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Abstract
Efficientexploitationof temporal locality in thememory

accesseson array signalscanhavea very large impacton
thepowerconsumptionin embeddeddatadominatedappli-
cations. Theeffectiveuseof an optimizedcustommemory
hierarchyor a customizedsoftwarecontrolledmappingona
predefinedhierarchy, is crucial for this. Onlyrecentlyeffec-
tive systematictechniquesto deal with this specificdesign
stephavebegun to appear. They were still limited in their
exploration scope. In this paperwe introducean extended
formalizedmethodology basedon an analytical modelof
thedatareuseof a signal.Thecostparametersderivedfrom
this modeldefinethe search spaceto explore andallow us
to exploit themaximumdatareusepossible. Theresultis an
automateddesigntechniqueto find powerefficientmemory
hierarchiesandgeneratethecorrespondingoptimizedcode.

1. Intr oduction
Memoryhierarchydesignhasbeenintroducedlong ago

to improve the dataaccess(bandwidth)to match the in-
creasingperformanceof the CPU [8][24][23]. The well-
known idea of using memory hierarchyto minimise the
powerconsumption,is basedonthefactthatmemorypower
consumptiondependsprimarilyontheaccessfrequency and
the size of the memory [30]. Power savings can be ob-
tainedby accessingheavily useddatafrom smallermem-
oriesinsteadof from largebackgroundmemories.This can
becontrolledby hardwareasin a cachecontrollerbut then
only opportunitiesfor reuseareexploitedthatarebasedon
”local” accesslocality. Instead,alsoa compile-timeanaly-
sisandcodeoptimizationstagecanbeintroducedto arrive
at a ”global” datareuseexploitation acrossthe entirepro-
gram[6]. Sucha power-orientedoptimizationrequiresar-
chitecturaltransformationsthat consistof addinglayersof
memoriesof decreasingsizeto which frequentlyuseddata
will be copied,from which the datacanthenbe accessed.
This is shown in Fig. 1 for a simpleexamplefor all read
operationsto a given arrayA. The dotsrepresentthe rela-
tive time orderof the accessesto thearrayelement.It can
be seenthat, in this example,mostvaluesare readmulti-
ple times. Over a very large time-frameall datavaluesof
thearrayarereadfrom memory, andthereforethey have to
be storedin a large backgroundmemory. However, when
we look at smaller time-frames(indicatedby the vertical
dashedlines), we seethat only part of the datais needed
in eachtime-frame,so it would fit in a smaller, lesspower
consumingmemory. If thereis sufficient reuseof the data
in that time-frame,it canbeadvantageousto copy thedata
to a smallermemory, suchthatfrom thesecondusageon,a
dataelementcanbereadfrom thesmallermemoryinstead

for i = 0 to n {
    for j = 0 to 2 {
        for k = 1 to 6 {
            ... = A[i*4 + k];
            }
        }
    } time
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Figure 1. Exploiting data reuse local in time
to save power.

of the largermemory, reducingthepower consumption.In
a hardwarecontrolledcacheall datawould be copiedthe
first time into the cacheand possiblyoverwritesexisting
data,basedonareplacementpolicy whichonly usesknowl-
edgeaboutpreviousaccesses.In contrast,in our approach
it is checkedat compile-timethat thenew datathatwill be
copiedhassufficient future reusepotentialto improve the
overall power cost, comparedto leaving existing dataor
copying otherdata. This analysisis performednot for en-
tire arraysonly but alsofor uniformly accessedsub-arrays
of data.So,efficient memoryhierarchymappinghasto in-
troducecopiesof datafrom larger to smallermemoriesin
theDataFlow Graph(DFG).Thismeansthatatrade-off ex-
istshere:on theonehand,powerconsumptionis decreased
becausedatais now readmostly from smallermemories,
while on the other hand,power consumptionis increased
becauseextra memorytransfersareintroduced.Moreover,
addinganotherlayerof hierarchy(in a custommemoryor-
ganisationcontext) can alsohave a negative effect on the
memorysizeandinterconnectcost,andasa consequence
alsoon the power. It is the taskof the datareusedecision
stepto find a setof goodsolutionsfor thesetrade-offs [5].
This is requiredfor a customhierarchy, but also for effi-
ciently usinga predefinedmemoryhierarchywith software
cachecontrol, whereonehasthe designfreedomto copy
dataatseveralmomentswith differentcopy sizes[6]. In the
latter case,severalof the virtual layersin theglobal copy-
candidatechainof Fig. 2 (seefurther) canbe collapsedto
matchtheavailablememorylayers.

