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Abstract

Efficient useof an optimizedcustommemoryhierarchy
to exploit temporal locality in the memoryaccesseson ar-
raysignalscanhavea verylarge impacton thepowercon-
sumptionin embeddeddatadominatedapplications.Only
recentlyeffective formalizedtechniquesto deal with this
specifictaskhavebeenaddressed.They work well for ho-
mogeneoussignalaccesspatternsbut cannothandleother
cases. In this paper we will extendand parameterizethe
designspaceandestablishheuristicsfor an efficientexplo-
ration, such that betterresultsin termsof areaand power
canbeachievedfor applicationswhereholesarepresentin
the signal accesspattern. Theextendedmethodology will
be illustrated for several real-life image processingalgo-
rithms.

1. Intr oduction

The idea of using memory hierarchyto minimize the
powerconsumption,is basedonthefactthatmemorypower
consumptiondependsprimarilyontheaccessfrequency and
thesizeof thememory. Power savingscanbeobtainedby
accessingheavily useddatafrom smallermemoriesinstead
of from large backgroundmemories. Such an optimiza-
tion requiresarchitecturaltransformationsthat consistof
addinglayersof smallerandsmallermemoriesto whichfre-
quentlyuseddatawill becopied[15]. So,memoryhierar-
chyoptimizationhasto introducecopiesof datafrom larger
to smallermemoriesin the DataFlow Graph(DFG). This
meansthata trade-off existshere:on the onehand,power
consumptionis decreasedbecausedatais now readmostly
from smaller memories,while on the other hand, power
consumptionis increasedbecauseextra memorytransfers
are introduced. Moreover, addinganotherlayer of hierar-
chycanalsohaveanegativeeffectontheareaandintercon-
nectcost,andasa consequencealsoon thepower. It is the
taskof thedatareusedecisionstepto find thebestsolution
for this trade-off. This is requiredfor a customhierarchy,
but alsofor efficiently usinga predefinedmemoryhierachy
with SW cachecontrol,wherewe have thedesignfreedom
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 any formal-

izablemethodto guidethememoryorganizationissues.In
mostwork on parallelMIMD processors,the emphasisin
termsof storagehierarchyhasbeenon hardware mecha-
nismsbasedon cachecoherenceprotocols[8]. Partition-
ing or blocking strategiesfor loopsto optimizethe useof
cacheshasbeenstudiedin several contexts [5]. The main
focusis on CPUperformanceimprovementthoughandnot
on memoryrelatedenergy andareacost. Also in a system
synthesiscontext, applyingtransformationsto improve the
cacheusagehasbeenaddressed[4][13]. Noneof theseap-
proachesdeterminethebestmemoryhierarchyorganization
for a given(setof) applicationsandthey do not addressthe
power cost.Only ananalysisof memoryhierarchychoices
basedon statisticalinformationto reacha giventhroughput
expectationhasbeendiscussed[3]. In thehardwarerealiza-
tion context, much lesswork hasbeenperformed,mainly
orientedto memoryallocation[12][10][6]. The impactof
this stepturnsout to be very large in the entiremethodol-
ogy for power reduction. This hasbeendemonstratedfor
a H.263videodecoder[9], a motionestimationapplication
[16] anda3D reconstructionalgorithm[17].

At IMEC, a formalizedmethodologyfor datareuseex-
ploration[14] hasbeendevelopedaspartof theATOMIUM
script [7] for datatransferandstorageexploration. In this
methodologyassumptionsweremadeto reducethe search
spaceof possiblememoryhierarchies.However, someof
theseassumptionscan lead to lessoptimal resultsfor the
power and areacost, when appliedon an importantclass
of applicationswherea “hole” is presentin theaccesspat-
tern of a multi-dimensionalsignal. Examplesof real-life
imageprocessingalgorithmswheresuchholesexist arethe
“Binary TreePredictiveCoder”and“Cavity Detection”dis-
cussedfurtheron. In this paperwe will introduceanexam-
ple to illustrate the problem,anddeducethe requiredpa-
rametersto describea morecompletesearchspace.There-
lationshipsbetweentheseparametersandthe relevantcost
variablesareexplored,which helpusto establishheuristics
to steerthe searchfor a good solution. This is our main
contribution.

