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Abstract— The energy consumption for Mobile Embedded
Systemsis a limiting factor becauseof today’s battery capacities.
The memory subsystemconsumesa large chunk of the energy,
necessitatingits efficient utilization. Energy efficient scratchpads
arethus becomingcommon,though unlike cachesthey require to
be explicitly utilized. In this paper, an algorithm integrated into
a compiler is presentedwhich analyzesthe application, partitions
an array variable whenever its beneficial,appropriately modifies
the application and selectsthe bestsetof variables and program
parts to be placed onto the scratchpad. Resultsshow an energy
impr ovementbetween5.7% and 17.6% for a variety of applica-
tions againsta previously known algorithm.

I . INTRODUCTION

Thepastdecadehasseena considerableamountof growth
in EmbeddedSystems.Computersareno longerconfinedto
officesandhomedesks,they arefinding usein every conceiv-
able area. A large numberof EmbeddedSystemsare being
modeledasmobiledevices,for which dimension,weight and
energy consumptionaredistinguishingfeatures.

Improvementsconcerningthe battery capacityhave been
made,but therateis negligible comparedto the rateat which
energy consumptionhasincreased.For example,the battery
life of Ni-Cd batterieshasincreasedby afactorof 2 in thelast
30 years[19]. However, the power dissipationin the interior
of a full featurednotebookhasincreasedby 90%over thelast
3 years[6]. Moreover, the sizeof the laptopscannotbe fur-
ther reducedbecauseof the surfacearearequiredfor energy
dissipation[6]. Hence,systemarchitectshave theutmosttask
of reducingenergy consumption. Thereare a large number
of optionsfor reducingtheenergy/power consumption,a few
examplesof whicharethefollowing:

First and foremost,would be to decreasethe featuresize,
as it directly effects the energy consumption. However, the
lower the featuresize,thehigheris thecostandthecomplex-
ity of thesystem.Anotheroption is to decreasetheswitching
activity of the transistor, asit is responsiblefor 70%-90%of
thetotal transistorenergy consumption[17]. Theenergy con-
sumptiondependson thenumberof switchingoperationsand

the load capacityof the attachednets. Nowadays,advanced
micro-controllerscomewith power saving or idle modesand
alsowith lower frequency modes. Thusthe micro-controller
canbe madeto sleepwhenidle or work at sufficiently lower
frequency if meetingall constraints.

A differentenergy optimizingapproachwould bea prudent
selectionof systemcomponentsby creatinga memoryhierar-
chy, usingonchipandoffchip memories.Theonchipmemory
consumeslessenergy becauseof its smallsizeandtheproxim-
ity to thecore,accesstimesarelow andlessbusdriversneed
to be activated.Memory organizationconsistingof cachesor
scratchpads1 or bothcanbeusedfor anoptimalenergy reduc-
tion.

Cachesprovide copyingof relevant/irrelevant datato/from
the offchip memory respectively. If the memorycontentis
valid thenthe currentaccessto the offchip memoryis saved.
The softwarecodecanbe usedwithout any modificationfor
differentcachememoryorganizations.However, cachesare
notoriousfor theirunpredictablebehavior. An applicationfor a
certaincacheconfigurationmayconsumeequalor moreenergy
becauseof thrashing[5], thantheonewithout cache.In real-
time embeddedsystems,a numberof time constraintshave to
befullfilled anda certainresponsetime hasto be guaranteed.
WorstCaseExecutionTime (WCET)behavior of cache-based
systemsis very difficult to predictexactly. A simpleandim-
preciseupperboundon WCET canbe calculatedassuminga
cachemissfor every memoryaccess.Tight upperbounds[9]
canbe computed,but not for all applications.Consequently,
thepresenceof cachedoesnot greatlyreducethe WCET. On
the otherhand,scratchpadmemoriesconsumemuchlessen-
ergy peraccess,asthey aredevoid of tagarraysandcompara-
tors[3]. Scratchpadsdonotcauseamiss,hencecanbeusedto
improve theWCET. However, they dependuponsoftwarefor
theirutilization.

In this work, we proposea compilerextensionwhich uses
thescratchpadto themaximalvalue,partitioningprogramand
datainto smallersegmentswhenever beneficial. The bestset

1SmallonchipRAM’sstaticallymappedinto theprocessor’saddressspace
arecalledScratchpads.



of programanddatavaluesareidentifiedusingIntegerLinear
Programming[10] andtheselectedobjectsareplacedontothe
scratchpad.

