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ABSTRACT

Thelong foreseergoal of parallelprogrammingmnodelsis to scale
parallelcodewithoutsignificantprogrammingeffort. Irregularpar

allel applicationsarea particularlychallengingapplicationdomain
for parallel programmingmodels,sincethey requiredomainspe-
cific datadistribution andload balancingalgorithms. Froma per

formanceperspectie, shared-memorynodelsstill fall short of

scaling as well as message-passingodelsin irregular applica-
tions,althoughthey requirelesscodingeffort. We presentsimple
runtimemethodologyfor scalingirregularapplicationgarallelized
with thestandarddpenMPinterface.We claimthatour paralleliza-
tion methodologyrequiresthe minimumamountof effort from the
programmerand prove experimentallythatit is ableto scaletwo

highly irregular codesaswell asMPI, with an orderof magnitude
lessprogrammingeffort. Thisis probablythe first time suchare-

sultis obtainedfrom OpenMR more so, by keepingthe OpenMP
APl intact.

1. INTRODUCTION

Theconvergenceof parallelcomputerarchitectureprovidesacom-
mongroundfor directquantitatve andqualitatve comparisonde-
tweenparallelprogrammingnodels.Althoughcontemporarpigh-
endarchitecturehave physicallydistributedmemoryfor the sale
of scalability they integrateshared-memorgnd message-passing
in a mannerthat enablesefficient implementationsof both pro-
grammingparadigmsProgrammersanusea singlescalableplat-
form, suchasa ccNUMA multiprocessoor a clusterof SMPs,to
reasonaboutthe adwantagesand disadwantagesof different pro-
grammingmodelsin termsof performanceexpressieness,and
portability. This capabilityis valuable asit letsprogrammerseek
thelong pursuedsweet spot of parallelprogrammingthatis, mini-
mizetheeffort requiredto obtaina scalableprogram.

Direct comparisondetweenparallelprogrammingmodelsin sev-
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eralapplicationdomainsindicateinterestingtrendsandtrade-of’s
[4, 5, 16, 19]. Message-passingndsto outperformshared-me-
mory, by giving the programmermpportunitiesto algorithmically
minimize the communicationoverhead. The performancemamgin
betweenthe two programmingmodelsis not prohibitive for us-
ing shared-memoryhough. On the contrary it hasbeenshavn
thatwith ahandfulof manualoptimizationsfor improving memory
accesdocality andload balancing,shared-memoryprogramming
modelscanapproximatethe performancef messaggassingwith
lesscodingeffort [19]. Moving onestepfurther, work from theau-
thorshasshavn thatit is possibleto useflat directive-basedhared
memory parallelismwithout explicit interfacesfor threador data
placementandyet be ableto sustainperformanceasgoodasthat
of message-passing data-paralleimodels,using algorithmsfor
implicit datadistribution atruntime[13, 15] . This result,although
interestingin itself, hasbeenvalidatedonly with regularandem-
barrassinglparallelcodes.

Irregular applicationsare probablythe mostchallengingapplica-
tions for parallel programmingmodels. Theseapplicationshave
two undesirabl@ropertieshatpreventscalability namelyirregular
communicatiorpatternsandload imbalance.The existing experi-
mentalevidencesuggestshatmessag@assings theprogramming
model of choicefor irregular applications,yielding performance
which is typically betweern60% andan orderof magnitudehigher
thantheperformancef shared-memorylata-parallebr hybridim-
plementation®f the sameprogramd4, 16].

Scalingirregularapplicationswith a shared-memorprogramming
paradignto performin parwith implementationsf thesameappli-

cationswith message-passingmainsanopenproblem.Thereare

someimportantstepstaken in this direction, encompassingech-

niguessuch as manualdata placement,datareorderingand dy-

namicsubdvision of the problemspacg6, 12, 19]. Unfortunately

most, if not all, of thesetechniquesare non-portableandrequire
complex codeanddatatransformationshencesignificantprogram-
ming effort. The lack of a systemationethodologyfor applying

thesetransformationss also a concern. It is a major research
challengeto scaleirregular applicationsusingflat directive-based
shared-memonyparallelism, without explicit interfacesfor data
placementthreadplacementpr load balancing.

This paperaddressetheaforementionegroblemandcontritutesa
simpleruntimemethodologyfor scalingiterative irregular parallel



codes usingthe standardunmodifiedOpenMPAPI. Our method-
ology addressesimultaneouslthe problemsof datalocality and
loadbalancingusingruntimeperformancenonitoring. Theideais
to have theruntimesystentape informationthatreflectsaccurately
the dataacces9atternof the programand potentialload imbal-
ance. This information can be usedfor both on-line and off-line
optimization.We usetwo simpleruntimetechniquesmemoryref-
erencetracing combinedwith userlevel dynamicpagemigration
[15], anddynamicredistritution of loopiterations.Bothtechniques
baresimilaritiesto the well-known inspector/gecutormodel[18],
althoughthey arefaster sincethey usehardware countersinstead
of tracescollectedin software. As an alternatve to the automatic
runtimeoptimizationswe presenta simpleschemdor implement-
ing arbitraryirregulardatadistributionsthroughproperdistribution
of theiterationsof OpenMPparallelloops. This schemecanbe ex-
ploitedwhenthe programmecancontritute somedomain-specific
knowledgeto improve dataaccesdocality or loadbalancing.

We ran experimentswith threehighly irregular codesfrom the In-

tegrated ForecastsSystemof the EuropeanCenterfor Medium-
ScaleWeatherForecasting[20]. We parallelizedthe mosttime

consumindoopsof the codeswith OpenMR spendinganeffort of

abouta coupleof hoursperbenchmarkOurexperimentakvidence
shaw thatin two of thethreecodes pur runtimetechnique€nable
OpenMPto performaswell asMPI, while the programmingeffort

to reachthislevel of performanceavith OpenMPis atleastanorder
of magnitudelessthanthe programmingeffort requiredby MPI.

