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Abstract. Wavefront computationscharacterizedy a datadependentlow of
computationacrossa dataspacearereceving increasingattentionasanimpor-
tantclassof parallelcomputationsThoughsophisticatedompileroptimizations
canoftenproduceefficient pipelinedimplementationgrom sequentiatepresen-
tations,we amguethatalanguage-baseabproacho representingvavefrontcom-
putationsis a morepracticaltechniqueA language-baseapproachs simplefor
theprogrammeyetunambiguouslyarallel.In this papemeintroducesimplear
ray languageextensionghatdirectly supportwavefrontcomputationsWe shav
howv a programmeimay reasonaboutthe extensions’legality and performance;
we describetheir implementatiorand give performancelatademonstratinghe
importanceof parallelizingthesecodes.

1 Intr oduction

Wavefront computationsare characterizedy a datadependenflow of computation
acrossa dataspace Thoughthe dependenceisnply serializationwavefrontcomputa-
tionsadmitefficient, parallelimplementatiorvia pipelining[6, 21]. Wavefrontcompu-
tationsfrequentlyappeaiin scientificapplicationsjncluding solversanddynamicpro-
grammingcodes;andrecently the ASCI (AcceleratedStrategic Computinglnitiative)
SWEEP3Dbenchmarkhasreceved considerablattentionasan importantwavefront
computation[10, 20]. The Fortran 77 and Fortran 90 SPECfp92Tomcatv codefrag-
mentsin Figuresl(a)and(b) representypical wavefrontcomputations.

The growing interestin wavefront computationgaisesthe questionof how they
may be bestexpressedandrealizedon parallel machinesChoosingnot to distribute
arraydimensionsacrosswvhich a wavefronttravelsis the simplestsolution. For exam-
ple, if only the seconddimensionof the arraysin the Tomcatvcodefragmentin Fig-
urelis distributed,the entirecomputatioris parallel. Thisis nota generakolution,for
othercomponentsf the computatiormay preferdifferentdistributions,perhapsiueto
surface-to-wlumeissuesor wavefrontstraveling along orthogonaldimensionslif we
assumehatany dimensionof eacharraymaybe distributed,we mustusepipeliningto
exploit parallelismin wavefrontcomputations.

* This researchwas supportedn partby DARPA GrantF30602-97-1-0152NSF GrantCCR-
9710284andtheIntel Corporation.



DO 100 i =2, n-1
DO100j =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 CONTI NUE

, (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 CONTI NUE

(b)

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

Therearethreeapproacheto pipeliningwavefrontcodes(i) the explicit approach
requiresthe programmeto write an explicitly parallelprogram(e.g., Fortran77 plus
MPI [18]) exploiting pipelining, (ii) the optimization-base@pproachpermitsthe pro-
grammetto write a sequentiatepresentationf thewavefrontcomputationfrom which
the compiler producesa pipelinedimplementationand (iii) the language-basedap-
proachprovidesthe programmermwith language-leel abstractionghat permitthe un-
ambiguougepresentationf wavefrontcomputationshatarecandidatesor pipelining.

Theexplicit approactis potentiallythe mostefficient, becausehe programmenhas
completecontroloverall performanceritical details.This controlcomesat the costof
addeccompleity thattheprogrammemustmanageFor example thecoreof the ASCI
SWEEP3Dbenchmarks 626 lines of code,only 179 of which arefundamentato the
computation.The remainderare devotedto tiling, buffer management&nd communi-
cation;differentdimensionf the 4-dimensionaproblemaretreatedasymmetrically
despiteproblem-lezel symmetry obscuringthe true logic of the computation Further
more,theexplicit approactwill probablynotexhibit portableperformancebecausé¢he
pipelinedcomputatiormaybe highly tunedto a particularmachine.

The optimization-base@pproachappeardo be the simplestfor programmersas
they may exploit a familiar sequentiatepresentatioof the computation Researchers
have describedcompilertechnique®y which pipelinedcodemaybegeneratedrom se-
quentialprogramg8, 17]. Unfortunately significantperformancewill belostif acom-
piler doesnot performthis optimization.As a result,the optimization-basedpproach
doesnot have portableperformanceither becauselifferentcompilersmayor maynot
implementthe optimization.Evenif all compilersdo performthetransformationthere
is a questionof how well they performit. Programmersnay have to write codeto a
particularidiom thata particularcompilerrecognizesand optimizes,againsacrificing
portability. Programmergannotbe certainthat pipelinedcodewill be generatedthus
they lack completeinformationto make informedalgorithmicdecisionslIn ary case,
we areawareof only onecommerciaHigh Performancé&ortran(HPF)[7, 11] compiler



thatevenattemptgo pipelinewavefrontcodesandtherearemary circumstanceander
whichit is unsuccessfyt3].

