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Abstract

Loop transformationsand array restructuring opti-
mizationsusuallyimprove performanceby increasingthe
memorylocality of applications,but not always. For in-
stance loop and array restructuringcan either comple-
mentor competewith one another Previous reseach
has proposedintegrating loop and array restructuring
but there existedno analytic framevork for determining
how bestto combinethe optimizationsfor a given pro-
gram. Sincethe choice of which optimizationsto apply,
aloneor in combinationjs highly application-andinput-
dependenta costframavork is neededf integratedre-
structuringis to be automatedy an optimizingcompiler
To this end,we developa costmodelthat consides stan-
dard loop optimizationsalongwith two potentialformsof
array restructuring:corventionalcopying-basedestruc-
turing and remapping-basetestructuringthat exploits a
smartmemorycontmwller. We simulateeightapplications
on a variety of input sizesand with a variety of hand-
appliedrestructuringoptimizations\We nd thatemploy-
ing a xed strategy doesnot alwaysdeliver the bestper
formance Finally, our costmodelaccumately predictsthe
best combinationof restructuring optimizationsamong
thosewe examine and yields performancewithin a ge-
ometric meanof 5% of the bestcombinationacrossall
bendmarksandinputsizes.

1 Intr oduction

Processoandmemoryspeeddave beendiverging at the
rate of almost50% a year, but architecturaltrendssug-
gestthatcachesizeswill remainsmallto keeppacewith
decreasingrocessocycle times. McFarland[10] shavs
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-g/cle accesdime, or 128 kilo-
bytesfor two-cycle lateng. High memorylateng, in-
creasingCPU parallelism, poor cache utilization, and
small cachesizesrelative to applicationworking setsall
createa memory bottleneckthat resultsin poor perfor
mancefor applicationswith poor locality. Bridging the

growing processor/memorgerformancegaprequiresin-
novative hardware and software solutionsthat usecache
spaceand memory bandwidthmore ef ciently. Myriad
approachesattemptto do this in differentways,and ap-
plicationandinputcharacteristichighly in uence theap-
propriatechoiceof optimizations.An analyticframework
that modelsthe costsandbene ts of theseoptimizations
canbeusefulin driving decisions.
Iterationspacdransformation$s, 11, 17] anddatalay-
outtransformation$3, 8] aretwo classe®f compilerop-
timizationsthatimprove memorylocality. Looptransfor
mations anexampleof the former, improve performance
by changingthe executionorderof a setof nestedoops
sothatthe temporaland spatiallocality of a majority of
arrayaccessess increased.This classincludesloop per
mutation fusion,distribution, reversal,andtiling [11, 17].
Array restructuringis a commondatalayout transfor
mation. It improvescacheperformanceby changingthe
physicallayout of arraysthat are accessedvith poor lo-
cality [8]. Staticrestructuringchangeghe compile-time
layout of an arrayto matchthe way in which it is most
oftenaccessedFor example,the compilermight choose
column-majororder over row-major order if most ac-
cesseso anarrayarevia columnwalks. Staticrestructur
ing is mostusefulwhenanarrayis accesseéh the same
way throughouthe program.Dynamicrestructuringcre-
atesanew arrayatruntime, sothatthe new layoutbetter
matcheshow the datais accessed.This is most useful
when accesgatternschangeduring execution,or when
accespatternsannotbe determinecat compiletime.
Dynamicarrayrestructurings morewidely applicable
than static, and we focuson it in this study The run-
time changein array layoutis mostoften accomplished
by copying, andwe referto this optimizationascopying-
basedarray restructuring We also considerthe possi-
bility of having smartmemoryhardware performthe re-
structuring[2]. Hardware mechanismghat supportdata
remappingallow oneto createarrayaliaseshatareopti-
mal for a particularloop nest. We call this optimization
remapping-basedrray restructuring The tradeofs in-
volvedaredifferentfrom thatof traditionalcopying-based
array restructuring,and thus this optimizationis some-
times an useful alternatve when the latter is expensve.



However, hardware supportdoesnot comefor free, and
thusthereis a needto determineautomaticallywhether
hardwaresupportshouldbereliedupon.

Loop transformationsand array restructuringcan be
complementaryandoftenaresynenistic. Whenapplica-
ble, loop transformationsmprove memorylocality with
no runtimeoverhead.However, it is oftennot possibleto
improve the locality of all arraysin a nest. For example,
if anarrayis accessedia two con icting patterns(e.g.,
ali][j] anda[j][i]), no loop orderingcanimprove locality
for all accessed-urthermoreloop transformatiorcannot
be appliedwhen there are complec loop-carrieddepen-
dences,nsufcient or imprecisecompile-timeinforma-
tion, or non-trivial imperfectloop nests.In contrastarray
restructuringcanalways be applied,sinceit affectsonly
thelocality of thetargetarray However, all formsof dy-
namicrestructuringncur overheadsandthesecostsmust
be amortizedacrossthe accessewith improved locality
for the restructuringto be pro table. Loop andarrayre-
structuringcanbeintegratedandthe bestchoicedepends
onwhich combinatiorhasthe minimumoverall cost.

Others have integrated data restructuringand loop
transformation$3, 5], but their approachesnly consider
staticarrayrestructuringanddo not provide ary mecha-
nismsto determinewhetherthe integrationwill be prof-
itable. In this paper we presenttostmodelsthat capture
the cost/performanceradeofs of loop transformations,

innermostoop
arrayreferences i j k
ULK] 1% N2 1% N2 EN«N2
VIl | &NxN? 1% N2 1+N?
W | AN=N2 N3 1+ N2
X[i+j+k][K] N3 N3 NS
total SN3+NZ | 2NS+2N2 | AINS 4 2N2

Table1: Estimatedoop costfor their_kernelexampleanda
cacheline size of 16. This tableshaws the costper arrayand
total costwhen eachloop, in turn, is placedinnermostin the
nest.

