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Abstract

Efficient useof an optimizedcustommemoryhierarchy
to exploit tempoal locality in the memoryaccessesn ar-
ray signalscanhavea verylarge impacton the powercon-
sumptionin embeddediata dominatedapplications. Only
recently effective formalizedtechniquesto deal with this
specifictaskhavebeenaddressed.They work well for ho-
mogeneoussignal accesyatternsbut cannothandleother
cases. In this paperwe will extendand parameterizethe
designspaceand establishheuristicsfor an efficientexplo-
ration, sudh that betterresultsin termsof areaand power
canbeachievedfor applicationswheie holesare presentn
the signal accesattern. The extendedmethodolgy will
be illustrated for several real-life image processingalgo-
rithms.

1. Intr oduction

The idea of using memory hierarchyto minimize the
powerconsumptionis basednthefactthatmemorypower
consumptiordependprimarily ontheaccesfrequeng and
the sizeof the memory Power savings canbe obtainedby
accessingpearily useddatafrom smallermemoriesnstead
of from large backgroundmemories. Such an optimiza-
tion requiresarchitecturaltransformationghat consistof
addinglayersof smallerandsmallermemoriego whichfre-
guentlyuseddatawill be copied[15]. So, memoryhierar
chy optimizationhasto introducecopiesof datafrom larger
to smallermemoriesin the DataFlow Graph(DFG). This
meanghat a trade-of exists here: on the onehand,power
consumptioris decreasetecausalatais now readmostly
from smaller memories,while on the other hand, power
consumptionis increasedbecausextra memorytransfers
areintroduced. Moreover, addinganotherlayer of hierar
chycanalsohave anegative effect ontheareaandintercon-
nectcost,andasa consequencalsoonthe power. It is the
taskof the datareusedecisionstepto find the bestsolution
for this trade-of. This is requiredfor a customhierarchy
but alsofor efficiently usinga predefinednemoryhierachy
with SW cachecontrol, wherewe have the designfreedom
to copy dataat severalmomentswith differentcopy sizes.

The main relatedwork to this problemlies in the par
allel compilerarea,especiallyrelatedto the cachehierar
chy [1]. This, however is not resultingyet in ary formal-
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izablemethodto guidethe memoryorganizationissues.In

mostwork on parallelMIMD processorsthe emphasisn

termsof storagehierarchyhasbeenon hardware mecha-
nismsbasedon cachecoherenceprotocols[8]. Partition-

ing or blocking stratgiesfor loopsto optimizethe useof

cacheshasbeenstudiedin several contets [5]. The main
focusis on CPU performancémprovementthoughandnot

on memoryrelatedenegy andareacost. Also in a system
synthesicontext, applyingtransformationso improve the
cacheusagehasbeenaddresse4][13]. Noneof theseap-
proachesleterminghebestmemoryhierarchyorganization
for agiven(setof) applicationsandthey do notaddresshe
power cost. Only ananalysisof memoryhierarchychoices
basedn statisticalinformationto reacha giventhroughput
expectatiorhasbeendiscussed3]. In thehardwarerealiza-
tion context, muchlesswork hasbeenperformed,mainly
orientedto memoryallocation[12][10][6]. The impactof

this stepturnsout to be very large in the entire methodol-
ogy for power reduction. This hasbeendemonstratedor

aH.263videodecodel9], a motion estimationapplication
[16] anda 3D reconstructioralgorithm[17].

At IMEC, a formalizedmethodologyfor datareuseex-
ploration[14] hasbeendevelopedaspartof the ATOMIUM
script[7] for datatransferand storageexploration. In this
methodologyassumptionsvere madeto reducethe search
spaceof possiblememoryhierarchies.However, someof
theseassumptionsan leadto lessoptimal resultsfor the
power and areacost, when appliedon an importantclass
of applicationsvherea “hole” is presenin theaccespat-
tern of a multi-dimensionalsignal. Examplesof real-life
imageprocessingilgorithmswheresuchholesexist arethe
“Binary TreePredictive Coder’and“Cavity Detection"dis-
cussedurtheron. In this paperwe will introduceanexam-
ple to illustrate the problem,and deducethe requiredpa-
rameterdo describea morecompletesearchspace There-
lationshipsbetweentheseparameterandthe relevant cost
variablesareexplored,which helpusto establistheuristics
to steerthe searchfor a good solution. This is our main
contribution.

