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Abstract

Determiningthe bestset of optimizationsto apply to a program
hasbeena long standingproblemfor compilerwriters. To reduce
thecompleity of this task,existing approachegypically applythe
samesetof optimizationsto all proceduresvithin aprogramwith-

out regardto their particularstructure.This paperdevelopsa nev

method-speci capproachthat automaticallyselectsthe bestopti-

mizationson a per methodbasiswithin a dynamiccompiler Our

approachuseghemachindearningtechniqueof logisticregression
to automaticallyderive a predictive modelthat determinesvhich

optimizationgo applybasednthefeaturesof amethod Thistech-
nigueis implementedn the JikesRVM Java JIT compiler Using
this approachwe reducethe averagetotal executiontime of the
SPECjvm98enchmarksy 29%. Whenthe sameheuristicis ap-
plied to the DaCapo-+benchmarlsuite,we obtainan average33%
reductionover thedefault level O2 setting.

Categoriesand Subject Descriptors D.3 [Softwag]: Program-
ming languages; D.3.4 [Programminglanguagey: Processors—
CompilersOptimization; 1.2.6[Arti cial intelligencé: Learning—
Induction

GeneralTerms PerformanceExperimentationL.anguages

Keywords Compiler optimization, Machine learning, Logistic
RegressionJava, JikesRVM

1. Intr oduction

Selectingthe bestsetof optimizationsfor a programhasbeenthe
focusof optimizing compilationresearcHor decadeslt hasbeen
the long term goal of compilerwriters, to develop a sequencef
optimizationphaseavhich analyzeand, whereappropriatetrans-
form the programso that executiontime is reduced Determining
the bestsetof optimizationsandtheir ordering,however, is noto-
riously dif cult. In fact, Cooperet al. [9, 2] have shawvn that the
bestorderingis programdependentaindthat ary sequencehatis
bestfor one programis unlikely to be the bestfor another What
we would like is a mechanisnthat automaticallyselectsthe best
optimizationsequencéor a particularprogram.

In optimizingcompilersijt is standargracticeto applythesame
setof optimizationsphasedn the sameorder on eachprocedure

Permissiorto male digital or hard copiesof all or part of this work for personalor
classroonuseis grantedwithout fee provided that copiesarenot madeor distributed
for pro t or commerciabdvantageandthatcopiesbearthis noticeandthefull citation
onthe rst page.To copy otherwisejo republish,to poston senersor to redistritute
to lists, requiresprior speci ¢ permissiorand/ora fee.

OOPSLAD6 October22—-26,2006,Portland,Oregon, USA.
Copyright ¢ 2006 ACM 1-59593-348-4/06/0010.$5.00

or method within a program.However, just as the best set of
optimizationsvariesfrom programto program[2, 18], we shav
thatthe bestsetof optimizationsvarieswithin a program,.e., it is
method-speci cWewould like aschemeahatselectshebestsetof
optimizationsfor individual portionsof a program,ratherthanthe
samesetfor awhole program.

This paperdevelopsa newv method-speci dechniquehatauto-
matically selectdhe bestsetof optimizationsfor differentsections
of aprogram We developthis techniquewithin the JikessRVM en-
vironmentandautomaticallydeterminethe bestoptimizationsona
per methodbasis Ratherthandevelopinga hand-craftedechnique
to achieve this, we make useof abasicmachindearningtechnique
known aslogistic regression[4] to automaticallydeterminewhat
optimizationsarebestfor eachmethod Thisis achiezedby training
thetechniqueof ine on asetof trainingdatawhich thenautomati-
cally learnsanoptimizing heuristic.

Machinelearningbasedechniquesave recentlyreceved con-
siderableattentionasa meansof rapidly developing optimization
heuristicq20, 7]. Unfortunatelythey have beerargely constrained
to tuning an individual optimizationoften with disappointingre-
sults. For example,althoughStephensoret al. [20] were able to
constructa register allocation heuristic automaticallyusing ma-
chinelearning,the heuristicwasonly ableto achieve a modesim-
provementover theexisting hand-tunedegisterallocatorheuristic.

To the bestof our knowledgethis is the rst paperto automat-
ically learnan overall compilationstratey for individual portions
of a program.This meansthat our schemdearnswhich optimiza-
tionsto applyratherthantuninglocal heuristicsandit doesthisin
a dynamiccompilationsetting. Furthermorewe shawv signi cant
performancémprovementover anexisting well-engineered¢ompi-
lation system.Using our approachfor the maximumoptimization
02 settingwithin JikesRVM, we reducethetotal runtimeby 29%
on averagefor the SPECjvm98benchmarksuite. This increases
to 33%on a setof benchmarksncluding DaCapo,SPECjbb2000,
andipsixql. This resultis particularlyimpressie, whenconsider
ing that recentwork on developing by hand predictve modelsto
selectoptimizations[24] achieves performancamprovementsof
lessthan3% on average.

The paperis organizedasfollows. Section2 provides motiva-
tion asto why method-speci coptimizationsoutperformcurrent
approachesThis is followed in section3 by a descriptionof how
standardlogistic regressioncan learn whetheror not to apply a
particularoptimizationfor a particularmethod.Section4 thende-
scribesthe experimentalinfrastructureand methodologywhich is
followedin section5 by apresentatiof theresults Section6 pro-
videsananalysisof why logistic regressionworks. Section? gives
a brief overview of relatedwork andis followed in Section8 by
someconcludingremarks.



Figure 1. Theresultsof applyingthebestsettingfor eachmethodrelative to the default settingfor eachof the differentoptimizationlevels.
The bestsettingfor eachmethodwasfound throughexhaustve explorationfor optimizationlevels O0 and O1. For optimizationlevel O2,
we took the bestsettingfor eachmethodfrom 1000randomsettingsevaluated Total executiontime = dynamiccompilationtime + running

time.

2. Motivation

This sectionshavs thatselectingthe bestsetof optimizationson a
permethodbasishasthe potentialto signi cantly improve thetotal
runningtime of dynamicallycompiledprograms.

Potential Weconductedninitial experimento determingheex-
tentto which differentoptimizationsaffect the total executiontime
of anapplicationcompiledandexecutedby the JikesRVM Java JIT
compiler For eachmethodwithin eachSPECjvm98benchmark,
we appliedmary differentoptimizationsettingsand recordedthe
settingthat gave the besttotal executiontime on a per methodba-
sis.As JikesRVM hasmultiple optimizationlevels, we performed
this experimentfor the 00, 01, andO2 optimizationlevelsandre-
porttheresultshere.

Dueto theway thatJikesRVM is constructedit is not possible
to arbitrarily changethe orderin which optimizationsareapplied.
Insteadwe con ne our searcho just enablinganddisablingopti-
mizations.For optimizationlevels O0 and 01, which apply 4 and
9 optimizationsby default, we tried all possibleenumeration®f
theseoptimizations,j.e., 2* = 16,2° = 512, respectiely. As level
02 applies20 optimizationsan exhaustve enumeratiorof the 220
settingswas not possible insteadwe randomlyenumerated. 000
different settingsand recordedtheir performanceTable 1 shavs
the optimizationsthatareappliedby default for thesethreediffer-
entoptimizationlevels.

