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ABSTRACT

Much effort hasbeendevotedrecentlyto efficiently parallelizeir-
regularreductions.In this paper parallelizingtechniquedor these
computationsaareanalyzedn termsof threeperformanceaspects:
parallelism, datalocality and memory overhead. Theseaspects
have a stronginfluencein the overall performanceand scalability
of the parallelcode. We will discusshow the parallelizationtech-
niquesusuallytry to optimize someof theseaspectswhile miss-
ing the other(s). We will shaw thatby combiningcomplementary
techniquesve canimprove the overall performance/scalabilitpf
the parallelirregular reduction,obtainingan effective solutionfor
large problemson large machines.Specifically a combinationof
arrayexpansiorandalocality-orientedmethod(DWA-LIP), named
partial array expansion,is introduced. An implementatiorof the
proposednethodis discussedshaving thatthetransformatiorthat
thecompilermustapplyto theirregularreductioncodeis notexces-
sively comple. Finally, themethods analyzecandexperimentally
evaluated.

1. INTRODUCTION

Marny scientific/engineeringpplicationsare basedon comple
datastructureghatintroduceirregularmemoryaccesgatterns.in
general,automaticparallelizersobtain sub—optimabparallelcodes
fromthoseapplicationsastraditionaldatadependencanalysisand
optimizationtechniquesare precluded.Run—timetechniqueshave
beenproposedn theliteratureto supportthe parallelizationof ir-
regularcodes|ik e thosebasedn theinspectorexecutorparadigm
[10], or the speculatie executionof loopsin parallel[11].

Reductionoperationgepresenan exampleof complex compu-
tational structure,frequentlyfound in the core of mary irregular
numericalapplications.The importanceof theseoperationgo the
overall performanceof the applicationshasinvolved much atten-
tion from compilerresearcherdn fact,numeroudechniquehave
beendevelopedand,someof themimplementedn contemporary
parallelizers,to detectand transforminto efficient parallel code
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integer f1(fDim), f2(fDim ), ...
real A(ADIm)

, fn(fDim)

doi =1,fDim
Calculate &1,&5,...,&n
A(fL())=A(fL(i ) @ &1
A(f2(i))=A(f2(i)) @ &2

Afn(i)=AM(i) & &
enddo

Figure 1: A loop with multiple reductions

thoseoperations.

In this paper we analyzethe techniquesproposedn the liter-
atureto parallelizeirregular reductionsin termsof three perfor
manceaspects:parallelism,datalocality and memoryoverhead.
Theseaspectshave a stronginfluencein the overall performance
and scalability of the parallel reductioncode. We will discuss
how the parallelizationtechniquesusually try to optimize one or
two of the abore-mentionedaspectsmissingthe other(s).Thatis,
the parallel codeis usually not optimal in termsof both perfor
manceandscalability In fact, we may distinguishtwo cateyories
of methods parallelism-orientedtechniquesand locality-oriented
techniques beingthe formertypically lessscalablethanthe latter.
We will shav that we can combinein a naturalway techniques
from both categories,with theaim of improving the overall perfor
mance/scalabilityf the parallelirregular reduction. Specifically
a combinationof array expansionand a locality-orientedmethod
resultsin a techniquepartial array expansionwherethe overall
scalability is improved (memoryoverheadis reduced)while data
locality andparallelismarehighly exploited.

2. PARALLELISM, DATA LOCALITY AND
MEMORY OVERHEAD

We consideiin this paperthegenerakaseof aloopwith multiple
reductions,asshavn in Fig. 1 (the caseof multiply nestedoops
is not relevant for our discussion). A() representghe reduction
array (that could be multidimensional) which is updatedthrough
multiple subscriptarraysf1(), f2(), ...,fn(). Dueto theloop-variant
natureof the subscriptarrays,loop-carrieddependencemay be
presentandcanonly bedetectedat run—time.



2.1 Reduction Parallelization Techniques

Differentspecificsolutionsto parallelizeirregularreductionsn
a sharedmemorymodelhave beenproposedn the literature. We
may classifytheminto two categories: parallelism-orientedtech-
niques(POT) andlocality-orientedtechniquesLOT). Thereis also
the simplesolutionbasedon critical sectionswherethe reduction
loopis executedfully parallelby justenclosingthe accesseto the
reductionarrayin acritical section.

