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SUMMARY

High Performance Fortran (HPF) was ervisioned as a vehicle for modemizing legacy Fortran codesto
achieve scalableparallel performance. To a large extent, today's commercially available HPF compilers
have failed to deliver scalable parallel performance for a broad spectrum of applications because
of insuf ciently powerful compiler analysis and optimization. Substantial restructuring and hand-
optimization can be required to achieve acceptableperformance with an HPF port of an existing Fortran
application, even for regular data-parallel applications. A key goal of the Rice dHPF compiler project
has beento develop optimization techniquesthat enable a wide range of existing scienti ¢ applications
to be ported easily to ef cient HPF with minimal restructuring. This paper describesthe challengesto
effective parallelization presentedby complex (but regular) data-parallel applications, and then describes
how the novel analysis and optimization technologiesin the dHPF compiler addressthese challenges
effectively, without major rewriting of the applications. We illustrate the techniquesby describing their
use for parallelizing the NAS SP and BT benchmarks. The dHPF compiler generatesmultipartitioned
parallelizations of thesecodesthat are approaching the scalability and ef ciency of sophisticatedhand-
codedparallelizations.
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2 J.MELLOR-CRUMMEY ETAL. %

1. INTRODUCTION

High Performancd-ortran(HPF)[1, 2] wasdesignedn the early 1990swith theintentof harnessing
the power of automatic parallelizationtechnologyto provide a commercially viable high-level
programmingmodel for developing portableparallel programs.HPF provides an attractve model
for parallel programmingbecauseof its relative simplicity. Principally, programmerswrite a single-
threaded-ortranprogramandaugmentt with layoutdirectivesto mapdataelementontoanarrayof
processorsdPFcompilersusethesedirectivesto partitiona programs computatioramongprocessors
andto synthesizeodefor requireddatamovementandsynchronizationAs of 1997, fteen companies
were offering HPF compilers,including all major parallelcomputervendors,andnearly forty major
applicationshadbeendevelopedin thelanguagesomeover 100,000ines.

Despite considerabldnitial enthusiasmfor HPF, it has not achieved widespreadacceptancéy
scientistsasthe model of choicefor developing parallelapplications.The succesof HPF hasbeen
principally limited by the shortcomingsof its compilers,which were adaptedfrom technologyfor
automaticparallelizersof the late 80s and early 90s. This technologyhas not beensophisticated
enoughto deliver scalablgperformancecrossavariety of architecturesindapplicationsCompilation
techniquesin use by commercialHPF compilersfail to generatecode that achieves performance
competitive with that of hand-codedprogramsfor all but the most straightforward applications As
a result, applicationdevelopershave beenreluctantto use HPE Somehave chosento hand-code
applicationsusing message-passinigstead while mary othershave simply delayedthe transitionto
scalableparallelism.

It hasbeendif cult for developersto useHPFcompilersto parallelizeexisting codes.Commercial
HPF compilerslack analysisand code generationcapabilitiesto parallelizea wide rangeof loops
written in a Fortran77 style effectively. Therefore for codesto achieve reasonablgarallelismwhen
compiledwith commercialHPF compilers,they have hadto be rewritten substantially For example,
thePortlandGroupdevelopedHPFversiong3] of the NAS parallelapplicationbenchmark$4] which
shav reasonablperformancendscalabilitywhencomparedvith hand-codeanessage-passirglylPI)
versionsof the samebenchmarksgcomingwithin abouta factor of 2. Theseresults,however, were
obtainedby almostcompletelyrewriting the benchmarksourcecodesas part of the corversionto
HPE Key changedncludedselectve unrolling of loops, inlining of proceduresand repeateddata
transpositionto avoid wavefront (pipelined) communicationIn addition, forward substitutionsand
loop realignmentsvere necessaryo avoid usingprivatizablearrays.Theresultingcodeswere nearly
twice thelengthof original serialversionsof thebenchmarks.

In addition, the restricted set of data partitionings allowed in HPF has turned out to be a
signi cant limitation, particularlyfor tightly-coupledcodesFor example hand-writterparallelizations
of the NAS SP and BT application benchmarksuse multipartitioning—a skewed-g/clic block
distribution—thatis not availablein standardHPF, but which delivers exceptionalperformanceand
scalabilityfor theseapplications Alternative parallelizationsdbasedon either staticor dynamicblock
distributions, which are supportedby HPF, don't yield comparableef ciency, even in hand-coded
implementationgd5]. Ideally, HPF compiler technologyshould be extensibleto supportnen user
speci eddistribution stratgjies.

Copyright ¢ 2001JohnWiley & Sons,Ltd. Concurency: Pract. Exper 2001;1:1-20
Prepaedusingcpeauth.cls



@ ADVANCED OPTIMIZATION STRATEGIESIN THE DHPFCOMPILER 3

A principal goal of the Rice dHPF compiler projecthasbeento develop compiler optimization
techniquesnecessaryto deliver scalableparallel performancefor a broad class of data-parallel
applicationsIn particular anaim of the projecthasbeento developcompilertechniqueghatsimplify
the corversion of well-written codesinto efcient HPF andto presere the bene ts of ary code
restructuringa usermay have doneto improve memoryhierarchyperformance.

In this paper we describethe challengeso effective parallelizationpresentedoy complec (but
regular)data-parallehpplicationsWe thendescribehow novel analysisandoptimizationtechnologies
canbeusedto addresghesechallengesThe emphasisn this paperis on describingthe impactof the
optimizations.The compileranalysisechniquesindalgorithmsusedto performthe optimizationsare
describecklsavhere[6, 7, 8,9, 10, 11, 12].

The next sectiondescribesomeof the key challengingfeaturesof scienti ¢ programsSubsequent
sectionglescribaheanalysisandoptimizationtechnique$n dHPF,includingcomputatiorpartitioning
optimizations(Section3) and sophisticatediatadistributions (Section4). Section5 brie y mentions
other optimizationsthat are essentialto achieving high performance.Section 6 describessome
experimentsthat demonstratehe effectivenessof thesetechniquedor parallelizinglightly modi ed
serialversionsof two tightly coupledline sweepapplications.The nal sectionsummarizeshe key
pointsof the paperanddescribesreaghatneedfurtherresearch.

2. PERFORMANCE CHALLENGES

Most traditional HPF compilers use simple partitioning schemesfor data and computation.The
HPF directives determinethe data partition, and the computationpartition (cp), the assignmenbf
computationgto processorsis driven by someform of the “owner computesrule” heuristic [13].
Althoughsomeserialcodescanbe parallelizedusingthis approachpthersrequiremoresophisticated
approaches HPF is to approachthe performanceof hand-codedarallelimplementationsin this
section,we describeseveral aspectof programshatmalke it dif cult for HPF compilersto generate
codethatyields scalableperformanceompetitive with hand-codedmplementationsHere,andin the
restof the paper we principally useexamplesdravn from serialversions(NPB2.3-seriarelease)of
the NAS applicationbenchmark8T andSP[4]. The serialversionsof thesetwo codeswerecreated
by NASA scientistfrom hand-coded/IPI implementationssothey embodyparallelizablealgorithms
in nearparallelform. BT andSPareboth computationaluid dynamicscodesthatsolve adiscretized
versionof the Navier-Stokesequationsn threedimensionsThe main differencebetweerthemis that
BT solvesblock-tridiagonakystemswhereasSPsolvesscalampenta-diagonadystems.

2.1. Temporary Arrays

Within complex loop nestsn scienti ¢ codestemporanarraysareoftenusedo holdintermediatalata
valuessothatthey canbe reusedn subsequerniterationsor loop nests.However, whenparallelizing
codethatusegemporaryarrays particularcaremustbetakento avoid compromisinghe performance
andscalabilityof theapplicationby replicatingwork excessvely, introducingfrequenttommunication,
communicatingoo muchdata,or reducingnodeperformance.

Considerthe loop nestshavn in Figure 1, which is from the Ihsy subroutineof the NAS SP
applicationbenchmarkThe temporaryarrayrhog is de ned andusedexclusively in this loop nest.
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4 J.MELLOR-CRUMMEY ETAL. %

do 10 k = 1, grid_points(3)-2

do 10 i = 1, grid_points(1)-2
do 20 j = 0, grid_points(2)-1
rul = c3c4*rho_i(i,j,k)
cv(j) = us(i,k)
20 rhoq(j) = dmax1(dy2+con43*rul,dy5+clc5*rul,dyma x+rul, dyl)
do 30 j = 1, grid_points(2)-2
Ihs(i,j,k,1) = 0.0do
Ihs(i,j,k,2) = - dtty2 * cv(-1) - dttyl  * rhoq(j-1)
Ihs(i,j,k,3) = 1.0d0 + c2dttyl * rhoq())
Ihs(i,j,k,4) = dity2 * cv(+1) - dttyl * rhog(j+1)
30 Ihs(i,j,k,5) = 0.0do
10 continue

Figurel. Loop nestfrom subroutindhsy of the NAS SPcomputationaluid dynamicshenchmark.

