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ABSTRACT
The ever increasinggap betweenprocessorand memory speeds
hasmotivatedthe designof embeddedsystemswith deepercache
hierarchies.To avoid excessive miss rates,insteadof using big-
gercachememoriesandmorecomplex cachecontrollers,program
transformationshavebeenproposedto reducetheamount of capac-
ity andconflict misses.This is doneby complicatingthememory
index arithmeticcodewhich resultsin performance degradation.
However, whenthesearecomplementedby high-level addresscode
transformations,theoverheadintroducedcanbelargelyeliminated
acompiletime. In thispaper, theclearbenefitsof thecombinedap-
proachis illustratedon two real-life applicationsof industrialrel-
evance, using popular programmable processorarchitecturesand
showing importantgainsin energy (up to a factor3 less)with arel-
atively smallpenaltyin executiontime (up to a 30%). Theresults
of this paperleadsto a systematictrade-off (supportedby tools)
betweenmemorypower andCPUcycleswhich hasup to now not
beenfeasiblefor thetargetedsystems.

Categoriesand Subject Descriptors
H.4.m[Xxxxxxx]: Yyyyyyyyy; D.2 [Zzzzzzzz]: Tttttttttt

1. INTRODUCTION
Multi-mediasystemssuchasmedicalimageprocessingandvideo

compression algorithms,typically usea very largeamountof data
storageandtransfers.This is especiallya problemfor low-power
embeddedsystemrealisationsbecausethememoriesandbustrans-
fers areresponsiblefor mostof systemenergy waste(between50
and80%). Therefore,optimizing the global memoryaccessesof
anapplicationin aso-calledDataTransferandStorageExploration
(DTSE) [1] stagesis a crucial taskfor achieving low power real-
izations.Theseoptimisationshave bothplatformindependentand
specificphases.The first phasehave a positive influenceon both
energy andperformance (irrespective of the architecture)sinceit
removesredundant datatransferandstorageandit improvesthelo-
cality of production/consumptionof thedata.However, this phase
needto be complementedby a platform specficoneto exploit the
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opportunitiescreated.This is especiallytruefor highly constrained
architectureslike thosefound in programmableplatformsdue to
resourcelimitations.

In multimedia,thevastmajority of programmableprocessoruse
cachecontrollersto managetheir on-chipmemories.Thesecon-
trollers decideat run-timewhenandhow the datais copiedfrom
the highermemoryhierarchylayersto the cachearchitecture[2].
In this way the designerdoesnot have to worry aboutmanaging
thememoryhierarchy, especiallyfor thedynamic partof theappli-
cation.However, this canbecomea run-timebottleneckespecially
duethe cachemisseswhenthe requireddatais no longerpresent
in the on-chipmemory. Thesemissestranslatesinto an excessof
systembus load andenergy becauseof the traffic of databetween
mainmemoryandthecache(hierarchies).This resultsinto cycles
wastedwhenthe processoris stalledwaiting for the datato arrive
andin energy spentin reloadingthecacheandit limits theperfor-
manceof shared-memorymultiprocessor basedimplementations.

All thisunnecessaryoverheadcanbeavoidedat thesource-level
code. However, it requiresknowledge of the underlyingplatform
architecture.Thisknowledgecanbeexploitedusingplatform-aware
transformations.Optimisationsorientedto minimisethemissrate
in the datacache(D-cache)are thoseexploiting the limited life-
time of the dataduring programexecution(namelyinplaceopti-
misations[3]) andthoseexploiting the memorydataorganisation
freedom[4, 5]. This reductionin missrateleadsto importantsav-
ings in energy (seeSection3). However, they typically requireto
re-write the index expressionsof the affecteddataarrays,thusre-
sultingin a muchmorecomplex addressingfunctionality. This po-
tentially largeoverheadin addressingcanleadto factorsoverhead
in executiontime andto hide the benefitin executiontime of the
moreefficient cacheutilisation.