We considerthis resultasthe main contritution of this paper To

the bestof our knowledge thisis thefirst time thatanimplementa-
tion of OpenMPscalesaswell asMPI in irregular codes,without
requiringany modificationsto the OpenMPAPI.

Therestof this paperis organizedasfollows: Section2 describes
theirregularkernelsusedin our study Section3 analyzesurrun-
time optimizationmethodology Section4 reportsexperimentare-
sultsand Section5 concludeghe paperanddiscussesomedirec-
tionsfor futurework.

2. IRREGULAR APPLICATION KERNELS
We usedthree computationakernels(LG, SL and TS) from the
Integrated ForecastingSystem(IFS) of the EuropeanCenterfor
Medium-RangeWeatherForecastf ECMWF) [20]. IFS usesa
spectraforecastmodelfor predictingweatherfor aperiodof up to
10daysaheadThekernelsperformtransposition®f databetween
thethreemain computationaphase®f IFS, namelythe grid-point
spacecomputationthe Fourierspacecomputationandthespectral
spacecomputation. Thesetranspositionsre performedto ensure
thatthecomputationapartsof IFS areexecutedn parallelwithout
interprocessocommunicationDatatranspositionsn the IFS code
canbe implementedwith appropriatedataredistritutions. Unfor-
tunately the grids of the main computationaphase®f IFS cannot
be representedvith regular (e.g. BLOCK or CYCLIC) datadis-
tributions. The physicalspacegrid andthe Fourier spacegrid are
quasi-rgular, becausehe numberof grid points (usedto model
earth)perlatitudeis progressiely reducedvhenmaoving from the
equatoriako the poles. The spectrakpacegrid, whichis produced
from a Legendretransformof the Fourierspacegrid, hasatriangu-
lar shape.

An efficient message-passirijmplementatiorof thesekernelsre-
quiresthe identification of data points that may be accessede-
motely, compilation of messagesendand receve lists basedon
the ownersof remotelyaccessedata,and pre-computingdf com-

IHPF$PROCESSOR$ROCS(NPROC),

IHPF$& PROCSAB(NRPOCA,NPRCB)
IHPF$DISTRIBUTE(GEN.BLOCK(MAPGLA),

IHPF$& INDIRECT(MAPFLDO0)) ONTO PROCSAB::ZGL
REAL ZGL(NRPOMAG,NGTO)
IHPF$DISTRIBUTE(INDIRECT(MAPGP),*)

IHPF$& ONTO PROCS::ZGA

REAL ZGA(NGPTOTG,NGTO)

IHPF$INDEPENDENT NEW(J),REUSE(LREUSE)
DO JFLD=1,NGTO
IHPF$INDEPENDENT
DO JFLD=1,NGTO
DO J=1,NGPDTG
ZGL(INDL(J),JFLD)=ZGA(J,JFLD)
ENDDO
ENDDO
ENDDO

Figure 1: The HPF implementation of the LG kernel.

municationschedules A data-paralleimplementatiorcanbe ob-
tainedwith lesscodingeffort, by computingandreusingcommuni-
cationschedulestruntime[1]. Neverthelessa significantamount
of effort is still requiredto identify the bestdatadistributionsfor
theirregular grids. Previous researcthasshawvn thatthe gridsre-
quire generalizedBLOCK distributions(i.e. distributions of vari-
able sizedcontiguousblocks of grid pointsalongonedimension)
and INDIRECT distributions (i.e. arbitrary distributions of grid
points accordingto an indirection array that mapspointsto pro-
cessors)2].

We provide afew detailsonthe HPFimplementatiorof thekernels
to give thereaderanideaof the programmingmplicationsandthe
implementatioreffort requiredto parallelizethe kernelsefficiently.

ThelLG kernelhandleghetransposition®f databetweerthephys-
ical grid pointspaceandtheFourierspace Thecoreof thekernelin

its HPFimplementations shovn in Figurel. NGTO is thenumber
of fields to be transposedrepresentinglifferentlayersof the at-

mosphereand NGPTOTG is thetotal numberof grid points. The
GEN_.BLOCK distributionalongthefirst dimensionof ZGL copes
with the quasi-rgular structureof the grid by implicitly balancing
thedistribution of computatiorbetweerprocessorghroughtheas-
signmentof more grid pointsto processorsvorking towardsthe
poles.TheINDIRECT distributionsalongthe seconddimensiornof

ZGL andthefirst dimensionof ZGA areusedto reducecommuni-
cationvolume, by ensuringthatgrid pointswith the samevertical
dimensioraremappedo thesameprocessorThe REUSEclausds

usedto computeandsubsequentlyeusethecommunicatiorsched-
ulesimposedby theirregulardatadistributions.

The SL kernelcomputesa trajectoryfrom a grid point backwards
in time and interpolatessomequantitiesat the departureand the
mid pointof thetrajectory usingthesemi-Lagrangiamethod.The
maincomputationathallengen aparallelimplementatiorof SL is
thatcomputingthetrajectoryrequireshateachprocessocollectsa
setof globalgrid pointindicesfrom neighboringprocessorsThese
grid pointsarerepresentethy a compactread-onlydatastructure,
whichis calledahalo. This datastructures updatedat runtimeac-
cordingto thewindslikely to be encountereéh thetrajectory The
coreof the kernelin its HPFimplementatioris shavn in Figure?2.
The halo computations modeledwith an INDIRECT distribution
anda special UPDATE_HALO clause requiredto recomputethe
halo andthe associate@éommunicatiorschedulest runtime. The



IHPF$PROCESSOR$ROCS(NPROC)
IHPF$DISTRIBUTE(INDIRECT(MAPGP
IHPF$& HALO=NSLHALO),"),

IHPF$& ONTO PROCS::ZSL1

REAL ZSL1(NGPTOTG,NFLDSLB1)
IHPF$DISTRIBUTE(INDIRECT(MAPGP),*),
IHPF$& ONTO PROCS::ZSL2

REAL ZSL2(NGPTOTG,NFLDSLB1)

DO I=1,NSTOP
IHPF$UPDATE HALO (ZSL1)

DO JSL=1,ISL
IHPF$INDEPENDENTNEW(J),REDUCTION(ZSL2)
DO JLEV=1,NFLEVG
IHPF$INDEPENDENTNEW(Z1,22,23,24,25,26)
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(NFLEV G,JLEV+1))
Z6=ZSL1(NSLIND(3,J,JSL),MAX(1,JLEM)) +
+ (Z1+Z2+23+724+25+76)/(6.*ISL)
ENDDO
ENDDO
ENDDO

Figure 2: The HPF implementation of the SL kernel.

restof the computationis a simple averagingof neighboringgrid
points.