In the next sectionwe describerelatedresearchwork fol-
lowed by a detaileddescriptionof the algorithm. In section
IV we describetheexperimentalsetup,followedby theresults
of theexperimentsperformedon theARM7T RISCprocessor.
Thepaperendswith a conclusionandfuturework.

I I . RELATED WORK

Optimizing the energy consumedby the applicationpro-
gramhasbeena researchtopicsincethelastdecade.Tiwari et
al. [18, 19] wereamongthefirst to proposeanenergy model.
This instructionlevel modelconsistsof a constantenergy cost
for eachinstruction(“basecost”)plusanoverheadcost(“inter-
instructioncost”) for switching to the next instruction. The
sumover all instructionsdenotesthe total amountof energy
consumedby the observed application. This model is useful
for compilerswhich could generatethe mostenergy efficient
code.However, themodelfails to takesystemcomponentsinto
consideration.For low powerprocessors,energy consumption
dueto memoryaccessescannot beneglected.Otherwise,the
generatedcodewouldbeoptimalfor processorenergy but not
for thewholesystemincludingmemory.

Theinstructionlevel modelby Simunicet al. [14] incorpo-
ratestheeffectof memories,but sinceall valuesaretakenfrom
thevendor’sdatasheet,thereis nodistinctionbetweendifferent
instructions.Thecombinationof thesetwo approachesanda
furtherextensionfor treatingthebit patternsonbuseswaspre-
sentedby Steinkeetal. [16]. Thismodel,having aprecisionof
1.7%,is chosenfor thecurrentresearchwork.

Pandaetal. [11, 12] presentedanefficientuseof thememory
hierarchyby placingthe mostcommonlyusedvariablesonto
thescratchpad.A furtherapproachby Sjödinet al. [15] places
variablesontoscratchpadby staticanalysisandshowsthatthis
is sufficiently preciseandno dynamicanalysisis needed.The
dynamiccopyingof arraypartswasstudiedby Kandemiretal.
[7]. However, thealgorithmis applicableunderthesimplifying
constraints[21] [7] ( i.e. perfectlynestedloops,exactly known
loop boundsandarraysubscriptsbeingaffine functionof the
all loop indicesalongwith additionalconstraints).Also, it ap-
plies only whenthe aggregateoverheadcostof moving data
to andfrom onchipmemoryis lessthanthecostof accessing
the dataaccessingdatafrom offchip memory. Consequently,
theapplicabilityof thealgorithmis restrictedto data-intensive
DSPapplications.

Steinkeet al. [8] moved both dataandprogrampartsonto
the scratchpad,basedon the static analysisof execution of
instructionsand accessesof variables. The approachshows
an improvementof 12%-43%in energy consumptionagainst
caches.However, it only considerswhole variablesat a par-
ticular time. Thus,a largenon-scalarvariable(e.g. arrayvari-
able)could eitherbe put on to the onchipasa whole or not.
This couldpotentially leadto a sub-optimalutilization of the
scratchpad.
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Fig. 1. Partitioningof Array

Basedon the cachemodelCACTI developedby Wilton et
al. [20], Banakaret al. [3] presenteda detailedmodelfor the
energy/areaconsumptionof scratchpadmemoriesandis also
usedin our researchwork.

Observing,theaboveapproachesonusageof thescratchpad
memory, we find that thereis a void in the researchthat has
takenplace.Thus,we proposeanapproachwhich is anexten-
siontoSteinke’s[8] approach.In thisapproach,wepartitionan
arrayvariablefor the maximalusageof the scratchpadmem-
ory. Thenext sectionpresentsthealgorithmin detail,followed
by adescriptionof theworkflow andtheresults.

I I I . ALGORITHM

SteinkeconsidersProgramMemory ObjectsPMO (basic
blocksandfunctions)andDataMemoryObjectsDMO (vari-
ables)aspossiblecandidatesfor moving onto thescratchpad.
Heassociateaprofit (energy saving) with eachmemoryobject
(PMO and DMO) and formulatesa knapsackproblem[13].
Our approachworksin thefollowing stepwisemanner.

