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Abstract

Efficientexploitation of tempoal locality in the memory
accessesn array signalscan havea verylarge impacton
thepowerconsumptiorin embeddediatadominatedappli-
cations. The effectiveuseof an optimizedcustommemory
hierarchyor a customizedoftwake controlled mappingona
predefinedierarchy, is crucial for this. Onlyrecentlyeffec-
tive systematidechniquesto deal with this specificdesign
stephavebegunto appear They were still limited in their
exploration scope In this paperwe introducean extended
formalizedmethodolgy basedon an analytical model of
thedatareuseof a signal. Thecostparametesderivedfrom
this modeldefinethe seach spaceto explore and allow us
to exploit the maximundatareusepossible Theresultis an
automatediesigntechniqueto find powerefiicientmemory
hierarchiesandgenertethecorrespondingptimizeccode

1. Intr oduction

Memory hierarchydesignhasbeenintroducediong ago
to improve the dataaccessbandwidth)to matchthe in-
creasingperformanceof the CPU [8][24][23]. The well-
known idea of using memory hierarchyto minimise the
powerconsumptionis basednthefactthatmemorypower
consumptiordependprimarily ontheaccesférequeng and
the size of the memory[30]. Power savings can be ob-
tainedby accessindheavily useddatafrom smallermem-
oriesinsteadof from large backgroundnemories.This can
be controlledby hardwareasin a cachecontrollerbut then
only opportunitiesfor reuseareexploited thatarebasedon
"local” accesdocality. Insteadalsoa compile-timeanaly-
sisandcodeoptimizationstagecanbe introducedto arrive
at a "global” datareuseexploitation acrossthe entire pro-
gram|[6]. Sucha power-orientedoptimizationrequiresar-
chitecturaltransformationsghat consistof addinglayersof
memoriesof decreasingizeto which frequentlyuseddata

will be copied,from which the datacanthenbe accessed.

This is showvn in Fig. 1 for a simple examplefor all read
operationgo a givenarrayA. The dotsrepresentherela-
tive time orderof the accesseto the arrayelement.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 smallertime-frames(indicatedby the vertical
dashedines), we seethat only part of the datais needed
in eachtime-frame,soit would fit in a smaller lesspower
consumingmemory If thereis sufficient reuseof the data
in thattime-frame,it canbe advantageouso copy the data
to asmallermemory suchthatfrom thesecondusageon, a
dataelementcanbe readfrom the smallermemoryinstead
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Figure 1. Exploiting data reuse local in time
to save power.

of the larger memory reducingthe power consumption.n
a hardware controlled cacheall datawould be copiedthe
first time into the cacheand possibly overwrites existing
data,basednareplacemenpolicy whichonly usesknowl-
edgeaboutpreviousaccessesln contrast,in our approach
it is checled at compile-timethatthe new datathatwill be
copiedhassuficient future reusepotentialto improve the
overall power cost, comparedto leaving existing dataor
copying otherdata. This analysisis performednot for en-
tire arraysonly but alsofor uniformly accessedub-arrays
of data. So, efficient memoryhierarchymappinghasto in-
troducecopiesof datafrom largerto smallermemoriesin
theDataFlow Graph(DFG). Thismeanghatatrade-of ex-
istshere:ontheonehand,power consumptioris decreased
becauseadatais now read mostly from smallermemories,
while on the other hand, power consumptionis increased
becausextra memorytransfersareintroduced.Moreover,
addinganotherayer of hierarchy(in a custommemoryor-
ganisationcontet) can also have a negative effect on the
memorysize and interconnectcost, and asa consequence
alsoon the power. It is thetaskof the datareusedecision
stepto find a setof goodsolutionsfor thesetrade-ofs [5].
This is requiredfor a customhierarchy but also for effi-
ciently usinga predefinednemoryhierarchywith software
cachecontrol, where one hasthe designfreedomto colgy
dataat severalmomentswith differentcopy sizeg[6]. In the
latter case several of the virtual layersin the global copy-
candidatechainof Fig. 2 (seefurther) canbe collapsedto
matchthe availablememorylayers.

