimizationsandissuessuchasregisterallocationaredelegatedto theC compiler.

Modifying theAST to supportZPL’smultigrid conceptsrequiredthreechanges:First,weaddedanew

dimensionfield to eachsymboltableentryto indicatetherangeof its multidimensionalparameterizationif

it exists(e.g., 1..0 ). In addition,we alsotaggedsymboltableentriesfor multidirectionswith theexpression

thatis usedto scalethem.Second,westoreany referenceto amultiregionor multiarrayin aZPL statement

asa traditionalarray referencewith a flag indicating that it is a multiregion or multiarray referencefor

typecheckingpurposes.Sincemultiregionsandmultiarraysare implementedusinga C arrayof region

or arraydescriptorsat runtime,this makescodegenerationfor referencesto multiregionsandmultiarrays

completelytransparent.Finally, wehadto modify ourmeansof referringto adirectionin aZPL expression.

Previously, directionscouldbestoredsimply asa pointerto their symboltableentrysincethey werejust a

name.Now thatdirectionscanhave a multi-indexing expression,they needto bestoredasa moregeneral

2-tupleof (symboltablepointer, expression).

In ZPL,fluff refersto memoryusedto cacheany nonlocalarrayvaluesthatarerequiredto implementan

@reference.Fluff isallocatedcontiguouslywith aprocessor’slocalblockof memorysothatonceitsvalues

aresetupvia communicationwith remoteprocessors,referencesto thosevaluesaretransparent,accessing

it as thoughit was local data. This is importantbecauseit eliminatesspecialcaseswhenimplementing

@referencesneartheboundariesof aprocessor’slocalblockof data– localandnonlocaldataareaccessed

identically.

The only trick to implementingfluff is knowing how much fluff to allocate. One approachwould

be to perform dynamicchecksto seeif sufficient fluff exists, and to resizethe processor’s local block

of dataif it doesn’t. This resultsin significantruntimeoverhead,especiallyfor local variablesthat may

be resizedwith every accessandthendestroyed oncethe subroutinereturns. Instead,the ZPL compiler

takesa staticwholeprogramanalysisapproachin which we examineall the@ referencesto anarrayand

annotatethatarray’s symboltablepointerwith thedirectionsthatextendits storageto themaximalextent

in eachdirection.Whenprovidedwith interproceduralaliasanalysisinformation,therunningtime of this
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algorithmis 1"2 354 6 7 , where3 is thenumberof @referencesin theprogramand 6 is themaximumnumber

of aliasesthat any arrayvariablehas. As a result, fluff analysistendsto be linear in the numberof @

referencesused.

Insertingmultidirectionsinto the compiler complicatesfluff analysissomewhat since the extent to

which an array is extendedis no longerstaticallyknown. Previously, the ZPL compilercould summa-

rize thefluff analysisfor eacharrayby storingtwo directionsperarraydimensionto describehow many

extra columnsshouldbe allocatedin the low andhigh directionsfor thatdimension.Now that the exact

magnitudeof adirectionis notknown (e.g., for areferenceA 8 i 9 @east8 j 9 , how many columnsof fluff need

to beallocated?),amorecomplex schemeis requiredfor fluff analysissinceassumingtheworst-casevalue

for j couldresultin exponentialamountsof memorybeingwasted.

Fortunately, sincemultigrid codesaretypically self-similarateverylevel of computation,@references

thatshow up in practiceareof theform A 8 i 9 @east8 i+k 9 , wherek is a small constant(typically -1, 0, or

1). Thesecasescanbehandledat compiletime usingsymbolicanalysis,resultingin no runtimeoverhead.

Caseswheretherelationshipbetweenthemultiarrayandmultidirectionarenot soclearwould have to be

handleddynamically(but arecurrentlynot handledatall).

Given the expressive power that multiregions and multiarraysadd to the language,thesechanges

seemedvery reasonableandpresentedno greattechnicalchallengesto implement. The most complex

changewasthe symbolicanalysisrequiredto determinethe relationshipbetweena multiarrayandmul-

tidirection in fluff analysis(or a multiregion andmultidirection in implicit storageanalysis). The most

disappointingeffect wastherequirementfor dynamicarrayresizingin caseswherethis relationshipcould

not bedeterminedstatically.

5 Runtime Implementation

Supportfor multidirections,multiregions,andmultiarraysconstituteda small changeto ZPL’s runtime

system.TraditionalZPL directions,regions,andarraysareeachrepresentedby a descriptorat runtime.

