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Abstract

Loop transformationsand array restructuring opti-
mizationsusuallyimproveperformanceby increasingthe
memorylocality of applications,but not always. For in-
stance, loop and array restructuringcan either comple-
ment or competewith one another. Previous research
has proposedintegrating loop and array restructuring,
but there existedno analytic framework for determining
how bestto combinethe optimizationsfor a given pro-
gram. Sincethe choiceof which optimizationsto apply,
aloneor in combination,is highlyapplication-andinput-
dependent,a cost framework is neededif integrated re-
structuringis to beautomatedby an optimizingcompiler.
To this end,wedevelopa costmodelthat considers stan-
dard loopoptimizationsalongwith twopotentialformsof
array restructuring:conventionalcopying-basedrestruc-
turing andremapping-basedrestructuringthat exploitsa
smartmemorycontroller. We simulateeightapplications
on a variety of input sizesand with a variety of hand-
appliedrestructuringoptimizations.We �nd that employ-
ing a �xed strategy doesnot alwaysdeliver thebestper-
formance. Finally, our costmodelaccuratelypredictsthe
best combinationof restructuringoptimizationsamong
thosewe examine, and yields performancewithin a ge-
ometric meanof 5% of the bestcombinationacrossall
benchmarksandinputsizes.

1 Intr oduction

Processorandmemoryspeedshave beendivergingat the
rate of almost50% a year, but architecturaltrendssug-
gestthatcachesizeswill remainsmall to keeppacewith
decreasingprocessorcycle times. McFarland[10] shows
that for a featuresize of 0.1 micron and a 1-nseccy-
cle time, the L1 cachecan be no bigger than 32 kilo-
bytesto maintaina one-cycle accesstime, or 128 kilo-
bytes for two-cycle latency. High memory latency, in-
creasingCPU parallelism, poor cacheutilization, and
small cachesizesrelative to applicationworking setsall
createa memorybottleneckthat resultsin poor perfor-
mancefor applicationswith poor locality. Bridging the

growing processor/memoryperformancegaprequiresin-
novative hardwareandsoftwaresolutionsthat usecache
spaceand memorybandwidthmore ef�ciently . Myriad
approachesattemptto do this in differentways,andap-
plicationandinputcharacteristicshighly in�uence theap-
propriatechoiceof optimizations.An analyticframework
thatmodelsthecostsandbene�ts of theseoptimizations
canbeusefulin driving decisions.

Iterationspacetransformations[5, 11, 17] anddatalay-
out transformations[3, 8] aretwo classesof compilerop-
timizationsthatimprovememorylocality. Looptransfor-
mations, anexampleof theformer, improveperformance
by changingthe executionorderof a setof nestedloops
so that the temporalandspatiallocality of a majority of
arrayaccessesis increased.This classincludesloop per-
mutation,fusion,distribution,reversal,andtiling [11, 17].

Array restructuringis a commondatalayout transfor-
mation. It improvescacheperformanceby changingthe
physicallayout of arraysthat areaccessedwith poor lo-
cality [8]. Staticrestructuringchangesthe compile-time
layout of an array to matchthe way in which it is most
oftenaccessed.For example,thecompilermight choose
column-majororder over row-major order if most ac-
cessesto anarrayarevia columnwalks.Staticrestructur-
ing is mostusefulwhenanarrayis accessedin thesame
way throughouttheprogram.Dynamicrestructuringcre-
atesa new arrayat run time,sothatthenew layoutbetter
matcheshow the data is accessed.This is most useful
whenaccesspatternschangeduring execution,or when
accesspatternscannotbedeterminedat compiletime.

Dynamicarrayrestructuringis morewidely applicable
than static, and we focus on it in this study. The run-
time changein array layout is mostoften accomplished
by copying, andwe referto this optimizationascopying-
basedarray restructuring. We also considerthe possi-
bility of having smartmemoryhardwareperformthe re-
structuring[2]. Hardwaremechanismsthat supportdata
remappingallow oneto createarrayaliasesthatareopti-
mal for a particularloop nest. We call this optimization
remapping-basedarray restructuring. The tradeoffs in-
volvedaredifferentfrom thatof traditionalcopying-based
array restructuring,and thus this optimization is some-
timesan usefulalternative when the latter is expensive.
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However, hardwaresupportdoesnot comefor free, and
thus thereis a needto determineautomaticallywhether
hardwaresupportshouldbereliedupon.

Loop transformationsand array restructuringcan be
complementary, andoftenaresynergistic. Whenapplica-
ble, loop transformationsimprove memorylocality with
no runtimeoverhead.However, it is oftennot possibleto
improve the locality of all arraysin a nest. For example,
if an array is accessedvia two con�icting patterns(e.g.,
a[i][ j] anda[ j][i]), no loop orderingcanimprove locality
for all accesses.Furthermore,loop transformationcannot
be appliedwhen thereare complex loop-carrieddepen-
dences,insuf�cient or imprecisecompile-timeinforma-
tion, or non-trivial imperfectloopnests.In contrast,array
restructuringcanalwaysbe applied,sinceit affectsonly
the locality of thetargetarray. However, all formsof dy-
namicrestructuringincuroverheads,andthesecostsmust
be amortizedacrossthe accesseswith improved locality
for the restructuringto be pro�table. Loop andarrayre-
structuringcanbeintegratedandthebestchoicedepends
onwhichcombinationhastheminimumoverallcost.

Others have integrated data restructuringand loop
transformations[3, 5], but their approachesonly consider
staticarrayrestructuring,anddo not provide any mecha-
nismsto determinewhetherthe integrationwill be prof-
itable. In this paper, we presentcostmodelsthatcapture
the cost/performancetradeoffs of loop transformations,
copying-basedarray restructuring,andremapping-based
restructuring.We useanintegratedcostframework to de-
cidewhichoptimizationsto apply, eithersinglyor in com-
bination,for any given loop nest. Codeoptimizedusing
our costmodelachievesperformancewithin 95% of the
bestobservedfor a setof eight benchmarks.In contrast,
theperformanceof any �x edoptimizationis at best76%
of thebestcombinationwe observed.

