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ABSTRACT

Developinganoptimizingcompilerfor anewly proposedrchitecturds ex-
tremely dif cult whenthereis only a simulatorof the machineavailable.
Designingsuch a compiler requiresrunning mary experimentsin order
to understanchow differentoptimizationsinteract. Given that simulators
areordersof magnitudeslower thanreal processorssuchexperimentsare
highly restricted.This paperdevelopsa techniqueto automaticallybuild a
performancenodelfor predictingtheimpactof programtransformationsn
ary architecturebasedn alimited numberof automaticallyselecteduns.
As aresult, the time for evaluatingthe impactof ary compileroptimiza-
tion in early designstagescanbe drasticallyreducedsuchthatall selected
potentialcompileroptimizationscanbe evaluated.This is achieed by rst
evaluatinga small setof samplecompiler optimizationson a prior setof
benchmarksn orderto train a model,followed by a very smallnumberof
evaluationsor probespf thetargetprogram.

We shaw thatby trainingon lessthan0.7%of all possibletransformations
(640 samplescollectedfrom 10 benchmarkout of 880000possiblesam-
ples,88000pertrainingbenchmarkandprobingthenew programononly 4
transformationsye canpredicttheperformancef all programtransforma-
tionswith anerrorof just7.3%on average As eachpredictiontakesalmost
no time to generatethis schemeprovides an accuratemethodof evaluat-
ing compilerperformancewhich is several ordersof magnitudefasterthan
currentapproaches.
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Computerarchitecturesiave signi cantly increasedn comple-
ity in the last 20 years. As a result,simulatorshave alsobecome
increasinglycomplex and,critically, threeor moreordersof mag-
nitudeslowerthanreal processorsHowever, earlyonin thedesign
cycle of a newv processgrsoftware and compiler engineersneed
to port systemapplications develop compilers,tunelibrariesand
run large applicationsfor prospectre customerson the new tar
get architecturebeforethe processois available. They therefore
have to rely on simulatorsfor their task. As the designcycle is
long, softwareandcompilerengineersareleft with usingexceed-
ingly slow simulatorgfor tuningpurposesSeveralyearscanelapse
betweerthetime a rst simulatoris available,andthetime the ac-
tual architecturés available. This problemis furtheraggraratedby
stringenttime-to-marlet constraintsandtheincreasingcompleity
of compilers[2]. Whatis neededs a fastproxy of the hardware.
Givena new programwe would like anaccurateredictionof the
performanceof the programwithout having to run it, or perhaps
only runningit afew times.This would dramaticallyovercomethe
performanceshortcomingof existing simulatorsand allow mary
differentversionsof aprogramto be evaluatedor tuningpurposes.

In this article,we proposea methodfor drasticallyreducingthe
overalltimerequiredto tuneapplicationgor new architecturegarly
onin thedesigncycle,whenonly slow simulatorsareavailable. We
canbuild a performancemodelof a new architecturghatis accu-
rate enoughfor programtuning purposesand dramaticallyfaster
thansimulators. Thoughmodelconstructiorrequiresa numberof
training runs on the available simulator it is entirely automatic
This modelis built by monitoringhow programsreactto certain
programtransformation®n the target architecture. The modelis
rst trainedusinga few programsto which programtransforma-
tions are randomlyapplied; thenit requiresa few testrunsfrom
a selectionof characteristidransformationgor the programto be
tuned. Theselatter characteristidcransformationsre selectedau-
tomaticallybasedn atechniquecalledmutualinformation which
determineghetransformationdik ely to give the mostinformation
abouta programs performancen aparticularmachine Fromthen
on, the modelcaninstantlyestimatethe speedupf the targetpro-
gramif ary knowvn programtransformationwere applied;in fact,
themodelenableghe evaluationof all programtransformationgn
ary orderandin avery smalltime. We empirically shav thatwith
640training runs(correspondingdo only 0.7%of the total number
of possibletransformationsequencesjnd4 testrunsto charac-
terize a new target program,our model can predict the program
speedupfterapplyingatransformatiorwith anerrorof 7.3%.

Beyond providing an automaticprocessor building a reliable
andfastperformancenodel,our approacthasseveral assetsThe
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Figure 1: Model accuracyfor compress . The y-axis corresponds
to the speedupof ead transformation sequenceelative to the origi-
nal untransformedprogram. The x-axis correspondgo transforma-
tion sequencesortedin increasingorder of performance. The line
marked actual correspondsto the real measuredperformance of
the programwhile predicted  corresponddo the predictionof our
model. The predictionis averagedover 30trials.

model can not only be usedto predictthe impact of a program
transformationput canalsopredictthe bestpossiblespeedugfter
applying ary known transformation. Beyond the initial training,

themodelaccurag canberegularly improvedthroughcontinuous
on-line training. Any simulationperformedon ary programaf-

ter the initial training, including the testrunsto characterizenew

programs,canaugmentthe total training set, all without ary hu-

manintervention. Moreover, sincethe modelprovidesspeedupes-
timatesin almostno time, it hasapplicationsbeyond the design
cycle sinceit is muchfasterthanrunningapplicationson thereal

machine. It canbe usedfor benchmarkingourposesj.e., tuning

applicationsof prospectie customersand can even be provided

to end-users.Finally, the approachcanalsobe usedby architec-
ture designergo take into accountthe impactof software tuning

whendesigningarchitecturesAfter anumberof trainingrunson a
givensimulatorcon guration duringdesign-spacexploration,our

modelwould behae asif a compilerhadbeentunedfor this ar-

chitecturecon guration. Designdecisionswould thennot only be
baseduponestimatedarchitectureperformanceut combinedesti-
matedarchitecture+compilgoerformance.

The paperis organizedas follows: Section2 provides an ex-
ampleshaving how our automaticallygenerateanodelcanpredict
thespeedupsveralargetransformatiorspace Section3 describes
our reactions-basegredictive modelingtechniqueandhow we au-
tomatically nd thebesttransformation$o characterizeprogram.
Sectiord describesheexperimentaimethodologywhile Section5
providesempiricalevidenceof the accurag of our techniquefol-
lowedby relatedwork in Section6 andconclusionsn Section?.

