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ABSTRACT
Much effort hasbeendevotedrecentlyto efficiently parallelizeir-
regularreductions.In this paper, parallelizingtechniquesfor these
computationsareanalyzedin termsof threeperformanceaspects:
parallelism,data locality and memoryoverhead. Theseaspects
have a stronginfluencein the overall performanceandscalability
of theparallelcode.We will discusshow theparallelizationtech-
niquesusuallytry to optimizesomeof theseaspects,while miss-
ing theother(s).We will show thatby combiningcomplementary
techniqueswe canimprove the overall performance/scalabilityof
theparallelirregular reduction,obtaininganeffective solutionfor
large problemson large machines.Specifically, a combinationof
arrayexpansionandalocality-orientedmethod(DWA-LIP), named
partial arrayexpansion,is introduced. An implementationof the
proposedmethodis discussed,showing thatthetransformationthat
thecompilermustapplyto theirregularreductioncodeisnotexces-
sively complex. Finally, themethodis analyzedandexperimentally
evaluated.

1. INTRODUCTION
Many scientific/engineeringapplicationsarebasedon complex

datastructuresthat introduceirregularmemoryaccesspatterns.In
general,automaticparallelizersobtainsub–optimalparallelcodes
from thoseapplications,astraditionaldatadependenceanalysisand
optimizationtechniquesareprecluded.Run–timetechniqueshave
beenproposedin the literatureto supporttheparallelizationof ir-
regularcodes,like thosebasedon theinspector-executorparadigm
[10], or thespeculative executionof loopsin parallel[11].

Reductionoperationsrepresentanexampleof complex compu-
tational structure,frequentlyfound in the coreof many irregular
numericalapplications.The importanceof theseoperationsto the
overall performanceof the applicationshasinvolved muchatten-
tion from compilerresearchers.In fact,numeroustechniqueshave
beendevelopedand,someof themimplementedin contemporary
parallelizers,to detectand transforminto efficient parallel code
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integer f1(fDim), f2(fDim ), ..., fn(fDim)
real A(ADim)

do i = 1, fDim
Calculate ξ1 � ξ2 ��������� ξn
A(f1( i ))=A(f1( i )) � ξ1
A(f2( i ))=A(f2( i )) � ξ2

...
A(fn( i ))=A(fn( i )) � ξn

enddo

Figure1: A loop with multiple reductions

thoseoperations.
In this paper, we analyzethe techniquesproposedin the liter-

ature to parallelizeirregular reductionsin termsof threeperfor-
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 optimizeoneor
two of theabove-mentionedaspects,missingtheother(s).That is,
the parallel codeis usually not optimal in termsof both perfor-
manceandscalability. In fact,we may distinguishtwo categories
of methods,parallelism-orientedtechniquesand locality-oriented
techniques, beingtheformer typically lessscalablethanthe latter.
We will show that we can combinein a naturalway techniques
from bothcategories,with theaim of improving theoverall perfor-
mance/scalabilityof the parallel irregular reduction. Specifically,
a combinationof arrayexpansionanda locality-orientedmethod
resultsin a techniquepartial array expansionwherethe overall
scalability is improved (memoryoverheadis reduced)while data
locality andparallelismarehighly exploited.

2. PARALLELISM, DATA LOCALITY AND
MEMOR Y OVERHEAD

Weconsiderin thispaperthegeneralcaseof aloopwith multiple
reductions,asshown in Fig. 1 (the caseof multiply nestedloops
is not relevant for our discussion). A() representsthe reduction
array(that could be multidimensional),which is updatedthrough
multiplesubscriptarrays,f1(), f2(), ..., fn(). Dueto theloop-variant
natureof the subscriptarrays,loop-carrieddependencesmay be
present,andcanonly bedetectedat run–time.



2.1 Reduction Parallelization Techniques
Dif� ferentspecificsolutionsto parallelizeirregular reductionsin

a sharedmemorymodelhave beenproposedin the literature. We
may classifytheminto two categories: parallelism-orientedtech-
niques(POT) andlocality-orientedtechniques(LOT). Thereis also
thesimplesolutionbasedon critical sections,wherethereduction
loop is executedfully parallelby just enclosingtheaccessesto the
reductionarrayin a critical section.