The restof this paperis organizedasfollows. In Sec-
tion 2 we will give an overview of the currentmethodol-
ogy for datareuseexploration. Section3 definesa detailed
power costfunctionfor amemoryhierarchy Section4 will
give a simple exampleof an applicationwith a holein the
accesyattern. We will extendthe searchspacedefinition
to dealwith this problem. How to steerour explorationof
thehugeresultingsearchspacds explainedin Section5. In
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Figure 1. Exploiting data reuse local in time
to save power.

Section6 wewill giveresultsontheapplicationof theseex-
tensiononsomereal-life applications Section7 concludes
thepaper

2. Curr ent methodologyfor data reuseexplo-
ration

In this Sectionwe give a shortsummaryof the current
methodologyfor datareuseexploration [14][7].

2.1 Exploiting temporal locality

Memory hierarchy designexploits datareuselocal in
time to save power. This happendy copying datathatis
reusedftenin a shortamountof cyclesto a smallermem-
ory, from which the data can then be accessed.This is
shavnin Fig. 1 for asimpleexamplefor all readoperations
to agivenarray Notethatloopshave beenrepresentetiere
asgroupsof dots. Every dot representa memoryreadop-
erationaccessinggivenarrayelement.

The horizontalaxis is the time axis. It shovs how the
dataaccesseare orderedrelatively to eachotherin time.
This is not necessarilyan absolutetime assignment.The
vertical axis shavs the index of the dataelement(scalar)
thatis accessedrom the array It canbe seenthat, in this
example,mostvaluesarereadmultiple times. Over a very
large time-frameall datavaluesof the arrayarereadfrom
memory and thereforethey have to be storedin a large
backgroundmemory However, whenwe look at smaller
time-framegindicatedby theverticaldashedines),we see
thatonly part of the datais neededn eachtime-frame,so
it would fit in a smaller lesspower consumingnmemory If
thereis sufficientreuseof thedatain thattime-frame it can
be advantageouso copy the datathatis usedfrequentlyin
thistime-frameto a smallermemory suchthatfrom thesec-
ond usageon, a dataelementcanbe readfrom the smaller
memoryinsteadof thelargermemory

2.2 Definition of data reusefactor

The usefulnesf a memoryhierarchy especiallyif it
is customizedto the applicationas proposedin [14], is
strongly relatedto the signal reusability becausethis is
what determinegheratio betweenthe numberof readop-
erationsfrom a copy of a signalin a smallermemory and
the numberof readoperationdrom the signalin the larger
memoryon the next hierarchicalevel.

Thereusefactorof agroupof dataD storedin amemory
onlayer: relativeto layeri— 1, wherelayer0 is thememory
furthestfrom the datapaths,is definedas:

Nr(M;, D)

FR(Z_]-,z,D)z NR(M 1 D)
=1y

@

HereNg(M;, D) is thetotalnumberof timesanelement
from D is readfrom amemoryatlayeri.

A reusefactorlargerthan 1 is the resultof intra-copy
reuseandinter -copyreuse(cfr. Figurel). Intra-Copyreuse
meansthat eachdata elementis read several times from
memoryduring one time-frame. Inter-Copy reusemeans
that advantageis taken from the fact that part of the data
neededn the next time-framecould alreadybe available
in the memoryfrom the previoustime frame,andtherefore
doesnot have to be copiedagain. If Fr(i — 1,4,D) = 1,
this sublevel is uselessandwould evenleadto anincrease
of areaand power, becausahe numberof readoperations
from M;_; wouldremainunchangedvhile thedataalsohas
to be storedandreadfrom A;.

2.3 Assumptions

1. Up to now we assumedsingle assignmentode,where
every arrayvaluecanonly be written oncebut readseveral

times. This makesthe analysismucheasier

2. We assumehatthe orderanddirectionof loop iterators
of nestedlioopsis fixed. The orderingof sequentialoops
relative to eachotheris still free. This is compatiblewith

the positionof the datareusedecisionstepin our complete
ATOMIUM memorymanagementnethodology7].

3. It is assumedhatthe optimal time-frameboundariesare
likely to coincidewith theloop boundarie®f loop nests.

4. A copy-candidatecontainsonly the datawhich is ac-

cessedluring its time-frame. At the end of a time-frame,
thedatacopiedinto theintermediatenemoryis replacedy

thedataneededn the next time-frame.

