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SUMMAR Y

High Performance Fortran (HPF) was envisioned as a vehicle for modernizing 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 acceptableperformancewith an HPF port of an existing Fortran
application, even for regular data-parallel applications. A key goal of the Rice dHPF compiler project
has been to develop optimization techniquesthat enable a wide range of existing scienti�c 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 address these 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 PerformanceFortran(HPF) [1, 2] wasdesignedin theearly1990swith theintentof harnessing
the power of automatic parallelization technology to provide a commercially viable high-level
programmingmodel for developing portableparallel programs.HPF provides an attractive model
for parallelprogrammingbecauseof its relative simplicity. Principally, programmerswrite a single-
threadedFortranprogramandaugmentit with layoutdirectivesto mapdataelementsontoanarrayof
processors.HPFcompilersusethesedirectivesto partitionaprogram'scomputationamongprocessors
andto synthesizecodefor requireddatamovementandsynchronization.As of 1997,�fteen companies
wereoffering HPF compilers,including all major parallelcomputervendors,andnearlyforty major
applicationshadbeendevelopedin thelanguage,someover100,000lines.

Despiteconsiderableinitial enthusiasmfor HPF, it has not achieved widespreadacceptanceby
scientistsasthe modelof choicefor developingparallelapplications.The successof 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 deliverscalableperformanceacrossavarietyof architecturesandapplications.Compilation
techniquesin use by commercialHPF compilersfail to generatecode that achieves performance
competitive with that of hand-codedprogramsfor all but the moststraightforward applications.As
a result, applicationdevelopershave beenreluctantto use HPF. Somehave chosento hand-code
applicationsusingmessage-passinginstead,while many othershave simply delayedthe transitionto
scalableparallelism.

It hasbeendif�cult for developersto useHPFcompilersto parallelizeexisting codes.Commercial
HPF compilerslack analysisand codegenerationcapabilitiesto parallelizea wide rangeof loops
written in a Fortran77 styleeffectively. Therefore,for codesto achieve reasonableparallelismwhen
compiledwith commercialHPF compilers,they have hadto be rewritten substantially. For example,
thePortlandGroupdevelopedHPFversions[3] of theNAS parallelapplicationbenchmarks[4] which
show reasonableperformanceandscalabilitywhencomparedwith hand-codedmessage-passing(MPI)
versionsof the samebenchmarks,comingwithin abouta factorof 2. Theseresults,however, were
obtainedby almostcompletelyrewriting the benchmarksourcecodesas part of the conversionto
HPF. Key changesincludedselective unrolling of loops, inlining of procedures,and repeateddata
transpositionto avoid wavefront (pipelined)communication.In addition, forward substitutionsand
loop realignmentswerenecessaryto avoid usingprivatizablearrays.Theresultingcodeswerenearly
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-coupledcodes.For example,hand-writtenparallelizations
of the NAS SP and BT application benchmarksuse multipartitioning—a skewed-cyclic block
distribution—thatis not available in standardHPF, but which deliversexceptionalperformanceand
scalabilityfor theseapplications.Alternative parallelizationsbasedon eitherstaticor dynamicblock
distributions, which are supportedby HPF, don't yield comparableef�ciency, even in hand-coded
implementations[5]. Ideally, HPF compiler technologyshouldbe extensibleto supportnew user-
speci�eddistributionstrategies.
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ADVANCED OPTIMIZATION STRATEGIESIN THE DHPFCOMPILER 3

A principal goal of the Rice dHPF compiler project hasbeento develop compiler optimization
techniquesnecessaryto deliver scalableparallel performancefor a broad class of data-parallel
applications.In particular, anaimof theprojecthasbeento developcompilertechniquesthatsimplify
the conversionof well-written codesinto ef�cient HPF, and to preserve the bene�ts of any code
restructuringa usermayhavedoneto improvememoryhierarchyperformance.

In this paper, we describethe challengesto effective parallelizationpresentedby complex (but
regular)data-parallelapplications.Wethendescribehow novel analysisandoptimizationtechnologies
canbeusedto addressthesechallenges.Theemphasisin this paperis on describingtheimpactof the
optimizations.Thecompileranalysistechniquesandalgorithmsusedto performtheoptimizationsare
describedelsewhere[6, 7, 8, 9, 10, 11, 12].

Thenext sectiondescribessomeof thekey challengingfeaturesof scienti�c programs.Subsequent
sectionsdescribetheanalysisandoptimizationtechniquesin dHPF,includingcomputationpartitioning
optimizations(Section3) andsophisticateddatadistributions(Section4). Section5 brie�y mentions
other optimizationsthat are essentialto achieving high performance.Section 6 describessome
experimentsthat demonstratethe effectivenessof thesetechniquesfor parallelizinglightly modi�ed
serialversionsof two tightly coupledline sweepapplications.The �nal sectionsummarizesthe key
pointsof thepaperanddescribesareasthatneedfurtherresearch.

2. PERFORMANCE CHALLENGES

Most traditional HPF compilersuse simple partitioning schemesfor data and computation.The
HPF directivesdeterminethe datapartition, and the computationpartition (CP), the assignmentof
computationsto processors,is driven by someform of the “owner computesrule” heuristic [13].
Althoughsomeserialcodescanbeparallelizedusingthis approach,othersrequiremoresophisticated
approachesif HPF is to approachthe performanceof hand-codedparallel implementations.In this
section,we describeseveralaspectsof programsthatmake it dif�cult for HPFcompilersto generate
codethatyieldsscalableperformancecompetitivewith hand-codedimplementations.Here,andin the
restof the paper, we principally useexamplesdrawn from serialversions(NPB2.3-serialrelease)of
theNAS applicationbenchmarksBT andSP[4]. Theserialversionsof thesetwo codeswerecreated
by NASA scientistsfrom hand-codedMPI implementations,sothey embodyparallelizablealgorithms
in nearparallelform. BT andSParebothcomputational�uid dynamicscodesthatsolve a discretized
versionof theNavier-Stokesequationsin threedimensions.Themaindifferencebetweenthemis that
BT solvesblock-tridiagonalsystems,whereasSPsolvesscalarpenta-diagonalsystems.

2.1. Temporary Arrays

Within complex loopnestsin scienti�c codes,temporaryarraysareoftenusedto holdintermediatedata
valuesso that they canbe reusedin subsequentiterationsor loop nests.However, whenparallelizing
codethatusestemporaryarrays,particularcaremustbetakento avoid compromisingtheperformance
andscalabilityof theapplicationby replicatingwork excessively, introducingfrequentcommunication,
communicatingtoomuchdata,or reducingnodeperformance.

Considerthe loop nestshown in Figure 1, which is from the lhsy subroutineof the NAS SP
applicationbenchmark.The temporaryarrayrhoq 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
ru1 = c3c4*rho_i(i,j,k)
cv(j) = us(i,j,k)

20 rhoq(j) = dmax1(dy2+con43*ru1,dy5+c1c5*ru1,dyma x+ru1, dy1)
do 30 j = 1, grid_points(2)-2

lhs(i,j,k,1) = 0.0d0
lhs(i,j,k,2) = - dtty2 * cv(j-1) - dtty1 * rhoq(j-1)
lhs(i,j,k,3) = 1.0d0 + c2dtty1 * rhoq(j)
lhs(i,j,k,4) = dtty2 * cv(j+1) - dtty1 * rhoq(j+1)

30 lhs(i,j,k,5) = 0.0d0
10 continue

Figure1. Loop nestfrom subroutinelhsy of theNAS SPcomputational�uid dynamicsbenchmark.

Withoutlossof generality, wemayassumethatthedataandcomputationof thej dimensionof thelhs
arrayis partitionedbecausethereareanalogousloop neststhatoperatealongthei andk dimensions
of the lhs arrayaswell. Eacharrayelementrhoq(j) de�ned in the �rst j loop is subsequently
usedthreetimes,by iterationsj-1 , j , andj+1 of thesecondj loop. How arewe to ensurethat the
requiredvaluesfor rhoq areavailableto theprocessorsexecutingiterationsof thesecondloop?One
approachwould beto replicatetheentirecomputationof rhoq ontoeachof theprocessors;however,
this doesnot yield scalableperformance.A secondapproachwould be to computeeachelementof
rhoq onasingleprocessorandto communicateelementsasnecessarybetweenthede�nition anduse.
This would requiretwo single-elementcommunicationsbetweeneachpair of neighboringprocessors
on eachiterationof the i loop. On mostarchitectures,this frequentsynchronizationwould becostly.
A third approachwould be to expandrhoq to a three-dimensionaltemporaryarrayandto distribute
the i andk loops.In this case,eachprocessorcouldcomputea slabof therhoq arrayfor the range
of thej dimensionthatit owns.A pair of communicationsto exchangeplanesof therhoq arraywith
neighborsalongthepartitionedj dimensionwould give eachprocessorthevaluesit needsto perform
thecomputationof thesecondj loop.While this approachwould avoid theexcessive replicatedwork
andcommunicationof the previously describedapproaches,it would useconsiderablymorestorage
for rhoq anddecreasethetemporallocality of accessesto rhoq . Bothof thesechangeswouldreduce
the cacheutilization anddiminish nodeperformanceof the parallelizedcode.Clearly, noneof these
approachesareideal.