ThePOT catgyoryincludestwo importantmethodsOnemethod
(replicatedbuffer) replicatesprivate copiesof the reductionarray
on all threads. Other method (array expansion expandsthe re-
ductionarrayby the numberof parallelthreads.Thesetechniques
transformghereductionloopinto afully parallelone(parallelism-
oriented). However, they have scalability problemsfor large data
setsdueto thefull privatizationof thereductionarrayonall threads

Methodsin the LOT catayory avoid the privatizationof the re-
ductionarrayby the introductionof aninspectorwhosenet effect
is the reorderingof the reductionloop iterations(throughthe re-
orderingof thesubscriptrrays).In addition,thisreorderings also
usedto exploit data(referencejocality.

We will highlight heretwo importantmethodsn LOT category.
One methodwas termed LOCALWRITE [5, 6, 7], basedon the
ownercomputesule, whereeachthreadowns andupdatesa por
tion of the reductionarray (block partitioning). Note, however,
that, in orderto fulfill the computegule, thoseiterationsthatup-
datesmorethanoneblockof thereductionarraymustbereplicated
acrosshe ownerthreads.This computatiorreplicationintroduces
aperformanceenalty

An alternatve methocthatavoidscomputatiorreplicationis DWA—
LIP (DataWrite Affinity with Loop Index Prefetching)[2, 3, 4].
Considerthatthe blocksof the reductionarrayareindexed by the
naturalnumbersTheinspecto(namedoop-inde prefetding phase,
or LIP) now sortsall the iterationsof the reductionloop into sets
characterizedby the pair (Bmin, AB), whereBmin (Bmay) is themin-
imum (maximum)index of all blockstouchedby the iterationsin
thatset,andAB is thedifferenceBmax— Bmin. Theexecutionphase
(or computatiorphasepf themethodis organizedasa sequencef
non-conflicting(parallel)stages.In thefirst stageall setsof itera-
tionsof theform (Bmin, 0) areexecutedn parallelbecaus¢hey are
all dataflow independentoptimal utilization of the threads).The
secondstageis split into two sub-stagesin the first one, all sets
(Bmin, 1) with anoddvalueof By, areexecutedfully parallel,fol-
lowed by the secondsub-stagavherethe restof setsare executed
in parallel. A similar schemas followedin the subsequerphases,
until all iterationsareexhaustedseeexecutionflow in Fig. 2 (a)).
A direct translationinto code of this executionflow is shavn in
Fig. 2 (b) (arraysinit(), count() andnext() implementtheiteration
setshuilt by theinspectionphase).

2.2 Performance Aspects

Methodsin the POT andLOT cateyorieshave, in somesense,
complementaryperformancecharacteristics.Methodsin the first
classexhibit optimal parallelismexploitation (the reductionloop
is fully parallel), but no datalocality is taken into accountand
lack scalability(memoryoverheads proportionalto the numberof
threads) Methodsin the secondclasshowever, exploit datalocal-
ity andexhibit usuallymuchlower memoryoverheadandit is not
dependenbn the numberof threadgtheinspectomayneedsome
extrabufferingto storesubscripre-orderingsindependentlpnthe
numberof threads).However, eitherthe methodintroducessome
computationreplicationor is organizedin a numberof synchro-
nizedphasesin ary casethis factrepresenttossof parallelism.

Fig. 3 shaws a spacerepresentationf the threementionedoer

formanceaspectsparallelism,data(reference)ocality and mem-
ory overheadfor two representatie methodsone PCT, array ex-

pansion,and one LOT, DWA~-LIP). The parallelismaxis shavs
thatarray expansionexploits alwaysfull parallelismout of the re-
ductionloop, while DWA—-LIP depend®n the intra-loop locality,

thatis, thelocality to index thereductionarrayA() by all the sub-
scriptarraysfl(), ..., fn() in a particularloop iteration. If different
blocksaretouchedn the sameiterationsomesets(Bpmin, AB), with

AB > 0, arenot empty exhibiting the methoda sub-optimalparal-
lelism. The referencdocality axis shaws hov muchdatalocality

the methodexploits. Array expansionshavs no locality exploita-
tion at all, dependingcompletelyon how well orderedis the input
data. DWA-LIP, however, reordersthe reductionloop iterations
andsortsthemoutinto sets.Thus,inter-loop locality is optimized.
It canbe saythat DWA~-LIP tradedocality for parallelism.