Withoutlossof generalitywe mayassumehatthedataandcomputatiorof thej dimensiorof thelhs
arrayis partitionedbecausehereareanalogoudoop neststhatoperatealongthei andk dimensions
of thelhs arrayaswell. Eacharrayelementrhoq(j) de nedin the rst j loop is subsequently
usedthreetimes,by iterationsj-1 ,j , andj+1 of thesecond loop.How arewe to ensurethatthe
requiredvaluesfor rhoq areavailableto the processorgxecutingiterationsof the secondoop?One
approachwould beto replicatethe entirecomputatiorof rhoq ontoeachof the processorshowever,
this doesnot yield scalableperformanceA secondapproachwould be to computeeachelementof
rhog onasingleprocessoandto communicatelementasnecessarpetweerthede nition anduse.
This would requiretwo single-elementommunicationdetweereachpair of neighboringprocessors
on eachiterationof thei loop. On mostarchitecturesthis frequentsynchronizatiorwould be costly.
A third approachwould be to expandrhoqg to athree-dimensionakemporaryarrayandto distribute
thei andk loops.In this case eachprocessocould computea slabof therhoq arrayfor therange
of thej dimensiorthatit owns.A pair of communicationso exchangeplanesof therhoq arraywith
neighborsalongthe partitionedj dimensionwould give eachprocessothe valuesit needgo perform
the computatiorof thesecond loop. While this approactwould avoid the excessie replicatedwork
and communicatiorof the previously describedapproachest would useconsiderablymore storage
forrhoq anddecreas¢hetemporallocality of accesseto rhog . Both of thesechangesvould reduce
the cacheutilization and diminish nodeperformanceof the parallelizedcode.Clearly, noneof these
approacheareideal.

Temporaryarrayscanalsocomplicateparallelizationby causingexcessve communicationvolume
whenusingsimple partitioningsof dataand computation Considerthe schematicshavn in Figure2
of a pair of loop nestsfrom the lhsy subroutinein the NAS BT applicationbenchmarkFor both
clarity andconcisenessye have abstractedway someof the complexity of the actualloop nestshy
presentinghemin termsof loopsover| andmandreplacingstatemenbodiesby callsto ctitious
functionsthatareparameterizetly| andm In theactualcode thel andmloopsarefully unrolled,and
callsto thefunctionsfl , f2 , andf3 arefully inlined (the codein thesefunctionsdoesnot addto the
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@ ADVANCED OPTIMIZATION STRATEGIESIN THE DHPFCOMPILER 5

do 10 k = 1, grid_points(3)-2

do 10 j = 0, grid_points(2)-1
do 10 i = 1, grid_points(1)-2
do 101 =1, 5
do 10 m=1, 5
fiac(l,m,i,j,k) = f1(l,m,u(1:5,i,j,k))
10 njac(l,m,i,j,k) = f2(I,m,u(1:5,i,j,k))
do 20 k = 1, grid_points(3)-2
do 20 j = 1, grid_points(2)-2
do 20 i = 1, grid_points(1)-2
do 201 =1, 5
do 20 m=1, 5
20 lhs(l,m,i,j,k) =
> f3(1,m,fjac(l,m,i,j-1:j+1,k),njac(l,m,i J-lj +1,k)

Figure2. Schematidoop nestfrom subroutindhsy of theNAS BT computationaluid dynamicsbenchmark.

communicatiorcostor otherparallelizationoverheads)As in the previous example,we may assume
thatthej dimensionof thelhs arrayis partitioned becausehereareanalogousomputationslong
thei andk dimensionsaswell. The rst loopnestcomputevaluedor njac andfjac ,twotemporary
arraysthat arethenusedby the secondoop nest.For eachijk triple, this pair of temporaryarrays
containsa total of 50 valuesfor every ve of the original u arrayfrom which they werecomputed|f
theelementf ffac andnjac arecomputedn parallel(eachon a singleprocessor)the boundary
volumesof ffac andnjac would haveto beexchangedetweemeighboringprocessorsThisresults
in acommunicatiorvolumetentimeslargerthanthe bestalternatve strateyy, whichis to replicatethe
computatiorof thoseelementghatareneededn multiple processorsiequiringonly the exchangeof
theboundaryplanesof u to computethoseelements.

Problemssimilarto thetwo caseslescribedabove ariseif all of theelementof anarrayarede ned
and usedin oneregion or loop andthereare later usesof the array elsevherein the program.For
example,considetthecodein Figure3 from subroutinecompute rhs of theNAS SPbenchmarkin
compute _rhs , rhs is evaluatedalongeachof thex, y, andz directions.Along eachdirection, ux
differencesare computedand then adjustedby addingfourth-orderdissipationterms.To reducethe
numberof operationsgspecially oating-point divisions,reciprocals—ho i , us, vs, ws, square ,
andgs—arecomputedonce,andarethenusedrepeatediyasmultipliers. Sincethe usagepatternsof
thesevariablesaresimilar, we focuson a singlereciprocalvariablerho _i . Without partialreplication
of computation the bestcp choicefor the statementsle ne anduserho _i is the one chosenby
theownercomputesule. Thesecp choiceshowever, would causehereferencesho _i(i,j-1,k)
andrho _i(i,j+1,k) to becomenon-local.Similar referencesn therhs computatioralongthe z
directionbecomenon-localaswell if thek dimensionis partitioned.In this casethe boundarydataof
rho _i aswell astheother vearrayswould needto be communicated.
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6 J.MELLOR-CRUMMEY ETAL. %

do k =0, N1; doj =0, N1; doi =0, N1
rho_inv =1/ u(i,j,k,1)
rho_i(i,j,k) = rho_inv
us(i,j,k) =u(i,j,k,2) * rho_inv
vs(i,j, k) u(i,j,k,3) * rho_inv
ws(i,j,k) u(i,j,k,4) * rho_inv
square(i,j,k) =f( u(i,j,k,2:4) * rho_inv )
gs(i,j,k) = square(i,j,k) * rho_inv

I x-direction ...

dok =1, N2; doj =1, N2; doi =1, N2 I y-direction
rhs(i,j,k,1) = ... u(i,j+1,k) + ... u(i,j-1,k)
rhs(i,j,k,2) = us(i,j+1, k) + . us(i,j-1,k)
rhs(i,j,k,3) = square(i,j+1,k) + . square(i,j-1,k)
rhs(i,j,k, 4) = ws(i,j+1, k) + .00 ws(i,j-1,k)
rhs(i,j,k,5) = gs(i,j+1,k) + ... gs(i,j-1,k)...
+ rho_i(i,j+1,k) + ... + rho_i(i,j-1,k)

I z-direction ...

Figure3. Loop from NAS SPsubroutinecompute _rhs with highcommunicatiorfor long-livedarrays.

2.2. Partitioning Complex Loop Nests

Scienti ¢ codeghathave beencarefullytunedfor single-processgrerformanceftenhave substantial
intra-loop reuse of array values, both within and acrossiterations. Such reuseresultsin loop-
independenandloop-carrieddatadependenced#. two statemeninstancesonnectedby adependence
areassignedo differentprocessors;ommunicatiorcould beinducedin aninnerloop at considerable
cost. Figure 4 shows a loop from subroutiney _solve of the NAS SP benchmarkthat illustrates
the problem. In this loop nest, eachloop-independentlependencéetweena pair of references
is shavn with a dashedarrov and eachloop-carrieddependences shaovn with a solid arrow.
Since there are analogousloops with loop-carrieddependenceslong the i and k dimensions,
without loss of generalitywe can assumethat the j dimensionis partitioned.Suchloops posea
signi cant parallelizationchallengefor HPF compilers.Simply usingan ownercomputegartitioning
would result in expensve communicationinside the i loop to satisfy processorcrossingloop-
independentiependencebetweenprocessorsnanagingdifferent partitionsalongthe j dimension.
Loopdistributionis themostcommontechniqueausedo avoid communicationinsideloopnestsn such
caseshowever, loop distribution mustbe appliedsparinglybecausét reducegemporalreuse which
can increasecachemissesand degrade performanceln this case,althoughsomeloop distribution
can be applied, six of the ten assignmenstatementanust stay togetherin the sameloop, since
they form a strongly-connecteaomponentof the dependencgraph. Without careful partitioning
and communicationplacementthe loop-independentiependenceamongthesestatementsequire
conditionalcommunicatioratthei level.
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do 11 k=1, grid_points(3)-2 carried dependences ——
d T=Ugrid_points(2)-3 independent dependences -----
=34l -2

1 acl BRREENN hS(I,]kn+3)
IS kA 3 Faed

3 HN(1,) k,n+5)

Am> \*; f\ -

4 [rhs(i,j.k m)wfacrfr,hs(rd k‘m) -

5 Ths(i j+Lk,n+3)] 1His(n=+~Lkm+B‘)k Tl Ihs(i,j k,n+4

6 Ihs(i j+1,k,n+4)|= Ihs(i; }-rl k N2y Hhsa |+1 k n+2)H|hs(|J k,n+5)]

= ~‘ Sy

7 [rhs(i ]+1k m)|=[rhs(i ]+1k m)HIhs(l J+Ikn%29J [rhs(i,j,k,m)]

8 Ihs(i j+2.k,n+2)] = Ihs(i j+2,k,n+2) - Ihs(i j+2.k, m1) Ihs(i,J.k,n+4
Ihs(i,j+2,k.n+3)F= Ihs(i j+2,k,n+3) - Ihs(i, 142k n+1)*Ths(i ] K.n+5)
do 10 m=1,3 s

10 [rhs(i j+2.,k,m)|= rhs(i j+2,k,m) - Ihs(i ,j+2,k,n+1)\ rhs(i,j,k,m

11 continue

Figure4. Loop from NAS SPsubroutiney _solve with complex dependences.

