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Abstract

Multigrid algorithmsarea computationaparadigmthatenjoy widespreadisein the scientificcom-
munity. While parallelmultigrid applicationshave beenin usefor quite sometime, parallellanguage
supportfor featurescommonto multigrid algorithmshasbeenlacking. This forcesscientistseitherto
expresstheircomputationsn high-level termswithoutknowing the parallelimpact,or to explicitly man-
ageall the detailsby hand,therebydiverting their attentionfrom the algorithmitself. In this paper we
enumeratgropertiesthat would be desirablefor ary parallellanguagethat hopesto supportmultigrid
applicationdevelopment.We thenexplain how thesepropertiesnfluencedhedesignof supportfor hier
archicalarraysin ZPL, our array-basegarallelprogrammindanguage We describeheimplementation
of thesefeaturesin the ZPL compilerandits runtime system. In addition,we shav thatour approach
performscompetitively with hand-codedrortran+ MPI for the NAS MG benchmarkputperformingit
on 256 processorsin addition, a staticcomparisorof the two codesdemonstrateZPL to be the more
concisereadableandflexible implementation.

1 Introduction

Multigrid algorithmsenjoy widespreadisein the scientificcommunitydueto their ability to produceac-
curateresultsin significantlylesstime thanadirect,non-hierarchicahpproach2, 1, 7]. Theseapplications
utilize hierarchical arrays which consistof a numberof levels eachwith fewer elementghanthe previ-
ouslevel — typically half asmary elementsper dimension. Real-world multigrid applicationstypically
involve large problemsizesandmary iterations.For this reasonparallelimplementationsreoftendevel-
opedto reducethe computationatunningtime. Dueto the prevalenceof this techniquejt seemsatural
thatparallelprogrammindanguageshouldprovide userswith the ability to createhierarchicalrraysthat
areeasyto manipulatewhoseparallelimplementatioris madeclearto the programmerandwhich result
in efficient parallelexecution. Yet, mostmodernparallellanguagesail in this respectgitherby forcing
the programmeto dealwith low-level implementatiordetailsthat area distractionfrom the algorithmat
hand,or by providing themwith high-level featureghathave no performancenodelwith whichto evaluate
implementatioralternatves.

*Thisresearctwassupportedn partby agrantof HPCtime from the Arctic Region Supercomputingenter



In this paperwe describethe designandimplementationof ZPL's supportfor multigrid algorithms.
ZPL is anarray-basegarallelprogramminganguagevhich hasprovensuccessfuin the domainof non-
hierarchicabataparallelcomputation$3, 12]. ZPL programgendto beconciseandeasyto read,yetresult
in executiontimesthataresimilarto hand-codeanessag@assingprogramsZPL is unigueamongparallel
programmindanguagesn thatit combinesaglobalview of arraycomputationsvith a performancenodel
thatallows usergo evaluatethe parallelimplicationsof their codeat the syntacticlevel [4].

This paperconstituteghefirst descriptionof how we extendedZPL straditionalconstructgo elegantly
expresshierarchicakomputationsisingmultiregionsandmultiarrays Althoughtheseconceptdave been
describectlsavhere[19], thisis thefirst discussiorof the principlesthatguidedtheir designthelanguage
designitself, and the implementatiorof both hierarchicaland non-hierarchicategionsandarraysin the
ZPL compilerandruntime. We evaluateour approachby comparinga ZPL implementatiorof the NAS
MG benchmarkwvith the original hand-codedrortran+ MPI version.Comparisonsremadebothin terms
of the staticprogramsandtheir parallelruntime performance This paperis thefirst presentatiorof these
resultst

This papeiis organizedasfollows: In thenext sectionwe give anenumeratiorof factorshatplayarole
in theefficient parallelexecutionof multigrid applications Section3 givesa brief introductionto ZPL and
describeshow thesefactorsinfluencedthe designof hierarchicalarray supportin ZPL. Sections4 and5
describehow we implementedmultiregionsand multiarraysin the ZPL compilerandruntime. We give
performanceesultsfor a ZPL versionof the MG benchmarkn Section6, makingcomparisonsvith the
hand-codedNAS implementation.In Section7 we summarizdanguagesupportfor multigrid algorithms
in otherparallelprogrammingdanguagesandin Section8 we conclude.

