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Abstract

Array languagesuchas Fortran 90, High Performancd~ortranand ZPL are convenientvehiclesfor ex-
pressingdataparallelcomputation.Unfortunately arraylanguagesemanticgprohibit the naturalexpressiornof
wavefrontandpipelinedcomputationsgharacterizetdy a sequentiapropagatiorof computedraluesacrosone
or moredimensionf the problemspace.As a result, programmerscalarize(i.e., useloop nestsandscalar
indexing insteadof arrayoperationsyvavefrontcomputationssacrificingthe benefitsof thearraylanguageWe
proposean extensionto arraylanguageshat providessupportfor wavefrontcomputatiorwithout scalarization
andwith minimalimpacton the language Our extensionis particularlyvaluablein thatit identifiesparallelism
to both the programmeiand compilerjust as corventionalarray operationsdo. In this paperwe motivate the
problem,introduceour languagesxtension,describats implementatiorin the ZPL dataparallelarraylanguage
compiler andexperimentallyevaluatethe parallelperformancemprovementdueto its optimizationfor paral-
lelism.

1 Intr oduction

Array languagesuchasFortran90[1], High Performancé&ortran(HPF)[6] andZPL [12] have achievzedsuccess
in expressingandexploiting dataparallelism. They aredistinguishedrom scalarlanguagesy their supportof
operationson arraysas primitive entities, frequentlyobviating the needfor explicit looping and element-wise
indexing. In additionto providing corvenientandconcisesyntax,arrayoperationsenableprogrammer/compiler
collaboration the basisof effective parallelcomputing. The programmemand compilercollaboratein the sense
thatthe programmeipresents representationf a particularcomputatiorandhascertainexpectationsaboutits
eventualperformance.If a programmeiexpresses computationin termsfor which the compileris unableto
meetthe performancexpectationscollaboratiordoesnot exist. Effective programmer/compilezollaborations
essentiain the paralleldomain,whereordersof magnitudesf performancenay be lost whenthe compileris
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DO100 i =2, n-1

DO100 j =2, n-2 DO100 j =2, n-2
r=aa(j,i)*d(j-1,i) r(2:n-2)=aa(j,2:n-2)*d(j-1,2:n-2)
d(j,i)=1.0/(dd(j,i)-aa(j-1,i)*r) d(j,2:n-2)=1.0/(dd(j,2:n-2)-aa(j-1,2:n-2)*r(2:n-2))
rx(j,1)=rx(j,i)-rx(j-1,i)*r X(j,2:n-2)=rx(j,2:n-2)-rx(j-1,2:n-2)*r(2:n-2)
ry(j,i)=ry(,i)-ry(-1,i)*r ry(j,2:n-2)=ry(j,2:n-2)-ry(j-1,2:n-2)*r(2:n-2)
100 CONTINUE 100 CONTINUE
@) (b)

Figurel: Fortrancodefragmentdrom SPECfp92Tomcatvbenchmarlkdemonstrating limitation of arraylan-
guages.In orderto representhe scalarcodein (a) in anarraylanguagea programmemustscalarizethe first
dimensionasin (b).

unableto producea parallelimplementatiorof a code.Array language&nableeffective collaborationby making
parallelismapparento boththe programmegandthe compilerin arrayoperations.

Unfortunately arraylanguagesrelimited in whatcomputationghey canexpressat the arraylevel. Thisis
becausanarraylanguagecompilergenerates loop nestto implementoneor morearraystatementsandarray
languagesemanticprohibittheloop from carryingtruedatadependencefsom onestatemento its self or earlier
statementslIf programmersvantto expresssucha computationthey mustscalarizeone or more dimensions
of the computatiorby usingloopsto explicitly iterateover elementsof arrays. Clearly, scalarizationis at odds
with the goalsand benefitsof arraylanguageprogramming. Computationcharacterizedy a datadependent
flow of valuesacrossoneor moredimensionf the problemspacecannotbe expressednly via primitive array
operations.We call thesewavefont computationsbecausevavesof computedvalueswashacrossthe problem
space They canbethoughtof asa generalizatiorof scanor prefix computations.