2.3. Parallelizing Tightly-coupled Computations

While HPF compilerscanreadily yield good performanceor codesthat are embarrassinglyarallel
(nocommunicationpr looselysynchronougcommunicatioronly betweerloop nests)tightly coupled
codeswith loop-carrieddependenceare dif cult to parallelize effectively. An important class of
computationgthat requiressuchtight coupling consistsof solvers for partial-diferential equations
basedon Alternating-Directionimplicit (ADI) integration. This techniquehasbeenwidely usedin
computationaluid-dynamics codesfor solvingthe Navier-Stokesequation[14, 15, 16]. Line-sweep
computationdorm the heartof ADI integration. Figure 4 shows a loop nestthatis part of a solver
kernelthatperformsline-sweepcomputationAs describedn the previoussection,suchcomputations
aredif cult to parallelizeeffectively andthey arenot well-suitedto the standardblock partitionings
supportecdby HPFE. The two reasonablestratgies of parallelizationpossiblewith HPF are (1) static
block partitionings,resultingin wavefrontparallelism,and(2) dynamicblock partitionings,resulting
in fully parallelcomputatiorphaseseparatethy datatranspos@peration®nthe partitionedarrays A
studyby vanderWijngaartusinghand-codegarallelization®f ADI integrationshavedthatboththese
stratgyies yield inferior performancecomparedto a sophisticatedskewed-gyclic block distribution
known asmultipartitioning[5]. This distributionandmethoddor compilingfor it aredescribedurther
in Section4.

Copyright ¢ 2001JohnWiley & SonsLtd. Concurency: Pract. Exper 2001;1:1-20
Prepaedusingcpeauth.cls



8 J.MELLOR-CRUMMEY ETAL. %

2.4. Computing with Very Lar ge Arrays

Finally, anotherchallengeconcernscomputingwith very large arraysthat exceed a computers
available physicalmemory Clearly, for nodeswithout virtual memory an applicationmustinput,
processandoutputsucharraysin sectionsMoreover, evenwhenvirtual memoryis available,using
it to managevery large arraysin technicalapplicationdoesnot yield particularlygood performance.
Processin@rraysin sectionss almostalwaysbetter

Therearethreereasonwirtual memoryis not particularlywell suitedto scienti ¢ computationon
very large arrays.First, virtual memorypagereplacemenpoliciesthat are variantsof least-recently-
usedreplacemendérepoormatchedor scienti c computationshatprocesglifferentelement®of alarge
arrayin eachiterationof someloop. Suchapplicationgesultin little (if any) temporalreuseof cached
data.Consequentlyreservinglarge amountsof a nodes memoryto supportsuchan applicationwill
notyield a signi cant performancemprovement;however, it will force dataout of memoryfor other
applicationgunningon the nodeandwill signi cantly degradetheir performancd17]. Secondsince
applicationdatamanagedn virtual memoryare not fetcheduntil the applicationreferenceshe data,
theapplicationwill stallany time it referencesdatavaluethatit hasnot referencedn theveryrecent
past.Operatingsystemprefetchingmay not help avoid suchstallsif thereis a mismatchbetweerthe
layoutof the arrayandthe orderof the computationFinally, the typical virtual memoryreplacement
unitis afew pagegsepresentingsmallnumberof disk blocks;largel/O request®f multiple megabytes
canbehandlednuchmoreef ciently . Consequentlyapplicationghatexplicitly manageheirmemory
resourcesanhave signi cantly higherperformancesometimesy afactorof onehundred18].

For HPF to be widely useful,compilersmust generateéhigh-performanceodefor complex cases
suchasthosedescribedn this section.lt is critical that HPF compilershandlecomplex caseswell
becausat is in preciselysuch casesthat userswould have dif culty parallelizing codesby hand
and would want to drav upon compilertechnologyfor assistanceThe following sectionsdescribe
someof the advancedanalysesand optimizationsusedby the dHPF compiler to produceparallel
codewhoseef ciency is approachinghat of highly tuned,hand-writtenparallel programs First, in
Section3, we describecomputatiorpartitioningoptimizationghathelpdHPFto effectively parallelize
programsthat use temporaryarraysor having complex patternsof datareuse.Section4 describes
two novel partitioningstratgiesin the dHPFcompilerfor improving performanceanimplementation
of multipartitioning for parallelizing line-sweepcomputationamnore effectively, and an out-of-core
partitioning stratey for improving the performanceof programswith very large datarequirements.
Section6 compareghe performanceof compilergenerategarallelizationsfor serialversionsof the
NAS SPandBT applicationbenchmarksvith that of their hand-parallelizedounterpartso illustrate
the effectivenesof theanalysisandcodegeneratiortechniqueslescribedn Sections3 and4.

3. COMPUTATION PARTITIONING (CP)OPTIMIZA TIONS

HPF compilersprimarily use the ownercomputesule [13] to partition computationsamonga set
of processorsThis rule speci es that a computationis executedby the owner of the value being
computed.This rule, as well as variants(e.g.,in decHPF[19]) or more powerful rules (e.g., in

SUIF [20]), canbe expressedn termsof which processor(spwn a particularsetof dataelements.
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@ ADVANCED OPTIMIZATION STRATEGIESIN THE DHPFCOMPILER 9

In particular for a statementnclosedn a loop nestwith index vectori , andfor somevariable A,
the CP ONHOMEA(f (i), speci esthatthe dynamicinstanceof the statementn iterationi_ will be
executedby the processor(shhatown the arrayelement(s)A(f (i) . This setof processorss uniquely
speci ed by subscriptvectorf (i) alongwith the distribution of arrayA at that pointin the execution
of theprogram.Theownercomputesule simply usegheleft-hand-sideeferenceof anassignmenas
the homereferencdan the CP. Therule in the SUIF compiler[20] is equivalentto usingan arbitrary
singlereferenceasthehome.SUIF, however, restrictsall statement aloopto thesamecomputation
partition,whereaghe ownercomputesule doesnot.

The dHPFcompilersupportsamoregeneralCP model[12]. A CPfor astatementhoserby dHPF
canbe expressedasthe ownerof oneor more arbitrary datareferenceskFurthermoregachstatement
in aprogrammayhave its own independentlghoserCP. ThedHPFcompilerimplicitly representshe
CPfor astatementisa unionof oneor moreONHOMEerms:

CP:[1Z] ONHOME (f; (i)

This enablesavery generaklassof partitionings,includingmary thatarenot possiblein any previous

compilerwe areawareof (e.g.,comple replicatedpartitioningsgeneratedby multiple ONHOMEerms,
which have provedcrucialin experimentswith theNAS benchmarks)Thecompilersupportghismore

generaklassof partitioningsby usinga sophisticateéindgeneralyet simple-to-implementapproach
for communicatioranalysispptimization,andcodegeneratiorbasecn symbolicintegersets[6], and

usinga powerful representatioandenumeratioralgorithmfor non-corvex symbolicsetsprovided by

theOmegalibrary [21].

In this section,we describethree programoptimization strateyies usedby dHPF that exploit the
generality of its partitioning model by using complex computationpartitioningsto addresssome
of the challengesdescribedearlier The analysistechniquesand algorithmsusedto performthese
optimizationsaredescribedn [12].

3.1. Parallelizing Computations using Partial Replication

As describedn Section2.1, the useof temporaryarrayscommonlyinducessharingpatternghatcan
be an obstacleto effective parallelizationof loop nests.In Section3.1.1,we describehow we exploit
dHPF's generalcomputation-partitioningnodel to partially replicate computationon elementsof
temporanarraysthusreducingcommunicatiorfrequeng andvolume.Usedjudiciously, thisapproach
cansigni cantly improve parallelperformanceln Section3.1.2,we describehow a similar approach
canbeappliedto improve parallelperformancef computation®n long-livedarraysaswell.

3.1.1. Computation®n Tempoery Arrays

Wheneachelementof a temporaryarray usedwithin a loop iterationis de ned within thatiteration
beforeit is usedand none of the array elementsare usedafter the loop, suchan array is said to
be privatizablefor that loop. For example,the arrayrhoq in Figurel is privatizablewithin thei
loop. Identifying privatizablearraysis a challengingporoblemin generalput the NEWlirectivein HPF
providesa mechanisnfor programmerso identify arraysasprivatizable (The useof this directive for
the sameexampleis shavn in Figure5.) Evenwhena compilerknows which arraysare privatizable,
however, parallelizingthe loop nestfor a distributed-memorymachinecanstill beachallenge.
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do 10 k = 1, grid_points(3)-2
CHPF$ | NDEPENDENT NEW cv, r hoq)

do 10 i =1, grid_points(1)-2
do 20 j =1-1, grid_points(2)-1
rul = c3c4*rho_i(i,j,k) ON_HOME Ihs(i,j+1.k.2), Ihs(i,j.k,3), Ihs(i,j-1.k.4)
cv(j) = vs(i,j, k) ON HOME Ihs(ijgl k), Ihs(ij-Lk4) <= = = <
20 rhog(j)_z - m======""7" N HOME Ihs(ij+1k.2), Ihs(ijik3), Ihs(ij-1k.4)
=TT dmax1(dy3+con43*rul, dy5 + clc5%T ul, dyhax+rul, (_;#‘yl) \
{ do 30 =1, grid_points(2)-2 ; ‘l
S [hsGLi kO = oodo T - ; |
Ths(i, ] k. 2 ==tttyz== V(1) - dttys rhoq(j- l)...v' 1
[Ths(i,] . k. 3} /
Ths(i,], K, &) P

30 lhs(i,j,k,5)
10 conti nue

Figure5. Computationpartitioningfor a loop nestfrom subroutinelhsy of the NAS SP
computationaluid dynamicsbenchmark.

