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ABSTRACT
Developinganoptimizingcompilerfor anewly proposedarchitectureis ex-
tremelydif�cult whenthereis only a simulatorof the machineavailable.
Designingsuch a compiler requiresrunning many experimentsin order
to understandhow differentoptimizationsinteract. Given that simulators
areordersof magnitudeslower thanrealprocessors,suchexperimentsare
highly restricted.This paperdevelopsa techniqueto automaticallybuild a
performancemodelfor predictingtheimpactof programtransformationson
any architecture,basedona limited numberof automaticallyselectedruns.
As a result, the time for evaluatingthe impactof any compileroptimiza-
tion in earlydesignstagescanbedrasticallyreducedsuchthatall selected
potentialcompileroptimizationscanbeevaluated.This is achievedby �rst
evaluatinga small setof samplecompileroptimizationson a prior setof
benchmarksin orderto train a model,followedby a very smallnumberof
evaluations,or probes,of thetargetprogram.
We show thatby trainingon lessthan0.7%of all possibletransformations
(640 samplescollectedfrom 10 benchmarksout of 880000possiblesam-
ples,88000pertrainingbenchmark)andprobingthenew programononly 4
transformations,wecanpredicttheperformanceof all programtransforma-
tionswith anerrorof just7.3%onaverage.As eachpredictiontakesalmost
no time to generate,this schemeprovidesan accuratemethodof evaluat-
ing compilerperformance,which is severalordersof magnitudefasterthan
currentapproaches.

Categoriesand SubjectDescriptors
D.3 [Software]: Programminglanguages;D.3.4 [Programming
languages]: Processors—Compilers,Optimization; I.2.6[Arti�cial
intelligence]: Learning—Induction

GeneralTerms
Performance,Experimentation,Languages

Keywords
Compileroptimization,Architecture,PerformanceModelling,Ma-
chinelearning,Arti�cial NeuralNetworks
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Computerarchitectureshave signi�cantly increasedin complex-
ity in the last 20 years. As a result,simulatorshave alsobecome
increasinglycomplex and,critically, threeor moreordersof mag-
nitudeslower thanrealprocessors.However, earlyon in thedesign
cycle of a new processor, software and compiler engineersneed
to port systemapplications,develop compilers,tunelibrariesand
run large applicationsfor prospective customerson the new tar-
get architecturebeforethe processoris available. They therefore
have to rely on simulatorsfor their task. As the designcycle is
long, softwareandcompilerengineersareleft with usingexceed-
ingly slow simulatorsfor tuningpurposes.Severalyearscanelapse
betweenthetime a �rst simulatoris available,andthetime theac-
tualarchitectureis available.Thisproblemis furtheraggravatedby
stringenttime-to-marketconstraints,andtheincreasingcomplexity
of compilers[2]. What is neededis a fastproxy of the hardware.
Givena new program,we would like anaccuratepredictionof the
performanceof the programwithout having to run it, or perhaps
only runningit a few times.Thiswoulddramaticallyovercomethe
performanceshortcomingsof existing simulatorsandallow many
differentversionsof aprogramto beevaluatedfor tuningpurposes.

In this article,we proposea methodfor drasticallyreducingthe
overall timerequiredto tuneapplicationsfor new architecturesearly
onin thedesigncycle,whenonly slow simulatorsareavailable.We
canbuild a performancemodelof a new architecturethat is accu-
rateenoughfor programtuning purposesanddramaticallyfaster
thansimulators.Thoughmodelconstructionrequiresa numberof
training runs on the available simulator, it is entirely automatic.
This model is built by monitoringhow programsreactto certain
programtransformationson the target architecture.The model is
�rst trainedusinga few programsto which programtransforma-
tions are randomlyapplied; then it requiresa few test runs from
a selectionof characteristictransformationsfor theprogramto be
tuned. Theselatter characteristictransformationsareselectedau-
tomaticallybasedon a techniquecalledmutualinformation, which
determinesthetransformationslikely to give themostinformation
aboutaprogram'sperformanceonaparticularmachine.Fromthen
on, themodelcaninstantlyestimatethespeedupof thetargetpro-
gramif any known programtransformationwereapplied;in fact,
themodelenablestheevaluationof all programtransformationsin
any orderandin a very small time. We empiricallyshow thatwith
640trainingruns(correspondingto only 0.7%of thetotal number
of possibletransformationssequences),and4 testrunsto charac-
terize a new target program,our model can predict the program
speedupafterapplyinga transformationwith anerrorof 7.3%.

Beyond providing an automaticprocessfor building a reliable
andfastperformancemodel,our approachhasseveralassets.The
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Figure 1: Model accuracyfor compress . The y-axiscorresponds
to the speedupof each transformation sequencerelative to the origi-
nal untransformedprogram. The x-axis correspondsto transforma-
tion sequencessortedin increasingorder of performance. The line
marked actual correspondsto the real measuredperformanceof
the programwhile predicted correspondsto the predictionof our
model.Thepredictionis averagedover 30 trials.
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Figure 2: Actual speedupsfor all transformations applied to
3 benchmarks, sorted according to the speedup achieved for
compress (onetrial). The comparisonhighlights the differencesin
both the absoluteand relative programbehaviorto transformations.

model can not only be usedto predict the impact of a program
transformation,but canalsopredictthebestpossiblespeedupafter
applying any known transformation.Beyond the initial training,
themodelaccuracy canberegularly improvedthroughcontinuous
on-line training. Any simulationperformedon any programaf-
ter the initial training, including the testrunsto characterizenew
programs,canaugmentthe total training set,all without any hu-
manintervention.Moreover, sincethemodelprovidesspeedupes-
timatesin almostno time, it hasapplicationsbeyond the design
cycle sinceit is muchfasterthanrunningapplicationson the real
machine. It can be usedfor benchmarkingpurposes,i.e., tuning
applicationsof prospective customers,andcan even be provided
to end-users.Finally, the approachcanalsobe usedby architec-
ture designersto take into accountthe impactof software tuning
whendesigningarchitectures.After a numberof trainingrunson a
givensimulatorcon�gurationduringdesign-spaceexploration,our
modelwould behave as if a compilerhadbeentunedfor this ar-
chitecturecon�guration. Designdecisionswould thennot only be
baseduponestimatedarchitectureperformancebut combinedesti-
matedarchitecture+compilerperformance.

The paperis organizedas follows: Section2 provides an ex-
ampleshowing how ourautomaticallygeneratedmodelcanpredict
thespeedupsoveralargetransformationspace.Section3 describes
our reactions-basedpredictive modelingtechniqueandhow weau-
tomatically�nd thebesttransformationsto characterizeaprogram.
Section4 describestheexperimentalmethodology, while Section5
providesempiricalevidenceof theaccuracy of our technique,fol-
lowedby relatedwork in Section6 andconclusionsin Section7.