2. Related Work

The main relatedwork to this problemlies in the par
allel compiler area,especiallyrelatedto the cachehierar
chy itself. Many papershave focusedon introducingmore
accesdocality by meansof loop transformationgseee.g.
[16][2][19][15] [7]). That literatureis however comple-
mentaryto the work presentechere: it forms only an en-
abling step. The techniquegproposedthere on cacheex-
ploitation arenot resultingyet in ary formalisablemethod
to guide the memory organisationissuesthat can be ex-



ploited at compile-time. In mostwork on parallel MIMD
processorsthe emphasisn termsof storagehierarchyhas
beenon hardware mechanism$asedon cachecoherence
protocols[18]. Some approachesaddressthe hierarchi-
cal dataorganisationin processorgor programswith loop
nests,e.g. a quantitatve approachbasedon approximate
life-time window calculationsto determineregisteralloca-
tion andcacheusage[7]. The mainfocusis on CPU per
formanceimprovementthough and not directly on mem-
ory relatedenegy andmemorysize costor trade-of anal-
ysis. Also in an embeddedsystemsynthesiscontet, ap-
plying transformationso improvethe cacheusagehasbeen
addressed13][22][10]. None of theseapproachesleter
mine the bestmemory hierarchyorganisationfor a given
applicationandthey donotdirectly addresthe power cost.
An analysisof memoryhierarchychoicesbasedon statisti-
calinformationto reacha giventhroughputexpectatiorhas
beendiscussed9]. More recently dynamic management
of a scratch-pagnemoryfor temporalandspatialreusehas
beenaddressedl11]. In the hardwarerealizationcontext,
much lesswork has beenperformed, mainly orientedto
memoryallocation[17][25][1][26][4]. The impactof the
datareuseexploration step turns out to be very large in
the entiremethodologyfor power reduction.This hasbeen
demonstratedbr a H.263videodecodef21], a motion es-
timation application[6] anda 3D imagereconstructioral-
gorithm|[28].

At IMEC, aformalizedmethodologyfor datareuseexplo-
ration [6] hasbeendevelopedas part of the ATOMIUM
script[5] for datatransferandstorageexploration(DTSE).
Thatmethodologywassystemati@andmanuallyapplicable
but not directly implementablen a fully automatedool.
Moreover, it hasrestrictionson the actual datareusebe-
haviour thatcanbe handled.In [29] somevital costparam-
eterswere introducedto describea more completesearch
spacethan[6]. Therelationshipbetweentheseparameters
andthe costfunctionfor power and memorysizewere ex-
plored,andheuristicswereproposedo steerthe searchfor
agoodsolution.However, asimulation-basedpproactwas
usedwhichis notyet applicablefor applicationswith large
loop nests. In this paperwe will formalize this extended
searctspaceby introducingananalyticalmodelfor thecost
parametergasa function of theindex expressionsandloop
bounds.Thisavoidslong simulationtimesandmoreimpor-
tantly, it will now bepossibleto identify exactlywhicharray
elementshave to be copiedto a sub-level for optimal data
reuse. This leadsto a lely automatabledesigntechnique
for all loop-dominatedipplicationgo find optimalmemory
hierarchiesandgeneratahe correspondingptimizedcode.
This is novel and our main contribution in this paper The
restof this paperis organizedasfollows. In Section3 we
give a shortovervien of the DTSE stepsand a summary
of the basiccostfunctionsto evaluatea possiblehierarchy
Section4 givessomeresultsfor a motion estimationexam-
ple whensimulatingthe searchspacefor the differentcost
parametersSection5 thenpresentsa modelto describehe
datareuseof arrayelementsn ananalyticalway. The data
reuserelatedcost parametersare derived from this model
in Section6, andresultsfor motion estimationanda more
comple test-ehiclearegiven. Section7 concludeghe pa-
per.

3. Basicconcepts

To clarify thefunction of the datareusestepin the com-
plete methodology we presenta quick overview of the
DTSEstepg5] we assumeareappliedbeforeandafter.
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Figure 2. Copy-candidate chain with memory
sizes Aj, data reuse factor s Frj and number of
writes Cj.

1. For the specificstepaddressecth this paper we assume
thecodehasbeenpre-processetb singleassignmentode,
whereevery arrayvaluecanonly be written oncebut read
severaltimes. A pre-processingtepin ouroverallapproach
allows to achieve this systematically{5]. This makesthe
furtheranalysismucheasier

2. We assumehe codehasbeentransformedo optimize
thedatalocality duringa previousdataflowandlooptrans-
formationstep. A certainfreedomin loop nestorderingis
still availableafterthis step.

3. During the data reusestepwe determinethe optimal
memory hierarchycost for eachof the signalsand each
loop nestorderingseparatelyA globaldecisionoptimizing
the total memoryhierarchyincluding all signals,will then
betakenin asubsequerglobal hierarchy layer assignment
step.

