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Improving Effective Bandwidth through
Compiler Enhancement of Global Cache Reuse

ChenDing KenKennedy
RiceUniversity
Houston,TX

Abstract

Reusingdatain cacheiscritical to achievinghighperformanceonmodernmachines,becauseit reducestheimpact
of thelatency andbandwidthlimitationsof directmemoryaccess.Todate,moststudiesof softwarememoryhierarchy
managementhavefocusedonthelatency problemin loops.However, today’smachinesareincreasinglylimited by the
insufficient memorybandwidth—latency-orientedtechniquesareinadequatebecausethey do not seekto minimize
theamountof datatransferredfrom memoryover thewholeprogram.To addressthebandwidthlimitation, thispaper
exploresthepotentialfor globalcachereuse—thatis, reusingdataacrossloopsnestsandover theentireprogram.In
particular, thepaperinvestigatesa two-stepstrategy. Thefirst stepfusescomputationson thesamedatato enablethe
cachingof repeatedaccesses.Thesecondstepgroupsdatausedby thesamecomputationto makethemcontiguous
in memory. While thefirst stepreducesthefrequency of memoryaccess,thesecondstepimprovesits efficiency. The
paperdemonstratestheeffectivenessof thisstrategy andshowshow to automateit in aproductioncompiler.

1 Introduction

Althoughtheproblemof long latenciesto memoryin modernprocessorshasbeenwidely recognized,lessattention
hasbeenpaid to the effect of limited memorybandwidth. Over the pasttwenty years,CPU speedhasimproved
by a factor of 6400,while memorybandwidthhasincreasedby a factorof only 150during the sameperiod1. Our
own performancestudyfound that scientificapplicationsdemandtwo to nine timesmorememorybandwidththan
providedby a typicalmachine,andconsequently, full applicationscanachieve only atmost10%to 16%of peakCPU
performanceonaverage[6]. This meansthatsubstantiveperformancegainscanbemadeon mostapplicationsif only
thememorybandwidthbottleneckcanbealleviated.

To bridgethememorygap,modernmachinesprovidehigh-bandwidthdatacachesin thehopethatmostmemory
accessescanbe served by a bufferedcopy from cacheinsteadof directly from memory. Although cachehasbeen
successfulfor programswith small working setsandsimpleaccesspatterns,it is not effective for large, complex
applicationsthatrepeatedlyprocessa hugedataset. Sincelargeprogramsperformcomputationin many phasesand
accessdatain many differentplaces,accessesto thesamedataitem aretypically separatedby a wide gapanddata
accessis often non-contiguous.If the reuseof a dataitem is separatedby a long enoughgap, the value may be
evicted from cachebeforeit is reused,causingunnecessarydatatransferfrom memory. Non-contiguousaccess,on
the otherhand,wasteseven existing cacheresourceby causinguselessdatato be transferredto cache.Thus,both
wastememorybandwidth. Moreover, the extensive useof functionanddataabstractionaggravatesthe problemby
fragmentingcomputationsanddatathatcouldbeotherwisecachedtogether.

An optimizing compilercanalleviate the memorybandwidthproblemby restructuringglobal computationand
datato betterutilize thecachehierarchy. However, existing compilertechniquesdo not do a completejob of solving
thisproblem.For example,loopblocking—astandardtechniquefor increasingreuse—istargetedfor singleloopnests
andcannotexploit datareuseamongdisjoint loops.Loopfusioncombinesmultipleloops,but existing fusionmethods
aretoo restrictive. They donot fuseloopsof a differentnumberof dimensionsor loopswith datadependenceson the
interveningstatements.Neitherdo they systematicallyaddressthe overheadof loop fusion. Consequently, previous
studiesshowed that global programtransformationslike loop fusion did not improve performanceby a significant
degreeandthey sometimescauseda slowdown.

Thispaperpresentstechniquesdesignedto minimizetheoverallbandwidthconsumptionof aprogram.Thisgoalis
achievedby usinga two-stepstrategy: first fusecomputationson thesamedataandthengroupdatausedby thesame

�
This estimateis basedon historicaldataaboutCPUspeed,memorypin count,andpin-bandwidthincreasescompiledby Burgeretal[3].
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computation. Our treatmentbegins with a studyon the potentialbenefitof global computationfusion throughdata
reuseanalysisin largeapplications.Themainfocusis on two programtransformations.Thefirst is reuse-basedloop
fusion, whichemploysstatementembedding,loopalignment,anditerationreorderingto fuseloopswheneverpossible.
Sinceaggressiveloopfusionbringstogetheralargeamountof accessto commondata,thesecondtransformation,data
regrouping, splitsandregroupsglobalarraysto effectcontiguousdataaccessin thefusedloop.Thegoalis tomaximize
globalcachereuseincludingthetemporalreuseof theglobalcomputationandthespatialreuseof theglobaldata.

The rest of the paperis organizedas follows. The next sectionstudiesdatareusebehavior of programsand
presentsreuse-basedloopfusion.Section3 describesinter-arraymulti-leveldataregrouping.Theimplementationand
evaluationof bothtechniquesarepresentedin Section4. Relatedwork is discussedin Section5 andthecontributions
of thiswork aresummarizedin Section6.

2 Global computation fusion

Thissectionfirst analyzesglobaldatareusein realprogramsandthenpresentsthecompileralgorithmfor reuse-based
loop fusion.