1. ChoosesacandidatearrayA amongall thepossiblearrays
for partitioning.

2. Decideswhetherto partition thearrayA or not. Decides
whetherpartitioning will result in reducedenergy con-
sumptionof theapplication.

3. If thearrayA is partitionedthendecidesthesplittingpoint
split of thearraywhichleadsto maximumreductionin
theenergy consumption.

4. Given the partitioning decisionand the splitting point,
modifiestheoriginalapplicationaccordingto thesplitting
point.

The array A chosenin step1 is the highestvalence(i.e.
energy consumptionper element)array which could not be
movedontothescratchpadby theSteinke’s algorithm.Step2
andstep3 areexecutedsimultaneouslywhile solving the for-
mulatedILP. Wedescribetheapplicationtransformationin the
followingsubsectionfollowedby thepartitioningdecisionand
theformaldescriptionof theproblem.

A. ApplicationTransformation

ApplicationTransformationis anindependentphase,which
takesan applicationcode, a chosenarray A and a splitting



pointsplit asinputsandoutputsa transformedapplication.
Specifically, it partitionsthe arrayA (refer Fig. 1) according
to thesplitting point to generatethetwo smallerarrays.Then
it replacesthe array A with the smallerarraysand modifies
the applicationsuchthatall the accessesto thearrayvariable
arereplacedwith anAccessmacro.TheAccessmacroon the
basisof the index variableandthe splitting point split dy-
namicallydetermineswhich of the two partitionedarraysare
beingreferenced.

Theunderlyingprinciplecanbeexplainedusinga highlevel
example.A simplereferenceto thearrayA

int A[size];
data = A[i];

is replacedby thefollowing setof lines.

int Aleft[split], Aright[size-split];
ACCESS(data,i);

whereACCESS macrois definedas

#define ACCESS(data, index)
if (index < split)

data = Aleft[index];
else

data = Aright[index-split];

B. PartitioningDecision

For the partitioning decision,we needto comparethe en-
ergy consumptionof theoriginal applicationandthemodified
application. However, the applicationwill be modified only
whenwe prove that it leadsto a moreenergy efficient solu-
tion. From subsectionA we observe thatonly thoseprogram
memoryobjectsgetmodifiedwhich containa referenceto the
array, while all theothersremaininvariant. Correspondingto
every programmemoryobjectwhich containsatleastoneref-
erenceto the arrayA we addan additionalprogrammemory
object.This alternative programmemoryobjectwill eitherbe
namedReferencedBasicBlock RBBor ReferencedFunction
RF if it correspondsto eithera basicblock or a function re-
spectively. Now wecompareonly thereferencedfunctionsand
referencedbasicblockswith theircorrespondingfunctionsand
basicblocks.Consequently, thenumberof additionalvariables
in theproblemis proportionalto PMOsof theoriginalapplica-
tion. We finally includea binarydecisionvariableDD into the
ILP representingthedecisionof arraypartitioning.

C. SplittingPoint

Firstof all, asshown in Fig. 1 we combinea constantnum-
berbsizeof adjacentarrayelementsof thearrayA to form aBa-
sisElementb. Now, thearrayinsteadof having sizeelements
has

�
size� bsize� elements.This reducesthecomplexity of the

problemaswell astheaccuracy of thesolutionagainsttheso-
lution whereeacharrayelementis a basiselement(i.e. bsize=
1). Correspondingto all

�
size� bsize��� 1 splittingpoints(refer

Fig. 2) we generate2 �	� � size� bsize�
� 1� partitionedvariables
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Fig. 2. splittingpointsandpartitionedvariables

pv asdatamemoryobjects.A partitionedvariablepv consists
of consecutivebasiselementsb suchthatonly onecomparison
is requiredin the Accessmacrofor accessingthe partitioned
variable.Two possiblesplittingpointsandtheircorresponding
partitionedvariablesareshown in Fig. 2.

D. IntegerLinearProblem

To decidebetweentheoriginalapplicationandthemodified
applicationoneapproachis to comparetheirenergy consump-
tion andchoosetheonewith lower energy consumption.The
otherapproachis to considertheir energy differenceagainst
a high energy value,namethis asenergy savingandchoose
the onewith higherenergy saving. We choosethe latter ap-
proachas it aids the problemformulation. The high energy
value correspondsto the systemwith only offchip memory.
The partitioning decisionis also dependentupon the choice
of the splitting point asit determinesthe energy savings due
to thepartitionedarrays.Thesplitting point is in turndepends
uponthesizeof theonchipscratchpad.

