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Abstract. Wavefront computations,characterizedby a datadependentflow of
computationacrossa dataspace,arereceiving increasingattentionasan impor-
tantclassof parallelcomputations.Thoughsophisticatedcompileroptimizations
canoftenproduceefficient pipelinedimplementationsfrom sequentialrepresen-
tations,wearguethata language-basedapproachto representingwavefrontcom-
putationsis a morepracticaltechnique.A language-basedapproachis simplefor
theprogrammeryetunambiguouslyparallel.In thispaperweintroducesimplear-
ray languageextensionsthatdirectly supportwavefrontcomputations.We show
how a programmermay reasonabouttheextensions’legality andperformance;
we describetheir implementationandgive performancedatademonstratingthe
importanceof parallelizingthesecodes.

1 Intr oduction

Wavefront computationsare characterizedby a datadependentflow of computation
acrossa dataspace.Thoughthedependencesimply serialization,wavefrontcomputa-
tionsadmitefficient,parallelimplementationvia pipelining[6,21]. Wavefrontcompu-
tationsfrequentlyappearin scientificapplications,includingsolversanddynamicpro-
grammingcodes;andrecently, theASCI (AcceleratedStrategic ComputingInitiative)
SWEEP3Dbenchmarkhasreceived considerableattentionasan importantwavefront
computation[10,20]. The Fortran 77 andFortran90 SPECfp92Tomcatvcodefrag-
mentsin Figures1(a)and(b) representtypical wavefrontcomputations.

The growing interestin wavefront computationsraisesthe questionof how they
may be bestexpressedandrealizedon parallelmachines.Choosingnot to distribute
arraydimensionsacrosswhich a wavefront travels is thesimplestsolution.For exam-
ple, if only the seconddimensionof the arraysin the Tomcatvcodefragmentin Fig-
ure1 is distributed,theentirecomputationis parallel.This is notageneralsolution,for
othercomponentsof thecomputationmaypreferdifferentdistributions,perhapsdueto
surface-to-volumeissuesor wavefrontstraveling alongorthogonaldimensions.If we
assumethatany dimensionof eacharraymaybedistributed,wemustusepipeliningto
exploit parallelismin wavefrontcomputations.
�
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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-1)=aa(j,2:n-1)*d(j-1,2:n-1)
d(j,2:n-1)=1.0/(dd(j,2:n-1)-aa(j-1,2:n-1)*r(2:n-1))
rx(j,2:n-1)=rx(j,2:n-1)-rx(j-1,2:n-1)*r(2:n-1)
ry(j,2:n-1)=ry(j,2:n-1)-ry(j-1,2:n-1)*r(2:n-1)

100 CONTINUE

(b)

Fig.1. Fortran 77 (a) and Fortran 90 (b) wavefront codefragmentsfrom SPECfp92Tomcatv
benchmark.

Therearethreeapproachesto pipeliningwavefrontcodes:(i) theexplicit approach
requiresthe programmerto write an explicitly parallelprogram(e.g., Fortran77 plus
MPI [18]) exploiting pipelining,(ii) theoptimization-basedapproachpermitsthepro-
grammerto write asequentialrepresentationof thewavefrontcomputation,from which
the compiler producesa pipelinedimplementation,and (iii) the language-basedap-
proachprovidesthe programmerwith language-level abstractionsthat permit the un-
ambiguousrepresentationof wavefrontcomputationsthatarecandidatesfor pipelining.

Theexplicit approachis potentiallythemostefficient,becausetheprogrammerhas
completecontroloverall performancecritical details.Thiscontrolcomesat thecostof
addedcomplexity thattheprogrammermustmanage.Forexample,thecoreof theASCI
SWEEP3Dbenchmarkis 626 linesof code,only 179of which arefundamentalto the
computation.The remainderaredevotedto tiling, buffer management,andcommuni-
cation;differentdimensionsof the4-dimensionalproblemaretreatedasymmetrically,
despiteproblem-level symmetry, obscuringthetrue logic of thecomputation.Further-
more,theexplicit approachwill probablynotexhibit portableperformance,becausethe
pipelinedcomputationmaybehighly tunedto a particularmachine.