The TS kernelusesFourier and Legendretransformsto transpose
datafrom the Fourier spaceto the spectralspaceand backwards.
As shavn in Figure3, theHPFimplementationuseSGEN_BLOCK
distributionsto handlethe computationimbalancethat stemsfrom
the quasi-rgular and the triangular grids in the Fourier and the
spectrakpaceespectiely.

3. PARALLELIZING IRREGULAR
KERNELS WITH OPENMP

Our goalis to parallelizetheirregular kernelsusingthe standard,
unmodifiedOpenMPinterfaceand the minimum of programming
effort. In particular we would like to parallelizethe codessim-
ply by enclosinghemosttime-consumingutermosparallelloops
with /$OMP PARALLEL DO directives. We imposea hardcon-
straintontheparallelizatiomrocessthatis, theprogrammeshould
analyzethedataaccesgpatternatmostto theextentthatparalleliza-
tion is determinedThe programmeshouldspendno effort for an-
alyzing the locality of memoryaccesseandthe load distribution
imposedby the dataaccesgattern.Instead the runtimesystemis
engagedo extractaccuraténformationaboutthe dataaccespat-
tern andload imbalanceand usethis informationto optimize the
programin afully- or semi-automatienanner

We begin with a straightforvard loop-basedparallelization, by
identifying parallel loops and selectingthe loops that are coarse
enoughto worth multithreadedxecution. A profile of the sequen-
tial executionof the programis usedto identify theseloops. The
parallelizedoopsarestaticallyscheduledy dividing evenly their
iterationsamongprocessors.We theninstrumentthe programto

!We assumethat an optimized version of the sequentialcodeis
available.

IHPF$PROCESSOR$ROCS(NPROCS)
IHPF$DISTRIBUTE(GEN.BLOCK(MAPGLA),*)
IHPF$& ONTO PROCS::ZREEL

REAL ZREEL(NRPOMAG,KFIELD)
IHPF$DISTRIBUTE(*, GEN.BLOCK(MAPFL))
IHPF$& ONTO PROCS::ZBUFL

REAL ZBUFL(KFIELD,NFTOT2G)
IHPF$DISTRIBUTE(* GEN.BLOCK(MAPFM))
IHPF$ONTO PROCS::ZBUFM

REAL ZBUFM(KFIELD,NFTOT2G)

IHPF$INDEPENDENT,
IHPF$& ONHOME(ZBUFL(;,NPNT0(J))),
IHPF$& NEW(JP), REUSE(LREUSE)
DO J=1,NFIOTG
DO JF=1,KFIELD
ZBUFL(JENPNTO(J))=ZBJEM(JENPNT1(J))
ZBUFL(JENPNTO(J)+1)=ZBJFM(JENPNT1(J)+1)
ENDDO
ENDDO

IHPF$INDEPENDENTNEW/(JF),
IHPF$& ONHOME(ZREEL(NPNTM(J),:)),
IHPF$& REUSE(LREUSE)
DO J=1,NFIOTG
DO JF=1,KFIELD
ZREEL(NPNTM(J),JF)=ZBIFL(JENPNTO(J))
ZREEL(NPNTM(J)+1,JF)=ZBIFL(JENPNTO(J)+1)
ENDDO
ENDDO

IHPF$INDEPENDENTNEW(JFLD),
IHPF$& ONHOME(PREEL(J,:)) REUSE(LREUSE)
DO J=1,NGPDTG
DO JFLD=1,KFIELD
PREEL(J,JFLD)=ZREEL(NPNTL(J),JAR)
ENDDO
ENDDO

Figure 3: The HPF implementation of the TS kernel.

executea few probing iterations.Theseiterationsareusedto iden-
tify two propertiesof the code: the exact memoryaccessattern
andthe loadimbalanceof parallelloops. The requiredinstrumen-
tationis trivial andcanbe automatedn a compileror preprocessor
pass.The instrumentectodeincludescalls to the runtime system
for collecting memoryaccesdracesand a slightly expandedver-
sion of eachparallelloop, usedto collect workload information
andpinpointloadimbalance.Theinformationis collecteddirectly
from hardwarecountersattachedo processorandmemory there-
fore no softwarebookleepingoverheads involved. The proposed
methodologyis upto acertainextentsimilartheinspector/gecutor
model[18], which wasrecentlyappliedin the context of OpenMP
for the parallelizatiorof irregularreductiong10]. Themostimpor-
tantdifferencds thatourinstrumentatiortodeis muchsimplerand
faster It amountgo only afew callsto theruntimesystemfor col-
lectinginformationfrom the hardwarecountersusingstandardized
interfaces.

Runtimeinspectiorof theprogramis followedby asetof optimiza-
tions performedautomaticallyby the runtimesystem.Theruntime
systemappliesimplicit datadistribution using dynamicpagemi-
grationandloop iterationredistritution for the unbalancedoops.
Theseoptimizationsare effectively combinedfor maximizingthe
performanceyain. The optimizationsarealsoself-evaluatedatrun-
time androlled backif they do notappeato improve performance.



