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Abstract

Iterative compiler optimizationhas beenshownto out-
performstatic appmoades. This, however, is at the costof
large numbes of evaluationsof theprogram. Thispaperde-
velopsa new methodolgyto reducethis numberandhence
speedipiterativeoptimization.It usespredictivemodelling
fromthedomainof madinelearningto automaticallyfocus
seach on thoseareaslikely to give greatestperformance
This appmoad is independendf seach algorithm, seach
spaceor compilerinfrastructue andscalesgracefullywith
the compiler optimizationspacesize Off-line, a training
setof programsis iteratively evaluatedandthe shapeof the
spacesand program featuies are modelled. Thesemodels
are learnt and usedto focusthe iterative optimizationof a
new program. e evaluatetwo learnt models,anindepen-
dentand Markov model,and evaluatetheir worth on two
embeddeglatforms,the Texas InstrumentC6713and the
AMD Au1500.We showthat sud learnt modelscan speed
up iterative search on large spacesy an order of magni-
tude Thistranslatednto anavelage speedumf 1.22onthe
Tl C6713and 1.27 on the AMD Aul1500in just 2 evalua-
tions.

1 Intr oduction

Using iterative searchasa basisfor compileroptimiza-
tion hasbeenwidely demonstratetb give superiorperfor
manceover staticschemegl, 3, 11]. The maindravback
of theseschemesds the amountof searchtime neededo
achieve performancemprovementsgiven that eachpoint
of the searchis a recompilationand executionof the pro-
gram. Althoughmultiple recompilations/eecutionsareac-
ceptablefor embeddedtode, librariesandpersistenappli-
cations thesdong compilation/&ecutioncyclesrestrictthe
spaceof optionssearchedOn a largerscale they areasig-
ni cant barrierto adoptionin generapurposecompilation.

Therehave beena numberof papersocusingon reduc-

ing the costof iterative optimization. As a single evalu-
ation consistsof a compilationplus executionof the pro-
gram,two recentpapershave investigatedreducingthe cost
of anindividual compilationor execution[12,7]. In [1, 6] a
moreradicalapproachs usedto reducethetotal numberof
evaluations.Cooperet al. [6] examinethe structureof the
searchspacejn particularthe distribution of local minima
relative to the global minima anddevise new searchbased
algorithmsthat outperformgenericsearchtechniques.An
alternatve approachs developedin [21]. Herethe 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 bestpathin the tree. As
long asthe bestsequencesanbe categyorizedinto a small
tree,this provesto be a highly effective technique.

This paperdevelopsa new methodologyto speedup it-
eratve optimization.It automaticallyffocusesary searclon
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 be optimizedwith previous knowledgein orderto
focusthe search Off-line, atrainingsetof programss iter-
atively evaluatedandthe shapeof the spacesand program
featuresarerecorded Fromthis data,our schemeautomat-
ically learnsa modelwhich predictsthosepartsof the op-
timization spacethat are likely to give good performance
improvementsfor different classesof programs. Whena
new programis thenencounterecanappropriatgredictive
modelis selectedbasedon programfeatureswhich then
biasesthe searchto a certainareaof the space.Using this
techniquewe areableto speedup searchby upto anorder
of magnitudeon large spaces.

This paperis structuredasfollows. Section2 provides
amotivatingexampledemonstratindnow learningwhereto
searchcan signi cantly reducethe numberof evaluations
neededto nd good performancemprovements. This is



(@)

Figure 1. (a) Points corresponding

Percent of Max Improvement Available

100%
90%
80%
70%
60%
50%
40%
30%
20% [
10% FOCUSSED ———-—--— i

0% ]
1 10 100

Evaluations

(b)

RANDOM

to those transf ormation sequences whose performance is within

5 % of the optim um for adpcmon the Tl C6713. The contour is the predicted area for good optimiza-
tions. (b) How close to the best performance random and focussed search achieve for each program

evaluation.
the focussed search 86%.

followedin section3 by a descriptionof the experimental
setup,an analysisof the optimizationspacesncountered
andanexaminationof how two standardearchalgorithms,
randomandgenetic,perform. Thisis followedin section4
by a descriptionof two predictve modelsanda demonstra-
tion of how they canbe usedto speedup search.Section
5 describehow the standardnachinelearningtechniques
of principalcomponentg&nalysisandnearesheighborsare
usedo learnthepredictve models.In sectionb, thesdearnt
modelsarethentestedon (i) a mediumsizedexhaustvely
enumerategpaceand (i) a very large space wherethey
areshawvn to improve searchperformanceby up to anor-
der of magnitude.Section7 describeselatedwork andis
followedin section8 with somebrief conclusions.

