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Abstract

Iterative compileroptimizationhasbeenshownto out-
performstaticapproaches. This,however, is at thecostof
largenumbersofevaluationsof theprogram.Thispaperde-
velopsa new methodology to reducethisnumberandhence
speedupiterativeoptimization.It usespredictivemodelling
fromthedomainof machinelearningto automaticallyfocus
search on thoseareaslikely to give greatestperformance.
This approach is independentof search algorithm, search
spaceor compilerinfrastructure andscalesgracefullywith
the compileroptimizationspacesize. Off-line, a training
setof programsis iterativelyevaluatedandtheshapeof the
spacesand program featuresare modelled.Thesemodels
are learnt andusedto focusthe iterativeoptimizationof a
new program. We evaluatetwo learnt models,an indepen-
dentand Markov model,and evaluatetheir worth on two
embeddedplatforms,the TexasInstrumentC6713and the
AMD Au1500.We showthat such learnt modelscanspeed
up iterative search on large spacesby an order of magni-
tude. Thistranslatesinto anaveragespeedupof 1.22onthe
TI C6713and 1.27 on the AMD Au1500in just 2 evalua-
tions.

1 Intr oduction

Using iterative searchasa basisfor compileroptimiza-
tion hasbeenwidely demonstratedto give superiorperfor-
manceover staticschemes[1, 3, 11]. The main drawback
of theseschemesis the amountof searchtime neededto
achieve performanceimprovementsgiven that eachpoint
of the searchis a recompilationandexecutionof the pro-
gram.Althoughmultiple recompilations/executionsareac-
ceptablefor embeddedcode,librariesandpersistentappli-
cations,theselongcompilation/executioncyclesrestrictthe
spaceof optionssearched.On a largerscale,they area sig-
ni�cant barrierto adoptionin generalpurposecompilation.

Therehave beena numberof papersfocusingon reduc-

ing the cost of iterative optimization. As a single evalu-
ation consistsof a compilationplus executionof the pro-
gram,two recentpapershave investigatedreducingthecost
of anindividualcompilationor execution[12,7]. In [1, 6] a
moreradicalapproachis usedto reducethetotalnumberof
evaluations.Cooperet al. [6] examinethestructureof the
searchspace,in particularthedistribution of local minima
relative to theglobalminimaanddevise new searchbased
algorithmsthat outperformgenericsearchtechniques.An
alternative approachis developedin [21]. Here the space
of compileroptionsis examinedoff-line andthe bestper-
forming onesclassi�ed into a small tree of compiler op-
tions. Whencompilinga new program,thetreeis searched
by compiling and executingthe bestpath in the tree. As
long asthe bestsequencescanbe categorizedinto a small
tree,thisprovesto beahighly effective technique.

This paperdevelopsa new methodologyto speedup it-
erativeoptimization.It automaticallyfocusesany searchon
thoseareaslikely to give the greatestperformance.This
methodologyis basedon machinelearning,is independent
of searchalgorithm, searchspaceor compiler infrastruc-
ture and scalesgracefully with the compiler optimization
spacesize. It usesprogramfeaturesto correlatethe pro-
gramto beoptimizedwith previousknowledgein orderto
focusthesearch.Off-line, a trainingsetof programsis iter-
atively evaluatedandthe shapeof the spacesandprogram
featuresarerecorded.Fromthis data,our schemeautomat-
ically learnsa modelwhich predictsthosepartsof the op-
timization spacethat are likely to give good performance
improvementsfor different classesof programs. When a
new programis thenencountered,anappropriatepredictive
model is selected,basedon programfeatures,which then
biasesthesearchto a certainareaof thespace.Using this
techniquewe areableto speedup searchby up to anorder
of magnitudeon largespaces.

This paperis structuredasfollows. Section2 provides
amotivatingexampledemonstratinghow learningwhereto
searchcansigni�cantly reducethe numberof evaluations
neededto �nd good performanceimprovements. This is
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Figure 1. (a) Points corresponding to those transf ormation sequences whose perf ormance is within
5 % of the optim um for adpcmon the TI C6713. The contour is the predicted area for good optimiza-
tions. (b) How close to the best perf ormance random and focussed search achieve for each program
evaluation. The random algorithm achieves 38 % of the maxim um impr ovement in 10 evalautions;
the focussed search 86%.

followed in section3 by a descriptionof the experimental
setup,an analysisof the optimizationspacesencountered
andanexaminationof how two standardsearchalgorithms,
randomandgenetic,perform.This is followedin section4
by a descriptionof two predictive modelsanda demonstra-
tion of how they canbe usedto speedup search.Section
5 describeshow the standardmachinelearningtechniques
of principalcomponentsanalysisandnearestneighborsare
usedto learnthepredictivemodels.In section6, theselearnt
modelsarethentestedon (i) a mediumsizedexhaustively
enumeratedspaceand (ii) a very large space,wherethey
areshown to improve searchperformanceby up to an or-
der of magnitude.Section7 describesrelatedwork andis
followedin section8 with somebrief conclusions.