The restof this paperis organizedas follows. In Sec-
tion 2 we will give an overview of the currentmethodol-
ogy for datareuseexploration.Section3 definesa detailed
powercostfunctionfor a memoryhierarchy. Section4 will
give a simpleexampleof an applicationwith a hole in the
accesspattern. We will extendthe searchspacedefinition
to dealwith this problem. How to steerour explorationof
thehugeresultingsearchspaceis explainedin Section5. In



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

Section6 wewill giveresultsontheapplicationof theseex-
tensionsonsomereal-lifeapplications.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 hierarchydesignexploits data reuselocal in
time to save power. This happensby copying datathat is
reusedoftenin a shortamountof cyclesto a smallermem-
ory, from which the data can then be accessed.This is
shown in Fig. 1 for asimpleexamplefor all readoperations
to agivenarray. Notethatloopshavebeenrepresentedhere
asgroupsof dots.Every dot representsa memoryreadop-
erationaccessingagivenarrayelement.

The horizontalaxis is the time axis. It shows how the
dataaccessesareorderedrelatively to eachother in time.
This is not necessarilyan absolutetime assignment.The
vertical axis shows the index of the dataelement(scalar)
that is accessedfrom 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-frames(indicatedby theverticaldashedlines),wesee
thatonly part of the datais neededin eachtime-frame,so
it would fit in a smaller, lesspower consumingmemory. If
thereis sufficient reuseof thedatain thattime-frame,it can
beadvantageousto copy thedatathat is usedfrequentlyin
thistime-frameto asmallermemory, suchthatfrom thesec-
ondusageon, a dataelementcanbereadfrom thesmaller
memoryinsteadof thelargermemory.

2.2. Definition of data reusefactor

The usefulnessof a memoryhierarchy, especiallyif it
is customizedto the applicationas proposedin [14], is
strongly relatedto the signal reusability, becausethis is
what determinesthe ratio betweenthe numberof readop-
erationsfrom a copy of a signalin a smallermemory, and
thenumberof readoperationsfrom thesignalin the larger
memoryon thenext hierarchicallevel.

Thereusefactorof agroupof data
�

storedin amemory
onlayer � relativeto layer ����� , wherelayer0 is thememory
furthestfrom thedatapaths,is definedas:���
	���
�������������� � ��	������ ���� ��	�����!#"$� ��� (1)

Here %'&)(+*-,/. �10
is thetotalnumberof timesanelement

from
�

is readfrom amemoryat layer � .
A reusefactor larger than1 is the result of intra -copy

reuseandinter -copyreuse(cfr. Figure1). Intra-Copyreuse
meansthat eachdataelementis readseveral times from
memoryduring one time-frame. Inter-Copy reusemeans
that advantageis taken from the fact that part of the data
neededin the next time-framecould alreadybe available
in thememoryfrom theprevioustime frame,andtherefore
doesnot have to be copiedagain. If 2 & (3�4�5�6./�7. �1098 � ,
this sublevel is uselessandwould even leadto an increase
of areaandpower, becausethe numberof readoperations
from * ,3:�; wouldremainunchangedwhile thedataalsohas
to bestoredandreadfrom * , .
2.3. Assumptions