ThePOT categoryincludestwo importantmethods.Onemethod
(replicatedbuffer) replicatesprivatecopiesof the reductionarray
on all threads. Other method(array expansion) expandsthe re-
ductionarrayby thenumberof parallelthreads.Thesetechniques
transformsthereductionloop into a fully parallelone(parallelism-
oriented). However, they have scalabilityproblemsfor large data
sets,dueto thefull privatizationof thereductionarrayonall threads

Methodsin the LOT category avoid the privatizationof the re-
ductionarrayby the introductionof an inspectorwhoseneteffect
is the reorderingof the reductionloop iterations(throughthe re-
orderingof thesubscriptarrays).In addition,this reorderingis also
usedto exploit data(reference)locality.

We will highlight heretwo importantmethodsin LOT category.
One methodwas termedLOCALWRITE [5, 6, 7], basedon the
owner–computesrule, whereeachthreadownsandupdatesa por-
tion of the reductionarray (block partitioning). Note, however,
that, in orderto fulfill the computesrule, thoseiterationsthatup-
datesmorethanoneblockof thereductionarraymustbereplicated
acrosstheowner threads.This computationreplicationintroduces
a performancepenalty.

An alternativemethodthatavoidscomputationreplicationisDWA–
LIP (DataWrite Affinity with Loop Index Prefetching)[2, 3, 4].
Considerthat theblocksof the reductionarrayareindexed by the
naturalnumbers.Theinspector(namedloop-index prefetchingphase,
or LIP) now sortsall the iterationsof the reductionloop into sets
characterizedby thepair (Bmin � ∆B), whereBmin (Bmax) is themin-
imum (maximum)index of all blockstouchedby the iterationsin
thatset,and∆B is thedifferenceBmax � Bmin. Theexecutionphase
(or computationphase)of themethodis organizedasasequenceof
non-conflicting(parallel)stages.In thefirst stage,all setsof itera-
tionsof theform (Bmin � 0) areexecutedin parallelbecausethey are
all dataflow independent(optimalutilization of the threads).The
secondstageis split into two sub-stages.In the first one,all sets
(Bmin � 1) with anoddvalueof Bmin areexecutedfully parallel,fol-
lowedby thesecondsub-stagewherethe restof setsareexecuted
in parallel.A similar schemeis followedin thesubsequentphases,
until all iterationsareexhausted(seeexecutionflow in Fig. 2 (a)).
A direct translationinto codeof this executionflow is shown in
Fig. 2 (b) (arraysinit(), count() andnext() implementtheiteration
setsbuilt by theinspectionphase).

2.2 PerformanceAspects
Methodsin the POT andLOT categorieshave, in somesense,

complementaryperformancecharacteristics.Methodsin the first
classexhibit optimal parallelismexploitation (the reductionloop
is fully parallel), but no data locality is taken into accountand
lackscalability(memoryoverheadis proportionalto thenumberof
threads).Methodsin thesecondclass,however, exploit datalocal-
ity andexhibit usuallymuchlower memoryoverhead,andit is not
dependenton thenumberof threads(theinspectormayneedsome
extrabufferingto storesubscriptre-orderings,independentlyonthe
numberof threads).However, eitherthe methodintroducessome
computationreplicationor is organizedin a numberof synchro-
nizedphases.In any case,this factrepresentslossof parallelism.