As anexample,considetthe scalarFortran77 codefragmentin Figurel(a);it is from thetridiagonalsystems
solver componenbf the SPECfp92Tomcatvbenchmark.The innerloop carriesa true datadependencéom
the secondstatemento the first dueto arrayd andfrom the third andfourth statement$o themselesdueto
arraysrx andry , respectirely. An arraylanguagecannotexpresshesedependencesithoutscalarizinghefirst
dimensionof theproblemspacecalledpartial scalarization asin the Fortran90 arraystatementn Figurel(b).
Clearly, scalarizatiorsacrificeghe benefitsof arraylanguages;orruptingthe collaboratiorbetweerprogrammer
andcompiler The programmemustdecidewhetherthe partially scalarizedvavefrontcomputatioris phrasedn
termsthatthecompilercanrecognizeandparallelize.ln addition,thescalarizedodein Figurel(b) hasverypoor
cachebehaior becausall the arrayreferencesreto rows andthe arraysareallocatedin column-majoforder
Thecompilermight optimizethe partially scalarizedcodefor spatiallocality andparallelism but theprogrammer
is left to wonderandis ill-equippedto make implementatiordecisions.We will demonstratén Section5 that
the potentialperformancealifferentialis enormous.The bottomline is that scalarizatiorimpedeseffective col-
laborationbetweermprogrammerndcompilet If afull arrayrepresentationf wavefrontcomputationsouldbe
expressedit would regainthe benefitsof arraylanguageprogramming.

We proposeanextensionto arraylanguageso directly supportwavefrontcomputationseliminatingthe need



for partial scalarizationwith minimal impacton the language.Thoughwavefront computationglo not appear
in every array languageprogram,they are sufficiently commonthat they warrantlanguagesupport. Thereare
two componentgo our solution. First, we introducea new array operatoy called the prime operatoy that al-
lows a programmetto referto valueswritten insidethe loop nestthatimplementsthe statementontainingthe
prime. Secondwe introducea new compoundstatementcalledthe scanblodk, thatgroupsstatementi orderto
establistthe scopeof the prime operator Thesetwo new arraylanguagdeaturegpermitfull arraystatementep-
resentatiorof codedik e thatof Figurel, therebyrestoringthe benefitsof arraylanguagesndcornveying thehigh
level natureof thecomputatiorto thecompiler Mostimportantly theprogrammeneednotspeculatavhetherthe
compileris ableto extractparallelismfrom thescalarizedtode.Justasparallelismis manifestin arrayoperations,
it is manifestin scanblocks.

This paperis organizedasfollows. In the next section,we describeour arraylanguageextensionto support
wavefront computationsn ZPL. Sections3 and4 describeits implementationand optimization, respectiely.
Performancelatais presentedh Section5, andfuturework andconclusionsaregivenin thefinal section.

2 Array LanguageSupport for Wavefront Computation

This sectiondescribesrraylanguagesupportfor wavefrontcomputationn the context of the ZPL parallelarray
languagg12]. We have demonstratedhat our ZPL compileris competitize with hand-codedC with MPI [3],

andit generallyoutperformsHPF [9]. The compileris publicly available [14] for most modernparalleland
sequentiaplatforms,includingthe Cray T3E,IBM SP2,SGIPowverChallengeSGl Origin, andnetworked UNIX

workstationsusingMP| and PVM. Thelanguagss in active useby scientistsn fields suchasastronomycivil

engineeringpiological statistics,mathematicspceanographyandtheoreticalphysics. The first sectionbelow
givesaverybrief summaryof theZPL languageonly describinghefeaturef thelanguagemmediatelyrelevant
to this paper Detailedcoverageof thelanguagemay befoundelsavhere[12]. After that,we introducethe prime
operatorandscanblocksasa meanf supportingvavefrontcomputationsn ZPL.