2 Restructuring Optimizations

Considerthesimpleexampleloop nest,ir kernel, in Fig-
ure1(a). If we assumerow-majorstorage,two of thear-
raysareaccessedsequentially, with U having goodspatial
locality andV having good temporallocality. Unfortu-
nately,W is accessedalongits columns,andX is accessed
diagonally;neitherwill enjoy goodcacheperformance.In
this section,we review the candidatesfor integratedre-
structuringandexaminetheir effectson ir kernel.

2.1 Loop Transformations

The loop transformationswe considerin this paperin-
cludelooppermutation,loopfusion,loopdistributionand
loop reversal.McKinley etal.[11] choosebetweencandi-
dateloop transformationsbasedon a simplecostmodel.

innermostloop
arrayreferences i j k

U[k] 1∗N2 1∗N2 1
16 N ∗N2

V[i] 1
16 N ∗N2 1∗N2 1∗N2

W[j][i] 1
16 N ∗N2 N3 1∗N2

X[i+j+k][k] N3 N3 N3

total 9
8 N3 +N2 2N3 +2N2 17

16 N3 +2N2

Table1: Estimatedloop cost for the ir kernelexampleanda
cacheline sizeof 16. This tableshows the costper arrayand
total cost when eachloop, in turn, is placedinnermostin the
nest.

They de�ne loopcostto betheestimatednumberof cache
lines accessedby all arrayswhena given loop is placed
innermostin the nest. Evaluatingthe loop cost for each
loopandrankingtheloopsin descendingcostorder(sub-
ject to legality constraints)yieldsapermutationwith least
cost. Theresultingloop nestis saidto be in memoryor-
der. They did notmodeltiling, andwedonoteithersince
more exact analysisis required to calculatethe cross-
interferenceandself-interferencemisses.Applying their
costmodelto ourexampleloopgeneratesthecostsshown
in Table1.

Sincetheloop costsin descendingorderare j > i > k,
the recommendedloop permutationis jik, shown in Fig-
ure 1(b). ArraysU, V, andW arenow all accessedse-
quentially, but arrayX still haspoorcachelocality. Loop
permutationaloneis insuf�cient to optimizeall accesses
in ourexampleloop.

2.2 Copying-basedArray Restructuring

Array restructuringdirectly improvesthe spatiallocality
of array accesses.It makes senseto storeone array in
row-majororderif it is accessedrow-by-row andanother
arrayin column-majororderif it is accessedcolumn-by-
column. Array restructuringgeneralizesthis ideato any
direction. For instance,Figure2 shows how the skewed
accesspatternin theoriginalarraybecomessequentialaf-
ter arrayrestructuring.We saythatan arrayreferenceis
in array order if its accesspatternin theloop matchesits
storageorder.

When applying copying-basedarray restructuringto
theloopnestin Figure1(a),wecreatecopiesof X andW,
cX andcW, thatarein arrayorder. LeungandZahorjan
derivedtheformalismsneededto createindex transforma-
tion matricesthatspecifyhow theindicesof eachnew ar-
rayrelateto thoseof thecorrespondingoriginal[9]. In this
case,thearrayX is transformedsuchthatcX[i � j + N][ j]
mapsto X[i][ j], andW suchthatcW[ j][i] mapsto W[i][ j].
Figure1(c) shows the ir kernelcodeaftercopying-based
arrayrestructuring.ArrayscX andcW havestrideoneac-
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double U[N],V[N],W[N][N],X[3N][N];
for(i=0; i<N; i++)

for(j=0; j<N; j++)
for(k=0; k<N; k++)

U[k] += V[i] + W[j][i] + X[i+j+k][k];

(a)original nest

double U[N],V[N],W[N][N],X[3N][N];
for(j=0; j<N; j++)

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

U[k] += V[i] + W[j][i] + X[i+j+k][k];

(b) loop transformed

double U[N],V[N],W[N][N],X[3N][N],cX[4N][N],cW[N][N];
for(i=0; i<N; i++)

for(j=0; j<N; j++)
cW[j][i]=W[i][j];

for(i=0;i<3*N;i++)
for(j=0;j<N;j++)

cX[i-j+N][j]=X[i][j];
for(i=0; i<N; i++)

for(j=0; j<N; j++)
for(k=0;k<N;k++)

U[k]+=V[i]+cW[i][j]+cX[i+j+N][k];

(c) copyrestructured

double U[N],V[N],W[N][N],X[3N][N],*rW,*rX;
map_shadow(&rW,TRANSPOSE,W_params);
map_shadow(&rX,BASESTRIDE,X_params);
for(i=0;i<N;i++)

for(j=0;j<N;j++){
offset=(i+j)*N;
remap_shadow(&rX,offset);
for(k=0;k<N;k++)

U[k]+=V[i]+rW[i][j]+rX[k];
flush_cache(rX);

}

(d) remaprestructured

Figure1: An exampleloop nestandthreeoptimizations.
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Array Restructuring

X[i][j] ---> cX[i-j+N][j]

The shaded regions in

unused/wasted.
the array cX are

Thus, X[i+j+k][k] ---> cX[i+j+N][k]

Create new array such that access
direction is horizontal (i.e. match 
row-major storage order)

Original Array (X) Restructured Array (cX)

Figure2: Restructuringanarraywith a skewedaccesspattern.

cessesin the loop nest,andthusexhibit goodcacheand
TLB locality.

Restructuringmay wastestorage,as illustratedby the
shadedregionsof the restructuredarray in Figure2. In
theoptimizedir kernel, shown in Figure1(c), thereis no
unusedmemoryin arraycW, andthe amountof unused
memoryin arraycX is 4N2 � 3N2 = N2. Thepro�tability
of arrayrestructuringdependson thearrayandloop nest
parameters.For example,if thesizeof thearrayis much
largerthantheamountof useit hasin theloop nest,then
thesetupcostsof creatingthenew arraysmightdominate
thebene�tsof improvedspatiallocality of therestructured
array.