4. In the storage cyclebudgetdistribution (SCBD)step,the
bandwidth/lateng requirementsand the balancingof the
available cycle budgetover the differentmemoryaccesses
in thealgorithmicspecificatioraredetermined.

5. The goal of the memoryallocation and assignment
(MAA) stepis, giventhe cycle budget,to allocatememory
unitsandportsfrom amemorylibrary andto assigrthedata
to the bestsuitedmemoryunits.

6. The inplace mappingstepexploits the limited life-time
of signalsto furtherdecreas¢he storagesizerequirements.

Definition of data reusefactor

Theusefulnessf amemoryhierarchyespeciallyif it is cus-
tomizedto theapplicationasproposedn [6][29], is strongly
relatedto the signalreusability becausehis is what deter
minestheratio betweerthenumberof readoperationgrom
acopy of asignalin a smallermemory andthe numberof
readoperationgrom thesignalin thelargermemoryon the
higherhierarchicalevel.

In Fig. 2 agenericcopy-candidatechainis shovn where
for eachlevelj, we candetermineamemorysizeA;j, anum-
ber of writesto the level C; (equalto the numberof reads
from level (j-1)) anda datareusefactorFr; definedas

Crot
Frj = < @

Ciat is the total numberof readsfrom the signalin the
lowestlevel in the hierarchy This is a constantindepen-
dentof the introducedcopy candidatechain. The number
of writesC; is a constantfor level j, independenfrom the
presencef otherlevelsin the hierarchy As a consequence
we candeterminegg; asthefractionof thenumberof reads
from level j to the numberof writesto level j, asit would be
theonly sub-level in thehierarchy If Fr; equalsl or is too
low (dependenbnthe power modelsof thememoriesn the
differentlayers), this sub-lesel is uselessand would even
leadto anincreaseof memorysizeandpower, becausehe



numberof readoperationgrom level (j-1) wouldremainun-
changedvhile the dataalsohasto be storedandreadfrom
level]. Sothesecasesareprunedfrom the searctspace.

Costfunctions

Let P;(Nbits, Nwords, Faccesy be the power function for read
andwrite operationgo alevel j in a copy-candidatechain,
which dependwn the estimatedsize and bit-width of the
final memory aswell asontherealaccesdrequeny Faccess
correspondingo the array signals, which is obtainedby

multiplying the numberof memoryaccesseper framefor

agivensignalwith the framerateFame Of the application
(thisis not theclock frequeng). Thetotal costfunctionfor

acopy-candidatechainwith n sub-levelsis definedas:

=qa Z) Pj (Nbits, Nwords, Facces9 + B 'zlAj (Nbits, Nwords) )

Herea andp areweighingfactorsfor Memory size/Paver
trade-ofs. Whenwe define Pr and P"" asthe power con-

sumptionfor respectiely readan_dwnte operationgo level
j atframerate Firame the following expressionfor the to-

tal power costfor a completecopy candidatechaincanbe
deduced:

éh Pi()

G (Po+P1)+Cz(P1+P2)+~-~+ctm(Pé)

Ctot[z1

From equation(3) we learnthat smallermemorysizes

Aj, which reducerr(W), and higher datareusefactorsFg;
reducethetotal power costof acopy candidatechain.

(P.1+P") + P ®)

4. Simulation of power and memory sizecost

In [29] a numberof parametersvereintroducedwhich
definethe searchspacefor a certaincopy-candidate.First
of all thedatareusedependencie@©RD) determineduring
which subsequertccessea certaindataelements keptin
a copy-candidateof the hierarchy This fixesthe number
of transfersbetweenthe differentlevels, thusalsothe data
reusefactorsFg;. For afixed memorysizeA; the highest
possibledatareusefactoris reachedoy applying Beladys
optimalreplacemenstrateyy [3]. Whendatais loadedear
lier thanneededthememorysizeof thecopy-candidateean
increase So, thetiming of the transfes is a secondparam-
eterwhich influenceghe memorysizeandpower costof a
copy-candidate.However, whenthesetimings are chosen
accordingto theiterationtime-framesthis generallyleads
to moreregularprograms A cleartrade-of Is presenhere.
Thetiming of the copieswill befixedin a subsequergtor
age cycle budget distribution (SCBD step[5]. For evalu-
ating the costfunctions(2) and (3), the memorysize cost
provided by Belady canbe usedasa lower bound. More
realisticupperandlower boundson sizesfor singleassign-
mentcodecanbe producedby a system-lgel memorysize
estimatiorntool basedon [12].