Temporaryarrayscanalsocomplicateparallelizationby causingexcessive communicationvolume
whenusingsimplepartitioningsof dataandcomputation.Considertheschematicshown in Figure2
of a pair of loop nestsfrom the lhsy subroutinein the NAS BT applicationbenchmark.For both
clarity andconciseness,we have abstractedaway someof thecomplexity of theactualloop nestsby
presentingthemin termsof loopsover l andmandreplacingstatementbodiesby calls to �ctitious
functionsthatareparameterizedby l andm. In theactualcode,thel andmloopsarefully unrolled,and
callsto thefunctionsf1 , f2 , andf3 arefully inlined (thecodein 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 10 l = 1, 5

do 10 m = 1, 5
fjac(l,m,i,j,k) = f1(l,m,u(1:5,i,j,k))

10 njac(l,m,i,j,k) = f2(l,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 20 l = 1, 5
do 20 m = 1, 5

20 lhs(l,m,i,j,k) =
> f3(l,m,fjac(l,m,i,j-1:j+1,k),njac(l,m,i ,j-1:j +1,k))

Figure2. Schematicloop nestfrom subroutinelhsy of theNAS BT computational�uid dynamicsbenchmark.

communicationcostor otherparallelizationoverheads).As in thepreviousexample,we mayassume
thatthej dimensionof the lhs arrayis partitioned,becausethereareanalogouscomputationsalong
thei andk dimensionsaswell. The�rst loopnestcomputesvaluesfor njac andfjac , two temporary
arraysthat arethenusedby the secondloop nest.For eachijk triple, this pair of temporaryarrays
containsa total of 50 valuesfor every � ve of theoriginal u arrayfrom which they werecomputed.If
theelementsof fjac andnjac arecomputedin parallel(eachon a singleprocessor),theboundary
volumesof fjac andnjac wouldhaveto beexchangedbetweenneighboringprocessors.Thisresults
in acommunicationvolumetentimeslargerthanthebestalternativestrategy, which is to replicatethe
computationof thoseelementsthatareneededonmultiple processors,requiringonly theexchangeof
theboundaryplanesof u to computethoseelements.

Problemssimilar to thetwo casesdescribedaboveariseif all of theelementsof anarrayarede�ned
andusedin one region or loop and thereare later usesof the array elsewherein the program.For
example,considerthecodein Figure3 from subroutinecompute rhs of theNAS SPbenchmark.In
compute rhs , rhs is evaluatedalongeachof thex, y, andz directions.Along eachdirection,�ux
differencesarecomputedandthenadjustedby addingfourth-orderdissipationterms.To reducethe
numberof operations,especially�oating-point divisions,reciprocals—rho i , us , vs , ws, square ,
andqs —arecomputedonce,andarethenusedrepeatedlyasmultipliers.Sincetheusagepatternsof
thesevariablesaresimilar, we focusona singlereciprocalvariablerho i . Withoutpartialreplication
of computation,the bestCP choicefor the statementsde�ne and userho i is the one chosenby
theowner-computesrule.TheseCP choices,however, wouldcausethereferencesrho i(i,j-1,k)
andrho i(i,j+1,k) to becomenon-local.Similar referencesin therhs computationalongthez
directionbecomenon-localaswell if thek dimensionis partitioned.In this case,theboundarydataof
rho i aswell astheother� vearrayswouldneedto becommunicated.
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6 J.MELLOR-CRUMMEY ETAL.

do k = 0,  N- 1;  do j  = 0,  N- 1;  do i  = 0,  N- 1
  r ho_i nv = 1 /  u( i , j , k , 1)
  r ho_i ( i , j , k)  = r ho_i nv
  us( i , j , k)  = u( i , j , k , 2)  *  r ho_i nv
  vs( i , j , k)  = u( i , j , k , 3)  *  r ho_i nv
  ws( i , j , k)  = u( i , j , k , 4)  *  r ho_i nv
  squar e( i , j , k)  = f (  u( i , j , k , 2: 4)  *  r ho_i nv )
  qs( i , j , k)  = squar e( i , j , k)  *  r ho_i nv

!  x- di r ect i on . . .

do k = 1,  N- 2 ;   do j  = 1,  N- 2;   do i  = 1,  N- 2      !  y- di r ect i on
  r hs( i , j , k , 1)  = . . .  u( i , j +1, k)       + . . .  u( i , j - 1, k)  . . .
  r hs( i , j , k , 2)  = . . .  us( i , j +1, k)      + . . .  us( i , j - 1, k)  . . .
  r hs( i , j , k , 3)  = . . .  squar e( i , j +1, k)  + . . .  squar e( i , j - 1, k)  . . .
  r hs( i , j , k , 4)  = . . .  ws( i , j +1, k)      + . . .  ws( i , j - 1, k)  . . .
  r hs( i , j , k , 5)  = . . .  qs( i , j +1, k)      + . . .  qs( i , j - 1, k) . . .
                 . . .  + r ho_i ( i , j +1, k)  + . . .  + r ho_i ( i , j - 1, k)
  . . .

!  z- di r ect i on . . .

Figure3. Loop from NAS SPsubroutinecompute rhs with highcommunicationfor long-livedarrays.

2.2. Partitioning ComplexLoop Nests

Scienti�c codesthathavebeencarefullytunedfor single-processorperformanceoftenhavesubstantial
intra-loop reuseof array values, both within and acrossiterations. Such reuseresults in loop-
independentandloop-carrieddatadependences.If two statementinstancesconnectedby adependence
areassignedto differentprocessors,communicationcouldbeinducedin aninnerloopat considerable
cost. Figure 4 shows a loop from subroutiney solve of the NAS SP benchmarkthat illustrates
the problem. In this loop nest, each loop-independentdependencebetweena pair of references
is shown with a dashedarrow and each loop-carrieddependenceis shown with a solid arrow.
Since there are analogousloops with loop-carrieddependencesalong the i and k dimensions,
without loss of generalitywe can assumethat the j dimensionis partitioned.Such loops posea
signi�cant parallelizationchallengefor HPFcompilers.Simply usinganowner-computespartitioning
would result in expensive communicationinside the i loop to satisfy processor-crossingloop-
independentdependencesbetweenprocessorsmanagingdifferentpartitionsalong the j dimension.
Loopdistributionis themostcommontechniqueusedto avoid communicationinsideloopnestsin such
cases;however, loop distribution mustbeappliedsparinglybecauseit reducestemporalreuse,which
can increasecachemissesand degradeperformance.In this case,althoughsomeloop distribution
can be applied,six of the ten assignmentstatementsmust stay togetherin the sameloop, since
they form a strongly-connectedcomponentof the dependencegraph.Without careful partitioning
and communicationplacement,the loop-independentdependencesamongthesestatementsrequire
conditionalcommunicationat thei level.
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ADVANCED OPTIMIZATION STRATEGIESIN THE DHPFCOMPILER 7

   do  11  k = 1, grid_points(3)-2

          do  11  j = 0, grid_points(2)-3
             do  11  i = 1, grid_points(1)-2
                fac1                  = 1.d0/lhs(i,j,k,n+3)
                lhs(i,j,k,n+4)    = fac1* lhs(i,j,k,n+4)
                lhs(i,j,k,n+5)    = fac1* lhs(i,j,k,n+5)
                do  4  m = 1, 3
                    rhs(i,j,k,m)    = fac1*rhs(i,j,k,m)
                lhs(i,j+1,k,n+3) = lhs(i,j+1,k,n+3) - lhs(i,j+1,k,n+2) *  lhs(i,j,k,n+4)
                lhs(i,j+1,k,n+4) = lhs(i,j+1,k,n+4) - lhs(i,j+1,k,n+2) *  lhs(i,j,k,n+5)
                do  7 m = 1, 3
                    rhs(i,j+1,k,m) = rhs(i,j+1,k,m) - lhs(i,j+1,k,n+2) *  rhs(i,j,k,m)
                lhs(i,j+2,k,n+2)  = lhs(i,j+2,k,n+2) - lhs(i,j+2,k,n+1) *  lhs(i,j,k,n+4)
                lhs(i,j+2,k,n+3)  = lhs(i,j+2,k,n+3) - lhs(i,j+2,k,n+1) *  lhs(i,j,k,n+5)
                do  10  m = 1, 3
                    rhs(i,j+2,k,m) = rhs(i,j+2,k,m) - lhs(i,j+2,k,n+1) *  rhs(i,j,k,m)
11    continue

    carried dependences
    independent dependences

1

2
3

5
6
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10

Figure4. Loop from NAS SPsubroutiney solve with complex dependences.

2.3. Parallelizing Tightly-coupled Computations

While HPF compilerscanreadily yield goodperformancefor codesthatareembarrassinglyparallel
(nocommunication)or looselysynchronous(communicationonly betweenloopnests),tightly coupled
codeswith loop-carrieddependencesare dif�cult to parallelizeeffectively. An important classof
computationsthat requiressuchtight coupling consistsof solvers for partial-differential equations
basedon Alternating-DirectionImplicit (ADI) integration.This techniquehasbeenwidely usedin
computational�uid-dynamics codesfor solving theNavier-Stokesequation[14, 15, 16]. Line-sweep
computationsform the heartof ADI integration.Figure4 shows a loop nestthat is part of a solver
kernelthatperformsline-sweepcomputation.As describedin theprevioussection,suchcomputations
aredif�cult to parallelizeeffectively andthey arenot well-suitedto the standardblock partitionings
supportedby HPF. The two reasonablestrategiesof parallelizationpossiblewith HPF are(1) static
block partitionings,resultingin wavefrontparallelism,and(2) dynamicblock partitionings,resulting
in fully parallelcomputationphasesseparatedby datatransposeoperationsonthepartitionedarrays.A
studyby vanderWijngaartusinghand-codedparallelizationsof ADI integrationshowedthatboththese
strategies yield inferior performancecomparedto a sophisticatedskewed-cyclic block distribution
known asmultipartitioning[5]. Thisdistributionandmethodsfor compilingfor it aredescribedfurther
in Section4.
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8 J.MELLOR-CRUMMEY ETAL.

