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Abstract

Thenumberof embeddedsystemsis increasinganda re-
markablepercentage is designedas mobile applications.
For the latter, the energy consumptionis a limiting fac-
tor becauseof today’s batterycapacities.Besidesthepro-
cessor, memoryaccessesconsumea high amountof en-
ergy. The useof additional lesspower hungry memories
likecachesor scratchpadsis thuscommon.

Cachesincorporatethehardware control logic for mov-
ing data in andout automatically. On the otherhand,this
logic requireschip areaandenergy. A scratchpadmemory
is much more energy efficient,but there is a needfor soft-
warecontrol of its content.

In this paper, an algorithmintegratedinto a compileris
presentedwhich analysesthe applicationand selectspro-
gramanddatapartswhich are placedinto thescratchpad.
Comparisonsagainsta cachesolutionshowremarkablead-
vantagesbetween12%and43%in energyconsumptionfor
designsof thesamememorysize.1

1. Introduction

The numberof mobile applicationsis steadilyincreas-
ing. Many of themincludeprocessorswhich control their
functionality, aswell asmemoriesfor datastorage,e.g.au-
dio information. The limiting factorsfor mobile systems
aretheir size,weight andtheir batterycapacity. Improve-
mentsconcerningbatterycapacityhave beenmade,but the
rateis low (for example,only a factorof two in the last30
yearsfor rechargeableNi-Cd batteries[17]). Comparedto
this, the increaseof energy consumptionof commonpro-
cessorsandmemoriesis very muchhigher. Additionally,
the heatwhich stemsfrom the consumedenergy hasto be
removed from the system. The sizeof somelaptopscan-
not bereducedfurtherbecauseof thesurfacenecessaryfor

1This work hasbeensupportedby Agilent Technologies,USA.

heatdissipation[5]. Due to this increasinggap,computer
architectshave the taskto reducethe energy consumption
to overcomethis limitation andpermitnew applicationsor
reducedsizeandweightof embeddedsystems.

Besidesshrinkingtechnologysizes,new hardwaretech-
niquesarebeingdeveloped.Today, theCMOStechnology
is mostlyused,wheretheswitchingactivity of atransistoris
responsiblefor 70 to 90 % of thetotal energy consumption
[16]. This energy consumptiondependson the numberof
switchingoperationsandthe load capacityof the attached
nets.Therefore,it is mostpromisingto focuson thereduc-
tion of theswitchingactivity.

Anotherwayof energyreductionis to build upamemory
hierarchy. The off-chip main memoryis the slowest and
themostenergy consumingmemorytype. Energy � is the
productof time � , current � andvoltage ����� . Thetime � is
thenumberof cycles 	 multipliedwith thecycle time 
 .�������������������������������	���


The low speedwhich leadsto a high numberof cycles	 and the high amountof main memoryaccessesare the
mainreasonsfor therelatively highenergy costof themain
memory. Additional memorieslike cachesor scratchpads-
smallermemories- areableto reducethe numberof main
memoryaccessesfor frequentlyusedinstructionsor vari-
ables. Cachesarewell known and includedin many pro-
cessordesigns.Besidesthe datamemoryitself, they con-
sist of two additionalcomponents.Firstly, a tag memory
is requiredfor the storageof valid addresses.Secondly,
logic componentsarenecessaryfor afastcomparisonof ad-
dresseswith the contentsof the tag memory, so that cache
hits andmissescanbe detected.Thesememorypartsare
all energy consumingsinceaccessesto thetagarrayandthe
comparisonsareperformedduringeachmemoryaccess.

