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Abstract

This paperintroducesa techniquefor parallelsparsecomputationby extendingthe array-language
conceptof regions—regular programmeispecifiedindex setsusedfor specifyingarray computations.
We introducethenotionof spaiseregionswhich canrepresenanarbitrarysetof indices.Sparseegions
inherit the benefitsof regularregions,including conciseness directencapsulationf parallelism,and
supportfor languageperformanceanodelsthat highlight paralleloverheads We shav thatregion-based
arraylanguageganbenefitfrom the useof sparsaegions,bothin termsof the semantiaichnessavail-
able to the programmerand the executiontimes of the resultingprogram. We also demonstratehat
regionsresultin efficient implementationsas comparedo array-base@pproachsdueto their role in
amortizingsparseoverheadsaindenablingoptimizations.

1 Introduction

Sparsecomputationgorm animportantclassof applicationdor parallelcomputing yet onethathasbeen
largelyignoredin theparallelprogrammindanguageeommunity Few languagesxist thatcontainbuilt-in
supportfor sparsity Insteadmostrequireprogrammerso explicitly build andmanipulatedatastructures
for representingparsearraysandmatrices.Although considerableffort hasbeendevotedto developing
runtimelibrariesfor sparsecomputationsaswell asefficient datastructuredor representingparsematri-
ces,directsupportfor sparsityin a programminganguagecanhave mary benefits.Chiefamongtheseis
the opportunityto cleanlyandunambiguoushalertthe compilerto the presencef sparsityin orderto en-
sureits efficientimplementatiorandhighlight opportunitiedor parallelism.In addition,languagesupport
for sparsecomputationanresultin cleanerprograms,ncreasinga languages readabilityandthe ease
with which programmerganexpresstheir computations.

For the purposef this discussionsparsity is characterizedby an arbitrary subseof indicesfrom a
regularindex space.Typically the subsetrepresent®nly a small fraction of the space.For example,an
arrayor matrixis consideredo besparsavhenit containsalargenumberof identicalvalues(typically “0")
suchthatit becomesvorthwhileto represenbnly the valuesthatdiffer. In this paperwe referto theseas
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therepresentedialues Dueto thearbitrarylocationof therepresentedalues'indices theoverheadf ary
sparsaepresentatiors tied to therepresentationf, anditerationover, this setof indices. The magnitude
of this overheaddeterminesvhethera sparserepresentationvill resultin savzings over a denseone. In
ary reasonableepresentationif the numberof represente@lementss asymptoticallysmallerthanthe
overallsizeof theindex space(e.g., 3n elementsn ann? array),the sparseepresentatioshouldresultin
asaings.

In this paper we discussa region-basedapproactto expressingsparsecomputations A regionis an
array languageconstructusedto represent regular, rectangularset of arrayindices. In regular array-
basedcomputationsthe useof regionshasresultedn clean,concisecodethatis readily parallelizablg4].
Furthermoreparallelregion-basedanguageanbe designedwith clearperformancenodelsthat allow
programmerso trivially detectandquantifythe concurreng andparalleloverheadsssociateavith their
code[2]. In this paperwe relaxtheregularity characteristiof traditionalregionsto createsparseregions
that canrepresentrbitraryindex sets. We find that the useof regionsto expresssparsityresultsin the
following benefits:

¢ The advantagesobtainedin regular region-baseccomputationge.g., concisenesszoncurreng, a
clearperformancenodel)[4] arepresered.

e Sparseomputationsvith a wide variety of dynamicandstructuralcharacteristiceanbe expressed
clearlyandefficiently.

¢ Overheadsssociateevith representingndtraversingsparserrayscanbeamortizedacrossexpres-
sionsthatsharethe samesparsitypattern.

e Sparsityis presentedo the compilerat a high level, leveragingthe supportof traditional parallel
array languageoptimizationsand creatingopportunitiesfor new optimizationsresultingfrom the
presencef sparsity

Programmindanguagesupportfor sparsityhasperhapsheenbestachiesed in the matrix language
MATLAB [10]. Theextensionof its original denseformulationto includesparsityis a modelexampleof
languagedesign[6]. MATLAB's densdanguageconceptsveretransparentlyextendedto supportcom-
putationson sparsematriceswhile remainingtrue to the mathematicatonceptof a matrix. In this work,
we have similar goals,seekingto extendtheregion-basedirraylanguageZPL to supportcomputation®n
spaisearrays However, our work differsin that MATLAB is a serial,interpretedanguagevhereaZ PL
is parallelandcompiled.Moreover, while MATLAB providesimplicit, interpretermanagedparsearrays,
ZPL providesthe programmemvith an explicit meansof specifyingandoperatingover sparsandex sets.
Thisenablesarich variety of sparsecomputingstylesthatcannotbe expressedguccinctlyin MATLAB.