1. Up to now we assumedsingleassignmentcode,where
every arrayvaluecanonly bewritten oncebut readseveral
times.This makestheanalysismucheasier.
2. We assumethat theorderanddirectionof loop iterators
of nestedloops is fixed. The orderingof sequentialloops
relative to eachotheris still free. This is compatiblewith
thepositionof thedatareusedecisionstepin our complete
ATOMIUM memorymanagementmethodology[7].
3. It is assumedthattheoptimaltime-frameboundariesare
likely to coincidewith theloopboundariesof loop nests.
4. A copy-candidatecontainsonly the data which is ac-
cessedduring its time-frame. At the endof a time-frame,
thedatacopiedinto theintermediatememoryis replacedby
thedataneededin thenext time-frame.
5. Inter-copy reuseis fully exploited. Dataalreadypresent
in the smallermemoryfrom the previouscopy will not be
copiedagain. This affectsthenumberof writes to eachof
thecopy-candidates.
In Section4 it will be shown that the third andfourth as-
sumptioncan lead to lessoptimal resultsin termsof area
and power cost for a certainkind of applications,where
thereis a “hole” in theaccesspatternof thesignal.

2.4. Curr ent Methodology

The currentdatareusemethodologyis basedon the as-
sumptionslistedin theprevioussubsection.

For eachread instruction inside a loop nest, a copy-
candidatechain can be determined. The first copy-
candidatein the chaincontainsall dataelementsaccessed
by the given read instructionduring the executionof the
completeloop nest. The time-frameof the secondcopy-
candidatecorrespondsto the iterationsof the outer loop.
Thedataelementsaccessedduringoneiterationof theouter
loop are stored in the copy-candidate. This can be re-
peatedfor the remainingloop nestlevels. Togetherthese
copy-candidatesform thecopy-candidatechain for thecon-
sideredreadinstruction. An exampleof a copy-candidate
chainfor n+1nestedloopsis givenin Fig. 2.
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Figure 2. Copy-candidate chain with area
sizes \)] , data reuse factor s 2 & ] and number
of writes ^4]

An optimal subsetof this copy-candidatechaincanbe
selected,basedonthepossiblegainacquiredby introducing
an intermediatecopy-candidate,tradingoff the lower cost
(speed& power) of accessesto a smallermemoryandthe
highercostof theextra memoryarea.

2.5. Cost function

Let _ ] (�%a`+,Qb�cd.7%fe�g/h7i$cj./2�kLl�l�m c�c 0 be the power function
for readandwrite operationsto alevel j in acopy-candidate
chain,which dependson theestimatedsizeandbitwidth of
the final memory, aswell ason the real accessfrequency2 kLl�l�m�c c correspondingto the array signals,which is ob-
tainedby multiplying the numberof memoryaccessesper
framefor a givensignalwith theframerate 2�n h7k$opm of the
application(this is not theclock frequency). Thetotal cost
functionfor a copy-candidatechainwith n sublevels is de-
finedas:

�rq
�tsuv w "yx z|{
v 	 �I} �Q~F� � �I����� � � � �r��q�q�� ��� �y�f��� � v 	 �I} ��~�� � ��������� � �+�

(2)
Here � and � areweightingfactorsfor Area/Power trade-

offs.

3. Power costfunction

In this Section we explore the power cost func-
tion in more detail. The power cost function_|]�(+% `�,�b�c ./% e�g/h�i$c .72 kjl�l�m c c 0 for one level j can be written
as: {

v �������$���6�� �j�� ¡�£¢ { �v �5��¤¥� ��¦ �j�� ���� a�§¢ { �v
(3)

where _ hj¨Qe|©] is definedas

{ ��ª«�­¬v �-�|® � �$¯�� ¢ °I± �$�L²�³� �y�$��� 	 ¤¥� ��¦ � � (4)

In Fig. 2 agenericcopy-candidatechainis shown where
for eachlevel j, wecandetermineanareasize \ ] , anumber
of writesto thelevel ^4] (equalto thenumberof readsfrom
level (j-1)) anda datareusefactor 2 & ] definedas��� v �µ´ ~ � ~´

v �
(5)

^ b�g b is the total numberof readsfrom the signal in the
lastlevel in thehierarchy. This is aconstantindependentof

theintroducedcopy candidatechain.Thenumberof writes^4] is a constantfor level j, independentfrom thepresence
of otherlevels in the hierarchy. As a consequencewe can
determine2Y& ] asthe fractionof thenumberof readsfrom
level j to thenumberof writesto level j, asit would bethe
only sublevel in thehierarchy.

