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Abstract
Determiningthe bestset of optimizationsto apply to a program
hasbeena long standingproblemfor compilerwriters.To reduce
thecomplexity of this task,existingapproachestypically applythe
samesetof optimizationsto all procedureswithin aprogram,with-
out regardto their particularstructure.This paperdevelopsa new
method-speci�capproachthat automaticallyselectsthe bestopti-
mizationson a per methodbasiswithin a dynamiccompiler. Our
approachusesthemachinelearningtechniqueof logisticregression
to automaticallyderive a predictive model that determineswhich
optimizationsto applybasedonthefeaturesof amethod.Thistech-
niqueis implementedin the JikesRVM Java JIT compiler. Using
this approachwe reducethe averagetotal execution time of the
SPECjvm98benchmarksby 29%.Whenthesameheuristicis ap-
plied to theDaCapo+benchmarksuite,we obtainanaverage33%
reductionover thedefault level O2setting.

Categoriesand Subject Descriptors D.3 [Software]: Program-
ming languages;D.3.4 [Programminglanguages]: Processors—
Compilers,Optimization; I.2.6[Arti�cial intelligence]: Learning—
Induction

GeneralTerms Performance,Experimentation,Languages

Keywords Compiler optimization, Machine learning, Logistic
Regression,Java,JikesRVM

1. Intr oduction
Selectingthebestsetof optimizationsfor a programhasbeenthe
focusof optimizing compilationresearchfor decades.It hasbeen
the long term goal of compilerwriters, to develop a sequenceof
optimizationphaseswhich analyzeand,whereappropriate,trans-
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 shown that the
bestorderingis programdependentandthat any sequencethat is
bestfor oneprogramis unlikely to be the bestfor another. What
we would like is a mechanismthat automaticallyselectsthe best
optimizationsequencefor a particularprogram.

In optimizingcompilers,it is standardpracticeto applythesame
setof optimizationsphasesin the sameorder on eachprocedure
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or method within a program.However, just as the best set of
optimizationsvariesfrom programto program[2, 18], we show
thatthebestsetof optimizationsvarieswithin a program,i.e., it is
method-speci�c.Wewouldlikeaschemethatselectsthebestsetof
optimizationsfor individual portionsof a program,ratherthanthe
samesetfor awholeprogram.

Thispaperdevelopsanew method-speci�ctechniquethatauto-
maticallyselectsthebestsetof optimizationsfor differentsections
of aprogram.Wedevelopthis techniquewithin theJikesRVM en-
vironmentandautomaticallydeterminethebestoptimizationsona
permethodbasis.Ratherthandevelopinga hand-craftedtechnique
to achieve this,wemake useof abasicmachinelearningtechnique
known as logistic regression[4] to automaticallydeterminewhat
optimizationsarebestfor eachmethod.Thisis achievedby training
thetechniqueof�ine on a setof trainingdatawhich thenautomati-
cally learnsanoptimizingheuristic.

Machinelearningbasedtechniqueshave recentlyreceivedcon-
siderableattentionasa meansof rapidly developingoptimization
heuristics[20,7]. Unfortunately, they havebeenlargelyconstrained
to tuning an individual optimizationoften with disappointingre-
sults.For example,althoughStephensonet al. [20] wereable to
constructa register allocationheuristic automaticallyusing ma-
chinelearning,theheuristicwasonly ableto achieve a modestim-
provementover theexistinghand-tunedregisterallocatorheuristic.

To thebestof our knowledgethis is the �rst paperto automat-
ically learnanoverall compilationstrategy for individual portions
of a program.This meansthatour schemelearnswhich optimiza-
tionsto applyratherthantuning local heuristicsandit doesthis in
a dynamiccompilationsetting.Furthermore,we show signi�cant
performanceimprovementoveranexistingwell-engineeredcompi-
lation system.Usingour approach,for themaximumoptimization
O2 settingwithin JikesRVM, we reducethetotal runtimeby 29%
on averagefor the SPECjvm98benchmarkssuite.This increases
to 33%on a setof benchmarksincludingDaCapo,SPECjbb2000,
andipsixql. This result is particularly impressive, whenconsider-
ing that recentwork on developingby hand predictive modelsto
selectoptimizations[24] achieves performanceimprovementsof
lessthan3%on average.

The paperis organizedasfollows. Section2 providesmotiva-
tion as to why method-speci�coptimizationsoutperformcurrent
approaches.This is followed in section3 by a descriptionof how
standardlogistic regressioncan learn whetheror not to apply a
particularoptimizationfor a particularmethod.Section4 thende-
scribesthe experimentalinfrastructureandmethodologywhich is
followedin section5 by apresentationof theresults.Section6 pro-
videsananalysisof why logistic regressionworks.Section7 gives
a brief overview of relatedwork and is followed in Section8 by
someconcludingremarks.



� �

� �
�

� �
� �

�
�� �

�

� 	

 ��

	 �
� � 


�	 �
	 �

�
� �

� 	
� �

��
�	 �

�

� �
� �

�
� 	

� ��

� �
�

� �
� �

�
�� �

�

� 	

 ��

	 �
� � 


�	 �
	 �

�
� �

� 	
� �

��
�	 �

�

� �
� �

�
� 	

� ��

� �
�

� �
� �

�
�� �

�

� 	

 ��

	 �
� � 


�	 �
	 �

�
� �

� 	
� �

��
�	 �

�

� �
� �

�
� 	

�
�

� ��

� ��

� ��

� ��

� ��

� ��

� ��

� ��

� � 

�

! � � � �� � " � �	 #

$ � ��%� � � #�$ � $ � ��%� � � #�$ � $ � ��%� � � #�$ �

Figure1. Theresultsof applyingthebestsettingfor eachmethodrelative to thedefault settingfor eachof thedifferentoptimizationlevels.
Thebestsettingfor eachmethodwasfound throughexhaustive explorationfor optimizationlevels O0 andO1. For optimizationlevel O2,
we took thebestsettingfor eachmethodfrom 1000randomsettingsevaluated.Total executiontime = dynamiccompilationtime + running
time.

2. Moti vation
This sectionshows thatselectingthebestsetof optimizationson a
permethodbasishasthepotentialto signi�cantly improve thetotal
runningtime of dynamicallycompiledprograms.

Potential Weconductedaninitial experimentto determinetheex-
tentto whichdifferentoptimizationsaffect thetotalexecutiontime
of anapplicationcompiledandexecutedby theJikesRVM JavaJIT
compiler. For eachmethodwithin eachSPECjvm98benchmark,
we appliedmany differentoptimizationsettingsandrecordedthe
settingthatgave thebesttotal executiontime on a permethodba-
sis.As JikesRVM hasmultiple optimizationlevels,we performed
this experimentfor theO0,O1,andO2 optimizationlevelsandre-
port theresultshere.