Oncethebestsettingswverefoundfor eachmethod we thendy-
namicallycompiledandraneachprogramusingthe bestoptimiza-
tion settingsfor eachmethod Figurel presentsesultsof selecting
the bestset of optimizationsat eachoptimizationlevel on a per
methodbasisfor eachof the SPECjvm98enchmarksAs compi-
lation time is dynamicand part of the overall executiontime we
shav two performanceesults:running time andtotal time. Run-

ning time indicatesthe benchmarkunningtimeswithoutcompila-
tion time while totaltime indicatesunningtimeswith compilation.

The resultsare plottedrelative to the existing default heuristic
which is to apply all optimizationsgroupedat that optimization
level (seeTablel).

In the caseof optimizationlevel OO0, thereis on averagea 4%
reductionin total time available and this reducesto 2% for O1.
However, in thecaseof thehighestoptimizationlevel 02, thereis a
signi cant performanceémprovementavailable.Selectingtheright
optimizationfor eachmethodgives an average19% reductionin
total executiontime.

Onesizedoesnot t all Lookingattheresultspnemayconclude
that the default settingsare poor and that there potentially exists
anothersettingthatis not method-speci candwould performwell
acrossll otherbenchmarks.

To testthis we enumeratedll the differentpossiblecombina-
tionsof the4 optimizationsvhich areusedby defaultfor optimiza-
tion level O0to try to nd one xed settingwhich if appliedto all
methodswould provide a performancemprovementover the cur
rentdefault! Of the 16 differentoptimizationsettingswe enumer
ated,we did not nd ary single con guration that out-performed
the currentdefault. The currentdefault is in factthe optimal x ed
settingfor the SPECjvm9&enchmarks.

Now, in the previous sectionwe were ableto outperformop-
timization OO for several of the SPECjvm98benchmarksiving
an averagereductionin total executiontime of 4%. Thus,an op-
timization settingtunedfor eachmethodis better than the opti-
mal x edsettingacrosghewholeprogram.In otherwords,for the

1 Optimizationlevel OO0 is animportantoptimizationsinceit is the rst and
mostoftenusedoptimizationsettingduringadaptivecompilation.



SPECjvm9&enchmarksa method-speci cstratgly shouldoutper
form ary program-speci cstrateyy.

Conclusion In our experimentswe did not nd a single overall
optimization setting that signi cantly improves the performance
of the JikesRVM JIT optimizing compiler However, selectinga
differentoptimizationsettingfor eachmethodshaws the potential
to deliver signi cant gains.

The challengethereforeis to develop a predictive modelthat
cananalyzeeachmethodand selectthe optimizationsetthat will
reducetotal running time. As we are consideringdynamic JIT
compilation the overheadof this heuristicmustbe smallotherwise
it will outweighary bene ts.

Oneapproachs to handcrafia heuristichasedn experimenta-
tion andanalysisThisis undesirabldor two reasonsFirstly, it will
be an arduoustaskandJikesRVM speci c. Secondlyif the plat-
form wereto changethe entiretuning of the heuristicwould have
to berepeatedinsteadve useanmadine-learningoasedapproach
whichautomaticallylearnsagoodheuristic. Thishastheadwantage
of beinga generictechniquethateasilyportsacrossplatforms.

3. Approach

This sectiongives a detailedovervien of how logistic regression
basedmachinelearningis usedto determinea good optimization

heuristicfor eachof the optimizationlevels 00,01, 02, andadap-
tive within JikesRVM. The rst sectionoutlinesthe differentsub-

actvities that take placewhenlearninganddeplo/ing a heuristic
This is followed by sectionsdescribinghow we generatdraining

data,how we extract featuresfrom methods,and howv thesefea-

turesandtraining dataallow usto learna heuristicthatdetermines
whetheror notto apply a setof optimizations This is followed by

anexampleshaving how our learnedheuristicis usedin practice.
Figure2 outlinesour scheme.

3.1 Overview

Therearetwo distinct phasestraining and deployment. Training
occursonce,off-line, “at thefactory” andis equialentto thetime

spentby compilerwriters designingand implementingtheir opti-

mizationheuristics Deploymentis theactof applyingtheheuristic
at dynamiccompilationtime. As ary learnedheuristicincurs dy-

namic compilationoverhead,it is imperatve that it be ascheap
as possibleto evaluateotherwiseits runtime bene t will be out-

weighedby its cost.

Within thetrainingphasewe rst generateappropriateraining
databasedon whetherwe are trying to improve the OO0, O1, or
02 optimization levels within Jikes RVYM. The training data is
randomlygeneratedy applyingdifferentoptimizationsettingsto
each methodwithin eachtraining program and recording their
performance®napermethodbasisusing ne-grain timers.Wealso
derive a shortdescription(calleda featurevector) of eachmethod
sothatwe canlaterbuild a functionthattakesthefeaturevectoras
input andprovidesthe setof optimizationsthat shouldbe applied
asoutput.

This predictve model oncelearnedis installedinto the Jikes
RVM compilerand usedat runtime as an optimizationheuristic.
Thenext sectiondescribehesestagesn moredetail

3.2 Generatingtraining data

Our aim is to develop a function, f, which, given a nev method
describedasfeaturevectorx, outputsa vectorc of 1sandOswhose
elementsdeterminewhether or not to apply the corresponding
optimization:

f(x)=c

1. Training“at thefactory”
(a) Generatérainingdataresultsfor 00,01,0or 02
i. Instrumentachmethodwith timing calls

ii. Foreachmethodrandomlyselecta setof optimizations
andapply

iii. Recorddynamiccompilation,running,andtotal execu-
tion time permethod

(b) Generatenethodfeatures

i. For eachmethodcalculateeachelementof the feature
vector

ii. Recordfeaturevectorfor eachmethod
(c) Learnamodelthatclassi esfeatures

i. For each method select those optimization settings
within 1% of best

ii. Generatea tablewhereeachrecordedfeaturevectoris
associateavith its bestoptimizationsettings.

iii. Foreachoptimizationsettingc determineaprobabilistic
functionf that stateswhethera featurevectorx should
have this optimizationsetor not.

iv. Outputthis setof functionsasthelearnecheuristic
2. Deployment
(a) Installlearnedheuristicinto JikesRVM
(b) For eachmethoddynamicallycompiled
i. Frombytecodegeneratea featurevector

ii. Useheuristicto determinewhich optimizationgto apply
andapplythem

Figure2. Overalltechnique

Before we can do this, we needto knowv how different opti-
mizationsettingsaffect performanceWe thereforetry mary differ-
entoptimizationsettingsto seehow eachsettingaffectsthe perfor
manceof eachmethod.