2.1 Reuse-distance analysis

In a sequentialexecution,the reusedistanceof a datareferenceis thenumberof thedistinctivedataitemsappeared
betweenthis referenceandthe closestprevious referenceto the samedata. The examplein Figure1(a) shows four
datareusesandtheir reusedistance.Ona perfectcache(fully associative with LRU replacement),a datareusehits in
cacheif andonly if its reusedistanceis smallerthanthecachesize.

(a) Example sequence and

its reuse distances

(b) Transformed data access sequence.

All reuse distances are zero.

a a a b b c ca b c a a c b

rd=2 rd=0

rd=1 rd=2

Figure1: Examplereusedistances

To avoid cachemissesdueto longreusedistances,aprogramcanfusecomputationsonthesamedata.Figure1(b)
shows thecomputationsequenceafterfusion,whereall reusedistancesarereducedto zero.Thenext sectionstudies
fusionon realprograms.

2.2 Reuse-driven execution

Thissectionpresentsandevaluatesreuse-drivenexecution, amachine-level strategy whichfusesrun-timeinstructions
accessingthesamedata. In a sense,it is the inverseof Beladypolicy. While Beladyevicts datathathasthefurthest
reuse,reuse-drivenexecutionexecutestheinstructionthathastheclosestreuse.Theinsightgainedin this studywill
provide themotivationfor thesource-level transformationpresentedin thenext section.

Givenaprogram,its reuse-drivenexecutionis constructedasfollows.First, thesourceprogramis instrumentedto
collecttherun-timetraceof all source-level instructionsaswell asall theirdataaccess.Thetraceis re-executedonan
idealparallelmachinewhereaninstructionis executedassoonasall its operandshave beencomputed.Thesequence
of ideal executiongives the orderingof instructionsand their minimal cycle difference. Finally, the reuse-driven
executionis carriedout by thealgorithmgivenin Figure2. It is reuse-drivenbecauseit givespriority of executionto
laterinstructionsthatreusesthedataof thecurrentinstruction.It employsa FIFO queueto sequentializeall preferred
instructions.

Theeffectof reuse-drivenexecutionis shown in Figure3 for akernelprogramADI anda full applicationNAS/SP;
the formerhas8 loopsin 4 loop nests,andthe latterhasover 218 loopsin 67 loop nests.In eachfigure,a point at�����e�N�

indicatesthat
�

thousandsof memoryreferenceshave a reusedistancebetween�  E¡£¢r¤�¥i¦ �  §¢ � . Thefigure links
discretepointsinto a curve to emphasizethe elevatedhills, wherelargeportionsof memoryreferencesreside.The
importantmeasureis not the lengthof a reusedistance,ratherit is whetherthe lengthincreaseswith the input size.
If so,thememoryaccesswill becomea cachemisswhendatainput is sufficiently large. We call thosereuseswhose
reusedistanceincreaseswith theinputsizeevadablereuses.
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function Main
for each instruction i in the ideal parallel execution order

execute i
enqueue i to ReuseQueue
while ReuseQueue is not empty

dequeue instruction i from ReuseQueue
if i’s next use j has not been executed

ForceExecute(j)
enqueue j to ReuseQueue

end if
end while

end for
end Main

function ForceExecute(instruction j)
while there exists un-executed instruction i that produces operands for j

ForceExecute(i)
end while
execute j
enqueue j to ReuseQueue

end ForceExecute

Figure2: Algorithm for reuse-drivenexecution

The uppertwo figuresof Figure3 show the reusedistancesof ADI on two input sizes.The two curvesin each
figureshow reusedistancesof theoriginalprogramandthatof reuse-drivenexecution.In theoriginal program,over
40%of memoryreferences(25 thousandin the first and99 thousandin the second)areevadablereuses.However,
reuse-drivenexecutionnot only reducedthenumberof evadablereusesby 33%(from 40%to 27%),but alsoslowed
thelengtheningrateof theremainingevadablereuses.

A similarimprovementis seenonNAS/SP, wherereuse-drivenexecutionreducedthenumberof evadablereusesby
63%andslowedtherateof lengtheningof reusedistances.A third curve is shown in thelower-right figure,whichwill
beexplainedlaterin theevaluationsection.Wealsotestedtwo otherprograms—akernel,FFT, andafull application,
DOE/Sweep3D. Reuse-drivenexecutiondid not improve FFT (wherethe numberof evadablereuseswasincreased
by 6%),but it reducedevadablereusesby 67%in DOE/Sweep3D. In addition,we experimentedwith otherheuristics
of reuse-drivenexecution,for example,thatof not executingthenext reuseif it is too far away (in the idealparallel
executionorder). But the resultwasnot improved. The experimentwith reuse-driven executiondemonstratesthe
potentialof fusionasa globalstrategy for reducingthenumberof evadablereusesin largeapplicationswith multiple
loopnests.Thenext sectionstudiesaggressive loop fusionasawayto realizethisbenefit.

2.3 Reuse-based loop fusion

Sinceloopscontainmostdataaccessanddatareuse,loop fusion is obviously a promisingsolution for shortening
reusedistances.Thissectionpresentsa new fusionalgorithmthatemploysstatementembedding,loopalignmentand
iterationreordering. It first demonstratesthroughan examplethe needfor thesethreetransformationsin order to
achieve maximalfusionandminimalreusedistance.

The fusionof the two loopsshown in Figure4(a) requiresthreesteps:(1) embed̈�© into thefirst loop, (2) peel
off thefirst iterationof thesecondloop, and(3) fusethetwo loopsby shifting thesecondloop up by two iterations.
Thefirst two stepsmakeloop fusionpossible,andthe third stepbringstogetherthedatareuseon ª«� ¬�­ . In programs
with multi-dimensionalloops,statementembeddingis equivalentto insertinga low-dimensionalloop asoneiteration
of a high-dimensionalloop. Althoughstatementembeddingenablesloop fusion in this example,it mayfail to do so
in certaincases,for examplein theprogramshown in Figure4(b). Thiscomplicatesthetestfor thefeasibilityof loop
fusionbut suggestsanadvantageof incrementalfusion,which fusesonly consecutive loops.