Consideragain the loop nestfrom subroutinelhnsy of benchmarkSE shavn in Figure 1 In
Section?2.1,wedescribedhreeapproachew parallelizingtheloop nestwith privatizablearrayscv and
rhog basedon corventionalownercomputegartitionings.Eachof theseapproachesassign cant
drawbacks.

To avoid thesedrawvbacks the dHPF compilerexploits its generalcomputationpartitioningmodel
to specify that eachprocessorcomputesonly thoseelementsof the privatizablearray that it will
actually use[7]. When somearray elements(such as the boundaryelementsof cv andrhoq in
the example)are neededby multiple processorsthe compiler partially replicatesthe computationof
exactly thoseelementsneededto achieve this goal. This is cost-efective in that it is the minimal
amountof replicationthat completelyavoids any communicatiorof the privatizablearraywithin the
loop nest.The generalcP modelin dHPFis crucial for expressingthe cps requiredby this stratayy.
For a statemente ning a privatizablevariable,we assigna cp thatis computedrom the cps of the
statementi whichthevariableis used.

Figure 5 shons an annotatedversion of the loop nestof Figure 1. In eachloop nest,for each
assignmento a non-privatizablevariablethe compiler rst choosesa cp usinga global cp selection
algorithmthatattemptgo minimize the communicatiorcostfor theloop nest.For the codeshavn in
Figure 5, the algorithm choosesownercomputescp for eachof the ve assignmentso arraylhs .
The cps for theseassignmentarerepresentetdy the boxedleft-hand-sidaeferencesTo computethe
cpsfor assignmentto cv andrhoq , we thentranslatethe cps from the statementén which they are
used.In Figure5, the translationsareindicatedusingdottedarrows for rhoq anddashedarrows for
cv . For example theusecv(j-1)  hascp ONHOMBEhs(i,j,k,2) . Thisrequiresthatthe value
of cv(j)) becomputedONHOMEHhs(i,j+1,k,2) , sothis cp termis includedin the cp for the
assignmento cv . The detailsof the translationof varioussubscriptsn eachcp term are described
in[12].

Copyright ¢ 2001JohnWiley & SonsLtd. Concurency: Pract. Exper 2001;1:1-20
Prepaedusingcpeauth.cls
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The effect of the cp propagationphaseis that eachboundaryvalue of cv(j) andrhoq(j) is
computedon both of the processorsadjoining the boundary thereforeavoiding communicatiorfor
thesearrayswithin thei loop. All non-boundarwaluesof cv andrhoq arecomputedonly onthe
processothat owns them. This stratgy avoids costly communicationinsidethei loop, aswell as
needlesgeplicationof computation.Our experimentalresultsshowv that without this optimization,
the SP and BT benchmarksvould be more than 16 times and 1.5 times slower respectiely [12].
(This explainswhy the HPF versionsof the NAS benchmarkslevelopedby PGI [3] wereextensiely
rewritten to eliminatesuchusesof privatizablearrays,despitethe costof signi cant increasesn both
codesizeandcompleity.)

It is worth noting that the cp propagationstratgly for NEWvariablesis insensitve to the data
layoutsof thesevariables.Regardlessof the datalayout directives speci ed for the NEWvariables,
CP propagatiorensureghat exactly thosevaluesneededon eachprocessoare computedhere.Any
communicatiomeededo obtaintheoperandgor thesereplicatedcomputationsvould depencbn both
datalayoutsand cp choices,but this is automaticallyhandledby our integersetframeavork which
performscommunicationanalysis,storagemanagementand code generationfor arbitrary cps and
datalayouts|[6].

The exampleshowvn in Figure2 anddescribedoreviously in Section2.1 canalsobe handledusing
dHPF's cp propagatiorfor privatizablearrays.No suitablescopeexistsin whichfijac andnjac are
privatizable.We remedythis by surroundingthe pair of loop nestsin the examplewith a singletrip
loop andannotatethis new loop with a NEWHirective for ffac  andnjac . As describecdearlier the
cps for the assignments$o lhs thatusefjac andnjac arepropagatedo the de nitions of those
privatizables which causeshe computationof the privatizablesto be partially replicatedalong the
boundarie®f thedatapartitioningasnecessaryApplying thisoptimizationhereavoidscommunicating
valuesof ffac andnjac andinsteadcommunicatesnly u, whichis afactorof fty smaller

3.1.2. Computation®n Long-livedArrays

In the previous section,we describechow the dHPF compiler partially replicatescomputationson
privatizablearrays.In orderto experimentwith the sametechniqueor arraysthatarenot privatizable,
suchasthelong-livedarraysof Figure6, we addeda LOCALIZE [7] directive to dHPF.By marking
a distributed arraywith LOCALIZE in an INDEPENDENTOoo0p, a userassertghatall of the values
of this distributedarraywill be de ned within theloop beforethey areusedwithin the loop, although
they may alsobe usedaftertheloop,i.e., they arenot privatizable. The LOCALIZE directive signals
thecompilerthatthe computatiorof eachelementof thearrayshouldbe doneon the owneraswell as
ontheprocessorthatusethevalueof theelementithin theloop. Computingthevaluesontheowner
ensureghatary later usesafterthe loop will be satis ed correctly Any non-localoperandsequired
for computedhelocalizedarraywill requirecommunicatiorio beinsertedbeforetheloop nest.

To eliminatethe costof boundarycommunicatiorfor the reciprocalvariablesin the example,we
annotatedhemwith the LOCALIZE directive andwe addedan outerone-triploop in which to apply
thedirective. As for privatizablearrays,cps for statementsle ning valuesof elementof a localized
arrayaretranslatecindpropagatedrom statementthatusetheseslementskFor example thestatement
computingrho _i getstheunionof cp termspropagated@ndtranslatedrom thefour usesof thearray
in the next loop nest,aswell asthede nition' s ownercomputescP, ONHOMEhoO _i(i,j,k) .As
a result,the boundarycommunication®f rho _i alongthe distributed directionscanbe eliminated.
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12 J.MELLOR-CRUMMEY ETAL. %

CHPF$ INDEPENDENT LOCALIZE(rho_i, us, vs, ws, square, gs)
doonetrip=1, 1 ! enclosing one-trip loop
dok=0,N-1;doj=0,N-1;doi =0, N-1 Computation Partitionings Selected

rho_i(i,j,k)x= ... ON_HOME rho_i(i,j,k), rhs(i,j+1,k,5), rhs(i,j-1,k,5) ...
us(i,|,k) = .\ ON_HOME us(i j k), rhs(i,j+1,k, 2:5), rhs(i j-1k, 2:5) ...
vs(ij, . ON_HOME vs(i j,k), rhs(i,j+1k,3), rhs(i,j-1,k,3) ...
ws(i ;e ON_HOME ws(i,j.K), rhs(i,j+1,k4), rhs(i,j-1k4) ...
squarethy, ~ ON_HOME square(ij k), rhs(i,j+1,k,2), rhs(i,j-1k,2) ...
as(i,j , kS uare(N ON_HOME qg(i,j k), rhs(i,j+1,k,5), rhs(i ,j-1k,5) ...
I x-dir
dok=1, ) ) : i = I N2 Hydirection
rhs(i,j, K, 1) <.\t ) - \UGHALK) ...
rhs(i,],Kk,2)|= \OS(HERL KNG WS-SR
rhs(i,j .k, 3)|= ... e(NieL, KN square(i f21,k) ... vs(i,j+1,k) ... vs(i,J-1,K) ...
[TRSTLKA= ... wst+1,K) Swsti-1,K) ...

(TS LKD)= ... qs(hi¥1.K) ... g, NLK)...
oo ThO i (1, +1,K) ... tho (i j-1,K)...

I z-direction ...

Figure6. UsingLOCALIZE to partially replicatecomputationin subroutinecompute _rhs from NAS SP

Similarly we canavoid the communicationgor us, vs, ws, square , andgs in thecompute _rhs
with the partialreplicationof computationLOCALIZE is alsousedin the subroutinecompute _rhs
from BT.

In the example,sincethereare no interveningde nitions of u the elementsf u usedto compute
the localized arraysare also usedto computethe valuesof array rhs in subsequentoops. This
coalescingof the communicationneededfor all theseusesof arrayu eliminatesthe needto add
more communicationto computethe localizedarrays,even after thosecomputationsare replicated.
In this case,localizationcauseshe compilerto eliminate communicationof the reciprocalswhile
not introducing any nev communication.In general,however, replicating such computationscan
introducenew communicatiorto obtainneededperandsReplicationis bene cial whenthe costof
communicatiorof the operandss lessthanthe costof transferringthe valuesof thelocalizedarrays.
Making this decisionshould be straightforvard to do with a compiler, althoughit is not currently
implementedn dHPF.

3.2. Coping with Complex Patterns of Data Reuse

For loop nestswith complex datadependencesuchasthe exampleof Figure4, we have developedan
algorithmto eliminateinnerloop communicatiorwithout excessve lossof cachereuse Thealgorithm
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is describedn [12], andweillustrateits impacthereusingthe abose example.Figure7 shovsthe cps
thatarechoserby the algorithmfor theexample.

Thealgorithmcombinedntelligentcp selectiorwith selective loop distribution. For eachloop with
loop-independerdependenceshealgorithm rst triesto assigridenticalcpsto all pairsof statements
connectediy suchdependenceso thatthey alwaysreferencehe samedataon the sameprocessar
thusavoidingcommunicationin this casewe saythatthedependences localized.Of courseijt is not
alwayspossibleto localizeall loop-independerdependences$n suchcasesthe algorithmdistributes
theloop into the minimal numberof loopsrequiredto breaktheremainingdependences.