2.1 Brief ZPL LanguageSummary

ZPL is a dataparallelarray programminganguage.lt supportsall the usualscalardatatypes(e.g., integer
float ,char ), operatorge.g., math,logical,bit-wise),andcontrolstructurege.g., for , while ,functioncalls).
As anarraylanguageit alsooffersarraydatatypesandoperatorsZPL is distinguishedrom otherarraylanguages
by its useof regions[4]. A regionrepresentanindex set,andmay precedea statementspecifyingthe extentof
thearrayreferencesvithin its dynamicscope By factoringtheindicesthatareto becomputedn into theregion,
the useof regionseliminatesthe needto index arrays. For example,the following Fortran90 (slice-basedand
ZPL (region-basedarraystatementareequialent.

a(n/2:n,n/2:n) = b(n/2:n,n/2:n) + ¢(n/2:n,n/2:n) [n/2..n,n/2..n] a=>b+c¢



for j = 2to n2 do

[i,2..n-1] begin [2..n-2,2..n-1] scan
r = aa * d@north; r = aa * d'@north;
d =10 / (dd - aa@north * r); d =10 / (dd - aa@north * r);
X =r1x - rx@north * r; X =rx - rxX@north * r;
ry =ry - ry@north * r; ry =ry - ry@north * r;
end; end;
end;
(a) (b)

Figure2: ZPL representationsf the Tomcatvcodefragmentfrom Figure 1. The first codefragment(a) uses
scalarizatiorio expresshewavefront,while the secondb) usesa scanblock andthe prime operator

Regionscanbenamedandusedsymbolicallyto furtherimprove readabilityandconcisenesaVhena compu-
tationrequiresthatnotall arrayreferenceseferto exactly the samesetof indices,arrayoperatorsareappliedto
individual referencesselectingsomefunctionof theapplicableregion'sindicesfrom thethe operatorsoperands.
ZPL providesa numberof array operatorqe.g., reductions parallel prefix operationsproadcastsgeneralper
mutations) put for this discussionye will only discusghe shift operator The shift operatorrepresentetdy the
@symbol, shifts the indicesof the covering region by someoffset vector calleda direction to determinethe
indicesof its agumentarraythat areinvolvedin the computation.For example,the following Fortran90 and
ZPL statementperformthesamestencilcomputationNotethatnorth , south ,west , andeast representhe
programmedefinedvectors(—1,0), (1,0), (0,—1), and(0, 1), respectiely.

a(2:n+1,2:n+1) = (b(1:n,2:n+1)+b(3:n+2,2:n+1)+b(2:n+1,1:n)+b(2: n+1,3:n +2))/4 .0
[2..n+1,2..n+1] a = (b@north+b@south+b@west+b@east)/4.0;

Figure2(a)containsa ZPL codefragmentrepresentinghe samecomputatiorasthe TomcatvFortran90 code
fragmentin Figure1(b). The useof regionsimprovescodeclarity andcompactnessThoughthe scalarvariable
r is promotedo anarrayin thearraycodeswe have previously demonstratedompilertechniquedy which this
overheadnaybeeliminatedvia arraycontraction8].

2.2 Wavefront Computation in ZPL

Array languagesemanticsglictatethattheright-handsideof anarraystatemenis evaluatedbeforetheresultis as-
signedto theleft-handside.As aresult,thecompilerwill notgeneratea loop thatcarriesatruedatadependence.
For example the ZPL statemenin Figure3(a)is implementedy theloop nestin 3(b). Thecompilerdetermines
thatthe i-loop iteratesfrom high to low indicesin orderto ensurethat the loop doesnot carry a true datade-
pendencelf arraya containsall 1sbeforethe statemenin 3(a) executesijt will have the valuesin Figure3(c)
afterward.