It shouldbe notedthatwe distinguishbetweenmatricesandarraysin this work—theformerbeinga
speciakaseof thelatterwith inherentmathematicahterpretationsindproperties Ourgoalis notto design
alanguagehatprovidessparsamatrix supportfor exampleby includingfactoringandsolvingroutinesas
primitives. Rather we provide supportfor a generakparserraydatastructureandarray-baseoperators.



By way of analogy ZPL doesnot containan explicit matrix multiplication operator but insteadprovides
arrayoperatorsvith which userscanexpressstandardbarallelmatrix multiplication routinessuchasthe
SUMMA algorithm[14]. Similarly, we view sparsearraysasa tool for representingrbitrarysparsedata
structurespf which sparsamatricesarejust oneinstance.

Therestof this paperis organizedasfollows: The next sectioncharacterizeslifferentsparsitytypes
usedin thereal-world thatwe believe a sparsearraylanguageshouldsupport. Section3 providesa brief
introductionto ZPL, emphasizinghosefeatureghatwe extendto supportsparsecomputation\We discuss
theseextensionsin Section4. Section5 discussesmplementationissuesand gives somepreliminary
resultsdemonstratinghe benefitsobtainedusing sparseregions. Section6 summarizeselatedwork for
expressingsparseeomputationsandwe concludein Section?.

2 Characterizing Sparsity

Before describingour region-basedapproachfor sparsecomputationsijt is worthwhile to considerthe
different sparsitycharacteristicshat a real-world problemmight have. To begin with, we classify the
dynamicpropertief sparsityasfalling into four roughcateyories:

static thesparsitypatternis known andexpressibleat compiletime. For example,atridiago-
nal or denselybandedmatrix.

runtime constant the sparsitypatternis not known until runtime, but will be fixed for the
programs duration. For example,the indicesrepresentingoastlinesn a discretized
oceamnmodelingapplication.

dynamic predictable thesparsitypatternwill changeduringthe courseof theprogramsexe-
cution,but in waysthatcanbeanticipated For example thefill-in thatmightbeproduced
by matrix operation®on well-orderedsparsanatrices.

dynamic chaotic the sparsitypatternwill changeduringthe courseof the programs execu-
tion, butin completelyarbitraryways. For example asparsemplementatiorof thegame
of life.

It is our intentionto introducelanguagedeaturesto supportcomputationsvith any of thesedynamic
characteristicslt shouldbe clearthatthe costsassociatedavith eachof the above categoriescanbe vastly
different. For example,dynamicchaoticsparsityresultsin runtime overheadstemmingfrom the com-
putationof new sparsitypatternsupdatingthe sparseepresentatiorandmanaginghe changingnemory
requirementsin contraststaticsparsityrequiresno dynamicrestructuringandgivesthe compileraccess
to anarray's sparsitypattern,enablingopportunitiedor optimization.As aresult,our intentionis to make
the distinctionbetweernthesesparsitytypesclearat the languagdevel, sothatthe usershave a notion of
thecomputationabverheadnducedby their code.

In addition,sparsecomputation$ave differentdensitycharacteristicsyhich we cateyorizeasfollows:

spar se complete anoperationon all of theelementf asparsearray



sparse subset anoperatioroverasparsesubsebdf elementsn adensgor possiblylesssparse)
array

dense superset anoperatiorthatreadsasparserrayasthoughit wereafully allocateddense
array

sparse-densemix anindex setthatis sparsein somedimensionsbut densein others. For
example,a sparsesubsebf denseplanesrom a 3-dimensionaindex space.