5. Inter-copy reuseis fully exploited. Dataalreadypresent
in the smallermemoryfrom the previous copy will not be

copiedagain. This affectsthe numberof writesto eachof

the copy-candidates.

In Section4 it will be shavn thatthe third andfourth as-
sumptioncanleadto lessoptimal resultsin termsof area
and power cost for a certainkind of applications,where
thereis a“hole” in theaccesgatternof thesignal.

2.4. Curr ent Methodology

The currentdatareusemethodologyis basedon the as-
sumptiondistedin the previoussubsection.

For eachread instructioninside a loop nest, a copy-
candidate chain can be determined. The first copy-
candidaten the chaincontainsall dataelementsaccessed
by the given readinstructionduring the executionof the
completeloop nest. The time-frameof the secondcopy-
candidatecorrespondgo the iterationsof the outer loop.
Thedataelementsaccesseduringoneiterationof theouter
loop are storedin the copy-candidate. This can be re-
peatedfor the remainingloop nestlevels. Togetherthese
copy-candidate$orm the copy-candidatehainfor thecon-
sideredreadinstruction. An exampleof a copy-candidate
chainfor n+1 nestedoopsis givenin Fig. 2.
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Figure 2. Copy-candidate chain with area
sizes A;, data reuse factor s Fg; and number
of writes Cj

An optimal subsetof this copy-candidatechain canbe
selectedbasednthepossiblegainacquiredoy introducing
an intermediatecopy-candidatetrading off the lower cost
(speed& power) of accesseto a smallermemoryandthe
highercostof theextramemoryarea.

2.5. Costfunction

Let P;j(Noits; Nwords, Faccess) be the power function
for readandwrite operationgo alevelj in aco%/-candidate
chain,which depend®n the estimatedsizeandbitwidth of
the final memory aswell ason the real accessrequeny
F,.cess CoOrrespondingo the array signals, which is ob-
tainedby multiplying the numberof memoryaccesseper
framefor a givensignalwith the framerate £, 4y, Of the
application(this is not the clock frequeng). Thetotal cost
Fpnc(;[ionfor a copy-candidatechainwith n subleelsis de-

inedas:

Fc = Z[apj (Nbits: NwOTds, Faccess) +ﬂAJ (Nbitsa Nwords)]
Jj=1
. 2
Herea and g areweightingfactorsfor Area/Paver trade-
offs.

3. Power costfunction

_In this Section we explore the power cost func-
tion in more detail. The power cost function

P;(Npits, Nwordss Faccess) for onelevel j can be written

as: .
P F#reads » . Frwrites « PV

_ 7 P; 3
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In Fig. 2 agenericcopy-candidatechainis shovn where
for eachlevel], we candetermineanareasize A, anumber
of writesto thelevel C; (equalto the numberof readsfrom
level (-1)) anda datareusefactor Fr; definedas

_ Ctot

Fg; C; (5)
Ciot IS the total numberof readsfrom the signalin the

lastlevel in thehierarchy Thisis a constanindependentf

theintroducedcopy candidatechain. The numberof writes
C; is aconstantfor level j, independentrom the presence
of] otherlevelsin the hierarchy As a consequencwe can
determineF’r; asthe fraction of the numberof readsfrom
level j to the numberof writesto level j, asit would bethe
only sublesel in the hierarchy

Notethatthis definitionof the datareusefactoris differ-
entfrom the onein thecurrentmethodologyin Section2.2,
whereit is equalto the numberof readsfrom the level it-
self (insteadof thelastlevel) to the numberof writesto the
level. Sincethe numberof readsfrom a level dependon
thelevel below, the datareusefactorasdefinedin the cur-
rentmethodologywasnot a constanindependentrom the
presenceof otherlevels. As we will seefurther on, this
new definitionenableausto definethe power costfunction
in sucha way thatthe costcontribution of eachintroduced
sublevelis clearlyvisible. Sincedatareusefactorsareinde-
pendenbf the presencef othercopy-candidateshey have
notto berecomputedor eachdifferenthierarchy

Basedon the previousdefinitionswe candeducehefol-
lowing expressionfor the total power costfor a complete
copy candidatechainof n sublevels:

P = Ci(P§+PY)+Co(P] +Py)+ -+ Ciot(PL)

C C:
Crot[——(P§ + PY) + ——(P{ + P¥) +---+ (P})]
Clot Ctot

1 1
Ciot[——(P5 + P) + ——(P{ + P3") +--- + (Py)]
Fr1 FRro
(6)

From equation(6) we learn that smaller areasizes A;,

which reducerT(“’), andhigherdatareusefactorsFg; re-
ducethetotal power costof a copy candidatechain.

