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Abstract

Current microprocessas incorporate techniquesto ex-
ploit instruction-level parallelism (ILP). However, previous
work hasshownthattheselLP techniquesare lesseffective
in remasing memorystall time than CPU time, makingthe
memorysystema greaterbottlene in ILP-basedsystems
than previous-geneation systemsThesedeficienciesrise
largely becauseapplicationspresentlimited opportunities
for anout-of-orderissueprocessoto overlapmultipleread
missesthe dominantsouice of memorystalls.

This work proposescode transformationsto increase
parallelismin the memorysystemby overlappingmultiple
readmisseswithin the sameinstructionwindow while pre-
servingcache locality. We presentan analysisand trans-
formationframewvork suitablefor compilerimplementation.
Our simulationexperimentsshowsubstantialincreasesn
memoryparallelism, leading to executiontime reductions
averaging 23% in a multiprocessorand 30% in a unipro-
cessor\We seesimilar benefitoon a Corvex Exemplar

1. Introduction

Current commodity microprocessorsmprove perfor
mancethroughaggressie techniqueso exploit high lev-
elsof instruction-level parallelism(ILP). Thesetechniques
include multiple instructionissue,out-of-order(dynamic)
issue non-blockingreads andspeculatie execution.

Our previouswork characterizetheeffectivenes®f ILP
processorsn a shared-memorynultiprocessof14]. Al-
though ILP techniquessuccessfullyand consistentlyre-
ducedthe CPU componentof executiontime, their im-
pacton the memory(read)stall componentvaslower and
moreapplication-dependentjakingreadstalltime alarger
bottleneckin ILP-basedmultiprocessorghanin previous-
generationsystems. In particular currentand future read

*Thiswork is supportedn partby anIBM Partnershipward, Intel Cor
poration theNationalSciencd~oundatiorunderGrantNo. CCR-9410457
CCR-9502500 CDA-9502791 and CDA-9617383 and the Texas Ad-
vancedTechnologyProgramunderGrantNo. 003604-025 SaritaAdve
is alsosupportedy anAlfred P. SloanResearchirellonship. Vijay S. Pai
wasalsosupportedy a FannieandJohnHertz FoundationFellowship.
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misslatenciesaretoo longto overlapwith otherinstruction
types. Thus, an ILP processomeedsto overlap multiple

readmisseswith eachotherto hide a significantportion of

their latencies.An out-of-orderprocessocanonly overlap
thosereadsheldtogethemwithin its instructionwindow. In-

dependenteadmissesnustthereforebe clusteedtogether
within a singleinstructionwindow to effectively hidetheir

latencies(read miss clustering. The applicationsin our

studytypically did not exhibit much readmiss clustering,
leadingto poorparallelismin the memorysystem.

This paper presentscode transformationsto improve
memoryparallelismfor systemswith out-of-orderproces-
sors,while preservingcachdocality. We exploit codetrans-
formationsalreadyknown and implementedin compilers
for otherpurposesproviding the analysisneededo relate
themto memoryparallelism. The key transformatiorwe
useis unroll-and-jam,which was originally proposedfor
improving floating-pointpipelining andfor scalarreplace-
ment[1, 2, 4, 11]. We develop an analysisthat mapsthe
memoryparallelismproblemto floating-pointpipelining.

We evaluatethesetransformationsapplied by handto
a lateng/-detectionmicrobenchmartlandfive scientificap-
plicationsrunning on simulatedand real uniprocessoand
multiprocessosystems Our clusteringtransformationse-
duceexposedateng by over 80%for thelateng-detection
microbenchmarkFor the scientificapplicationsthe trans-
formations reduce execution time by 9—-39% (averaging
23%) in the simulatedmultiprocessotand 11-48% (aver-
aging 30%) in the simulateduniprocessor A substantial
part of theseexecution-timereductionsarisefrom improv-
ing memoryparallelism,particularlyas memorystall time
becomesnore significant. We confirm the benefitsof our
transformationsnarealsystemCornvex Exemplar) where
they reduceapplicationexecutiontime by 9-34%.

An alternatve lateng toleratingtechniqueis software
prefetchingwhich hasbeenshown to be effective for sys-
temsbuilt with simpleprocessor$l0]. However, prefetch-
ing canbelesseffectivein ILP system$ecausef increased
late prefetchesandresourcecontention14]. We only con-
siderreadmissclusteringin this work; our ongoinginves-
tigationsindicatewaysin which clusteringtransformations
canalsoimprove the effectivenesof prefetching/13].
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(a) Exploitslocality

Figure 1. Impact of matrix traversal order on miss clustering.

(b) Exploits missclustering

(c) Exploitsboth

Crosses represent matrix elements,

and shaded blocks represent cache lines. The matrix is shown in row-major order.

2. Motivation for Read Miss Clustering

This sectiondiscusseshe needfor readmissclustering,
the sourcef poorclustering,andcodetransformationgo
improve clustering.

2.1. Latency Tolerancein ILP Processors

Instructionsin an out-of-order processos instruction
window (reorder buffer) can issue and complete out-of-
order To maintainpreciseinterrupts,however, instructions
committheirresultsandretirefrom thewindow in-orderaf-
tercompletion[17]. Theonly exceptionis for writes,which
canusewrite-bufferingto retire beforecompletion.

