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Abstract

Array languagessuchasFortran90, High PerformanceFortranandZPL areconvenientvehiclesfor ex-
pressingdataparallelcomputation.Unfortunately, arraylanguagesemanticsprohibit thenaturalexpressionof
wavefrontandpipelinedcomputations,characterizedby asequentialpropagationof computedvaluesacrossone
or moredimensionsof the problemspace.As a result,programmersscalarize(i.e., useloop nestsandscalar
indexing insteadof arrayoperations)wavefrontcomputations,sacrificingthebenefitsof thearraylanguage.We
proposeanextensionto arraylanguagesthatprovidessupportfor wavefrontcomputationwithout scalarization
andwith minimal impacton thelanguage.Our extensionis particularlyvaluablein thatit identifiesparallelism
to both the programmerandcompilerjust asconventionalarrayoperationsdo. In this paperwe motivatethe
problem,introduceour languageextension,describeits implementationin theZPL dataparallelarraylanguage
compiler, andexperimentallyevaluatetheparallelperformanceimprovementdueto its optimizationfor paral-
lelism.

1 Intr oduction

Array languagessuchasFortran90[1], High PerformanceFortran(HPF)[6] andZPL [12] haveachievedsuccess

in expressingandexploiting dataparallelism.They aredistinguishedfrom scalarlanguagesby their supportof

operationson arraysasprimitive entities,frequentlyobviating the needfor explicit looping andelement-wise

indexing. In additionto providing convenientandconcisesyntax,arrayoperationsenableprogrammer/compiler

collaboration,thebasisof effective parallelcomputing.Theprogrammerandcompilercollaboratein thesense

that theprogrammerpresentsa representationof a particularcomputationandhascertainexpectationsaboutits

eventualperformance.If a programmerexpressesa computationin termsfor which the compiler is unableto

meettheperformanceexpectations,collaborationdoesnotexist. Effectiveprogrammer/compilercollaborationis

essentialin the paralleldomain,whereordersof magnitudesof performancemaybe lost whenthe compileris
�
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DO 100 i = 2 , n-1
DO 100 j = 2 , n-2

r=aa(j,i)*d(j-1,i)
d(j,i)=1.0/(dd(j,i)-aa(j-1,i)*r)
rx(j,i)=rx(j,i)-rx(j-1,i)*r
ry(j,i)=ry(j,i)-ry(j-1,i)*r

100 CONTINUE

(a)

DO 100 j = 2 , n-2
r(2:n-2)=aa(j,2:n-2)*d(j-1,2:n-2)
d(j,2:n-2)=1.0/(dd(j,2:n-2)-aa(j-1,2:n-2)*r(2:n-2))
rx(j,2:n-2)=rx(j,2:n-2)-rx(j-1,2:n-2)*r(2:n-2)
ry(j,2:n-2)=ry(j,2:n-2)-ry(j-1,2:n-2)*r(2:n-2)

100 CONTINUE

(b)

Figure1: Fortrancodefragmentsfrom SPECfp92Tomcatvbenchmarkdemonstratinga limitation of arraylan-
guages.In orderto representthescalarcodein (a) in anarraylanguage,a programmermustscalarizethe first
dimension,asin (b).

unableto produceaparallelimplementationof acode.Array languagesenableeffectivecollaborationby making

parallelismapparentto boththeprogrammerandthecompilerin arrayoperations.

Unfortunately, arraylanguagesarelimited in whatcomputationsthey canexpressat thearraylevel. This is

becauseanarraylanguagecompilergeneratesa loop nestto implementoneor morearraystatements,andarray

languagesemanticsprohibit theloopfrom carryingtruedatadependencesfrom onestatementto its selfor earlier

statements.If programmerswant to expresssucha computation,they mustscalarizeoneor moredimensions

of thecomputationby usingloopsto explicitly iterateover elementsof arrays.Clearly, scalarizationis at odds

with the goalsandbenefitsof array languageprogramming.Computationscharacterizedby a datadependent

flow of valuesacrossoneor moredimensionsof theproblemspacecannotbeexpressedonly via primitivearray

operations.We call thesewavefront computations,becausewavesof computedvalueswashacrosstheproblem

space.They canbethoughtof asa generalizationof scanor prefixcomputations.