The language-basedpproachprovides a simple representatiorof the wavefront
computation,yet unambiguouslyidentifiesthe opportunityfor pipelining to both the
programmerrandthe compiler The programmercan be certainthat the compilerwill
generatefully parallel pipelinedcode.In the bestcase,all threeapproachewill re-
sultin comparablegparallelperformanceput the programmeronly hasguarantee$or
theexplicit andlanguage-baseapproachesyhile the optimization-basedpproacihre-
quiresfaithin thecompilerto performthetransformationOn the otherhand,to exploit
thelanguage-baseapproachprogrammersnustlearnnew languageconceptsin this
paper we introducetwo modestextensionsto array languageshat provide language-
level supportfor pipelining wavefront computationsThe extensionshave no impact
on therestof the languagg(i.e., existing programsneednot changeanddo not suffer
performancealegradation) Thoughour extensioncanbeappliedto ary arraylanguage,
suchasFortran90[1] or HPF[7, 11], we describdt in termsof the ZPL parallelarray
languagd19].

This paperis organizedasfollows. In the next section,we describeour arraylan-
guageextensionto supportwavefrontcomputationsn ZPL. Sections3 and4 describe
its implementatiorand parallelization respectiely. Performancedatais presentedn
Section5, andconclusionsandfuturework aregivenin thefinal section.

2 Array LanguageSupport for Wavefront Computation

This sectiondescribesarraylanguagesupportfor wavefront computationsn the con-
text of theZPL parallelarraylanguagd19]. Previousstudiesdemonstratéhatthe ZPL
compileris competitve with hand-codedC with MPI [3] and thatit generallyout-
performsHPF [14]. The compileris publicly available for most modernparalleland
sequentiaplatforms[22]. The languagsds in active useby scientistsin fields suchas
astronomycivil engineeringbiologicalstatisticsmathematicspceanographyndthe-
oretical physics.Section2.1 gives a very brief summaryof the ZPL languageonly
describingthe featuresof the languagammediatelyrelevantto this paper Section2.2
introducesour languageextension.

2.1 Brief ZPL LanguageSummary

ZPL is adataparallelarrayprogramminganguagelt supportsall the usualscalardata
types(e.g., i nt eger, fl oat, char), operators(e.g., math, logical, bit-wise), and
controlstructurege.g., i f, f or,whi | e, functioncalls).As anarraylanguageit also
offersarraydatatypesandoperatorsZPL is distinguishedrom otherarraylanguages
by its useof regions[4]. A regionrepresentanindex setandmayprecede statement,
specifyingthe extent of the array referenceswithin its dynamicscope.The region is
saidto cover statement®f the samerank within this scope.By factoringthe indices
that participatein the computationinto the region, explicit arrayindexing (i.e., slice
notation)is eliminated.For example,the following Fortran 90 (slice-basedjand ZPL
(region-basedprraystatementareequivalent.



for j :=2to n-2 do

[j,2..n-1] begin [2..n-2,2..n-1] scan
r=aa*d@orth; r=aa*d’ @orth;
d=1. 0/ (dd-aa@orth*r); d=1. 0/ (dd-aa@orth*r);
rX=rx-rx@orth*r; rX=rx-rx' @orth*r;
ry=ry-ry@orth*r; ry=ry-ry’ @orth*r;
end; end;
end;
@) (b)

Fig. 2. ZPL representationsf the Tomcatvcodefragmentfrom Figure 1. (a) Using an explicit
loop to expressthe wavefront. (b) Using a scanblock andthe prime operator Arraysr , aa, d,
dd,rx andry areall nxn.

a(n/2:n,n/2:n) = b(n/2:n,n/2:n) + c(n/2:n,n/2:n) [n/f2..n,n/2..n] a =b + c;