The optimization-basedapproachappearsto be the simplestfor programmers,as
they may exploit a familiar sequentialrepresentationof the computation.Researchers
havedescribedcompilertechniquesby whichpipelinedcodemaybegeneratedfrom se-
quentialprograms[8,17]. Unfortunately, significantperformancewill belost if a com-
piler doesnot performthis optimization.As a result,theoptimization-basedapproach
doesnothaveportableperformanceeither, becausedifferentcompilersmayor maynot
implementtheoptimization.Evenif all compilersdo performthetransformation,there
is a questionof how well they performit. Programmersmay have to write codeto a
particularidiom thata particularcompilerrecognizesandoptimizes,againsacrificing
portability. Programmerscannotbecertainthatpipelinedcodewill begenerated,thus
they lack completeinformationto make informedalgorithmicdecisions.In any case,
weareawareof only onecommercialHigh PerformanceFortran(HPF)[7, 11] compiler



thatevenattemptsto pipelinewavefrontcodes,andtherearemany circumstancesunder
which it is unsuccessful[13].

The language-basedapproachprovides a simple representationof the wavefront
computation,yet unambiguouslyidentifiesthe opportunityfor pipelining to both the
programmerandthe compiler. The programmercanbe certainthat the compilerwill
generatefully parallel pipelinedcode.In the bestcase,all threeapproacheswill re-
sult in comparableparallelperformance;but the programmeronly hasguaranteesfor
theexplicit andlanguage-basedapproaches,while theoptimization-basedapproachre-
quiresfaith in thecompilerto performthetransformation.Ontheotherhand,to exploit
the language-basedapproach,programmersmustlearnnew languageconcepts.In this
paper, we introducetwo modestextensionsto arraylanguagesthatprovide language-
level supportfor pipelining wavefront computations.The extensionshave no impact
on the restof the language(i.e., existing programsneednot changeanddo not suffer
performancedegradation).Thoughourextensioncanbeappliedto any arraylanguage,
suchasFortran90 [1] or HPF[7, 11], we describeit in termsof theZPL parallelarray
language[19].

This paperis organizedasfollows. In the next section,we describeour arraylan-
guageextensionto supportwavefrontcomputationsin ZPL. Sections3 and4 describe
its implementationandparallelization,respectively. Performancedatais presentedin
Section5, andconclusionsandfuturework aregivenin thefinal section.

2 Array LanguageSupport for Wavefront Computation

This sectiondescribesarraylanguagesupportfor wavefront computationsin the con-
text of theZPL parallelarraylanguage[19]. PreviousstudiesdemonstratethattheZPL
compiler is competitive with hand-codedC with MPI [3] and that it generallyout-
performsHPF [14]. The compiler is publicly availablefor mostmodernparalleland
sequentialplatforms[22]. The languageis in active useby scientistsin fields suchas
astronomy, civil engineering,biologicalstatistics,mathematics,oceanography,andthe-
oretical physics.Section2.1 givesa very brief summaryof the ZPL language,only
describingthefeaturesof the languageimmediatelyrelevant to this paper. Section2.2
introducesour languageextension.

2.1 Brief ZPL LanguageSummary

ZPL is a dataparallelarrayprogramminglanguage.It supportsall theusualscalardata
types(e.g., integer, float, char), operators(e.g., math, logical, bit-wise), and
controlstructures(e.g., if, for, while, functioncalls).As anarraylanguage,it also
offersarraydatatypesandoperators.ZPL is distinguishedfrom otherarraylanguages
by its useof regions[4]. A regionrepresentsanindex setandmayprecedeastatement,
specifyingthe extent of the arrayreferenceswithin its dynamicscope.The region is
saidto cover statementsof the samerank within this scope.By factoringthe indices
that participatein the computationinto the region, explicit array indexing (i.e., slice
notation)is eliminated.For example,the following Fortran90 (slice-based)andZPL
(region-based)arraystatementsareequivalent.



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)

Fig.2. ZPL representationsof the Tomcatvcodefragmentfrom Figure1. (a) Using an explicit
loop to expressthewavefront. (b) Usinga scanblock andtheprimeoperator. Arraysr, aa, d,
dd, rx andry areall n � n.