2 Parallel Multigrid Considerations

We beagin by consideringnultigrid algorithmsabstractlydefiningasetof propertiegshatwould bedesirable
in parallellanguageso aid in the cleanexpressiorandefficientimplementatiorof multigrid applications.
Thislist canthenbeusedto evaluatealanguages supportfor multigrid applicationspr to guidethedesign
of new conceptsthat might aid in designingsuchsupport. For the purposesof this discussion et us
characterizea multigrid applicationashaving d dimensiongerlevel with n; x ns x ... x ng elementsat
its finestlevel, andi levelsaltogether

Initially, let usrestrictoursehesto characteristicthatapplynotonly to parallelmultigrid applications,
but alsoto sequentiabnes.Thefirst propertythatcomego mindis thatthelanguageshouldallow program-
mersto write multigrid applicationsin which the valuesof n;, I, andpotentiallyevend areleft unbound
until runtime. We'll referto this asdynamicparameterization Forcing programmergo staticallyspecify

17PL performancdiguresfor NAS MG have beenpublishedpreviously [13], but usinganapproachhatpredatedhe hierarchical
languageconstructsrelying insteadon macroexpansionand codereplicationto a degreethat clasheswith goodlanguagedesign
principles.



thesevaluesis a severeincorveniencerequiringrecompilationfor every new problemsize or degreeof
refinementhatthey careto run.

Oncethesevalueshave beengivennamesthelanguageshouldsupportheir usein declaringhierarchi-
cal arrays.Dueto thefactthatmultigrid applicationgendto performthe sameoperationsat eachlevel of
thearray the hierarchicalarrayshouldbe indexableby level sothatthe usercaniterateover levels of the
hierarchy applyingthe samecomputationto eachlevel. In this sensehierarchicalarrayscanbe thought
of asd + 1-dimensionahkrrayswherethe additionaldimensioncorrespondso thelevel number However,
they differ from traditionalarraysin that eachlevel containsa differentnumberof elements.The ability
to declareanditerateover sucharrayswill be calledhierarchical array support All operationghata lan-
guagesupportontraditionalnon-hierarchicadrrays— e.g., indexing, reductionspermutations— should
alsobeapplicableto asinglelevel of ahierarchicabrray Furthermoreasinglelevel of ahierarchicahrray
shouldsene asa legal actualparametefor any formal parametewhosetypeis a traditionalarray of the
sameelementtype. We referto theselasttwo propertiesashierarchical transpaency Hierarchicalarray
supportandhierarchicatransparenghbothreinforcebasicprinciplesof codereusetherebysimplifying the
programmerstaskandallowing for amoreconcise gxpressie program.

Next, let usconsidermemoryallocationfor the hierarchicalrray Eachlevel of thearrayshouldbeal-
locateddenselyin memoryto ensuregoodcacheperformanceFurthermorethetotalmemoryconsumption
for thehierarchicalarrayshouldcorrespondo the total numberof elementsn the hierarchy In particular
allocatingan; x ns X ... X ng x I rectangulaarrayis completelyunacceptabléWe referto theseproper
tiesascompaciallocation Hierarchicalarraysshouldalsohave persistentstorage in which arrayvaluesat
all levels of the hierarchyarepresered acrossterationsover the hierarchy For instancethis rule would
be brokenby languageshatonly provide supportfor hierarchicalarraysby iteratingover the levelsrecur
sively andallocatinga local arrayfor eachcall thatis twice assmall (or big) asthatof the previouslevel.
Although this approachresultsin animplicit hierarchicalarray structure the array valuesare lost upon
returningfrom the recursve calls andthereforewould not be presered for subsequeniterations. Main-
taining valuesacrossiterationsis a requiremenfor mary multigrid applications,suchasadaptve mesh
refinementechniqueAMR) [11]. Finally, eachlevel of the hierarchyshouldsupportspaisemembeship
sothatmemoryis not wastedif the programmeionly wishesto refinecertainareasof the problemspace,
andthesesparsitypatternsshouldbe dynamicallycomputable.

Finally, the languageshouldsupportcleanstencilexpressionswithin alevel andbetweenevelssince
thesearethe mostprevalentoperationsn multigrid applications.Theseexpressionshouldincludecornvo-
lutionsata givenlevel of the hierarchyrestrictionsfrom afine level of the hierarchyto a coarsetevel, and
interpolationsfrom a coarsedevel to afine level. To reducethe numberof specialcasedor theseexpres-
sions,thereshouldbe supportfor boundaryconditionspecificationandfor periodicboundaryconditions
in particular dueto their prevalence.