For theloop nestin Figure 7, theloop-independentependencefsom statementl to statement®,
3, and4 respectiely will groupall thesefour statementinto onegroup,with their commoncp setat
theright handsideof statement. Similarly, the dependencefsom statemen® to 5 and8, from 3 to 6
and9, from 4 to 7 and10will in turnrestrictall the cp setfor statemenb, 6, 7, 8,9, and10to thesame
cP choiceasstatemengroupl, 2, 3, and4. Thusall the statementsvill have the samecp choice,as
shavn on the right-handside of eachstatementAll the statementxonnectedy loop-independent
dependenceare groupedsuccessfullyand no statementis marked for distribution. Note that the
algorithm hadto choosenon-avner cps for several statementsn the loop. (It is importantto note
thatthe loop alsorequires ne-grain pipelinedcommunicatiorfor severalloop-carrieddependences.
This communicatiorcannotbe eliminatedif thearraysarepartitionedin thej dimensionThebene t
of avoiding loop distribution is to eliminatethe additionaloverheadhatis causedy losing reusefor
loop-independerdependences.)

Not all loopscanhave all their loop-independerlependencel®calized.In casesvhena common
cP choicedoesnot exist for two groupsof statementsthe unalignedstatement$ave to be marked
to be distributedinto differentloops.In Figure7, if statemen8 referencedhs(i,j+1,k,n+4)
insteadof Ihs(i,j,k,n+4) , therewould be a loop-independeniependencedgefrom statement
6 to 8. Thiswould requiresthatstatemen6 be groupedwith bothstatemen8 andstatemen8. Oneof
theserequirementsvould fail, andthuswe would have to distribute statemen® and8 or 6 and3 into
differentloops.Signi cantly, this selectie loop distribution algorithmwill only distributetheloop nest
into two new loopsinsteadof into 10, aswould resultfrom a maximaldistribution.

The loop distribution algorithmis appliedfor eachloop nestby traversingthe loop nestfrom the
deepestoop outward. Thusall loop-independentommunicationsreavoidedwhenpossibleandthe
unavoidableonesare nally placedattheoutermostoop-nestevel whenfurtherdistributionof thetwo
endstatementss illegal. Most loop nestsin the NAS benchmarkslo not needto be distributedat all
afterapplyingthe cp selectionstep.For a smallnumberof loop neststhe loop-distritution algorithm
is ableto placethe communicationat the outermostioop level by distributing the inside loop nest
into only two new loop nests.The communicatioroverheaddueto loop-independentdependenceis
minimizedwhile the original programloop structureis mostly presered.

4. DATA PARTITIONING EXTENSIONS

This sectiondescribeswo extensiongo HPF thatareimplementecby the dHPFcompilerto support
scalableperformancedor line-sweepcomputationgandprogramsamanipulatingvery largearrays.Both
of thesecan be viewed as applicationsof a more generaloverpartitioningstrategyy wherebyeach
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14 J.MELLOR-CRUMMEY ETAL. %

carried dependences ——

do 11 k =1, grid_points(3)-2 independent dependences -----
d 7= 0 grid_points(2)-3
0 =34qri nts(1)-2 Computation Partitionings Selected
1 acl}-===z:22- 21dQflhs(i j k,n+3) ON HOVE Ihs(i,j,k,+4), Ihs(i,j,k,n+5), rhs(ij.k.*)
ThS(LL kR A) s foeti{ihs(i] ON HOME Ihs(i,j,k,n+4)
HAS( Lk, n+5)} - factE ON HOME Ihsfij kn+5)
Z m>43 *\‘ :‘\‘\ “aal
4 [rhs(i,j k m)[%facrfrhs(ri Icm) ON HOME rhs(i,j,k,m)
5 Ihs(i,j+1,k,n+3) Tlhs(']*l‘kn+’3)|:||hs(| J+_Lk n+2) Ihs(ij,k,n+4 ON HOME Ihs(i,j,k,n+4)
6 1hs(i,j+1,k,n+4)|= |hS(I ,rtl k n+4j -|-|hs(4 |+1 k,n+2)W{Ihs(i | k,n+5)] ON HOME Ihs(i,j,k,n+5)
7 [rhs(ij+1, k m)|=rhs{ij+1, k m)HIhs(l ]+I'k n42)T| rhs(i j k,m)] ON HOME rhs(i,j,k,m)
Ihs(i,j+2,k,n+2)| = Ihs(i,j+2,k,n+2) - I‘hs(|,1+2 K, n~k1) Ihs(i,j,k,n+4 ON HOME Ihs(i,j,k,n+4)
Ihs(i,j+2,k,n+3)}= Ihs(i,j+2,k,n+3) - Ihs(i, 12k n+1) NThs(i ] K.n+5) ON HOME Ihs(i,j,k,n+5)
do 10 m=13 s
10 [rhs(i j+2.k,m)|= rhs(i,j+2,k,m) - Ihs(i j+2,k n+l)A rhs(i,j,k,m ON HOME rhs(i,j,k,m)
11 continue

Figure7. Communication-sensit: cp analysisfor aloop nestfrom subroutiney _solve from SP

processomanipulatesnore than one datatile. Anothercasein which overpartitioningsapply is in
handlingcyclic(k) distributions.

The dHPF compiler's supportfor overpartitioning extendstechniquesoriginally developedfor
generatingcodefor block partitioningsof arbitrary size onto a symbolic numberof processorskor
thepurpose®f analysisgachtile in anoverpartitionedarrayis treatedasablockin ablock-partitioned
arrayof ahigherordetr

To supportgenerabverpartitioning dHPFcontainsa generaframework thatcontrolshow multiple
virtual processos are mappedio eachphysicalprocessarThe framework providesan interfacethat
enablesodegeneratedor asingletile, usingthevirtual processomodel,to bewrappedn aloop that
iteratesoverall of thevirtual tiles mappedo a processarThisinterfaceensureshatthe orderin which
tiles areprocessedhetile schedulejs consistentvith any datadependencethatmay be presentFor
datamovementthat hasbeenvectorizedout of a tile, the compilerprovidesmechanismso coalesce
thedata-maeementfor all of thetiles ownedby a physicalprocessarif desired.

In the next two sectionswe describehow dHPFusesoverpartitioningto supportmultipartitioned
distributionsandout-of-corecomputation®n very largearrays.
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4.1. Parallelizing Line SweepApplications

Line sweepsare usedto solve one-dimensionakecurrencesalong each dimensionof a multi-

dimensionaldiscretizeddomain. This computationalmethodis the basisfor Alternating Direction
Implicit (ADI) integration— awidely usedtechniqudor solving partialdifferentialequationsuchas
the Navier-Stokesequation14, 15, 16] — andis at the heartof a variety of othernumericalmethods
andsolutiontechnique$16].

Usingline sweepgo solve recurrencealonga dimensionserializescomputatiorof eachline along
thatdimension.If a dimensionwith suchrecurrencess partitioned,it inducesserializationbetween
computation®n differentprocessorsUsing standardlock unipartitioningsjn which eachprocessor
is assigned singlehyperrectangulablock of data,therearetwo classe®f alternatve partitionings.
Static blodk unipartitioningsinvolve partitioning someset of dimensionsof the datadomain,and
assigningeachprocessoonecontiguoushyperrectangulavolume.To achiese signi cant parallelism
for a line-sweepcomputatiorwith this type of partitioningrequiresexploiting wavefront parallelism
within eachsweep.In wavefront computationsthereis a tensionbetweenusing small messageto
maximize parallelismby minimizing the length of pipeline Il and drain phasesand using larger
message$fo minimize communicatioroverheadn the computations steadystatewhenthe pipeline
is full. Dynamicblodk unipartitioningsinvolve partitioning a single datadimensionand performing
line sweepsin all unpartitioneddata dimensionslocally, then transposingthe datato localize the
dataalongthe previously partitioneddimensionand performingthe remainingsweeplocally. While
dynamicblockunipartitioningsachieve betteref ciency duringa(local) sweepoverasingledimension
comparedo a(wavefront)sweepusingstaticblock unipartitioningsthey requiretransposingll of the
datato performacompletesetof sweepswhereastaticblock unipartitioningscommunicatenly data
at partitionboundaries.

To support better parallelization of line-sweep computations,a third sophisticatedstrateyy
for partitioning data and computation,known as multipartitioning, was developed[14, 15, 16].
Multipartitioning distributesarraysof two or more dimensionsamonga setof processorsuchthat,
for computationsperforming a directional sweepalong any one of the array's data dimensions,
(1) all processorsare active in eachstep of the computation,(2) load balanceis nearly perfect,
and (3) only a modestamount of coarse-graincommunicationis needed.These propertiesare
achieved by carefully assigningeach processora balancednumberof tiles betweeneach pair of
adjacenthyperplaneghat are de ned by the cutsalongary partitioneddatadimension.A study by
vanderWijngaart[5] of implementatiorstratgjiesfor hand-codegbarallelizationf ADI Integration
found that 3D multipartitioningsyield betterperformanceahaneither staticblock unipartitioningsor
dynamicblock unipartitionings.