They de ne loop costto betheestimatechumberof cache
lines accessedby all arrayswhena givenloop is placed
innermostin the nest. Evaluatingthe loop costfor each
loop andrankingtheloopsin descendingostorder(sub-
jectto legality constraintsyieldsapermutatiorwith least
cost. Theresultingloop nestis saidto bein memoryor-
der. They did notmodeltiling, andwe do noteithersince
more exact analysisis requiredto calculatethe cross-
interferenceandself-interferencemisses.Applying their
costmodelto our exampleloop generatethe costsshavn
in Tablel.

Sincetheloop costsin descendingrderarej > i > k,
the recommendedbop permutationis jik, shovn in Fig-

copying-basedarray restructuring,and remapping-based ure 1(b). ArraysU, V, andW arenow all accessede-

restructuring We useanintegratedcostframenork to de-
cidewhichoptimizationgo apply, eithersinglyorin com-
bination, for any givenloop nest. Codeoptimizedusing
our costmodelachieves performancewithin 95% of the
bestobsenedfor a setof eight benchmarksIn contrast,
the performanceof ary x edoptimizationis at best76%
of thebestcombinatiorwe obsened.

2 Restructuring Optimizations

Considerthe simpleexampleloop nest,ir _kernel in Fig-
ure1(a). If we assumeaow-majorstoragetwo of thear
raysareaccessedequentiallywith U having goodspatial
locality andV having good temporallocality. Unfortu-

guentially but array X still haspoor cachelocality. Loop
permutationaloneis insufcient to optimizeall accesses
in our exampleloop.

2.2 Copying-basedArray Restructuring

Array restructuringdirectly improvesthe spatiallocality
of array accessesIt makes senseto storeone arrayin
row-majororderif it is accessedow-by-row andanother
arrayin column-majororderif it is accessedolumn-by-
column. Array restructuringgeneralizeghis ideato ary
direction. For instance Figure 2 shawvs how the skewed
accesgatternin theoriginal arraybecomesequentiahf-
ter arrayrestructuring.We saythatan arrayreferences
in array order if its accesgatternin theloop matchests

nately W is accessedlongits columnsandX isaccessed storageorder

diagonally;neithemwill enjoy goodcacheperformanceln
this section,we review the candidatedor integratedre-
structuringandexaminetheir effectsonir _kernel

2.1 Loop Transformations

The loop transformationsve considerin this paperin-
cludeloop permutation|oop fusion,loopdistributionand
loop reversal.McKinley etal.[11] choosebetweercandi-
dateloop transformationdasedon a simple costmodel.

When applying copying-basedarray restructuringto
theloop nestin Figurel(a),we createcopiesof X andW,
cX andcW, thatarein arrayorder LeungandZahorjan
derivedtheformalismsneededo creatdndex transforma-
tion matricesthatspecifyhow theindicesof eachnew ar-
rayrelateto thoseof thecorrespondingriginal[9]. In this
casethearrayX is transformedsuchthatcX[i  j+ N][j]
mapsto X[i][j], andW suchthatcW[j][i] mapsto WJi][j]-
Figurel(c) shavs their _kernel codeafter copying-based
arrayrestructuring ArrayscX andcW have strideoneac-



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++)
ULK] += Vil + W[ + X[i+j+K][K];

(a)original nest

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++)

~ ewIi=Wl;
for(i=0;i<3*N;i++)

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

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

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

for(k=0;k<N;k++)
ULK]+=VI[il+cWIi][i]+cX[i+j+N][k];

(c) copyrestructued

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++)
ULK] += V[i] + W[j][i] + X[i+j+K][K];

(b) loop transformed

double U[N],V[N],W[N]J[N],X[3N][N],*rW *rX;
map_shadow(&'W, 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]+rWIil[]+rX[K];
flush_cache(rX);

(d) remaprestructued

Figurel: An exampleloop nestandthreeoptimizations.
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Restructured Array (cX

S
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row-major storage order)

Array Restructuring

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

g 4

The shaded regions i
the array cX are
unused/wasted.

Figure2: Restructuringanarraywith a skewed accesgattern.

cessesn theloop nest,andthusexhibit good cacheand
TLB locality.

Restructuringmay wastestorage asillustratedby the
shadedregionsof the restructuredarrayin Figure2. In
the optimizedir _kernel shovn in Figurel(c), thereis no
unusedmemoryin array cW, andthe amountof unused
memoryin arraycX is 4N?2  3N2 = N2, Thepro tability
of arrayrestructuringdependn the arrayandloop nest
parametersFor example,if the sizeof the arrayis much
largerthanthe amountof useit hasin theloop nest,then
the setupcostsof creatingthe new arraysmightdominate
thebene tsof improvedspatiallocality of therestructured
array

