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Abstract
Thispaperpresentsa novelsourcecodetransformation

for control flowoptimizationcalledloopnestsplittingwhich
minimizesthe number of executedif-statementsin loop
nestsof embeddedmultimediaapplications.Thegoalof the
optimizationis to reduceruntimesandenergy consumption.
Theanalysistechniquesare basedonprecisemathematical
modelscombinedwith geneticalgorithms. Due to the in-
herent portability of source codetransformations,a very
detailedbenchmarkingusing10differentprocessorscanbe
performed.Theapplicationof our implementedalgorithms
to threereal-life multimediabenchmarksleadsto average
speed-upsby 23.6%– 62.1%andenergy savingsby 19.6%
– 57.7%. Furthermore, our optimizationalso leadsto ad-
vantageouspipelineandcacheperformance.

1. Intr oduction
In recentyears,thepower efficiency of embeddedmul-

timediaapplications(e.g. medicalimageprocessing,video
compression)with simultaneousconsiderationof timing
constraintshasbecomea crucial issue. Many of theseap-
plicationsaredata-dominatedusing large amountsof data
memory. Typically, such applicationsconsist of deeply
nestedfor-loops. Using the loops’ index variables,ad-
dressesarecalculatedfor datamanipulation.Themainal-
gorithm is usually locatedin the innermostloop. Often,
suchan algorithmtreatsparticularpartsof its dataspecif-
ically, e.g. an imageborder requiresother manipulations
thanits center. This boundarycheckingis implementedus-
ing if-statementsin theinnermostloop(seee.g. figure1, an
MPEG4 full searchmotionestimationkernel[5]).

Thiscodefragmenthasseveralpropertiesmakingit sub-
optimal w. r. t. runtimeandenergy consumption.First, the
if-statementsleadto avery irregularcontrolflow. Any jump
instructionin a machineprogramcausesa control hazard
for pipelinedprocessors[11]. This meansthat thepipeline
needsto bestalledfor someinstructioncycles,soasto pre-
venttheexecutionof incorrectlyprefetchedinstructions.

Second,the pipeline is also influencedby data refer-
ences,sinceit canalsobe stalledduring datamemoryac-
cesses.In loop nests,theindex variablesareaccessedvery
frequentlyresultingin pipelinestallsif they cannotbekept
in processorregisters.Sinceit hasbeenshown that50%–
75% of the power consumptionin embeddedmultimedia

for (x=0; x<36; x++) � x1=4*x;
for (y=0; y<49; y++) � y1=4*y; /* y loop */
for (k=0; k<9; k++) � x2=x1+k-4;
for (l=0; l<9; l++) � y2=y1+l-4;
for (i=0; i<4; i++) � x3=x1+i; x4=x2+i;
for (j=0; j<4; j++) � y3=y1+j; y4=y2+j;
if (x3<0 || 35<x3 || y3<0 || 48<y3)

then block 1; else else block 1;
if (x4<0 || 35<x4 || y4<0 || 48<y4)

then block 2; else else block 2; �����������
Figure 1. A typical Loop Nest (from MPEG 4)

systemsis causedby memoryaccesses[12, 17], frequent
transfersof index variablesacrossmemoryhierarchiescon-
tributenegatively to thetotal energy balance.

Finally, many instructionsarerequiredto evaluatetheif-
statements,alsoleadingto higherruntimesandpower con-
sumption. For the MPEG4 codeabove, all shown opera-
tionsarein totalascomplex asthecomputationsperformed
in thethen- andelse-blocksof the if-statements.

In this article,a new formalizedmethodfor theanalysis
of if-statementsoccuringin loopnestsis presentedsolvinga
particularclassof theNP-completeproblemof thesatisfia-
bility of integerlinearconstraints.Consideringtheexample
shown in figure1, our techniquesareableto detectthat� theconditionsx3<0 andy3<0 arenever true,� both if-statementsaretruefor x � 10 or y � 14.
Informationof thefirst typeis usedto detectconditionsnot
having any influenceon thecontrolflow of anapplication.
Thiskind of redundantcode(whichis nottypicaldeadcode,
sincethe resultsof theseconditionsareusedwithin the if-
statement)can be removed from the code, thus reducing
codesizeandcomputationalcomplexity of a program.