The new addressingcodeis dominatedby index expressions of
piece-wiselinearnatureandit becomesa bottleneckfor the linear
natureof mostcommercialAddressCalculationUnit (ACU) archi-
tectures.Therefore,it should beremovedbeforegoingto themore
pointer level specific addressoptimisationtechniques like those
found in conventional [6] or state-of-the-artcompilers[7]. More-
over, conventionalautomatedaddressoptimisationapproaches[8,
9, 10, 11, 12] do not allow this for addresscodecontainingmod-
ulo/division operations.To remove this large bottleneckwe have
developedefficientaddressoptimisationtechniques.Thesearebased
on the useof sourcecodelevel transformationswhich arelargely
independentof thetargetedinstruction-setarchitecture[13,14], but
which needalsoto becomplementedby morearchitecturespecific
ones[15]. Using this techniques the addressing codeis globally
optimised,resulting in factorsoverall improvement in execution
cycleswhencomparedto their data-organisedversions.
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Figure 1: D-cachemiss-rate evolution for the MPEG4 Motion Estimation dri ver for differ ent cachesizesand controller types, in-
cluding off-chip/on-chip power breakdown and total power evolution for differ ent cachesizes(for a dir ectmappedcachecontroller).

Theclearbenefitsof thecombinedapproach to aggressively im-
prove cacheutilisation by sourcecodetransformationswhich in-
troducecomplex addressingwhich is thenreducedagainby ahigh-
level addressoptimisationstage,hasto our knowledge not been
studiedin the literature.We will provide a systematicapproach to
achieve that in this paper. Thatapproachis illustratedon two real-
life applicationdriversof industrialrelevance,usingthreepopular
programmableprocessorarchitectures,showing importantgainsin
cycle countandenergy consumption.

2. APPLICATION DRIVERS DESCRIPTION
Duetoflexibility requirementsof theimplementationaninstruction-

setprocessor architectureis preferredover a fully customone.The
architectureswhich we target in this paper, consistof multi-media
(extended) processors (suchas the Philips TriMedia, Pentium-III
MMX) but alsomoregeneralRISCarchitecturessuchasthe HP-
PA800 architecture.For realisticembeddedimplementationweas-
sumetheir “core” versionswhich have arelatively smalllocal (L1)
on-chipcachememoryto reducethe energy per L1 cacheaccess
(which is our focus here). Theseprocessorsare connectedto a
(distributed)sharedoff-chip memory(hierarchy).Threfore,meet-
ing real-timeconstraintsin sucharchitectures,requiresanoptimal
mappingof theapplicationontothetargetarchitecture.

Our explorationapproachis illustratedon two real-life applica-
tion drivers: a Cavity DetectoralgorithmandFull SearchMotion
Estimationkernel for CIF video frames. The Cavity Detectoris
an imageprocessing applicationusedmainly in the medicalfield
for detectingtumorcavities in computertomography pictures[16].
Theinitial Cavity Detectoralgorithmconsistsof threemodulesex-
pressedin about100 linesof flat (non-hierarchical) C-code.Each
module hasone imageframe(of 1280� 1000 pixel) as input and
oneasoutput. Whenthis initial algorithmis mappedinto an em-
bedded system,the systembus load and power requirements are
quite high. Themain reasonis thateachof the functionsreadsan
imagefrom sharedbackgroundmemory, andwritestheresultback
to this memory.

At ourlaboratory, mucheffort hasbeenalreadyspentonoptimis-
ing both driversat the source-level code,mainly by applying the
platform independenttransformationstageof the DTSE method-
ology [17, 18]. In this paperwe will studythe datacacherelated
trade-offs duringtheplatformspecificmappingstage.

3. DATA-LAYOUT OPTIMISA TION TECH-
NIQUES FOR D-CACHES

A cachemisshappenswheneverablockof datarequestedby the

CPUis not foundin thecache.Therefore,thefist time a block has
becopiedinto thecachecanalsobeconsideredasa miss(namely
a compulsorymiss). However, only thosemissesrelatedto blocks
that have beenpreviously allocatedin the cachelead to an over-
head. In this case,two possiblesituationsexist [2]: (1) whenthe
cachecannotcontainall the blocksneededduring execution,ca-
pacity misseswill occur becauseof blocks being discardedand
later retrieved; (2) if the block placementstrategy is setassocia-
tive or direct mapped,conflict misses(in addition to compulsory
andcapacity)will occurbecauseablock canbediscardedandlater
retrievedif too many blocksmapto its set.