As with the dynamicsparity characteristicspur intentis to supportall of thesedensitytypesin our lan-
guage.The useof sparsaegionsmakesthis trivial andgivesprogrammergull controlover the typesof
sparsitythey require.

3 Introductionto ZPL

ZPL is anarray-basedlata-parallelanguagethat containssupportfor densearraysandregularly-strided
sparsearrays[12]. Its featureshave provenpopularwith applicationgprogrammersandZPL is supported
for mostmodernparallelarchitecturesZPL hasanassociategerformancenodelthatallows programmers
toreasorabouttheparallelimplementatiorof theircodewithoutforcingthemto programataperprocessor
level [2]. TheZPL compilerproducesfficient codethatis competitive with hand-codedC [3] andwhich
tendsto outperformHigh Performancé&ortran(HPF)[11]. GivenZPL ssuccesseis thedomainof regular
array computation,it seemsonly logical to considerextendingit to supportsparsecomputations. We
do this in the context of AdvancedZPL (A-ZPL), the successofanguageto ZPL. This sectiongivesa
brief introductionto someof ZPL's fundamentalkconcepts. A more thoroughpresentatioris available
elsavhere[12].

In additionto standardsupportfor constantsandvariables,ZPL providesconfiguation variablesfor
defining runtime constants—aluesthat are set at the outsetof a programs executionand thenremain
constanfor the durationof the program.Configurationvariablesare givendefaultinitializing valuesthat
canbe overriddenon the commandine. Thesevariablestendto be invaluablefor describingvaluessuch
asproblemsizes numerictolerancesandinputfilesto aprogram.For example:

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

Configurationvariablesare commonlyusedto defineregions. As describedn the introduction,re-
gionsarea programmeispecifiedrepresentationf a regular rectangulasetof indices. For example,the
following declaratiordefinesheindex 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 operatorsusefulfor describingboundaryconditions,strided
regionsfor usein hierarchicamultigrid problemsandothercommontransformationsnindex sets[4].



Regionssene two purposesn ZPL. Thefirst is to declareparallelarrays.For example,the following
declaratiorcreateghreen x n arraysof integersandann x n arrayof booleans:
var A, B, C:[R] integer; ——n X ninteger arrays
Mask:[R] boolean; ——an n x n boolean array
The seconduseof regionsis to specifythe indicesover which an array operationshouldtake place. For
example theregion precedinghefollowing statemenindicatesthatelementdrom thei" row of A andB
areto beaddedandassignedo their correspondinglementin C:

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

Theseregion specifies aredynamicallyscopedandcaninheritfrom the enclosingscope allowing codeto
bewrittenin aregion-independemnanner

In additionto simple element-wiseoperatorssuchas the addition and assignmenbperatorsshavn
above, ZPL providesa numberof array opeiators thatsupportmorecomple arraymanipulationsThese
operatorsncludereductionsparallel prefix operationssubarrayreplication,permutationsstencilopera-
tions,andboundaryconditions.

Regionshave two mainbenefitsin ZPL. Thefirst is to unclutterthe users codeby factoringindexing
expressiongraditionallyscatteredhroughoutinarraystatemeninto a concise dynamicallyscopedrefix.
The seconds to emphasizéndex locality sothatthe relationshipbetweernthe elementsaccessethy each
arrayoperands clearandobviousto the programmef4]. Thisis thebasisfor ZPL's WYSIWYG perfor
mancemodel, which allows the parallel overheadsassociatedvith every statemento be easilydetected
andreasonedboutby the programmeif2]. Our goalin this work is to extend ZPL's regular regionsto
supportsparsandex setswithout sacrificingthe syntactic,semanticand performanceenefitsthat were
achievedin thenon-sparsease.

ZPL currentlysupportsa notion of operatingon arbitraryindicesusingmasking This is a variation
on theregion specifierin which a booleanarrayis usedin combinatiorwith theregion. For examplethe
following statemensumsandassignsorrespondinglementf A, B, andC, for all indicesin R atwhich
thevariablemMask is true:

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

AlthoughZPL's maskingallows for computatioroverarbitraryindex setsit is notsufficientfor efficiently
expressingsparsecomputation For onething, dueto thepresencef then x nregion R, thecomputational
compleity of the statemenaibove will be ©(n?), evenif only ©(n) elementsof Mask aretrue. In sparse
computationspnewould lik e the asymptoticcompleity to be proportionalto the numberof represented
values.FurthermoreZPL's maskingdoesnot supportthe declaratiorof sparsearrays but merely“sparse”
computation®verdensearrays.Thisresultsin wastednemoryandpoorcacheperformancen truesparse
applications. In the next section,we discussthe designof sparseregionsin A-ZPL to supportefficient
sparsecomputation.



