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Abstract

Reductionsare important and time-consumingopera-
tionsin mary scienti ¢ codes. Effective parallelizationof
reductionsis a critical transformatiorfor loop paralleliza-
tion, especiallyfor sparsedynamicapplications.Unfortu-
nately corventionalreductionparallelizatioralgorithmsare
notscalable.

In this paper we presentnew architecturalsupportthat
signi cantly speeds-uparallelreductionandmalesit scal-
ablein shared-memorynultiprocessors.The requiredar
chitectural changesare mostly con ned to the directory
controllers. Experimentalresults basedon simulations
shaw that the proposedsupportis very effective. While
cornventionalsoftware-onlyreductionparallelizationdeliv-
ers averagespeedupf only 2.7 for 16 processorspur
schemealeliversaveragespeedupsf 7.6.

1 Intr oduction

During the last decade programmersave obtainedin-
creasindhelpfrom parallelizingcompilers.Suchcompilers
help detectandexploit parallelismin sequentiaprograms.
They alsoperformothertransformationdo reduceor hide
memory lateng, which is crucial in modernparallel ma-
chines.

In scienti ¢ codes,animportantclassof operationghat
compilershave attemptedo parallelizeis reductionoper
ations. A reductionoperationoccurswhen an associatie
andcommutatve operator operateonavariable asin

,Wwhere doesnotoccurin
orin ary otherplacein theloop.

Parallelizationof reductionss crucialto the overall per
formanceof mary parallelcodes.Transformingreductions
for parallelexecutionrequirestwo steps.First, datadepen-
denceor equivalentanalysisis neededo prove thatthe op-
erationis indeeda reduction. Secondthe sequentiatom-

putationof the reductionmustbe replacedwith a parallel
algorithm.

In parallelmachineof mediumto large size,the reduc-
tion algorithmis oftenreplacedoy a parallelpre x orrecur
sive doublingcomputatior{15, 21]. For reduction®onarray
elementsa typical implementatioris to have eachproces-
sor accumulatepartial reductionresultsin a private array
Then,aftertheloop is executed a cross-processaneiging
phasecombineghe partialresultsof all the processorito
theoriginal, sharedarray

Unfortunately suchanalgorithmcanbe very inef cient
in scalableshared-memorynachineswhen the reduction
arrayis large and sparselyaccessedIndeed,the memging
phaseof the algorithminducesmary remotememoryac-
cesseandits work doesnot decreaseavith the numberof
processorsAs a result, parallelreductionis slow andnot
scalable.

In this paper we proposenew architecturalsupportto
speed-upparallel reductionsin scalableshared-memory
multiprocessors.Our supporteliminatesthe needfor the
costlymeiging phaseandeffectively realizegtruly-scalable
parallelreduction. The proposedsupportconsistof archi-
tecturalmodi cationsthataremostlycon ned to thedirec-
tory controllers.

Resultsbasedon simulationsshawv that the proposed
supportis very effective. While corventional software-
only parallelizationdeliversan averagespeedupof 2.7 for
16 processorsthe proposedschemedelivers an average
speedumf 7.6.

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



2 Parallelization of Reductionsin Software
2.1 Background Concepts

A loop canbe executedin parallelwithout synchroniza-
tion only if its outcomedoesnotdependupontheexecution
order of differentiterations. To determinewhetheror not
the orderof iterationsaffectsthe semanticof the loop, we
needto analyzethe datadependencesacrossiterations(or
cross-iteratiordependenced)l]. Therearethreetypesof
datadependencespw (readafterwrite), anti (write after
read),andoutput(write afterwrite).

If thereare no dependenceacrossiterations,the loop
canbe executedin parallel. Sucha loop is calleda doall
loop. If therearecross-iteratiordependencesye mustin-
sert synchronizatiornor eliminate the dependencebefore
we canexecutetheloopin parallel.

If thereareonly anti or outputdependenceis the loop,
we caneliminatethemby applyingprivatization With pri-
vatization,eachprocessocreates privatecopy of thevari-
ablesthatcauseantior outputdependence®uringthepar
allel execution,eachprocessopperatesn its own private
copy.

Figure1(a) shavs an exampleof aloop thatcanbe par
allelizedthroughprivatization.Thereis anantidependence
betweerthereadto variableTempin line 4 andthewrite to
Tempin line 2 in thenext iteration. Furthermorethereis an
outputdependencbetweenthe write to Tempin line 2 in
oneiterationandthe next one. By privatizing Temp these
dependenceareremoved andthe loop canbe executedin
parallel.

1 for(i=0;i<n;i+=2) 1 for(i=1;i<n;i++)
2 Temp=a[i+1]; 2 A[i]+=A[i-1];
3 ali+1]=a[i];
4 alil=Temp;
5

@) (b)

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

If thereare o w dependencesacrossterations,theloop
cannotgenerallybe executedin parallel. For example,the
loopin Figurel(b) hasa o w dependenc line 2 between
consecuiie iterations. In this case,iteration needsthe
value thatis producedin iteration . As aresult, the
loop cannotbe executedn parallel.

2.2 Parallelizing Reductions

A specialandfrequenttaseof o w dependenceccursin
loopsthatperformreductionoperations A reductionoper
ationoccurswhenanassociatie andcommutatve operator

operate®navariable asin , Where

doesnotoccurin orin ary otherplacein the
loop. In suchacase, isareductionvariable.

A simpli ed exampleof reductionis shovn in Figure?2.
In the gure, arrayw is a reductionvariable. Note that
the patternof accesdo a reductionvariableis a readfol-
lowedby awrite. Thereforetheremaybe o w dependences
acrossterations.As aresult,theloop cannotberunin par
allel.

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

Figure 2. Loop with a reduction operation.