For example,directionshavethesimplestruntimerepresentation,which is simplyanintegerarray.

Regions’ descriptorsaresignificantlymoreinteresting.The indicesrepresentedby eachdimensionof

a region arestoredin threedifferentformats. The first is a 4-tupleformat 2 : ; <�; = ; 6 7 where : is the low

bound, < is thehigh bound, = is thestride,and 6 is thealignmentof theregion. Thesevaluescorrespond

directly to theregion’sformaldefinition[6] andareusedto dynamicallycreatenew regionsin termsof old

onesusingZPL’s region operators. In additionto this, the descriptorstoresthe global andlocal bounds

for eachdimension.Globalboundsareusedby a processorto determineits placein the largeschemeof

things.All computationovera region is expressedby generatingloopsthatiterateovera processor’s local

boundsfor thecurrentregion.

Array descriptorsareusedto implementmultidimensionalarrayssinceC hasno inherentsupportfor
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them. Thus,eacharraydescriptorcontainsa pointerto the chunkof memoryusedto storeits values,as

well asstridingandoffsetvaluessothatvaluescanberandomlyaccessedusingglobal indices.ZPL uses

a global indexing schemeso that arraysdeclaredover differentregionscanbe accessedusingthe same

index variable,andtheseaccessesareoptimizedby thecompilerto generallybeasfastasa local indexing

scheme. In addition to fields usedto describethe array layout in memory, array descriptorscontaina

referenceto theregion descriptorthatdefinestheir sizeandpointersto functionsthatcanbeusedto read

or write arrayvalues(particularlyusefulfor arraysof non-scalartypes).

Thechangesrequiredto adaptthesestructuresto work for multidirections,multiregions,andmultiar-

rayswasminimal. The ZPL compilercreatessetupcodefor eachdescriptor, whetherstaticor dynamic.

For multi-descriptors,thesesetuproutineswereadjustedto allocatea vectorof descriptors,andthento

loop over the parameterrange,settingup eachdescriptorasa function of the loop index. As described

in Section4, all referencesto multidirections,regions,or arraysweregeneratedasarrayaccesses,and

simply index into thesevectors.All of ZPL’s runtimesupportfor I/O andinterprocessorcommunication

arewritten to take its runtimedescriptorsasparameters,andthereforeworkedtransparentlywith multidi-

rections,regions,andarrays.This servedasverificationthatour approachof usingruntimedescriptorsto

representtheseobjectswasexcellentsoftwareengineeringfor allowing extensionssuchasthis to occurso

effortlessly.

6 Experiments

To evaluateour multigrid support,we comparedversion2.3 of theNAS MG benchmark[16] with a ZPL

implementation.Thisbenchmarkis a3dV-cyclemultigrid applicationthatcomputesanapproximatesolu-

tion to thediscretePoissonproblem.TheNAS MG benchmarkis hand-codedandwritten in Fortranwith

explicit codefor messagepassingusingMPI [8]. As such,it is expectedto bea fastportableimplementa-

tion.

The ZPL codeis the most faithful translationof the benchmarkpossible. The computationsare the

sameandareorganizedin thesameproceduralstyle.Onemajordifferenceis thattheFortrancodecontains

hand-optimizedstencilloopsthateliminateredundantcomputation.Computationthatis repeatedfrom one

iterationin theinnerloop to thenext iterationis precomputedoutsideof theinnerloop. This optimization

is illustratedasfollows. Considerthefollowing 2D nine-pointstencil:

for i := 1 to n do
for j := 1 to n do

A[i,j] := A[i-1,j-1] + A[i-1,j] + A[i-1,j+1] +
A[i,j-1] + A[i,j] + A[i,j+1] +
A[i+1,j-1] + A[i+1,j] + A[i+1,j+1]

Therearea > ?�@ additionsin theabove codesegment.This canbedecreasedto A ?�@ additionsby usinga
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Figure 2: ComparisonbetweenZPL and handcodedversionsof the NAS MG benchmark. (a) Differencein the
numberof productive linesof code(b) Speedupof classA problemsize(c) Speedupof classB problemsizeand(d)
Speedupof classC problemsize.

temporaryone-dimensionalarrayandrewriting thecodeasfollows:

for i := 1 to n do
for j := 0 to n+1 do

A1[j] := A[i-1,j] + A[i,j] + A[i+1,j]
for j := 1 to n do

A[i,j] := A1[j-1] + A1[j] + A1[j+1]

Notethat thepayoff is potentiallyevengreaterfor a 3d 27-pointstencil. Unfortunately, this optimization
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cannotbecodedexplicitly in ZPL andis currentlynot performedby thecompiler.