Reagions can be namedand usedsymbolically to further improve readabilityand
concisenes3Vhenall arrayreferencesn a statementlo not referto exactly the same
setof indices,array operatorsare appliedto individual referencesselectingelements
from the operandsaccordingto somefunction of the covering region’s indices.ZPL
providesa numberof arrayoperatorge.g., shifts,reductionsparallelprefix operations,
broadcastggenerabermutations)but for this discussionye will only discusgheshift
operator The shift operatorrepresentetdy the @symbol,shiftstheindicesof the cov-
ering region by someoffset vector, called a direction to determinethe indicesof its
argumentarraythatareinvolvedin the computationFor example,the following For-
tran 90 andZPL statementperformthe samefour point stencilcomputatiorfrom the
Jacobilteration. Let the directionsnor t h, sout h, west , andeast representhe
programmedefinedvectors(—1,0), (1,0), (0,—1), and(0, 1), respectiely.

a(2:n+1,2: n+1) = (b(21:n, 2: n+l) +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@orth + b@outh + b@est + b@ast) / 4.0;

Figure2(a)containsaZPL codefragmentrepresentinghe samecomputatiorasthe
Fortran 90 Tomcatvcodefragmentin Figure 1(b). The useof regionsimprovescode
clarity andcompactness\ote thatthoughthe scalarvariabler is promotedo anarray
in thearraycodeswe have previously demonstratedompilertechniquesy which this
overheadmaybeeliminatedvia arraycontraction12].

2.2 Wavefront Computation in ZPL

Semantics. Array languagesemanticslictatethattheright-handsideof anarraystate-
mentmustbe evaluatedbeforethe resultis assignedo the left-handside.As a result,
the compilerwill not generatea loop that carriesa non-lexically forwardtrue datade-
pendencéi.e., adependencérom a statemento its self or a precedingstatement)For
example the ZPL statemenin Figure3(a)is implementedy theloop nestin 3(b). The
compilerdetermineghat the i-loop mustiteratefrom high to low indicesin orderto
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Fig. 3. ZPL arraystatementga andd) andthe correspondindoop nestg(b ande) thatimplement
them.Thearraysin (c andf) illustratetheresultof the computationsf arraya initially contains
all 1s.

ensurethatthe loop doesnot carry a true datadependencdf arraya containsall 1s
beforethe statemenin 3(a) executesijt will have thevaluesin Figure3(c) afterward.

In wavefrontcomputationsthe programmemantsthe compilerto generatea loop
nestwith non-lexically forward loop carriedtrue datadependencediVe introducea
new operatoy calledthe prime operatoy thatallows a programmeto referencevalues
written in previousiterationsof theloop nestthatimplementthe statementontaining
theprimedreferenceFor example theZPL statemenin Figure3(d) is implementedy
theloop nestin 3(e).In this casethe compilermustensurehataloop carriedtrue data
dependencexists dueto arraya, thusthei-loop iteratesfrom low to high indices.If
arraya containsall 1sbeforethe statementn 3(d) executesijt will have the valuesin
Figure 3(f) afterward. In general the directionson the primedarrayreferenceslefine
the orientationof the wavefront.

The prime operatoralone cannotrepresentvavefrontssuchasthe Tomcatvcode
fragmentin Figure 2(a), becauseét only permitsloop carriedtrue dependencefom
a statemento itself. We introducea new compoundstatementcalleda scanblock, to
allow multiple statementso participatein a wavefrontcomputationPrimedarrayref-
erencesn a scanblock referto valueswritten by arny statementn the block, not just
the statementhat containst. For example,the ZPL codefragmentin Figure2(b) uses
a scanblock andthe prime operatorto realizethe computationin Figure 2(a) without
an explicit loop. The array referenced’ @ort h refersto valuesfrom the previous
iteration of the loop that iteratesover the first dimension.Thusthe primed @or t h
referencesmply a wavefront that travels from north to south.Justasin existing ar
ray languagesa non-primedreferencerefersto valueswritten by lexically preceding
statementswithin or outsidethe scanblock.

The scanblocks we have looked at thus far containonly cardinaldirections(i.e.,
directionsin which only onedimensionis nonzerosuchasnorth,south,eastandwest).
Whennon-cardinatlirectionsor combinationof orthogonalkardinaldirectionsappear
with primedreferencesthe characteof the wavefrontis lessobvious. Below, we de-
scribehow programmersnayinterpretthesecases.