2 Motivation & Example

This paperfocuseson embeddedpplicationsvhereper
formancseis critical andconsequentlyherehasbeenalarge
body of work aimedat improving the performanceof opti-
mizing compilers,e.g. [15]. Most of this work focuseson
improving back-end architecturespeci ¢ compilerphases
suchas code generation register allocation and schedul-
ing. However, the investmentin ever more sophisticated
back-endalgorithmsproducesliminishingreturns.lterative
approachedasedon back-endoptimizationsconsequently
give relatively smallimprovements[5]. In this paper we
considersource-lgel transformation$20, 8] for embedded
systemsSuchanapproachs, by de nition, highly portable

The random algorithm achieves 38 % of the maximum improvement in 10 evalautions;

from oneprocessoto thenext andprovidesadditionalben-
e t to the manugcturers highly tunedcompiler However,
this portability comesat cost. For example,in [8], Franle
etal. require1l000evaluationgto achieve reasonabl@erfor
mancemprovements.

Seaich space The reasonfor this excessie searchtime
is thatdeterminingthe besthigh level sequencef transfor
mationsfor aparticularprogramis non-trivial. Consideithe
diagramin gure 1 (a) shaving the behaior of theadpcm
programon the Texas Instruments C6713. This diagram
is an attemptat plotting all of the good performingpoints
(within 5% of the optimum)in the spaceof all transforma-
tions of length5 selectedrom a setof 14 transformations.
It thereforecoversa spaceof size14°. It is dif cult to rep-
resenfalarge5 dimensionakpacegraphicallysoeachgood
performingtransformatiorsequencéttotststs) is plotted
at position(tit) on the x-axis, which denotegpre x es of
length2, andposition(tststs) onthey axis,which denotes
sufces of length3. The moststriking featureis that min-
ima arescatteredhroughouthe spaceand nding thevery
bestis a dif cult task. Prior knovledgeaboutwheregood
pointswere likely to be, could focusour seach allowing
theminimal point to befoundfaster Alternatively, givena
x ed numberof evaluations,we canexpectimproved per
formanceif we know goodareaso searchwithin.



Focussedsearch In this paperwe develop a technique
thatlearnsoff-line, aheadof time, a predictve modelfrom

iterative evaluationsof other programs. This predictive

model then de nes good regions of the spaceto search.
In gure 1 (a) the contourlines enclosethoseareaswhere
ourtechniquepredictstherewill be goodpoints.Usingthis

predictionwe areableto reducethe numberof searcheso

achieve the sameperformance rapidly reducingthe cost
of iterative search.This canbe seenin gure 1 (b), which

comparesandomsearch(averagedover 20 trials to be sta-
tistically meaningful)with andwithoutthepredictve model
focus. Thex-axisdenoteglogarithmicscale)the numberof

evaluationgerformedby thesearch They-axisdenoteghe
bestperformanceachieved sofar by the searchy 0% repre-
sentsthe original code performance,100% the maximum
performanceachiezable. It is immediatelyapparentthat
the predictve model rapidly speedupsip the search. For

instance,after 10 evaluations,randomsearchingachiezes
38% of the potentialimprovementavailable while the fo-

cussedsearchachieres86%. As canbe seenfrom gure 1

(b), suchalargeimprovementwould requireover 80 evalu-

ationsusingrandomsearchjustifying furtherinvestigation
of predictve models.

3 Optimization Space

This paperdevelopsmachinelearningtechniquego im-
prove the searchperformanceof iterative optimization.
This sectionbrie y describeghe benchmarksve use,the
programtransformationsvhich make up the optimization
spaceand the embeddedlatforms we evaluate. It then
characterisethe spaceandpresentswo standardearchal-
gorithmswhich arelaterusedto showv how learntpredictve
modelscandramaticallyspeedup search.