As anexample,considerthescalarFortran77codefragmentin Figure1(a);it is from thetridiagonalsystems

solver componentof the SPECfp92Tomcatvbenchmark.The inner loop carriesa true datadependencefrom

the secondstatementto the first dueto arrayd andfrom the third andfourth statementsto themselvesdueto

arraysrx andry , respectively. An arraylanguagecannotexpressthesedependenceswithoutscalarizingthefirst

dimensionof theproblemspace,calledpartial scalarization, asin theFortran90arraystatementsin Figure1(b).

Clearly, scalarizationsacrificesthebenefitsof arraylanguages,corruptingthecollaborationbetweenprogrammer

andcompiler. Theprogrammermustdecidewhetherthepartiallyscalarizedwavefrontcomputationis phrasedin

termsthatthecompilercanrecognizeandparallelize.In addition,thescalarizedcodein Figure1(b)hasverypoor

cachebehavior becauseall thearrayreferencesareto rows andthearraysareallocatedin column-major-order.

Thecompilermightoptimizethepartiallyscalarizedcodefor spatiallocality andparallelism,but theprogrammer

is left to wonderandis ill-equippedto make implementationdecisions.We will demonstratein Section5 that

the potentialperformancedifferentialis enormous.The bottomline is that scalarizationimpedeseffective col-

laborationbetweenprogrammerandcompiler. If a full arrayrepresentationof wavefrontcomputationscouldbe

expressed,it would regainthebenefitsof arraylanguageprogramming.

We proposeanextensionto arraylanguagesto directlysupportwavefrontcomputations,eliminatingtheneed

2



for partial scalarization,with minimal impacton the language.Thoughwavefrontcomputationsdo not appear

in every array languageprogram,they aresufficiently commonthat they warrantlanguagesupport. Thereare

two componentsto our solution. First, we introducea new arrayoperator, called the prime operator, that al-

lows a programmerto refer to valueswritten insidethe loop nestthat implementsthe statementcontainingthe

prime.Second,weintroduceanew compoundstatement,calledthescanblock, thatgroupsstatementsin orderto

establishthescopeof theprimeoperator. Thesetwo new arraylanguagefeaturespermitfull arraystatementrep-

resentationof codeslike thatof Figure1, therebyrestoringthebenefitsof arraylanguagesandconveying thehigh

level natureof thecomputationto thecompiler. Most importantly, theprogrammerneednotspeculatewhetherthe

compileris ableto extractparallelismfrom thescalarizedcode.Justasparallelismis manifestin arrayoperations,

it is manifestin scanblocks.

This paperis organizedasfollows. In thenext section,we describeour arraylanguageextensionto support

wavefront computationsin ZPL. Sections3 and4 describeits implementationand optimization,respectively.

Performancedatais presentedin Section5, andfuturework andconclusionsaregivenin thefinal section.

2 Array LanguageSupport for Wavefront Computation

Thissectiondescribesarraylanguagesupportfor wavefrontcomputationin thecontext of theZPL parallelarray

language[12]. We have demonstratedthat our ZPL compileris competitive with hand-codedC with MPI [3],

and it generallyoutperformsHPF [9]. The compiler is publicly available [14] for most modernparallel and

sequentialplatforms,includingtheCrayT3E,IBM SP2,SGIPowerChallenge,SGIOrigin, andnetworkedUNIX

workstationsusingMPI andPVM. The languageis in active useby scientistsin fieldssuchasastronomy, civil

engineering,biological statistics,mathematics,oceanography, andtheoreticalphysics. The first sectionbelow

givesaverybrief summaryof theZPL language,only describingthefeaturesof thelanguageimmediatelyrelevant

to thispaper. Detailedcoverageof thelanguagemaybefoundelsewhere[12]. After that,we introducetheprime

operatorandscanblocksasameansof supportingwavefrontcomputationsin ZPL.