2.4. Computing with Very Lar geArrays

Finally, anotherchallengeconcernscomputing with very large arrays that exceed a computer's
available physicalmemory. Clearly, for nodeswithout virtual memory, an applicationmust input,
process,andoutputsucharraysin sections.Moreover, evenwhenvirtual memoryis available,using
it to managevery largearraysin technicalapplicationdoesnot yield particularlygoodperformance.
Processingarraysin sectionsis almostalwaysbetter.

Therearethreereasonsvirtual memoryis not particularlywell suitedto scienti�c computationson
very largearrays.First, virtual memorypagereplacementpoliciesthat arevariantsof least-recently-
usedreplacementarepoormatchesfor scienti�c computationsthatprocessdifferentelementsof alarge
arrayin eachiterationof someloop.Suchapplicationsresultin little (if any) temporalreuseof cached
data.Consequently, reservinglargeamountsof a node's memoryto supportsuchan applicationwill
not yield a signi�cant performanceimprovement;however, it will forcedataout of memoryfor other
applicationsrunningon thenodeandwill signi�cantly degradetheir performance[17]. Second,since
applicationdatamanagedin virtual memoryarenot fetcheduntil theapplicationreferencesthedata,
theapplicationwill stall any time it referencesadatavaluethatit hasnot referencedin theveryrecent
past.Operatingsystemprefetchingmaynot helpavoid suchstallsif thereis a mismatchbetweenthe
layoutof thearrayandtheorderof thecomputation.Finally, thetypical virtual memoryreplacement
unit isafew pagesrepresentingasmallnumberof diskblocks;largeI/O requestsof multiplemegabytes
canbehandledmuchmoreef�ciently . Consequently, applicationsthatexplicitly managetheirmemory
resourcescanhavesigni�cantly higherperformance,sometimesby a factorof onehundred[18].

For HPF to be widely useful,compilersmustgeneratehigh-performancecodefor complex cases
suchas thosedescribedin this section.It is critical that HPF compilershandlecomplex caseswell
becauseit is in preciselysuch casesthat userswould have dif�culty parallelizingcodesby hand
andwould want to draw upon compiler technologyfor assistance.The following sectionsdescribe
someof the advancedanalysesand optimizationsusedby the dHPF compiler to produceparallel
codewhoseef�ciency is approachingthat of highly tuned,hand-writtenparallelprograms.First, in
Section3, wedescribecomputationpartitioningoptimizationsthathelpdHPFto effectively parallelize
programsthat usetemporaryarraysor having complex patternsof datareuse.Section4 describes
two novel partitioningstrategiesin thedHPFcompilerfor improving performance:animplementation
of multipartitioning for parallelizing line-sweepcomputationsmore effectively, and an out-of-core
partitioningstrategy for improving the performanceof programswith very large datarequirements.
Section6 comparesthe performanceof compiler-generatedparallelizationsfor serialversionsof the
NAS SPandBT applicationbenchmarkswith thatof their hand-parallelizedcounterpartsto illustrate
theeffectivenessof theanalysisandcodegenerationtechniquesdescribedin Sections3 and4.

3. COMPUTATION PARTITIONING (CP) OPTIMIZA TIONS

HPF compilersprimarily use the owner-computesrule [13] to partition computationsamonga set
of processors.This 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 expressedin termsof which processor(s)own a particularsetof dataelements.
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ADVANCED OPTIMIZATION STRATEGIESIN THE DHPFCOMPILER 9

In particular, for a statementenclosedin a loop nestwith index vector i , and for somevariableA,
the CP ONHOMEA(f (i )) , speci�es that the dynamicinstanceof the statementin iterationi will be
executedby theprocessor(s)thatown thearrayelement(s)A(f (i )) . This setof processorsis uniquely
speci�ed by subscriptvectorf (i ) alongwith thedistribution of arrayA at thatpoint in theexecution
of theprogram.Theowner-computesrulesimplyusestheleft-hand-sidereferenceof anassignmentas
the homereferencein theCP. The rule in theSUIF compiler[20] is equivalentto usingan arbitrary
singlereferenceasthehome.SUIF, however, restrictsall statementsin a loopto thesamecomputation
partition,whereastheowner-computesruledoesnot.

ThedHPFcompilersupportsa moregeneralCPmodel[12]. A CPfor a statementchosenby dHPF
canbeexpressedastheownerof oneor more arbitrarydatareferences.Furthermore,eachstatement
in aprogrammayhave its own independentlychosenCP. ThedHPFcompilerimplicitly representsthe
CPfor astatementasa unionof oneor moreONHOMEterms:

CP : [ j = n
j =1

�
ONHOMEAj (f j (i ))

	

Thisenablesaverygeneralclassof partitionings,includingmany thatarenotpossiblein any previous
compilerweareawareof (e.g.,complex replicatedpartitioningsgeneratedby multipleONHOMEterms,
whichhaveprovedcrucialin experimentswith theNAS benchmarks).Thecompilersupportsthismore
generalclassof partitioningsby usingasophisticatedandgeneral(yetsimple-to-implement)approach
for communicationanalysis,optimization,andcodegenerationbasedonsymbolicintegersets[6], and
usinga powerful representationandenumerationalgorithmfor non-convex symbolicsetsprovidedby
theOmegalibrary [21].

In this section,we describethreeprogramoptimizationstrategiesusedby dHPF that exploit the
generalityof its partitioning model by using complex computationpartitioningsto addresssome
of the challengesdescribedearlier. The analysistechniquesand algorithmsusedto perform these
optimizationsaredescribedin [12].

3.1. Parallelizing ComputationsusingPartial Replication

As describedin Section2.1, theuseof temporaryarrayscommonlyinducessharingpatternsthatcan
beanobstacleto effective parallelizationof loop nests.In Section3.1.1,we describehow we exploit
dHPF's generalcomputation-partitioningmodel to partially replicatecomputationon elementsof
temporaryarrays,thusreducingcommunicationfrequency andvolume.Usedjudiciously, thisapproach
cansigni�cantly improve parallelperformance.In Section3.1.2,we describehow a similar approach
canbeappliedto improveparallelperformanceof computationson long-livedarraysaswell.

3.1.1. ComputationsonTemporary Arrays

Wheneachelementof a temporaryarrayusedwithin a loop iterationis de�ned within that iteration
before it is usedand noneof the array elementsare usedafter the loop, suchan array is said to
be privatizablefor that loop. For example,the array rhoq in Figure1 is privatizablewithin the i
loop. Identifyingprivatizablearraysis a challengingproblemin general,but theNEWdirective in HPF
providesamechanismfor programmersto identify arraysasprivatizable.(Theuseof thisdirectivefor
thesameexampleis shown in Figure5.) Evenwhena compilerknows which arraysareprivatizable,
however, parallelizingtheloopnestfor a distributed-memorymachinecanstill beachallenge.
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10 J.MELLOR-CRUMMEY ETAL.

   do 10 k = 1,  gr i d_poi nt s( 3) - 2
CHPF$ I NDEPENDENT NEW( cv, r hoq)
     do 10 i  = 1,  gr i d_poi nt s( 1) - 2
       do 20  j  = 1- 1,  gr i d_poi nt s( 2) - 1

        r u1 = c3c4* r ho_i ( i , j , k)        ON_HOME lhs(i,j+1,k,2), lhs(i,j,k,3), lhs(i,j-1,k,4)

         cv( j )  = vs( i , j , k)              ON_HOME lhs(i,j+1,k,2), lhs(i,j-1,k,4)

 20      r hoq( j )  =                     ON_HOME lhs(i,j+1,k,2), lhs(i,j,k,3), lhs(i,j-1,k,4)

   *                dmax1( dy3+con43* r u1, dy5 + c1c5* r u1, dymax+r u1, dy1)

       do  30 j  = 1,  gr i d_poi nt s( 2) - 2

         l hs( i , j , k , 1)  =  0. 0d0

         l hs( i , j , k , 2)  = - dt t y2 *  cv( j - 1)  -  dt t y1 *  r hoq( j - 1)

         l hs( i , j , k , 3)  =  1. 0 + c2dt t y1 *  r hoq( j )

         l hs( i , j , k , 4)  =  dt t y2 *  cv( j +1)  -  dt t y1 *  r hoq( j +1)
30       l hs( i , j , k , 5)  =  0. 0d0
10 cont i nue

Figure5. Computationpartitioningfor a loop nestfrom subroutinelhsy of the NAS SP
computational�uid dynamicsbenchmark.

Consideragain the loop nest from subroutinelhsy of benchmarkSP, shown in Figure 1 In
Section2.1,wedescribedthreeapproachestoparallelizingtheloopnestwith privatizablearrayscv and
rhoq basedon conventionalowner-computespartitionings.Eachof theseapproacheshassign�cant
drawbacks.