Dueto theway thatJikesRVM is constructed,it is not possible
to arbitrarily changetheorderin which optimizationsareapplied.
Instead,we con�ne our searchto just enablinganddisablingopti-
mizations.For optimizationlevels O0 andO1, which apply4 and
9 optimizationsby default, we tried all possibleenumerationsof
theseoptimizations,i.e., 24 = 16;29 = 512, respectively. As level
O2 applies20 optimizationsanexhaustive enumerationof the220

settingswasnot possible,insteadwe randomlyenumerated1000
different settingsand recordedtheir performance.Table 1 shows
theoptimizationsthatareappliedby default for thesethreediffer-
entoptimizationlevels.

Oncethebestsettingswerefoundfor eachmethod,we thendy-
namicallycompiledandraneachprogramusingthebestoptimiza-
tion settingsfor eachmethod.Figure1 presentsresultsof selecting
the bestset of optimizationsat eachoptimizationlevel on a per
methodbasisfor eachof theSPECjvm98benchmarks.As compi-
lation time is dynamicandpart of the overall executiontime we
show two performanceresults:running time andtotal time. Run-

ning time indicatesthebenchmarkrunningtimeswithoutcompila-
tion timewhile total timeindicatesrunningtimeswith compilation.

The resultsareplottedrelative to theexisting default heuristic
which is to apply all optimizationsgroupedat that optimization
level (seeTable1).

In the caseof optimizationlevel O0, thereis on averagea 4%
reductionin total time available and this reducesto 2% for O1.
However, in thecaseof thehighestoptimizationlevel O2,thereis a
signi�cant performanceimprovementavailable.Selectingtheright
optimizationfor eachmethodgivesan average19% reductionin
totalexecutiontime.

Onesizedoesnot �t all Lookingattheresults,onemayconclude
that the default settingsarepoor and that therepotentiallyexists
anothersettingthatis not method-speci�candwould performwell
acrossall otherbenchmarks.

To test this we enumeratedall the differentpossiblecombina-
tionsof the4 optimizationswhichareusedby default for optimiza-
tion level O0 to try to �nd one�xed settingwhich if appliedto all
methodswould provide a performanceimprovementover thecur-
rentdefault.1 Of the16 differentoptimizationsettingswe enumer-
ated,we did not �nd any singlecon�guration that out-performed
thecurrentdefault. Thecurrentdefault is in fact theoptimal �x ed
settingfor theSPECjvm98benchmarks.

Now, in the previous sectionwe wereable to outperformop-
timization O0 for several of the SPECjvm98benchmarksgiving
an averagereductionin total executiontime of 4%. Thus,an op-
timization settingtunedfor eachmethodis better than the opti-
mal �x edsettingacrossthewholeprogram.In otherwords,for the

1 Optimizationlevel O0 is animportantoptimizationsinceit is the�rst and
mostoftenusedoptimizationsettingduringadaptivecompilation.



SPECjvm98benchmarksamethod-speci�cstrategy shouldoutper-
form any program-speci�cstrategy.

Conclusion In our experimentswe did not �nd a singleoverall
optimizationsetting that signi�cantly improves the performance
of the JikesRVM JIT optimizing compiler. However, selectinga
differentoptimizationsettingfor eachmethodshows thepotential
to deliver signi�cant gains.

The challengethereforeis to develop a predictive model that
cananalyzeeachmethodandselectthe optimizationsetthat will
reducetotal running time. As we are consideringdynamic JIT
compilation,theoverheadof thisheuristicmustbesmallotherwise
it will outweighany bene�ts.

Oneapproachis to handcrafta heuristicbasedon experimenta-
tion andanalysis.This is undesirablefor two reasons.Firstly, it will
be an arduoustaskandJikesRVM speci�c. Secondly, if the plat-
form wereto change,theentiretuningof theheuristicwould have
to berepeated.Insteadweuseanmachine-learningbasedapproach
whichautomaticallylearnsagoodheuristic.Thishastheadvantage
of beingagenerictechniquethateasilyportsacrossplatforms.

3. Approach
This sectiongivesa detailedoverview of how logistic regression
basedmachinelearningis usedto determinea goodoptimization
heuristicfor eachof theoptimizationlevelsO0,O1,O2,andadap-
tive within JikesRVM. The�rst sectionoutlinesthedifferentsub-
activities that take placewhenlearninganddeploying a heuristic
This is followed by sectionsdescribinghow we generatetraining
data,how we extract featuresfrom methods,andhow thesefea-
turesandtrainingdataallow usto learna heuristicthatdetermines
whetheror not to applya setof optimizations.This is followedby
anexampleshowing how our learnedheuristicis usedin practice.
Figure2 outlinesourscheme.

3.1 Overview

Thereare two distinct phases,training anddeployment.Training
occursonce,off-line, “at thefactory” andis equivalentto thetime
spentby compilerwriters designingandimplementingtheir opti-
mizationheuristics.Deploymentis theactof applyingtheheuristic
at dynamiccompilationtime. As any learnedheuristicincursdy-
namic compilationoverhead,it is imperative that it be as cheap
as possibleto evaluateotherwiseits runtime bene�t will be out-
weighedby its cost.

Within thetrainingphase,we �rst generateappropriatetraining
databasedon whetherwe are trying to improve the O0, O1, or
O2 optimization levels within Jikes RVM. The training data is
randomlygeneratedby applyingdifferentoptimizationsettingsto
each method within each training program and recording their
performanceonapermethodbasisusing�ne-grain timers.Wealso
derive a shortdescription(calleda featurevector)of eachmethod
sothatwe canlaterbuild a functionthattakesthefeaturevectoras
input andprovidesthesetof optimizationsthat shouldbe applied
asoutput.

This predictive model oncelearnedis installedinto the Jikes
RVM compiler andusedat runtimeas an optimizationheuristic.
Thenext sectionsdescribethesestagesin moredetail

3.2 Generating training data

Our aim is to develop a function, f, which, given a new method
describedasfeaturevectorx, outputsavectorc of 1sand0swhose
elementsdeterminewhether or not to apply the corresponding
optimization:

f (x) = c

1. Training“at thefactory”

(a) Generatetrainingdataresultsfor O0,O1,or O2

i. Instrumenteachmethodwith timing calls

ii. For eachmethodrandomlyselecta setof optimizations
andapply

iii. Recorddynamiccompilation,running,andtotal execu-
tion timepermethod

(b) Generatemethodfeatures

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 tablewhereeachrecordedfeaturevector is
associatedwith its bestoptimizationsettings.

iii. For eachoptimizationsettingc determineaprobabilistic
function f that stateswhethera featurevectorx should
have thisoptimizationsetor not.

iv. Outputthissetof functionsasthelearnedheuristic

2. Deployment

(a) Install learnedheuristicinto JikesRVM

(b) For eachmethoddynamicallycompiled

i. Frombytecodesgeneratea featurevector

ii. Useheuristicto determinewhichoptimizationsto apply
andapplythem

Figure2. Overall technique

Before we can do this, we needto know how different opti-
mizationsettingsaffectperformance.Wethereforetry many differ-
entoptimizationsettingsto seehow eachsettingaffectstheperfor-
manceof eachmethod.