4. A holein the picture

In thisSectionwe will giveasimpleexampleof anappli-
cationwhereassumptionsnadein thecurrentmethodology
on the propertiesof a copy-candidatdeadto non-optimal
resultsfor the power andareacost.We will identify the pa-
rameterswhich allow us to explore a larger searchspace,
leadingto a re-definition of the reusefactorsfor a copy-
candidate.

4.1 A realisticexample

In Fig. 3 anexamplein C codeis given,wherea square
maskis movedover animagein verticalandhorizontaldi-
rection. A pixel in the outputimageis basedon the sur
rounding pixels of the input image and not the reference
pixel itself, i.e. thereis a holein the accesgatternof the
two innerloops, asindicatedby the arrow in the code. A
dataaccessgraphof the input image can be constructed
shaving the accessedndex valuesas a function of rela-
tive time. The graphfor threesubsequentaskiterations
is illustratedin Fig. 4. We definea datareusedependeng
(DRD) as the time interval betweentwo accesseso the
sameindex, representedn the graphby grey horizontal
linesstartedandendedby abulletrepresentingheaccesses.

In thecurrentmethodologywe fix thetime-framebound-
ariesdefiningthe copy-candidatesn the iteration bound-
aries[14], showvn in the graphasfull vertical lines. One
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for (col =0; col <( MAXCOL-2); col ++)
for (row=0; row<(MAXROM 2); row++)

outpi x = 0.0;
for (i=0; i<MAXMASK; i ++)
for (j=0; j<MAXMASK; | ++)
if(ir=1) || (j'=1)) <=
outpi x += mask[i][j] * i1l
outinfrow [col] = (int)(outpix/2.0) + 127;
}

Figure 3. Example C code

Figure 4. Data access graph for 3 subsequent
mask iterations, showing the influence of the
time-frame on area size and data reuse fac-
tors

copy-candidatefits the data accessedduring this time-
frame, in this case8 differentindices. Data, not present
in thecopy-candidateduringthe previoustime-framehasto
be copiedfrom a higherlevel. Data, presentn the previ-
oustime-framebut not accesseth the currenttime-frame,
is discarded.In this way, the referencepixel (the hole) in
the currenttime-frame which wasaccesseth the previous
time-frame,is discarded. However this index is accessed
againin thenext time-frameandhasto becopiedagainfrom
ahigherlevel. By keepingthis index in the copy-candidate
over multiple time-framesuntil the next accessye canre-
duce the global numberof writes to the copy-candidate,
whichresultsin a higherdatareusefactor, but at the same
time increaseghe areasize to 9 since more datais kept
in the copy-candidate.However, whenwe move the time-
framewith anoffsetof 3, shawvnin Fig. 4 by dashedertical
lines, the numberof indiceskeptin the copy-candidatgor
theareasize)is only 6, while retainingthe higherdatareuse
factor In generalwe alsohave the freedomto changethe
size of the time-frame,i.e. the numberof readsduring a
time-frame.In this specificexample,no moregainfor area
andpower costcanbe achievedthough.

As illustratedby this example,someassumptiongnade
in the currentmethodologycanleadto lessoptimal results
for power and area. Namely it was assumedhat time-
framesare determinedby loop boundariesand that only
the dataaccesseduring the currenttime-frameis keptin
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Figure 5. Definition of D;, A;, #(D; \ A;-1):
graphical representation in a data access
graph

thecopy-candidate.
By varying the following three parameters,a larger
searctspacds explored:

o thetime-framesizeTime frame
o thetime-frameoffset
¢ theincludeddatareusedependencieORD)

The last parameterdefineswhetherand during which
time intervals a certainindex is keptin the copy-candidate
over multiple time-framestradingoff higherdatareusefor
higherareasize.

4.2. Re-definition of the original reusefactors

Wewill re-defingheequationdor reusefactorsandarea
size, to take into accountthe effect of the newly defined
includeddatareusedependencies.