2. EXAMPLE
Let us assumethat we areat the beginning of the designcycle

of a processor, thatonly a performancesimulatoris available,and
that softwareandcompilerengineersstart tuning applicationsfor
this processor. In this section,we provide a simpleexampleshow-
ing thatit is possibleto automaticallytrainamodel,usinganumber
of runson a few benchmarks,in orderto predicttheperformance
impactof compileroptimizationsonany new program.As aresult,

we candrasticallyreducetheoverall simulationtime necessaryto
evaluatetentative architecturesandtuneprogramsto new architec-
tures;usingthemodelhasvirtually nocost.

We wish to predicttheperformanceof a new programon a par-
ticular platform,in this casetheTexasInstrumentC6713clustered
VLIW processor. In order to evaluateour predictor, we generate
many differentversionsof theprogramusing13 differentprogram
transformations,listed in Table5. We wish to predictwhateffect
any combinationof thesewill have on any new program. Since
programtransformationscanbecomposedinto arbitrarily long se-
quences,the numberof possibleprogramversionsis large. In
practice,combinationsof 5 transformationsarea reasonablemax-
imum. As a result,thetotal transformationspacesizewe consider
is

���������

. Thus,we wish to build a modelthatcanpredicttheper-
formanceof

���������

differentversionsof a new program.
In orderto collectthedatafor ourmodel,weperformed640runs

of randomlychosentransformationson training benchmarks(10
trainingbenchmarks,64samplesperbenchmark).Then4 carefully
selectedruns are performedon a new program. Theseruns are
usedto “probe” the new program,and characterizeits reactions
to programtransformations.We will show that only a few such
probesarenecessaryto characterizethenew programbehavior on
alargerangeof programtransformations.Wecall suchanapproach
reactions-basedmodeling.Giventhis total of 644evaluations,we
are then able to build a model that accuratelypredictsthe entire

���������

differentversionsof theprogram.
In orderto validatetheaccuracy of our model,we have exhaus-

tivelysearchedthetransformationspacefor eachof thebenchmarks
on the TI C6713processor, with a total runningtime of 33 days.
Figure1 shows how the modelaccuracy is exercisedon program
compress . The y-axis is the speedupobtainedafter applying
a transformation,andthe x-axis is simply the transformationsse-
quencessortedby increasing(actual ) speedup.Thedottedline
shows thespeedupestimatedby themodel,andthesolid line is the
actualspeedup.Theaverageerroris 10.3%for this benchmark.

At �rst, it may be surprisingthat sucha small training setsize
is suf�cient to capturesucha hugespace.However, Figure2 ex-
plainswhy this is possible:programsexhibit a “plateau”-like pro-
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Figure 3: Features-basedmodel. Input: static featuresextracted
from the transformedprogramat the sourcelevel; Output: program
speedup.
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Figure4: Reactions-basedmodel.Input: targettransformationand
speedupson canonicaltransformation sequences;Output: transfor-
mation sequencespeedup.

�le, which meansthereare few different performancelevels for
eachbenchmark,or, in otherwords,many transformationsequences
have similar impact.Almagoret al. [2] have built similar speedup
graphswhich againshow few plateaus,but for different transfor-
mationspaces.As a resultof this smallnumberof plateaus,if (1)
we canautomaticallyidentify a few characteristictransformations
which capturetheseplateaus,and (2) we canclustertransforma-
tions accordingto the performanceplateauto which they belong,
we canbuild a performancemodelwith asmallnumberof training
runs.This is whatwe achieve with reactions-basedmodeling.

Still, it doesnotmeanthebehavior of all benchmarksto all trans-
formationsis thesame,andthat the transformationspaceis easily
predicted.Figure2 shows thesamespeedupgraphasin Figure1,
usingthetransformationordergivenby benchmarkcompress to
plot benchmarksadpcm andfir . If all benchmarkswould react
similarly to mosttransformations,all thebenchmarkcurveswould
bemonotonicandincreasing.Obviously it is not thecase,hinting
at thecomplexity of thetransformationspace.

Figure1 shows thatwe canfairly accuratelypredicttheperfor-
manceof different versionsof an unseenprogram. Still, it may
be argued that, in practice,a tuning processmay involve man-
ual transformationsnot consideredhere. However, manualtrans-
formationscan usually be decomposedinto sequencesof simple
systematiccompilertransformations,asrecentlyillustratedby Par-
ello et al. [22]. Furthermore,our codecharacterizationprocess
basedon reactionscanindifferently targetwholeprogramsor spe-
ci�c codesections,becauseit solely relieson performancemea-
surements/reactionsandis notdependentoncodestructure.

This sectionhasprovideda motivatingexample,illustratingthat
it is possibleto build a modelthatpredictstheperformanceof dif-
ferentversionsof aprogramwithouthaving to executetheprogram.
Thenext sectiondescribeshow we canautomaticallybuild sucha
modelusingmachinelearning.

3. PREDICTIVE PERFORMANCE MODEL­
ING

3.1 Characterization
At the heartof our approachis building a performancepredic-

tion model.More precisely, themodelmustaccuratelyandrapidly
predicttheperformanceimpact(speedup)of a largerangeof pro-
gramtransformationson a givenprogram,so thata largesoftware
design-spacecanbeexploredwithouthaving to simulateor run the
multiple transformedversionsof theprogram.

More formally, let � be a program,� a programtransformation

sequence,and � thespeedupof � afterapplying � , wewish to build
a predictive performancemodel � , thatpredictsa speedup�� close
to therealspeedup� , i.e., �������	��

��� � . In standardpredictive mod-
eling techniques,sucha modelis built usinga trainingset,here,a
setof tuples ������������������
 .

3.1.1 Staticprogramfeatures­basedmodeling
Mostmachine-learningapproachesappliedtocompileroptimiza-

tion haveusedprogramfeatures-basedcharacterizationto automat-
ically build sucha model(seeSection6). This approachimplicitly
assumesone can identify a set of static programfeatureswhich
characterizeprogrambehavior. Features-basedmodelingtakes a
summary��� of the input staticprogram� . In orderto capturethe
effect of programtransformations,we collect thestaticfeaturesat
thesourcecodelevel, afterapplyingprogramtransformationsusing
SUIF, seeFigure3.

After training,themodelfunction � takesasinputsthecodefea-
turesof the transformedprogram��� , and outputsthe predicted
speedup,e.g.: �����

�


��� � .

Suchanapproachis attractive becausethetransformedprogram
needsnotbeexecutedin orderto predictits performance,andit has
beensuccessfullyusedin the pastfor speci�c optimizations,e.g.,
targetingloop nests.Moreover, this approachcanbeusedon any
new transformedprogramsincethemodeljust usescodefeatures
asinput. In particular, themodelis not restrictedto thesetof trans-
formationsusedduringtraining;a new transformationcanbeused
to generatethe transformedprogram.However, it is harderto ex-
tractappropriatefeaturesto characterizea wholeprogram,andwe
will alsoempiricallyshow in Section5 thatfeatures-basedcharac-
terizationdoesnot performaswell whena largerangeof program
transformationsis considered.