For theD-cache,optimisationsareavailablewhich areoriented
to minimise both capacityand conflict misses. Capacitymisses
can be greatly reducedby exploiting the limited life-time of the
data(inplaceorientedoptimisations[3]) andtheconflict missesby
applyingdata-layout orientedtransformations[5].

For our experimentalsetupwe obtain first the transformedC
codefrom ourprototypedatalayouttransformationtool [20]. Thus,
wenow have theinitial (reference)andthedatalayouttransformed
codes.We have usedthe SimpleScalarsimulatortool set[19] for
simulatingcacheperformancefor varyingcachesizes.Thecacheis
simulatedusingthe fasterandfunctionally correctsim-cachesim-
ulatorfor measuringcacheperformance.

Existing processorswereusedto measurethe performance val-
ues. The codeversionshave beencompiling the native compilers
andenablingtheir mostaggresive speedorientedoptimisationfea-
tures. The processors usedareHewlett-Packard’s PA-RISC 8000,
Intel’s Pentium-MMX-III, andTriMedia’s TM1000.

After cachesimulationswe have observed that both driversare
dominatedby missesin the D-cache(the miss ratefor I-cacheis
aboutthreeordersof magnitudesmallerthanfor D-cache).There-
fore,we have focussedon optimisingtheD-cachemissrateby ap-
plying main memorydata-layout orientedprogramcodetransfor-
mations. Simulationshave beenperformedusingdifferent cache
controllertypes: a 4-way associative cachefor the non optimised
versionanda directmapped for bothoptimisedandnon-optimised
versions.Also, differentcapacitysizes(with thenumberof cache
lines rangingfrom 256 till 2024) have beenevaluated. Figure2
and1 showsthemissrateaftersimulationsfor bothcontrollertypes.

For thenon-optimisedcode,themissrateobtainedusingadirect
mappedcontroller is ratherlarge whenwe compareit to the one
obtainedwhenusing4-way associative controller. However, when
usingthecacheoptimisedcode,themissratebehavesequallywell
for bothcontrollertypes.Thisis clearlyanimportantresultbecause
it enablesthe useof the simplerdirect mappedcachecontrollers
for embedded applications, insteadof the morecostly, andpower
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Figure 2: Data-cachemiss-rate evolution for the Cavity Detector dri ver for differ ent cachesizesand controller types, including
off-chip/on-chip power breakdown and total power evolution for differ ent cachesizes(for a dir ectmappedcachecontroller).

hungry, set-associative controllertypes.

4. HIG H-LEVEL OPTIMISA TION OF THE
INDEX/ADDRESS COMPUTATION

Cacheorientedtransformationsrequiretheintroductionof com-
plex modulo and integer division operationsin the index expres-
sions.This is because,transformationsexploiting the limited life-
timeof thedatarequirescomplex modulooperationsin theaddress
codeto expressin time the folded natureof the relationbetween
theoriginal andthetransformedaddressspacesin mainmemory.

for(x=1; x<N-2; x++) {
  for(y=1; y<M-2; y++) {
    for(k=-1; k<1; k++) {
      ....
      A[x][y] += B[x+k][y]*C[abs(k)];
      ....
    }
    A[x][y] /= tot; }}
                          (a)

for(y=0;y<M+2;y++) {
  for(x=0;x<n+2;x++) {
    ....
    if(x>=0 && x<N && y>0 && y<M-1)
      D[x%3] = B[(y*N+x%3)%160+(y*N+x%3)/160*256+ 96];
    ....
    if(x-1>=1 && x-1<=N-2 && y>=1 && y<=M-2)
      for(k=-1;k<=1;k++) 
        acc+=D[(x-1+k)%3]*C[abs(k)];
    acc/=tot; }}
                           (b)

Figure 3: Illustration of data cacheoriented transformations
in the Cavity Detector dri ver: (a) initial code; (b) transformed
code.