3.1 Exp erimen tal setup

Benchmarks The UTDSP[14, 18] benchmarksuitewas
designed‘to evaluatethe quality of codegeneratediy a
high-level language(suchas C) compilertargetinga pro-
grammabledigital signal processo(DSP)” [14]. This set
of benchmarkgontainssmall, but compute-intensie DSP
kernelsas well as larger applicationscomposedof more
comple algorithms.The sizeof programsangesrom 20-
500linesof codewheretheruntimeis usuallybelov 1 sec-
ond. However, theseprogramgepresentompute-intensie
kernelswidely regardedmostimportantby DSP program-
mersand are usedinde nitely in stream-processingppli-
cations.

Transformations In this paperwe considersourceto
source transformations(Many of these transformations
also appearwithin the optimisation phasesof a native

Label
1,2,3,4

Transformation

Loopunrolling

Loop attening

FORIloop normalization
Non-perfectlynestedoop cornversion
Breakload constaninstructions
Commonsubepressiorelimination
Deadcodeelimination

Hoistingof loop invariants

IF hoisting

Move loop-invariantconditionals
Copy propagtion

o337 T|ew| xS ™

Table 1. The labeled transformations used
for the exhaustive enumeration of the space.
1,2,3,4 corresponds to the loop unroll factor

compiler[1]), applicableo C programsandavailablewithin
the restructuringcompiler SUIF 1 [10]. For the purpose
of this paper we have selectedeleven transformationsle-
scribedandlabeledin tablel1. As we (arbitrarily) consider
four loop unroll factors this increaseshe numberof trans-
formationsconsideredo 14. We thenexhaustvely evalu-
atedall transformationsequencesf length5 selectedrom
thesel4 options.This allows usto evaluatetherelative per
formanceof our proposedechniques.In the later evalua-
tion section(seesection7), we alsoconsidersearchingnon
exhaustvely, amuchlargerspace.

Platforms Our experimentswere performedon two dis-
tinct platformsto demonstratéhatour techniquds generic.
TI: TheTexasInstrumeniC6713isahighend oating point
DSP Thewide clusteredVLIW processohas256kB of in-
ternalmemory The programsverecompiledusingtheTI's
Code ComposerStudio Tools Version2.21 compiler with
the highest-O3 optimizationlevel and-mlI3 ag (generates
large memory model code). AMD: The AMD Alchemy
Aul500 processois an embeddedsoC processowusing a
MIPS32core (Aul), runningat 500MHz. It has16KB in-
structioncacheand 16KB non-blockingdatacache. The
programsverecompiledwith GCC3.2.1with the-O3com-
pile ag. Accordingtothemanufcturerthisversion/option
gives the bestperformance betterthan later versionsof
GCC- andhencewasusedin our experiments.

3.2 Characterizing the Space

In orderto characterizeéhe optimizationspace we ex-
haustely enumerateall 14° transformatiorsequencesn
bothplatforms.Table2 summarizeshe performancewvail-



| [ T [ AMD |
Prog. Impr ov. Seq. || Improv. Seq.
fft 3.64% | f3nmgy 4.49% | f4hng
r 45.5% f4g 26.7% f3g
iir 16.3% | f3hg 29.5% f hdg
latnrm 0.34% | fnschy 27.1% fcshgy
Imsr 0.39% flg 30.3% fs3y
mult 0.00% fg 30.5% f4g
adpcm 24.0% | flishg 0.75% fismg
compress 39.1% fag 24.0% fhs4y
edge 5.06% f3g 23.1% fch4g
histogram 0.00% fg 24.7% f4g
Ipc 10.7% | fsny 6.01% | fh4cnny
spectral 7.46% fn4g 8.53% fsh4y

| Average [ 15.2%| - [ 19.6%| - ]

Table 2. Summary of optimization space on
the Tl and AMD using exhaustive search

able;columns2 and3 referto the Tl while columns4 and5
referto the AMD respectiely.

Improved execution time The columns labeled
Improv. (cols. 2 and 4) shows the maximum re-
duction in executiontime obtainedon the TI and AMD
within this exhaustvely enumeratedspace. Eight (out
of twelve) benchmarkdor Texas Instrumentsand eleven
(out of twelve) benchmarkgor AMD achieved signi cant
improvement. The best execution time reduction was
45.5%o0n the Tl and 30.5% on the AMD. On average,a
15.2%reductionwasachiezedfor the Tl and19.6%for the
AMD. This translatesnto an averagespeedupf 1.15and
1.160overtheplatformspeci ¢ optimizingcompiler

