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ABSTRACT
Thelong foreseengoalof parallelprogrammingmodelsis to scale
parallelcodewithoutsignificantprogrammingeffort. Irregularpar-
allel applicationsareaparticularlychallengingapplicationdomain
for parallelprogrammingmodels,sincethey requiredomainspe-
cific datadistribution andload balancingalgorithms.Froma per-
formanceperspective, shared-memorymodelsstill fall short of
scaling as well as message-passingmodelsin irregular applica-
tions,althoughthey requirelesscodingeffort. Wepresentasimple
runtimemethodologyfor scalingirregularapplicationsparallelized
with thestandardOpenMPinterface.Weclaimthatourparalleliza-
tion methodologyrequirestheminimumamountof effort from the
programmerandprove experimentallythat it is able to scaletwo
highly irregularcodesaswell asMPI, with anorderof magnitude
lessprogrammingeffort. This is probablythefirst time sucha re-
sult is obtainedfrom OpenMP, moreso,by keepingtheOpenMP
API intact.

1. INTRODUCTION
Theconvergenceof parallelcomputerarchitecturesprovidesacom-
mongroundfor directquantitative andqualitative comparisonsbe-
tweenparallelprogrammingmodels.Althoughcontemporaryhigh-
endarchitectureshave physicallydistributedmemoryfor thesake
of scalability, they integrateshared-memoryandmessage-passing
in a mannerthat enablesefficient implementationsof both pro-
grammingparadigms.Programmerscanusea singlescalableplat-
form, suchasa ccNUMA multiprocessoror a clusterof SMPs,to
reasonabout the advantagesand disadvantagesof different pro-
grammingmodelsin termsof performance,expressiveness,and
portability. This capabilityis valuable,asit letsprogrammersseek
thelong pursuedsweet spot of parallelprogramming,thatis, mini-
mizetheeffort requiredto obtaina scalableprogram.

Direct comparisonsbetweenparallelprogrammingmodelsin sev-
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eralapplicationdomainsindicateinterestingtrendsandtrade-off ’s
[4, 5, 16, 19]. Message-passingtendsto outperformshared-me-
mory, by giving the programmeropportunitiesto algorithmically
minimize the communicationoverhead.The performancemargin
betweenthe two programmingmodelsis not prohibitive for us-
ing shared-memorythough. On the contrary, it hasbeenshown
thatwith ahandfulof manualoptimizationsfor improving memory
accesslocality andload balancing,shared-memoryprogramming
modelscanapproximatetheperformanceof messagepassingwith
lesscodingeffort [19]. Moving onestepfurther, work from theau-
thorshasshown thatit is possibleto useflat directive-basedshared
memoryparallelismwithout explicit interfacesfor threador data
placement,andyet beableto sustainperformanceasgoodasthat
of message-passingor data-parallelmodels,usingalgorithmsfor
implicit datadistributionat runtime[13, 15] . This result,although
interestingin itself, hasbeenvalidatedonly with regular andem-
barrassinglyparallelcodes.

Irregular applicationsareprobablythe mostchallengingapplica-
tions for parallel programmingmodels. Theseapplicationshave
two undesirablepropertiesthatpreventscalability, namelyirregular
communicationpatternsandload imbalance.Theexisting experi-
mentalevidencesuggeststhatmessagepassingis theprogramming
model of choicefor irregular applications,yielding performance
which is typically between50%andanorderof magnitudehigher
thantheperformanceof shared-memory, data-parallelor hybridim-
plementationsof thesameprograms[4, 16].

Scalingirregularapplicationswith a shared-memoryprogramming
paradigmto performin parwith implementationsof thesameappli-
cationswith message-passingremainsanopenproblem.Thereare
someimportantstepstaken in this direction,encompassingtech-
niquessuch as manualdataplacement,data reorderingand dy-
namicsubdivision of theproblemspace[6, 12,19]. Unfortunately,
most, if not all, of thesetechniquesarenon-portableandrequire
complex codeanddatatransformations,hencesignificantprogram-
ming effort. The lack of a systematicmethodologyfor applying
thesetransformationsis also a concern. It is a major research
challengeto scaleirregular applicationsusingflat directive-based
shared-memoryparallelism, without explicit interfacesfor data
placement,threadplacement,or loadbalancing.

Thispaperaddressestheaforementionedproblemandcontributesa
simpleruntimemethodologyfor scalingiterative irregularparallel
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codes,usingthestandard,unmodifiedOpenMPAPI. Our method-
ology� addressessimultaneouslythe problemsof datalocality and
loadbalancing,usingruntimeperformancemonitoring.Theideais
to havetheruntimesystemtape informationthatreflectsaccurately
the dataaccesspatternof the programand potential load imbal-
ance. This informationcanbe usedfor both on-line andoff-line
optimization.We usetwo simpleruntimetechniques,memoryref-
erencetracingcombinedwith user-level dynamicpagemigration
[15], anddynamicredistributionof loopiterations.Bothtechniques
baresimilaritiesto thewell-known inspector/executormodel[18],
althoughthey arefaster, sincethey usehardwarecountersinstead
of tracescollectedin software. As analternative to theautomatic
runtimeoptimizations,wepresentasimpleschemefor implement-
ing arbitraryirregulardatadistributionsthroughproperdistribution
of theiterationsof OpenMPparallelloops.Thisschemecanbeex-
ploitedwhentheprogrammercancontributesomedomain-specific
knowledgeto improve dataaccesslocality or loadbalancing.

We ranexperimentswith threehighly irregularcodesfrom the In-
tegratedForecastsSystemof the EuropeanCenterfor Medium-
ScaleWeatherForecasting[20]. We parallelizedthe most time
consumingloopsof thecodeswith OpenMP, spendinganeffort of
aboutacoupleof hoursperbenchmark.Ourexperimentalevidence
show that in two of thethreecodes,our runtimetechniquesenable
OpenMPto performaswell asMPI, while theprogrammingeffort
to reachthis level of performancewith OpenMPis at leastanorder
of magnitudelessthan the programmingeffort requiredby MPI.
We considerthis resultasthe main contribution of this paper. To
thebestof ourknowledge,this is thefirst time thatanimplementa-
tion of OpenMPscalesaswell asMPI in irregularcodes,without
requiringany modificationsto theOpenMPAPI.