The memoryoverheadaxis shaws that, in general.arrayexpan-
sionneedanuchmoreextra memorythanDWA-LIP, speciallyfor
a high numberof threads. The first methodexpandsA() by the
numberof threadswhile the secondmethodonly needsto dupli-
cateone of the subscriptarrays(independentlyon the numberof
threads)andto introducetwo small additionalarraysto index and
counttheiterationsets(seetheimplementatiorin [3]). Note,also,
that a subscriptionarray is a one-dimensionahrray storing inte-
gers,while thereductionarray despiteusuallyshorter however is
aone-,two- or three-dimensionarraystoringdoubles.

The first two aspectstogetherwith the machinearchitecture
(memoryhierarchy) determinesheoverall performancef thepar
allel code(in termsof the executiontime), asshavn in the bottom
axisin Fig. 3. If theintra-looplocality is low, DWA-LIP haslower
performancehanarrayexpansionbecauseheimprovementin the
inter-loop locality doesnot reducethe executiontime enoughto
compensatéhe parallelismloss.Ontheotherhand,in theopposite
casgwhichis usuallythenormalcasefor real-world applications),
DWA-LIP performsbetterthanarrayexpansionasparallelismex-
ploitationis almostoptimal and additionally inter-loop locality is
takeninto account.

In general L OTs exploit partially thereferencdocality (only the
inter-looplocality). Thisway, thesemethodsusuallyperformssub-
optimally if theinput datais not well ordered(enumeratedat the
intra-loop level. For instance,if the input datacorrespondgo a
finite elementmesh,the intra-looplocality is associatedvith the
meshelementqarcs,triangles,or whatever). In thesecasesarray
expansionusuallyperformsbetter but it is nota scalablesolution.

To obtainthebestfrom bothclasse®f parallelizatiortechniques,
in this paperwe proposea combinationof DWA-LIP and array
expansionnamedDWA-LIP with partial array expansion or sim-
pler, partial array expansion(PAE). Specifically we proposeanew
methodbasedon DWA-LIP but introducingpartial replicationof
the reductionarray We will shaw thatthe nev methodperforms
aswell asarrayexpansionn situationswith low intra-looplocality
but needinga muchlower extramemory(improving scalability).

3. PARTIAL ARRAY EXPANSION

Differentsolutionshasbeenproposedecentlyto reducethehigh
memoryoverheadof arrayexpansion.Thereductiontable method
[8] assignsa privatebuffer to eachthreadof afixedsize(lowerthan
thesizeof thereductionarray). Then,eachthreadworksonits pri-
vate buffer indexed by usinga fasthashformula. Whenthe hash
tableis full, any new operationwill work directly on the global
reductionarray within a critical section. Other methodis selec-
tive privatization[13], wherethereplicationincludeonly thoseel-
ementgeferencedy variousthreads.lt first determinginspector
phase)which arethoseelementsaandthenallocatefor themprivate
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integer f1(fDim), f2(fDim ), ..., fn(fDim)
real A(ADIm)

integer init (nThreads,0:nThreads—1)
integer count(nThreads,0:nThreads—1)
integer next(fDim)

do AB =0, nThreads—1
dos =1,AB+1
c$omp parallel do
do Bmin =S, nThreads—AB, AB+1

cnt = count(Bmin,AB)
dok=1,cnt

Calculate &1,&>2,...,&n
A(fL(1))=AfL(T)) ® &1
A(f2(i))=Af2(i)) @ &2

A(fn(i))=A(fn(i)) & &n
i = next(i)
enddo
enddo
c$omp end parallel
enddo
enddo

(b)

Figure2: (a) Model of the executionphaseof DWA-LIP, and its application to the reductionloopin Fig. 1

storagespace.Eachthread,then,worksonits privatebuffer when
updatingconflicting elementswhile it works on the globalreduc-
tion arrayotherwise.This executionbehaior impliesareplication

of eachsubscriptarrayin orderto storethe new indexing scheme.

Somesort of combinationof the abore both techniqueshasbeen
alsoproposedn theliterature[13].