As aresult,weneedto comeupwith adifferentcharacterization
method,compatiblewith a largerangeof programtransformations
andwhole-codecharacterization.

3.1.2 Reactions­basedmodeling
Building an analyticalmodelof the performancebehavior of a

complex programon a modernprocessorarchitectureis known to
beadif�cult task[4]. Ratherthanbuilding aprocessorperformance
model,we have developeda modelingapproachcapableof captur-
ing the performanceeffect of programtransformationswhich we
call characterizationby reactions. Characterizationby reactionsis
an empiricalanalysismethodusedin many scienti�c domains.A
new targetmaybe“probed” in variousways,andits reactionsare
observed. If previously studiedtargetshadsimilar reactions,the
new target may be classi�ed to be similar to oneof the previous



targetsor a combinationof someof thesetargets.
The principlesof characterizingprogramsby reactionsareex-

actly thesame.In ourcase,the“probes”areautomaticallyselected
programtransformationswhichareappliedto theprogram,andthe
behavior observed is the resultingspeedup.Using this approach,
we build a model � which takesas inputs the reactions����� ���

���




(i.e., thespeedupsafterapplyingtransformation� � ) of theprogram
� to carefullychosentransformationsequences��� ������� ���
	 , anda
new transformationsequence� . We usethe trainedmodel in or-
der to predictspeedupson new programsand transformationse-
quences:����� � � � �

���


 ������� � � 	 � � 	

���


 ����
 � �� – seeFigure4.
Becausethis characterizationmethodis basedon programrun-

time behavior ratherthana staticprogramcharacterization(asfor
features),it is well suitedto whole-codecharacterization,asop-
posedto smallcodeconstructs,e.g.,loopnests.On theotherhand,
it hasthedisadvantageof requiring � programrunsfor building a
predictor. However, we empiricallyshow in Section5 thatwe can
keep � very small (lessthanor equalto 4), andstill getaccurate
predictions.

3.2 Building the model
Thereexist many modelingtechniquesthat canbe to automat-

ically producea predictive model. In this paperwe usea feed-
forward ANN (Arti�cial NeuralNetwork), with onehiddenlayer
and � ve hiddenunits, as it is robust to noisein its input andca-
pableof learningreal-valuesoutputs- both characteristicsof our
problemdomain. Our ANNs aretrainedby standardbackpropa-
gationon themeansquarederror. ANNs arewell studiedandhave
beenusedin awiderangeof domains[5]. Wehavealsoconsidered
othertechniques,suchasMixturesof Experts[16] andRegression
Trees[6]; however, ourcurrentexperiencesuggeststhatANNs may
beparticularlypracticalfor thepredictionproblem.

3.3 ANN
The model is constructedas follows: the inputs are the reac-

tionsandthe target transformationwhoseperformanceimpactwe
want to predict, and the output is the predictedspeedupof the
target transformation.More precisely, for any given program � ,
theinputsof theANN arethespeedups����� ���

���


 ������� � �
	 � ��	

���




obtainedfor the � probetransformations,and the identi�er � of
the target programtransformation. The identi�er is provided as
a sequenceof 13 bits, one per possibleelementarytransforma-
tion; sinceeachtransformationsequenceis composedof elemen-
tary transformations,at most5 suchbits aresetto 1. Themodelis
not trainedspeci�c to aprogram,it is trainedonmultipleprograms,
andcanbeappliedto any unseenprogramthereafter.

The � probe(or canonical) transformationsare chosento be
mostcharacteristicof theprogrambehavior, andtheresultingspeedups
maybeusedto discriminatebetweenthetrainingprograms.These
canonicaltransformationsarenotde�nedapriori or in ad-hocman-
ner; they are learnedfrom databy using a systematicalgorithm
which wewill now describe.

3.4 Selectingthe canonicaltransformations
We wish to determinethesmallestsetof canonicaltransforma-

tions, or probes,with which to characterizea new program. By
observingthe canonicalspeedupsfor a new program,we want to
beableto sayhow similar this new programis to eachof thetrain-
ing programs,which may potentiallybe a usefulcharacterization
for improving predictions. Oneway to learnsuchcanonicaltrans-
formationsis by using information theory [9], which allows one
to selecttransformationsinformative aboutthe underlyingbench-
mark.

Let ��� ������� � ��� de�ne randomvariablesdescribingthespeedups
for the � transformationssequences� � ������� ��� � from the training
set. Our goal hereis to extract the canonicalsubsetof � trans-
formations � � ��� ������� ��� ����� , suchthat the resulting improvements

� � ��� ������� � � ��� � aremostinformative abouttheprogram� . A for-
mal measureof informationis mutualinformation [9]:

�

�

���

� ��� ������� � � ��� 
������ � � ��� ��� ������� � � ��� 
 �!� ��� ��� ������� ��� ����"

�




����� � � �$# 
%�&� �$# "

�


 � (1)

where# ���'� �)( � �*� ������� � � ���,+ is thevectorof speedupsfor thecanon-
ical transformations,and � �$# 
 , � �$# "

�


 arethemarginalandthe
conditionalentropiesrespectively:

� �$# 
 ����� � �.-'/ � �$# 
103254�� �$# 
 � (2)
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 (3)

(seee.g. [9]). Our goal is to maximize(1) with respectto the
indicesof thecanonicaltransformations=�� ������� ��=$	 .

It is clearthatfor agivenbenchmark� , thespeedupobtainedon
transformation��� maybefoundfrom thetrainingdatadeterminis-
tically. Indeed,it is givenby thetablelook-up,i.e. >?=
� � ����� "

�


A@

B

��� � � � � � �

���


�
 . Analogouslywecancomputethemarginaldistri-
butions � ��� ��
 by countingthespeed-upsacrosstheprograms.Ad-
ditionally, we notethat for all transformations,the corresponding
speedupsareconditionallyindependentgiven � , i.e.

� �$#
"

�
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C

D�;

�

� �'E �3F
"

�


G@

B

� (4)

As thereis no uncertaintyin determiningspeedup�
� for transfor-

mation��� andagivenprogram� , theconditionalentropy � �$#
"

�




may be droppedfrom the objective function (1); in otherwords,
optimizationof the mutualinformation(1) reducesin our caseto
optimizationof themarginalentropy � �$# 
 .

In general,computationof � �$# 
 is a dif�cult task. For ex-
ample,if the speed-upsarequantizedto lie in a discretespaceof

H

bins, the computationalcomplexity of evaluating � �$# 
 is @

I

�

H

	


 , i.e. approximationsneedto beconsidered.Weusetheas-
if Gaussianapproximation� �$# 
KJ �

6
L5M


103254
" N

2
O��$# 

"�PRQ�SUT

� � ,
which effectively reducestheoptimizationproblemto maximizing
the volumeof the covarianceof the selectedcanonicalspeedups.
We also imposean additional constraintsuch that eachcanoni-
cal transformationshouldbeindividually predictive aboutthepro-
gram,i.e.