4 Sparse Computationin A-ZPL
4.1 SparseRegionsand Arrays

A-ZPL's approacHor supportingsparsecomputationss to allow the creationof sparseegionsby extend-
ing ZPL's maskingconcept. Whereasnaskingassociates densemaskwith a denseregion to selecta
sparsesubsedf indices,A-ZPL's sparseegionswill explicitly representheindex set,sothatall computa-
tionsoverthemwill be proportionalto the numberof representeéhdicesratherthanthe sizeof theindex
space.

To this end, declaringa sparseregion will be donein a mannersimilar to masking,substitutingthe
keyword swith for with. For example,thefollowing declaratiortakesa snapshoof theindicesin R where
thevariableMask is trueandassociatethoseindiceswith Rs:

region Rs = R swith Mask;

As aresult,althoughthe following two statementschiere the sameeffect, thetime requiredby thefirst is
O(n?), whereaghesecondwill be proportionalto thenumberof representeéhdices:

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

Sparseaegionscanbeusedto declarearraysjustlik e traditionalregions:
var As, Bs, Cs:[Rs] integer;

Arrays declaredusing a sparseregion only allocatestoragefor elementscorrespondingo the region's
representedndices (plus one additionalelementto storethe unrepresentedalue, setto 0 by default).
Decouplingthe sparsandicesfrom the arrayin this mannerallows eacharray's representedaluesto be
allocateddenselyin memory(Section5).

Notethatsparsearraysaresimply anefficient representationf anarraythatis conceptuallydenseTo
illustratethis, considetthe eightsimpleassignmentexpressiblaisingthedeclarationsofar:

[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 assignmenbf n? elements.In the secondcase(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 are not explicitly stored
arerepresentednplicitly by the unrepresentedalue. Thus, this statemenassignsachelementof A its



corresponding/aluefrom Bs for indicesdefinedin Rs andthe unrepresentedalue for all otherindices
inR.

Thenext two casedDSD andDSS)areillegal, sincethey try to write to indicesin As for whichthere
is no associatednemory This violatesZPL s basicprinciplethattheleft-handsideof anassignmeninust
have memoryallocatedfor all indicesin the enclosingregion specifier

Thefollowing two caseSDD and SDS)performa sparseassignmenbf a densearray Thesestate-
mentsonly assignelementsf A correspondindo the indicesin Rs—the remainderare left unchanged.
Whetherthe right-handexpressionis sparseor dense only elementscorrespondindgo Rs are accessed.
Thefinal two statement$SSDandSSS)aresimilar, exceptthattheleft-handsideis sparsegausingall of
its elementdo be overwritten.

ThesecasedllustratesparseompletgSSS) sparsesubse{SDD,SDS,SSD),anddensesupersefDDS)
stylesof computation Note thatthis richnessof expressions a directresultfrom the useof regionsto di-
vorceindex setsfrom arrays. By way of contrast MATLAB only allows usersto operateconciselyover
regularsectionsof anarray's values,or to index explicitly into thearrayswhenanirregularsubsebf array
valuesis required. Sparseaegionsgive a programmedirect, concisecontrol over sparsearrayallocation
andcomputation.

Sparse-densmixesarealsoexpressibldan this schemerelying on ZPL's concepif flood dimensions
for replicatedstorage. Due to spaceconstraintswe do not introduceflood dimensionsand their usein
declaringsparse-densggionshere.

Mixing Different Sparsity Patterns The eightbasicassignmentiisted above becomamoreinteresting
asdifferentsparsitypatternsareusedin combination However, thesimplerulesoutlinedabose remainthe
same:left-handsidearraysmustbe definedfor all indicesin the enclosingregion scope while right-hand
side arrayscan always be readas a denseset of values,regardlessof their allocation. As a result, the
conformabilityrulesfor sparsecomputatiorarea simpleextensionto thosepresenin ZPL.