All thesesolutionsonly stresson the memoryoverheadoroblem
of purearrayexpansion.Herewe will proposea differentsolution
thatimplicatesall threespaceaxesin Fig. 3. Thatis, the solution
will try to maximizereferencdocality andparallelismwhile reduc-
ing at mostmemoryoverhead.

The PAE methodis obtainedfrom DWA-LIP by replicatingthe
reductionarraya fixed numberof times,alwayslessthanthe num-
ber of threads. The numberof copiesof the reductionarray will
be the partial expansionfactor (p). This replicationincreaseshe
parallelismexploitableby DWA-LIP, as,for a particularAB value
(thatis, a columnin Fig. 2 (a)), conflictingiterationsetsmay now
be non-conflictingbecausehey have the possibility of updating
differentprivatecopiesof thereductionarray In otherwords,asp
private copiesof the reductionarrayare available, thereis always
the opportunityof having, atleast,p threadsvorking in parallel.

Thehardproblemhereis how to scheduleheiterationsetssoas
we can benefitfrom this parallelismmostof the time. Returning
to Fig. 2 (a), we obsere thatfor eachcolumnof nodesthe num-
ber of conflicting supersets(representedn the figure by linked
nodesof the samecolor) is equalto AB+ 1. If thereductionarray
is replicatedp times, then,for eachcolumn,p supersetsstopbe-
ing conflicting, aseachone may work on a differentprivate copy.
Taking in mind this fact, we canprove that PAE shareghe same
executionmodelthan DWA-LIP but consideringthat the number

of conflicting supersetsin eachcolumnis now AP = {%B + 1J .

Thereare different possibilitiesto assignprivate copiesof the
reductionarrayto supersetsof iterationssets. A simpleone,that

resultsinto a compactcode,consistsin assigningcyclically each
supersetto eachprivate buffer, from top to bottomin the corre-
spondingcolumn. This simple executionmodel hasa limitation.
Consideringa specificcolumnin Fig. 2 (a), the averagenumberof
non-conflictingiterationsets(nodes)s

nThreads— AB
Tv (l)

assumingthat the numberof threads(nThreads) is equalto the
numberof nodedn theleftmostcolumn(thatis, thereductionarray
wasblock partitionedassigningoneblock perthread). The abore
number(1) is decreasingvhenAB increasesln particular when
ABS nThreads— 17 @
2
then(1) is lessthanp. Thatmeansjf we continuewith the same
executionmodel,we go undertheminimumexploitableparallelism
for all columnsverifying (2). To solwve this situation,for all itera-
tions setswith AB verifying (2) we changethe executionmodelas
follows. In eachcolumn,theiterationsetsaregroupedinto super
setsof, at most,p elements.All setin eachsupersetcanbe exe-
cutedin parallel,working on differentprivatearrays.

Fig. 4 depictsthe new executionmodelfor PAE (for p = 2). For
thefour leftmostcolumns the executionmodelis similar to DWA—
LIP (but consideringA®™P) becaus€l) is greatetthanp. In general,
comparingthis executionflow with thatin Fig. 2 (a), we notea
significantincreasan parallelism.

A codeimplementingthe executionmodelfor thediscusseghar
tially expandedDWA-LIP is shawvn in Fig. 5. At the beginning of
the code appearsan initialization stageof the partially expanded
reductionarray A_e(). At the end, the code computesthe final
global reductionfrom the local copies. In the middle, the com-
putationphasefollows a similar structureof DWA-LIP, presented
in Fig. 2 (b). If expression(1) is not lessthanp thens andBin
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loopsbehaior in the sameway thanin Fig. 2 (b) but using AP
insteadof AB+ 1. Otherwise Bmin loop iteratesone-by-onewith a
total lengthnot greaterthanp. Finally, it shouldbe notedthatthe
inspectionphasgLIP) is exactly the samethanin DWA—-LIP.