2. EXAMPLE

Let us assumehat we are at the beginning of the designcycle
of aprocessarthatonly a performancesimulatoris available,and
that software and compiler engineersstarttuning applicationsfor
this processorln this section,we provide a simpleexampleshaw-
ing thatit is possibleto automaticallytrainamodel,usinganumber
of runson a few benchmarksin orderto predictthe performance
impactof compileroptimizationsonary nev program.As aresult,
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Figure 2: Actual speedupsfor all transformations applied to
3 bendimarks, sorted according to the speedup achieved for
compress (onetrial). The comparisonhighlights the differencedn
boththe absoluteand relative programbehaviorto transformations.

we candrasticallyreducethe overall simulationtime necessaryo
evaluatetentatie architecturesindtuneprogramso new architec-
tures;usingthe modelhasvirtually no cost.

We wish to predictthe performanceof a new programon a par
ticular platform,in this casethe TexasInstrumentC6713clustered
VLIW processor In orderto evaluateour predictor we generate
mary differentversionsof the programusing13 differentprogram
transformationslistedin Table5. We wish to predictwhat effect
ary combinationof thesewill have on ary new program. Since
programtransformationganbe composednto arbitrarily long se-
quencesthe numberof possibleprogramversionsis large. In
practice,combinationf 5 transformationsrea reasonablenax-
imum. As aresult,thetotal transformatiorspacesizewe consider
is . Thus,we wish to build a modelthatcanpredictthe per
formanceof differentversionsof anev program.

In orderto collectthedatafor ourmodel,we performeds40runs
of randomly chosentransformationson training benchmarkg10
trainingbenchmarks64 sampleperbenchmark)Then4 carefully
selectedruns are performedon a new program. Theseruns are
usedto “probe” the new program,and characterizats reactions
to programtransformations.We will shav that only a few such
probesarenecessaryo characterizehe new programbehaior on
alargerangeof programtransformationsWe call suchanapproach
reactionsbasedmodeling. Giventhis total of 644 evaluations,we
arethenableto build a modelthat accuratelypredictsthe entire

differentversionsof the program.

In orderto validatethe accurag of our model,we have exhaus-
tively searchethetransformatiorspacdor eachof thebenchmarks
on the TI C6713processqrwith atotal runningtime of 33 days.
Figure 1 showvs how the modelaccuray is exercisedon program
compress . The y-axis is the speedupobtainedafter applying
atransformationandthe x-axis is simply the transformationse-
guencessortedby increasing(actual ) speedup.Thedottedline
shavs the speedugstimatedy themodel,andthesolidline is the
actualspeedupTheaverageerroris 10.3%for this benchmark.

At rst, it may be surprisingthat sucha small training setsize
is sufcient to capturesucha hugespace.However, Figure2 ex-
plainswhy this is possible:programsexhibit a “plateau’-like pro-
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Figure 3: Features-basednodel. Input: static featuresextracted
from the transformedprogramat the sourcelewel; Output: program
speedup.

le, which meansthereare few different performancdevels for
eachbenchmarkor, in otherwords,mary transformatiorsequences
have similar impact. Alimagoretal. [2] have built similar speedup
graphswhich againshav few plateausput for differenttransfor
mationspacesAs aresultof this smallnumberof plateausif (1)
we canautomaticallyidentify a few characteristidcransformations
which capturetheseplateausand (2) we can clustertransforma-
tions accordingto the performanceplateauto which they belong,
we canbuild aperformancenodelwith a smallnumberof training
runs.Thisis whatwe achieze with reactions-baseahodeling.

Still, it doesnotmearthebehaior of all benchmarkso all trans-
formationsis the same andthatthe transformatiorspaces easily
predicted.Figure2 shawvs the samespeedumraphasin Figurel,
usingthetransformatiorordergivenby benchmarlcompress to
plot benchmarksdpcm andfir . If all benchmarksvould react
similarly to mosttransformationsall the benchmarlcurveswould
be monotonicandincreasing.Obviously it is not the case hinting
atthecomplity of thetransformatiorspace.

Figure 1l shavs thatwe canfairly accuratelypredictthe perfor
manceof differentversionsof an unseenprogram. Still, it may
be amguedthat, in practice, a tuning processmay involve man-
ual transformationshot considerechere. However, manualtrans-
formationscan usually be decomposednto sequencesf simple
systematicompilertransformationsasrecentlyillustratedby Par-
ello et al. [22]. Furthermore,our code characterizatiorprocess
basedon reactionscanindifferently targetwhole programsor spe-
cic codesectionsbecauset solely relieson performancenea-
surements/reactiorandis notdependenbn codestructure.

This sectionhasprovided a motivating example,illustratingthat
it is possibleto build a modelthatpredictsthe performanceof dif-
ferentversionsof aprogramwithouthaving to executetheprogram.
The next sectiondescribesow we canautomaticallybuild sucha
modelusingmachindearning.

3. PREDICTIVE PERFORMANCE MODEL-
ING

3.1 Characterization

At the heartof our approactis building a performancepredic-
tion model. More preciselythemodelmustaccuratelyandrapidly
predictthe performanceémpact(speeduppf a large rangeof pro-
gramtransformation®n a given program,sothata large software
design-spaceanbe exploredwithout having to simulateor runthe
multiple transformedrersionsof the program.

More formally, let be aprogram, aprogramtransformation
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Figure4: Reactions-basethodel.Input: targettransformationand
speedup®n canonicaltransformation sequencesQutput: transfor-
mation sequencespeedup.

sequenceand thespeedumf afterapplying , wewishto build
a predictive performancenodel , thatpredictsa speedup close
to therealspeedup, i.e., . In standardredictive mod-
eling techniquessucha modelis built usingatraining set,here,a
setof tuples

3.1.1 Staticprogramfeatues-baseanodeling

Mostmachine-learningpproacheappliedto compileroptimiza-
tion have usedprogramfeatuesbasectcharacterizatioto automat-
ically build sucha model(seeSection6). This approachimplicitly
assumene canidentify a set of static programfeatureswhich
characterizgorogrambehaior. Features-baseahodelingtakes a
summary of theinput staticprogram . In orderto capturethe
effect of programtransformationsyve collectthe staticfeaturesat
thesourcecodelevel, afterapplyingprogramtransformationsising
SUIF, seeFigure3.