�

���
��V

�

�


XWZY for someY[W

�

(here
�

���
��V

�

�


 is de�ned
similarly to (1)).

Ourmethodhasausefulinterpretationasanapproximateredun-
dancyreduction. In our case,equation(1) canbetransformedinto
thefollowing form

�

�

���

# 
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D\;
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�

F �
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�
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� (5)

The rightmostterm in (5) de�nes the redundancy, which is zero
whenthe speedupsareindependent,andit is large whenthey are
stronglycorrelated.In orderto selectthemostinformativesubsetof
transformations(in themutualinformationsense),weneedto opti-
mize(5) with respectto theindicesof thecanonicaltransformations

=
� ������� ��=c	 . Thecomputationof the �rst term d

	

D\;

�

�
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�
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D�;

�

� ��� �3F�
 , is @

I

�

H

� 
 , where
H

is the numberof quantiza-
tion bins. However, computationof theredundancy is dif�cult and



Label Transformation
1,2,3,4 Loopunrolling
n FORloop normalization
t Non-perfectlynestedloop conversion
k Breakloadconstantinstructions
s Commonsubexpressionelimination
d Deadcodeelimination
h Hoistingof loop invariants
i IF hoisting
m Move loop-invariantconditionals
c Copy propagation

Figure 5: The labeledtransformationsusedfor the exhaustive enu-
merationof thespace.1,2,3,4correspondsto the loopunroll factor.

Label Static Feature
LDC Loadaconstantvalue
CVT Conversionbetween�oat/int
LOD Loadfrom memory
STR Storeto memory
MBR Multi-way branch
CMPI/CMPF Comparisonusingint/�oat
UJMP/CJMP Unconditional/Conditionaljump
CPY Copy
SFT Shift
ROT Rotation
ARII/ARIF Arithmeticoperationon int/�oat
MULI/MULF Multiplication on int/�oat
DIVI/DIVF Divisionon int/�oat
LOG Logicaloperation
CAL Functioncall
ARYI/ARYF Array operationwith int/�oat (addresscomputation)

Figure6: Staticprogramfeatures.

needsto be approximated.To maximize(5), we apply a simple
greedyapproximationstrategy by choosingtransformationswhich
leadto a high informationcontentindividually, andwhich areap-
proximatelymaximallyindependentfrom oneanother.

Speci�cally, by usingtheGaussianapproximation,wearegreed-
ily maximizing the log determinantof the samplecovarianceof
thecanonicalspeedups032a4

" N
2
O��$# 


" for transformationswhich in-
dividually have large marginal entropies� ���

�
F 
 . In practice,we

recalculatethebestcanonicaltransformationsaswe progressively
collect moretraining data,andwe experimentedwith the number
of canonicalsin the rangeof 1 to 8. Oncewe have selectedthe
canonicaltransformationscontainingthemostinformation,weap-
ply themto theprogramto bepredicted.Their executiontimesare
the�nal inputsinto our trainedproxymodel.

4. EXPERIMENT AL METHODOLOGY
This sectionprovidesa brief descriptionof theprograms,trans-

formationsandplatformsusedin ourexperiments.

4.1 Benchmarks
The UTDSP[19, 24] benchmarksuitewasdesigned“to evalu-

ate the quality of codegeneratedby a high-level language(such
asC) compiler targetinga programmabledigital signalprocessor
(DSP)” [19]. This setof benchmarkscontainssmall,but compute-
intensive DSPkernelsaswell as larger applicationscomposedof
morecomplex algorithms. The sizeof programsrangesfrom 20
to 500linesof code.Theseprogramsrepresentcompute-intensive
kernelswidely regardedmostimportantby DSPprogrammersand
areusedinde�nitely in stream-processingapplications.

4.2 Transformations
In thisstudy, weconsidersource-to-sourcetransformations(many

of thesetransformationsalsoappearwithin theoptimizationphases
of a native compiler [2]), applicableto C programsandavailable
within the restructuringcompiler SUIF 1 [14]. For the purpose
of this paper, we have selectedthe transformationsdescribedand
labeledin Table5. As we (arbitrarily) considerfour loop unroll

factors,this increasesthenumberof transformationsconsideredto
13. We thenexhaustively evaluatedall transformationssequences
of length5 selectedfrom these13 options. So, in theory, the to-
tal numberof possibletransformationsequencesis given by the
combinationalexpression���

���

�

�����

�

�����

�
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�
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���

, sinceno
transformationcanappeartwice in the sequenceandthe orderof
transformationshasan in�uence on performance.However, since
unrolling canonly appearoncein any sequence(only onepossible
unroll factor),it decreasesthe total numberof possiblesequences
we evaluatedto 88000perbenchmark.

4.3 Platforms
Most of theresultsin Section5 areprovided for a TI processor

architecturedescribedbelow. However, in orderto show that our
approachis not speci�c to anarchitecture,we alsoprovide results
for an embeddedAMD processorarchitecturein Section5.5; this
AMD processoris basedon a MIPS core,sowe will later refer to
it asMIPS. Theplatformsaredetailedbelow.

TI: The Texas InstrumentC6713 is a high-end�oating point
DSP, runningat300MHz.ThewideclusteredVLIW processorhas
256KB of internalmemory. The programswerecompiledusing
the TI' s CodeComposerStudioTools Version2.21compilerwith
thehighest-O3 optimizationlevel and-ml3 �ag (generateslarge
memorymodelcode).

MIPS: TheAMD Alchemy Au1500processoris an embedded
SoCprocessorusinga MIPS32core (Au1), runningat 500MHz.
It has16KB instructioncacheand16KB non-blockingdatacache.
Theprogramswerecompiledwith GCC3.2.1with the-O3 com-
pile �ag. Accordingto themanufacturer, this version/optiongives
thebestperformance- betterthanlaterversionsof GCC- andhence
wasusedin ourexperiments.

4.4 Training the model
In our experimentswe vary the training setsizeto considerits

impactonperformance.In all cases,this is performedusing“leave
oneout” cross-validation,astandardtechniquefor evaluatingANNs
andotherpredictive models.Basically, this meansthat,if we have

�

programs,we selectoneprogramwhoseperformancewe wish
to predictwith respectto transformations.We thenusedatafrom
the

�

�

6

remainingprogramsto train our ANN; beforetestingit
on the selected

�

th program;we repeatthis procedurefor the
�

programsandaverageresults.Thus,we do not train theANN on
dataassociatedwith the programwhoseperformancewe wish to
predict.