Theproblemcanbeviewedasadecisionproblem,to choose
betweenreferencedbasicblocks, referencedfunctionsanda
partitionedarrayon onesideandoriginal basicblocks,func-
tions andthe unpartitionedarrayon the otherside,underthe
objectivetomaximizeenergy savings.Thishastobedonesuch
thatthecombinedsizeof thechosenmemoryobjectsdoesnot
exceedthescratchpadsize.Thustheproblemcanbeviewedas
avariantof theknapsackproblem[13], whichcanbesolvedby
IntegerLinearProgramming.Thefollowing sectionsformally
describetheILP formulation.

D1. ProgramMemoryObjects

The energy saving by moving a Functionor a Referenced
Function i onto the scratchpadis the sum of the productof
the numberof executionsmk of eachinstructionk within the
function i, with theenergy saving of a singleinstructionfetch
Einstr f etch

E � Fi �
� ∑
k

mk � Einstr f etch

whereEinstr f etch is thedifferencebetweentheenergy con-
sumptionin fetchingan instructionfrom the offchip memory
andthescratchpadmemory.

Einstr f etch � Einstr f etch main � Einstr f etch sp



The energy saving due to a Basic Block or a Referenced
BasicBlock j is thenumberof executionsof theBasicBlock
n j multiplied with the productof the numberof instructions
in the BasicBlock m with the differenceof energy consump-
tion of an InstructionFetchEinstr f etch. We needto subtract
the energy of u jumpsfrom the main memoryto the scratch-
padE jump main2sp andw jumpsfrom thescratchpadto themain
memoryE jump sp2main. Sincethe energiesof thesejumpsare
different,they have to behandledseparately.

E � BBj �
� m � n j � Einstr f etch �
u � E jump main2sp �
w � E jump sp2main

D2. DataMemoryObjects

Theenergy saving by moving a variablev ontothescratch-
padis theproductof thenumberof accessesacc� v� to thevari-
ablewith theenergy costEdata

E � v��� acc� v��� Edata

whereEdata is the differencein energy consumptionof the
memoryaccessin a loador storeinstructionwhenthevariable
v is in theoffchip or thescratchpadmemory.

Edata � Edata main � Edata sp

Theaccessesacc� pv� to apartitionedvariablepv is thesum
of the accessesacc� bi � to the basiselementsbi belongingto
thepartitionedvariable.

acc� pv��� ∑
bi � pv

acc� bi �
The energy saving by a partitioned variable pvn is the

productof the numberof accessesto the partitionedvariable
acc� pvn � , with theenergy differenceEdata.

E � pvn ��� acc� pvn ��� Edata

D3. ObjectiveFunction

Our formulationof the problemusesthe following defini-
tions for moving functionsF , referencedfunctionsRF, basic
blocksBB, referencedbasicblocksRBB, variablesv, andpar-
titionedvariablespvwith x � F � RF � BB � RBB� v � pv

E � x��� savedenergy consumptionfor x

S� x��� sizeof x

m� x��� � 1, if x is movedto thescratchpad
0, otherwise

We alsoneedto decidewhetherit is beneficialto partition
thearrayvariableor not. For thispurposeweincludethedeci-
sionvariableDD.

DD � � 1, if thearrayvariableA is partitioned
0, otherwise

To optimizefor energy the following objective function of
theknapsackproblemneedsto bemaximized:

sav � ∑
i � I m� Fi ��� E � Fi ��� ∑

l � Lm� RFl ��� E � RFl ���
∑
j � Jm� BBj ��� E � BBj ���
∑

m� M m� RBBm ��� E � RBBm ���
∑
k � K m� vk ��� E � vk ��� ∑

n� N m� pvn ��� E � pvn ���
DD � Eoverhead

Index setsI � J � K � L � M andN correspondto index valuesfor
functions,basicblocks,variables,referencedfunctions,refer-
encedbasicblocksandpartitionedvariablesrespectively.

Theoverheadenergy Eoverheadof partitioningthearrayvari-
ableA is subtractedfrom the energy savings. The overhead
energy Eoverhead is theproductof thetotal numberof accesses
acc� A� to A, with the sum of the extra energy of executing
Eexec� ACCESS� theAccessmacro.