2.1 Brief ZPL LanguageSummary

ZPL is a dataparallelarrayprogramminglanguage.It supportsall theusualscalardatatypes(e.g., integer ,

float , char ), operators(e.g., math,logical,bit-wise),andcontrolstructures(e.g., for , while , functioncalls).

As anarraylanguage,it alsooffersarraydatatypesandoperators.ZPL isdistinguishedfromotherarraylanguages

by its useof regions[4]. A region representsanindex set,andmayprecedea statement,specifyingtheextentof

thearrayreferenceswithin its dynamicscope.By factoringtheindicesthatareto becomputedon into theregion,

theuseof regionseliminatestheneedto index arrays.For example,the following Fortran90 (slice-based)and

ZPL (region-based)arraystatementsareequivalent.

a(n/2:n,n/2:n) = b(n/2:n,n/2:n) + c(n/2:n,n/2:n) [n/2..n,n/2..n] a = b + c;
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for j := 2 to n-2 do
[j,2..n-1] begin

r = aa * d@north;
d = 1.0 / (dd - aa@north * r);
rx = rx - rx@north * r;
ry = ry - ry@north * r;

end;
end;

(a)

[2..n-2,2..n-1] scan
r = aa * d'@north;
d = 1.0 / (dd - aa@north * r);
rx = rx - rx'@north * r;
ry = ry - ry'@north * r;

end;

(b)

Figure2: ZPL representationsof the Tomcatvcodefragmentfrom Figure1. The first codefragment(a) uses
scalarizationto expressthewavefront,while thesecond(b) usesascanblockandtheprimeoperator.

Regionscanbenamedandusedsymbolicallyto furtherimprovereadabilityandconciseness.Whenacompu-

tationrequiresthatnot all arrayreferencesreferto exactly thesamesetof indices,arrayoperatorsareappliedto

individualreferences,selectingsomefunctionof theapplicableregion'sindicesfrom thetheoperators'operands.

ZPL providesa numberof arrayoperators(e.g., reductions,parallelprefix operations,broadcasts,generalper-

mutations),but for this discussion,we will only discusstheshift operator. Theshift operator, representedby the

@symbol,shifts the indicesof the covering region by someoffset vector, calleda direction, to determinethe

indicesof its argumentarraythat areinvolved in the computation.For example,the following Fortran90 and

ZPL statementsperformthesamestencilcomputation.Notethatnorth , south , west , andeast representthe

programmerdefinedvectors
� �

1 � 0� , � 1 � 0� , � 0 � � 1� , and
�
0 � 1� , respectively.

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)containsaZPL codefragmentrepresentingthesamecomputationastheTomcatvFortran90code

fragmentin Figure1(b). Theuseof regionsimprovescodeclarity andcompactness.Thoughthescalarvariable

r is promotedto anarrayin thearraycodes,wehavepreviouslydemonstratedcompilertechniquesby which this

overheadmaybeeliminatedvia arraycontraction[8].

2.2 Wavefront Computation in ZPL

Array languagesemanticsdictatethattheright-handsideof anarraystatementis evaluatedbeforetheresultis as-

signedto theleft-handside.As a result,thecompilerwill notgeneratea loop thatcarriesa truedatadependence.

For example,theZPL statementin Figure3(a)is implementedby theloopnestin 3(b). Thecompilerdetermines

that the i-loop iteratesfrom high to low indicesin order to ensurethat the loop doesnot carry a true datade-

pendence.If arraya containsall 1sbeforethestatementin 3(a)executes,it will have thevaluesin Figure3(c)

afterward.