Thenotationmay at first appearawkward. It is importantto note,however, thatex-
periencedPL programmerarealreadywell accustomedo manipulatingarraysatom-
ically andshifting themwith the @operator They mustonly learnthe prime operator
which is motivatedby mathematicatorventionwheresuccessovaluesareprimed.In
thesamevein, arraylanguagesuchasFortran90 canbe extendedo includetheprime
operator

Assumptionsand Definitions. At this point, we give severalassumptionanddefini-
tionsthatwill beexploitedin thesubsequerdiscussionWe assumeéhatall dimensions
of eacharray may be distributed, and the final decisionis deferreduntil application
startuptime. In addition,we assumehatthe dimension(sylongwhich the wavefront
travel, the wavefront dimension(s)are decidedat compile time. Define function f,
wherei and | areintegers,asfollows.

Oifi=j=0
Hi,j) = +ifij<0
' +ifij>0and(i>0o0rj>0)
—ifij>0and(i<0orj<0)

Giventwo directions,u = (us,...,uq) andv = (vi,...,Vq), of sized we construct
asized wavefontsummarwector (WSV), w = (wi,...,Wq), by lettingw; = f(u;,v;)
for 1 <i < d. In a similar manner all of the directionsthat appearwith primed ar
ray referencesnay be consideredo form a singlewavefront summaryvector We say
that a wavefront summaryvectoris simpleif noneof its componentsre +. For ex-
ample,WSV({(—l, O)v (_27 0)}) = <_a O)! WSV({(_L O)v (_27 0)7 (_15 2)}) = <_a +)’
WSV({(_L O)v (O _1)}) = (_a _)! andWSV({(_17 0)7 (17 _2>}) = (:tv _)' All butthe
final examplearesimple.

Legality. Thereareanumberof staticallychecledlegality conditions (i) Primedarrays
in a scanblock mustalsobe definedin the block; (ii) the directionson primedrefer
encesmay not over-constrainthe wavefront, asdiscussedelow; (i) all statementin
a scanblock musthave the samerank (i.e., they areimplementedy a loop nestof the
samedepth)—thisprecludegheinclusionof scalarassignmenin a scanblock; (iv) all
statementén a scanblock mustbe coveredby the sameregion; and(v) parallelopera-
tors’ operand®therthanthe shift operatomaynot be primed;thisis essentiabecause
arrayoperatorsarepulledout of the scanblock duringcompilation.

An over-constrainedscanblock is one for which a loop nestcan not be created
that respectghe dependencesom the shifted arrayreferenceskor example,primed
@orth and @out h referencesver-constrainthe scanblock becausehey imply
bothnorth-to-souttandsouth-to-norttwavefronts,which arecontradictoryIn general,
the programmeiconstructsa wavefront summaryectorfrom the directionsusedwith
primedarrayreferencedn orderto decidedvhetherthe scanblockis over-constrained.

1 The obserant readerwill recognizemary similaritiesin this presentatiorto standarddata
dependenceropertiesand algorithms.We have avoideda technicalpresentatiornin orderto
streamlinghe programmes view.



Simplewavefrontsummarywectorsthecommoncase arealwayslegal, for awavefront
maytravel alongarny non-zerodimensionalwaysreferringto values‘behindit.”

Wavefront Dimensionsand Parallelism. For performanceéeasonprogrammersay
wish to determinealongwhich dimensionsf the dataspacewavefrontstravel, called
wavefont dimensionsso that they may understandvhich dimensionshenefitfrom

pipelinedparallelism.The dependencedo not alwaysfully constrainthe orientation
of the wavefront, so we give a setof simplerulesto be usedby the programmerto

approximatewavefront dimensions Again, the programmerexaminesthe wavefront
summaryvectorand considerghreecases{i) the WSV containsat leastone O entry;

(ii) the WSV containsno 0 entriesandat leastone+ entry, and(iii) the WSV contains
only + and— entries.In case(i), all of thedimensionsassociatedvith + or — entries
benefitfrom pipelineparallelismandall the0 entrydimensionsarecompletelyparallel.
In case(ii), all but the + entriesbenefitfrom pipelinedparallelism.In case(iii), all but

theleftmostentry benefitsfrom pipelinedparallelism.The leftmostentryis arbitrarily

selectedo minimizetheimpactof pipeliningon cacheperformance.