Fig. 3 shows a spacerepresentationof the threementionedper-

formanceaspects,parallelism,data(reference)locality andmem-
ory overhead,for two representative methods(onePOT, arrayex-
pansion,and one LOT, DWA–LIP). The parallelismaxis shows
thatarrayexpansionexploits alwaysfull parallelismout of there-
ductionloop, while DWA–LIP dependson the intra-loop locality,
that is, the locality to index thereductionarrayA() by all thesub-
scriptarraysf1(), ..., fn() in a particularloop iteration. If different
blocksaretouchedin thesameiterationsomesets(Bmin � ∆B), with
∆B 	 0, arenot empty, exhibiting themethoda sub-optimalparal-
lelism. The referencelocality axis shows how muchdatalocality
the methodexploits. Array expansionshows no locality exploita-
tion at all, dependingcompletelyon how well orderedis theinput
data. DWA–LIP, however, reordersthe reductionloop iterations
andsortsthemout into sets.Thus,inter-loop locality is optimized.
It canbesaythatDWA–LIP tradeslocality for parallelism.

Thememoryoverheadaxisshows that, in general,arrayexpan-
sionneedsmuchmoreextra memorythanDWA–LIP, speciallyfor
a high numberof threads. The first methodexpandsA() by the
numberof threads,while the secondmethodonly needsto dupli-
cateoneof the subscriptarrays(independentlyon the numberof
threads)andto introducetwo smalladditionalarraysto index and
counttheiterationsets(seetheimplementationin [3]). Note,also,
that a subscriptionarray is a one-dimensionalarray storing inte-
gers,while thereductionarray, despiteusuallyshorter, however is
a one-,two- or three-dimensionalarraystoringdoubles.

The first two aspects,togetherwith the machinearchitecture
(memoryhierarchy),determinestheoverallperformanceof thepar-
allel code(in termsof theexecutiontime),asshown in thebottom
axisin Fig. 3. If theintra-looplocality is low, DWA–LIP haslower
performancethanarrayexpansionbecausetheimprovementin the
inter-loop locality doesnot reducethe executiontime enoughto
compensatetheparallelismloss.Ontheotherhand,in theopposite
case(which is usuallythenormalcasefor real-world applications),
DWA–LIP performsbetterthanarrayexpansion,asparallelismex-
ploitation is almostoptimal andadditionally inter-loop locality is
takeninto account.

In general,LOTsexploit partially thereferencelocality (only the
inter-looplocality). Thisway, thesemethodsusuallyperformssub-
optimally if the input datais not well ordered(enumerated)at the
intra-loop level. For instance,if the input datacorrespondsto a
finite elementmesh,the intra-loop locality is associatedwith the
meshelements(arcs,triangles,or whatever). In thesecases,array
expansionusuallyperformsbetter, but it is nota scalablesolution.

Toobtainthebestfrombothclassesof parallelizationtechniques,
in this paperwe proposea combinationof DWA–LIP and array
expansion,namedDWA–LIP with partial array expansion, or sim-
pler, partial arrayexpansion(PAE). Specifically, weproposeanew
methodbasedon DWA–LIP but introducingpartial replicationof
the reductionarray. We will show that the new methodperforms
aswell asarrayexpansionin situationswith low intra-looplocality
but needinga muchlower extramemory(improving scalability).

3. PARTIAL ARRAY EXPANSION
Differentsolutionshasbeenproposedrecentlyto reducethehigh

memoryoverheadof arrayexpansion.Thereductiontablemethod
[8] assignsaprivatebuffer to eachthreadof afixedsize(lowerthan
thesizeof thereductionarray).Then,eachthreadworkson its pri-
vatebuffer indexed by usinga fasthashformula. Whenthe hash
table is full, any new operationwill work directly on the global
reductionarray within a critical section. Other methodis selec-
tive privatization[13], wherethereplicationincludeonly thoseel-
ementsreferencedby variousthreads.It first determine(inspector
phase)which arethoseelementsandthenallocatefor 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 ∆B = 0, nThreads � 1
do s = 1, ∆B+1

c$omp parallel do
do Bmin = s, nThreads � ∆B, ∆B+1

i = init (Bmin,∆B)
cnt = count(Bmin,∆B)
do k = 1,cnt

Calculate ξ1 � ξ2 ��������� ξn
A(f1( i ))=A(f1( i )) � ξ1
A(f2( i ))=A(f2( i )) � ξ2

