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Abstract

Reductionsare important and time-consumingopera-
tions in many scienti�c codes.Effective parallelizationof
reductionsis a critical transformationfor loop paralleliza-
tion, especiallyfor sparse,dynamicapplications.Unfortu-
nately, conventionalreductionparallelizationalgorithmsare
not scalable.

In this paper, we presentnew architecturalsupportthat
signi�cantly speeds-upparallelreductionandmakesit scal-
able in shared-memorymultiprocessors.The requiredar-
chitectural changesare mostly con�ned to the directory
controllers. Experimentalresults basedon simulations
show that the proposedsupportis very effective. While
conventionalsoftware-onlyreductionparallelizationdeliv-
ers averagespeedupsof only 2.7 for 16 processors,our
schemedeliversaveragespeedupsof 7.6.

1 Intr oduction

During the last decade,programmershave obtainedin-
creasinghelpfrom parallelizingcompilers.Suchcompilers
helpdetectandexploit parallelismin sequentialprograms.
They alsoperformothertransformationsto reduceor hide
memorylatency, which is crucial in modernparallel ma-
chines.

In scienti�c codes,an importantclassof operationsthat
compilershave attemptedto parallelizeis reductionoper-
ations. A reductionoperationoccurswhenan associative
andcommutative operator� operateson a variable � asin
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or in any otherplacein theloop.
Parallelizationof reductionsis crucialto theoverall per-

formanceof many parallelcodes.Transformingreductions
for parallelexecutionrequirestwo steps.First, datadepen-
denceor equivalentanalysisis neededto prove thattheop-
erationis indeeda reduction.Second,thesequentialcom-

putationof the reductionmustbe replacedwith a parallel
algorithm.

In parallelmachinesof mediumto largesize,thereduc-
tion algorithmis oftenreplacedby aparallelpre�x or recur-
sivedoublingcomputation[15,21]. For reductionsonarray
elements,a typical implementationis to have eachproces-
sor accumulatepartial reductionresultsin a privatearray.
Then,aftertheloop is executed,a cross-processormerging
phasecombinesthepartialresultsof all theprocessorsinto
theoriginal,sharedarray.

Unfortunately, suchanalgorithmcanbevery inef�cient
in scalableshared-memorymachineswhen the reduction
array is large andsparselyaccessed.Indeed,the merging
phaseof the algorithm inducesmany remotememoryac-
cessesandits work doesnot decreasewith the numberof
processors.As a result,parallelreductionis slow andnot
scalable.

In this paper, we proposenew architecturalsupportto
speed-upparallel reductionsin scalableshared-memory
multiprocessors.Our supporteliminatesthe needfor the
costlymergingphase,andeffectively realizestruly-scalable
parallelreduction.Theproposedsupportconsistsof archi-
tecturalmodi�cationsthataremostlycon�ned to thedirec-
tory controllers.

Resultsbasedon simulationsshow that the proposed
support is very effective. While conventional software-
only parallelizationdeliversan averagespeedupof 2.7 for
16 processors,the proposedschemedelivers an average
speedupof 7.6.

This paperis organizedasfollows: Section2 discusses
the parallelizationof reductionsin software, Section 3
presentsour new architecturalsupport,Section4 describes
our evaluationmethodology, Section5 evaluatesour pro-
posedsupport,Section6 outlineshow thesupportcanalso
be usedfor anotherproblem, Section7 presentsrelated
work, andSection8 concludes.



2 Parallelization of Reductionsin Software

2.1 Background Concepts

A loop canbeexecutedin parallelwithout synchroniza-
tion only if its outcomedoesnotdependupontheexecution
orderof different iterations. To determinewhetheror not
theorderof iterationsaffectsthesemanticsof theloop, we
needto analyzethe datadependencesacrossiterations(or
cross-iterationdependences)[1]. Therearethreetypesof
datadependences:�ow (readafter write), anti (write after
read),andoutput(write afterwrite).

If thereare no dependencesacrossiterations,the loop
canbe executedin parallel. Sucha loop is calleda doall
loop. If therearecross-iterationdependences,we mustin-
sert synchronizationor eliminate the dependencesbefore
wecanexecutetheloop in parallel.

If thereareonly anti or outputdependencesin the loop,
we caneliminatethemby applyingprivatization. With pri-
vatization,eachprocessorcreatesaprivatecopy of thevari-
ablesthatcauseantior outputdependences.Duringthepar-
allel execution,eachprocessoroperateson its own private
copy.

Figure1(a)shows anexampleof a loop thatcanbepar-
allelizedthroughprivatization.Thereis ananti dependence
betweenthereadto variableTempin line 4 andthewrite to
Tempin line 2 in thenext iteration.Furthermore,thereis an
outputdependencebetweenthe write to Tempin line 2 in
oneiterationandthenext one. By privatizingTemp, these
dependencesareremoved andthe loop canbe executedin
parallel.

1 for(i=0;i<n;i+=2)�

2 Temp=a[i+1];
3 a[i+1]=a[i];
4 a[i]=Temp;
5 �

1 for(i=1;i<n;i++)
2 A[ i]+=A[ i-1];

(a) (b)

Figure 1. Loops with anti and output dependences (a)
and �o w dependences (b).

If thereare�o w dependencesacrossiterations,the loop
cannotgenerallybeexecutedin parallel. For example,the
loopin Figure1(b)hasa �o w dependencein line 2 between
consecutive iterations. In this case,iteration � needsthe
value that is producedin iteration ���! . As a result, the
loopcannotbeexecutedin parallel.

2.2 Parallelizing Reductions

A specialandfrequentcaseof �o w dependenceoccursin
loopsthatperformreductionoperations.A reductionoper-
ationoccurswhenanassociativeandcommutativeoperator

"
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��*�+ or in any otherplacein the
loop. In suchacase,# is a reductionvariable.

A simpli�ed exampleof reductionis shown in Figure2.
In the �gure, array w is a reductionvariable. Note that
the patternof accessto a reductionvariableis a readfol-
lowedbyawrite. Therefore,theremaybe�o w dependences
acrossiterations.As a result,theloopcannotberun in par-
allel.

1 for(i=0;i<Nodes;i++)
2 w[x[i] ]+=expression;

Figure 2. Loop with a reduction operation.