2.3 Remapping-basedArray Restructuring

In this section,we brie�y explain thedetailsof thehard-
waremechanismwe useto implementremapping-based
restructuring,andshow how weapplytheoptimizationto
theexampleir kernel.

The Impulse adaptablememory systemexpandsthe
traditional virtual memoryhierarchyby addingaddress
translation hardware to the main memory controller
(MMC) [2]. The memorycontroller provides an inter-
facefor software(e.g.,theoperatingsystem,compiler, or
runtime libraries) to remapphysicalmemoryto support
differentviews of datastructuresin the program. Thus,
applicationscanimprove locality by controllinghow the
new view to the data is created. To useImpulse's ad-
dressremapping,an applicationperformsa mapshadow
systemcall indicatingwhat kind of remappingto create
— e.g.,a virtual transposeof an array— alongwith the
original startingvirtual address,theelementsize,andthe
dimensions. The OS con�gures the Impulse MMC to
respondto accessesto this remappeddataappropriately.
Whentheapplicationaccessesa cacheline at anaddress
correspondingto a remappeddatastructure,the Impulse
MMC determinestherealphysicaladdressescorrespond-
ing to the remappedelementsrequestedand loadsthem
from memory. To supportthis functionality, the MMC
containsboth a pipelinedaddresscalculationunit anda
TLB. The elementsare loadedinto an output buffer by
anoptimizedDRAM schedulerandthensentbackto the
processorto satisfytheloadrequest.

Figure1(d) shows how the memorycontroller is con-
�gured to supportremapping-basedrestructuringfor the
ir kernel. The �rst mapshadow()systemcall con�g-
ures the memory controller to map referencerW[i][ j]
to W[ j][i]. The second mapshadow() call con�g-
ures the memory controller to map referencerX[k] to
X+ offset+ k � stride, where stride is N + 1. The off-
set, which is (i + j) � N, is updatedeach iteration of
the j loop using the remapshadowsystemcall to re-
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�ect the new valuesof i and j, i.e., the new diagonal
being traversed. Thus, a referencerX[k] translatesto
X + (( i + j) � N) + k� (N + 1), whichis simplytheoriginal
referenceX[i + j + k][k]. We �ush rX from thecacheto
maintaincoherencewhentheoffsetchanges.

After applyingtheremapping-basedrestructuringopti-
mization,all accessesarein arrayorder. Thecostof set-
ting up a remappingis quitesmallcomparedto copying.
However, subsequentaccessesto theremappeddatastruc-
tureareslower thanaccessesto anarrayrestructuredvia
copying, becausethememorycontrollermustre-translate
addressesonthe�y and“gather”cachelinesfrom disjoint
regionsof physicalmemory. Ourcostmodelaccountsfor
this greateraccesslatency for remappeddatawhencon-
sideringwhichrestructuringoptimizationto apply, if any.

3 Analytic Framework

To optimize to a program,a compilermustperformthe
following two steps. First, it decidesupona part of the
programto optimizeandaparticulartransformationto ap-
ply to it. Second,it transformstheprogramandveri�es
that the transformationeitherdoesnot changethemean-
ing of theprogramor changesit in a way that is accept-
ableto theuser. Baconetal. [1] comparethe�rst stepto a
blackart,becauseit is dif�cult andpoorly understood.In
this section,weexplorethis �rst stepin thedomainof re-
structuringoptimizations.We presentanalyticcostmod-
elsfor eachof theoptimizations,andanalyzetradeoffs in
individual restructuringoptimizations,both qualitatively
andquantitatively. We show why it might bebene�cial to
considerthemin anintegratedmanner, andpresenta cost
framework that allows integratedrestructuringoptimiza-
tionsto beevaluated.

3.1 Modeling the Restructuring Strategies

3.1.1 BasicModel

We needcarefulcost/bene�tanalysisto determinewhen
compileroptimizationsmaybepro�tably appliedbecause
�nding thebestchoiceviadetailedsimulationorhardware
measurementsis time-consumingandexpensive.Wehave
developedananalyticmodelto estimatethememorycosts
of applicationsat compiletime. LikeMcKinley, Carrand
Tseng[11], we estimatethe numberof cachelines ac-
cessedin theloopnests.

Thememorycostof asinglearrayreference,sayRa , in
a loopnestis directlyproportionalto thenumberof cache
lines accessedby it. Supposecls is the cacheline size
of the cacheclosestto memory, stride is the distancein
elementsbetweensuccessive accessesto this array, and f
is the fraction of the cachelines reusedfrom a previous

iterationof the innermostloop. We estimatethememory
costof a singlearrayreferenceRa to be:

MemoryCost(Ra) =
loopTripCount

max( cls
stride,1)

� (1� f ) (1)

We do not have a framework for estimating f accu-
rately. We expect f to be very small for large working
sets,which allows usto neglect the(1� f ) termwithout
introducingsigni�cant inaccuracies(seeSection4.3for a
discussionof the limitations of our costmodel). For the
examplein Figure 1(a), the estimatednumberof cache
linesaccessedby arrayX is N3

max( cls
N+ 1 ,1)

, by arrayV is N
cls,

andby arrayU is N3

cls.
We estimatethe memorycostof a loop nestto be the

sumof thememorycostsof the independentarrayrefer-
encesin the nest. We de�ne two array referencesto be
independentif they accessdifferent cachelines in each
iteration.Thischaracterizationis necessaryto avoid over-
countingcachelines. Thus,if both a[i][ j] anda[i][ j + 1]
arepresent,we considerthemasone. Thecostof a loop
nestdependson loopTripCount (the total numberof iter-
ationsof thenest),thespatialandtemporallocality of the
arrayreferences,thestrideof thearraysandthecacheline
size. We estimatethememorycostof the ith loop nestin
theprogramto be:

MemoryCost(Li) = å
a:independentRef

MemoryCost(Ra) (2)

Thememorycostof theentireprogramis estimatedas
thesumof thememorycostsof all theloopnests.If there
aren loopnestsin aprogram,thenthememorycostof the
programis:

MemoryCost(program) =
n

å
i=1

MemoryCost(Li) (3)

For theexamplecodein Figure1(a),thetotal memory
costis

�
N3 � (1+ 1

cls)+N2 + N
cls

�
.

