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_ Abstract _
This paperpresentsa novelsource codetransformation

for control flow optimizatian calledloop nestsplitting which
minimizesthe number of executedif-statementsin loop
nestf embeddednultimediaapplications. Thegoal of the
optimizationis to reduceruntimesandenegy consumption.
Theanalysistedhniquesare basedon precisemathematical
modelscombinedwith geneticalgorithms. Due to the in-
herent portability of source codetransformationsa very
detailedbentimarkingusing10 differentprocessorganbe
performed.Theapplicationof our implementedilgorithms
to three real-life multimediabendhimarksleadsto avelage
speed-updy 23.6%— 62.1%and enegy savingsby 19.6%
—57.7%. Furthermoe, our optimizationalso leadsto ad-
vantageoupipelineandcade performance

1. Intr oduction

In recentyears,the power efficiengy of embeddednul-
timediaapplicationqe.g. medicalimageprocessingyideo
compressionwith simultaneousconsiderationof timing
constraintshasbecomea crucial issue. Many of theseap-
plicationsare data-dominatedising large amountsof data
memory Typically, such applicationsconsistof deeply
nestedfor-loops. Using the loops’ index variables, ad-
dressesrecalculatedfor datamanipulation. The main al-
gorithm is usually locatedin the innermostloop. Often,
suchan algorithmtreatsparticularpartsof its dataspecif-
ically, e.g. an imageborderrequiresother manipulations
thanits center This boundarycheckingis implementedis-
ing if-statementm theinnermostoop (seee.q. figurel, an
MPEG4 full searchmotionestimatiorkernel[5]).

This codefragmenthasseveral propertiesmakingit sub-
optimal w. r.t. runtimeandenegy consumption.First, the
if-statementieadto averyirregularcontrolflow. Any jump
instructionin a machineprogramcausesa control hazard
for pipelinedprocessor$l1]. This meanghatthe pipeline
needgo bestalledfor someinstructioncycles,soasto pre-
ventthe executionof incorrectlyprefetchednstructions.

Second,the pipeline is also influencedby data refer
encesgsinceit canalsobe stalledduring datamemoryac-
cessesln loop neststheindex variablesareaccessedery
frequentlyresultingin pipelinestallsif they cannotbekept
in processoregisters. Sinceit hasbeenshavn that50%—
75% of the power consumptionin embeddedmultimedia
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for (x=0; x<36; x++) { x1=4*x;
for (y=0; y<49; y++) { yl=4*y;
for (k=0; k<9; k++) { x2=x1+k-4;
for (1=0; 1<9; |++) { y2=yl+l-4;
for (i=0; i<4; i++) { x3=x1+i; x4=x2+i;
for (j=0; j<4; j++) { y3=yl+j; yd=y2+j;
if (x3<0 || 35<x3 || y3<0 || 48<y3)
then_bl ock_1; else el seblock.1;
if (x4<0 || 35<x4 || y4<0 || 48<y4)
thenbl ock.2; else elseblock2; }}}}}}

Figure 1. A typical Loop Nest (from MPEG 4)

/* y loop */

systemsis causedoy memoryaccesse§l?, 17], frequent
transfersof index variablesacrosamemoryhierarchieson-
tribute nggatively to thetotal enegy balance.

Finally, mary instructionsarerequiredto evaluatetheif-
statementsalsoleadingto higherruntimesandpower con-
sumption. For the MPEG4 codeabove, all shavn opera-
tionsarein totalascomplex asthe computationperformed
in thethen andelseblocksof theif-statements.

In this article, a new formalizedmethodfor the analysis
of if-statementsccuringin loop nestds presentedolvinga
particularclassof the NP-completeproblemof the satisfia-
bility of integerlinearconstraintsConsideringheexample
shavn in figure 1, our techniquesreableto detectthat

o theconditionsx3<0 andy3<0 arenevertrue,

¢ bothif-statementaretrueforx > 10ory > 14.
Informationof thefirst typeis usedto detectconditionsnot
having ary influenceon the controlflow of anapplication.
Thiskind of redundantode(whichis nottypicaldeadcode,
sincethe resultsof theseconditionsare usedwithin theif-
statement)can be removed from the code, thus reducing
codesizeandcomputationatompleity of a program.