For the problemof optimizing Java methodswe cansearctthe
entirespaceof optimizationsif the numberof optimizationsis not
prohibitively large. In the caseof optimizationlevels O0 andO1,
thereareonly 4 and9 optimizationsturnedon by default allowing
exhaustve enumerationWe measurehetime to compilea method
andinstrumentectachmethodwith a ne-grain timerto recordthe
amountof time spentexecutingthatmethod For optimizationlevel
02, we could not exhaustve enumeratell possibleoptimization
combinationg§O2 has20 optimizations)sofor thislevel we choose
to evaluatea setof 1000 randomlygeneratedsettings.The opti-
mizationswe control at eachoptimizationlevel with our logistic
regressoraredescribedn Tablel.

The bestsettingswererecordedn a vectorc for eachmethod.
Thesizeof ¢ correspond$o the numberof optimizationsavailable
ateachlevel, i.e., size4 for OO0, 9 for O1,and20 for O2.

3.3 Feature Extraction

Oncewe have examplesof goodoptimizationsettingsfor different
methodswe would like correlatethe settingswith the characteris-
tics of a method.To do this we needto describeeachmethodin
a sufciently succinctform, to enablestandardmachinelearning
techniqueso beemplo/ed.

Determiningthepropertieof amethodthatpredictanoptimiza-
tion improvementis a dif cult task.As we areoperatingin a dy-



Optimizations

[ Meaning

OptimizationLevel O0

BRANCH_OPTSLOW

Turns on some simple branch opti-
mizations

CONSTANT _.PROP

Local constanpropagation

CSE

Local commonsubepressiorelimina-
tion

REORDERCODE Reorderdasicblocks
OptimizationLevel O1
COPY_PROP Local copy propagation

TAIL _RECURSION

Tail recursion

STATIC_SPLITTING

Basicblock staticsplitting

BRANCH.OPTSMED

More aggressie branchoptimizations

SIMPLE.OPTSLOW

Type prop, Boundscheckelim, dead-

codeelim, etc.

OptimizationLevel 02
WHILES_INTO_UNTILS Triesto turn whilesinto untils
LOOP_UNROLL Loopunrolling
BRANCH_OPTSHIGH Even more aggressie branch opti-

mizations

SIMPLE_.OPTSHIGH Additional passof simple optimiza-
tions

LOAD_ELIM Loadelimination

REDUNDANT _BRANCH | Redundanbranchelimination

SSA Enter SSAform andperformSSA op-
timizations

EXPRESSIONFOLD
GLOBAL _COPY_PROP

Expressiorfolding
Globalcopy propagation

GLOBAL _CSE Global CommonSubexpressiorelimi-
nation
COALESCE CoalescingtagerequiresSSAform

Table 1. This table describesall the optimizationsinvestigated.
Theseoptimizationsare all on by default for eachof the differ-
ent optimizationlevels. The optimizationsat level O1 includeall
optimizationson at level O0 andoptimizationsat level O2 include
all optimizationson atlevels 01 andOO0.

namiccompilationervironmentwe chosefeatureshat are simple
to calculateandwhich we thoughtwererelevant. Computingthese
featuregequiresasinglepassoverthebytecodeof themethod We
calculatefeaturesafterinlining hasbeenperformed.

Table2 shavsthe26 featuresisedio describeeachmethod The
valuesof eachfeaturewill be anentryin the 26-elementeature
vectorx associateavith eachmethod.The rst 2 entriesareinteger
valuesde ning the size of the codeand dataof the method.The
next 6 aresimplebooleanpropertieqrepresentedising0 or 1) of
the method.The remainingfeaturesare simply the percentagef
bytecodedelongingto a particularcategory. (e.g.,30%loads,22%

oating point, 5% yield points,etc.).

As anexample thefeaturevectorfor themethod
compress.Compressor.cl block() is the following vec-
tor.

[108 25;0;0;0;0; 1;0; 0:2; 0:0; 0:0; 0:0; 0:0; 0:0
0:12;0:0;0:08;0:0; 0:0; 0:0; 0:2; 0:32,0:08; 0:Q]

In otherwords, thereare 108 bytesin this method,25 bytes
allocatedfor locals, etc. We make no claim that this is the best
setof featuresto describea method.It is possiblethatan entirely
differentsetof featureswvould give betterperformance.

However, ourlogisitic regressorg&reableto learnautomatically
whichfeaturesaremostimportantto eachof thedifferentoptimiza-
tions.And, sincecalculatingall thefeaturess very cheap(typically
lessthan1% of a methods compiletime) thereis no needto Iter
out unimportantfeatures Thelogistic regressordoesthis automat-
ically.

Researchensave deviseddifferentfeaturedl, 7, 6, 15, 20] that
worked well on other optimizationproblems.For instance Mon-

| Feature | Meaning
bytecodes Number of bytecodes in the
method
localsspace Numberof wordsallocatedor lo-
cals
synch Methodis synchronized
exceptions Method has exception handling
code
leaf Method is a leaf (contains no
calls)
nal Methodis declarednal
private Methodis declaredprivate
static Methodis declaredstatic
[ Catgyory | Fractionof bytecodeshat... |

aload,astore
primitive, long

areArray LoadsandStores
are Primitive or Long computa-
tions(e.g.,iadd,fadd)

compare areComparege.g.,Icmp,dcmpl)

branch are Branches (for-
ward/backward/cond/unand)

jsr areaJSR

switch areaSWITCH

put/get areaPUTor GET

invoke areanINVOKE

new areaNEW

arraylength areanArrayLength

athraw,checkcast,monitor; areanAthrow, checkcastor mon-

itor

area Multi Newarray

are a Simple,Long,or Real Con-
versions

multi_newarray
simple,long, real

Table 2. Featuref a Method. To reducethe lengthof the table
several (different)featureshave beenplacedin logical groups.

sifort et al. [15] focuson loop structureasfeaturesin predicting
whethetto unroll or not. In futurework, we will exploreusingother
featuressuchasthosepresentedby Geogesetal. [11] in combina-
tion with thefeaturesve usedin this study

3.4 Learning aclassi er usinglogistic regression

We arenow atthe stagewherewe have, for eachmethod,afeature
vectorx anda vectorc which correspondso the bestsettingsfor
that particular method.Given a featurevector of a nev method
X we wish to develop a function, f, that returnsa good set of
optimizationsc to applytoit.

Classi cation

Our taskcannow be phrasedasa classi cation problem:given a
methods featurevectorx shouldwe applya particularoptimization
or not?Givenann = 26 dimensionakpaceof featuresyve wishto
nd acurve or hyperplanehat separateshosepointswhereeach
optimizationis turnedon from thosewhereit is off. To illustrate
this, seethe simple 2D example shavn in Figure 3 whereeach
point correspondgo a featurevectorandwe wishto nd aline
thatseparatetheminto classes.

Here the line b+ xTw = 0 forms the decisionboundary on
the one side examplesare classi ed as 1s, and on the other 0s.
The parameteb simply shiftsthe decisionboundaryby a constant
amount.Theorientationof the decisionboundaryis determinecy
w which representthe normalto the hyperplane.

However, in practicetheredoesnot exist a cleanseparatiorbe-
tweenpoints.Insteadwe wish to associatevith eachpointa prob-
ability of whetherto applyanoptimization.Thesimplesttechnique
that achieves this is logistic regression[4] andis a probabilistic



Figure 3. Thelinearseparatodecisionboundary(solid line). For
two dimensionabata,thedecisionboundaryis aline.

extensionto linear regression.This providesuswith a con dence
measureasto how goodour classi cationis.