Anotherdifferencebetweenthe codesis that the ZPL versionis problemsizeandprocessorset in-

dependent,whereasthe handcodedversionassumesthat thesevaluesarestaticallyknown. This hastwo

implications. First, the NAS codemustbe recompiledwhenever the problemsizeor the numberof pro-

cessorschanges,andsecond,theNAS codecanpotentiallybenefitfrom optimizationsthat theZPL code

cannot.

Theprogramsdiffer significantlyin thecodelength.Figure2(a)shows thenumberof linesof codein-

volvedin thetimedportionof thebenchmark.Comments,whitespaceandinitializationcodewasremoved

from bothprograms.ZPL is morethanone-fifththesizeof theFortrancode.Notethatcommunicationac-

countsfor overhalf of theFortrancodesincetheprogrammerhasto manageall thedetailsof datatransfer

by hand. In addition,computationrequirestwice asmany lines in the Fortrancodeasin ZPL dueto the

overheadof settingup local boundsandlooping.

Theprogramswereboth run on a 400MhzCRAY T3E with a total of 272processors,eachwith 256

MG of memory. We ran threeclassesof the benchmark,A, B andC, on 4, 16, 64 and256 processors.

Therewasnot enoughmemoryto run classesA or B on1 processoror classC on lessthan8 processors.

Figure2(b-d) shows the speedupsobtainedfor eachclassof the problem. In eachcasespeedupsare

computedusingthefastestof thesmallest-processorsetrunsfor thatclass.As canbeseen,theperformance

of thetwo codesis quitesimilar, with ZPL scalingbetterthantheFortranasmoreprocessorsareadded.

Profiling theexecutionsindicatesthatZPL is moreefficient at communicationthanFortrandueto its

useof the Ironmaninterface[5]. This interfaceallows ZPL to take advantageof theSHMEM communi-

cationlibrary, which is a fastermeansof communicationon the Cray T3E dueto reducedbuffering and

copying. However, ZPL spendsmoretime thanFortran in computation,dueprimarily to its lack of the

stenciloptimizationreferredto above. This differenceexplainswhy ZPL scalesbetter, sincethecomputa-

tion becomesa lesssignificantpartof the total executiontime asmoreprocessorsareadded.We should

emphasizethat theseresultswereobtainedsimply by addingmultigrid supportto theZPL compilerasit

stood— no optimizationsspecificto multidirections,-regions,or -arrayswereadded.

FromtheseexperimentsweconcludethatZPL’smultigrid supportis competitivewith whatcanbedone

by hand,but is significantlymoreconciseandcleanerto write sincetheuserdoesn’t have to hasslewith

parallelimplementationdetails.

7 Related Work

In additionto ZPL, thereareseveralothermodernparallelprogramminglanguagesin activeuseanddevel-

opmentthatshouldbeconsideredfor multigrid applicationprogramming.TheseincludeHigh Performance

Fortran(HPF) [10], Co-Array Fortran(CAF) [14], andSingle-AssignmentC (SAC) [17]. Eachof these

languageshasbeensuccessfullyusedto write hierarchicalapplications[9, 15, 18], andwe evaluateeach
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languagebasedon ourwishlist of multigrid supportfrom Section2.

HPFis themostrenownedof parallellanguages,having receivedconsiderableattentionthroughoutthis

decade.However, thelanguage,aswell ascurrentcompilersfor it, leave muchto bedesiredfor multigrid

applications.Like ZPL, HPFsupportsa globalview of computation,managingdetailsof communication

anddatadistribution on theuser’s behalf.However, unlikeZPL, theprogrammeris givenno detailseither

syntacticallynor in languagedefinition itself asto how a programwill be implementedin parallel [13].