Theadvantageof cachesis theeasyintegrationwith the
softwareof thesystem.Thedetectionof acachehit or miss
is doneautomatically. If the accesseddatais currentlynot
available in the cache,the hardwarecontrol automatically
copiesthedatainto thecache.This mechanismallows the



useof softwarewithout any adaptionto thechangedmem-
ory hierarchy. A disadvantageof cachesoccursin realtime
embeddedsystemswherea certainresponsetime hasto be
guaranteed.For the worst caseexecutiontime (WCET), a
cachemisshasto beassumedmeaningthattheWCETdoes
not benefitfrom the presenceof a cache. Scratchpadus-
ing staticassignmentmaybeconsideredto improveWCET.
However, becausethe tag array and comparatorsare not
necessary, the softwarehasto be adaptedin order to con-
trol thefilling of thescratchpaddependingon theexecuted
software.

In this work, a compiler extensionis presentedwhich
analysesthe mostfrequentlyexecutedinstructionsandac-
cessedvariables.Thebestsetof instructionsandvariables
is thenidentifiedusinginteger linearprogramming[9] and
the selectedobjectsareplacedin the scratchpad.Possible
programpartsare functionsor basicblocks (sequentially
executedinstructionswithout a jump).

In thenext sectionwedescriberelatedresearchwork. In
section3 a memorymodelof cacheandscratchpadmemo-
riesis presentedtogetherwith their energy costs.Thealgo-
rithm for identificationandselectionof programpartsand
variablesis presentedin section4.

Theexperimentalenvironmentusedfor our simulations
is describedin section5 andthepresentationof the results
of thecomparisonfor differentmemorysizesin section6.

Theconclusionof this work is givenin section7.

2. Related Work

The optimization of energy consumptionby changing
thesoftwarehasbeena researchtopic for nearlytenyears.
Oneof the first energy modelswaspublishedby Tiwari et
al. [18][19]. For eachprocessorinstruction,a certainen-
ergy amountcalledbasecostwasdeterminedanda change
from theexecutionof oneinstructionto anotherwasnamed
interinstructioncost. With several measurementseriesa
databasewasbuilt up andwasusedfor differentoptimiza-
tionswhichshowedanenergy reductionof up to 40%.This
energy modelcanbeusedespeciallyfor theusein compil-
ers,becausethecompilercanrateeveryselectedinstruction
andcanthuschoosethemostenergy efficientone.

The limitation of this model is its lack of taking other
systemcomponentsinto account.Especiallyfor low power
processors,theenergyconsumptionof thememoryaccesses
must not be neglected. Explicitly modelingmemoryac-
cessesis usefulsincethe compilercanthentake the costs
of memoryaccessesinto account. If this is not done,the
generatedcodecanbeoptimalfor theprocessorenergy but
not for thewholesystemincludingmemory.

Simunicet al. [13] presenteda differentapproachwhere
theprocessorandmemoryenergy consumptionis basedon
the manufacturer’s datasheet. Simunic distinguishesbe-

tween the energy consumptionin the active and the idle
state. This model is usedfor simulation and estimation
of the energy consumptionof completesystems.The po-
tential of optimizationwasshown by Kandemiret al. [8],
whostudiedseveralcompileroptimizationsandcacheswith
differentorganizationsandtheir impacton theenergy con-
sumption.

To overcomethe limitation of the energy modelof Ti-
wari, Steinke et al. [15] presentedan energy modelwhich
wasdevelopedespeciallyfor optimizing the bus encoding
andthereforetakesthestateof eachbus line aswell asthe
consumptionof thedifferentmemoriesinto account.

Theefficientuseof thememoryhierarchywaspresented
by Pandaet al. [10][11] who analyzedtheaccessesto vari-
ablesandchosea setof variablesto be placedwithin the
scratchpadmemory. A further approachby Sjödin et al.
[14] placessomevariablesinto the scratchpad,basedon a
staticanalysis,showing that this is sufficiently preciseand
no dynamicanalysisis needed.A furtherpower reduction
techniqueby Ishiharaet al. [6] mergesfrequentlyexecuted
sequencesof objectcodes.

Whereastheseapproachesarebasedsolelyonasoftware
solution, Benini et al. [3] generatedapplication-specific
memorieswhich are scratchpadmemorieswith an ad-
ditional decoderfor distinguishingbetweena hit and a
miss.Thesememoriesshow asignificantimprovementcon-
cerningenergy consumptionof 12% to 68% comparedto
caches.