Thefollowing discussionof loop fusionmakesanumberof assumptionson theinputprogram,whicharelistedin
Figure5. At thebeginning,weconsideronly single-dimensionalloopsaccessingsingle-dimensionalarrays.Laterwe
will usethesamealgorithmto fusemulti-dimensionalloopslevel by level. Theotherrestrictionsin Figure5 canalso
berelaxed,however, at thecostof amorecomplex fusionalgorithm.For example,index expressionslike ª �¯®�° ¬w±³² �
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Figure3: Effect of reuse-drivenexecution

  A[i] = f(A[i-1])

end for

for i=2,N

for i=2,N

  A[i] = f(A[i-1])

end for

A[1] = A[N]

(b) example of loops that
cannot be fused

for i=2, N-2

  if (i=2) A[i]=0.0

  else A[i] = f(A[i-1])

end for

A[1] = A[N]

B[3] = g(A[1])

  B[i+2] = g(A[i])

for i=3, N-2

  A[i] = f(A[i-1])

end for

  B[i] = g(A[i-2])

end for

for i=3, N

A[1] = A[N]

A[2] = 0.0

(a) fusion by statement embedding,
loop alignment and loop splitting

s3
s4

Figure4: Examplesof loop fusion

canbeconsideredby addingloopprojectionto loop fusion.
The fusionalgorithmis givenin Figure6, which incrementallyfusesall data-sharingloops. For eachstatement,

subroutineGreedilyFusetries to fuseit upwardswith the closestpredecessor(which is a fusedloop) that accesses
thesamedata.Oncea fusedloop is changeddueto additionalfusion,it will bere-testedfor potentialupwardfusion
becauseit now accessesa largersetof data.SubroutineFusibleTestdetermineswhethertwo loopscanbefused,and
if so, what reorderingis neededandwhat the minimal alignmentfactor is. The algorithmavoids repeatedtestsby
rememberinginfusibleloop pairs.

A fusedloop is a collectionof loopsandnon-loopstatements,whereloopsarealignedwith eachother, andnon-
loop statementsareembeddedin someiterationof thefusedloop. Its datafootprint includestheaccessto all arrays.
For eacharray, thedataaccessedis a loop-variantrangesuchas � ¬ÉÈÊ² ¥

� ¬�±Ë²¯Ì�­ plusa numberof loop-invariantarray
locations.Datadependencesarecalculatedby checkingfor non-emptyintersectionsamongfootprints.

Threetransformationscan enableloop fusion. The first is statementembedding,which schedulesa non-loop
statementinto a loop. Thesecondis loopalignment,whichshiftsthesecondloopby Í iterations,where Í is calledan
alignmentfactor. Thealignmentfactorcanbenegative if it is neededto bring togetherdatareuses.Whentwo loops
cannotbefusedby a boundedalignmentfactor, thethird transformation,iterationreordering,canreshapeandextract
thefusiblepartsof loops.Examplesof iterationreorderingincludeloop splittingandloop reversal.

Thethreetransformationsachieve maximalfusionandminimal reusedistance.Statementembeddingcanalways
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Î a programis a list of loopsandnon-loopstatementsÎ all loopsareone-dimensionalandsoareall variablesÎ all dataaccessesarein oneof thetwo forms: ª«� ¬}±6Ïe­ and ª«� Ïe­ , whereª is thevariablename,¬ is theloopindex,
andÏ is loop invariant

Figure5: Assumptionson theinputprogram

fusea loop with a non-loopstatement.Loop alignmentanditerationreordering,on theotherhand,maynot always
succeedin fusing two loops. However, when they fail, it must be the casethat all iterationsof the secondloop
dependon all iterationsof thefirst loop. If so, loop fusion is impossibleasa dependence-preservingtransformation.
Therefore,the above threetransformationsachieve maximalloop fusion. In additionto maximalfusion, the fusion
algorithmachievesminimal reusedistancebecauseall loopsarefusedwith theminimalalignmentfactor.

After two loopsarefused,their datareusesarenolongerevadable,thatis, their reusedistancesremainunchanged
whenthe input sizegrows. Excludingthe accessby non-loopstatements,eachiterationof the fusedloop accessesÐ � ª � dataelements,andtheiterationdifferencebetweentwo datasharingstatementsis at most

Ð ��Ñ��
, where

Ñ
is the

numberof loopsin theprogram.Therefore,theupperboundonthedistanceof reuseis
Ð � ª °PÑ�� , whichis independent

of arraysizesor datainputs. This upperboundis tight becausea worst-caseexamplecanbeconstructedasfollows:
thefirst loop is B(i)=A(i+1), thenare

Ñ
loopsof B(i)=B(i+1), finally is A(i)=B(i). Sincethetwo accesses

to ª � ¬ � mustbeseparatedby
Ñ

iterations,thereusedistancecanbeno lessthan
Ñ

. Therefore,the fusion algorithm
achievesthetightestasymptoticupperboundon reusedistances.