Parallelizing loops with reductionsinvolves two steps:
recognizingthe reduction variable and transformingthe
loopfor parallelism.Recognizingthereductionvariablein-
volvesseveral steps[30]. First, the compilersyntactically
pattern-matchesthe loop statementswith the templateof a
generalreduction( #,$-#

".%

#�'�(

%/)�)

��*�+ ). In our example,
the statementin line 2 matchesthe pattern. Then,the op-
erator( 0 in our example)is checked to determineif it is
commutative andassociative. Finally, datadependenceor
equivalentanalysisis performedto verify thatthesuspected
reductionvariableis notaccessedanywhereelsein theloop.
In ourexample,all of theseconditionsaresatis�edfor w.

Oncethe reductionvariable is recognized,the loop is
transformedby replacingthe reductionstatementwith an
equivalent parallel algorithm. For this, thereare several
known methods. The two most commononesareas fol-
lows:

1 Enclosetheaccessto the reductionvariablein an un-
orderedcritical section[8, 30]. Alternatively, we can
accessthevariablewith anatomicfetch-and-opoper-
ation. The main drawbackof this methodis that it is
not scalable,asthe contentionfor the critical section
increaseswith the numberof processors.Thus, it is
recommendedonly for low-contentionreductions.

1 Exploit thefactthatareductionoperationisanassocia-
tive andcommutative recurrence.Therefore,it canbe
parallelizedusinga parallelpre�x or a recursive dou-
bling algorithm[15, 21]. This approachis morescal-
able.

For reductionson arrayelements,a commonly-usedim-
plementationof the secondmethodis to create,for each
processor, aprivateversionof thereductionarrayinitialized
with theneutralelementof the reductionoperator. During
the executionof the parallelizedloop, eachprocessorac-
cumulatespartialresultsin its privatearray. Then,afterthe
loopis executed,across-processormergingphasecombines
thepartialresultsof all theprocessorsinto thesharedarray.
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Using this approach,our example loop from Figure 2
getstransformedinto theparallelloopof Figure3. For sim-
plicity, staticschedulingisusedandthecodefor forkingand
joining is omitted. Thus,we show only thecodeexecuted
by eachprocessor.

In the parallelizedloop, eachprocessorhasits own ar-
rayw priv[PID] , wherePID is theprocessorID. First,each
processorinitializesits arraywith theneutralelementof the
reductionoperator(lines 1-2). In our example, the neu-
tral elementis 0 becausethe reductionoperatoris addi-
tion. Next, eachprocessorgetsa portion of the loop and
executesit, performingthereductionoperationon its array
w priv[PID] (lines3-4). After that,all processorssynchro-
nize(line 5). Then,they all performa Merging step,where
thepartialresultsaccumulatedin thedifferentw priv[PID]
arraysaremergedinto thesharedarrayw.

// Initialize theprivatereductionarray
1 for(i=0;i<NumCols;i++)
2 w pri v[PID] [i]=0;
// Therange0..Nodesis split amongtheprocessors
3 for(i=MyNodesBegin;i<MyNodesEnd;i++)
4 w pri v[PID][ x[i] ]+=expression;
5 barrier();
//Therangeof indicesof w is split amongprocessors
6 for(i=MyColsBegin;i<MyColsEnd;i++)
7 for(p=0;p<NumProcessors;p++)
8 w[i]+=w pri v[p] [i];
9 barrier();

Figure 3. Code resulting from parallelizing the loop in
Figure 2.

In the caseof scalars,this merging stepcan be paral-
lelized throughrecursive doubling. In the caseof arrays,
however, it is moreef�cient to parallelizeit by having each
processorperform merging for a sub-rangeof the shared
array. Thus,in ourexampleeachprocessorprocessesapor-
tion of w elementby element(line 6). For eachelement,the
processorin chargeof processingit takesthepartial result
of eachprocessor(line 7) andcombinesit into its shared
counterpart(line 8). Finally, anotherglobal synchroniza-
tion is performed(line 9), to guaranteethat thesubsequent
codeaccessesseeonly thefully mergedarrayw.

2.3 Drawbacks in ScalableMultipr ocessors

This implementationof reductionparallelizationhastwo
importantdrawbacksin scalableshared-memorymultipro-
cessorswith large memoryaccesslatencies:many remote
missesin themerging phaseandcachesweepingin theini-
tializationandmergingphases.

The merging phasenecessarilysuffers many remote
misses. Indeed,for eachsharedarrayelementthat a pro-
cessoraccessesin line 8, all but oneof the corresponding
privatearrayelementsarein remotememorylocations.Be-
causeof this, themergingoperation(alsocalledmerge-out)
canbevery timeconsuming.

Note that the time neededto performthe merging does
not decreasewhen more processorsare used. With more
processors,eachprocessorhasto perform combiningfor
fewer elementsof thesharedarray. However, eachelement
requiresmorework becausemorepartial resultsneedto be
combined. Speci�cally, consideran arrayof size 2 and 3

processors.The merging steprequiresthat eachprocessor
combine 3 sub-arraysof size 2�453 . As a result, the total
merging time is proportionalto 37682�453:9;2 , which does
notdependon thenumberof processors.

The problemgetsworsewhenthe accesspatternof the
reductionis sparse.In this case,themerging operationper-
formsa lot of unnecessarywork, sinceit operateson many
elementsthatstill containtheneutralelement.To improve
this case,eachprocessorcould usea compactprivatedata
structuresuchasa hashtableinsteadof a full privatearray.
With this approach,however, improving themerging phase
comesat the costof slowing down the main computation
phase.Thereasonis thataddressingthis compactstructure
requiresindirection,which is moreexpensive thanthesim-
pleaddressingof arrayelements.

Thesecondproblem,namelycachesweeping,occursin
theinitialization (lines1-2)andmerging (lines6-8)phases.
Cachesweepingin the initialization may causeadditional
cachemissesin the main computationphase(lines 3-4).
Cachesweepingin themergingphasemaycauseadditional
missesin thecodethatfollows thereductionloop.

3 PrivateCache-LineReduction (PCLR)

To addressthe problemsdiscussedin Section2.3, we
proposeto addnew architecturalsupportto scalableshared-
memorymultiprocessors.We call thenew schemePrivate
Cache-LineReduction(PCLR). In this section,we give an
overview of the schemeandthenproposean implementa-
tion.