Usingthesecondnformation,theentireloop nestcanbe
rewritten so thatthe total numberof executedif-statements
is minimized (seefigure 2). In orderto achieve this, a new
if-statemenfthe splitting-if ) isinsertedn they looptesting
the conditionx>10 || y>14. The elsepart of this new
if-statements an exact copy of the body of the original y
loop shown in figure 1. Sinceall if-statementsarefulfilled
when the splitting-if is true, the thenpart consistsof the
bodyof they loop without ary if-statementandassociated
elseblocks. To minimize executionsof the splitting-if for
valuesofy > 14,asecondy loopisinsertedn thethenpart
countingfrom the currentvalueof y to theupperbound48.
Thecorrectlytransformedtodeis illustratedin figure 2.



for (x=0; x<36; x++) { x1=4*x;
for (y=0; y<49; y++)
if (x>=10 || y>=14)
for (; y<49; y++)
for (k=0; k<9; k++)
/* 1- &i-loop omtted */
for (j=0; j<4; j++)
then_bl ock_1; then_block2; }
el se { yl=4*y;
for (k=0; k<9; k++) { x2=x1+k-4;
/* 1- &i-loop omtted */
for (j=0; j<4; j++) { y3=yl+j; yd=y2+j;
if (0]] 35<x3 || O || 48<y3)
then_bl ock_1; el se el se_block.1;
if (x4<0 || 35<x4 || y4<0 || 48<y4)
then_bl ock_2; el se else.block2; }}}}}}

Figure 2. Loop Nest after Splitting

/* Splitting-1f */
/* Second y loop */

As shavn by this example,our techniques ableto gen-
eratelinear control flow in the hot-spotsof an application.
Furthermoreaccesset memoryarereducedsignificantly
sincea large amountof branching,arithmeticand logical
instructionsandindex variableaccesseis removed.

Section2 of this papergivesa surwey of relatedwork.
Section3 presentshe analyticalmodelsandalgorithmsfor
loop nestsplitting. Section4 describeghe benchmarking
results,andsection5 summarizesndconcludeshis paper

2. RelatedWork

Loop transformationhave beendescribedn literature
oncompilerdesignfor mary years(seee.g.[2, 11]) andare
oftenintegratedinto today’s optimizing compilers. Classi-
cal loop splitting (or loop distribution/ fissior) createser-
eral loops out of an original one and distributesthe state-
mentsof the original loop body amongall new loops. The
main goal of this optimizationis to enablethe paralleliza-
tion of a loop dueto fewer datadependencief?] andto
possiblyimprove I-cacheperformancedueto smallerloop
bodies. In [7] it is shovn that loop splitting leadsto in-
creaseanegy consumptiorof the processoandthe mem-
ory system. Sincethe computationatompleity of a loop
is not reducedthis techniquedoesnot solve the problems
thataredueto the propertiediscussedhn sectionl.

Loop unswitding is appliedto loops containingloop-
invariantif-statement§l1]. Theloop is thenreplicatedin-
sideeachbranchof theif-statementieducingthebranching
overheadand decreasingodesizesof the loops[2]. The
goalsof loop unswitchingand the way how the optimiza-
tion is expressedare equivalentto the topics of sectionl.
But thefactthattheif-statementsustnot dependn index
variableamakedoop unswitchingunsuitabldor applyingit
to multimediaprograms.lt is the contribution of the tech-
niguespresentedn this paperthat we explicitly focuson
loop-variantconditions. Sinceour analysistechniquesgo
far beyond thoserequiredfor loop splitting or unswitching
andhaveto dealwith entireloop nestsandsetsof index vari-
ableswe call our optimizationtechniqudoop nestsplitting.

In [9], classicalloop splitting is appliedin conjunction
with function call insertionat the sourcecodelevel to im-
prove the I-cache performance. After the applicationof
loop splitting, alargereductionof I-cachemissess reported
for onebenchmark.All otherparameterginstructionand
datamemoryaccessed)-cachemissesyreworseafterthe
transformation. All resultsare generatedvith cachesim-
ulation softwarewhich is known to be unpreciseandthe
runtimesof the benchmarlarenot consideredtall.