CALL UPMLIB_INIT()

CALL UPMLIB_MEMREFCNT(U, SIZE)

CALL UPMLIB_.MEMREFCNT(RHS,SIZE)
CALL UPMLIB_MEMREFCNT(FORCING,SIZE)

DO STEP=1,NITER
CALL COMPUTERHS
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

@)

CALL UPMLIB_INIT()

CALL UPMLIB_.MEMREFCNT(U,SIZE)

CALL UPMLIB_.MEMREFCNT(RHS,SIZE)
CALL UPMLIB_MEMREFCNT(FORCING,SIZE)

DO STEP=1,NITER
CALL COMPUTERHS
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)

Figure 4: Using pagemigration 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
memoryreferencesand applyingan intelligent dynamicpagemi-
gration algorithmwas recently explored by the authors[13, 15].
The key conceptis to take snapshot®f the memoryaccesgrace
of the programatanexecutionpointwherethetracecorrespondso
theexactmemoryreferencepatternof theenclosedarallelcompu-
tation. In iterative parallelcodes this snapshotanbe retrieved at
the endof oneiteratiorf. Usingthis snapshotthe runtimesystem
canrelocatepagessothateachprocessofindslocally the datathat
it accessemorefrequently no matterhow datais initially placed
in memoryby the operatingsystem.

Runtimedatadistribution is appliedusinginstrumentatiorof the
natve OpenMPcode.Thecodeinsertedo theprograminvokesthe
runtimesystemnto retrieve snapshotsf the pagereferenceounters
andapplypagemigrationalgorithmsusingthesesnapshotasanin-
dicationof thememoryaccesgattern.Thesnapshotareretrieved
atspecificpointsof execution eitherfor theentireaddresspacepr
for regionsof the addresspacewhich arelikely to incur frequent
remotememoryaccesses.

The runtime datadistribution algorithm ensuresaccurag, timeli-
nessand good amortizationof the overheadof datamovement.
Thesethreerequirementsare met becausehe runtime systemre-
trievessnapshotsf the hardwarecountershatreflectthe memory
accessatternwith high accurag, shortly after the beginning of
execution. Dueto theiterative structureof the codes thesesnap-

2We have taken several stepsto relax the constraintof optimizing
only iterative codes,but the relatedissuesare out of the scopeof
this paper

shotsindicateaccuratelywhich processoaccessesachpagemore
frequentlythroughoutthe executionof the program. Using these
snapshotsa competitve pagemigrationalgorithmis ableto move
eachpageto the nodethat minimizesthe numberof remotemem-
ory accesset the page.The pagemigrationalgorithmof our run-
time systemusesa criterionthatconsidershe numberof accesses
per node, an estimationof latengy per accessand potentialcon-
tentionat memorymodules. This criterion migratespagesso that
thelateng, ratherthanthe number of remotememoryaccesseto
eachpageis minimized. Thecriterionis self-evaluated py measur
ing the numberandlateng of remotememoryaccessesn a per
iterationbasis.Pagemigrationsthatdo notimprove eitherof these
two performancdactorsarerolled backby theruntimesystem.

Figure4 shavs how aniterative programis instrumentedvith calls
to our runtime system(prefixed with upmlib.) to implementrun-
time datadistribution andredistritution algorithms. Earlier publi-
cations[14, 15] provide moredetailson this methodology

Memory referenceracinganddynamicpagemigrationis the first
transparenoptimizationthatwe applytoirregularcodes.Thetech-
niqueis expectedo be effective, becausehe runtimesystemis the
only entity thatcaninfer preciselytheaccespatternto datablocks
in memory No regulardistribution of datais appropriatdor irreg-
ular codesywhile sophisticatedombinationf staticirregulardis-
tributions—suchasvariable-sizedlock or indirectdistributions—
may be lesseffective than expected becauseadatais actually dis-
tributed at pageratherthan element-lgel granularity Insteadof
having the programmeranalyzethe data accesspatternand im-
plementa possiblycomplex datadistribution schemewe have the
runtime systeminfer the accesgatternandimplementdatadistri-
bution implicitly, accordingto an accuratecost-efectivenesscri-
terion. A similar approachwastakenin [11], to implementadap-



I$OMP PARALLEL

IF (INSTRUMENT .EQ.1) THEN
IAM=OMP_GET_.THREAD_NUM()
CALL START_FLOP.COUNTER(IAM)

ENDIF

I$OMP DO

DO M=1,N
LOOPBODY

END DO

IF (INSTRUMENT .EQ.1) THEN
CALL STOP.FLOP.COUNTER(IAM)
INSTRUMENT =0

ENDIF

I$OMP END PARALLEL

@

NPROC=OMP.GET.NUM_THREADS()
I$OMP PARALLEL
I$OMP DO
DO I=1,NPROC
DO J=1,NPROC
DO K=1,NC(1,J)
M =C(1,J,K)
LOOPBODY
ENDDO
ENDDO
ENDDO
ISOMP END PARALLEL

(b)

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

tive dataplacemenin softwaredistributedsharednemorysystems,
for applicationsn which compileranalysisor predeterminediata
distribution schemesreinadequatdor optimizingmemoryaccess
locality.

In our framework, theruntimesystemcapturegheirregularitiesof
theaccespatternandplacepagesstrictly on athread-to-dataffin-
ity basis,unlessthe memoryaccessatternis so unbalancedin
termsof memoryaccesseger node), that the locality-baseddis-
tribution of pagesntroducesmemorypressurendexcessve con-
tention. Althoughwe have not quantifiedthis problem,we planto
addresst, giventhatit occursfrequentlyin irregularcodes.

3.2 Loop iteration redistribution

Our runtime data distribution methodis effective in localizing
memoryaccessebut is not suficient for balancingthe workload
assignedo eachprocessor Load imbalanceis a characteristiof
irregular parallelcodes becausehe grids usedto modelthe prob-
lem in thesecodeshave alwayssomesortof physicalirregularity,
which males certainregions of them denselypopulatedby data
pointsandotherregionsof themsparselypopulatecby datapoints.