After training,themodelfunction takesasinputsthecodefea-
turesof the transformedprogram , and outputsthe predicted
speedupe.qg.: .

Suchanapproachs attractive becausehetransformedrogram
needsotbeexecutedn orderto predictits performanceandit has
beensuccessfullyusedin the pastfor speci ¢ optimizations.e.qg.,
targetingloop nests. Moreover, this approactcanbe usedon ary
new transformedprogramsincethe modeljust usescodefeatures
asinput. In particulay themodelis notrestrictedo the setof trans-
formationsusedduringtraining;a new transformatiorcanbe used
to generatehe transformedorogram. However, it is harderto ex-
tractappropriatdeatureso characterize whole program,andwe
will alsoempiricallyshav in Section5 thatfeatures-basecharac-
terizationdoesnot performaswell whena large rangeof program
transformationss considered.

As aresult,we needto comeup with a differentcharacterization
method,compatiblewith a largerangeof programtransformations
andwhole-codecharacterization.

3.1.2 Reactions-basedhodeling

Building an analyticalmodel of the performancebehaior of a
compl programon a modernprocessoarchitecturas known to
beadif cult task[4]. Ratherthanbuilding aprocessoperformance
model,we have developeda modelingapproactcapableof captur
ing the performanceeffect of programtransformationsvhich we
call characterizationby reactions Characterizatioty reactionds
an empiricalanalysismethodusedin mary scienti c domains. A
new targetmay be “probed” in variousways,andits reactionsare
obsered. If previously studiedtargetshad similar reactions the
new target may be classi ed to be similar to one of the previous



targetsor a combinationof someof thesetargets.

The principlesof characterizingorogramsby reactionsare ex-
actlythesame.In our casethe“probes”areautomaticallyselected
programtransformationsvhich areappliedto the programandthe
behaior obsered is the resultingspeedup.Using this approach,
we build a model which takesasinputsthe reactions
(i.e.,thespeedupsfterapplyingtransformation ) of theprogram

to carefully chosentransformatiorsequences ,anda
new transformationsequence. We usethe trainedmodelin or-
der to predictspeedup®n newv programsand transformationse-
guences: —seeFigure4.

Becausehis characterizatiomethodis basedon programrun-
time behaior ratherthana staticprogramcharacterizatiorgasfor
features),it is well suitedto whole-codecharacterizationas op-
posedio smallcodeconstructse.g.,loop nests.Onthe otherhand,
it hasthe disadwantageof requiring  programrunsfor building a
predictor However, we empirically shav in Section5 thatwe can
keep verysmall(lessthanor equalto 4), andstill getaccurate
predictions.

3.2 Building the model

Thereexist mary modelingtechniqueghat canbe to automat-
ically producea predictive model. In this paperwe usea feed-
forward ANN (Arti cial NeuralNetwork), with onehiddenlayer
and ve hiddenunits, asit is robustto noisein its input and ca-
pableof learningreal-valuesoutputs- both characteristicef our
problemdomain. Our ANNSs aretrainedby standardback propa-
gationonthemeansquarecerror ANNs arewell studiedandhave
beenusedin awide rangeof domaing5]. We have alsoconsidered
othertechniquessuchasMixturesof Experts[16] and Regression
Treed6]; however, ourcurrentexperiencesuggestshatANNs may
be particularlypracticalfor the predictionproblem.

3.3 ANN

The modelis constructedas follows: the inputs are the reac-
tions andthe target transformatiorwhoseperformancempactwe
want to predict, and the output is the predictedspeedupof the
tamget transformation. More precisely for ary given program
theinputsof the ANN arethe speedups
obtainedfor the  probetransformationsandthe identi er of
the target programtransformation. The identi er is provided as
a sequencenf 13 bits, one per possibleelementarytransforma-
tion; sinceeachtransformatiorsequencés composedf elemen-
tary transformationsat most5 suchbits aresetto 1. Themodelis
nottrainedspeci c to aprogramijt is trainedon multiple programs,
andcanbeappliedto ary unseermprogramthereafter

The  probe(or canonica) transformationsare chosento be

mostcharacteristiof theprogrambehaior, andtheresultingspeedups

may beusedto discriminatebetweerthetrainingprogramsThese
canonicatransformationarenotde nedapriori orin ad-hoaman-
ner; they are learnedfrom databy using a systematicalgorithm
whichwewill now describe.

3.4 Selectingthe canonicaltransformations

We wish to determinethe smallestsetof canonicaltransforma-
tions, or probes,with which to characterizea nev program. By
observingthe canonicalspeedupdor a new program,we wantto
be ableto sayhow similar this new programis to eachof thetrain-
ing programswhich may potentially be a useful characterization
for improving predictions. Oneway to learnsuchcanonicakrans-
formationsis by usinginformation theory[9], which allows one
to selecttransformationsnformative aboutthe underlyingbench-
mark.

Let de ne randomvariablesdescribinghe speedups
for the transformationsequences from the training
set. Our goal hereis to extract the canonicalsubsetof  trans-
formations , suchthat the resultingimprovements

aremostinformative aboutthe program . A for-
mal measuref informationis mutualinformation [9]:

@)

is thevectorof speedup$or thecanon-
arethemaiginalandthe

where
ical transformationsand ,
conditionalentropiegespectiely:

@)

— ®)

(seee.g. [9]). Our goalis to maximize (1) with respectto the
indicesof the canonicatransformations .

It is clearthatfor agivenbenchmark , thespeedumbtainedon
transformation may befoundfrom the training datadeterminis-
tically. Indeed,it is given by thetablelook-up,i.e.

. Analogouslywe cancomputehemaginal distri-
butions by countingthe speed-upsicrosshe programs.Ad-
ditionally, we notethatfor all transformationsthe corresponding
speedupareconditionallyindependengiven ,i.e.