Logistic Regression

We wish to determinea function f that givesthe probability that
a particular methodshould have a set of optimizationsenabled.
We have a set of up to to 20 optimizationsto consider ¢, but

to easepresentatiorwe initially considerthe caseof determining
the probability thatjust one optimizationc is enabledj.e.,c = 1.

Formally thisis statedas:

p(c= 1jx) = f(x;w) @
where p(c = 1jx) is the probability that, given a featurevector
X, optimizationc is enabledor turnedon andf is somefunction
parameterisetly the weightsw. Sincethe functionf representsa
probability, it mustbe boundedetweerD and1.

Oneof thestandarachoicesof functionis the sigmoidfunction,
s(y) = 1=(1+ exp( y)). Whenthe argumentof the sigmoidfunc-
tionis positive, theprobabilitythattheinputpointy belonggo class
1is abore 0.5. The greaterthe agumentvalue,y, is, the higheris
theprobabilitythatit is classi edashaving theoptimizationsetting
¢ enabled Similarly, large negative valuesof x will imply thatc is
disabled Logistic regressiorbaseclassi cationis describedas:

p(c= 1jx) = s(b+ x"w) 2)
whereb is aconstanscalarandw is avectorof weights.Selecting
the weightsw allows the selectionof the separatingboundary
orientationanda mechanisnio statehow con dent we arein this
boundaryclassi cation.Thelargertheweights,themorecon dent
we arein theclassi cation.

Training

Giventhatthe sigmoidfunctionis a goodoneto classifythe data,
we now have to derive or learnit. So,giventhetrainingdatasetD,
gatheredduring the earlierexhaustve or randomsearchhow can
we adjustor learnthe weightsto obtaina goodclassi cation?As-
sumingthateachof the P datapointshasbeendravn independently
the probabilitythatthe databelongsto a particularclassc is given
by a standardormula[4]:

B . B TR oo 1d
p(D) = O p(djx)) = O(p(c= 1jx)))* 1 p(c= 1jx))
j=1 j=1
_ ®3)
wherex! is the jth (j 2 1;:::;P) featurevectorselectedrom
the training dataand ¢! is its correspondingbest optimization
settingfor thatfeaturevector If p(D) = 1 thenwe have a perfect
classi cationandthedatais clearlyseparatedn practicedueto the

noisy datawe will not achieve a perfectclassi cation, but instead
wishto getthebestpossibleclassi cation.If we adjusttheweights
to maximisep(D) thiswill give the bestdecisionhyperplane.

Eachof theseprobabilitiesp is a function of the weight vector
w, sowewishto choosew in orderto maximisep(D). Asthevalues
of p aresmall,it is common([4] to work with theL = logp(D) to
avoid roundingerrors:

P . . .
L= & clogp(c= 1jx))+ (1 cl)log 1 p(c= 1jx)) (4)
=1
and try to maximize it instead.(Maximizing L = log(p(D)) is
equivalentto maximizingp(D)).
In the logistic regressionmodel, we wish to therefore nd the
weightsw to maximise:

P
L(w;b)= § cllogs(b+w'x))+ (1 cl)log 1 s(b+w'xl)
j=1
®)
Unfortunately this cannot be achieved analyticallyandis nor-
mally achieved by using an iterative solver basedon gradientas-
cent,basedon the partial derivatives of L.2 The gradientis given
by thefollowing equation:

P
NwL = é_ (c!
=1
Thederivative with respecto thebiaseds asfollows:

s(x);w))xJ (6)

d_ 2w
db =1
In otherwords,selecta valueof w andupdateit in the directionof
ascentlf Ny is the partial derivative with respecto the vectorw
thenwe updateour valuesof w andb asfollows:

s(x);w)) @)

WneN: W+ hﬂwL (8)

dL
new —
b = b+ 9)

whereh, thelearningrateis asmallscalarchosersmallenoughto
ensureconvergenceof themethod.

This is repeateduntil thereis no further changeand we have
reachedhe maximum.At theendof thisiterative processve have
a setof weightsand offset that gives the bestclassi cationon a
givensetof traininginputs.It canthenbe usedasafunctionwhich
determinedor a setof input featureshe probability of whetheran
optimizationshouldbeturnedon or off.

3.5 Deployment

The nal stepinvolvesinstalling the heuristicfunctionin the
compilerand usingit during dynamiccompilation.Eachmethod
thatis compiledby the optimizing compileris considereda pos-
sible candidatefor all optimizations.We computefeaturesfor the
methodf theheuristicfunctionsayswe shouldoptimizeamethod
with a particularoptimization,we do so. As anillustration, when
applyingthelogistic regressoto the featurevectorof
compress.Compressor.cl block() , it returnsavalueof

[1,0;1;1;0;0;0;1;1;1;1;1; 1;1;1;0;1; 1; 1; 0]

denotingwhich of the 20 optimizationsto apply with the asso-
ciatedprobabilities

2assqx) = s(X)(1 s(x))), partialderivatives areeasyto calculate



Program Description

compress Javaversionof 129.compresfom SPEC95
jess Java expertsystemshell

db Builds andoperate®n anin-memorydatabase
javac Java sourceto bytecodecompilerin JDK 1.0.2
mpegaudio DecodeanMPEG-3audio le

raytrace A raytracemworking on ascenewith adinosaur
jack A Java parsemgeneratowvith lexical analysis

Table 3. Characteristicef the SPECjvm9&enchmarks.

[0:7;0:3;0:8;0:7;0:4;0:3;0:1;0:9;0:7; 0:6;
0:6;0:7;0:9;0:6;0:6; 0:2;0:6;0:7;0:7; 0:3]:

Thismeanghatwith a70%probabilityBRANCH_OPTSLOW
shouldbe appliedandthatwith a 30% probability of
CONSTANT _PROPshouldbeapplied.In otherwordsapplybranch
optimizationsbut do not apply local constanpropagatiorfor this
method.

4. Infrastructur e+ Methodology

Herewe describethe platformandbenchmarksisedaswell asthe
methodologyemplo/edin our experiments.

4.1 Platform

We implementour learnedheuristicin the Jikes Researchirtual

Machine[3] version2.3.3for an Intel x86 architectureThe Intel

processois a2.6GHzPentium-4dbasedredHat Linux workstation
with 500M RAM anda 512KB L1 cache We usedthe FastAdap-
tiveGenMScon guration of Jikes RVM, indicating that the core
virtual machinewascompiledby the optimizing compiler thatan
adaptve optimizationsystemis includedin the virtual machine,
andthegenerationainark-sweemarbagecollectorwasused.

4.2 Benchmarks

We examinetwo suitesof benchmarksThe rst isthe SPECjvm98
benchmarkq19] which were run with the largest data set size
(called100). Thesebenchmarksredescribedn Table3.