Let usnow turnour attentionto characteristicthatarespecificto parallelimplementationsf multigrid



applications. To begin with, the programmershould be able to write programswithout specifyingthe
numberof processorat compile-time. In parallel computingenvironments,processorvailability can
changequickly, andrecompilingfor eachpotentialprocessoconfigurationquickly becomes nuisancdor
users.Thus,dynamicprocessosspecificatioris key for programmercorvenience.

Load balancingis essentiafor making the bestuseof parallel computingresources.For example,
densemultigrid applicationscanoften be load balancedsimply by dividing eachlevel of the hierarchical
arrayinto equal-sizedlocks.

Minimal communicatiorshouldbe usedto accessionlocaldatavalues. For example,in computinga
9-pointstencilfor ad = 2 denseblocked multigrid application,only onenonlocalrow/column/elementf
dataneedsto be transferredrom eachof the 9 logical directions,so this shouldbe implementedwith a
minimal point-to-pointdatatransferschemeatherthana moregeneralandexpensve all-to-all communi-
cation. In short,the communicatiorcostsshouldbe proportionalto the complexity of the stencilandthe
datadistribution. Oncecommunicatiorhascompletedthe non-localvaluesshouldbe storedin suchaway
thatthey canbe accessedscheaplyaslocal datavalues.We call this nonlocalvaluetranspaency

Finally, the languageshould give the usersomesenseof the parallel performanceimplications of
their designchoices:how doesthe users implementatioraffect the communication)oad balancing,and
concurrenyg of the program. Preferablythesecuesshouldbe given at anintuitive level suchassyntactic
cuesratherthanthroughprofiling andpost-processinfeedbackmechanisms.

Thiscompleteour “wishlist” of propertiedor parallelmultigrid languagesupport.We malke no claims
thatthis list is exhaustie, but ratherput it forth asa prototype,believing thatit coversthe fundamental
issueghatarecommorto awide varietyof multigrid codes.Dueto limited spaceandtheinherentcomplex-
ity of the problem,we postponeour discussiorof sparsemultigrid applicationsuntil a laterdate,focusing
on the densecasein this paper We believe that without sufficient supportfor the densecase the elegant
andefficient expressiorof sparsemultigrid applicationss unlikely, andsowe focusonthe easiemproblem
for now.

3 Multigrid Support in ZPL

This sectiongivesa brief review of ZPL's region, array and direction conceptsandthen describesour
designprocesdor extendingtheseconceptdo supportmultigrid applications.For a more detailedintro-
ductionto ZPL, see[19].

ZPL's fundamentakonceptis the region. Regionsareindex setswith no associatedlata. They are
commonlynamedthoughdynamicregionspecifiercanalsobeinlineddirectlyinto thecode.For example:

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

Thesedeclarationglefineregion R, which is ann x n index set,andBigR, which extendsR by onerow



andcolumnin eachdirection. Regions’ sizescanbe describedisingconstantor configuation variables
— runtimeconstantghataresetatthebeginningof a ZPL programs execution.

Regionsareusedto declareparallel arrays To declarewo arraysof doublesovertheindicesspecified
by BigR, onewould write:

var A, B: [BigR] double;

Reagionsalsospecifycomputatioroverarrays.For example thefollowing statemenperformselementwise
assignmenfrom B to A onlyfor thoseindicesdescribedy R:

[R] A = B;

A region’s index setis partitionedacrossthe processoisetand thusis a sourceof parallelism. ZPL's
performancemodelspecifieshat A andB will be distributedidentically [4], andthereforethe statement
above is completelyparallel.

Anotherbasicconceptn ZPL is thedirection A directionis simply anoffsetvector The @ operator
takesan arrayanda direction as operandsand shifts referencedo the array by the offset. Soto replace
eachelementof A with the sumof its northwestandsoutheasheighborspnewould write:

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

To improve programreadability directionsaretypically named.For example,onecouldrewrite theabove
computatioras:

direction nw
se

['1!'1];
[ 1, 1];

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

ZPL s performancemodelindicatesthatthe @ operatorepresentsnarrayreferenceequiringpoint-
to-pointcommunicatiorj4]. Otheroperatorsupportreductionsparallelprefix operationsfloods,remaps,
and boundarycondition support,and eachof thesehasa particularform of communicationassociated
with it. This allows the programmeiandcompilerto trivially identify wheredatatransferis requiredand
what type of communicatiorwill take place. For example,whenthe programmerseesan @ operator
s/heknows that point-to-pointcommunicationis required,whereashe remapoperatorwould indicatean
expensve all-to-all communication.