On theotherhand,data-layoutorientedtransformationsrequire
to creategapsof unusedmemory locationswithin array of data
allocatedin main memory, aswell as to allocatein memorydif-
ferentarraysin aninterleavedmanner. Threfore,thesedata-layout
orientedtransformationsalsorequiremodificationsin theoriginal
addressing codeby introducingcomplex moduloandinteger divi-
sionsoperations. Figure3 illustratesthe effect of suchtransfor-
mationson a pieceof coderepresentative of the Cavity Detector
driver. Thecombinedresultis thatnestedmodulo expressionsare
evenpresent.

As a result,for both applicationdriversdescribedin Section3,
a large overheadin addressingis created. For both drivers, this
overheadis mostly due to the more complex index expressions
(mainly piece-wiselinear) introducedduring the inplace[3] and
data-layout[5] DTSEorientedoptimisationsteps.In bothdrivers,a
considerable numberof costlymodulooperationsareexecutedand
traditionalcompilerscompletelyfail to efficiently eliminatethem.
Hence,theexecutiontimeincreasesconsiderably: a factorbetween
2-20 depending on the applicationandthe target processorarchi-
tecture.

for(y=0;y<10;y++){                 for(y=0;y<10;y++){
   for(x=0;x<100;x++){               v_y = (y%3)*3;
      if(x>1) A[(y%3)*3                for(x=0;x<100;x++){
                      +(x-2)%3]=...          v_yx = (x-2)%3 + v_y;
      if(x>4) ...=A[(y%3)*3               if(x>1) A[v_yx] = ...
                      + (x-5)%3]               if(x>4) ... = A[v_yx];
}}                                                 }} 

             (a)  Initial                        (b) Index expression
                                                            optimisation

                          for(y=0;y<10;y++){
                             if(p_y>=9) p_y-=9;
                             for(x=0;x<100;x++){
                                if(p_x>=3) p_x-=3;
                                v_yx = p_x + p_y;
                                if(x>1) A[v_yx] =...
                                if(x>4) ...= A[v_yx];
                                p_x++;}
                             p_y+=3;}
 
                                (c) Address pointer
                                      generation

Figure 4: Illustration of processorindependentaddresstrans-
formations for the Cavity Detector dri ver: (a) initial code; (b)
after algebraic and modulo oriented transformations; (c) after
executioncostoriented transformations.

Our novel designscript allows to remove this overheadat the
source-level codeby reducingthe complexity of the index arith-
metic andthe amountof addressoperations[15]. This high-level
optimisationstageconsistson two main stages.The first oneex-
ploits algebraicandmodulo properties to reducethe numberop-
erationinstances.This stagedoesa refactorisationof addressing
expressions [21] (containingalsomodulo/division operations)that
compilersarenot capableto perform(seeFig 4b).
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Figure 5: Power and performance trade-offs for the Motion Estimation kernel for differ ent processorsand memory data-layouts.
Lines at the left representtrade-offs before the addressoptimisation phaseand at the right after it.

When complementingthis with aggressive codehoisting tech-
niquesacrossboth loopsandconditionals, thenumber of executed
operations is minimised.At thatpoint, thesecondstagecanfocus
on reducingtheexecutioncostof the(remaining)modulo/division
operations by transformingtheseonto a efficient combination of
linearinductionvariablesandconditional code(seeFig 4c) [15].

High-level addresstransformationsalsohaveapositiveeffecton
missratefor both I-cachesandD-caches.We have simulatedthe
cachebehaviour andwe have observed an averageof a 10% im-
provement in missratefor theD-chacefor thedriversdescribedin
Section2. However, this improvement is limited ahencomparedby
the onesachieved usingdata-layoutorientedtransformations(see
Section5

5. TRADE-OFF BETWEEN PERFORMANCE,
POWER AND MEMOR Y SIZE

Wenow discusshow theabovetechniquecanbeappliedto achieve
importanttrade-off ’s. For bothdriverswe have startedwith anini-
tial algorithmwhich hasnot beenoptimizedfor datatransferand
storage.