2 Moti vation & Example

Thispaperfocusesonembeddedapplicationswhereper-
formanceis critical andconsequentlytherehasbeena large
bodyof work aimedat improving theperformanceof opti-
mizing compilers,e.g. [15]. Most of this work focuseson
improving back-end,architecturespeci�c compilerphases
suchas codegeneration,register allocationand schedul-
ing. However, the investmentin ever more sophisticated
back-endalgorithmsproducesdiminishingreturns.Iterative
approachesbasedon back-endoptimizationsconsequently
give relatively small improvements[5]. In this paper, we
considersource-level transformations[20, 8] for embedded
systems.Suchanapproachis, by de�nition, highly portable

from oneprocessorto thenext andprovidesadditionalben-
e�t to themanufacturer's highly tunedcompiler. However,
this portability comesat cost. For example,in [8], Franke
etal. require1000evaluationsto achievereasonableperfor-
manceimprovements.

Search space The reasonfor this excessive searchtime
is thatdeterminingthebesthigh level sequenceof transfor-
mationsfor aparticularprogramis non-trivial. Considerthe
diagramin �gure 1 (a) showing thebehavior of theadpcm
programon the Texas Instrument's C6713. This diagram
is an attemptat plotting all of the goodperformingpoints
(within 5% of theoptimum)in thespaceof all transforma-
tionsof length5 selectedfrom a setof 14 transformations.
It thereforecoversa spaceof size145. It is dif�cult to rep-
resenta large5 dimensionalspacegraphicallysoeachgood
performingtransformationsequence(t1t2t3t4t5) is plotted
at position(t1t2) on the x-axis, which denotespre�xesof
length2, andposition(t3t4t5) on they axis,whichdenotes
suf�ces of length3. Themoststriking featureis thatmin-
ima arescatteredthroughoutthespaceand�nding thevery
bestis a dif�cult task. Prior knowledgeaboutwheregood
pointswere likely to be, could focusour search allowing
theminimal point to befoundfaster. Alternatively, givena
�x ed numberof evaluations,we canexpectimproved per-
formanceif weknow goodareasto searchwithin.
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Focussedsearch In this paperwe develop a technique
that learnsoff-line, aheadof time, a predictive modelfrom
iterative evaluationsof other programs. This predictive
model then de�nes good regions of the spaceto search.
In �gure 1 (a) the contourlines enclosethoseareaswhere
our techniquepredictstherewill begoodpoints.Usingthis
predictionwe areableto reducethenumberof searchesto
achieve the sameperformance- rapidly reducingthe cost
of iterative search.This canbeseenin �gure 1 (b), which
comparesrandomsearch(averagedover 20 trials to besta-
tistically meaningful)with andwithoutthepredictivemodel
focus.Thex-axisdenotes(logarithmicscale)thenumberof
evaluationsperformedby thesearch.They-axisdenotesthe
bestperformanceachievedsofar by thesearch; 0% repre-
sentsthe original codeperformance,100%the maximum
performanceachievable. It is immediatelyapparentthat
the predictive model rapidly speedupsup the search. For
instance,after 10 evaluations,randomsearchingachieves
38% of the potentialimprovementavailablewhile the fo-
cussedsearchachieves86%. As canbeseenfrom �gure 1
(b), sucha largeimprovementwould requireover80evalu-
ationsusingrandomsearch,justifying further investigation
of predictive models.

3 Optimization Space

This paperdevelopsmachinelearningtechniquesto im-
prove the searchperformanceof iterative optimization.
This sectionbrie�y describesthe benchmarkswe use,the
programtransformationswhich make up the optimization
spaceand the embeddedplatforms we evaluate. It then
characterisesthespaceandpresentstwo standardsearchal-
gorithmswhicharelaterusedto show how learntpredictive
modelscandramaticallyspeedupsearch.

3.1 Exp erimen tal setup

Benchmarks The UTDSP[14, 18] benchmarksuitewas
designed“to evaluatethe quality of codegeneratedby a
high-level language(suchasC) compiler targetinga pro-
grammabledigital signalprocessor(DSP)” [14]. This set
of benchmarkscontainssmall,but compute-intensive DSP
kernelsas well as larger applicationscomposedof more
complex algorithms.Thesizeof programsrangesfrom 20-
500linesof codewheretheruntimeis usuallybelow 1 sec-
ond.However, theseprogramsrepresentcompute-intensive
kernelswidely regardedmost importantby DSPprogram-
mersandareusedinde�nitely in stream-processingappli-
cations.