For theproblemof optimizingJava methods,we cansearchthe
entirespaceof optimizationsif thenumberof optimizationsis not
prohibitively large. In the caseof optimizationlevels O0 andO1,
thereareonly 4 and9 optimizationsturnedon by default allowing
exhaustive enumeration.Wemeasurethetime to compileamethod
andinstrumentedeachmethodwith a �ne-grain timer to recordthe
amountof timespentexecutingthatmethod.For optimizationlevel
O2, we could not exhaustive enumerateall possibleoptimization
combinations(O2has20optimizations),sofor thislevel wechoose
to evaluatea set of 1000 randomlygeneratedsettings.The opti-
mizationswe control at eachoptimizationlevel with our logistic
regressorsaredescribedin Table1.

Thebestsettingswererecordedin a vectorc for eachmethod.
Thesizeof c correspondsto thenumberof optimizationsavailable
ateachlevel, i.e.,size4 for O0,9 for O1,and20 for O2.

3.3 FeatureExtraction

Oncewe have examplesof goodoptimizationsettingsfor different
methodswe would like correlatethesettingswith thecharacteris-
tics of a method.To do this we needto describeeachmethodin
a suf�ciently succinctform, to enablestandardmachinelearning
techniquesto beemployed.

Determiningthepropertiesof 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 constantpropagation
CSE Local commonsubexpressionelimina-

tion
REORDERCODE Reordersbasicblocks

OptimizationLevel O1
COPY PROP Local copy propagation
TAIL RECURSION Tail recursion
STATIC SPLITTING Basicblock staticsplitting
BRANCH OPTSMED More aggressivebranchoptimizations
SIMPLE OPTSLOW Type prop, Boundscheckelim, dead-

codeelim, etc.

OptimizationLevel O2
WHILES INTO UNTILS Triesto turnwhilesinto untils
LOOP UNROLL Loopunrolling
BRANCH OPTSHIGH Even more aggressive branch opti-

mizations
SIMPLE OPTSHIGH Additional pass of simple optimiza-

tions
LOAD ELIM Loadelimination
REDUNDANT BRANCH Redundantbranchelimination
SSA EnterSSAform andperformSSAop-

timizations
EXPRESSIONFOLD Expressionfolding
GLOBAL COPY PROP Globalcopy propagation
GLOBAL CSE GlobalCommonSubexpressionelimi-

nation
COALESCE Coalescingstage,requiresSSAform

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 optimizationsonat levelsO1andO0.

namiccompilationenvironmentwe chosefeaturesthataresimple
to calculateandwhich we thoughtwererelevant.Computingthese
featuresrequiresasinglepassover thebytecodeof themethod.We
calculatefeaturesafterinlining hasbeenperformed.

Table2 showsthe26featuresusedto describeeachmethod.The
valuesof eachfeaturewill be an entry in the 26-elementfeature
vectorx associatedwith eachmethod.The�rst 2 entriesareinteger
valuesde�ning the sizeof the codeanddataof the method.The
next 6 aresimplebooleanproperties(representedusing0 or 1) of
the method.The remainingfeaturesaresimply the percentageof
bytecodesbelongingto aparticularcategory. (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;0:0]

In other words, thereare 108 bytes in this method,25 bytes
allocatedfor locals, etc. We make no claim that this is the best
setof featuresto describea method.It is possiblethatanentirely
differentsetof featureswould give betterperformance.

However, our logisitic regressorsareableto learnautomatically
whichfeaturesaremostimportantto eachof thedifferentoptimiza-
tions.And,sincecalculatingall thefeaturesis verycheap(typically
lessthan1% of a method's compiletime) thereis no needto �lter
out unimportantfeatures.Thelogistic regressordoesthis automat-
ically.

Researchershavedeviseddifferentfeatures[1, 7, 6, 15, 20] that
worked well on otheroptimizationproblems.For instance,Mon-

Feature Meaning
bytecodes Number of bytecodes in the

method
localsspace Numberof wordsallocatedfor lo-

cals
synch Methodis synchronized
exceptions Method has exception handling

code
leaf Method is a leaf (contains no

calls)
�nal Methodis declared�nal
private Methodis declaredprivate
static Methodis declaredstatic
Category Fractionof bytecodesthat...
aload,astore areArray LoadsandStores
primitive, long are Primitive or Long computa-

tions(e.g.,iadd,fadd)
compare areCompares(e.g.,lcmp,dcmpl)
branch are Branches (for-

ward/backward/cond/uncond)
jsr areaJSR
switch areaSWITCH
put/get areaPUTor GET
invoke areanINVOKE
new areaNEW
arraylength areanArrayLength
athrow,checkcast,monitor areanAthrow, checkcast,or mon-

itor
multi newarray areaMulti Newarray
simple,long, real area Simple,Long,or RealCon-

versions

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

sifort et al. [15] focuson loop structureas featuresin predicting
whetherto unroll or not.In futurework,wewill exploreusingother
featuressuchasthosepresentedby Georgesetal. [11] in combina-
tion with thefeatureswe usedin thisstudy.

3.4 Learning a classi�er using logistic regression

Wearenow at thestagewherewe have, for eachmethod,a feature
vectorx anda vectorc which correspondsto the bestsettingsfor
that particularmethod.Given a featurevector of a new method
x we wish to develop a function, f, that returnsa good set of
optimizationsc to applyto it.

Classi�cation

Our taskcannow be phrasedasa classi�cationproblem:given a
method'sfeaturevectorx shouldweapplyaparticularoptimization
or not?Givenann = 26 dimensionalspaceof features,we wish to
�nd a curve or hyperplanethat separatesthosepointswhereeach
optimizationis turnedon from thosewhereit is off. To illustrate
this, seethe simple 2D exampleshown in Figure 3 whereeach
point correspondsto a featurevector and we wish to �nd a line
thatseparatestheminto classes.

Here the line b + xTw = 0 forms the decisionboundary, on
the one side examplesare classi�ed as 1s, and on the other, 0s.
Theparameterb simply shiftsthedecisionboundaryby a constant
amount.Theorientationof thedecisionboundaryis determinedby
w which representsthenormalto thehyperplane.