The secondset of programsconsistsof 5 programsfrom the
DaCapobenchmarksuite [5], ipsixql, and SPECjbb200Gand are
describedn Table4. The DaCapobenchmarlksuiteis a collection
of programghat have beenusedfor variousdifferentJava perfor
mancestudiesaggrgatedinto one benchmarksuite. We ran the
DaCapobenchmarksnderits default setting.We alsoincludeda
programcalledipsixgl thatperformsXML queriesanda modi ed
versionof SPECjbb200@henceit is referredto aspseudojbbjhat
performsa x ednumberof transactionsWe referto these7 bench-
markscollectively asDaCapo+.

4.3 Optimization Levels

We ran experimentaundereachof the threedifferentoptimization
levels, thatis, 00, O1, and O2 aswell asthe adaptie compila-
tion scenarioWhenrunningundera particularoptimizationlevel
we compile all methodsusing only the optimizationsavailable at
thatlevel. Thelogistic regressoichoosesvhich subsebf theseop-
timizationsto applyto eachmethodbeingcompiled.

Although we speci cally train only for the 00, O1, and O2
levels, we also evaluatedthe adaptve scenariowhich useseach
of thesethreelevels. Underthe adaptve scenarioall dynamically
loadedmethodsare rst compiledby the non-optimizingbaseline
compilerthatconvertsbytecodestraightto machinecodewithout
performingary optimizations.The resultantcodeis slow, but the
compilationtimesarefast. The adaptve optimizationsystemthen

Program Description

antlr Parsesoneor moregrammarles andgenerates.
parserandlexical analyzerfor each

fop Takes an XSL-FO le, parsesit and formatsit,
generatinga PDF le

jython Interpretsa seriesof Pythonprograms

pmd Analyzesasetof Javaclasse$or arangeof source
codeproblems

ps Readsandinterpretsa PostScriptle

ipsixql Performsgueriesagainsta persisten’XML docu-
ment

pseudojbb SPECjbb200®nodi ed to performa x edamount
of work

Table4. Characteristicef the DaCapo+benchmarks.

usesonlinepro ling to discorerthesubsebf methodsvhereasig-

ni cant amountf theprogramérunningtimeis beingspentThese
"hot” methodsarethenrecompiledusingthe optimizing compiler

Thesemethodsare rst compiledat optimizationlevel OO, but if

they continueto beimportantthey arerecompiledat level O1 and
nally atlevel O2if warrantedTheindividual optimizationlevels
makeupthe adaptve compilerandit is thereforeimportantto tune
thesendividuallevelsproperly Whenusinglogistic regressiorun-

der the adaptve scenariowe useda logistic regressottrainedfor

eachof thethreedifferentoptimizationlevels.

4.4 Measurement

As well as the different compiler scenarioswe also considered
two different optimization goals namely: total time and running

time. Totaltime is a combinationof runningandcompilationtime.

As compilationis part of the total executiontime for dynamic
compilersthenoptimizing for total time will try to minimizetheir

combinedcost.

However, whenthe programis likely to run for a considerable
length of time, it may be preferablefor the userto reducethe
runningtime atthe expenseof potentiallygreatercompilationtime.
We thereforeinclude running time for our benchmarkswhich is
the executiontime of the programwithout compilationtime. Each
benchmarkwas run multiple times and the minimum execution
timeis reported3

4.5 Evaluation Methodology

As is standardpractice we learnover onesuiteof benchmarks,
commonly referredto in the machinelearning literature as the
training suite.We thentestthe performanceof our tunedheuristic
over another’'unseen”suiteof benchmarksthatwe have nottuned
for, referredto asthe testsuite. Theseis achieved in two separate
experiments.

Leawe oneout cross-validation We rst useastandardapproach
to evaluate a machine learning techniquecalled leave-one-out
cross-alidationonthe SPECjvm98Giventhe setof n= 7 bench-
mark programs,in training for benchmarki we train (develop a
heuristic)using the training setfrom then 1= 6 other bench-
marks,andwe applytheheuristicto thetestset,theith benchmark.
So if we wish to test our techniqueon the compress bench-
mark, we rst train using the resultsfrom all programsexcept
compress . Thisway we never “cheat”in evaluatingour heuristic
onaprogramby having prior knovledgeof thatprogram.

3 For total time, we ran eachbenchmarkonceandrepeatechis at least5

times.For runningtime, we ran SPECjvm98enchmark®6 timesremov-

ing the rst run which includesthe compilationcostsof the program.For

DaCapo+whicharelongerrunningprogramsye raneachprogramatleast
5times.



Testing on DaCapo+ To provide a different evaluation, we
trainedour heuristicon all the SPECjvm98benchmarksand ap-
plied it to an entirely nev benchmarksuite, DaCapo+ of which
the heuristichasno prior knovledge. Thetraining setandthe test
suiteDaCapo+areentirelydistinct.

4.6 Training

For training,we exhaustvely generateall optimizationcon gura-
tions for optimizationlevels O0 and O1. Given optimizationlevel
OO0 consiststo 4 optimizationsand optimizationlevel O1 consists
of anothel5 additionaloptimizationsthis givesus 16 and512 pos-
siblesettingsrespectrely. OptimizationlevelsO0andO1 aresub-
setsof 02, sowe wereableto usetheexhaustvely enumeratedata
for trainingalogisticregressofor O2.Werandomlyenumeratedn
additional1000 optimizationcon gurationsto train the O2 logis-
tic regressarFor eachoptimizationcon gurationwe recordedotal
executiontimes on a per methodbasis.Thesetimings were used
for trainingthelogistic regressorsvherewe selectheoptimization
settingwhich gave the smallesttotal executiontime.

Selectionthr esholdEachlogistic regressiommodelreturnsthe
probability whetheran optimizationshouldbe applied.We there-
fore have to male a decisionas to the probability thresholdbe-
yond which we will apply the optimization.If p = 0:5 thenthe
optimizationcanequallybe appliedor not - thereis no conclusve
decisionIn ourexperimentsywe make theconserative assumption
that p> 0:6 beforewe apply an optimization.Someinvestigation
shaved the value 0:6 to be a reasonablealueto use.Of courseit
is alsopossibleto learnthe ideal threshold but this is beyond the
scopeof the paper

5. Results

In this section,we apply our trained logistic regressorsto our
benchmarlsuitesandcompareheir performancegainstsingthe
default heuristic. The default heuristicis to apply all 4 optimiza-
tions at level OO, all 9 optimizationsat level O1, andall 20 opti-
mizationsat level O2. For eachof the threedifferentoptimization
levels availablein the JikesRVM compiler(O0,01, and O2), we
have aspeci cally trainedregressothatreplaceshedefaultheuris-
tic.

We rst discussour results applying our logistic regressors
to optimize SPECjvm98 then discussour resultsoptimizing Da-
Capo+.We note herethatall timings include computationof fea-
turesfor eachmethodwhich is a simplelinear passaswell asthe
computatiorinvolvedin applyingourlearnecheuristic.Thecostof
computingfeaturesandapplyingour heuristicfunctionis typically
lessthan1% of total compilationcosts.

5.1 SPECjvm98

We now discussthe performanceof our logistic regressorson the
SPECjvm9&enchmarkselative to thedefault settings Theresults
arepresentedn Figures4(a)through4(d).