Let D; bedefinedasthe setof differentindicesaccessed
during time frame;, and A; asthe setof differentindices
actuallypresentn the copy-candidateduringtime frame;.
Then A; is equalto the union of D; and the set of in-
diceskeptin the copy-candidateby including certaindata
reusedependencied time frame;, i.e. datathatwill be
reusedn a later time-framebut notin time frame;. The
dataaccessedluring time frame; which was not present
in the copy-candidateduring the previous time frame;_1,
is copiedfrom a higherlevel. The numberof writesto the
copy-candidateat the startof time frame; is thusequalto
#(D; \ A;—1). A graphicalrepresentationf thesenotions
is givenin Fig. 5. Notethatin the currentmethodologythe
setA; would alwaysbe equalto thesetD;.

A setof reusefactordefinitionsper time-frameis given
in Fig. 6. The datareusefactor Fg, is equalto the frac-
tion of the numberof readsfrom the last level during this
time-frameto the numberof writes to the copy-candidate
from a higherlevel at the startof this time-frame. The ef-
fect of reuseinsidethe time-frame,during which the same
index canbe accessednultiple times, is expressedy the
intra -copyreusefactor NIaC;. Theinter-copyreusefac-
tor NIeC; illustratesthe reuseof dataalreadyavailablein
thecopy-candidatesluringthe previoustime-frameandac-
cessedluringthistime-frame.The overalldatareusefactor
Fg, is equalto the productof theintra-copy andinter-copy
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Figure 6. Re-definition of data-reuse factor s:
per time-frame
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Figure 7. Re-definition of data reuse factor s:
per copy-candidate

reusefactor The global reusefactorsover all time-frames
and the neededareasize of a certain copy-candidateare
givenin Fig. 7. Cy,; is the total numberof readsfrom the
lastlevel in thecopy-candidatechain,C is thetotal number
of writesto this copy-candidate.

4.3 Application to example

We have appliedthesenew definitionsof Fig. 6 for reuse
factorsandareasize on the examplegivenin Section4.1,
which is derived from a real-life image processingappli-
cation. Theresultsaregivenin Table1. Thefirst column
shaws the outcomefor the currentmethodology The sec-
ond columnshawvs a 33% increaseof the datareusefactor
Fgr, whenincluding datareusedependencieut a 12.5%
increaseof the areasize. Finally, the third columnshawvs
both an 33% increaseof the datareusefactor, aswell asa
33% decreasf the areasize, whenincluding datareuse
dependencieandoffsettingthetime-frame.

4.4. Time-frame splitting at iteration boundaries

A specific problem ariseswhen we use time-frames,
which do not coincidewith the loop boundaries.In Fig. 8
the dataaccesgraphis shavn for the exampleat the end
of oneiterationof thecol loopin Fig. 3. At time unit 64,
a suddenjump in the accesgyraphoccurs,andinsteadof
6, we needto store8 differentindicesin this time-frame.
Sincethefinal areasize A = Maz(A;), we loosethegain
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Table 1. Data reuse factor s and area values
for current methodology (a), including data
reuse dependencies (b) and offsetting the
time-frame (c)
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Figure 8. Influence of iteration boundaries on
area size illustrated in a data access graph

in areasizecostby offsettingthe time-frame.The solution
is to temporarilysplit the time-framein two partsat theit-

erationboundarie®f the higherloops,shovnin Fig. 8 by a
dottedverticalline. The priceto payis anincreasdn code
sizeto implementthis copy behaiour at the two iteration
boundaries.

4.5 Multiple levels

In generala copy-candidatechain consistsof copy-
candidatesof decreasingsize, time-frameand datareuse
factor Certainconstraintsexist on which copy-candidates
canbeplacedin ahierarchy Thetime-frameboundarieof
a higherlevel shouldcoincidewith the smallertime-frame
boundariesof the lower hierarchy This is to ensurethat
at the startof a smallertime-frame,all dataaccessedlur-
ing this time-framewhich shouldbe loadedfrom thehigher
level is alsoavailableat thattime. Thusa startof a higher
level time-framecannotbe locatedin betweentime-frame
boundarie®f thelower level.