However, in practicetheredoesnot exist a cleanseparationbe-
tweenpoints.Instead,we wish to associatewith eachpointa prob-
ability of whetherto applyanoptimization.Thesimplesttechnique
that achieves this is logistic regression[4] and is a probabilistic
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Figure 3. Thelinearseparatordecisionboundary(solid line). For
two dimensionaldata,thedecisionboundaryis a line.

extensionto linear regression.This providesuswith a con�dence
measureasto how goodourclassi�cationis.

Logistic Regression

We wish to determinea function f that gives the probability that
a particularmethodshouldhave a set of optimizationsenabled.
We have a set of up to to 20 optimizationsto consider, c, but
to easepresentationwe initially considerthe caseof determining
the probability that just oneoptimizationc is enabled,i.e., c = 1.
Formally this is statedas:

p(c = 1jx) = f (x;w) (1)

where p(c = 1jx) is the probability that, given a featurevector
x, optimizationc is enabledor turnedon and f is somefunction
parameterisedby the weightsw. Sincethe function f representsa
probability, it mustbeboundedbetween0 and1.

Oneof thestandardchoicesof functionis thesigmoidfunction,
s(y) = 1=(1+ exp(� y)) . Whentheargumentof thesigmoidfunc-
tion ispositive,theprobabilitythattheinputpointy belongstoclass
1 is above 0.5.Thegreatertheargumentvalue,y, is, thehigheris
theprobabilitythatit is classi�edashaving theoptimizationsetting
c enabled.Similarly, largenegative valuesof x will imply thatc is
disabled.Logistic regressionbasedclassi�cationis describedas:

p(c = 1jx) = s(b+ xTw) (2)

whereb is aconstantscalar, andw is avectorof weights.Selecting
the weights w allows the selectionof the separatingboundary
orientationanda mechanismto statehow con�dent we arein this
boundaryclassi�cation.Thelargertheweights,themorecon�dent
we arein theclassi�cation.

Training

Giventhat thesigmoidfunction is a goodoneto classifythedata,
we now have to derive or learnit. So,giventhetrainingdatasetD,
gatheredduring the earlierexhaustive or randomsearch,how can
we adjustor learntheweightsto obtaina goodclassi�cation?As-
sumingthateachof theP datapointshasbeendrawn independently
theprobabilitythatthedatabelongsto a particularclassc is given
by a standardformula[4]:

p(D) =
P

Õ
j= 1

p(c j jx j ) =
P

Õ
j= 1

( p(c = 1jx j ))c j
�

1� p(c = 1jx j )
� 1� c j

(3)
wherex j is the jth ( j 2 1; : : : ;P) featurevectorselectedfrom

the training data and c j is its correspondingbest optimization
settingfor that featurevector. If p(D) = 1 thenwe have a perfect
classi�cationandthedatais clearlyseparated.In practicedueto the

noisydatawe will not achieve a perfectclassi�cation,but instead
wish to getthebestpossibleclassi�cation.If weadjusttheweights
to maximisep(D) this will give thebestdecisionhyperplane.

Eachof theseprobabilitiesp is a functionof theweightvector
w, sowewishto choosew in ordertomaximisep(D). As thevalues
of p aresmall, it is common[4] to work with theL = logp(D) to
avoid roundingerrors:

L =
P

å
j= 1

c j logp(c = 1jx j ) + (1� c j ) log
�

1� p(c = 1jx j )
�

(4)

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:

L(w;b) =
P

å
j= 1

c j logs(b+ wTx j ) + (1� c j ) log
�

1� s(b+ wTx j )
�

(5)
Unfortunately, this cannot beachievedanalyticallyandis nor-

mally achieved by usingan iterative solver basedon gradientas-
cent,basedon the partial derivativesof L.2 The gradientis given
by thefollowing equation:

ÑwL =
P

å
j= 1

(c j � s(x j ;w))x j (6)

Thederivative with respectto thebiasesis asfollows:

dL
db

=
P

å
j= 1

(c j � s(x j ;w)) (7)

In otherwords,selecta valueof w andupdateit in thedirectionof
ascent.If Ñw is thepartial derivative with respectto thevectorw
thenwe updateourvaluesof w andb asfollows:

wnew = w+ hÑwL (8)

bnew = b+ h
dL
db

(9)

whereh, thelearningrateis asmallscalarchosensmallenoughto
ensureconvergenceof themethod.

This is repeateduntil thereis no further changeandwe have
reachedthemaximum.At theendof this iterative processwe have
a set of weightsand offset that gives the bestclassi�cation on a
givensetof traininginputs.It canthenbeusedasa functionwhich
determinesfor a setof input featurestheprobabilityof whetheran
optimizationshouldbeturnedonor off.

3.5 Deployment

The �nal stepinvolves installing the heuristicfunction in the
compilerandusing it during dynamiccompilation.Eachmethod
that is compiledby the optimizing compiler is considereda pos-
siblecandidatefor all optimizations.We computefeaturesfor the
method.If theheuristicfunctionsaysweshouldoptimizeamethod
with a particularoptimization,we do so.As an illustration,when
applyingthelogistic regressorto thefeaturevectorof
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 the20 optimizationsto applywith theasso-
ciatedprobabilities

2 ass0(x) = s(x)(1� s(x)) ), partialderivativesareeasyto calculate



Program Description
compress Java versionof 129.compressfrom SPEC95
jess Java expertsystemshell
db Buildsandoperatesonanin-memorydatabase
javac Java sourceto bytecodecompilerin JDK 1.0.2
mpegaudio DecodesanMPEG-3audio�le
raytrace A raytracerworkingonascenewith adinosaur
jack A Java parsergeneratorwith lexical analysis

Table3. Characteristicsof theSPECjvm98benchmarks.

[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]:

Thismeansthatwith a70%probabilityBRANCH OPTSLOW
shouldbeappliedandthatwith a 30%probabilityof
CONSTANT PROPshouldbeapplied.In otherwordsapplybranch
optimizations,but do not apply local constantpropagationfor this
method.

4. Infrastructur e+ Methodology
Herewe describetheplatformandbenchmarksusedaswell asthe
methodologyemployedin our experiments.

4.1 Platform

We implementour learnedheuristicin the JikesResearchVirtual
Machine[3] version2.3.3for an Intel x86 architecture.The Intel
processoris a2.6GHzPentium-4basedRedHatLinux workstation
with 500M RAM anda 512KB L1 cache.We usedtheFastAdap-
tiveGenMScon�guration of Jikes RVM, indicating that the core
virtual machinewascompiledby theoptimizingcompiler, thatan
adaptive optimizationsystemis included in the virtual machine,
andthegenerationalmark-sweepgarbagecollectorwasused.