Motion estimation: Simulation results

With our simulationprototypetool, we explore the search
spacefor accesse$o onesignalin nestedloops[29]. It

w

Old Frame

New frame
2m+n-1 ¢ . . .

[0 current block

=»  Motion vector for current block

7] Reference window

I Best matching region

for (i1=0;il<H n; i1l++)
for (i2=0; i2<Wn; i2++) {
Bopl i 1][12] = +eo;
for (i3=-m i3<m i3++)
for (id4=-m id<m i4++) {
A = 0;
for (i5=0; i5<n; i5++) /*Horz. in CB*/
for (i6=0; i6<n; i6++) { /*Vert. in CB*/
A += ABS(New| i 1*n+i 5] [i 2* n+i 6]
- Qd[il*n+i 3+i 5] [i 2*n+i 4+i 6] ) ;

/*Vert. CB counter*/
/*Horz. CB counter*/

/*Vert. in RW/
/*Horz. in RW/

}
Dop[i1][12] = MN(A, Doplil][i2]);
}

Figure 3. Motion estimation kernel.

generates datareusefactorcurve andpower-memorysize
trade-of curve (which is called a Paretocurve in mathe-
matics)for differentlevelswhenoptimalreplacemenis as-
sumed. A good solution shouldbe chosenon this Pareto
curve becausall pointsabove it aresuboptimalandbelov

only infeasiblepointsexist. We shav herethe resultsfor

theOld framein a"full-searchfull-pix el” motionestimation
kernel[14] usedin moving imagecompressioralgorithms.
It allows to estimatethe motion vectorof small blocks of

successie imageframes.Thealgorithmis shavn in Fig. 3.

Thesimulationsweredonefor thefollowing parametewal-

ues:H=144 W=176,n=m=8.

In Fig. 4athe datareusefactoris shovn asa function
of the copy-candidatesize. The maximum(average)euse
factorof 209,5is obtainedat a size of 2745 (A1) which is
aboutl16 linesof theOld frame. This is themaximumreuse
for theiterationsin the outerloop. We alsoseeseveraldis-
continuitiesin the curve for smallercopy-candidatesizes
(A2 — A4). Thesearethe sizeswheremaximumreuses ob-
tainedfor a subsebf innerloopsin thetotal loop nest.Us-
ing equation(3) a Paretocurve for pawer andmemorysize
is obtainedby consideringall possiblehierarchiessombin-
ing pointson the datareusefactorcurve (SeeFig. 4b). The
choiceof the final hierarchydepend®n the weighingfac-
torsassignedo powerandmemorysizecostin equatior(ZR.
Sincewe areusingproprietarymemorypower models.only
relative valuesare given, which arenormalisedto the cost
whenall accessesor this signal are externalmemoryac-
cesses.Nonethelesstheseresultsconfirm that the power
consumptiorncan be drasticallyreducedby introducingan
application-optimizednemoryhierarchy They alsoshav
that a trade-of exists betweenon-chip memory size and
power.

5. Analytical model

Simulationis very time-consumingvhenlarge applica-
tionsandsignalsizesareconsideredAlso, simulationdoes
notgive clearinformationaboutwhich datahasto becopied
to a smallercopy-candidateto reachthe computedpower
consumptiorsavings. Thereforewe have developedanana-
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Figure 4. Motion estimation: (a) Data reuse
factor for array A d[][] as a function of the
copy-candidate size. (b) Power - memory size
Pareto curve for array A d[ ][] .

for (i=ilL;

for (jEjL; j<SjU j++
for) (kekd! kkied ")

i<=i U i++)

= Ala*i + ... + b*j + c*k + d];
Figure 5. Generic nested loop with an access

to signal A.

lytical modelof the signalaccessesyhichis themaincon-
tribution of this paper

5.1 Application domain

A large applicationdomainis coveredwhenconsidering
accessewith affineindex expressionof theloop iterators.
A full mathematicamodelwill be developedfor this. For
otherkind of expressionswve will rely on simulation. We
presentin this paperthe resultsfor an accessn the most
frequently occurring caseof an inner double nestedloop
with fixedloop bounds.Theextensionto handlemoreinner
loopsof ahigherdimensionaloop nestandnon-rectangular
accesgatternsarethe subjectof currentresearcrandwill
be discussedn a future paper The genericloop nestcon-
sideredthroughoutthe following sectionsis presentedn
Fig 5. Analogousformulascanbe derived for decremen-
tal loops. The theorydescribedn this paperis easily ex-
tendedo loopswith incrementaktepsizeslargerthanl, by
(temporarily)transformingthe loop nestto aloop nestwith
a stepsize equalto 1 andderiving the new formulasasa
functionof the original stepsizes.