Eoverhead � acc� A��� Eexec� ACCESS�
D4. Constraints

Thesizeconstraintcanbemodeledasfollows:

∑
i � I m� Fi ��� S� Fi ��� ∑

j � Jm� BBj ��� S� BBj ���
∑
k � K m� vk ��� S� vk ��� ∑

l � Lm� RFl ��� S� RFl ���
∑

m� M m� RBBm ��� S� RBBm ��� ∑
n� N m� pvn ��� S� pvn ��

scratchpadsize

We extend the constraintsto be able to handlethe following
situations:

To ensure that the referencedvariables(RBBandRF) and
partitionedvariables pv are not chosenwhenA is not parti-
tioned(i.e. DD = 0):

∑
l � Lm� RFl ��� ∑

m� M m� RBBm ���
∑
n� N m� pvn �
� C � DD

�
0

To ensure that the original variables(BB and F) and the
arrayvariableA are notchosenwhenit is partitioned(i.e. DD
= 1):

∑
i � I m� Fi ��� ∑

j � Jm� BBj ���
m� A��� C �	� 1 � DD � � 0

whereC is any sufficiently large constantsuchthat theabove
equationsalwaysremainlessthanor equalto zero.
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To enforce that only onevariant of the partitionedarray is
selectedto bemovedto scratchpad:

∑
n� N m� pvn � � 1

To regulate that either a BasicBlock (Function)or its cor-
respondingReferencedBasicBlock (ReferencedFunction) is
selected: �

l � L : m� RFl ��� m� Fl � �
1�

m � M : m� RBBm ��� m� BBm� �
1

Basedon theabove inequations,anILP solver [10] canfind
theoptimalsolutionfor thegivencostfunction.Fromthevalue
of thedecisionvariableDD andthesizeof thepartitionedvari-
ablemoved onto scratchpad,the result regardingpartitioning
of the arrayandthesplitting point canbe determinedrespec-
tively. Consequently, if thearrayis partitioned,theapplication
is modifiedappropriatelyandthechosenmemoryobjectscan
thenbeplacedontothescratchpadmemoryusingSteinke’sAl-
gorithm.

IV. WORK FLOW

The experimentswere carriedout following the workflow
describedin Fig. 3. In thefirst stepthebenchmarkprograms

TABLE I
ProcessorCyclesfor ScratchpadSystem

AccessType numberof cycles
scratchpad 1 cycle

mainmemory16 bit 1 cycle + 1 wait state
mainmemory32 bit 1 cycle + 3 wait states

arecompiledusingtheenergy awarecompilerENCC[4]. For
partitioning the arrayvariableanduseof the scratchpad,the
algorithmin theprevioussectionis executed.If thealgorithm
proposesto partition the array, the applicationis modifiedas
describedin subsectionA. Themodifiedapplicationis again
compiledandthe machinecodegeneratedis simulatedusing
theARMulator (thesimulatorfrom ARM Ltd [1]). Basedon
the instruction trace, the energy profiler calculatesthe total
amountof energy consumedfor thedifferentprocessorinstruc-
tionsandmemoryaccessestakinginto accountall theinserted
instructionsfor accessingthepartitionedvariables.

Accordingto theexperimentalsetuptheprocessorrequires
only 1 clock cycle andno wait statesto accessthescratchpad
memory. On theotherhandaccessingmainmemory, requires
1 clock cycle and1 or 3 wait statesdependinguponthe data
width (c.f. tableI).

Energy consumptionof thescratchpadmemoryis calculated
usingtheCACTI model.However, theenergy consumptionof
the main memoryis measuredfrom the evaluationboard[2].
The energy valuesin the table II show a differenceof 1 or
2 ordersof magnitudefor accessingscratchpadmemoryand
mainmemory.

V. RESULTS

For the experiments,benchmarksfrom different domains
wereselected.First, theFFT andFIR applicationswerestud-
ied, having a completelyspecifiedarrayvariableaccesspat-
tern.Second,thesortingalgorithmsbubblesort, insertionsort
andselectionsort which have a semi-specifiedarrayvariable
accesspatternwerechosen.Finally, a compressionalgorithm
ArithCoderusingArithmeticCoding[22], having acompletely
undefinedarrayvariableaccesspatternwasstudied.