4.2 Benchmarks

Weexaminetwo suitesof benchmarks.The�rst is theSPECjvm98
benchmarks[19] which were run with the largest data set size
(called100).Thesebenchmarksaredescribedin Table3.

The secondset of programsconsistsof 5 programsfrom the
DaCapobenchmarksuite [5], ipsixql, andSPECjbb2000andare
describedin Table4. TheDaCapobenchmarksuiteis a collection
of programsthathave beenusedfor variousdifferentJava perfor-
mancestudiesaggregatedinto one benchmarksuite.We ran the
DaCapobenchmarksunderits default setting.We alsoincludeda
programcalledipsixql thatperformsXML queriesanda modi�ed
versionof SPECjbb2000(hence,it is referredto aspseudojbb)that
performsa�x ednumberof transactions.Wereferto these7 bench-
markscollectively asDaCapo+.

4.3 Optimization Levels

We ranexperimentsundereachof thethreedifferentoptimization
levels, that is, O0, O1, and O2 as well as the adaptive compila-
tion scenario.Whenrunningundera particularoptimizationlevel
we compileall methodsusingonly the optimizationsavailableat
thatlevel. Thelogistic regressorchooseswhich subsetof theseop-
timizationsto applyto eachmethodbeingcompiled.

Although we speci�cally train only for the O0, O1, and O2
levels, we also evaluatedthe adaptive scenariowhich useseach
of thesethreelevels.Undertheadaptive scenario,all dynamically
loadedmethodsare�rst compiledby thenon-optimizingbaseline
compilerthatconvertsbytecodesstraightto machinecodewithout
performingany optimizations.The resultantcodeis slow, but the
compilationtimesarefast.Theadaptive optimizationsystemthen

Program Description
antlr Parsesoneor moregrammar�les andgeneratesa

parserandlexical analyzerfor each
fop Takes an XSL-FO �le, parsesit and formats it,

generatingaPDF�le
jython Interpretsaseriesof Pythonprograms
pmd Analyzesasetof Javaclassesfor arangeof source

codeproblems
ps ReadsandinterpretsaPostScript�le
ipsixql Performsqueriesagainsta persistentXML docu-

ment
pseudojbb SPECjbb2000modi�ed to performa�x edamount

of work

Table4. Characteristicsof theDaCapo+benchmarks.

usesonlinepro�ling to discover thesubsetof methodswhereasig-
ni�cant amountof theprogram'srunningtimeis beingspent.These
”hot” methodsarethenrecompiledusingtheoptimizingcompiler.
Thesemethodsare�rst compiledat optimizationlevel O0, but if
they continueto be importantthey arerecompiledat level O1 and
�nally at level O2 if warranted.Theindividual optimizationlevels
makeuptheadaptive compilerandit is thereforeimportantto tune
theseindividual levelsproperly. Whenusinglogistic regressionun-
der the adaptive scenario,we useda logistic regressortrainedfor
eachof thethreedifferentoptimizationlevels.

4.4 Measurement

As well as the different compiler scenarioswe also considered
two different optimizationgoalsnamely: total time and running
time.Total time is a combinationof runningandcompilationtime.
As compilation is part of the total execution time for dynamic
compilersthenoptimizing for total time will try to minimize their
combinedcost.

However, whentheprogramis likely to run for a considerable
length of time, it may be preferablefor the user to reducethe
runningtimeattheexpenseof potentiallygreatercompilationtime.
We thereforeinclude running time for our benchmarkswhich is
theexecutiontime of theprogramwithout compilationtime.Each
benchmarkwas run multiple times and the minimum execution
time is reported.3

4.5 Evaluation Methodology

As is standardpractice,we learnover onesuiteof benchmarks,
commonly referredto in the machinelearning literature as the
training suite.We thentesttheperformanceof our tunedheuristic
overanother”unseen”suiteof benchmarks,thatwehave not tuned
for, referredto asthe testsuite.Theseis achieved in two separate
experiments.

Leave oneout cross-validation We �rst usea standardapproach
to evaluate a machine learning techniquecalled leave-one-out
cross-validationon theSPECjvm98.Giventhesetof n = 7 bench-
mark programs,in training for benchmarki we train (develop a
heuristic)using the training set from the n � 1 = 6 other bench-
marks,andweapplytheheuristicto thetestset,theith benchmark.
So if we wish to test our techniqueon the compress bench-
mark, we �rst train using the results from all programsexcept
compress . Thiswaywenever “cheat” in evaluatingourheuristic
ona programby having prior knowledgeof thatprogram.

3 For total time, we ran eachbenchmarkonceandrepeatedthis at least5
times.For runningtime, we ranSPECjvm98benchmarks26 timesremov-
ing the �rst run which includesthe compilationcostsof the program.For
DaCapo+,whicharelongerrunningprograms,weraneachprogramatleast
5 times.



Testing on DaCapo+ To provide a different evaluation, we
trainedour heuristicon all the SPECjvm98benchmarksandap-
plied it to an entirely new benchmarksuite,DaCapo+, of which
theheuristichasno prior knowledge.Thetrainingsetandthe test
suiteDaCapo+areentirelydistinct.

4.6 Training

For training,we exhaustively generatedall optimizationcon�gura-
tions for optimizationlevelsO0 andO1. Givenoptimizationlevel
O0 consiststo 4 optimizationsandoptimizationlevel O1 consists
of another5 additionaloptimizations,thisgivesus16and512pos-
siblesettings,respectively. OptimizationlevelsO0andO1aresub-
setsof O2,sowewereableto usetheexhaustively enumerateddata
for trainingalogisticregressorfor O2.Werandomlyenumeratedan
additional1000optimizationcon�gurationsto train the O2 logis-
tic regressor. For eachoptimizationcon�gurationwerecordedtotal
executiontimes on a per methodbasis.Thesetimings wereused
for trainingthelogistic regressorswhereweselecttheoptimization
settingwhichgave thesmallesttotalexecutiontime.

Selectionthr esholdEachlogistic regressionmodelreturnsthe
probability whetheran optimizationshouldbe applied.We there-
fore have to make a decisionas to the probability thresholdbe-
yond which we will apply the optimization.If p = 0:5 then the
optimizationcanequallybeappliedor not - thereis no conclusive
decision.In ourexperiments,wemaketheconservativeassumption
that p > 0:6 beforewe applyanoptimization.Someinvestigation
showed thevalue0:6 to bea reasonablevalueto use.Of courseit
is alsopossibleto learnthe ideal threshold,but this is beyond the
scopeof thepaper.

5. Results
In this section,we apply our trained logistic regressorsto our
benchmarksuitesandcomparetheir performanceagainstusingthe
default heuristic.The default heuristicis to apply all 4 optimiza-
tions at level O0, all 9 optimizationsat level O1, andall 20 opti-
mizationsat level O2. For eachof the threedifferentoptimization
levels available in the JikesRVM compiler(O0,O1, andO2), we
haveaspeci�cally trainedregressorthatreplacesthedefaultheuris-
tic.