In wavefront computations,the programmerwantsthe compiler to generatea loop nestwith loop carried

true datadependences.We introducea new operator, called the prime operator, that allows a programmerto

referencevalueswritten in previous iterationsof the loopsthat containthe primedreference.For example,the
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[2..n,1..n] a := 2 * a@north;

(a)

for i � n downto2 do
for j � 1 to n do

ai � j � 2 � ai 	 1� j
(b)

1 1 1 1 1
2 2 2 2 2

a = 2 2 2 2 2
2 2 2 2 2
2 2 2 2 2

(c)

[2..n,1..n] a := 2 * a'@north;

(d)

for i � 2 to n do
for j � 1 to n do

ai � j � 2 � ai 	 1� j
(e)

1 1 1 1 1
2 2 2 2 2

a = 4 4 4 4 4
8 8 8 8 8

16 16 16 16 16

(f)

Figure3: ZPL arraystatements(a andd) andthecorrespondingloop nests(b ande) that implementthem. The
arraysin (c andf) illustratetheresultof thecomputationsif arraya initially containsall 1s.

ZPL statementin Figure3(d) is implementedby theloopnestin 3(e). In this case,thecompilermustensurethat

a loopcarriedtruedatadependenceexistsdueto arraya, thusthei-loopiteratesfrom low to high indices.If array

a containsall 1sbeforethestatementin 3(d)executes,it will havethevaluesin Figure3(f) afterward. In general,

thedirectionon theprimedarrayreferencedefinestheorientationof thewavefront.

Theprimeoperatoralonecannotrepresenta complex wavefrontsuchastheTomcatvcodefragmentin Fig-

ure2(a),becausealoneit only permitsloop carriedtruedependencesfrom a statementto itself. We introducea

new compoundstatement,calleda scanblock, to allow for morecomplex wavefronts. Primedarrayreferences

in a scanblock refer to valueswritten by any statementin theblock, not just thestatementthatcontainsit. For

example,theZPL codefragmentin Figure2(b)usesscanblocksandtheprimeoperatorto realizethecomputation

in Figure2(a) without partial scalarization.Thearrayreferenced'@north refersto valuesfrom the previous

iterationof theloopthatiteratesover thefirst dimension.Thustheprimed@north referencesimply awavefront

thattravelsfrom northto south.Non-primedreferenceshave theusualmeaning.In scanblocks,they referto the

valuesin thearraybeforethescanblockwasentered.

The scanblockswe have looked at thusfar containonly cardinaldirections(i.e., directionsin which only

onedimensionis nonzero,suchasnorth,south,eastandwest).Whennoncardinaldirectionsappearwith primed

references,therearenestedwavefronts. In this situation,multiple loopscarry dependencesdueto the primed

array. This is a logicalextensionof wavefrontsaswehavedescribedthem.Becausenestedwavefrontsappearfar

lessfrequentlyandthey arenota sourceof significantparallelism,wedonotconsiderthemfurtherin thispaper.

Therearea numberof staticallycheckedlegality conditions.(i) Primedarraysin a scanblock mustalsobe

definedin theblock; (ii) thedirectionson primedreferencesmaynot overconstrainthewavefront (e.g., primed

@north and@south referencesarenot permittedbecausethey imply both north-to-southandsouth-to-north

wavefronts,whicharecontradictory);(iii) all statementsin a scanblockmusthave thesamerank(i.e., areimple-

mentedby a loopnestof thesamedepth)—thisprecludestheinclusionof scalarassignmentin a scanblock;and

(iv) arrayoperandsto paralleloperatorsotherthantheshift operatormaynot beprimed;this is essentialbecause

arrayoperatorsarepulledoutof thescanblockduringcompilation(seeSection3).
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Theprimeoperatorandscanblockscanbeaddedto alanguagesuchasFortran90in ananalogousway. Again,

thewavefrontorientationis definedby primedshiftedarrayreferences.Thoughit is somewhatlessobviousto a

programmerhow arraysareshiftedin slicenotationversusa region-basedapproach,thecompilationapproachis

thesame,whichwediscussin thenext section.

3 Implementation

Thissectiondescribesourapproachto implementingprimedarrayreferencesandscanblocksin theZPLcompiler.

First, we show how datadependencesdetermineloop structurein the ZPL compiler. Next, we show how to

leveragethis infrastructureto determinethe loop structureof scanblocks. Finally, we describethe compiler's

approachto communicationinsertion.

