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Abstract

This paperintroducesa techniquefor parallelsparsecomputationby extendingthe array-language
conceptof regions—regular programmer-specifiedindex setsusedfor specifyingarraycomputations.
Weintroducethenotionof sparseregionswhichcanrepresentanarbitrarysetof indices.Sparseregions
inherit thebenefitsof regularregions,includingconciseness,a directencapsulationof parallelism,and
supportfor languageperformancemodelsthathighlight paralleloverheads.We show thatregion-based
arraylanguagescanbenefitfrom theuseof sparseregions,bothin termsof thesemanticrichnessavail-
able to the programmerand the executiontimesof the resultingprogram. We alsodemonstratethat
regionsresult in efficient implementationsascomparedto array-basedapproachs,dueto their role in
amortizingsparseoverheadsandenablingoptimizations.

1 Introduction

Sparsecomputationsform animportantclassof applicationsfor parallelcomputing,yet onethathasbeen

largelyignoredin theparallelprogramminglanguagecommunity. Few languagesexist thatcontainbuilt-in

supportfor sparsity. Instead,mostrequireprogrammersto explicitly build andmanipulatedatastructures

for representingsparsearraysandmatrices.Althoughconsiderableeffort hasbeendevotedto developing

runtimelibrariesfor sparsecomputationsaswell asefficient datastructuresfor representingsparsematri-

ces,directsupportfor sparsityin a programminglanguagecanhave many benefits.Chief amongtheseis

theopportunityto cleanlyandunambiguouslyalertthecompilerto thepresenceof sparsityin orderto en-

sureits efficient implementationandhighlightopportunitiesfor parallelism.In addition,languagesupport

for sparsecomputationscanresult in cleanerprograms,increasinga language's readabilityandthe ease

with whichprogrammerscanexpresstheir computations.

For thepurposesof this discussion,sparsity is characterizedby anarbitrarysubsetof indicesfrom a

regular index space.Typically the subsetrepresentsonly a small fractionof thespace.For example,an

arrayor matrix is consideredto besparsewhenit containsalargenumberof identicalvalues(typically “0”)

suchthat it becomesworthwhileto representonly thevaluesthatdiffer. In this paper, we referto theseas
�
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therepresentedvalues. Dueto thearbitrarylocationof therepresentedvalues'indices,theoverheadof any

sparserepresentationis tied to therepresentationof, anditerationover, this setof indices.Themagnitude

of this overheaddetermineswhethera sparserepresentationwill result in savings over a denseone. In

any reasonablerepresentation,if the numberof representedelementsis asymptoticallysmallerthanthe

overall sizeof theindex space(e.g., 3n elementsin ann2 array),thesparserepresentationshouldresultin

a savings.

In this paper, we discussa region-basedapproachto expressingsparsecomputations.A region is an

array languageconstructusedto representa regular, rectangularset of array indices. In regular array-

basedcomputations,theuseof regionshasresultedin clean,concisecodethatis readilyparallelizable[4].

Furthermore,parallelregion-basedlanguagescanbe designedwith clearperformancemodelsthat allow

programmersto trivially detectandquantifytheconcurrency andparalleloverheadsassociatedwith their

code[2]. In this paper, we relaxtheregularity characteristicof traditionalregionsto createsparseregions

that canrepresentarbitrary index sets. We find that the useof regionsto expresssparsityresultsin the

following benefits:

� The advantagesobtainedin regular region-basedcomputations(e.g., conciseness,concurrency, a
clearperformancemodel)[4] arepreserved.

� Sparsecomputationswith a wide varietyof dynamicandstructuralcharacteristicscanbeexpressed
clearlyandefficiently.

� Overheadsassociatedwith representingandtraversingsparsearrayscanbeamortizedacrossexpres-
sionsthatsharethesamesparsitypattern.

� Sparsityis presentedto the compilerat a high level, leveragingthe supportof traditionalparallel
array languageoptimizationsandcreatingopportunitiesfor new optimizationsresultingfrom the
presenceof sparsity.

Programminglanguagesupportfor sparsityhasperhapsbeenbestachieved in the matrix language

MATLAB [10]. Theextensionof its original denseformulationto includesparsityis a modelexampleof

languagedesign[6]. MATLAB' s denselanguageconceptsweretransparentlyextendedto supportcom-

putationson sparsematrices,while remainingtrueto themathematicalconceptof a matrix. In this work,

wehavesimilargoals,seekingto extendtheregion-basedarraylanguageZPL to supportcomputationson

sparsearrays. However, our work differsin thatMATLAB is a serial,interpretedlanguagewhereasZPL

is parallelandcompiled.Moreover, while MATLAB providesimplicit, interpreter-managedsparsearrays,

ZPL providestheprogrammerwith anexplicit meansof specifyingandoperatingover sparseindex sets.