Thegoalof thecostmodelis to choosethecombination
of arrayandlooprestructuringoptimizationsthathasmin-
imum memorycost for the entireprogram. We assume
thattherelativeorderof memorycostsdeterminestherel-
ative rankingof executiontimes. Theabove formulation
of total memorycostof an applicationasthesumof the
memorycostsof individual loop nestsmakesan impor-
tantassumption— thecompilerwill know thenumberof
timeseachloop nestexecutes,andcancalculatethe loop
boundsof eachloop nestat compile-time.This assump-
tion holdsfor many applications.In caseswhereit does
nothold,we expectto beableto makeempiricalassump-
tionsaboutthefrequenciesof loopnests.We alsoassume
thatthecacheline sizeof thecacheclosestto memoryis
known to thecompiler.
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3.1.2 Modeling Loop Transformations

Whenwe consideronly loop transformations,therecom-
mendationsfrom our modelarethesameasthoseof the
simplermodelby McKinley et al. [11]. However, their
approachdoesnot considerarrayrestructuring.We con-
siderthetotalmemorycostof theloopnests,whichallows
us to comparethe costof loop transformationswith that
of independentoptimizationssuchasarrayrestructuring.

3.1.3 Modeling Array Restructuring

Thecostof arrayrestructuringis thesumof theinitial cost
of creatingthe new arrayandthat of the optimizedloop
nest.In addition,thereis thecostof updatingtheoriginal
arrayif thenew arraywasmodi�ed. Thecostof setupis
thesumof thememorycostsof theoriginal arrayandthe
new arrayin thesetuploop.

MemoryCost(CopyingSetup) =

OriginalArraySize� (min(
newArrayStride

cls
,1)+

1
cls

) (4)

In Figure1(C), the memorycostof creatingarraycX
in the setuploop is 3N2

max( cls
N+ 1 ,1)

and the memorycost of

arrayX in thesetuploop is 3N2

cls. Thus,thesetupcostof
creatingarraycX is 3N2 � (1+ 1

cls) if (N+ 1) > cls, which
is usuallythecase.Thecalculationfor arraycW is similar.

The costof the optimizedarray referencein the loop
nestis:

MemoryCost(restructuredReference) =

loopTripCount�
1

cls
(5)

Thecostof theloopnestwith optimizedreferences,cX
andcW, is 1

cls � (2N3 + N2 + N). Array restructuringis
expectedto bepro�table if:

MemoryCost(copyingSetup)+

MemoryCost(restructuredReference)

< MemoryCost(originalReference) (6)

For thisexample,thetotalcostof thearray-restructured
program(assumingcls = 16) is ( N3

8 + 69N2

16 + N
16), while

thecostof theoriginal programis ( 17N3

16 + N
16 + N2). The

latter is largerfor almostall N, andsoarrayrestructuring
is assumedto bealwayspro�table for this particularloop
nest.Simulationresultsbearthisdecisionout.

3.1.4 Modeling Remapping-basedRestructuring

Whenusingremapping-basedhardwaresupport,we can
no longer model the memorycostsof an applicationas
beingdirectly proportionalto the numberof cachelines
accessed,sinceall cacheline �lls nolongerincurthesame
cost.Cacheline �lls to remappedaddressesundergoafur-
ther level of translationat the memorycontroller, asex-
plainedin Section2.3. After translation,thecorrespond-
ingphysicaladdressesneednotbesequential,andthusthe
costof gatheringa remappedcacheline dependson the
strideof thearray, thecacheline sizeof thecacheclosest
to memory, andtheef�ciency of theDRAM scheduler. To
accommodatethis variancein cacheline gatheringcosts,
we modelthetotal memorycostof anapplicationaspro-
portionalto thenumberof cachelinesgatheredtimesthe
cost of gatheringthe cacheline. The cost of gathering
a normalcacheline, Gc, is �x ed,andthe costof gather-
ing a remappedcacheline, Gr, is �x edfor a givenstride.
We useda seriesof microbenchmarksto computea table
of Gr valuesindexed by stride that we consultto deter-
mine thecostof gatheringa remappedcacheline. Thus,
if aprogramaccessesnc normalcachelines,n1 remapped
cachelines remappedwith strides1, n2 remappedcache
linesremappedwith strides2, andsoon,thenthememory
costof theprogramis modeledas:

MemoryCost(program) = nc � Gc +å
i

ni � Gr(si) (7)

Theoverheadcostsinvolvedin remapping-basedarray
restructuringincludethecostof remappingsetup,thecost
of updatingthememorycontroller, andthecostof cache
�ushes.Theinitial costof settinguparemappingthrough
the mapshadowcall is dominatedby the costof setting
up the pagetableto cachevirtual-to-physicalmappings.
The sizeof the pagetabledependson the numberof el-
ementsthat are to be remapped.We model this costas
K1 � #elementsToBeRemapped. Updatingthe remapping
information prior to enteringthe innermostloop every
time using the remapshadowsystemcall incursa �x ed
cost,which we modelasK2. We alsomodelthecostsof
�ushing asbeingproportionalto thenumberof cachelines
�ushed wherethe constantof proportionalityis K3. We
have empirically estimatedtheseconstantsusingmicro-
benchmarks.