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;

Regionscanbe namedandusedsymbolically to further improve readabilityand
conciseness.Whenall arrayreferencesin a statementdo not refer to exactly thesame
setof indices,arrayoperatorsareappliedto individual references,selectingelements
from the operandsaccordingto somefunction of the covering region’s indices.ZPL
providesanumberof arrayoperators(e.g., shifts,reductions,parallelprefixoperations,
broadcasts,generalpermutations),but for thisdiscussion,wewill only discusstheshift
operator. Theshift operator, representedby the@ symbol,shiftstheindicesof thecov-
ering region by someoffset vector, calleda direction, to determinethe indicesof its
argumentarraythat areinvolved in the computation.For example,the following For-
tran90 andZPL statementsperformthesamefour point stencilcomputationfrom the
JacobiIteration.Let the directionsnorth, 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 codefragmentrepresentingthesamecomputationasthe
Fortran90 Tomcatvcodefragmentin Figure1(b). The useof regionsimprovescode
clarity andcompactness.Notethatthoughthescalarvariabler is promotedto anarray
in thearraycodes,wehavepreviouslydemonstratedcompilertechniquesby which this
overheadmaybeeliminatedvia arraycontraction[12].

2.2 Wavefront Computation in ZPL

Semantics.Array languagesemanticsdictatethattheright-handsideof anarraystate-
mentmustbeevaluatedbeforethe resultis assignedto the left-handside.As a result,
thecompilerwill not generatea loop thatcarriesa non-lexically forwardtruedatade-
pendence(i.e., a dependencefrom a statementto its self or a precedingstatement).For
example,theZPL statementin Figure3(a)is implementedby theloopnestin 3(b).The
compilerdeterminesthat the i-loop must iteratefrom high to low indicesin order to



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

(a)

for i � n downto 2 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)

Fig.3. ZPL arraystatements(aandd) andthecorrespondingloopnests(b ande) thatimplement
them.Thearraysin (c andf) illustratetheresultof thecomputationsif arraya initially contains
all 1s.

ensurethat the loop doesnot carry a true datadependence.If arraya containsall 1s
beforethestatementin 3(a)executes,it will have thevaluesin Figure3(c)afterward.

In wavefrontcomputations,theprogrammerwantsthecompilerto generatea loop
nestwith non-lexically forward loop carriedtrue datadependences.We introducea
new operator, calledtheprimeoperator, thatallows a programmerto referencevalues
written in previous iterationsof the loop nestthat implementthestatementcontaining
theprimedreference.For example,theZPL statementin Figure3(d) is implementedby
theloopnestin 3(e).In thiscase,thecompilermustensurethata loopcarriedtruedata
dependenceexists dueto arraya, thusthe i-loop iteratesfrom low to high indices.If
arraya containsall 1sbeforethestatementin 3(d) executes,it will have thevaluesin
Figure3(f) afterward. In general,the directionson the primedarrayreferencesdefine
theorientationof thewavefront.

The prime operatoralonecannotrepresentwavefrontssuchas the Tomcatvcode
fragmentin Figure2(a), becauseit only permitsloop carriedtrue dependencesfrom
a statementto itself. We introducea new compoundstatement,calleda scanblock, to
allow multiple statementsto participatein a wavefrontcomputation.Primedarrayref-
erencesin a scanblock refer to valueswritten by any statementin the block, not just
thestatementthatcontainsit. For example,theZPL codefragmentin Figure2(b) uses
a scanblock andtheprimeoperatorto realizethecomputationin Figure2(a)without
an explicit loop. The array referenced’@north refersto valuesfrom the previous
iterationof the loop that iteratesover the first dimension.Thus the primed@north
referencesimply a wavefront that travels from north to south.Justas in existing ar-
ray languages,a non-primedreferencerefersto valueswritten by lexically preceding
statements,within or outsidethescanblock.

The scanblockswe have looked at thus far containonly cardinaldirections(i.e.,
directionsin whichonly onedimensionis nonzero,suchasnorth,south,eastandwest).
Whennon-cardinaldirectionsor combinationsof orthogonalcardinaldirectionsappear
with primedreferences,the characterof the wavefront is lessobvious.Below, we de-
scribehow programmersmayinterpretthesecases.



Thenotationmayat first appearawkward.It is importantto note,however, thatex-
periencedZPL programmersarealreadywell accustomedto manipulatingarraysatom-
ically andshifting themwith the@-operator. They mustonly learntheprimeoperator,
which is motivatedby mathematicalconventionwheresuccessorvaluesareprimed.In
thesamevein,arraylanguagessuchasFortran90canbeextendedto includetheprime
operator.