4. PERFORMANCE ANALYSISAND EVAL-
UATION

4.1 Algorithm Analysis and Evaluation

The performancef the PAE methodis determinedy both,the
index prefetchingphasginspectorandthe computatiorphasegex-
ecutor)overheads.We characterizeéhe computationakostof the
prefetchingphaseby meansof two parametersthe reusefactor,
Nreuse@ndthe computation/pefetdiing ratio, Ne/p- Thereusefac-
tor measureghe numberof times that the computationphaseis
executedper eachprefetchingphase.We only needto re-execute

the prefetchingphasewhenthe subscriptsarraysin the reduction
loop change.The updatingfrequeng of theinspectionis not usu-
ally very high in real codes. The computation/prefetchingatio
is a measureof the time spentin one executionof the computa-
tion phaserelative to oneexecutionof theindex prefetchingphase.
Although both, prefetchingand computationphasesrun over the
sameiteration space one executionof the computationphasehas
usuallyamuchgreateicostthanthesamefor theprefetchingphase.
Fromthe above parametersthe total parallel executiontime of
thereductionloop canbestatedas, T = Teomputatiorr- Tprefetching=

Tcomputation(1+ ']c/p+reuse) . Note that |f r]reusenc/p ha/e a hlgh

valuefor a problem,the fraction of time spentin the prefetching
phasewill be no significantin relationto the computationphase,

as (1+ #> will be closeto the unit. In addition, asthe
Nc/pNreuse,

prefetchingphasecanbe parallelized the relative overheads not
dependentn thenumberof threads.

We canidentify threeoverheadsourcesn thecomputatiorphase:
synchronizatiorbetweeriterationsetsthatareexecutedn parallel,
copy-inandcopy-outstagesassociatedavith the partially expanded
array (initialization andglobal reduction),andthe parallelismloss
associatedo iteration setsexecutedin parallel on a numberof
threaddessthantotal. The numberof synchronizatioroperations
in the computationphasecode (seeFig. 5) is given by the total
numberof executionsof the Bmin loop, which is O(nThread?®),
andit correspondso the parallelexecutionof non-conflictingiter-
ation sets. In mostreal codesthis amountis smallin comparison
with the numberof iterationsof the parallelizedoop. Exceptfor a
very largenumberof threadswve shouldnotworry aboutthis source
of overhead.Theinitialization of the private copiesof the reduc-
tion array andthe final global reduction,have both a compleity
of O(Adimp). As theseoperationscanbe donefully in parallel,
we canreduceits workloadto O(n—ﬁ%). Thatis, in contrastto
arrayexpansionthis overheaddiminishesasthe numberof threads
increasesAdditionally, it is alsoboundedby the partial expansion
factorp.

Not consideringthen,the above two overheadsourcesthe par
allel executiontime of the computationphasemay be written as
follows,



real A_e(ADim,p)

integer init (nThreads,0:nThreads—1)
integer count(nThreads,0:nThreads—1)
integer next(fDim)

c$omp parallel
c$omp do
doj=1,p
doi =1,ADim
A_e(i,j)=0
enddo
enddo
c$omp end do
do AB =0, nThreads—1
if (AB .le.(( nThreads—1)/2)) then
rD = floor (AB/p+1)

s_.end =rD
sstep=1
B_step=rD
else
rD=1
s_end = nThreads—AB
s_step =p
Bstep=1
endif

do s =1, s_end, s_step
if (AB .le. (( nThreads—1)/2)) then
B_end = nThreads—AB
else
B_end = min(s+p—1,nThreads—AB)
end
c$omp do
do Bmin = s, B_end, B_step
ir = mod((Bmin—s)/rD,Rho)+1
do ii =1, count(Bmin,AB)
Calculate €1,&»
Ae(fl(i), ir) = A_e(f1(i), ir)®&;
A_e(f2(i), ir) = A_e(f2(i), ir )@&>»

Ae(fn(i), ir) = Aefn(i), ir)a&s

i = next(i)
enddo
enddo
c$omp end do
enddo
enddo
c$omp do
doi =1,ADim
doj=1p
A(i) = A()eA-e(i,])
enddo
enddo

c$omp end do
c$omp end parallel

Figure5: Parallel loop with multiple reductionsusing PAE
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Theparallelexecutiontime, TPAR hasbeenexpressedisa func-
tion of thesequentiaiterationtime, TitSER?, andthenumberof iter-
ationsin set(Bmin, AB), denotedy Nit(Bmin, AB). Obsenethatthe
coeficient court(Bmin, AB) of the DWA-LIP datastructuremust
beequalto Nit(Bmin, AB) aftertheprefetchingohase Accordingto
thecodein Fig. 5, the parallelexecutiontime is determinedby the
maximumnumberof iterationsof eachsetinsidethe parallelBmin
loop.