Therestof this paperis organizedasfollows: Section2 describes
theirregularkernelsusedin our study. Section3 analyzesour run-
timeoptimizationmethodology. Section4 reportsexperimentalre-
sultsandSection5 concludesthepaperanddiscussessomedirec-
tionsfor futurework.

2. IRREGULAR APPLICATION KERNELS
We usedthreecomputationalkernels(LG, SL andTS) from the
IntegratedForecastingSystem(IFS) of the EuropeanCenterfor
Medium-RangeWeatherForecasts(ECMWF) [20]. IFS usesa
spectralforecastmodelfor predictingweatherfor a periodof up to
10daysahead.Thekernelsperformtranspositionsof databetween
thethreemaincomputationalphasesof IFS,namelythegrid-point
spacecomputation,theFourierspacecomputation,andthespectral
spacecomputation.Thesetranspositionsareperformedto ensure
thatthecomputationalpartsof IFSareexecutedin parallelwithout
interprocessorcommunication.Datatranspositionsin theIFScode
canbe implementedwith appropriatedataredistributions. Unfor-
tunately, thegridsof themaincomputationalphasesof IFS cannot
be representedwith regular (e.g.BLOCK or CYCLIC) datadis-
tributions. Thephysicalspacegrid andthe Fourierspacegrid are
quasi-regular, becausethe numberof grid points (usedto model
earth)per latitudeis progressively reducedwhenmoving from the
equatorialto thepoles.Thespectralspacegrid, which is produced
from aLegendretransformof theFourierspacegrid, hasa triangu-
lar shape.

An efficient message-passingimplementationof thesekernelsre-
quires the identificationof datapoints that may be accessedre-
motely, compilationof messagesendand receive lists basedon
theownersof remotelyaccesseddata,andpre-computingof com-

!HPF$PROCESSORSPROCS(NPROC),
!HPF$& PROCSAB(NRPOCA,NPROCB)
!HPF$DISTRIBUTE(GEN BLOCK(MAPGLA),
!HPF$& INDIRECT(MAPFLD0))ONTO PROCSAB::ZGL
REAL ZGL(NRPOMAG,NGT0)
!HPF$DISTRIBUTE(INDIRECT(MAPGP),*)
!HPF$& ONTO PROCS::ZGA
REAL ZGA(NGPTOTG,NGT0)
�����

!HPF$INDEPENDENT, NEW(J),REUSE(LREUSE)
DO JFLD=1,NGT0
!HPF$INDEPENDENT

DO JFLD=1,NGT0
DO J=1,NGPTOTG

ZGL(INDL(J),JFLD)=ZGA(J,JFLD)
ENDDO

ENDDO
ENDDO

Figure1: The HPF implementation of the LG kernel.

municationschedules.A data-parallelimplementationcanbe ob-
tainedwith lesscodingeffort, by computingandreusingcommuni-
cationschedulesat runtime[1]. Nevertheless,a significantamount
of effort is still requiredto identify the bestdatadistributionsfor
the irregulargrids. Previous researchhasshown that the grids re-
quire generalizedBLOCK distributions(i.e. distributionsof vari-
ablesizedcontiguousblocksof grid pointsalongonedimension)
and INDIRECT distributions (i.e. arbitrary distributions of grid
points accordingto an indirection array that mapspoints to pro-
cessors)[2].

Weprovidea few detailsontheHPFimplementationof thekernels
to give thereaderanideaof theprogrammingimplicationsandthe
implementationeffort requiredto parallelizethekernelsefficiently.

TheLG kernelhandlesthetranspositionsof databetweenthephys-
ical grid pointspaceandtheFourierspace.Thecoreof thekernelin
its HPFimplementationis shown in Figure1. NGT0 is thenumber
of fields to be transposed(representingdifferent layersof the at-
mosphere)andNGPTOTG is thetotal numberof grid points.The
GEN BLOCK distributionalongthefirst dimensionof ZGL copes
with thequasi-regularstructureof thegrid by implicitly balancing
thedistributionof computationbetweenprocessors,throughtheas-
signmentof more grid points to processorsworking towardsthe
poles.TheINDIRECT distributionsalongtheseconddimensionof
ZGL andthefirst dimensionof ZGA areusedto reducecommuni-
cationvolume,by ensuringthatgrid pointswith thesamevertical
dimensionaremappedto thesameprocessor. TheREUSEclauseis
usedto computeandsubsequentlyreusethecommunicationsched-
ulesimposedby theirregulardatadistributions.

TheSL kernelcomputesa trajectoryfrom a grid point backwards
in time and interpolatessomequantitiesat the departureand the
mid pointof thetrajectory, usingthesemi-Lagrangianmethod.The
maincomputationalchallengein aparallelimplementationof SL is
thatcomputingthetrajectoryrequiresthateachprocessorcollectsa
setof globalgrid point indicesfrom neighboringprocessors.These
grid pointsarerepresentedby a compactread-onlydatastructure,
which is calledahalo. Thisdatastructureis updatedat runtimeac-
cordingto thewindslikely to beencounteredin thetrajectory. The
coreof thekernelin its HPFimplementationis shown in Figure2.
Thehalocomputationis modeledwith anINDIRECT distribution
anda specialUPDATE HALO clause,requiredto recomputethe
haloandtheassociatedcommunicationschedulesat runtime. The
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!HPF$PROCESSORSPROCS(NPROC)
!HPF$DISTRIBUTE(INDIRECT(MAPGP,
!HPF$& HALO=NSLHALO),*),
!HPF$& ONTO PROCS::ZSL1
REAL ZSL1(NGPTOTG,NFLDSLB1)
!HPF$DISTRIBUTE(INDIRECT(MAPGP),*),
!HPF$& ONTO PROCS::ZSL2
REAL ZSL2(NGPTOTG,NFLDSLB1)
�����

DO I=1,NSTOP�����
!HPF$UPDATE HALO (ZSL1)

�����
DO JSL=1,ISL

!HPF$INDEPENDENT,NEW(J),REDUCTION(ZSL2)
DO JLEV=1,NFLEVG

!HPF$INDEPENDENT,NEW(Z1,Z2,Z3,Z4,Z5,Z6)
Z1=ZSL1(NSLIND(1,J,JSL),JLEV)
Z2=ZSL1(NSLIND(2,J,JSL),JLEV)
Z3=ZSL1(NSLIND(3,J,JSL),JLEV)
Z4=ZSL1(NSLIND(4,J,JSL),JLEV)
Z5=ZSL1(NSLIND(2,J,JSL),
+ MIN(NFLEVG,JLEV+1))
Z6=ZSL1(NSLIND(3,J,JSL),MAX(1,JLEV-1))+
+ (Z1+Z2+Z3+Z4+Z5+Z6)/(6.*ISL)

ENDDO
ENDDO

ENDDO

Figure 2: The HPF implementation of the SL kernel.

restof the computationis a simpleaveragingof neighboringgrid
points.

