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Abstract

Reusinglatain caches critical to achieszing high performance®n moderrmachinesbecausé reducesheimpact
of thelateny andbandwidtHimitationsof directmemoryaccessTo date moststudieof softwarememoryhierarchy
managemeritave focusednthelateng problemin loops.However, today's machinesreincreasinglylimited by the
insufficient memorybandwidth—ateng-orientedtechniquesreinadequatdecausehey do not seekto minimize
theamountof datatransferredrom memoryoverthewholeprogram.To addresshebandwidthlimitation, this paper
exploresthe potentialfor globalcachereuse—thats, reusingdataacrosdoopsnestsandover the entireprogram.in
particular the paperinvestigates two-stepstratey. Thefirst stepfusescomputation®n the samedatato enablethe
cachingof repeatediccessesThe secondstepgroupsdatausedby the samecomputatiorto makethemcontiguous
in memory While thefirst stepreduceghefrequeng of memoryaccessthe secondstepimprovesits efficiency. The
paperdemonstratethe effectivenesf this stratgy andshavshow to automatet in a productioncompiler

1 Introduction

Althoughthe problemof long latencieo memoryin modernprocessorsiasbeenwidely recognized|essattention
hasbeenpaid to the effect of limited memorybandwidth. Over the pasttwenty years,CPU speedhasimproved
by a factor of 6400, while memorybandwidthhasincreasedy a factor of only 150 during the sameperiodt. Our
own performancestudy found that scientificapplicationsdemandiwo to nine times more memorybandwidththan
providedby atypical machine andconsequentlyfull applicationsanachiere only atmost10%to 16%of peakCPU
performancen average[§. This meanghatsubstantre performanceyainscanbe madeon mostapplicationsf only
thememorybandwidthbottleneckcanbealleviated.

To bridgethe memorygap,modernmachinegrovide high-bandwidthdatacachesn the hopethatmostmemory
accessesanbe sened by a bufferedcopy from cacheinsteadof directly from memory Although cachehasbeen
successfufor programswith small working setsand simple accesoatterns,it is not effective for large, comple
applicationghatrepeatedlyprocess hugedataset. Sincelarge programsperformcomputationin mary phasesand
accesglatain mary differentplaces,accesset the samedataitem aretypically separatedby a wide gapanddata
accesds often non-contiguous.If the reuseof a dataitem is separatedy a long enoughgap, the value may be
evicted from cachebeforeit is reused causingunnecessargatatransferfrom memory Non-contiguousaccesspn
the otherhand,wasteseven existing cacheresourceby causinguselesdatato be transferredo cache. Thus,both
wastememorybandwidth. Moreover, the extensive useof function and dataabstractioraggraatesthe problemby
fragmentingcomputationg@nddatathatcouldbe otherwisecachedogether

An optimizing compiler can alleviate the memorybandwidthproblemby restructuringglobal computationand
datato betterutilize the cachehierarchy However, existing compilertechniqueslo notdo a completgob of solving
this problem.For example loop blocking—astandardechniquéor increasingeuse—igargetedfor singleloop nests
andcannotexploit datareuseamongdisjointloops. Loop fusioncombineanultipleloops,but existing fusionmethods
aretoorestrictve. They do notfuseloopsof a differentnumberof dimensionr loopswith datadependencesn the
interveningstatementsNeitherdo they systematicallyaddresghe overheadof loop fusion. Consequentlyprevious
studiesshawved that global programtransformationdike loop fusion did not improve performanceby a significant
degreeandthey sometimesaused slowdown.

This papermpresentsechniqueslesignedo minimizetheoverall bandwidthconsumptiorof aprogram.Thisgoalis
achieved by usingatwo-stepstrateyy: first fusecomputation®n the samedataandthengroup datausedby thesame

LThis estimatds basecn historicaldataaboutCPU speedmemorypin count,andpin-bandwidthincreasesompiledby Burgeretal[3].



computation Our treatmenteagins with a studyon the potentialbenefitof global computationfusion throughdata
reuseanalysign large applications.The mainfocusis on two programtransformationsThefirst is reuse-basetbop
fusion whichemploysstatemeneémbeddingloop alignmentanditerationreorderingo fuseloopswheneer possible.
Sinceaggressieloopfusionbringstogethemalargeamountof accesso commondata thesecondransformationgata
regrouping splitsandregroupsglobalarraygo effectcontiguousiataaccesén thefusedoop. Thegoalis to maximize
globalcachereuseincludingthetemporalreuseof the globalcomputatiorandthe spatialreuseof the globaldata.

The rest of the paperis organizedas follows. The next sectionstudiesdatareusebehaior of programsand
presentseuse-baselbop fusion. Section3 describesnter-arraymulti-level dataregrouping. Theimplementatiorand
evaluationof bothtechniquesrepresentedh Section4. Relatedwork is discussedh Section5 andthe contributions
of thiswork aresummarizedn Section6.