Thisenablesa rich varietyof sparsecomputingstylesthatcannotbeexpressedsuccinctlyin MATLAB.

It shouldbenotedthatwe distinguishbetweenmatricesandarraysin this work—theformerbeinga

specialcaseof thelatterwith inherentmathematicalinterpretationsandproperties.Ourgoalis not todesign

a languagethatprovidessparsematrixsupport,for exampleby includingfactoringandsolvingroutinesas

primitives.Rather, weprovidesupportfor a generalsparsearraydatastructureandarray-basedoperators.
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By way of analogy, ZPL doesnot containanexplicit matrix multiplicationoperator, but insteadprovides

arrayoperatorswith which userscanexpressstandardparallelmatrix multiplicationroutinessuchasthe

SUMMA algorithm[14]. Similarly, we view sparsearraysasa tool for representingarbitrarysparsedata

structures,of whichsparsematricesarejustoneinstance.

The restof this paperis organizedasfollows: Thenext sectioncharacterizesdifferentsparsitytypes

usedin thereal-world thatwe believe a sparsearraylanguageshouldsupport.Section3 providesa brief

introductionto ZPL, emphasizingthosefeaturesthatweextendto supportsparsecomputation.Wediscuss

theseextensionsin Section4. Section5 discussesimplementationissuesand gives somepreliminary

resultsdemonstratingthe benefitsobtainedusingsparseregions. Section6 summarizesrelatedwork for

expressingsparsecomputations,andweconcludein Section7.

2 Characterizing Sparsity

Beforedescribingour region-basedapproachfor sparsecomputations,it is worthwhile to considerthe

differentsparsitycharacteristicsthat a real-world problemmight have. To begin with, we classify the

dynamicpropertiesof sparsityasfalling into four roughcategories:

static thesparsitypatternis known andexpressibleat compiletime. For example,a tridiago-
nalor denselybandedmatrix.

runtime constant the sparsitypatternis not known until runtime,but will be fixed for the
program's duration. For example,the indicesrepresentingcoastlinesin a discretized
oceanmodelingapplication.

dynamic predictable thesparsitypatternwill changeduringthecourseof theprogram'sexe-
cution,but in waysthatcanbeanticipated.Forexample,thefill-in thatmightbeproduced
by matrixoperationsonwell-orderedsparsematrices.

dynamic chaotic thesparsitypatternwill changeduring thecourseof theprogram's execu-
tion,but in completelyarbitraryways.For example,asparseimplementationof thegame
of life.

It is our intentionto introducelanguagefeaturesto supportcomputationswith any of thesedynamic

characteristics.It shouldbeclearthatthecostsassociatedwith eachof theabovecategoriescanbevastly

different. For example,dynamicchaoticsparsityresultsin runtimeoverheadsstemmingfrom the com-

putationof new sparsitypatterns,updatingthesparserepresentation,andmanagingthechangingmemory

requirements.In contrast,staticsparsityrequiresno dynamicrestructuringandgivesthecompileraccess

to anarray'ssparsitypattern,enablingopportunitiesfor optimization.As a result,our intentionis to make

thedistinctionbetweenthesesparsitytypesclearat the languagelevel, so that theusershave a notionof

thecomputationaloverheadinducedby their code.

In addition,sparsecomputationshavedifferentdensitycharacteristics,whichwecategorizeasfollows:

sparse complete anoperationonall of theelementsof asparsearray.
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sparse subset anoperationoverasparsesubsetof elementsin adense(orpossiblylesssparse)
array.

dense superset anoperationthatreadsasparsearrayasthoughit wereafully allocateddense
array.

sparse-dense mix an index set that is sparsein somedimensionsbut densein others. For
example,asparsesubsetof denseplanesfrom a3-dimensionalindex space.

As with the dynamicsparitycharacteristics,our intent is to supportall of thesedensitytypesin our lan-

guage.Theuseof sparseregionsmakesthis trivial andgivesprogrammersfull controlover the typesof

sparsitythey require.