Sourcecodetransformationsrestudiedin literaturefor
mary years.In [6], arrayandloop transformationgor data
transferoptimizationare presentedy meansof a medical
imageprocessinglgorithm[3]. Theauthorsonly focuson
theillustration of the optimizeddataflow andthusneglect
that the control flow getsvery irregular sincemary addi-
tionalif-statementareinserted.This impairedcontrolflow
hasnot yet beentargetedby the authors.As we will shav
in section4, loop nestsplitting applied as postprocessing
stagds ableto remave thecontrolflow overheadntroduced
by [6] with simultaneoug$urtherdatatransferoptimization.

3. Analysisand Optimization Algorithm

This sectionpresentghe techniquesrequiredfor loop
nest splitting consistingof four sequentialtasks. First,
conditionsare checkedfor satisfiability (3.1). Second,an
optimized searchspacefor each satisfiablecondition is
created3.2). Third, all local searchspaces@recombinedo
aglobalsearchspaceg(3.3) which hasto be exploredfinally
(3.4). Beforegoing into details(cf. also[4] for broader
descriptions)somepreliminariesarerequired.

Definition 1:
1. LetA ={L4,...,Ln} bealoopnestof depthN, where
L, denotesa singleloop.

2. Leti}, by anduly betheindex variable, lower bound
andupperboundof loop L, € A with Iby <ij < ub.
Theoptimizationgoalfor loop nestsplitting is to determine

valueslb| andubj for everyloopL, € A with

e |b{ > Ib andubj < ub,

¢ all loop-variantif-statementén A are satisfiedfor all
valuesof theindex variablesi; with Ib; <i; < ub,

o loopnestsplitting by all values bj andubj leadsto the
minimizationof if-statemené&xecution.

Thevalueslbj andub; areusedfor the constructiorof the
splitting if-statement.The techniquegescribedn the fol-
lowing requirethatsomepreconditionsaremet:

1. All loop boundd by anduby areconstants.

2. If-statementhavetheformati f (C;&Cy&...) where
Cx areloop-variantconditionsthat arecombinedwith
logical operatorsp € {&&,| | }.

3. Loop-variant conditions Cx are affine expressions
of ii and can thus be translatedto the format

N
Cx= Y (g *ij) +c > Ofor constants;, c € 7.



Preconditior? is only dueto the currentstateof implemen-
tation of our tools. By applicationof de Morgan'’s rule on
anexpression (C; & Cp) andinversionof thecomparators
in C; andCy, the logical NOT canalsobe modeledin if-
statements.Sinceall booleanfunctionscan be expressed
with &&, | | and!, precondition2 is nota limitation. With-
outlossof generality a conditiona==b canberewritten as
a>b && b>a (a! =b analogous¥othattherequiredopera-
tor > of precondition3 is notarestriction,either

3.1.Condition Satisfiability

In the first phasesof the optimization algorithm, all
affine conditionsCy areanalyzedseparately Every condi-
tion definesa subsetof the total iteration spaceof a loop
nestA. Thistotaliterationspaces an N-dimensionakpace
limited by all loop bounds by anduly. An affine condition
Cx canthusbe modeledasfollows by a polytope:

Definition 2:

1. P={xe zZN| Ax= a, Bx> b} is calleda polyhedon

for A, Be Zz™Nanda,be zZNandme IN.

2. A polyhedronP is calleda polytope if |P| < co.
Every conditionCy canberepresentedy a polytopeP; by
generatingnequalitiesfor the affine conditionC; itself and
for all loop bounds. For this purpose animproved variant
of the Motzkin algorithm[10] is usedand combinedwith
somesimplificationsremaoving redundantonstraintg15].

After that,we candetermingn constantimeif thenum-

ber of equalitiesAx = a of P is equalto the dimensionof
P plus 1. If thisis true, P is overconstraine@nddefines
the empty setas proven by Wilde [15]. If insteadP, only
containsthe constraintsor the loop bounds Cy is satisfied
for all valuesof theindex variables|. Suchconditionsthat
arealwayssatisfiedor unsatisfiedarereplacedby their re-
spectve truth valuein the if-statementnd are no longer
considerediuringfurtheranalysis.

3.2.Condition Optimization
N
For conditionsC = 5 (¢ *ij) + ¢ > O thatarenot elim-
|_

=1

inatedby the previous method,a polytopeR: is createcout
of valueslb@ and ub@ for all loopsL, € A suchthatC
is satisfiedfor all index variables; with Ibg, <ij < ubg.
Thesevaluesare chosenso thata loop nestsplitting using
Ib¢, andubg, minimizesthe executionof if-statements.