4)

As thereis no uncertaintyin determiningspeedup for transfor
mation andagivenprogram , theconditionalentropy
may be droppedfrom the objective function (1); in otherwords,
optimizationof the mutualinformation (1) reducesn our caseto
optimizationof the maiginal entrofy

In general,computationof is a dif cult task. For ex-
ample,if the speed-upsire quantizedto lie in a discretespaceof

bins, the computationakcompleity of evaluating is

, i.e. approximationseedto be consideredWe usethe as-

if Gaussiamapproximation )
which effectively reduceghe optimizationproblemto maximizing
the volume of the covarianceof the selectedcanonicalspeedups.
We also impose an additional constraintsuch that each canoni-
caltransformatiorshouldbe individually predictive aboutthe pro-
gram,i.e. for some (here is de ned
similarly to (1)).

Ourmethodhasa usefulinterpretatiorasanapproximateedun-
dancyreduction In our case equation(1) canbe transformednto
thefollowing form

®)

The rightmosttermin (5) de nes the redundancywhich is zero

whenthe speedupsireindependentandit is large whenthey are

stronglycorrelatedln orderto selecthemostinformative subsebf

transformationgin the mutualinformationsense)we neecto opti-

mize(5) with respecto theindicesof thecanonicatransformations
. The computationof the rst term

,is , Where is the numberof quantiza-
tion bins. However, computatiorof theredundang is dif cult and
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needsto be approximated. To maximize (5), we apply a simple
greedyapproximatiorstrategy by choosingtransformationsvhich
leadto a high informationcontentindividually, andwhich areap-
proximatelymaximallyindependentrom oneanother

Speci cally, by usingtheGaussiarmpproximationye aregreed-
ily maximizing the log determinantof the samplecovarianceof
thecanonicakpeedups for transformationsvhichin-
dividually have large mamginal entropies . In practice,we
recalculatehe bestcanonicatransformationgaswe progressiely
collect moretraining data,andwe experimentedwith the number
of canonicalsin the rangeof 1 to 8. Oncewe have selectedthe
canonicatransformationgontainingthe mostinformation,we ap-
ply themto the programto be predicted.Their executiontimesare
the nal inputsinto our trainedproxy model.

4. EXPERIMENTAL METHODOLOGY

This sectionprovidesa brief descriptionof the programstrans-
formationsandplatformsusedin our experiments.

4.1 Benchmarks

The UTDSP[19, 24] benchmarksuite was designed‘to evalu-
ate the quality of codegeneratedy a high-level language(such
as C) compilertargeting a programmableigital signal processor
(DSP)”"[19]. This setof benchmarkgontainssmall,but compute-
intensive DSP kernelsaswell aslarger applicationscomposedf
more complec algorithms. The size of programsrangesfrom 20
to 500lines of code. Theseprogramsepresentompute-intense
kernelswidely regardedmostimportantby DSPprogrammersnd
areusedinde nitely in stream-processingpplications.

4.2 Transformations

In this study we considesource-to-sourceansformationgmary
of theseransformationslsoappeawmithin theoptimizationphases
of a native compiler[2]), applicableto C programsand available
within the restructuringcompiler SUIF 1 [14]. For the purpose
of this paper we have selectedhe transformationslescribedand
labeledin Table5. As we (arbitrarily) considerfour loop unroll

factors this increaseshe numberof transformationgonsideredo
13. We thenexhaustvely evaluatedall transformationsequences
of length5 selectedrom thesel3 options. So, in theory the to-
tal numberof possibletransformationsequencess given by the
combinationalexpression , sinceno
transformationcan appearwice in the sequencendthe orderof
transformationdiasanin uence on performance However, since
unrolling canonly appeamncein ary sequencéonly onepossible
unroll factor),it decreasethe total numberof possiblesequences
we evaluatedto 88000perbenchmark.

4.3 Platforms

Most of theresultsin Section5 areprovidedfor a Tl processor
architecturedescribedbelon. However, in orderto shawv thatour
approachs not speci ¢ to anarchitecturewe alsoprovide results
for anembeddeddMD processoarchitecturdn Section5.5; this
AMD processois basedon a MIPS core,sowe will laterreferto
it asMIPS. The platformsaredetailedbelow.

TI: The Texas InstrumentC6713is a high-end oating point
DSR runningat300MHz. Thewide clusteredV/LIW processohas
256KB of internalmemory The programswere compiledusing
the TI's CodeComposeiStudioTools Version2.21 compilerwith
thehighest-O3 optimizationlevel and-mI3 ag (generatetarge
memorymodelcode).

MIPS: The AMD Alchemy Au1500 processois anembedded
SoC processousinga MIPS32 core (Aul), running at 500MHz.
It has16KB instructioncacheand16KB non-blockingdatacache.
The programswere compiledwith GCC 3.2.1with the-O3 com-
pile ag. Accordingto the manufcturer this version/optiongives
thebestperformance betterthanlaterversionsof GCC- andhence
wasusedin our experiments.

4.4 Training the model

In our experimentswe vary the training setsizeto considerits
impacton performanceln all casesthisis performedusing“leave
oneout” cross-alidation,astandardechniqudor evaluatingANNs
andotherpredictive models.Basically this meanghat, if we have

programswe selectone programwhoseperformanceve wish
to predictwith respecto transformations We thenusedatafrom
the remainingprogramgto train our ANN; beforetestingit
ontheselected th program;we repeatthis procedurefor the
programsand averageresults. Thus, we do not train the ANN on
dataassociatedvith the programwhoseperformanceve wish to
predict.

Thetraining setconsistsof randomlypicked sampleswithin the
transformatiorspacerecallthetransformatiorspacecontains
possibletransformatiorsequences)In orderto get a statistically
signi cant behaior, we repeatthis sampling30 times. Thus, for
eachsamplesize,we shav the averageresultover the 30 trials.

Finally, notethatfor the reactionsapproachjn additionto the
training set, we needone more simulation/&ecutionof the base-
line programto computethe speedupgratio of baselineovertrans-
formedversions)of the canonicaltransformationswhich areused
asinputsto themodel.

5. EXPERIMENTAL RESULTS

Thissectionrst evaluategheaccurag of reactions-baseahod-
eling acrossthe programtransformationspaceand also examines
its accurag in predictinghigh-speedip optimizations.This s fol-
lowedby ashortevaluationof thestandardeatures-baseapproach
to modeling. Next we considerthe trade-of betweenaccurag 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 one platformanduseit to
predictperformancen anew unseermachine.