5.2 Datareusein the iteration space

Wewill analyzethedatareusen thetwo innerloops(j,k)
of Fig. 5 for oneiterationof the higherlooplevels(i,...) ata

Figure 6. Data Reuse in the iteration space.

time. Theindex expressiorfor oneelementof signalA can
thenbe written asfollows, sincethe index expressionpart
relatedto the higherloop level indicescanberegardedasa
constant:

y = bxj+cxk+congant
= b jimin +Cxkemin + congart
= bx jimax + Cxkmax + congart
= b (jimax — jimin) — C* (kemin — kimax) =0 )

where (jivin, kemin) and (jivax, kivax) arethe values
of the iteratorsrespectiely the first time andlasttime the
elementAfy] is accessedAssumingnow integervaluesfor

b>0andc>0 (analogousormulasfor b<0and/orc<0can
be straightforvardly derivedin the sameway), the solution
to equation(4) is:

jmax — jtmin = L*C (5)
kmin — kimax = Lx b (6)
' C " b 7)
€= gedb,c) * T gedb,c) (

L = min(kmin — KL)div(b ), (jU — jaain)div(c)]  (8)

A graphicalinterpretationis givenin the (j,k) iteration
spacen Fig. 6. Uniformly generatediatareusedependeng
vectors[7] (c',—b') connectthe iterationswhich reusethe
samedatainsidethe two innerloops. The gray zonecor-
respondgo iterations(jimin, kmin) Wherea dataelement
is accessedor the first time. L is the numberof separate
datareusedependenciesn the line connectingdifferentit-

erationsin the (c , —b') direction. In the specialcasewhere
both b and ¢ are equalto 0, the index expressionis inde-
pendentof the valuesof j andk andthe sameelementis
accesseth everyiterationof the (j,k) iterationspace.

5.3 Multiple indices

The formulasgiven in the previous sectionsassumea
signalof onedimension. Considera n-dimensionakignal
A[ylﬂ [y2]...[yn] wherey; = b; x j 4+ ¢; * k+ congant;. Then,
analogougo eq.(4) for onedimensionwe have thefollow-
ing systenof linearequations:

b]_ —C1 0
b —c2 jtMAX — JtMIN

B= : B ] kemin — kemax ] B
b —Cn 0

lForb=0,c>0:gedb,c) =c=b =b/c=0,c¢ =clc=1.



Theconditionfor anon-trivial (non-zero)olutionto this
systemandconsequentlyhe conditionfor datareuseis

rankB) < 1 C)

Whenrank(B)>1, eachelementis accesseanly once
andno gainis possiblefrom datareuse.Whenrank(B)=1,
all non-zerorows of B resultin the same(b’,c’) pair, and
theoriginal formulas(5)-(8) for a 1-dimensionasignalcan
be applied. Rank(B)=0is againa specialcasewherethe
index expressioris independentf thevaluesof j andk and
the sameelementis accessedh every iterationof the (j,k)
iterationspace.

6. Derivation of data reuserelated costparam-
eters

In this sectionwe will derive formulasfor thedatareuse
factor Fr; and a lower boundfor the copy-candidatesize
Aj. Thiswill allow usto generatgointson the datareuse
factorcurve andthe powermemorysize Paretocurve (see
Sectiond andFig. 4) in ananalyticalway. Given

jRANGE = jU—jL+1 (10)
KRANGE KU —kL+1, (11)

then reuseis only possible when (jRANGE > ¢) and
(kRANGE > b') (seeFig. 6), the formulasare derived for the
casesvheretheseconditionsholds. Therestof the section
discussesvhich copieshave to bemadeto obtainthesesav-
ings, and a genericcodeimplementatiortemplatewill be
given.

6.1 Maximum data reuse

First we derive the formulasfor maximumreuseinside
the(j,k) iterationspace.This correspondso thefirst discon-
tinuity on the datareusefactorcurve (e.g. A4 on Fig. 4a).
Eachdataelemenis written onceto the copy-candidatéve-
fore the first readaccessand will be reusedtherefor all
following readaccesses.