TheTS kernelusesFourierandLegendretransformsto transpose
datafrom the Fourier spaceto the spectralspaceandbackwards.
As shown in Figure3, theHPFimplementationusesGEN BLOCK
distributionsto handlethecomputationimbalancethatstemsfrom
the quasi-regular and the triangulargrids in the Fourier and the
spectralspacerespectively.

3. PARALLELIZING IRREGULAR
KERNELS WITH OPENMP

Our goal is to parallelizethe irregular kernelsusingthe standard,
unmodifiedOpenMPinterfaceandthe minimum of programming
effort. In particular, we would like to parallelizethe codessim-
ply by enclosingthemosttime-consumingoutermostparallelloops
with !$OMP PARALLEL DO directives1. We imposea hardcon-
straintontheparallelizationprocess,thatis, theprogrammershould
analyzethedataaccesspatternatmostto theextentthatparalleliza-
tion is determined.Theprogrammershouldspendnoeffort for an-
alyzing the locality of memoryaccessesandthe load distribution
imposedby thedataaccesspattern.Instead,theruntimesystemis
engagedto extractaccurateinformationaboutthedataaccesspat-
tern andload imbalanceandusethis informationto optimize the
programin a fully- or semi-automaticmanner.

We begin with a straightforward loop-basedparallelization,by
identifying parallel loops and selectingthe loops that are coarse
enoughto worth multithreadedexecution.A profile of thesequen-
tial executionof the programis usedto identify theseloops. The
parallelizedloopsarestaticallyscheduledby dividing evenly their
iterationsamongprocessors.We then instrumentthe programto
�
We assumethat an optimizedversionof the sequentialcodeis

available.

!HPF$PROCESSORSPROCS(NPROCS)
!HPF$DISTRIBUTE(GEN BLOCK(MAPGLA),*)
!HPF$& ONTO PROCS::ZREEL
REAL ZREEL(NRPOMAG,KFIELD)
!HPF$DISTRIBUTE(*,GEN BLOCK(MAPFL))
!HPF$& ONTO PROCS::ZBUFL
REAL ZBUFL(KFIELD,NFTOT2G)
!HPF$DISTRIBUTE(*,GEN BLOCK(MAPFM))
!HPF$ONTO PROCS::ZBUFM
REAL ZBUFM(KFIELD,NFTOT2G)
�����

!HPF$INDEPENDENT,
!HPF$& ONHOME(ZBUFL(:,NPNT0(J))),
!HPF$& NEW(JP),REUSE(LREUSE)
DO J=1,NFTOTG

DO JF=1,KFIELD
ZBUFL(JF,NPNT0(J))=ZBUFM(JF,NPNT1(J))
ZBUFL(JF,NPNT0(J)+1)=ZBUFM(JF,NPNT1(J)+1)

ENDDO
ENDDO
�����

!HPF$INDEPENDENT,NEW(JF),
!HPF$& ONHOME(ZREEL(NPNTM(J),:)),
!HPF$& REUSE(LREUSE)
DO J=1,NFTOTG

DO JF=1,KFIELD
ZREEL(NPNTM(J),JF)=ZBUFL(JF,NPNT0(J))
ZREEL(NPNTM(J)+1,JF)=ZBUFL(JF,NPNT0(J)+1)

ENDDO
ENDDO
�����

!HPF$INDEPENDENT,NEW(JFLD),
!HPF$& ONHOME(PREEL(J,:)),REUSE(LREUSE)
DO J=1,NGPTOTG

DO JFLD=1,KFIELD
PREEL(J,JFLD)=ZREEL(NPNTL(J),JFLD)

ENDDO
ENDDO

Figure3: The HPF implementation of the TS kernel.

executea few probing iterations.Theseiterationsareusedto iden-
tify two propertiesof the code: the exact memoryaccesspattern
andthe load imbalanceof parallelloops. Therequiredinstrumen-
tationis trivial andcanbeautomatedin acompileror preprocessor
pass.The instrumentedcodeincludescalls to the runtimesystem
for collectingmemoryaccesstracesanda slightly expandedver-
sion of eachparallel loop, usedto collect workload information
andpinpoint loadimbalance.Theinformationis collecteddirectly
from hardwarecountersattachedto processorsandmemory, there-
fore no softwarebookkeepingoverheadis involved. Theproposed
methodologyis upto acertainextentsimilar theinspector/executor
model[18], which wasrecentlyappliedin thecontext of OpenMP
for theparallelizationof irregularreductions[10]. Themostimpor-
tantdifferenceis thatour instrumentationcodeis muchsimplerand
faster. It amountsto only a few callsto theruntimesystemfor col-
lectinginformationfrom thehardwarecountersusingstandardized
interfaces.

Runtimeinspectionof theprogramis followedby asetof optimiza-
tionsperformedautomaticallyby theruntimesystem.Theruntime
systemappliesimplicit datadistribution usingdynamicpagemi-
grationandloop iterationredistribution for the unbalancedloops.
Theseoptimizationsareeffectively combinedfor maximizingthe
performancegain.Theoptimizationsarealsoself-evaluatedat run-
timeandrolledbackif they donotappearto improveperformance.
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�����
CALL UPMLIB INIT()
CALL UPMLIB MEMREFCNT(U,SIZE)
CALL UPMLIB MEMREFCNT(RHS,SIZE)
CALL UPMLIB MEMREFCNT(FORCING,SIZE)
�����

DO STEP=1,NITER
CALL COMPUTE RHS
CALL X SOLVE
CALL Y SOLVE
CALL Z SOLVE
CALL ADD
IF ((STEP.EQ.1) .OR.(NUM MIGRATIONS .GT. 0)) THEN

CALL UPMLIB MIGRATE MEMORY()
ENDIF

ENDDO

(a)

�����
CALL UPMLIB INIT()
CALL UPMLIB MEMREFCNT(U,SIZE)
CALL UPMLIB MEMREFCNT(RHS,SIZE)
CALL UPMLIB MEMREFCNT(FORCING,SIZE)
�����

DO STEP=1,NITER
CALL COMPUTE RHS
CALL X SOLVE
CALL Y SOLVE
IF (STEP.EQ.2) THEN

CALL UPMLIB RECORD()
ELSEIF (STEP.GT. 2) THEN

CALL UPMLIB REPLAY()
ENDIF
CALL Z SOLVE
IF (STEP.EQ.1) THEN

CALL UPMLIB MIGRATE MEMORY()
ELSEIF (STEP.EQ.2) THEN

CALL UPMLIB RECORD()
CALL UPMLIB COMPARE COUNTERS()

ELSE
CALL UPMLIB UNDO()

ENDIF
ENDDO

(b)

Figure4: Usingpagemigration for data distrib ution (left) and redistribution (right) in NAS BT.