Slnceaﬁlne expressiongseeprecondition3) are linear
monotonefunctions,it is unnecessarto dealwith two val-
ueslbg | andubg, . If Cistruefor avaluev € [Ibg, ubg ]
andc >0,C mustalsobe true for v+ 1Lv+2,...(g<0
analogous).This impliesthateitherlbg, = 1bj or ubCI
uby. Thus,our optimizationalgorithm only computeS/aI—
uesch for C andall loopsL, € A with VCI € [Ib,ub]. le
designatesneof theformervalueslbg or ubg,, theother
oneis setto the correctupperor Iower Ioop bound.

The optimizationof thevaluesvcI is doneby a genetic
algorithm (GA) [1]. The chromosomdengthis setto the
numberof index variables; C depend®n:|{c|c| # 0}|. For
every suchvariablei;, ageneonthechromosomeepresents
V¢, - Usingthevg, valuesof thefittestindividual, the opti-
mizedpolytopeR: is generatedsthe resultof this phase:

Re={0a,....n) €ZV | Ib<x <ub, LeA,

x >ve, if g >0,

x <vc, if g <0}
The fithess of an individual | is the higher the fewer
if-statementareexecutedwhensplitting A usingthevalues
V¢, encodedin I. Sinceonly the fittest individuals are
selectedthe GA minimizesthe executionof if-statements.
Consequentlyanindividualimplying thatC is not satisfied
hasa very low fithess. For an individual I, the fitness
function computesthe number of executedif-statements
IFtt. Therefore thefollowing valuesarerequired:

Definition 3:
1. Thetotal iteration space(TS of a loop nestA is the
total numberof executionsof thebody of loop Ly:

TS= [ (ub—1by +1)
1=1

2. Theconstainediteration space(CS is thetotal itera-
tion spacaeducedo theranges representetly v, :

N ub—Ib+1 if q=0,
CS= ] r andr, :{ ub —vg, +1 ifg >0,
=1 ve —Ib+1 else

3. Theinnermostoop A is theindex of theloop wherea
loop nestsplitting hasto bedonefor agivensetof v
valuesA = max{l | Ly e A,;rj Zuby —Ib+1}

The aggr@ate numberof executedif-statementdFr; is
computedasfollows:

o IF1ot = IForig + IF spiit (if-statement# theelsepartof
the splitting-if plusthe splitting-if itself)

e IForig = TS— CS(all iterationsof A minusthe ones
wherethe splitting-if evaluatedo true)

o IFspiit= TPspiit+ EPspiit (Splitting-if is evaluatedasof-
tenasits then andelsepartsareexecuted)

N
e TPspit=CS/ [] (uby—Iby+1)«r, (All loop nest
I=A+1

iterationswherésplitting-if is true divided by all loop
iterationslocatedin thethenpart)

. EPSlet— ”:Orlg/ |_| ( ub —

|terat|onswheresplltt|ng -if is falsedividedby all loop

iterationslocatedin the elsepart)
The computatiorof IFspjit is that complex becausehe du-
plication of the innermostloop A in the thenpart of the
splitting-if (e.g. they loopin figure2) hasto beconsidered.
SincelF ot doesnot dependinearly on Vé:,| , amodelingof
this optimizationproblemusingintegerlinearprogramming
(ILP) is impossible sothatwe choseto usea GA.

b+ 1) (All loop nest



Example: For a conditionC = 4* x+k+i - 40>=0 andthe
loop nestof figure 1, our GA can geneate the individual | =
(10,0,0). Thenumbersencodedn | denotethevaluesv ., Vi
andv’Qi sothat the following intervalsare defined:x € [710, 35;],
k €[0,8], i € [0,3]. Sinceonly variablex is constrminedby I, the
x-loop would be split usingthe conditionx>=10. Theformulas
aboveimply a total executionof 12,701,020f-statement$lF 1o1).

3.3.Global Search SpaceConstruction

After thefirst GA (seesection3.2),asetof if-statements
IFi = (C1®Ci2@®...®Cin) consistingof affine condi-
tionsCj ; andtheir associatedptimizedpolytopesR ; are
given. For determiningindex variablevalueswhereall if-
statementén a programaresatisfied,a polytopeG model-
ing the globalsearctspacenhasto becreatedoutof all B ;.