Sparse Interpretation of Array Operators By definition,theinterpretatiorof anarrayoperatomwithin
asparseaegionspecifieris identicalto its operationwithin theequivalentdenselymasledregion. Similarly,
applyinganarrayoperatorto a sparsearrayhasa straightforvarddefinitiondueto the sparserray'sdense
interpretation.Thus,sparsityrepresents transparengxtensionto the baseZPL languageeliminatingthe
needfor detailedrulesfor complex sparsesxpressions.

4.2 Expressing Static and Dynamic Spar sity

Sparseregionsare sufficient for expressingsparsitypatternswith variousdynamiccharacteristics.This
is doneusingA-ZPL's supportfor array constantsarray configurationvariables,anddynamicallybound
regions We begin by shaving anexampleof aregionwith aconstansparsitypattern:



constant TriDiag:[R] boolean = abs(Index1 — Index2) <= 1;

region RTri = R swith TriDiag;
In this example,anarrayconstantlriDiag is declaredover region R anddefinedin termsof the compiler
provided constantdndex1 andindex2. Indexi is definedto be a constantarrayin which the valueof each
elemenis equalto its index in thei™ dimension Thus, TriDiag is “true” for all elementn 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
representatioof TriDiag.

If astaticsparsitypatterncannotberepresentedsa constanexpressionputis computabletruntime

(possiblyby readingit from afile), thedeclaratiorcanbe madeusinganarrayconfiguratiorvariable:

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

region RFixed = R swith Pat;
Oneproposedxtensionfor A-ZPL is the promotionof regionsto afull type,in which caseRFixed could
be declaredasa configuratiorvariableandreaddirectly from a file ratherthanbeingdeclaredn termsof
anarray

To expressdynamicsparsitypatternsthe programmemustusedynamicallyboundregionsasin the

following example:

region Rdyn = R swith ?;

var Adyn, Bdyn, Cdyn:[Rdyn] integer;
Replacingthe sparsitypatternwith a questionmark allows it to be setat ary time during the programs
execution.Thisis doneby referringto theregion's sparsitypatternusingthe unary$ operator:

Mask1l := (A > delta) and (B = 0);
$Rdyn := Mask1;

MaskZ = (B > delta) and (A = 0);

$Rdyn := Mask2;
Eachassignmento Rdyn's sparsitypatternresultsin the reallocationof all arraysdefinedin termsof it
(i.e., Adyn, Bdyn, andCdyn). All indicesthatarecommonto the old andnew sparsitypatternswill have
theirvaluespresered. All new indiceswill have theirvaluessetto thatof theunrepresentedlemenisince
the elements valueis being corvertedfrom animplicit representatiomo an explicit one). This dynamic
restructuringof sparsendicesandarrayvaluesis costly by natureandthereforeemphasizedymbolically
to programmerén the$ operator(which alsoresemblesin“S” for “sparsity”).

Thistechniques usefulfor representingpoth predictableandchaoticdynamicsparsitypatterns Since
the syntaxmakes programmersware of the overheadsassociatedvith changinga region's sparsity al-
gorithmswith predictabledynamicsparsitypatternsmay be written in an attemptto reducethe number
of restructuringsFor example,sparselypandedmatricescanbe naively representedsinga dynamically



boundregion thatis incrementallyupdatedas matrix operationscausefill-in.  Or, to avoid the overhead
of repeatedestructuringthe programmeicould staticallydeclarethe region to be fully bandedasin the
tridiagonalcaseabore. Matriceswith morecomplicatedill-in patternamight be amenabldo approaches
betweerthesetwo extremesn whichtheregionis restructurednfrequently

Notethattheregion sparsityaccessqi$, canbeusednot only to assigna region's sparsitypattern but
alsoto readit. For example thefollowing declaratiorcreatesa region whosesparsitypatternis the union
of two others":

region RsTot = $Rs1 | $Rs2;

The$ operatorcanbethoughtof asreturninganimplicit booleanarraywhosevaluesindicatethe sparsity
of theregion. Theseimplicit arrayscanbeusedin generalrraycomputationjustlike ary other

Usingtheregion syntaxdescribedere,we have written codeghatimplementtridiagonalmatrix mul-
tiplication, sparsematrix-matrix multiplication using the SUMMA algorithm, coastlinecomputationsn
the tropic portion of the MOM oceansimulator boundaryconditionsfor irregular instancef solving
Laplaces equationthe sparsecomponenbdf afuzzy clusteringalgorithm,anda sparsémplementatiorof
the gameof life. We expectthatoncesparsityis implementedn the A-ZPL compilerandmadeavailable
to usersanalundanceof otherinterestingapplicationsof sparseegionswill befound.