4.1.1. Multipartitioning

Multipartitioning distributesmultidimensionalarrayssuchthat for any directionalsweepacrossthe
array all processorsireactive in eachstepof the computationthereis perfectload balanceandonly
coarse-graitommunicatioris neededFigure8 shavs a 2D multipartitioningfor 5 processorsa 2D
arrayhasbeensubdvidedinto 25 tiles, thenumberin eachindicatingits owning processaror aline
sweepin ary possibledirection(up, down, left, right), eachprocessocanprocesonetile on eachof
the5 stepsin the sweepwith coarse-graitommunicatiorof boundarydatarequiredbetweersteps.
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Figure8. 2D Multipartitioningon 5 processors.

Datapartitioningsthatassignmorethanonedatatile to eachphysicalprocessohave beendescribed
previously in the literature [14, 15, 16]. “Diagonal’-style multipartitionings for two dimensions
were describedby JohnssonSaad,and Shultz [15], and in three dimensionsby Naik, Naik, and
Nicoules[16]. Figure 8 shavs a 2D multipartitioning for 5 processorsand Figure 9 shavs a 3D
multipartitioningfor 16 processors.

Thesetypes of multipartitionings generalizeto higher dimensions.Diagonal multipartitionings
partitionthedatainto pdd*1 tiles,wherep is thenumberof processorandd is the numberof partitioned
arraydimensionsEachphysicalprocessors assigneqbﬁ tiles placedalongdiagonalghrougheach
of the partitioneddimensionsDiagonalmultipartitioningsapply only Whentheexpressiorpﬁ isan
integer.

Recently we have developed a generalizationof multipartitioning to supportd dimensional
multipartitioningson p processorswherep is not restricted.This extensionis anotherapplication
of overpartitioning;eachprocessors assignednultiple tilesin eachhyperplang10].

4.1.2. Implementatiorin dHPF

Multipartitioningis notavailablein standardHPF, sowe de ned anew datadistributionspeci er called
MULTI, which indicatesthatthe correspondinglimensionin the templateshouldbe multipartitioned.
For example thedeclarations

CHPF$ processors  p(5)

CHPF$ template  ta(0:9999,0:9999)

CHPF$ align  a(i,j) with  ta(i,j)

CHPF$ distribute ta(multi,multi) onto p
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Figure9. 3D Multipartitioning on 16 processors.

will generatea two-dimensionamultipartitioning for the array a. The multipartitioneddimensions
shouldbe leftmoston the template;ALIGN directivescanbe usedto implementdifferentdimension
orderings.

All multipartitioneddimensionsaredistributedamongthe numberof processoridicatedn the rst
dimensionof the processorarray This allows for the possibility of combiningmultipartitionedand
non-multipartitionedlistributionson the sametemplate ThedHPFcompilersupportodegeneration
for asymbolicnumberof processor$or standarcandmultipartitioneddistributions.

Theintegersetanalysisframewvork usedby dHPFsupportdblock partitioningsof arbitrarysizeonto
a symbolicnumberof processorsThis framavork senesasthe basisfor the dHPFimplementation
of multipartitioning. To supportmultipartitionedarrays,for the mostpart, dHPFtreatseachdatatile
of amultipartitionedarrayasa block, assignedo its own virtual processarout of a block-partitioned
array To supporta diagonalmultipartitioningin d dimensionsdHPF generate SPMD codeso that
eachphysicalprocessomanagezpﬁ virtual processotiles.

Eachdatatile for a multipartitionedarray is extendedas appropriatewith overlap areas[22] to
facilitateacces$o non-localdatarecevedfrom neighboringiles. On eachprocessarall localtiles for
a multipartitionedarray aredynamicallyallocatedas contiguousdata.Storageis indexedin column-
major order, wherethe leftmost dimensionsare the original array dimensionsand a new rightmost
dimensiorcorrespondso thelocal tile index. Al communicatiorandcomputatiorperformedor atile
arede ned in termsof thedatamappedo thattile.

Code generationfor multipartitionedloop nestsis a two-step process.First, we generatecode
to executea loop nestfor a single tile. Then, we wrap this codein a loop that iteratesover all
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the tiles assignedo a physical processarCommunicationgenerationfor tiles is handledsimilarly.
Communicatiorpinnedinsidea computationaloop by datadependenceis handledfor atile asif its
virtual processomwerea physicalprocessarCommunicatioroperationghat arevectorizedoutsideof
all computationaloopsover datadimensionsareenclosedn their own tile enumeratioroop.

More detailsaboutmultipartitioningandits implementationin dHPFcanbefoundin [8, 23].

4.1.3. dHPFOptimizationgfor Multipartitioning

Thereare several key optimizationsperformedby the dHPFcompilerthat are necessaryo generate
high-performancemultipartitioned code. From a single processos perspectie, a multipartitioned
computatioris organizedasa seriesof computation®n local tiles. To avoid unnecessargerialization
betweerphysicalprocessorsgachprocessos local tiles shouldbe scheduledn the properorder To
achieve goodscalability communicatiorbetweerprocessorsnustbe asinfrequentaspossible.

Tile Sceduling& Tile Loop Placement Executinga multipartitionedcomputationcorrespondso
executingthesamecomputatiorfor eachof aprocessostiles. Determiningheorderin whichtoiterate
over theselocal tiles is not trivial in the presenceof processorcrossingloop-carrieddependences.
Maintaining parallel execution and overall performanceis a function of the order in which tile
computationsreperformedon eachprocessar

This problemof selectinga tile enumeratiororderis uniqueto multipartitioneddistributions. For
block partitionings theselectionis trivial, sinceeachprocessoownsonly oneblock. Tile enumeration
is alsosimplefor cyclic andblock-cyclic distributions;enumerationis independenfior eachpartitioned
dimensionTile enumeratiorior multipartitioningis morecomplex becausenumeratiororderson ary
particulardimensiondeterminghe enumeratiororderfor the otherpartitioneddimensionsaswell.

If a particularloop nest containsprocessocrossingcarried dependenceso wing only in one
dimensionanddirectionof the partitionedarray(i.e. line sweepphases)thenselectinghatdimension
anddirectionfor thetile iterationorderwill allow for maximumparallelism.If therearedependences
o wing in both directionsit is always possibleto selectcomputationpartitionings (CPs) so that
processorcrossingdependenceso w in only one direction. Multidimensional dependencesyill
necessarilyestrictavailableparallelism,undermultipartitioning[9].

Aggressive Communication Placement Processoecrossing loop-carried dependencescan be
presered by placing communicationfor eachdependencat the loop level on which it is carried.
Loop-independentiependencesanbe presered by placingcommunicatiorat the loop level thatis
theleastcommonancestoof bothsourceandsink.

For loop nestsiterating over block-partitionedarrays, communicationoccurring at the block
boundarycanbe hoistedout of the loop nest.This hasthe potentialof reducingavailable parallelism
while decreasingommunicatiorfrequeng. For multipartitioneddistributions,if all communications
o wing alongthe samedirectionanddimensionof the partitionedarray thenit canbe hoistedout of
theloop nestcompletelywithout ary lossin availableparallelism.

In the dHPFcompiler, we exploit this propertyto vectorizecommunicatiorfor processocrossing
dependencesut of multipartitionedloops. This optimization enablesthe programmerto write the
original HPF sourceloop nestin natural memory order without worrying about communication
placement.
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CommunicatiomggregationacrossTiles A key propertyof multipartitioningis thata singlephysical
processomowns all of the tiles that are neighborsof a particular processos tiles along any given
direction. For example, considerthe tiles belongingto processorl in gure 9. All of their right
neighborsbelongto processob. Thus,if atile needto shift datato the neighboralonga particular
direction,all of thatprocessostiles will alsoshift datain the samedirectionandthe processoneeds
to sendvaluesto only oneotherphysicalprocessar

This propertymustbe exploited to obtainscalableperformancen multipartitionedapplicationsIf
not, a separatenessagevould be sentpertile for communicatiorthathasbeenvectorizedoutsideof
all loopsover multipartitioneddata. This would representin overheadof pdl_1 more messagethan
necessarynhibiting scalablgperformancdor largerp.

4.2. Copingwith Very LargeArrays

As describedin Section2, out-of-core (OOC) programsprocesssuch large amountsof data that
they cannotall t simultaneouslywithin the available physicalmemory with a consequentoss of
performanceHowever, for mary problems,dataand programreoiganizationcan lead to dramatic
performancemprovementspftenachieving closeto the expectedn-coreexecutiontime.

ThedHPFcompilercanrestructuresuchprogramsautomaticallyfor Out-Of-Core(OOC)execution.
The dHPFcompilerimplementsew directives[11], similarto HPFdirectives,for decomposingery
largearraysinto multiple tiles per processqrof which only asmallsubsetrekeptin-coreatany time.
For example giventhedeclaratiorinteger ~ b(10000,10000) ,thedirectives

CSIO$ processors  pio(100)

CSIO$ template  tio(10000,10000)

CSIO$ align  b(i,j) with  tio(i,j)

CSIO$ distribute tio(*,block) onto pio

distribute the 100 million elementsof b across100 OOC tiles per processarThe dHPF compiler
generatesodethatiteratesover eachOOCtile, readingit into memory usingit in computationthen
saving it to disk. Thecompileralsogeneratesodefor managingarny requiredcommunicatiorbetween
the OOCtiles.

The OOC distribution directivesare orthogonalto the HPF directives,in thatan arraymay be both
distributedacrosgeal processorandalsodistributedacrossvirtual "OOC' processorsA limitation of
thecurrentimplementationhowever, is thateachdimensioncanbedistributedin at mostoneway.