In thefirst step,weobtainthecachemissratesfor differentcache
sizesandusinga simplerdirect mappedcachecontroller. This is
shown in Figure2 for the Cavity Detectoralgorithm and in Fig-
ure1 for theMotion Estimationkernel.Oncewehaveobtainedthe
missratesfor differentcachesizes,we compute thetotal (off-chip
plus on-chip)requiredpower for eachdriver. We observe that for
both driversa cachesizewith 256 bytesconsumesthe leasttotal
power. For smallercachesizesthe total consumed power will be
dominatedby theaccesses(dueto misses)to theoff-chip memory.
For largersizesof thecachethe total power will be dominatedby
theaccessesto theon-chipmemory.

In a next stepwe choosethe power optimal cachesizeof 256
bytesto decideon a trade-off betweensize(theoverheadin mem-
ory spacein the datalayout optimizationprocessascomparedto
the initial algorithm) and the reductionin miss rate as shown in
Tables2 and1. Thusdepending on thedesignconstraints,thede-
signercan now either choose a lower power solution with some
overhead in sizeandvice-versa.For theCavity Detectoralgorithm
we have decidedto choosetwo versionsrepresentative of extreme
points in the searchspaceandobserve the trade-offs: onewith a���

memoryusageoverhead(labeled”Light”) andonewith a
���

(labeled”Aggressive”) usageoverhead. For the Motion Estima-
tion kernelthepointsselectedareresponsible for a 	�
 � overhead
in memoryusage(labeled”Light”) and a larger 	 � overheadin
memoryusage(labeled”Aggressive”).

In the final stage,we performaddressoptimizations[15], so as

Table 1: Array-size/power/speedtrade-offs for the Motion Es-
timation.

Data-layout Array-size Avrg.Power Avrg.Speed
trade-off Overhead Gain Degradation

Light 30 % 45 % 14-40%
Aggressive 3X 60 % 18-60%

Table 2: Array-size/power/speedtrade-offs for the Cavity De-
tector.

Data-layout Array-size Avrg.Power Avrg.Speed
trade-off Overhead Gain Degradation

Light 2 % 45 % 8-13%
Aggressive 2X 65 % 24-87%

to remove theoverhead in addressingoperations introducedin the
datalayoutoptimizationprocess.Figures6 and5 show thatweare
ableto largelyremovetheoverheadin addressing.Thisisvisibleby
comparingthetrade-off achievedbeforeapplyingthehigh-level ad-
dressoptimisationphaseand(shadedline) andafterit (solid line).

For the Cavity Detectoralgorithm the “Light” data-organised
versiondeliversa reductionof almosta factorof 2 in cacherelated
power with respectto theglobally transformedversionby trading-
off a 10%of theCPUcyclesanda 2% of thearraysize.However,
for theMotion Estimationkernel wecanachieve a largerreduction
in cacherelatedpower (almosta factor3) with respectto theinitial
versionby trading-off betweenthe 21% of the CPU cyclesanda
30%of thearraysize.

Notethattheapproachwehaveusedin thiswork is mostlypower
centric namely, we first optimize for power then size and lastly
for performance. But the above technique canbe usedfor a per-
formancecentricapproach too. In that case,the designer should
first choose the cachesizewith leastnumberof missesand then
optimizefor power by trading-off performance (and/orsize)with
power.

6. CONCLUSIONS
In this paperwe have shown how to efficiently combine mem-

ory data-layoutandaddressorientedtransformationsin a system-
atic way for mappingdata-intensive applicationsinto architectures
containingcachememories. The clear benefitsof the combined
approach hasbeenillustratedby two real-life applicationsof in-
dustrialrelevance,usingpopularprogrammableprocessor architec-
tures.Importantgainsin energy (up to a factor3 less)with limited
impacton executedCPUcyclesarereported.
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Figure 6: Power and performance trade-offs for the Cavity Detector algorithm for differ ent processorsand memory data-layouts.
Lines at the left representtrade-offs before the addressoptimisation phaseand at the right after it.

The resultsof this paperleadsto a systematictrade-off (sup-
portedby tools) betweenmemorypower andspeedwhich hasup
to now not beenfeasiblefor thetargetedsystems.
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