2. RelatedWork
The main relatedwork to this problemlies in the par-

allel compilerarea,especiallyrelatedto the cachehierar-
chy itself. Many papershave focusedon introducingmore
accesslocality by meansof loop transformations(seee.g.
[16][2][19][15] [7]). That literature is however comple-
mentaryto the work presentedhere: it forms only an en-
abling step. The techniquesproposedthereon cacheex-
ploitation arenot resultingyet in any formalisablemethod
to guide the memory organisationissuesthat can be ex-



ploited at compile-time. In mostwork on parallelMIMD
processors,theemphasisin termsof storagehierarchyhas
beenon hardwaremechanismsbasedon cachecoherence
protocols [18]. Someapproachesaddressthe hierarchi-
cal dataorganisationin processorsfor programswith loop
nests,e.g. a quantitative approachbasedon approximate
life-time window calculationsto determineregisteralloca-
tion andcacheusage[7]. The main focusis on CPU per-
formanceimprovementthoughand not directly on mem-
ory relatedenergy andmemorysizecostor trade-off anal-
ysis. Also in an embeddedsystemsynthesiscontext, ap-
plying transformationsto improvethecacheusagehasbeen
addressed[13][22][10]. None of theseapproachesdeter-
mine the bestmemoryhierarchyorganisationfor a given
applicationandthey donot directlyaddressthepowercost.
An analysisof memoryhierarchychoicesbasedon statisti-
cal informationto reachagiventhroughputexpectationhas
beendiscussed[9]. More recently, dynamicmanagement
of a scratch-padmemoryfor temporalandspatialreusehas
beenaddressed[11]. In the hardwarerealizationcontext,
much less work has beenperformed,mainly orientedto
memoryallocation[17][25][1][26][4]. The impact of the
data reuseexploration step turns out to be very large in
theentiremethodologyfor power reduction.This hasbeen
demonstratedfor a H.263videodecoder[21], a motiones-
timationapplication[6] anda 3D imagereconstructional-
gorithm[28].
At IMEC, a formalizedmethodologyfor datareuseexplo-
ration [6] hasbeendevelopedas part of the ATOMIUM
script[5] for datatransferandstorageexploration(DTSE).
Thatmethodologywassystematicandmanuallyapplicable
but not directly implementablein a fully automatedtool.
Moreover, it hasrestrictionson the actualdatareusebe-
haviour thatcanbehandled.In [29] somevital costparam-
eterswere introducedto describea morecompletesearch
spacethan[6]. The relationshipbetweentheseparameters
andthecostfunction for power andmemorysizewereex-
plored,andheuristicswereproposedto steerthesearchfor
agoodsolution.However, asimulation-basedapproachwas
used,which is notyetapplicablefor applicationswith large
loop nests. In this paperwe will formalize this extended
searchspaceby introducingananalyticalmodelfor thecost
parametersasa functionof the index expressionsandloop
bounds.Thisavoidslongsimulationtimesandmoreimpor-
tantly, it will now bepossibleto identifyexactlywhicharray
elementshave to be copiedto a sub-level for optimal data
reuse. This leadsto a fully automatabledesigntechnique
for all loop-dominatedapplicationsto find optimalmemory
hierarchiesandgeneratethecorrespondingoptimizedcode.
This is novel andour main contribution in this paper. The
restof this paperis organizedasfollows. In Section3 we
give a short overview of the DTSE stepsand a summary
of thebasiccostfunctionsto evaluatea possiblehierarchy.
Section4 givessomeresultsfor a motionestimationexam-
ple whensimulatingthesearchspacefor thedifferentcost
parameters.Section5 thenpresentsamodelto describethe
datareuseof arrayelementsin ananalyticalway. Thedata
reuserelatedcostparametersarederived from this model
in Section6, andresultsfor motionestimationanda more
complex test-vehiclearegiven.Section7 concludesthepa-
per.

3. Basicconcepts

To clarify thefunctionof thedatareusestepin thecom-
plete methodology, we presenta quick overview of the
DTSEsteps[5] we assumeareappliedbeforeandafter.
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Figure 2. Copy-candidate chain with memor y
sizes A j , data reuse factor s FRj and number of
writes Cj .

1. For thespecificstepaddressedin this paper, we assume
thecodehasbeenpre-processedto singleassignmentcode,
whereevery arrayvaluecanonly be written oncebut read
severaltimes.A pre-processingstepin ouroverallapproach
allows to achieve this systematically[5]. This makes the
furtheranalysismucheasier.
2. We assumethe codehasbeentransformedto optimize
thedatalocality duringapreviousdataflowandlooptrans-
formationstep. A certainfreedomin loop nestorderingis
still availableafterthis step.
3. During the data reusestepwe determinethe optimal
memory hierarchycost for eachof the signalsand each
loopnestorderingseparately. A globaldecisionoptimizing
the total memoryhierarchyincluding all signals,will then
betakenin asubsequentglobalhierarchy layer assignment
step.
4. In thestoragecyclebudgetdistribution (SCBD)step,the
bandwidth/latency requirementsand the balancingof the
availablecycle budgetover the differentmemoryaccesses
in thealgorithmicspecificationaredetermined.
5. The goal of the memoryallocation and assignment
(MAA) stepis, given the cycle budget,to allocatememory
unitsandportsfrom amemorylibrary andto assignthedata
to thebestsuitedmemoryunits.
6. The inplacemappingstepexploits the limited life-time
of signalsto furtherdecreasethestoragesizerequirements.