Becauseof the growing gapin processoland memory
speedsexternalcachemissescantake hundredf proces-
sor cycles. However, currentout-of-orderprocessorsypi-
cally have only 32—80elementinstructionwindows. Con-
sideran outstandingeadmissthat reacheghe headof the
window. If all otherinstructionsn thewindow arefast(e.g.,
typical computationrandreadhits) or canbe bufferedaside
(e.g.,writes), theindependeninstructionsmay not overlap
enoughlateng to keepthe processobusy throughoutthe
cachemiss. Sincethe later instructionswait to retire in-
order, theinstructionwindow will fill up andblockthepro-
cessor Thus, this missremainsexposeddespitesuchILP
featuresasout-of-orderissueandnon-blockingreads.

Supposeéhatindependenimissesfrom elsavherein the
applicationcould be schedulednto theinstructionwindow
behindthe outstandingeadmiss. Then,thelatermissesare
hiddenbehindthe stall time of the first miss. Thus, read
misslatenciescantypically be effectively overlappedonly
behindotherreadmisses,and suchoverlaponly occursif
readmisseso multiple cachelines appearlusteredwithin
the sameinstructionwindow. We referto this phenomenon
asreadmissclustering or simply clustering

2.2. Increasing Read Miss Clustering

To understandhesource®f poorreadmissclusteringin
typical code,we considera loop nesttraversinga 2-D ma-
trix. Figurel graphicallyrepresentshreedifferentmatrix

for(---j++) for(---i ++)
for(---i++) for(---j ++)
A[J,l] A[j,l]
(a) Basecode (b) Interchange
for(---jj+=N) for(--j+=N)
for(---i++) for(--i++){
for(j=jj;i<ij+Nj++)
A[j,l] A[j,l]
AL
CCALENLL ]

(c) Strip-mineandinterchange (¢') Unroll-and-jam

Figure 2. Pseudocode for Figure 1 matrix
traversals (row-major notation).

traversals. The matrix is shovn in row-major order, with
crossedor dataelementandshadedlocksfor cachdines.
Figure?2 relatesthesematrix traversalsto codegeneration,
with pseudocodshownn in row-majornotation.

Figuresl(a)and2(a) shav a matrix traversaloptimized
for spatiallocality, following much compilerresearch.In
this row-wise traversal,L, successie loop iterationsaccess
eachcachdine, whereL is thenumberof dataelementper
cachdine. While thistraversalmaximizesspatiallocality, it
minimizesclustering. For example,aninstructionwindow
thatholds L or fewer iterationsnever holdsreadmissesto
multiple cachédines, preventingclustering.This problemis
exacerbatedby largercachelinesor largerloop bodies.

Readmiss clusteringcan be maximizedby a column-
wise traversal, since successie iterations held in
the instruction window access different cache lines.
Figuresl(b)and2(b) shav sucha column-wisetraversal,
obtained by applying loop interchangeto the code in
Figure2(a) Eachcacheline is now accessean multiple
successie outerloop iterations. However, the traversal
passeghroughevery row beforerevisiting an older cache
line. If therearemorerows thancachelines, this traversal
couldloseall cachelocality, potentially overwhelmingary
performancédenefitsfrom clustering.

The above example suggestsa tradeof betweenspa-
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tial locality (favored by currentcode-generatioschemes)
and miss clustering. We seeka solutionthat achiesesthe
benefitsof clusteringwhile preservingspatiallocality. A
column-wisetraversalcanmaximizeclustering:however, it
muststopbeforelosinglocality. In particular the column-
wise traversalcan stop as soonas the miss clusteringre-
sourcesare fully utilized. For example,a processotthat
allows ten simultaneousachemissesseesthe maximum
memoryparallelismwhentenindependenmissreferences
areclustered. The traversalcould thencontinuein a row-
wise fashionto presere locality. Figurel(c) shovs a ma-
trix traversalthatexploits clusteringandlocality in thisway.
Figure2(c) expresseshis traversalby applying strip-mine
andinterchangeo Figure2(a)

Since the column-wise traversal length (N) of
Figure2(c) is basedon the hardwareresourcegor overlap
(< 12 today), the strip size is small, and the innermost
loop canbefully unrolled. Figure2(c') shawvs the resultof
thatunrolling. Now, the codereflectsthe transformatiorof
unroll-and-jamappliedto Figure2(a) This transformation
unrolls an outer loop and fuses(jams) the resultinginner
loop copiesinto a single inner loop. Previous work has
used unroll-and-jam for scalar replacement(replacing
array memory operationswith register accesses)better
floating-pointpipelining, or cachelocality [1, 2, 3, 4, 11].
Using unroll-and-jam for read miss clustering requires
differentheuristicsandmay helpevenwhenthepreviously
studiedbenefitsareunavailable.