In additionto denseregions,ZPL supportsstridedregionsandarrays.For example,to declareastrided
region S2thatomitsall of R's evennumberedndicesandanarrayC over this region, onewrites:

region S2 = R by [2,2];
var C : [S2] integer;
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Figurel: Threepossibleviews of hierarchicalarrayMA: the conceptualiew, aview of thedatawith densendices,
andaview of thedatawith stridedindicesasencouragethy ZPL's performancenodel.

Notethatthe“step”[2,2] is simply adirectionandcouldbe namedasusual. This regionis partitionedover
theprocessosetin thesameway asR. Thereforethe statement:

[S2] A := B + C;

involvesno interprocessocommunication.Furthermorethe elementof A not referredto by S2 remain
unchanged.

Although stridedregionsaresufficient for describingany individual level in a hierarchicalarray each
levelwould haveto beexplicitly declarecandnamedyiolating our notionof hierarchicalkrraysupport.For
this reasonwe introducethe conceptof parameterizin@PL directions regions,andarrays.For example,
thefollowing declaresa multidirection mse{ }:

direction mse{0..3 } = [1,1] scaledby 2" {};

which describeghe four directions:[1,1], [2,2], [4,4], and[8,8]. To referto the direction[2,2], the pro-
grammewould simply write mse{1}. This canthenbeusedto definea multiregion:

region MR} = R by mse{};
whichin turn candefinea multiarray:

var MA} : [MR{}] integer;



Thus, MA{} is a 2-dimensionahierarchicalarray with four levels, andindicescorrespondingo those
describecby MR{}.

At this point it is worth noting that thereare two differentindexing schemedor hierarchicalarrays
in any language.For example,to expressthe hierarchicalarray conceptualizedn Figure 1(a) we could
eitherdefinelevel i denselyas[1..n/(27),1..n/(271)](Figure 1(b)), or we could defineeachlevel asbeing
[1..n,1..n],but stridedby largerandlargeramountgFigure1(c)). In orderto ensurehathierarchicabrrays
areload balancedandthat stencil operationgequireminimal communicationZPL's performancenodel
dictatesthatthe seconds the betterchoicefor our language.Thoughusersare ofteninitially resistanto
think aboutindexing in this manneythey quickly realizethat onceregionsanddirectionsare named,the
numericindicescanbeignored,resultingin extremelyreadablestencils.

Computatioronmultiarrayscanbedoneonary level asthoughit wasanormalZPL array Forexample,
thefollowing codeperformsa 4-pointstencilat every level of MA:

for i = 0 to 3 do
[MR{i }] MAi } = (MA{i }@north {i } + MAi }@south{i } +

MAi }@east{i } + MAi @west{i })/4;
end;

Similarly, computationdetweenevels are simple, asillustratedin the following loop which performsa
restrictionoperationup the hierarchy:
for i = 0to 2 do
[MR{i+1 }] MAi+1 } = (MA{i }@north {i } + MAi }@south{i } +
MAi t@east{i } + MAi l@west{i })/4;

end;

A reademight raisethe objectionthat multiregionsare superfluous.Why not simply allow the user
to declarean arrayof regionsusingZPL's indexed arrays?The main reasonwe chosenot to do sois that
regionsarenot a standardypein ZPL, but rathera conceptuntoitself. Dueto its valuein analyzingand
optimizationof ZPL code,we werehesitanto incorporateregionsinto the type systemalthoughthis may
berelaxedin ZPL's successolanguageAdvancedZPL.

Thebottomline is thatmultidirections,-regions,and-arrayshelp meetmary of the goalsthatwe laid
out for oursehesin Section2: regionscan be dynamicallyparameterizedhroughthe useof configura-
tion variablesmultiarraysfulfill our expectationdor hierarchicalarraysupportandtransparenyg, provide
persistenstorage stencilexpressionsandboundarycondition specificationgnot describechere). ZPL's
performancenodelspecifiegshatmultiarrayswill becompactlyallocatedJoadbalancedandimplemented
with minimal communicationandthatthe parallelperformancémplicationswill bevisiblein thecode.In
thefollowing sectionave will describewhatis requiredto make thiswork.