Transformations In this paper we considersource to
source transformations(Many of these transformations
also appearwithin the optimisation phasesof a native

Label Transformation
1,2,3,4 Loopunrolling
f Loop �attening
n FORloopnormalization
t Non-perfectlynestedloopconversion
k Breakloadconstantinstructions
s Commonsubexpressionelimination
d Deadcodeelimination
h Hoistingof loop invariants
i IF hoisting
m Move loop-invariantconditionals
c Copy propagation

Table 1. The labeled transf ormations used
for the exhaustive enumeration of the space .
1,2,3,4 corresponds to the loop unr oll factor

compiler[1]), applicableto C programsandavailablewithin
the restructuringcompiler SUIF 1 [10]. For the purpose
of this paper, we have selectedeleven transformationsde-
scribedandlabeledin table1. As we (arbitrarily) consider
four loop unroll factors,this increasesthenumberof trans-
formationsconsideredto 14. We thenexhaustively evalu-
atedall transformationssequencesof length5 selectedfrom
these14options.Thisallowsusto evaluatetherelativeper-
formanceof our proposedtechniques.In the later evalua-
tion section(seesection7), wealsoconsidersearching,non
exhaustively, amuchlargerspace.

Platforms Our experimentswereperformedon two dis-
tinct platformsto demonstratethatour techniqueis generic.
TI: TheTexasInstrumentC6713is ahighend�oating point
DSP. ThewideclusteredVLIW processorhas256kBof in-
ternalmemory. TheprogramswerecompiledusingtheTI' s
CodeComposerStudioTools Version2.21 compilerwith
thehighest-O3 optimizationlevel and-ml3 �ag (generates
large memorymodel code). AMD: The AMD Alchemy
Au1500processoris an embeddedSoCprocessorusinga
MIPS32core(Au1), runningat 500MHz. It has16KB in-
structioncacheand 16KB non-blockingdatacache. The
programswerecompiledwith GCC3.2.1with the-O3com-
pile �ag. Accordingto themanufacturer, thisversion/option
gives the bestperformance- better than later versionsof
GCC- andhencewasusedin ourexperiments.

3.2 Characterizing the Space

In order to characterizethe optimizationspace,we ex-
haustively enumeratedall 145 transformationsequenceson
bothplatforms.Table2 summarizestheperformanceavail-
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TI AMD

Prog. Impr ov. Seq. Impr ov. Seq.
fft 3.64% f 3nmg 4.49% f 4hnsg
�r 45.5% f 4g 26.7% f 3g
iir 16.3% f 3hg 29.5% f h4g
latnrm 0.34% f nschg 27.1% f csh4g
lms�r 0.39% f 1sg 30.3% f s3g
mult 0.00% fg 30.5% f 4g
adpcm 24.0% f 1ishg 0.75% f ismg
compress 39.1% f 4sg 24.0% f hs4g
edge 5.06% f 3g 23.1% f ch4g
histogram 0.00% fg 24.7% f 4g
lpc 10.7% f sn2g 6.01% f h4cnmg
spectral 7.46% f n4g 8.53% f sh4g

Average 15.2% - 19.6% -

Table 2. Summar y of optimization space on
the TI and AMD using exhaustive search

able;columns2 and3 referto theTI while columns4 and5
referto theAMD respectively.

Impr oved execution time The columns labeled
Improv. (cols. 2 and 4) shows the maximum re-
duction in execution time obtainedon the TI and AMD
within this exhaustively enumeratedspace. Eight (out
of twelve) benchmarksfor Texas Instrumentsand eleven
(out of twelve) benchmarksfor AMD achieved signi�cant
improvement. The best execution time reduction was
45.5%on the TI and 30.5%on the AMD. On average,a
15.2%reductionwasachievedfor theTI and19.6%for the
AMD. This translatesinto anaveragespeedupof 1.15and
1.16over theplatformspeci�c optimizingcompiler.

Bestperforming sequences ThecolumnslabeledSeq. ,
(columns3 and 5) in table 2 containthe bestperforming
sequencefor eachbenchmarkon eachmachine.The indi-
vidual letterswithin eachentry refer to the labeledtrans-
formationsin table1, e.g. i = if hoisting . Theseen-
triesshow thatthecomplexity andtypeof goodtransforma-
tion sequencesis programdependent.While benchmarks
suchas�r andedge detectfor theTI and�r , mult andhis-
togramfor theAMD reachtheirbestperformancewith sin-
gle transformations,otherbenchmarkssuchas adpcmfor
the TI andlpc for the AMD obtaintheir minimum execu-
tion time with four and� ve-lengthsequencesrespectively.
Similarly, transformationsthat yield goodperformanceon
somebenchmarksdo not appearin the bestsequencesof
otherprograms. For example,on the AMD the sequence
f ismg makes adpcm run at its minimum executiontime;

however, noneof thesethreeindividual transformationsis
presentin thebestperformingsequenceof compress .