Assumptionsand Definitions. At this point, we give severalassumptionsanddefini-
tionsthatwill beexploitedin thesubsequentdiscussion.Weassumethatall dimensions
of eacharray may be distributed,and the final decisionis deferreduntil application
startuptime. In addition,we assumethat the dimension(s)alongwhich the wavefront
travel, the wavefront dimension(s),are decidedat compile time. Define function f ,
wherei and j areintegers,asfollows.

f � i � j 	��
0 if i � j � 0�

if i j � 0�
if i j � 0 and � i � 0 or j � 0 	

� if i j � 0 and � i � 0 or j � 0 	
Given two directions,u ��� u1 �
���
�
� ud 	 andv ��� v1 �����
�
� vd 	 , of sized we construct

a sized wavefront summaryvector1 (WSV), w ��� w1 �
���
�
� wd 	 , by lettingwi � f � ui � vi 	
for 1 � i � d. In a similar manner, all of the directionsthat appearwith primedar-
ray referencesmaybeconsideredto form a singlewavefrontsummaryvector. We say
that a wavefront summaryvector is simple if noneof its componentsare

�
. For ex-

ample,WSV(����� 1� 0 	������ 2� 0 	� ) �!���"� 0 	 , WSV(����� 1� 0 	������ 2� 0 	��#��� 1� 2 	� ) �!���"� � 	 ,
WSV(����� 1� 0 	���� 0�
� 1 	� ) �$���"�
�%	 , andWSV(�&��� 1� 0 	��#� 1�
� 2 	� ) �'� � �
�%	 . All but the
final examplearesimple.

Legality. Thereareanumberof staticallycheckedlegality conditions.(i) Primedarrays
in a scanblock mustalsobe definedin the block; (ii) the directionson primedrefer-
encesmaynot over-constrainthewavefront,asdiscussedbelow; (iii) all statementsin
a scanblock musthave thesamerank(i.e., they areimplementedby a loop nestof the
samedepth)—thisprecludestheinclusionof scalarassignmentin a scanblock; (iv) all
statementsin a scanblock mustbecoveredby thesameregion; and(v) parallelopera-
tors’ operandsotherthantheshift operatormaynotbeprimed;this is essentialbecause
arrayoperatorsarepulledout of thescanblockduringcompilation.

An over-constrainedscanblock is one for which a loop nestcan not be created
that respectsthe dependencesfrom the shiftedarrayreferences.For example,primed
@north and@south referencesover-constrainthe scanblock becausethey imply
bothnorth-to-southandsouth-to-northwavefronts,whicharecontradictory. In general,
theprogrammerconstructsa wavefrontsummaryvectorfrom thedirectionsusedwith
primedarrayreferencesin orderto decidedwhetherthescanblock is over-constrained.

1 The observant readerwill recognizemany similarities in this presentationto standarddata
dependencepropertiesandalgorithms.We have avoideda technicalpresentationin orderto
streamlinetheprogrammer’s view.



Simplewavefrontsummaryvectors,thecommoncase,arealwayslegal,for awavefront
maytravel alongany non-zerodimension,alwaysreferringto values“behindit.”

Wavefront Dimensionsand Parallelism. For performancereasonsprogrammersmay
wish to determinealongwhich dimensionsof thedataspacewavefrontstravel, called
wavefront dimensions, so that they may understandwhich dimensionsbenefit from
pipelinedparallelism.The dependencesdo not always fully constrainthe orientation
of the wavefront, so we give a setof simple rules to be usedby the programmerto
approximatewavefront dimensions.Again, the programmerexaminesthe wavefront
summaryvectorandconsidersthreecases:(i) the WSV containsat leastone0 entry,
(ii) theWSV containsno 0 entriesandat leastone

�
entry, and(iii) theWSV contains

only
�

and � entries.In case(i), all of thedimensionsassociatedwith
�

or � entries
benefitfrom pipelineparallelism,andall the0 entrydimensionsarecompletelyparallel.
In case(ii), all but the

�
entriesbenefitfrom pipelinedparallelism.In case(iii), all but

the leftmostentrybenefitsfrom pipelinedparallelism.The leftmostentry is arbitrarily
selectedto minimizetheimpactof pipeliningon cacheperformance.