Thetrainingsetconsistsof randomlypickedsampleswithin the
transformationspace(recallthetransformationspacecontains

���������

possibletransformationsequences).In order to get a statistically
signi�cant behavior, we repeatthis sampling30 times. Thus, for
eachsamplesize,weshow theaverageresultover the30 trials.

Finally, note that for the reactionsapproach,in addition to the
training set,we needonemoresimulation/executionof the base-
line programto computethespeedups(ratioof baselineover trans-
formedversions)of thecanonicaltransformations,which areused
asinputsto themodel.

5. EXPERIMENT AL RESULTS
Thissection�rst evaluatestheaccuracy of reactions-basedmod-

eling acrossthe programtransformationspaceandalsoexamines
its accuracy in predictinghigh-speedup optimizations.This is fol-
lowedby ashortevaluationof thestandardfeatures-basedapproach
to modeling. Next we considerthe trade-off betweenaccuracy of
predictionand the numberof training exampleswe use. This is
followed by an evaluationof how the numberof canonicaltrans-



formationsalsoaffectspredictive power. Finally, we try a simple
cross-platformstudywherewe train on oneplatformanduseit to
predictperformanceona new unseenmachine.

5.1 Reactions­Basedapproach
In this section,we usea trainingsetof 64 runsperbenchmark,

i.e., thismeanswehaverandomlyselected64programtransforma-
tions andapply themto eachof the

�

�

6

�

6

�

benchmarksto
build a predictor. As mentionedbefore,we repeatthis process30
timesto bestatisticallymeaningful.Also, we have setthenumber
of canonicaltransformationsto 4. After training, these4 canoni-
cal transformationsareappliedto the

�

th unseenprogram. The
reactions(speedups)to thesecanonicaltransformations,as well
as the transformationidenti�er, are usedas inputs to the model,
alongwith the executionof the original, untransformedprogram.
The model is usedto predict the speedupof all of the remaining

���������

�

�

transformationsequencesof theunseen
�

th benchmark
(i.e., “leave oneout”). Thuswe have a trainingsetof overall size

� ���

6

�

P

�

(644)to predict
���������

�

�

datapoints.
Wecompareourmodelagainstanaivepredictor. Thenaive pre-

dictorsimply�nds theaverageperformanceof thetrainingdata(all
program-transformationpairsin thesamples)andpredictsthatany
new pointwill bethatvalue,i.e.,thenaivepredictionis d

�����

�

;

�

� �

L

� ���

where � � is therealspeedupof oneof thetransformations.
In orderto describetheaccuracy of themodel,we usetheMean

absoluteerror de�ned as -

���������

�

�

�

;

�

�
	

�
�

�

�
�

�

���������

�

� , where ��� is thereal
speedupof oneof the transformationpointsand �� � the predicted
value. Averagedover all

���������

�

�

transformationsapplied to
the unseenbenchmark,this gives an overall averagemeasureof
theerror. As mentionedin Section2, we have collectedtheactual
speedupsfor all benchmarksandall transformationsallowing usto
calculatetheMAE exactly.

Figure7 shows themeanabsoluteerrorof ourpredictorfor each
program,aswell asthenaive predictor. As canbeseen,theover-
all meanerror is 7.3%whenusinga reactions-basedpredictor. If
we comparethis to the naive predictor, whoseerror is 15.8%, it
is twice asaccurate.Sinceour model is trainedon randomsam-
ples, its accuracy can typically vary from one sampleset to an-
other. For thatreason,we have evaluatedthestandarddeviation of
themeanabsoluteerrorover the30 differenttrials usedfor evalu-
atingthemodelsin Figure7, seeSection4. Thestandarddeviation
in this �gure shows thatthemodelaccuracy is quitestable.In fact,
we note that by using the reactions-basedapproach,not only we
outperformotherpredictorswe areconsideringhere. We alsoget
signi�cantly lower variancesthanby usingthecodefeature-based
models.Ourmethodis thereforemuchlesssensitiveto thespeci�cs
of initialization or choicesof trainingdata.

While theaverageerrorandstandarddeviation over all program
transformationsis a goodindicationof modelaccuracy, for practi-
cal usage,it is importantto predictwell thebestperformingtrans-
formationsmostof the time. For that reason,we have evaluated
the model accuracy on (1) all transformationswhich bring more
than5% speedup,and(2) the transformationswithin 5achievable
(accordingto theactualspeedup).Theresultsarereportedin Fig-
ure8 andareshown only for thosebenchmarkswherewe canob-
tain over 5%speedup.Eventhoughtheerroris slightly worseover
bothtransformationsbringingmorethan5% speedup(8.1%error)
andwithin 5% of max transformations(8.5% error) thanover all
transformations(7.3%), the model is still fairly accurateon these
critical transformations,andagain,it is signi�cantly moreaccurate
than the naive predictoron the sametransformations.Thus,our
methodis a practicalalternative for fastsoftwareexploration.

5.2 Features­Basedapproach
In thissection,wecomparethereactions-basedapproachagainst

themorestandardfeatures-basedapproach.Eventhoughthereactions-
basedapproachsigni�cantly outperformsthe features-basedap-
proach,featureselectionfor whole-programsisstill in its infancy [1]
andfuture improvementsin featureselectionmay improve its ac-
curacy. As a pragmaticstartingpoint we generatedmany different
featuresusedin otherresearch[1], as listed in Table6. As men-
tionedbefore,we collectthesefeaturesafterapplyingtheprogram
transformationsin SUIF, in order to capturethe static impact of
transformationsonstaticprogramcharacteristics.

Forafair comparisonwith reactions,wehavetrainedthefeatures-
basedmodel on the same

� � �

P

�

samplesas for the reactions
model. Theseresultsarereportedin Figure7, alongwith the re-
actionsresults.Features-basedpredictionnot only performsworse
thanreactions-basedprediction,but it performsworsethanthenaive
predictorin many cases.Even thoughstaticfeatureshave proved
usefulfor tuning singleprogramoptimizations,suchasunrolling,
andonsmallcodeconstructs[26], performancemodelingof whole
programs,even small ones,is a moredif�cult task. Nevertheless,
in futurework, we hopeto improve thestaticfeaturesde�nition to
bettercapturewholeprogrambehavior, andalsoto combinestatic
featuresandreactionsin a hybridapproach.

In theremainingsections,we thereforefocusour investigations
andexperimentson thereactionsapproach.

5.3 Speedingup training: accuracyvs. train­
ing size

There is naturally a tradeoff betweenthe numberof training
runs and the accuracy of the model. The smallerthe numberof
runs, the fasterthe model is built, but potentially, the lower the
accuracy. To evaluatethis tradeoff, Figure 10 shows prediction
accuracy againsttrainingsetsize(thenumberof trainingruns).As
mentionedbefore,the training runsarerandomlyselectedamong
thesetof all possibleprogram-transformationpairsexceptfor the
targetprogram.