...
A(fn( i ))=A(fn( i )) � ξn
i = next( i )

enddo
enddo

c$omp end parallel
enddo

enddo

(a) (b)

Figure2: (a) Model of the executionphaseof DWA–LIP, and its application to the reduction loop in Fig. 1

storagespace.Eachthread,then,workson its privatebuffer when
updatingconflictingelements,while it workson theglobal reduc-
tion arrayotherwise.This executionbehavior impliesa replication
of eachsubscriptarrayin orderto storethenew indexing scheme.
Somesort of combinationof the above both techniqueshasbeen
alsoproposedin theliterature[13].

All thesesolutionsonly stresson thememoryoverheadproblem
of purearrayexpansion.Herewe will proposea differentsolution
that implicatesall threespaceaxesin Fig. 3. That is, thesolution
will try to maximizereferencelocality andparallelismwhile reduc-
ing at mostmemoryoverhead.

ThePAE methodis obtainedfrom DWA–LIP by replicatingthe
reductionarraya fixednumberof times,alwayslessthanthenum-
ber of threads.The numberof copiesof the reductionarraywill
be thepartial expansionfactor (ρ). This replicationincreasesthe
parallelismexploitableby DWA–LIP, as,for a particular∆B value
(that is, a columnin Fig. 2 (a)), conflictingiterationsetsmaynow
be non-conflictingbecausethey have the possibility of updating
differentprivatecopiesof thereductionarray. In otherwords,asρ
privatecopiesof the reductionarrayareavailable,thereis always
theopportunityof having, at least,ρ threadsworking in parallel.

Thehardproblemhereis how to scheduletheiterationsetssoas
we canbenefitfrom this parallelismmostof the time. Returning
to Fig. 2 (a), we observe that for eachcolumnof nodes,thenum-
ber of conflicting super-sets(representedin the figure by linked
nodesof thesamecolor) is equalto ∆B � 1. If thereductionarray
is replicatedρ times,then,for eachcolumn,ρ super-setsstopbe-
ing conflicting,aseachonemaywork on a differentprivatecopy.
Taking in mind this fact, we canprove that PAE sharesthe same
executionmodel thanDWA–LIP but consideringthat the number

of conflictingsuper-setsin eachcolumnis now ∆exp ��� ∆B
ρ � 1� .

Therearedifferent possibilitiesto assignprivate copiesof the
reductionarrayto super-setsof iterationssets.A simpleone,that

resultsinto a compactcode,consistsin assigningcyclically each
super-set to eachprivatebuffer, from top to bottomin the corre-
spondingcolumn. This simpleexecutionmodelhasa limitation.
Consideringa specificcolumnin Fig. 2 (a), theaveragenumberof
non-conflictingiterationsets(nodes)is

nThreads � ∆B
∆exp � (1)

assumingthat the numberof threads(nThreads) is equal to the
numberof nodesin theleftmostcolumn(thatis, thereductionarray
wasblock partitionedassigningoneblock per thread).Theabove
number(1) is decreasingwhen∆B increases.In particular, when

∆B 	 nThreads � 1
2 � (2)

then(1) is lessthanρ. That means,if we continuewith thesame
executionmodel,wegoundertheminimumexploitableparallelism
for all columnsverifying (2). To solve this situation,for all itera-
tionssetswith ∆B verifying (2) we changetheexecutionmodelas
follows. In eachcolumn,theiterationsetsaregroupedinto super-
setsof, at most,ρ elements.All setin eachsuper-setcanbeexe-
cutedin parallel,working ondifferentprivatearrays.

Fig. 4 depictsthenew executionmodelfor PAE (for ρ � 2). For
thefour leftmostcolumns,theexecutionmodelis similar to DWA–
LIP (but considering∆exp) because(1) is greaterthanρ. In general,
comparingthis executionflow with that in Fig. 2 (a), we note a
significantincreasein parallelism.