3.1 Data distrib ution with memory reference
tracing and dynamic pagemigration

The idea of implementingarbitrary datadistributions by tracing
memoryreferencesandapplyingan intelligent dynamicpagemi-
gration algorithm was recentlyexplored by the authors[13, 15].
The key conceptis to take snapshotsof the memoryaccesstrace
of theprogramatanexecutionpointwherethetracecorrespondsto
theexactmemoryreferencepatternof theenclosedparallelcompu-
tation. In iterative parallelcodes,this snapshotcanberetrievedat
theendof oneiteration2. Using this snapshot,theruntimesystem
canrelocatepagessothateachprocessorfindslocally thedatathat
it accessesmorefrequently, no matterhow datais initially placed
in memoryby theoperatingsystem.

Runtimedatadistribution is appliedusing instrumentationof the
nativeOpenMPcode.Thecodeinsertedto theprograminvokesthe
runtimesystemto retrievesnapshotsof thepagereferencecounters
andapplypagemigrationalgorithmsusingthesesnapshotsasanin-
dicationof thememoryaccesspattern.Thesnapshotsareretrieved
atspecificpointsof execution,eitherfor theentireaddressspace,or
for regionsof theaddressspacewhich arelikely to incur frequent
remotememoryaccesses.

The runtimedatadistribution algorithmensuresaccuracy, timeli-
nessand good amortizationof the overheadof data movement.
Thesethreerequirementsaremet becausethe runtimesystemre-
trievessnapshotsof thehardwarecountersthatreflectthememory
accesspatternwith high accuracy, shortly after the beginning of
execution. Due to the iterative structureof thecodes,thesesnap-

�
We have takenseveral stepsto relax theconstraintof optimizing

only iterative codes,but the relatedissuesareout of the scopeof
this paper.

shotsindicateaccuratelywhichprocessoraccesseseachpagemore
frequentlythroughoutthe executionof the program. Using these
snapshots,a competitive pagemigrationalgorithmis ableto move
eachpageto thenodethatminimizesthenumberof remotemem-
ory accessesto thepage.Thepagemigrationalgorithmof our run-
time systemusesa criterionthatconsidersthenumberof accesses
per node,an estimationof latency per accessand potentialcon-
tentionat memorymodules.This criterionmigratespagesso that
the latency, ratherthanthenumber, of remotememoryaccessesto
eachpageis minimized.Thecriterionis self-evaluated,by measur-
ing the numberandlatency of remotememoryaccesseson a per-
iterationbasis.Pagemigrationsthatdo not improve eitherof these
two performancefactorsarerolledbackby theruntimesystem.

Figure4 showshow aniterativeprogramis instrumentedwith calls
to our runtimesystem(prefixed with upmlib ) to implementrun-
time datadistribution andredistribution algorithms.Earlierpubli-
cations[14, 15] provide moredetailson this methodology.

Memoryreferencetracinganddynamicpagemigrationis thefirst
transparentoptimizationthatweapplyto irregularcodes.Thetech-
niqueis expectedto beeffective,becausetheruntimesystemis the
only entity thatcaninfer preciselytheaccesspatternto datablocks
in memory. No regulardistribution of datais appropriatefor irreg-
ularcodes,while sophisticatedcombinationsof staticirregulardis-
tributions—suchasvariable-sizedblockor indirectdistributions—
may be lesseffective thanexpected,becausedatais actuallydis-
tributedat pageratherthan element-level granularity. Insteadof
having the programmeranalyzethe data accesspatternand im-
plementa possiblycomplex datadistribution scheme,we have the
runtimesysteminfer theaccesspatternandimplementdatadistri-
bution implicitly, accordingto an accuratecost-effectivenesscri-
terion. A similar approachwastaken in [11], to implementadap-
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!$OMPPARALLEL
IF (INSTRUMENT .EQ.1) THEN

IAM=OMP GET THREAD NUM()
CALL START FLOP COUNTER(IAM)

ENDIF
!$OMPDO
DO M=1,N

LOOPBODY
END DO
IF (INSTRUMENT .EQ.1) THEN

CALL STOP FLOP COUNTER(IAM)
INSTRUMENT = 0

ENDIF
!$OMPEND PARALLEL

(a)

NPROC=OMPGET NUM THREADS()
!$OMP PARALLEL
!$OMP DO
DO I=1,NPROC

DO J=1,NPROC
DO K=1,NC(I,J)

M = C(I,J,K)
LOOPBODY

ENDDO
ENDDO

ENDDO
!$OMP END PARALLEL

(b)

Figure5: Instrumentation of OpenMP loopsfor detectingload imbalanceand load balancing transformation.

tivedataplacementin softwaredistributedsharedmemorysystems,
for applicationsin which compileranalysisor predetermineddata
distributionschemesareinadequatefor optimizingmemoryaccess
locality.

In our framework, theruntimesystemcapturestheirregularitiesof
theaccesspatternandplacepagesstrictly ona thread-to-dataaffin-
ity basis,unlessthe memoryaccesspatternis so unbalanced(in
termsof memoryaccessesper node),that the locality-baseddis-
tribution of pagesintroducesmemorypressureandexcessive con-
tention.Althoughwe have not quantifiedthis problem,we planto
addressit, giventhatit occursfrequentlyin irregularcodes.