Bestperforming sequences ThecolumnslabeledSeq. ,
(columns3 and5) in table 2 containthe bestperforming
sequencédor eachbenchmarkon eachmachine. The indi-
vidual letterswithin eachentry refer to the labeledtrans-
formationsin table1, e.g.i =if hoisting . Theseen-
triesshav thatthe compleity andtype of goodtransforma-
tion sequencess programdependent.While benchmarks
suchas r andedg detectfor the Tl and r , mult andhis-
togramfor the AMD reachtheir bestperformancawvith sin-
gle transformationspther benchmarksuchas adpcmfor
the Tl andlpc for the AMD obtaintheir minimum execu-
tion time with four and ve-lengthsequencesespectiely.
Similarly, transformationghatyield good performanceon
somebenchmarkglo not appearin the bestsequencesf
other programs. For example,on the AMD the sequence
fismg makes adpcm run at its minimum executiontime;

however, noneof thesethreeindividual transformationss
presenin the bestperformingsequencef compress .

Critically, the bestperformingsequencen oneprogram
is never the bestfor another Therefore a techniquewhich
triesto simply apply the bestsequencéound on otherpro-
gramsis unlikely to succeed.

3.3 Search algorithms

In this section,we describetwo commonmethodsused
to searchthetransformatiorspacesa blind randomsearch
(RAND) anda “smarter”geneticalgorithm(GA). Random
searchgenerates randomstring of transformationsvhere
eachtransformatioris equallylikely to be choserandper
forms surprisinglywell in our experience.We con gured
our GA in the samemanneras"best” GA in [6] with an
initial randomlyselectedopulationof 50.

For the exhaustvely enumeratedpace poth algorithms
have similar performanceascanbe seenin gure 2. Here
we plot the bestperformanceachieved so far by eachal-
gorithm againsthow mary programevaluationshave been
performed. This plot is averagedover all programs. Im-
provementsby eitheralgorithmaremoreeasilyachiezedon
the Tl dueto the muchgreatemumberof sequencegiving
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 evaluationsasthe GA appeargo more
likely to be stuckin local minima. In both caseshowever,
large numberf evaluationsareneededo gain ary signif-
icant performanceémprovements. In the next sectionwe
investigatehow predictve modelscanspeedup this search.

4 Modelsto focusseaich

In orderto speedup the searchalgorithm we wish to
focusour attentionon pro table areasof the optimization
space. We wish to build a model of thosetransformation
sequencefr which a programobtainedgoodperformance
in the hopethat this can be learntand usedon later pro-
grams.We could simply recordthe bestsequencachiesed
on other programsand hopethat it improves our current
program. However, this hasa numberof aws. Firstly, as
the resultsin table 2 shaw, the besttransformatioron one
programis never the beston others.Secondlyknowing the
bestsequencen anothemprogramonly providesonesingle
option and cannotguide subsequensearchwithin a larger
space.

Alternatively, we can build intricate modelsthat char
acterizethe performanceof all transformationsequences.
Herethe problemis thatwe caneasilyover t the modelto
the datasothatit cannotbe generalizedo otherprograms.
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Figure 2. Performance with respect to evaluations for the random (RAND) and genetic (GA) search
algorithms on the Tl (a) and AMD (b). The x-axis denotes (logarithmic scale) the number of evalu-
ations performed by each search. The y-axis denotes the best performance achieved so far by the
search; 0 % represents the original code performance , 100% the maxim um performance achievable.

Results averaged over all benchmarks

Furthermoresucha complex modelwill requireextensie

training data, which may be costly to gatherandis unre-
alistic in practise. In this sectionwe considertwo differ-

entmodelswhich try to summarizethe optimizationspace
withoutexcessve over tting. We considel(i) asimpleinde-
pendentistributionmodeland(ii) amorecomplex Markov

model. Both of theserequirerelatively small amountsof

training datato constructandshouldbe easyto learn(see
sectionb).