3 Introduction to ZPL

ZPL is anarray-baseddata-parallellanguagethatcontainssupportfor densearraysandregularly-strided

sparsearrays[12]. Its featureshaveprovenpopularwith applicationsprogrammers,andZPL is supported

for mostmodernparallelarchitectures.ZPL hasanassociatedperformancemodelthatallowsprogrammers

to reasonabouttheparallelimplementationof theircodewithoutforcingthemtoprogramataper-processor

level [2]. TheZPL compilerproducesefficient codethat is competitivewith hand-codedC [3] andwhich

tendsto outperformHigh PerformanceFortran(HPF)[11]. GivenZPL'ssuccessesin thedomainof regular

array computation,it seemsonly logical to considerextendingit to supportsparsecomputations.We

do this in the context of AdvancedZPL (A-ZPL), the successorlanguageto ZPL. This sectiongivesa

brief introductionto someof ZPL's fundamentalconcepts. A more thoroughpresentationis available

elsewhere[12].

In additionto standardsupportfor constantsandvariables,ZPL providesconfiguration variablesfor

defining runtimeconstants—valuesthat areset at the outsetof a program's executionand thenremain

constantfor thedurationof theprogram.Configurationvariablesaregivendefault initializing valuesthat

canbeoverriddenon thecommandline. Thesevariablestendto beinvaluablefor describingvaluessuch

asproblemsizes,numerictolerances,andinputfiles to aprogram.For example:

config var n:integer = 100; – – problem size
epsilon:double = 0.0001; – – tolerance
filename:string = “A.mat”; – – input filename

Configurationvariablesarecommonlyusedto defineregions. As describedin the introduction,re-

gionsarea programmer-specifiedrepresentationof a regular rectangularsetof indices.For example,the

following declarationdefinestheindex set
� �

1 � 1� � � 1 � 2� � � � � � � n � n� � :
region R = [1..n,1..n]; – – declare an n x n index set

ZPL's supportfor regionsincludesa setof operatorsuseful for describingboundaryconditions,strided

regionsfor usein hierarchicalmultigrid problems,andothercommontransformationson index sets[4].
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Regionsserve two purposesin ZPL. Thefirst is to declareparallelarrays.For example,thefollowing

declarationcreatesthreen 	 n arraysof integersandann 	 n arrayof booleans:

var A, B, C:[R] integer; – – n x n integer arrays
Mask:[R] boolean; – – an n x n boolean array

Theseconduseof regionsis to specifythe indicesover which anarrayoperationshouldtake place. For

example,theregionprecedingthefollowing statementindicatesthatelementsfrom the ith row of A andB

areto beaddedandassignedto their correspondingelementin C:

[i,1..n] C := A + B; – – add the i-th rows of A and B, assigning to C's i-th row

Theseregionspecifiersaredynamicallyscopedandcaninherit from theenclosingscope,allowing codeto

bewritten in a region-independentmanner.

In addition to simple element-wiseoperatorssuchas the additionand assignmentoperatorsshown

above,ZPL providesa numberof array operators thatsupportmorecomplex arraymanipulations.These

operatorsincludereductions,parallelprefix operations,subarrayreplication,permutations,stencilopera-

tions,andboundaryconditions.

Regionshave two mainbenefitsin ZPL. Thefirst is to uncluttertheuser's codeby factoringindexing

expressionstraditionallyscatteredthroughoutanarraystatementinto aconcise,dynamicallyscopedprefix.

Thesecondis to emphasizeindex locality sothat therelationshipbetweentheelementsaccessedby each

arrayoperandis clearandobviousto theprogrammer[4]. This is thebasisfor ZPL's WYSIWYG perfor-

mancemodel,which allows the paralleloverheadsassociatedwith every statementto be easilydetected

andreasonedaboutby the programmer[2]. Our goal in this work is to extendZPL's regular regionsto

supportsparseindex setswithout sacrificingthesyntactic,semantic,andperformancebenefitsthat were

achievedin thenon-sparsecase.

ZPL currentlysupportsa notion of operatingon arbitraryindicesusingmasking. This is a variation

on theregion specifierin which a booleanarrayis usedin combinationwith theregion. For examplethe

following statementsumsandassignscorrespondingelementsof A, B, andC, for all indicesin R atwhich

thevariableMask is true:

[R with Mask] C := A + B; – – assign A + B to C wherever Mask = true

AlthoughZPL'smaskingallowsfor computationoverarbitraryindex sets,it is notsufficient for efficiently

expressingsparsecomputation.For onething,dueto thepresenceof then 	 n regionR, thecomputational

complexity of thestatementabove will beΘ 
 n2 � , evenif only Θ 
 n� elementsof Mask aretrue. In sparse

computations,onewould like theasymptoticcomplexity to beproportionalto thenumberof represented

values.Furthermore,ZPL'smaskingdoesnotsupportthedeclarationof sparsearrays,but merely“sparse”

computationsoverdensearrays.Thisresultsin wastedmemoryandpoorcacheperformancein truesparse

applications.In the next section,we discussthe designof sparseregionsin A-ZPL to supportefficient

sparsecomputation.
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4 Sparse Computation in A-ZPL