Parallelizing loops with reductionsinvolvestwo steps:
recognizingthe reduction variable and transformingthe
loopfor parallelism.Recognizinghereductionvariablein-
volvesseveral steps[30]. First, the compilersyntactically
pattern-matchethe loop statementsvith the templateof a
generalreduction( ). In our example,
the statementn line 2 matcheghe pattern. Then, the op-
erator( in our example)is checled to determineif it is
commutatve andassociatie. Finally, datadependencer
equivalentanalysigs performedo verify thatthesuspected
reductionvariableis notaccessedrnywhereelsein theloop.
In ourexample,all of theseconditionsaresatis edfor w.

Oncethe reductionvariableis recognized the loop is
transformedby replacingthe reductionstatementwith an
equialent parallel algorithm. For this, there are several
known methods. The two mostcommononesare as fol-
lows:

Enclosethe accesgo the reductionvariablein anun-
orderedcritical section[8, 30]. Alternatively, we can
accesghe variablewith an atomicfetch-and-opoper

ation. The main drawvbackof this methodis thatit is

not scalable asthe contentionfor the critical section
increasewith the numberof processors.Thus, it is

recommendednly for low-contentiorreductions.

Exploitthefactthatareductionoperatioris anassocia-
tive andcommutatve recurrence Therefore jt canbe

parallelizedusinga parallelpre x or arecursve dou-

bling algorithm[15, 21]. This approachs morescal-

able.

For reductionson arrayelementsa commonly-usedm-
plementationof the secondmethodis to create,for each
processaraprivateversionof thereductionarrayinitialized
with the neutralelementof the reductionoperator During
the executionof the parallelizedloop, eachprocessoiac-
cumulategartialresultsin its privatearray Then,afterthe
loopis executedacross-processanerging phasecombines
thepartialresultsof all the processorto the sharedarray



Using this approach,our exampleloop from Figure 2
getstransformednto theparallelloop of Figure3. For sim-
plicity, staticschedulings usedandthecodefor forking and
joining is omitted. Thus,we shawv only the codeexecuted
by eachprocessaor

In the parallelizedloop, eachprocessohasits own ar
ray w_priv[PID] , wherePID is theprocessolD. First,each
processomitializesits arraywith the neutralelemenbf the
reductionoperator(lines 1-2). In our example, the neu-
tral elementis 0 becausethe reductionoperatoris addi-
tion. Next, eachprocessogetsa portion of the loop and
executest, performingthe reductionoperationon its array
w_priv[PID] (lines3-4). After that,all processorsynchro-
nize (line 5). Then,they all performa Merging step,where
the partialresultsaccumulatedn thedifferentw_priv[PID]
arraysaremeigedinto thesharedarrayw.

/I Initialize the privatereductionarray

1 for(i=0;i<NumcCaols;i++)

2 w_pri v[PID] [i]=0;

/I Therange0..Nodess split amongthe processors
3 for(i=MyNodesBg@in;i<MyNodesEnd;i++)

4 w_priv[PID][ x[i] ]+=expression;

5 barrier();

/[Therangeof indicesof w is splitamongprocessors
6 for(i=MyColsBeagin;i<MyColsEnd;i++)

7 for(p=0;p<NumProcessors;p++)

8 w(il+=w_priv[p]i;

9  barrier();

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

In the caseof scalars,this meging step can be paral-
lelized throughrecursve doubling. In the caseof arrays,
however, it is moreef cient to parallelizeit by having each
processomperform meging for a sub-rangeof the shared
array Thus,in our exampleeachprocessoprocesseapor-
tion of w elemenby elemen((line 6). For eachelementthe
processoin chage of processingt takesthe partial result
of eachprocessol(line 7) and combinesit into its shared
counterparf(line 8). Finally, anotherglobal synchroniza-
tion is performed(line 9), to guaranteehatthe subsequent
codeaccesseseeonly thefully megedarrayw.

2.3 Drawbacksin ScalableMultipr ocessors

Thisimplementatiorof reductionparallelizatiorhastwo
importantdravbacksin scalableshared-memorynultipro-
cessorsvith large memoryaccesdatencies:mary remote
missedn themeging phaseandcachesweepingn theini-
tializationandmemging phases.

The meging phasenecessarilysuffers mary remote
misses. Indeed,for eachsharedarray elementthat a pro-
cessoraccessef line 8, all but one of the corresponding
privatearrayelementsarein remotememorylocations.Be-
causeof this, the meging operation(alsocalledmeige-ou)
canbeverytime consuming.

Note that the time neededo performthe meging does
not decreasavhen more processorare used. With more
processorseachprocessotasto perform combiningfor
fewer elementof the sharedarray However, eachelement
requiresmorework becausenorepartialresultsneedto be
combined. Speci cally, consideran array of size and
processorsThe memging steprequiresthat eachprocessor
combine sub-arraysof size . As a result, the total
meiging time is proportionalto , which does
notdependon the numberof processors.

The problemgetsworsewhenthe accesatternof the
reductionis sparseln this casethe meiging operationper
formsalot of unnecessarwork, sinceit operaten mary
elementdghatstill containthe neutralelement.To improve
this case,eachprocessocould usea compactprivate data
structuresuchasa hashtableinsteadof a full privatearray
With this approachhowever, improving the memging phase
comesat the costof slowing down the main computation
phase.Thereasoris thataddressinghis compactstructure
requiresindirection,which is moreexpensve thanthe sim-
ple addressingf arrayelements.

The secondproblem,namelycachesweepingpccursin
theinitialization (lines1-2) andmemging (lines 6-8) phases.
Cachesweepingin the initialization may causeadditional
cachemissesin the main computationphase(lines 3-4).
Cachesweepingn themeiging phasemay causeadditional
missedn the codethatfollows thereductionloop.

3 Private Cache-LineReduction (PCLR)

To addresghe problemsdiscussedn Section2.3, we
proposdo addnew architecturabupporto scalableshared-
memorymultiprocessorsWe call the new schemePrivate
Cache-LineReduction(PCLR) In this section,we give an
overvien of the schemeandthen proposean implementa-
tion.