2.3 Remapping-basedArray Restructuring

In this section,we brie y explain the detailsof the hard-

The Impulse adaptablememory systemexpandsthe
traditional virtual memory hierarchyby addingaddress
translation hardware to the main memory controller
(MMC) [2]. The memory controller provides an inter-
facefor software(e.qg.,the operatingsystemcompiler, or
runtime libraries) to remapphysicalmemoryto support
differentviews of datastructuresn the program. Thus,
applicationscanimprove locality by controlling how the
new view to the datais created. To uselmpulses ad-
dressremappingan applicationperformsa map shadow
systemcall indicatingwhat kind of remappingto create
— e.g.,avirtual transposef anarray— alongwith the
original startingvirtual addressthe elementsize,andthe
dimensions. The OS con gures the Impulse MMC to
respondto accesseto this remappediataappropriately
Whenthe applicationaccessea cacheline at anaddress
correspondindo a remappediatastructure the Impulse
MMC determineshereal physicaladdressesorrespond-
ing to the remappecklementsequestedand loadsthem
from memory To supportthis functionality, the MMC
containsboth a pipelinedaddresscalculationunit and a
TLB. The elementsare loadedinto an output buffer by
anoptimizedDRAM scheduleandthensentbackto the
processoto satisfytheloadrequest.

Figure 1(d) shows how the memorycontrolleris con-
gured to supportremapping-basetkestructuringfor the
ir_kernel The rst mapshadow()systemcall con g-
ures the memory controller to map referencerW[i][j]
to WI[jlli]. The second mapshadav() call con g-
ures the memory controller to map referencerX[k] to

ware mechanismwe useto implementremapping-based X+ offsetr k sride, where sride is N+ 1. The off-

restructuringandshav how we applythe optimizationto
theexampleir _kernel

set which is (i+ j) N, is updatedeachiteration of
the j loop using the remapshadowsystemcall to re-



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),whichissimplytheoriginal
referenceX[i + j+ K][k]. We ush rX from the cacheto
maintaincoherencavhenthe offsetchanges.

After applyingtheremapping-basegestructuringopti-
mization,all accessearein arrayorder The costof set-
ting up a remappings quite small comparedo copying.
However, subsequerdccesset® theremappedlatastruc-
ture areslower thanaccesset anarrayrestructuredsia
copying, becaus¢he memorycontrollermustre-translate
addressesnthe y and“gather”cachdinesfrom disjoint
regionsof physicalmemory Our costmodelaccountdor
this greateraccesdateng for remappeddatawhencon-
sideringwhichrestructuringoptimizationto apply; if ary.

3 Analytic Framework

To optimizeto a program,a compiler must performthe
following two steps. First, it decidesupona part of the
programto optimizeandaparticulartransformatiorio ap-
ply to it. Secondjt transformsthe programandveri es

thatthe transformatioreitherdoesnot changethe mean-
ing of the programor changest in a way thatis accept-
ableto theuser Baconetal. [1] comparéhe rst stepto a
blackart, becausdt is dif cult andpoorly understoodin

this sectionwe explorethis rst stepin thedomainof re-

structuringoptimizations.We presentanalyticcostmod-
elsfor eachof the optimizationsandanalyzetradeofs in

individual restructuringoptimizations,both qualitatvely

andquantitatvely. We shav why it might be bene cial to

considetthemin anintegratedmannerandpresent cost
framework that allows integratedrestructuringoptimiza-
tionsto beevaluated.

3.1 Modeling the Restructuring Strategies
3.1.1 BasicModel

We needcareful cost/bene tanalysisto determinewhen
compileroptimizationamaybepro tably appliedbecause
nding thebestchoicevia detailedsimulationor hardware
measuremenis time-consumingndexpensve. We have
developedananalyticmodelto estimatehememorycosts
of applicationsat compiletime. Like McKinley, Carrand
Tseng[11], we estimatethe numberof cachelines ac-

cessedn theloop nests.

Thememorycostof asinglearrayreferencesayRg, in
aloop nestis directly proportionalto the numberof cache
lines accessedby it. Supposecls is the cacheline size
of the cacheclosestto memory stride is the distancein
elementdetweersuccessie accessew thisarray and f
is the fraction of the cachelines reusedfrom a previous

iterationof theinnermostoop. We estimatethe memory
costof asinglearrayreferenceR, to be:

loopTripCount

cls
ma)< stride’ 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 neglectthe(1 f) termwithout
introducingsigni cant inaccuraciegseeSectiond.3for a
discussiorof the limitations of our costmodel). For the
examplein Figure 1(a), the estimatednumberof cache
linesaccessety arrayX is E'\lcsls_l) by arrayV is EIN§

N+1°

MemoryCostRa) = 1 f) 1)

andby arrayU is N2

We estimatethe memorycostof aloop nestto be the
sumof the memorycostsof theindependenarrayrefer
encesin the nest. We de ne two array referencego be
independentf they accesdifferentcachelinesin each
iteration. This characterizatiofis necessaryo avoid over
countingcachelines. Thus,if both a[i][j] anda[i][j + 1]
arepresentwe considerthemasone. The costof aloop
nestdependn loopTripCount (the total numberof iter-
ationsof the nest) the spatialandtemporalocality of the
arrayreferenceghestrideof thearraysandthecachdine
size. We estimatethe memorycostof theit" loop nestin
theprogramto be:

MemoryCost.;) = a MemoryCosiRy)

a:independentRef

)