Fig. 6 shavs the evaluationof Eg. 3 for two differentmemory
accesyatterns.We have representethe normalizedparalleltime

TPAR . . .
(Tnorm = Gse» WhereN is the numberof reductionloop iter-
ations)of the computationphasefor several valuesof the partial
expansiorfactorp. Theplot (a)in Fig. 6 displaysthe evaluationof
theabove equatiorfor adensememoryaccespattern,in whichthe
reductionarrayis referencedy pairs(nl,n2), wherenl andn2 go
over all possiblevalues.Thisis, for instancethe patternfor anall-
to-all N-bodyproblem.In part(b), ontheotherhand,we shavsthe
resultsfor asparsepattern specifically the sparsematrix fidapm11
belongingto the setFIDAP of SFARKSKIT collection[12]. The
matrixsizeis 2229422294with 617874non-zercentrie(its shape
is alsoshavn in theplot).

For the densepatternthe numberof iterationsof the reduction
loop is distributed equally amongthe entriescourt(Bmin, AB) of
theDWA-LIP datastructure.Thus,theexploitedparallelismis very
poorwhenthe pure DWA-LIP methodis used. However, greater
valuesof p, reducessignificantlythis parallelismloss,obtaininga
muchfasterparallelcode. In the caseof the sparsepattern,better
referencdocality exists. Thereforewe canexploit the maximum
parallelismavailable by using a smaller partial expansionfactor
(muchsmallerthanfull expansion).In Fig. 6 (b) we canseethat
mostof the non-zeroentriesin the sparsematrix are placednear
the diagonal. In realirregular and sparsecodesthis is a common
situation.

Furtheranalysisof Eq. 3 revealsthat the maximumexploitable
parallelismis achievedfor p = "T€A%S=1 (denotecby psa). Con-
sequentlyalthoughan extra amountof memoryis used,makingp
greaterthanthis value, the parallelismwill notincrease.For ac-
cesspatternsexhibiting high referencdocality, the maximumpar
allelism of the methodcould be reachedwith a value of p belov
psa- For this kind of patterns partially expandedDWA-LIP per
forms aswell as or betterthan array expansionbut with a much
lower memoryoverhead. An accesatternis foundin this class
when Nit(Bmin,AB) = 0 for all AB > B, whereB < psa. This
conditioncanbe easilychecled on the court matrix of the DWA-
LIP datastructure.
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4.2 Experimental Results

The PAE methodhasbeenexperimentallytestedonthe EULER
code from themotivatingapplicationsuiteof HPF-2[1]. Thiscode
solwves the differential Euler equationon an irregular grid, com-
puting somephysicalmagnitudegsuchasvelocitiesor forces)on
the nodesdescribedby a mesh. The codeincludesa single loop
with two subscriptedreductionson one array with three dimen-
sions,which is placedinside an outertime-steploop. As anstatic
problem.theinspectophases computednly once.

We have parallelizedEULER using PAE, DWA-LIP (PAE with
p = 1), array expansion(optimized Polarisimplementation),se-
lective privatization,L oCALWRITE andadirectparallelizatiorvia
the ATOMIC OpenMPclause(critical section). The experiments
have beenconductedon a SGI Origin2000 multiprocessarwith
250-MHz R10000processorg4 MB L2 cache)and 12 GB main
memory CodesvereparallelizedusingOpenMPandcompiledus-
ing the SGI MIPSproFortran77compiler (with optimizationlevel
).

In a previouswork [3], we have comparedure DWA-LIP with
arrayexpansiorfor this sameEULER codeusingtheoriginalinput
mesh.This input datapresents high intra-loopreferencdocality,
resultingin abetterbehaior in performancdéor DWA-LIP against
arrayexpansion.In this section,we changethe input datawith the
aim of reducingtheintra-loopreferencdocality. Thisway, amuch
lower performances expectedfor pureDWA-LIP method.