3.1 Deriving Loop Structure in ZPL

TheZPL compileridentifiesgroupsof statementsthatareto beimplementedasasingleloopnest,essentiallyper-

forming loop fusion. Thedatadependences(true,anti andoutput)thatexist betweenthesestatementsdetermine

thestructureof theresultingloopnest.Specifically, they determinewhatloop iteratesovereacharraydimension

andin whatdirection(e.g., from high to low indices).TheZPL andscalarcodefragmentsin Figure3(a)and(b)

illustratethis. Noticethat the j-loop hasto iteratefrom high to low indicesin orderto preserve theloop carried

anti-dependencefrom thestatementto itself.

We have developedunconstraineddistancevectors to representthesearray-level datadependences[8]. Un-

constraineddistancevectorsareanalogousto conventionaldistancevectors[13] exceptthatthey areindependent

of the iterationspace. This is essentialin an array languagecompilerbecauseanalysesareperformedbefore

the arraystatementshave beenconvertedto loop nests,thusbeforean orderediterationspaceexists. The un-

constrainedrepresentationis enabledby the regularity of the loop neststhataregeneratedfor arraystatements.

An unconstraineddistancevectorassociatedwith a particulardependenceis simply thevectordifferenceof the

directionat thesourceandtargetof thedependence.For example,theunconstraineddistancevectordueto the

anti-dependencefrom referencea@north to a in Figure3(a) is simply 
 � 1 � 0���
 0 � 0���
 � 1 � 0 . We have

previouslydevelopedanalgorithmthatcomputesa legal loop structuregivena list of theunconstraineddistance

vectorsassociatedwith thedatadependencesbetweenthestatementsthatthe loop is to contain[8]. In theevent

thattheunconstraineddistancevectorsdonotuniquelydeterminea loopstructure,cacheissuesareconsideredin

orderto improvespatiallocality. In theeventthattheunconstraineddistancevectorsover-constraintheloop and

no loopstructurecanbefound,all thestatementscannotappearin asingleloop. Someof themmustbeplacedin

separateloopstherebyeliminatingsomedependencesandtheirassociatedunconstraineddistancevectors.
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3.2 Deriving Loop Structure of ScanBlocks

In orderto simplify analysis,all potentiallyparallelarrayoperators(exceptshiftedprimedarrays)areremoved

from scanblocksvia the insertionof temporaryarrays.Thesetemporaryarrayswill besubsequentlyeliminated

via arraycontractionif possible[8].

Thoughall thestatementsin a scanblock areimplementedby a singleloop nest,we cannotsimply calculate

unconstraineddistancevectorsas describedabove, becauseprimed referenceshave a differentmeaning. For

example,considerthe scanblock in Figure2(b). Normal unconstraineddistancevectorcalculationcreatesan

anti-dependencefrom thefirst to thesecondstatementdueto arrayd. But becausethereferenceto d is primed,

thereshouldactuallybeatruedatadependencefrom thesecondstatementto thefirst. Werepresentthisby simply

negatingtheunconstraineddistancevectorbetweenthe two statements.Note thatprimedarrayreferencesonly

appearon theright-handsideof arraystatements,soonly unconstraineddistancevectorsdueto anti-dependences

needto benegatedwhentheapparentsourceof thedependenceis primed.Finally, weuseourexistingalgorithm

to derive loopstructurefrom theunconstraineddistancevectorsassociatedwith interscanblockdependences.

3.3 Communication

Next, we considerthe issuesof generatingcommunicationfor scanblocks when the arraysthey containare

distributed. ZPL alignsinteractingarraysso that interprocessorcommunicationis apparentto the programmer

andthecompilerfrom theparallelarrayoperators,suchastheshift operator[2]. Becauseonly theshift operator

onprimedarraysmayappearin scanblocks,weneedonly describeits implementationhere.