Datareusefactor

Thedomainof iterations( jimin, kevin) Whereanelements
accessedor the first time (seethe gray zonein Fig. 6) is
subjectto thefollowing condition:

(kvin € [KU —b +1,kU]) V (jowin € [jL, jL+¢ —1])

Themaximumdatareuseactor is thenequalto thetotal
numberof accessedividedby thesizeof thedomainof first
accesses:

Ciot

=t 12

FrMax Ctot _CR ( )

with  Ciyt = jRANGE x kRANGE (13)
Cr=(JRANGE—¢ ) x(KRANGE—b ) (14)

Copy-candidatesize
We now have to determinenhich elementsarein the copy-

candidateat eachtime instance. Theseare all elements

which have a read accesshefore and after this time in-
stance. We define a time instancet(j,k) as the time at

2For b=c=0,FrMax=Cio: 5iRANGE*kRANGE.

A
c’*
(KRANGE-b" ) ™~ IV -~
(cr-1)* Region |
(XRANGE-b' )
kRAN )
b’ (_;]i: Region Il Region Il
1 Region IV
kL  kL+b’ XU-b’ kku

—_

Figure 7. Copy-candidate size variation for

steady state when (KRANGE > 2 x b') and
(JRANGE > 2x¢).

which the elementA[..+b*j+c*k+d] is accessed.An ele-
mentA[.. +bx jp+cxkp+d]= Al.. + b* jn+Cxky+d],
with two consecutie accessest time instancest(jp, kp)
andt(jn,kn), is presentin the copy-candidateat time in-
stancd(j,k) if

t(jp,Kp) <t(j,K) <t(jn,kn)

Working out this inequality resultsin four regions: an
elementA.. + bx jc + cx ks + d] is presentin the copy-
candidateattime instance(j,k) if

I jc € [maxjL, j—¢ +1),min(ju —c,j—1)]
ke € [KL+Db kU]
. je=1]
ke € k+1,kU —b]
. jo=]
ke € [kL+b k—1]
V. je=1]
ke = k

onlyif (j>jL+c)

onlyif (j<ju—c)

Region | representshe elementswvhich areaccessedh
at most (¢ — 1) previous j-iterationsand kept in the copy-
candidatefor future reuse. Region Il consistsof the ele-
mentsusedin the following k-iterationsin the current j-
iterationand alreadyavailablein the copy-candidatefrom
iteration (j—c). Region Il containsthe elementsusedin
the previousk-iterationsin the currentj-iteration and kept
in thecopy-candidatdor futurereuse Region |V represents
theelementaccesseth the current (j,k)-iteration.

The maximumof theneededtopy-candidatesizewill be
reachedor valuesof j in steadystate,i.e. when(j > jL+c)
andj < ju —¢). Thecontrikution of eachof thefour regions
I-IV to thecopy-candidatesizeasa functionof the valueof
k is shovn in Fig. 7. To not overloadthe paper we have
omittedthe formulasfor the casesvhere(b’ < kRANGE < 2
b)) and/or(c < jRANGE < 2xc ), whereboundaryeffectscome
into play. The maximumcopy-candidatesize’ neededor
maximumdatareusethusbecomes

Amax =€ *(kRANGE—b') (15)

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



i nt Asub[ cp] [ kRANGE- bp] ;

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

{
for (j=jL; j<=jL+cp-1; j++) /* Initialization */
for (k=kL; k<=kU bp; k++)
Asub[j %p] [ k% KRANGE- bp)] = Al a*i +...+b*j +c*k+d] ;
for (j=jL j<sjU j++)
for (k=kL; k<=kU; k++)
{
i f (k>kU- bp) /* Update */
Asub[j %p] [ (((]-]jL)/cp)*bp+k) % kRANGE- bp) ]

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

y = Asub[j %p] [ (((j-]L)/cp)*bp+k) % KRANGE-bp) ] ;
}

Figure 8. Generic code for the intr oduction
of a copy-candidate with maxim um reuse and
optimal timings.