3.1 Overview of PCLR

The essenceof PCLR is that eachprocessorparticipat-
ing in thereductionusesnon-coherent lines in its cacheas
temporaryprivatestorageto accumulateits partial results
of the reduction. Moreover, if theselines are displaced
from the cache,their value is automaticallyaccumulated
ontothesharedreductionvariablein memory. Finally, since
thecachelinesarenon-coherent,cachemissesaresatis�ed
from within the local nodeby returninga line �lled with
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neutral elements. Figure 4 shows a representationof the
scheme.
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Figure 4. Representation of how PCLR works.

With this approach,the processorsare relieved of the
initializationandmerge-outwork, thereforeeliminatingthe
two problemspointedout in Section2.3.Also, sincetheap-
proachis still basedon computingpartial resultsandcom-
biningthem,thereductionis performedwith nocritical sec-
tions.

Theinitialization phaseis avoidedby initializing there-
ductionlinesondemand,asthey arebroughtinto thecache
on cachemisses.Sincethecacheis usedasprivatestorage
to accumulatethepartialresults,thereis noneedto allocate
any privatearrayin memory. Onacachemissto areduction
line, thelocaldirectorycontrollerinterceptstherequestand
servicesit by supplyinga line of neutralelements.

The merging phaseis avoidedby combiningthe reduc-
tion cachelines in the background,as they are displaced
from thecacheduringparallelloopexecution.As eachdis-
placedreductionline reachesthehomeof thesharedreduc-
tion variable,thedirectorycontrollercombinesits contents
with thesharedreductionvariablein memory. Meanwhile,
theprocessorscontinueprocessingtheloopwithoutany in-
terruption.

When the parallel loop ends,somepartial resultsmay
still remainin thecaches.They mustbeexplicitly �ushedso
thatthey arecorrectlycombinedwith theshareddatabefore
any furthercodeis executed.This�ush steptakesmuchless
timethantheordinarymergingphaseof Figure3. Thereare
two reasonsfor it. First, it haslesscombiningto perform,
asmostof it hasalreadybeenperformedthroughdisplace-
mentsduringthe loop execution. In fact, thework to do is
at worstproportionalto thesizeof thecache,ratherthanto
the sizeof the sharedarray. The secondreasonis that the
processorissuesno remoteloads. Instead,it simply sends

all the partial resultsto their homes,wherethe directory
controllercombinesthedata.

With PCLR support,the codein Figure2 becomesthe
onein Figure5. Note thatwe have addeda call to a func-
tion thatcon�guresthemachinefor PCLRbeforethe loop
execution.As in Figure3, thisexampleis alsosimpli�ed by
usingstaticschedulingandomitting theforking andjoining
code.In therestof this section,we presentanimplementa-
tion of PCLR.

1 Con�gHardware(arguments);
// Therange0..Nodesis split amongtheprocessors
2 for(i=MyNodesBegin;i<MyNodesEnd;i++)
3 w[x[i] ]+=expression;
4 CacheFlush();
5 barrier();

Figure 5. Parallelized reduction code under PCLR.

3.2 Implementation of PCLR

Any implementationof PCLRhasto considerthefollow-
ing issues:differentiationof reductiondata(Sections3.2.1
and 3.2.5), support for on-demandinitialization (Sec-
tion 3.2.2)andcombining(Section3.2.3)of lines, con�g-
urationof thehardware(Section3.2.4),andatomicityguar-
antees(Section3.2.6). We discusstheseissuesin this sec-
tion.

In thefollowing discussion,weassumeaCC-NUMA ar-
chitecturesuchas the one in Figure4. Eachnodein the
machinehasa directorycontroller that snoopsandpoten-
tially interveneson all requestsandwrite-backsissuedby
thelocal cache,evenif they aredirectedto remotenodes.

3.2.1 Differ entiating ReductionData

While the datausedin reductionoperationsremainin
the cache,they arereadandwritten just like regular, non-
reductiondata. However cachemissesanddisplacements
of reductiondatarequirespecialtreatment.Consequently,
any implementationof PCLR hasto provide a way to dis-
tinguishreductiondatafrom regulardata.

A simple way of doing so is to use special load and
storeinstructionsfor “reduction” accesses.Cachelinesac-
cessedby thesespecialinstructionsaremarkedascontain-
ing reductiondataby putting them into a special“reduc-
tion” state.In this state,a processorcanreadandwrite the
line without sendinginvalidations,even thoughotherpro-
cessorsmaybe cachingthesamememoryline. Missesby
reductionloadsanddisplacementsof lines in thereduction
statecausespecialtransactionsthat are recognizedby the
localandhomedirectories,respectively.
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Note that we assumethat reductionand regular data
never sharea cacheline. Although it would be possible
to enhanceourschemeto supportline sharing,alignmentof
reductiondataon cacheline boundariesis bene�cial even
without PCLR.Consequently, we assumethatthecompiler
guaranteesno line sharing.

In thefollowing, we explain therestof PCLRassuming
this simple approachto differentiatingreductiondata. In
Section3.2.5,we proposea moreadvancedschemefor re-
ductiondatadifferentiationthatallowsusingunmodi�ed or
slightly modi�ed processorsandcaches.

3.2.2 On-DemandInitialization of ReductionLines

Whena reductionloadmissesin thecache,a specially-
markedcacheline readtransactionis issuedto thememory
system.Thelocaldirectorycontrollerinterceptstherequest
and satis�es it by returninga line initialized with neutral
elementsfor theparticularreductionoperation.The line is
loadedinto thecachein thereductionstate.

A reductionloadmayhit in thecacheonaline thatis not
in the reductionstate.This mayoccurif the line hadbeen
accessedprior to thereductionloopwith plainaccessesand
happenedto linger in the cache.In this case,if the line is
in statedirty, it is written backto memoryin a plain write-
back. Irrespective of its state,the line is theninvalidated.
Finally, thecacheissuesa reductionreadmissasindicated
above.