A codeimplementingtheexecutionmodelfor thediscussedpar-
tially expandedDWA–LIP is shown in Fig. 5. At thebeginningof
the codeappearsan initialization stageof the partially expanded
reductionarray A e(). At the end, the codecomputesthe 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 lessthanρ thens andBmin
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Figure4: Model of the executionphaseof PAE

loopsbehavior in the sameway thanin Fig. 2 (b) but using∆exp

insteadof ∆B � 1. Otherwise,Bmin loop iteratesone-by-onewith a
total lengthnot greaterthanρ. Finally, it shouldbenotedthat the
inspectionphase(LIP) is exactly thesamethanin DWA–LIP.

4. PERFORMANCE ANALYSISAND EVAL-
UATION

4.1 Algorithm Analysis and Evaluation
Theperformanceof thePAE methodis determinedby both,the

index prefetchingphase(inspector)andthecomputationphase(ex-
ecutor)overheads.We characterizethe computationalcostof the
prefetchingphaseby meansof two parameters:the reusefactor,
ηreuseandthecomputation/prefetching ratio, ηcH p. Thereusefac-
tor measuresthe numberof times that the computationphaseis
executedper eachprefetchingphase.We only needto re-execute

the prefetchingphasewhenthe subscriptsarraysin the reduction
loop change.Theupdatingfrequency of the inspectionis not usu-
ally very high in real codes. The computation/prefetchingratio
is a measureof the time spentin oneexecutionof the computa-
tion phaserelative to oneexecutionof theindex prefetchingphase.
Although both, prefetchingandcomputationphases,run over the
sameiterationspace,oneexecutionof thecomputationphasehas
usuallyamuchgreatercostthanthesamefor theprefetchingphase.

From the above parameters,the total parallelexecutiontime of
thereductionloopcanbestatedas,T � Tcomputation� Tprefetching

�
TcomputationI 1 � 1

ηcJ p ηreuseK � Note that if ηreuse,ηcH p have a high

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

as I 1 � 1
ηcJ p ηreuse K will be close to the unit. In addition, as the

prefetchingphasecanbe parallelized,the relative overheadis not
dependenton thenumberof threads.

Wecanidentify threeoverheadsourcesin thecomputationphase:
synchronizationbetweeniterationsetsthatareexecutedin parallel,
copy-inandcopy-outstagesassociatedwith thepartiallyexpanded
array(initialization andglobal reduction),andtheparallelismloss
associatedto iteration setsexecutedin parallel on a numberof
threadslessthantotal. Thenumberof synchronizationoperations
in the computationphasecode(seeFig. 5) is given by the total
numberof executionsof the Bmin loop, which is L�M nThreads2 N ,
andit correspondsto theparallelexecutionof non-conflictingiter-
ation sets. In mostreal codesthis amountis small in comparison
with thenumberof iterationsof theparallelizedloop. Exceptfor a
very largenumberof threadsweshouldnotworry aboutthissource
of overhead.The initialization of the privatecopiesof the reduc-
tion arrayand the final global reduction,have both a complexity
of L�M Adimρ N . As theseoperationscanbe donefully in parallel,
we canreduceits workloadto L�M Adimρ

nThreads
N . That is, in contrastto

arrayexpansion,thisoverheaddiminishesasthenumberof threads
increases.Additionally, it is alsoboundedby thepartialexpansion
factorρ.

Not considering,then,theabove two overheadsources,thepar-
allel executiontime of the computationphasemay be written as
follows,



real A e(ADim,ρ)
integer init (nThreads,0:nThreads � 1)
integer count(nThreads,0:nThreads � 1)
integer next(fDim)

c$omp parallel
c$omp do
do j = 1,ρ

do i = 1, ADim
A e(i , j )=0

enddo
enddo
c$omp end do
do ∆B = 0, nThreads � 1

if (∆ B . le . (( nThreads � 1)/2)) then
rD = floor (∆B/ρ+1)
s end = rD
s step = 1
B step = rD

else
rD=1
s end = nThreads � ∆B
s step = ρ
B step = 1

endif
do s = 1, s end, s step

if (∆ B . le . (( nThreads � 1)/2)) then
B end = nThreads � ∆B

else
B end = min(s+ρ � 1,nThreads � ∆B)

end
c$omp do
do Bmin = s, B end, B step

ir = mod((Bmin � s)/rD,Rho)+1
i = init (Bmin,∆B)
do ii = 1,count(Bmin,∆B)