2 Global computation fusion

This sectiorfirst analyzegylobaldatareusen realprogramsandthenpresentshe compileralgorithmfor reuse-based
loopfusion.

2.1 Reuse-distanceanalysis

In a sequentiabxecution,the reusedistanceof a datareferencds the numberof the distinctivedataitemsappeared
betweerthis referenceandthe closestprevious referenceo the samedata. The examplein Figure 1(a) shows four
datareusesandtheir reusedistance On a perfectcache(fully associatie with LRU replacement)a datareusehitsin
cacheif andonly if its reusedistances smallerthanthe cachesize.
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(a) Example sequence and (b) Transformed data access sequence.

its reuse distances All reuse distances are zero.
Figurel: Examplereusedistances

To avoid cachemissegdueto long reusedistancesa programcanfusecomputation®n thesamedata. Figure1(b)
shavs the computatiorsequencafterfusion, whereall reusedistancesrereducedo zero. The next sectionstudies
fusiononrealprograms.

2.2 Reuse-driven execution

This sectionpresent@&ndevaluategeuse-driverexecution amachine-lgel stratgy which fusesrun-timeinstructions
accessinghe samedata. In a senseijt is theinverseof Beladypolicy. While Beladyevicts datathathasthe furthest
reuse reuse-driren executionexecutegheinstructionthathasthe closesteuse.Theinsightgainedin this studywiill
provide the motivationfor the source-lgel transformatiorpresentedhn the next section.

Givenaprogramijts reuse-dnenexecutionis constructecsfollows. First, thesourceprogramis instrumentedo
collecttherun-timetraceof all source-lgel instructionsaswell asall their dataaccessThetraceis re-executedon an
ideal parallelmachinewhereaninstructionis executedassoonasall its operand$iavze beencomputed The sequence
of ideal execution givesthe orderingof instructionsand their minimal cycle difference. Finally, the reuse-dren
executionis carriedout by the algorithmgivenin Figure?2. It is reuse-dwenbecausét givespriority of executionto
laterinstructionghatreuseghedataof the currentinstruction.It employsa FIFO queueto sequentializall preferred
instructions.

Theeffectof reuse-drenexecutionis shavn in Figure3 for akernelprogramADI andafull applicationNAS/SP
the formerhas8 loopsin 4 loop nests,andthe latter hasover 218loopsin 67 loop nests.In eachfigure, a point at
(z,y) indicatesthaty thousand®f memoryreferencesave a reusedistancebetween2(*~ 1), 27). Thefigurelinks
discretepointsinto a curve to emphasizehe elevatedhills, wherelarge portionsof memoryreferenceseside. The
importantmeasurads not the lengthof a reusedistanceratherit is whetherthe lengthincreasewith theinput size.
If so,thememoryacceswill becomea cachemisswhendatainputis suficiently large. We call thosereusesvhose
reusedistancdncreasesvith theinput sizeevadablereuses



function Min
for each instruction i in the ideal parallel execution order
execute i
enqueue i to ReuseQueue
whil e ReuseQueue is not enpty
dequeue instruction i from ReuseQueue
if i’s next use j has not been executed
For ceExecut e(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
For ceExecut e(i)
end while
execute j
enqueue j to ReuseQueue
end ForceExecut e

Figure?2: Algorithm for reuse-drrenexecution

The uppertwo figuresof Figure 3 shav the reusedistancef ADI on two input sizes. The two curvesin each
figure shav reusedistance®f the original programandthat of reuse-drrenexecution. In the original program over
40% of memoryreference¢25 thousandn the first and 99 thousandn the second)are evadablereuses.However,
reuse-drren executionnot only reducedhe numberof evadablereusedy 33% (from 40%to 27%), but alsoslowved
thelengtheningateof theremainingevadablereuses.

A similarimprovemenis seeronNAS/SRPwherereuse-drirenexecutionreducedhenumberof evadableeusedy
63%andslowvedtherateof lengtheningof reusedistancesA third curve is shavn in thelowerright figure,which will
be explainedlaterin the evaluationsection.We alsotestedwo otherprograms—a&ernel,FFT, andafull application,
DOE/Sweep3DReuse-diien executiondid not improve FFT (wherethe numberof evadablereusesvasincreased
by 6%), but it reducedevadablereusedy 67%in DOE/Sweep3Din addition,we experimentedvith otherheuristics
of reuse-dnen execution,for example,that of not executingthe next reuseif it is too far away (in theideal parallel
executionorder). But the resultwas not improved. The experimentwith reuse-drren executiondemonstratethe
potentialof fusionasa globalstratgy for reducingthe numberof evadablereusesn large applicationsvith multiple
loop nests.Thenext sectionstudiesaggressie loop fusionasaway to realizethis benefit.