3.2.3 On-DemandCombining of Partial Results

Whena line in thereductionstateis displacedfrom the
cache,a specially-marked write-backtransactionis issued
to the memorysystem. Oncethe write-backarrivesat its
home,thedirectorycontrollerreadsthepreviouscontentsof
the line from memory, combinesit with the newly-arrived
partial result,andstoresthe updatedline backto memory.
Thecombiningof the lines is doneaccordingto thereduc-
tion operatorin thecode,andis performedfor every single
elementin the line. Note that thoseelementsof the dis-
placedline thatwerenotaccessedby theprocessorstill con-
tain theneutralelement,sotheeffectof merging themwith
memorycontentis thatthememorycontentis unchanged.

To combinethe lines, the directorycontrollerhasto be
enhancedwith executionunitsthatsupporttherequiredre-
ductionoperators.Sincea cacheline containsseveral in-
dividual dataelements,suchexecutionunits may become
a bottleneckif their performanceis too low. Luckily, all
the elementsof a line canbe processedin parallelor in a
pipelinedfashion.Consequently, it is not toodif�cult to im-
prove the performanceby pipelining theseexecutionunits
or addingmoreunits.

Theseexecutionunits should include an integer ALU
for integer operations.For �oating-point operations,hav-
ing a full �oating-point unit would be more general,but

would also increasethe complexity of the directory con-
troller signi�cantly. Ourexperiencewith theapplicationsin
Section4.2 suggeststhat multiplication is rarely usedasa
reductionoperator. Thus,for �oating-point operations,hav-
ing a �oating-point adderandcomparatoris suf�cient.

Finally, it is possiblethat the reductiondatahad been
accessedprior to the reductionloop with plain accesses,
andstill lingersin several cacheswhenthe reductionloop
starts. To handlethis case,whenthe homedirectorycon-
troller receivesa write-backfor the line, it alwayschecks
the list of sharerprocessorsfor the line in the directory.
Note that missesdue to the reductionaccessesdo not go
to the home. Thus, the homeonly hassharinginforma-
tion aboutnon-reductionsharers.If the line is in a (non-
reduction)dirty statein a cache,the controller recallsthe
line andwritesit backto sharedmemorybeforeperforming
any combining. The controlleralsosendsinvalidationsto
all (non-reduction)sharerprocessors.After the�rst reduc-
tion write-backof a line, the list of sharersat its homeis
empty for the remainderof the reductionloop andcauses
no furtherinvalidationor recallmessages.

3.2.4 Con�guring the Hardware

Beforeexecutingareductionloop,eachprocessorissues
a systemcall to inform the directorycontrollerin its node
aboutthedatatypeandtheoperationof thereduction.This
is shown in line 1 of Figure5. With this simpleapproach,
we can only supportone type of reductionoperationper
parallelsection.In our exampleof Figure5, thecontroller
must be con�gured to perform double-precision�oating-
pointadditionwhenit receivesa reductionwrite-back.

Any loop thatperformsseveral typesof reductionoper-
ation mustbe distributed into multiple loops,so that each
loop performsonly onetypeof reductionoperation.Fortu-
nately, loopswith multiple typesof reductionoperationare
rare.

Finally, the operatingsystemknows if different, time-
sharedprocesseswant to usedifferent typesof reduction
operations.If this is thecase,theoperatingsystem�ushes
the reductiondatafrom the cacheswhena processis pre-
empted,andreprogramsthe directorycontrollerwhenthe
processis re-scheduled.

3.2.5 AdvancedDiffer entiation of ReductionData

In Section3.2.1 we explaineda simple mechanismto
distinguishreductiondatafrom regular dataand then ex-
plained the rest of PCLR using that simple mechanism.
Now we proposea moreadvanced,but equivalent,mech-
anismthateliminatestheneedto modify theprocessor, the
caches,or thecoherenceprotocol.

In this scheme,insteadof using special instructions,
cachestates,and protocol transactionsto identify reduc-
tion data, such data are identi�ed by using ShadowAd-
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dresses[5]. Theschemeworksasfollows. In thereduction
code,we usea ShadowArray insteadof theoriginal reduc-
tion array. For example,in Figure5, we would usearray
w reduinsteadof w. Thisshadow arrayis mappedto phys-
ical addressesthatdo not containphysicalmemory. How-
ever, suchaddressesdiffer from thecorrespondingphysical
addressesof theoriginal arrayin a known manner. For ex-
ample,they canhave their mostsigni�cant bit �ipped. As
a result,whena directorycontrollerseesanaccessthatad-
dressesnonexistentmemory, it will know two things.First,
it will know that it is a reductionaccess.Second,from the
physicaladdress,it will know what locationof theoriginal
arrayit refersto.

With this approach,we do not needto modify thehard-
wareof the processor, caches,or coherenceprotocol. The
only requirementis thatthemachinemustbeableto address
morememorythanphysically installed. Then,whena di-
rectorycontrollerseesa readmissfrom thelocal processor
to nonexistentmemory, it simply returnsa line of neutral
elementsto the processor. Furthermore,whena directory
controllerseesthewrite-backof a line from the local pro-
cessorto nonexistentmemory, it will forwardit to thehome
of thecorrespondingelementof theoriginal array. Finally,
whenadirectorycontrollerreceivesthewrite-backof a line
from a remoteprocessor, it translatesits addressto thead-
dressof thecorrespondingelementin theoriginalarrayand
combinestheincomingdatawith thedatain memory.

This approachrequiresmodestcompilerand operating
systemsupport.Thecompilermodi�es the reductioncode
to accessa shadow array insteadof the original array. It
alsodeclarestheshadow arrayandinsertsa systemcall to
tell the operatingsystemwhich arrayis shadow of which.
Theoperatingsystemhasto supportthemappingof pages
for the shadow array. Speci�cally, on a pagefault in the
shadow array, it assignsa nonexistentphysicalpagewhose
numberbearstheexpectedrelationto thenumberassigned
to the correspondingoriginal arraypage.Moreover, if the
latterdoesnotexist yet, it is allocatedat this time.

3.2.6 Atomicity Concernsand Solutions

In PCLR,a problemoccursif a line with reductiondata
is displacedfrom the cachebetweena readandthe corre-
spondingwrite of thereductionoperation.As anexample,
assumethat the valueof a variablein the line is A . This
valueis readinto a registerandupdatedto ACB�D . How-
ever, beforethe result register is written to the cache,the
line getsdisplacedfrom thecache.In this case,thepartial
result A will besentto memoryandaccumulatedonto the
shareddata.Then,thecachemisswill beservicedwith the
neutralelementandthevariablein theline will beupdated
to AEB	D . Later, adisplacementof thisline will causeAEB	D

to be accumulatedonto the shareddatain memory. Thus,

thepartialresultA will beaccumulatedontotheshareddata
twice.