Examples. We will usea singlecodefragmentwith differentdirectioninstantiations
to illustratehow programmersmayreasonabouttheirwavefrontcomputations.

a := (a’@d1 + a’@d2)/2.0;

Example1: Let d1=d2=(-1,0). TheWSV is ���"� 0 	 , which is simple,so the wave-
front is legal (i.e., not over-constrained).The first dimensionis the wavefront dimen-
sion,andtheseconddimensionis completelyparallel.
Example2: Let d1=(-1,0) andd2=(0,-1). TheWSV is ���"�
�%	 , which is simple,
so the wavefront is legal. The wavefront could legally travel alongeither the first or
seconddimension,but we have definedit to travel along the second.Therewill be
pipelinedparallelismin theseconddimension,but thefirst will beserialized.
Example3: Let d1=(-1,0) andd2=(1,1). TheWSV is � � � � 	 , which is not sim-
ple.Neverthelessthewavefrontis legalbecausethereexistsaloopnestthatrespectsthe
dependences.Theseconddimensionis thewavefrontdimension.
Example4: Let d1=(0,-1) and d2=(0,1). The wavefront summaryvector is
� 0� � 	 , which is not simple.The wavefront is not legal becauseno loop nestcanre-
spectthedependenceis theseconddimension.Thescanblock is over-constrainedand
thecompilerwill flag it assuch.

Summary. We have presenteda simplearraylanguageextensionthatpermitstheex-
pressionof loop carriedtruedatadependences,for usein pipelinedwavefrontcompu-
tations.It is simplefor programmersto reasonaboutthesemantics,legality andparallel
implicationsof their wavefrontcode.In fact,programmersneednot actuallycompute
wavefront summaryvectors,for they will normally be trivial. For example,only the
directionnorth=(-1,0) appearsin theTomcatvcodefragmentof Figure2(b).This
trivially begetsthe WSV ���"� 0 	 , indicating that the seconddimensionis completely
parallelandthefirst is thewavefrontdimension.



Contrastthis with an optimization-basedapproach,where the programmermust
beawareof thecompiler’s optimizationstrategy in orderto reasonabouta code’s po-
tentialparallelperformance.Without thisknowledge,theprogrammeris ill-equippedto
makedesigndecisions.For example,supposeaprogrammerwritesacodethatperforms
bothnorth-southandeast-westwavefronts.Theprogrammermayopt to distributeonly
one dimensionand perform a transpositionbetweeneachnorth-southand east-west
wavefront,eliminatingthe needfor pipelining.This maybe muchslower thana fully
pipelinedsolution,guaranteedby our language-level approach.

3 Implementation

This sectiondescribesour approachto implementingprimedarrayreferencesandscan
blocksin the ZPL compiler. Below we describehow loop structureis determinedand
naivecommunicationis generated.

TheZPL compileridentifiesgroupsof statementsthatwill beimplementedasasin-
gle loop nest,essentiallyperformingloop fusion.Thedatadependences(true,anti and
output)thatexist betweenthesestatementsdeterminethestructureof theresultingloop
nest(which loop iteratesovereachdimensionof thedataspaceandin whatdirection).
TheZPL andscalarcodefragmentin Figure3(a) illustratesthis.Noticethat the i-loop
iteratesfrom high to low indicesin orderto preserve the loop carriedanti-dependence
from thestatementto itself.

3.1 Deriving Loop Structur e

In previous work we have definedunconstraineddistancevectors to representarray-
level datadependences,andwe have presentedan algorithmto decideloop structure
givena setof intra-loopunconstraineddistancevectors[12]. Traditionaldistancevec-
torsareinappropriatefor usein this context becausethey arederivedfrom loop nests,
which arenot createduntil afterour transformationshavebeenperformed.Becausear-
raystatementsareimplementedwith a loopnestin whichasingleloop iteratesoverthe
samedimensionof all arraysin its body, we cancharacterizedependencesby dimen-
sionsof thearrayratherthandimensionsof theiterationspace.Unconstraineddistance
vectorsaremoreabstractthantraditional (constrained)distancevectorsbecausethey
separateloopstructurefrom dependencerepresentation.Thoughunconstraineddistance
vectorsarenot fully general,they canrepresentany dependencethatmayappearin a
scanblock.

The prime operatortransformswhat an array languagewould otherwiseinterpret
as an anti-dependenceinto a true dependence.In order to representthis, the uncon-
straineddistancevectorsassociatedwith primedarrayreferencesaresimply negated.
Thealgorithmfor finding loopstructureis unchanged.