Usingthesecondinformation,theentireloopnestcanbe
rewritten so thatthe total numberof executedif-statements
is minimized(seefigure2). In orderto achieve this, a new
if-statement(thesplitting-if ) is insertedin they looptesting
the conditionx � 10 || y � 14. The else-part of this new
if-statementis an exact copy of the body of the original y
loop shown in figure1. Sinceall if-statementsarefulfilled
when the splitting-if is true, the then-part consistsof the
bodyof they loopwithoutany if-statementsandassociated
else-blocks. To minimize executionsof the splitting-if for
valuesof y � 14,asecondy loopis insertedin thethen-part
countingfrom thecurrentvalueof y to theupperbound48.
Thecorrectlytransformedcodeis illustratedin figure2.
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for (x=0; x<36; x++) � x1=4*x;
for (y=0; y<49; y++)
if (x>=10 || y>=14) /* Splitting-If */
for (; y<49; y++) /* Second y loop */
for (k=0; k<9; k++)
... /* l- & i-loop omitted */

for (j=0; j<4; j++) �
then block 1; then block 2; �

else � y1=4*y;
for (k=0; k<9; k++) � x2=x1+k-4;
... /* l- & i-loop omitted */

for (j=0; j<4; j++) � y3=y1+j; y4=y2+j;
if (0 || 35<x3 || 0 || 48<y3)

then block 1; else else block 1;
if (x4<0 || 35<x4 || y4<0 || 48<y4)

then block 2; else else block 2; �����������
Figure 2. Loop Nest after Splitting

As shown by this example,our techniqueis ableto gen-
eratelinear control flow in thehot-spotsof an application.
Furthermore,accessesto memoryarereducedsignificantly
sincea large amountof branching,arithmeticand logical
instructionsandindex variableaccessesis removed.

Section2 of this papergivesa survey of relatedwork.
Section3 presentstheanalyticalmodelsandalgorithmsfor
loop nestsplitting. Section4 describesthe benchmarking
results,andsection5 summarizesandconcludesthispaper.

2. RelatedWork
Loop transformationshave beendescribedin literature

oncompilerdesignfor many years(seee.g. [2, 11]) andare
often integratedinto today’s optimizingcompilers.Classi-
cal loopsplitting (or loop distribution / fission) createssev-
eral loopsout of an original oneanddistributesthe state-
mentsof theoriginal loop bodyamongall new loops. The
main goal of this optimizationis to enablethe paralleliza-
tion of a loop due to fewer datadependencies[2] and to
possiblyimprove I-cacheperformancedueto smallerloop
bodies. In [7] it is shown that loop splitting leadsto in-
creasedenergy consumptionof theprocessorandthemem-
ory system.Sincethecomputationalcomplexity of a loop
is not reduced,this techniquedoesnot solve the problems
thataredueto thepropertiesdiscussedin section1.

Loop unswitching is appliedto loops containingloop-
invariantif-statements[11]. The loop is thenreplicatedin-
sideeachbranchof theif-statement,reducingthebranching
overheadanddecreasingcodesizesof the loops[2]. The
goalsof loop unswitchingandthe way how the optimiza-
tion is expressedareequivalentto the topicsof section1.
But thefact thattheif-statementsmustnotdependon index
variablesmakesloopunswitchingunsuitablefor applyingit
to multimediaprograms.It is the contribution of the tech-
niquespresentedin this paperthat we explicitly focus on
loop-variantconditions. Sinceour analysistechniquesgo
far beyond thoserequiredfor loop splitting or unswitching
andhavetodealwith entireloopnestsandsetsof index vari-
ables,wecall ouroptimizationtechniqueloopnestsplitting.