TheparallelEULERkernelhasbeentestedusinga1161Knodes
meshwith aconnectiity of 8 (ratiobetweeredgesandnodes).Two
versionsof the meshhasbeengeneratedOne of themis obtained
afterapplyingacoloringalgorithmto theedgesandplacingedges
of the samecolor consecutiely in the indirectionarray For this
versionwe expecta low inter-loop locality in accesgo the reduc-
tion arraybetweendifferentiterations.In the otherversionthelist
of edgeshasbeensorted,andthelocality betweeniterationsis ex-
pectedto be higher This factbecomesvidentin serialreduction
executionswhichis 74.2sec.for thecoloredversionand34.7sec.
for the sortedversion.

Thetestedmeshhaslow intra-looplocality asshavn in table1,
wherethe percentagef the total iterationsin the set(Bmin, AB) is
givenfor differentvaluesof the numberof threadsand AB. Note
thatthereis asignificantfractionof iterationswith ahigh AB value.
Thereforethe performanceof the pure DWA-LIP methodwill be

\AB 1163knodes
Threads 0 | 1 ] 2 | 3 |Remainder
1 100%
2 90.7% | 9.3%
4 86.0% | 6.8% | 5.0% | 2.1%
8 83.5% | 4.7% | 3.0% | 2.9% 5.9%
16 80.9% | 4.8% | 1.6% | 1.5% 11.2%

Table 1: Percentageof the total number of reduction iterations
for differ ent valuesof AB

low dueto the parallelismlossin iterationsetswith a high AB.

In Fig. 7 we have plotted the parallel executiontimes and the
speedugfreferencedo thesequentiaéxecutiontime) for thereduc-
tion loopsof analyzedmethods.Obsenre thatthe pure DWA-LIP
method,thatis, whenp is equalto one,hasa lower performance
thanarrayexpansiontechnique.Thereasons the parallelismloss
dueto iterationsetswith a high AB parameter

For all casesve obsenre a poor behaiour of the parallelization
usingATOMIC OpenMPclausedueto the high time consumption
of theimplementatiorof barrierson thetargetmachine.

As theintra-looplocality of thetestedmeshis low, selectve pri-
vatizationmethodwill replicatea high numberof elementsof the
reductionarray dueto the fact that theseelementswill be modi-
fied by severalthreadsgvenmorefor thecoloredmesh.Thisis the
reasorfor thelow performancef this method.

LocALWRITE suffers from parallelismlossdueto the compu-
tation replicationin boundaryiterations. In thetestedcodethe re-
ductionloop have two indirectionarrays thuswe will loosehalf of
parallelismin the boundaryiterations. As the testeddatahaslow
intra-looplocality, thenumberof theseiterationsis relatively high.

Thecoloredmeshshavsalow inter-loopreferencédocality in the
accesseto thereductionarrayof consecutie iterations. Thuswe
expectaworsebehaior of arrayexpansiorin thiscase Weobsere
thatfor morethan8 processorsve canreachabetterexecutiontime
with partially expandedDWA-LIP usingp = 4. For 16 threads
andp = 8, the DWA-LIP basedparallelizationoutperformsarray
expansion.

The accessnter-loop locality is betterfor the sortedversionof



EULER (1161 knodes, colored mesh)

100
4
g
g
P L
S
°
]
o
[
14
S
Q
e L
F 10— |@—@ DWA-LIPp=1 —
[ Bl DWA-LIP p=2 b
[ A—A DWA-LIP p=4
6 DWA-LIPp=8
[ O—Q Array Expansion
r O—< Selective Privatization
V—/ LocalWwrite
r #*— C$omp atomic
| | | |
1 2 4 8 16
Threads
@
EULER (1161 knodes, sorted mesh)
100 T
L ©—@ DWALIP p=1 ]
Bl DWA-LIP p=2 ]
k A—A DWA-LIP p=4
[ @— DWA-LIP p=8 il
O—Q Array Expansion
— [ O— Selective Privatization B
%) V—V Localwrite
; pY F—¥ C$omp atomic
(=}
E
g
14
S
S 10
£
=
| | |

1 2 4 8 16

Threads

(©

Speed-up
T

Speed-up

EULER (1161 knodes, colored mesh)

10

DWA-LIP p=1 1
DWA-LIP p=2
DWA-LIP p=4 A
DWA-LIP p=8 %
Array Expansion m 17
Selective Privatization
Localwrite

C$omp atomic

OppSoOBEE .

|

5K
P2Z2777727777777777]