5 Implementation

In this section,we discussthe issuesthat will be involvedin supportingsparseregionsandarraysin the
A-ZPL compiler

5.1 RuntimeRegion and Array Representations

Theimplementatiordecisionof primaryimportances relatedto thelanguages separatiorof sparsendex
setsandarrays.Sinceregionsaredistinctfrom arraysin A-ZPL, they arerepresentedeparatelyatruntime.
Thisyieldsagreatbenefitin thesparsease sincemuchof theoverheadn sparse&eomputationss relatecto
therepresentatioof the sparsestructure Sparsendex representationseedonly be storedfor eachsparse
region. Every arraydeclaredn termsof the region cansimply referto its sparsestructureas necessary
The arrayvaluesthemselescanthereforebe allocateddenselyandaccessedisinga uniqueindex stored
ateachnodein the sparseepresentatioffFigurel).

The neteffect of thisimplementatiorchoiceis that only a singlesparsestructurewill have to be tra-
versedor eachuniquesparsitypatternin astatementTheresultis thatoverheadselatedto sparseraversal
areamortizedacrossarrayexpressionsvith the samesparsity By way of contrastjf eacharraystoredits
own sparsitypattern multiple sparsestructuresvould have to betraversedevenif they wereall identical.
In A-ZPL, this worst-casescenariowill occuronly whenit must—wheneacharrayhasa uniquesparsity
pattern(andthereforea differentdefiningregion).
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Figurel: An illustrationof how sparseregionsseparateéherepresentationf asparseéndex setfrom theactualsparse
data.Thesparserrayin (a) is shavn to be separateihto its indices(b) andits data(c). Eachnodein (b) containsan

index for its correspondinglataelementn thearray's pacledrepresentatiom (c). Notethatmultiple arrayswith the

samesparsitypatterncansharea singlesparsitystructure allowing the overheadof storingandtraversingthe sparse
index setto be amortizedbetweerthem. Sparseregionsenablethis implementation Note thateachnodein (b) also

storests logicalindex (notshavn here)andthatthe 0" elemenbf (c) storesheunrepresentedlements value(in this

case).

Althoughwe have not settledon a precisesparseepresentationt is clearthatthe maincharacteristic
of our choicewill have to be flexibility. A-ZPL's array operatorsrequirearraysto be traversedin ary
dimensionaland directionalorder, andfor subarraysand nearesineighborsto be locatedquickly. As a
result,we ervisionasparseepresentatioim which eachrepresentethdex canquickly accessts neighbors
in bothdirectionsof eachdimension.In addition,we ervisionadensdndexing subarrayallocatedor each
dimensionthatpointsto thefirst andlastindicesin thatposition(Figurel (b)).

Eachnodein the sparsaegion structurewill containa uniquevaluethatcanbe usedto index into the
pacledrepresentatioof sparsearraysdeclarecover theregion. Necessarilythe nodeswill alsostorethe
index positionthatthey represent.

5.2 Paralle Issues

Althoughthe descriptionabove could be usedfor a sequentialmplementationyve ervision it to exist on
eachnodeof a parallelmachine. The baseindex setof eachsparseegion will be distributedacrossthe
processosetaswith denseregions[4]. Eachprocessowill thenallocatethe sparsestructuredescribed
aboveto storeits subsebf the globalindex space.

We recognizehatsparsecomputation@reoftenmoresensitve to load balancinghandensecomputa-
tions, andthereforeexpectto extend A-ZPL s distribution capabilitiesto handlemorecomple partitions.
In doingthis, we intendto presere ZPL's region distribution invariant [2] sothatthe performancenodel
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will extendtransparentlyto the sparsedomain. This will allow programmerdo quickly identify which
operationsaarecompletelyparallelandwhich requirespecifictypesof communicatior{e.g., point-to-point,
subdimensiomroadcastall-to-all).