To avoid thesedrawbacks,thedHPFcompilerexploits its generalcomputationpartitioningmodel
to specify that eachprocessorcomputesonly thoseelementsof the privatizablearray that it will
actually use [7]. When somearray elements(suchas the boundaryelementsof cv and rhoq in
theexample)areneededby multiple processors,thecompilerpartially replicatesthecomputationof
exactly thoseelementsneededto achieve this goal. This is cost-effective in that it is the minimal
amountof replicationthat completelyavoids any communicationof theprivatizablearraywithin the
loop nest.The generalCP modelin dHPFis crucial for expressingthe CPs requiredby this strategy.
For a statementde�ning a privatizablevariable,we assigna CP that is computedfrom the CPs of the
statementsin which thevariableis used.

Figure 5 shows an annotatedversionof the loop nest of Figure 1. In eachloop nest, for each
assignmentto a non-privatizablevariablethecompiler�rst choosesa CP usinga global CP selection
algorithmthatattemptsto minimize thecommunicationcostfor the loop nest.For thecodeshown in
Figure5, the algorithmchoosesowner-computesCP for eachof the � ve assignmentsto array lhs .
TheCPs for theseassignmentsarerepresentedby theboxedleft-hand-sidereferences.To computethe
CPs for assignmentsto cv andrhoq , we thentranslatetheCPs from thestatementsin which they are
used.In Figure5, the translationsareindicatedusingdottedarrows for rhoq anddashedarrows for
cv . For example,theusecv(j-1) hasCP ONHOMElhs(i,j,k,2) . This requiresthat thevalue
of cv(j) becomputedONHOMElhs(i,j+1,k,2) , so this CP termis includedin the CP for the
assignmentto cv . The detailsof the translationof varioussubscriptsin eachCP term aredescribed
in [12].
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ADVANCED OPTIMIZATION STRATEGIESIN THE DHPFCOMPILER 11

The effect of the CP propagationphaseis that eachboundaryvalueof cv(j) andrhoq(j) is
computedon both of the processorsadjoining the boundary, thereforeavoiding communicationfor
thesearrayswithin the i loop. All non-boundaryvaluesof cv andrhoq arecomputedonly on the
processorthat owns them.This strategy avoids costly communicationinside the i loop, aswell as
needlessreplicationof computation.Our experimentalresultsshow that without this optimization,
the SP and BT benchmarkswould be more than 16 times and 1.5 times slower respectively [12].
(This explainswhy theHPFversionsof theNAS benchmarksdevelopedby PGI [3] wereextensively
rewritten to eliminatesuchusesof privatizablearrays,despitethecostof signi�cant increasesin both
codesizeandcomplexity.)

It is worth noting that the CP propagationstrategy for NEWvariablesis insensitive to the data
layoutsof thesevariables.Regardlessof the datalayout directivesspeci�ed for the NEWvariables,
CP propagationensuresthat exactly thosevaluesneededon eachprocessorarecomputedthere.Any
communicationneededto obtaintheoperandsfor thesereplicatedcomputationswoulddependonboth
datalayoutsand CP choices,but this is automaticallyhandledby our integer-set framework which
performscommunicationanalysis,storagemanagement,and codegenerationfor arbitrary CPs and
datalayouts[6].

Theexampleshown in Figure2 anddescribedpreviously in Section2.1 canalsobehandledusing
dHPF's CP propagationfor privatizablearrays.No suitablescopeexistsin which fjac andnjac are
privatizable.We remedythis by surroundingthe pair of loop nestsin the examplewith a singletrip
loop andannotatethis new loop with a NEWdirective for fjac andnjac . As describedearlier, the
CPs for the assignmentsto lhs that usefjac andnjac arepropagatedto the de�nitions of those
privatizables,which causesthe computationof the privatizablesto be partially replicatedalong the
boundariesof thedatapartitioningasnecessary. Applying thisoptimizationhereavoidscommunicating
valuesof fjac andnjac andinsteadcommunicatesonly u, which is a factorof �fty smaller.

3.1.2. ComputationsonLong-livedArrays

In the previous section,we describedhow the dHPF compiler partially replicatescomputationson
privatizablearrays.In orderto experimentwith thesametechniquefor arraysthatarenotprivatizable,
suchasthe long-livedarraysof Figure6, we addeda LOCALIZE [7] directive to dHPF.By marking
a distributedarraywith LOCALIZE in an INDEPENDENTloop, a userassertsthat all of the values
of this distributedarraywill bede�ned within theloop beforethey areusedwithin theloop,although
they mayalsobeusedafter the loop, i.e., they arenot privatizable.TheLOCALIZE directive signals
thecompilerthatthecomputationof eachelementof thearrayshouldbedoneon theowneraswell as
ontheprocessorsthatusethevalueof theelementwithin theloop.Computingthevaluesontheowner
ensuresthatany laterusesafter the loop will be satis�ed correctly. Any non-localoperandsrequired
for computedthelocalizedarraywill requirecommunicationto beinsertedbeforetheloopnest.

To eliminatethe costof boundarycommunicationfor the reciprocalvariablesin the example,we
annotatedthemwith theLOCALIZE directive andwe addedanouterone-triploop in which to apply
thedirective.As for privatizablearrays,CPs for statementsde�ning valuesof elementsof a localized
arrayaretranslatedandpropagatedfrom statementsthatusetheseelements.For example,thestatement
computingrho i getstheunionof CP termspropagatedandtranslatedfrom thefour usesof thearray
in thenext loop nest,aswell asthede�nition' s owner-computesCP, ONHOMErho i(i,j,k) . As
a result,the boundarycommunicationsof rho i alongthe distributeddirectionscanbe eliminated.
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12 J.MELLOR-CRUMMEY ETAL.

    CHPF$ INDEPENDENT LOCALIZE(rho_i, us, vs, ws, square, qs)
            do onetrip = 1, 1  ! enclosing one-trip loop
                do k = 0, N-1; do j = 0, N-1; do i = 0, N-1   Computation Partitionings Selected 
                     rho_i(i,j,k) = ...                                ON_HOME rho_i(i,j,k), rhs(i,j+1,k,5), rhs(i,j-1,k,5) ...

                     us(i,j,k) = ...                                     ON_HOME us(i,j,k), rhs(i,j+1,k, 2:5), rhs(i,j-1,k, 2:5) ... 
                     vs(i,j,k) = ...                                     ON_HOME vs(i,j,k), rhs(i,j+1,k,3), rhs(i,j-1,k,3) ...

                     ws(i,j,k) = ...                                    ON_HOME ws(i,j,k), rhs(i,j+1,k,4), rhs(i,j-1,k,4) ... 
                     square(i,j,k) = ...                              ON_HOME square(i,j,k), rhs(i,j+1,k,2), rhs(i,j-1,k,2) ... 
                     qs(i,j,k) = ...  square(i,j,k)               ON_HOME qs(i,j,k), rhs(i,j+1,k,5), rhs(i,j-1,k,5) ... 
                 ! x-direction ...
                 do k = 1, N-2 ;  do j = 1, N-2;  do i = 1, N-2      ! 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) ... vs(i,j+1,k) … vs(i,j-1,k) …
                     rhs(i,j,k,4) = ... ws(i,j+1,k) ... ws(i,j-1,k) ... 
                     rhs(i,j,k,5) = … qs(i,j+1,k) ... qs(i,j-1,k)... 

                        … rho_i(i,j+1,k) ... rho_i(i,j-1,k)... 
                     ... 
                 ! z-direction ...
                 
Figure6. UsingLOCALIZE to partially replicatecomputationin subroutinecompute rhs from NAS SP.

Similarly we canavoid thecommunicationsfor us , vs , ws, square , andqs in thecompute rhs
with thepartialreplicationof computation.LOCALIZE is alsousedin thesubroutinecompute rhs
from BT.

In the example,sincethereareno interveningde�nitions of u the elementsof u usedto compute
the localizedarraysare also usedto computethe valuesof array rhs in subsequentloops. This
coalescingof the communicationneededfor all theseusesof array u eliminatesthe needto add
morecommunicationto computethe localizedarrays,even after thosecomputationsarereplicated.
In this case,localizationcausesthe compiler to eliminatecommunicationof the reciprocalswhile
not introducing any new communication.In general,however, replicating such computationscan
introducenew communicationto obtainneededoperands.Replicationis bene�cial whenthe costof
communicationof theoperandsis lessthanthecostof transferringthevaluesof the localizedarrays.
Making this decisionshouldbe straightforward to do with a compiler, althoughit is not currently
implementedin dHPF.

3.2. Coping with ComplexPatternsof Data Reuse

For loopnestswith complex datadependences,suchastheexampleof Figure4, wehavedevelopedan
algorithmto eliminateinner-loopcommunicationwithoutexcessivelossof cachereuse.Thealgorithm
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ADVANCED OPTIMIZATION STRATEGIESIN THE DHPFCOMPILER 13

is describedin [12], andwe illustrateits impacthereusingtheaboveexample.Figure7 showstheCPs
thatarechosenby thealgorithmfor theexample.

ThealgorithmcombinesintelligentCP selectionwith selective loopdistribution.For eachloop with
loop-independentdependences,thealgorithm�rst triesto assignidenticalCPsto all pairsof statements
connectedby suchdependences,so that they alwaysreferencethe samedataon the sameprocessor,
thusavoidingcommunication.In thiscase,wesaythatthedependenceis localized.Of course,it is not
alwayspossibleto localizeall loop-independentdependences.In suchcases,thealgorithmdistributes
theloop into theminimalnumberof loopsrequiredto breaktheremainingdependences.