For a comparisonof scratchpadandcachememory, de-
tailed valuesof the energy consumptionof both architec-
turesarenecessary. This work wasdoneby Wilton et al.
[20][21] whopresenteda cachemodelnamedCACTI. This
model was also usedfor our evaluationof the cache. To
compareit to a scratchpadof thesametechnology, weused
thevaluesfor thedatamemoryarrayof thecache,ignoring
the energy consumptionof the tagsandcomparators.The
detailedmodel was describedby Banakaret al. [2]. The
following sectiondescribesthesememorymodelsin depth.

3. Memory Models

For this work, two systemswerecompared,onewith a
cacheandthesecondwith a scratchpadmemory. Thelatter
wasusedtogetherwith thealgorithmpresentedherefor the
allocationof programsegmentsandof variables.

3.1 Cache model

Both cacheandscratchpadcomprisea datamemoryar-
ray, thedatacolumnmultiplexers,thedatasenseamplifiers
andthedataoutputdriver. Additionally, thecacherequires
a decoder, tagmemoryarray, tagcolumnmultiplexers,tag
senseamplifiersandtag outputdrivers. The processorwe

2



usedto analysethe memoryinterfaceis the ARM7T pro-
cessor[1], which is anultra low powerprocessorwith a 16
bit InstructionSetfor low powerapplications.Thenumber
of accessesfor the differentaccesstypesarepresentedin
table1. For a readhit, onecachereadis executed.If there-
questeddatais notavailablein thecache(readmiss),a read
of themainmemoryconsistingof � words(=blocksize)and
acorrespondingwrite into thecachehaveto beexecutedbe-
forethecacheread.Thearchitectureuseswrite-throughand
thereforeexecutesawrite into thecacheaswell asthemain
memoryfollowing a write hit. A write missis recognized
by a cachereadandfollowedby amainmemorywrite.

For comparisonwith the available ARM7T processor,
a 4-way set associative organizationwas selectedwith a
write-througharchitectureanda blocksizeof 8 bytes.

Table 1. numberof accessesfor cachesystem
AccessType cache cache main main

read write memory memory
read write

readhit 1 0 0 0
readmiss 1 L L 0
write hit 0 1 0 1

write miss 1 0 0 1

3.2 Scratchpad model

Thescratchpadmemoryusessoftwareto control the lo-
cation assignmentof data. As a designcomparableto a
scratchpadmemory, we canusethecachearchitecturepre-
sentedin the previous subsectionwithout the tag memory
array, tag columnmultiplexer, tag senseamplifier and tag
outputdrivers. The energy consumptionof this subsetof
thecachecanbecalculatedusingtheCACTI cachemodel.
Thisresultsin afair comparisonbecausebothmemoriesare
designedusingthesametechnologyanddesign.

Thekind of memoryaccessfrom theprocessordepends
on theselectedaddress.Accessesto thescratchpadaddress
spacerequireonly 1 cycle andno wait state. Accessesto
themainmemorydependon thedatawidth andcause1 or
3 wait states(c.f. table2).

Table 2. processorcyclesfor scratchpadsystem
AccessType numberof cycles
scratchpad 1 cycle
mainmemory16 bit 1 cycle+ 1 wait state
mainmemory32 bit 1 cycle+ 3 wait states

3.3 Energy values

For the calculationof the energy consumptionof cache
andscratchpadaccesses,theCACTI modelwasused.This
modeldeterminedthevaluesshown in table3 for a 0.5� m
technologymemorywhich is the technologyusedfor the
ARM7T. The memorysizesvary from 64 bytes to 2048
bytes. For 64 bytes and 128 bytes, the valueswere ob-
tainedby approximationbecauseCACTI doesnot support
thesesmallmemorysizes.Thecomparedscratchpadalways
shows lower energy valuesasexpectedbecauseit consists
of a subsetof the cache. In the last column, the ratio be-
tweencacheandscratchpadenergy consumptionis calcu-
lated. For example,1 singlecacheaccessconsumesnearly
the sameamountof energy as4 scratchpadaccessesfor a
memorysizeof 4 KByte.