In afirst step,apolytopeP is built for every if-statement
IF;. Thereforethe conditionsof IF; aretraversedin their
naturalexecutionorder 1t which is definedby the associa-
tivity andprecedenceulesof the operator®& and| | . R
is initialized with B, r1). While traversingthe conditionsof
if-statement, B andP, ;) areconnecteetitherwith thein-
tersectioror unionoperatordor polytopes¥j € {2,...,n}:
It Cim(j-1) && Cin(j)
if Cirj— || Ginj)

P modelsthoserangesof theindex variableswhereone
if-statement is satisfied. Sinceall if-statementsieedto
be satisfiedthe global searchspaceG is built by intersect-
ing all B: G =R. Sincepolyhedraarenot closedunder
the union operatoy the B definedabove are no real poly-
topes.Instead we usefinite unionsof polyhedrafor which
theunionoperatoris closed[15].

. N
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3.4.Global Search SpaceExploration

Sinceall B are finite unions of polytopes,the global
searchspaceG alsois a finite union of polytopes. Each
polytopeof G definesa region whereall if-statementén a
loop nestare satisfied. After the constructiorof G, appro-
priateregions of G have to be selectedso that onceagain
thetotal numberof executedif-statementss minimizedaf-
ter loop nestsplitting.

Sinceunionsof polytopeqi. e. logical ORof constraints)
cannot be modeledusing ILP, a secondGA is usedhere.
For a given global searchspaceG = RiUR; U ... U Ry,
eachindividual | consistsof a bit-vector where bit I,
determineswhether region R of G is selectedor not:

|:(|1a|2,~~-,|M)WithIr:{ é if region R, is selected,

else
Definition 4:

1. For anindividual I, G; is the global searchspaceG
reducedo thoseregionsselectedy I :
G :URr with =1

2. Theinnermostloop A is the index of the loop where
theloop nesthasto be split whenconsideringG;:
A=max{l | L, € Aij isusedin G}

3. I} denoteshe numberof if-statement$ocatedin the
body of loop L, but notin ary otherloop L; nestedn
L,. Forfigurel,1; is equalto 2, all otheri, arezero.
4. IF| denoteghenumberof executedf-statementshen
theloopnest\' = {L,...,Ln} would beexecuted:
IF, = (Uh — b + 1) * (|F|+1-|- l|)
IFny1 = O
Thefitnessof anindividual | representshe numberlF, of
if-statementshat are executedwhen splitting A using the
regionsR; selectedy |. IF isincrementedby onefor every
executionof the splitting-if. If the splitting-if is true, the
counterremainsunchanged.f not, IF; is incrementedy
thenumberof executedoriginal if-statementgseefigure 3).
IFy =0;
Vi1 € [Ibg, uby)

Yiy € [Iby,ub,]
IF =IF +1;
if (G = truefor (ig,...,iy))
iA=uby;
else
IFI =1F 4+ 1Fy41;

Figure 3. Global If-Statement Counter

After the GA hasterminated,the innermostloop A of
the bestindividual defineswhereto insertthe splitting-if.
TheregionsR; selectedy thisindividualsene for thegen-
erationof the conditionsof the splitting-if andleadto the
minimizationof if-statemenéxecutions.

4. Benchmarking Results

The techniquegresentedn section3 are fully imple-
mentedusingthe SUIF [16], Polylib [15] andPGARack[8]
libraries. Both GA's usethe defaultparametergprovided
by [8] (populationsize 100, replacementfraction 50%,
1,000iterations). Our tool was appliedto three multime-
diaprogramsFirst,amedicaltomographymageprocessor
(CAVITY [3]) having passedhe so called DTSE transfor
mations[6] is used. We apply loop nestsplitting to this
transformedapplicationfor shawving thatwe areableto re-
movetheoverheadntroducedby DTSE.Thesecondench-
markis anMPEG4 full searchmotion estimation(ME [5],
seesectionl), andthe QSDPCMalgorithm[14] for scene
adaptve codingsenesasthird testdriver.