3.1 Overviewof PCLR

The essencef PCLR is that eachprocessoparticipat-
ing in thereductionusesnon-coheentlinesin its cache as
temporaryprivate storageto accumulatets partial results
of the reduction. Moreover, if theselines are displaced
from the cache,their value is automaticallyaccumulated
ontothesharedeductionvariablein memory Finally, since
the cachédlinesarenon-coherentcachemissesaresatis ed
from within the local node by returninga line lled with



neutral elements Figure 4 shavs a representatiorof the

scheme.
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Figure 4. Representation of how PCLR works.

With this approach the processorare relieved of the
initialization andmerge-outwork, thereforeeliminatingthe
two problemspointedoutin Section2.3. Also, sincetheap-
proachis still basedon computingpartial resultsandcom-
biningthem,thereductionis performedwith nocritical sec-
tions.

Theinitialization phasds avoidedby initializing there-
ductionlinesondemandasthey arebroughtinto the cache
on cachemisses.Sincethe cacheis usedasprivatestorage
to accumulatehe partialresults thereis no needto allocate
ary privatearrayin memory Onacachemissto areduction
line, thelocal directorycontrollerinterceptsherequesand
servicedt by supplyingaline of neutralelements.

The meging phases avoided by combiningthe reduc-
tion cachelines in the background,asthey are displaced
from the cacheduring parallelloop execution.As eachdis-
placedreductionline reacheshehomeof thesharededuc-
tion variable,thedirectorycontrollercombinests contents
with the sharedreductionvariablein memory Meanwhile,
the processorsontinueprocessingheloop withoutary in-
terruption.

When the parallelloop ends,somepartial resultsmay
still remainin thecachesThey mustbeexplicitly ushedso
thatthey arecorrectlycombinedwith theshareddatabefore
ary furthercodeis executed.This ush steptakesmuchless
timethantheordinarymemging phaseof Figure3. Thereare
two reasondor it. First, it haslesscombiningto perform,
asmostof it hasalreadybeenperformecdthroughdisplace-
mentsduring the loop execution. In fact,thework to dois
atworstproportionalto the sizeof the cacheratherthanto
the size of the sharedarray The secondreasonis thatthe
processoissuesno remoteloads. Instead,it simply sends

all the partial resultsto their homes,wherethe directory
controllercombineghe data.

With PCLR support,the codein Figure 2 becomeghe
onein Figure5. Notethatwe have addeda call to a func-
tion that con guresthe machinefor PCLR beforethe 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(aguments);

/I Therange0..Nodess split amongthe processors
2 for(i=MyNodesBgin;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 implementatiorof PCLRhasto considethefollow-
ing issues:differentiationof reductiondata(Sections3.2.1
and 3.2.5), support for on-demandinitialization (Sec-
tion 3.2.2)and combining(Section3.2.3) of lines, con g-
urationof thehardware(Section3.2.4),andatomicityguar
anteeqSection3.2.6). We discusgheseissuesn this sec-
tion.

In thefollowing discussionwe assume CC-NUMA ar
chitecturesuchasthe onein Figure4. Eachnodein the
machinehasa directory controllerthat snoopsand poten-
tially interveneson all requestsaand write-backsissuedby
thelocal cachegvenif they aredirectedto remotenodes.

3.2.1 Differentiating Reduction Data

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

A simple way of doing so is to use specialload and
storeinstructionsfor “reduction” accessesCachelinesac-
cessedy thesespecialinstructionsaremarked ascontain-
ing reductiondataby putting theminto a special“reduc-
tion” state.In this state,a processocanreadandwrite the
line without sendinginvalidations,even thoughother pro-
cessorsnay be cachingthe samememoryline. Misseshy
reductionloadsanddisplacementsf linesin the reduction
statecausespecialtransactionghat are recognizedby the
localandhomedirectoriesrespectiely.



Note that we assumethat reductionand regular data
never sharea cacheline. Although it would be possible
to enhanceur schemdo supportine sharing alignmentof
reductiondataon cacheline boundarieds bene cial even
without PCLR. Consequentlywe assumehatthe compiler
guaranteesoline sharing.

In thefollowing, we explain the restof PCLR assuming
this simple approachto differentiatingreductiondata. In
Section3.2.5,we proposea moreadvancedschemedor re-
ductiondatadifferentiationthatallows usingunmodi ed or
slightly modi ed processorandcaches.

3.2.2 On-DemandiInitialization of ReductionLines

Whenareductionload missesn the cache a specially-
marked cachdine readtransactioris issuedio the memory
system.Thelocal directorycontrollerinterceptgherequest
and satis esit by returninga line initialized with neutial
elementdor the particularreductionoperation.Theline is
loadedinto the cachein thereductionstate.

A reductionloadmayhit in thecacheonaline thatis not
in thereductionstate. This may occurif theline hadbeen
accessegrior to thereductionloop with plainaccesseand
happenedo linger in the cache.In this case,|f theline is
in statedirty, it is written backto memoryin a plain write-
back. Irrespectve of its state,the line is theninvalidated.
Finally, the cacheissuesa reductionreadmissasindicated
above.

3.2.3 On-DemandCombining of Partial Results

Whenaline in the reductionstateis displacedrom the
cache,a specially-markd write-backtransactions issued
to the memorysystem. Oncethe write-backarrivesat its
home thedirectorycontrollerreadghepreviouscontentof
the line from memory combinesit with the newly-arrived
partial result,and storesthe updatedine backto memory
The combiningof thellinesis doneaccordingto thereduc-
tion operatorin the code,andis performedfor every single
elementin the line. Note that thoseelementsof the dis-
placedine thatwerenotaccessetly theprocessostill con-
tainthe neutralelementsothe effect of meiging themwith
memorycontentis thatthe memorycontentis unchanged.