For the loop nestin Figure7, the loop-independentdependencesfrom statement1 to statements2,
3, and4 respectively will groupall thesefour statementsinto onegroup,with their commonCP setat
theright handsideof statement1. Similarly, thedependencesfrom statement2 to 5 and8, from 3 to 6
and9, from 4 to 7 and10will in turnrestrictall theCP setfor statement5, 6,7, 8, 9, and10to thesame
CP choiceasstatementgroup1, 2, 3, and4. Thusall thestatementswill have thesameCP choice,as
shown on the right-handside of eachstatement.All the statementsconnectedby loop-independent
dependencesare groupedsuccessfullyand no statementis marked for distribution. Note that the
algorithm had to choosenon-owner CPs for several statementsin the loop. (It is importantto note
that the loop alsorequires�ne-grain pipelinedcommunicationfor several loop-carrieddependences.
This communicationcannotbeeliminatedif thearraysarepartitionedin thej dimension.Thebene�t
of avoiding loop distribution is to eliminatetheadditionaloverheadthat is causedby losingreusefor
loop-independentdependences.)

Not all loopscanhave all their loop-independentdependenceslocalized.In caseswhena common
CP choicedoesnot exist for two groupsof statements,the unalignedstatementshave to be marked
to be distributed into different loops.In Figure7, if statement8 referencedlhs(i,j+1,k,n+4)
insteadof lhs(i,j,k,n+4) , therewould bea loop-independentdependenceedgefrom statement
6 to 8. This would requiresthatstatement6 begroupedwith bothstatement8 andstatement3. Oneof
theserequirementswould fail, andthuswe would have to distributestatement6 and8 or 6 and3 into
differentloops.Signi�cantly, thisselectiveloopdistributionalgorithmwill only distributetheloopnest
into two new loopsinsteadof into 10,aswould resultfrom a maximaldistribution.

The loop distribution algorithmis appliedfor eachloop nestby traversingthe loop nestfrom the
deepestloop outward.Thusall loop-independentcommunicationsareavoidedwhenpossibleandthe
unavoidableonesare�nally placedattheoutermostloop-nestlevelwhenfurtherdistributionof thetwo
endstatementsis illegal. Most loop nestsin theNAS benchmarksdo not needto bedistributedat all
afterapplyingthe CP selectionstep.For a smallnumberof loop nests,theloop-distributionalgorithm
is able to placethe communicationat the outermostloop level by distributing the inside loop nest
into only two new loop nests.Thecommunicationoverheaddueto loop-independentdependencesis
minimizedwhile theoriginalprogramloop structureis mostlypreserved.

4. DATA PARTITIONING EXTENSIONS

This sectiondescribestwo extensionsto HPFthatareimplementedby thedHPFcompilerto support
scalableperformancefor line-sweepcomputationsandprogramsmanipulatingvery largearrays.Both
of thesecan be viewed as applicationsof a more generaloverpartitioningstrategy wherebyeach
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14 J.MELLOR-CRUMMEY ETAL.

   do  11  k = 1, grid_points(3)-2

          do  11  j = 0, grid_points(2)-3
             do  11  i = 1, grid_points(1)-2                                                        Computation Partitionings Selected
                fac1                  = 1.d0/lhs(i,j,k,n+3)                                ON HOME lhs(i,j,k,n+4), lhs(i,j,k,n+5), rhs(i,j,k,*)
                lhs(i,j,k,n+4)    = fac1* lhs(i,j,k,n+4)                                                                    ON HOME lhs(i,j,k,n+4)
                lhs(i,j,k,n+5)    = fac1* lhs(i,j,k,n+5)                                                                    ON HOME lhs(i,j,k,n+5)
                do  4  m = 1, 3
                    rhs(i,j,k,m)    = fac1*rhs(i,j,k,m)                                                                      ON HOME rhs(i,j,k,m)
                lhs(i,j+1,k,n+3) = lhs(i,j+1,k,n+3) - lhs(i,j+1,k,n+2) *  lhs(i,j,k,n+4)                  ON HOME lhs(i,j,k,n+4)
                lhs(i,j+1,k,n+4) = lhs(i,j+1,k,n+4) - lhs(i,j+1,k,n+2) *  lhs(i,j,k,n+5)                  ON HOME lhs(i,j,k,n+5)
                do  7 m = 1, 3
                    rhs(i,j+1,k,m) = rhs(i,j+1,k,m) - lhs(i,j+1,k,n+2) *  rhs(i,j,k,m)                       ON HOME rhs(i,j,k,m)
                lhs(i,j+2,k,n+2)  = lhs(i,j+2,k,n+2) - lhs(i,j+2,k,n+1) *  lhs(i,j,k,n+4)                 ON HOME lhs(i,j,k,n+4)
                lhs(i,j+2,k,n+3)  = lhs(i,j+2,k,n+3) - lhs(i,j+2,k,n+1) *  lhs(i,j,k,n+5)                 ON HOME lhs(i,j,k,n+5)
                do  10  m = 1, 3
                    rhs(i,j+2,k,m) = rhs(i,j+2,k,m) - lhs(i,j+2,k,n+1) *  rhs(i,j,k,m)                       ON HOME rhs(i,j,k,m)
11    continue

    carried dependences
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Figure7. Communication-sensitive CP analysisfor a loop nestfrom subroutiney solve from SP.

processormanipulatesmore thanonedatatile. Anothercasein which overpartitioningsapply is in
handlingcyclic(k) distributions.

The dHPF compiler's support for overpartitioningextends techniquesoriginally developedfor
generatingcodefor block partitioningsof arbitrarysizeonto a symbolicnumberof processors.For
thepurposesof analysis,eachtile in anoverpartitionedarrayis treatedasablock in ablock-partitioned
arrayof a higherorder.

To supportgeneraloverpartitioning,dHPFcontainsa generalframework thatcontrolshow multiple
virtual processors aremappedto eachphysicalprocessor. The framework providesan interfacethat
enablescodegeneratedfor asingletile, usingthevirtual processormodel,to bewrappedin a loop that
iteratesoverall of thevirtual tilesmappedto aprocessor. This interfaceensuresthattheorderin which
tiles areprocessed,thetile schedule,is consistentwith any datadependencesthatmaybepresent.For
datamovementthathasbeenvectorizedout of a tile, the compilerprovidesmechanismsto coalesce
thedata-movementfor all of thetiles ownedby a physicalprocessor, if desired.

In the next two sections,we describehow dHPFusesoverpartitioningto supportmultipartitioned
distributionsandout-of-corecomputationsonvery largearrays.
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ADVANCED OPTIMIZATION STRATEGIESIN THE DHPFCOMPILER 15

4.1. Parallelizing Line SweepApplications

Line sweepsare used to solve one-dimensionalrecurrencesalong each dimension of a multi-
dimensionaldiscretizeddomain.This computationalmethodis the basisfor Alternating Direction
Implicit (ADI) integration— awidely usedtechniquefor solvingpartialdifferentialequationssuchas
theNavier-Stokesequation[14, 15, 16] — andis at theheartof a varietyof othernumericalmethods
andsolutiontechniques[16].

Usingline sweepsto solve recurrencesalonga dimensionserializescomputationof eachline along
that dimension.If a dimensionwith suchrecurrencesis partitioned,it inducesserializationbetween
computationson differentprocessors.Usingstandardblock unipartitionings,in which eachprocessor
is assigneda singlehyper-rectangularblock of data,therearetwo classesof alternative partitionings.
Static block unipartitionings involve partitioning someset of dimensionsof the datadomain,and
assigningeachprocessoronecontiguoushyper-rectangularvolume.To achievesigni�cant parallelism
for a line-sweepcomputationwith this type of partitioningrequiresexploiting wavefrontparallelism
within eachsweep.In wavefront computations,thereis a tensionbetweenusingsmall messagesto
maximizeparallelismby minimizing the length of pipeline �ll and drain phases,and using larger
messagesto minimize communicationoverheadin the computation's steadystatewhenthe pipeline
is full. Dynamicblock unipartitioningsinvolve partitioninga singledatadimensionandperforming
line sweepsin all unpartitioneddatadimensionslocally, then transposingthe data to localize the
dataalongthe previously partitioneddimensionandperformingthe remainingsweeplocally. While
dynamicblockunipartitioningsachievebetteref�ciency duringa(local)sweepoverasingledimension
comparedto a(wavefront)sweepusingstaticblockunipartitionings,they requiretransposingall of the
datato performacompletesetof sweeps,whereasstaticblockunipartitioningscommunicateonly data
at partitionboundaries.

To support better parallelization of line-sweep computations,a third sophisticatedstrategy
for partitioning data and computation,known as multipartitioning, was developed [14, 15, 16].
Multipartitioning distributesarraysof two or moredimensionsamonga setof processorssuchthat,
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.Thesepropertiesare
achieved by carefully assigningeachprocessora balancednumberof tiles betweeneachpair of
adjacenthyperplanesthat arede�ned by the cutsalongany partitioneddatadimension.A studyby
vanderWijngaart[5] of implementationstrategiesfor hand-codedparallelizationsof ADI Integration
found that3D multipartitioningsyield betterperformancethaneitherstaticblock unipartitioningsor
dynamicblockunipartitionings.

4.1.1. Multipartitioning

Multipartitioning distributesmultidimensionalarrayssuchthat for any directionalsweepacrossthe
array, all processorsareactive in eachstepof thecomputation,thereis perfectloadbalance,andonly
coarse-graincommunicationis needed.Figure8 shows a 2D multipartitioningfor 5 processors;a 2D
arrayhasbeensubdividedinto 25 tiles, thenumberin eachindicatingits owning processor. For a line
sweepin any possibledirection(up,down, left, right), eachprocessorcanprocessonetile on eachof
the5 stepsin thesweep,with coarse-graincommunicationof boundarydatarequiredbetweensteps.
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Figure8. 2D Multipartitioning on5 processors.