2.3 Reuse-based loop fusion

Sinceloops containmost dataaccessand datareuse,loop fusion is obviously a promisingsolutionfor shortening
reusedistancesThis sectionpresents new fusionalgorithmthatemploysstatemenembeddingloop alignmentand
iterationreordering. It first demonstrateshroughan examplethe needfor thesethreetransformationsn orderto
achieve maximalfusionandminimal reusedistance.

The fusion of the two loopsshawvn in Figure4(a) requiresthreesteps:(1) embeds; into thefirst loop, (2) peel
off thefirst iterationof the secondoop, and(3) fusethetwo loopsby shifting the secondoop up by two iterations.
Thefirst two stepsmakeloop fusion possible andthe third stepbringstogetherthe datareuseon A[é]. In programs
with multi-dimensionaloops,statemenembeddings equivalentto insertinga low-dimensionaloop asoneiteration
of a high-dimensionaloop. Although statemenembeddingenabledoop fusionin this example,it mayfail to do so
in certaincasesfor examplein theprogramshowvn in Figure4(b). This complicateghetestfor the feasibility of loop
fusionbut suggestanadwantageof incrementafusion, which fusesonly consecutie loops.

Thefollowing discussiorof loop fusionmakesanumberof assumptionsn theinput programwhich arelistedin
Figure5. At thebeginning,we consideronly single-dimensiondbopsaccessingingle-dimensionadrrays.Laterwe
will usethe samealgorithmto fusemulti-dimensionaloopslevel by level. Theotherrestrictionsn Figure5 canalso
berelaxed,however, atthe costof amorecomplex fusionalgorithm.For example,index expressiondike A(d i+ ¢)
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Figure3: Effect of reuse-drrenexecution

for i=3, N2

_— . for i=2, N2 for i=2,N
engl'fLr"f(A["l]) if (i=2) A[i]=0.0 Ali] = f(Ali-1])
A1) AN else A[i] = f(Ai-1]) end for

3 - —= Bli+2] = g(Ali]) Al1] = AN
% A2 =00 end for for i=2,N
for i=3, N Ali] = f(A[i-1])
Blil = g(Ali-2]) ALl = AN end for
end for B[3] = g(Al1])

(b) example of loops that

(a) fusion by statement embedding, cannot be fused

loop alignment and loop splitting

Figure4: Examplesof loop fusion

canbe consideredy addingloop projectionto loop fusion.

The fusionalgorithmis givenin Figure6, which incrementallyfusesall data-sharingoops. For eachstatement,
subroutineGreedilyFuseries to fuseit upwardswith the closestpredecessofwhich is a fusedloop) that accesses
the samedata. Oncea fusedloop is changediueto additionalfusion, it will bere-testedor potentialupwardfusion
becausét now accessea largersetof data. SubroutineFusibleBstdeterminesvhethertwo loopscanbefused,and
if so, whatreorderingis neededandwhat the minimal alignmentfactoris. The algorithmavoids repeatedestsby
rememberingnfusibleloop pairs.

A fusedloopis a collectionof loopsandnon-loopstatementsyhereloopsarealignedwith eachother andnon-
loop statementsreembeddedn someiterationof thefusedloop. Its datafootprintincludesthe accesdo all arrays.
For eacharray thedataaccessets aloop-variantrangesuchas|: — c1, 7 + ¢3] plusanumberof loop-invariantarray
locations.Datadependencearecalculatedoy checkingfor non-emptyintersection@mongfootprints.

Threetransformationgan enableloop fusion. The first is statemenembeddingwhich schedulesa non-loop
statemeninto aloop. Theseconds loop alignmentwhich shiftsthesecondoop by & iterationswherek is calledan
alignmentfactor. The alignmentfactorcanbe negative if it is neededo bring togetherdatareuses Whentwo loops
cannotbefusedby aboundedalignmentfactor, thethird transformationiterationreorderingcanreshapendextract
thefusible partsof loops.Exampleof iterationreorderingincludeloop splitting andloop reversal.

Thethreetransformationsichieaze maximalfusionandminimal reusedistance. Statemenembeddingcanalways



e aprogramis alist of loopsandnon-loopstatements
¢ all loopsareone-dimensionandsoareall variables

o all dataaccessearein oneof thetwo forms: A[i +¢] and A[t], whereA is thevariablename; is theloopindex,
andt is loopinvariant

Figure5: Assumption®ntheinput program

fusea loop with a non-loopstatement.Loop alignmentanditerationreordering,on the otherhand,may not always
succeedn fusing two loops. However, whenthey fail, it mustbe the casethat all iterationsof the secondloop
dependon all iterationsof thefirst loop. If so,loop fusionis impossibleasa dependence-preservitiginsformation.
Therefore the above threetransformationgchieze maximalloop fusion. In additionto maximalfusion, the fusion
algorithmachiezesminimal reusedistancebecausell loopsarefusedwith the minimal alignmentfactor.