Thememorycostof anarrayreferenceoptimizedwith
remappingsupportis:

MemoryCost(remappedReference) =

loopTripCount

max( cls
stride,1)

� (1� f ) � Gr(stride) (8)
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MemoryCost(normalReference) =

loopTripCount

max( cls
stride,1)

� (1� f ) � Gc (9)

In summary, multiplying the numberof cachelines
gatheredby the costof gatheringthe cachelines makes
remapping-basedarray restructuring comparablewith
puresoftwaretransformationssuchascopying-basedar-
ray restructuringandloop transformations.

Returningto our examplein Figure1(d), the memory
costof arrayrX is 1

16 � N3 � Gr, whereGr is basedonthe
stride(N+ 1). Thetotal costof remapping-basedrestruc-
turing is ( 1

16 � (N3 +2N2) � Gc + 1
16 � N3 � Gr +K1 � 3N2 +

K2 � N2+K3 � N3). This is lessthantheoriginalprogram's
memorycost and thus remapping-basedrestructuringis
correctlyassumedto bepro�table for this example.

3.2 Integrated Restructuring

By integratedrestructuringwemeantwo things.First,the
individualrestructuringoptimizationscanbecombinedto
optimizeanapplicationin complementaryways. For ex-
ample,we couldcombineloop permutation,loop fusion,
andcopying-basedarrayrestructuringto optimizeonesin-
gle loop nest.Second,we shouldbeableto selecta good
combinationof restructuringoptimizationsfrom thelegal
optionsgiventheapplicationandits inputs. Researchers
haveprovidedheuristics-drivenalgorithmsfor combining
loop andarrayrestructuring[3, 5] but therehasnot been
any work onprovidingaframework for choosingtheright
set of optimizationsamongrestructuringoptimizations.
Our cost model framework for selectingthe right com-
binationof restructuringoptimizationsis basedon Equa-
tions 1 – 9. Theseequationsallow us to decidewhich
optimizationto choosefor a given applicationandinput
size.

Loop transformationincursno run-timecostsandthus
is theoptimizationof choicewhenit succeedsin rendering
all referencesin arrayorder. In thepresenceof con�icting
arrayaccesspatterns,however, loop transformationscan-
not improvethelocality of all arrays.In suchcases,array
restructuringcanbe appliedto individual referencesthat
lack thedesiredlocality. The choiceof what loop trans-
formationtousemightthereforedependonwhicharray(s)
arecheaperto restructure.

We analyzetheexampleloop nestin Figure1(a)to see
whetherintegratedrestructuringimproves performance.
Recallthat loop transformationcouldnot improve thelo-
cality of arrayX, andarrayrestructuringincurredthecosts
of creatingthearrayscX andcW throughcopying. Con-
sider the integratedrestructuringoptimization that per-
mutesthe loop nestinto jik orderandusesarrayrestruc-
turing to improve the locality of X. This combinationof

double U[N],V[N],W[N][N],X[3N][N];
double cX[4N][N];
for(i=0;i<3*N;i++)

for(j=0;j<N;j++)
cX[i-j+N][j]=X[i][j];

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

for(k=0;k<N;k++)
U[k]+=V[i]+W[j][i]+cX[i+j+N][k];

Figure3: ir kernel, optimizedby acombinationof looppermu-
tationandcopying-basedarrayrestructuring.

optimizationsachievesarrayorderfor all referencesand
incursonly thesetupcostof creatingcX (W is alreadyin
arrayorderafterloop transformation).Integratedrestruc-
turingdeliversslightlybetterperformancethaneitherloop
or arrayrestructuringalonefor thisexample(seeTable3).

Thesameloop nestcanbeoptimizedusingloop trans-
formationwith remapping-basedrestructuring(L+R), in
which casethe loop transformationwould bring arrayW
into arrayorder, andarrayX wouldberemappedto rX, as
in Figure1(d).

In general,selectingtheoptimalsetof transformations
is a non-trivial problem.Findingthecombinationof loop
fusion optimizationsalonefor optimal temporallocality
hasbeenshown to beNP-hard[6]. Theproblemof �nd-
ing theoptimaldatalayoutbetweendifferentphasesof a
programhasalsobeenprovento beNP-complete[7]. Asa
result,researchershaveusedheuristicsto makeintegrated
restructuringtractable.Ouranalyticalcostframework can
helpevaluatevariousoptimizations,andwe show laterin
ourresultsthatthecostmodeldrivenoptimizationscomes
closerto bestpossibleperformancethanany �x ed opti-
mizationstrategy.

4 Evaluation

To performour studies,we usedURSIM, an execution-
drivensimulatorderivedfrom RSIM [13]. URSIM mod-
els in detaila microprocessorsimilar to a MIPS R10000,
a split-transactionMIPS R10000 bus that supportsa
snoopy coherenceprotocol,andtheImpulsememorycon-
troller [12]. Theprocessormodeledis four-wayissue,out-
of-order, andsuperscalarwith a 64-entryinstructionwin-
dow. The L1 datacacheis 32KB, non-blocking,write-
back, virtually indexed, physically tagged,two-way as-
sociative, with 32-bytelinesandhasa one-cycle latency.
The L2 datacacheis 512KB non-blocking,write-back,
physically indexed, physically tagged,two-way set as-
sociative, with 128-bytelines andhasan eight-cycle la-
tency. The instructioncacheis assumedto be perfect.
The TLB mapsboth instructionsand data,has128 en-
tries,andis single-cycle, fully associative, andsoftware-
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managed.Thebusmultiplexesaddressesanddata,is eight
byteswide, and hasa three-cycle arbitrationdelay and
a one-cycle turn-aroundtime. The systembus, memory
controller, andDRAMs all runatone-thirdtheCPUclock
rate. Thememorysupportscritical word �rst andreturns
thecritical quad-word for a loadrequest16buscyclesaf-
ter thecorrespondingL2 cachemiss.Thememorysystem
modelseight banks,pairs of which sharean eight-byte
widebusbetweenDRAM andtheMMC.