3.2 Loop iteration redistribution
Our runtime data distribution method is effective in localizing
memoryaccessesbut is not sufficient for balancingthe workload
assignedto eachprocessor. Load imbalanceis a characteristicof
irregularparallelcodes,becausethegridsusedto modeltheprob-
lem in thesecodeshave alwayssomesortof physicalirregularity,
which makes certainregions of them denselypopulatedby data
pointsandotherregionsof themsparselypopulatedby datapoints.

Theideabehindour runtimeloop iterationredistribution technique
is to dynamicallybalanceanunbalancedparallelloopby normaliz-
ing thechunksof iterationsassignedto eachprocessoraccordingto
a metricof loadimbalance.A similar ideawasexploredin [7, 17]
to balancethe loadon networks of workstationsrunningsoftware
distributedsharedmemorymiddleware. Themaindifferencewith
our work is that the authorsof [7, 17] usedcompileranalysisto
infer thememoryaccesspatternof theprogramanddrive theload
balancinganddatalocality transformationsappliedby theruntime
system,while our framework reliessolelyon informationcollected
at runtimefor both thememoryaccesspatternandthe loaddistri-
butionof theprogram.

Theconstraintthatweposein ourautomaticloadbalancingmethod
is that the scheduleobtainedfor a loop after rebalancingits load
mustbereusable,meaningthateachprocessorshouldexecutethe
sameset of iterationsevery time the loop is executed. Iteration
schedulereuseimplies data reuse,which is critical for exploit-
ing locality at all levels of the memoryhierarchy. It is possible
to usea single reusablescheduleacrossmultiple loops with the
sameloadimbalancecharacteristics.Notethattherequirementfor
a reusableiterationschedulemakesit impracticalto usea dynamic

work-queuebasedschedulingalgorithm (such as forms of self-
scheduling),sincethe non-deterministicorderof synchronization
eventsin thesealgorithmscannotguaranteea repeatableschedule.
A workaroundfor this problemis to useloop schedulememoiza-
tion, that is, recorda dynamicloop schedulethat achieves good
loadbalanceat runtimeandreuseit by constructinga staticsched-
ule thatassignsthesamechunksof iterationsandin thesameorder
asin therecordeddynamicschedule.

We measureload imbalanceon a per-loop basisasshown in Fig-
ure5. Duringoneprobingiteration,weinstrumentparallelloopsto
measurethenumberof floatingpoint operationsexecutedby each
processor. Eachthreadmaintainsaprivateflop counterandthedif-
ferencein thenumberof flopsexecutedby differentprocessorsis
usedasthemetricof loadimbalance(Figure5(a)).

Load balancingcanbe an extraordinarilycomplex problem,even
for the symmetriccaseof two processors.We adopta simpleal-
gorithm. For eachprocessor�
	��
��� �����
� , we computethe flop
equivalentof oneiteration,denotedas ��� ����� ��� . Let ����� ��� ���
be thenumberof flopsexecutedby processor� in the loop. Since
the loop is initially scheduledstatically, ��� ����� �������! "$#&%!�!')(+*, .
The numberof floating point operationsexecutedby the proces-
sor is measuredby readingthe processor’s hardwareperformance
counterthat talliesthenumberof graduatedfloatingpoint instruc-
tions. The algorithmtransfersthe flop equivalentof oneiteration
from themostloadedto theleastloadedprocessorrepeatedly, until-/.10 ���2� ��� ��� cannot be further reduced.For eachprocessor� ,
werecordeveryiterationtransferredto � andconstruct�43 � chunks5
( 6 	879�:� ������� 	87<;�=� , eachchunkcontainingtheiterationstrans-

ferred from processor7 to processor� . Chunk
5
(+( containsthe

iterationsinitially assignedto processor� by the static schedule
(i.e. iterations � � 3 ��� , �

����� � , � ), minus the iterationstransferred
to otherprocessors(i.e. > 5 6?( 	87<�@� �����A� 	87B;�C� ). The initially
unbalancedloop is transformedsothateachprocessorexecutesthe
� chunksof iterations

5
( 6 	87D�C� ������� , asshown in Figure5(b).

Thechunksarestoredassimplelinearvectorsof sizeequalto the
populationof eachchunk( E 5 ( 6 ) for convenience.

The instrumentationpassemits both the statically scheduledand
the rebalancedversionof the loop. In the rebalancedversion,the
vectors

5
( 6 	F�G;�H7 areinitially empty, while the vectors

5
(I( con-

tain the iterationsassignedto processor� by the static schedule.
Theloadbalancingalgorithmrunsbetweenthefirst andthesecond
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iterationof the parallel program. The selectionbetweenthe two
versionsJ of the loop in subsequentiterationsis donewith a condi-
tional, which is setto true if thefirst iterationdetectsthat the loop
is unbalanced.A booleanvariable(INSTRUMENT) is usedto de-
activatetheflop countersafterthefirst iteration,in casetheloop is
not rebalancedby theruntimesystem.Thedrawbackof thissimple
implementationis thatit mightcausecodeexplosion,particularlyif
mostof thecodeis enclosedwithin OpenMPPARALLEL regions.

3.3 Combining runtime datadistrib ution with
load balancing

The two optimizationspresentedpreviously are evaluatedby the
runtimesystemat executiontime. The runtimesystemcompares
the effectivenessof loop load balancingand implicit datadistri-
bution by measuringthe actualexecutiontime of loops in two it-
erationsandrolls backany transformationthat doesnot improve
performance.

The runtimesystemis alsocopingwith the fact that the two op-
timizationsmay work in an antagonisticmanner, if they are not
combinedeffectively. This happensbecausethe redistribution of
loop iterationschangesthememoryaccesspatternof theprogram,
thusmakingany previously establisheddistribution of dataobso-
lete.Thesolutionwe adoptis to run theprobingiterationsfor load
balancing,usingdifferentoptimizeddatadistributionsfor statically
scheduledanddynamicallyrebalancedloops, andselectthe best
performingcombinationbasedon theabsolutemetricof execution
time.

More specifically, theruntimesystemoptimizesmemoryaccesses
andtreatsloadimbalancein thefirst threepairsof iterationsof the
parallelcomputation.In thefirst iteration,all parallelloopsarestat-
ically scheduledandat theendof theiterationtheruntimesystem
recordsa snapshotof thememoryaccesstraceof theprogram,by
readingthepagereferencecounters.Using this snapshot,therun-
time systemidentifiesthebestlocationfor eachpagebelongingto
a distributedarray, in termsof remotememoryaccesslatency. The
runtimesystemmigratesall pagesthatarenot locatedin thenodes
identifiedby themigrationcriterionandproceedsto theexecution
of theseconditeration,whereit checksif pagemigrationreduces
the iterationexecutiontime. If it doesn’t, the pagemigrationsare
rolledback.