Opt Level O0: We rst appliedlogistic regressiorto optimiza-
tion level O0. Underthis scenariowe reduceaveragetotal time
down by 4%. Most notablywe reducethe total time of mpegaudio
by 23%.

It is worth noting thattheseresultsare similar to the resultsin
Figure 1 wherewe shav the resultsof applying the bestsetting
foundfor eachmethod.This providesevidencethatour logistic re-
gressohaslearnedhecorrect ag settingsrom thisdatasetandis
alsoanindicationthatthefeaturesusedmake our datalinearly sep-
arable Thus,becauseve areableto selectvely applyoptimizations
to eachmethodwe areinhibiting optimizationsvhenthey degrade
performancendonly applyingthemwhenthey arebene cial.

We also get a signi cant reductionin runningtime of 5% on
averageAgain,we signi cantly reducerunningtime of mpegaudio

by 26%.Along with mpegaudio we areableto reducerunningtime
of 3 otherprograms.

Opt Level O1: For optimizationlevel O1, our learnedmodels
give us bettertotal time andrunningtime on average 3% and 2%
respectiely.

Again, if we look at the resultswhen applying the best ag
foundfor eachmethod we seethereis only amodesimprovement
we canachieve ontotal time or runningtime over the default.

Opt Level O2: For optimizationlevel O2, we achieve signi -
cantimprovementsover the default. Our logistic regressollearned
thata substantiahumberof optimizationsat this level do not im-
pact performanceand thereforeshould not be applied* Thus, it
is possibleto signi cantly reducecompilationtime andtotal time
over the default. This comesat no changein runningtime on av-
erage.Thus,we areableto reducetotal time of this scenariosub-
stantially (by 29% on average)with no changen runningtime on
average.

Adaptive: The standardmodel of executionusedby today's
modernJava JIT compileris anadaptie scenariolUnderthe adap-
tive scenario,Jikes RVM usesmulti-level selectiveoptimization
thatis, multiple optimizationlevels are usedandthe mostimpor
tantmethodsare optimizedmultiple times, eachtime with at suc-
cessvely higheroptimizationlevel. Whena methodis optimizedat
a particularlevel, the logistic regressiortrainedfor that level can
beusedin placeof thedefault heuristic.

Underthe adaptve scenarioour learnedmodelsreducegotal
time on averageby 1%. This comesfrom improvementsin total
time for compresg3%), jess(3%), andjavac (2%). We were also
ableto reducethe runningtime of mostSPECjvm98ienchmarks,
up to 5% for compressand javac. This leadsto an averagede-
creaseof 2% over the default. Thereare several reasonsvhy we
areunableto improve performanceainderthe adaptve scenaridor
thesebenchmarksFirst, underthe adaptve scenariothe optimiz-
ing compilersis only usedfor a small proportionof all methods
compiled Becausenostmethodsn thisscenariarecompiledwith
thebaselinecompilerwe do notbene t from reductionsn compile
time. Secondthe adaptve settingin JikesRVM hasbeenhighly
tunedfor the performancesf SPECjvm98&enchmarksTherefore,
thereis little room for improvementwith regardsto runningtime
ontop of the extensve hand-tuninghathasalreadybeendone.

5.2 DaCapo+

Next, we appliedthe logistic regressorsthat were trained using
SPECjvm98training datato the DaCapobenchmarksuite and
two additionalbenchmarksipsixgl andpseudojbbTheresultsare
presentedn Figures5(a)through5(d).

For optimizationlevel OO0, we obtainaveragedecreasesf 3%
for runningtime and2%for totaltime. We getsubstantiatlecreases
in runningtime for fop (9%), jython (5%), andantlr (8%) andfor
thesebenchmarksve alsoachieve somebene tin total time.

For optimizationlevel O1, we get an even larger decreaseén
running time of 13% on averagewith a smallerdecreasén total
time of 2% on average At this level, we candecreasehe running
time of jython signi cantly (11%) andwe geta large decreasen
running time for antlr at 63%. We do get a slow down for two
programsfop andpmd, however becausef alarge decreasérom
antlrour averageis still signi cantly betterthanthedefault. Again,
we seesubstantiallyimproved performacewith optimizationlevel
02 using our regressorsWe achieve a large decreasen average
total time of 33% andan even moredramaticdecreasén average
runningtime of 56%.

Clearly mary optimizationsperformedby default degradeper
formance.By selectvely applying optimizationsat level O2 (and

4We shaw thisin moredetailin Sectioné
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Figure 4. Performancef logistic regressordgor the SPECjvm98enchmarksTable 1 lists the optimizationscontrolledby the regressorat
eachoptimizationlevel. The resultsarerelative to the default setting,thatis, a 1.0 indicatesperformanceequalto the default settingand

belav 1.0is performancéetterthanthe default.

to a lesserextent at level O1), we canimprove runningandtotal
time signi cantly. Note for optimizationlevels O1 andO2, we can
decreaseunningtime of DaCapo+benchmarksnuch morethan
SPECjvm9&enchmarksWe believe this is dueto the JikesRVM
compilerbeinghighly tunedtoward the SPECjvm98benchmarks.
In effect, the optimization heuristicsin the Jikes RVM compiler
have beenspecializedo the SPECjvm9&enchmarksin contrast,
usinglogistic regressionallows us to constructheuristicsthat are
more generaland that can signi cantly improve performanceon
"unseen”benchmarks.

Finally, we apply our learnedmodelsunderthe adaptve sce-
narioto our DaCapo-+suite.For mostbenchmarksve getadecrease
in totaltime. For fop andps,we improve total time by atleast10%
andfor pswe geta5%improvement Onaveragewe decreaséotal

time by 4%. We getsmallerdecreasem runningtime leadingto a
1% decreasen average.

6. Discussion

This sectiondiscusseghe optimizationsthat are applied by the
logistic regressordor the differentoptimizationlevels. Tables5,
6, and 7 shav the percentageshat each optimization was ap-
plied at the different optimization levels for the hot methodsof
the SPECjvm98benchmarks. To calculatethesepercentagesve
countedthe numberof times eachoptimizationwas appliedat a
speci ¢ level when compiling the hot methodsof a benchmark

5Here,we de ne the hotmethodof a benchmarko bethosemethodsghat
runlong enoughto triggerrecompilationin adaptve mode.
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(d) Logistic Regressoffor adaptve on DaCapo+

Figure5. Performancef logisticregressorsor the DaCapo+benchmarksTablel lists theoptimizationscontrolledby theregressorteach
optimizationlevel. Theresultsarerelative to thedefault setting,thatis, a 1.0 indicatesperformancequalto the default settingandbelav 1.0

is performancédetterthanthe default.

anddivided by the total numberof hot methodscompiledfor that
benchmark.

Thetablesshawv thattheimportanceof eachoptimizationdiffers
for the different benchmarksFor instance,Table 5 shavs that
CONSTANT_PROP is appliedto 81% of raytraces hot methods
andis therefordmportantto thatbenchmarkwvhile it is only applied
to 57% of jack's hot methodsand is thereforenot as important
for that benchmark.On the other hand, CSE is more important
to jack (applied84%) thanraytrace(applied66%). This indicates
thatcertainoptimizationsaremoreimportantfor somebenchmarks
andnot for othersfurther motivating the needfor method-speci ¢
optimizationcon gurations.