The result is that programmersmust tunetheir HPF programto a specificcompilerand/orarchitecture,

perhapsdevelopingtheir own empiricalperformancemodel in the process[9]. Thus,it is impossibleto

evaluateHPF asa languageon the parallel issuessuchas load balancing,minimal communication,and

nonlocalvaluetransparency. Parallelperformanceimplicationsareclearlynot givenby thelanguage.On

the plus side, HPF supportsmost of our nonparallelmultigrid concepts,which makessensegiven that

it is basedon a sequentiallanguage:Hierarchicaltransparency, compactallocation,persistentstorage,

andstencil expressionsareall supported,for example. It shouldbe notedthat HPF’s only supportfor

dynamicallyparameterizedhierarchicalarraysis via an arrayof pointersto dynamicallyallocateddata,

andthat this featureis not yet supportedby all implementations,forcing theuserto allocatethewastefulB	C�D
-dimensionalarray[9].

Co-ArrayFortranis similar to programmingin Fortran+MPIin thatit requirestheprogrammerto write

localper-processorcode.However, ratherthansupportingcommunicationthroughlibrary calls,it addsco-

arrays— aconcise,elegantextensionto Fortran90whichallowsprocessorsto referto non-localdata.The

advantageof thisapproachis thatit allowsusersto expresstheircommunicationatasemanticlevelwithout

dealingwith detailsof buffering andsettingup communicationschedules.In addition,by supportingthe

syntaxatthelanguagelevel, theCAF compileris freeto optimizecommunicationto adegreethatusersmay

beunwilling or unableto do themselves. Moreover, by makingnonlocalreferencesexplicit in thesource

code,theuseris givenasenseof theparallelimpactof theircode.SinceCAF is essentiallyFortran-90plus

nonlocalmemoryaccess,it is fully capableof expressingall the requirementsof a multigrid application.

Thetroubleis thattheprogrammerwill have to explicitly handledetailssuchasboundaryconditions,data

distribution,minimizing communication,etc.Thoughthis is not theendof theworld, it leavesmuchto be

desiredfor scientistswhowouldpreferto concentrateontheiralgorithmsratherthanparallelprogramming.

SingleAssignmentC is a functionalvariationon C developedat theUniversityof Kiel. Its extensions

provide multidimensionalarrays,APL-like operatorsfor dynamicallyqueryingarrayproperties,concise

specificationsof whole-arrayoperations,and functional semanticsat procedurecalls. SAC suppliesa

global view of arraysandcurrentlyrunsonly on sharedmemorycomputers,allocatingthe arraysin one

contiguousblock. This approachmakesissuessuchasminimal communicationandnonlocalvaluetrans-

parency moot — all the datais availableto all the processorsall the time. However, this approachdoes

make parallelperformanceimplicationssuchascachecoherency protocoloverheadinvisible to the user.

SAC’s functionalsemanticsmake it best-suitedfor writing multigrid applicationsin a recursive style,al-
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locatingarraysas local variableswhosesizesarea function of the function’s arrayarguments.This is

an elegantway of expressingmultigrid codessuchastheNAS MG benchmark,andaggressive compiler

optimizationssuchasinlining andloop unrolling resultin competitiveexecutiontimes[18]. However, the

recursive approachdoesnot fulfill our persistentstoragerequirementasrequiredby many adaptive mesh

refinementcodes.At thispoint it remainsto beseenwhetherpersistenthierarchicalarrayscanbeexpressed

in SAC without sacrificingperformance.

ZPL’sstrengthovertheseotherlanguagesis thatit providesaglobalview of thecomputation,yetonein

which theparallelperformanceimplicationsarevisible to theprogrammerat thesourcelevel. In addition,

ZPL’s languagefeaturessupportmostof theconceptsthatwereon ourwishlist in Section2.

8 Conclusions

In this paper, we have characterizedaspectsof a language’s semanticsand implementationthat are im-

portantfor supportingparallelmultigrid applications.Furthermore,we have demonstratedthatZPL’s hi-

erarchicalfeaturesallow it to fulfill most of theserequirementswith minimal changesto the compiler

andruntimesystem. Our experimentswith the NAS MG benchmarkshow that ZPL is a moreconcise,

readable,andflexible implementationof the codethanthe handcodedFortran+ MPI version,yet it per-

formscompetitively on theCrayT3E,scalingbetterandoutperformingthehandcodedbenchmarkon 256

processors.

Thebiggestdrawbackto ZPL’s multigrid supportis that it currentlydoesn’t have themeansto specify

or load balancesparsemultigrid computations.This is an issuethatwill be addressedin futurework by

providing supportfor sparseregionsin AdvancedZPL. We alsoplan to investigatethe stenciloptimiza-

tion discussedin Section6 asa meansof improving our scalarperformancewithout affectingtheuseror

obfuscatingthesourcecode.