Thetimecomplexity for thealgorithmis
Ð ��ÒÓ°�Ò=Ôj°��vÕ ±.ª ��� , where

Ò
is thenumberof statementsbeforefusion,Ò^Ô

is the numberof loopsafter fusion,
Õ

is the costof FusibleTest, and ª is the numberof programarrays. Our
implementationmadetwo simplifications. It assumedthatall loop-invariantarrayaccessis on borderingelements,
and it reorderediterationsonly by splitting at boundaryloop iterations. Thesetwo assumptionsweresufficient to
captureall possiblefusionsin theprogramswe tested.Thesimplifiedfusionalgorithmranin

Ð ��Ò<°=Ò�ÔP° ª � .
3 Global data regrouping

Althoughloop fusionshortensdatareusein computations,it doesnotoptimizedatalayout. Indeed,a fusedloopoften
touchesa largenumberof arrays.Thescattereddataaccessmaywastea majorportionwithin acacheblockandcause
seriousinterferenceamongcacheblocks:bothleadto low utilizationof cacheresources.

Thissectionpresentsdataregrouping, whichclustersdatausedby thesamecomputationto effect contiguousdata
accessin a fusedloop. To changethe global datalayout,dataregroupingmustsolve two problems.The first is to
analyzedatastructuresof differentsizesanddifferentaccesspatterns.The second,moredifficult one, is to avoid
undesirablesideeffectsof a datatransformation.

The programanalysisfor dataregroupinghasbeenreportedin anearlierworkshoppaperof ours[5], so hasthe
algorithmfor arrayregroupingona singledatadimension.Dataregroupingfirst partitionsa programinto a sequence
of computationphases,eachof which accessesdatathat is larger thancache.Then,it classifiesall dataarraysinto
compatiblegroups.Two arraysarecompatibleif andonly if their sizesdiffer by at mosta constantfactor, andthey
arealwaysaccessedin thesameorder. Any datadimensionof a smallconstantsizeis unrolledandsplit into multiple
arrays.

Dataregroupingis appliedfor eachcompatiblearraygroup.Twoarraysaregroupedif andonly if they are always
accessedtogether. Dataregroupingusesanefficientpartitioningalgorithmto maximizethesizeof eachpartition.The
profitability is guaranteedbecauseno uselessdatais introducedinto cacheblocksby dataregrouping.Whenuseless
dataanddynamicregroupingaredisallowed,theregroupingalgorithmis optimal.Therelaxationof eitherconstraints
makesoptimaldatalayout dependenton theexact run-timetradeoff of a datalayout. In contrast,conservative data
regroupingachievesthebestmachine-independentdatalayout,thatis, compile-timeoptimalsolution.Relaxingeither
constraintsalsoleadsto NP-hardproblems.

3.1 Multi-level regrouping

Ourpreviouswork wasaimedat improving cache-blockreuseandthereforedid notgroupdataat a granularitylarger
thanan arrayelement.This sectionovercomesthis limitation by groupingarraysat higherlevels. The extensionis
beneficialbecauseplacingsimultaneouslyusedarraysegmentsreducescacheinterferenceandthepage-tableworking
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Main
let p be the list of program statements, either loops or non-loop statements
iterate p[i] from the first statement to the last in the program

GreedilyFuse(p[i])
end Main

Subroutine GreedilyFuse(p[i])
search backwards from p[i] to find the closest predecessor p[j] that shares data with p[i]
do nothing and return to caller if p[j] does not exist
if (p[i] is not a loop)

embed p[i] into p[j]
make p[i] an empty statement

else if (FusibleTest(p[i], p[j]) finds a constant alignment factor)
if (no splitting is required)

fuse p[i] into p[j] by aligning p[i] by the alignment factor
make p[i] an empty statement
GreedilyFuse(p[j])

end if
if (splitting is required)

split p[i] and/or p[j] and fuse p[i] into p[j] by aligning p[i]
make p[i] an empty statement
GreedilyFuse(p[j])
for each remaining pieces t’ after splitting

GreedilyFuse(t’)
end if

end if
end FuseStatement

Subroutine FusibleTest(p[i], p[j])
if (p[i] p[j]) has been marked as not fusible

return false
end if
for each array accessed in both p[i] and p[j]

find the smallest alignment factor that satisfies data dependence and has the closest reuse
apply iteration reordering if necessary and possible

end for
find the largest of all alignment factors
if (the alignment factor is a bounded constant)

return the alignment factor
else

mark (p[i] p[j]) not fusible
return false

end if
end FusibleTest

Figure6: Algorithm for reuse-basedloop fusion

6



set.
Theexampleprogramin Figure7 illustratesmulti-leveldataregrouping.Array ª and Ö aregroupedattheelement

level to improve spatialreusein cacheblocks. In addition,therows of all threearraysaregroupedsothateachouter
loopiterationaccessesacontiguoussegmentof memory. It shouldbenotedthatpopularprogramminglanguagessuch
asFortrandonot allow arraysof non-uniformdimensionslike thoseof array × . However, this is nota problemwhen
regroupingis appliedby theback-endcompiler.

for i

  for j

    g( A[j,i], B[j,i] )

  end for

  for j

    t( C[j,i] )

  end for

end for

A[j,i] -> D[1,j,1,i]

B[j,i] -> D[2,j,1,i]

C[j,i] ->   D[j,2,i]

Figure7: Exampleof multi-level dataregrouping

Thealgorithmfor multi-level regroupingis givenin Figure8. Thefirst stepof thealgorithmdisablesdatagrouping
atdimensionswhoseouterdimensionis iteratedby aninnerloop.Thesecondstepiteratesthroughall datadimensions
andgroupsarraysat eachdimension.The laststepconstructsthe final layout by groupingdimensionby dimension
from outsideto inside.Thecorrectnessof the third stepcanbeestablishedby proving that if two arraysaregrouped
atagivendimension,thenbotharraysareeitherfully groupedatall outerdimensionsor notgroupedatany outerdata
dimension.