We prefer to use unroll-and-jaminsteadof strip-mine
andinterchangdor two reasons.First, unroll-and-jamal-
lows us to exploit benefitsfrom scalarreplacement.Sec-
ond, unroll-and-jamdoesnot changethe innerloop itera-
tion count. Theshorterinnerloopsof strip-miningcanneg-
atively impact techniqueghat target inner loops, suchas
dynamicbranchprediction. By increasingnnerloop com-
putationwithout changingthe iteration count, unroll-and-
jam canalsohelp softwareprefetching13].

Unroll-and-jamcreatesan N-way unrolledsteady-state,
followed by an untransformedpostludeof leftover itera-
tions. To enableclusteringin the postludewe simply inter-
changehepostludevhenpossible. Thisshouldnotdegrade
locality, sincethe postludeoriginally hasfewer outerloop
iterationsthanthe unroll-and-jamdegree.

3. Analysisand Transfor mation Framewor k

This sectionprovidesaformal framework to applymem-
ory parallelismtransformationsn a compiletr

3.1. Dependences that Limit Memory Parallelism

We first describea dependencéamenork to represent
limitations to memory parallelism. As in other domains,
dependenceBereindicatereasonsvhy one operationwill
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not issuein parallelwith another However, thesedepen-
dencesare not ordinary datadependencessince memory
operationsanbe serializedfor differentreasonsWe build
thisframework to gaugeperformancepotential,notto spec-
ify legality. Thus,we optimistically estimatememorypar
allelismandspecifydependencesnly whentheir presence
is known. The transformationstagesmustthenusemore
corventional(andconserative) dependencanalysigor le-
gality. For simplicity, we only considermemoryparallelism
dependencethatareeitherloop-independentr carriedon
theinnermostioop. We canthenexploit previouswork with
thesamesimplification[2].

Sincewe focus on parallelismamongreadmisses,we
first requirelocality analysisto determinewhich staticref-
erencesanmissin the externalcache(leadingrefeences,
andwhich leadingreferencesre known to exhibit spatial
locality acrosssuccessie iterationsof the innermostloop
(inner-loop self-spatiallocality). Known locality analysis
techniquescan provide the needednformation[19]. Cur-
rently, we do not considercacheconflictsin our analysis
andtransformations.

We usethe above informationto identify limitationsto
readmiss parallelism. We focus on threekinds of limita-
tions, which we call cache-line dependencesaddressde-
pendencesandwindowconstaints.

Cache-line dependences. If areadmissis outstanding,
thenanotherreferenceto the samecacheline simply coa-
lesceswith the outstandingmiss,addingno readmisspar
allelism. Thus,we saythatthereis acache-linedependence
from memoryoperationA to B if A is a leadingreference
anda misson A bringsin the dataof B. The cache-line
dependences a new resourcedependencelass,extending
inputdependencet® supportmulti-word cachelines.

The following codeillustratescache-linedependences.
In all examples,leadingreferencesknown to have inner
loop self-spatialocality will beitalicized,while otherlead-
ing referencesvill be boldfaced.Theaccompaying graph
shaws staticmemoryreferencesisnodesanddependences
asedges.Eachedgeis marked with the innerloop depen-
dencedistance,the minimum numberof innerloop itera-
tionsseparatinghe dependenbperationspecified.

for(---j ++) .9
for(-i++)

b[j,2*i] = b[j,2*] + alj,i]
+ alj,i-1]

Notethatthereareno cache-linedependencefsom one
leading referenceto another; such a dependencevould
male the secondnodea non-leadingreference. Addition-
ally, ary leadingreferencewith innerloop self-spatiallo-
cality hasa cache-linedependencentoitself. Thatdepen-



dencehasdistancel for ary stride,sincethe addres®f the
missreferencewill becloserto theinstancel iterationlater
thanto aninstanceartheraway.

Address dependences. Thereis anaddresslependence
from memoryoperationA to B if the resultof A is used
in computingthe addressof B, serializing B behind A.
Addressdependencetypically arisefor irregularaccesses,
suchasindirectaddressingr pointerchasing.Thefollow-
ing codesggmentsshav addressiependencesThe graphs
shav addresslependencesssolid linesandcache-linede-
pendenceasdottedlines. Thefirst exampleshavs thein-
directaddressindypical of sparse-matrixapplications.

for(.--j++) o]
for(.--i++){
ind = afj,i]
sun{j] = sunfj] + bfind]

Theabove shavs oneleadingreferencehatexhibits cache-
line dependencesgonnectedthrough an addressdepen-
denceto anotherleadingreference. The following code
shavs addresslependencesom pointerdereferencing.

for(---i ++){

I =1Tlist[i]
for(---1 =l —next)
sunfi] += l—data

Theabove assumeshatthedat a andnext fieldsalways
lie on the samecacheline andthat separaténstancef |
arenotknown to sharecachdines. Eventhoughl —next
is a non-leadingreference,it is importantsincea depen-
denceflows from this nodeto the leadingreference.

Window constraints. Evenwithout otherdependences,

readmiss parallelismis limited to the numberof indepen-
dentreadmissesn theloop iterationssimultaneoushheld

in theinstructionwindow. We do notincludetheseresource
limitationsin ourdependencgraphssincethey canchange
ateachstageof transformationWe will, however, consider
theseconstraintsn our transformations.