OOC tiling was initially implementedby ad hoc code within the dHPF compiler However, it
becamelearthattherearesigni cant similaritiesin the coderequiredto implementOOC partitioning
and multipartitioning. Each must subdvide the dataassignedo eachprocessolinto multiple tiles,
eachmustintroducecodeto iterate over the tiles allocatedto eachreal processgrand eachmust
managecommunicatiorbetweenthe tiles. The principle differenceshetweenOOC partitioning and
multipartitioningare:

OOCpartitioningrequirescommunicatiorio bekeptatthelevel of theloop thatiteratesoverthe
tiles assignedo eachprocessar
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In the OOC case,communicatiorassociatedvith a particulartile mustbe scheduledo occur
only whenthattile is in memory In the multipartitioningcase tiles arealwaysin memoryand
thusthereis muchmoreopportunityfor aggreyatingcommunicatioracrosdiles.
Communicatiorbetweertiles allocatedto the sameprocessorequireseitherl/O, retainingdata
in memory or revisiting atile. Theseareall very expensve.

Thetraversalorderof OOCtiles hasa very largeeffect on performance.

Despitethesedifferences,00C partitioning and multipartitioning can both be implementedas
specialization®f a moregeneralframework for supportingdistributionsthatassignmultiple tiles per
processarCurrently the dHPF compilerimplementsmultipartitioning using sucha framework. By
unifying OOC handlingwith this framewvork as well, the implementationof the OOC distribution
directives would be considerablysimpli ed. Also, using a common framework for all forms of
overpartitioningwould provide greater e xibility for combiningOOC andin-coredistributions.

5. OTHER OPTIMIZA TIONS

For compilergenerategbarallelizationgo achieve performanceanatchingthatof carefullyhand-tuned
code,it is clearthatthe compilermustget not just most, but all of the detailsperfect.For instance,
although compilerdirected multipartitioned distributions lead to balancedcomputation,matching
hand-codederformancealso requiresclosely matchingthe communicationfrequeng and volume,
alongwith the scalamperformanceharacteristics.

Thereforejn additionto the computatioranddata-partitioningoptimizationsdescribedn previous
sections,the dHPF compiler also performsa considerablenumberof additional optimizationsto
improve the ef ciency of computationand communicationAlthough they arevital to achiezing the
performanceesultsreportedin the following section,we do not have spacein this paperto describe
in detailall of thesestratayies.In this sectionwe brie y mentionsomeof thesestratgiesandprovide
referencesywhereavailable,to moredetailedexpositions.

The compiler vectorizes communication for arbitrary regular communication patterns.
Communications vectorizedout of any loop aslong asdoingsowill notcauseary loop-carried
or loop-independendatadependenct beviolated.

The compiler can coalescemessages$or arbitrary afne referencego a dataarray Any two
communicationevents at a point in a programthat are derived from different references
to the samearray will be coalescedif the data setsfor the referencesoverlap and both
communicatioreventsinvolve thesamecommunicatiorpartnersThis optimizationsigni cantly
reducesommunicatiorfrequeng.

Thecompilerfurtherreducesnessagérequeng by aggreyatingcommunicatioreventsfor af ne
referencesor disjointsectionof anarrayor differentarraysif bothcommunicatioreventsoccur
atthesameplacein the codeandinvolve the samecommunicatiorpartnerg23].

The compilergeneratedodeandsupportingruntimelibrary useasynchronousommunication
primitivesfor lateng andasynchrog tolerancg23].

The compilergeneratesodewhich implementsa simplearray-paddingschemethat eliminates
mostintra-arraycon ict misseq23], therebyimproving cacheperformance.
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The compiler implements several context-sensitve guard reduction schemesto optimize
guardsand improve code efciency. Information from the surroundingcontet determines
whethera guardcanbe logically simpli ed by eliminating staticallyknown conditions.These
optimizationscan signi cantly reduceguardsand simplify control ow, specially for inner
loops[24].

6. EXPERIMENTAL RESULTS

This sectiondescribesxperimentalresultsobtainedusingthe dHPF compilerto generateoptimized
multipartitionedparallelcodefrom serialversionsof the NAS BT andSPapplicationbenchmarks.

In theparallelization®f thesecodeswith dHPF,theoptimizationgdescribedn theprevioussections
removed most of the performancebottlenecksWe brie y outline where theseoptimizationswere
applicable comparethe performancef the compilergenerategbarallelizationgo thatof hand-coded
MPI parallelimplementationsandidentify the cause®f remainingperformancalifferences.

Our experimentswere performedon an SGI Origin 2000 (128 MIPS R10000250MHz CPUs;
32KB (1)/32KB (D) L1, 4MB L2 (uni ed) for eachCPU). Both the hand-codedand automatically
parallelizedapplicationsusedSGlI's MPI library. No usewasmadeof the sharednemorycapabilityof
the SGI machinesAll experimentswith hand-codediPI wereperformedn the default 32-bit mode.
Experimentswith dHPF-generatedode were performedin 64-bit mode becausedHPF's dynamic
allocationof dataarrayscausegroblemsn 32-bit mode.

6.1. NASBT

Effectively parallelizingthe NPB2.3-serialersionof BT with dHPFrequiredcoordinatedapplication
of a broadspectrumof analysisand code-generatiotechniquesThe supportfor multipartitioning
andnew optimizationsin dHPFimprovedboththe performancendscalabilityof the generatectode
comparedo earlierdHPFparallelizationg7] basedn block partitionings Both the parallelexecution
pro le andthesequentiaperformancef dHPF's compilermultipartitionedcodearenearlyequialent
tothehand-codedersionwhichis ahighly-tunedandveryef cient parallelimplementationfFigurel0
shavs a 16-processoparallelexecutiontracefor onesteady-statéerationof our compilergenerated
multipartitionedcodefor classA (64%) problemsize.Comparedo the correspondingexecutiontrace
of the hand-codednultipartitioningshown in Figure11, our dHPF-generatedodeachierzesthe same
qualitatve parallelization.

Tables| and Il comparethe speedupsof the NASA Ames' hand-codedparallelizationusing
multipartitioningwith thoseof our dHPF-generatedode.All speedupsrerelative to the execution
time of the original sequentiaode. The columnslabeled“% diff” show the difference relative to
speedupof the hand-codedversion, betweenthe speedupof our dHPF-generatedersion and the
speedumf the hand-codedersion.

For the classA problemsize, dHPF's generateccodewas, at worst, about 15% slower thanthe
hand-codedersion.In severalcasesur codeoutperformghe hand-codedersion.
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Tablel. Comparisorof hand-code@nddHPFspeedup$or NAS BT (classA (64°)).

#CPUs hand-coded dHPF % diff.

1 1.06 113 -6.77
4 328 329 -011
9 773 7.15 7.49
16 1421 13.19 7.21
25 21.08 18.41 12.67
36 20.78 28.61 3.94
49 39.73 3393 14.60
64 48.13 54.21 -12.64

Tablell. Comparisorof hand-codeéinddHPFspeedup$or NAS BT (classB (102%)).

#CPUs hand-coded dHPF 9% diff.

1 098 105 -7.76
4 3.37 3.28 2.76
9 491 8.03 -63.40
16 12.30 13.82 -12.35
25 19.09 2155 -12.92
36 30.95 31.70 -2.44
49 52.82 4160 21.24
64 66.04 5421 17.91
81 82.28 64.37 21.77

For the classB problem size’, dHPF's generatedcode and the hand-codedversion are also
comparablegxcept on higher numbersof processorsThis differencein performancecomesfrom
increasedorimary and secondarycachecon icts betweendataarraysand communicatiorbuffersin
the dHPFgeneratedtode,comparedo the hand-codedrersion.This is signi cant only on larger sets
of processorbpecaus®f thehighercommunication-to-comytationratio. In someof the casesdHPF-
generatednultipartitioningsachiezedbetterperformancehanthe hand-codedersion.

The good parallel performanceand scalability of the compilergeneratedcode comes from
the application of the optimizationsdescribedin previous sections.Using non-avner computes
computationpartitioningsto partially replicate computationalong multipartitionedtile boundaries
reducesommunicatiorvolumedramaticallyln BT'scompute _rhs subroutinepartially replicating

YThe poor measuredspeedurfor the hand-code®-processotrial waslikely causedby outsideinterference An emptytime
allocationon our experimentabplatformkeptusfrom re-runningthis measuremerteforepublication.
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Figure10.dHPF-generatedAS BT using3D multipartitioning.

the computationof the privatizabletemporaryarraysrho _q, gs, us, vs, ws, andsquare along
the boundarie®f a multipartitionedtile avoidedcommunicatiorof thesesix variables No additional
communicatiorwasneededo partially replicatethis computatiorbecausehe boundaryplanesof the
multipartitionedu array neededy the replicatedcomputationwere alreadybeing communicatedn

this routine. (The redundanttommunicationis eliminatedusing an additional optimization,namely
communicatiorcoalescing6], which wasnot describechere.)Togethey theseoptimizationscut the
communicatiorvolumeof compute _rhs by nearlyhalf.

InBT'slhsx ,lhsy ,andlhsz subroutinespartiallyreplicatingcomputatioralongthepartitioning
boundarieof two arrays,fjac andnjac , whoseglobaldimensionsare(5, 5, IMAX, JMAX,
KMAX), reducedcommunicatiorby a factorof ve.Ratherthancommunicatingolanesof computed
valuesfor thesearraysacrosspartitionsin thei , j , andk dimensionswe communicatedsections
of rhs(5, IMAX, JMAX, KMAX) whichis afactorof ve smaller to replicatethe computation
alongthepartitioningboundaries.