Sinceall polyhedraloperationaised[15] have exponen-
tial worst casecompleity, loop nestsplitting as a whole
alsohasexponentialcompleity. Neverthelessthe effective
runtimesof our tool arevery low, from 0.41 CPU seconds
(QSDPCM)upto 1.58secondgCAVITY) arerequiredfor
optimizationon an AMD Athlon runningat 1.3GHz. For
obtainingthe resultspresentedn the following, the bench-
marksarecompiledandexecutedbeforeandafterloop nest
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

Figure 4 shaws the effects of loop nestsplitting on the
cachesand pipelinesof an Intel Pentiumlll, Sun Ultra-
SRARC Il anda MIPS R10000processarTo obtainthese
results thebenchmarksverecompiledandexecutedonthe
processorsvhile monitoringperformance-measurirgpun-
tersavailablein the CPU hardware.This way, reliableval-
uescanbe generatedvithout usingerroneousachesimu-
lation software. The figure shavs the performancevalues
for the optimizedbenchmarksasa percentagef the unop-
timizedversionsdenotedas100%.

As canbe seerfrom thecolumnsBranch Taken andPipe
Stall, we areableto generatea moreregularcontrolflow for
all benchmarksThe numberof takenbranchinstructionss
reducedetweer8.1%(CAVITY Pentium)and88.3%(ME
Sun)consequentlyeadingto similar reductionsof pipeline
stalls (10.4%— 73.1%). For the MIPS, a reductionof ex-
ecutedbranchinstructionsbetweer66.3%(QSDPCM)and
91.8%(CAVITY) wereobsered. The very high gainsfor
the SunCPU aredueto its complex pipeline consistingof
14 stagesvhichis very sensitve to stalls.

Thehardwarecountersalsoclearlyshav thatthe beha-
ior of the L1 I-cacheis improved significantly The num-
berof |-fetchesis reducedy 26.7%(QSDPCMPentium)-
82.7%(ME Sun),largeimprovementof I-cachemissesare
reportedfor the Pentiumand MIPS (14.7%— 68.5%). For
the Sun, this parameteremainsalmostunchanged. Due
to theremoval of index variableaccesseghe L1l D-caches
alsobenefitin several cases.Fetchedrom the D-cacheare
reducedby 1.7% (ME Sun)resp. 85.4% (ME Pentium);
only for the QSDPCMbenchmarkdatafetchesncreaseup
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 SunUltraSFRARC Il (160 integer
registers)is the reasonfor the slight improvementsof the
L1 D-cachebehaior for ME and QSDPCM. Sincethese
benchmark®nly usevery few local variables they canbe
storedentirelyin registersevenbeforeloop nestsplitting.

Furthermore the columnsL2 Fetch and L2 Miss shav
that the unified L2 cachesalso benefitsignificantly since
reductionsof accessef).2%— 53.8%)andmisseq1.1%—
86.9%)arereportedn mostcases.

Sun UItraSPARC III
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4.2.Execution Times

All in all, thefactorsmentionedabore leadto speed-ups
betweenl7.5% (CAVITY Pentium)and75.8% (ME Sun)
for the processorsonsideredn section4.1 (seefigure5a).
To demonstratéhattheseimprovementsnot only occuron
these CPUs, additional runtime measurementsvere per
formedfor anHP-9000,PonverPCG3, DEC Alpha, TriMe-
dia TM-1000, TI C6x andan ARM7TDMI, the latter both
in 16-bitthumb-and32-bitarm-mode.

Figure 5a shaws that all benchmark$enefitfrom loop
nestsplitting. The runtimesof CAVITY areimproved be-
tween7.7%(TI C6x) and35.7%(HP). Ontheaverageover
all processorsaspeed-umpf 23.6%wasmeasuredThefact
thatloop nestsplittingis ableto generatevery regularcon-
trol flow in theinnermostoop of the ME benchmarkeads
to very high gainsin this case.The benchmarlis acceler
atedby 62.1%on average.Theminimumspeed-u@mounts
to 36.5%(TriMedia), whereaghe SunCPU honorsthe op-
timization with an acceleratiorof 75.8%. For QSDPCM,
the improvementsrangefrom 3% (PowerPC)up to 63.4%
(MIPS) leadingto anaveragespeed-upf 29.3%.