Theresultsin Fig. 4 depictthecomparisonof thepartition-
ing algorithm againstSteinke’s algorithm for SelectionSort.
Partitioningis notdonewhentheonchipscratchpadsizeis not

TABLE II
EnergyConsumptionof Memories

MemoryType MemorySize Energy (nJ)
scratchpad 128Bytes 0.53
scratchpad 256Bytes 0.61
scratchpad 512Bytes 0.69
scratchpad 1024Bytes 0.82
scratchpad 2048Bytes 1.07
scratchpad 4096Bytes 1.21
scratchpad 8192Bytes 2.07

mainmemory16 bit 512KBytes 24.0
mainmemory32 bit 512KBytes 49.3
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largeenoughto optimizeenergy or whenthescratchpadsizeis
largeenoughto keepthewholearrayvariableonchip.At these
points(at 600Bytesand1300Bytesin Fig. 5), our resultsare
exactly thesameasSteinke’sAlgorithm.

Sincewearereplacingasinglestatementto accessthearray
with multiple statements,we areactuallydecreasingthe per-
formanceof theapplicationin termsof the CPU cycles. The
resultsin Fig. 5 confirm the fact. Consequently, we prove
that “The applicationis optimizedfor energy andnot for per-
formance”which is not a commonphenomenonin theenergy
optimizations. The maximumenergy saving that is achieved
in the above example(SelectionSort) is 11.37%andwith a
performancedegradationis 15.25%for theonchipscratchpad
sizeof 1200Bytes.Fig. 6 presentsthedistributionof thetotal
energy asconsumedby processor, onchipscratchpadmemory
andoffchip memory. We observe a considerabledrop in the
offchip memoryaswell astotal energy whenwe introducean
onchipscratchpadmemoryinto the system,which thencon-
tinuously decreasewith increasingscratchpadsize. We also
observe an increasein the processorenergy just at the point
(700Bytes),whenwe decideto partitionthearray.

The numberof memoryobjectsis linear to the numberof
thebasicblocksandvariablesin theapplication.In ourbench-

Fig. 6. Energy Distribution (SelectionSort)

TABLE III
EnergySteinke’sAlgorithmvs.Partitioning Algorithm[uJ]

benchmark SteinkeAlgo. Part.Algo. % imp.
FFT 16,604.979 15,331.800 7.66%
FIR 5,669.055 4,671.960 17.59%
BubbleSort 15,719.219 13,877.833 11.71%
SelectionSort 8,590.022 7,612.881 11.37%
InsertionSort 6,301.395 5,710.620 9.37%
ArithCoder 16,945.211 15,972.100 5.74%
average 10.57%

marks,the sizeof basiselementb was80 Bytesandthe av-
erageruntimefor solvingILP inequationswasobservedto be
lessthan4s.Theapplicationtransformationalgorithmbeinga
patternmatchingalgorithmwaslinearto thesizeof theappli-
cationprogramandhadminimal runtimefor thebenchmarks.
Finally, themaximumenergy savingswhichcouldbeachieved
againstSteinke’s algorithmareshown in tableIII andperfor-
mancepenaltiesin tableIV.

TABLE IV
PerformanceSteinke’sAlgorithmvs.Partitioning Algorithm[cycles]

benchmark SteinkeAlgo. Part.Algo. % imp.
FFT 1,344,537 1,283,481 +4.54%
FIR 690,852 764,948 -10.72%
BubbleSort 1,986,192 2,912,574 -46.64%
SelectionSort 1,361,253 1,568,885 -15.25%
InsertionSort 892,073 1,113,301 -24.79%
ArithCoder 2,192,162 2,208,645 -0.75%
average -15.60%



VI. CONCLUSION & FUTURE WORK

It is evident from theresultsthat thepartitioningalgorithm
shows a reasonableimprovementof 5.7%to 17.6%for appli-
cationsfrom all domainsincluding thosewith irregulararray
accesspattern.Theresultsfrom thepartitioningalgorithmare
alwaysbetterthanor equalto Steinke’s Algorithm. With this
algorithma further improvementis gainedagainstcommonly
usedCachesystems.Moreoverthealgorithmcanbeintegrated
into any compilerusedfor thescratchpadsystems.

We would like to enhancethis approachin thefutureby re-
ducingtheoverheaddueto theAccessmacro,by combiningit
with otheroptimizationse.g. loopsplitting.
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