Control-flov andmemoryconsisteng requirementsnay
alsorestrictreadmissparallelism.We donotconsidethese
constraintssincetheir performancémpactcanbemitigated
throughwell-known static or dynamictechniquessuchas
speculation. However, thesedependencemay still affect
thelegality of any codetransformations.

Of thethreedependencelasseshatwe consider(cache-
line, addressand window), only addresgdependenceare
true data-flav dependences.Window constraintscan be
eliminated through careful schedulingof the loop body,
possiblyenhancedy innerloop unrolling. Suchschedul-
ing would aimto clustertogethemissesspreadoveralong
loop body. Loop-carriedcacheline dependencesan be
corvertedto loop-invariantdependencetiroughinnerloop
unrolling by a multiple of L, whereL iterationsshareeach
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cacheline. Then, no cacheline is sharedacrossunrolled
loop iterations. The innerloop unrolling degreemay need
to go ashigh as N x L to provide clusteredmissesto N
separatecachelines. This can be excessie, particularly
with long cachdines. We therefordeave thesdoop-carried
cache-linedependencem placeand seekto extract read
miss parallelismwith lesscode expansionthrough outer
loop unroll-and-jam.

We will addressnemoryparallelismlimitationsin loop
nestshy first resolving recurrencegcyclesin the depen-
dencegraph), and then handlingwindow constraints. A
loop nestmay suffer from one or both problems,andre-
currenceaesolutionmay createnew window constraints.

3.2. Resolving Memory Parallelism Recurrences

Unroll-and-jam has previously beenusedto improve
floating-point pipelining in the presenceof innerloop
floating-pointrecurrence$2, 11]. We seekto useunroll-
and-jamto target loop nestswith memory-parallelisnre-
currenceswhich arisefor suchcommonaccesatternsas
self-spatialor pointerchasingleadingreferencesWe map
memoryparallelismto floating-pointpipelining, exposing
severalkey similaritiesanddifferencedetweertheseprob-
lems. This sectionthusshavs how to automatehe process
describedn Section2.2, which usedunroll-and-jamto in-
creasamissclusteringwithout degradinglocality.

3.2.1. Background on Floating-point Pipelining

Considermninnerloopthatcarriesafloating-pointrecur
rence(acycle of truedependenceslheoperationf later
iterationscan stall for the resultsof earlieriterations,pre-
ventingmaximumpipelinethroughput.Further innerloop
unrolling andschedulingcannothelp,aslaterinnerloopit-
erationsare alsoin the cycle. The following pseudocode
hasan innerloop recurrencebetweenstatements and 5.
The graphshows floating-pointtrue dependenceand de-
pendencelistances.

for(.-.j++)

for(---i++){
a: b[j,i] =a[j,i-1] + c[i]
Bralj,i] =Dblj,i] +di]

Theaboverecurrencdastwo floating-pointoperationsand
needsl iterationfor a completecycle (the sumof the de-
pendencedistances). Thus, the systemmust serialize 2
floating-pointoperationgthe numberin the recurrence}o
completel iteration(the lengthof the cycle), regardlesof
thepipeliningsupportedCallahanetal. describedloating-
pointrecurrencessfollows [2]%:

1Their notationwasslightly different,with #R, 7(R), p(R), and 1,
insteadof R, 7, p, and f, respecirely.



¢ [, : numberof stagesn thefloating-pointpipeline

e p : ratio of the numberof nodes(staticfloating-point
operations)in the innerloop recurrence(R) to the
numberof iterationsto traversethecycle (7)

e f: staticcountof floating-pointoperationsn thein-
nermostoop

Since R floating point operationamustbe serializedin
T iterations,the recurrencerequiresat leastp pipelinela-
tencies(= [, x p pipeline stages)per iteration. Without
dependencessachiteration would require only the time
of f pipeline stages. Thus, the recurrencdimits pipeline
utilizationto ; f . Unroll-and-jamintroducesndependent
copiesof the recurrencérom separat®uterloop iterations,
increasingf without affecting p [2]. To fill the pipeline,
unroll-and-jammustbeapplieduntil f > 1, x p. (Themax-
imum p shouldbeusedfor aloopwith multiplerecurrences,
sinceeachrecurrencdimits pipelineutilization.)

Certain dependencesan prevent unroll-and-jam, but
they are not directly relatedto the recurrencegargeted.
Previous work more thoroughlydiscussesegality andthe
choiceof outerloopsto unroll for deepemnesty2, 4, 11].

3.2.2. Mapping to Memory Parallelism

Above, unroll-and-jamusedonly the numberof pipeline
stagesnot the lateng. The pipeline simply representshe
numberof floating-pointoperationsthat can be processed
in parallel. Thus,we canmap this algorithmto memory
parallelism: the goalis to fully utilize the miss clustering
resourcesnotto scheduldor somespecificmisslatencies.
Here, [, correspondgo the maximumnumberof simulta-
neousoutstandingnissessupportedoy the processar The
restof the mappingis moredifficult, asnotall memoryop-
erationsutilize the resourcedor miss parallelism— only
thoseinstanceof leadingreferenceghat missat run-time
do. Thisdifferenceaffectsp and f.