Examples. We will usea single codefragmentwith differentdirectioninstantiations
to illustratehow programmersnay reasorabouttheir wavefrontcomputations.

a:=(a @1 + a @2)/2.0;

Examplel: Let d1=d2=(- 1, 0) . The WSV is (—,0), which is simple,so the wave-
front is legal (i.e., not over-constrained)The first dimensionis the wavefront dimen-
sion,andthe seconddimensionis completelyparallel.

Example2: Letd1=(- 1, 0) andd2=(0, - 1) . TheWSVis (—,—), whichis simple,
so the wavefrontis legal. The wavefront could legally travel along eitherthe first or
seconddimension,but we have definedit to travel alongthe second.Therewill be
pipelinedparallelismin the seconddimensionput thefirst will beserialized.
Example3: Letd1=(- 1, 0) andd2=(1, 1) . TheWSV is (+, +), whichis not sim-
ple.Neverthelesshewavefrontis legal becaus¢hereexistsaloop nestthatrespectshe
dependencedhe secondlimensionis thewavefrontdimension.

Example4: Let d1=(0, -1) and d2=(0, 1) . The wavefront summaryvector is
(0, =), which is not simple. The wavefrontis not legal becauseno loop nestcanre-
spectthe dependences the seconddimension.The scanblock is over-constrainedand
thecompilerwill flagit assuch.

Summary. We have presentedh simplearraylanguagesxtensionthat permitsthe ex-

pressiornof loop carriedtrue datadependencesor usein pipelinedwavefrontcompu-
tations.lt is simplefor programmerso reasoraboutthe semanticslegality andparallel
implicationsof their wavefrontcode.In fact, programmerseednot actuallycompute
wavefront summaryvectors,for they will normally be trivial. For example,only the
directionnor t h=(- 1, 0) appearsn the Tomcatvcodefragmentof Figure2(b). This

trivially begetsthe WSV (—,0), indicating that the seconddimensionis completely
parallelandthefirst is thewavefrontdimension.



Contrastthis with an optimization-base@pproachwhere the programmemust
be aware of the compiler’s optimizationstrateyy in orderto reasonabouta codes po-
tentialparallelperformanceWithoutthis knowledge theprogrammeis ill-equippedto
make designdecisionsFor example supposeaprogrammewritesacodethatperforms
bothnorth-southandeast-westvavefronts.The programmemay optto distributeonly
one dimensionand perform a transpositionbetweeneachnorth-southand east-west
wavefront, eliminatingthe needfor pipelining. This may be muchslower thana fully
pipelinedsolution,guaranteedby our language-leel approach.

3 Implementation

This sectiondescribe®ur approacho implementingprimedarrayreferencesindscan
blocksin the ZPL compiler Below we describehow loop structureis determinedand
naive communicatioris generated.

TheZPL compileridentifiesgroupsof statementthatwill beimplementedasa sin-
gle loop nest,essentiallyperformingloop fusion. The datadependencefrue, anti and
output)thatexist betweerthesestatementsleterminghestructureof theresultingloop
nest(which loop iteratesover eachdimensionof the dataspaceandin whatdirection).
The ZPL andscalarcodefragmentin Figure3(a)illustratesthis. Notice thatthei-loop
iteratesfrom high to low indicesin orderto presere theloop carriedanti-dependence
from the statemento itself.

3.1 Deriving Loop Structure

In previous work we have definedunconstaineddistancevectors to representrray-
level datadependencesnd we have presentedan algorithmto decideloop structure
givena setof intra-loopunconstrainedlistancevectors[12]. Traditionaldistancevec-
torsareinappropriatdor usein this context becausehey arederivedfrom loop nests,
which arenot createduntil afterour transformationdave beenperformed Becauser-
ray statementsreimplementedvith aloop nestin which asingleloopiteratesoverthe
samedimensionof all arraysin its body, we cancharacterizalependencely dimen-
sionsof thearrayratherthandimensionf theiterationspacelUnconstrainedlistance
vectorsare more abstracthantraditional (constraineddistancevectorsbecausehey
separatéoop structurérom dependenceepresentationrhoughunconstrainedistance
vectorsarenot fully generalthey canrepresentiry dependencéhat may appearin a
scanblock.

The prime operatortransformswhat an array languagewould otherwiseinterpret
as an anti-dependencito a true dependenceln orderto representhis, the uncon-
straineddistancevectorsassociatedvith primedarray referencesre simply negated.
Thealgorithmfor finding loop structureis unchanged.