Tables5 and 6 shav that the importanceof an optimization
dependson the other optimizationsit might enableor disableat
that optimization level. For example, BRANCH_OPTSLOW is

not very importantat optimizationlevel OO0 (with the exception
of javac). However, at optimizationlevel O1 this optimizationbe-
comesveryimportantto mostof thebenchmarksThisis dueto the
enablingeffect BRANCH_OPTSLOW hason otheroptimizations
atthislevel.

Tables6 and7 shav thatmary optimizationsarenotimportant
for all benchmarksTheseoptimizationscanperhapseremovedor
turnedoff by defaultwith little or no effecton overall performance.
Thetablesalsoshav which optimizationsare consistentlyimpor
tant for all benchmarksThis can give an indicationto JVM de-
signerswhich optimizationsshouldbe given highestpriority when
developingnew JIT compilers.



Optimizations compress | jess raytrace db javac mpeyaudio jack
BRANCH_OPTSLOW 20 0 11 12 60 22 24
CONSTANT_PROP 40 25 81 75 95 70 57
CSE 20 75 66 88 81 78 84
REORDERCODE 0 16 59 75 81 44 65

Table 5. The percentof level OO0 optimizationsappliedto the hot
methodof eachbenchmark.

Optimizations compress [ jess raytrace db javac mpegaudio jack
BRANCH_OPTSLOW 75 4 77 100 95 73 54
CONSTANT_PROP 50 80 85 0 69 29 63
CSE 100 91 97 100 98 100 100
REORDERCODE 50 4 82 50 50 67 97
COPY_PROP 100 100 100 100 100 100 100
TAIL _RECURSION 0 24 87 100 89 89 34
STATIC_SPLITTING 0 27 31 0 19 6 20
BRANCH_OPTSMED 100 11 90 100 98 97 69
SIMPLE.OPTSLOW 100 18 36 100 89 95 100

Table 6. The percentof level O1 optimizationsappliedto the hot
methodsof eachbenchmark.

Optimizations compress | jess raytrace db javac mpegaudio jack
BRANCH_OPTSLOW 100 78 88 100 96 98 91
CONSTANT_PROP 0 11 25 50 24 49 60
CSE 50 2 35 17 26 70 9
REORDERCODE 100 27 70 83 7 92 97
COPY_PROP 100 100 100 100 100 100 100
TAIL _RECURSION 25 96 80 83 96 54 69
STATIC_SPLITTING 0 7 35 0 98 38 3
BRANCH_OPTSMED 50 27 32 33 0 49 26
SIMPLE.OPTSLOW 0 22 57 50 95 10 17
WHILES_INTO.UNTILS 100 93 40 33 4 86 69
LOOP.UNROLL 50 0 5 0 0 0 14
BRANCH_OPTSHIGH 50 98 92 100 91 57 100
SIMPLE.OPTSHIGH 0 0 2 0 1 0 23
LOAD_ELIM 100 100 100 100 16 71 100
REDUNDANT_BRANCH 100 89 100 100 97 100 100
SSA 100 100 100 100 100 100 100
EXPRESSIONFOLD 0 0 0 0 25 25 0
GLOBAL _COPY_PROP 25 2 20 0 3 6 11
GLOBAL_CSE 0 4 12 17 33 41 23
COALESCE 50 0 8 0 2 30 6

Table 7. The percentof level O2 optimizationsappliedto the hot
methodf eachbenchmark.

7. RelatedWork

Therehave beena numberof paperaimedat usingmachinelearn-
ing to tuneindividual optimizationheuristics.

Mosset al. [16] publishedoneof the rst papersshaving that
machinelearning could successfullyconstructeffective and ef -
cientcompilerheuristics They usedsupervisedearningtechniques
to constructa heuristicfunctionfor instructionschedulingTheau-
tomaticallyconstructecheuristicwasable nd scheduleshatper
formedaswell asa highly-tunedhand-craftednstructionsched-
uler.

Calderet al. [6] usedsupervisedearningtechniqguesnamely
decisiontreesandneuralnetworks, to inducestaticbranchpredic-
tion heuristics.Our learningmethodologiesare similar, but there
areimportantdifferencesFirst, they beganwith arich setof hand-
craftedheuristicsfrom which to derive their features.In contrast,
we hadno pre-«isting heuristicfrom whichto draw featuresSec-
ond,theirtechniquemadeit inherentlyeasyto determinealabelfor
theirtraininginstancesTheoptimal choicefor predictingabranch
waseasilyobtainedby instrumentingheir benchmarkso obsere
eachbranchs mostlikely direction.We obtainedour labelsusing
methodtimings as we discussin Section4.6. Also, becauseour
timing measurementareimpreciseandwe do not take interaction
effectsof differentmethodsinto account,t is impossibleto deter
minetheoptimalchoiceof whetheror notto applyanoptimization.

Stephensomt al. [20] usedgeneticprogramming(GP)to tune
heuristicpriority functionsfor threecompileroptimizationshyper

block selectionregisterallocation,anddataprefetchingwithin the
Trimarans IMPACT compiler For two optimizations,hyperblock
selectionand dataprefetching they achieved signi cant improve-

ments.However, thesetwo pre-«isting heuristicswere not well

implementedand mostof theimprovementscamefrom producing
400 randomheuristicsand choosingthe bestheuristic from this

group.Theauthorsevennotethatturningoff dataprefetchingcom-
pletely is preferableand reducesmary of their signi cant gains.
For the third optimization,registerallocation,iteratingthe GP im-

proved over the initial population.However, for this optimization
they were only able to achieve on averagea 2% increaseover
the manuallytunedheuristic.Stephensomet al. [21] usemachine-
learningto characterizehe bestunroll loop factorfor a givenloop
nest,and improve overall by 1% over the ORC compiler heuris-
tic with SWP enabled Both of theseapproachesaresuccessfuin

automaticallygeneratingompilerheuristicfor a singleoptimiza-
tion.

Cavazosetal. [7] describeanideaof usingsupervisedearning
to control whetheror not to apply instruction scheduling.They
inducedheuristicsthat usedfeaturesof a basicblock to predict
whether schedulingwould bene t that block or not. Using the
inducedheuristic,they were able to reduceschedulingeffort by
asmuch as 75% while still retainingabout92% effectivenessof
schedulinall blocks.However, they wereunableto reducethetotal
executiontime for the SPECjvm9&enchmarlsuite.

Monsifrot et al. [15] use a classi er basedon decisiontree
learningto determinewhich loopsto unroll. They looked at the
performanceof compiling Fortran programsfrom the SPEC 95
benchmarlsuiteandsomecomputationakernelsusingg77for two
differentarchitecturesan UltraSFARC andan|A64. They shaved
anaverageimprovementover g77's hand-tunedinroll heuristicof
3.1%and2.7%onthelA64 andUltraSFRARC, respectiely.