References
[1] A. Brandt. Multi-level adaptive solutions to boundary value problems. Mathematicsof Computation,

31(138):333–390,1977.

[2] W. L. Briggs. A Multigrid Tutorial. SIAM, 1987.

[3] Bradford Chamberlain,Sung-EunChoi, E ChristopherLewis, Calvin Lin, LawrenceSnyder, andW. Derrick
Weathersby. Thecasefor highlevel parallelprogrammingin zpl. IEEEComputationalScienceandEngineering,
5(3):76–86,July-September1998.

[4] BradfordL. Chamberlain,Sung-EunChoi, E ChristopherLewis, Calvin Lin, LawrenceSnyder, andW. Derrick
Weathersby. ZPL’s WYSIWYG performancemodel. In Third InternationalWorkshopon High-Level Parallel
ProgrammingModelsandSupportiveEnvironments, pages50–61.IEEEComputerSocietyPress,March1998.

[5] BradfordL. Chamberlain,Sung-EunChoi, andLawrenceSnyder. A compilerabstractionfor machineindepen-
dentcommunicationgeneration.In LanguagesandCompilers for Parallel Computing, pages261–76.Springer-
Verlag,August1997.

14



[6] BradfordL. Chamberlain,E ChristopherLewis, Calvin Lin, andLawrenceSnyder. Regions: An abstraction
for expressingarraycomputation.In ACM SIGAPL/SIGPLANInternationalConferenceon Array Programming
Languages, pages41–9,August1999.

[7] W. Davids andG. Turkiyyah. Multigrid preconditionersfor unstructurednonlinear3d finite elementmodels.
Journalof EngineeringMechanics, 125(2):186–196,1999.

[8] MessagePassingInterfaceForum. MPI: A messagepassinginterfacestandard.InternationalJournal of Super-
computingApplications, 8(3/4):169–416,1994.

[9] MichaelFrumkin,HaoqiangJin,andJerryYan.Implementationof NAS parallelbenchmarksin highperformance
fortran. TechnicalReportNAS-98-009,NasaAmesResearchCenter, Moffet Field,CA, September1998.

[10] High PerformanceFortranForum. High PerformanceFortranSpecificationVersion1.1. November1994.

[11] R. LevequeandM. Merger. Adaptive meshrefinementfor hyperbolicpartialdifferentialequations.In Proceed-
ingsof the3rd InternationalConferenceon HyperbolicProblems, Uppsala,Sweden,1990.

[12] C. Lin, L. Snyder, R. Anderson,B. Chamberlain,S. Choi, G. Forman,E. Lewis, andW. D. Weathersby. ZPL
vs. HPF: A comparisonof performanceandprogrammingstyle. TechnicalReport95–11–05,Departmentof
ComputerScienceandEngineering,Universityof Washington,1995.

[13] Ton A. Ngo, LawrenceSnyder, andBradfordL. Chamberlain.Portableperformanceof dataparallellanguages.
In SC97:High PerformanceNetworkingandComputing, November1997.

[14] R. W. NumrichandJ.K. Reid.Co-arrayfortranfor parallelprogramming.TechnicalReportRAL-TR-1998-060,
RutherfordAppletonLaboratory, Oxon,UK, August1998.

[15] RobertW. Numrich,JohnReid,andKieunKim. Writing amultigrid solverusingco-arrayfortran.In Proceedings
of theFourth InternationalWorkshoponAppliedParallel Computing, Umea,Sweden,June1998.

[16] William Saphir, RobVanDer Wijngaart,Alex Woo,andMauriceYarrow. New implementationsandresultsfor
theNAS parallelbenchmarks2. In 8thSIAMConferenceonParallel Processingfor ScientificComputing, March
1997.

[17] S.-B.Scholz.SingleassignmentC - functionalprogrammingusingimperative style. In Proceedingsof IFL ‘94,
Norwich,UK, 1994.

[18] S.-B.Scholz.A casestudy:Effectsof WITH-loop-folding on theNAS benchmarkMG in SAC. In Proceedings
of IFL ‘98, London,1998.Springer-Verlag.

[19] LawrenceSnyder. The ZPL Programmer’s Guide. MIT Press(in press—available at publication date at
ftp://ftp.cs.washington.edu/pub/orca/docs/zplguide.ps),1998.

15