The memorycostof the entireprogramis estimatedas
thesumof thememorycostsof all theloop nests.If there
aren loop nestsn aprogramthenthe memorycostof the
programis:

n
MemoryCogfprogram) = & MemoryCos(;) 3)
i=1

For the examplecodein Figurel(a),thetotal memory
costis N3 (1+ o) +N+ s -

Thegoalof thecostmodelis to choosehecombination
of arrayandlooprestructuringoptimizationghathasmin-
imum memory costfor the entire program. We assume
thattherelative orderof memorycostsdeterminesherel-
ative rankingof executiontimes. The above formulation
of total memorycostof anapplicationasthe sumof the
memorycostsof individual loop nestsmakes animpor-
tantassumptiorn— the compilerwill know the numberof
timeseachloop nestexecutesandcancalculatethe loop
boundsof eachloop nestat compile-time. This assump-
tion holdsfor mary applications.In caseswvhereit does
nothold, we expectto be ableto make empiricalassump-
tionsaboutthefrequencie®f loop nests We alsoassume
thatthe cacheline sizeof the cacheclosestto memoryis
known to thecompiler



3.1.2 Modeling Loop Transformations

Whenwe consideronly loop transformationsthe recom-
mendationdrom our modelarethe sameasthoseof the
simpler modelby McKinley et al. [11]. However, their
approachdoesnot considerarrayrestructuring.We con-
siderthetotalmemorycostof theloop nestswhichallows
usto comparethe costof loop transformationswvith that
of independenbptimizationssuchasarrayrestructuring.

3.1.3 Modeling Array Restructuring

Thecostof arrayrestructurings thesumof theinitial cost
of creatingthe new arrayandthat of the optimizedloop
nest.In addition,thereis the costof updatingthe original
arrayif thenew arraywasmodi ed. The costof setupis
the sumof the memorycostsof theoriginal arrayandthe
new arrayin the setuploop.

MemoryCosiCopyingSetup=
newArrayStride 1

ST ) @

OriginalArraySize (min( als

In Figure1(C), the memorycost of creatingarray cX

in the setuploop is —I_ and the memory cost of
max( N1 l)

array X in the setuploop is EI§' Thus,the setupcostof
creatingarraycX is3N?2 (1+ 1) if (N+ 1) > cls, which
is usuallythecase.Thecalculationfor arraycW is similar.

The costof the optimizedarray referencein the loop
nestis:

MemoryCostrestructuedRefeence =

loopTripCount
pip cls

()

Thecostof theloop nestwith optimizedreferencesgX
andoW, is (2N3+ N2+ N). Array restructurings
expectedo %e pro table if:

MemoryCosgfcopyingSetup+
MemoryCogtrestructuedRefeence

< MemoryCodforiginalRefeence (6)

For thisexample thetotal costof thearray restructured

program(assumingcls = 16) |s(N + 6?’; + %), while

the costof the original programis (17N + N+ N?). The

latteris largerfor almostall N, andsoarrayrestructuring

is assumedo be alwayspro table for this particularloop
nest.Simulationresultsbearthis decisionout.

3.1.4 Modeling Remapping-basedRestructuring

When using remapping-basetlardware support,we can
no longer model the memory costsof an applicationas
beingdirectly proportionalto the numberof cachelines
accessedginceall cachdine lls nolongerincurthesame
cost.Cachdine lls toremappedddressesndegoafur-
ther level of translationat the memorycontroller, asex-
plainedin Section2.3. After translationthe correspond-
ing physicaladdresseseednotbesequentialandthusthe
costof gatheringa remappectacheline dependson the
strideof thearray the cacheline sizeof the cacheclosest
to memory andtheef ciency of theDRAM schedulerTo
accommodat¢his variancein cacheline gatheringcosts,
we modelthe total memorycostof anapplicationaspro-
portionalto the numberof cachelines gatheredimesthe
costof gatheringthe cacheline. The costof gathering
a normalcacheline, G, is x ed,andthe costof gather
ing aremappedacheline, G, is x edfor agivenstride.
We useda seriesof microbenchmark$o computeatable
of G; valuesindexed by stride that we consultto deter
mine the costof gatheringa remappedacheline. Thus,
if aprogramaccessen; hormalcachdines,n; remapped
cachelines remappedwith strides;, np remappecdtache
linesremappedvith strides,, andsoon, thenthememory
costof the programis modeledas:

Gc+é n;

MemoryCosfprogram) = n¢ Gi(s) (1)

The overheadcostsinvolvedin remapping-basedrray
restructuringncludethe costof remappingsetup thecost
of updatingthe memorycontroller, andthe costof cache

ushes. Theinitial costof settingup aremappinghrough
the mapshadowcall is dominatedby the costof setting
up the pagetableto cachevirtual-to-physicalmappings.
The size of the pagetable dependson the numberof el-
ementsthat are to be remapped.We modelthis costas
K1 #elementsdBeRemappedUpdatingthe remapping
information prior to enteringthe innermostloop every
time usingthe remapshadowsystemcall incursa x ed
cost,which we modelasK;. We alsomodelthe costsof
ushing asbeingproportionalko thenumberof cachelines
ushed wherethe constantof proportionalityis K3. We
have empirically estimatedheseconstantaising micro-
benchmarks.

The memorycostof anarrayreferenceoptimizedwith
remappingsupports:

MemoryCostremappedRefence =
loopTripCount 1 0

cls

Gy (stride)
ma)( trla ) )

8)



MemoryCostnormalRefeznce =
loopTri
oopTripCount 1 f

cls
max stride’ 1

Ge 9)

In summary multiplying the numberof cachelines
gatheredby the costof gatheringthe cachelines makes
remapping-basedarray restructuring comparablewith
pure software transformationsuchas copying-basedar
ray restructuringandloop transformations.