After two loopsarefused their datareusesarenolongerevadablethatis, their reusedistancesemainunchanged
whenthe input sizegrows. Excludingthe accessy non-loopstatementseachiteration of the fusedloop accesses
O(A) dataelementsandtheiterationdifferencebetweertwo datasharingstatementss at mostO(L), whereL is the
numberof loopsin theprogram.Thereforetheupperboundonthedistanceof reusds O(Ax* L), whichis independent
of arraysizesor datainputs. This upperboundis tight because worst-casexamplecanbe constructedgsfollows:
thefirstloopis B(i ) =A(i +1) ,thenareL loopsof B(i ) =B(i +1) , finallyis A(i ) =B(i ) . Sincethetwo accesses
to A(i) mustbe separatedby L iterations the reusedistancecanbe no lessthan L. Thereforethe fusion algorithm
achievesthetightestasymptoticupperboundon reusedistances.

Thetime compleity for thealgorithmis O(V « V'« (T + A)), whereV is thenumberof statementbeforefusion,
V' is the numberof loops after fusion, T' is the costof Fusible®st and A is the numberof programarrays. Our
implementatiormadetwo simplifications. It assumedhatall loop-invariantarray accesds on borderingelements,
and it reorderedterationsonly by splitting at boundaryloop iterations. Thesetwo assumptionsvere sufiicient to
captureall possiblefusionsin the programswe tested.The simplifiedfusionalgorithmranin O(V « V’ x A).

3 Global dataregrouping

Althoughloop fusionshortenglatareusen computationsit doesnot optimizedatalayout. Indeed,afusedloop often
touchesalargenumberof arrays.Thescatteredlataaccessnaywastea majorportionwithin acacheblockandcause
serioudnterferenceamongcacheblocks: bothleadto low utilization of cacheresources.

This sectionpresentslataregrouping which clustersdatausedby the samecomputatiorto effect contiguousiata
accessn afusedloop. To changethe global datalayout, dataregroupingmustsolve two problems. Thefirst is to
analyzedatastructuresof differentsizesand differentaccesgatterns. The secondmore difficult one, is to avoid
undesirableideeffectsof a datatransformation.

The programanalysisfor dataregroupinghasbeenreportedin an earlierworkshoppaperof ours[§, so hasthe
algorithmfor arrayregroupingon a singledatadimension.Dataregroupingfirst partitionsa programinto a sequence
of computatiorphaseseachof which accessedatathatis largerthancache. Then,it classifiesall dataarraysinto
compatiblegroups. Two arraysare compatibleif andonly if their sizesdiffer by at mosta constanfactor, andthey
arealwaysaccesseth the sameorder Any datadimensionof a smallconstansizeis unrolledandsplit into multiple
arrays.

Dataregroupingis appliedfor eachcompatiblearraygroup. Two arraysare groupedif andonly if they are always
accessetbgetherDataregroupingusesanefficient partitioningalgorithmto maximizethe sizeof eachpartition. The
profitability is guaranteedhecauseano uselesglatais introducednto cacheblocksby dataregrouping. Whenuseless
dataanddynamicregroupingaredisalloved, the regroupingalgorithmis optimal. Therelaxationof eitherconstraints
makesoptimal datalayout dependenbn the exact run-timetradeof of a datalayout. In contrast,conserative data
regroupingachieresthebestmachine-independedatalayout, thatis, compile-timeoptimalsolution.Relaxingeither
constraintalsoleadsto NP-hardproblems.

3.1 Multi-level regrouping

Our previouswork wasaimedat improving cache-blockeuseandthereforedid not groupdataat a granularitylarger
thanan arrayelement. This sectionovercomeghis limitation by groupingarraysat higherlevels. The extensionis
beneficiabecaus@lacingsimultaneouslyisedarraysegmentseducesachdnterferenceandthepage-tablavorking



Mai n
let p be the list of program statenents, either |oops or non-loop statenents
iterate p[i] fromthe first statement to the last in the program
Greedi |l yRuse(p[i])
end Main

Subroutine GeedilyFuse(p[i])
search backwards fromp[i] to find the cl osest 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 |oop)
embed p[i] into p[j]
make p[i] an enpty statenment
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 enpty statenent
Greedi | yFuse(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 enpty statenent
G eedi | yFuse(p[j])
for each remaining pieces t’' after splitting
G eedi | yRuse(t')
end if
end if
end FuseSt at enent

Subroutine FusibleTest(p[i], p[i])
if (p[i] p[j]) has been marked as not fusible
return fal se
end if
for each array accessed in both p[i] and p[j]
find the smallest alignnent factor that satisfies data dependence and has the cl osest 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
el se
mark (p[i] p[j]) not fusible
return fal se
end if
end Fusi bl eTest

Figure6: Algorithm for reuse-baselbop fusion



set.