3.2 Communication Generation

Next, weconsidernaivecommunicationgenerationfor scanblocks.Weassumethatall
paralleloperatorsexceptshift arepulledout of scanblocksandassignedto temporary
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Fig.4. Illustration of the datamovementandparallelismcharacteristicsof wavefront computa-
tionswith (a)naive and(b) pipelinedcommunication.

arrays.Furthermore,we assumethat all arraysin a scanblock arealignedandblock
distributedin eachdimension,socommunicationis only requiredfor theshift operator.
This last assumptionis the basisof ZPL’s WYSIWYGperformancemodel[2]. There
areobviousextensionsfor cyclic andblock-cyclic distributions.Eachprocessorblocks,
waitingto receiveall thedatait needsto computeits portionof thescanblock.Whenall
thedatais receivedby a processor, it computesits portionof thescanblock,andsends
thenecessarydataon to thenext processor(s)in thewave.Thecommunicationhasthe
effectof serializingall thecomputationalongthedirectionof thewavefront.Figure4(a)
illustratesthis interprocessorcommunication.Thoughthis naive implementationdoes
not exploit any parallelismalongthe wavefront dimension,the next sectiondescribes
andanalyzesa parallelimplementationexploiting pipelining.

4 Parallelization by Pipelining

In theimplementationdescribedabove,aprocessorfinishescomputingonits entirepor-
tion of ascanblockbeforedatais senton to laterprocessorsin thewavefrontcomputa-
tion. As a result,thereis noparallelismalongthewavefrontdimension—thedimension
along which the wavefront travels. Supposea north-to-southwavefront computation
is performedon an n ( n arrayblock distributedacrossa 2 ( 2 processormeshasin
Figure4(a).Processors3 and4 mustwait for processors1 and2 to computetheir n2

4
elementsbeforethey mayproceed.Furthermore,processors1 and2 maythenneedto
wait for theothersto complete.

Alternatively, thewavefrontcomputationmaybepipelinedin orderto exploit paral-
lelism [8, 15,17,21]. Specifically, a processormaycomputeover a block of its portion
of thedataspace,transmitsomeof thedataneededby subsequentprocessors,thencon-
tinue to executeits next block. The benefitof this approachis that it allows multiple
processorsto becomeinvolvedin thecomputationassoonaspossible,greatlyimprov-
ing parallelism.Figure4(b) illustratesthis. Processors3 and4 only needto wait long
enoughfor processors1 and2 to computea singleblock ( n2

4 ( 1
4 � n2

16 elements)each.
They canthenimmediatelybegin computingblocksof their portionsof thescanblock.



Smallerblocksincreaseparallelismat theexpenseof sendingmoremessages.Sev-
eral researchershave consideredtheproblemof weighingthis tradeoff in orderto find
theoptimalblocksize.Hiranandanietal. developedamodelthatassumesconstantcost
communication[9], while Ohtaetal. modelcommunicationasalinearfunctionof mes-
sagesize[16]. In otherwords,thecostof transmittingamessageof n wordsis givenby
α � βn, whereα is themessagestartupcostandβ is theper-wordcommunicationcost.
We presentan analysisusingthis modelto demonstrateits improvedaccuracy versus
theconstantcostcommunicationmodel.

Assumethat a wavefront is moving alongthe first dimensionof a 2-dimensional
n ( n dataspace,asin thecodeof Figure2(b). Let thedataspacebeblock distributed
acrossp processorsin the first dimension;for simplicity we do not distribute thesec-
ond dimension.Let α andβ be the startupandper-elementcostsof communication,
respectively, andb be theblock size.Also we assumethatall timesarenormalizedto
the costof computinga singleelementin the dataspace.The total computationand
communicationtimesof a pipelinedimplementationaregivenbelow.

Tpipe
comp � nb

p
� p � 1 	 � n2

p
Tpipe

comm ��� α � βb 	�� n
b
�

p � 2 	

Thefirst termof Tpipe
comp givesthetime to computep � 1 blocksof size nb

p , at which
point the lastprocessormaybegin computing.Thesecondtermgivesthe time for the
last processorto computeon its n2

p elements.The first factorof Tpipe
comm is the costof

transmittingeachb elementmessage.Thesecondfactorgivesthenumberof messages
on thecritical path.A totalof p � 1 messagesarerequiredbeforethelastprocessorhas
receivedany data,andthenthelastprocessorreceivesanothernb � 1 messages.In order

to find the valueof b that minimizesthis time, we differentiatethe sumof Tpipe
comp and

Tpipe
comm with respectto b, let thisequationequal0 andsolve for b.