Critically, thebestperformingsequenceononeprogram
is never thebestfor another. Therefore,a techniquewhich
triesto simply applythebestsequencefoundon otherpro-
gramsis unlikely to succeed.

3.3 Search algorithms

In this section,we describetwo commonmethodsused
to searchthetransformationspaces:a blind randomsearch
(RAND) anda “smarter”geneticalgorithm(GA). Random
searchgeneratesa randomstringof transformationswhere
eachtransformationis equallylikely to bechosenandper-
forms surprisinglywell in our experience.We con�gured
our GA in the samemanneras”best” GA in [6] with an
initial randomlyselectedpopulationof 50.

For theexhaustively enumeratedspace,bothalgorithms
have similar performanceascanbe seenin �gure 2. Here
we plot the bestperformanceachieved so far by eachal-
gorithm againsthow many programevaluationshave been
performed. This plot is averagedover all programs. Im-
provementsby eitheralgorithmaremoreeasilyachievedon
theTI dueto themuchgreaternumberof sequencesgiving
asigni�cant speedup.

Both algorithmshave similar overall performancewith
the GA performingwell on the AMD in the early part of
the search.However, randomsearchperformsbetterafter
a large numberof evaluationsas the GA appearsto more
likely to bestuckin local minima. In bothcases,however,
largenumbersof evaluationsareneededto gain any signif-
icant performanceimprovements. In the next sectionwe
investigatehow predictivemodelscanspeedup thissearch.

4 Models to focussearch

In order to speedup the searchalgorithm we wish to
focusour attentionon pro�table areasof the optimization
space. We wish to build a modelof thosetransformation
sequencesfor whichaprogramobtainedgoodperformance
in the hopethat this can be learnt and usedon later pro-
grams.We couldsimply recordthebestsequenceachieved
on other programsand hopethat it improves our current
program.However, this hasa numberof �a ws. Firstly, as
the resultsin table2 show, the besttransformationon one
programis never thebeston others.Secondly, knowing the
bestsequenceonanotherprogramonly providesonesingle
option andcannotguidesubsequentsearchwithin a larger
space.

Alternatively, we can build intricate modelsthat char-
acterizethe performanceof all transformationsequences.
Heretheproblemis thatwe caneasilyover�t themodelto
thedatasothat it cannotbegeneralizedto otherprograms.
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Figure 2. Performance with respect to evaluations for the random (RAND) and genetic (GA) search
algorithms on the TI (a) and AMD (b). The x-axis denotes (logarithmic scale) the number of evalu-
ations perf ormed by each search. The y-axis denotes the best perf ormance achieved so far by the
search; 0 % represents the original code perf ormance , 100% the maxim um perf ormance achievable.
Results averaged over all benc hmarks

Furthermore,sucha complex modelwill requireextensive
training data,which may be costly to gatherand is unre-
alistic in practise. In this sectionwe considertwo differ-
entmodelswhich try to summarizetheoptimizationspace
withoutexcessiveover�tting. Weconsider(i) asimpleinde-
pendentdistributionmodeland(ii) amorecomplex Markov
model. Both of theserequirerelatively small amountsof
training datato constructandshouldbe easyto learn(see
section5).

4.1 Indep enden t iden tically distributed
(I ID) mo del

It makessenseto startwith the simplestapproach�rst:
modelling programtransformationsas if they were inde-
pendent. We know that this assumptiondoesnot hold in
general,but it might be suf�cient to better focus search
algorithms. Considera set of N transformationsT =
f t1; t2; : : : ; tN g. Let s = s1; s2; : : : ; sL be a sequenceof
transformationss of lengthL , whereeachelementsi is cho-
senfrom the transformationsin T . Underthe independent
modelweassumethattheprobabilityof asequenceof trans-
formationsbeinggoodis simply theproductof eachof the
individual transformationsin thesequencebeinggood,i.e.:

P(s1; s2; : : : ; sL ) =
LY

i =1

P(si ): (1)

HereP(t j ) is theprobability that thetransformationt j oc-
cursin goodsequences.For ourdatasetwehavechosenthe
setof goodsequencesto be thosesequencesthat have an

improvementin performanceof at least95% of the maxi-
mumpossibleimprovement.We calculateP(t j ) by simply
countingthenumberof timest j occursin goodsequences
andnormalizethe distribution i.e.

P N
i =1 P(t j ) = 1. We

then recordwithin a vector the probability of eachof the
N = 14 transformations.