Calculate ξ1 � ξ2
A e(f1( i ), ir ) = A e(f1( i ), ir ) � ξ1
A e(f2( i ), ir ) = A e(f2( i ), ir ) � ξ2

...
A e(fn( i ), ir ) = A e(fn( i ), ir ) � ξ2
i = next( i )

enddo
enddo
c$omp end do

enddo
enddo
c$omp do
do i = 1, ADim

do j = 1,ρ
A(i ) = A(i ) � A e(i , j )

enddo
enddo
c$omp end do
c$omp end parallel

Figure5: Parallel loop with multiple reductionsusingPAE
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(3)

Theparallelexecutiontime,TPAR, hasbeenexpressedasa func-
tion of thesequentialiterationtime,TitSEQ, andthenumberof iter-
ationsin set M Bmin � ∆BN , denotedby Nit M Bmin � ∆BN . Observethatthe
coefficient count M Bmin � ∆BN of the DWA–LIP datastructuremust
beequalto Nit M Bmin � ∆BN aftertheprefetchingphase.Accordingto
thecodein Fig. 5, theparallelexecutiontime is determinedby the
maximumnumberof iterationsof eachsetinsidetheparallelBmin
loop.

Fig. 6 shows the evaluationof Eq. 3 for two differentmemory
accesspatterns.We have representedthenormalizedparalleltime
(Tnorm � TPAR

NTitSEQ , whereN is thenumberof reductionloop iter-
ations)of the computationphasefor several valuesof the partial
expansionfactorρ. Theplot (a) in Fig. 6 displaystheevaluationof
theaboveequationfor adensememoryaccesspattern,in whichthe
reductionarrayis referencedby pairs M n1 � n2N , wheren1 andn2 go
over all possiblevalues.This is, for instance,thepatternfor anall-
to-all N-bodyproblem.In part(b), ontheotherhand,weshowsthe
resultsfor asparsepattern,specifically, thesparsematrixfidapm11
belongingto the setFIDAP of SPARKSKIT collection[12]. The
matrixsizeis 22294x22294with 617874non-zeroentries(its shape
is alsoshown in theplot).

For the densepatternthe numberof iterationsof the reduction
loop is distributed equally amongthe entriescount M Bmin � ∆BN of
theDWA-LIP datastructure.Thus,theexploitedparallelismis very
poor whenthe pureDWA–LIP methodis used. However, greater
valuesof ρ, reducessignificantlythis parallelismloss,obtaininga
muchfasterparallelcode. In thecaseof thesparsepattern,better
referencelocality exists. Thereforewe canexploit the maximum
parallelismavailable by using a smallerpartial expansionfactor
(muchsmallerthanfull expansion). In Fig. 6 (b) we canseethat
mostof the non-zeroentriesin the sparsematrix areplacednear
the diagonal. In real irregular andsparsecodesthis is a common
situation.

Furtheranalysisof Eq. 3 revealsthat themaximumexploitable
parallelismis achievedfor ρ � nThreadsZ 1

2 (denotedby ρsat ). Con-
sequently, althoughanextra amountof memoryis used,makingρ
greaterthan this value, the parallelismwill not increase.For ac-
cesspatternsexhibiting high referencelocality, themaximumpar-
allelism of the methodcould be reachedwith a valueof ρ below
ρsat . For this kind of patterns,partially expandedDWA–LIP per-
forms aswell asor betterthan arrayexpansionbut with a much
lower memoryoverhead.An accesspatternis found in this class
whenNit M Bmin � ∆BN,� 0 for all ∆B 	 Bl , whereBl o ρsat . This
conditioncanbeeasilychecked on thecount matrix of theDWA-
LIP datastructure.
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Figure6: Parallel load evaluation of PAE: (a) densepattern, (b) fidapm11sparsematrix pattern