4.1 Sparse Regions and Arrays

A-ZPL'sapproachfor supportingsparsecomputationsis to allow thecreationof sparseregionsby extend-

ing ZPL's maskingconcept. Whereasmaskingassociatesa densemaskwith a denseregion to selecta

sparsesubsetof indices,A-ZPL'ssparseregionswill explicitly representtheindex set,sothatall computa-

tionsover themwill beproportionalto thenumberof representedindicesratherthanthesizeof theindex

space.

To this end,declaringa sparseregion will be donein a mannersimilar to masking,substitutingthe

keyword swith for with. For example,thefollowing declarationtakesa snapshotof theindicesin R where

thevariableMask is trueandassociatesthoseindiceswith Rs:

region Rs = R swith Mask;

As a result,althoughthefollowing two statementsachievethesameeffect, thetime requiredby thefirst is

Θ � n2  , whereasthesecondwill beproportionalto thenumberof representedindices:

[R with Mask] A := B + C;
[Rs] A := B + C;

Sparseregionscanbeusedto declarearrays,just like traditionalregions:

var As, Bs, Cs:[Rs] integer;

Arrays declaredusing a sparseregion only allocatestoragefor elementscorrespondingto the region's

representedindices(plus one additionalelementto storethe unrepresentedvalue, set to 0 by default).

Decouplingthesparseindicesfrom thearrayin this mannerallows eacharray's representedvaluesto be

allocateddenselyin memory(Section5).

Notethatsparsearraysaresimplyanefficient representationof anarraythatis conceptuallydense.To

illustratethis,considertheeightsimpleassignmentsexpressibleusingthedeclarationssofar:

[R] A := B; – – DDD: Dense region, Dense LHS, Dense RHS
[R] A := Bs; – – DDS: Dense region, Dense LHS, Sparse RHS
[R] As := B; – – DSD: Dense region, Sparse LHS, Dense RHS—illegal
[R] As := Bs; – – DSS: Dense region, Sparse LHS, Sparse RHS—illegal
[Rs] A := B; – – SDD: Sparse region, Dense LHS, Dense RHS
[Rs] A := Bs; – – SDS: Sparse region, Dense LHS, Sparse RHS
[Rs] As := B; – – SSD: Sparse region, Sparse LHS, Dense RHS
[Rs] As := Bs; – – SSS: Sparse region, Sparse LHS, Sparse RHS

Thefirst case(DDD) is simply a traditionalZPL assignmentof n2 elements.In thesecondcase(DDS),

a sparsearrayis readwithin the context of a denseregion. At first glance,this might seemillegal since

Bs doesnot have memoryallocatedfor all indicesin R. However, valuesthat arenot explicitly stored

arerepresentedimplicitly by theunrepresentedvalue. Thus,this statementassignseachelementof A its
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correspondingvaluefrom Bs for indicesdefinedin Rs andthe unrepresentedvaluefor all other indices

in R.

Thenext two cases(DSD andDSS)areillegal,sincethey try to write to indicesin As for which there

is noassociatedmemory. ThisviolatesZPL's basicprinciplethattheleft-handsideof anassignmentmust

havememoryallocatedfor all indicesin theenclosingregionspecifier.

The following two cases(SDD andSDS)performa sparseassignmentof a densearray. Thesestate-

mentsonly assignelementsof A correspondingto the indicesin Rs—the remainderareleft unchanged.

Whetherthe right-handexpressionis sparseor dense,only elementscorrespondingto Rs areaccessed.

Thefinal two statements(SSDandSSS)aresimilar, exceptthattheleft-handsideis sparse,causingall of

its elementsto beoverwritten.

Thesecasesillustratesparsecomplete(SSS),sparsesubset(SDD,SDS,SSD),anddensesuperset(DDS)

stylesof computation.Notethatthis richnessof expressionis a directresultfrom theuseof regionsto di-

vorceindex setsfrom arrays.By way of contrast,MATLAB only allows usersto operateconciselyover

regularsectionsof anarray'svalues,or to index explicitly into thearrayswhenanirregularsubsetof array

valuesis required.Sparseregionsgive a programmerdirect,concisecontrolover sparsearrayallocation

andcomputation.