For eachbenchmarkwecanbuild thisprobabilityvector
or IID distribution. We refer to this astheIID-oracle. It is
anoraclein thesensethatwe canonly know its valueonce
we have exhaustively enumeratedthespace,which in prac-
tiseis unrealistic.Ourgoalis to beableto predictthisoracle
by usingmachinelearningtechniquesbasedon a training
set of programsin order to improve search. However, it
is necessaryto prove �rst that this oracledistribution does
indeedleadto bettersearchalgorithms.

4.2 Mark ov Mo del

As describedabove, the IID probability distribution
function assumesthat all transformationsaremutually in-
dependentneglectingtheeffectof interactionsamongtrans-
formations.This canbevery restrictive, particularlywhen
there are transformationsthat enablethe applicability of
other transformationsor when someof them only yield
goodperformancewhenothersareapplied. Therefore,in-
cluding theseinteractionsin our techniquemakespossible
theconstructionof richermodelsthat ideally will improve
biasedsearchalgorithmsandwill obtaingoodperformance
in fewerevaluations.

In orderto keepthenumberof samplesneededfor build-
ing ourprobabilitydensityfunctionlow while includingin-
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Figure 3. TI: Random (a) and GA (b) search versus IID-orac le and Markov orac le. Results averaged
over all benc hmarks

teractionsamongtransformations,wecantakeonestepfur-
ther from the IID distribution by usinga Markov chain. A
Markov chainfor transformationsequencescanbede�ned
asfollows:

P(s) = P(s1)
LY

i =2

P(si jsi ¡ 1):

The equationabove statesthat the probability of a trans-
formationappliedin thesequencedependsuponthe trans-
formationsthat have beenappliedbefore. The main as-
sumptionunderthis modelis thattheseprobabilitiesdonot
changealong the sequence,i.e. they are the sameat any
positionof the sequence,andthereforethe model is often
referredasa stationaryMarkov chain.This oversimpli�ca-
tion preventsthe numberof parametersof the modelfrom
increasingwith thelengthof thesequencesconsidered.

Thus, the parametersof the model are the probability
at the �rst positionof the sequenceP(s1) and the transi-
tion matrix P(si jsi ¡ 1) with i = 1; : : : ; L , which as be-
fore can be learnt from data by counting. Once againP N

j =1 P(s1 = t j ) = 1 and
P N

j =1 P(si = t j jsi ¡ 1) = 1
mustbesatis�ed.

As in section4.1 theparametersof themodelhave been
learnt from thosesequencesthat have an improvementin
performanceat least 95% of the maximum possibleim-
provement.Usingthismodelgivesa14x 14matrix.

4.3 Speeding up search: Evaluating the
poten tial of the mo dels

To test the potentialof our scheme,we comparedeach
baselinesearchalgorithmagainst this samealgorithmus-
ing eachpredictive model. For the randomalgorithm, in-
steadof having a uniform probability of a transformation

being selected,eachmodel biasescertaintransformations
over others.In thecaseof theGA, the initial populationis
selectedbasedonthemodel'sprobabilitiesandthentheGA
is allowedto evolve asusual.

Weconstructeachmodelusingtheresultsobtainedfrom
searchinga particularprogram's spaceand then test each
model-enabledsearchalgorithm on the samebenchmark;
we call thesetwo learntmodels: IID-oracle andMarkov-
oracle. These”oracles”form anupper-boundontheperfor-
mancewe canexpectto achieve whenlater trying to learn
eachmodel. This is to evaluatewhethersuchmodelscan
improve thesearch.Clearly, if thebesta modeloraclecan
achieve is insigni�cant, it is not worth expendingeffort in
trying to learnit.

Figure 3 (a) depicts the average performance,over
all our benchmarks,of the baselinerandom algorithm
against randomsearchbiasedwith the two oracleson the
TI. Similarly, Figure 3 (b) depicts the performanceof
the baselineGA algorithm versususing the two oracles
to generatethe initial population. In both �gures, we
seethat the oraclescan signi�cantly speedup �nding a
good solution. For example, at evaluation 10, random
achieves lessthan35% of the maximumavailableperfor-
mance. In contrast,random + IID-oracle achieves
morethan70%of theavailableperformanceandrandom
+ Markov-oracle achievesaround87% of the perfor-
mance.Figure4 depictsa similar pictureon theAMD ar-
chitecture.On theAMD architecture,our two oraclessig-
ni�cantly improve the performanceof eachbaselinealgo-
rithm. Thebaselinerandomsearchalgorithmonly achieves
22% of the availableperformanceafter 10 evaluations. In
contrast,random + IID-oracle achievesabout40%
of the available performance(twice betterthan base)and
random + Markov-oracle achieves66%of theavail-
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Figure 4. AMD: Random (a) and GA (b) search versus IID-orac le and Markov-orac le. Results averaged
over all benc hmarks

ableperformance.Onaverage,thebaselinealgorithmneeds
100 evaluationsto achieve the sameperformanceas the
baseline+ the Markov oracleachieveswith just 10 evalu-
ations.