We �rst discussour results applying our logistic regressors
to optimizeSPECjvm98,thendiscussour resultsoptimizing Da-
Capo+.We noteherethat all timings includecomputationof fea-
turesfor eachmethodwhich is a simplelinearpassaswell asthe
computationinvolvedin applyingour learnedheuristic.Thecostof
computingfeaturesandapplyingour heuristicfunctionis typically
lessthan1%of total compilationcosts.

5.1 SPECjvm98

We now discussthe performanceof our logistic regressorson the
SPECjvm98benchmarksrelativeto thedefaultsettings.Theresults
arepresentedin Figures4(a)through4(d).

Opt Level O0: We �rst appliedlogistic regressionto optimiza-
tion level O0. Under this scenario,we reduceaveragetotal time
down by 4%.Most notablywe reducethetotal time of mpegaudio
by 23%.

It is worth noting that theseresultsaresimilar to the resultsin
Figure 1 wherewe show the resultsof applying the bestsetting
foundfor eachmethod.Thisprovidesevidencethatour logistic re-
gressorhaslearnedthecorrect�ag settingsfrom thisdatasetandis
alsoanindicationthatthefeaturesusedmakeourdatalinearlysep-
arable.Thus,becauseweareableto selectively applyoptimizations
to eachmethod,weareinhibiting optimizationswhenthey degrade
performanceandonly applyingthemwhenthey arebene�cial.

We also get a signi�cant reductionin running time of 5% on
average.Again,wesigni�cantly reducerunningtimeof mpegaudio

by 26%.Along with mpegaudio,weareableto reducerunningtime
of 3 otherprograms.

Opt Level O1: For optimizationlevel O1, our learnedmodels
give usbettertotal time andrunningtime on average,3% and2%
respectively.

Again, if we look at the resultswhen applying the best �ag
foundfor eachmethod,weseethereis only amodestimprovement
we canachieve on total timeor runningtime over thedefault.

Opt Level O2: For optimizationlevel O2, we achieve signi�-
cantimprovementsover thedefault. Our logistic regressorlearned
thata substantialnumberof optimizationsat this level do not im-
pact performanceand thereforeshouldnot be applied.4 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 changein runningtime on
average.

Adaptive: The standardmodel of executionusedby today's
modernJava JIT compileris anadaptive scenario.Undertheadap-
tive scenario,Jikes RVM usesmulti-level selectiveoptimization,
that is, multiple optimizationlevels areusedandthe mostimpor-
tantmethodsareoptimizedmultiple times,eachtime with at suc-
cessively higheroptimizationlevel. Whenamethodis optimizedat
a particularlevel, the logistic regressiontrainedfor that level can
beusedin placeof thedefault heuristic.

Under the adaptive scenario,our learnedmodelsreducestotal
time on averageby 1%. This comesfrom improvementsin total
time for compress(3%), jess(3%), andjavac (2%). We werealso
ableto reducethe runningtime of mostSPECjvm98benchmarks,
up to 5% for compressand javac. This leadsto an averagede-
creaseof 2% over the default. Thereareseveral reasonswhy we
areunableto improve performanceundertheadaptive scenariofor
thesebenchmarks.First, undertheadaptive scenario,theoptimiz-
ing compilersis only usedfor a small proportionof all methods
compiled.Becausemostmethodsin thisscenarioarecompiledwith
thebaselinecompilerwedonotbene�t from reductionsin compile
time. Second,the adaptive settingin JikesRVM hasbeenhighly
tunedfor theperformanceof SPECjvm98benchmarks.Therefore,
thereis little room for improvementwith regardsto runningtime
on topof theextensive hand-tuningthathasalreadybeendone.

5.2 DaCapo+

Next, we applied the logistic regressorsthat were trained using
SPECjvm98training data to the DaCapobenchmarksuite and
two additionalbenchmarks,ipsixql andpseudojbb. Theresultsare
presentedin Figures5(a)through5(d).

For optimizationlevel O0, we obtainaveragedecreasesof 3%
for runningtimeand2%for totaltime.Wegetsubstantialdecreases
in runningtime for fop (9%), jython (5%), andantlr (8%) andfor
thesebenchmarkswe alsoachieve somebene�t in total time.

For optimizationlevel O1, we get an even larger decreasein
running time of 13% on averagewith a smallerdecreasein total
time of 2% on average.At this level, we candecreasetherunning
time of jython signi�cantly (11%) andwe get a large decreasein
running time for antlr at 63%. We do get a slow down for two
programs,fop andpmd,however becauseof a largedecreasefrom
antlrouraverageis still signi�cantly betterthanthedefault.Again,
we seesubstantiallyimprovedperformacewith optimizationlevel
O2 usingour regressors.We achieve a large decreasein average
total time of 33% andaneven moredramaticdecreasein average
runningtimeof 56%.

Clearlymany optimizationsperformedby default degradeper-
formance.By selectively applyingoptimizationsat level O2 (and

4 Weshow this in moredetail in Section6
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(a) LogisticRegressorfor OptLevel O0onSPECjvm98
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(b) LogisticRegressorfor OptLevel O1onSPECjvm98
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(c) LogisticRegressorfor OptLevel O2onSPECjvm98
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(d) LogisticRegressorfor adaptive onSPECjvm98

Figure 4. Performanceof logistic regressorsfor theSPECjvm98benchmarks.Table1 lists theoptimizationscontrolledby theregressorat
eachoptimizationlevel. The resultsarerelative to the default setting,that is, a 1.0 indicatesperformanceequalto the default settingand
below 1.0 is performancebetterthanthedefault.

to a lesserextent at level O1), we can improve runningand total
time signi�cantly. Notefor optimizationlevelsO1andO2,we can
decreaserunning time of DaCapo+benchmarksmuchmore than
SPECjvm98benchmarks.We believe this is dueto theJikesRVM
compilerbeinghighly tunedtoward theSPECjvm98benchmarks.
In effect, the optimizationheuristicsin the Jikes RVM compiler
have beenspecializedto theSPECjvm98benchmarks.In contrast,
using logistic regressionallows us to constructheuristicsthat are
more generaland that can signi�cantly improve performanceon
”unseen”benchmarks.

Finally, we apply our learnedmodelsunderthe adaptive sce-
nariotoourDaCapo+suite.Formostbenchmarkswegetadecrease
in total time.For fop andps,we improve total timeby at least10%
andfor pswegeta5%improvement.Onaverage,wedecreasetotal

time by 4%.We getsmallerdecreasesin runningtime leadingto a
1%decreaseonaverage.