Recallthatshiftedprimedarraysimply thatthereis awavefrontmoving acrossthearraysin ascanblock. In a

naive implementation,eachscanblock is precededby a messagereceiveandfollowedby a messagesend.Thus,

a particularprocessorwill not enterthe loop nestthat computesits portionof a scanblock until the datafrom

thepreviousprocessorsbecomesavailable.Whena processorcompletesthis loopnest,it sendsthedatarequired

by subsequentprocessorsto them.Thecommunicationhastheeffectof serializingall thecomputationalongthe

directionof thewavefront,which is the intendedmeaningof thewavefrontcomputation.Figure4(a) illustrates

this interprocessorcommunication.This simplistic implementationdoesnot exploit any parallelismalongthe

wavefrontdimension.Thenext sectiondiscussesoptimizationsfor parallelism.

4 Optimization

Thissectiondiscussesa numberof optimizationsthatimprovetheparallelperformanceof scanblocks.

4.1 Pipelining

In theimplementationdescribedabove,aprocessorfinishescomputingonits entireportionof ascanblockbefore

datais senton to later processorsin the wavefront computation.As a result, thereis no parallelismalongthe

wavefront dimension—the dimensionacrosswhich the wavefront travels. The computationis sequentialand
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Figure4: Illustrationof thedatamovementandparallelismcharacteristicsof wavefrontcomputations(a)without
and(b) with pipelining.

processorssit idle. Supposea north-to-southwavefrontcomputationis performedon ann � n arraydistributed

acrossa 2 � 2 processormeshasin Figure4(a). Processors3 and4 mustwait for processors1 and2 to compute

onn2 � 4 elementseachbeforethey mayproceed.Furthermore,processors1 and2 will have to wait for theothers

to completeif they dependon theglobalresultof thewavefrontcomputation.

Alternatively, the wavefront computationmay be pipelined in order to exploit parallelism. Specifically, a

processormaycomputeasmallsliceof its portionof ascanblock,sendonsomeof thedataneededby subsequent

processors,thencontinueto executeits next slice.Thebenefitof thisapproachis thatit allowsmultipleprocessors

to becomeinvolvedin thecomputationassoonaspossible,greatlyimproving parallelism.Figure4(b) illustrates

this. Processors3 and4 only needto wait long enoughfor processors1 and2 to computea singleslice(n� 4 �
1� 4 � n� 16 elements)each. They can then immediatelybegin computingslicesof their portionsof the scan

block. By the time they are finishedwith a slice, the next bit of datahasbeenpassedon by the preceding

processor. Parallel implementationof seeminglysequentialwavefrontcomputationsis not a new idea[10, 11],

but providing directarraylanguagesupportfor it is.

Thecompilerperformsthisoptimizationby generatinga loop to iterateoverslicesof a processor'sportionof

a scanblock. As in theunpipelinedcase,communicationroutinesanda loopnestto iterateover thesliceappear

in the loop body. In eachiterationof this loop, eachprocessoronly computeson a slice of its portion of the

scanblock. Thissliceincludestheprocessor'sentirerangeof thewavefrontdimension,but only partof theother

dimensions.Thesizeof theslicein thenon-wavefrontdimensionsaredeterminedby factorssuchtherelativecost

of communicationversuscomputationandcachecharacteristics.

Clearly, thenumberof slicesimpactparallelism.Ignoringcommunicationcosts,weexpectbetterparallelism

for a largernumberof slices(i.e., smallerslices). In reality, at somepoint theoverheadof increasedcommuni-

cationovershadows thebenefitof increasedparallelism.We have developeda simplemodelto demonstratethis
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Figure5: Modeledversusexperimentalspeedupdueto pipelining. Thedatacomesfrom a single2048 = 2048
wavefrontcomputationin theTomcatvbenchmarkon8 nodesof theCrayT3E.

tradeoff. This modelcanbeusedto determinetheoptimalnumberof slices.Thefollowing equationmodelsthe

speedupof pipeliningversusnotperformingpipeliningonan = n array. Let c bethenumberof slicesby whichn

is dividedandp bethenumberof processors,arrangedin a row or column.