4 Evaluation

4.1 Implementation

An inputprogramis processedby four preliminarytransformationsbeforeapplyingloopfusion.Thefirst is procedure
inlining, which bringsall computationloopsinto a singleprocedure.The next is arraysplitting andloop unrolling,
which eliminatesdatadimensionsof a small constantsizeand loops that iteratethosedimensions.The third step
is loop distribution. Finally, the last steppropagatesconstantsinto loop statements.Our compilerperformsloop
unrolling andconstantpropagationautomatically. Currently, arraysplitting requiresa userto specifythenames,and
inlining is doneby hand;however, bothtransformationscanbeautomatedwith additionalimplementation.

Thedataaccessof eachloop is summarizedby its datafootprint. For eachdimensionof anarray, a datafootprint
recordswhethertheloopaccessesthewholedimension,a numberof elementson theborder, or a loop-variantsection
(a rangeenclosingthe loop index variable). Datadependenceis testedby the intersectionof footprints. The range
informationis alsousedto calculatetheminimalalignmentfactorbetweenloops.

Loopfusionis carriedoutby applyingthefusionalgorithmlevel by level fromtheoutermostto theinnermost.The
currentimplementationcalculatesdatafootprints,alignsloopsandschedulesnon-loopstatements.Iterationreordering
is not yet implementedbut the compilersignalsthe placeswhereit is needed.Only oneprogram(Swim) required
splitting,whichwasdoneby hand.

For multi-level loops,loop fusionordersloop levelsto maximizethebenefitof fusion.Thefirst loop level to fuse
is the onethat producesthe fewest loopsafter fusion. In our experiment,however, this waslargely unnecessaryas
computationsaremostlysymmetric.Oneexceptionin our testcaseswasTomcatv, whereweperformedlevel ordering
(loop interchange)by hand.

The analysisfor dataregroupingis trivial with datafootprints. After fusion,dataregroupingis appliedlevel by
level onthefusedloopsasspecifiedby thealgorithmgivenin Figure8 but with two modifications.First,SGIcompiler
doesa poorjob whenarraysarefully interleavedat theinnermostdatadimension.Soweinsteadgroupedarraysup to
thesecondinnermostdimension.This restrictionmayresultin groupingin thelessdesireddimension,asin thecase
of Tomcatv. Theotherrestrictionis dueto thelimitation of Fortranlanguage,whichdoesnotallow non-uniformarray
dimensions.In caseswheremulti-level regroupingproducednon-uniformarrays,we changedit not to groupat outer
datadimensions.

Codegenerationis straightforwardasmappingsfrom old iterationspaceto the fusediterationspace.Currently,
thecodeis generatedby theOmegalibrary[14]. Omegaworkedwell for smallprograms.wherethecompilationtime
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Assumptions
all arrays have the same number of dimensions
arrays are stored in column-major order

DataRegrouping
for all memory access A(..., i, ..., j, ...)

if (i loop is an outer loop of j loop)
mark that A cannot be grouped at dimension j

end for

for each data dimension i from the highest to the lowest
find all arrays that can be grouped at this dimension
for each computation phase,

find arrays that are accessed together at dimension i
end for
divide arrays into partitions where two arrays are in the same partition

if and only if they are always accessed together
end for

for data dimension i from the highest to the lowest
for each partition of dimension i found in the previous step

group all arrays in the partition at data dimension i
end for

end for

Figure8: Algorithm for multi-level dataregrouping

wasunderoneminutefor all kernels.For SP, however, codegenerationtookfour minutesfor one-level fusionandone
houranda half for three-level fusion. In contrast,thefusionanalysistookabouttwo minutesfor one-level fusionand
four minutesfor three-level fusion. We areimplementinga directcodegenerationschemewhosecostis linearto the
numberof loop levelsandwill reporttheresultin thefinal paper.

4.2 Experimental design

We testedloop fusion anddataregroupingon four applicationsdescribedin Figure9. Theapplicationscomefrom
SPECandNAS benchmarksuiteexceptADI, which is a self-writtenkernelwith separateloopsprocessingboundary
conditions. Sinceall programsuseiterative algorithms,only the loopsinside the time-steploop arecounted. All
programsaremeasuredon a MIPS R12K processorof SGI Origin2000. A slower processor, R10K of SGI Octane
is alsousedfor a direct comparisonwith the earlierwork by PughandRosser[15].Both R12K andR10K provide
hardwarecountersthatmeasurecachemissesandotherhardwareeventswith highaccuracy. Bothmachineshave two
caches:L1 is 32KB in sizeanduses32-bytecachelines,L2 uses128-bytecachelines,andthe sizeof L2 is 1MB
for Octaneand4MB for Origin2000.Both aretwo-waysetassociative. TheMIPS processorsachieve goodlatency
hiding asa resultof dynamic,out-of-orderinstructionissuingandcompiler-directedprefetching.All applicationsare
compiledwith thehighestoptimizationflagandprefetchingturnedon(f77 -mips4-Ofast).

name source inputsize No. lines loopnests(levels) No. arrays
Swim SPEC95 513x513 429 6 (1-2) 15
Tomcatv SPEC95 513x513 221 5 (1-2) 7
ADI self-written 2Kx2K 108 6 (1-2) 3
SP NAS/NPBSerialv2.3 classB, 3 iterations 1141 67 (2-4) 15

Figure9: Applicationstested
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Figure10: Effect of Transformations

4.3 Effect of transformations

Theeffect of optimizationson theexecutiontime andthenumberof L1, L2 andTLB missesareshown in Figure10.
All resultswerecollectedon Origin2000exceptSwim, which wason Octane.Thefirst threeapplicationsshow three
setsof bars: theoriginal performance(normalizedto 1), theeffect of loop fusion,andtheeffect of loop fusionplus
dataregrouping.For SP, oneadditionalsetof barsis usedto show theeffect of fusingoneloop level insteadof three
loop levels. Theexecutiontime andoriginal missratesarealsogivenin thefigures;however, reductionsareon the
numberof misses,not themissrate.