In [9], classicalloop splitting is appliedin conjunction
with functioncall insertionat thesourcecodelevel to im-
prove the I-cacheperformance. After the applicationof
loopsplitting,alargereductionof I-cachemissesis reported
for onebenchmark.All otherparameters(instructionand
datamemoryaccesses,D-cachemisses)areworseafterthe
transformation.All resultsare generatedwith cachesim-
ulation softwarewhich is known to be unprecise,and the
runtimesof thebenchmarkarenotconsideredatall.

Sourcecodetransformationsarestudiedin literaturefor
many years.In [6], arrayandloop transformationsfor data
transferoptimizationarepresentedby meansof a medical
imageprocessingalgorithm[3]. Theauthorsonly focuson
the illustrationof the optimizeddataflow andthusneglect
that the control flow getsvery irregular sincemany addi-
tional if-statementsareinserted.This impairedcontrolflow
hasnot yet beentargetedby the authors.As we will show
in section4, loop nestsplitting appliedas postprocessing
stageis ableto removethecontrolflow overheadintroduced
by [6] with simultaneousfurtherdatatransferoptimization.

3. Analysisand Optimization Algorithm

This sectionpresentsthe techniquesrequiredfor loop
nest splitting consistingof four sequentialtasks. First,
conditionsarecheckedfor satisfiability (3.1). Second,an
optimized searchspacefor each satisfiablecondition is
created(3.2). Third, all localsearchspacesarecombinedto
a globalsearchspace(3.3)which hasto beexploredfinally
(3.4). Beforegoing into details(cf. also [4] for broader
descriptions),somepreliminariesarerequired.

Definition 1:
1. Let Λ �
	 L1 ������� LN � bea loopnestof depthN, where

Ll denotesa singleloop.

2. Let i l , lbl andubl be the index variable, lower bound
andupperboundof loopLl � Λ with lbl � i l � ubl .

Theoptimizationgoalfor loopnestsplitting is to determine
valueslb �l andub �l for every loopLl � Λ with� lb �l � lbl andub �l � ubl ,� all loop-variantif-statementsin Λ aresatisfiedfor all

valuesof theindex variablesi l with lb �l � i l � ub �l ,� loopnestsplittingby all valueslb �l andub �l leadsto the
minimizationof if-statementexecution.

Thevalueslb �l andub �l areusedfor theconstructionof the
splitting if-statement.The techniquesdescribedin the fol-
lowing requirethatsomepreconditionsaremet:

1. All loop boundslbl andubl areconstants.
2. If-statementshavetheformatif (C1 � C2 ������� ) where

Cx areloop-variantconditionsthatarecombinedwith
logicaloperators� � 	 && � || � .

3. Loop-variant conditions Cx are affine expressions
of i l and can thus be translated to the format

Cx � N
∑

l � 1

�
cl � i l ��� c � 0 for constantscl � c � � .



Precondition2 is only dueto thecurrentstateof implemen-
tationof our tools. By applicationof de Morgan’s rule on
anexpression!(C1 � C2) andinversionof thecomparators
in C1 andC2, the logical NOT can alsobe modeledin if-
statements.Sinceall booleanfunctionscan be expressed
with &&, || and!, precondition2 is not a limitation. With-
out lossof generality, a conditiona==b canberewritten as
a � b && b � a (a!=b analogous)sothattherequiredopera-
tor � of precondition3 is nota restriction,either.

3.1.Condition Satisfiability

In the first phasesof the optimization algorithm, all
affine conditionsCx areanalyzedseparately. Every condi-
tion definesa subsetof the total iteration spaceof a loop
nestΛ. This total iterationspaceis anN-dimensionalspace
limited by all loop boundslbl andubl . An affine condition
Cx canthusbemodeledasfollowsby a polytope:

Definition 2:
1. P �!	 x � � N " Ax � a � Bx � b � is calleda polyhedron

for A � B � � m # N anda � b ��� N andm �%$ .