Returningto our examplein Figure 1(d), the memory
costof arrayrX is 1—16 N3 G, whereG, is basednthe
stride(N + 1). Thetotal costof remapping-basegkstruc-
turingis (& (N3+2N2) Ge+4 N° Gr+Kp 3N2+
Ko N2+Ksz N3). Thisislessthantheoriginal programs
memory costand thus remapping-basedestructuringis
correctlyassumedo bepro table for this example.

3.2

By integratedrestructuringwe meantwo things. First, the
individual restructuringoptimizationscanbecombinedo
optimizean applicationin complementaryvays. For ex-
ample,we could combineloop permutation)oop fusion,
andcopying-basedrrayrestructuringo optimizeonesin-
gle loop nest.Secondwe shouldbe ableto selectagood
combinationof restructuringoptimizationsfrom thelegal

Integrated Restructuring

double UN, V[N, WN [N, X[3NI[N];
doubl e cX[ 4N [ N ;
for(i=0;i<3*N;i++)
for(j=0;j<Nj++)
eX[i-j+NI[j1=Xi][il;
for(j=0;j<Nj++)
for(i=0;i<Ni-++)
for (k=0; k<N; k++)
UK +=VIi ] +W T[] +cX[i+] +NJ [Kk];

Figure3: ir _kernel optimizedby a combinatiorof loop permu-
tationandcopying-basedarrayrestructuring.

optimizationsachievesarrayorderfor all referencesand
incursonly the setupcostof creatingcX (W is alreadyin
arrayorderafterloop transformation)Integratedrestruc-
turingdeliversslightly betterperformancehaneitherloop
or arrayrestructuringalonefor this example(seeTable3).

The sameloop nestcanbe optimizedusingloop trans-
formationwith remapping-basetestructuring(L+R), in
which casethe loop transformatiorwould bring arrayW
into arrayorder, andarrayX would beremappedo rX, as
in Figurel1(d).

In general selectingthe optimal setof transformations
is anon-trivial problem.Findingthe combinationof loop
fusion optimizationsalonefor optimal temporallocality
hasbeenshavn to be NP-hard[6]. The problemof nd-
ing the optimal datalayout betweendifferentphasef a

optionsgiventhe applicationandits inputs. Researchers programhasalsobeenprovento beNP-completd7]. Asa

have providedheuristics-dwenalgorithmsfor combining
loop andarrayrestructuring3, 5] but therehasnot been
ary work on providing aframework for choosingheright
set of optimizationsamongrestructuringoptimizations.
Our cost model framework for selectingthe right com-
binationof restructuringoptimizationsis basedon Equa-
tions 1 — 9. Theseequationsallow usto decidewhich
optimizationto choosefor a given applicationandinput
size.

Loop transformatiorincursno run-time costsandthus
is theoptimizationof choicewhenit succeeds rendering
all referenceén arrayorder In thepresencef con icting
arrayaccesgatternshowever, loop transformationgan-
notimprovethelocality of all arrays.In suchcasesarray
restructuringcanbe appliedto individual referenceghat
lack the desiredlocality. The choiceof whatloop trans-
formationto usemightthereforedependnwhicharray(s)
arecheapeto restructure.

We analyzethe exampleloop nestin Figurel(a)to see

whetherintegratedrestructuringimproves performance.

Recallthatloop transformatiorcould notimprove thelo-
cality of arrayX, andarrayrestructuringncurredthecosts
of creatingthe arrayscX andcW throughcopying. Con-
sider the integrated restructuringoptimization that per
mutesthe loop nestinto jik orderandusesarrayrestruc-
turing to improve thelocality of X. This combinationof

result,researchersave usedheuristicgo make integrated
restructuringractable Our analyticalcostframewnork can
helpevaluatevariousoptimizations andwe shaw laterin
ourresultsthatthecostmodeldrivenoptimizationscomes
closerto bestpossibleperformancehanary x ed opti-
mizationstrateyy.

4 Evaluation

To performour studies,we usedURSIM, an execution-
drivensimulatorderivedfrom RSIM [13]. URSIM mod-
elsin detaila microprocessosimilarto a MIPS R10000,
a split-transactionMIPS R10000 bus that supportsa
snhooyy coherenc@rotocol,andthelmpulsememorycon-
troller[12]. Theprocessomodeleds four-wayissue put-
of-order, andsuperscalawith a 64-entryinstructionwin-
dow. The L1l datacacheis 32KB, non-blocking,write-
back, virtually indexed, physically tagged,two-way as-
sociatve, with 32-bytelines andhasa one-gcle lateng.
The L2 datacacheis 512KB non-blocking,write-back,
physically indexed, physically tagged,two-way set as-
sociative, with 128-bytelines and hasan eight-gscle la-
teng. The instructioncacheis assumedo be perfect.
The TLB mapsboth instructionsand data, has 128 en-
tries,andis single-gcle, fully associatie, andsoftware-



managedThebusmultiplexesaddresseanddata,is eight
byteswide, and hasa three-gcle arbitrationdelay and
a one-g/cle turn-aroundtime. The systembus, memory
controller andDRAMs all runatone-thirdthe CPUclock

rate. The memorysupportscritical word rst andreturns
thecritical quad-wordfor aloadrequestl6 buscyclesaf-

terthecorrespondind.2 cachemiss. Thememorysystem
modelseight banks, pairs of which sharean eight-byte
wide busbetweerDRAM andthe MMC.