SO0

X

TS

SO

e

1l

12 16

Threads

(b)

EULER (1161 knodes, sorted mesh)

DWA-LIP p=1
DWA-LIP p=2 7
DWA-LIP p=4

DWA-LIP p=8

Array Expansion
Selective Privatization
Localwrite 7]
C$omp atomic

OpgSOoE@EN

S

S
o200

X

%3

o
202

e

50
2020202

SO
20

XX
2

55
>

S50E
203

VLIV

XXX

.,.

o

VO

S

SOO5X
20

%

o

CXRAXIK,

,.
AT I I I I I TP IIITi

oTes
203

7
f
2":
2 |
ilZs

[ozezs

5OS
P222277777777777727 777

B

12 16

o
©

Threads

(d)

Figure 7: Parallel executiontimes and speedupsfor the parallel EULER code using DWA-LIP, PAE, array expansion,selective
privatization, LocALWRITE and critical sectionmethods(colored (a,b) and sorted (c,d) meshes)

the mesh.In this case DWA-LIP doesnot benefitfrom this incre-
mentof locality, becausefor this mesh,the mainlimitation is the
parallelismlosscausedy thelow intra-looplocality. Nevertheless
we obsere thatfor a given numberof threadsthe parallelexecu-
tion time decreased# the p factoris increasedThis effectis more
significantfor a higher numberof threads,so that both partially
expandedDWA-LIP andarrayexpansionprovide almostthe same
speedugor 16threadsandp = 8.

Theinspectiortime for methodausinganinspectoistageis 3.2s,
2.5sand5s., for PAE, LOCALWRITE, and selectve privatization.
For PAE andL ocALWRITEthisoverheads notverysignificant.In
particular the overheadnspectorfactor <1+ m) ! is 0.95
(PAE), 0.96 (LocALWRITE) and0.93(selectve privatization)for
the coloredversionof the mesh,and0.91 (PAE), 0.93 (LOCAL-
WRITE), and0.87 (selectve privatization)for the sortedversion.

The extramemoryneededdy bothmethodss anotheiimportant
overheadactor Fig. 8 shavsthememoryoverheadf thedifferent
methodgegardingonly thereplicationof reductionarrayelements

andincludingtheinspectordatastructures.This overheads plot-

tedtakenthetotalsizeof thereductionarraysin thesequentiatode
asunit. We obsenre thatarray expansionhasthe maximummem-
ory overhead,growing linearly with the numberof threads. The
numberof reductionarray elementseplicatedby selectve priva-
tizationis high becausef the low intra-looplocality of the tested
pattern. It is even higherthanin array expansionwhenconsider
ing inspectordata,becauseselectve privatizationneedsa copy of

the indirection arraysto translatesubscripts. It can be seenthat
the PAE methodallows to reducethe memoryrequirementzom-
paredto othermethodspbtainingatthe sametime similar or better
performance.Consideringfor instance 16 threadsin parallel,in

our experimentsthe PAE methodwith p = "TNea® exhibits simi-

lar/betterspeedughanarrayexpansion.

5. CONCLUSIONS

Thereis a muchinterestin the compilerliteratureto parallelize
efficiently irregularreductionsastheseoperationgppeafrequently
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Figure 8: Memory overheadregarding only the replication of array reduction elements(a,b) and including inspector data structur e

(c.d)

in the core of mary numericalapplications.Many parallelization
techniqgueshave beenproposedelsavhere, that can be classified
into two groups. The first one, basicallytry to exploit maximum
parallelism payinglow attentionto datalocality andmemoryover-

head.In thesecondyroup,thesituationis theopposite .Datalocal-

ity is exploited,andextramemoryis saved,butlosingopportunities
to exploit parallelism.

In thispapemwe have proposed nev methodthatcombineshoth
worlds, parallelism-oriente@ndlocality-orientedmethods trying
to exploit referencdocality andlimit memoryoverheadand,atthe
sametime, taking advantageof maximumparallelism. This nev
methodderivesdirectly from thecombinatiorof alocality-oriented
method DWA-LIP, andarrayexpansion.

We have analyzedjuantitatvely andexperimentallyour method
andprovedthat,for real-world applicationsit is easyto performas
well asor betterthanarray expansionandotherparallelreduction
methodsbut usinga muchlower extra memory
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