Datapartitioningsthatassignmorethanonedatatile to eachphysicalprocessorhavebeendescribed
previously in the literature [14, 15, 16]. “Diagonal”-style multipartitionings for two dimensions
were describedby Johnsson,Saad,and Shultz [15], and in three dimensionsby Naik, Naik, and
Nicoules [16]. Figure 8 shows a 2D multipartitioning for 5 processors,and Figure 9 shows a 3D
multipartitioningfor 16processors.

Thesetypes of multipartitioningsgeneralizeto higher dimensions.Diagonal multipartitionings
partitionthedatainto p

d
d � 1 tiles,wherep is thenumberof processorsandd is thenumberof partitioned

arraydimensions.Eachphysicalprocessoris assignedp
1

d � 1 tiles placedalongdiagonalsthrougheach
of thepartitioneddimensions.Diagonalmultipartitioningsapplyonly whentheexpressionp

1
d � 1 is an

integer.
Recently, we have developed a generalizationof multipartitioning to support d dimensional

multipartitioningson p processors,wherep is not restricted.This extensionis anotherapplication
of overpartitioning;eachprocessoris assignedmultiple tiles in eachhyperplane[10].

4.1.2. Implementationin dHPF

Multipartitioningis notavailablein standardHPF, sowede�nedanew datadistributionspeci�ercalled
MULTI, which indicatesthat thecorrespondingdimensionin thetemplateshouldbemultipartitioned.
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 Multipartitioningon 16processors.

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

All multipartitioneddimensionsaredistributedamongthenumberof processorsindicatedin the�rst
dimensionof the processorsarray. This allows for the possibility of combiningmultipartitionedand
non-multipartitioneddistributionson thesametemplate.ThedHPFcompilersupportscodegeneration
for asymbolicnumberof processorsfor standardandmultipartitioneddistributions.

Theinteger-setanalysisframework usedby dHPFsupportsblockpartitioningsof arbitrarysizeonto
a symbolicnumberof processors.This framework servesasthe basisfor the dHPFimplementation
of multipartitioning.To supportmultipartitionedarrays,for themostpart,dHPFtreatseachdatatile
of a multipartitionedarrayasa block,assignedto its own virtual processor, out of a block-partitioned
array. To supporta diagonalmultipartitioning in d dimensions,dHPFgeneratesSPMD codeso that
eachphysicalprocessormanagesp

1
d � 1 virtual processortiles.

Eachdatatile for a multipartitionedarray is extendedas appropriatewith overlap areas[22] to
facilitateaccessto non-localdatareceivedfrom neighboringtiles.Oneachprocessor, all local tiles for
a multipartitionedarrayaredynamicallyallocatedascontiguousdata.Storageis indexedin column-
major order, wherethe leftmost dimensionsare the original array dimensionsanda new rightmost
dimensioncorrespondsto thelocal tile index. All communicationandcomputationperformedfor atile
arede�ned in termsof thedatamappedto thattile.

Code generationfor multipartitionedloop nestsis a two-stepprocess.First, we generatecode
to executea loop nest for a single tile. Then, we wrap this code in a loop that iteratesover all

Copyright c
 2001JohnWiley & Sons,Ltd. Concurrency:Pract.Exper. 2001;1:1–20
Preparedusingcpeauth.cls



18 J.MELLOR-CRUMMEY ETAL.

the tiles assignedto a physicalprocessor. Communicationgenerationfor tiles is handledsimilarly.
Communicationpinnedinsidea computationalloop by datadependencesis handledfor a tile asif its
virtual processorwerea physicalprocessor. Communicationoperationsthatarevectorizedoutsideof
all computationalloopsoverdatadimensionsareenclosedin their own tile enumerationloop.

More detailsaboutmultipartitioningandits implementationin dHPFcanbefoundin [8, 23].

4.1.3. dHPFOptimizationsfor Multipartitioning

Thereareseveral key optimizationsperformedby the dHPFcompilerthat arenecessaryto generate
high-performancemultipartitionedcode.From a single processor's perspective, a multipartitioned
computationis organizedasa seriesof computationson local tiles.To avoid unnecessaryserialization
betweenphysicalprocessors,eachprocessor's local tiles shouldbescheduledin theproperorder. To
achievegoodscalability, communicationbetweenprocessorsmustbeasinfrequentaspossible.

Tile Scheduling& Tile Loop Placement Executinga multipartitionedcomputationcorrespondsto
executingthesamecomputationfor eachof aprocessor'stiles.Determiningtheorderin whichto iterate
over theselocal tiles is not trivial in the presenceof processor-crossingloop-carrieddependences.
Maintaining parallel execution and overall performanceis a function of the order in which tile
computationsareperformedoneachprocessor.

This problemof selectinga tile enumerationorderis uniqueto multipartitioneddistributions.For
blockpartitionings,theselectionis trivial, sinceeachprocessorownsonly oneblock.Tile enumeration
is alsosimplefor cyclic andblock-cyclic distributions;enumerationis independentfor eachpartitioned
dimension.Tile enumerationfor multipartitioningis morecomplex becauseenumerationordersonany
particulardimensiondeterminetheenumerationorderfor theotherpartitioneddimensionsaswell.

If a particular loop nest containsprocessor-crossingcarried dependences�o wing only in one
dimensionanddirectionof thepartitionedarray(i.e. line sweepphases),thenselectingthatdimension
anddirectionfor thetile iterationorderwill allow for maximumparallelism.If therearedependences
�o wing in both directionsit is always possibleto selectcomputationpartitionings(CPs) so that
processor-crossingdependences�o w in only one direction. Multidimensional dependenceswill
necessarilyrestrictavailableparallelism,undermultipartitioning[9].

Aggressive Communication Placement Processor-crossing loop-carried dependencescan be
preserved by placing communicationfor eachdependenceat the loop level on which it is carried.
Loop-independentdependencescanbe preservedby placingcommunicationat the loop level that is
theleastcommonancestorof bothsourceandsink.

For loop nests iterating over block-partitionedarrays, communicationoccurring at the block
boundarycanbehoistedout of the loop nest.This hasthepotentialof reducingavailableparallelism
while decreasingcommunicationfrequency. For multipartitioneddistributions,if all communicationis
�o wing alongthesamedirectionanddimensionof thepartitionedarray, thenit canbehoistedout of
theloop nestcompletelywithoutany lossin availableparallelism.

In thedHPFcompiler, we exploit this propertyto vectorizecommunicationfor processor-crossing
dependencesout of multipartitionedloops.This optimizationenablesthe programmerto write the
original HPF sourceloop nest in natural memory order without worrying about communication
placement.
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CommunicationAggregationacrossTiles A key propertyof multipartitioningis thatasinglephysical
processorowns all of the tiles that are neighborsof a particularprocessor's tiles along any given
direction. For example,considerthe tiles belongingto processor1 in �gure 9. All of their right
neighborsbelongto processor5. Thus,if a tile needto shift datato the neighboralonga particular
direction,all of thatprocessor's tiles will alsoshift datain thesamedirectionandtheprocessorneeds
to sendvaluesto only oneotherphysicalprocessor.

This propertymustbeexploitedto obtainscalableperformancein multipartitionedapplications.If
not, a separatemessagewould besentper tile for communicationthathasbeenvectorizedoutsideof
all loopsover multipartitioneddata.This would representan overheadof p

1
d � 1 moremessagesthan

necessary, inhibiting scalableperformancefor largerp.

4.2. Coping with Very Lar geArrays

As describedin Section2, out-of-core(OOC) programsprocesssuch large amountsof data that
they cannotall �t simultaneouslywithin the available physicalmemory, with a consequentloss of
performance.However, for many problems,dataand programreorganizationcan lead to dramatic
performanceimprovements,oftenachieving closeto theexpectedin-coreexecutiontime.

ThedHPFcompilercanrestructuresuchprogramsautomaticallyfor Out-Of-Core(OOC)execution.
ThedHPFcompilerimplementsnew directives[11], similar to HPFdirectives,for decomposingvery
largearraysinto multiple tilesperprocessor, of whichonly asmallsubsetarekeptin-coreatany time.
For example,giventhedeclarationinteger 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 processor. The dHPF compiler
generatescodethat iteratesover eachOOCtile, readingit into memory, usingit in computation,then
saving it to disk.Thecompileralsogeneratescodefor managingany requiredcommunicationbetween
theOOCtiles.

TheOOCdistribution directivesareorthogonalto theHPFdirectives,in thatanarraymaybeboth
distributedacrossrealprocessorsandalsodistributedacrossvirtual `OOC' processors.A limitation of
thecurrentimplementation,however, is thateachdimensioncanbedistributedin at mostoneway.

OOC tiling was initially implementedby ad hoc code within the dHPF compiler. However, it
becameclearthattherearesigni�cant similaritiesin thecoderequiredto implementOOCpartitioning
and multipartitioning.Eachmust subdivide the dataassignedto eachprocessorinto multiple tiles,
eachmust introducecodeto iterateover the tiles allocatedto eachreal processor, and eachmust
managecommunicationbetweenthe tiles. The principle differencesbetweenOOC partitioningand
multipartitioningare:

� OOCpartitioningrequirescommunicationto bekeptat thelevel of theloopthatiteratesoverthe
tilesassignedto eachprocessor.
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� In the OOC case,communicationassociatedwith a particulartile mustbe scheduledto occur
only whenthat tile is in memory. In themultipartitioningcase,tiles arealwaysin memoryand
thusthereis muchmoreopportunityfor aggregatingcommunicationacrosstiles.