Definition of data reusefactor

Theusefulnessof amemoryhierarchy,especiallyif it is cus-
tomizedto theapplicationasproposedin [6][29], isstrongly
relatedto thesignalreusability, becausethis is whatdeter-
minestheratiobetweenthenumberof readoperationsfrom
a copy of a signalin a smallermemory, andthenumberof
readoperationsfrom thesignalin thelargermemoryon the
higherhierarchicallevel.

In Fig. 2 agenericcopy-candidatechainis shown where
for eachlevel j, wecandetermineamemorysizeA j , anum-
ber of writes to the level Cj (equalto the numberof reads
from level (j-1)) anda datareusefactorFRj definedas

FRj % Ctot

Cj & (1)

Ctot is the total numberof readsfrom the signal in the
lowest level in the hierarchy. This is a constantindepen-
dentof the introducedcopy candidatechain. The number
of writesCj is a constantfor level j, independentfrom the
presenceof otherlevelsin thehierarchy. As a consequence
wecandetermineFRj asthefractionof thenumberof reads
from level j to thenumberof writesto level j, asit wouldbe
theonly sub-level in thehierarchy. If FRj equals1 or is too
low (dependentonthepowermodelsof thememoriesin the
different layers), this sub-level is uselessand would even
leadto an increaseof memorysizeandpower, becausethe



numberof readoperationsfrom level (j-1) wouldremainun-
changedwhile thedataalsohasto bestoredandreadfrom
level j. Sothesecasesareprunedfrom thesearchspace.

Cost functions

Let Pj ' Nbits ( Nwords ( Faccess) be the power function for read
andwrite operationsto a level j in a copy-candidatechain,
which dependson the estimatedsizeandbit-width of the
final memory, aswell asontherealaccessfrequency Faccess
correspondingto the array signals,which is obtainedby
multiplying the numberof memoryaccessesper framefor
a givensignalwith the framerateFf rame of theapplication
(this is not theclock frequency). Thetotal costfunctionfor
acopy-candidatechainwith n sub-levelsis definedas:

Fc % α
n

∑
j * 0

Pj + Nbits , Nwords , Faccess-�. β
n

∑
j * 1

A j + Nbits , Nwords - (2)

Hereα andβ areweighingfactorsfor Memorysize/Power
trade-offs. Whenwe definePr

j andPw
j as the power con-

sumptionfor respectively readandwrite operationsto level
j at framerateFf rame, the following expressionfor the to-
tal power costfor a completecopy candidatechaincanbe
deduced:

n

∑
j * 0

Pj +�-/% C1 + Pr
0 . Pw

1 -�. C2 + Pr
1 . Pw

2 -�.1020203. Ctot + Pr
n -% Ctot 4 n 5 1

∑
j * 1
+ 1
FRj

+ Pr
j 5 1 . Pw

j -�-�. Pr
n 6 (3)

From equation(3) we learn that smallermemorysizes

A j , which reducePr 7 w8
j , andhigherdatareusefactorsFRj

reducethetotalpowercostof acopy candidatechain.

4. Simulation of power and memory sizecost
In [29] a numberof parameterswereintroducedwhich

definethe searchspacefor a certaincopy-candidate.First
of all thedatareusedependencies(DRD) determineduring
which subsequentaccessesa certaindataelementis keptin
a copy-candidateof the hierarchy. This fixes the number
of transfersbetweenthe differentlevels, thusalsothe data
reusefactorsFRj . For a fixed memorysizeA j the highest
possibledatareusefactoris reachedby applyingBelady’s
optimalreplacementstrategy [3]. Whendatais loadedear-
lier thanneeded,thememorysizeof thecopy-candidatecan
increase.So,the timing of thetransfers is a secondparam-
eterwhich influencesthememorysizeandpower costof a
copy-candidate.However, whenthesetimings arechosen
accordingto the iterationtime-frames,this generallyleads
to moreregularprograms.A cleartrade-off is presenthere.
Thetiming of thecopieswill befixedin a subsequentstor-
age cyclebudget distribution (SCBD) step[5]. For evalu-
ating the cost functions(2) and(3), the memorysizecost
provided by Beladycanbe usedasa lower bound. More
realisticupperandlowerboundson sizesfor singleassign-
mentcodecanbeproducedby a system-level memorysize
estimationtool basedon [12].