3.2 Communication Generation

Next, we considemaive communicatiorgeneratiorfor scanblocks.We assumehatall
paralleloperatorsxceptshift are pulled out of scanblocksandassignedo temporary
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Fig. 4. lllustration of the datamovementand parallelismcharacteristicof wavefront computa-
tionswith (a) naive and(b) pipelinedcommunication.

arrays.Furthermorewe assumehat all arraysin a scanblock are alignedandblock
distributedin eachdimension socommunicatioris only requiredfor the shift operator
This last assumptioris the basisof ZPL's WYSIWY Qerformancemodel[2]. There
areobviousextensiongor cyclic andblock-cyclic distributions.Eachprocessoblocks,
waitingto receveall thedatait needgo computéts portionof thescanblock. Whenall
thedatais recevedby a processqrit computests portionof thescanblock, andsends
thenecessarglataon to the next processor(sih thewave. The communicatiorhasthe
effectof serializingall thecomputatioralongthedirectionof thewavefront.Figure4(a)
illustratesthis interprocessocommunicationThoughthis naive implementatiordoes
not exploit any parallelismalongthe wavefront dimension the next sectiondescribes
andanalyzesa parallelimplementatiorexploiting pipelining.

4 Parallelization by Pipelining

In theimplementatiordescribedbove,aprocessofinishescomputingonits entirepor-
tion of ascanblock beforedatais sentonto laterprocessorin thewavefrontcomputa-
tion. As aresult,thereis no parallelismalongthe wavefont dimensior—thedimension
along which the wavefront travels. Supposea north-to-southwavefront computation
is performedon ann x n array block distributed acrossa 2 x 2 processomeshasin
Figure4(a). Processor8 and4 mustwait for processord and2 to computetheir ”742
elementsdeforethey may proceed Furthermoreprocessord and2 maythenneedto
wait for the othersto complete.

Alternatively, thewavefrontcomputatiormaybepipelinedin orderto exploit paral-
lelism[8,15,17,21]. Specifically a processomay computeover a block of its portion
of thedataspacetransmitsomeof thedataneededy subsequerprocessorghencon-
tinue to executeits next block. The benefitof this approachs thatit allows multiple
processorso becomenvolvedin the computatiorassoonaspossible greatlyimprov-
ing parallelism.Figure 4(b) illustratesthis. Processor8 and4 only needto wait long

enoughfor processord and?2 to computeasingleblock(”742 X %1 = 2—2 elementseach.
They canthenimmediatelybegin computingblocksof their portionsof the scanblock.



Smallerblocksincreaseparallelismat the expenseof sendingmoremessagesSes-
eralresearcherhave consideredhe problemof weighingthis tradeof in orderto find
theoptimalblock size.Hiranandangtal. developedamodelthatassumesonstantost
communicatior9], while Ohtaetal. modelcommunicatiorasalinearfunctionof mes-
sagesize[16]. In otherwords,the costof transmittingamessagef n wordsis givenby
o + Bn, wherea is the messagstartupcostand is the perword communicatiorcost.
We presentan analysisusingthis modelto demonstratéts improved accuray versus
the constantostcommunicatiormodel.

Assumethat a wavefrontis moving alongthe first dimensionof a 2-dimensional
n x n dataspaceasin the codeof Figure2(b). Let the dataspacebe block distributed
acrossp processorin thefirst dimension;for simplicity we do not distribute the sec-
ond dimension.Let a and 3 be the startupand perelementcostsof communication,
respectiely, andb bethe block size.Also we assumehatall timesarenormalizedto
the costof computinga single elementin the dataspace.The total computationand
communicationiimesof a pipelinedimplementatioraregivenbelow.

pipe nb n? pipe
Tcomp_F(pfl)‘f'F comm*(G‘FBb)( +p-2
Thefirst termof Tfhe, givesthetime to computep — 1 blocksof size ™2, atwhich
pointthe last processomay begin computing.The seconderm givesthe time for the
last processoto computeon its " elementsThe first factor of TEPe is the cost of
transmittingeachb elementmessageT he secondactorgivesthe numberof messages
onthecritical path.A total of p— 1 messagearerequiredbeforethelastprocessohas
recevedary data,andthenthelastprocessorecevesanotherg — 1 messagesn order

to find the value of b that minimizesthis time, we differentiatethe sum of T, and
ToPe with respecto b, let this equationequal0 andsolve for b.