4 Compiler I'ssues

The changesequiredin the ZPL compilerto implementmultidirections, multiregions, and multiarrays
fall into two main areas: adjustingthe internal representatioio supporttheseconcepts,and updating
the compiler’s fluff analysispass. The first of theseis an organizationataskwhile the secondrequiresa
significantimprovementto ZPL's compile-timeanalysis. Both of thesemodificationswill be addressed
here.

The ZPL compilerusesan Abstact SyntaxTree (AST) to storethe userprogramduring compilation,
with standardstructuredor statementsexpressionsgatatypessymboltableentries,etc.The compileruses
the AST to maintainZPL's high-level semanticshroughoutcompilation,only scalarizingthe codeduring
codegenerationThisis possibledueto thefactthatour outputlanguages ANSI C; thustraditionalscalar
optimizationsandissuessuchasregisterallocationaredelegatedto the C compilet

Modifying the AST to supportZPL's multigrid conceptsequiredthreechangesFirst, we addeda new
dimensiorfield to eachsymboltableentryto indicatethe rangeof its multidimensionaparameterizatioif
it exists(e.g., 1.1). In addition,we alsotaggedsymboltablesntriesfor multidirectionswith the expression
thatis usedto scalethem. Secondye storeary referenceao amultiregionor multiarrayin aZPL statement
asa traditional array referencewith a flag indicatingthatit is a multiregion or multiarray referencefor
typecheckingourposes. Sincemultiregions and multiarraysare implementedusing a C array of region
or arraydescriptorsat runtime, this makescodegeneratiorfor referenceso multiregionsandmultiarrays
completelytransparentrinally, we hadto modify ourmeanf referringto adirectionin aZPL expression.
Previously, directionscould be storedsimply asa pointerto their symboltableentry sincethey werejust a
name.Now thatdirectionscanhave a multi-indexing expressionthey needto be storedasa moregeneral
2-tupleof (symboltablepointer, expression).

In ZPL, fluff refersto memoryusedo cacheany nonlocalarrayvaluesthatarerequiredto implementan
@ referenceFIuff isallocatedcontiguouslywith aprocessoslocalblock of memorysothatonceits values
aresetup via communicatiorwith remoteprocessorgeferenceso thosevaluesaretransparentaccessing
it asthoughit waslocal data. This is importantbecausét eliminatesspecialcasesvhenimplementing
@ referenceseartheboundarie®f aprocessoslocal block of 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, andto resizethe processos local block
of dataif it doesnt. This resultsin significantruntime overhead especiallyfor local variablesthat may
be resizedwith every accessandthendestrgyed oncethe subroutinereturns. Instead,the ZPL compiler
takesa staticwholeprogramanalysisapproachn which we examineall the @ referenceso anarrayand
annotatehatarray's symboltablepointerwith the directionsthat extendits storageto the maximalextent
in eachdirection. Whenprovidedwith interprocedurahliasanalysisinformation,the runningtime of this



algorithmis O(n - a), wheren is thenumberof @ referencei the programanda is the maximumnumber
of aliasesthat ary arrayvariablehas. As a result, fluff analysistendsto be linear in the numberof @
referencesised.

Inserting multidirectionsinto the compiler complicatesfluff analysissomavhat sincethe extent to
which an arrayis extendedis no longer statically known. Previously, the ZPL compiler could summa-
rize the fluff analysisfor eacharrayby storingtwo directionsper arraydimensionto describehow mary
extra columnsshouldbe allocatedin the low andhigh directionsfor thatdimension.Now thatthe exact
magnitudeof adirectionis notknown (e.g., for areferencéA{i} @eas{j }, how mary columnsof fluff need
to beallocated?)a morecomplex schemas requiredfor fluff analysissinceassumingheworst-casevalue
for j couldresultin exponentialamountsof memorybeingwasted.

Fortunately sincemultigrid codesaretypically self-similarateverylevel of computation(@ references
thatshaw up in practiceareof theform A{i} @easfi+k}, wherek is a small constanf(typically -1, O, or
1). Thesecasesanbe handledat compiletime usingsymbolicanalysisfesultingin no runtimeoverhead.
Casesvheretherelationshipbetweerthe multiarrayand multidirectionarenot so clearwould have to be
handleddynamically(but arecurrentlynot handledat all).