In wavefront computationsthe programmemwantsthe compilerto generatea loop nestwith loop carried
true datadependencesWe introducea new operatoy called the prime operator that allows a programmetto
referencevalueswritten in previous iterationsof the loopsthat containthe primedreference.For example,the
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Figure3: ZPL arraystatementga andd) andthe correspondindoop nests(b ande) thatimplementthem. The
arraysin (c andf) illustratetheresultof thecomputations$f arraya initially containsall 1s.

ZPL statemenin Figure3(d) is implementedy theloop nestin 3(e). In this casethe compilermustensurehat
aloop carriedtruedatadependencexistsdueto arraya, thusthei-loopiteratesrom low to highindices.If array
a containsall 1sheforethe statemenin 3(d) executesit will have thevaluesin Figure3(f) afterward. In general,
thedirectionon the primedarrayreferencelefineshe orientationof the wavefront.

The prime operatoralonecannotrepresent comple wavefrontsuchasthe Tomcatvcodefragmentin Fig-
ure 2(a), becausaloneit only permitsloop carriedtrue dependencesom a statemento itself. We introducea
new compoundstatementgalleda scanblod, to allow for morecomplex wavefronts. Primedarrayreferences
in a scanblock referto valueswritten by ary statementn the block, not just the statementhat containsit. For
example theZPL codefragmentin Figure2(b) usesscanblocksandthe primeoperatoto realizethecomputation
in Figure 2(a) without partial scalarization.The arrayreferenced'@north  refersto valuesfrom the previous
iterationof theloop thatiteratesoverthefirst dimension.Thusthe primed@north referenceimply awavefront
thattravelsfrom northto south.Non-primedreferencesiave the usualmeaning.In scanblocks,they referto the
valuesin thearraybeforethe scanblock wasentered.

The scanblockswe have looked at thusfar containonly cardinaldirections(i.e., directionsin which only
onedimensionis nonzerosuchasnorth,south,eastandwest). Whennoncardinatirectionsappeamwith primed
referencesthereare nestedwavefronts. In this situation,multiple loops carry dependencedueto the primed
array Thisis alogical extensionof wavefrontsaswe have describedhem.Becausaestedvavefrontsappearfar
lessfrequentlyandthey arenot a sourceof significantparallelismwe do not considetthemfurtherin this paper

Therearea numberof staticallychecledlegality conditions. (i) Primedarraysin a scanblock mustalsobe
definedin the block; (ii) the directionson primedreferencesnay not overconstrairthe wavefront (e.g., primed
@north and @south referencesre not permittedbecausehey imply both north-to-southand south-to-north
wavefronts,which arecontradictory){iii) all statementg a scanblock musthave the samerank(i.e., areimple-
mentedby aloop nestof the samedepth)—thisprecludegheinclusionof scalarassignmenin a scanblock; and
(iv) arrayoperandgo paralleloperatorsotherthanthe shift operatormay not be primed;this is essentiabecause
arrayoperatorsarepulledout of the scanblock duringcompilation(seeSection3).



Theprimeoperatolandscanblockscanbeaddedo alanguagesuchasFortran90in ananalogousvay. Again,
thewavefrontorientationis definedby primedshiftedarrayreferencesThoughit is somevhatlessobviousto a
programmehow arraysareshiftedin slice notationversusa region-base@pproachthe compilationapproactis
thesamewhich we discusdn the next section.

3 Implementation

Thissectiondescribe®urapproacho implementingorimedarrayreferenceandscanblocksin theZPL compiler
First, we shov how datadependencedetermineloop structurein the ZPL compiler Next, we shov how to
leveragethis infrastructureto determinethe loop structureof scanblocks. Finally, we describethe compiler's
approachio communicatiorinsertion.

3.1 Deriving Loop Structurein ZPL

TheZPL compileridentifiesgroupsof statementthatareto beimplementedisa singleloop nest,essentiallyper
forming loop fusion. The datadependenceférue, anti andoutput)thatexist betweerthesestatementsletermine
the structureof theresultingloop nest. Specifically they determinewvhatloop iteratesover eacharraydimension
andin whatdirection(e.g., from high to low indices). The ZPL andscalarcodefragmentsn Figure3(a)and(b)
illustratethis. Notice thatthe j-loop hasto iteratefrom high to low indicesin orderto presere theloop carried
anti-dependencieom the statemento itself.