We canseefrom these�gures, that the IID andMarkov
modelshave thepotentialto dramaticallyimprove theper-
formanceof bothsearchalgorithms.In thenext sectionwe
describehow we canlearnthesemodelsfrom previousoff-
line runsto build apredictive model.

5 Learning a model

Thebiggestdif�culty in applyingknowledgelearntoff-
line to anovel inputis consideringexactlywhichportionsof
this knowledgearerelevant to thenew program.We show
that, as is the casein many otherdomains,programscan
besuccessfullyrepresentedby programfeatures,whichcan
thenbeusedto gaugetheir similarity andthustheapplica-
bility of previously learntoff-line knowledge.

Obviously, theselectionof theseprogramfeaturesis crit-
ical to thesuccessof this method,andsowe employ a well
known statisticaltechnique,principal componentanalysis
(PCA) [2], to assistthe selection. Initially, we identi�ed
thirty-threeloop-level featureswe thoughtmight describe
thecharacteristicsof aprogramwell, andusethemasinput
for thePCA processasshown in table3. PCA tells usthat,
in this instance,due to redundancy and covariancein the
features'values,thesethirty-six featurescanbe combined
in suchaway thatthey canbereducedto only � ve features,
whilst retaining99%of thevariancein thedata.Theoutput
of this processis a 5-D featurevectorfor eachbenchmark,
containingthese� ve condensedfeaturevalues.

Nearest Neighbors By usinga nearestneighborsclassi-
�er [2], wecanselectwhichof ourpreviouslyanalyzedpro-
gramsour new programis mostsimilar to. Learningusing
nearestneighborsis simply a matterof mappingeach5-D
featurevectorof ourtrainingprograms(all ourbenchmarks)
ontoa5-D featurespace.

Classi�cation When a novel programis compiled, it is
�rst put througha featureextractor, andthosefeaturespro-
cessedby PCA.Theresulting5-D featurevectoris mapped
onto the5-D featurespace,andtheEuclideandistancebe-
tweenit andevery otherpoint in thespacecalculated.The
closestpoint is consideredto bethe 'nearestneighbor'and
thustheprogramassociatedwith thatpoint is themostsim-
ilar to thenew program.

We canapply this processto eachof our twelve bench-
marksby using leave-one-outcross-validation, wherewe
disallow theuseastrainingdataof thefeaturevectorasso-
ciatedwith the programthat is currentlybeingevaluated,
otherwisea programwould alwaysselectitself asits near-
estneighbor.Having selectedaneighbor, apreviously learnt
probability distribution for that selectedneighboris then
usedasthemodelfor thenew programto beiteratively op-
timized.

5.1 Evaluating learning

It is usefulto know how closeour learntdistribution is
to theoracledistribution for bothmodels,IID andMarkov.
Averagedacrossall benchmarks,the learnt distribution
achievesapproximately80% of the performanceper eval-
uationof the IID-oracle andthe Markov-oracle on the TI.
On the AMD, we achieve a similar result - approximately
75% of bothoracles'performance.
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Features
for loop is simple?
for loop is nested?
for loop is perfectlynested?
for loophasconstantlowerbound?
for loophasconstantupperbound?
for loophasconstantstride?
for loophasunit stride?
numberof iterationsin for loop
loopstepwithin for loop
loopnestdepth
no. of arrayreferenceswithin loop
no. of instructionsin loop
no. of loadinstructionsin loop
no. of storeinstructionsin loop
no. of compareinstructionsin loop
no. of branchinstructionsin loop
no. of divide instructionsin loop
no. of call instructionsin loop
no. of genericinstructionsin loop
no. of arrayinstructionsin loop
no. of memorycopy instructionsin loop
no. of otherinstructionsin loop
no. of �oat variablesin loop
no. of int variablesin loop
bothint and�oats usedin loop?
loopcontainsanif-construct?
loopcontainsanif statementin for-construct?
loop iteratoris anarrayindex?
all loop indicesareconstants?
arrayis accessedin anon-linearmanner?
loopstrideson leadingarraydimensionsonly?
loophascalls?
loophasbranches?
loophasregularcontrol�o w?

Table 3. Features used

As theoracleshavebeenshown to improveperformance
and we are able to achieve a signi�cant percentageof
their improvement, this suggeststhat both learnt models
shouldgive signi�cant performanceimprovementover ex-
istingschemes.This is evaluatedin thenext section.

6 Evaluation

This sectionevaluatesour focussedsearchapproachon
two optimization spaces. The �rst spaceis the exhaus-
tively enumerated145 spacedescribedthroughoutthis pa-
per. The secondis a much larger spaceof size 8220 i.e.
transformationsequencesof length20 with eachtransfor-
mation selectedfrom one of 82 possibletransformations
availablein SUIF 1 [10]. This wasachievedusingthestan-
dard leave one out cross-validation schemei.e. learn the
IID andMarkov modelsbasedon thetrainingdatafrom all
otherprogramsexceptfor theoneaboutto beoptimizedor
tested.