Given the expressie power that multiregions and multiarraysadd to the language,thesechanges
seemedvery reasonableand presentecho greattechnicalchallengego implement. The most complex
changewasthe symbolicanalysisrequiredto determinethe relationshipbetweena multiarray and mul-
tidirection in fluff analysis(or a multiregion and multidirectionin implicit storageanalysis). The most
disappointingeffect wasthe requirementfor dynamicarrayresizingin casesvherethis relationshipcould
notbedeterminedstatically

5 Runtimelmplementation

Supportfor multidirections, multiregions, and multiarraysconstituteda small changeto ZPL's runtime
system. Traditional ZPL directions,regions,and arraysare eachrepresentetby a descriptorat runtime.
For example directionshave the simplestruntimerepresentationyhichis simply anintegerarray

Regions’ descriptoraresignificantlymoreinteresting.The indicesrepresentety eachdimensionof
aregion are storedin threedifferentformats. The first is a 4-tupleformat (I, , s, a) wherel is the low
bound, 2 is the high bound,s is the stride,anda is the alignmentof the region. Thesevaluescorrespond
directly to theregion’sformal definition[6] andareusedto dynamicallycreatenew regionsin termsof old
onesusingZPL's region operators. In additionto this, the descriptorstoresthe global andlocal bounds
for eachdimension.Global boundsare usedby a processoto determineits placein the large schemeof
things. All computatiorover aregionis expressedy generatingoopsthatiterateover a processos local
boundsfor the currentregion.

Array descriptorsareusedto implementmultidimensionalrrayssinceC hasno inherentsupportfor



them. Thus,eacharray descriptorcontainsa pointerto the chunkof memoryusedto storeits values,as
well asstriding andoffsetvaluessothatvaluescanbe randomlyaccessedsingglobalindices.ZPL uses
a global indexing schemeso that arraysdeclaredover differentregions canbe accessedisingthe same
index variable, andtheseaccesseareoptimizedby the compilerto generallybe asfastasalocal indexing

scheme. In additionto fields usedto describethe array layoutin memory array descriptorscontaina

referenceo theregion descriptorthat definestheir sizeand pointersto functionsthat canbe usedto read
or write arrayvalues(particularlyusefulfor arraysof non-scalatypes).

The changesequiredto adaptthesestructurego work for multidirections,multiregions,andmultiar-
rayswasminimal. The ZPL compilercreatessetupcodefor eachdescriptoy whetherstaticor dynamic.
For multi-descriptorsthesesetuproutineswere adjustedto allocatea vector of descriptorsandthento
loop over the parameterange,settingup eachdescriptoras a function of the loop index. As described
in Section4, all referencego multidirections,regions, or arrayswere generatecdas array accessesand
simply index into thesevectors. All of ZPL's runtime supportfor I/O andinterprocessocommunication
arewritten to take its runtimedescriptorsas parametersandthereforeworked transparentlyvith multidi-
rections,regions,andarrays.This senedasverificationthat our approactof usingruntimedescriptorgo
representheseobjectswasexcellentsoftwareengineeringor allowing extensionssuchasthis to occurso
effortlessly

6 Experiments

To evaluateour multigrid support,we comparedsersion2.3 of the NAS MG benchmarK16] with aZPL
implementationThisbenchmarks a 3d V-cycle multigrid applicationthatcomputesaanapproximatesolu-
tion to the discretePoissorproblem. The NAS MG benchmarks hand-code@ndwritten in Fortranwith
explicit codefor messag@assingusingMPI [8]. As such,it is expectedo be afastportableimplementa-
tion.

The ZPL codeis the mostfaithful translationof the benchmarkpossible. The computationsare the
sameandareorganizedn thesameproceduraktyle. Onemajordifferencds thatthe Fortrancodecontains
hand-optimizedtencilloopsthateliminateredundantomputation Computatiorthatis repeatedrom one
iterationin theinnerloopto the next iterationis precomputeautsideof theinnerloop. This optimization
is illustratedasfollows. Considerthefollowing 2D nine-pointstencil:

for i = 1 to n do
for j = 1to n do
Ali,j] = Ali-1,j-1] + A[i-1,j] + Afi-1,j+1] +
Ali,j-1] + Ali,j] + Afij+1] +

Ai+1,j-1] + Ali+1,j] + Afi+1,j+1]

Therearea 8n? additionsin the above codesggment. This canbe decreasetb 6n? additionsby usinga
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Figure 2: ComparisonbetweenZPL and handcoded/ersionsof the NAS MG benchmark. (a) Differencein the
numberof productize lines of code(b) Speedupf classA problemsize(c) Speedumf classB problemsizeand(d)