4.1 Benchmarks

To evaluatethe performancef our cost-modeUrivenin-
tegration strateyy, we studiedeight benchmarksusedin
previousstudiesof loop and/ordatarestructuring Four of
the benchmarkshatwe consideredmatmult syr2k ex1,
andtheir _kernelwe discussedkarlierin Section2) have
beenstudiedpreviously in the context of datarestructur
ing —theformertwo by Leungetal. [8] andthelattertwo
by Kandemiret al. [5]. Threeotherapplications- btrix,
vpenta cfft2d— areNAS kernelsthathave beenevaluated
in the context of both dataandloop restructuringn iso-
lation [5, 8, 11]. Finally, kernel6is the sixth Livermore
kernel.

Table 2 shavs which optimizations we considered
for eachbenchmark. The optimization candidatesare

Application| €| R| L | L+C | L+R
matmult Ll [ N N
syr2k Sl L IN N o
vpenta T T -
b?rix PP o
[a} [a}
cfft2d z z o ol ol
ex1 L L Ld L L
ir _kernel PP—P P P
- p—P
kernel6 | | |

Table2: Benchmarksuiteandcandidategor the optimization
choices.

the geometricmeanspeedupbtainedfor eachoptimiza-
tion comparedo the baselinebenchmarlover the range
of input sizes. In additionto the performanceobtained
by applyingonly a staticoptimizationperbenchmarkwe
alsopresenthe resultsobtainedwhenour costmodelis
usedto selectdynamicallywhich optimizationto perform
for agiveninputsize(CM-dri ven) andthe post-factobest
optimizationselectiorfor eachinputsize(Bes)). Werefer
to bestperformanceasthatresultingfrom makingthebest
choicesamongthe optimizationswe consider

As canbe seenfrom Table 3, CM-driven optimization
obtainsan averageof 94.9%o0f the bestpossiblespeedup

copying-basedarray restructuringC), remapping-based (1.68 versus1.77), whereasthe bestsingle optimization

restructuringR), loop transformationd(), a combina-
tion of loop and copying-basedestructuring+C), and
a combinaﬁionof loop and remapping-basedestructur
ing(L+R). " indicateghatthe optimizationwaspossible,
N indicatesthat the optimizationwas not needed.and |
indicatesthat the optimizationwas eitherillegal or inap-
plicable. In our study we hand-codedill optimizations;
work is ongoingto addour costmodelto the Scalecom-
piler [16] to automatethe transformations.We ran each
benchmarkor tendifferentinput sizes,with the smallest
input sizetypically just tting into theL2 cache.When-
ever therewere several choicesfor a singlerestructuring
stratgyy, we chosethe bestoption. In otherwords, the
resultsthat we reportfor L is for the bestloop transfor
mation( loop permutationfusion,distributionor reversal)
amongtheonesveimplementedSimilarly, theresultsfor
L+R is for the bestcombinationof loop andremapping-
basedarrayrestructuringhatwe implemented.

4.2 Results

In this section,we brie y analyzeeachbenchmarkand
validatetheeffectivenes®f our costmodel. We reportthe
resultsof our experimentdn Table3. For eachinputsize,
we simulatethe performanceof the base(unoptimized)
benchmarkandthe bestoptimizedversionfor eachcan-
didateoptimization. Our primary performancemetric is

(in this case copying-basedarrayrestructuringbtained
only 77.0% of the best possiblespeedup(1.35 versus
1.77).Thereasorfor thegoodperformancef costmodel
driven optimizationis that the bestoptimizationstratey
is highly applicationand input dependent.Even within
the samebenchmarkthe bestchoiceis dependenbn the
size of the input data. For example,in syr2k the cost-
modelwas able to pick betweenC and L+R and got a
higherspeedurg1.88)thaneitherC or L+R (i.e. it picked
C whenL+R wasbad,andvice-versa).Overall, for most
of the benchmarkspur costmodelwas usually able to
selectthe correctstratgy to employ, andwhenit failed
to pick the beststratay, the choiceit madewasgenerally
very closeto the post-factobestchoiceamongtherestruc-
turing optimizations. To betterunderstanavhy the cost
modelworkedwell in mostcasesandpoorlyin afew, we
will discusseachbenchmarlprogramin turn.

matmult: matmultinvolvesmultiplying aN by M ma-
trix by anM by L matrix to getthe productmatrix. One
array is walked by columnsand thesestrided accesses
incur high TLB and cachemisses. Remapping-basedr
copying-basedarrayrestructuringcanbe usedto getunit
stridedaccesdor this array This is the only application
for which loop permutatioraloneis sufcient to achieve
unit stridefor all arraysin the loop nest. While arrayre-
structuringmprovestheperformancef matmulf loopre-
structuringcan do so with lower setupcosts. Our cost



Application C R L | L+C | L+R | CM—driven | Best
matmult 126|124 134 - - 134 | 1.46
syr2k 1.71| 0.75 - - | 1.56 1.88 | 2.00
vpenta 0.60| 1.12 | 1.47 -| 161 154 | 1.65
btrix 1.49 - | 1.72| 1.67| 1.47 1.72] 1.80
cfft2d 2.77 | 2.90 - - - 290 | 291
ex1 153| 0.71| 0.66| 0.76 | 0.43 153 | 1.53
ir_kernel 1.07| 126|096 | 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 |

Table 3: Meanspeedumbtainedwheneachof thesechoiceswereheld x edfor all inputs, the cost-modeHbriven speedupand

thebestpossiblespeedup.

model recognizecthis situationand recommendedoop
permutationover the otherchoices. Thoughloop permu-
tationwasthe bestchoicefor a majority of casesgon ict
missesausedemappingo bebetterfor somedatasizes.
Sincecon ict missesarenot modeledthe costmodelin-
correctlyrecommendetbop permutatiorfor suchcases,
andachieveda lower speedughanthe bestpossibleone.