The performanceof Swim is reportedfor Octanebecausethe samemachinewasusedin the work of iteration
slicingby PughandRosser[15].Reuse-basedloop fusionachievedthesameimprovement(10%)asPughandRosser
reportedfor iterationslicing. Thesucceedingdatagroupingcutexecutiontime by 2%morebecauseof theadditional
reductionon L1 andTLB misses.On Origin2000,thenumberof L2 missesin theoriginal programwasreducedby
66%becauseof the largerL2 cache.Thesameloop fusion degradedperformanceby 6%, but the performanceloss
wasrecoveredafterdataregrouping.

At the size257x257on Origin2000,Tomcatvexhibited similar behavior asSwim: loop fusion degradedperfor-
manceby 2% but dataregroupingrecoveredtheloss(thecombinedtransformationimprovedperformanceby 5%on
Octane).At thelargersizeof 513x513,theperformancegainof thecombinedstrategy becameapparentonOrigin2000,
asshown in Figure10. Although loop fusionalonedegradedperformanceby 1%, the combinedtransformationre-
ducedL1 missesby 5%,L2 missesby 20%andoverallexecutiontimeby 16%.DataregroupingincreasedTLB misses
by 3% becauseit groupedarraysat theouterdatadimensionto avoid the poorcodegenerationof theSGI compiler
(seeSection4.1).

ADI usedthelargestinputsizeandconsequentlyenjoyedthehighestimprovement.Thereductionwas39%for L1
misses,44%for L2 and56%for TLB. Theexecutiontime wasreducedby 57%,aspeedupof 2.33.

Program changes for SP SPis afull applicationanddeservesspecialattentionin evaluatingtheglobalstrategy. The
maincomputationsubroutine,adi, uses15globaldataarraysin 218loopsstructuredas67 loop nests(afterinlining).
Loop distribution and loop unrolling resultedin 482 loopsat threelevels—157loopsat the first level, 161 at the
second,and164at thethird. One-level loop fusionmerged157loopsinto 8. Theperformanceis shown by thesecond
barin thelower-right figureof Figure10. Thefull fusionfurtherfusedloopsin theremainingtwo levelsandproduced
13 loopsat thesecondlevel and17at thethird. Theperformanceof full fusionis shown by thethird barin thefigure.
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Thefourth barshows theeffect of addingdataregroupingto the three-level fusion. Theoriginal programhas15
globalarrays.Array splitting resultedin 42 arrays.Dataregroupingmergedtheminto 17 new ones.Thechoiceof
regroupingis verydifferentfrom thespecificationgivenby theprogrammer. For example,thethird new arrayconsists
of thefollowingoriginalarrays: ÝjÞ�¬ißNà ��á(��á(��á]�¯�¯â ¨ ��á(��á(��á]�¯��ã ¨ ��á(��á(��á]���eâ��¯á(��á(��á(�nä Èæå �¯ç , andthe15thnew
arrayincludesÝéèëê�¨ �¯á(��á(��á(�íì Èqî ��� èëê�¨ �¯á(��á(��á(�ïärä È äñð��eç .

One-level fusionincreasedL1 missesby 5%,but reducedL2 missesby 33%andexecutiontimeby 27%,signaling
thattheoriginalperformancebottleneckwasonmemorybandwidth.Fusingall levelseliminatedhalf of theL2 misses
(49%). However, it createdtoo muchdataaccessin the innermostloop andcaused8 timesmoreTLB misses.The
performancewasslowedby afactorof 2.32.Dataregrouping,however, mergedrelateddatatogetherandachievedthe
bestperformance.It reducedL1 missesby 20%,L2 by 51%andTLB by 39%. Theexecutiontime wasshortenedby
onethird (33%),aspeedupof 1.5(from 64.5Mf/s to 96.2Mf/s).

The reductionof L2 misseson Origin2000(51%) is closeto that of the simulation,which is 45%reductionon
evadablereusesin Figure3. Althoughreuse-basedfusionat thesourcelevel is not asgoodastheideal reuse-driven
execution(whichreducesthenumberof evadablereusesby 63%),it realizesafairly largeportionof its potential.

Summary Thecombinedtransformationof loop fusionanddataregroupingareextremelyeffective for thebench-
markprogramstested,improving overall speedby 14%to a factorof 2.33for kernelsanda factorof 1.5 for thefull
application;furthermore,theimprovementis obtainedsolelythroughautomaticsource-to-sourcecompileroptimiza-
tion. Thesuccessespeciallyunderscorestheimportanceof thefollowing two aspectsof this work.Î Aggressive loop fusion. All testprogramshave loopswith a differentnumberof dimensions.Mereloop align-

mentcannotfuseany of thetestedprogramsexceptfor a few loopsin SP. Swimalsorequiresloopsplitting.Î Combinedoptimizationstrategy of computationfusionanddataregrouping.Althoughbothtogetherarealways
beneficial,neitherof themis so without the other. Fusionmay degradeperformancewithout groupingand
groupingmayseelittle opportunitywithout fusion.