5.3 Compiler Issues

The currentZPL compilergenerateslifferentloopsfor arraystatementslependingon whetherthe region
specifiers dimensionsaredensestrided,or flooded. Although general-purposkopscanbe constructed,
they tendto containunnecessargverheadgor thesimplercasesSimilarly, arraysareaccesseth different
waysdependingnthecharacteristicsf their definingregions.As aresult,eachstatemenis implemented
by determiningthe regionsthat could be involved and generatindoops and accessesf the appropriate
type (notethatthis decisionis obscuredy aliasinganddynamicallyinheritedregion scopes).

We expectthatthe supportof sparseregionsandarrayswill simply be anextensionof this codegen-
erationphasein which dimensionsmay also be sparse. Loopswill thereforebe generatedhat iterate
over aregion's sparsestructure andarrayswill beaccessedppropriately Thoughtheinterplayof sparse
anddenseregionsandarrayscanresultin a large numberof possibilitiesas demonstratedh the previ-
oussection,our currentcompilerinfrastructures easilyextensibleto handleeachcasewithout explicitly
consideringhe crossproductof possibilities.

Onechallengén supportingsparseeomputatioris thatall regularregionsandarrayscouldbedescribed
by one“most-generalloopingor accessingnethod sincethey werebasedon rectangulaindex setswith
a high degreeof regularity. Sincesparsadimensiondreakthis model,proceduresvritten to work in both
sparseanddensedomainsmay be candidategor specializatiorin the compiler sothat sparseanddense
versionsaregeneratedo ensurehe efficiency of each.

In additionto performingour traditionaloptimizationsin asparsecontext (mostnotablyarraycontrac-
tion [9] and communicatioroptimizations[5]), we expectthattherewill be mary new opportunitiesfor
optimizationexposeddy languagesupportfor sparsity Onesimpleexampleis thatarraystatementsvhich
involve only a single sparsitypatterncanbe implementeddy ignoring the sparsestructurealtogetheand
performingthe operationdirectly on thearrays'denserepresentations memory

54 Preliminary Experiments

In this section,we presensomesimpleexperimentghatdemonstratéhe benefitsof sparsdanguagesup-
port. Theseexperimentausea naive sparseepresentatiosimilar to thatdescribedabove, in which region
nodesareallocateddenselyin memoryandreferto their neighborsvia pointers.We hand-generatecdode
similar to thatwhich we would expecta completeA-ZPL compilerto produce.All experimentsvererun
on 16 nodesof a Cray T3E runningat 450 MHz.

In the first experiment,we demonstratéhe advantageof using sparseregionsandarraysover dense
regionswith masking. A sparsearrayassignmenis implementedn four ways: (i) masled DDD: using
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Sparse Assignment within a 4k x 4k index space

Sparse Addition within a 4k x 4k index space
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Figure2: Initial performanceesultstiming the executionof simple sparsearray statementsvith varying numbers
of represente@lements.(a) Sparseassignmenimplementedn four ways: usingdensearraysanda masled dense
region, usingdensearraysanda sparseregion, usingsparsearrays,and usingan optimizedsparsearray assignment
thatoperateslirectly onthepacleddataallocations(b) Sparseadditioncomparinghe costof storingsparsitypatterns
in regionsvs. thetraditionalmethodof makingthempartof thearray's datastructure Region-basedparsityis shavn
in its best-andworst-casescenarioswhenall arrayssharea commonregion andwhenthey eachhave auniqueregion.

densearraysanddensemasking,(ii) SDD: usingdensearraysanda sparsaegion, (i) SSS:usingsparse
arraysanda sparseaegion, and(iv) optimizedSSS:an optimizedversionof SSSin which theassignment
is performeddirectly over the denseallocation(asdescribedn the previous subsection) The assignment
is donewithin the context of a 4096x 4096 index spacefor a varying numbersof represente@lements
(nto n?/2) distributeduniformly throughoutheindex space.