5.1 Reactions-Basedpproach

In this section,we usea training setof 64 runsperbenchmark,
i.e.,thismeansve have randomlyselected4 programtransforma-
tions andapply themto eachof the benchmarkdo
build a predictor As mentionedbefore,we repeatthis process30
timesto be statisticallymeaningful. Also, we have setthe number
of canonicaltransformationgo 4. After training, these4 canoni-
cal transformationsare appliedto the th unseenprogram. The
reactions(speedups}o thesecanonicaltransformationsas well
asthe transformationidenti er, are usedasinputsto the model,
alongwith the executionof the original, untransformegrogram.
The modelis usedto predictthe speedupof all of the remaining

transformatiorsequencesf theunseen th benchmark
(i.e., “leave oneout”). Thuswe have a training setof overall size
(644)to predict datapoints.

We compareour modelagainst naivepredictor. Thenaive pre-
dictorsimply nds theaverageperformancef thetrainingdata(all
program-transformatiopairsin the samplespndpredictsthatary
new pointwill bethatvalue,i.e.thenaive predictionis
where is therealspeedupf oneof thetransformations.

In orderto describeheaccurag of themodel,we usethe Mean

absoluteerror de ned as , where isthereal

speedupof one of the transformationpointsand  the predicted
value. Averagedover all transformationsapplied to
the unseenbenchmark this gives an overall averagemeasureof
the error. As mentionedn Section2, we have collectedthe actual
speedups$or all benchmarksindall transformationsillowing usto
calculatethe MAE exactly.

Figure7 shavs the meanabsoluteerrorof our predictorfor each
program,aswell asthe naive predictor As canbe seenthe over
all meanerroris 7.3%whenusinga reactions-basegredictor If
we comparethis to the naive predictor whoseerroris 15.8%, it
is twice asaccurate.Sinceour modelis trainedon randomsam-
ples, its accurag cantypically vary from one samplesetto an-
other For thatreasonwe have evaluatedthe standarddeviation of
the meanabsoluteerror over the 30 differenttrials usedfor evalu-
atingthemodelsin Figure7, seeSection4. Thestandarddeviation
in this gure shavsthatthe modelaccurag is quitestable.In fact,
we notethat by usingthe reactions-basedpproachnot only we
outperformotherpredictorswe areconsideringhere. We alsoget
signi cantly lower varianceghanby usingthe codefeature-based
models.Ourmethods thereforemuchlesssensitve to thespeci cs
of initialization or choicesof trainingdata.

While the averageerrorandstandardieviation over all program
transformationss a goodindicationof modelaccuray, for practi-
cal usageijt is importantto predictwell the bestperformingtrans-
formationsmost of the time. For that reasonwe have evaluated
the model accurag on (1) all transformationsvhich bring more
than5% speedupand (2) the transformationsvithin 5achieable
(accordingto the actualspeedup) The resultsarereportedin Fig-
ure 8 andareshavn only for thosebenchmarksvherewe canob-
tain over 5% speedupEventhoughthe erroris slightly worseover
bothtransformation$ringingmorethan5% speedu8.1%error)
andwithin 5% of max transformationg8.5% error) than over all
transformationg7.3%), the modelis still fairly accurateon these
critical transformationsandagain,it is signi cantly moreaccurate
thanthe naive predictoron the sametransformations.Thus, our
methodis a practicalalternatve for fastsoftwareexploration.

5.2 Features-Basedapproach
In this sectionwe compareahereactions-baseapproachagainst

themorestandardeatures-baseapproachEventhoughthereactions-

basedapproachsigni cantly outperformsthe features-basedp-
proachfeatureselectiorfor whole-programss still in itsinfangy [1]
andfutureimprovementsin featureselectionmay improve its ac-
curag. As a pragmaticstartingpoint we generatednary different
featuresusedin otherresearcH1], aslistedin Table6. As men-
tionedbefore,we collectthesefeaturesafterapplyingthe program
transformationsn SUIF, in orderto capturethe staticimpact of
transformation®n staticprogramcharacteristics.

For afair comparisomwith reactionsyve havetrainedthefeatures-
basedmodel on the same samplesas for the reactions
model. Theseresultsarereportedin Figure 7, alongwith the re-
actionsresults.Features-basaatredictionnot only performsworse
thanreactions-basegrediction butit performsworsethanthenaive
predictorin mary cases.Eventhoughstaticfeatureshave proved
usefulfor tuning single programoptimizations,suchasunrolling,
andon smallcodeconstructg26], performancenodelingof whole
programs.even smallones,is a moredif cult task. Nevertheless,
in futurework, we hopeto improve the staticfeaturesde nition to
bettercapturewhole programbehaior, andalsoto combinestatic
featuresandreactiondgn a hybrid approach.

In theremainingsectionswe thereforefocusour investigations
andexperimenton thereactionsapproach.

5.3 Speedingup training: accuracyvs. train-
Ing size

Thereis naturally a trade off betweenthe numberof training
runs andthe accurag of the model. The smallerthe numberof
runs, the fasterthe modelis built, but potentially the lower the
accurag. To evaluatethis tradeoff, Figure 10 shavs prediction
accuray againstrainingsetsize(thenumberof trainingruns).As
mentionedbefore,the training runsarerandomlyselectecamong
the setof all possibleprogram-transformatiopairs exceptfor the
targetprogram.

Considerthe barscorrespondindo 4 canonicaltransformations
(the trend is similar for other values). The meanabsoluteerror
is large, 13.4%,whenallowing only 16 samplegperbenchmarko
build thepredictor However, startingat 32 samplegperbenchmark,
the modelaccurag is goodenoughfor practicalusage(9.2%). It
reducedo just 7.3%whenusing 64 sampleper benchmark.(We
noteherethatterminationof training conditionsdo not dependon
the size of thetraining set.) Interestingly the accurag of the pre-
dictor doesnot increasesigni cantly beyond this samplesize; at
1024samplegperbenchmarkit is almostthe sameasfor 64 sam-
ples. This con rms theremarkof Section2 thatthereareonly few
performancéplateaus”for eachbenchmarkandonceall plateaus
have beencoveredby training samplesadditionaltraining is un-
necessary This may alsoindicatethe performancdimits of the
consideregredictve models.