Theexampleprogramin Figure7 illustratesmulti-level dataregrouping.Array A and B aregroupedattheelement
level to improve spatialreusein cacheblocks. In addition,the rows of all threearraysaregroupedsothateachouter
loopiterationaccessea contiguousegmentof memory It shouldbe notedthatpopularprogrammindanguagesuch
asFortrando not allow arraysof non-uniformdimensiondike thoseof array D. However, thisis nota problemwhen
regroupingis appliedby the back-enccompiler

for i
for j

ol AljLil, Bli.il) o o
end for Alj,il ->D1,j,1,i]
for | Bli,i] ->D2j,1,i]

t( dj.i]l ) aj.il -> DOj.2,il
end for

end for

Figure7: Exampleof multi-level dataregrouping

Thealgorithmfor multi-level regroupingis givenin Figure8. Thefirst stepof thealgorithmdisableslatagrouping
atdimensionsvhoseouterdimensioris iteratedoy aninnerloop. Thesecondstepiterateghroughall datadimensions
andgroupsarraysat eachdimension.The last stepconstructghe final layout by groupingdimensionby dimension
from outsideto inside. The correctnessf the third stepcanbe establishedby proving thatif two arraysaregrouped
atagivendimensionthenbotharraysareeitherfully groupedatall outerdimensionor notgroupedatary outerdata
dimension.

4 Evaluation
4.1 Implementation

An inputprogramis processetby four preliminarytransformation®eforeapplyingloopfusion. Thefirstis procedure
inlining, which bringsall computationoopsinto a single procedure.The next is arraysplitting andloop unrolling,

which eliminatesdatadimensionsof a small constantsize and loopsthat iteratethosedimensions. The third step
is loop distribution. Finally, the last step propagategonstantdnto loop statements.Our compiler performsloop

unrolling andconstanpropagatiorautomatically Currently arraysplitting requiresa userto specifythe namesand

inlining is doneby hand;however, bothtransformationganbeautomatedvith additionalimplementation.

The dataacces®of eachloop is summarizedy its datafootprint. For eachdimensionof anarray a datafootprint
recordswhethertheloop accessethewholedimensiona numberof elementontheborder or aloop-variantsection
(arangeenclosingthe loop index variable). Datadependences testedby the intersectionof footprints. The range
informationis alsousedto calculatethe minimal alignmentfactor betweeroops.

Loopfusionis carriedoutby applyingthefusionalgorithmlevel by level from theoutermosto theinnermostThe
currenimplementatiorcalculateglatafootprints,alignsloopsandschedulesion-loopstatementsiterationreordering
is not yet implementedout the compiler signalsthe placeswhereit is needed.Only one program(Swin) required
splitting, whichwasdoneby hand.

For multi-level loops,loop fusion ordersloop levelsto maximizethe benefitof fusion. Thefirst loop level to fuse
is the onethat produceghe fewestloopsafter fusion. In our experiment,however, this waslargely unnecessargs
computationgremostlysymmetric.Oneexceptionin ourtestcasesvas Tomcaty wherewe performedevel ordering
(loopinterchangeby hand.

The analysisfor dataregroupingis trivial with datafootprints. After fusion, dataregroupingis appliedlevel by
level onthefusedioopsasspecifiedby thealgorithmgivenin Figure8 but with two modifications First, SGlcompiler
doesa poorjob whenarraysarefully interleavedattheinnermosidatadimension.Sowe insteadgroupedarraysupto
the secondnnermostdimension.This restrictionmayresultin groupingin thelessdesireddimensionasin the case
of Tomcatv Theotherrestrictionis dueto thelimitation of Fortranlanguagewhich doesnotallow non-uniformarray
dimensionsln casesvheremulti-level regroupingproducechon-uniformarrays,we changedt notto groupat outer
datadimensions.