BBp-2+ -0 — b=/~ [ (1)

This approximatesquationfor b tells usthatasa grows, the optimalb grows, be-
causea larger startupcommunicatiorcostmustbe offsetby a reductionin the number
of messageds 3 grows,theoptimalb decreasefiecausalargerperelemencommu-
nicationcostdecreasethe relative permessageatartupcost.As p grows, the optimal
b decreased)ecausehereare more processoto keepbusy. As n grows, the optimal
b becomedesssensitie to the relative valuesof a, (3, and p. Equation(1) reducego
theconstantommunicatiorcostequationof Hiranandanetal. whenweletB=0(i.e,,
b = \/a). This simplified modelgivesno insightinto the relative importanceandroles
of a, B, n, andp.

In orderto assesthevalueof theaddedaccuray of modelingcommunicatiorcosts
asafunctionof messagsize,we comparespeeduplerivedfrom thetwo approaches
empiricaldatafrom the Cray T3E in Figure5(a). Modellassumeshatp = 0 (i.e., like
Hiranandani model),and Model2is the more generalmodel describedabove. First,
obsene that Model2 more closely tracksthe obsened speedupModell predictsthat
b = 39is the optimalblock size,while Model2predictsb = 23, which s in factbetter
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Fig. 5. Model evaluations ModellandModel2areidenticalexceptthatthe formerassumeshat
B =0, i.e, it ignoresthe perelementcommunicationcost. (a) Modeled versusexperimental
speedupueto pipelining of Tomcatvwavefrontcomputation(b) A demonstratiorof the value
of modelingthe perword cost(8) of communication.

For this particularproblem nis relatively largemakingspeedumot especiallysensitve

to theexactvalueof b. If we assumdarge problemsizes,theassumptiorthat3 = 0 is

not an unreasonablene.For smallerproblemsizesModellis ineffective becausehe

relative valueof a and3 becomesncreasinglymoreimportant.This is particularlya

problemon modernmachinesuchasthe Cray T3E onwhich 3 dominatecommunica-
tion costs Figure5(b) illustratesthis problemwith Modell We usehypotheticalvalues
for a and to illustrate a worst casescenario,so experimentaldatais not included.
In this case Modelldoesnot accuratelyreflectspeedupandit suggestshatthe opti-

mal block sizeis b = 20 versusb = 3 in Model2 We canexpectthe speedupwith a

block sizeof 20 versus3 to be considerablyess.The situationis evenworsefor larger
numbersof processors.

5 PerformanceEvaluation

In this sectionwe demonstratehe potential performancebenefitsof providing scan
blocksin an array language We conductexperimentson the Cray T3E and the SGI

PaverChallengeusing the Tomcatvand SIMPLE [5] benchmarksFor eachexperi-

ment,we considerthe programasa whole, andwe considertwo component®f each
that containa single wavefront computation.Our extensionsdrasticallyimprove the

performancef thetwo wavefrontportionsof codein eachbenchmarkwhichresultsin

significantoverall performanceenhancemeniie usethe following compilersin these
experimentsPortlandGroup,Inc. pghpfversion2.4-4,Cray cf90 version3.0.2.1,and
University of WashingtorZzPL 1.14.3.

5.1 CacheBenefits

Beforewe evaluatethe parallelperformancef wavefrontcodeswe will examinecache
performancdmplicationson a single processarConsiderthe code fragmentwithout
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Fig. 6. Potentialuniprocessospeeduplueto scanblocksfrom improved cachebehaior.

scanblocksin Figure2(a),andassumehe arraysareallocatedn column-majorordet
For the codeto have acceptableachebehavior, the compilermustimplementthe four
statementsvith a single loop nestandtheninterchangehe compiler generatedoop
with theuserloop. After thesdransformationstheinnerloopiteratesovertheelements
of eachcolumn, exploiting spatiallocality. Despitethe fact that loop interchanges
a well understoodransformationthereare certaincircumstancesvhereit fails. For
example,for thesecodes,at the default optimizationlevel (-O1) the pghpf compiler
producedortran 77 codethat the backend compileris unableto optimize. The Cray
Fortran90 compiler, ontheotherhand,is successfulTheprogrammecannotecertain
oneway or the othet