To combinethe lines, the directory controllerhasto be
enhanceavith executionunitsthatsupportthe requiredre-
ductionoperators. Sincea cacheline containsseveral in-
dividual dataelements suchexecutionunits may become
a bottleneckif their performances too low. Luckily, all
the elementsof a line canbe processedn parallelor in a
pipelinedfashion.Consequentlyit is nottoodif cult toim-
prove the performanceby pipelining theseexecutionunits
or addingmoreunits.

Theseexecution units shouldinclude 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 compleity of the directory con-
troller signi cantly. Ourexperiencewith theapplicationsn
Section4.2 suggestshat multiplicationis rarely usedasa
reductionoperator Thus,for oating-point operationshav-
ing a oating-point adderandcomparatois sufcient.

Finally, it is possiblethat the reductiondatahad been
accessegrior to the reductionloop with plain accesses,
andstill lingersin several cachesvhenthe reductionloop
starts. To handlethis case,whenthe homedirectory con-
troller receives a write-backfor the line, it always checks
the list of sharerprocessordor the line in the directory
Note that missesdue to the reductionaccesseslo not go
to the home. Thus, the homeonly hassharinginforma-
tion aboutnon-reductionsharers.If theline is in a (non-
reduction)dirty statein a cache,the controllerrecallsthe
line andwritesit backto sharednemorybeforeperforming
ary combining. The controlleralso sendsinvalidationsto
all (non-reductionkharemprocessorsAfter the rst reduc-
tion write-backof a line, the list of sharersat its homeis
emptyfor the remainderof the reductionloop and causes
no furtherinvalidationor recallmessages.

3.2.4 Con guring the Hardware

Beforeexecutingareductionloop, eachprocessoissues
a systemcall to inform the directorycontrollerin its node
aboutthe datatype andthe operationof thereduction.This
is shavn in line 1 of Figure5. With this simpleapproach,
we can only supportone type of reductionoperationper
parallelsection.In our exampleof Figure5, the controller
must be con gured to perform double-precisionoating-
pointadditionwhenit recevvesareductionwrite-back.

Any loop that performsseveral typesof reductionoper
ation mustbe distributedinto multiple loops, so thateach
loop performsonly onetype of reductionoperation.Fortu-
nately loopswith multiple typesof reductionoperatiorare
rare.

Finally, the operatingsystemknows if different, time-
sharedprocessesvant to usedifferenttypesof reduction
operations.If thisis the casethe operatingsystem ushes
the reductiondatafrom the cacheswvhena processs pre-
empted,andreprogramghe directory controllerwhenthe
processs re-scheduled.

3.2.5 AdvancedDiffer entiation of Reduction Data

In Section3.2.1we explaineda simple mechanisnto
distinguishreductiondatafrom regular dataand then ex-
plained the rest of PCLR using that simple mechanism.
Now we proposea more advanced,but equivalent, mech-
anismthateliminatesthe needto modify the processqrthe
cachesor the coherencerotocol.

In this scheme,insteadof using specialinstructions,
cachestates,and protocol transactiongo identify reduc-
tion data, suchdataare identi ed by using ShadowAd-



dresseg$5]. Theschemenorksasfollows. In thereduction
code,we usea ShadowArray insteadof the original reduc-
tion array For example,in Figure5, we would usearray
w_reduinsteadof w. This shadev arrayis mappedo phys-
ical addressethat do not containphysical memory How-
ever, suchaddressediffer from the correspondinghysical
addressesf the original arrayin a known manner For ex-
ample,they canhave their mostsigni cant bit ipped. As
aresult,whenadirectorycontrollerseesanaccesghatad-
dressesionistentmemory it will know two things. First,
it will know thatit is a reductionaccess Secondfrom the
physicaladdressit will know whatlocationof the original
arrayit refersto.

With this approachwe do not needto modify the hard-
ware of the processqrcachespor coherencegrotocol. The
only requiremenis thatthemachinemustbeableto address
more memorythan physically installed. Then,whena di-
rectorycontrollerseesa readmissfrom thelocal processor
to nonistentmemory it simply returnsa line of neutral
elementdgo the processar Furthermorewhen a directory
controllerseegthe write-backof aline from the local pro-
cessoto nonistentmemory it will forwardit to thehome
of the correspondinglementof the original array Finally,
whenadirectorycontrollerrecevesthewrite-backof aline
from a remoteprocessarit translatests addresdo the ad-
dressof thecorrespondinglementn theoriginal arrayand
combinegheincomingdatawith the datain memory

This approachrequiresmodestcompiler and operating
systemsupport. The compilermodi es the reductioncode
to accessa shadav array insteadof the original array It
alsodeclareghe shadev arrayandinsertsa systemcall to
tell the operatingsystemwhich arrayis shadev of which.
The operatingsystemhasto supportthe mappingof pages
for the shadev array Speci cally, on a pagefault in the
shadav array it assignsa non«istentphysical pagewhose
numberbearsthe expectedrelationto the numberassigned
to the correspondingriginal array page. Moreover, if the
latterdoesnot exist yet, it is allocatedat thistime.

3.2.6 Atomicity Concemsand Solutions

In PCLR,a problemoccursif aline with reductiondata
is displacedfrom the cachebetweena readandthe corre-
spondingwrite of the reductionoperation.As anexample,
assumehat the value of a variablein thelineis . This
valueis readinto a registerandupdatedto . How-
ever, beforethe resultregisteris written to the cache,the
line getsdisplacedrom the cache.In this case the partial
result  will besentto memoryandaccumulateantothe
shareddata. Then,the cachemisswill be servicedwith the
neutralelementandthe variablein theline will be updated
to . Later, adisplacementf thisline will cause
to be accumulatednto the shareddatain memory Thus,

thepartialresult will beaccumulatedntothesharediata

twice.