6.1 Evaluation on exhaustiv ely enumer-
ated space

Initially, weranboththebaselinerandomandGA search
algorithmsfor 500programevaluationsandrecordedtheir
speedupovertimeonboththeTI andAMD. Wethenranthe
samealgorithmsagain, this time usingthetwo learntmod-
els: IID andMarkov. This wasachievedusingthestandard
leaveoneoutcross-validationschemei.e. learntheIID and
Markov modelsbasedon the training datafrom all other
programsexceptfor theoneaboutto beoptimizedor tested.

The resultsfor the TI andAMD areshown in �gures 5
and 6 respectively. On the TI the learnt IID basedmod-
els achieve approximatelytwice the potentialperformance
of eitherbaselinealgorithmafter10 evaluations(60%/62%
vs 32%/27%). ThelearntMarkov modeldoesevenbetter,
achieving 79% of the perfomanceavailableafter the same
numberof evaluations.Thebaselinealgorithmswouldneed
over 40 evaluationsto achieve this sameperformanceim-
provement. On the AMD, the performanceimprovements
are lessdramatic,yet the learntMarkov basedalgorithms
achievesmore thantwice the performanceof the baseline
algorithmsafter10evaluations.

6.2 Evaluation on large space

Experimentswithin an exhaustively enumeratedspace
areusefulastheperformanceof a searchalgorithmcanbe
evaluatedrelativeto theabsoluteminima.However, in prac-
tisewhenwewishto searchacrossalargerangeof transfor-
mations,it is infeasibleto run exhaustive experiments.In-
steadwe rana randomsearchfor 1000evaluationson each
programspaceasoff-line trainingdata.

This timewewish to focuson theperformanceachieved
in the early partsof iterative optimization. So, we ran the
baselinerandomsearchalgorithmandboth learntmodels
for just 50 evaluations.As the geneticalgorithmandran-
domsearchhave thesamebehaviour for the�rst 50evalua-
tions,theGA wasnotseparatelyevaluated

Thespeedupsfor eachbenchmarkafter2, 5, 10 and50
evaluationson the TI is shown in �gure 7. Due to time
constraints,only those benchmarkswith non-negligible
speedupon the exhaustively enumeratedspaceare evalu-
ated.Thelearntmodelsbothdeliver goodperformanceand
therandom+ IID learntmodelachievesanaveragespeedup
of 1.26after just 2 evaluations.Furthermore,therandom+
IID learntmodelachievesagreateraverageperformanceaf-
ter 5 evaluations(1.34)thanthebaselinerandomalgorithm
doesafter50evaluations(1.29).

Surprisingly, theIID learntmodelachievesbetterperfor-
mancethan the Markov learntmodelafter 50 evaluations
1.41 vs 1.30 speedupin contrastto the resultsof the ex-
haustively enumeratedspace(see�gures 5 and6). Therea-
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Figure 5. TI: Random (a) and GA (b) search versus IID-learnt and Markov-learnt. Results averaged
over all benc hmarks
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Figure 6. AMD: Random (a) and GA (b) search versus IID-learnt and Markov-learnt. Results averaged
over all benc hmarks

son is that the Markov model needsa greaternumberof
trainingevaluationsthantheIID modelto modelthespace
accurately. Herewe have only 1000evaluationsto build a
model.

Similarly, thespeedupsfor theAMD areshown for each
benchmarkafter2, 5, 10 and50 evaluationson in �gure 8.
Againbothlearntmodelssigni�cantly outperformthebase-
line randomalgorithm.In facttherandom+ Markov learnt
modelachievesa greateraverageperformance(1.33)after
5 evaluationsthanrandomdoesafter50 evaluations(1.32).
It thereforeachievesthis level of performancean orderof
magnitudefaster- the sameis also true for the TI. Once
again random+ IID unexpectedlyoutperformsrandom+
Markov at 50 evaluations. Thusafter just 2 evaluationsa
speedupof 1.27is foundonaverage,almostthreetimesthe

performanceof thebaselinealgorithm.
Finally, the single sequencethat gives the bestperfor-

manceonaverageontheAMD in thesmallspaceis himc3 .
This gives an averagespeedupof 1.11, signi�cantly less
than that achieved by random+ Markov after just 2 eval-
uations. On the TI, theredoesnot exist a singlesequence
whichgivesany performanceimprovementonaverage.