We have developedunconstaineddistancevectoss to representhesearray-level datadependence8]. Un-
constrainedlistancevectorsareanalogougo conventionaldistancevectors[13] exceptthatthey areindependent
of the iteration space. This is essentiain an array languagecompilerbecausenalysesare performedbefore
the array statement$iave beencornvertedto loop nests,thusbeforean orderediteration spaceexists. The un-
constrainedepresentatioiis enabledoy the regularity of the loop neststhatare generatedor array statements.
An unconstrainedistancevectorassociateavith a particulardependences simply the vectordifferenceof the
directionat the sourceandtarget of the dependencelor example,the unconstrainedlistancevectordueto the
anti-dependenc&om referencea@north to a in Figure 3(a) is simply (—1,0) —(0,0) = (—1,0). We have
previously developedan algorithmthatcomputesa legalloop structuregivenallist of the unconstrainedistance
vectorsassociateavith the datadependencesetweerthe statementshatthe loop is to contain[8]. In the event
thatthe unconstrainedistancevectorsdo not uniquelydeterminealoop structure cacheissuesareconsideredn
orderto improve spatiallocality. In the eventthatthe unconstrainedlistancevectorsover-constrainthe loop and
no loop structurecanbefound,all the statementsannotappeain asingleloop. Someof themmustbeplacedin
separatdoopstherebyeliminatingsomedependenceandtheir associatedinconstrainedistancevectors.



3.2 Deriving Loop Structure of ScanBlocks

In orderto simplify analysis.all potentially parallelarray operatorgexceptshiftedprimedarrays)areremoved
from scanblocksvia theinsertionof temporaryarrays. Thesetemporaryarrayswill be subsequentlgliminated
via arraycontractionf possibl€8].

Thoughall the statement#n a scanblock areimplementedy a singleloop nest,we cannotsimply calculate
unconstrainedlistancevectorsas describedabove, becauserimed referencetave a differentmeaning. For
example,considerthe scanblock in Figure2(b). Normal unconstrainedlistancevectorcalculationcreatesan
anti-dependencteom thefirst to the secondstatementueto arrayd. But becauséhereferencdo d is primed,
thereshouldactuallybeatrue datadependencirom thesecondstatemento thefirst. We representhis by simply
negatingthe unconstrainedlistancevectorbetweerthe two statementsNote that primedarrayreference®nly
appeaontheright-handsideof arraystatementssoonly unconstrainedistancevectorsdueto anti-dependences
needto be negatedwhentheapparensourceof the dependencis primed. Finally, we useour existing algorithm
to derive loop structurefrom theunconstrainedistancevectorsassociateavith inter scanblock dependences.

3.3 Communication

Next, we considerthe issuesof generatingcommunicationfor scanblocks whenthe arraysthey containare
distributed. ZPL alignsinteractingarraysso thatinterprocessocommunicatioris apparento the programmer
andthe compilerfrom the parallelarrayoperatorssuchasthe shift operatof2]. Becausenly the shift operator
on primedarraysmay appeain scanblocks,we needonly describéts implementatiorhere.

Recallthatshiftedprimedarraysimply thatthereis awavefrontmoving acrosghearraysin ascanblock. In a
naive implementationgachscanblock is precededy a messageeceie andfollowed by a messagsend.Thus,
a particularprocessowill not enterthe loop nestthat computesdts portion of a scanblock until the datafrom
thepreviousprocessorbecomesvailable. Whena processocompleteghis loop nest,it sendghe datarequired
by subsequentrocessorso them. The communicatiorhasthe effect of serializingall the computatioralongthe
directionof the wavefront, which is the intendedmeaningof the wavefrontcomputation.Figure4(a)illustrates
this interprocessocommunication. This simplistic implementatiordoesnot exploit ary parallelismalongthe
wavefrontdimension.The next sectiondiscussesptimizationsfor parallelism.