Speedumf classC problemsize.

temporaryone-dimensionarrayandrewriting the codeasfollows:

for i ;= 1 to n do
for j = 0 to n+l do
Al[j] = A[i-1,]
for j = 1to n do
Ali]] = Alf-1]

Notethatthe payof is potentiallyeven greaterfor a 3d 27-pointstencil. Unfortunately this optimization
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cannotbe codedexplicitly in ZPL andis currentlynot performedby thecompilet

Another differencebetweenthe codesis thatthe ZPL versionis problemsize and processosetin-
dependentwhereaghe handcoded/ersionassumeshat thesevaluesare statically known. This hastwo
implications. First, the NAS codemustbe recompiledwheneer the problemsize or the numberof pro-
cessorghangesandsecondthe NAS codecanpotentiallybenefitfrom optimizationsthatthe ZPL code
cannot.

The programdiffer significantlyin the codelength. Figure2(a) shavs the numberof linesof codein-
volvedin thetimed portionof thebenchmarkCommentswhitespacendinitialization codewasremoved
from bothprogramsZPL is morethanone-fifththe sizeof the Fortrancode.Notethatcommunicatiorac-
countsfor over half of the Fortrancodesincethe programmehasto manageall the detailsof datatransfer
by hand. In addition,computatiorrequirestwice asmary linesin the Fortrancodeasin ZPL dueto the
overheacbf settingup local boundsandlooping.

The programswereboth run on a 400Mhz CRAY T3E with atotal of 272 processorseachwith 256
MG of memory We ranthreeclassesf the benchmarkA, B andC, on 4, 16, 64 and 256 processors.
Therewasnotenoughmemoryto run classe#\ or B on 1 processoor classC onlessthan8 processors.

Figure 2(b-d) shows the speedup®btainedfor eachclassof the problem. In eachcasespeedupsire
computedisingthefastesof thesmallest-processaetrunsfor thatclass.As canbeseentheperformance
of thetwo codess quitesimilar, with ZPL scalingbetterthanthe Fortranasmoreprocessorareadded.

Profiling the executionsindicatesthat ZPL is moreefficient at communicatiorthanFortrandueto its
useof the Ironmaninterface[5]. This interfaceallows ZPL to take advantageof the SHMEM communi-
cationlibrary, which is a fastermeansof communicatioron the Cray T3E dueto reducedbuffering and
copying. However, ZPL spendsmoretime than Fortranin computationdue primarily to its lack of the
stenciloptimizationreferredto above. This differenceexplainswhy ZPL scaleshetter sincethecomputa-
tion becomesa lesssignificantpart of the total executiontime as more processorare added. We should
emphasizahat theseresultswere obtainedsimply by addingmultigrid supportto the ZPL compilerasit
stood— no optimizationsspecificto multidirections-regions,or -arrayswereadded.

Fromtheseexperimentsve concludethatZPL s multigrid supportis competitve with whatcanbedone
by hand,but is significantlymore conciseandcleanerto write sincethe userdoesnt have to hasslewith
parallelimplementatiordetails.

7 Related Work

In additionto ZPL, therearesereralothermodernparallelprogrammindanguage active useanddevel-

opmentthatshouldbeconsideredor multigrid applicationprogramming ThesdancludeHigh Performance
Fortran (HPF) [10], Co-Array Fortran(CAF) [14], and Single-Assignmen€ (SAC) [17]. Eachof these
languagedasbeensuccessfullyusedto write hierarchicalapplicationd9, 15, 18], andwe evaluateeach
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languagebaseddn our wishlist of multigrid supportfrom Section2.

HPFis themostrenavnedof parallellanguageshaving recevedconsiderablattentionthroughouthis
decade However, the languageaswell ascurrentcompilersfor it, leave muchto be desiredfor multigrid
applications.Like ZPL, HPF supportsa globalview of computationmanagingdetailsof communication
anddatadistribution onthe users behalf. However, unlike ZPL, the programmeis givenno detailseither
syntacticallynor in languagedefinitionitself asto how a programwill be implementedn parallel [13].
The resultis that programmersnusttune their HPF programto a specificcompilerand/orarchitecture,
perhapgdevelopingtheir own empirical performancemodelin the procesqd9]. Thus,it is impossibleto
evaluateHPF as a languageon the parallelissuessuchasload balancing,minimal communicationand
nonlocalvaluetranspareng Parallel performancemplicationsareclearly not given by the language On
the plus side, HPF supportsmost of our nonparallelmultigrid conceptswhich makes sensegiven that
it is basedon a sequentialanguage:Hierarchicaltranspareng compactallocation, persistentstorage,
and stencil expressionsare all supportedfor example. It shouldbe notedthat HPF's only supportfor
dynamically parameterizedhierarchicalarraysis via an array of pointersto dynamicallyallocateddata,
andthatthis featureis not yet supportedoy all implementationsforcing the userto allocatethe wasteful
d + 1-dimensionahrray[9].