Consideringhereare possibleéransformationperbench-
mark, andthat we needno more than 64 samplesgper benchmark
to obtain a fairly accuratemodel, we can reducetransformation
spaceexplorationto ——th of its total size. Note that, oncethe
modelis trainedwith afew benchmarkshenwe only needo probe
new benchmarksith canonicaltransformationsspeedingup ex-
ploration by several ordersof magnitude. In fact, while we used
10 benchmarkdor our trainingsetin eachexperiment,it doesnot
meanthe modelcannotbe usedafter training on a smaller(nor a
larger) numberof benchmarksin Figure9, we have evaluatedthe
modelaccurag whenvarying the numberof training benchmarks
from 1 to 10. After training on two benchmarksthe modelaccu-
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Figure 8: Reactionsand Naive predictors: transformations with more
than 5% speedupand within 5% of maximum (actual) transformations,
64 training patternsper bendimark.

ragy is not much betterthanthat of the naive predictor however,
aftertrainingon 5 benchmarksthe erroris down to 10.6%.
Throughouthearticle,we have usedrandomlyselectedraining
runs. However, in practice,software engineersmay decideto do
speci ¢ runs aryway; theseruns can add to or even replacethe
randomtrainingruns,to furtherimprove the performancenodel.

5.4 Impact of canonicaltransformations

5.4.1 Numberof canonicaltransformations/s. pre-
dictionerror

As statedearlier the canonicaltransformationswhich enable
programdiscriminationby focusingon the mostmeaningfulreac-
tions for a given model/platform,are selectedcautomatically Fig-
ure 10 shaws the impact of selectingl to 8 canonicaltransfor
mationsfor the predictor As expected,increasingthe numberof
canonicaltransformationgenerallyimprovesthe predictionaccu-
ragy acrossthe varioustraining sizes. Also, thereis a limit (4)
beyond which increasinghe numberof canonicatransformations
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Figure 9: Impact of number of training bencimarks, 64 training pat-
ternsperbendmark.

brings little bene t. We also note that modelsusing 8 canoni-
cal transformationsometimesperform slightly worsethan mod-
els with 4 transformation®r less. This may indicatethat some
of the extra featuregprovide little additionalinformationaboutthe
underlyingprogram.At the sametime, theseextra featureamaybe
sensitve to thenoiseor systematidiasin trainingdata,which may
potentially adersely affect performanceon new programs. Nev-

erthelesswe canseethat our reaction-basedhodelssigni cantly

outperformpredictorg(of similar complexity) which only usecode
features- seeFigure?.

We alsonotethat thereareinterestingeffectswhenvarying the
sizeof trainingdataon accurag of the predictionsWe believe our
modelmaybe“over tting” to thetrainingbenchmarksyhichmay
inhibit the performanceon new benchmarksin the future we are
planningto formally investigatetheseeffectsfor our approacho
learning.

Note however that,evenwith 1 reaction the modelalreadyper
forms quite well (considerthe barfor 64 samplesand1 canonical
transformation). It turnsout that, sinceour setof benchmarkss
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Figure 10: Impactof training sizeand numberof canonicaltrans-
formationsfor reactions-basednodel.

much smallerthanthe setof possibletransformationsit is easy
to nd onetransformatiorwhich almostfully discriminatesench-
marks. Still, somebenchmarkssuchasfir , signi cantly bene t
from 4 ratherthan1 or 2 canonicakransformations.

Finally, onecanseethat32 samples/&anonicatransformations
performsaboutaswell as64 samples/Zanonicaltransformations.
Soonecanchoosedependingon the experimentalconstraintsto
eitherminimizethetrainingsetor the numberof probes.

5.4.2 Mutual Informationselectionvs. randomse-
lection

In orderto evaluatethe bene t of the Mutual Information ap-
proach,we have comparedt with arandomselectionof canonical
transformationsin Figure11. We notethatusingmutualinforma-
tion featureds consistentlybetterthanusingrandomfeaturesand
sometimesigni cantly so. Notethata carefulchoiceof canonical
transformationsappeardo be particularly importantfor dif cult
benchmarksij.e. thosewherethe predictionerrorsare relatively
high for both codefeature-base@nd reactions-basedpproaches
(e.g.fir ,Imsfir ,compress , histogram ). FromFigurell,
we canalsoseethatby usingthe mutualinformation (ratherthan
random)featuresyve getmuchlower variance®f thepredictioner
rors. This differencein variancess consistenacrossall thebench-
marks,andis particularlylargefor the morecomplicate¢programs.

5.5 Modeling another architecture

Figure 12 shaws the mainaccurag resultsfor anotherarchitec-
ture platform, a MIPS coredescribedn Section4. Note thatthe
averageaccurag of our modelis almostthe sameasthe Tl plat-
form. We alsoseethatthe naive predictorperformsbetter in large
partbecause¢he MIPS core(andtheunderlyingcompiler)is signif-
icantly simplerthanthe TI core(simplescalarversuslarge VLIW
processor).

Finally, sincea signi cant numberof transformationganhave
a similar impact on differentarchitectureplatforms,we have ex-
ploredwhetheme couldapplyonanew platformwhatwaslearned
on anotherplatform. Figure 13 shavs the accurag of a model
trainedon the MIPS, on 10 benchmarkg64 samplesper bench-
mark, 4 canonicaltransformations)and usedto predict perfor
manceof theleft outbenchmarkunningontheTI platform. While
not as good asthe native TI model, it still outperformsthe naive
predictors.
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Figure 11: Mutual Information selectionvs. random selection
of canonicaltransformationsfor reactions-basedanodel, 64 training
patternsper bencimark.

6. RELATED WORK

6.1 Speedingupsimulatorsandalternativeap-
proaches

Recently therehave beenproposalgdo speedup simulationus-
ing sampling,e.g.,SimPoint[25] and SMARTS [31]. Evenmore
recently TurboSMART S [29] coulddrasticallyreduceoverall sim-
ulation time througha combinationof samplingand checkpoint-
ing. Thesetechniquesreactuallyorthogonalandcomplementary
with ourtechnigueby reducingthetime necessaryo performone
run, they canreduceour training andcharacterizationime. How-
ever, samplingtechniquedike SimPointor SMARTS areill-suited
for software design-spacexploration becausehey requirea sig-
ni cant pre-processingffort for eachbenchmarkat leastonefull
functional simulation),so that, after ary programtransformation,
the whole pre-processingnustbe replayed,voiding partor all of
thespeedene tsof sampling.