Considerthebarscorrespondingto 4 canonicaltransformations
(the trend is similar for other values). The meanabsoluteerror
is large,13.4%,whenallowing only 16 samplesperbenchmarkto
build thepredictor. However, startingat32samplesperbenchmark,
the modelaccuracy is goodenoughfor practicalusage(9.2%). It
reducesto just 7.3%whenusing64 samplesperbenchmark.(We
noteherethat terminationof trainingconditionsdo not dependon
thesizeof the trainingset.) Interestingly, theaccuracy of thepre-
dictor doesnot increasesigni�cantly beyond this samplesize; at
1024samplesperbenchmark,it is almostthesameasfor 64 sam-
ples.This con�rms theremarkof Section2 thatthereareonly few
performance“plateaus”for eachbenchmark,andonceall plateaus
have beencoveredby training samples,additionaltraining is un-
necessary. This may also indicatethe performancelimits of the
consideredpredictive models.

Consideringthereare
���������

possibletransformationsperbench-
mark, andthat we needno morethan64 samplesper benchmark
to obtain a fairly accuratemodel, we can reducetransformation
spaceexploration to �

���

�

�

th of its total size. Note that, oncethe
modelis trainedwith afew benchmarks,thenweonlyneedtoprobe
new benchmarkswith canonicaltransformations,speedingup ex-
plorationby several ordersof magnitude. In fact, while we used
10 benchmarksfor our trainingsetin eachexperiment,it doesnot
meanthe modelcannotbe usedafter training on a smaller(nor a
larger)numberof benchmarks.In Figure9, we have evaluatedthe
modelaccuracy whenvarying thenumberof trainingbenchmarks
from 1 to 10. After trainingon two benchmarks,themodelaccu-
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Figure 7: Mean absoluteerror: Reactions,Featuresand Naive predictors. Averagesover 30 trials, 64 training patternsper benchmark, exceptfor
FEATURES(1024)which uses1024training patterns.4 canonicaltransformationswereappliedfor the reactions-basedapproach.
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Figure 8: Reactionsand Naive predictors: transformationswith more
than 5% speedup,and within 5% of maximum (actual) transformations,
64 training patternsper benchmark.
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Figure 9: Impact of number of training benchmarks, 64 training pat-
ternsperbenchmark.

racy is not muchbetterthanthat of the naive predictor, however,
aftertrainingon5 benchmarks,theerroris down to 10.6%.

Throughoutthearticle,we have usedrandomlyselectedtraining
runs. However, in practice,softwareengineersmay decideto do
speci�c runs anyway; theseruns can add to or even replacethe
randomtrainingruns,to furtherimprove theperformancemodel.

5.4 Impact of canonicaltransformations

5.4.1 Numberof canonicaltransformationsvs. pre­
dictionerror

As statedearlier, the canonicaltransformations,which enable
programdiscriminationby focusingon themostmeaningfulreac-
tions for a given model/platform,areselectedautomatically. Fig-
ure 10 shows the impact of selecting1 to 8 canonicaltransfor-
mationsfor the predictor. As expected,increasingthe numberof
canonicaltransformationsgenerallyimprovesthepredictionaccu-
racy acrossthe various training sizes. Also, thereis a limit (4)
beyondwhich increasingthenumberof canonicaltransformations

brings little bene�t. We also note that modelsusing 8 canoni-
cal transformationssometimesperformslightly worsethan mod-
els with 4 transformationsor less. This may indicatethat some
of theextra featuresprovide little additionalinformationaboutthe
underlyingprogram.At thesametime, theseextra featuresmaybe
sensitive to thenoiseor systematicbiasin trainingdata,whichmay
potentiallyadverselyaffect performanceon new programs.Nev-
ertheless,we canseethat our reaction-basedmodelssigni�cantly
outperformpredictors(of similar complexity) whichonly usecode
features– seeFigure7.

We alsonotethat thereareinterestingeffectswhenvarying the
sizeof trainingdataonaccuracy of thepredictions.Webelieve our
modelmaybe“over�tting” to thetrainingbenchmarks,whichmay
inhibit theperformanceon new benchmarks.In the futurewe are
planningto formally investigatetheseeffects for our approachto
learning.

Notehowever that,evenwith 1 reaction,themodelalreadyper-
formsquitewell (considerthebar for 64 samplesand1 canonical
transformation).It turnsout that, sinceour setof benchmarksis
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Figure 10: Impact of training sizeand numberof canonical trans-
formationsfor reactions-basedmodel.
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Figure 11: Mutual Information selectionvs. random selection
of canonical transformationsfor reactions-basedmodel,64 training
patternsperbenchmark.

much smallerthan the set of possibletransformations,it is easy
to �nd onetransformationwhichalmostfully discriminatesbench-
marks.Still, somebenchmarks,suchasfir , signi�cantly bene�t
from 4 ratherthan1 or 2 canonicaltransformations.

Finally, onecanseethat32samples/8canonicaltransformations
performsaboutaswell as64 samples/2canonicaltransformations.
So onecanchoose,dependingon theexperimentalconstraints,to
eitherminimizethetrainingsetor thenumberof probes.

5.4.2 Mutual Informationselectionvs. randomse­
lection

In order to evaluatethe bene�t of the Mutual Informationap-
proach,we have comparedit with a randomselectionof canonical
transformations,in Figure11. We notethatusingmutualinforma-
tion featuresis consistentlybetterthanusingrandomfeatures,and
sometimessigni�cantly so.Notethata carefulchoiceof canonical
transformationsappearsto be particularly important for dif�cult
benchmarks,i.e. thosewherethe predictionerrorsare relatively
high for both codefeature-basedandreactions-basedapproaches
(e.g. fir , lmsfir , compress , histogram ). FromFigure11,
we canalsoseethatby usingthemutualinformation(ratherthan
random)features,wegetmuchlowervariancesof thepredictioner-
rors.Thisdifferencein variancesis consistentacrossall thebench-
marks,andis particularlylargefor themorecomplicatedprograms.

5.5 Modeling another architecture
Figure12 shows themainaccuracy resultsfor anotherarchitec-

ture platform, a MIPS coredescribedin Section4. Note that the
averageaccuracy of our model is almostthe sameasthe TI plat-
form. We alsoseethatthenaive predictorperformsbetter, in large
partbecausetheMIPScore(andtheunderlyingcompiler)is signif-
icantly simplerthantheTI core(simplescalarversuslargeVLIW
processor).

Finally, sincea signi�cant numberof transformationscanhave
a similar impacton differentarchitectureplatforms,we have ex-
ploredwhetherwecouldapplyonanew platformwhatwaslearned
on anotherplatform. Figure 13 shows the accuracy of a model
trainedon the MIPS, on 10 benchmarks(64 samplesper bench-
mark, 4 canonicaltransformations),and usedto predict perfor-
manceof theleft outbenchmarkrunningontheTI platform.While
not asgoodas the native TI model, it still outperformsthe naive
predictors.