4.1 Benchmarks

To evaluatetheperformanceof our cost-modeldrivenin-
tegration strategy, we studiedeight benchmarksusedin
previousstudiesof loopand/ordatarestructuring.Fourof
thebenchmarksthatwe considered(matmult, syr2k, ex1,
andthe ir kernelwe discussedearlierin Section2) have
beenstudiedpreviously in thecontext of datarestructur-
ing – theformertwo by Leungetal. [8] andthelattertwo
by Kandemiret al. [5]. Threeotherapplications– btrix,
vpenta, cfft2d– areNAS kernelsthathavebeenevaluated
in the context of both dataandloop restructuringin iso-
lation [5, 8, 11]. Finally, kernel6 is the sixth Livermore
kernel.

Table 2 shows which optimizations we considered
for eachbenchmark. The optimization candidatesare
copying-basedarray restructuring(C), remapping-based
restructuring(R), loop transformations(L), a combina-
tion of loop andcopying-basedrestructuring(L+C), and
a combinationof loop and remapping-basedrestructur-
ing(L+R).

p
indicatesthattheoptimizationwaspossible,

N indicatesthat the optimizationwas not needed,and I
indicatesthat theoptimizationwaseitherillegal or inap-
plicable. In our study, we hand-codedall optimizations;
work is ongoingto addour costmodelto theScalecom-
piler [16] to automatethe transformations.We ran each
benchmarkfor tendifferentinput sizes,with thesmallest
input sizetypically just �tting into theL2 cache.When-
ever therewereseveralchoicesfor a singlerestructuring
strategy, we chosethe bestoption. In other words, the
resultsthat we report for L is for the bestloop transfor-
mation( looppermutation,fusion,distributionor reversal)
amongtheonesweimplemented.Similarly, theresultsfor
L+R is for thebestcombinationof loop andremapping-
basedarrayrestructuringthatwe implemented.

4.2 Results

In this section,we brie�y analyzeeachbenchmarkand
validatetheeffectivenessof ourcostmodel.Wereportthe
resultsof ourexperimentsin Table3. For eachinput size,
we simulatethe performanceof the base(unoptimized)
benchmarkandthe bestoptimizedversionfor eachcan-
didateoptimization. Our primary performancemetric is

Application C R L L+C L+R
matmult

p p p
N N

syr2k
p p

N N
p

vpenta
p p p

N
p

btrix
p

I
p p p

cfft2d
p p

I I I
ex1

p p p p p

ir kernel
p p p p p

kernel6
p p

I I I

Table2: Benchmarksuiteandcandidatesfor theoptimization
choices.

thegeometricmeanspeedupobtainedfor eachoptimiza-
tion comparedto the baselinebenchmarkover the range
of input sizes. In addition to the performanceobtained
by applyingonly astaticoptimizationperbenchmark,we
alsopresentthe resultsobtainedwhenour costmodel is
usedto selectdynamicallywhichoptimizationto perform
for agiveninputsize(CM-dri ven) andthepost-factobest
optimizationselectionfor eachinputsize(Best). Werefer
to bestperformanceasthatresultingfrom makingthebest
choicesamongtheoptimizationswe consider.

As canbeseenfrom Table3, CM-drivenoptimization
obtainsanaverageof 94.9%of thebestpossiblespeedup
(1.68 versus1.77),whereasthe bestsingleoptimization
(in this case,copying-basedarrayrestructuring)obtained
only 77.0% of the best possiblespeedup(1.35 versus
1.77).Thereasonfor thegoodperformanceof costmodel
drivenoptimizationis that thebestoptimizationstrategy
is highly applicationand input dependent.Even within
thesamebenchmark,thebestchoiceis dependenton the
sizeof the input data. For example,in syr2k, the cost-
model was able to pick betweenC and L+R and got a
higherspeedup(1.88)thaneitherC or L+R (i.e. it picked
C whenL+R wasbad,andvice-versa).Overall, for most
of the benchmarks,our cost model was usually able to
selectthe correctstrategy to employ, andwhen it failed
to pick thebeststrategy, thechoiceit madewasgenerally
verycloseto thepost-factobestchoiceamongtherestruc-
turing optimizations. To betterunderstandwhy the cost
modelworkedwell in mostcases,andpoorly in a few, we
will discusseachbenchmarkprogramin turn.

matmult: matmultinvolvesmultiplying a N by M ma-
trix by an M by L matrix to get theproductmatrix. One
array is walked by columnsand thesestrided accesses
incur high TLB andcachemisses.Remapping-basedor
copying-basedarrayrestructuringcanbeusedto getunit
stridedaccessfor this array. This is the only application
for which loop permutationaloneis suf�cient to achieve
unit stridefor all arraysin the loop nest.While arrayre-
structuringimprovestheperformanceof matmult, loopre-
structuringcan do so with lower setupcosts. Our cost
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Application C R L L+C L+R CM–dri ven Best
matmult 1.26 1.24 1.34 - - 1.34 1.46
syr2k 1.71 0.75 - - 1.56 1.88 2.00
vpenta 0.60 1.12 1.47 - 1.61 1.54 1.65
btrix 1.49 - 1.72 1.67 1.47 1.72 1.80
cfft2d 2.77 2.90 - - - 2.90 2.91
ex1 1.53 0.71 0.66 0.76 0.43 1.53 1.53
ir kernel 1.07 1.26 0.96 1.07 1.26 1.07 1.26
kernel6 1.24 1.92 - - - 1.99 2.00
Overall 1.35 1.23 1.10 1.04 1.09 1.68 1.77

Table3: Meanspeedupobtainedwheneachof thesechoiceswereheld �x ed for all inputs,thecost–modeldrivenspeedup,and
thebestpossiblespeedup.