5. Steeringthe exploration of the seaich space

As explainedin Section2, the currentmethodologyde-
fines the searchspaceas all possiblesubsetsof a copy-
candidatechainwith fixed copy-candidatesleterminedoy
theloop boundariesBy addingthefreedomof resizingand
offsettingtime-framesandincluding datareusedependen-
ciesfor each copy-candidate we deal now with a search



spaceexplosion. Heuristicshave to be found which steer
thesearchor optimal solutions.

5.1 Extensionof Belady’'sMIN Algorithm to larger
time-frames

Beladys MIN Algorithm [2] [11] is areplacemengélgo-
rithm for local memorywhich optimally exploits temporal
locality, andassumeg&nowledgeof thefuture. Givenanad-
dresstrace,anda fixed local memorysize A¢;;.q4, at each
timeinstancethealgorithmselectavhichreferencesvill be
keptin local memoryandwhich notin orderto minimize
thetotal numberof memoryfetches.

The algorithmcanbe explainedby usingthe definitions
of Fig. 6. Considera time-frameof size1l. Then#(D;)
is alwaysequalto 1, and#(A;) dependn which DRD’s
arekeptin the local memory Whenthe valuefor #(A;)
exceedsd r;,.q, certainDRD’s presenin time frame; are
cutto meettheareasizeconstraint.Thismeanghatthedata
correspondingo acutDRD is notkeptin thelocal memory
during the time intenval betweentwo accesses.Belady's
algorithmnow stateghatthoseDRD’s arecutwhich second
accesss furthestin thefuture.

For a time-framesizebiggerthan 1, this algorithmcan
still beapplied.Sinceit shouldalwaysbe possibleto fit the
dataaccessedluring onetime-frame( =D;) the minimum
areasize possiblefor Ay;;cq is Maxz(#(D;)), wherethe
minimum areasize Ay;,.q for Belady's algorithmwas 1.
The sameselectionprocedurefor cutting DRD’s to meet
the areasize constraintscan be applied. Since Belady's
algorithmresultsin the minimum numberof writes to the
copy-candidateor the maximumdatareusefactor F for a
certainfixed areasize, larger time-frameswill alwayslead
to equalor smallerdatareusefactorsfor thesamefixedarea
size,or if the samedatareusefactoris required,the fixed
areasizeshouldpossiblyincrease.

5.2 DRD, Tiimeframe of fset: influenceon relevant
costvariables

Wewill now investigatehow thethreeparameterstime-
frame size Tyime frame. time-frameof fset, includeddata
reusedependencie® R D - influencetherelevantcostvari-
ables:

e Fr = f(DRD)

For afixedsetof datareusedependencieimcluded thedata
reusefactoris fixed for all possibletime-framesizesand
offsets,sincechangingthe time-framepropertiesonly pro-
voke anexchangeof intra-copy reusefor inter-copy reuseor
vice versa. The productof the correspondingeusefactors
NIaC andNIeC is a constantfor constantDRD. More
DRD resultsin ahigher Fr. Whenall possibledatareuse
dependencieareincluded,which meanghateachdatael-
ementis keptin the copy-candidatefrom the first to the
lastread,thena maximalvaluefor the datareusefactoris
reachedvhereFrma: = —Stet— . Theneachelemenbf

signal_size
thesignalis written to the sublevel only once.

e A = f(DR-D; Ttimefr_ame; OffS@t) .
A largertime-frameresultsin a higher D;, moreincluded
datareusedependenciesesultin a higher A;, bothleading
to ahigherareasize A. Changingthe offset,changedoth

D; andA;, dependingntheaccespattern.For afixeddata
reusefactor Fr, the minimum neededareasize is found
with Beladys algorithm(Tsme frame = 1).

e copy behaviour cost = f(Tiimeframe, Offset)
Thetime-framesizeandoffsetdefinehow andwhencopies
aremadeto copy-candidatesluringthe executionof theal-
gorithm. The implementationof this copy behaiour thus
affectsthe codesizeandaddresscalculationcostof the fi-
nal program.Largertime-framesarebetterfor burstcopies

5.3 Heuristics to speedup the search

Enumeratingandcomputingthecostof all possiblecom-
binationsof time-framesizes,offsets,and DRD for each
of the copy-candidatesis not feasiblefor real-life applica-
tions. Thereforea reducedsearchspacewill be explored,
takinginto accountthe constraintgyiven by theimplemen-
tation platform.