4.1

Indep endent distributed

(1''D) model

iden tically

It makessenseo startwith the simplestapproachrst:
modelling programtransformationsas if they were inde-
pendent. We know that this assumptiordoesnot hold in
general,but it might be sufcient to betterfocus search
algorithms. Considera set of N transformationsT

transformations of lengthL , whereeachelemens; is cho-
senfrom the transformationsn T. Undertheindependent
modelwe assumehattheprobabilityof asequencef trans-
formationsbeinggoodis simply the productof eachof the
individual transformationn the sequencéeinggood,i.e.:

P(si):
i=1

1)

HereP (t;) is the probability thatthe transformatiort; oc-
cursin goodsequenced-or our datasetve have choserthe
setof goodsequenceso be thosesequenceshat have an

improvementin performanceof at least95% of the maxi-
mum possibleimprovement.We calculateP (tj ) by simply
countingthe numberof timest; ocE,ursin goodsequences
andnormalizethe distributioni.e. v, P(t;) = 1. We
thenrecordwithin a vectorthe probability of eachof the
N = l14transformations.

For eachbenchmarkwve canbuild this probability vector
or IID distribution. We referto this asthellD-oracle It is
anoraclein thesensehatwe canonly know its valueonce
we have exhaustvely enumeratedhe spacewhichin prac-
tiseis unrealistic.Ourgoalis to beableto predictthisoracle
by using machinelearningtechniquesasedon a training
setof programsin orderto improve search. However, it
is necessaryo prove rst thatthis oracledistribution does
indeedleadto bettersearchalgorithms.

4.2 Mark ov Mo del

As describedabove, the 11D probability distribution
function assumeghat all transformationsare mutually in-
dependenneglectingtheeffectof interactionsamongtrans-
formations. This canbe very restrictve, particularlywhen
there are transformationghat enablethe applicability of
other transformationsor when some of them only yield
goodperformancevhenothersareapplied. Therefore,in-
cluding theseinteractionsin our techniquemakespossible
the constructionof richer modelsthatideally will improve
biasedsearchalgorithmsandwill obtaingoodperformance
in fewer evaluations.

In orderto keepthenumberof sampleseededor build-
ing our probability densityfunctionlow while includingin-
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Figure 3. Tl: Random (a) and GA (b) search versus lID-oracle and Markov oracle. Results averaged

over all benchmarks

teractioneamongtransformationsye cantake onestepfur-
therfrom the lID distribution by usinga Markov chain. A
Markov chainfor transformatiorsequencesanbe de ned
asfollows:

P(s) = P(s1)
i=2

P(sijsi; 1):

The equationabove statesthat the probability of a trans-
formationappliedin the sequencelependsiponthe trans-
formationsthat have beenapplied before. The main as-
sumptionunderthis modelis thattheseprobabilitiesdo not
changealong the sequenceij.e. they are the sameat ary
position of the sequenceandthereforethe modelis often
referredasa stationaryMarkov chain. This oversimpli ca-
tion preventsthe numberof parameter®f the modelfrom
increasingwith thelengthof the sequencesonsidered.

Thus, the parameterof the model are the probability
at the rst position of the sequencé®(s;) andthe transi-
tion matrix P (sjjsi; 1) with i =

re can be learnt from datg,by counting. Once again

(L P(si=1t) = land [L; P(si=tjs ;1) = 1
mustbe satis ed.

As in section4.1the parametersf the modelhave been
learntfrom thosesequenceghat have an improvementin
performanceat least 95% of the maximum possibleim-
provement.Usingthis modelgivesa 14 x 14 matrix.
4.3 Speeding up search: Evaluating the
potential of the models

To testthe potentialof our schemewe comparedeach
baselinesearchalgorithm against this samealgorithm us-
ing eachpredictve model. For the randomalgorithm, in-
steadof having a uniform probability of a transformation

being selected eachmodel biasescertaintransformations
over others.In the caseof the GA, theinitial populationis
selectebasednthemodels probabilitiesandthenthe GA
is allowedto evolve asusual.

We construceachmodelusingtheresultsobtainedrom
searchinga particularprograms spaceand thentesteach
model-enabledearchalgorithm on the samebenchmark;
we call thesetwo learntmodels: [ID-oracle and Markov-
oracle Thes€'oracles"form anupperboundontheperfor
mancewe canexpectto achieze whenlatertrying to learn
eachmodel. This is to evaluatewhethersuchmodelscan
improve the search.Clearly, if the besta 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
agpinstrandomsearchbiasedwith 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
achiveslessthan 35% of the maximumavailable perfor
mance. In contrast,random + IID-oracle achieves
morethan70% of the available performanceandrandom
+ Markov-oracle  achievesaround87% of the perfor
mance.Figure4 depictsa similar pictureon the AMD ar-
chitecture.Onthe AMD architecturepur two oraclessig-
ni cantly improve the performanceof eachbaselinealgo-
rithm. Thebaselineandomsearchalgorithmonly achiezes
22% of the available performanceafter 10 evaluations. In
contrast,random + IID-oracle achieves about40%
of the available performancegtwice betterthan base)and
random + Markov-oracle achieres66%o0f theavail-
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ableperformanceOnaveragethebaselinealgorithmneeds
100 evaluationsto achiee the sameperformanceas the
baselinet the Markov oracleachiezeswith just 10 evalu-
ations.