model recognizedthis situationand recommendedloop
permutationover theotherchoices.Thoughloop permu-
tationwasthebestchoicefor a majorityof cases,con�ict
missescausedremappingto bebetterfor somedatasizes.
Sincecon�ict missesarenot modeled,thecostmodelin-
correctlyrecommendedloop permutationfor suchcases,
andachieveda lowerspeedupthanthebestpossibleone.

syr2k: Thesyr2ksubroutinefrom theBLAS library is
a bandedmatrix calculationthat computesC = aAT B+
aBT A+ C. ThearraysareN � N matricesandthewidth
of the bandin the matrix is b. The coreloop references
four arrayelementsfrom differentrowsandcolumnsdur-
ing eachiterationof the innermostloop, which resultsin
poor cacheandTLB hit ratesfor the baselineprogram.
Datadependencesnegatethepossibilityof usingloopper-
mutation. We combineloop distribution andremapping-
basedarrayrestructuring(L+R) to optimizethis subrou-
tine. Copying-basedarrayrestructuring(C) is alsovery
effectiveat creatingsequentialaccesspatterns.Thenum-
ber of accessesto the elementsin the bandis O(Nb2).
Thus copying performswell for large bands,wherethe
�x ed setupcostof copying (O(N2)) is amortizedby the
subsequentreuse,andremappingperformswell for small
bands.The costmodelcorrectly identi�ed this behavior
in most,but not all, cases.By correctlychoosingwhen
to applycopying (C) andwhento choosecombinedloop
andremapping-basedrestructuring(L+R), thecostmodel
drivenoptimizationsachievedbetterperformancethanei-
therin isolation.

vpenta: This benchmark accessed eight two-
dimensional arrays in seven loop nests with large
strides. Loop permutationwasusedto optimizethe two
most expensive loop nests. The remaining loop nests
hadstridedaccessesthat loop transformationscould not
optimize.For theremainingarrayreferenceswith strided
accesses,we consideredremapping-basedrestructuring.
The cost model recommendationsperformed4% worse
thana �x edchoiceof L+R and9% worsethanbest.The

modeldid not accountfor a “side effect” of remapping,
wherebyfor input sizesthatarea power-of-2, remapping
eliminatesa signi�cant numberof con�ict misses. Our
cost model doesnot accountfor cachecon�ict effects,
andthusin this caseit underestimatesthe potentialben-
e�ts that remappingcanachieve. A moresophisiticated
costmodel that employed cachemissequations[4] or a
similarmechanismmightbeableto handlethiscasemore
effectively.

btrix: The innermostloop was written to be vector-
izable, and involves strided accessesacrossfour four-
dimensionalarrays.Theaccesspatternof onearraycon-
�icted with that of the other threearrays. As a result,
loop permutationalonecould not bring all thesearrays
into arrayorder. Thereweresix non-obvious optimiza-
tion candidates(two choicesof L+R, two L, oneeachfor
L+C, C) involving loop fusion,permutationandarrayre-
structuring.Ourcostmodelrecommendedcopying-based
array restructuring(C). In contrast,Leung's heuristics-
baseddecisionmodel recommendedthat copying-based
arrayrestructuringnot bedone[8]. Our experimentsval-
idatedour costmodel,aswe obtainedwasa speedupof
49%despitetheoverheadof copying.

Thoughthe costmodelframework correctlypredicted
that array restructuringwould be bene�cial, it correctly
predictedthat loop transformationsalonewere the best
choicefor all experimentsbut one. The single mispre-
diction waswhenthearraydimensionswerea power-of-
2 which inducedmany con�ict misses.Combiningloop
transformationswith arrayrestructuringwasnot asben-
e�cial becausethe overheadof creatingthe restructured
arraywashigherthanthebene�t derived.

cfft2d: This applicationimplementstwo dimensional
FFT. Previouswork on loop transformationsdid notopti-
mizethis loop nestor reportedno performanceimprove-
ment [11]. Dependenceconstraintsand imperfect loop
nestsmake loop transformationsinfeasible,but did not
preventcopying- or remapping-basedarrayrestructuring.
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Likesyr2k, therelativeperformanceof arrayrestructuring
andremapping-basedrestructuringis inputsizedependent
for cfft2d. ThearraysizeswereO(N2), but eachelement
wastouchedO(N2logN) times. Thus,copying-basedre-
structuringperformsbest for large data setswhere the
higherone-timecostof setup(O(N2)) is amortizedby the
lower costper access(O(N2logN)). Conversely, remap-
ping is preferablefor smalldatasets.Ourcostmodelcor-
rectly predictedthis tradeoff for mostcasesandobtained
a speedupverycloseto thebestpossible.

ex1: In this kernel, only two out of the six possible
loop permutationswerelegal. Loop permutationby itself
yieldedalmostno bene�t, but it enableddatatransforma-
tionsthatarebene�cial. We considered� ve optimization
candidatesfor this kernel,C, R, L, L+R, L+C. Eight ex-
perimentswith differentvaluesof N (rangingfrom N=200
to N=500)wereperformed.Copying-basedarrayrestruc-
turing obtainsthebestspeedupin eachcase.Remapping
hashigh latency of gatheringcachelines,andcausedit to
not performwell. Thecostmodelsuccessfullypredicted
thebestoptimizationin all cases.

ir kernel: As predictedfrom our earlierdiscussion,a
combinationof loop transformationand datarestructur-
ing resultsin thebestperformancefor their kernel. L+C
outperformsC, andL+R outperformsR in all cases.Be-
tweenL+R and L+C, the former performedbetter, but
thecostmodelpredictedotherwise.Themainreasonfor
this mispredictionis againthe high incidenceof con�ict
missesin L+C comparedto L+R. Thepenaltyfor this in-
correctpredictionwashigh andcausesthe costmodel's
recommendationsto beonly 85%of Best.

kernel6: This kernel is a general linear recurrence
equationsolver. Therecurrencerelationmakesloop per-
mutationillegal. We usedremapping-basedandcopying-
basedarray restructuringto optimize this kernel. The
choice of whether R or C is better dependedon the
amountof reusein the loop nest.We ran22 experiments
with variousloopanddatasetsizes.Ourcostmodelaccu-
ratelychosethebestoptimizationin 21cases,andevenin
thesinglemispredictiontheperformancewasvery close.
When we usedthe cost model to select the optimiza-
tionsto perform,we achievedanoverall geometricmean
speedupof 1.99,whereasthe bestoverall meanspeedup
was2.00.In contrast,applyingremapping(R) or copying
(C) exclusively resultsin anaveragespeedupof only 1.92
and1.24,respectively.