Theideabehindour runtimeloopiterationredistritutiontechnique
is to dynamicallybalanceanunbalancegbarallelloop by normaliz-
ing thechunksof iterationsassignedo eachprocessoaccordingo
ametricof loadimbalance A similarideawasexploredin [7, 17]
to balancethe load on networks of workstationsrunning software
distributedsharedmemorymiddlevare. The main differencewith
our work is that the authorsof [7, 17] usedcompiler analysisto
infer the memoryaccesgatternof the programanddrive theload
balancinganddatalocality transformationgppliedby the runtime
systemwhile our framework reliessolelyoninformationcollected
at runtimefor boththe memoryaccesgatternandthe load distri-
bution of the program.

Theconstrainthatwe posein ourautomatidoadbalancingnethod
is that the scheduleobtainedfor a loop after rebalancingts load
mustbe reusablemeaningthat eachprocessoshouldexecutethe
sameset of iterationsevery time the loop is executed. Iteration
schedulereuseimplies datareuse,which is critical for exploit-
ing locality at all levels of the memoryhierarchy It is possible
to usea single reusablescheduleacrossmultiple loops with the
sameloadimbalancecharacteristicsNote thatthe requirementor
areusablaterationschedulemakesit impracticalto usea dynamic

work-queuebasedschedulingalgorithm (such as forms of self-

scheduling) sincethe non-deterministiorder of synchronization
eventsin thesealgorithmscannotguarantea repeatableschedule.
A workaroundfor this problemis to useloop schedulememoiza-
tion, thatis, recorda dynamicloop schedulethat achiezes good

loadbalanceat runtimeandreuseit by constructinga staticsched-
ule thatassignghe samechunksof iterationsandin the sameorder

asin therecordeddynamicschedule.

We measurdoad imbalanceon a perloop basisasshavn in Fig-
ure5. During oneprobingiteration,we instrumenparallelloopsto
measurehe numberof floating point operationsexecutedby each
processaorEachthreadmaintainsa privateflop counterandthe dif-

ferencein the numberof flops executedby differentprocessorss

usedasthe metricof loadimbalancgFigure5(a)).

Load balancingcan be an extraordinarily comple problem,even
for the symmetriccaseof two processorsWe adopta simpleal-
gorithm. For eachprocessoii,z = 1... P, we computethe flop
equialentof oneiteration,denotedas FLPI(¢). Let FLOP(3)
be the numberof flops executedby processog in theloop. Since
theloopis initially scheduledstatically FLPI(i) = ZFLOP@,
The numberof floating point operationsexecutedby the proces-
soris measuredy readingthe processos hardware performance
counterthattalliesthe numberof graduatedloating point instruc-
tions. The algorithmtransfersthe flop equivalentof oneiteration
from themostloadedto theleastloadedprocessorepeatedlyuntil
max F'LOP (i) cannot be furtherreduced.For eachprocessot,
werecordeveryiterationtransferredo ¢ andconstructP—1 chunks
Ci;, 3 =1...P,j # i, eachchunkcontainingtheiterationstrans-
ferred from processorj to processor. Chunk C;; containsthe
iterationsinitially assignedo processor by the static schedule
(i.e.iterations(i — 1) % ...4%), minusthe iterationstransferred
to otherprocessorgi.e. | JCji,j = 1...P,j # 7). Theinitially
unbalancedbop is transformedsothateachprocessoexecuteshe
P chunksof iterationsC;;,j = 1... P, asshovn in Figure5(b).
The chunksare storedassimplelinearvectorsof sizeequalto the
populationof eachchunk(NC};) for corvenience.

The instrumentatiorpassemits both the statically scheduledand
the rebalancedrersionof theloop. In the rebalancedrersion,the
vectorsC;j,i # j areinitially empty while the vectorsC;; con-
tain the iterationsassignedo processor by the static schedule.
Theloadbalancingalgorithmrunsbetweerthefirst andthe second



iteration of the parallel program. The selectionbetweenthe two
versionsof the loop in subsequeniterationsis donewith a condi-
tional, which is setto trueif thefirst iterationdetectghatthe loop
is unbalancedA booleanvariable(INSTRUMENT) is usedto de-
activatetheflop countersafterthefirst iteration,in casetheloopis
notrebalancedby theruntimesystem.Thedravbackof thissimple
implementationis thatit mightcausecodeexplosion,particularlyif
mostof thecodeis enclosedvithin OpenMPPARALLEL regions.

3.3 Combining runtime datadistrib ution with

load balancing
The two optimizationspresentedreviously are evaluatedby the
runtime systemat executiontime. The runtime systemcompares
the effectivenessof loop load balancingand implicit datadistri-
bution by measuringhe actualexecutiontime of loopsin two it-
erationsandrolls back ary transformationthat doesnot improve
performance.

The runtime systemis also coping with the fact that the two op-
timizations may work in an antagonisticnanney if they are not
combinedeffectively. This happendecausehe redistritution of
loop iterationschangeshe memoryaccesgpatternof the program,
thusmaking ary previously establishedlistribution of dataobso-
lete. The solutionwe adoptis to run the probingiterationsfor load
balancingusingdifferentoptimizeddatadistributionsfor statically
scheduledand dynamically rebalancedoops, and selectthe best
performingcombinationbasedon the absolutemetric of execution
time.

More specifically the runtime systemoptimizesmemoryaccesses
andtreatsloadimbalancan thefirst threepairsof iterationsof the
parallelcomputationIn thefirstiteration,all parallelloopsarestat-
ically schedulechndat the endof theiterationthe runtimesystem
recordsa snapshobf the memoryaccesgraceof the program,by
readingthe pagereferencecounters.Using this snapshotthe run-
time systemidentifiesthe bestlocationfor eachpagebelongingto
adistributedarray in termsof remotememoryaccesdateny. The
runtimesystemmigratesall pageghatarenotlocatedin thenodes
identifiedby the migrationcriterion andproceedsgo the execution
of the seconditeration,whereit checksif pagemigrationreduces
the iterationexecutiontime. If it doesnt, the pagemigrationsare
rolled back.