Notethatthis definitionof thedatareusefactoris differ-
entfrom theonein thecurrentmethodologyin Section2.2,
whereit is equalto the numberof readsfrom the level it-
self (insteadof thelastlevel) to thenumberof writesto the
level. Sincethe numberof readsfrom a level dependson
the level below, thedatareusefactorasdefinedin the cur-
rentmethodologywasnot a constantindependentfrom the
presenceof other levels. As we will seefurther on, this
new definitionenablesusto definethepower costfunction
in sucha way that thecostcontribution of eachintroduced
sublevel is clearlyvisible. Sincedatareusefactorsareinde-
pendentof thepresenceof othercopy-candidates,they have
not to berecomputedfor eachdifferenthierarchy.

Basedon thepreviousdefinitionswecandeducethefol-
lowing expressionfor the total power cost for a complete
copy candidatechainof n sublevels:¶ · ¸ "$¹ ¶ �º�» ¶ �"¥¼ » ¸|½ ¹ ¶ �" » ¶ �½ ¼ »¿¾/¾ ¾/» ¸ ~ � ~ ¹ ¶ �s ¼· ¸ ~ � ~/À ¸ "¸ ~ � ~ ¹ ¶ �ºI» ¶ �"4¼ » ¸ ½¸ ~ � ~ ¹ ¶ �" » ¶ �½ ¼ »¿¾�¾ ¾/» ¹ ¶ �s ¼�Á· ¸ ~ � ~ À¿ÂÃ �#" ¹ ¶ �º » ¶ �" ¼ » ÂÃ � ½ ¹ ¶ �" » ¶ �½ ¼ »¿¾�¾�¾/» ¹ ¶ �s ¼�Á

(6)

From equation(6) we learn that smaller areasizes \)] ,
which reduce_ hj¨Qe|©] , andhigherdatareusefactors2 & ] re-
ducethetotalpowercostof a copy candidatechain.

4. A hole in the picture

In thisSectionwewill giveasimpleexampleof anappli-
cationwhereassumptionsmadein thecurrentmethodology
on the propertiesof a copy-candidateleadto non-optimal
resultsfor thepowerandareacost.We will identify thepa-
rameterswhich allow us to explore a larger searchspace,
leadingto a re-definitionof the reusefactorsfor a copy-
candidate.

4.1. A realistic example

In Fig. 3 anexamplein C codeis given,wherea square
maskis movedover animagein verticalandhorizontaldi-
rection. A pixel in the output imageis basedon the sur-
roundingpixels of the input imageand not the reference
pixel itself, i.e. thereis a hole in the accesspatternof the
two inner loops,asindicatedby the arrow in the code. A
dataaccessgraphof the input image can be constructed
showing the accessedindex valuesas a function of rela-
tive time. The graphfor threesubsequentmaskiterations
is illustratedin Fig. 4. We definea datareusedependency
(DRD) as the time interval betweentwo accessesto the
sameindex, representedin the graph by grey horizontal
linesstartedandendedby abullet representingtheaccesses.

In thecurrentmethodologywefix thetime-framebound-
ariesdefining the copy-candidateson the iterationbound-
aries[14], shown in the graphas full vertical lines. One
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for (col=0; col<(MAXCOL-2); col++)
for (row=0; row<(MAXROW-2); row++)Ê

outpix = 0.0;
for (i=0; i<MAXMASK; i++)

for (j=0; j<MAXMASK; j++)
if((i!=1) || (j!=1)) Ë

outpix += mask[i][j] * inim[row+i][col+j];
outim[row][col] = (int)(outpix/2.0) + 127;Ì