In thesecondpairof iterations,theruntimesystemdetectsloadim-
balance,assumingthat theruntimedatadistribution algorithmhas
alreadyoptimizedpageplacementfor maximummemoryaccess
locality. After runningthe loadrebalancingalgorithm,a fourth it-
eration is executedto evaluatewhetherload balancingimproves
performance.In this iteration,theruntimesystemmeasuresexecu-
tion time on a per-loop basis.If the loadbalancingtransformation
slowsdown aloop,thetransformationis rolledbackandtheloopis
scheduledstaticallyin subsequentiterations.A similarschemewas
exploredin theSUIFcompiler[3], to determinethenumberof pro-
cessorsthatmustbeassignedto eachparallelloop for maximizing
its speedupandsequentializeloopsthataretoo fine-grainto worth
parallelization.After the loop transformationsfor rebalancingthe
load arecommittedandif thereis at leastoneloop the iterations
of whichareredistributed,theruntimesystemexecutesa third pair
of probingiterations,to optimizetheplacementof dataaccording
to thenew loop schedules.This stepensuresthattheplacementof
datamatchesthememoryaccesspatternof therebalancedcompu-
tationandcombineseffectively loadbalancingwith memoryaccess
locality.

3.4 A semi-automaticapproach
So far, we have describeda fully automatedprocedurethat uses
a combinationof transparentoptimizationsfor data locality and
loadbalancing.Althoughthememoryaccesslocality optimization
techniqueis highly accurate,thecarefulreaderwill arguethat the
automaticloop redistribution schemepresentedpreviously might
suffer from inaccuracies,primarily becauseit doesnot take into
accountthephysicalpropertiesof thedataspacein theprograms.
This problemcanbe circumventedif the programmercontributes
somedomain-specificknowledgeto theparallelizationprocedure.

Indeed,in the irregular codesusedin this study, the programmer
canutilize anapplication-specificloadbalancingstrategy thattakes
into accountthe irregular structureof the grids. This load bal-
ancingschemeensuresthat processorsworking on grid partitions
closeto thepolesreceive moreiterationsthanprocessorsworking
on grid partitionscloseto the equatorial. The key for exploiting
thisdomain-specificknowledgewithout forcing theprogrammerto
revert to manualdatadistribution, is the ability to implementthe
application-specificloadbalancingschemeandtheassociateddata
mappingschemesimultaneously, usingonlystandardOpenMPpar-
allelizationstructures.

In an OpenMPPARALLEL loop, collocationof threadsanddata
canbeeasilyestablishedbyusingthefirst-touchpageplacemental-
gorithm. Thefirst-touchalgorithmplaceseachpagetogetherwith
the processorthat readsor writes datain the pagefirst during the
courseof execution. To ensurepropercollocation,the pagesthat
containshareddataaccessedduring the loop mustbe invalidated
beforethe executionof the loop, so that the previous locationof
themis discarded.This canbe donetransparentlyin the runtime
system,by having the compiler identify the dataaccessedduring
the loop andusingthemprotect()systemcall to invalidateranges
of the virtual addressspacethat containthis data[15]. With this
simplemodification,thedataaccessedduringtheloopisdistributed
alongwith thedistribution of loop iterations.Having this observa-
tion in mind, the programmercanassignan arbitrarily sizedand
structuredblock of data to a processor, simply by assigningthe
loop iterationsthat accessthis block to the sameprocessorin the
OpenMPPARALLEL loop. In the caseof the irregular kernels
usedin this study, the loop iteration assignmentemulatesas ac-
curatelyaspossibleGEN BLOCK andINDIRECT datadistribu-
tions.

Figure6 illustratesanexampleof how properassignmentof loop
iterationsto processorsimplementsimplicit irregulardatadistribu-
tions,usingthefirst-touchpageplacementalgorithm.Theexample
shows anexcerptfrom thedatatranspositionin theLG kernel. In
this case,ZGL is distributed using a GEN BLOCK distribution
alongits first dimension.Thesizeof eachblock in thisdistribution
is definedby theelementsof anarrayMAPGLA. In otherwords,
MAPGLA(i) containsthenumberof dataelementsassignedto pro-
cessori by the distribution. In order to implementthis distribu-
tion by assigningiterationsto processors,we identify theiterations
that accessthe elementsof the block assignedto eachprocessor
by the GEN BLOCK distribution, asshown in Figure6(b). The
array elementRINDL(J) storesthe iteration of the loop that ac-
cessestheelementsof row INDL(J) of ZGL. Theseelementsmust
be mappedto the processorthat owns INDL(J) accordingto the
ONHOME clause.This is implementedby constructinga mapof
iterationsto processors,which is definedasa two-dimensionalar-
ray MYITER(i,j) , I=1, ����� P, J=1, ����� max(MAPGLA(i)). Theel-
ementsof this arrayaresetwith thecodefragmentshown in Fig-
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!HPF$PROCESSORSPROCS(NPROC),
!HPF$& PROCSAB(NRPOCA,NPROCB)
!HPF$DISTRIBUTE(GEN BLOCK(MAPGLA),
!HPF$& INDIRECT(MAPFLD0))ONTO PROCSAB::ZGL
REAL ZGL(NRPOMAG,NGT0)
!HPF$INDEPENDENT,NEW(JFLD),
!HPF$& ONHOME(ZGL(INDL(J),:)),REUSE(LREUSE)
DO J=1,NGPTOTG

DO JFLD=1,NGT0
ZGL(INDL(J),JFLD)=ZGA(J,JFLD)

ENDDO
ENDDO

(a)

DO J=1,NGPTOTG
RINDL(INDL(J))=J

ENDDO

(b)

!$OMP PARALLEL DO PRIVATE(IAM)
DO IAM=1,OMP GET NUM THREADS()

DO J=1,MAPGLA(IAM)
MYITER(IAM,J)=RINDL(J)

ENDDO
ENDDO

(c)

!$OMP PARALLEL DO PRIVATE(IAM)
DO IAM=1,OMP GET NUM THREADS()

DO J=1,MAPGLA(IAM)
ZGL(MYITER(IAM,J),JFLD)=ZGA(J,JFLD)

ENDDO
ENDDO

(d)

Figure6: Implementing a generalizedblock distrib ution implicitly , by proper assignmentof loop iterations to processors.

ure 6(c). Intuitively, if an element� � is assignedto processorK ,
wefirst find theiteration7 � thataccesses� � , by findingthevalue7 �
thatsatisfies� EDLM� � 7 � �2�=� � . Wethenset N � EDLM� � � � �O�P7 � and
assigniteration7 � to processorK by settingQSR �UTWV N � KX	�Y&�2�P7 �
for some Y�	��<Z[YBZ[Q]\ �
^ ��\ � K�� . Finally, the original loop
is transformedso that eachprocessorexecutesits assignedsetof
iterations,asshown in Figure6(d).