syr2k: The syr2ksubroutinefrom the BLAS library is
a bandedmatrix calculationthat computesC = aATB+
aBTA+ C. ThearraysareN N matricesandthe width
of the bandin the matrix is b. The coreloop references
four arrayelementdrom differentrows andcolumnsdur-
ing eachiterationof theinnermostioop, which resultsin
poor cacheand TLB hit ratesfor the baselineprogram.
Datadependencasegatethepossibilityof usingloop per
mutation. We combineloop distribution and remapping-
basedarrayrestructuring(L+R) to optimizethis subrou-
tine. Copying-basedarrayrestructuring(C) is alsovery
effective at creatingsequentiabccespatterns.The num-
ber of accesse$o the elementsin the bandis O(Nb?).
Thus copying performswell for large bands,wherethe
x ed setupcostof copying (O(N?)) is amortizedby the
subsequenteuse andremappingperformswell for small
bands. The costmodelcorrectlyidenti ed this behaior
in most, but not all, cases.By correctly choosingwhen
to apply copying (C) andwhento choosecombinedoop
andremapping-baseckstructuringL+R), thecostmodel
drivenoptimizationsachievedbetterperformancehanei-
therin isolation.

vpenta: This benchmark accessed eight two-
dimensional arrays in seven loop nests with large
strides. Loop permutationwas usedto optimizethe two
most expensve loop nests. The remainingloop nests
had stridedaccessethatloop transformationgould not
optimize. For theremainingarrayreferencesvith strided
accesseswe consideredemapping-basedestructuring.
The cost model recommendationperformed4% worse
thana x edchoiceof L+R and9% worsethanbest. The

model did 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 underestimatethe potentialben-
e ts thatremappingcanachieze. A more sophisiticated
costmodelthat employed cachemiss equationd4] or a
similar mechanisnmightbeableto handlethis casemore
effectively.

btrix: The innermostloop was written to be vector
izable, and involves strided accessescrossfour four-
dimensionahrrays. The accesgatternof onearraycon-
icted with that of the otherthreearrays. As a result,
loop permutationalone could not bring all thesearrays
into arrayorder Therewere six non-olvious optimiza-
tion candidategtwo choicesof L+R, two L, oneeachfor
L+C, C) involving loop fusion, permutatiorandarrayre-
structuring.Our costmodelrecommendedopying-based
array restructuring(C). In contrast,Leung’s heuristics-
baseddecisionmodel recommendedhat copying-based
arrayrestructuringhot be done[8]. Our experimentsval-
idatedour costmodel,aswe obtainedwas a speedupof
49%despitethe overheadf copying.

Thoughthe costmodelframework correctly predicted
that array restructuringwould be bene cial, it correctly
predictedthat loop transformationsalone were the best
choicefor all experimentsbut one. The single mispre-
diction waswhenthe array dimensionsverea power-of-
2 which inducedmary con ict misses.Combiningloop
transformationsvith arrayrestructuringwas not asben-
e cial becausdhe overheadof creatingthe restructured
arraywashigherthanthe bene t derived.

cfft2d: This applicationimplementstwo dimensional
FFT. Previouswork on loop transformationslid not opti-
mizethis loop nestor reportedno performancemprove-
ment[11]. Dependenceonstraintsand imperfectloop
nestsmake loop transformationdnfeasible,but did not
preventcopying- or remapping-basedrrayrestructuring.



Lik e syr2k therelative performancef arrayrestructuring
andremapping-baseestructurings inputsizedependent
for cfft2d. The arraysizeswere O(N2), but eachelement
wastouchedO(N?logN) times. Thus, copying-basede-
structuring performsbestfor large data setswhere the
higherone-timecostof setup(O(N?)) is amortizedby the
lower costper acces§O(N?logN)). Conversely remap-
pingis preferablegfor smalldatasets.Our costmodelcor-
rectly predictedthis tradeof for mostcasesandobtained
aspeedupery closeto thebestpossible.

ex1: In this kernel, only two out of the six possible
loop permutationsverelegal. Loop permutatiorby itself
yieldedalmostno bene t, but it enableddatatransforma-
tionsthatarebene cial. We considered ve optimization
candidatedor thiskernel,C, R, L, L+R, L+C. Eight ex-
perimentswith differentvaluesof N (rangingfrom N=200
to N=500)wereperformed.Copying-basedarrayrestruc-
turing obtainsthe bestspeedupn eachcase.Remapping
hashigh lateng of gatheringcacheines,andcausedt to
not performwell. The costmodelsuccessfullypredicted
thebestoptimizationin all cases.

ir _kernel: As predictedfrom our earlierdiscussiona
combinationof loop transformatiorand datarestructur
ing resultsin the bestperformancdor their _kernel L+C
outperformsC, andL+R outperformsR in all casesBe-
tweenL+R and L+C, the former performedbetter but
the costmodelpredictedotherwise.The mainreasorfor
this mispredictionis againthe high incidenceof con ict
missesn L+C comparedo L+R. Thepenaltyfor thisin-
correctpredictionwas high and causeghe cost model's
recommendationt® be only 85% of Best

kernel6: This kernel is a generallinear recurrence
equationsolver. Therecurrenceelationmakesloop per
mutationillegal. We usedremapping-baseadndcopying-
basedarray restructuringto optimize this kernel. The
choice of whetherR or C is better dependedon the
amountof reusein theloop nest. We ran 22 experiments
with variousloop anddatasetsizes.Ourcostmodelaccu-
ratelychosethe bestoptimizationin 21 casesandevenin
the singlemispredictionthe performancevasvery close.
When we usedthe cost model to selectthe optimiza-
tionsto perform,we achievedan overall geometricmean
speedumf 1.99, whereaghe bestoverall meanspeedup
was2.00.In contrastapplyingremappingR) or copying
(C) exclusively resultsin anaveragespeedumf only 1.92
andl1.24,respectiely.