We cansolve this problemthroughrecovery or preven-
tion. Recovery solutionsattempt to recover the correct
stateof computationaftertheproblemhasalreadyoccurred.
Unfortunately, the problemcangenerallybe detectedonly
whenthestoremissesin thecache.In our example,there-
coverywould involvesubtractingA from eithertheregister
involvedin themissor thesharedlocation. However, A is
unknown at thetime theproblemis detected,astheshared
locationcontainsthecombinedresultof othercomputations
and A , while theoffendingstorehasAFBGD . Insteadof at-
temptingto checkpointthepartialresultsor thesharedvalue
in orderto enablerecovery, wechooseto preventtheoccur-
renceof theproblem.

Note that reductionlines in a cachedo not receive ex-
ternal invalidationsor downgraderequeststhat force them
to write-back. Therefore,a misson a storeto a reduction
line canonly occurbecause,betweentheloadandthestore,
the local processorhasbrought in a secondline that has
displacedtheonewith reductiondata.If we ensurethatthe
processordoesnotperformany accessbetweentheloadand
the storeto the reductionvariable,the displacementprob-
lem shouldnot happen.Unfortunately, modernprocessors
reorderindependentmemoryaccesseslikethoseto different
wordsof thesameline and,therefore,mayinducetheprob-
lem. Preventingthis reorderinginvolvesputtinga memory
fencebeforethe load andafter the correspondingstoreto
the reductionvariable. This approachis unacceptablebe-
causeit would limit the performanceof PCLR on modern
processors.

Theapproachthatwe useis thepinningof a line in the
cachebetweena reductionload to the line and the corre-
spondingstore.Weintroducetwo new instructions,namely
load&pin and store&unpin, and add a small numberof
Cache Pin Registers (CPRs)to the processor. EachCPR
hastwo �elds: thetag�eld whichholdsthetagof thepinned
line, andapin countcounter.

Whenaload&pin instructionis executed,areadfromthe
cacheis performed.At thesametime, a CPRis allocated,
its tag is setto the tagof thecacheline, andthepin count
is set to one. If one of the CPRsalreadyhasthe tag of
theline, its pin countis incremented.Whena store&unpin
instructionis executed,a storeto the cacheis performed.
At the sametime, the pin count for the matchingCPR is
decremented.If after this thepin countis zero,theCPRis
freed.Beforea displacementof a cacheline is allowed,the
tagsof theCPRsarechecked. If any of theactiveCPRshas
a matchingtag,thedisplacementis preventeduntil theline
is no longerpinnedin thecache.

With this support,all micro-architecturalfeaturesfound
in modernmicroprocessorscanstill beused,includingout-
of-orderinstructionissue,speculativeexecution,instruction
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squashing,andmemoryrenaming.However, caremustbe
takento keeptheCPRsup-to-date.For example,if a spec-
ulatively executedload&pin hasto be squashed,the hard-
wareneedsto decrementthe correspondingpin countand
possiblyfreetheCPR.Similarly, considermemoryrenam-
ing from a store&unpinto a load&pin of thesameaddress.
In this case,even though the load is transformedinto a
register-to-registertransfer, the CPRfor the load&pin still
needsto beoperatedon.

Finally, if all CPRsarein usewhenonemoreis needed,
or a pin countersaturates,the instruction is delayedun-
til a CPR is free or the counteris decremented.Because
CPRsareneededto allow instructionreorderingby thepro-
cessor, this delay cannotcausedeadlocks. In fact, even
if a processorhasonly oneCPR, it cancorrectlyexecute
any code. With moreCPRs,thecompilercanbemoreag-
gressive aboutinstructionscheduling.In practice,we have
foundthatasmallnumberof CPRs(8) is suf�cient to main-
taingoodperformance.

3.3 Summary

ThePCLRschemeaddressestheproblemsof parallelre-
ductionsin scalableshared-memorymultiprocessorsasdis-
cussedin Section2.3. PCLR has two main advantages.
First, it usescachelines as the only private storageand
initializes themon demand.As a result, thereis no need
to allocateprivate datastructuresor to perform a cache-
sweepinginitialization loop. Second,it performsthecom-
biningof thepartialresultswith theirsharedcounterpartson
demand,asthe reductionloop executes.As a result,there
is no needfor a costly merging stepthat involvessweep-
ing the cacheandmany remotemisses.All that is needed
is to �ush the reductiondatafrom thecachesat theendof
the loop. Thesetwo advantagesareparticularlyimportant
whenthereductionaccesspatternsaresparse.

Most PCLR modi�cations are in the directory con-
trollers,which performspecialactionson readmissesand
write backs. With the useof shadow addresses,the only
modi�cation to the processorand cachesis the ability to
pin andunpinlinesin thecachesthroughtheload&pin and
store&unpin instructions. It can be arguedthat thesein-
structionscouldalsobeusefulfor otherfunctionsin modern
processors.

4 Evaluation Methodology

We evaluatethePCLRschemeusingsimulationsdriven
by severalapplications.In thissection,wedescribethesim-
ulationenvironmentandtheapplications.

4.1 Simulation Envir onment

We use an execution-driven simulation environment
basedonanextensionto MINT [26] thatincludesadynamic
superscalarprocessormodel [14]. The architecturemod-
eled is a CC-NUMA multiprocessorwith up to 16 nodes.
Eachnodecontainsafractionof thesharedmemoryandthe
directory, aswell asaprocessoranda two-level cachehier-
archy with a write-backpolicy. The processoris a 4-issue
dynamicsuperscalarwith registerrenaming,branchpredic-
tion,andnon-blockingmemoryoperations.Table1 lists the
maincharacteristicsof thearchitecture.Contentionis accu-
ratelymodeledin theentiresystem,exceptin thenetwork,
whereit is modeledonly at thesourceanddestinationports.