2. A polyhedronP is calleda polytope, if "P "'& ∞.

Every conditionCx canberepresentedby a polytopePx by
generatinginequalitiesfor theaffine conditionCx itself and
for all loop bounds.For this purpose,an improvedvariant
of the Motzkin algorithm[10] is usedandcombinedwith
somesimplificationsremoving redundantconstraints[15].

After that,wecandeterminein constanttime if thenum-
ber of equalitiesAx � a of Px is equalto the dimensionof
Px plus 1. If this is true,Px is overconstrainedanddefines
the emptysetasproven by Wilde [15]. If insteadPx only
containstheconstraintsfor the loop bounds,Cx is satisfied
for all valuesof theindex variablesi l . Suchconditionsthat
arealwayssatisfiedor unsatisfiedarereplacedby their re-
spective truth value in the if-statementand are no longer
consideredduringfurtheranalysis.

3.2.Condition Optimization

For conditionsC � N
∑

l � 1

�
cl � i l ��� c � 0 thatarenot elim-

inatedby thepreviousmethod,a polytopePC is createdout
of valueslb �C( l andub �C( l for all loopsLl � Λ suchthatC
is satisfiedfor all index variablesi l with lb �C( l � i l � ub �C( l .
Thesevaluesarechosenso thata loop nestsplitting using
lb �C( l andub �C( l minimizestheexecutionof if-statements.

Sinceaffine expressions(seeprecondition3) are linear
monotonefunctions,it is unnecessaryto dealwith two val-
ueslb �C( l andub �C( l . If C is truefor a valuev �*) lb �C( l � ub �C( l +
andcl , 0, C mustalsobe true for v � 1 � v � 2 ����� (cl

& 0
analogous).This implies thateither lb �C( l � lbl or ub �C( l �
ubl . Thus,our optimizationalgorithmonly computesval-
uesv �C( l for C andall loopsLl � Λ with v �C( l �-) lbl � ubl + . v �C( l
designatesoneof theformervalueslb �C( l or ub �C( l , theother
oneis setto thecorrectupperor lower loopbound.

Theoptimizationof thevaluesv �C( l is doneby a genetic
algorithm(GA) [1]. The chromosomelength is set to the
numberof index variablesi l C dependson: " 	 cl

" cl .� 0 � " . For
everysuchvariablei l , ageneonthechromosomerepresents
v �C( l . Usingthev �C( l valuesof thefittestindividual, theopti-
mizedpolytopePC is generatedastheresultof thisphase:

PC �!	 � x1 �����/� xN �0�%� N " lbl � xl � ubl � Ll � Λ �
xl � v �C( l if cl , 0 �
xl � v �C( l if cl

& 0 �
The fitness of an individual I is the higher, the fewer
if-statementsareexecutedwhensplittingΛ usingthevalues
v �C( l encodedin I . Since only the fittest individuals are
selected,theGA minimizestheexecutionof if-statements.
Consequently, anindividual implying thatC is not satisfied
has a very low fitness. For an individual I , the fitness
function computesthe numberof executed if-statements
IFTot. Therefore,thefollowingvaluesarerequired:

Definition 3:
1. The total iteration space(TS) of a loop nestΛ is the

totalnumberof executionsof thebodyof loop LN:

TS � N
∏
l � 1

�
ubl 1 lbl � 1�

2. Theconstrainediteration space(CS) is thetotal itera-
tion spacereducedto therangesr l representedby v �C( l :
CS � N

∏
l � 1

r l andr l �
2 ubl 1 lbl � 1 if cl � 0 �

ubl 1 v �C( l � 1 if cl , 0 �
v �C( l 1 lbl � 1 else

3. The innermostloop λ is theindex of theloop wherea
loopnestsplittinghasto bedonefor agivensetof v �C( l
values:λ � max	 l " Ll � Λ � r l .� ubl 1 lbl � 1 �

The aggregate numberof executed if-statementsIFTot is
computedasfollows:� IFTot � IFOrig � IFSplit (if-statementsin theelse-partof

thesplitting-if plusthesplitting-if itself)� IFOrig � TS 1 CS (all iterationsof Λ minus the ones
wherethesplitting-if evaluatesto true)� IFSplit � TPSplit � EPSplit (splitting-if is evaluatedasof-
tenasits then- andelse-partsareexecuted)� TPSplit � CS 3 N

∏
l � λ 4 1

�
ubl 1 lbl � 1�5� rλ (All loop nest

iterationswheresplitting-if is truedividedby all loop
iterationslocatedin thethen-part)� EPSplit � IFOrig 3 N

∏
l � λ 4 1

�
ubl 1 lbl � 1� (All loop nest

iterationswheresplitting-if is falsedividedby all loop
iterationslocatedin theelse-part)

Thecomputationof IFSplit is that complex becausethedu-
plication of the innermostloop λ in the then-part of the
splitting-if (e.g. they loopin figure2) hasto beconsidered.
SinceIFTot doesnot dependlinearly on v �C( l , a modelingof
thisoptimizationproblemusingintegerlinearprogramming
(ILP) is impossible,sothatwe choseto usea GA.



Example: For a conditionC 6 4*x+k+i-40>=0 and the
loop nest of figure 1, our GA can generate the individual I 67
108 0 8 09 . Thenumbersencodedin I denotethevaluesv :C; < , v :C; =

andv :C; > so that the following intervalsare defined: ?A@%B 108 35C ,D @EB 0 8 8C , F0@EB 0 8 3C . Sinceonly variablex is constrainedby I, the
x-loop would be split usingthe conditionx>=10. Theformulas
aboveimplya total executionof 12,701,020if-statements(IFTot).

3.3.Global Search SpaceConstruction
After thefirst GA (seesection3.2),asetof if-statements

IF i � � Ci ( 1 � Ci ( 2 � ��� � Ci ( n � consistingof affine condi-
tionsCi ( j andtheir associatedoptimizedpolytopesPi ( j are
given. For determiningindex variablevalueswhereall if-
statementsin a programaresatisfied,a polytopeG model-
ing theglobalsearchspacehasto becreatedoutof all Pi ( j .

In afirst step,apolytopePi is built for every if-statement
IF i . Therefore,the conditionsof IF i aretraversedin their
naturalexecutionorderπ which is definedby the associa-
tivity andprecedencerulesof theoperators&& and||. Pi

is initializedwith Pi ( π G 1H . While traversingtheconditionsof
if-statementi, Pi andPi ( π G j H areconnectedeitherwith thein-
tersectionor unionoperatorsfor polytopes:I j � 	 2 ����/� n � :

Pi � Pi J Pi ( π G j H with J �LKNM if Ci ( π G j O 1H && Ci ( π G j HP
if Ci ( π G j O 1H || Ci ( π G j H

Pi modelsthoserangesof theindex variableswhereone
if-statementi is satisfied. Sinceall if-statementsneedto
besatisfied,theglobalsearchspaceG is built by intersect-
ing all Pi : G �RQ Pi . Sincepolyhedraarenot closedunder
the union operator, the Pi definedabove are no real poly-
topes.Instead,we usefinite unionsof polyhedrafor which
theunionoperatoris closed[15].

3.4.Global Search SpaceExploration
Since all Pi are finite unionsof polytopes,the global

searchspaceG also is a finite union of polytopes. Each
polytopeof G definesa region whereall if-statementsin a
loop nestaresatisfied.After the constructionof G, appro-
priateregionsof G have to be selectedso that onceagain
thetotalnumberof executedif-statementsis minimizedaf-
ter loopnestsplitting.