In summary we nd that quantifying the overheads
and accessesostsof the variousoptimizationsallowed
usto make gooddecisionsaboutwhich optimization(s}o
choose. The recommendationmadeby our costmodel
resultingin ameanoverall speedupvithin 5% of the best
combinatiorof optimizationghatwe consideredwhereas
thebestperformancdrom ary singleoptimizationchoice
was23% lessthanthe bestcombination.

4.3 Caveats

Our costframavork hasa numberof known inaccuracies;
improving its accuray is an areafor future work. First,
wedonotconsidetheimpactof ary optimizationon TLB
performanceFor someinputsizes,TLB effectscandwarf
cacheeffects, so addinga TLB modelin an interesting
openissue. Second,we do not considerthe impact of
lateng/-toleratingfeaturesof modernprocessorssuchas
hit-undermiss cachesand out-of-orderissueinstruction
pipelinesin our costmodel. This mayleadusto overes-
timatetheimpactof cachemisseson executiontime. For
example,multiple simultaneougachemisseghatcanbe
pipelinedin the memorysystemhave lessimpacton pro-
gramperformanceahan spreadout cachemisses but our
modelgivesthemequalweight. Third, we donotconsider
cacheeuse(i.e.,weestimated to bezero)or cachanter-
ference.We assumehat the costsof differentloop nests
areindependentandthusadditive. If thereis signi cant
inter-nestreuse pur modelwill overestimateéhe memory
costsand recommendan unnecessargptimization. We
donothaveaframeworkfor calculatingf, andwouldben-
et from aframavork suchascachemissequationgro-
posedby Ghoshetal. [4]. Similarly, not modelingcache
interferencecouldresultin themodelunderestimatinghe
memorycostsif therearesigni cant con ict missesn 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
frameawork that combinesloop permutationoop ssion
andloopdistribution. Thesecomputation-reorderingpti-
mizationsgenerallyreorderiterationsof aloop nestbased
on a modelof likely cachemissedfor variouscon gura-
tionsof theloop nests However, neitherof theseconsider
datatransformations.

LeungandZahorjan[9] introducearray restructuring,
a techniqueto improve locality of array-basedcienti c
applications.They do not proposea pro tability analysis
framework for determiningwhenthe optimizationshould
be applied.Insteadthey usea simpleheuristicthattakes
neitherthe size of the arraynor the loop boundsinto ac-
count. Consequentlytheir decisionsarealways x edfor
aparticularapplicationregardlesof input.

Cierniakand Li [3] proposea uni ed framawork for
optimizing locality combiningdataand control transfor
mations.Kandemiretal. [5] extendLi' s work by consid-
eringawider setof possibleloop transformationsThese
studiesconsidernly staticdatatransformationsandnei-
therperformsary cost/bene tanalysido decidetheappli-



cability of their optimizations. Our integratedoptimiza-
tion stratgyy considersdynamic data restructuringand
presenta generaframavork for pro tability analysis.
Saaedraet al. [15] develop a uniprocessqrmachine-
independeninodel(the Abstract Machine Mode)) of pro-
gram executionto characterizenachineand application
performanceandcanpredictwith goodaccurag therun-
ningtime of agivenbenchmarlonagivenmachine How-
ever, this work doesnot considerthe effectsof the mem-
ory subsystem. Saaedraand Smith [14] model mem-
ory and TLB costs, but they use publishedmiss ratio
dataratherthan estimatingcachemiss rates. Ghoshet
al. [4] introduceCacheMiss Equation CMES),aprecise
analyticalrepresentationf cachemissesin a loop nest.
CMEs have somedrawvbacksasthey alsocannothandle
multiple loop nests. However, they represent promis-
ing steptowardsbeingableto accuratelymodelthecache
behaiour of regular array accessesnd can be usedto
furtherenhancehe accurayg of ourmodel.

6 Conclusionsand Future Work

Thewideningprocessomemoryperformancegapmalkes

locality optimizationsincreasinglyimportant. Optimiza-

tionssuchasloop transformationsindarrayrestructuring
are effective, but do not have the samemileagein every

application. Past studieshave attemptedo integratethe

restructuringoptimizationsbut our work is the rst at-

temptto analyticallymodelthe costsandbene ts of inte-

gration. This paperdemonstratethatmodelingthe mem-

ory costsof applicationsas a whole allows us to com-

pare multiple locality optimizationsin the sameframe-

work. The accuray of our cost modelis encouraging,
givenits simplicity. This modelcanbe usedasthe ba-

sisfor awider integrationof locality stratgies,including

tiling, blocking,andotherloop transformations.

We also shav how hardware supportfor remapping
from anadaptablanemorycontrollercanbe usedto sup-
port datarestructuring. Suchhardware supportenables
more diversekinds of datarestructuringtechniques.In
generalwe make the casefor combiningthe bene ts of
software andhardware-basedestructuringoptimizations
in the bestpossiblemannerandprovide a framework for
reasoningaboutthe combinedeffectsof optimizations.
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