Codegeneratioris straightforwardas mappingsfrom old iterationspaceto the fusediterationspace.Currently
thecodeis generatedby the Omegalibrary[14]. Omeyaworkedwell for smallprogramswherethe compilationtime



Assunpt i ons
all arrays have the same nunber of di nensions
arrays are stored in colum-mg or order

Dat aRegr oupi ng
for all menmory access A(..., i, ..., J, ...)
if (i loop is an outer loop of j |oop)
mark that A cannot be grouped at di nension j
end for

for each data dinension i fromthe highest to the | owest
find all arrays that can be grouped at this dinmension
for each conputation phase,
find arrays that are accessed together at dinension i
end for
divide arrays into partitions where two arrays are in the same partition
if and only if they are al ways accessed toget her
end for

for data dinension i fromthe highest to the | owest
for each partition of dinension i found in the previous step
group all arrays in the partition at data di mension i
end for
end for

Figure8: Algorithm for multi-level dataregrouping

wasunderoneminutefor all kernels.For SP, however, codegeneratioriook four minutesfor one-level fusionandone
houranda half for three-level fusion. In contrastthefusionanalysistook abouttwo minutesfor one-level fusionand
four minutesfor three-level fusion. We areimplementinga directcodegeneratiorschemevhosecostis linearto the
numberof loop levelsandwill reporttheresultin thefinal paper

4.2 Experimental design

We testedloop fusion and dataregroupingon four applicationsdescribedn Figure9. The applicationscomefrom
SPECandNAS benchmarlsuite exceptADI, which is a self-writtenkernelwith separatéoopsprocessindoundary
conditions. Sinceall programsuseiterative algorithms,only the loopsinside the time-steploop are counted. All
programsare measuren a MIPS R12K processonf SGI Origin2000. A slower processqrR10K of SGI Octane
is alsousedfor a direct comparisorwith the earlierwork by PughandRosser[15].Both R12K andR10K provide
hardwarecounterghatmeasureachemissesandotherhardwaresventswith highaccurag. Both machineshave two
caches:L1 is 32KB in sizeanduses32-bytecachelines, L2 uses128-bytecachelines, andthe sizeof L2 is 1MB
for Octaneand4MB for Origin2000. Both aretwo-way setassociatie. The MIPS processorsichiere good lateny
hiding asa resultof dynamic,out-of-orderinstructionissuingandcompilerdirectedprefetching.All applicationsare
compiledwith the highestoptimizationflag andprefetchingurnedon (f77 -mips4-Ofast).

name source inputsize No. lines | loop nestylevels) | 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, 3iterations| 1141 67 (2-4) 15

Figure9: Applicationstested
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Figure10: Effect of Transformations

4.3 Effect of transformations

The effect of optimizationson the executiontime andthenumberof L1, L2 andTLB missesareshavnin Figure10.
All resultswerecollectedon Origin2000exceptSwim which wason Octane.Thefirst threeapplicationsshav three
setsof bars:the original performancgnormalizedto 1), the effect of loop fusion, andthe effect of loop fusion plus
dataregrouping.For SP, oneadditionalsetof barsis usedto shav the effect of fusingoneloop level insteadof three
loop levels. The executiontime andoriginal missratesarealsogivenin thefigures;however, reductionsareon the
numberof missesnotthe missrate.

The performanceof Swimis reportedfor Octanebecausdhe samemachinewas usedin the work of iteration
slicing by PughandRosser[15].Reuse-baseldop fusion achieved the sameimprovement(10%)asPughandRosser
reportedfor iterationslicing. The succeedinglatagroupingcut executiontime by 2% morebecaus®f the additional
reductionon L1 andTLB misses.On Origin2000,the numberof L2 missesn the original programwasreducedyy
66% becausef thelargerL2 cache.The sameloop fusion degradedperformanceby 6%, but the performancdoss
wasrecoveredafterdataregrouping.

At the size 257x2570n Origin2000, Tomcatvexhibited similar behaior as Swim loop fusion degradedperfor
manceby 2% but dataregroupingrecoseredthe loss (the combinediransformatiorimproved performancéyy 5% on
Octane) At thelargersizeof 513x513theperformancegainof thecombinedstratgy becameapparendonOrigin2000,
asshaovn in Figure 10. Although loop fusion alonedegradedperformancedy 1%, the combinedtransformatiorre-
ducedL.1 missedy 5%, L2 missedy 20%andoverallexecutiontime by 16%. Dataregroupingincreased LB misses
by 3% becausét groupedarraysat the outerdatadimensionto avoid the poor codegeneratiorof the SGI compiler
(seeSectior4.1).

ADI usedthelargestinputsizeandconsequentlgnjoyedthe highestimprovement.Thereductionwas39%for L1
missesd4%for L2 and56%for TLB. The executiontime wasreducedoy 57%,a speedupf 2.33.

Program changesfor SP  SPis afull applicationanddeseresspecialattentionin evaluatingtheglobalstratgy. The
maincomputatiorsubroutineadi, usesl5 globaldataarraysin 218loopsstructuredas67 loop nestg(afterinlining).
Loop distribution and loop unrolling resultedin 482 loops at threelevels—157loops at the first level, 161 at the
secondandl164atthethird. One-level loop fusionmeiged157loopsinto 8. The performances shavn by thesecond
barin thelowerright figure of Figure10. Thefull fusionfurtherfusedloopsin theremainingtwo levelsandproduced
13loopsatthesecondevel and17 atthethird. The performancef full fusionis shavn by thethird barin thefigure.