6. Discussion
This sectiondiscussesthe optimizationsthat are appliedby the
logistic regressorsfor the different optimizationlevels. Tables5,
6, and 7 show the percentagesthat eachoptimization was ap-
plied at the different optimization levels for the hot methodsof
the SPECjvm98benchmarks.5 To calculatethesepercentageswe
countedthe numberof times eachoptimizationwas appliedat a
speci�c level when compiling the hot methodsof a benchmark

5 Here,wede�ne thehot methodsof a benchmarkto bethosemethodsthat
run long enoughto triggerrecompilationin adaptive mode.
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(a)Logistic Regressorfor OptLevel O0 onDaCapo+

� �

��
�

�� �
� �

�
� 	


 � �
�


 �
���

� �
� �


 �
�� �

�� �
�� �

�

� �
� �

	
� 


�
�

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

�
� ��
� ��

# � ��$� %� ��# �
&� � � �� � ' � �
 �

(b) Logistic Regressorfor OptLevel O1 onDaCapo+
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(c) Logistic Regressorfor OptLevel O2 onDaCapo+
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(d) Logistic Regressorfor adaptive onDaCapo+

Figure5. Performanceof logisticregressorsfor theDaCapo+benchmarks.Table1 lists theoptimizationscontrolledby theregressorateach
optimizationlevel. Theresultsarerelativeto thedefault setting,thatis, a1.0indicatesperformanceequalto thedefault settingandbelow 1.0
is performancebetterthanthedefault.

anddividedby the total numberof hot methodscompiledfor that
benchmark.

Thetablesshow thattheimportanceof eachoptimizationdiffers
for the different benchmarks.For instance,Table 5 shows that
CONSTANT PROP is appliedto 81% of raytrace's hot methods
andis thereforeimportantto thatbenchmarkwhile 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 othersfurthermotivating theneedfor method-speci�c
optimizationcon�gurations.

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

not very importantat optimization level O0 (with the exception
of javac).However, at optimizationlevel O1 this optimizationbe-
comesvery importantto mostof thebenchmarks.This is dueto the
enablingeffect BRANCH OPTSLOW hason otheroptimizations
at this level.

Tables6 and7 show thatmany optimizationsarenot important
for all benchmarks.Theseoptimizationscanperhapsberemovedor
turnedoff by defaultwith little or noeffectonoverallperformance.
The tablesalsoshow which optimizationsareconsistentlyimpor-
tant for all benchmarks.This can give an indication to JVM de-
signerswhich optimizationsshouldbegivenhighestpriority when
developingnew JIT compilers.



Optimizations compress jess raytrace db javac mpegaudio 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. Thepercentof level O0 optimizationsappliedto thehot
methodsof 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. Thepercentof level O1 optimizationsappliedto thehot
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. Thepercentof level O2 optimizationsappliedto thehot
methodsof eachbenchmark.

7. RelatedWork
Therehave beena numberof paperaimedat usingmachinelearn-
ing to tuneindividual optimizationheuristics.

Mosset al. [16] publishedoneof the �rst papersshowing that
machinelearningcould successfullyconstructeffective and ef�-
cientcompilerheuristics.They usedsupervisedlearningtechniques
to constructaheuristicfunctionfor instructionscheduling.Theau-
tomaticallyconstructedheuristicwasable�nd schedulesthatper-
formedaswell asa highly-tunedhand-craftedinstructionsched-
uler.

Calderet al. [6] usedsupervisedlearningtechniques,namely
decisiontreesandneuralnetworks,to inducestaticbranchpredic-
tion heuristics.Our learningmethodologiesaresimilar, but there
areimportantdifferences.First, they beganwith a rich setof hand-
craftedheuristicsfrom which to derive their features.In contrast,
wehadnopre-existingheuristicsfrom whichto draw features.Sec-
ond,their techniquemadeit inherentlyeasyto determinealabelfor
their traininginstances.Theoptimalchoicefor predictingabranch
waseasilyobtainedby instrumentingtheir benchmarksto observe
eachbranch's mostlikely direction.We obtainedour labelsusing
methodtimings as we discussin Section4.6. Also, becauseour
timing measurementsareimpreciseandwe do not take interaction
effectsof differentmethodsinto account,it is impossibleto deter-
minetheoptimalchoiceof whetheror notto applyanoptimization.

Stephensonet al. [20] usedgeneticprogramming(GP) to tune
heuristicpriority functionsfor threecompileroptimizations:hyper-

block selection,registerallocation,anddataprefetchingwithin the
Trimaran's IMPACT compiler. For two optimizations,hyperblock
selectionanddataprefetching,they achieved signi�cant improve-
ments.However, thesetwo pre-existing heuristicswere not well
implementedandmostof theimprovementscamefrom producing
400 randomheuristicsand choosingthe bestheuristic from this
group.Theauthorsevennotethatturningoff dataprefetchingcom-
pletely is preferableand reducesmany of their signi�cant gains.
For thethird optimization,registerallocation,iteratingtheGPim-
proved over the initial population.However, for this optimization
they were only able to achieve on averagea 2% increaseover
themanuallytunedheuristic.Stephensonet al. [21] usemachine-
learningto characterizethebestunroll loop factorfor a givenloop
nest,and improve overall by 1% over the ORC compiler heuris-
tic with SWPenabled.Both of theseapproachesaresuccessfulin
automaticallygeneratingcompilerheuristicsfor a singleoptimiza-
tion.

Cavazoset al. [7] describeanideaof usingsupervisedlearning
to control whetheror not to apply instruction scheduling.They
inducedheuristicsthat usedfeaturesof a basicblock to predict
whetherschedulingwould bene�t that block or not. Using the
inducedheuristic,they were able to reduceschedulingeffort by
asmuchas 75% while still retainingabout92% effectivenessof
schedulingall blocks.However, they wereunableto reducethetotal
executiontime for theSPECjvm98benchmarksuite.

Monsifrot et al. [15] use a classi�er basedon decisiontree
learningto determinewhich loops to unroll. They looked at the
performanceof compiling Fortran programsfrom the SPEC95
benchmarksuiteandsomecomputationalkernelsusingg77for two
differentarchitectures,anUltraSPARC andanIA64. They showed
anaverageimprovementover g77's hand-tunedunroll heuristicof
3.1%and2.7%on theIA64 andUltraSPARC, respectively.