Characterizing recurrences (p). We refer to recur
renceswith only cache-linedependenceas cade-linere-
currencesandrecurrencesvith atleastoneaddressiepen-
denceasaddressrecurrences Recurrencesith no leading
missreferencesareirrelevanthereandcanbeignored,since
they do notimpactreadmissparallelism.

As discussedn Section3.2.1, p is computedfrom two
values: R andr. We countonly leadingreferencesn R,
asonly thesenodescanleadto serializationfor a miss. We
countr asin Section3.2.1,sincethis specifiegshe number
of iterationsafter a missinstancebeforeserialization. Al-
thoughour discussiorhasfocusedon toleratingreadmiss
latenciespuralgorithmmustcountbothreadandwrite miss
referencesn R and f, sincewrites alsorequireresources.
Neverthelesswe will notapplyunroll-and-jamon anouter
loop if it only addswrite missessincewrite latenciescan
be hiddenthroughwrite-buffering.

151

Counting memory parallelism candidates (f). For
floating-pointpipelines,the f parameteicountsthe static
instructiongin theinnermostoop. We cannotusethis same
definitionherefor two key reasonsgescribedelow.

Dynamicinner-loop unrolling. An out-of-orderinstruc-
tion window of W instructionsdynamicallyunrolls a loop
body of 4 instructionsby (%1. (For simplicity, we assume
no outerloop unrolling, althoughthis could ariseif thein-
nerIoophadfewerthan[%] iterations).Suchunrolling ex-
posesno additionalsteady-stat@arallelismfor loopswith
addressecurrencessincetheseareanalogougo therecur
rencesof floating-pointpipelining. However, this unrolling
canactually breakcache-linerecurrenceslin particular if
L,, successieiterationsshareacachdine for leadingrefer
encem, dynamicinnerloop unrolling createq’%] inde-
pendenmissesrom theoriginal recurrencelLeadingrefer
encesoutsiderecurrenceganalsocontribute multiple out-
standingmisses(L,, = 1, sinceno cache-linesharingis
known). Thus,we defineC,,, the numberof copiesof m
thatcancontribute overlappedmisses:

1)

o - [% loop with no addressecurrences
™ol otherwise

Miss patterns.A simplecountof leadingreferencean
overestimatanemoryparallelism sincenot all leadingref-
erenceinstanceamiss in the cache. To determinewhich
leadingreferencenstancesnisstogetheywe mustknow the
miss patterns(sequencesf hits andmisses)or the differ-
entleadingreferencesndtheir correlationwith eachothet
Suchmeasureganbedifficult to determinein general.In
this work, we make somesimple assumptionsgdescribed
below.

We split the leadingreferencesnto two types: regular
(arraysindexed with affine functionsof the loop indices)
andirregular(all others).For regularreferencesye assume
thatat leastsomepasseshroughtheinnerloop experience
missen eachcachdine accessedindthatdifferentregu-
lar leadingreferencesxperiencemissegogether Theseas-
sumptiondeadto maximumestimatedarallelismfor reg-
ularleadingreferences.

For irregulars,the miss patternis not typically analyz-
able. We assumeno correlation eitheramonginstanceof
the samereferenceor acrosamultiple referencesThus,we
only needto know the overall missrate, P,,,, for eachrefer
encem. P,, canbe measuredhroughcachesimulationor
profiling. Theseassumptionsllow moreaggressie trans-
formationthanthe morecommonassumptiorof no locality
for irregulars.

We cannow estimatethe f parameteraccountingfor
bothdynamicinnerloop unrolling andmisspatterns:

f = fTeg + firTeg (2)
freg = Z Cm (3)
meERLR



firreg = |- Z Pm X Cm] (4)

meILR

Wesplit f into regularandirregularcomponentsyith RLR
and LR thesetsof regularandirregularleadingreferences
respectiely. ThetermsC,, in Equation3 andP,, x C,, in
Equation4 give the maximumexpectednumberof misses
to separateachelines contributedby leadingreferencen.
We roundup firreq to insurethat someresourcesre held
for irregularreferencesvhenthey arepresent.

The floating-point pipelining algorithm applied unroll-
and-jamuntil f > I, x p. We shouldbe more consera-
tivefor memoryparallelism asthecachecanseeextracon-
tentionwhentheresource$or outstandingnisse{MSHRS)
fill up. Thus,we aim to apply unroll-and-jamasmuchas
possiblewhile maintainingf < I, x p (usingthemaximum
p for theloop).

After applyingunroll-and-jamwe mustrecomputef for
two reasonsFirst, unroll-and-jamcanintroducenew lead-
ing referencesandincreaseahe iterationsize. On the other
hand, some leading referencecopies may becomenon-
leadingreferencedecausef scalarreplacemenbr group
locality. For similar reasonswe mustrepeatthe locality
anddependencanalysigpasses.