The fourth bar shows the effect of addingdataregroupingto the three-level fusion. The original programhas15
globalarrays. Array splitting resultedin 42 arrays. Dataregroupingmeigedtheminto 17 new ones. The choiceof
regroupingis very differentfrom the specificatiorgivenby the programmerFor example the third new arrayconsists
of thefollowing originalarrays:{ainv(N, N, N),us(N, N, N),qs(N, N, N),u(N, N, N,1 — 5)}, andthe 15thnex
arrayincludes{lhs(N, N, N,6 — 8),lhs(N, N, N,11 — 13)}.

One-level fusionincreased 1 missedy 5%, but reduced_2 missedy 33%andexecutiontime by 27%,signaling
thattheoriginal performancéottleneclkwason memorybandwidth.Fusingall levelseliminatechalf of theL2 misses
(49%). However, it createdoo muchdataaccessn theinnermostioop andcaused timesmore TLB misses.The
performancevasslowedby afactorof 2.32. Dataregrouping,however, meigedrelateddatatogetherandachievedthe
bestperformancelt reduced_1 missedy 20%, L2 by 51%andTLB by 39%. The executiontime wasshortenedy
onethird (33%),aspeedumf 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
evadablereusedn Figure3. Althoughreuse-basefiision at the sourcelevel is not asgoodastheideal reuse-drren
execution(whichreduceghe numberof evadablereusedy 63%),it realizesafairly large portionof its potential.

Summary Thecombinedtransformatiorof loop fusionanddataregroupingareextremely effective for the bench-
mark programgestedimproving overall speedby 14%to a factorof 2.33for kernelsanda factorof 1.5for thefull
application;furthermore the improvementis obtainedsolelythroughautomaticsource-to-sourceompileroptimiza-
tion. Thesuccesgspeciallyunderscoretheimportanceof thefollowing two aspect®f this work.
e Aggressie loop fusion. All testprogramshave loopswith a differentnumberof dimensions Mereloop align-
mentcannotfuseary of thetestedprogramsexceptfor afew loopsin SP. Swimalsorequiredoop splitting.
e Combinedoptimizationstratgy of computatiorfusionanddataregrouping.Althoughbothtogetherarealways
beneficial,neitherof themis so without the other Fusionmay degradeperformancewithout groupingand
groupingmay seelittle opportunitywithoutfusion.

5 Related work

Mary researcherbhave studiedloop fusion. Early work includesthoseof Abu-Sufahet al[1], Wolfe[17], and Allen
andKennedy[2 They restrictedusionto loopswith identicalboundsno fusion-prezentingdependencesndnotrue
dependencewith interveningstatementsin addition,they considereanly alocal list of loops. Callahanemployed
greedyfusion asa globalstratgy for detectingcoarse-graimparallelism[4. His method however, mayfuseloopsof
no datasharing.

Porterfieldintroduceda transformatiorcalled peel-and-jamwhich canfuseloopswith fusion-presentingdepen-
dencedby peelingoff someiterationsof the first loop andthen applyingfusion on the remainingparts[13. While
Porterfieldconsidereanly a pair of loops,ManjikianandAbdelrahmaraterextendedpeel-and-janto find the mini-
mal peelingfactorfor agroupof fusibleloops[1]. Also enabledy peel-and-jamSongandLi developedanew tiling
methodthat blocks multiple loopswithin a time-steploop[1§. However, thesemethodsare not a completeglobal
stratgy becauséhey did notaddresshe casesvherenotall loopsin a programarefusible. In addition,peel-and-jam
is a limited form of loop alignmentbecausét canonly shift thefirst loop up (or the secondoop down), but not the
reverse.Soit doesnot alwaysbring togetherdatareusesn the fusedloops. Finally, peel-and-jantannotfuseloops
thathave interveningstatementshatusethe samedata.

To find a solutionto globalloop fusion, a graphpartitioningformulationwasstudiedindependentlypoth by Gao
et al.[7] andby Kennedyand McKinley[9]. Their aim wasto improve temporalreusein registers,andthey model
the benefitof registerreuseasweightededgeshetweenpairsof loops. The goalwasto partitionall loopsinto legal
fusible groupssothattheinter-groupedgeweight (unrealizeddatareuse)s minimal. KennedyandMcKinley proved
that the generalfusion problemis NP-Complete. Both studiesusedthe heuristicthat recursvely appliesmin-cut
algorithmto bi-partition the graph. Both work avoided fusing loopswith fusion-prezentingdependencesSincea
weighted-edgdetweentwo loops doesnot truly model datasharingand datareuse,Ding and Kennedyextended
theformulationto baseit on partitioninghypergraphswherean edge(datasharing)connectan arbitrarynumberof
nodes[§. Contemporarilywith this work, Kennedydevelopeda fast algorithmthat alwaysfuse alongthe heaviest
edge[8].His algorithmallows accuratanodelingof datasharingaswell asthe useof fusionenablingtransformations.
But noneof thesealgorithmshasbeenimplementedr evaluated.