5 Related work

Many researchershave studiedloop fusion. Early work includesthoseof Abu-Sufahet al[1], Wolfe[17], andAllen
andKennedy[2]. They restrictedfusionto loopswith identicalbounds,nofusion-preventingdependences,andnotrue
dependenceswith interveningstatements.In addition,they consideredonly a local list of loops. Callahanemployed
greedyfusionasa globalstrategy for detectingcoarse-grainparallelism[4]. His method,however, mayfuseloopsof
nodatasharing.

Porterfieldintroduceda transformationcalledpeel-and-jam, which canfuseloopswith fusion-preventingdepen-
dencesby peelingoff someiterationsof the first loop andthenapplyingfusion on the remainingparts[13]. While
Porterfieldconsideredonly a pairof loops,ManjikianandAbdelrahmanlaterextendedpeel-and-jamto find themini-
malpeelingfactorfor agroupof fusibleloops[11]. Also enabledby peel-and-jam,SongandLi developedanew tiling
methodthat blocksmultiple loopswithin a time-steploop[16]. However, thesemethodsarenot a completeglobal
strategy becausethey did notaddressthecaseswherenot all loopsin a programarefusible. In addition,peel-and-jam
is a limited form of loop alignmentbecauseit canonly shift thefirst loop up (or thesecondloop down), but not the
reverse.So it doesnot alwaysbring togetherdatareusesin the fusedloops. Finally, peel-and-jamcannotfuseloops
thathave interveningstatementsthatusethesamedata.

To find a solutionto global loop fusion,a graphpartitioningformulationwasstudiedindependentlybothby Gao
et al.[7] andby KennedyandMcKinley[9]. Their aim wasto improve temporalreusein registers,andthey model
thebenefitof registerreuseasweightededgesbetweenpairsof loops. Thegoalwasto partitionall loopsinto legal
fusiblegroupssothattheinter-groupedgeweight(unrealizeddatareuse)is minimal. KennedyandMcKinley proved
that the generalfusion problemis NP-Complete. Both studiesusedthe heuristicthat recursively appliesmin-cut
algorithmto bi-partition the graph. Both work avoidedfusing loopswith fusion-preventingdependences.Sincea
weighted-edgebetweentwo loopsdoesnot truly modeldatasharingand datareuse,Ding andKennedyextended
theformulationto baseit on partitioninghyper-graphswhereanedge(datasharing)connectsanarbitrarynumberof
nodes[6]. Contemporarilywith this work, Kennedydevelopeda fast algorithmthat alwaysfusealongthe heaviest
edge[8].His algorithmallowsaccuratemodelingof datasharingaswell astheuseof fusionenablingtransformations.
But noneof thesealgorithmshasbeenimplementedor evaluated.

The first implementationfor fusion andits evaluationon non-trivial programswereaccomplishedby McKinley
et al[12]. They fusedonly loopswith anequalnumberof iterationsandwith no fusion-preventingdependences.As
a result, only 80 out of 1400,or 6% of testedloopswere fused. They fusedtwo loops in Tomcatvbut found no

10



improvement;they fusedfour loopsin SPandobtained0.24%increasein hit rate;they did not fuseany loop in Swim.
Theeffectonfull applicationswasmixed: fusionimprovedthehit ratefor four outof 35programsby 0.24%to 0.95%,
but it alsodegradedperformanceof otherthreeprograms.

To enablemoreaggressive loop fusion, someresearchershave takena radically differentapproach.Insteadof
blocking loops,Kodukulaet al. tiled dataand“shackled”computationson eachdatatile[10]. Similarly, Pughand
Rosserslicedcomputationson eachdataelementor datablock[15]. Although effective for blocking single loops,
data-orientedapproachesarenot practicalasa globalstrategy for threereasons.First,without regularloopstructures,
it is not clearhow to formulateanddirecta global transformation.Theshapeof the transformedprogramis highly
dependenton thechoiceof not only theshackledor sliceddatabut alsoof its startingloop. Furthermore,to maintain
correctness,thesemethodsneedto computeall-to-all transitive dependences,whosecomplexity is cubical to the
numberof memoryreferencesin a program.Evenwhenthedependenceinformationis available,it is still not clear
how to derive thebestpartitioningandorderingof thecomputationson differentdataelements,especiallyin theface
of a largeamountof unstructuredcomputation.Finally, it is notclearhow data-orientedtransformationsinteractswith
traditionalloop-basedtransformations,andhow thesideeffect of fusioncanbe tackledby eitherdataregroupingor
othermethods.Kodukulaet al. did not applytheir work beyonda singleloop nest[10]. PughandRossertestedSwim
andTomcatvandfoundmixed results. On SGI Octane,the formerwasimprovedby 10% but the latter “interacted
poorlywith theSGIcompiler”[15].

Thepreviouswork on loop fusiondid not combineit with datatransformationswith two exceptions.Manjikian
andAbdelrahman,whoappliedpaddingto reducecacheconflicts[11]. Array paddingis lesseffective thaninter-array
spatialreusebecausethe latter eliminatescacheconflictsby placingsimultaneouslyuseddatainto the samecache
block. In fact, SGI compilerhaspaddingasa partof its optimizationbut still causesseriousfusion overhead.In a
recentstudy, Ding andKennedyusedarrayshrinkingandpeelingto performwrite-backreductionafter loop fusion
andbeforedataregrouping[6]. Neitherwork hasbeentestedonnon-trivial programs.