Table 3. energyconsumptionof memories
memorysize cache scratchpad ratio

64 bytes 2.87nJ 0.49nJ 5.9
128bytes 3.15nJ 0.53nJ 5.9
256bytes 3.32nJ 0.61nJ 5.4
512bytes 3.48nJ 0.69nJ 5.0

1024bytes 3.75nJ 0.82nJ 4.6
2048bytes 4.04nJ 1.07nJ 3.8
4096bytes 4.71nJ 1.21nJ 3.9
8192bytes 5.39nJ 2.07nJ 2.6

4. Algorithm

In this sectionwe explain how the algorithmwithin the
compiler assignsa set of memoryobjects(functions,ba-
sic blocksandvariables)to the scratchpadon a staticba-
sis. First we describethe identificationandevaluationof
instructions.Then,theidentificationandevaluationof vari-
ablesand finally the selectionof the bestset of memory
objectsis explained.

4.1 Program memory objects

Theexecutionof eachfunctionis startedat its beginning
andis terminatedby areturnstatement.Therearenofurther
jumpsinto a function. Thus,eachfunctioncanbehandled
asonememoryobjectwhichcanpossiblybemovedinto the
scratchpadandwhich requiresneitherchangingany of the
includedinstructionsnor thecorrespondingfunctioncall.

To computetheenergy consumptionof a function, � , we
sumuptheproductof thenumberof executions��� of each
instruction� within function � with theenergy consumption
of asingleinstructionfetch ��� �"!$#&% ')(*#,+*- :
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�/.102�*3��54 � � � �����6�7!$#&% '8($#,+*-
A functioncanbe decomposedinto basicblockswhich

canalsobetreatedasprogrammemoryobjects.
Moving basicblocks insteadof completefunctionsre-

quirestheadditionof jumpinstructionsto jumpfrom blocks
mappedto regularmemoryto blocksstoredin thescratch-
padandback.Thejump instructionsareanoverheadespe-
cially if thereis a numberof small basicblocks. In order
to minimize jump instructions,moving consecutive basic
blocksis preferred.

For eachbasicblock 9 , we cancomputetheenergy con-
sumptionby multiplying thenumberof instructions� , the
numberof executionsof this basicblock 	�: andtheenergy
consumptionof asingleinstructionfetch �;� �7!*#&% '8($#,+*- . Ad-
ditionally, wehaveto addtheenergy costsfor < jumpsfrom
mainmemoryto scratchpador viceversa.�/.1=>= : 3?�@�A��	 : ��� � �7!*#&% '8($#,+*-�B <C���/.69"D��FE�3

Note that the program is statically allocated to the
scratchpadmemory. There is no dynamic reloadingof
memoryblockseven thoughthis could be useful for long
programshaving morehotspotsthanthescratchpadcanac-
comodate.The extensionto dynamicreloading(a kind of
program-controlledoverlay)is partof our futurework.

4.2 Data memory objects

Apart from theprogram,variablescanalsobeallocated
to scratchpad.Eachvariableis viewed asonedatamem-
ory object. This is limited to global scalarandnon scalar
variablesbecauselocal variablesmay exist asmultiple in-
stancesin recursive functions.Thenumberof accessesto a
globalvariableGIHJHK.,LI3 is thesumof thenumberof accessesGMHNH � .,LI3 in eachof theblocks � . GIHJH � .&LO3 is computedasthe
numberof staticreferencesPQ�RGM� � .,LI3 to variableL in block �
multipliedby thenumberof executions	S� of block � :GMHNHK.&LO3?� 4 � GIHJHJ�T.&LO3?� 4 � PQ�RGM�R�U.,LI32��	S�

For the energy �/.&LO3 consumedby all accessesto the
variable,thisnumberof accesseshasto bemultipliedby the
energy cost � ��V�#,V of a singlememoryaccesswith a loador
storeinstruction: �/.,LI3?�GIHJHK.,LI3W������VX#,V
4.3 Selection of memory objects

The best set of memory objects which fits into the
scratchpadandsavesthehighestamountof energy now has

to be identified. Moving a certainmemoryobject to the
scratchpadwill resultin acertaingainin termsof saveden-
ergy. Moving hasto bedonesuchthatthecombinedsizeof
thememoryobjectsdoesnotexceedthesizeof thescratch-
pad.Thesizeof eachmemoryobjectis independentof the
otherobjects.Maximizing thetotal gaincanbeformulated
asaknapsackproblem[12].

Our formulationof theproblemusesthefollowing defi-
nitionsfor moving functions 0 , basicblocks =>= andvari-
ablesLIG"Y with Z\[�0@]^=_=]^LMGMY :�/.,Z�3`� savedenergy consumptionfor Za .,Z�3b� sizeof Z

�c.&Zd3?�fe 1, if x is movedto thescratchpad
0, otherwise

To optimize the energy saving P)GML , the following cost
functionneedsto bemaximized:P)G"L � 4 �&g7h �i.102�*3S���/.102�*3 B

4:Jg"j �i.1=>=�:83S���/.1=>=�:83 B
4� g7k �c.&LIGMY � 3W����.&LIG"Y � 3

Index sets ��lJmnl and o correspondto index valuesfor
functions,all basicblocksandall variables,respectively.

Thesizeconstraintcanbemodeledasfollows:4 �,g7h �c.,0p�q32� a .,0p�q3 B
4:Jg"j �i.1=>=�:)3W� a .,=_=r:)3 B
4� g7k �c.&LIGMY � 3W� a .&LIGMY � 3ts P)H�YuGM�RHNvKE�GIwMPQ�*x"y

Up to this point, two consecutivebasicblocksmovedto
thescratchpadarebothcountedwith a jump to thescratch-
pad and a further jump back. The jumps can be omitted
betweenthesetwo basicblocks. To model this, memory
objects- socalledmulti basicblocks- aregeneratedfor all
possiblecombinationsof consecutivebasicblocks.

To preventabasicblock Z from beingselectedtwice,e.g.
asasinglebasicblock Z andalsoaspartof amulti memory
block � or a function 9 , equationsof thefollowing typehave
to beadded:�c.,=_=�zM3 B �i.102�$3 B 4 {*|Q}{T~�"� �i.1=>=�:83�s5�
Index set m correspondsto index valuesfor all multi mem-
ory blockswhich includebasicblock =>=�z .
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Basedon the above equations,an IP solver [9] canfind
theoptimalsolutionfor thegivencostfunction for theuse
of a scratchpadmemory. Thechosenmemoryobjectscan
thenbeplacedin thescratchpadmemory.

5. Experimental Setup

For theevaluationof thetwo memoryconfigurations,the
ARM7T processormentionedabove with an onchipcache
wascomparedto aversionwith ascratchpadconfiguration.
For the two memories,the energy datawasestimatedus-
ing the CACTI tool. For the processorandmain memory
currentthedatais not availablefrom themanufacturerand
thereforeaseriesof measurementsof arealARM boardwas
takenbasedon theenergy modelpresentedby Steinkeetal.
[15].

Scratchpad Cache

C program

Program
Machine

Energy
Consumption

Scratchpad

C program

Program
Machine

Energy
Consumption

Cache Simulator

Profiler
Energy

Profiler
Energy

compiler compiler
encc encc

SimulatorSimulator
(Armulator) (Armulator)

Algorithm

Model

Energy Cost

Figure 1. Flow of memory comparison

The diagramin figure 1 shows the work flow starting
with programscompiledusingtheenergyawareC compiler
encc[4]. For the scratchpadconfiguration,the algorithm
presentedin theprevioussectionis executed.Thegenerated
machinecodeis simulatedby thesimulatorfrom ARM Ltd.
which is extendedfor thecacheconfigurationby theARM
cachesimulator. Basedon the instructiontrace,theenergy
profiler calculatesthetotal amountof energy consumedfor
thedifferentprocessorinstructionsandmemoryaccesses.