4.2 Experimental Results
ThePAE methodhasbeenexperimentallytestedon theEULER

code,from themotivatingapplicationsuiteof HPF-2[1]. Thiscode
solves the differential Euler equationon an irregular grid, com-
putingsomephysicalmagnitudes(suchasvelocitiesor forces)on
the nodesdescribedby a mesh. The codeincludesa single loop
with two subscriptedreductionson one array with threedimen-
sions,which is placedinsideanoutertime-steploop. As anstatic
problem,theinspectorphaseis computedonly once.

We have parallelizedEULER usingPAE, DWA–LIP (PAE with
ρ � 1), array expansion(optimizedPolaris implementation),se-
lective privatization,LOCALWRITE anda directparallelizationvia
the ATOMIC OpenMPclause(critical section). The experiments
have beenconductedon a SGI Origin2000multiprocessor, with
250-MHz R10000processors(4 MB L2 cache)and12 GB main
memory. CodeswereparallelizedusingOpenMPandcompiledus-
ing theSGI MIPSproFortran77compiler(with optimizationlevel
O2).

In a previouswork [3], we have comparedpureDWA–LIP with
arrayexpansionfor thissameEULERcodeusingtheoriginal input
mesh.This input datapresentsa high intra-loopreferencelocality,
resultingin abetterbehavior in performancefor DWA–LIP against
arrayexpansion.In this section,we changetheinput datawith the
aimof reducingtheintra-loopreferencelocality. Thisway, amuch
lower performanceis expectedfor pureDWA–LIP method.

TheparallelEULERkernelhasbeentestedusinga1161Knodes
meshwith aconnectivity of 8 (ratiobetweenedgesandnodes).Two
versionsof themeshhasbeengenerated.Oneof themis obtained
afterapplyingacoloringalgorithmto theedges,andplacingedges
of the samecolor consecutively in the indirectionarray. For this
versionwe expecta low inter-loop locality in accessto thereduc-
tion arraybetweendifferentiterations.In theotherversionthelist
of edgeshasbeensorted,andthelocality betweeniterationsis ex-
pectedto behigher. This factbecomesevident in serialreduction
executions,which is 74.2sec.for thecoloredversionand34.7sec.
for thesortedversion.

Thetestedmeshhaslow intra-looplocality asshown in table1,
wherethepercentageof thetotal iterationsin theset M Bmin � ∆BN is
given for differentvaluesof thenumberof threadsand∆B. Note
thatthereis asignificantfractionof iterationswith ahigh∆B value.
Thereforethe performanceof the pureDWA-LIP methodwill be

p p p p∆B 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 ∆B

low dueto theparallelismlossin iterationsetswith a high∆B.
In Fig. 7 we have plotted the parallel executiontimes and the

speedup(referencedto thesequentialexecutiontime)for thereduc-
tion loopsof analyzedmethods.Observe that the pureDWA-LIP
method,that is, whenρ is equalto one,hasa lower performance
thanarrayexpansiontechnique.Thereasonis theparallelismloss
dueto iterationsetswith a high ∆B parameter.

For all caseswe observe a poorbehaviour of theparallelization
usingATOMIC OpenMPclausedueto thehigh time consumption
of theimplementationof barrierson thetargetmachine.

As theintra-looplocality of thetestedmeshis low, selective pri-
vatizationmethodwill replicatea high numberof elementsof the
reductionarray, dueto the fact that theseelementswill be modi-
fiedby severalthreads,evenmorefor thecoloredmesh.This is the
reasonfor thelow performanceof thismethod.

LOCALWRITE suffers from parallelismlossdueto the compu-
tationreplicationin boundaryiterations.In thetestedcodethere-
ductionloophave two indirectionarrays,thuswewill loosehalf of
parallelismin the boundaryiterations.As the testeddatahaslow
intra-looplocality, thenumberof theseiterationsis relatively high.