Karkhaniset al. [17] proposean analyticalmodelfor hardware
exploration that capturesthe key performanceeaturesof super
scalarprocessorsThis modelcanpotentiallybe usedfor software
exploration,but the constructiorof the modelis adhocandacom-
plex processwhich malkesit dif cult to generalizeandreplicate.
Eeckhoutet al. [10] usestatisticalsimulationto similarly capture
processocharacteristicsandgeneratsyntheticdraceshatarelater
runonasimpli ed superscalasimulator After ary programtrans-
formation,a new traceneedsto be generatedf this approactwere
to be usedfor softwareexploration,requiringafull functionalsim-
ulation.

Recentlylpek [15] hasproposed distinctmethodfor bothcon-
siderablyspeedingup and automatingthe hardware design-space
exploration process. The principle is to train an ANN (Arti cial
NeuralNetwork) to predicttheimpactof hardwareparametewvari-
ations(e.g.,cachesize, memorylateng, etc)on the performance
behaior of a target architecture. After training on lessthan 5%
of the designspace the modelcanstill accuratelypredictperfor
mancevariationswith lessthan2% error One modelis built for
eachbenchmarkj.e., themodeldoesnot learnacrossbenchmarks
aswe do. Moreover, the approachis limited to hardware because
the modelis speci c to a programbinary, just like the sampling
approaches.Therefore,ary modi cation of the programbinary
suchasapplyinga programtransformationrequiresraininga new
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Figure 12: MIPS meanabsoluteerror: Reactionsand Naive predic-
tors, 64 training patternsper bencymark.

model using several thousandssimulations. As a result, the ap-
proachis not suitablefor softwareexploration.Our approachsimi-
larly relieson machine-learningo build a performancemodel,but
it canaccommodatery programtransformationwithout retrain-
ing.

Recently|BM hashighlightedtheissueof softwaretuningearly
onin the designcycle. For the Blue Genel/L,it wasshavn thatan
approximateout fastperformancenodel,asareplacemenfor more
detailedbut slow simulatorscanbeveryusefulin practice[3]; still,
the approximatenodelproposedvasdesignednanuallyandin an
ad-hocmanner

6.2 Predicting the impact of program trans-
formations

Machine-learnindhasrecentlybeeninvestigatedy a numberof
researcheri the areaof compileroptimization. The goalis usu-
ally toimprove or replaceoneor morehand-tuneadompilerheuris-
tics. Suchmachinelearnedheuristicsattemptto predicta good
transformationput do not predicttheir actualperformance.

Stephensoetal. [27] usedgeneticprogrammingo tuneheuris-
tics for three compiler optimizationswithin the Trimarans IM-
PACT compiler: hyperblockselection dataprefetchingandregis-
terallocation.Cavazosetal. [7] describausingsupervisedearning
to control whetheror not to apply instructionscheduling. Mon-
sifrot et al. [20] usea classi er basedon decisiontreelearningto
determinewhich loopsto unroll: they looked at the performance
of compiling Fortran programsfrom the SPECbenchmarksuite
using g77 for two differentarchitecturesan UltraSFARC andan
IA64. Stephensoetal. [26] usemachine-learningo characterize
the bestunroll loop factorfor a givenloop nest,andimprove over
the ORC compilerheuristic.All of theseapproachearesuccessful
in automaticallygeneratingcompilerheuristicsfor codesegments
ratherthanin predictingthe eventualperformanceof the selected
optimizationsfor wholeprograms.

Ratherpredictingthe impactof a single transformationothers
have looked at searchind28, 12, 2, 8, 18, 21] for the bestsetor
sequencef optimizationsfor a particularprogram.

Almagor et al. [2] proposea numberof algorithmsto solve the
compilationphaseorderingproblem. Their techniquesearchdor
thebestphaseorderof aparticularprogram.Suchapproachegives
impressie performanceémprovements,but hasto be performed
eachtime a new applicationis compiled. In contrast,our mod-

05 —_— .
I T ST
0.45 C_IMIPS>TI |
0.4 .
2 035
w
g 03
=]
3 0.25
Ed
< 02
8 015
2o
0.1
0.05
0
[} bl = = = (S b7 w
E 8§ ¥ =E=E¢g28% 3% ¢
5 5 8 2 =5 E g 2|2
° £ | 5 - =1 z
8 5 = 3
8 &

Figure13: Learning acrossarchitectures,usingthereactions-based
model,64 training patternsper bencimark.

els are constructedn a training setof programsand canthenbe
usedto accuratelypredicttransformationso “unseen”programs.
Cooperet al. [8] presenta systemcalled ACME which speeds
up the searchof iterative compilation. ACME utilities a technique
calledestimatedirtual execution(EVE) which estimatechanges
to the executioncountsof basicblockswhenan optimizationthat
changeghe control o w graph(CFG)is applied. This technique
canthensimply modelthe bene ts anddisadantagef applying
optimizationsy estimatingall thechangeso the CFG.EVE works
well for estimatingcodesizeor for estimatingthe performanceof
simpleprocessorshowvever we believe this methodis too inaccur
rateto modelthe performanceof real machines. This technique
alsorequiressubstantiathangego a compilerto understandow
andto whatextentits optimizationschangethe control o w graph.
Kulkarni et al. [18] introducetechniquesto allow exhaustve
enumeratiorof all distinct function instanceghat would be pro-
ducedfrom thedifferentphase-orderingsf 15 optimizations.This
exhaustve enumeratiorallowed themto constructprobabilitiesof
enabling/disablingnteractionsbetweerthe differentoptimization
passesUsingtheseprobabilities,they constructeda probabilistic
batch compiler that dynamically determinedwhich optimization
shouldbe appliednext dependingon which one had the highest
probability of beingenabled.This methodhowever doesnot con-
siderthe bene ts eachoptimizationcan potentially provide when
applied. In contrast,we train our modelsto obtainthe impactof
optimizationsapplied, and thereforeour techniquelearnswhich
optimizationsare bene cial to apply to “unseen”programswith
similar characteristicsHowever, the techniquegresentedn this
work would allow a larger exploration of the optimizationspace
thanwe attempted By exploring a larger partof the searchspace,
we would likely improve the datausedfor trainingour models.
Pan et al. [21] partitioneda programinto tuning sectionsand
thendevelopedfasttechniqueso nd thebestcombinatiorof opti-
mizationsfor eachof thesetuningsection.They areableto reduce
thetimeto nd goodoptimizationsettingsfrom hoursto minutes.
Thesetechniquesould alsobe bene cial during the training data
generatiorstageof our models. Speci cally, the techniqueto test
differentoptimizationsettingson a tuning sectionduring a single
run of the programwould allow usto increasehe numberof opti-
mizationsettingswe evaluate.This would alsoimprove the quality
of thetrainingdatawe usedfor our models.
Agakov etal. [1] build modelsof goodtransformatiorsequences