Figure 3. Example C code
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Figure 4. Data access graph for 3 subsequent
mask iterations, sho wing the influence of the
time-frame on area size and data reuse fac-
tor s

copy-candidatefits the data accessedduring this time-
frame, in this case8 different indices. Data, not present
in thecopy-candidateduringtheprevioustime-framehasto
be copiedfrom a higher level. Data,presentin the previ-
oustime-framebut not accessedin thecurrenttime-frame,
is discarded.In this way, the referencepixel (the hole) in
thecurrenttime-frame,which wasaccessedin theprevious
time-frame,is discarded.However this index is accessed
againin thenext time-frameandhasto becopiedagainfrom
a higherlevel. By keepingthis index in thecopy-candidate
over multiple time-framesuntil thenext access,we canre-
duce the global numberof writes to the copy-candidate,
which resultsin a higherdatareusefactor, but at the same
time increasesthe areasize to 9 sincemore data is kept
in the copy-candidate.However, whenwe move the time-
framewith anoffsetof 3,shown in Fig.4 by dashedvertical
lines,thenumberof indiceskept in thecopy-candidate(or
theareasize)is only 6, while retainingthehigherdatareuse
factor. In general,we alsohave the freedomto changethe
sizeof the time-frame,i.e. the numberof readsduring a
time-frame.In this specificexample,no moregainfor area
andpowercostcanbeachievedthough.

As illustratedby this example,someassumptionsmade
in thecurrentmethodologycanleadto lessoptimal results
for power and area. Namely, it was assumedthat time-
framesare determinedby loop boundaries,and that only
the dataaccessedduring the currenttime-frameis kept in
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Figure 5. Definition of
� , , \ , , � ( � ,�� \ ,�:|; 0 :

graphical representation in a data access
graph

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

searchspaceis explored:

� thetime-framesize �#b3,Fopm n h7kLo)m� thetime-frameoffset� theincludeddatareusedependencies(DRD)

The last parameterdefineswhetherand during which
time intervalsa certainindex is kept in thecopy-candidate
overmultiple time-frames,tradingoff higherdatareusefor
higherareasize.

4.2. Re-definition of the original reusefactors

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

Let
� , bedefinedasthesetof differentindicesaccessed

during � �����! #"%$&��� , , and \ , asthe setof differentindices
actuallypresentin thecopy-candidateduring � ���'�% #"%$&�'� , .
Then \ , is equal to the union of

� , and the set of in-
diceskept in the copy-candidateby including certaindata
reusedependenciesin � ���'�% #"%$&�'� , , i.e. datathat will be
reusedin a later time-framebut not in � ���'�% #"%$&�'��, . The
dataaccessedduring � �����% #"!$&����, which wasnot present
in thecopy-candidateduring theprevious � ���'�% #"%$&�'��,�:|; ,
is copiedfrom a higherlevel. Thenumberof writes to the
copy-candidateat thestartof � ���'�% #"%$&�'��, is thusequalto� ( � , � \�,3:�; 0 . A graphicalrepresentationof thesenotions
is givenin Fig. 5. Notethat in thecurrentmethodologythe
set \ , wouldalwaysbeequalto theset

� , .
A setof reusefactordefinitionsper time-frameis given

in Fig. 6. The data reusefactor 2 &)( 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.Theef-
fect of reuseinsidethe time-frame,duringwhich thesame
index canbe accessedmultiple times, is expressedby the
intra -copyreusefactor %+*&$ ^¥, . The inter -copyreusefac-
tor %+*&�d^D, illustratesthereuseof dataalreadyavailablein
thecopy-candidatesduringtheprevioustime-frameandac-
cessedduringthis time-frame.Theoveralldatareusefactor2 &)( is equalto theproductof theintra-copy andinter-copy
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per time-frame
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Figure 7. Re-definition of data reuse factor s:
per cop y-candidate

reusefactor. The global reusefactorsover all time-frames
and the neededareasize of a certaincopy-candidateare
given in Fig. 7. ^ b�g�b is the total numberof readsfrom the
lastlevel in thecopy-candidatechain, ^ is thetotalnumber
of writesto thiscopy-candidate.