We have seenin Section 5.1 that, for a fixed area
size, the solution provided by Belady's algorithm with
Tiimeframe = 1 givesanequalor betterpower-areatrade-
off thana solutionwith the time-framesizelargerthan1.
However, larger time-framesand offsetsare generallybet-
terfor the copy behaviour cost.

We proposeo searchfor a goodsolutionin two steps:

Firstly, find the copy-candidatewith minimum areasize
Aprqz for maximumdatareuseF'g s, With Belady'salgo-
rithm. Thenalsowith Belady's algorithm,for eachpossible
valueof A < Az, Onecanfind a(smaller)Fr. Eachsub-
setof the correspondingopy-candidategor differentsig-
nalscanbe combinedto a possiblehierarchy Time-frame
constraintgor multiple levelsasdiscussedh Sectior4.5do
not exist here,sincethetime-framesizeis equalto 1 for all
levels. Fromthesecopy-candidates setof goodcombina-
tionsin termsof areaand power costis selectedpossibly
taking into accounta fixed hierarchyconstraintwhen the
implementatiorplatformis alreadyknown.
In asecondstepwe decreasé¢he costof the copy behaviour
by enlaging and offsetting the time-frames. Time-frame
sizesand offsets,which can be written as a regular func-
tion of theiterationindicesof the nestedoops,areeasietto
implementandreducethe codesizeandaddresgalculation
cost. Largertime-framesarebetterfor bursttransferdrom
DRAM. A trade-of with increasingareasize and power
costhasto be made. Time-frameboundaryconstraintge-
ducethenumberof possibilitiesfor subsequergubleselsin
the hierarchy

The weight assignedo eachof the cost functions for
area,power, codesize and executiontime, steerthe deci-
sionsmadeduringthesetwo steps.

6. Experimental results

We have applied these extensionsfor the datareuse
methodologyto somereal-life applicationsasthe “Binary
Tree Predictive Coder” and a “Cavity Detection” algo-
rithm, whereholesin the accesgatternare present. We
are using a proprietarypower modelfor on-chipmemory
thereforeonly relative valuesfor the power costare given
in Table2.



Previousmeth. Extendedneth.
Tot. WD | #reg. | Paver || Tot. WD | #reg. [ Pawer
[BTrc [ 15 | o [ 100 | 71 [ o [ o077 ]
Caity || 3*N)+@8) [ 1 074 (2N+3) 2 0.51
Det. @EN+H9) | o 100 || @*N+3)+(©9) | © 0.75

Table 2. Comparing results for power and area
cost for the previous and extended method-

ology

In the Binary Tree Predictive Coder(BTPC) about15
valuesof the input image are accessedn the loop body;
which are partly reusedin the next iteration. However,
including datareuseover multiple iterations, reducesthe
power costby 23%. The word depthof the extra memory
levelincreasedut is still smallcomparedo theimagesize
(typically 1024*1024bytes).

In the Cavity Detectionalgorithmtwo dominantsignals
with asizeequalto thesizeof theinputimage(N*M bytes)
exhibit a similar accesatternasgivenin the examplein
Sectiond.1. Whenregisterdatareuseis possible,The ex-
tendedmethodologycomesup with a 1-level hierarchythe
previousmethodologywith a2-level hierarchywithoutreg-
isterdatareuse the solutionis a 2-level memoryhierarchy
For both casesthe total word depthof the extra memory
levels could be reducedby about30%. The power costis
reducedby respectiely 31.1%and24.8%. This clearlyin-
dicatesthe potentialof our new approach.

7. Conclusion

In this paperwe have extendedthe current available
methodologyfor datareuseexplorationin acustomizecm-
beddedmemory contet [14], to find more cost-efective
memoryhierarchysolutionsfor applicationswith holesin
thesignalaccespatterns By relaxingsomeof theassump-
tionsof thecurrentmethodologywe canachieze muchbet-
ter resultsin termsof areaand power. However, next to
the power andareacost,alsothe costof codesizeandad-
dresscalculationcosthasto betakeninto accountor more
complex copy behaviour. We haveidentifiedtheparameters
which definethehugesearchspaceandindicatedtheirrela-
tionshipwith therelevantcostvariables A strateyy to steer
the searchfor a good solutionis basedon theserelation-
shipsandtheweightassignedo eachof thedifferentcosts.
Constraintggiven by knowledgeof the final implemention
platformshouldalsobeincludedin thefuture.
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