This procedurecan be easily automatedin an extensionof the
SCHEDULE clauseof the OpenMPDO directive. In analogyto
data-parallel directives implemented in variants of HPF, the
SCHEDULE clausemay includea GEN BLOCK(MAP( �`_ � ))
parameteror an INDIRECT(MAP( �/_$E )) parameter. In thefirst
case,element� of the MAP arraycontainsthe sizeof a contigu-
ouschunkof iterationsassignedto processor� . In thesecondcase,
element� of the MAP arraycontainsthe mappingof an element
of a sharedarrayto a processor, alongthe dimensionof thearray
indexed by the index of theparallelizedloop. TheOpenMPcom-
piler shouldinterpretthisasamappingof theiterationthatupdates
this elementto thesameprocessor. We areundergoinganeffort to
formalizetheseextensions.

4. RESULTS
We provide experimentalresultsto illustratethebottomline of our
methodology, i.e. thatourruntimetechniquescanscaleanirregular
OpenMPcodeto performaswell asa well-tunedmessage-passing
counterpart,usingat leastanorderof magnitudelessprogramming
effort.

Weconductedexperimentsona64-processorSGIOrigin2000,with
MIPS R10000processorsrunningat 250MHz. Eachprocessorin
this systemhas32 Kilobytes of split L1 cacheand4 Megabytes
of unifiedL2 cache.Thesystemcontains12 Gigabytesof DRAM
memory, distributeduniformly between32 nodes. The operating
systemof the systemis IRIX 6.5.5. The pagesizeusedfor data
pagesis 16 Kilobytes. The performancemetric usedfor compar-
isonsis the averageexecutiontime per iteration. For the bench-
marksthat useour runtimesystem,the averageis computedover

all theiterationsof theprogram,includingprobingiterations.

It wasour intentionto compareOpenMPwith bothMPI andHPF.
Unfortunately, this was not possiblebecausewe did not have an
HPF compileravailablefor theOrigin2000by the time this paper
was in print. As a rough indicationfor indirect comparisons,we
reportthaton aQuadricsQSWCS2,theHPF+versionsof LG, TS
andSL were26%,55%and12 timesslower thantheMPI versions
respectively [2].

Figure7 shows theexecutiontime per-iterationin the threeirreg-
ular kernels. The codesrequirea numberof processorsequalto
a power of two, thereforewe executedthem on 1, 4, 16 and 64
processors.We ran 100 iterationsfor eachkernel,using the T63
problemsize,whichfits thescaleof thesystemonwhichweexper-
imented.We ranfive versionsof eachcode:a well tunedmanually
parallelizedMPI version,originally developedby theHPF+project
consortium[2] (labelMPI); a hand-parallelizedOpenMPversion,
obtainedby enclosingtheoutermostloopsof thedatatransposition
codewith !$OMPPARALLEL DO directives(labelOpenMP); the
OpenMPversioninstrumentedto useimplicit datadistribution via
dynamicpagemigration(label OpenMP+mig); the OpenMPver-
sioninstrumentedto useimplicit datadistributiontogetherwith our
automaticloadbalancingtransformation(labelOpenMP+mig+lb);
andanOpenMPversionthatusesimplicit datadistributionandload
balancingthroughproperassignmentof loopsiterationsto proces-
sors,asdescribedin Section3.4 (labelOpenMP+semiauto). Note
thattheresultsaredrawn in logarithmicscalefor thesake of read-
ability.

Thescalabilityof LG andSL is satisfactory. LG yieldsa speedup
of morethan32 on 64 processors.SL’s speedupis to someextent
limited by poorlocality in thenearestneighborcomputationsalong
the halo datastructure. TS doesnot scalebeyond 16 processors,
becauseof thegranularityof its parallelloops.

The outcomeof the experimentsis that althoughstraightforward
parallelizationwith OpenMPdirectivesin thesequentialcodepro-
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Figure 7: Execution time per iteration in LG, SL and TS with
alternative OpenMP-basedparallelization methodsand MPI.

ducesparallelcodewhich runsalmosttwo timesslower than the
correspondingMPI code,our runtimetechniquesareableto make
the differencebetweenthe two programmingmodelsimpercepti-
ble in LG andTS,while in SL, theslowdown is reducedby almost
50%.Themediocreperformancein SL is attributedto theinability
of theruntimesystemto reducecommunicationtraffic for theele-

mentsof thehalodatastructure.In theMPI versionof thebench-
mark,thehalois constructedexplicitly andeachprocessorreceives
the exact setof elementsrequiredto performits assignednearest
neighborcomputationbeforethe beginning of the parallelphase.
Precomputingthecommunicationschedulefor thehalominimizes
communicationvolume,while in the parallelphase,eachproces-
sorhastherequiredelementsfrom its neighborslocally available.
On the contrary, in the OpenMPimplementation,the elementsof
thehaloaresharedbetweenprocessorsandtheircoherenceis main-
tainedby thehardwarecachecoherenceprotocolof theOrigin2000.
This implies that the nearestneighborcomputationsof eachpro-
cessorincurprotocol-relatedcommunicationtraffic for maintaining
coherentvaluesof thehaloelementsin thecachesduringtheparal-
lel computation.In otherwords,theOpenMPimplementationdoes
notexploit anoptimizedprecomputedcommunicationschedulefor
thehaloelements,but reliesoncachecoherencefor communicating
implicitly thecorrectvaluesof theseelementsto eachprocessor.