We cansolwve this problemthroughrecovery or preven-
tion. Recwery solutionsattemptto recover the correct
stateof computatioraftertheproblemhasalreadyoccurred.
Unfortunately the problemcangenerallybe detectedonly
whenthe storemissedn the cache.Iln our example,there-
coverywouldinvolve subtracting from eithertheregister
involvedin the missor the sharedocation. However, s
unknavn at thetime the problemis detectedasthe shared
locationcontainghecombinedesultof othercomputations
and , while theoffendingstorehas . Insteadof at-
temptingto checkpointhepartialresultsor thesharedralue
in orderto enablerecovery, we chooseo preventtheoccur
renceof the problem.

Note that reductionlines in a cachedo not receie ex-
ternalinvalidationsor dovngraderequestghat force them
to write-back. Therefore,a misson a storeto a reduction
line canonly occurbecausehetweertheloadandthestore,
the local processohasbroughtin a secondline that has
displacedhe onewith reductiondata.If we ensurethatthe
processodoesnotperformary accesbetweertheloadand
the storeto the reductionvariable,the displacemenprob-
lem shouldnot happen.Unfortunately modernprocessors
reordelindependenmnemoryaccesselik e thoseto different
wordsof thesamdine and,therefore mayinducethe prob-
lem. Preventingthis reorderinginvolvesputtinga memory
fencebeforethe load and after the correspondingstoreto
the reductionvariable. This approachis unacceptablde-
causeit would limit the performanceof PCLR on modern
processors.

The approachthatwe useis the pinning of aline in the
cachebetweena reductionload to the line andthe corre-
spondingstore.We introducetwo new instructionshamely
load&pin and store&unpin, and add a small number of
Cade Pin Rajisters (CPRs)to the processar EachCPR
hastwo elds: thetag eld whichholdsthetagofthepinned
line, anda pin countcounter

Whenaload&pininstructionis executedareadfrom the
cacheis performed.At the sametime, a CPRis allocated,
its tag is setto the tag of the cacheline, andthe pin count
is setto one. If oneof the CPRsalreadyhasthe tag of
theline, its pin countis incrementedWhena store&unpin
instructionis executed,a storeto the cacheis performed.
At the sametime, the pin countfor the matchingCPRis
decrementedlf afterthis the pin countis zero,the CPRis
freed.Beforeadisplacemenodf a cacheline is allowed,the
tagsof the CPRsarechecled. If ary of theactve CPRshas
amatchingtag, the displacements preventeduntil theline
is nolongerpinnedin thecache.

With this support,all micro-architecturafeaturesfound
in modernmicroprocessorsanstill beused,ncludingout-
of-orderinstructionissue speculatre execution,instruction



squashingandmemoryrenaming.However, caremustbe
takento keepthe CPRsup-to-date. For example,if aspec-
ulatively executedload&pin hasto be squashedthe hard-
ware needsto decrementhe correspondingin countand
possiblyfree the CPR.Similarly, considermemoryrenam-
ing from a store&unpinto aload&pin of the sameaddress.
In this case,even thoughthe load is transformedinto a
registerto-registertransfer the CPRfor the load&pin still
needgo beoperatedn.

Finally, if all CPRsarein usewhenonemoreis needed,
or a pin countersaturatesthe instructionis delayedun-
til a CPRis free or the counteris decremented.Because
CPRsareneededo allow instructionreorderingoy the pro-
cessor this delay cannotcausedeadlocks. In fact, even
if a processothasonly one CPR,it can correctly execute
ary code. With more CPRs,the compilercanbe moreag-
gressie aboutinstructionscheduling.In practice we have
foundthata smallnumberof CPRs(8) is sufcient to main-
tain goodperformance.

3.3 Summary

ThePCLRschemeaddressethe problemsof parallelre-
ductionsin scalableshared-memorynultiprocessorasdis-
cussedin Section2.3. PCLR hastwo main adwantages.
First, it usescachelines as the only private storageand
initializes themon demand. As a result, thereis no need
to allocateprivate data structuresor to performa cache-
sweepingnitialization loop. Secondjt performsthe com-
bining of the partialresultswith their shareccounterparten
demandasthe reductionloop executes.As aresult,there
is no needfor a costly meiging stepthat involves sweep-
ing the cacheand mary remotemisses.All thatis needed
is to ush thereductiondatafrom the cachesat the end of
theloop. Thesetwo adwantagesare particularlyimportant
whenthereductionaccespatternsaresparse.

Most PCLR modi cations are in the directory con-
trollers, which performspecialactionson readmissesand
write backs. With the useof shadev addressesthe only
modi cation to the processornd cachesis the ability to
pin andunpinlinesin the cacheghroughtheload&pin and
store&unpin instructions. It can be amguedthat thesein-
structionscouldalsobeusefulfor otherfunctionsin modern
processors.

4 Evaluation Methodology

We evaluatethe PCLR schemausingsimulationsdriven
by severalapplicationsIn thissectionwe describehesim-
ulationervironmentandthe applications.

4.1 Simulation Environment

We use an execution-drven simulation ervironment
basednanextensionto MINT [26] thatincludesadynamic
superscalaprocessomodel [14]. The architecturemod-
eledis a CC-NUMA multiprocessomith up to 16 nodes.
Eachnodecontainsafractionof thesharednemoryandthe
directory aswell asa processoandatwo-level cachehier
archy with a write-backpolicy. The processois a 4-issue
dynamicsuperscalawith registerrenamingpranchpredic-
tion, andnon-blockingmemoryoperationsTablel liststhe
maincharacteristicsf thearchitectureContentioris accu-
rately modeledin the entire system gxceptin the network,
whereit is modeledonly atthe sourceanddestinatiorports.