In thesecondpair of iterations theruntimesystendetectdoadim-
balance assuminghatthe runtimedatadistribution algorithmhas
alreadyoptimized pageplacementfor maximummemoryaccess
locality. After runningthe load rebalancingalgorithm,afourth it-
erationis executedto evaluatewhetherload balancingimproves
performanceln thisiteration,theruntimesystemmeasuregxecu-
tion time on a perloop basis.If the load balancingtransformation
slows down aloop, thetransformations rolled backandtheloopis
scheduledtaticallyin subsequeriterations.A similarschemevas
exploredin the SUIF compiler[3], to determinghenumberof pro-
cessorghatmustbe assignedo eachparallelloop for maximizing
its speedumndsequentializéoopsthataretoo fine-grainto worth
parallelization. After the loop transformationgor rebalancinghe
load are committedandif thereis at leastoneloop the iterations
of which areredistrituted,the runtimesystemexecutesa third pair
of probingiterations,to optimizethe placemenbf dataaccording
to thenew loop schedulesThis stepensureghatthe placemenbf
datamatcheshe memoryaccesgatternof therebalancedompu-
tationandcombinegffectively loadbalancingwvith memoryaccess
locality.

3.4 A semi-automaticapproach

So far, we have describeda fully automatedorocedurethat uses
a combinationof transparenpptimizationsfor datalocality and
loadbalancing.Althoughthe memoryaccesdocality optimization
techniqueis highly accuratethe carefulreademwill amguethatthe

automaticloop redistribution schemepresentedoreviously might

suffer from inaccuraciesprimarily becauseat doesnot take into

accountthe physicalpropertiesof the dataspacein the programs.
This problemcanbe circumwentedif the programmercontritbutes
somedomain-specifiknonledgeto the parallelizationprocedure.

Indeed,in the irregular codesusedin this study the programmer
canutilize anapplication-specifitbadbalancingstratey thattakes
into accountthe irregular structureof the grids. This load bal-

ancingschemeensureghat processorsvorking on grid partitions
closeto the polesreceve moreiterationsthanprocessorsvorking

on grid partitionscloseto the equatorial. The key for exploiting

this domain-specifiknowvledgewithoutforcing theprogrammeto

revert to manualdatadistribution, is the ability to implementthe

application-specifitoad balancingschemeandthe associatedlata
mappingschemeimultaneouslyusingonly standarddpenMPpar

allelizationstructures.

In an OpenMPPARALLEL loop, collocationof threadsanddata
canbeeasilyestablishedy usingthefirst-touchpageplacemenal-

gorithm. Thefirst-touchalgorithmplaceseachpagetogethemwith

the processothat readsor writes datain the pagefirst duringthe

courseof execution. To ensurepropercollocation,the pagesthat
containshareddataaccessedluring the loop mustbe invalidated
beforethe executionof the loop, so that the previous location of

themis discarded.This canbe donetransparentlyin the runtime
system,by having the compileridentify the dataaccessedluring

the loop and usingthe mprotect()systemcall to invalidateranges
of the virtual addressspacethat containthis data[15]. With this

simplemaodification thedataaccesseduringtheloopis distributed
alongwith thedistribution of loop iterations.Having this obsenra-

tion in mind, the programmercan assignan arbitrarily sizedand
structuredblock of datato a processqrsimply by assigningthe

loop iterationsthat accesghis block to the sameprocessoin the

OpenMPPARALLEL loop. In the caseof the irregular kernels
usedin this study the loop iteration assignmenemulatesas ac-

curatelyaspossibleGEN.BLOCK and INDIRECT datadistribu-

tions.

Figure6 illustratesan exampleof how properassignmenof loop
iterationsto processorgmplementdamplicit irregulardatadistribu-
tions,usingthefirst-touchpageplacemenalgorithm. Theexample
shavs an excerptfrom the datatranspositiorin the LG kernel. In
this case,ZGL is distributed usinga GEN_BLOCK distribution
alongits first dimension.Thesizeof eachblockin this distribution
is definedby the elementsf anarray MAPGLA. In otherwords,
MAPGLA(i) containghenumberof dataelementassignedo pro-
cessori by the distribution. In orderto implementthis distribu-
tion by assigningterationsto processorsye identify theiterations
that accesshe elementsof the block assignedo eachprocessor
by the GEN_.BLOCK distribution, asshavn in Figure6(b). The
array elementRINDL(J) storesthe iteration of the loop that ac-
cesseshe elementof row INDL(J) of ZGL. Theseelementsmust
be mappedto the processotthat owns INDL(J) accordingto the
ONHOME clause.This is implementediy constructinga mapof
iterationsto processorswhich is definedasa two-dimensionabr-
ray MYITER(i,j), I=1, ... B J=1,... max(MAPGLA(i)). Theel-
ementsof this arrayare setwith the codefragmentshavn in Fig-



IHPF$PROCESSORSROCS(NPROC),
IHPF$& PROCSAB(NRPOCA,NPRCB)
IHPF$DISTRIBUTE(GEN.BLOCK(MAPGLA),

IHPF$& INDIRECT(MAPFLDO0)) ONTO PROCSAB::ZGL

REAL ZGL(NRPOMAG,NGTO)
IHPF$INDEPENDENTNEW(JFLD),

IHPF$& ONHOME(ZGL(INDL(J),:)), REUSE(LREUSE)

DO J=1,NGPDTG
DO JFLD=1,NGTO
ZGL(INDL(J),JFLD)=ZGA(J,JFLD)
ENDDO
ENDDO

(@)

ISOMP PARALLEL DO PRIVATE(IAM)
DO IAM=1,0MP-GET.NUM_THREADS()
DO J=1,MAPGLA(IAM)
MYITER(IAM,J)=RINDL(J)
ENDDO
ENDDO

(©

DO J=1,NGPDTG
RINDL(INDL(J))=J
ENDDO

(b)

I$OMP PARALLEL DO PRIVATE(IAM)
DO IAM=1,0MP_GET_-NUM_THREADS()

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

ENDDO

(d)

Figure 6: Implementing a generalizedblock distrib ution implicitly , by proper assignmentof loop iterations to processors.

ure 6(c). Intuitively, if an element:; is assignedo processomp,
wefirstfind theiterationj; thataccesses , by findingthevaluej;
thatsatisfiess NDL(j1) = i1. WethensetRINDL(i1) = ji and
assigniterationji to processop by settingMY ITER(p, k) = j1
for somek,1 < k < MAPGLA(p). Finally, the original loop
is transformedso that eachprocessoexecutesits assignedset of
iterations,asshavn in Figure6(d).