Since f varies as describedabore, we may needto
attemptunroll-and-jammultiple times with different un-
rolling degreesto reach our desired f. We can limit
the numberof invocationsby choosinga maximum un-
rolling degreeU basedon the resource$or memoryparal-
lelism, codeexpansion registerpressureand potentialfor
cacheconflicts. If we unroll only one outerloop, we can
chooseaheunrolling degreeby binarysearchusingat most
[log, U] passeq4]. Generalizedsearchingfor unrolling
multiple outerloopscanfollow the stratgiesdescribedn
previous work [4]. We alsoreferto previous work for le-
gality issueq2, 4, 11]. We addonly thatwe prefernot to
unroll-and-janmloopsthatonly exposeadditionalwrite miss
referencessincebuffering canhide write latencies.

To revisit the motivating exampleof Section2.2, note
thatthe matrix traversalof Figure2(a) hasa cache-linere-
currencewith p = 1. L,, typically rangesfrom 4 to 16
for stride-1double-word accesseso [%1 is mostlikely
1 for aloop bodywith a moderateamountof computation
andcurrentinstructionwindow sizes.Thus, f = frey, =1
initially. This examplehasno scalarreplacemenbpportu-
nities, so eachrecurrencecopy createdby unroll-and-jam
contributesa leadingreferenceo the calculationof f. As-
sumingU is chosernto be at leastl,, the searchalgorithm
will find thatunroll-and-jamby {,, leadsto f =1, x p.

3.3. Resolving Window Constraints

We now addressmemory parallelismlimitations from
window constraintsThesecanarisefor loopswith or with-
outrecurrenceskurther recurrenceesolutioncanactually
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createnew window constraints,since unroll-and-jamcan
spreadts candidategor readmiss parallelismover a span
of instructionslargerthana singleinstructionwindow. We
proceedn two stagesfirst usingloop unrolling to resole
ary inter-iterationwindow constraintsthenusinglocal in-
structionschedulingo resohe intra-iterationconstraints.

As discussedn Section3.2.2, an instruction window
of W instructionsdynamicallyunrolls an innerloop body
of 4 instructionsby [%]. Interiteration window con-
straintsarise when the independentead missesin (%1
iterationsdo not fill the resourcegor memoryparallelism
(typically becausef large loop bodies). Sinceary recur
renceshave alreadybeenresoled, we cannow useinner
loop unrolling to betterexposeindependenmissesto the
instructionscheduler We candirectly countthe maximum
expectednumberof independenimissesn (%1 iterations,
usingthemissrate P, to weighttheirregularleadingrefer
encesWe thenunroll until theresource$or memoryparal-
lelismarefilled, recomputingheexposedndependeniniss
countaftereachinvocationof unrolling.

Now we resole ary intra-iterationwindow constraints
stemmingfrom loop bodieslargerthana singleinstruction
window (possiblybecausef unroll-and-jamor innerloop
unrolling). In suchcasesthe instructionscheduleshould
packindependeninissreferencesn the loop body closeto
eachother Thetechniqueof balancedschedulingcanpro-
vide someof thesebenefitg[6, 7], but mayalsomisssome
opportunitiessinceit doesnot explicitly considerwindow
size. Neverthelessthis heuristicworked well for the code
sequencese examined.More appropriatdocal scheduling
algorithmsremainthe subjectof futureresearch.

4. Experimental M ethodology
4.1. Evaluation Environments

We perform mostof our experimentsusing RSIM, the
Rice Simulatorfor ILP Multiprocessorg15]. We model
both an ILP uniprocessorand an ILP-basedCC-NUMA
multiprocessomith releaseconsisteng. Table 1 summa-
rizes the baseconfiguration. The cachesizesare scaled
basedn applicationinput sizesaccordingto themethodol-
ogyof Wooetal. [20]. Thememorybanksusepermutation-
basedinterleaving on a cache-linegranularity to support
a variety of strides[18]. The simulatedsystemlatencies
without contentionare 1 cycle for L1 hits, 10 cyclesfor L2
hits, 85 cyclesfor localmemory 180—-260cyclesfor remote
memory and210-310cyclesfor cache-to-cach&ansfers.
We alsobriefly summarizeexperimentatresultsusingareal
machine(Corvex Exemplar),with more detail in our ex-
tendedreport[12].



3 (mostFPU),7 (int. mult./div.),
16 (FPdiv.), 33 (FPsart.)
chy and network parameters

cies(cycles)

Memory hierar

L1 D-cache 16 KB, direct-mapped? ports,
10 MSHRs,64-byteline
L1 I-cache 16 KB, direct-mapped64-byteline
L2 cache 64 KB (1 MB for Em3d),4-way as-
sociatve, 1 port, 10 MSHRs,
64-byteline, pipelined
Memorybanks 4-way, permutatiorinterlearzing
Bus 167 MHz, 256 bits, split transaction
Network 2D mesh,250MHz, 64 bits, flit de-

lay of 2 network cyclesperhop

Table 1. Base simulated configuration.
4.2. Evaluation Workload

We evaluate our clustering transformationsusing a
lateng/-detectiormicrobenchmarlandfive scientificappli-
cations. Table 2 summarizeghe evaluationworkload for
the simulatedsystem. The numberof processorsisedfor
the simulatedmultiprocessomexperimentsis basedon ap-
plicationscalability with alimit of 16. Theinputsizesand
processocountsfor experimentontherealmachinearere-
portedin [12]. Eachcodeis compiledwith the SUnSFARC
SC4.2compiler, usingthe- x O4 optimizationlevel. We in-
corporatemissclusteringtransformationdy hand,follow-
ing the algorithmspresented.