ProcessorParameters MemoryParameters

4-issuedynamic,1 GHz L1, L2 size:32KB, 512KB
Int, fp, ld/stFU: 4, 2, 2 L1, L2 assoc:2 way, 4 way
Inst. window: 64 L1, L2 size:64B, 64B
Pendingld, st: 8, 16 L1, L2 latency: 2, 10cycles
Branchpenalty:4 cycles Localmemorylatency: 104cycles
Int, fp renameregs: 64,64 2-hopmemorylatency: 297cycles

Table 1. Architectural characteristics of the modeled
CC­NUMA. The latencies shown measure contention­
free round trips from the processor in processor cycles.

Thesystemusesa directory-basedcachecoherencepro-
tocol along the lines of DASH [22]. Eachdirectorycon-
troller hasbeenenhancedwith a single double-precision
�oating-point add unit. Both the directory controller and
the �oating point-unitareclockedat 1/3 of theprocessor's
frequency. The �oating-point unit is fully pipelined,so it
canstarta new additionevery threeprocessorcycles. Its
latency is 2 cycles(6 processorcycles). Floating-pointad-
dition is the only reductionoperationthat appearsin our
applications(Section4.2).

Privatedataareallocatedlocally. Pagesof shareddata
areallocatedin the memorymoduleof the �rst processor
thataccessesthem. Our experimentsshow that this alloca-
tion policy for shareddataachieves the bestperformance
resultsfor boththebaselineandthePCLRsystem.

4.2 Applications

ToevaluatethePCLRsystem,weuseasetof FORTRAN
andC scienti�c codes.Two of themareapplications:Euler
from HPF-2[7] andEquake from SPECfp2000[13]. The
threeothercodesarekernels:Vml from SparseBLAS [6],
Charmmfrom [4], andNbf from the GROMOS molecular
dynamicsbenchmark[11].

All of thesecodeshave loopswith reductionoperations.
Table2 lists the loopsthatwe simulatein eachapplication
and their weight relative to the total sequentialexecution
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Appl. Namesof Loops % of # of In- Iters.per Instruc. Red.Ops. Red.Array Lines Lines
Tseq vocations Invocation perIter. perIter. Size(KB) Flushed Displaced

d�ux do[100,200]
Euler psmoodo20 84.7 120 59863 118 14 686.6 3261 2117

e�ux do[100,200,300]
Equake smvp 50.0 3855 30169 550 22 707.1 742 580
Vml VecMult CAB 89.4 1 4929 135 6 40.0 168 0
Charmm dynamcdo 82.8 1 82944 420 54 1947.0 1849 330
Nbf nbf do50 99.1 1 128000 1880 200 1000.0 238 1774

Average 81.2 795 61181 620 59 871.0 1251 960

Table 2. Application characteristics. In Euler, we only simulate d�ux do100, and all the numbers except Tseq correspond
to this loop. The data in the last two columns of this table correspond to a single loop, and are collected through simulation
of a 16­processor system.

time of theapplication(%Tseq).This valueis obtainedby
pro�ling theapplicationson a single-processorSunUltra 5
workstation. The tablealsoshows the numberof loop in-
vocationsduringprogramexecution,theaveragenumberof
iterationsperinvocation,theaveragenumberof instructions
periteration,theaveragedynamicnumberof reductionop-
erationsper iteration, and the size of the reductionarray.
The last two columnsof the tablewill be discussedin the
next section.

The loops in Table 2 are analyzedby the Polarispar-
allelizing compiler [2] or by handto identify thereduction
statements.Then,wemodify thecodeto implementthepar-
allel reductioncodefor thesoftwareandPCLRalgorithms,
as shown in Sections2.2 and3, respectively. For PCLR,
reductionaccessesare also marked with specialload and
storeinstructionsto triggerspecialPCLRoperations(Sec-
tion 3.2.1)in oursimulator.

In the next sectionwe reportdata,including speedups,
for only the sectionsof codedescribedin Table2. Also,
since there is a signi�cant variation in speedup�gures
acrossapplications,wereportaverageresultsusingthehar-
monicmean.

5 Evaluation

5.1 Impact of PCLR

Weevaluatetwo differentimplementationsof ourPCLR
scheme.The �rst oneis an implementationwherethe di-
rectory controller is hardwired. The secondimplementa-
tion utilizes a programmabledirectory controller, similar
to the MAGIC micro-controllerin the FLASH multipro-
cessor[19]. A programmablecontroller can provide the
functionalityrequiredby PCLRwithout requiringhardware
changes. Thesetwo implementationsof PCLR are com-
paredagainstabaselinesystem,whichusesasoftware-only
approachto parallelizereductions.The software-onlyap-
proachutilizesanalgorithmthataccumulatespartialresults

in privatearraysandmergesthe dataout whenthe loop is
done,asdescribedin Section2.2.

Figure6 comparestheexecutiontimeof thesethreesys-
tems.Thebaselinesoftware-onlysystemis Sw. ThePCLR
implementationwith ahardwireddirectorycontrollerisHw,
andtheimplementationwith a�e xibleprogrammabledirec-
tory controlleris Flex. Thesimulatedsystemis a 16-node
multiprocessor. For eachapplication,the barsarenormal-
ized to Sw, andbroken down into time spentin the initial-
izationphaseof theSwscheme(Init), loop bodyexecution
(Loop), andtimespentmerging thepartialresultsat theend
of the loop in Sw or �ushing the cachesin Hw and Flex
(Merge). The numbersabove eachbar show the speedup
relative to the sequentialexecutionof the code. In the se-
quentialexecution,all datawereplacedon the local mem-
ory of thesingleactiveprocessor.

Theperformanceof Hw andFlex improvessigni�cantly
overSw. This improvementis mainlydueto theelimination
of the�nal cross-processormerging stepthat is requiredin
thesoftware-onlyimplementation.In Sw, thework in this
merging stepis proportionalto thesizeof thereductionar-
ray anddoesnot decreasewhenmoreprocessorsareavail-
able.Whenthis time is signi�cant relative to thetimespent
in theexecutionof themainloop, thebene�tsof PCLRbe-
comesubstantial.For example,in Charmmthe main par-
allel loop aloneexecuteswith Sw 9 times fasterthan the
sequentialloop. However, the merging stepis responsible
for thepoor�nal speedupof Sw(1.9on 16 processors).As
mentionedin Section3, a secondbene�t of PCLR is that
the initialization phaseis removed. In general,this phase
accountsfor a relatively small fractionof theSwexecution
time.