[ ProcessoParameters
4-issuedynamic,1 GHz
Int, fp, Id/stFU: 4,2, 2
Inst. window: 64
Pendingd, st: 8,16
Branchpenalty:4 cycles
Int, fp renameregs: 64,64

MemoryParameters 1
L1, L2 size:32KB, 512KB

L1, L2 assoc2 way, 4 way

L1,L2 size:64B,64B

L1, L2 lateny: 2, 10cycles
Localmemorylateng: 104cycles
2-hopmemorylatengy: 297 cycles

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

The systemusesa directory-basedachecoherencero-
tocol alongthe lines of DASH [22]. Eachdirectory con-
troller has beenenhancedwith a single double-precision
oating-point add unit. Both the directory controllerand
the oating point-unitareclocked at 1/3 of the processos
frequeng. The oating-point unit is fully pipelined,so it
canstarta new addition every threeprocessorcycles. Its
lateng is 2 cycles(6 processocycles). Floating-pointad-
dition is the only reductionoperationthat appearsin our
applicationgSectior4.2).

Private dataare allocatedlocally. Pagesof shareddata
are allocatedin the memorymoduleof the rst processor
thataccessethem. Our experimentsshaw thatthis alloca-
tion policy for shareddataachievesthe bestperformance
resultsfor boththe baselineandthe PCLR system.

4.2 Applications

To evaluatethe PCLRsystemwe useasetof FORTRAN
andC scienti ¢c codes.Two of themareapplicationsEuler
from HPF-2[7] and Equale from SPECfp200(13]. The
threeothercodesarekernels: Vml from SparseBLAS [6],
Charmmfrom [4], and Nbf from the GROMOS molecular
dynamicsbenchmark11].

All of thesecodeshave loopswith reductionoperations.
Table?2 lists the loopsthatwe simulatein eachapplication
and their weight relative to the total sequentialexecution



Appl. Namesof Loops % of #of In- Iters.per | Instruc. | Red.Ops. | Red.Array Lines Lines
Tseq | vocations | Invocation | perlter. perlter. Size(KB) Flushed | Displaced

d ux_do[100,200]

Euler psmoado20 84.7 120 59863 118 14 686.6 3261 2117
e ux_do[100,200,300]

Equale smvp 50.0 3855 30169 550 22 707.1 742 580

vml VecMultCAB 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 || [812] 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 16-processor system.

time of the application(%Tseq). This valueis obtainedby

pro ling theapplicationson a single-processdsunUltra 5

workstation. The table also shavs the numberof loop in-

vocationgduring programexecution the averagenumberof

iterationsperinvocation theaveragenumberof instructions
periteration,the averagedynamicnumberof reductionop-

erationsper iteration, and the size of the reductionarray

The lasttwo columnsof the tablewill be discussedn the
next section.

The loopsin Table 2 are analyzedby the Polaris par
allelizing compiler [2] or by handto identify the reduction
statementsThen,we modify thecodeto implementhepar
allel reductioncodefor the softwareandPCLR algorithms,
asshawvn in Sections2.2 and 3, respectiely. For PCLR,
reductionaccessesire also marked with specialload and
storeinstructionsto trigger specialPCLR operationgSec-
tion 3.2.1)in our simulator

In the next sectionwe reportdata,including speedups,
for only the sectionsof codedescribedn Table2. Also,
since there is a signi cant variation in speedup gures
acrossapplicationswe reportaverageresultsusingthehar-
monicmean

5 Evaluation

5.1 Impact of PCLR

We evaluatetwo differentimplementationsf our PCLR
scheme.The rst oneis animplementationvherethe di-
rectory controlleris hardwired. The secondimplementa-
tion utilizes a programmabladirectory controller similar
to the MAGIC micro-controllerin the FLASH multipro-
cessor[19]. A programmablecontroller can provide the
functionalityrequiredby PCLRwithoutrequiringhardware
changes. Thesetwo implementationof PCLR are com-
paredagainsta baselinesystemwhich usesa software-only
approachto parallelizereductions. The software-onlyap-
proachutilizesanalgorithmthataccumulatepartialresults

in private arraysand meigesthe dataout whenthe loop is
done,asdescribedn Section2.2.

Figure6 compareshe executiontime of thesethreesys-
tems. Thebaselinesoftware-onlysystemis Sw The PCLR
implementationwith ahardwireddirectorycontrolleris Hw,
andtheimplementatiorwith a e xible programmablelirec-
tory controlleris Flex. The simulatedsystemis a 16-node
multiprocessar For eachapplication,the barsare normal-
izedto Sw andbroken down into time spentin theinitial-
ization phaseof the SwschemgInit), loop body execution
(Loop), andtime spentmeiging the partialresultsattheend
of the loop in Swor ushing the cachesin Hw and Flex
(Merge). The numbersabore eachbar shav the speedup
relative to the sequentiakxecutionof the code. In the se-
guentialexecution,all datawere placedon the local mem-
ory of thesingleactive processor

The performancef Hw andFlex improvessigni cantly
over Sw Thisimprovementis mainly dueto theelimination
of the nal cross-processanerging stepthatis requiredin
the software-onlyimplementation.ln Sw; the work in this
melging stepis proportionalto the sizeof thereductionar-
ray anddoesnot decreas@vhenmoreprocessorsre avail-
able.Whenthistime s signi cant relative to thetime spent
in the executionof themainloop, thebene tsof PCLRbe-
comesubstantial. For example,in Charmmthe main par
allel loop alone executeswith Sw9 times fasterthan the
sequentialoop. However, the meging stepis responsible
for the poor nal speedumf Sw(1.90n 16 processors)As
mentionedin Section3, a secondbene t of PCLR is that
the initialization phaseis removed. In general,this phase
accountdor arelatively smallfraction of the Swexecution
time.

The Hw and Flex systemsalways spendlesstime in
Merge thanthe Swsystem.In PCLR, Merge only accounts
for thetime spentushing thecachesfterthelastprocessor
has nished the executionof the parallelloop. Whenusing
PCLR,processorslo not have to synchronizeafterthe par
allel loop. They canstart ushing their cachesassoonas
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Figure 6. Execution time under different schemes for a 16-node multiprocessor.

speedups relative to the sequential execution.

they nish, andoverlapthis ush with the executionof the
loop onotherprocessors.