Speedup> Tbase
comp ? Tbase

comm

Tpipe
comp ? Tpipe

comm

Tbase
comp > n2

Tpipe
comp > n2

p ?
n2

cp

@
p A 1B

Tbase
comm > @ α ? βnB @ p A 1B

Tpipe
comm > @ α ? β

n
c
B @ c ? p A 2B

Withoutpipeliningthecomputetime,Tbase
comp, is simply a functionof thetotalnumberof arrayelements.With

pipelining,thecomputetime,Tpipe
comp, is thesumof thetime to computeoneprocessor'sdata(n2 C p) anda sliceof

thedata.Without pipelining,communicationis necessaryp A 1 times(Tbase
comm). Thecostof eachcommunication

hasa constantstartupcost,α, anda per transmitteddataelementcost,β. The pipelinedcommunicationcost

(Tpipe
comm) is similar exceptthat therearemoremessages,andeachmessagesendsfewer dataelements.Notethat

thetotal numberof messagesfor thepipelinedcaseis c ? p A 2 ratherthanc
@
p A 1B . This is becausemostof the

communicationproceedsin parallel.Figure5 containsa graphthatplotsmodeledandexperimentalspeedupdue

to pipeliningasa functionof the numberof slices,c, into which the arraysaredivided. Oneslice implies that

thereis no pipelining, thusthespeedup1. Themodelcloselytrackstheexperimentaldata. In futurework, the

compilerwill usethismodelto find theoptimalnumberof slicesfor a particularcomputationandmachine.

4.2 Other Optimizations

Therearea numberof otherpossibleoptimizationsthatmayimproveperformanceof certaincodes.
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Array Contraction. The ZPL compiler fusesstatementsin an effort to enablethe contractionof arraysto

scalars[8]. Normally, thecompilerdoesnot fusestatementsif the fusion introducesa loop carriedflow depen-

dence,for thiswouldprohibitparallelismin oneor moredimensions.Becausescanblocksareinherentlysequen-

tial in thewavefrontdimension,we mayextendour implementationof arraycontractionto allow contractionof

arraysresultingin loopcarriedtruedatadependencesalongthewavefrontdimension.

Associativity Detection. In theeventthatscanblockcomputationsareassociative,moreefficientparallelprefix

implementationsexist [7]. As an optimization,the compiler could recognizethis and usethe more efficient

implementation.

BroadcastDetection. Similarly, scanblockscan be usedto copy valuesacrossan array. This codeis best

implementedasa broadcast,ratherthanthemoregeneralserialschemepresented.

5 PerformanceEvaluation

In this sectionwe demonstratethepotentialperformancebenefitsof providing scanblocksin anarraylanguage.

Thoughit is possiblethat a compilerfor a languagewithout scanblockscould achieve this samelevel of per-

formance,by providing explicit languagesupportfor wavefrontcomputation,a programmeris ensuredthat the

compileris awareof thehigh-level structureof thecomputationandis thuslikely to optimizeit. This is anexam-

ple of programminglanguagedesignfacilitating programmer/compilercollaboration.Alternatively, a compiler

couldrecognizewavefrontidiomsin partiallyscalarizedcode.Theproblemwith thisapproachis thatit is difficult

for programmersto know whetherthey have expressedtheir programsin termsthat thecompilercanoptimize,

andoftenthesuccessof thecompileris sensitive to smallchangesin sourceprogram.

We conductexperimentson the Cray T3E andthe SGI PowerChallengeusingthe TomcatvandSimple[5]

benchmarks.For eachexperiment,we considereachprogramasa whole,andwe considertwo componentsof

eachthatcontaina singlewavefrontcomputation.Ourextensionsdrasticallyimprovetheperformanceof thetwo

wavefront portionsof codein eachbenchmark,which resultsin significantoverall performanceenhancement.

First, we demonstratethe potentialcacheperformancebenefitsof scanblock versuspartially scalarizedarray

codeeven without the optimizationspresentedin Section4. Next, we measurethe additionalimprovementin

parallelismof pipelining.