Sinceunionsof polytopes(i. e. logicalORof constraints)
cannot be modeledusingILP, a secondGA is usedhere.
For a given global searchspaceG � R1

P
R2
P ��� P RM,

each individual I consistsof a bit-vector where bit Ir
determineswhether region Rr of G is selectedor not:

I � � I1 � I2 ����/� IM � with Ir �SK 1 if region Rr is selected,
0 else

Definition 4:

1. For an individual I , GI is the global searchspaceG
reducedto thoseregionsselectedby I :
GI �UT Rr with Ir � 1

2. The innermostloop λ is the index of the loop where
theloopnesthasto besplit whenconsideringGI :
λ � max	 l " Ll � Λ � i l is usedin GI �

3. ιl denotesthe numberof if-statementslocatedin the
bodyof loop Ll but not in any otherloop L �l nestedin
Ll . For figure1, ι V is equalto 2, all otherιl arezero.

4. IF l denotesthenumberof executedif-statementswhen
theloopnestΛ �W�
	 Ll ������ LN � wouldbeexecuted:

IF l � �
ubl 1 lbl � 1�X� � IFl 4 1 � ιl �

IFN 4 1 � 0
Thefitnessof an individual I representsthenumberIF I of
if-statementsthat areexecutedwhensplitting Λ using the
regionsRr selectedby I . IF I is incrementedby onefor every
executionof the splitting-if. If the splitting-if is true, the
counterremainsunchanged.If not, IFI is incrementedby
thenumberof executedoriginal if-statements(seefigure3).

IFI � 0;I i1 �*) lb1 � ub1+
. . . I iλ �Y) lbλ � ubλ +

IF I � IFI � 1;
if
�
GI � truefor

�
i1 �����/� iλ �Z�

iλ � ubλ;
else

IFI � IFI � IFλ 4 1;

Figure 3. Global If-Statement Counter

After the GA hasterminated,the innermostloop λ of
the bestindividual defineswhereto insert the splitting-if.
TheregionsRr selectedby this individualserve for thegen-
erationof the conditionsof the splitting-if and leadto the
minimizationof if-statementexecutions.

4. Benchmarking Results

The techniquespresentedin section3 are fully imple-
mentedusingtheSUIF [16], Polylib [15] andPGAPack[8]
libraries. Both GA’s usethe defaultparametersprovided
by [8] (population size 100, replacementfraction 50%,
1,000iterations). Our tool wasappliedto threemultime-
diaprograms.First,amedicaltomographyimageprocessor
(CAVITY [3]) having passedthe so calledDTSE transfor-
mations[6] is used. We apply loop nestsplitting to this
transformedapplicationfor showing thatwe areableto re-
movetheoverheadintroducedby DTSE.Thesecondbench-
markis anMPEG4 full searchmotionestimation(ME [5],
seesection1), andthe QSDPCMalgorithm[14] for scene
adaptivecodingservesasthird testdriver.

Sinceall polyhedraloperationsused[15] have exponen-
tial worst casecomplexity, loop nestsplitting as a whole
alsohasexponentialcomplexity. Nevertheless,theeffective
runtimesof our tool arevery low, from 0.41CPUseconds
(QSDPCM)up to 1.58seconds(CAVITY) arerequiredfor
optimizationon an AMD Athlon runningat 1.3GHz. For
obtainingtheresultspresentedin the following, thebench-
marksarecompiledandexecutedbeforeandafterloopnest
splitting. Compilersarealwaysinvokedwith all optimiza-
tionsenabledsothathighly optimizedcodeis generated.
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Figure 4. Pipeline and Cache Behavior after Loop Nest Splitting

4.1.Pipelineand CacheBehavior

Figure4 shows the effectsof loop nestsplitting on the
cachesand pipelinesof an Intel PentiumIII, Sun Ultra-
SPARC III anda MIPS R10000processor. To obtainthese
results,thebenchmarkswerecompiledandexecutedonthe
processorswhile monitoringperformance-measuringcoun-
tersavailablein theCPUhardware.This way, reliableval-
uescanbe generatedwithout usingerroneouscachesimu-
lation software. The figure shows the performancevalues
for theoptimizedbenchmarksasa percentageof theunop-
timizedversionsdenotedas100%.