In our experiments,we do not assumespecialsupport
to ush only thereductiondata. Thus,the L2 cacheis tra-
versedand all the dirty lines (reductionor not) are writ-
tenbackto memory In Table2, the columnLinesFlushed
shaws the averagenumberof cachelines ushed by each
processarMost of theselines containreductiondata. The
columnLinesDisplacedshavs the averagenumberof lines
with reductiondatadisplacedby eachprocessoduringthe
executionof themainreductionloop.

The differencesbetweenthe Hw andthe Flex schemes
aremainly dueto two reasonsFirst, with a softwaredirec-
tory controller all the transactionsn the nodehave to go
throughthe nodecontroller increasinghe contention.Sec-
ond, the software directory controllertakes longerto pro-
cessindividual transactions.To accuratelysimulatethese
two effects, in our simulationsof Flex we have usedthe
cycle countsfor responsdime andoccupanyg reportedfor
the FLASH directorycontroller[12]. For example,aclean
readmissis servicedn 11 cyclesof thedirectorycontroller
Sincewe assumehatthe directorycontrolleris clocked at
1/3 of the processos frequeng, this correspondso 33 cy-
clesof themainprocessarThedirectorycontrolleris occu-
piedduringthattime.

The gure shavsthatthespeedups Flex are,ontheav-
erageponly 16%lowerthanin Hw and136%higherthanin

Sw ThereforejmplementingP CLR usinga programmable

directorycontrolleris a goodtrade-of.

Overall, for a 16-nodemultiprocessqrthe Hw PCLR
schemeachieves an average speedupof 7.6, while the
software-onlysystemdelivers an averagespeeduof only
2.7. If PCLRis implementedwith a programmablalirec-
tory controllerthe averagespeedups 6.4.

The numbers above the bars are

5.2 Scalability of PCLR

To evaluatethe scalabilityof PCLR, we have simulated
amultiprocessosystemwith 4, 8, and16 processorsFig-
ure 7 showvs the harmonicmeanof the speedupslelivered
by thedifferentmechanismslt canbeseerthatPCLR (both
Hw andFlex) scalewell. However, the Swschemescales
poorly. As explainedin Section2.2, thetime of the merg-
ing stepin Swdoesnot decreasevhenmoreprocessorgre
available. If the main loop scaleswell, the mewging step
limits theachievablespeedupaccordinggo Amdahl's law.

8
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//

o —&— Sw e

>

3 4

[

jo

%2}
2,
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Figure 7. speedups delivered by the different mecha-
nisms (harmonic mean).



5.3 Impact of FP-Unit Speed

In previous sectionswe have assumedhatthe oating-
point unit in the directorycontrollerwasclocked at of
the processos frequeng. To determinewhetherthis unit
is a point of contentionin our PCLR system,we evalu-
ate a systemwith a fasterunit. Thus, Figure 8 compares
the previoussystem(Hw) with a systemwherethe oating-
point unit in the directoryis clocked at the full frequeny
of the processolFasf. We canseefrom the Figurethat,
althoughthe executiontimesof someapplicationamprove,
the improvementsare not signi cant. Therefore,eventhe
relatively slow oating-point unitis nota bottleneckin our
system.

Euler Equake Vml Charmm Nbf
1 —
]
o 0.8 H H H
£
Z 0.6
o
3 0.4 A
[T}
i
0.2 H H H
0
2 3 z 3 z 3 R 2 B
I [} T (] I (] I (] I (]
[T [V L [V [V
OLoop W Merge

Figure 8. Comparing the performance with oating-
point units of different frequencies.

6 Additional Useof PCLR

The PCLR schemecanalsobe usedto speed-ummnother
algorithm, namelythe dynamiclast value assignment.In
this section,we explain the dynamiclast valueassignment
problem (Section6.1) and shav how PCLR can be used
(Section6.2).

6.1 Dynamic Last Value Assignmentin Software

As explainedin Section2, privatizationis a common
techniqueusedto parallelizeloopswith antiandoutputde-
pendencesWhen privatizationis used,if the value of the
privatizedvariableis neededafter the parallelloop, a last
value assignmenhasto be performed. Speci cally, after
the loop executionis complete,the sharedcounterpariof
theprivatizedvariablehasto be updatedwith thevaluepro-
ducedby the highestwriting iteration. If the compilercan
determinewhich iterationis that, it generateshe codethat
putsthis valuein the sharedvariable. In the commoncase
whenall iterationswrite to the privatizedvariable,the last
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writing iterationis thelastiterationof theloop. In this case,
thecompilercansimply peeloff thislastiterationandmalke
it write directly to thesharedvariable.

However, whenthelastwriting iterationcannotbedeter
minedat compiletime, dynamiclast valueassignmenhas
to be performed.In this casethe main parallelloop is fol-
lowed by a copy-outphase.This phaseidenti es, for each
elementof the sharedvariable, the processothat ran the
highestiterationthatwroteto thatelement.

Figure9 shavs anexampleof aloop thatis parallelized
throughthe privatizationof arrayA. It alsoneedsdynamic
last value assignmentf the elementsof array A are read
after the loop, or the compiler cannotprove they are not
read.

- =ALgll]];

1 for(i=0;i<N;i++)

2 if (f[il)

3 Alglil]= . . .
4

5

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

Figure 10 shaws the parallel versionof the loop, with
the copy-out phase. The gure assumeshatarray A con-
tainsNumElementelements.As usual,staticschedulings
usedfor simplicity. As canbe seen togetherwith the pri-
vate array A_priv[PID], eachprocessomlso hasa private
time-stamparray A_ts[PID]. Wheneer a processomrites
to anelementof the privatearray it alsoupdateshe corre-
spondingelementin the private time-stamparray with the
numberof the iterationit is executing. Whenthe loop is
done,the copy-out phasecomparedhe privatetime-stamps
of all the processors Eachelementof the sharedarrayis
updatedwith the private copy of the processomwherethe
maximumtime-stamgs found.