We canseefrom these gures, thatthe IID andMarkov
modelshave the potentialto dramaticallyimprove the per
formanceof bothsearchalgorithms.In the next sectionwe
describenow we canlearnthesemodelsfrom previous off-
line runsto build a predictive model.

5 Learning amodel

The biggestdif culty in applyingknowledgelearntoff-
lineto anovel inputis consideringexactlywhich portionsof
this knowledgearerelevantto the new program. We shov
that, asis the casein mary otherdomains,programscan
besuccessfullyepresentedly programfeatureswhich can
thenbe usedto gaugetheir similarity andthusthe applica-
bility of previously learntoff-line knowledge.

Obviously, theselectiorof theseprogramfeaturess crit-
ical to the succes®f this method,andsowe employ awell
known statisticaltechnique,principal componentanalysis
(PCA) [2], to assistthe selection. Initially, we identi ed
thirty-threeloop-level featureswe thoughtmight describe
thecharacteristicef a programwell, andusethemasinput
for the PCA processasshawn in table3. PCAtells usthat,
in this instance,dueto redundang and covariancein the
features'values,thesethirty-six featurescanbe combined
in suchaway thatthey canbereducedo only vefeatures,
whilst retaining99% of thevariancein thedata.The output
of this processs a 5-D featurevectorfor eachbenchmark,
containingthese ve condensedeaturevalues.
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NearestNeighbors By usinga nearesneighborsclassi-
er [2], we canselectwhich of our previously analyzedro-
gramsour new programis mostsimilar to. Learningusing
neareshneighborss simply a matterof mappingeach5-D
featurevectorof ourtrainingprogramgall ourbenchmarks)
ontoa5-D featurespace.

Classi cation Whena novel programis compiled, it is

rst putthroughafeatureextractor andthosefeaturero-

cessedy PCA. Theresulting5-D featurevectoris mapped
onto the 5-D featurespace andthe Euclideandistancebe-

tweenit andevery otherpointin the spacecalculated.The

closestpointis consideredo bethe'nearesteighbor'and
thustheprogramassociateavith thatpointis themostsim-

ilar to thenew program.

We canapply this procesgo eachof our twelve bench-
marks by using leave-one-outcross-alidation, wherewe
disallon the useastraining dataof the featurevectorasso-
ciatedwith the programthatis currently being evaluated,
otherwisea programwould alwaysselectitself asits near
estneighboHaving selectedaneighbor a previously learnt
probability distribution for that selectedneighboris then
usedasthe modelfor the new programto beiteratively op-
timized.

5.1 Evaluating learning

It is usefulto know how closeour learntdistribution is
to the oracledistribution for both models,IID andMarkov.
Averagedacrossall benchmarks,the learnt distribution
achieves approximately80% of the performanceper eval-
uationof the IID-oracle andthe Markov-oracle on the TI.
On the AMD, we achiese a similar result- approximately
75 % of bothoracles'performance.



Features

for loopis simple?

for loopis nested?

for loopis perfectlynested?

for loop hasconstantower bound?

for loop hasconstanupperbound?

for loop hasconstanstride?

for loop hasunit stride?

numberof iterationsin for loop

loop stepwithin for loop

loop nestdepth

no. of arrayreferencesvithin loop

no. of instructionsin loop

no. of loadinstructionsin loop

no. of storeinstructionsin loop

no. of comparenstructionsn loop

no. of branchinstructionsin loop

no. of divide instructionsin loop

no. of call instructionsin loop

no. of genericinstructionsn loop

no. of arrayinstructionsin loop

no. of memorycopy instructionsin loop
no. of otherinstructionsin loop

no. of oat variablesn loop

no. of int variablesin loop

bothint and oats usedin loop?

loop containsanif-construct?

loop containsanif statemenin for-construct?
loopiteratoris anarrayindex?

all loopindicesareconstants?

arrayis accesseéh anon-linearmanner?
loop strideson leadingarraydimensionnly?
loop hascalls?

loop hasbranches?

loop hasregularcontrol o w?