6. RELATED WORK

6.1 Speedingup simulatorsandalternativeap­
proaches

Recently, therehave beenproposalsto speedup simulationus-
ing sampling,e.g.,SimPoint[25] andSMARTS [31]. Evenmore
recently, TurboSMARTS[29] coulddrasticallyreduceoverall sim-
ulation time througha combinationof samplingandcheckpoint-
ing. Thesetechniquesareactuallyorthogonalandcomplementary
with our technique:by reducingthetimenecessaryto performone
run, they canreduceour trainingandcharacterizationtime. How-
ever, samplingtechniqueslike SimPointor SMARTSareill-suited
for softwaredesign-spaceexplorationbecausethey requirea sig-
ni�cant pre-processingeffort for eachbenchmark(at leastonefull
functionalsimulation),so that, after any programtransformation,
the whole pre-processingmustbe replayed,voiding part or all of
thespeedbene�tsof sampling.

Karkhaniset al. [17] proposeananalyticalmodelfor hardware
exploration that capturesthe key performancefeaturesof super-
scalarprocessors.This modelcanpotentiallybeusedfor software
exploration,but theconstructionof themodelis adhocandacom-
plex process,which makes it dif�cult to generalizeandreplicate.
Eeckhoutet al. [10] usestatisticalsimulationto similarly capture
processorcharacteristics,andgeneratesynthetictracesthatarelater
runonasimpli�ed superscalarsimulator. After any programtrans-
formation,a new traceneedsto begeneratedif this approachwere
to beusedfor softwareexploration,requiringa full functionalsim-
ulation.

RecentlyIpek [15] hasproposeda distinctmethodfor bothcon-
siderablyspeedingup andautomatingthe hardwaredesign-space
explorationprocess.The principle is to train an ANN (Arti�cial
NeuralNetwork) to predicttheimpactof hardwareparametervari-
ations(e.g.,cachesize,memorylatency, etc) on the performance
behavior of a target architecture.After training on lessthan 5%
of the designspace,the modelcanstill accuratelypredictperfor-
mancevariationswith lessthan2% error. Onemodel is built for
eachbenchmark,i.e., themodeldoesnot learnacrossbenchmarks
aswe do. Moreover, theapproachis limited to hardwarebecause
the model is speci�c to a programbinary, just like the sampling
approaches.Therefore,any modi�cation of the programbinary,
suchasapplyingaprogramtransformation,requirestraininganew



0

0.05

0.1

0.15

0.2

0.25
M

ea
n 

A
bs

ol
ut

e 
E

rr
or

 

 

ad
pc

m

co
m

pr
es

s

ed
ge

_d
et

ec
t fft fir

hi
st

og
ra

m iir

la
tn

rm

lm
sf

ir

lp
c

sp
ec

tr
al

_e
st

M
E

A
N

REACTIONS
NAIVE

Figure12: MIPS meanabsoluteerror: ReactionsandNaivepredic-
tors,64 training patternsperbenchmark.
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Figure13: Learning acrossarchitectures,usingthereactions-based
model,64 training patternsperbenchmark.

model using several thousandssimulations. As a result, the ap-
proachis notsuitablefor softwareexploration.Ourapproachsimi-
larly relieson machine-learningto build a performancemodel,but
it canaccommodateany programtransformationwithout retrain-
ing.

Recently, IBM hashighlightedtheissueof softwaretuningearly
on in thedesigncycle. For theBlue Gene/L,it wasshown thatan
approximatebut fastperformancemodel,asareplacementfor more
detailedbut slow simulators,canbeveryusefulin practice[3]; still,
theapproximatemodelproposedwasdesignedmanuallyandin an
ad-hocmanner.

6.2 Predicting the impact of program trans­
formations

Machine-learninghasrecentlybeeninvestigatedby a numberof
researchersin theareaof compileroptimization. Thegoal is usu-
ally to improveor replaceoneor morehand-tunedcompilerheuris-
tics. Suchmachinelearnedheuristicsattemptto predict a good
transformation,but do notpredicttheir actualperformance.

Stephensonetal. [27] usedgeneticprogrammingto tuneheuris-
tics for three compiler optimizationswithin the Trimaran's IM-
PACT compiler: hyperblockselection,dataprefetchingandregis-
terallocation.Cavazosetal. [7] describeusingsupervisedlearning
to control whetheror not to apply instructionscheduling. Mon-
sifrot et al. [20] usea classi�er basedon decisiontreelearningto
determinewhich loops to unroll: they looked at the performance
of compiling Fortran programsfrom the SPECbenchmarksuite
usingg77 for two differentarchitectures,an UltraSPARC andan
IA64. Stephensonet al. [26] usemachine-learningto characterize
thebestunroll loop factorfor a given loop nest,andimprove over
theORCcompilerheuristic.All of theseapproachesaresuccessful
in automaticallygeneratingcompilerheuristicsfor codesegments
ratherthanin predictingthe eventualperformanceof the selected
optimizationsfor wholeprograms.

Ratherpredictingthe impactof a single transformation,others
have looked at searching[28, 12, 2, 8, 18, 21] for the bestsetor
sequenceof optimizationsfor a particularprogram.

Almagoret al. [2] proposea numberof algorithmsto solve the
compilationphaseorderingproblem.Their techniquessearchefor
thebestphaseorderof aparticularprogram.Suchapproachesgives
impressive performanceimprovements,but has to be performed
eachtime a new applicationis compiled. In contrast,our mod-

els areconstructedon a training setof programsandcanthenbe
usedto accuratelypredicttransformationsto “unseen”programs.

Cooperet al. [8] presenta systemcalledACME which speeds
up thesearchof iterative compilation.ACME utilities a technique
calledestimatedvirtual execution(EVE) which estimateschanges
to theexecutioncountsof basicblockswhenanoptimizationthat
changesthe control �o w graph(CFG) is applied. This technique
canthensimply modelthebene�ts anddisadvantagesof applying
optimizationsby estimatingall thechangesto theCFG.EVE works
well for estimatingcodesizeor for estimatingtheperformanceof
simpleprocessors,however we believe this methodis too inaccur-
rate to model the performanceof real machines.This technique
alsorequiressubstantialchangesto a compilerto understandhow
andto whatextentits optimizationschangethecontrol�o w graph.

Kulkarni et al. [18] introducetechniquesto allow exhaustive
enumerationof all distinct function instancesthat would be pro-
ducedfrom thedifferentphase-orderingsof 15optimizations.This
exhaustive enumerationallowed themto constructprobabilitiesof
enabling/disablinginteractionsbetweenthe differentoptimization
passes.Using theseprobabilities,they constructeda probabilistic
batch compiler that dynamicallydeterminedwhich optimization
shouldbe appliednext dependingon which one had the highest
probabilityof beingenabled.This methodhowever doesnot con-
sider the bene�ts eachoptimizationcanpotentiallyprovide when
applied. In contrast,we train our modelsto obtain the impactof
optimizationsapplied,and thereforeour techniquelearnswhich
optimizationsare bene�cial to apply to “unseen”programswith
similar characteristics.However, the techniquespresentedin this
work would allow a larger exploration of the optimizationspace
thanwe attempted.By exploring a largerpartof thesearchspace,
we would likely improve thedatausedfor trainingourmodels.