Codeimplementation template

Analyzingthe formulasderivedin section6.1, we cometo
thefollowing conclusions.In the copy-candidatewe keep
theelementsaccesseth the previous(c — 1) j-iterationsex-
ceptfor ke [kL,kL+b —1] (region ). In the currentj-iteration
we accesshefirstb elementdor thelasttime, sothesecan
be overwrittenby the last b’ elementswhich are accessed
for the first time (regionslI-lll-IV). This is alsovisible in
the variation of the copy-candidatesize in Fig. 7. From
the datareusedependeng (¢,—b) we know that the ele-
mentsaccessedh thej and (j —c) iterationare partly the
same,translatedby —b in the k direction. This resultsin
the genericcodeillustratedin Fig. 8 wherea copy A sub
of sizec «(kRANGE—b) is introducedand a corvenientre-
placementpolicy is implemented. The addressingooks
rathercomplicated but canbe linearizedand greatly sim-
plified by the ADOPT tools [20] for addresptimization,
a stagefollowing the DTSE stage. So we do not worry
yet aboutthis compleity at this time. Also, the condi-
tional updatewill be moved out of the critical kernel by
the SCBD stepto allow for softwarepipelining. In fact,to
give the SCBD stepthe full freedomto schedulethe up-
datesat earliertime instancesye will generatea singleas-
signmentversionof this codeby enlaging the dimensions
of thecopytoAsub[ cp] [ ((j U-j L)/ cp) *bp+kU+1] and
eliminatethe 9% kRANGE- bp) partin theindex expressions.
The SCBD canthentradeoff alargerfinal copy-candidate
sizewith bettertimings for performance.The final copy-
candidatesizeandimplementations determinedby theln-
placemappingstep[5] afterwards.

6.2 Partial datareusefor Pareto trade-offs

Until now we have only definedthe point for maximum
reuseon the datareusefactorcurve (fig. 10). To enablea
goodpower-memorysizetrade-of, we needto definemore
pointson the Paretocurve which alsoinclude partialreuse
in the (j,k) iterationspace.

Copy-candidatewithout bypass

An importantrequirements that the solutionmustbe rel-
atively easyto implementin the datamemoryspaceto not

kRANGE

| NO C
= || revse REUSE F
2 || (BYPASS) o
,  without
4_.1 b\l/poss
Y o}

(a) (b)

Figure 9. (a) Division of iteration space for
partial reuse, (b) Hierarchy with and without
bypass for not-reused data.

malke the codetoo complex for the subsequendTSE steps.
We proposeto divide the iteration spacein two parts(see
Fig. 9(a)). Otherstratgiestradingoff power efficienéy and
codecompleity are possible,but are omitted heredueto
lack of space Givenanintegery, (b <y<kRANGE—b'), then
for the iterationswhere (k > iku —y—b)), we assumecom-
pletereuseof the accesse@lementsfor the otherthereis
noreuse.Thedatareusefactorandcopy candidatesizethen
become .
ot

Fr(Y) = G —CrY) (16)
with Cr(y) = y* (JRANGE—C) (17)
A(y) =¢ *y+1 (18)

Copy-candidatewith bypass

Since part of the datais not reused(Fig. 9(a)), it is not

useful at all to write this datato the intermediatecopy-

candidateput insteadt canimmediatelybebypassedo the
next level asillustratedin Fig. 9(b). This informationwas
not available whenusing simulation, sincethe actualdata
elementspresentin the copy-candidatewere not known.

Consequentiyo extra elementis neededor the copiesof

the not-reusecelements. The formulasfor the datareuse
factorandcopy-candidatesizethenbecome:

! Ctrot
= 19
FRlY) Ciot —Cr(Y) a9
with  Ciy =(y+b)* jRANGE (20)
C:Ot =Gt 7C{0t (21)
A(y) =c xy (22)

6.3. Test-wehicle: MPEG4 motion estimation

To analyzethe testvehiclesdescribedn this paper we
developeda basicprototypetool which computeshasedn
theloop andindex expressiorparametersisinput, the data
reusefactor and power/memaorysize Pareto curve points
with andwithout bypasgwith graphicaloutputusinggnu-
plot). Also, a templateis generatedor the original and
transformedtodefor differentsolutionsin thesearckspace.
Theapplicationcodeis theneasily(manually)transformed
for a chosensolution basedon thesetemplates. The tool
will beextendedn thefuturefor automatidnput parameter
extractionandtransformatiorof the sourcecode.

We now apply the formulas for maximum and par
tial reuse to the motion estimation kernel in Fig. 3
for the accessto the OIld 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 simulated data reuse factor
curve. (b) The simulated power-memory size
Pareto curve.

loops (5)-(6) do not carry reuse since rank(B)=2
(see condition in equation (9)) for the index ex-
pression Ad[..+1*i 5+0%i 6] [..+0*i 5+1*i 6]

So, each iteration in the (i5,i6) iteration space
correspondsto a different element of the OIld ar
ray. However, the (4)-(6) loop with index expression
Qd[..+0*i 4+1*i 5+0*i 6] [ .. +1*i 4+0*| 5+1*] 6]
carriesreusewith rank(B)=1, b'=1, c¢'=1. This reuseis
repeatedor the elementsaccesseth eachiterationof loop
(5). To take this into account,the formula for the copy
candidatesizeis adaptedvith anadditionalfactorequalto
the rangeof loop (5) = n. Filling in equationg(12)-(18),
thisleadsto