Motion estimation: Simulation results

With our simulationprototypetool, we explore the search
spacefor accessesto one signal in nestedloops [29]. It
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for (i1=0;i1<H/n; i1++) /*Vert. CB counter*/
for (i2=0; i2<W/n; i2++) 9 /*Horz. CB counter*/

∆opt[i1][i2] = +∞;
for (i3=-m; i3<m; i3++) /*Vert. in RW*/

for (i4=-m; i4<m; i4++) 9 /*Horz. in RW*/
∆ = 0;
for (i5=0; i5<n; i5++) /*Horz. in CB*/

for (i6=0; i6<n; i6++) 9 /*Vert. in CB*/
∆ += ABS(New[i1*n+i5][i2*n+i6]

- Old[i1*n+i3+i5][i2*n+i4+i6]);:
∆opt[i1][i2] = MIN(∆, ∆opt[i1][i2]);::
Figure 3. Motion estimation kernel.

generatesa datareusefactorcurveandpower-memorysize
trade-off curve (which is called a Paretocurve in mathe-
matics)for differentlevelswhenoptimalreplacementis as-
sumed. A goodsolutionshouldbe chosenon this Pareto
curve becauseall pointsabove it aresuboptimalandbelow
only infeasiblepointsexist. We show herethe resultsfor
theOld framein a”full-searchfull-pixel” motionestimation
kernel[14] usedin moving imagecompressionalgorithms.
It allows to estimatethe motion vectorof small blocksof
successive imageframes.Thealgorithmis shown in Fig. 3.
Thesimulationsweredonefor thefollowing parameterval-
ues:H=144,W=176,n=m=8.

In Fig. 4a the datareusefactor is shown asa function
of the copy-candidatesize. The maximum(average)reuse
factorof 209,5is obtainedat a sizeof 2745(A1) which is
about16 linesof theOld frame.This is themaximumreuse
for theiterationsin theouterloop. We alsoseeseveraldis-
continuitiesin the curve for smallercopy-candidatesizes
(A2 ; A4). Thesearethesizeswheremaximumreuseis ob-
tainedfor a subsetof inner loopsin thetotal loop nest.Us-
ing equation(3) a Paretocurve for power andmemorysize
is obtainedby consideringall possiblehierarchiescombin-
ing pointson thedatareusefactorcurve (SeeFig. 4b). The
choiceof the final hierarchydependson theweighingfac-
torsassignedto powerandmemorysizecostin equation(2).
Sinceweareusingproprietarymemorypowermodels,only
relative valuesaregiven,which arenormalisedto the cost
whenall accessesfor this signalareexternalmemoryac-
cesses.Nonetheless,theseresultsconfirm that the power
consumptioncanbe drasticallyreducedby introducingan
application-optimizedmemoryhierarchy. They alsoshow
that a trade-off exists betweenon-chip memorysize and
power.

5. Analytical model
Simulationis very time-consumingwhenlargeapplica-

tionsandsignalsizesareconsidered.Also, simulationdoes
notgiveclearinformationaboutwhichdatahasto becopied
to a smallercopy-candidateto reachthe computedpower
consumptionsavings.Thereforewehavedevelopedanana-



<=�> ?@�A B
C�D EF�G HI�J K
L�M NO�P QR�S T
U�V W X

Y Z []\ ^]_a` bac]d eafag hai]j k]lam n]o]pqsr

t u
v w
x y{z
| }a~{�

� � � � �{� � �a�{� � �{�a�{����

���]� ���������
���

 �¡ ¢¤£¦¥ §©¨ª�«­¬® ¯±°©²³´©µ¶´­·¸ ¹

º�»

¼¾½

Figure 4. Motion estimation: (a) Data reuse
factor for array Old[][] as a function of the
cop y-candidate size. (b) Power - memor y size
Pareto cur ve for array Old[][].

for (i=iL; i<=iU; i++)
...

for (j=jL; j<=jU; j++)
for (k=kL; k<=kU; k++)¿

... = A[a*i + ... + b*j + c*k + d];À
Figure 5. Generic nested loop with an access
to signal A.

lytical modelof thesignalaccesses,which is themaincon-
tributionof thispaper.

5.1. Application domain

A largeapplicationdomainis coveredwhenconsidering
accesseswith affineindex expressionsof the loop iterators.
A full mathematicalmodelwill be developedfor this. For
otherkind of expressionswe will rely on simulation. We
presentin this paperthe resultsfor an accessin the most
frequentlyoccurringcaseof an inner doublenestedloop
with fixedloopbounds.Theextensionto handlemoreinner
loopsof ahigher-dimensionalloopnestandnon-rectangular
accesspatternsarethe subjectof currentresearchandwill
bediscussedin a futurepaper. The genericloop nestcon-
sideredthroughoutthe following sectionsis presentedin
Fig 5. Analogousformulascanbe derived for decremen-
tal loops. The theorydescribedin this paperis easilyex-
tendedto loopswith incrementalstepsizeslargerthan1, by
(temporarily)transformingtheloopnestto a loop nestwith
a stepsizeequalto 1 andderiving the new formulasasa
functionof theoriginal stepsizes.