Latbenchis basedon the | at _memr d kernelof | m
bench [8]. | at _-memr d seesinnerloop addressrecur
rencedrom pointerchasing Latbenchwrapsthisloopin an
outerloopthatiteratesoverdifferentpointerchainswith no
locality in or acrosschains. The pseudocodegivenbelow,
shows codeaddedfor Latbenchin sans-serif.

for (j=0;j<N;j++){
p = Al
for(i=0;i<l;i++)
p = p—next // serialized m sses
USE( p) /'l keeps p live

Latbench is clustered with unroll-and-jam.  As in
| at _nemr d, loopingoverheads minimizedby unrolling
theinnermostoopsto include1000pointerdereferencem
eachloop body for boththe baseandclusteredversions.
Ema3dis a shared-memorydaptationof a Split-C ap-
plication [5], andis clusteredusing unroll-and-jam. This
codehashothcache-lineandaddressiependencegut only
cache-lingecurrencesThedominanioopnesthasvariable

Processor parameters Microbenchmark Input Size Procs.
Clockrate 500MHz Latbench 6.4M datasize 1
Fetchrate 4 instructions/gcle Application Input Size Procs.
Instructionwindow 64 instructionsin-flight Em3d 32K nodesgdeg. 20,20%rem. | 1,16
Memoryqueuesize | 32 Erlebacher 64x64x64cube,block 8 1,16
Outstandingranches| 16 FET 64K points 1,16
Functionalunitcount | 2 ALUs, 2 FPUs,2 addressinits LU 256x256matrix, block 16 1,8
Functionalunit laten- | 1 (addr gen.,mostALU), Mp3d 100K particles 18
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Table 2. Data set sizes and number of proces-
sors for simulation experiments.

innerloop length, so only the minimum lengthseenin the
unrolled copiesis fused. Eachcopy completests remain-
ing lengthseparately We assumedhat the outerloop was
explicitly identifiedasparallelto enabletransformatiorde-
spiteEm3d’s pointerreferencesBecausef its largerwork-
ing set,Em3dis simulatedwith 1 MB L2 caches.

Erlebacheris a shared-memonryport of a programby
ThomasEidsonat the Institute for ComputerApplications
in ScienceandEngineering|CASE). FFT andLU arefrom
SPLASH-2[20]. For betterload balance LU is modified
slightly to useflagsinsteadof barriers. Thesethreeregu-
lar codesseeonly cache-lineecurrenceskEachis clustered
with unroll-and-jamandpostludeinterchanging.

Mp3d is an irregular, asynchronousgcommunication-
intensive SPLASH code[16]. To eliminatefalse-sharing,
key datastructuresverepaddedo a multiple of the cache
line size. To reducetrue-sharingandimprove locality, the
dataelementsveresortedby positionin themodeledphys-
ical world [9]. Mp3dhasno recurrenceshut seegpoormiss
clusteringbecauseof large loop bodies. Thus, innerloop
unrolling andaggressie schedulingcanprovide clustering
here asdiscussedh Section3.3. We assumedhatthedom-
inantnove loop wasexplicitly markedparallel.

5. Experimental Results
5.1. Performance of L atbench

The baselLatbenchof Section4.2 exposesan average
misslateng of 171 ns on the simulatedsystem(identical
tol at _memr d). Clusteringdropsthe averageexposeda-
teng to 32 ns,a speedumf 5.34X. On the Corvex Exem-
plar, clusteringreduceshe averageexposedlateng from
502nsto 87 ns,for aspeedupf 5.77X.

Theseresultsindicatethe potentialgainsfrom memory
parallelismtransformationsbut alsoindicatesomebottle-
necks sincethe speeduparelessthan10 (thenumberof si-
multaneousnissessupportedy eachprocessor)Ourmore
detailedstatisticsfor the simulatedsystemshaw that clus-
teringincreasesontentionjncreasingaveragetotal lateng
to 316 ns (from addresggenerationto completion). Fur-
ther, busandmemorybankutilization both exceed85% af-
ter clustering. Thus, a further increasein speedupwould
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Figure 3. Impact of clustering transf ormations

requiregreatetbandwidthat boththe busandthememory
5.2. Impact on Application Performance

Figure 3 shaws the impact of the clusteringtransfor
mationson applicationexecutiontime for the basesimu-
latedsystem.The graphshavs multiprocessoandunipro-
cessorexperiments(MP/UP) before and after clustering
(Base/Clust), normalizedto the givenapplicationandsys-
tem sizewithout clustering.For analysis gxecutiontime is
catgyorizedinto datamemorystall, CPU, synchronization
stall,andinstructionmemorystalltimes,following thecon-
ventionsof previouswork (e.g.,[14]). Sincewritescanre-
tire beforecompletingandreadhits arefast,nearlyall data
memorystallsstemfrom readsthatmissin thelL2 cache.