Thecoloredmeshshowsalow inter-loopreferencelocality in the
accessesto the reductionarrayof consecutive iterations.Thuswe
expectaworsebehavior of arrayexpansionin thiscase.Weobserve
thatfor morethan8 processorswecanreachabetterexecutiontime
with partially expandedDWA-LIP using ρ � 4. For 16 threads
andρ � 8, the DWA-LIP basedparallelizationoutperformsarray
expansion.

Theaccessinter-loop locality is betterfor the sortedversionof
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Figure 7: Parallel execution times and speedupsfor the parallel EULER code using DWA-LIP , PAE, array expansion,selective
pri vatization, LOCALWRITE and critical sectionmethods(colored (a,b) and sorted(c,d) meshes)

themesh.In this case,DWA-LIP doesnot benefitfrom this incre-
mentof locality, because,for this mesh,themain limitation is the
parallelismlosscausedby thelow intra-looplocality. Nevertheless
we observe that for a given numberof threadsthe parallelexecu-
tion time decreasesif theρ factoris increased.This effect is more
significant for a higher numberof threads,so that both partially
expandedDWA-LIP andarrayexpansionprovide almostthesame
speedupfor 16 threadsandρ � 8.

Theinspectiontimefor methodsusinganinspectorstageis 3.2s,
2.5sand5s., for PAE, LOCALWRITE, andselective privatization.
For PAE andLOCALWRITE thisoverheadis notverysignificant.In

particular, theoverheadinspectorfactor I 1 � 1
ηcJ p ηreuse K Z 1

is 0.95

(PAE), 0.96(LOCALWRITE) and0.93(selective privatization)for
the coloredversionof the mesh,and0.91 (PAE), 0.93 (LOCAL -
WRITE), and0.87(selective privatization)for thesortedversion.

Theextra memoryneededby bothmethodsis anotherimportant
overheadfactor. Fig. 8 showsthememoryoverheadof thedifferent
methodsregardingonly thereplicationof reductionarrayelements

andincluding the inspectordatastructures.This overheadis plot-
tedtakenthetotalsizeof thereductionarraysin thesequentialcode
asunit. We observe thatarrayexpansionhasthemaximummem-
ory overhead,growing linearly with the numberof threads. The
numberof reductionarrayelementsreplicatedby selective priva-
tization is high becauseof the low intra-looplocality of the tested
pattern. It is even higher thanin arrayexpansionwhenconsider-
ing inspectordata,becauseselective privatizationneedsa copy of
the indirection arraysto translatesubscripts. It can be seenthat
the PAE methodallows to reducethe memoryrequirementscom-
paredto othermethods,obtainingat thesametimesimilaror better
performance.Considering,for instance,16 threadsin parallel, in
our experimentsthePAE methodwith ρ � nThreads

2 exhibits simi-
lar/betterspeedupthanarrayexpansion.

5. CONCLUSIONS
Thereis a muchinterestin thecompilerliteratureto parallelize

efficiently irregularreductions,astheseoperationsappearfrequently
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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 coreof many numericalapplications.Many parallelization
techniqueshave beenproposedelsewhere, that can be classified
into two groups. The first one,basicallytry to exploit maximum
parallelism,payinglow attentionto datalocality andmemoryover-
head.In thesecondgroup,thesituationis theopposite.Datalocal-
ity is exploited,andextramemoryis saved,but losingopportunities
to exploit parallelism.

In thispaperwehaveproposedanew methodthatcombinesboth
worlds,parallelism-orientedandlocality-orientedmethods,trying
to exploit referencelocality andlimit memoryoverheadand,at the
sametime, taking advantageof maximumparallelism. This new
methodderivesdirectlyfrom thecombinationof alocality-oriented
method,DWA–LIP, andarrayexpansion.

Wehave analyzedquantitatively andexperimentallyourmethod
andprovedthat,for real-world applications,it is easyto performas
well asor betterthanarrayexpansionandotherparallelreduction
methodsbut usinga muchlower extra memory.
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