� Communicationbetweentilesallocatedto thesameprocessorrequireseitherI/O, retainingdata
in memory, or revisiting a tile. Theseareall veryexpensive.

� Thetraversalorderof OOCtileshasa very largeeffectonperformance.

Despitethesedifferences,OOC partitioning and multipartitioning can both be implementedas
specializationsof a moregeneralframework for supportingdistributionsthatassignmultiple tiles per
processor. Currently, the dHPFcompiler implementsmultipartitioningusingsucha framework. By
unifying OOC handlingwith this framework as well, the implementationof the OOC distribution
directives would be considerablysimpli�ed. Also, using a common framework for all forms of
overpartitioningwould providegreater�e xibility for combiningOOCandin-coredistributions.

5. OTHER OPTIMIZA TIONS

For compiler-generatedparallelizationsto achieveperformancematchingthatof carefullyhand-tuned
code,it is clearthat the compilermustget not just most,but all of the detailsperfect.For instance,
althoughcompiler-directedmultipartitioneddistributions lead to balancedcomputation,matching
hand-codedperformancealso requirescloselymatchingthe communicationfrequency andvolume,
alongwith thescalarperformancecharacteristics.

Therefore,in additionto thecomputationanddata-partitioningoptimizationsdescribedin previous
sections,the dHPF compiler also performsa considerablenumberof additional optimizationsto
improve the ef�ciency of computationandcommunication.Although they arevital to achieving the
performanceresultsreportedin the following section,we do not have spacein this paperto describe
in detailall of thesestrategies.In this section,we brie�y mentionsomeof thesestrategiesandprovide
references,whereavailable,to moredetailedexpositions.

� The compiler vectorizes communication for arbitrary regular communication patterns.
Communicationis vectorizedoutof any loopaslongasdoingsowill notcauseany loop-carried
or loop-independentdatadependenceto beviolated.

� The compiler can coalescemessagesfor arbitrary af�ne referencesto a dataarray. Any two
communicationevents at a point in a program that are derived from different references
to the samearray will be coalescedif the data sets for the referencesoverlap and both
communicationeventsinvolvethesamecommunicationpartners.Thisoptimizationsigni�cantly
reducescommunicationfrequency.

� Thecompilerfurtherreducesmessagefrequency by aggregatingcommunicationeventsfor af�ne
referencesfor disjointsectionsof anarrayor differentarraysif bothcommunicationeventsoccur
at thesameplacein thecodeandinvolve thesamecommunicationpartners[23].

� Thecompiler-generatedcodeandsupportingruntimelibrary useasynchronouscommunication
primitivesfor latency andasynchrony tolerance[23].

� Thecompilergeneratescodewhich implementsa simplearray-paddingschemethateliminates
mostintra-arraycon�ict misses[23], therebyimproving cacheperformance.
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� The compiler implements several context-sensitive guard reduction schemesto optimize
guardsand improve code ef�ciency. Information from the surroundingcontext determines
whethera guardcanbe logically simpli�ed by eliminatingstaticallyknown conditions.These
optimizationscan signi�cantly reduceguardsand simplify control �o w, specially for inner
loops[24].

6. EXPERIMENT AL RESULTS

This sectiondescribesexperimentalresultsobtainedusingthedHPFcompilerto generateoptimized
multipartitionedparallelcodefrom serialversionsof theNAS BT andSPapplicationbenchmarks.

In theparallelizationsof thesecodeswith dHPF,theoptimizationsdescribedin theprevioussections
removed most of the performancebottlenecks.We brie�y outline where theseoptimizationswere
applicable,comparetheperformanceof thecompiler-generatedparallelizationsto thatof hand-coded
MPI parallelimplementations,andidentify thecausesof remainingperformancedifferences.

Our experimentswere performedon an SGI Origin 2000 (128 MIPS R10000250MHz CPUs;
32KB (I)/32KB (D) L1, 4MB L2 (uni�ed) for eachCPU). Both the hand-codedandautomatically
parallelizedapplicationsusedSGI'sMPI library. No usewasmadeof thesharedmemorycapabilityof
theSGI machines.All experimentswith hand-codedMPI wereperformedin thedefault 32-bit mode.
Experimentswith dHPF-generatedcodewere performedin 64-bit modebecausedHPF's dynamic
allocationof dataarrayscausedproblemsin 32-bit mode.

6.1. NAS BT

Effectively parallelizingtheNPB2.3-serialversionof BT with dHPFrequiredcoordinatedapplication
of a broadspectrumof analysisand code-generationtechniques.The supportfor multipartitioning
andnew optimizationsin dHPFimprovedboththeperformanceandscalabilityof thegeneratedcode
comparedto earlierdHPFparallelizations[7] basedonblockpartitionings.Both theparallelexecution
pro�le andthesequentialperformanceof dHPF'scompiler-multipartitionedcodearenearlyequivalent
to thehand-codedversion,whichisahighly-tunedandveryef�cient parallelimplementation.Figure10
shows a 16-processorparallelexecutiontracefor onesteady-stateiterationof our compiler-generated
multipartitionedcodefor classA (643) problemsize.Comparedto thecorrespondingexecutiontrace
of thehand-codedmultipartitioningshown in Figure11,our dHPF-generatedcodeachievesthesame
qualitativeparallelization.

Tables I and II comparethe speedupsof the NASA Ames' hand-codedparallelizationusing
multipartitioningwith thoseof our dHPF-generatedcode.All speedupsarerelative to the execution
time of the original sequentialcode.The columnslabeled“% diff ” show the difference,relative to
speedupof the hand-codedversion,betweenthe speedupof our dHPF-generatedversionand the
speedupof thehand-codedversion.

For the classA problemsize,dHPF's generatedcodewas,at worst, about15% slower than the
hand-codedversion.In severalcasesourcodeoutperformsthehand-codedversion.
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TableI. Comparisonof hand-codedanddHPFspeedupsfor NAS BT (classA (643 )).

# CPUs hand-coded dHPF % diff.

1 1.06 1.13 -6.77
4 3.28 3.29 -0.11
9 7.73 7.15 7.49
16 14.21 13.19 7.21
25 21.08 18.41 12.67
36 29.78 28.61 3.94
49 39.73 33.93 14.60
64 48.13 54.21 -12.64

TableII. Comparisonof hand-codedanddHPFspeedupsfor NAS BT (classB (1023)).

# CPUs hand-coded dHPF % diff.

1 0.98 1.05 -7.76
4 3.37 3.28 2.76
9 4.91 8.03 -63.40
16 12.30 13.82 -12.35
25 19.09 21.55 -12.92
36 30.95 31.70 -2.44
49 52.82 41.60 21.24
64 66.04 54.21 17.91
81 82.28 64.37 21.77

For the class B problem sizey, dHPF's generatedcode and the hand-codedversion are also
comparable,except on higher numbersof processors.This differencein performancecomesfrom
increasedprimary andsecondarycachecon�icts betweendataarraysandcommunicationbuffers in
thedHPFgeneratedcode,comparedto thehand-codedversion.This is signi�cant only on largersets
of processorsbecauseof thehighercommunication-to-computationratio. In someof thecases,dHPF-
generatedmultipartitioningsachievedbetterperformancethanthehand-codedversion.

The good parallel performanceand scalability of the compiler-generatedcode comes from
the application of the optimizationsdescribedin previous sections.Using non-owner computes
computationpartitioningsto partially replicatecomputationalong multipartitionedtile boundaries
reducescommunicationvolumedramatically. In BT'scompute rhs subroutine,partially replicating

y The poor measuredspeedupfor the hand-coded9-processortrial was likely causedby outsideinterference.An emptytime
allocationonourexperimentalplatformkeptusfrom re-runningthis measurementbeforepublication.
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Figure10.dHPF-generatedNAS BT using3D multipartitioning.

the computationof the privatizabletemporaryarraysrho q, qs , us , vs , ws, and square along
theboundariesof a multipartitionedtile avoidedcommunicationof thesesix variables.No additional
communicationwasneededto partially replicatethis computationbecausetheboundaryplanesof the
multipartitionedu arrayneededby the replicatedcomputationwerealreadybeingcommunicatedin
this routine.(The redundantcommunicationis eliminatedusingan additionaloptimization,namely
communicationcoalescing[6], which wasnot describedhere.)Together, theseoptimizationscut the
communicationvolumeof compute rhs by nearlyhalf.

In BT'slhsx , lhsy , andlhsz subroutines,partiallyreplicatingcomputationalongthepartitioning
boundariesof two arrays,fjac andnjac , whoseglobaldimensionsare(5, 5, IMAX, JMAX,
KMAX), reducedcommunicationby a factorof � ve. Ratherthancommunicatingplanesof computed
valuesfor thesearraysacrosspartitionsin the i , j , andk dimensions,we communicatedsections
of rhs(5, IMAX, JMAX, KMAX), which is a factorof � ve smaller, to replicatethecomputation
alongthepartitioningboundaries.

Thecombinedimpactof theseoptimizationsis that,for a16-processorclassA execution,dHPFhad
only 1.5% highercommunicationvolume,and20% highermessagefrequency thanthe hand-coded
implementation.