ThedifferencebetweenMPI andOpenMPappearsto bemainlyan
issueof memoryaccesslocality. This conclusionis drawn from
the fact that mostof the reductionin executiontime per iteration
is obtainedfrom usingmemoryaccesstracinganddynamicpage
migrationfor implicit datadistribution (i.e from theOpenMP+mig
version). Load balancingplaysa lesscritical role, althoughit ap-
pearsto benecessaryto matchtheperformanceof MPI. Thesemi-
automaticallyparallelizedOpenMPversionsthat useapplication-
specific load balancingperform better than the versionsthat use
our automaticload balancingheuristic. This is alsoattributedto
datalocality, whichis betterif theloadbalancingprocedureassigns
contiguousratherthanscatteredblocksof iterationsto processors.

Figures8 through10 explain why our pagemigrationengineim-
proves radically the performanceof OpenMP. The chartsshow
histogramsof the numberof memoryaccessesper-node,divided
into local andremoteaccesses.Thepagemigrationalgorithmhas
two importanteffects,which show up in thememoryaccesstraces
of LG andTS.First, it nearlyeliminatesremotememoryaccesses.
Second,it balancesthememoryaccessesamongnodes,thusalle-
viating contention.Thelattereffect is of particularimportancefor
ccNUMA systemsandclusteredarchitectures,becausenodesthat
concentratemore remoteaccessesare likely to suffer from con-
tention at the memorymodulesand network interfaces. Unfor-
tunately, in SL, our runtimeoptimizationmethodsreduceremote
memory accessesonly by 50% and do not alleviate contention.
Onereasonfor this behavior is that the halo datastructureintro-
ducesfalsesharingof dataat thepagelevel (i.e. datathatresidein
the samepageareactively communicatedbetweenprocessorsre-
siding in differentnodes).False-sharingtendsto incur ping-pong
of pagesi.e. pagesbouncebetweentwo or morenodesthat issue
approximatelythe samenumberof remoteaccessesto the pages.
Our runtimesystemfreezesany pagelikely to bouncebetweentwo
nodesmore than once, to compensatefor the unnecessaryover-
head.However, the remotememoryaccessratesto falselyshared
pagesarenotreduced.Thiseffect is exacerbatedby thefactthatthe
Origin2000usesa relatively largepagesize(16 Kilobytes). Other
reasonsthat may explain the performanceof OpenMPin SL are
underinvestigation.

Consideringprogrammingeffort, Figure11shows thecodingover-
head(in lines) of OpenMPand MPI, comparedto the length of
the sequentialcode. We also presentthe overheadof the semi-
automaticallyparallelizedOpenMPversion,sincethis is the one
thatperformsclosestto MPI. As expected,theadditionalcodere-
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Figure8: Per-nodememory accessesof oneiteration in LG, divided into local (gray part) and remote(black part) references.
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effort (linesof code) speedup(on64 procs.) effort/speedup
MPI OpenMP MPI OpenMP MPI OpenMP

LG 3920 262 32.92 30.2 119.1 8.7
SL 2525 227 9.20 5.57 274.5 40.8
TS 3862 155 8.89 8.44 434.42 18.36

Table1: Effort/speedupratio of OpenMP and MPI.
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Figure11: Coding overheadof OpenMP and MPI .

quiredby OpenMPis negligible. In theworstcase,it amountsto a
few directivesandslightly expandedversionsof redistributedpar-
allel loops.Onthecontrary, MPI requiresabout50%morelinesof
code.Weareawareof thefactthatadditionallinesof codemaynot
bea representative metric for programmingeffort, becauseit can-
not capturethecomplexity of programmingtheparallelconstructs.
However, this limitation actuallyfavorsMPI, becausethemessage-
passingversionsrequirea lot moresophisticatedprogrammingfor
communicationpreprocessing.

As anotherindicationof programmingeffort, Table1 reportstheef-
fort/speedupratio for theMPI andtheOpenMP+semiautoversion.
The effort/speedupmetric indicatesthat OpenMPrequiresoneto
two ordersof magnitudelesseffort to obtain92–95%of the MPI
speedupin LG andTSand61%of theMPI speedupin SL.

5. CONCLUSIONS AND FUTURE WORK
We have presenteda simple runtime methodologyfor scalingir-
regular OpenMPcodeswith minimal programmingeffort. The
presentedmethodologyaddressessimultaneouslythe problemsof
load balancinganddatalocality, using inspectionof the runtime
behavior of theprogram.Theruntimesystemcollectsmemoryref-
erencetracesand load indicesper-processorand usesthis infor-
mationto optimizetheprogramon-the-fly, with transparentmech-
anismsandtransformations.Our resultsshow that in two highly
irregularcodes,our runtimeoptimizationsenableOpenMPto per-
form aswell asMPI. This is probablythe first time sucha result
is obtainedwith thestandardOpenMPinterface,moreover, without
significantinvolvementfrom theprogrammer.

Porting our runtime framework to clustersof SMPsis the focus
of futurework. Althoughour generalframework for runtimeopti-
mizationof memoryaccesslocality andloadbalancingis concep-

tually applicableto clustersrunning software distributed shared-
memory, there is a significantamountof effort that needsto be
spenton engineeringthe runtimemechanismsrequiredto imple-
mentmemoryaccesstracing.Sincehardwarepagereferencecoun-
tersarenot availablein clusteredarchitecturesbuilt up from com-
modity components,dynamicmemoryreferencetracinghasto be
portedto software.Althoughremotememoryaccessescanbeeas-
ily interceptedwith relatively low overheadin thecommunication
runtime system,local memory accessescannotbe tracked on a
per-pagebasiswithout introducingunacceptableoperatingsystem
overhead.We investigateworkaroundsfor this problem.Themost
appealingsolutionappearsto betheuseof fine-grainmultithread-
ing andthreadmigrationbasedon remoteaccesstraces,asa sym-
metricalternative to pagemigration[8].

Wealsoexplorethepossibilityof selectingdifferentplacementand
replication/migrationmethodsfor differentdatain theprogram,ac-
cording to their accesspattern. More specifically, we attemptto
useruntimedataaccessinformation,in orderto classifydatainto
datathat concentratean insignificantamountof remoteaccesses
and can thereforebe distributed acrossthe nodesof the cluster,
datathat aremostly read-sharedandcanbe replicatedacrossthe
nodesof the cluster, andirregularly accesseddatathat needto be
kept coherentusing a sophisticatedmigration/replicationmecha-
nism derived from lazy releaseconsistency or othersimilar soft-
wareshared-memoryprotocols[9].
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