5.2. Data reusein the iteration space

Wewill analyzethedatareusein thetwo innerloops(j,k)
of Fig. 5 for oneiterationof thehigherlooplevels(i,...) ata
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Figure 6. Data Reuse in the iteration space .

time. Theindex expressionfor oneelementof signalA can
thenbe written asfollows, sincethe index expressionpart
relatedto thehigherloop level indicescanberegardedasa
constant:

y % b Ù j . c Ù k . constant% b Ù jtMIN . c Ù ktMIN . constant% b Ù jtMAX . c Ù ktMAX . constantÚ b Ù + jtMAX Û jtMIN -�Û c Ù + ktMIN Û ktMAX -Ü% 0 (4)

where ' jtMIN ( ktMIN ) and ' jtMAX ( ktMAX ) are the values
of the iteratorsrespectively the first time andlast time the
elementA[y] is accessed.Assumingnow integervaluesfor
b Ý 0andc Þ 0 1(analogousformulasfor b ß 0and/orc à 0can
bestraightforwardlyderivedin thesameway), thesolution
to equation(4) is:

jtMAX Û jtMIN % L Ù cá (5)

ktMIN Û ktMAX % L Ù bá (6)

cá % c
gcd+ b , c- , bá % b

gcd+ b , c- (7)

L % min4 + ktMIN Û kL - div + bá - , + jU Û jtMIN - div + cá - 6 (8)

A graphicalinterpretationis given in the (j,k) iteration
spacein Fig.6. Uniformly generateddatareusedependency
vectors[7] ' câ (ã; bâ ) connectthe iterationswhich reusethe
samedatainsidethe two inner loops. The gray zonecor-
respondsto iterations ' jtMIN ( ktMIN ) wherea dataelement
is accessedfor the first time. L is the numberof separate
datareusedependencieson theline connectingdifferentit-
erationsin the ' câ (ã; bâ ) direction.In thespecialcasewhere
both b andc areequalto 0, the index expressionis inde-
pendentof the valuesof j andk and the sameelementis
accessedin every iterationof the(j,k) iterationspace.

5.3. Multiple indices

The formulasgiven in the previous sectionsassumea
signalof onedimension.Considera n-dimensionalsignal
A ä y1 å ä y2 åçæ�æ�æ ä yn å whereyi è bi é j ê ci é k ê constanti. Then,
analogousto eq.(4) for onedimension,wehavethefollow-
ing systemof linearequations:

B %
ëììí b1 Û c1

b2 Û c2
...

...
bn Û cn

î ïïð B Ù�ñ jtMAX Û jtMIN
ktMIN Û ktMAX ò %

ëììí 0
0
...
0

î ïïð
1For b % 0 , c ó 0 : gcd+ b , c-�% c Ú bá % bô c % 0, cá = c/c= 1.



Theconditionfor anon-trivial (non-zero)solutionto this
systemandconsequentlytheconditionfor datareuseis

rank+ B-öõ 1 (9)

When rank(B)Þ 1, eachelementis accessedonly once
andno gain is possiblefrom datareuse.Whenrank(B)=1,
all non-zerorows of B result in the same(b’,c’) pair, and
theoriginal formulas(5)-(8) for a 1-dimensionalsignalcan
be applied. Rank(B)=0is againa specialcasewherethe
index expressionis independentof thevaluesof j andk and
thesameelementis accessedin every iterationof the (j,k)
iterationspace.

6. Derivation of data reuserelatedcostparam-
eters

In this sectionwewill derive formulasfor thedatareuse
factorFRj and a lower boundfor the copy-candidatesize
A j . This will allow us to generatepointson thedatareuse
factorcurve andthe power-memorysizeParetocurve (see
Section4 andFig. 4) in ananalyticalway. Given

jRANGE % jU Û jL . 1 (10)

kRANGE % kU Û kL . 1 , (11)

then reuse is only possible when + jRANGE ó cá - and+ kRANGE ó bá - (seeFig. 6), the formulasarederivedfor the
caseswheretheseconditionsholds. Therestof thesection
discusseswhichcopieshaveto bemadeto obtainthesesav-
ings, anda genericcodeimplementationtemplatewill be
given.