4 Optimization
This sectiondiscusses numberof optimizationshatimprove the parallelperformancef scanblocks.

4.1 Pipelining

In theimplementatiordescribedibore,a processofinishescomputingonits entireportionof ascanblock before
datais senton to later processorén the wavefront computation.As a result, thereis no parallelismalongthe
wavefont dimensior—the dimensionacrosswhich the wavefront travels. The computationis sequentialand
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Figure4: lllustrationof the datamovementandparallelismcharacteristicef wavefrontcomputationga) without
and(b) with pipelining.

processorsit idle. Supposea north-to-southwavefront computatioris performedon ann x n arraydistributed
acrossa2 x 2 processomeshasin Figure4(a). Processor8 and4 mustwait for processord and?2 to compute
onn?/4 elementsachbeforethey may proceed Furthermoreprocessord and2 will have to wait for theothers
to completef they dependontheglobalresultof thewavefrontcomputation.

Alternatively, the wavefront computationmay be pipelinedin orderto exploit parallelism. Specifically a
processomaycomputeasmallsliceof its portionof ascanblock, sendon someof thedataneededy subsequent
processordghencontinueto executdts next slice. Thebenefitof thisapproachs thatit allows multiple processors
to becomeénvolvedin the computatiorassoonaspossible greatlyimproving parallelism.Figure4(b)illustrates
this. Processor8 and4 only needto wait long enoughfor processord and?2 to computea singleslice (n/4 x
1/4 = n/16 elements)each. They canthenimmediatelybegin computingslicesof their portionsof the scan
block. By thetime they are finishedwith a slice, the next bit of datahasbeenpassedon by the preceding
processar Parallelimplementatiorof seeminglysequentiaivavefront computationss not a new idea[10, 11],
but providing directarraylanguagesupportfor it is.

Thecompilerperformsthis optimizationby generatingaloop to iterateover slicesof a processos portion of
ascanblock. As in the unpipelinedcase communicatiorroutinesanda loop nestto iterateover theslice appear
in the loop body. In eachiteration of this loop, eachprocessoonly computeson a slice of its portion of the
scanblock. This sliceincludesthe processos entirerangeof thewavefrontdimensionput only partof the other
dimensionsThesizeof theslicein thenon-wavefrontdimensionsaredeterminedy factorssuchtherelative cost
of communicatiorversuscomputatiorandcachecharacteristics.

Clearly, the numberof slicesimpactparallelism.lgnoringcommunicatiorcosts we expectbetterparallelism
for alarger numberof slices(i.e., smallerslices). In reality, at somepoint the overheadf increaseccommuni-
cationovershadws the benefitof increasegarallelism.We have developeda simplemodelto demonstratehis
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Figure5: Modeledversusexperimentalspeedupueto pipelining. The datacomesfrom a single2048x 2048
wavefrontcomputatiorin the Tomcatvbenchmarlon 8 nodesof the Cray T3E.

tradeof. This modelcanbe usedto determinethe optimal numberof slices. Thefollowing equationrmodelsthe
speedumf pipeliningversumot performingpipeliningonan x n array Let c bethe numberof slicesby whichn
is dividedand p bethe numberof processorsarrangedn arow or column.

base base
comp+ Tcomm

Speedup= — .
Tc%[r)nep+ Teomm
base _ 2
Teomp=11 oS = (a+Bn)(p—1)
e g T8RS = (0 +BO)(c+ p—2)
comp= B—’_C_p(p_ ) comm c