Discussion The Markov predictorperformslesswell on
the largespacedueto thereducedamountof trainingdata.
ThissuggeststhattheIID modelshouldinitially beusedon
a new platform when thereis relatively small amountsof
trainingdataavailable.Oncesuf�cient new datais accrued
by iterative optimization,it canbeusedfor a secondstage
of learningusingtheMarkov model.
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`

TI 2 Evaluations 5 Evaluations 10Evaluations 50Evaluations
Benchmark R M I R M I R M I R M I

fft 1.00 1.00 1.00 1.01 1.01 1.34 1.00 1.01 1.65 1.34 1.21 1.81
�r 1.18 1.66 1.67 1.25 1.66 1.83 1.37 1.66 1.85 1.70 1.85 1.85
iir 1.14 1.20 1.19 1.18 1.23 1.19 1.19 1.23 1.21 1.19 1.23 1.23
adpm 1.08 1.33 1.17 1.18 1.33 1.18 1.25 1.35 1.24 1.28 1.43 1.28
edg 1.08 1.13 1.27 1.15 1.13 1.28 1.21 1.13 1.28 1.25 1.13 1.29
lpc 1.09 1.05 1.13 1.10 1.05 1.16 1.10 1.10 1.18 1.24 1.12 1.27
spe 1.01 1.10 1.15 1.03 1.17 1.16 1.05 1.17 1.16 1.07 1.17 1.18
AVG 1.08 1.21 1.22 1.12 1.22 1.34 1.16 1.23 1.36 1.29 1.30 1.41

Figure 7. Speedups up achieved by random search (R), random + Markov learnt model (M), random +
IID learnt model (I) after 2, 5, 10 and 50 evaluations on each benc hmark on the TI processor . Random
+ IID learnt model achieves greater average perf ormance (1.34) after 5 evaluations than random does
after 50 evaluations (1.29)

7 RelatedWork

Iterati vesearch-basedoptimization As well asthework
of Almagoret al [1] andTriantafyllis et al. [21] described
in the introduction, therehave beena numberof related
projects. A partially user-assistedapproachto selectopti-
misationsequencesfor embeddedapplicationsis described
in [11]. This approachcombinesuserguidesand perfor-
manceinformation with a geneticalgorithm to selectlo-
cal andglobaloptimisationsequences.Otherauthors[9, 5]
have exploredwaysto searchprogram-or domain-speci�c
commandline parametersto enableanddisablespeci�c op-
tionsof variousoptimisingcompilers.In [8] iterative high
level optimizationsareappliedto severalembeddedproces-
sorsusingtwo probabilisticalgorithms.Goodspeedupsare
obtainedattheexpenseof verylargenumberof evaluations.
Finally, in [17], it is shown that carefully handgenerated
modelscanapproachtheperformanceof iterativeoptimisa-
tion.

Machine Learning Machine learning predictive mod-
ellinghasbeenrecentlyusedfor non-searchbasedoptimisa-
tion. Herethecompilerattemptsto learnoff-line agoodop-
timizationheuristicwhich is thenusedinsteadof thecom-
piler writer'shand-tunedmethod.

Stephensonetal. [19] usedgeneticprogrammingto tune
heuristic priority functions for three compiler optimiza-
tions:within theTrimaran'sIMPACT compiler. For two op-
timizationsthey achievedsigni�cant improvements.How-
ever, thesetwo pre-existing heuristicswerenot well imple-
mented.Turningoff dataprefetchingcompletelyis prefer-
ableand reducesmany of their signi�cant gains. For the
third optimization,registerallocation,they wereonly able
to achieve on averagea 2% increaseover the manually

tunedheuristic.
Cavazoset al. [4] describeusingsupervisedlearningto

controlwhetheror not to apply instructionscheduling.No
absoluteperformanceimprovementswere reportedhow-
ever.

Finally, Monsifrot et al. [16] usea classi�er basedon
decisiontree learningto determinewhich loops to unroll.
They looked at the performanceof compilingFortranpro-
gramsfrom the SPECbenchmarksuiteusingg77 for two
differentarchitectures,anUltraSPARC andanIA64 where
therelearntschemeshowedmodestimprovement.

8 Conclusionand Futur eWork

This paperdevelopsa new methodologyto speedup it-
erative compilation. It automaticallyfocusesany search
on thoseareaslikely to give greatestperformance.It use
predictive modelling and programfeaturesto learn prof-
itable areasof the optimizationspaceto search. Experi-
mentsdemonstratethat this approachis highly effective in
speedingup iterativeoptimization.

Currently, we have a one-off training/learningphaseto
build a modelwhich is thenappliedto eachnew program.
An obvious next stepis to continuouslyupdatethe learnt
modelaftereachnew programis iteratively optimized,sim-
ilar in spirit to lifelong compilation[13]. Futurework will
investigatedifferentpredictivemodelsonnew spacesto fur-
therimprovetheperformanceof searchbasedoptimization.
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