� αn
b2

� β � p � 2 	 � n ) p * 1+
p � 0 �-, b � αnp) pβ. n+�) p * 1+0/ αn

pβ. n (1)

This approximateequationfor b tells us thatasα grows, theoptimalb grows,be-
causea largerstartupcommunicationcostmustbeoffsetby a reductionin thenumber
of messages.As β grows,theoptimalb decreases,becausealargerper-elementcommu-
nicationcostdecreasesthe relative per-messagestartupcost.As p grows, the optimal
b decreases,becausetherearemoreprocessorto keepbusy. As n grows, the optimal
b becomeslesssensitive to the relative valuesof α, β, and p. Equation(1) reducesto
theconstantcommunicationcostequationof Hiranandanietal. whenwelet β � 0 (i.e.,
b ��1 α). This simplifiedmodelgivesno insight into therelative importanceandroles
of α, β, n, andp.

In orderto assessthevalueof theaddedaccuracy of modelingcommunicationcosts
asafunctionof messagesize,wecomparespeedupderivedfrom thetwo approachesto
empiricaldatafrom theCrayT3E in Figure5(a).Model1assumesthatβ � 0 (i.e., like
Hiranandani’s model),andModel2 is the moregeneralmodeldescribedabove. First,
observe that Model2moreclosely tracksthe observed speedup.Model1predictsthat
b � 39 is theoptimalblock size,while Model2predictsb � 23,which is in factbetter.
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Fig.5. Model evaluations.Model1andModel2areidenticalexceptthat theformerassumesthat
β e 0, i.e., it ignoresthe per-elementcommunicationcost. (a) Modeledversusexperimental
speedupdueto pipeliningof Tomcatvwavefrontcomputation.(b) A demonstrationof thevalue
of modelingtheper-wordcost(β) of communication.

For thisparticularproblem,n is relatively largemakingspeedupnotespeciallysensitive
to theexactvalueof b. If we assumelargeproblemsizes,theassumptionthatβ � 0 is
not anunreasonableone.For smallerproblemsizesModel1 is ineffective becausethe
relative valueof α andβ becomesincreasinglymoreimportant.This is particularlya
problemonmodernmachinessuchastheCrayT3Eonwhichβ dominatescommunica-
tion costs.Figure5(b) illustratesthisproblemwith Model1. Weusehypotheticalvalues
for α andβ to illustratea worst casescenario,so experimentaldatais not included.
In this case,Model1doesnot accuratelyreflectspeedup,andit suggeststhat theopti-
mal block size is b � 20 versusb � 3 in Model2. We canexpect the speedupwith a
block sizeof 20 versus3 to beconsiderablyless.Thesituationis evenworsefor larger
numbersof processors.

5 PerformanceEvaluation

In this sectionwe demonstratethe potentialperformancebenefitsof providing scan
blocks in an array language.We conductexperimentson the Cray T3E and the SGI
PowerChallengeusing the Tomcatvand SIMPLE [5] benchmarks.For eachexperi-
ment,we considerthe programasa whole,andwe considertwo componentsof each
that containa single wavefront computation.Our extensionsdrasticallyimprove the
performanceof thetwo wavefrontportionsof codein eachbenchmark,whichresultsin
significantoverall performanceenhancement.We usethefollowing compilersin these
experiments:PortlandGroup,Inc. pghpfversion2.4-4,Craycf90 version3.0.2.1,and
Universityof WashingtonZPL 1.14.3.

5.1 CacheBenefits

Beforeweevaluatetheparallelperformanceof wavefrontcodes,wewill examinecache
performanceimplicationson a singleprocessor. Considerthe codefragmentwithout
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Fig.6. Potentialuniprocessorspeedupdueto scanblocksfrom improvedcachebehavior.

scanblocksin Figure2(a),andassumethearraysareallocatedin column-major-order.
For thecodeto have acceptablecachebehavior, thecompilermustimplementthefour
statementswith a single loop nestand then interchangethe compilergeneratedloop
with theuserloop.After thesetransformations,theinnerloopiteratesovertheelements
of eachcolumn,exploiting spatial locality. Despitethe fact that loop interchangeis
a well understoodtransformation,thereare certaincircumstanceswhereit fails. For
example,for thesecodes,at the default optimizationlevel (-O1) the pghpf compiler
producesFortran77 codethat the backendcompileris unableto optimize.The Cray
Fortran90compiler, ontheotherhand,is successful.Theprogrammercannotbecertain
onewayor theother.