Table 3. Features used

As the oracleshave beenshavn to improve performance
and we are able to achieze a signi cant percentageof
their improvement, this suggestghat both learnt models
shouldgive signi cant performanceémprovementover ex-
isting schemesThisis evaluatedn the next section.

6 Evaluation

This sectionevaluatesour focussedsearchapproachon
two optimization spaces. The rst spaceis the exhaus-
tively enumerated4® spacedescribedhroughoutthis pa-
pet The secondis a much larger spaceof size 82%° i.e.
transformationsequencesf length 20 with eachtransfor
mation selectedfrom one of 82 possibletransformations
availablein SUIF 1[10]. Thiswasachiezed usingthe stan-
dard leave one out cross-alidation schemei.e. learnthe
[ID andMarkov modelsbasedn thetraining datafrom all
otherprogramsexceptfor the oneaboutto be optimizedor
tested

6.1 Evaluation
ated space

on exhaustiv ely enumer-

Initially, we ranboththebaselineandomandGA search
algorithmsfor 500 programevaluationsandrecordedheir
speeduvertimeonboththeTl andAMD. Wethenranthe
samealgorithmsagain, this time usingthe two learntmod-
els: [ID andMarkov. This wasachiezed usingthe standard
leave oneout cross-alidationschemae.e. learnthellD and
Markov modelsbasedon the training datafrom all other
programsxceptfor the oneaboutto beoptimizedor tested

The resultsfor the Tl andAMD areshavn in gures 5
and 6 respectiely. On the Tl the learntlID basedmod-
els achieve approximatelytwice the potentialperformance
of eitherbaselinealgorithmafter 10 evaluations(60%/62%
Vs 32%/27%). ThelearntMarkov modeldoeseven better
achiering 79% of the perfomancevailable after the same
numberof evaluations Thebaselinealgorithmswould need
over 40 evaluationsto achiere this sameperformancem-
provement. On the AMD, the performancamprovements
are lessdramatic,yet the learnt Markov basedalgorithms
achieves more thantwice the performanceof the baseline
algorithmsafter 10 evaluations.

6.2 Evaluation on large space

Experimentswithin an exhaustiely enumeratedspace
areusefulasthe performanceof a searchalgorithmcanbe
evaluatedelative to theabsoluteminima. However, in prac-
tisewhenwewishto searchacrossalargerangeof transfor
mations,it is infeasibleto run exhaustve experiments.In-
steadwe ranarandomsearchfor 1000evaluationson each
programspaceasoff-line trainingdata.

Thistime we wishto focusonthe performancechieved
in the early partsof iterative optimization. So, we ran the
baselinerandomsearchalgorithm and both learnt models
for just 50 evaluations. As the geneticalgorithmandran-
domsearchhave the samebehaiour for the rst 50 evalua-
tions,the GA wasnot separatelyevaluated

The speedup$or eachbenchmarlafter2, 5, 10 and50
evaluationson the Tl is showvn in gure 7. Due to time
constraints,only those benchmarkswith non-neligible
speedupon the exhaustvely enumeratedspaceare evalu-
ated.Thelearntmodelsbothdeliver goodperformancend
therandom+ 11D learntmodelachieresanaveragespeedup
of 1.26afterjust 2 evaluations.Furthermoretherandom+
IID learntmodelachieresagreateraverageperformancef-
ter5 evaluationg(1.34)thanthe baselinerlandomalgorithm
doesafter50 evaluations(1.29).

Surprisingly thellD learntmodelachiezesbetterperfor
mancethanthe Markov learnt model after 50 evaluations
1.41vs 1.30 speedupn contrastto the resultsof the ex-
haustvely enumeratedpacegsee gures 5 and6). Therea-
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sonis that the Markov model needsa greaternumberof

training evaluationsthanthe IID modelto modelthe space
accurately Herewe have only 1000evaluationsto build a

model.