6.1. Maximum data reuse

First we derive the formulasfor maximumreuseinside
the(j,k) iterationspace.Thiscorrespondsto thefirst discon-
tinuity on the datareusefactorcurve (e.g. A4 on Fig. 4a).
Eachdataelementis writtenonceto thecopy-candidatebe-
fore the first readaccessand will be reusedthere for all
following readaccesses.
Data reusefactor

Thedomainof iterations' jtMIN ( ktMIN ) whereanelementis
accessedfor the first time (seethe gray zonein Fig. 6) is
subjectto thefollowing condition:+ ktMIN ÷�4 kU Û bá . 1 , kU 6 -�øù+ jtMIN ÷�4 jL , jL . cá Û 16 -

Themaximumdatareusefactor2 is thenequalto thetotal
numberof accessesdividedby thesizeof thedomainof first
accesses:

FRMax % Ctot

Ctot Û CR
(12)

with Ctot % jRANGE Ù kRANGE (13)

CR %ú+ jRANGE Û cá - Ù + kRANGE Û bá - (14)

Copy-candidatesize

We now have to determinewhich elementsarein thecopy-
candidateat eachtime instance. Theseare all elements
which have a read accessbefore and after this time in-
stance. We define a time instancet(j,k) as the time at

2For b=c=0,FRMax=Ctot =jRANGE*kRANGE.
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Figure 7. Copy-candidate size variation for
stead y state when (kRANGE Þ 2 é bâ ) and
( jRANGE Þ 2 é c

c
).

which the elementA[..+b*j+c*k+d] is accessed.An ele-
mentA ä æ�æ ê b é jp ê c é kp ê d å = A ä æ�æ ê b é jn ê c é kn ê d å ,
with two consecutive accessesat time instancest ' jp ( kp )
and t ' jn ( kn ) , is presentin the copy-candidateat time in-
stancet(j,k) if

t + jp , kp -^d t + j , k - õ t + jn , kn -
Working out this inequality resultsin four regions: an

elementA ä æ�æ ê b é jc ê c é kc ê d å is presentin the copy-
candidateat time instancet(j,k) if

I & jc ÷ 4max+ jL , j Û cá . 1- , min+ jU Û cá , j Û 1- 6
kc ÷�4 kL . bá , kU 6

I I & jc % j only i f + j e jL . cá -
kc ÷�4 k . 1 , kU Û bá 6

I I I & jc % j only i f + j õ jU Û cá -
kc ÷�4 kL . bá , k Û 16

IV & jc % j

kc % k

Region I representsthe elementswhich areaccessedin
at most (cá Û 1) previous j-iterationsand kept in the copy-
candidatefor future reuse. Region II consistsof the ele-
mentsusedin the following k-iterationsin the current j-
iterationandalreadyavailable in the copy-candidatefrom
iteration + j Û cá - . Region III containsthe elementsusedin
the previousk-iterationsin the current j-iteration andkept
in thecopy-candidatefor futurereuse.RegionIV represents
theelementaccessedin thecurrent (j,k)-iteration.

Themaximumof theneededcopy-candidatesizewill be
reachedfor valuesof j in steadystate,i.e. when + j e jL . cá -
and j õ jU Û cá - . Thecontributionof eachof thefour regions
I-IV to thecopy-candidatesizeasa functionof thevalueof
k is shown in Fig. 7. To not overloadthe paper, we have
omittedtheformulasfor thecaseswhere + bá d kRANGE d 2 Ù
bá - and/or + cá d jRANGE d 2 Ù cá - , whereboundaryeffectscome
into play. The maximumcopy-candidatesize3 neededfor
maximumdatareusethusbecomes

AMax % cá Ù + kRANGE Û bá - (15)

3For b=c=0,AMax=1.



int A sub[cp][kRANGE-bp];

for (i=iL; i<=iU; i++)9
...
for (j=jL; j<=jL+cp-1; j++) /* Initialization */

for (k=kL; k<=kU-bp; k++)
A sub[j%cp][k%(kRANGE-bp)] = A[a*i+...+b*j+c*k+d];

for (j=jL; j<=jU; j++)
for (k=kL; k<=kU; k++)9

if(k>kU-bp) /* Update */
A sub[j%cp][(((j-jL)/cp)*bp+k)%(kRANGE-bp)]

= A[a*i+...+b*j+c*k+d];

... = A sub[j%cp][(((j-jL)/cp)*bp+k)%(kRANGE-bp)];::
Figure 8. Generic code for the intr oduction
of a cop y-candidate with maxim um reuse and
optimal timings.