The numberand frequency of the MPI messagesgeneratedby the compiler-generatedBT code
is very closeto the correspondingpatternof MPI messagesof the hand-codedversion.The scalar
performanceof thetwo versionsis alsocomparable,hencethesmallperformancedifferentialbetween
the hand-codedversionand the dHPF generatedversion.Figure 10 shows a 16-processorparallel
executiontracefor onesteady-stateiterationof the dHPFgeneratedcodefor the BT classA sized
benchmark.Thecorrespondinghand-codedtraceis shown in Figure11.Thetracesshow thatthemajor
communicationphasesaresimilar andoccurin the sameorder. The principal differencesarelonger
elapsedtimes in the hand-codedmultipartitioning betweensendsand their correspondingreceives,
which wasachievedby placinga sectionof thecomputationthatdoesnot dependon communication
betweenthesendandreceive.
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Figure11.MPI hand-codedNAS BT using3D multipartitioning.

6.2. NAS SP

Compiling theNAS SPbenchmarkfor high performancepresentsa signi�cant challenge.Generating
ef�cient parallelcodefrom alightly modi�ed serialversionof thisbenchmarkwith amultipartitioning
distribution requires the use of several advanced compilation strategies [7, 8], including non-
owner-computescomputationpartitionings,complex patternsof computationreplication to reduce
communicationfor privatizablearrays,aggressive communicationcoalescing/aggregation,anda mix
of complex computationpartitionings.

Despitethefactthatthedynamiccommunicationpatternsof ourcompiler-generatedmultipartitioned
parallelizationresemblethoseof the hand-codedparallelization,there is still a performancegap
betweenour dHPF-generatedcode and the hand-codedMPI implementation.This gap comesin
part from extra communicationvolumepresentin the compiler-generatedcodefor SP's lhs<xyz>
routines.Currently, the dHPF compiler usesa procedure-localcommunicationplacementanalysis.
This approachmayschedulecommunicationin eachprocedureeventhoughthevaluesmight already
be available as a result of prior communication.Interproceduralcommunicationplacementand
interproceduralavailability analysiswould be neededto eliminate this additional communication
automatically. Themajorcontributorsto theperformancedifferenceareprimaryandsecondarycache
con�icts causedby interferencebetweendata arraysand communicationbuffers, as describedin
Section6.1.

TablesIII andIV show speedupmeasurementsfor SPfor theclassA (643) andB (1023) problem
sizes,respectively. All speedupsshown in the tablesarerelative to theperformanceof thesequential
codefor therespectiveNPB2.3-serialdistribution.

For SP, non-localvaluesgatheredby thecompute rhs routinecover thenon-localvaluesneeded
by the lhsx , lhsy andlhsz routines.In a 16-processorexecutionfor a classA problemsize,this
unnecessarycommunicationin lhsx , lhsy andlhsz increasesthecommunicationvolumeof our
dHPF-generatedcodeby 14.5%over that in the hand-codedparallelization.Although the additional
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TableIII. Comparisonof hand-codedanddHPFspeedupsfor NAS SP(classA).

# CPUs hand-coded dHPF % diff.

1 1.01 0.96 5.50
4 4.21 3.54 15.87
9 11.60 9.22 20.54
16 16.21 16.94 -4.47
25 21.00 21.44 -2.08
36 30.69 34.37 -12.02
49 42.43 36.07 14.99
64 67.57 43.63 35.43

TableIV. Comparisonof hand-codedanddHPFspeedupsfor NAS SP(classB).

# CPUs hand-coded dHPF % diff.

1 0.80 0.88 -9.05
4 2.86 2.60 9.23
9 7.74 6.98 9.78
16 13.01 13.97 -7.37
25 22.15 21.32 3.73
36 36.52 32.38 11.34
49 51.78 41.32 20.21
64 58.35 51.43 11.85
81 74.95 57.62 23.12

volumeis modest,thisunnecessarycommunicationis responsiblefor thecommunicationfrequency of
thedHPF-generatedcodebeing74%higherthanthatof thehand-codedparallelization.

As with BT, partially replicatingcomputationat the boundariesof multipartitionedtiles offered
signi�cant bene�ts for SP. In SP's lhsx , lhsy , and lhsz routines,replicating computationof
boundaryvaluesof cv , a partitioned1-dimensionalvectoralignedwith a multipartitionedtemplate,
eliminatedthe needto communicatethe boundaryvaluesbetweenits de�nition andusesinside an
inner loop. Althoughpartially replicatingcomputationof cv requiredcommunicatingtwo additional
planesof a three-dimensionalmultipartitionedarray(us , vs , or ws) in eachof theseroutines,these
communicationswerefully vectorizable,whereasthecommunicationsof cv thatweavoidedwerenot.

In SP's x solve , y solve , andz solve routines,thedHPFcompilerchoosesto generateextra
fully vectorizedcommunicationif this will reducecommunicationpinnedinsidea loop nest.With the
multipartitioningdistribution,communicationinsidea loopnestdoesnothaveahighenoughcost,and
in thecaseof thesweeproutines,a moderateincreasein communicationfrequency shouldbe traded
for a signi�cantly reducedtotal communicationvolume.By compilingtheseroutinesusinganowner-
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computesscheme,we effectively get a reducedcommunicationvolume with no penaltydue to the
communicationvectorizationpropertyof multipartitionedloops.

7. CONCLUSIONS AND FUTURE RESEARCH

Thispaperhasdescribedadvancedoptimizationandcode-generationstrategiesthatallow oneto write
HPF sourcecodesthat can be compiledto ef�cient codewithout requiring the programmerto use
extensivecompiler-speci�c sourcecoderestructuring.Ourresearchcompiler, dHPF,implementsall of
thesestrategies.

The successof the dHPFcompiler's optimizationsis dueprincipally to the formalizationof data-
parallelanalysisandcodegenerationasthe manipulationof setsof integer tuples[6]. Sophisticated
optimizationtechniquescan be composedeasily on top of this generalframework. For example,it
permitsthecompilerto generatecodefor asymbolicnumberof processorsusingamultipartitioneddata
distribution andto vectorizethecommunicationresultingfrom thenon-owner-computescomputation
partitioningsthatarisewhencomputationis partially replicatedat processorboundaries.

Anotherkey to thedHPFcompiler'ssuccessis a generaloverpartitioningframework madepossible
by thegeneralinteger-setequationalframework. Theoverpartitioningframework providesa common
infrastructurefor such diverse paradigmsas multipartitioning and out-of-core compilation. Out-
of-core tiling addressesexplicit data movement betweenmemory and the disk systemwhereas
multipartitioningaddressescommunicationoptimization,amongotherthings.In bothcases,thetiling
inducedby overpartitioningis combinedwith a static execution schedulethat obeys dependence
constraintswhile reducingthecostof datamovement.

Oneof theweaknessesof HPFis thein�e xibility of its built-in datadistributions.Section4 described
two extensionsto HPF'sdatadistributions:multipartitioningandout-of-corepartitioning.Bothenable
a broaderclassof ef�cient applicationsto be generatedautomaticallyby dHPF basedon the use
of appropriatedata-distribution directives. An interestingtopic for future researchis the ef�cient
implementationof arbitrary, user-de�ned datadistributions.For example,adaptivedistributionsbased
on space-�lling (for instance,Hilbert) curves [25] would enablemany irregular applicationsto be
implementedef�ciently in HPF. A possibleapproachwould befor theHPFcompilerto generatecode
that usesa standard“data distribution” library interface,andfor usersto provide an implementation
of thatlibrary interfacefor theirnew datadistribution.A techniquesuchastelescopinglanguages[26]
could be usedto make suchan approachef�cient. By extensively pre-compilingthe user-supplied
libraries,and by using performance-enhancingtransformationsspeci�ed by the library designerto
guidetheoptimizationprocess,theoverheadof usingsucha packagedlibrary might be signi�cantly
reduced.

With compiler-basedsupportfor multipartitioning,andthedHPFcompiler'sadvancedoptimization
framework for reducing and aggregating communication,our experimentshave shown that the
performancegapbetweencompiler-generatedparallelizationsfor line-sweepcomputationsandtheir
hand-codedcounterpartshasbeennarrowedto justa few percent.

We believethat,with relatively little additionalwork, eventhesedifferencescanbeeliminated.Our
experimentswith the NAS SP benchmark,for example,show that the numberof secondarycache
missesby the dHPF compiler generatedcode is similar to that for the serial version on a single
processor, but increasesfasteras the numberof processorsincreases,leading,we believe, to the
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observed lower scalability of the dHPF generatedcode.Thesesecondarycachemissesarise from
the generatedbuffer managementcode which is still not ideal. We believe that improving buffer
managementcodewill improvecachebehavior andwill eliminatetheperformancedifferential.

Theseresults suggestthat new compiler technologiesmay now make it possiblefor HPF to
realize the original vision of its designers—thatapplicationdevelopersshouldbe able to produce
ef�cient parallelapplicationsfrom cleanlywrittenFortranprogramsby simplyaddingdata-distribution
directives,withouthaving to tunetheFortrancodeto matchthecapabilitiesof thelanguageprocessor.
Had thesetechnologiesbeenavailablein HPF compilersearly in the lifetime of the language,many
applicationdevelopersmighthaveavoidedthesubstantialeffort requiredto converttheircodesto MPI.
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8. DanielChavarŕ�a-MirandaandJohnMellor-Crummey. Towardscompilersupportfor scalableparallelism.In Proceedings
of theFifth WorkshoponLanguages,Compilers,andRuntimeSystemsfor ScalableComputers, LectureNotesin Computer
Science1915,pages272–284,Rochester, NY, May 2000.Springer-Verlag.
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