ThevariationsamongdifferentCPUsdependon several
factors. As alreadystatedin section4.1, the compleity of
registerfiles andpipelinesareimportantparametersAddi-
tionally, runtimesareinfluencedby differentcompileropti-
mizationsandregisterallocationalgorithms.Dueto lack of
spacea detailedstudycannotbe givenhere.

4.3.Code Sizesand Energy Consumption
Sincecodeis replicated]oop nestsplitting entailsanin-
creasen codesize (seefigure 5b). On average,the CAV-
ITY benchmarks codesizeincreasedy 60.9%,with mini-
mumandmaximumincrease®f 34.7%(MIPS) and82.8%
(DEC). Although the ME benchmarkis acceleratednost,
its codeenlagesleast.Increasebetweerd.2%(MIPS) and
51.4% (HP) lead to an averagegrowth of only 28%. Fi-
nally, thecodeof QSDPCMenlagesbetweer8.7%(MIPS)
—101.6%(C6Xx) leadingto anaverageincreaseof 61.6%.
Theseincreasedy a few hundredinstructionsare not
a seriousdrawvback, since the addedenegy requiredfor
storing theseinstructionsis compensatedy the savings
achieved by loop nestsplitting. Figure 5¢ shaws the ef-
fectsof loop nestsplitting on memoryaccesseandenegy
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Figure 5. a) Execution Times b) Code Sizes

consumptiorusing an instruction-level enegy model[13]
for the ARM7 core consideringbit-togglesand offchip-
memoriesandhaving anaccurag of 1.7%.

Thecolumninstr Read shovsthatthenumberof instruc-
tion memoryaccessess reducedby 23.5% (CAVITY) —
56.9% (ME). Furthermore,our control flow optimization
also leadsto a significantreductionof datamemory ac-
cessesDatareadsarereducedupto 65.3%(ME). For QS-
DPCM, the removal of spill code reducesdatawrites by
95.4%.In contrastthe compilerinsertsspill codefor CAV-
ITY sothatanincreaseof 24.5%wasobsenred. Thetotal
amountof all memoryaccesse$Mem Acc) is reducedby
20.8%(CAVITY) —57.2%(ME).

Our optimizationleadsto large enegy savings both of
the CPU andits memory The enegy consumedby the
ARM coreis reducedoy 18.4%(CAVITY) —57.4%(ME),
the memoryconsumedetweenl9.6%and57.7%lessen-

emy. Totalenegy savingsby 19.6%—57.7%aremeasured.

Anyhow, if codesizeincreasegupto aroughtheoretical
boundof 100%) arecritical, it is easyto changeour algo-
rithmssothatthe splitting-if is not placedin the outermost
possibleloop. This way, codeduplicationis reducedat the
expenseof lowerspeed-upssothattrade-ofs betweercode
sizesandsavingsin runtimescanberealized.

5. Conclusions

We presenta hovel sourcecodeoptimizationcalledloop
nestsplitting which remaoves redundanciesn the control
flow of embeddednultimediaapplications Usingpolytope
models,conditionshaving no effect on the control flow are
removed. Geneticalgorithmsidentify rangesf theiteration
spacewhere all if-statementsre provably satisfied. The
sourcecodeof anapplicationis rewrittenin suchawaythat
thetotal numberof executedif-statements minimized.

A detailedstudyof 3 benchmarkshows thatthebranch-
ing and pipeline behaior is improved significantly Fur
thermore,cachesalso benefitfrom our optimizationsince
I- and D-cachemissesare reducedheaily (up to 68.5%).
Sinceaccesseto instructionanddatamemoryarereduced
to a large extent, loop nestsplitting consequentlyeadsto
large power savings (19.6%— 57.7%).An extendedbench-
markingusing10 differentCPUsshows thatwe areableto
speed-ughe benchmarkdy 23.6%— 62.1%o0n average.

c) Energy Consumption after Loop Nest Splitting

The selection of the benchmarksused in this paper
demonstrateshat our optimizationis a very generaland
powerful technique.lt is notonly ableto improve the code
of typical real-life applications,but in addition, it canbe
usedto eliminatethe negative effects of othersourcecode
transformatiorframevorksintroducingavery large control
flow overheadinto an application. In the future, we will
generalizeour analytical models so that more classesof
loop nestscanbetreated.In particulay extensionsto loops
nothaving constanboundswill bedeveloped.
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