Sparse-densemixesarealsoexpressiblein this scheme,relyingon ZPL's conceptof flood dimensions

for replicatedstorage.Due to spaceconstraints,we do not introduceflood dimensionsandtheir usein

declaringsparse-denseregionshere.

Mixing Different Sparsity Patterns Theeightbasicassignmentslistedabove becomemoreinteresting

asdifferentsparsitypatternsareusedin combination.However, thesimplerulesoutlinedaboveremainthe

same:left-handsidearraysmustbedefinedfor all indicesin theenclosingregionscope,while right-hand

sidearrayscanalwaysbe readasa densesetof values,regardlessof their allocation. As a result, the

conformabilityrulesfor sparsecomputationarea simpleextensionto thosepresentin ZPL.

Sparse Interpretation of Array Operators By definition,theinterpretationof anarrayoperatorwithin

asparseregionspecifieris identicalto its operationwithin theequivalentdenselymaskedregion. Similarly,

applyinganarrayoperatorto asparsearrayhasa straightforwarddefinitiondueto thesparsearray'sdense

interpretation.Thus,sparsityrepresentsa transparentextensionto thebaseZPL language,eliminatingthe

needfor detailedrulesfor complex sparseexpressions.

4.2 Expressing Static and Dynamic Sparsity

Sparseregionsaresufficient for expressingsparsitypatternswith variousdynamiccharacteristics.This

is doneusingA-ZPL's supportfor arrayconstants,arrayconfigurationvariables,anddynamicallybound

regions. We begin by showing anexampleof a regionwith aconstantsparsitypattern:
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constant TriDiag:[R] boolean = abs(Index1 – Index2) ��� 1;
region RTri = R swith TriDiag;

In this example,anarrayconstantTriDiag is declaredover region R anddefinedin termsof thecompiler-

providedconstantsIndex1 andIndex2. Indexi is definedto bea constantarrayin which thevalueof each

elementis equalto its index in theith dimension.Thus,TriDiag is “true” for all elementson thetridiagonal.

TriDiag is thenusedto definethe sparseregion RTri to be thoseindicesalongthe tridiagonal. Note that

the definition of TriDiag could have beeninlined directly into RTri's declarationto eliminatethe dense

representationof TriDiag.

If a staticsparsitypatterncannotberepresentedasa constantexpression,but is computableat runtime

(possiblyby readingit from afile), thedeclarationcanbemadeusinganarrayconfigurationvariable:

config var Pat:[R] boolean = ComputePattern();
region RFixed = R swith Pat;

Oneproposedextensionfor A-ZPL is thepromotionof regionsto a full type,in which caseRFixed could

bedeclaredasa configurationvariableandreaddirectly from a file ratherthanbeingdeclaredin termsof

anarray.

To expressdynamicsparsitypatterns,theprogrammermustusedynamicallyboundregionsasin the

following example:

region Rdyn = R swith ?;
var Adyn, Bdyn, Cdyn:[Rdyn] integer;

Replacingthe sparsitypatternwith a questionmark allows it to be setat any time during the program's

execution.This is doneby referringto theregion'ssparsitypatternusingtheunary$ operator:

Mask1 := (A � delta) and (B = 0);
$Rdyn := Mask1;
...
Mask2 := (B � delta) and (A = 0);
$Rdyn := Mask2;

Eachassignmentto Rdyn's sparsitypatternresultsin the reallocationof all arraysdefinedin termsof it

(i.e., Adyn, Bdyn, andCdyn). All indicesthatarecommonto theold andnew sparsitypatternswill have

theirvaluespreserved.All new indiceswill havetheirvaluessetto thatof theunrepresentedelement(since

theelement's valueis beingconvertedfrom an implicit representationto anexplicit one). This dynamic

restructuringof sparseindicesandarrayvaluesis costlyby natureandthereforeemphasizedsymbolically

to programmersin the$ operator(whichalsoresemblesan“S” for “sparsity”).

This techniqueis usefulfor representingbothpredictableandchaoticdynamicsparsitypatterns.Since

the syntaxmakesprogrammersawareof the overheadsassociatedwith changinga region's sparsity, al-

gorithmswith predictabledynamicsparsitypatternsmay be written in an attemptto reducethe number

of restructurings.For example,sparselybandedmatricescanbenaively representedusinga dynamically
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boundregion that is incrementallyupdatedasmatrix operationscausefill-in. Or, to avoid the overhead

of repeatedrestructuring,theprogrammercouldstaticallydeclaretheregion to be fully banded,asin the

tridiagonalcaseabove. Matriceswith morecomplicatedfill-in patternsmight beamenableto approaches

betweenthesetwo extremesin which theregion is restructuredinfrequently.