fromtrainingdataonaperprogrambasis.Thisis thenusedo guide
iterative searchon a new program. Unlike this paper they only
attemptto predictgood transformationgo apply ratherthan pre-
dicting the performancempact of ary particulartransformation.
Predictingperformances a signi cantly moredif cult problemas
it requiresthe precisecaptureof architecturebehaior.

In the areaof predictve modelling, Zhaoet al. usemanually
constructeccost/bene tmodelsto predictwhetherto 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 modelsappeato be
quite complicatedand have to be manually constructed. On the
other hand, our modelsare simple and automaticallyconstructed
usingmachineearning.

Iterative optimizationhasalsobeenemplo/edin well-known li-
brary generatorsn suchsystemsasFFTW [13], ATLAS [30], and
SPIRAL [23]. Thesesystemsbtainexcellentperformanceon the
particularsetof applicationghey tune,e.g.,linearalgebrdibraries
or DSPcodeshoweverthey requirealargeamountof searchevery
time anew processors targetted.

Yotov et al. [32] describea model-basedpproachfor optimiz-
ing BLAS libraries. They shawv thatusingamodel-basedpproach
to evaluatethe performancef an optimizationcanbe aseffective
asempiricalevaluation. Epshtgn et al. [11] presenta hybrid ap-
proachthat usesthis analyticalmodel approachto quickly obtain
informationaboutindividual searchpoints. The searchpointsthat
the modelpredictswill have the highestexpectedperformancere
evaluatedontherealmachineandusedto re ne anempiricalmodel
beingconstructedThe approactobtainsperformanceomparable
to expensve empiricalsearchtechniquesandsigni cantly outper
formstechniquedasedsolelyon analyticmodels.Yotov etal.[33]
presenta techniqueof re ning analyticalmodelsbasedon there-
sultsof empiricalsearch.Thatis, the authorsanalyzethe codeand
optimizationparameterfoundby ATLAS throughits globalsearch
andthenmalke re nementsto their analyticalmodels.The authors
adwocatethe useof local neighborhoodsearcharoundthe points
suggestedty the analyticalmodelto furtherimprove the solutions.
Resultsshav the re ned analyticalmodelsand modelswith local
searchperformcomparableo the global searchstrategyy foundin
ATLAS. However, the analyticalmodelspresentedn thesethree
approachesre complicatedandrequire extensve manualtuning.
In contrastour modelsareautomaticallyconstructecaindhave the
potentialto outperformhand-tuneanodels.

6.3 Program characterization for prediction

In orderto predictthe effect of a transformatioron a given pro-
gram, the predictoris fed somecharacteristicof the target pro-
gram. Much of the prior work in machinelearningbasedcompi-
lation relies on program featuesbasedcharacterization.For in-
stanceMonsifrotetal. [20], Stephensoetal. [26] andAgakov et
al. [1] all usestaticloop nestfeatures.Featuresnay capturethose
characteristicef the staticprogramthatarebestat predictingpro-
gramtransformationso apply

However, we have shawvn that features-basedharacterization
may not be well suitedto the comple task of predictingwhole
programperformanceand the impact of mary differenttransfor
mations. Triantafyllis et al. [28] bearssomesimilarity with our
reactionsbasedcharacterizatioormethod. They augmentthe In-
tel Itanium compilerwith the ability to iteratively searchcombi-
nationsof compiler optionsacrossrunsfor a given program,and
they especiallyfocuson the interactionsamongcompileroptions.
As part of their technique they collectthe good combinationsof
compileroptimizationsby noticingthathow a programbehaesfor

onetransformatiorcanbe anindicationof how it would behae for

someothertransformationsOur reactioncharacterizatiomethod
is basedon a similar intuition, however they attemptto nd appro-
priate optimizations,while we also attemptto estimatethe asso-
ciatedspeedupsndto scanthe whole transformatiorspacevery

rapidly.

7. CONCLUSIONS AND FUTURE WORK

Thisarticleproposesmethodfor building aperformancenodel
of atargetmachinaewhichis accurateenougtto estimatehespeedup
of ary known programtransformationOneof thekey asset®f our
approachis that the model constructionis entirely automatic;the
main constructioncostis the training phase thoughtraining runs
can be eitherrandomlyselectedor resultingfrom past/usefukex-
periments. Theperformancenodelis basedn characterizingro-
gramsby their reactionsto a setof automaticallyselecteccanon-
ical transformationsThis approacthasbeenshavn to accurately
capturethe comple interplaybetweernthe programandthe archi-
tecture.

Hybrid reactions+featugsapproad. Eventhoughthereactions-
basedhpproactprovedsuperiotto thefeatures-baseabproachand
requiredonly a few probingrunson the new target program,the
features-basedpproactstill hasthe potentialpracticaladvantage
of not requiringary probingrun of the new tarmget program,since
the characterizatioris static. As aresult,we intendto investigate
acombinedreactions+featuresgpproachn orderto achieve theac-
curay of the reactionsapproachwith the practicaladwantagesf
thefeaturesapproach.

Extensiongo other combinedsoftwae+hardware predictions.
Our reactionsapproachmakes no assumptioron the nature of re-
actions. In this study reactionsarethe impactof softwaretrans-
formationson performancebut they could also be the impactof
hardware modi cations on performance.As a result,we will ex-
tend our approachto combinedsoftware+hardwre design-space
explorationby simultaneoushstudyingsoftwareandhardwarere-
actions.
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