Codeimplementation template

Analyzingthe formulasderivedin section6.1,we cometo
thefollowing conclusions.In thecopy-candidate,we keep
theelementsaccessedin theprevious + cá Û 1- j-iterationsex-
ceptfor k ÷ 4 kL , kL . bá Û 16 (region I). In thecurrentj-iteration
weaccessthefirst bá elementsfor thelasttime,sothesecan
be overwrittenby the last bá elementswhich areaccessed
for the first time (regionsII-III-IV). This is alsovisible in
the variation of the copy-candidatesize in Fig. 7. From
the data reusedependency + cá , Û bá - we know that the ele-
mentsaccessedin the j and + j Û cá - iterationarepartly the
same,translatedby Û bá in the k direction. This resultsin
the genericcodeillustratedin Fig. 8 wherea copy A sub
of sizecá Ù + kRANGE Û bá - is introducedanda convenientre-
placementpolicy is implemented. The addressinglooks
rathercomplicated,but canbe linearizedandgreatlysim-
plified by the ADOPT tools [20] for addressoptimization,
a stagefollowing the DTSE stage. So we do not worry
yet about this complexity at this time. Also, the condi-
tional updatewill be moved out of the critical kernel by
theSCBDstepto allow for softwarepipelining. In fact, to
give the SCBD stepthe full freedomto schedulethe up-
datesat earliertime instances,we will generatea singleas-
signmentversionof this codeby enlarging thedimensions
of thecopy toA sub[cp][((jU-jL)/cp)*bp+kU+1] and
eliminatethe%(kRANGE-bp) partin theindex expressions.
TheSCBDcanthentradeoff a largerfinal copy-candidate
sizewith bettertimings for performance.The final copy-
candidatesizeandimplementationis determinedby the In-
placemappingstep[5] afterwards.

6.2. Partial data reusefor Pareto trade-offs

Until now we have only definedthepoint for maximum
reuseon the datareusefactorcurve (fig. 10). To enablea
goodpower-memorysizetrade-off, we needto definemore
pointson theParetocurve which alsoincludepartial reuse
in the(j,k) iterationspace.

Copy-candidatewithout bypass

An importantrequirementis that the solutionmustbe rel-
atively easyto implementin thedatamemoryspaceto not
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Figure 9. (a) Division of iteration space for
par tial reuse , (b) Hierarchy with and without
bypass for not-reused data.

makethecodetoocomplex for thesubsequentDTSEsteps.
We proposeto divide the iterationspacein two parts(see
Fig. 9(a)).Otherstrategiestradingoff powerefficiency and
codecomplexity arepossible,but areomittedheredueto
lackof space.Givenanintegerγ, + bá õ γ d kRANGE Û bá - , then
for the iterationswhere + k ó + kU Û γ Û bá -�- , we assumecom-
pletereuseof the accessedelements,for the otherthereis
noreuse.Thedatareusefactorandcopy candidatesizethen
become

FR + γ -ö% Ctot

Ctot Û CR + γ - (16)

with CR + γ -Ü% γ Ù + jRANGE Û cá - (17)

A + γ -ö% cá Ù γ . 1 (18)

Copy-candidatewith bypass

Sincepart of the data is not reused(Fig. 9(a)), it is not
useful at all to write this data to the intermediatecopy-
candidate,but insteadit canimmediatelybebypassedto the
next level asillustratedin Fig. 9(b). This informationwas
not availablewhenusingsimulation,sincethe actualdata
elementspresentin the copy-candidatewere not known.
Consequentlyno extra elementis neededfor the copiesof
the not-reusedelements.The formulasfor the datareuse
factorandcopy-candidatesizethenbecome:

F áR + γ - % Cátot

Cátot Û CR + γ - (19)

with Cátot %ú+ γ . bá - Ù jRANGE (20)

C”
tot % Ctot Û Cátot (21)

Aá + γ -Ü% cá Ù γ (22)

6.3. Test-vehicle: MPEG4 motion estimation

To analyzethe testvehiclesdescribedin this paper, we
developedabasicprototypetool whichcomputes,basedon
theloop andindex expressionparametersasinput, thedata
reusefactor and power/memorysize Pareto curve points
with andwithout bypass(with graphicaloutputusinggnu-
plot). Also, a templateis generatedfor the original and
transformedcodefor differentsolutionsin thesearchspace.
Theapplicationcodeis theneasily(manually)transformed
for a chosensolution basedon thesetemplates.The tool
will beextendedin thefuturefor automaticinputparameter
extractionandtransformationof thesourcecode.