4.3. Application to example

Wehaveappliedthesenew definitionsof Fig. 6 for reuse
factorsandareasizeon the examplegiven in Section4.1,
which is derived from a real-life imageprocessingappli-
cation. The resultsaregiven in Table1. The first column
shows the outcomefor the currentmethodology. The sec-
ondcolumnshows a 33% increaseof the datareusefactor2 &)( whenincludingdatareusedependencies,but a 12.5%
increaseof the areasize. Finally, the third columnshows
bothan33% increaseof the datareusefactor, aswell asa
33% decreaseof the areasize,when including datareuse
dependenciesandoffsettingthetime-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 dataaccessgraphis shown for the exampleat the end
of oneiterationof thecol loop in Fig. 3. At time unit 64,
a suddenjump in the accessgraphoccurs,and insteadof
6, we needto store8 different indicesin this time-frame.
Sincethefinal areasize \ 8 *Q$&R�(�\ , 0 , we loosethegain

(A) Original (B) DRD (C) DRD, Offset=3b3,Fo)m n h�k$opm ( 8 8 8S ¨FT ( © 8 8 6S ¨FT (VU#W)(H=&? © 4 3 3XZY k�[ ( \\ = 1 \\ = 1 \]XZY mB[ ( \^ = 2 \_ ]_ = 2`#a<b cd
= 2

ce c eS ¨ W (�© 8 9 6

Table 1. Data reuse factor s and area values
for current methodology (a), inc luding 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 offsettingthetime-frame.Thesolution
is to temporarilysplit the time-framein two partsat the it-
erationboundariesof thehigherloops,shown in Fig. 8 by a
dottedvertical line. Thepriceto payis anincreasein code
sizeto implementthis copy behaviour at the two iteration
boundaries.

4.5. Multiple levels

In general a copy-candidatechain consistsof copy-
candidatesof decreasingsize, time-frameand data reuse
factor. Certainconstraintsexist on which copy-candidates
canbeplacedin a hierarchy. Thetime-frameboundariesof
a higherlevel shouldcoincidewith thesmallertime-frame
boundariesof the lower hierarchy. This is to ensurethat
at the startof a smallertime-frame,all dataaccesseddur-
ing this time-framewhichshouldbeloadedfrom thehigher
level is alsoavailableat that time. Thusa startof a higher
level time-framecannotbe locatedin betweentime-frame
boundariesof thelower level.

5. Steeringthe exploration of the search space

As explainedin Section2, thecurrentmethodologyde-
fines the searchspaceas all possiblesubsetsof a copy-
candidatechainwith fixed copy-candidatesdeterminedby
theloopboundaries.By addingthefreedomof resizingand
offsettingtime-framesandincluding datareusedependen-
cies for each copy-candidate,we deal now with a search



spaceexplosion. Heuristicshave to be found which steer
thesearchfor optimalsolutions.

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

Belady’sMIN Algorithm [2] [11] is a replacementalgo-
rithm for local memorywhich optimally exploits temporal
locality, andassumesknowledgeof thefuture.Givenanad-
dresstrace,anda fixed local memorysize \�n ,F��m i , at each
timeinstancethealgorithmselectswhichreferenceswill be
kept in local memoryandwhich not in orderto minimize
thetotalnumberof memoryfetches.

Thealgorithmcanbeexplainedby usingthedefinitions
of Fig. 6. Considera time-frameof size1. Then

� ( � , 0
is alwaysequalto 1, and

� (�\�, 0 dependson which DRD’s
arekept in the local memory. Whenthe valuefor

� (+\�, 0
exceeds\�n ,L�ym�i , certainDRD’s presentin � �����! #"%$&��� , are
cutto meettheareasizeconstraint.Thismeansthatthedata
correspondingto acutDRD is notkeptin thelocalmemory
during the time interval betweentwo accesses.Belady’s
algorithmnow statesthatthoseDRD’sarecutwhichsecond
accessis furthestin thefuture.