6. Results

The work flow was usedto comparedifferent bench-
markssuchassortingalgorithms,two filter applicationsand

onemediaapplication.

Figure 2. Bubble sort: CPU, Main Memory,
Scratchpad Energy

The results in figure 2 show the effect of the use of
the scratchpadmemory for different memory sizes. It
can be seenthat the main memoryenergy decreasesand
the scratchpadenergy increases.The observedbenchmark� D �J� <,yuP)�8Y8� uses196bytesprogrammemoryand436bytes
datamemorywithout scratchpadmemoryor cache.

Figure 3. biquad: Cache vs. Scratchpad

For the comparisonwith a commoncachesystemthe
curvesfor cachevs. scratchpadarepresentedin figures3, 4
and5. Thereisacleartrendin favor of thescratchpadwhich
consumeslessenergy than a cachememoryof the same
size. This is not really fair becausethe arearequiredfor
a cacheis muchbiggerthantheareafor a scratchpad.Area
is the importantfactor for the productioncost. Therefore
it would be morerealistic to comparea scratchpadwith a
cacheof thesameareawhichmeanswith lesscapacity. This
leadsto even higher advantagesfor the scratchpad.Here
we presentonly the datafor the samememorysize. The
comparisonfor differentbenchmarksand2 KByte memory
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Figure 4. matrixmult: Cache vs. Scratchpad

Figure 5. lattice: Cache vs. Scratchpad

shows anenergy reductionbetween12%and43%with an
averageof 23% (c.f. table4). The increasefor the cache
configurationat 64 bytesin figures4 and5 is causedby a
high rateof cachemisses.

Evenfor performance(c.f. table5), thereis animprove-
mentbetween7% and23% with an averageof 16%. This
improvementis lessthantheenergy resultsbecausetheen-
ergy consumptionof mainmemoryaccessesis muchhigher
than scratchpadaccesses.This effect is additional to the
reductionof thenumberof cyclesandconcernsonly theen-
ergy values.

The IP solver aspart of thescratchpadalgorithmdeter-
minesthe optimal set of memoryobjects. In our bench-
marksthe averageruntimeof the solver is lessthan0.1s.
To overcomeinacceptableruntimes,a timelimit canbecho-
senwhichensuresfindingasolutionsufficiently closeto the
optimum.

Table 4. cachevs.scratchpadenergy [nJ]

benchmark cache scratchpad improv.
biquadN sections 17,361 12,361 18%
bubblesort 1,913,242 1,191,574 38%
heapsort 598,191 491,897 18%
insertionsort 965,170 661,809 31%
lattice 1,467,450 1,252,753 15%
matrixmult 41,981 34,375 18%
me ivlin 4,558,811 2,610,799 43%
quicksort 75,153 66,054 12%
selectionsort 1,090,276 911,720 16%
average 23%

Table 5. cachevs.scratchpadperformance[cycles]
benchmark cache scratchpad improv.
biquadN sections 1,656 1,268 23%
bubblesort 241,458 191,953 21%
heapsort 74,343 64,918 13%
insertionsort 119,191 95,783 20%
lattice 165,886 141,402 15%
matrixmult 4,487 3,687 18%
me ivlin 646,024 497,314 23%
quicksort 8,240 7,652 7%
selectionsort 153,514 142,498 7%
average 16%

7. Conclusion

The presentedalgorithm as part of a compiler selects
programpartsandvariablesandplacestheminto a scratch-
padmemory. The ILP modeldeliversan optimal solution
andsavesabout22% of the electricalenergy comparedto
a cache. Futurework will improve theseresultsby also
consideringthestackandby dynamicallymoving memory
objectsin andout of thescratchpad.Furthermore,research
canbedonefor theextensionof thisapproachto multitask-
ing systems.
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