Fau (2xm)*x(n)
ax (2xm)x(n) — (2xm—1)x(n—1)
Avax = (n)*(1)*x(n-1)
(2% m) x(n)
Fr(Y) (2%xm)xn—yx*(2xm—1)
Aly)y = (nN)*(1)xy+1

Simulation shawvs that the obtaineddatareuseis very
closeto the theoreticallyoptimal datareusepossiblewith

thesecopy-candidatesize$, asillustratedby the light gray
bulletsthatlie nearlyon thesimulatedcurvein Fig. 10.
Whenintroducingalsothe bypassoption,the datareuse
factoris increasedomparedo the previousresultsandthe
power consumptionis reducedasillustratedby thetriangle
pointsin Fig. 10. This makescopy-candidatesvith partial
reusemuchmoreinterestingsolutionsfor implementation,

4At the cost of a very irregular accesspatternand thus a too huge
penaltyon codesizeandl-cachemisses.

Access pattem |||
[XIX]X] 3
IXEXIXIXTX]
XIXIXIIXIXTX]
[XEXIXIX]XIX]X]

1 10 100 1000 A; 10000

[* Simulation No bypass With bypassl

1 10 100 1000 X A; 10000

Figure 11. SUSAN principle: (a) Combined
data reuse factor curve for image pixel ac-
cesses. (b) Combined power - memory size
Pareto curve for image pixel accesses.

whenthereis not enoughmemoryspaceavailablefor max-
imum reuse. The genericcodein Fig. 8 is easily adapted
to apartialreusecopy-candidate The copy-candidates re-
sizedto A_sub[ cp] [ ganma] andaconditional(k > (kU
gama- bp)) Is includedto discernbetweencopieddata
andbypassediata.

6.4. Test-wehicle: SUSAN principle.

In this sectionwe shaw the resultsfor a more complex
test-wehicle. The SUSAN principle [27] is a basisfor al-
gorithmsto perform edgedetection,cornerdetectionand
structure-preservingnage noisereduction. The imageis
accessethy moving areferencepixel in the horizontaland
vertical direction, where eachtime the differenceis com-
putedwith the surroundingpixelslying on a circular mask
(seeFig. 11a). The original unfolded pointerbasedloop
body first has been(manually) pre-processedo a series
of loopswith differentaccesse$o an arrayimage. Each
of the accessess handledseparately However, the copy-
candidate®f accessewith identicalindex expressionsre
merged. An approximatesolutionis found whena condi-
tionalis presentn theloop body, namelytheloop accessing
themiddlerow of the maskis not executedfor the position
wherethe referencepixel is located.

Again, theobtaineddatareusewithout bypasss closeto
thesimulatedoptimaldatareusefactorcurve andafactorof
1,6 to 6 decreasén power consumptionis obtained(gray
bullets in Fig. 11). Introducinga bypassfor lessreused
dataresultsin even more power gainfor the smallercopy-
candidatesizes(gray trianglesin Fig. 11). To not overload
thegrths,onIy thepointslying onthe new Paretocurvein
Fig. 11bareplotted.

Theseresultsclearlyshowv thatthememoryaccespower



consumptiorof data-dominate@pplicationscanbe drasti-
cally reducedwith the proposedechnique.The analytical
model providesus with a way to identity exactly closeto
optimal copy-candidatesand even more cost-efective so-
lutionsarefoundby introducinga bypass.

7. Conclusions

In this paperwe have introducedan extendedformal-
ized datareuseexploration methodologyto find optimal
memoryhierarchiesn termsof power consumptiontrad-
ing off with the memory size cost. An exact analytical
modelfor the datareuseof a signalaccesss proposedand
we have shown that the costparameterslerved from this
model exploit almostthe maximumreusepossible ,which
wasverified by comparingthemwith simulation-basede-
sults.Moreover, by introducingabypasdor data for which
thereis noreusein the sub-level, we canfurtherreducethe
power consumption.At the sametime the solutionsfound
are easily implemented,introducing a small overheadin
the code,which canbe eliminatedby subsequenperfor
manceand addressoptimization steps. The analysisand
subsequentodegeneratiorarecompletelyautomatableA
prototypetool hasbeendevelopedwhich supportghistech-
nique.

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