Without pipeliningthe Comp_utaime, Tc%é}ﬁg, is simply a functionof thetotal numberof arrayelementsWith
pipelining,thecomputaime,Tcri,'ﬁqep is the sumof thetime to computeoneprocessos data(n?/ p) andaslice of
thedata. Without pipelining, communications necessarp — 1 times(TC%a,ﬁﬁ]). The costof eachcommunication
hasa constantstartupcost, a, anda per transmitteddataelementcost, 3. The pipelinedcommunicationcost
(Tc%ﬂqeno is similar exceptthattherearemore messagesandeachmessagsenddewer dataelements Note that
thetotal numberof messagefor the pipelinedcaseis c+ p — 2 ratherthanc(p— 1). Thisis becausenostof the
communicatiorproceedsn parallel. Figure5 containsa graphthat plotsmodeledandexperimentakpeedumue
to pipelining asa function of the numberof slices,c, into which the arraysaredivided. Oneslice impliesthat
thereis no pipelining, thusthe speedupl. The modelcloselytracksthe experimentaldata. In future work, the

compilerwill usethis modelto find the optimalnumberof slicesfor a particularcomputatiorandmachine.

4.2 Other Optimizations

Therearea numberof otherpossibleoptimizationghatmayimprove performancef certaincodes.



Array Contraction. The ZPL compiler fusesstatementsn an effort to enablethe contractionof arraysto
scalarqd8]. Normally, the compilerdoesnot fusestatement# the fusionintroducesa loop carriedflow depen-
dencefor thiswould prohibitparallelismin oneor moredimensionsBecausecanblocksareinherentlysequen-
tial in thewavefrontdimensionwe may extendour implementatiorof arraycontractionto allow contractionof
arraysresultingin loop carriedtrue datadependenceaslongthe wavefrontdimension.

Associatvity Detection. In theeventthatscanblock computationsreassociatie, moreefficient parallelprefix
implementationsxist [7]. As an optimization,the compiler could recognizethis and usethe more efficient
implementation.

BroadcastDetection. Similarly, scanblocks canbe usedto copy valuesacrossan array This codeis best
implementedasa broadcastratherthanthe moregenerakerialschemepresented.

5 PerformanceEvaluation

In this sectionwe demonstratéhe potentialperformancéenefitsof providing scanblocksin anarraylanguage.
Thoughit is possiblethat a compilerfor a languagewithout scanblocks could achiere this samelevel of per
formance by providing explicit languagesupportfor wavefrontcomputationa programmeis ensuredhatthe
compileris awareof the high-level structureof the computatiorandis thuslik ely to optimizeit. Thisis anexam-
ple of programmindanguagedesignfacilitating programmer/compilecollaboration. Alternatively, a compiler
couldrecognizevavefrontidiomsin partially scalarizeadtode. Theproblemwith thisapproachs thatit is difficult
for programmerso know whetherthey have expressedheir programsin termsthat the compilercanoptimize,
andoftenthesucces®f the compileris sensitve to smallchangesn sourceprogram.

We conductexperimentson the Cray T3E andthe SGI PonverChallengaisingthe Tomcatvand Simple[5]
benchmarks For eachexperiment,we considereachprogramasa whole, andwe considertwo component®f
eachthatcontaina singlewavefrontcomputation Our extensiongrasticallyimprove the performancef thetwo
wavefront portionsof codein eachbenchmarkwhich resultsin significantoverall performanceenhancement.
First, we demonstratehe potentialcacheperformancebenefitsof scanblock versuspartially scalarizedarray
codeeven without the optimizationspresentedn Section4. Next, we measurehe additionalimprovementin
parallelismof pipelining.

5.1 CacheBenefits

Considetthe codefragmentwithout scanblocksin Figure2(a). A naive implementatiorof this codeiteratesover
therows of eacharray If the arraysareallocatedin column-majororder, performancewill be limited by poor
cachebehaior. Thescanblockversionof this codein Figure2(b), hawever, doesnot specifyaniterationorderat
thesourcelevel. This givesthe compilerthe freedomto choosethe mostappropriatevay by which loopsiterate

10
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Figure6: Potentialspeedumlueto scanblocksfrom improvedcachebehaior.

overarraysfor goodcacheperformanceThougha compilercanoptimizethe codein Figure2(a),thebettercode
is muchmorelikely to be generatedvhenit is a by-productof the compilationprocessyatherthana specific
optimization.