Co-ArrayFortranis similarto programmingn Fortran+MPlin thatit requiresghe programmeto write
local perprocessocode.However, ratherthansupportingcommunicatiorthroughlibrary calls,it addsco-
arrays— aconcise glegantextensionto Fortran90 which allows processor$o referto non-localdata. The
adwantageof thisapproachs thatit allows usergo expresgheir communicatiorata semantidevel without
dealingwith detailsof buffering andsettingup communicatiorschedulesIn addition,by supportingthe
syntaxatthelanguagdevel, the CAF compileris freeto optimizecommunicatiorio adegreethatuseramay
be unwilling or unableto do themseles. Moreover, by makingnonlocalreferencesxplicit in the source
code theuseris givenasensef theparallelimpactof their code.SinceCAF is essentiallyortran-90plus
nonlocalmemoryaccessit is fully capableof expressingall the requirement®f a multigrid application.
Thetroubleis thatthe programmemvill have to explicitly handledetailssuchasboundaryconditions,data
distribution, minimizing communicationetc. Thoughthisis not the endof theworld, it leavesmuchto be
desiredor scientistavhowould preferto concentratentheiralgorithmsratherthanparallelprogramming.

SingleAssignmen(C is a functionalvariationon C developedat the University of Kiel. Its extensions
provide multidimensionalarrays,APL-like operatordor dynamicallyqueryingarray properties,concise
specificationsof whole-arrayoperations,and functional semanticsat procedurecalls. SAC suppliesa
global view of arraysand currentlyrunsonly on sharedmemorycomputersallocatingthe arraysin one
contiguousblock. This approachmakesissuessuchasminimal communicatiorandnonlocalvaluetrans-
pareny moot— all the datais availableto all the processorsll the time. However, this approachdoes
male parallel performancemplicationssuchas cachecoherenyg protocoloverheadnvisible to the user
SAC'’s functionalsemanticsnake it best-suitedor writing multigrid applicationsin arecursve style, al-
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locating arraysaslocal variableswhosesizesare a function of the function’s array arguments. This is
an elegantway of expressingmultigrid codessuchasthe NAS MG benchmarkandaggressie compiler
optimizationssuchasinlining andloop unrolling resultin competitive executiontimes[18]. However, the
recursve approachdoesnot fulfill our persistenstoragerequirementsrequiredby mary adaptve mesh
refinementodes At thispointit remaingo beseenwhethepersistenhierarchicabrrayscanbeexpressed
in SAC without sacrificingperformance.

ZPL sstrengthovertheseotherlanguagess thatit providesaglobalview of thecomputationyetonein
which the parallelperformancemplicationsarevisible to the programmeat the sourcelevel. In addition,
ZPLslanguagdeaturesupportmostof the conceptghatwereon ourwishlistin Section2.

8 Conclusions

In this paper we have characterizedspectof a languages semanticeandimplementatiorthat are im-
portantfor supportingparallelmultigrid applications.Furthermorewe have demonstratethat ZPL's hi-
erarchicalfeaturesallow it to fulfill mostof theserequirementsvith minimal changego the compiler
andruntime system. Our experimentswith the NAS MG benchmarkshown that ZPL is a more concise,
readableandflexible implementatiorof the codethanthe handcoded-ortran+ MPI version,yet it per
forms competitively on the Cray T3E, scalingbetterandoutperformingthe handcodedenchmarlon 256
processors.

The biggestdravbackto ZPL's multigrid supportis thatit currentlydoesnt have the meango specify
or load balancesparsemultigrid computations.This is anissuethatwill be addressedh future work by
providing supportfor sparseregionsin AdvancedZPL. We alsoplan to investigatethe stencil optimiza-
tion discussedn Section6 asa meansof improving our scalarperformancewithout affecting the useror
obfuscatinghe sourcecode.
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