In summary, we �nd that quantifying the overheads
and accessescostsof the variousoptimizationsallowed
usto makegooddecisionsaboutwhichoptimization(s)to
choose.The recommendationsmadeby our costmodel
resultingin a meanoverall speedupwithin 5%of thebest
combinationof optimizationsthatweconsidered,whereas
thebestperformancefrom any singleoptimizationchoice
was23%lessthanthebestcombination.

4.3 Caveats

Ourcostframework hasanumberof known inaccuracies;
improving its accuracy is an areafor future work. First,
wedonotconsidertheimpactof any optimizationonTLB
performance.For someinputsizes,TLB effectscandwarf
cacheeffects, so addinga TLB model in an interesting
openissue. Second,we do not considerthe impact of
latency-toleratingfeaturesof modernprocessors,suchas
hit-under-misscachesand out-of-orderissueinstruction
pipelinesin our costmodel. This may leadus to overes-
timatetheimpactof cachemisseson executiontime. For
example,multiple simultaneouscachemissesthatcanbe
pipelinedin thememorysystemhave lessimpacton pro-
gramperformancethanspreadout cachemisses,but our
modelgivesthemequalweight.Third,wedonotconsider
cachereuse(i.e.,weestimatedf to bezero)or cacheinter-
ference.We assumethat thecostsof differentloop nests
areindependent,andthusadditive. If thereis signi�cant
inter-nestreuse,our modelwill overestimatethememory
costsandrecommendan unnecessaryoptimization. We
donothaveaframework for calculatingf , andwouldben-
e�t from a framework suchascachemissequationspro-
posedby Ghoshet al. [4]. Similarly, not modelingcache
interferencecouldresultin themodelunderestimatingthe
memorycostsif therearesigni�cant con�ict missesin the
optimizedapplications.

5 RelatedWork

Wolf andLam [17] presentde�nitions of differenttypes
of reuseand proposean algorithm for improving data
locality basedon unimodulartransformations.McKin-
ley, Carr and Tseng[11] presenta loop transformation
framework that combinesloop permutation,loop �ssion
andloopdistribution. Thesecomputation-reorderingopti-
mizationsgenerallyreorderiterationsof a loopnestbased
on a modelof likely cachemissesfor variouscon�gura-
tionsof theloopnests.However, neitherof theseconsider
datatransformations.

LeungandZahorjan[9] introducearrayrestructuring,
a techniqueto improve locality of array-basedscienti�c
applications.They do not proposea pro�tability analysis
framework for determiningwhentheoptimizationshould
beapplied.Instead,they usea simpleheuristicthat takes
neitherthesizeof thearraynor the loop boundsinto ac-
count. Consequently, their decisionsarealways�x edfor
aparticularapplication,regardlessof input.

Cierniak and Li [3] proposea uni�ed framework for
optimizing locality combiningdataandcontrol transfor-
mations.Kandemiret al. [5] extendLi' s work by consid-
eringa wider setof possibleloop transformations.These
studiesconsideronly staticdatatransformations,andnei-
therperformsany cost/bene�tanalysisto decidetheappli-
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cability of their optimizations. Our integratedoptimiza-
tion strategy considersdynamic data restructuringand
presentsageneralframework for pro�tability analysis.

Saavedraet al. [15] develop a uniprocessor, machine-
independentmodel(theAbstractMachineModel) of pro-
gram executionto characterizemachineand application
performance,andcanpredictwith goodaccuracy therun-
ningtimeof agivenbenchmarkonagivenmachine.How-
ever, this work doesnot considertheeffectsof themem-
ory subsystem. Saavedraand Smith [14] model mem-
ory and TLB costs, but they use publishedmiss ratio
datarather than estimatingcachemiss rates. Ghoshet
al. [4] introduceCacheMissEquations(CMEs),aprecise
analyticalrepresentationof cachemissesin a loop nest.
CMEs have somedrawbacksas they alsocannothandle
multiple loop nests. However, they representa promis-
ing steptowardsbeingableto accuratelymodelthecache
behaviour of regular array accessesand can be usedto
furtherenhancetheaccuracy of ourmodel.

6 Conclusionsand Futur eWork

Thewideningprocessor-memoryperformancegapmakes
locality optimizationsincreasinglyimportant. Optimiza-
tionssuchasloop transformationsandarrayrestructuring
areeffective, but do not have the samemileagein every
application. Paststudieshave attemptedto integratethe
restructuringoptimizationsbut our work is the �rst at-
temptto analyticallymodelthecostsandbene�tsof inte-
gration.Thispaperdemonstratesthatmodelingthemem-
ory costsof applicationsas a whole allows us to com-
paremultiple locality optimizationsin the sameframe-
work. The accuracy of our cost model is encouraging,
given its simplicity. This model canbe usedas the ba-
sisfor a wider integrationof locality strategies,including
tiling, blocking,andotherloop transformations.

We also show how hardware support for remapping
from anadaptablememorycontrollercanbeusedto sup-
port datarestructuring. Suchhardware supportenables
more diversekinds of datarestructuringtechniques.In
general,we make the casefor combiningthe bene�ts of
softwareandhardware-basedrestructuringoptimizations
in thebestpossiblemanner, andprovidea framework for
reasoningaboutthecombinedeffectsof optimizations.
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