Overall, the clusteringtransformationsstudiedprovide
from 9—39%reductionin multiprocessoexecutiontime for
theseapplicationsaveraging23%. Themultiprocessoben-
efits in Erlebacherand Mp3d come almostentirely from
reducingthe memory stall time. (Mp3d seessomeCPU
degradationbecauseof no scalarreplacemenbr pipeline
improvemenitandslightly worsereturn-addresprediction.)
Em3d,FFT, andLU seebenefitssplit betweermemorystall
time andCPUtime; unroll-and-jamhelpsthe CPU compo-
nentthroughbetterfunctional unit utilization and through
scalarreplacemen{in FFT and LU). By speedingup the
dataproducersin LU, the clusteringtransformationsalso
reducethe synchronizatiortime for dataconsumers.Our
moredetailedstatisticsshawv thattheL2 misscountis nearly
unchangedh all applicationsjndicatingthatlocality is pre-
sened andthat scalarreplacemenprimarily affectscache
hits. All applicationsseemore multiprocessorexecution
timereductionfrom thenewly exposedenefitdn readmiss
clusteringthanthe previously studiedbenefitan CPUtime.

The uniprocessorseesslightly larger overall benefits
from the clusteringtransformationstangingfrom 11-48%
(average30%). The speedupof data memory stalls is
greaterin the uniprocessothanin the multiprocessaras
the uniform latengy and bandwidth characteristicof the
uniprocessobetterfacilitate overlap. However, sincethe
uniprocessotypically spendsa smallerfraction of time in
datamemorystalls, the transformationsbenefitsfor FFT
andLU arepredominantlyin the CPUcomponent.

Base Clust Base Clust
uUpP

FFT
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Figure 4. Factors shaping memory paral-
lelism (read L2 MSHR utilization) and con-
tention (total L2 MSHR utilization).

To representhe growing processeimemoryspeedgap,
we simulateda systemwith 1 GHz processorandall mem-
ory and interconnectparametersdentical (in ns or MHz)
to the base.Thetotal executiontime reductionsaresimilar
(10-36%in the multiprocessqgraveraging24%; 12—47%in
theuniprocessqraveraging34%). However, thelargerfrac-
tion of memorystall time in thesesystemsallows memory
parallelismto provide moreof thetotal benefitsthanin the
base. Thus, targeting memory parallelismbecomesmore
importantfor suchpotentialfuture configurations.

All simulationexperimentsshav few instructionmem-
ory stalls. Thus, the code addedby our transformations
doesnotsignificantlyimpactl-cacheocality for thesdoop-
intensive codes.

We also performedexperimentson a Corvex Exem-
plar, using larger input sizesappropriatefor the real ma-
chine[12]. EachHP PA-8000 processoin the Exemplar
supportsl0 simultaneousnisses. The clusteringtransfor
mationsgive the Exemplar9—34%reductionsn application
executiontime for the multiprocessoanduniprocessoex-
perimentsOur extendedreportprovidesmoredetails[12].

5.3. Memory Parallelism and Contention

The MSHR utilization graphsof Figure 4 depict the
sourcef memoryparallelismandcontentionfor the mul-
tiprocessorruns of Em3dand LU, the two extremeappli-
cationswith regardto improvementfrom the transforma-
tions. Figure4(a)indicatesreadmissparallelism,shaving
thefractionof totaltimefor whichatleastN L2 MSHRsare



occupiedby readmissedor eachpossibleN onthe X axis.
The clusteringtransformation®only slightly improve read
missparallelismfor Em3d,sinceEm3d'sirregularaccesses
give eventhe baseversionsomeclustering.In contrastthe
transformationgornvert LU from a codethat almostnever
hadmorethanl outstandingeadmissto onewith 2 or more
outstandingreadmisses20% of the time andup to 9 out-
standingreadmissesattimes.

Figure4(b) shows the total L2 MSHR utilization, in-
cluding both readsand writes. This indicatescontention,
measuringhow mary requestasethe memory systemat
once. Both Em3dand LU seecurvessimilar to their read
misscurves,indicatingthatcontentionin theseapplications
comesprimarily from reads. Thus, for theseapplications,
ary negative impactfrom increasecdontentionis offsetby
the performancéenefitsof readmissparallelism.

6. Conclusions and Future Work

This studyfinds that codetransformationganimprove
memory parallelismin systemswith out-of-orderproces-
sors. We adaptcompilertransformationsknown for other
purposego the new goal of memoryparallelism. Our ex-
perimentalresultsshov substantiaimprovementsn mem-
ory parallelism,thus hiding more memory stall time and
reducingexecutiontime significantly As memorystallsbe-
comemoreimportant(e.g., multiprocessor®r future sys-
temswith greaterprocessememoryspeedyaps) moreex-
ecution time reductionscome from the transformations’
newly exposedbenefitain memorystall time thantheir pre-
viously studiedbenefitsn CPUtime.

We canextendthis work in severalways. For example,
we canseekto resol\e memory-parallelisnmecurrences$or
unnestedoopsby fusing otherwiseunrelatedoops.We are
also investigatingthe interactionsof miss clusteringwith
software prefetching,as their different approachego la-
teng toleranceallow eachto provide distinctbenefits.
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