With this in mind, we experimentallycomparethe performanceof arraylanguage
codeswith and without our languagesupportfor wavefront computations.Figure 6
graphsthespeedupof theformeroverthelatter. Theseexperimentsareonasinglenode
of eachmachine,so the speedupis entirely dueto cachingeffects.On the Cray T3E,
thewavefrontcomputationsalone(thetwo grey bars)speedupby up to 8.5 ( , resulting
in an overall speedup(black bars)of 3 ( for Tomcatvand7% for SIMPLE. Tomcatv
experiencessucha largespeedup,becausethewavefrontcomputationsrepresenta sig-
nificantportionof theprogram’s total executiontime.TheSGI PowerChallengegraph
hassimilar characteristicsexceptthatthespeedupsaremoremodest(up to 4 ( ). This is
becausethePowerChallengehasa muchslower processorthantheT3E, thustherela-
tivecostof acachemissis less,soperformanceis lesssensitive to cachebehavior than
on theT3E.

5.2 Parallelization Benefits

Performanceenhancementslikethosepresentedbelow havealsobeendemonstratedfor
optimization-basedapproachesto parallelizingwavefrontcomputations[9]. Whenthe
optimizationis successful,it canproduceefficient parallelcode.Thedatabelow gives
asensefor theperformancethatmaybelost if theoptimizationis notperformed,either
becauseits analysisis thwartedby anextraneousdependenceor it is not implemented
in thecompiler. The language-basedapproachhastheadvantagethat the programmer
canbecertainthat thecompileris awareof theopportunityfor pipelining,becausethe
phrasingof thecomputationis unambiguouslyparallel.Weareawareof nocommercial
HPFcompilersthatpipelinewavefrontcomputations.
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Fig.7. Speedupof pipelinedparallelcodesversusnonpipelinedcodes.All arraysaredistributed
entirelyacrossthedimensionalongwhich thewavefronttravels.

Wearein theprocessof implementingtheparallelizationstrategy describedin Sec-
tion 4 in theZPL compiler. For thisstudy, wehaveperformedthepipeliningtransforma-
tionsby handon TomcatvandSIMPLE to assessits impact.Figure7 presentsspeedup
datadueto pipeliningalone.Speedupis computedagainsta fully parallelversionof the
codewithoutpipelining,thusthebarsrepresentingwholeprogramspeedup(blackbars)
arespeedupbeyondanalreadyhighly parallelcode.Thebarsrepresentingspeedupof
the wavefront computations(grey bars)areserialwithout pipelining, so the baseline
in their casedoesnot benefitfrom parallelism.We would like thegrey barsto achieve
speedupascloseto the numberof processorsaspossible.In all casesthe speedupof
thewavefrontsegmentsapproachesthenumberof processors,andtheoverall program
improvementsarelarge in severalcases(up to 3 ( speedup).Thesmallestoverall per-
formanceimprovementsarestill greaterthan5 to 8%. Thoughthe absolutespeedup
improvesasthe numberof processorsincreases,the efficiency decreases.This is be-
causewe have kept the problemsizeconstant,so the relative costof communication
increaseswith thenumberof processors.

6 Conclusion

Wavefront computationsare becomingincreasinglyimportantand complex. Though
previous work hasdevelopedtechniquesby which compilersmay produceefficient
pipelinedcodefrom serialsourcecode,the programmeris left to wonderwhetherthe
optimizationwassuccessfulor whethertheoptimizationis evenimplementedin a par-
ticular compiler. In contrast,we have extendedarray languagesto provide language-
level supportfor wavefront codes,thusunambiguouslyexposingthe opportunityfor
pipelining to both the programmerand the compiler. The extensionsdo not impact
the rest of the language,and they permit programmersto simply reasonabouttheir
codes’legality andpotentialperformance.We have givena simpleanalysisthatgives
insightinto therolesof machineparameters,problemsize,andprocessorconfiguration



in determiningthe optimal block size for pipelining. In addition,we have presented
experimentaldatafor theTomcatvandSIMPLEbenchmarkson theCrayT3E andSGI
PowerChallengedemonstratingthe potentialperformancelost whenpipelining is not
performed.

Currently, wearein theprocessof fully implementingtheselanguageextensionsin
theZPL compiler. Becausetheoptimalblocksizeis a functionof non-staticparameters
suchasproblemsizeandcomputationcost,we will develop dynamictechniquesfor
calculatingit. Wewill investigatethequalityof blocksizeselectionusingonly staticand
profile information.Wewill alsodevelopabenchmarksuiteof wavefrontcomputations
in orderto evaluateourdesignandimplementationandinvestigatetheirproperties,such
asdynamismof optimalblocksize.
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