With thisin mind, we experimentallycompareheperformancef partially scalarizedandscanblock exploit-
ing implementationsf identicalcomputationsFigure6 graphghe speedumf theformeroverthelatter Because
theseexperimentsare on a singlenodeof eachmachine the speedups entirely dueto cachingeffects. On the
Cray T3E, the wavefront computationsalone(the two grey bars)speedupy up to a factorof 8.5, resultingin
an overall speedup(black bars)of a factorof 3 for Tomcatvand 7% for Simple. Tomcatvexperiencesucha
large overall speedupbecausehe wavefront computationgepresensignificantportionsof the programs total
executiontime. The SGI PaverChallenggraphhasa similar characteexceptthatthe speedupsremoremodest
(up to afactorof 4). This is becausehe PaverChallengenasa muchslower processothanthe T3E, thusthe
relative costof a cachemissis less,soit is lesssensitve to cacheperformancehanthe T3E.

5.2 Optimization Benefits

We arein the processof implementingthe optimizationsdescribedn Section4 in the ZPL compiler In the
meantime,we have performedthe pipelining transformationdy handon a numberof programsto assessts
impact. Figure7 presentspeeduplatadueto pipeliningalone. The basisfor calculatingthe speedups afully
parallelversionof the codewithout the pipelining transformation. Thusthe barsrepresentingvhole program
speedugblack bars)arespeedueyond an alreadyhighly parallelcode. The barsrepresentingpeedumf the
wavefrontcomputationggrey bars)areserialwithoutpipelining,sothebaselingn their casedoesnotbenefitfrom
parallelism.We would lik e the grey barsto achieve speedugascloseto the numberof processoraspossible.In
all caseghe speedumf the wavefront sggmentsapproacheshe numberof processorsandthe overall program
improvementsareverylargein severalcasegupto afactorof 3). Thesmallesbverallperformancémprovements
arestill greaterthan5 to 8%. Thoughthe absolutespeedupmprovesasthe numberof processorincreasesthe
efficiency decreaseslhisis becauseve have kepttheproblemsizeconstantsotherelative costof communication
increasesvith the numberof processors.
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Figure7: Speedumueto pipeliningoptimization.

6 Conclusion

We have extendedarraylanguageso supportwavefrontcomputationsvithout scalarizationthusreclaimingthe
benefitsof representingomputationsvia high level array operations.In additionto its corvenientand concise
syntax,our extensionenhancegrogrammer/compilecollaboration. As a result, programmersexpectationsof
their codes'performancearelikely to be metby the compiler, equippingprogrammerso make informedimple-
mentationdecisions. We have describedour approachto compiling the new languageextension,andwe have
proposedseveral optimizations.In addition,we have shavn thatbothfull arrayandoptimizedimplementations
resultin significantspeedupersusnaive scalarizecandunoptimizedmplementationsiespectely.

The experimentsn this paperdemonstratingipelining benefitwere optimizedby hand. We will next fully
mechanizehis process,using the speedupmodel presentedn Section4 in orderto automaticallyselectthe
appropriatenumberof pipelineslices. We mustdecidehow to parameterizéhe modelgiventhe characteristics
of a particularmachineandwavefront computation.Furthermorewe mustaddresshe issueof the appropriate
slice sizewhenthesliceis perpendiculato the closelyallocatedarrayelementsin this case theidealslice size
may needto be slightly increasedr decreasedothatthe slice sizeis a multiple of the cacheline size,resulting
in improvedcacheperformance.

Acknowledgments. We thankSung-EungChoi and SamuelGuyerfor their commenton draftsof this paper
Thisresearctwassupportedy agrantof HPCtime from the Arctic Region Supercomputingenter
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