The Hw and Flex systemsalways spendless time in
Merge thantheSwsystem.In PCLR,Merge only accounts
for thetimespent�ushing thecachesafterthelastprocessor
has�nished theexecutionof theparallelloop. Whenusing
PCLR,processorsdo not have to synchronizeafterthepar-
allel loop. They canstart �ushing their cachesassoonas
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Figure 6. Execution time under different schemes for a 16­node multiprocessor. The numbers above the bars are
speedups relative to the sequential execution.

they �nish, andoverlapthis �ush with theexecutionof the
looponotherprocessors.

In our experiments,we do not assumespecialsupport
to �ush only thereductiondata.Thus,theL2 cacheis tra-
versedand all the dirty lines (reductionor not) are writ-
tenbackto memory. In Table2, thecolumnLinesFlushed
shows the averagenumberof cachelines �ushed by each
processor. Most of theselinescontainreductiondata. The
columnLinesDisplacedshows theaveragenumberof lines
with reductiondatadisplacedby eachprocessorduringthe
executionof themainreductionloop.

The differencesbetweenthe Hw andthe Flex schemes
aremainly dueto two reasons.First,with a softwaredirec-
tory controller, all the transactionsin the nodehave to go
throughthenodecontroller, increasingthecontention.Sec-
ond, the softwaredirectorycontroller takes longer to pro-
cessindividual transactions.To accuratelysimulatethese
two effects, in our simulationsof Flex we have usedthe
cycle countsfor responsetime andoccupancy reportedfor
theFLASH directorycontroller[12]. For example,a clean
readmissis servicedin 11cyclesof thedirectorycontroller.
Sincewe assumethat thedirectorycontrolleris clockedat
1/3 of theprocessor's frequency, this correspondsto 33 cy-
clesof themainprocessor. Thedirectorycontrolleris occu-
piedduringthattime.

The�gure showsthatthespeedupsin Flex are,ontheav-
erage,only 16%lower thanin Hw and136%higherthanin
Sw. Therefore,implementingPCLRusinga programmable
directorycontrolleris a goodtrade-off.

Overall, for a 16-nodemultiprocessor, the Hw PCLR
schemeachieves an averagespeedupof 7.6, while the
software-onlysystemdeliversan averagespeedupof only
2.7. If PCLR is implementedwith a programmabledirec-
tory controllertheaveragespeedupis 6.4.

5.2 Scalability of PCLR

To evaluatethescalabilityof PCLR,we have simulated
a multiprocessorsystemwith 4, 8, and16 processors.Fig-
ure 7 shows the harmonicmeanof the speedupsdelivered
by thedifferentmechanisms.It canbeseenthatPCLR(both
Hw andFlex) scalewell. However, the Swschemescales
poorly. As explainedin Section2.2, the time of themerg-
ing stepin Swdoesnot decreasewhenmoreprocessorsare
available. If the main loop scaleswell, the merging step
limits theachievablespeedupsaccordingto Amdahl's law.
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Figure 7. speedups delivered by the different mecha­
nisms (harmonic mean).
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5.3 Impact of FP­Unit Speed

In previoussectionswe have assumedthat the �oating-
point unit in thedirectorycontrollerwasclockedat H�I/J of
the processor's frequency. To determinewhetherthis unit
is a point of contentionin our PCLR system,we evalu-
atea systemwith a fasterunit. Thus,Figure8 compares
theprevioussystem(Hw) with asystemwherethe�oating-
point unit in the directory is clocked at the full frequency
of the processor(Fast). We canseefrom the Figure that,
althoughtheexecutiontimesof someapplicationsimprove,
the improvementsarenot signi�cant. Therefore,even the
relatively slow �oating-point unit is not a bottleneckin our
system.
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Figure 8. Comparing the performance with �oating­
point units of different frequencies.

6 Additional Useof PCLR

ThePCLRschemecanalsobeusedto speed-upanother
algorithm,namelythe dynamiclast valueassignment.In
this section,we explain thedynamiclast valueassignment
problem(Section6.1) and show how PCLR can be used
(Section6.2).

6.1 Dynamic Last ValueAssignmentin Software

As explained in Section2, privatization is a common
techniqueusedto parallelizeloopswith anti andoutputde-
pendences.Whenprivatizationis used,if the valueof the
privatizedvariableis neededafter the parallel loop, a last
valueassignmenthasto be performed. Speci�cally, after
the loop executionis complete,the sharedcounterpartof
theprivatizedvariablehasto beupdatedwith thevaluepro-
ducedby thehighestwriting iteration. If thecompilercan
determinewhich iterationis that, it generatesthecodethat
putsthis valuein thesharedvariable. In thecommoncase
whenall iterationswrite to theprivatizedvariable,the last

writing iterationis thelastiterationof theloop. In thiscase,
thecompilercansimplypeeloff this lastiterationandmake
it write directly to thesharedvariable.

However, whenthelastwriting iterationcannotbedeter-
minedat compiletime, dynamiclast valueassignmenthas
to beperformed.In this case,themainparallelloop is fol-
lowedby a copy-outphase.This phaseidenti�es, for each
elementof the sharedvariable,the processorthat ran the
highestiterationthatwroteto thatelement.

Figure9 shows anexampleof a loop that is parallelized
throughtheprivatizationof arrayA. It alsoneedsdynamic
last value assignmentif the elementsof array A are read
after the loop, or the compiler cannotprove they are not
read.

1 for(i=0;i<N;i++)
2 if (f[i]) K

3 A[g[i] ]= . . .;
4 . . .=A[g[i] ];
5 L

Figure 9. Loop to be parallelized with privatization and
dynamic last value assignment.

Figure 10 shows the parallel versionof the loop, with
the copy-out phase.The �gure assumesthat arrayA con-
tainsNumElementelements.As usual,staticschedulingis
usedfor simplicity. As canbe seen,togetherwith the pri-
vate array A priv[PID] , eachprocessoralso hasa private
time-stamparrayA ts[PID] . Whenever a processorwrites
to anelementof theprivatearray, it alsoupdatesthecorre-
spondingelementin the privatetime-stamparraywith the
numberof the iteration it is executing. When the loop is
done,thecopy-out phasecomparestheprivatetime-stamps
of all the processors.Eachelementof the sharedarray is
updatedwith the private copy of the processorwherethe
maximumtime-stampis found.