5.1 CacheBenefits

Considerthecodefragmentwithoutscanblocksin Figure2(a).A naive implementationof thiscodeiteratesover

the rows of eacharray. If the arraysareallocatedin column-major-order, performancewill be limited by poor

cachebehavior. Thescanblockversionof thiscodein Figure2(b),however, doesnotspecifyaniterationorderat

thesourcelevel. This givesthecompilerthefreedomto choosethemostappropriateway by which loopsiterate
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Figure6: Potentialspeedupdueto scanblocksfrom improvedcachebehavior.

overarraysfor goodcacheperformance.Thougha compilercanoptimizethecodein Figure2(a),thebettercode

is muchmorelikely to be generatedwhenit is a by-productof the compilationprocess,ratherthana specific

optimization.

With this in mind,weexperimentallycomparetheperformanceof partiallyscalarizedandscanblockexploit-

ing implementationsof identicalcomputations.Figure6 graphsthespeedupof theformeroverthelatter. Because

theseexperimentsareon a singlenodeof eachmachine,thespeedupis entirelydueto cachingeffects. On the

Cray T3E, the wavefront computationsalone(the two grey bars)speedupby up to a factorof 8.5, resultingin

an overall speedup(black bars)of a factorof 3 for Tomcatvand7% for Simple. Tomcatvexperiencessucha

largeoverall speedup,becausethewavefrontcomputationsrepresentsignificantportionsof theprogram's total

executiontime. TheSGIPowerChallengegraphhasasimilarcharacterexceptthatthespeedupsaremoremodest

(up to a factorof 4). This is becausethe PowerChallengehasa muchslower processorthanthe T3E, thusthe

relativecostof acachemissis less,soit is lesssensitive to cacheperformancethantheT3E.

5.2 Optimization Benefits

We are in the processof implementingthe optimizationsdescribedin Section4 in the ZPL compiler. In the

meantime,we have performedthe pipelining transformationsby handon a numberof programsto assessits

impact. Figure7 presentsspeedupdatadueto pipeliningalone.Thebasisfor calculatingthespeedupis a fully

parallelversionof the codewithout the pipelining transformation.Thusthe barsrepresentingwhole program

speedup(blackbars)arespeedupbeyondanalreadyhighly parallelcode.Thebarsrepresentingspeedupof the

wavefrontcomputations(grey bars)areserialwithoutpipelining,sothebaselinein theircasedoesnotbenefitfrom

parallelism.We would like thegrey barsto achieve speedupascloseto thenumberof processorsaspossible.In

all casesthespeedupof thewavefrontsegmentsapproachesthenumberof processors,andtheoverall program

improvementsareverylargein severalcases(upto afactorof 3). Thesmallestoverallperformanceimprovements

arestill greaterthan5 to 8%. Thoughtheabsolutespeedupimprovesasthenumberof processorsincreases,the

efficiency decreases.Thisisbecausewehavekepttheproblemsizeconstant,sotherelativecostof communication

increaseswith thenumberof processors.
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Figure7: Speedupdueto pipeliningoptimization.

6 Conclusion

We have extendedarraylanguagesto supportwavefrontcomputationswithout scalarization,thusreclaimingthe

benefitsof representingcomputationsvia high level arrayoperations.In additionto its convenientandconcise

syntax,our extensionenhancesprogrammer/compilercollaboration.As a result,programmers'expectationsof

their codes'performancearelikely to bemetby thecompiler, equippingprogrammersto make informedimple-

mentationdecisions.We have describedour approachto compiling the new languageextension,andwe have

proposedseveraloptimizations.In addition,we have shown thatboth full arrayandoptimizedimplementations

resultin significantspeedupversusnaivescalarizedandunoptimizedimplementations,respectively.

Theexperimentsin this paperdemonstratingpipeliningbenefitwereoptimizedby hand. We will next fully

mechanizethis process,using the speedupmodel presentedin Section4 in order to automaticallyselectthe

appropriatenumberof pipelineslices. We mustdecidehow to parameterizethemodelgiven thecharacteristics

of a particularmachineandwavefrontcomputation.Furthermore,we mustaddressthe issueof theappropriate

slicesizewhenthesliceis perpendicularto thecloselyallocatedarrayelements.In this case,theidealslicesize

mayneedto beslightly increasedor decreasedsothattheslicesizeis a multiple of thecacheline size,resulting

in improvedcacheperformance.
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