For a time-framesizebiggerthan1, this algorithmcan
still beapplied.Sinceit shouldalwaysbepossibleto fit the
dataaccessedduring onetime-frame( =

� , ) the minimum
areasizepossiblefor \ n ,L�ym�i is *Q$�RY( � ( � , 0�0 , wherethe
minimum areasize \ n ,L�ym�i for Belady’s algorithm was 1.
The sameselectionprocedurefor cutting DRD’s to meet
the areasize constraintscan be applied. SinceBelady’s
algorithmresultsin the minimum numberof writes to the
copy-candidateor themaximumdatareusefactor 2�& for a
certainfixedareasize,larger time-frameswill alwayslead
to equalor smallerdatareusefactorsfor thesamefixedarea
size,or if the samedatareusefactor is required,the fixed
areasizeshouldpossiblyincrease.

5.2.
���9�

, ��b3,Qopm n h�k$opm , �P ) )��� � : influenceon relevant
costvariables

Wewill now investigatehow thethreeparameters- time-
framesize ��b3,Fopm n h7k$opm , time-frame �P ) )��� � , includeddata
reusedependencies

���9�
- influencetherelevantcostvari-

ables:����� 8  �( ���9�10
For afixedsetof datareusedependenciesincluded,thedata
reusefactor is fixed for all possibletime-framesizesand
offsets,sincechangingthetime-framepropertiesonly pro-
vokeanexchangeof intra-copy reusefor inter-copy reuseor
vice versa.Theproductof thecorrespondingreusefactors%+*�$ ^ and %�*��d^ is a constantfor constant

���9�
. More���9�

resultsin a higher 2 & . Whenall possibledatareuse
dependenciesareincluded,which meansthateachdatael-
ementis kept in the copy-candidatefrom the first to the
last read,thena maximalvaluefor the datareusefactoris
reachedwhere2 &|opk�� 8 [ -�KG-c�,F����k�� c�,L�$m . Theneachelementof
thesignalis written to thesublevel only once.��� 8  �( ���9� . � b3,Fopm n h7kLo)my. �P ) )��� � 0
A larger time-frameresultsin a higher

� , , moreincluded
datareusedependenciesresultin a higher \ , , both leading
to a higherareasize \ . Changingtheoffset,changesboth

� , and \ , , dependingontheaccesspattern.For afixeddata
reusefactor 2 & , the minimum neededareasize is found
with Belady’salgorithm( � b3,Qopm n h�k$opm 8 � ).�¢¡�£	¤)¥�¦¨§ª©¬«V­¯®�£±°N²³¡V£#´Eµ 8·¶ (�¸º¹;»C¼¾½ ¿LÀ;Á�¼Â½�. £±Ã¨´�§&µ 0
Thetime-framesizeandoffsetdefinehow andwhencopies
aremadeto copy-candidatesduringtheexecutionof theal-
gorithm. The implementationof this copy behaviour thus
affectsthecodesizeandaddresscalculationcostof thefi-
nalprogram.Largertime-framesarebetterfor burstcopies.

5.3. Heuristics to speedup the search

Enumeratingandcomputingthecostof all possiblecom-
binationsof time-framesizes,offsets,and DRD for each
of thecopy-candidates,is not feasiblefor real-life applica-
tions. Thereforea reducedsearchspacewill be explored,
taking into accounttheconstraintsgivenby the implemen-
tationplatform.

We have seen in Section 5.1 that, for a fixed area
size, the solution provided by Belady’s algorithm with� b3,Qopm n h�k$opm 8 � givesanequalor betterpower-areatrade-
off thana solutionwith the time-framesize larger than1.
However, larger time-framesandoffsetsaregenerallybet-
ter for thecopy behaviour cost.