Note that the privatetime-stampsA ts[PID] have to be
initializedto anumberthatis smallerthatany possibleitera-
tion number(-1 in ourexample).Also,notethatwhenstatic
schedulingis used,asin our example,theprocessorID can
beusedto updatethe time-stamps(A ts[PID][g[i]] in line
6) insteadof theiterationnumber, assumingthatscheduling
is donesothatprocessorswith increasingPIDsgetiteration
rangeswith increasingindices.

6.2 UsingPCLR for Last ValueAssignment

Note that Figure10 usesthe private time-stamparrays
as reductiondata,wherethe reductionoperationis maxi-
mum. During the executionof the main loop, the updates
to theprivatetime-stampscomputethepartialresults,while
thesearchfor themaximumduringthecopy-outphasecor-
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// Initialize theprivatetime-stamparray
1 for(i=0;i<NumElement;i++)
2 A ts[PID][i]=-1;
// Therange0..N is split amongtheprocessors
3 for(i=MyNBegin;i<MyNEnd;i++)
4 if (f[i]) M

5 A pri v[PID][ g[i] ]= . . .;
6 A ts[PID][ g[i] ]=PID;
8 . . .=A pri v[PID][ g[i] ];
9 N

10 barrier();
// Copy-out. Range0..NumElementis split amongprocs
11 for(i=MyNumElemBegin;i<MyNumElemEnd;i++)M
12 x=-1;
13 for(p=0;p<NumProcessors;p++)
14 x=max(x,A ts[p][i]);
15 if(x>-1)
16 A[i]=A priv[x][i];
17 N

18 barrier();

Figure 10. Code resulting from parallelizing the loop
in Figure 9 with dynamic last value assignment.

respondsto themerge-out.Thus,thePCLRmechanismas
explainedin Section3,canbeusedto speed-upthedynamic
lastvalueassignmentoperation.SincePCLRperformsre-
ductionswithoutdeclaringprivatereductionarrays,weonly
needto declareonesharedtime-stamparray. Its elements
have to be initialized to a numberlower thanany possible
iterationor processorID.

During theexecutionof themain loop, the time-stamps
areupdatedusingthemaximumoperator. After theparallel
loop is �nished and the cachesare �ushed, eachelement
of the sharedtime-stamparraywill containthe maximum
time-stampfor that element. Eachof thesemaximawill
be usedto identify thecorrectprivateversionto copy into
thecorrespondingelementof thesharedarray. Thus,using
PCLRspeeds-updynamiclastvalueassignmentandmakes
it scalablewith thenumberof processors.

6.3 AdvancedSupport

A furtherspeedupcouldbeobtainedif the�nal copy-out
phasewas eliminated. To do so, we could extend PCLR
with additionalsupport. Currently, PCLR speeds-upthe
computationof themaximumtime-stampfor eachdataele-
ment.However, westill haveto explicitly performthecopy-
out.

With advancedsupport,cachesanddirectorycontrollers
could help eliminatethe copy-out as follows. Every time
that a line from the privatizedarray is displacedfrom the

cache,the cachecould also force the displacementof the
correspondingtime-stamps.Whenthedisplacedprivatized
line and time-stampsarrived at the home directory con-
troller, a comparisonwould take place. An elementin the
privatized line would updatethe shareddata in memory
only if its time-stampwas higher than the one in shared-
memory. At the endof the loop execution,a cache�ush
stepwould �ush theremainingprivatearraylinesandtime-
stamps. Again, the homedirectorycontrollerwould only
conditionallyacceptthe incomingprivatedatabasedon a
time-stampcomparison.Overall, with this support,at the
endof execution,thesharedarraywould have the lastval-
uesandnocopy-out wouldhavebeennecessary.

7 RelatedWork

Nearly all of the pastwork on reductionparallelization
hasbeenbasedon software-onlytransformations[8, 27].
Themostrelatedarchitecturalwork thatwe areawareof is
thework of Larusetal. [20], Zhangetal. [28], andthework
onadvancedsynchronizationmechanisms[3, 9, 10,16,17,
18,23,24,25,29].

Larus et al. brie�y mentionan idea similar to PCLR
as one applicationof their ReconcilableSharedMemory
(RSM)[20]. RSMisafamily of memorysystemswhosebe-
havior canbecontrolledby thecompiler. They useRSMto
supportprogramminglanguageconstructs.Thepaperonly
mentionstheapplicabilityto reductionverybrie�y andpro-
videsnoevaluation.

Zhanget al. proposea modi�ed shared-memoryarchi-
tecturethat combinesboth speculative parallelizationand
reductionoptimization[28]. In contrastto thatwork, which
relieson a signi�cantly modi�ed multiprocessorarchitec-
ture,we have presentedrelatively simplearchitecturalsup-
port to optimizereductionparallelization.In addition,un-
like in [28], our schemeassumesthat the compilerhasal-
readyprovedthatour transformationis legal.

Finally, the combiningsupportthat we proposefor the
directorycontrolleris relatedto the existing body of work
on hardware supportfor synchronization.Suchwork in-
cludesthe Full/Empty bit of the HEP multiprocessor[25],
the atomic Fetch&Add primitive of the NYU Ultracom-
puter[10], theFetch&Opsynchronizationprimitivesof the
IBM RP3[3, 23], supportfor combiningtrees[16, 24], the
memory-basedsynchronizationprimitivesin Cedar[17, 18,
29], andthesetof synchronizationprimitivesproposedby
Goodmanetal [9].

8 Summary

In this paper, we have proposednew architecturalsup-
port to speed-upparallel reductionsin scalableshared-
memorymultiprocessors.Thesupportconsistsof architec-
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turalmodi�cationsthataremostlycon�ned to thedirectory
controllers.With this support,we eliminatethe�nal merg-
ing phasethat typically appearsin conventionalalgorithms
for parallel reduction. This phasetakes time that is pro-
portional to the datasize in the densecase,or to the data
structuredimensionsin thesparsecase.With our support,
parallel reductiononly needsa �nal cache�ush stepthat
takes time proportionalonly to the cachesize. Overall,
ourschemerealizestruly scalableparallelreduction.While
conventionalsoftware-onlyparallelizationdeliversaverage
speedupsof 2.7for 16processors,theproposedschemede-
liversaveragespeedupsof 7.6.
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