Notethattheregionsparsityaccessor, $, canbeusednot only to assigna region'ssparsitypattern,but

alsoto readit. For example,thefollowing declarationcreatesa regionwhosesparsitypatternis theunion

of two others':

region RsTot = $Rs1 � $Rs2;

The$ operatorcanbethoughtof asreturninganimplicit booleanarraywhosevaluesindicatethesparsity

of theregion. Theseimplicit arrayscanbeusedin generalarraycomputation,just like any other.

Usingtheregionsyntaxdescribedhere,wehave writtencodesthat implementtridiagonalmatrixmul-

tiplication, sparsematrix-matrixmultiplication usingthe SUMMA algorithm,coastlinecomputationsin

the tropic portion of the MOM oceansimulator, boundaryconditionsfor irregular instancesof solving

Laplace'sequation,thesparsecomponentof a fuzzyclusteringalgorithm,anda sparseimplementationof

thegameof life. We expectthatoncesparsityis implementedin theA-ZPL compilerandmadeavailable

to users,anabundanceof otherinterestingapplicationsof sparseregionswill befound.

5 Implementation

In this section,we discussthe issuesthat will be involvedin supportingsparseregionsandarraysin the

A-ZPL compiler.

5.1 Runtime Region and Array Representations

Theimplementationdecisionof primaryimportanceis relatedto thelanguage'sseparationof sparseindex

setsandarrays.Sinceregionsaredistinctfrom arraysin A-ZPL, they arerepresentedseparatelyatruntime.

Thisyieldsagreatbenefitin thesparsecase,sincemuchof theoverheadin sparsecomputationsis relatedto

therepresentationof thesparsestructure.Sparseindex representationsneedonly bestoredfor eachsparse

region. Every arraydeclaredin termsof the region cansimply refer to its sparsestructureasnecessary.

Thearrayvaluesthemselvescanthereforebeallocateddenselyandaccessedusinga uniqueindex stored

ateachnodein thesparserepresentation(Figure1).

Theneteffect of this implementationchoiceis thatonly a singlesparsestructurewill have to be tra-

versedfor eachuniquesparsitypatternin astatement.Theresultis thatoverheadsrelatedto sparsetraversal

areamortizedacrossarrayexpressionswith thesamesparsity. By way of contrast,if eacharraystoredits

own sparsitypattern,multiple sparsestructureswouldhave to betraversed,evenif they wereall identical.

In A-ZPL, this worst-casescenariowill occuronly whenit must—wheneacharrayhasa uniquesparsity

pattern(andthereforea differentdefiningregion).
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Figure1: An illustrationof how sparseregionsseparatetherepresentationof asparseindex setfrom theactualsparse
data.Thesparsearrayin (a) is shown to beseparatedinto its indices(b) andits data(c). Eachnodein (b) containsan
index for its correspondingdataelementin thearray's packedrepresentationin (c). Notethatmultiple arrayswith the
samesparsitypatterncansharea singlesparsitystructure,allowing theoverheadof storingandtraversingthesparse
index setto beamortizedbetweenthem. Sparseregionsenablethis implementation.Notethateachnodein (b) also
storesits logical index (notshown here)andthatthe0th elementof (c) storestheunrepresentedelement'svalue(in this
case,0).

Althoughwe have not settledon a precisesparserepresentation,it is clearthatthemaincharacteristic

of our choicewill have to be flexibility . A-ZPL's arrayoperatorsrequirearraysto be traversedin any

dimensionalanddirectionalorder, andfor subarraysandnearestneighborsto be locatedquickly. As a

result,weenvisionasparserepresentationin whicheachrepresentedindex canquicklyaccessits neighbors

in bothdirectionsof eachdimension.In addition,weenvisionadenseindexing subarrayallocatedfor each

dimensionthatpointsto thefirst andlastindicesin thatposition(Figure1 (b)).

Eachnodein thesparseregion structurewill containa uniquevaluethatcanbeusedto index into the

packedrepresentationof sparsearraysdeclaredover theregion. Necessarily, thenodeswill alsostorethe

index positionthatthey represent.

5.2 Parallel Issues

Althoughthedescriptionabove couldbeusedfor a sequentialimplementation,we envision it to exist on

eachnodeof a parallelmachine.Thebaseindex setof eachsparseregion will be distributedacrossthe

processorsetaswith denseregions[4]. Eachprocessorwill thenallocatethe sparsestructuredescribed

aboveto storeits subsetof theglobalindex space.