Note that the private time-stampsA_ts[PID] have to be
initializedto anumberthatis smallerthatary possibldtera-
tion number(-1 in ourexample).Also, notethatwhenstatic
schedulings used,asin our example,the processotD can
be usedto updatethe time-stampgA_ts[PID][g[i]] in line
6) insteadof theiterationnumberassuminghatscheduling
is donesothatprocessorsvith increasing?IDsgetiteration
rangeswith increasingndices.

6.2 Using PCLR for Last Value Assignment

Note that Figure 10 usesthe private time-stamparrays
asreductiondata, wherethe reductionoperationis maxi-
mum During the executionof the main loop, the updates
to theprivatetime-stampgomputethe partialresults while
thesearchor the maximumduringthe copy-out phasecor-



I/ Initialize the privatetime-stamparray

1 for(i=0;i<NumElement;i++)

2 A_ts[PID][i]=-1;

/l Therange0..Nis split amongthe processors

3 for(i=MyNBegin;i<MyNEnd;i++)
4 if (F[i])

5 A_priv[PID][d[i]]= - .

6 A_ts[PID][ g[i]]=PID;

8 .. .=A_priv[PID][ g[i]];

9

10 barrier();
Il Copy-out. Range0..NumElemenis split amongprocs
11 for(i=MyNumElemBain;i<MyNumElemEnd;i++)

12 x=-1;

13 for(p=0;p<NumProcessors;p++)
14 x=max(X,A_ts[p][il);

15 if(x>-1)

16 A=A _priv[x][i];

17

18 barrier();

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

respondgo the meige-out. Thus,the PCLR mechanisnas

explainedin Section3, canbeusedo speed-uphedynamic
lastvalueassignmenoperation.SincePCLR performsre-

ductionswithoutdeclaringprivatereductionarrayswe only

needto declareone sharedtime-stamparray Its elements
have to beinitialized to a numberlower thanary possible
iterationor processoiD.

During the executionof the mainloop, the time-stamps
areupdatedusingthe maximunoperator After the parallel
loop is nished andthe cachesare ushed, eachelement
of the sharedtime-stamparraywill containthe maximum
time-stampfor that element. Eachof thesemaximawill
be usedto identify the correctprivate versionto copy into
the correspondinglementof the sharedarray Thus,using
PCLR speeds-uplynamiclastvalueassignmenandmalkes
it scalablewith thenumberof processors.

6.3 AdvancedSupport

A furtherspeedugouldbeobtainedf the nal copy-out
phasewas eliminated. To do so, we could extend PCLR
with additional support. Currently PCLR speeds-uphe
computatiorof themaximumtime-stamgfor eachdataele-
ment.However, we still haveto explicitly performthecopy-
out.

With advancedsupport,cachesanddirectorycontrollers
could help eliminatethe copy-out asfollows. Every time
that a line from the privatizedarrayis displacedfrom the
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cache,the cachecould alsoforce the displacemenbf the
correspondingime-stampsWhenthe displacedprivatized
line and time-stampsarrived at the home directory con-
troller, a comparisorwould take place. An elementin the
privatized line would updatethe shareddatain memory
only if its time-stampwas higherthanthe onein shared-
memory At the end of the loop execution,a cache ush
stepwould ush theremainingprivatearraylinesandtime-
stamps. Again, the homedirectory controllerwould only
conditionally acceptthe incoming private databasedon a
time-stampcomparison.Overall, with this support,at the
endof execution,the sharedarraywould have the lastval-
uesandno copy-outwould have beennecessary

7 RelatedWork

Nearly all of the pastwork on reductionparallelization
hasbeenbasedon software-onlytransformationg8, 27].
The mostrelatedarchitecturalvork thatwe areawareof is
thework of Larusetal. [20], Zhangetal. [28], andthework
on advancedsynchronizatioomechanism§3, 9, 10,16,17,
18,23,24,25,29].

Larusetal. briey mentionan ideasimilar to PCLR
as one applicationof their ReconcilableSharedMemory
(RSM)[20]. RSMis afamily of memorysystemsvhosebe-
havior canbe controlledby the compiler They useRSMto
supportprogramminganguageconstructs.The paperonly
mentiongheapplicabilityto reductionverybrie y andpro-
videsno evaluation.

Zhanget al. proposea modi ed shared-memonrarchi-
tecturethat combinesboth speculatre parallelizationand
reductionoptimization[28]. In contrasto thatwork, which
relieson a signi cantly modi ed multiprocessoarchitec-
ture, we have presentedelatively simplearchitecturakup-
port to optimizereductionparallelization.In addition,un-
like in [28], our schemeassumeshatthe compilerhasal-
readyprovedthatourtransformations 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 multiprocessof25],
the atomic Fetch&Add primitive of the NYU Ultracom-
puter[10], the Fetch&Opsynchronizatiorprimitivesof the
IBM RP3[3, 23], supportfor combiningtrees[16, 24], the
memory-basedynchronizatiomprimitivesin Cedarf17, 18,
29], andthe setof synchronizatiorprimitives proposeday
Goodmaretal [9].

8 Summary

In this paper we have proposedhew architecturalsup-
port to speed-upparallel reductionsin scalableshared-
memorymultiprocessorsThe supportconsistf architec-



tural modi cationsthataremostlycon nedto thedirectory
controllers.With this support,we eliminatethe nal meg-
ing phasethattypically appearsn corventionalalgorithms
for parallel reduction. This phasetakestime that is pro-
portionalto the datasizein the densecase,or to the data
structuredimensiondn the sparsecase.With our support,
parallelreductiononly needsa nal cache ush stepthat
takes time proportionalonly to the cachesize. Overall,
ourschemeealizedruly scalableparallelreduction.While
corventionalsoftware-onlyparallelizationdeliversaverage
speedupsf 2.7 for 16 processorghe proposedschemele-
liversaveragespeedupsf 7.6.
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