We proposeto searchfor a goodsolutionin two steps:
Firstly, find the copy-candidatewith minimum areasize\¾Ä k�� for maximumdatareuse2 & Ä k�� with Belady’salgo-
rithm. Thenalsowith Belady’salgorithm,for eachpossible
valueof \QÅ \¾Ä k�� onecanfind a(smaller)2 & . Eachsub-
setof the correspondingcopy-candidatesfor differentsig-
nalscanbe combinedto a possiblehierarchy. Time-frame
constraintsfor multiple levelsasdiscussedin Section4.5do
not exist here,sincethetime-framesizeis equalto 1 for all
levels. Fromthesecopy-candidatesa setof goodcombina-
tions in termsof areaandpower cost is selected,possibly
taking into accounta fixed hierarchyconstraintwhen the
implementationplatformis alreadyknown.
In asecondstepwedecreasethecostof thecopy behaviour
by enlarging and offsetting the time-frames. Time-frame
sizesandoffsets,which canbe written asa regular func-
tion of theiterationindicesof thenestedloops,areeasierto
implementandreducethecodesizeandaddresscalculation
cost. Largertime-framesarebetterfor burst transfersfrom
DRAM. A trade-off with increasingareasize and power
costhasto be made.Time-frameboundaryconstraintsre-
ducethenumberof possibilitiesfor subsequentsublevelsin
thehierarchy.

The weight assignedto eachof the cost functions for
area,power, codesizeandexecutiontime, steerthe deci-
sionsmadeduringthesetwo steps.

6. Experimental results

We have applied theseextensionsfor the data reuse
methodologyto somereal-life applicationsasthe “Binary
Tree Predictive Coder” and a “Cavity Detection” algo-
rithm, whereholesin the accesspatternare present. We
areusinga proprietarypower model for on-chipmemory,
thereforeonly relative valuesfor the power costaregiven
in Table2.



Previousmeth. Extendedmeth.

Tot. WD # reg. Power Tot. WD # reg. Power

BTPC 15 0 1.00 71 0 0.77

Cavity (3*N)+(8) 1 0.74 (2*N+3) 2 0.51

Det. (3*N)+(9) 0 1.00 (2*N+3)+(9) 0 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 imageare accessedin the loop body,
which are partly reusedin the next iteration. However,
including data reuseover multiple iterations,reducesthe
power costby 23%. The word depthof the extra memory
level increasedbut is still smallcomparedto theimagesize
(typically 1024*1024bytes).

In theCavity Detectionalgorithmtwo dominantsignals
with asizeequalto thesizeof theinput image(N*M bytes)
exhibit a similar accesspatternasgiven in the examplein
Section4.1. Whenregisterdatareuseis possible,The ex-
tendedmethodologycomesup with a 1-level hierarchy, the
previousmethodologywith a2-levelhierarchy;withoutreg-
isterdatareuse,thesolutionis a 2-level memoryhierarchy.
For both casesthe total word depthof the extra memory
levels could be reducedby about30%. The power cost is
reducedby respectively 31.1%and24.8%.This clearly in-
dicatesthepotentialof our new approach.

7. Conclusion

In this paperwe have extendedthe current available
methodologyfor datareuseexplorationin acustomizedem-
beddedmemorycontext [14], to find more cost-effective
memoryhierarchysolutionsfor applicationswith holesin
thesignalaccesspatterns.By relaxingsomeof theassump-
tionsof thecurrentmethodology, wecanachievemuchbet-
ter resultsin termsof areaand power. However, next to
thepower andareacost,alsothecostof codesizeandad-
dresscalculationcosthasto betakeninto accountfor more
complex copy behaviour. Wehaveidentifiedtheparameters
whichdefinethehugesearchspaceandindicatedtheir rela-
tionshipwith therelevantcostvariables.A strategy to steer
the searchfor a good solution is basedon theserelation-
shipsandtheweightassignedto eachof thedifferentcosts.
Constraintsgiven by knowledgeof the final implemention
platformshouldalsobeincludedin thefuture.
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