Lagoudakiset al. [13] describean idea of using featuresto
choosebetweenalgorithmsfor two differentproblems,orderstatis-
tics selectionand sorting. The order statisticsselectionproblem
consistsof anarrayof n (unordered)numbersandsomeintegerin-
dex i, 1< = i < = n. Theprobleminvolvesselectingthenumberthat
wouldranki-th in thearrayif thenumbersweresortedin ascending
order. Theauthorsusedreinforcementlearningto choosebetween
two well-known algorithms:DeterministicSelectandHeapSelect.
The learnedalgorithmoutperformedboth thesealgorithmsat the
taskof orderstatisticsselection.Thesecondproblemthey look atis
thesortingproblem, thatis, theproblemof rearranginganarrayof
n (unordered)numbersin ascendingorder. Again,theauthorsused
reinforcementlearningto choosebetweentwo algorithms:Quick-
sort and InsertionSort. The learnedalgorithm againwas able to
outperformbothof thesewell-known algorithms.

Ratherthanoptimizinga singleheuristic,othershave lookedat
searching[22, 10, 9, 8, 12, 17, 14] for thebestsetor sequenceof
optimizationsfor a particularprogram.Cooperet al. [9] proposea
numberof algorithmsto solvethecompilationphaseorderingprob-
lem. Their techniquesearchesfor thebestphaseorderof a partic-
ularprogram.Suchanapproachgivesimpressive performanceim-
provementsbut hasto beperformedeachtime anew applicationis
compiled.While this is acceptablein embeddedenvironments,it is
not suitablefor dynamiccompilation.

Kulkarni et al. [12] introducetechniquesto allow exhaustive
enumerationof all distinct function instancesthat would be pro-
ducedfrom thedifferentphase-orderingsof 15optimizations.This
exhaustive enumerationallowedthemto constructprobabilitiesof
enabling/disablinginteractionsbetweenthe differentoptimization
passes.Using theseprobabilities,they constructeda probabilistic
batch compiler that dynamicallydeterminedwhich optimization
shouldbe appliednext dependingon which one had the highest
probabilityof beingenabled.This methodhowever doesnot con-



sider the bene�ts eachoptimizationcanpotentiallyprovide when
applied.In contrast,we train our logistic regressionon the best
optimizationsfoundfor eachmethod,andthereforeour technique
learnswhich optimizationsare bene�cial to apply to ”unseen”
methodswith similar characteristics.However, thetechniquespre-
sentedin this work would allow a larger explorationof the opti-
mizationspacethanweattempted.By exploringa largerpartof the
searchspace,we 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 able to
reducethe time to �nd good optimization settingsfrom hours
to minutes.This technique,althoughuseful in static compilers
(especiallythosetargettingembeddedprocessors),is notapplicable
to dynamiccompilerswhere large optimizationtimes can easily
outweightany bene�ts gainedfrom the optimizations.However,
thesetechniquescould alsobe 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 program would allow us to
increasethe numberof optimization settingswe evaluate.This
would also improve the quality of the training datawe usedfor
our logistic regressors.

Agakov et al. [1] show that the iterative compilation search
spacecanbereducedby learningfrom otherprograms.They con-
structa setof probabilities,calledsearchdistributions,for a setof
training programsandusefeaturesto choosewith nearestneigh-
bor which searchdistribution to usefor a new program.However,
this approachis to selectoptimizationcon�gurationsfor a whole
programandstill requiresmultiple runsof theprogramto achieve
signi�cant improvement.

In the areaof predictive modelling,Zhao et al. usemanually
constructedcost/bene�tmodelsto predict whetherto apply PRE
or LICM[24]. They achieve 1% to 2% improvementover always
applyinganoptimization,but atacostof greatlyincreasingcompi-
lation time (by up to 68%).Becauseit is expensive to apply, their
predictive modelswould not be bene�cial in a dynamiccompila-
tion setting.Also, their modelsappearto bequitecomplicatedand
have to be manuallyconstructed.Our models,on the otherhand,
aresimpleandautomaticallyconstructedusingmachinelearning.

Yotov et al. [23] describea model-basedapproachfor optimiz-
ing BLAS libraries.They show thatusinga model-basedapproach
to evaluatetheperformanceof anoptimizationcanbeaseffective
asempiricalevaluation.Again, their modelsarecomplicatedand
requiremanualtuning. In contrast,our regressormodelsareauto-
matically constructedandhave the potentialto outperformhand-
tunedmodels.

Lauetal. [14] presentanonlineframework, calledperformance
auditing, that allows the evaluation of the effectivenessof opti-
mizationdecisions.Theframework allows for onlineempiricalop-
timization, which improves the ability of a dynamiccompiler to
increasethe performanceof optimizationswhile preventing per-
formancedegradations.Insteadof usingmodelsto predictanopti-
mization'sperformancethey compiledifferentversionsof thesame
methodwith differentoptimizationsettingsand thenrun eachof
thesedifferent versionsevaluating their performanceempirically
on the real machine.Combiningthesetechniqueswith the tech-
niquespresentedin this paperwould be interestingfuture work.
For example,onecouldusemachinelearningto createa small set
of optimizationsettings,whichcouldbeexploredonlineusingper-
formanceauditing.

Georgesetal. [11] presentatechniquefor measuringprocessor-
level informationgatheredthroughperformancecountersandlink-
ing that informationto speci�c methodsin a Java program.They

study method-level phasebehavior of Java applicationsto iden-
tify methodsthat exhibit similar or dissimilarbehavior within the
phases.They characterizemethodsusinganumberof performance
countereventssuchascachemiss rates,TLB miss rates,branch
mispredictionrates,etc.This informationcanallow developersto
identify performancebottlenecksandto gatherinsightson how a
Java applicationinteractswith the VM. For our logistic regres-
sion techniques,we trainedusingonly staticfeaturesof a method
whicharecheaperto collectthandynamicperformancecounterin-
formation.However, in future work, we would like to investigate
whetherdynamicfeatures(perhapsin combinationwith staticfea-
tures)couldimprove thepredictionsof our machinelearningtech-
niques.

8. Conclusions
This paperhasshown that method-speci�coptimizationsettings
can give signi�cant performanceimprovementswithin the Jikes
RVM JIT compiler. It hasalsodemonstratedthata simplemachine
learningtechniquecanautomaticallyderiveapredictivemodelthat
givessigni�cant performanceimprovementsoverexistingschemes.
We show total executiontime reductionsof 25% and51% on the
SPECjvm98andDaCapo+benchmarksuitesrespectively. To our
knowledgethis is the �rst paperto demonstratethat a predictive
modeltrainedwith machinelearningcanbesuccessfullyusedasa
method-speci�coptimizationstrategy within a dynamiccompiler.
Futurework will investigatelearningthe bestorderingof trans-
formationson a per methodbasisand applying this approachto
the adaptive compilation setting.We would also like to experi-
mentwith differentkindsof features,suchasdynamicperformance
counterfeatures,andperhapsinvestigatethe useof online empir-
ical evaluationin orderto evaluatea few optimizationsettingsfor
eachmethodthata learnedmodelpredictsasbeingpromising.
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