We now apply the formulas for maximum and par-
tial reuse to the motion estimation kernel in Fig. 3
for the access to the Old array. The two inner
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Figure 10. Motion estimation, analyticall y
computed points for the inner (i4-i5-i6) loop
nest on: (a) The sim ulated data reuse factor
cur ve. (b) The sim ulated power-memor y size
Pareto cur ve.

loops (5)-(6) do not carry reuse since rank(B)=2
(see condition in equation (9)) for the index ex-
pression Old[..+1*i5+0*i6][..+0*i5+1*i6]
. So, each iteration in the (i5,i6) iteration space
corresponds to a different element of the Old ar-
ray. However, the (4)-(6) loop with index expression
Old[..+0*i4+1*i5+0*i6][..+1*i4+0*i5+1*i6]
carriesreusewith rank(B)=1, b’=1, c’=1. This reuseis
repeatedfor theelementsaccessedin eachiterationof loop
(5). To take this into account,the formula for the copy
candidatesizeis adaptedwith anadditionalfactorequalto
the rangeof loop (5) = n. Filling in equations(12)-(18),
this leadsto

FRMax % + 2 Ù m- Ù + n-+ 2 Ù m- Ù + n-�Û­+ 2 Ù m Û 1- Ù + n Û 1-
AMax % + n - Ù + 1- Ù + n Û 1-
FR + γ -þ% + 2 Ù m- Ù + n-+ 2 Ù m- Ù n Û γ Ù + 2 Ù m Û 1-
A + γ -þ% + n - Ù + 1- Ù γ . 1

Simulationshows that the obtaineddata reuseis very
closeto the theoreticallyoptimal datareusepossiblewith
thesecopy-candidatesizes4, asillustratedby the light gray
bulletsthatlie nearlyon thesimulatedcurve in Fig. 10.

Whenintroducingalsothebypassoption,thedatareuse
factoris increasedcomparedto thepreviousresultsandthe
powerconsumptionis reduced,asillustratedby thetriangle
pointsin Fig. 10. This makescopy-candidateswith partial
reusemuchmoreinterestingsolutionsfor implementation,

4At the cost of a very irregular accesspatternand thus a too huge
penaltyoncodesizeandI-cachemisses.
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Figure 11. SUSAN principle: (a) Combined
data reuse factor cur ve for image pix el ac-
cesses. (b) Combined power - memor y size
Pareto cur ve for image pix el accesses.

whenthereis not enoughmemoryspaceavailablefor max-
imum reuse. The genericcodein Fig. 8 is easilyadapted
to a partialreusecopy-candidate.Thecopy-candidateis re-
sizedtoA sub[cp][gamma] andaconditional(k > (kU-
gamma-bp)) is included to discernbetweencopieddata
andbypasseddata.

6.4. Test-vehicle: SUSANprinciple.

In this sectionwe show the resultsfor a morecomplex
test-vehicle. The SUSAN principle [27] is a basisfor al-
gorithmsto perform edgedetection,cornerdetectionand
structure-preservingimagenoisereduction. The imageis
accessedby moving a referencepixel in thehorizontaland
vertical direction,whereeachtime the differenceis com-
putedwith thesurroundingpixels lying on a circularmask
(seeFig. 11a). The original unfoldedpointer-basedloop
body first has been(manually) pre-processedto a series
of loops with different accessesto an array image. Each
of the accessesis handledseparately. However, the copy-
candidatesof accesseswith identicalindex expressionsare
merged. An approximatesolutionis found whena condi-
tional is presentin theloopbody, namelytheloopaccessing
themiddlerow of themaskis not executedfor theposition
wherethereferencepixel is located.

Again,theobtaineddatareusewithoutbypassis closeto
thesimulatedoptimaldatareusefactorcurveandafactorof
1,6 to 6 decreasein power consumptionis obtained(gray
bullets in Fig. 11). Introducinga bypassfor less reused
dataresultsin evenmorepower gain for thesmallercopy-
candidatesizes(gray trianglesin Fig. 11). To not overload
thegraphs,only thepointslying on thenew Paretocurvein
Fig. 11bareplotted.

Theseresultsclearlyshow thatthememoryaccesspower



consumptionof data-dominatedapplicationscanbedrasti-
cally reducedwith the proposedtechnique.The analytical
modelprovidesus with a way to identify exactly closeto
optimal copy-candidates,andeven morecost-effective so-
lutionsarefoundby introducinga bypass.

7. Conclusions
In this paperwe have introducedan extendedformal-

ized data reuseexploration methodologyto find optimal
memoryhierarchiesin termsof power consumption,trad-
ing off with the memory size cost. An exact analytical
modelfor thedatareuseof a signalaccessis proposed,and
we have shown that the costparametersderived from this
modelexploit almostthe maximumreusepossible,which
wasverifiedby comparingthemwith simulation-basedre-
sults.Moreover, by introducingabypassfor data,for which
thereis no reusein thesub-level, we canfurtherreducethe
power consumption.At the sametime the solutionsfound
are easily implemented,introducing a small overheadin
the code,which can be eliminatedby subsequentperfor-
manceand addressoptimizationsteps. The analysisand
subsequentcodegenerationarecompletelyautomatable.A
prototypetool hasbeendevelopedwhichsupportsthis tech-
nique.

Currently we are extending the model to characterize
multiple level hierarchies.
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