As canbeseenfrom thecolumnsBranch Taken andPipe
Stall, weareableto generateamoreregularcontrolflow for
all benchmarks.Thenumberof takenbranchinstructionsis
reducedbetween8.1%(CAVITY Pentium)and88.3%(ME
Sun)consequentlyleadingto similar reductionsof pipeline
stalls(10.4%– 73.1%). For the MIPS, a reductionof ex-
ecutedbranchinstructionsbetween66.3%(QSDPCM)and
91.8%(CAVITY) wereobserved. The very high gainsfor
theSunCPUaredueto its complex pipelineconsistingof
14 stageswhich is very sensitive to stalls.

Thehardwarecountersalsoclearlyshow thatthebehav-
ior of the L1 I-cacheis improved significantly. The num-
berof I-fetchesis reducedby 26.7%(QSDPCMPentium)–
82.7%(ME Sun),largeimprovementsof I-cachemissesare
reportedfor thePentiumandMIPS (14.7%– 68.5%). For
the Sun, this parameterremainsalmostunchanged.Due
to theremoval of index variableaccesses,theL1 D-caches
alsobenefitin several cases.Fetchesfrom theD-cacheare
reducedby 1.7% (ME Sun) resp. 85.4%(ME Pentium);
only for theQSDPCMbenchmark,datafetchesincreaseup
to 3.9%dueto the insertionof spill code. D-cachemisses
dropby 2.9%(ME Sun)– 51.4%(CAVITY Sun).Thevery
large register file of the SunUltraSPARC III (160 integer
registers)is the reasonfor the slight improvementsof the
L1 D-cachebehavior for ME and QSDPCM.Sincethese
benchmarksonly usevery few local variables,they canbe
storedentirelyin registersevenbeforeloop nestsplitting.

Furthermore,the columnsL2 Fetch and L2 Miss show
that the unified L2 cachesalso benefitsignificantly, since
reductionsof accesses(0.2%– 53.8%)andmisses(1.1%–
86.9%)arereportedin mostcases.

4.2.Execution Times
All in all, thefactorsmentionedabove leadto speed-ups

between17.5%(CAVITY Pentium)and75.8%(ME Sun)
for theprocessorsconsideredin section4.1 (seefigure5a).
To demonstratethat theseimprovementsnot only occuron
theseCPUs, additional runtime measurementswere per-
formedfor anHP-9000,PowerPCG3,DEC Alpha,TriMe-
dia TM-1000,TI C6x andan ARM7TDMI, the latterboth
in 16-bit thumb-and32-bitarm-mode.

Figure5a shows that all benchmarksbenefitfrom loop
nestsplitting. The runtimesof CAVITY areimproved be-
tween7.7%(TI C6x) and35.7%(HP).On theaverageover
all processors,aspeed-upof 23.6%wasmeasured.Thefact
thatloopnestsplittingis abletogenerateaveryregularcon-
trol flow in theinnermostloop of theME benchmarkleads
to very high gainsin this case.The benchmarkis acceler-
atedby 62.1%onaverage.Theminimumspeed-upamounts
to 36.5%(TriMedia),whereastheSunCPUhonorstheop-
timization with an accelerationof 75.8%. For QSDPCM,
the improvementsrangefrom 3% (PowerPC)up to 63.4%
(MIPS) leadingto anaveragespeed-upof 29.3%.

ThevariationsamongdifferentCPUsdependon several
factors.As alreadystatedin section4.1, thecomplexity of
registerfiles andpipelinesareimportantparameters.Addi-
tionally, runtimesareinfluencedby differentcompileropti-
mizationsandregisterallocationalgorithms.Dueto lackof
space,a detailedstudycannotbegivenhere.