With this in mind, we experimentallycomparethe performanceof arraylanguage
codeswith and without our languagesupportfor wavefront computationsFigure 6
graphghespeedumf theformeroverthelatter Theseexperimentsareonasinglenode
of eachmachine,sothe speedups entirely dueto cachingeffects.On the Cray T3E,
thewavefrontcomputationslone(thetwo grey bars)speeduby upto 8.5x, resulting
in anoverall speedugblack bars)of 3x for Tomcatvand 7% for SIMPLE. Tomcatv
experiencesuchalarge speedupbecause¢he wavefrontcomputationgepresent sig-
nificantportion of the programstotal executiontime. The SGI PaverChallengegraph
hassimilar characteristicexceptthatthe speeduparemoremodest{upto 4x). Thisis
becausé¢he PoverChallengénasa muchslower processothanthe T3E, thustherela-
tive costof acachemissis less,soperformancas lesssensitie to cachebehaior than
ontheT3E.

5.2 Parallelization Benefits

Performancenhancementik e thosepresentedbelon have alsobeendemonstrateéor
optimization-basedpproacheso parallelizingwavefrontcomputationg9]. Whenthe
optimizationis successfulit canproduceefficient parallelcode.The databelow gives
asensdor the performancehatmaybelostif theoptimizationis not performedgither
becauséts analysisis thwartedby an extraneousdependencer it is notimplemented
in the compiler The language-basedpproachhasthe advantagethatthe programmer
canbe certainthatthe compileris awareof the opportunityfor pipelining, becausehe
phrasingof the computatioris unambiguouslyarallel.We areawareof nocommercial
HPF compilersthatpipelinewavefrontcomputations.
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Fig. 7. Speedumf pipelinedparallelcodesversusnonpipelinedcodes All arraysaredistributed
entirelyacrosghe dimensionalongwhich the wavefronttravels.

We arein the proces®f implementinghe parallelizationstratgy describedn Sec-
tion4in theZPL compilet For this study we have performedhepipeliningtransforma-
tionsby handon TomcatvandSIMPLE to asses#s impact.Figure7 presentspeedup
datadueto pipeliningalone.Speedujs computedagainstafully parallelversionof the
codewithout pipelining,thusthe barsrepresentingvhole programspeedugblackbars)
arespeedupeyond an alreadyhighly parallelcode.The barsrepresentingpeedupf
the wavefront computationggrey bars)are serialwithout pipelining, so the baseline
in their casedoesnot benefitfrom parallelism.We would lik e the grey barsto achieve
speedupascloseto the numberof processoras possible.n all caseghe speedupof
thewavefrontsegmentsapproachethe numberof processorsandthe overall program
improvementsarelargein severalcasequp to 3x speedup)The smallestoverall per
formanceimprovementsare still greaterthan5 to 8%. Thoughthe absolutespeedup
improvesasthe numberof processorsncreasesthe efficiency decreasesrhis is be-
causewe have keptthe problemsize constantso the relative costof communication
increasesvith the numberof processors.

6 Conclusion

Wavefront computationsare becomingincreasinglyimportantand complex. Though
previous work has developedtechniquesby which compilersmay produceefficient
pipelinedcodefrom serialsourcecode,the programmeiis left to wonderwhetherthe
optimizationwassuccessfubr whetherthe optimizationis evenimplementedn a par
ticular compiler In contrast,we have extendedarray languagegso provide language-
level supportfor wavefront codes,thus unambiguouslyexposingthe opportunityfor
pipelining to both the programmerand the compiler The extensionsdo not impact
the restof the languageandthey permit programmerdo simply reasonabouttheir
codes’legality and potentialperformanceWe have givena simple analysisthat gives
insightinto therolesof machineparametergroblemsize,andprocessoconfiguration



in determiningthe optimal block size for pipelining. In addition, we have presented
experimentadatafor the TomcatvandSIMPLE benchmark®en the Cray T3E andSGil
PaverChallengademonstratinghe potentialperformancdost when pipelining is not
performed.

Currently we arein theprocesof fully implementingheselanguagesxtensionsn
theZPL compiler Becausehe optimalblock sizeis afunctionof non-statiqgparameters
suchas problemsize and computationcost, we will develop dynamictechniquedor
calculatingt. Wewill investigatehequality of block sizeselectiorusingonly staticand
profile information.We will alsodevelopabenchmarlsuiteof wavefrontcomputations
in orderto evaluateour designandimplementatiorandinvestigateheir propertiessuch
asdynamismof optimalblock size.
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