Werecognizethatsparsecomputationsareoftenmoresensitive to loadbalancingthandensecomputa-

tions,andthereforeexpectto extendA-ZPL's distribution capabilitiesto handlemorecomplex partitions.

In doingthis,we intendto preserveZPL's region distribution invariant [2] sothattheperformancemodel

10



will extendtransparentlyto the sparsedomain. This will allow programmersto quickly identify which

operationsarecompletelyparallelandwhichrequirespecifictypesof communication(e.g., point-to-point,

subdimensionbroadcast,all-to-all).

5.3 Compiler Issues

ThecurrentZPL compilergeneratesdifferentloopsfor arraystatementsdependingon whethertheregion

specifier's dimensionsaredense,strided,or flooded.Althoughgeneral-purposeloopscanbeconstructed,

they tendto containunnecessaryoverheadsfor thesimplercases.Similarly, arraysareaccessedin different

waysdependingonthecharacteristicsof theirdefiningregions.As aresult,eachstatementis implemented

by determiningthe regionsthat could be involved andgeneratingloopsandaccessesof the appropriate

type(notethatthisdecisionis obscuredby aliasinganddynamicallyinheritedregionscopes).

We expectthat thesupportof sparseregionsandarrayswill simply beanextensionof this codegen-

erationphasein which dimensionsmay also be sparse. Loops will thereforebe generatedthat iterate

over a region'ssparsestructure,andarrayswill beaccessedappropriately. Thoughtheinterplayof sparse

anddenseregionsandarrayscanresult in a large numberof possibilitiesasdemonstratedin the previ-

oussection,our currentcompilerinfrastructureis easilyextensibleto handleeachcasewithout explicitly

consideringthecrossproductof possibilities.

Onechallengein supportingsparsecomputationis thatall regularregionsandarrayscouldbedescribed

by one“most-general”loopingor accessingmethod,sincethey werebasedon rectangularindex setswith

a high degreeof regularity. Sincesparsedimensionsbreakthis model,procedureswritten to work in both

sparseanddensedomainsmaybecandidatesfor specializationin thecompiler, so thatsparseanddense

versionsaregeneratedto ensuretheefficiency of each.

In additionto performingour traditionaloptimizationsin asparsecontext (mostnotablyarraycontrac-

tion [9] andcommunicationoptimizations[5]), we expectthat therewill be many new opportunitiesfor

optimizationexposedby languagesupportfor sparsity. Onesimpleexampleis thatarraystatementswhich

involve only a singlesparsitypatterncanbe implementedby ignoringthesparsestructurealtogetherand

performingtheoperationdirectlyon thearrays'denserepresentationsin memory.

5.4 Preliminary Experiments

In this section,we presentsomesimpleexperimentsthatdemonstratethebenefitsof sparselanguagesup-

port. Theseexperimentsusea naive sparserepresentationsimilar to thatdescribedabove,in which region

nodesareallocateddenselyin memoryandreferto their neighborsvia pointers.We hand-generatedcode

similar to thatwhich we would expecta completeA-ZPL compilerto produce.All experimentswererun

on16nodesof a CrayT3Erunningat450MHz.

In the first experiment,we demonstratethe advantageof usingsparseregionsandarraysover dense

regionswith masking.A sparsearrayassignmentis implementedin four ways: (i) maskedDDD: using
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Figure2: Initial performanceresultstiming the executionof simplesparsearraystatementswith varying numbers
of representedelements.(a) Sparseassignmentimplementedin four ways: usingdensearraysanda masked dense
region, usingdensearraysanda sparseregion, usingsparsearrays,andusingan optimizedsparsearrayassignment
thatoperatesdirectlyonthepackeddataallocations.(b) Sparseadditioncomparingthecostof storingsparsitypatterns
in regionsvs. thetraditionalmethodof makingthempartof thearray's datastructure.Region-basedsparsityis shown
in its best-andworst-casescenarios:whenall arraysshareacommonregionandwhenthey eachhaveauniqueregion.

densearraysanddensemasking,(ii) SDD: usingdensearraysanda sparseregion, (iii) SSS:usingsparse

arraysanda sparseregion,and(iv) optimizedSSS:anoptimizedversionof SSSin which theassignment

is performeddirectly over thedenseallocation(asdescribedin theprevioussubsection).Theassignment

is donewithin the context of a 4096 � 4096index spacefor a varying numbersof representedelements

(n to n2 � 2� distributeduniformly throughouttheindex space.