Similarly, the speedup$or the AMD areshawn for each
benchmarlafter2, 5, 10 and50 evaluationsonin gure 8.
Againbothlearntmodelssigni cantly outperformthebase-
line randomalgorithm. In factthe random+ Markov learnt
modelachievesa greateraverageperformancg1.33) after
5 evaluationsthanrandomdoesafter50 evaluations(1.32).
It thereforeachievesthis level of performancean order of
magnitudefaster- the sameis alsotrue for the TI. Once
again random+ IID unexpectedlyoutperformsrandom+
Markov at 50 evaluations. Thus after just 2 evaluationsa
speedumf 1.27is foundon average almostthreetimesthe

performancef the baselinealgorithm.

Finally, the single sequencedhat gives the bestperfor
manceonaverageontheAMD in thesmallspacas himc3 .
This gives an averagespeedupof 1.11, signi cantly less
thanthat achieved by random+ Markov afterjust 2 eval-
uations. On the Tl, theredoesnot exist a single sequence
which givesary performancémprovementon average.

Discussion The Markov predictorperformslesswell on

the large spacedueto the reducedamountof training data.
This suggestshatthellD modelshouldinitially be usedon

a new platform whenthereis relatively small amountsof

training dataavailable. Oncesufcient new datais accrued
by iterative optimization,it canbe usedfor a secondstage
of learningusingthe Markov model.



TI 2 Evaluations 5 Evaluations 10 Evaluations 50 Evaluations
Benchmark]| R [ M | 1 R [ M I R M I R [ M I
fft 1.00| 1.00| 1001 1.01| 101|134 100| 101|165 1.34|1.21| 181
r 1.18| 166| 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( 121|122 1.12| 1.22| 134 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 (1) after 2, 5, 10 and 50 evaluations on each benchmark on the Tl processor . Random
+ 1ID learnt model achieves greater average performance (1.34) after 5 evaluations than random does

after 50 evaluations (1.29)

7 RelatedWork

Iterati ve search-basedoptimization Aswell asthework
of Almagor et al [1] and Triantafyllis et al. [21] described
in the introduction, there have beena numberof related
projects. A partially userassistechpproachto selectopti-
misationsequencefor embeddeapplicationds described
in [11]. This approachcombinesuserguidesand perfor
manceinformation with a geneticalgorithmto selectlo-
cal andglobal optimisationsequenceOtherauthorg9, 5]
have exploredwaysto searchprogram-or domain-speci ¢
commandine parameterso enableanddisablespeci c op-
tions of variousoptimisingcompilers.In [8] iterative high
level optimizationsareappliedto severalembeddegbroces-
sorsusingtwo probabilisticalgorithms.Goodspeedupsire
obtainedattheexpenseof verylargenumberof evaluations.
Finally, in [17], it is shovn that carefully handgenerated
modelscanapproachhe performancef iterative optimisa-
tion.

Machine Learning Machine learning predictve mod-
elling hasbeerrecentlyusedfor non-searclasedptimisa-
tion. Herethecompilerattemptgo learnoff-line agoodop-
timization heuristicwhich is thenusedinsteadof the com-
piler writer's hand-tunednethod.

Stephensoetal. [19] usedgeneticprogrammingo tune
heuristic priority functions for three compiler optimiza-
tions: within the Trimarans IMPACT compiler For two op-
timizationsthey achieved signi cant improvements.How-
ever, thesetwo pre-«isting heuristicaverenot well imple-
mented.Turning off dataprefetchingcompletelyis prefer
able andreducesmary of their signi cant gains. For the
third optimization,registerallocation,they wereonly able
to achieve on averagea 2% increaseover the manually
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tunedheuristic.

Cavazoset al. [4] describeusing supervisedearningto
controlwhetheror notto apply instructionscheduling.No
absoluteperformanceimprovementswere reported how-
ever.

Finally, Monsifrot et al. [16] usea classi er basedon
decisiontreelearningto determinewhich loopsto unroll.
They looked at the performanceof compiling Fortranpro-
gramsfrom the SPECbenchmarksuite using g77 for two
differentarchitecturesan UltraSFARC andan|A64 where
therelearntschemeshaved modestimprovement.

8 Conclusionand Futur e Work

This paperdevelopsa new methodologyto speedup it-
eratve compilation. It automaticallyfocusesary search
on thoseareaslikely to give greatestperformance.lIt use
predictve modelling and programfeaturesto learn prof-
itable areasof the optimization spaceto search. Experi-
mentsdemonstrateéhat this approachs highly effective in
speedingup iterative optimization.

Currently we have a one-of 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
investicatedifferentpredictve modelsonnew spaceso fur-
therimprove theperformancef searctbasedptimization.
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