4.3.CodeSizesand Energy Consumption
Sincecodeis replicated,loopnestsplittingentailsanin-

creasein codesize(seefigure 5b). On average,the CAV-
ITY benchmark’scodesizeincreasesby 60.9%,with mini-
mumandmaximumincreasesof 34.7%(MIPS) and82.8%
(DEC). Although the ME benchmarkis acceleratedmost,
its codeenlargesleast.Increasesbetween9.2%(MIPS)and
51.4%(HP) lead to an averagegrowth of only 28%. Fi-
nally, thecodeof QSDPCMenlargesbetween8.7%(MIPS)
– 101.6%(C6x) leadingto anaverageincreaseof 61.6%.

Theseincreasesby a few hundredinstructionsare not
a seriousdrawback, since the addedenergy requiredfor
storing theseinstructionsis compensatedby the savings
achieved by loop nestsplitting. Figure 5c shows the ef-
fectsof loop nestsplitting on memoryaccessesandenergy
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Figure 5. a) Execution Times b) Code Sizes c) Energy Consumption after Loop Nest Splitting

consumptionusingan instruction-level energy model [13]
for the ARM7 core consideringbit-togglesand offchip-
memoriesandhaving anaccuracy of 1.7%.

ThecolumnInstr Read showsthatthenumberof instruc-
tion memoryaccessesis reducedby 23.5% (CAVITY) –
56.9% (ME). Furthermore,our control flow optimization
also leadsto a significant reductionof datamemory ac-
cesses.Datareadsarereducedup to 65.3%(ME). For QS-
DPCM, the removal of spill codereducesdatawrites by
95.4%.In contrast,thecompilerinsertsspill codefor CAV-
ITY so thatan increaseof 24.5%wasobserved. The total
amountof all memoryaccesses(Mem Acc) is reducedby
20.8%(CAVITY) – 57.2%(ME).

Our optimizationleadsto large energy savings both of
the CPU and its memory. The energy consumedby the
ARM coreis reducedby 18.4%(CAVITY) – 57.4%(ME),
thememoryconsumesbetween19.6%and57.7%lessen-
ergy. Totalenergy savingsby 19.6%– 57.7%aremeasured.

Anyhow, if codesizeincreases(up to aroughtheoretical
boundof 100%)arecritical, it is easyto changeour algo-
rithmsso that thesplitting-if is not placedin theoutermost
possibleloop. This way, codeduplicationis reducedat the
expenseof lowerspeed-ups,sothattrade-offsbetweencode
sizesandsavingsin runtimescanberealized.

5. Conclusions
Wepresenta novel sourcecodeoptimizationcalledloop

nestsplitting which removes redundanciesin the control
flow of embeddedmultimediaapplications.Usingpolytope
models,conditionshaving no effect on thecontrolflow are
removed.Geneticalgorithmsidentify rangesof theiteration
spacewhereall if-statementsare provably satisfied. The
sourcecodeof anapplicationis rewritten in suchawaythat
thetotalnumberof executedif-statementsis minimized.

A detailedstudyof 3 benchmarksshows thatthebranch-
ing andpipeline behavior is improved significantly. Fur-
thermore,cachesalsobenefitfrom our optimizationsince
I- andD-cachemissesarereducedheavily (up to 68.5%).
Sinceaccessesto instructionanddatamemoryarereduced
to a large extent, loop nestsplitting consequentlyleadsto
largepowersavings(19.6%– 57.7%).An extendedbench-
markingusing10 differentCPUsshowsthatwe areableto
speed-upthebenchmarksby 23.6%– 62.1%on average.

The selection of the benchmarksused in this paper
demonstratesthat our optimization is a very generaland
powerful technique.It is not only ableto improve thecode
of typical real-life applications,but in addition, it can be
usedto eliminatethenegative effectsof othersourcecode
transformationframeworksintroducingavery largecontrol
flow overheadinto an application. In the future, we will
generalizeour analytical modelsso that more classesof
loop nestscanbetreated.In particular, extensionsto loops
nothaving constantboundswill bedeveloped.
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