The first implementatiorfor fusion andits evaluationon non-trivial programswere accomplishedy McKinley
etal[12]. They fusedonly loopswith anequalnumberof iterationsandwith no fusion-presentingdependencesAs
a result, only 80 out of 1400, or 6% of testedloopswere fused. They fusedtwo loopsin Tomcatvbut found no
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improvement;they fusedfour loopsin SPandobtained).24%increasen hit rate;they did notfuseary loopin Swim
Theeffectonfull applicationsvasmixed: fusionimprovedthehit ratefor four outof 35 programsy 0.24%to 0.95%,
but it alsodegradedperformancef otherthreeprograms.

To enablemore aggressie loop fusion, someresearcherbave takena radically differentapproach.Insteadof
blocking loops, Kodukulaet al. tiled dataand“shackled”computation®n eachdatatile[10]. Similarly, Pughand
Rossersliced computation®n eachdataelementor datablock[15. Although effective for blocking single loops,
data-oriente@pproachearenot practicalasa globalstratey for threereasonsFirst, withoutregularloop structures,
it is not clearhow to formulateanddirecta globaltransformation.The shapeof the transformedorogramis highly
dependentn the choiceof not only the shackledor sliceddatabut alsoof its startingloop. Furthermoreto maintain
correctnessthesemethodsneedto computeall-to-all transitve dependencesyhosecompleity is cubical to the
numberof memoryreferencesn a program.Evenwhenthe dependencenformationis available,it is still not clear
how to derive the bestpartitioningandorderingof the computation®n differentdataelementsespeciallyin theface
of alargeamountof unstructuredomputation Finally, it is notclearhow data-orientedransformationinteractswith
traditionalloop-basedransformationsandhow the sideeffect of fusion canbe tackledby eitherdataregroupingor
othermethods Kodukulaetal. did not applytheirwork beyond a singleloop nest[1Q. PughandRossetestedSwim
and Tomcatvand found mixed results. On SGI Octane the formerwasimproved by 10% but the latter “interacted
poorly with the SGI compiler”[15].

The previous work on loop fusiondid not combineit with datatransformationsvith two exceptions.Manjikian
andAbdelrahmanwho appliedpaddingto reducecacheconflicts[1]. Array paddingis lesseffective thaninter-array
spatialreusebecausehe latter eliminatescacheconflicts by placing simultaneouslyseddatainto the samecache
block. In fact, SGI compilerhaspaddingasa partof its optimizationbut still causeseriousfusion overhead.In a
recentstudy Ding andKennedyusedarray shrinkingandpeelingto performwrite-backreductionafterloop fusion
andbeforedataregrouping[§. Neitherwork hasbeentestedon non-trivial programs.

Dataregroupingis relatedto mary datatransformationswhich have beendiscussedn [5]. Amongthose,data
regroupingis the first oneto selectvely combinemultiple arrayswith guaranteegbrofitability and static optimality.
And in thiswork, dataregroupingis extendedto groupingat multiple levelsof high-dimensionatiata.

6 Contributions

This work hasdevelopeda global compilerstratgy designedo alleviate the bandwidthlimitations of modernma-
chinesby improving reuseof datafrom cache.The stratgy employsa combinatiorof two differenttransformations.
Reuse-baseldop fusionmaximizesfusionandminimizesreusedistancewith the help of statemenembeddingloop
alignmentanditerationreordering. Multi-level dataregrouping selectvely regroupsglobal arraysat multiple levels
with guaranteegbrofitability andstaticoptimality.

Theimplementatiorandevaluationhave verified thatthe new globalstratgy achiered dramaticreductionsn the
volume of datatransferredor the programsstudied. The following table compareghe amountof datatransferred
for versionsof eachprogramwith no optimization,with optimizationsprovided by the SGI compiler andaftertrans-
formationvia the stratgly developedin this paper If we comparethe averagereductionin missesdueto compiler
techniquesthe new stratgy, labeledby columnNew, doesbetterthanthe SGI compilerby factorsof 9 for L1 misses,
3.4for L2 missesandl1.8for TLB misses.Thus,the globalstratgy we proposehasa clearadwantageover the more
local stratgiesemployedoy anexcellentcommerciacompilet

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 | 066| 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 | 098|082 | 100 | 088|059 | 1.00 068 | 043
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