Pan et al. [21] partitioneda programinto tuning sectionsand
thendevelopedfasttechniquesto �nd thebestcombinationof opti-
mizationsfor eachof thesetuningsection.They areableto reduce
the time to �nd goodoptimizationsettingsfrom hoursto minutes.
Thesetechniquescouldalsobebene�cial during the trainingdata
generationstageof our models.Speci�cally, the techniqueto test
differentoptimizationsettingson a tuning sectionduring a single
run of theprogramwould allow usto increasethenumberof opti-
mizationsettingsweevaluate.Thiswouldalsoimprove thequality
of thetrainingdatawe usedfor ourmodels.

Agakov etal. [1] build modelsof goodtransformationsequences



from trainingdataonaperprogrambasis.Thisis thenusedto guide
iterative searchon a new program. Unlike this paper, they only
attemptto predictgood transformationsto apply ratherthanpre-
dicting the performanceimpact of any particulartransformation.
Predictingperformanceis a signi�cantly moredif�cult problemas
it requirestheprecisecaptureof architecturebehavior.

In the areaof predictive modelling,Zhao et al. usemanually
constructedcost/bene�tmodelsto predict whetherto apply PRE
or LICM [34]. They achieve 1% to 2% improvementover always
applyingan optimization,but at a costof greatlyincreasingcom-
pilation time (by up to 68%). However, their modelsappearto be
quite complicatedand have to be manuallyconstructed.On the
otherhand,our modelsaresimpleandautomaticallyconstructed
usingmachinelearning.

Iterative optimizationhasalsobeenemployedin well-known li-
brarygeneratorsin suchsystemsasFFTW [13], ATLAS [30], and
SPIRAL [23]. Thesesystemsobtainexcellentperformanceon the
particularsetof applicationsthey tune,e.g.,linearalgebralibraries
or DSPcodes,however they requirea largeamountof searchevery
time a new processoris targetted.

Yotov et al. [32] describea model-basedapproachfor optimiz-
ing BLAS libraries.They show thatusinga model-basedapproach
to evaluatetheperformanceof anoptimizationcanbeaseffective
asempiricalevaluation. Epshteyn et al. [11] presenta hybrid ap-
proachthat usesthis analyticalmodelapproachto quickly obtain
informationaboutindividual searchpoints. Thesearchpointsthat
themodelpredictswill have thehighestexpectedperformanceare
evaluatedontherealmachineandusedto re�ne anempiricalmodel
beingconstructed.Theapproachobtainsperformancecomparable
to expensive empiricalsearchtechniquesandsigni�cantly outper-
formstechniquesbasedsolelyonanalyticmodels.Yotov et al.[33]
presenta techniqueof re�ning analyticalmodelsbasedon the re-
sultsof empiricalsearch.That is, theauthorsanalyzethecodeand
optimizationparametersfoundby ATLAS throughits globalsearch
andthenmake re�nementsto their analyticalmodels.Theauthors
advocatethe useof local neighborhoodsearcharoundthe points
suggestedby theanalyticalmodelto furtherimprove thesolutions.
Resultsshow the re�ned analyticalmodelsandmodelswith local
searchperformcomparableto the global searchstrategy found in
ATLAS. However, the analyticalmodelspresentedin thesethree
approachesarecomplicatedandrequireextensive manualtuning.
In contrast,our modelsareautomaticallyconstructedandhave the
potentialto outperformhand-tunedmodels.

6.3 Program characterization for prediction
In orderto predicttheeffect of a transformationon a givenpro-

gram, the predictor is fed somecharacteristicsof the target pro-
gram. Much of the prior work in machinelearningbasedcompi-
lation relieson program features-basedcharacterization.For in-
stance,Monsifrot et al. [20], Stephensonet al. [26] andAgakov et
al. [1] all usestaticloop nestfeatures.Featuresmaycapturethose
characteristicsof thestaticprogramthatarebestat predictingpro-
gramtransformationsto apply.

However, we have shown that features-basedcharacterization
may not be well suitedto the complex task of predictingwhole
programperformanceand the impact of many different transfor-
mations. Triantafyllis et al. [28] bearssomesimilarity with our
reactions-basedcharacterizationmethod. They augmentthe In-
tel Itanium compilerwith the ability to iteratively searchcombi-
nationsof compileroptionsacrossrunsfor a given program,and
they especiallyfocuson the interactionsamongcompileroptions.
As part of their technique,they collect the goodcombinationsof
compileroptimizationsby noticingthathow aprogrambehavesfor

onetransformationcanbeanindicationof how it wouldbehave for
someothertransformations.Our reactioncharacterizationmethod
is basedona similar intuition, however they attemptto �nd appro-
priateoptimizations,while we also attemptto estimatethe asso-
ciatedspeedupsandto scanthe whole transformationspacevery
rapidly.

7. CONCLUSIONS AND FUTURE WORK
Thisarticleproposesamethodfor building aperformancemodel

of atargetmachinewhichisaccurateenoughto estimatethespeedup
of any known programtransformation.Oneof thekey assetsof our
approachis that the modelconstructionis entirely automatic;the
main constructioncost is the training phase,thoughtraining runs
canbe either randomlyselectedor resultingfrom past/usefulex-
periments.Theperformancemodelis basedon characterizingpro-
gramsby their reactionsto a setof automaticallyselectedcanon-
ical transformations.This approachhasbeenshown to accurately
capturethecomplex interplaybetweentheprogramandthearchi-
tecture.

Hybrid reactions+featuresapproach. Eventhoughthereactions-
basedapproachprovedsuperiorto thefeatures-basedapproach,and
requiredonly a few probing runson the new target program,the
features-basedapproachstill hasthe potentialpracticaladvantage
of not requiringany probingrun of thenew targetprogram,since
the characterizationis static. As a result,we intendto investigate
acombinedreactions+featuresapproachin orderto achieve theac-
curacy of the reactionsapproachwith the practicaladvantagesof
thefeaturesapproach.

Extensionsto other combinedsoftware+hardware predictions.
Our reactionsapproachmakesno assumptionon thenature of re-
actions. In this study, reactionsarethe impactof softwaretrans-
formationson performance,but they could alsobe the impactof
hardwaremodi�cations on performance.As a result,we will ex-
tend our approachto combinedsoftware+hardware design-space
explorationby simultaneouslystudyingsoftwareandhardwarere-
actions.

Acknowledgements:We thankChris Williams for helpful dis-
cussions.
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