This procedurecan be easily automatedin an extensionof the

SCHEDULE clauseof the OpenMPDO directive. In analogyto

data-parallel directives implementedin variants of HPF, the

SCHEDULE clausemay include a GEN.BLOCK(MAP(1 : P))

parameteor an INDIRECT(MAP(1 : N)) parameterin thefirst

case,element; of the MAP array containsthe size of a contigu-
ouschunkof iterationsassignedo processog. In thesecondcase,
element:i of the MAP array containsthe mappingof an element
of a sharedarrayto a processqralongthe dimensionof the array
indexed by theindex of the parallelizedioop. The OpenMPcom-

piler shouldinterpretthis asa mappingof theiterationthatupdates
this elementto the sameprocessorWe areundegoing aneffort to

formalizetheseextensions.

4. RESULTS

We provide experimentakesultsto illustratethe bottomline of our
methodologyi.e. thatourruntimetechniquesanscaleanirregular
OpenMPcodeto performaswell asa well-tunedmessage-passing
counterpartusingatleastanorderof magnituddessprogramming
effort.

We conductedxperimentna64-processoBG1Origin2000 with
MIPS R10000processorsunningat 250 MHz. Eachprocessoin
this systemhas 32 Kilobytes of split L1 cacheand 4 Megabytes
of unified L2 cache.The systemcontainsl2 Gigabytesof DRAM
memory distributed uniformly between32 nodes. The operating
systemof the systemis IRIX 6.5.5. The pagesize usedfor data
pagesis 16 Kilobytes. The performancenetric usedfor compar
isonsis the averageexecutiontime per iteration. For the bench-
marksthat useour runtime system,the averageis computedover

all theiterationsof the program,including probingiterations.

It wasour intentionto compareOpenMPwith bothMPI andHPFE

Unfortunately this was not possiblebecauseve did not have an
HPF compileravailablefor the Origin2000by the time this paper
wasin print. As aroughindicationfor indirect comparisonsye

reportthaton a QuadricsQSW CS2,theHPF+versionof LG, TS

andSL were26%,55%and12 timesslower thanthe MPI versions
respectiely [2].

Figure 7 shavs the executiontime periterationin the threeirreg-
ular kernels. The codesrequirea numberof processorgqualto
a power of two, thereforewe executedthemon 1, 4, 16 and 64
processorsWe ran 100 iterationsfor eachkernel, usingthe T63
problemsize,whichfits the scaleof the systemonwhich we exper
imented.We ranfive versionsof eachcode:awell tunedmanually
parallelizedVPI version,originally developedby the HPF+project
consortium[2] (label MPI); a hand-parallelizeddpenMPversion,
obtainedby enclosinghe outermostoopsof the datatransposition
codewith !$OMP PARALLEL DO directives(labelOpenMB; the
OpenMPversioninstrumentedo useimplicit datadistribution via
dynamicpagemigration (label OpenMP+mig; the OpenMPver-
sioninstrumentedo useimplicit datadistributiontogethemvith our
automatidoadbalancingransformatior(label OpenMP+mig+Ib,
andanOpenMPversionthatusesgmplicit datadistributionandload
balancingthroughproperassignmenbf loopsiterationsto proces-
sors,asdescribedn Section3.4 (label OpenMP+semiaujo Note
thattheresultsaredravn in logarithmicscalefor the sale of read-
ability.

The scalabilityof LG andSL is satishctory LG yieldsa speedup
of morethan32 on 64 processorsSL's speedups to someextent
limited by poorlocality in thenearesheighborcomputationslong
the halo datastructure. TS doesnot scalebeyond 16 processors,
becausef the granularityof its parallelloops.

The outcomeof the experimentsis that althoughstraightforvard
parallelizatiorwith OpenMPdirectivesin the sequentiatodepro-
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Figure 7: Executiontime per iteration in LG, SL and TS with
alternative OpenMP-basedparallelization methodsand MPI.

ducesparallel codewhich runs almosttwo timesslower thanthe
correspondindvIPl code,our runtimetechniquesreableto make
the differencebetweenthe two programmingmodelsimpercepti-
blein LG andTS,while in SL, theslovdown is reducecby almost
50%. Themediocreperformancen SL is attributedto theinability
of theruntimesystemto reducecommunicatiortraffic for the ele-

mentsof the halo datastructure.In the MPI versionof the bench-
mark,thehalois constructedxplicitly andeachprocessoreceves
the exact setof elementgequiredto performits assignechearest
neighborcomputationbeforethe beginning of the parallelphase.
Precomputinghe communicatiorscheduldor the halominimizes
communicationvolume, while in the parallel phase gachproces-
sor hasthe requiredelementdrom its neighbordocally available.
On the contrary in the OpenMPimplementationthe elementsof
thehaloareshareetweerprocessorandtheircoherencés main-
tainedby thehardwarecachecoherencgrotocolof theOrigin2000.
This implies that the nearesheighborcomputationsof eachpro-
cessoincurprotocol-relatedommunicationraffic for maintaining
coherenvaluesof thehaloelementsn thecachegluringtheparal-
lel computationln otherwords,the OpenMPimplementatiordoes
notexploit anoptimizedprecomputedommunicatiorschedulgor
thehaloelementsbut reliesoncachecoherencéor communicating
implicitly the correctvaluesof theseelementgo eachprocessor

ThedifferencebetweernMPl andOpenMPappeardo bemainly an
issueof memoryaccesdocality. This conclusionis dravn from
the fact that mostof the reductionin executiontime per iteration
is obtainedfrom usingmemoryaccesgracingand dynamicpage
migrationfor implicit datadistribution (i.e from the OpenMP+mig
version). Load balancingplaysa lesscritical role, althoughit ap-
pearsto be necessaryo matchthe performancef MPI. The semi-
automaticallyparallelizedOpenMPversionsthat use application-
specificload balancingperform betterthan the versionsthat use
our automaticload balancingheuristic. This is alsoattributedto
datalocality, whichis betterif theloadbalancingprocedureassigns
contiguougatherthanscatteredlocksof iterationsto processors.