Dataregroupingis relatedto many datatransformations,which have beendiscussedin [5]. Among those,data
regroupingis the first oneto selectively combinemultiple arrayswith guaranteedprofitability andstaticoptimality.
And in thiswork, dataregroupingis extendedto groupingatmultiple levelsof high-dimensionaldata.

6 Contributions

This work hasdevelopeda global compilerstrategy designedto alleviate the bandwidthlimitationsof modernma-
chinesby improving reuseof datafrom cache.Thestrategy employsa combinationof two differenttransformations.
Reuse-basedloop fusionmaximizesfusionandminimizesreusedistancewith thehelpof statementembedding,loop
alignmentanditerationreordering.Multi-level dataregroupingselectively regroupsglobal arraysat multiple levels
with guaranteedprofitability andstaticoptimality.

Theimplementationandevaluationhave verifiedthatthenew globalstrategy achieveddramaticreductionsin the
volumeof datatransferredfor the programsstudied. The following tablecomparesthe amountof datatransferred
for versionsof eachprogramwith no optimization,with optimizationsprovidedby theSGI compiler, andaftertrans-
formationvia the strategy developedin this paper. If we comparethe averagereductionin missesdueto compiler
techniques,thenew strategy, labeledby columnNew, doesbetterthantheSGIcompilerby factorsof 9 for L1 misses,
3.4 for L2 misses,and1.8 for TLB misses.Thus,theglobalstrategy we proposehasa clearadvantageover themore
localstrategiesemployedby anexcellentcommercialcompiler.

program L1 misses L2 misses TLB misses
NoOpt SGI New NoOpt SGI New NoOpt SGI New

Swim 1.00 1.26 1.15 1.00 1.10 0.94 1.00 1.60 1.05
Tomcatv 1.00 1.02 0.97 1.00 0.49 0.39 1.00 0.010 0.010
ADI 1.00 0.66 0.40 1.00 0.94 0.53 1.00 0.011 0.005
NAS/SP 1.00 0.97 0.77 1.00 1.00 0.49 1.00 1.09 0.67
average 1.00 0.98 0.82 1.00 0.88 0.59 1.00 0.68 0.43

References

[1] W. Abu-Sufah,D. Kuck, andD. Lawrie. On theperformanceenhancementof pagingsystemsthroughprogram
analysisandtransformations.IEEE TransactionsonComputers, C-30(5):341–356, May 1981.

11



[2] J. R. Allen. DependenceAnalysisfor SubscriptedVariablesand Its Applicationto Program Transformations.
PhDthesis,Dept.of ComputerScience,RiceUniversity, April 1983.

[3] D. C. Burger, J. R. Goodman,and A. Kagi. Memory bandwidthlimitations of future microprocessors.In
Proceedingsof the23thInternationalSymposiumonComputerArchitecture, 1996.

[4] D. Callahan. A Global Approach to Detectionof Parallelism. PhD thesis,Dept.of ComputerScience,Rice
University, March1987.

[5] C. Ding andK. Kennedy. Inter-arraydataregrouping. In Proceedingsof The12th InternationalWorkshopon
LanguagesandCompilersfor Parallel Computing, August1999.

[6] C. Ding andK. Kennedy. Memorybandwidthbottleneckandits ameliorationby a compiler. Technicalreport,
RiceUniversity, May 1999.Submittedfor publication.

[7] G. Gao,R. Olsen,V. Sarkar, andR. Thekkath.Collective loop fusionfor arraycontraction.In Proceedingsof
theFifth WorkshoponLanguagesandCompilersfor Parallel Computing, New Haven,CT, August1992.

[8] K. Kennedy. Fastgreedyweightedfusion. TechnicalReportCRPC-TR-99789,Centerfor Researchon Parallel
Computation(CRPC),1999.

[9] K. KennedyandK. S. McKinley. Typedfusion with applicationsto parallelandsequentialcodegeneration.
TechnicalReportTR93-208,Dept.of ComputerScience,RiceUniversity, August1993.(alsoavailableasCRPC-
TR94370).

[10] InduprakasKodukula,NawaasAhmed,andKeshav Pingali. Data-centricmulti-level blocking. In Proceedings
of theSIGPLAN’97 Conferenceon ProgrammingLanguageDesignand Implementation, LasVegas,NV, June
1997.

[11] N. Manjikian andT. Abdelrahman.Fusionof loopsfor parallelismandlocality. IEEE Transactionson Parallel
andDistributedSystems, 8, 1997.

[12] K. S.McKinley, S.Carr, andC.-W. Tseng.Improving datalocalitywith looptransformations.ACM Transactions
onProgrammingLanguagesandSystems, 18(4):424–453, July 1996.

[13] A. Porterfield. Software Methodsfor Improvementof Cache Performance. PhD thesis,Dept. of Computer
Science,RiceUniversity, May 1989.

[14] W. Pugh. A practicalalgorithmfor exactarraydependenceanalysis.Communicationsof theACM, 35(8):102–
114,August1992.

[15] W. PughandE.Rosser. Iterationspaceslicingfor locality. In Proceedingsof theTwelfthWorkshoponLanguages
andCompilersfor Parallel Computing, August1999.

[16] Y. SongandZ. Li. New tiling techniquesto improvecachetemporallocality. In ACM SIGPLANConferenceon
ProgrammingLanguagesDesignandImplementation, 1999.

[17] M. J.Wolfe. OptimizingSupercompilersfor Supercomputers. PhDthesis,Dept.of ComputerScience,University
of Illinois atUrbana-Champaign,October1982.

12