Severalobservationscanbemade:ThemaskedDDD implementationtakesroughlythesameamount

of time regardlessof arraydensity, dueto thefact thatn2 elementsof themaskmustberead.In contrast,

all of thesparseversionsscaleproportionallyto thenumberof representedelements.As hoped,thesparse

implementationsaresignificantlycheaperthanthedenseversionuntil thenumberof representedelements

approachesn2 � 2. Furthermore,eachsparseimplementationis approximatelyanorderof magnitudefaster

thantheprevious.SDD is fasterthanSSSdueto thefactthatthememoryfootprint of thesparsearraysis

smallerthanthatof their densecounterparts.Similarly, optimizedSSSoutperformsSSSsincethesparse

regionstructuredoesnotneedto betraversed.

Oursecondexperimentshowsthesavingsavailableby associatingsparsitywith regionsratherthanar-

rays.We performsparseadditionusingtwo representations:onein whichthesparsitypatternis associated

with theregionasproposedhere,anda secondin whichsparsityis associatedwith arraysasis traditional.

For theregion-basedapproach,we run two versions:onein which eacharrayhasits own region andone

in which they all sharea commonregion. Theserepresentthebest-andworst-casescenariosfor region-

basedsparsity. Thegraphindicatesthatwhensparsitypatternsaresharedby multiplearrays,regionsresult
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in fasterruntimes.Yet whenarrayshave differentpatterns,theregion-basedapproachperformssimilarly

to array-basedtechniques.The overheadof the region-basedapproachis noticeablein lessdensearrays

dueto the fact that the region representationis separatefrom the arrayvaluesin memory, resultingin a

larger footprint. In conclusion,our experimentsdemonstratethat sparseregionscanresult in significant

performanceimprovementsovermorenaivesparsearrayrepresentations.

6 Related Work

Few parallelprogramminglanguageshave includeddirectsupportfor sparsecomputation,insteadrequir-

ing usersto build their own sparsedatastructuresandmanipulatethemexplicitly. Onesuchexampleis

NESL[1], afunctionallanguagethatallowstheconstructionof nestedparalleldatastructures.Thesestruc-

turescanbeusedto explicitly constructstandardsparsearrayrepresentationssuchascompressedcolumn

storage.This approachputsthe burdenof the sparserepresentationon users,forcing themto dealwith

low-level detailsthatcouldbehandledby thecompiler. Furthermore,thecompilerhasnomeansof detect-

ing thata datastructurerepresentsa sparsearray, andthereforecannotperformoptimizationsspecificto

thesparsecontext. In contrast,ourapproachallows for theclearrepresentationof a sparsecomputationat

a globallevel, leaving detailsof representationandoptimizationsto thecompiler.

High-PerformanceFortran[7] is perhapsthe mostprominentparallel language.Although it hasno

inherentsupportfor sparsearrays,anextensionto HPFhasbeenproposedby Ujaldonetal., whichallows

for thedeclarationof sparsearraysusingavarietyof standardstorageschemes[13]. Althoughthisexposes

thesparsearrayrepresentationto thecompiler, computationsover thearraysstill requireusersto directly

refer to theunderlyingsparsedatastructure.This is anunfortunateburdento placeon users,obfuscating

a code's meaning. In contrast,the sparseanddenseversionsof A-ZPL algorithmsarequite similar in

appearance.

Althoughparallellibrarieshavebeendevelopedfor representingandoperatingonsparsearrays(e.g., [8]),

thesehavetypically assumedasparsematrixinterpretation,providingsupportfor linearalgebraoperations.

We believe thatalthoughsuchlibrariesarevaluable,supportfor sparsecomputationat the languagelevel

aids in the clear expressionof the programmer's computation. Ideally, a sparsearray languagewould

providea meansof interfacingto sparsematrix librariesto take advantageof theefforts in thisarea.

7 Conclusions

In this paper, we have proposeda region-basedapproachfor representingsparsecomputations.We have

shown that regionsarea clean,concisemeansof expressingsparsity. Furthermore,we have arguedthat

sparseregionsadmitanefficient parallelimplementationaswell asparallelperformancemodeling. Our

experimentsdemonstratethatlanguagesusingsparseregionscanachievesignificantlyimprovedexecution
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times,dueto thepossibilityof optimizationsaswell astheopportunityto amortizesparseoverheadsbe-

tweenarrayswith identicalsparsitypatterns.In futurework, we intendto implementsparseregionsand

arraysin theA-ZPL compiler, seekingto developnew languageconceptsandoptimizationsspecificto the

sparsecontext.
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