Figures8 through10 explain why our pagemigrationengineim-
proves radically the performanceof OpenMP The chartsshav
histogramsof the numberof memoryaccessepernode,divided
into local andremoteaccessesThe pagemigrationalgorithmhas
two importanteffects,which shav up in the memoryaccessraces
of LG andTS. First, it nearlyeliminatesremotememoryaccesses.
Second,t balanceghe memoryaccesseamongnodes thusalle-
viating contention.The latter effect s of particularimportancefor
ccNUMA systemsandclusteredarchitecturesbecausaodesthat
concentratamore remoteaccessesire likely to suffer from con-
tention at the memory modulesand network interfaces. Unfor-
tunately in SL, our runtime optimizationmethodsreduceremote
memory accesse®nly by 50% and do not alleviate contention.
Onereasonfor this behaior is that the halo datastructureintro-
ducesfalsesharingof dataat the pagelevel (i.e. datathatresidein
the samepageare actively communicateetweenprocessorse-
siding in differentnodes). False-sharingendsto incur ping-pong
of pagesi.e. pagesbouncebetweentwo or more nodesthatissue
approximatelythe samenumberof remoteaccesseto the pages.
Ourruntimesystenfreezesary pagelik ely to bouncebetweertwo
nodesmore than once,to compensatdor the unnecessarypver
head. However, the remotememoryaccessatesto falselyshared
pagesarenotreducedThiseffectis exacerbatedby thefactthatthe
Origin2000usesarelatively large pagesize (16 Kilobytes). Other
reasonghat may explain the performanceof OpenMPin SL are
underinvestigation.

Consideringorogrammingeffort, Figurell shavs thecodingover
head(in lines) of OpenMPand MPI, comparedto the length of
the sequentialcode. We also presentthe overheadof the semi-
automaticallyparallelizedOpenMPversion,sincethis is the one
that performsclosestto MPI. As expected the additionalcodere-
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effort (linesof code)

speedugon 64 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 2745 40.8

TS | 3862 155 8.89

8.44 434.42| 18.36

Table 1: Effort/speedupratio of OpenMP and MPI.
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Figure 11: Coding overhead of OpenMP and MPI.

quiredby OpenMPis nggligible. In theworstcasejt amountgo a
few directivesandslightly expandedversionsof redistrituted par
allel loops.Onthecontrary MPI requiresabout50% morelines of
code.We areawareof thefactthatadditionallinesof codemaynot
be a representadie metric for programmingeffort, becauset can-
not capturethe compleity of programminghe parallelconstructs.
However, thislimitation actuallyfavorsMPI, becaus¢he message-
passingversionsrequirealot moresophisticateghrogrammingfor
communicatiorpreprocessing.

As anotheiindicationof programmingeffort, Tablel reportstheef-
fort/speedupatio for the MPI andthe OpenMP+semiauteersion.
The effort/speedupmetric indicatesthat OpenMPrequiresone to
two ordersof magnituddesseffort to obtain 92—95%of the MPI

speedupn LG andTS and61%of the MPI speedupn SL.

5. CONCLUSIONS AND FUTURE WORK

We have presenteda simple runtime methodologyfor scalingir-
regular OpenMP codeswith minimal programmingeffort. The
presentednethodologyaddressesimultaneouslythe problemsof
load balancingand datalocality, usinginspectionof the runtime
behaior of the program.Theruntimesystemcollectsmemoryref-
erencetracesand load indices perprocessorand usesthis infor-
mationto optimizethe programon-the-fly with transparentech-
anismsand transformations.Our resultsshav thatin two highly
irregularcodesour runtimeoptimizationsenableOpenMPto per
form aswell asMPI. Thisis probablythe first time sucha result
is obtainedwith the standarddpenMPinterface , morewer, without
significantinvolvementfrom the programmer

Porting our runtime frameawvork to clustersof SMPsis the focus

of futurework. Althoughour generafframevork for runtimeopti-
mizationof memoryaccesdocality andload balancingis concep-
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tually applicableto clustersrunning software distributed shared-
memory thereis a significantamountof effort that needsto be

spenton engineeringthe runtime mechanismsequiredto imple-

mentmemoryaccesdracing. Sincehardwarepagereferenceoun-

tersarenot availablein clusteredarchitecturesuilt up from com-

modity componentsgdynamicmemoryreferencdracinghasto be

portedto software. Althoughremotememoryaccessesanbe eas-
ily interceptedwith relatively low overheadn the communication
runtime system,local memory accessegannotbe tracked on a

perpagebasiswithout introducingunacceptableperatingsystem
overhead We investigatevorkarounddor this problem.The most

appealingsolutionappeargo be the useof fine-grainmultithread-
ing andthreadmigrationbasedon remoteaccesgsracesasa sym-

metricalternatve to pagemigration[8].

We alsoexplorethepossibility of selectingdifferentplacemenand
replication/migrationmethoddor differentdatain theprogramac-
cordingto their accesgattern. More specifically we attemptto
useruntimedataaccessnformation,in orderto classify datainto
datathat concentratean insignificantamountof remoteaccesses
and can thereforebe distributed acrossthe nodesof the cluster
datathat are mostly read-share@nd can be replicatedacrossthe
nodesof the cluster andirregularly accessedatathat needto be
kept coherentusing a sophisticatednigration/replicationmecha-
nism derived from lazy releaseconsisteng or other similar soft-
wareshared-memorprotocols[9].
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