Lagoudakiset al. [13] describean idea of using featuresto
choosebetweeralgorithmsfor two differentproblemsprderstatis-
tics selectionand sorting. The order statisticsselectionproblem
consistof anarrayof n (unorderedpnumbersandsomeintegerin-
dexi, 1<=i<= n. Theprobleminvolvesselectinghenumberthat
wouldranki-thin thearrayif thenumbersveresortedin ascending
order The authorsusedreinforcementearningto choosebetween
two well-known algorithms:DeterministicSelectandHeapSelect.
The learnedalgorithm outperformedboth thesealgorithmsat the
taskof orderstatisticsselectionThesecondgroblemthey look atis
thesorting problem thatis, the problemof rearranginganarrayof
n (unorderedhumberdn ascendingrder Again,theauthorsused
reinforcementearningto choosebetweentwo algorithms:Quick-
sort and Insertion Sort. The learnedalgorithm againwas able to
outperformbothof thesewell-known algorithms.

Ratherthanoptimizing a singleheuristic,othershave looked at
searchind22, 10,9, 8, 12, 17, 14] for the bestsetor sequencef
optimizationsfor a particularprogram.Cooperetal. [9] proposea
numberof algorithmsto solve thecompilationphaseorderingprob-
lem. Their techniquesearchesor the bestphaseorderof a partic-
ular program.Suchanapproactygivesimpressie performancem-
provementsbhut hasto be performedeachtime anew applicationis
compiled While thisis acceptablén embedde@rvironmentsit is
not suitablefor dynamiccompilation.

Kulkarni et al. [12] introducetechniquego allow exhaustve
enumeratiorof all distinct function instanceghat would be pro-
ducedfrom the differentphase-orderingsf 15 optimizations.This
exhaustve enumeratiorallowed themto constructprobabilitiesof
enabling/disablindgnteractionsbetweerthe differentoptimization
passesUsing theseprobabilities,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 logistic regressionon the best
optimizationsfound for eachmethod,andthereforeour technique
learnswhich optimizationsare bene cial to apply to "unseen”
methodswith similar characteristicdHowever, thetechniquegpre-

sentedin this work would allow a larger exploration of the opti-

mizationspacethanwe attemptedBYy exploring alargerpartof the

searchspacewe would likely improve the datausedfor training

our logistic regressors.

Pan et al. [17] partitioneda programinto tuning sectionsand
then developed fast techniquesto nd the best combinationof
optimizationsfor eachof thesetuning section.They are ableto
reducethe time to nd good optimization settingsfrom hours
to minutes. This technique,althoughuseful in static compilers
(especiallythosetargettingembeddegrocessors)s notapplicable
to dynamic compilerswhere large optimizationtimes can easily
outweightary bene ts gainedfrom the optimizations.However,
thesetechniquescould also be bene cial during the training data
generationstageof our logistic regressortechnique.Speci cally,
the techniqueto test different optimization settingson a tuning
sectionduring a single run of the programwould allow us to
increasethe numberof optimization settingswe evaluate. This
would alsoimprove the quality of the training datawe usedfor
our logistic regressors.

Agakov et al. [1] shav that the iterative compilation search
spacecanbereduceddy learningfrom otherprogramsThey con-
structa setof probabilities,calledsearchdistributions,for a setof
training programsand usefeaturesto choosewith nearesneigh-
bor which searchdistribution to usefor a new program.However,
this approachs to selectoptimizationcon gurationsfor a whole
programandstill requiresmultiple runsof the programto achieve
signi cant improvement.

In the areaof predictive modelling, Zhao et al. usemanually
constructedcost/bene tmodelsto predictwhetherto apply PRE
or LICM[24]. They achiere 1% to 2% improvementover always
applyinganoptimization,but ata costof greatlyincreasingcompi-
lation time (by up to 68%). Becausaet is expensve to apply, their
predictve modelswould not be bene cial in a dynamiccompila-
tion setting.Also, their modelsappeato be quite complicatedand
have to be manuallyconstructedOur models,on the otherhand,
aresimpleandautomaticallyconstructedisingmachindearning.

Yotov etal. [23] describea model-base@pproactor optimiz-
ing BLAS libraries.They shav thatusinga model-base@pproach
to evaluatethe performancef an optimizationcanbe aseffective
as empiricalevaluation.Again, their modelsare complicatedand
requiremanualtuning. In contrastour regressormodelsare auto-
matically constructedand have the potentialto outperformhand-
tunedmodels.

Lauetal. [14] presenainonlineframevork, calledperformance
auditing that allows the evaluation of the effectivenessof opti-
mizationdecisionsTheframework allows for onlineempiricalop-
timization, which improves the ability of a dynamiccompilerto
increasethe performanceof optimizationswhile preventing per
formancedegradationsinsteadof usingmodelsto predictanopti-
mization's performancehey compiledifferentversionsof thesame
methodwith differentoptimizationsettingsand thenrun eachof
thesedifferent versionsevaluating their performanceempirically
on the real machine.Combiningthesetechniqueswith the tech-
niguespresentedn this paperwould be interestingfuture work.
For example,onecould usemachinelearningto createa small set
of optimizationsettingswhich couldbe exploredonlineusingper
formanceauditing.

Geogesetal. [11] presenatechniqudor measuringprrocessor
level informationgatheredhroughperformanceountersandlink-
ing thatinformationto speci ¢ methodsin a Java program.They

study method-leel phasebehaior of Java applicationsto iden-
tify methodsthat exhibit similar or dissimilarbehaior within the
phasesThey characterizenethodsusinga numberof performance
countereventssuchas cachemissrates, TLB missrates,branch
mispredictionrates,etc. This informationcanallow developersto
identify performancebottlenecksandto gatherinsightson how a
Java applicationinteractswith the VM. For our logistic regres-
siontechniqueswe trainedusingonly staticfeaturesof a method
which arecheapeto collectthandynamicperformanceounterin-
formation.However, in future work, we would like to investigate
whetherdynamicfeaturegperhapsn combinationwith staticfea-
tures)couldimprove the predictionsof our machindearningtech-
nigues.

8. Conclusions

This paperhasshavn that method-speci coptimization settings
can give signi cant performancemprovementswithin the Jikes
RVM JIT compiler It hasalsodemonstratethata simplemachine
learningtechniquecanautomaticallyderive a predictive modelthat
givessigni cant performancémprovementsover existingschemes.
We shaw total executiontime reductionsof 25% and51% on the
SPECjvm98and DaCapo+benchmarksuitesrespectrely. To our
knowledgethis is the rst paperto demonstratehat a predictve
modeltrainedwith machinelearningcanbe successfullyusedasa
method-speci coptimizationstratgy within a dynamiccompiler
Futurework will investigatelearningthe bestordering of trans-
formationson a per methodbasisand applying this approachto
the adaptve compilation setting. We would also like to experi-
mentwith differentkindsof featuressuchasdynamicperformance
counterfeaturesand perhapsnvestigatethe useof online empir
ical evaluationin orderto evaluatea few optimizationsettingsfor
eachmethodthatalearnedmnodelpredictsasbeingpromising.
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