Thecombinedmpactof theseoptimizationss that,for a 16-processoclassA execution,dHPFhad
only 1.5% highercommunicationvolume, and 20% higher messagdrequeng thanthe hand-coded
implementation.

The numberand frequeng of the MPI messagegeneratedy the compilergeneratedBT code
is very closeto the correspondingatternof MPI messagesf the hand-codedsersion. The scalar
performancef thetwo versionss alsocomparablehencethe small performancalifferentialbetween
the hand-codedrersionand the dHPF generatedversion. Figure 10 shavs a 16-processoparallel
executiontracefor one steady-statéteration of the dHPF generateccodefor the BT classA sized
benchmarkThecorrespondingpand-codedraceis shovn in Figure1l. Thetracesshav thatthe major
communicatiorphasesre similar andoccurin the sameorder The principal differencesarelonger
elapsedimesin the hand-codednultipartitioning betweensendsand their correspondingeceves,
which wasachieved by placinga sectionof the computatiorthatdoesnot dependon communication
betweerthe sendandreceve.
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Figurell.MPI hand-codedNAS BT using3D multipartitioning.

6.2. NASSP

Compilingthe NAS SPbenchmarkor high performanceresents signi cant challenge Generating
ef cient parallelcodefrom alightly modi ed serialversionof this benchmarkvith a multipartitioning
distribution requiresthe use of several advanced compilation stratgies [7, 8], including non-
ownercomputescomputationpartitionings,complex patternsof computationreplicationto reduce
communicatiorfor privatizablearrays,aggressie communicatiorcoalescing/agggation,anda mix
of complex computatiorpartitionings.

Despitethefactthatthedynamiccommunicatiorpatternf ourcompilergeneratednultipartitioned
parallelizationresemblethose of the hand-codedparallelization,thereis still a performancegap
betweenour dHPF-generated¢ode and the hand-codedVPI implementation.This gap comesin
partfrom extra communicationvolume presentin the compilergeneratedtodefor SP's Ihs<xyz>
routines.Currently the dHPF compiler usesa procedure-locatommunicationplacementanalysis.
This approachmay schedulecommunicationin eachproceduresventhoughthe valuesmight already
be available as a result of prior communication.Interproceduralcommunicationplacementand
interproceduralavailability analysiswould be neededto eliminate this additional communication
automatically The major contributorsto the performancedifferenceareprimary andsecondancache
conicts causedby interferencebetweendata arraysand communicationbuffers, as describedin
Section6.1.

Tableslll andIV shov speedupneasurement®r SPfor the classA (64°) andB (102°) problem
sizes,respectiely. All speedupshawn in the tablesarerelative to the performanceof the sequential
codefor therespectie NPB2.3-seriabistribution.

For SE non-localvaluesgatheredy thecompute _rhs routinecoverthe non-localvaluesneeded
by thelhsx ,Ihsy andlhsz routines.In a 16-processoexecutionfor a classA problemsize,this
unnecessargommunicationn lhsx , lhsy andlhsz increaseshe communicatiorvolumeof our
dHPF-generatedodeby 14.5%over thatin the hand-codedarallelization Although the additional
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Tablelll. Comparisorof hand-codednddHPFspeedup$or NAS SP(classA).

#CPUs hand-coded dHPF 9% diff.

1 1.01 0.96 5.50
4 421 354 15.87
9 11.60 9.22 20.54
16 16.21 16.94  -4.47
25 21.00 2144 -2.08
36 30.69 34.37 -12.02
49 4243 36.07 14.99
64 67.57 43.63 35.43

TablelV. Comparisorof hand-codednddHPFspeedup$or NAS SP(classB).

#CPUs hand-coded dHPF 9% diff.

1 0.80 088 -9.05
4 2.86 2.60 9.23
9 774 6.98 9.78
16 13.01 13.97 -7.37
25 22.15 21.32 3.73
36 36.52 3238 11.34
49 51.78 41.32 20.21
64 58.35 51.43 11.85
81 7495 57.62 23.12

volumeis modestthis unnecessargommunications responsibldor the communicatiorfrequeng of
thedHPF-generatedodebeing74% higherthanthatof the hand-codegbarallelization.

As with BT, patrtially replicatingcomputationat the boundariesof multipartitionedtiles offered
signi cant bene ts for SP In SP's |hsx , lhsy , and lhsz routines,replicating computationof
boundaryvaluesof cv, a partitioned1-dimensionalvectoralignedwith a multipartitionedtemplate,
eliminatedthe needto communicatehe boundaryvaluesbetweenits de nition and usesinside an
innerloop. Although partially replicatingcomputationof cv requiredcommunicatingwo additional
planesof a three-dimensionahultipartitionedarray (us, vs, or ws) in eachof theseroutines,these
communicationsverefully vectorizablewhereaghecommunicationsf cv thatwe avoidedwerenot.

In SPsx_solve ,y_solve ,andz_solve routinesthedHPFcompilerchoosedo generatextra
fully vectorizedcommunicatiorif thiswill reducecommunicatiorpinnedinsidea loop nest.With the
multipartitioningdistribution, communicatiorinsidealoop nestdoesnot have a high enoughcost,and
in the caseof the sweeproutines,a moderatdancreasan communicatiorfrequeng shouldbe traded
for asigni cantly reducedotal communicationvolume.By compilingtheseroutinesusingan owner
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computesschemewe effectively get a reducedcommunicatiorvolume with no penaltydueto the
communicatiorvectorizatiorpropertyof multipartitionedloops.

7. CONCLUSIONS AND FUTURE RESEARCH

This paperhasdescribedadvancedoptimizationandcode-generatiostrat@iesthatallow oneto write
HPF sourcecodesthat can be compiledto ef cient codewithout requiring the programmeito use
extensive compilerspeci ¢ sourcecoderestructuringOurresearcltompiler, dHPF,implementsall of
thesestratgjies.

The succes®f the dHPF compiler's optimizationsis due principally to the formalizationof data-
parallelanalysisand codegeneratioras the manipulationof setsof integer tuples[6]. Sophisticated
optimizationtechniquescan be composedeasily on top of this generalframework. For example, it
permitsthecompilerto generateodefor asymbolicnumberof processorssingamultipartitioneddata
distribution andto vectorizethe communicatiorresultingfrom the non-ovnercomputesomputation
partitioningsthatarisewhencomputations partially replicatedat processoboundaries.

Anotherkey to thedHPFcompiler's successs a generaloverpartitioningframenork madepossible
by the generalintegersetequationaframenork. The overpartitioningframework providesa common
infrastructurefor such diverse paradigmsas multipartitioning and out-of-core compilation. Out-
of-core tiling addressesxplicit data movementbetweenmemory and the disk systemwhereas
multipartitioningaddressesommunicatioroptimization,amongotherthings.In both casesthetiling
inducedby overpartitioningis combinedwith a static execution schedulethat obeys dependence
constraintavhile reducingthe costof datamovement.

Oneof theweaknessesf HPFis thein e xibility of its built-in datadistributions.Sectior4 described
two extensiongo HPF's datadistributions:multipartitioningandout-of-corepartitioning.Both enable
a broaderclassof efcient applicationsto be generatecautomaticallyby dHPF basedon the use
of appropriatedata-distrilution directives. An interestingtopic for future researchis the ef cient
implementatiorof arbitrary userde ned datadistributions.For example,adaptie distributionsbased
on space- lling (for instance Hilbert) curves[25] would enablemary irregular applicationsto be
implementeckf ciently in HPE A possibleapproactwould befor the HPF compilerto generateode
that usesa standard‘data distribution” library interface,andfor usersto provide animplementation
of thatlibrary interfacefor their new datadistribution. A techniquesuchastelescopindanguage$26]
could be usedto make suchan approachefcient. By extensiely pre-compilingthe usersupplied
libraries, and by using performance-enhancingansformationsspeci ed by the library designerto
guidethe optimizationprocessthe overheadof usingsucha packagedibrary might be signi cantly
reduced.

With compilerbasedsupportfor multipartitioning,andthe dHPFcompiler's advancedoptimization
framewvork for reducing and aggreyating communication,our experimentshave shavn that the
performancegap betweencompilergenerategarallelizationgor line-sweepcomputationsandtheir
hand-codeaounterparthiasbeennarravedto justafew percent.

We believe that, with relatively little additionalwork, eventhesedifferencesanbe eliminated.Our
experimentswith the NAS SP benchmarkfor example,showv that the numberof secondarycache
missesby the dHPF compiler generatedcodeis similar to that for the serial versionon a single
processarbut increasedasteras the numberof processorsncreases)eading, we believe, to the
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obsened lower scalability of the dHPF generateccode. Thesesecondarycachemissesarise from
the generatedbuffer managementode which is still not ideal. We believe that improving buffer
managemerntodewill improve cachebehaior andwill eliminatethe performancalifferential.
Theseresults suggestthat nev compiler technologiesmay now make it possiblefor HPF to
realize the original vision of its designers—thaapplicationdevelopersshould be able to produce
ef cient parallelapplicationdrom cleanlywritten Fortranprogramsoy simply addingdata-distrilition
directives,without having to tunethe Fortrancodeto matchthe capabilitiesof the languageprocessar
Had thesetechnologiebeenavailablein HPF compilersearly in the lifetime of the languagemary
applicationdeveloperamighthave avoidedthesubstantiakffort requiredto corverttheircodeso MPI.
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