Severalobsenationscanbe made: The maslked DDD implementatiortakesroughly the sameamount
of time regardlessf arraydensity dueto thefactthatn? elementf the maskmustberead. In contrast,
all of the sparseversionsscaleproportionallyto the numberof representeélementsAs hopedthe sparse
implementationaresignificantlycheapethanthedenseversionuntil the numberof representedlements
approaches?/2. Furthermoregachsparsémplementatioris approximatelyan orderof magnitudefaster
thanthe previous. SDD is fasterthanSSSdueto the factthatthe memoryfootprint of the sparsearraysis
smallerthanthat of their densecounterparts Similarly, optimizedSSSoutperformsSSSsincethe sparse
region structuredoesnot needto betraversed.

Our secondexperimentshons the savings availableby associatingparsitywith regionsratherthanar-
rays.We performsparsedditionusingtwo representationsnein whichthe sparsitypatternis associated
with theregion asproposechere, anda secondn which sparsityis associateavith arraysasis traditional.
For theregion-basedpproachywe run two versions:onein which eacharrayhasits own regionandone
in which they all sharea commonregion. Theserepresenthe best-andworst-casescenariogor region-
basedsparsity Thegraphindicateshatwhensparsitypatternsaresharedy multiple arraysregionsresult
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in fasterruntimes.Yet whenarrayshave differentpatternsthe region-basedpproactperformssimilarly
to array-basedechniques.The overheadof the region-basedpproachis noticeablein lessdensearrays
dueto the factthatthe region representatioiis separatdrom the arrayvaluesin memory resultingin a
larger footprint. In conclusion,our experimentsdemonstratehat sparseregionscanresultin significant
performancemprovementsover morenaive sparsearrayrepresentations.

6 Related Work

Few parallelprogrammindanguagesave includeddirectsupportfor sparsecomputationjnsteadrequir

ing usersto build their own sparsedatastructuresand manipulatethemexplicitly. One suchexampleis

NESL[1], afunctionallanguagehatallowstheconstructiorof nestecparalleldatastructuresThesestruc-
turescanbe usedto explicitly constructstandardsparsearrayrepresentationsuchascompressedolumn
storage. This approachputsthe burdenof the sparserepresentatiomn users,forcing themto dealwith

low-level detailsthatcouldbe handledby the compiler Furthermorethe compilerhasno meansof detect-
ing thata datastructurerepresents sparsearray andthereforecannotperformoptimizationsspecificto

thesparsecontext. In contrastour approactallows for the clearrepresentatioof a sparsecomputatiorat
agloballevel, leaving detailsof representatioandoptimizationsto the compiler

High-Performancé-ortran[7] is perhapghe mostprominentparallellanguage.Althoughit hasno
inherentsupportfor sparsearrays.anextensionto HPFhasheenproposedy Ujaldonetal., which allows
for thedeclaratiorof sparserraysusingavarietyof standardgtoragescheme$13]. Althoughthisexposes
the sparsearrayrepresentatioto the compiler computation®ver the arraysstill requireusersto directly
referto the underlyingsparsedatastructure. This is an unfortunateburdento placeon users obfuscating
a codes meaning. In contrast,the sparseand denseversionsof A-ZPL algorithmsare quite similar in
appearance.

Althoughparallellibrarieshave beendevelopedor representingndoperatingpnsparsearrayse.g., [8]),
thesehavetypically assumea@ sparsamatrixinterpretationproviding supporffor linearalgebraoperations.
We believe thatalthoughsuchlibrariesarevaluable supportfor sparsecomputatiorat the languagdevel
aidsin the clear expressionof the programmers computation. Ideally, a sparsearray languagewould
provide ameanf interfacingto sparsematrix librariesto take advantageof the effortsin this area.

7 Conclusions

In this paper we have proposeda region-basedpproachor representingparsecomputations We have
shawvn thatregionsarea clean,concisemeansof expressingsparsity Furthermorewe have arguedthat
sparsaegionsadmitan efficient parallelimplementatioraswell asparallel performancenodeling. Our
experimentgddemonstratéhatlanguagesisingsparseegionscanachieve significantlyimprovedexecution
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times, dueto the possibility of optimizationsaswell asthe opportunityto amortizesparseoverheadde-

tweenarrayswith identicalsparsitypatterns.In future work, we intendto implementsparseregionsand

arraysin the A-ZPL compilet seekingo developnew languageconceptandoptimizationsspecificto the

Sparseontet.
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