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Abstract

Targetedoptimizationof programsegmentscanprovide
anadditionalprogramspeedupover thehighestdefaultop-
timizationlevel, such as-O3 in GCC.Thekey challenge is
howto automaticallysearch for performancesensitivepro-
gram segmentsin a givencode, to which a customizedset
of optimizationcompileroptionscouldbeapplied.

In this paperweproposea methodfor automaticdetec-
tion of performancesensitiveprogram segmentsbasedon
program segmentsimilarity. First we createa proxy seg-
ment templatedatabasetrained over a set of randomin-
putprograms.Thecompileridenti�es programsegmentsby
correlating themto the pre-build proxy segmenttemplates
using the syntaxstructure and architecture-dependentbe-
havior similarity. We arguethat theidenti�ed programseg-
mentscanbecustomoptimizedto improvetheoverall pro-
gramperformance.

The methodis evaluatedon the Intel XScalePXA255
platformusingrandomlyselectedbenchmarks.Theexperi-
mentalresultsshowthatour methodcanprovideadditional
speedupsover thehighestoptimizationlevel in GCC3.3 (-
O3) for anarbitrary setof applications.

1 Intr oduction

The highestdefault optimizationlevel, suchas -O3 in
GCC, doesnot necessarilyproducethe bestperformance
speedupfor all application[2, 8,10, 12, 14]. Furtherperfor-
manceimprovementcouldbeachievedby carefullychoos-
ing optimizationoptionscustomizedto performancesensi-
tiveprogramsegments[3, 6].
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The key challengeis how to automaticallyidentify per-
formancesensitive programsegmentsto which customized
setof optimizationoptionscouldbeapplied.To addressthis
challengewe proposea machinelearningmethodfor auto-
mateddetectionof performancesensitiveprogramsegments
basedonprogramsegmentsimilarity.

Thestrategybehindourmethodis to pre-build adatabase
of proxy programsegmentstrained over a randomly se-
lectedsetof programsto �nd their optimizedset of opti-
mizations(OSO)1. A compilerdividesthe input program
into segmentsandcorrelatethemwith the proxy program
segmentsbasedon the similarity betweenthe processed
programsegmentsand the proxy programsegments. The
processedprogramsegmentsare then compiledusing the
OSOs of their correspondingproxy programsegments.

Thekernelof ourmethodis thesimilarity analysisof the
processedprogramsegmentsandthe pre-build proxy pro-
gramsegments.In this paper, we de�ne two typesof pro-
gram segmentsimilarity: syntaxstructuresimilarity, and
architecture-dependentbehavior similarity. Only the pro-
gramsegmentsthathavebothtypesof similarity to thepre-
build proxyprogramsegmentsareidenti�ed andcustomop-
timized.

The paper is organizedas follows: In Section2, we
presentthe methodfor creatingproxy segmenttemplates;
Section3 discussesidenti�cation of optimizationsensitive
programsegments;Section4 presentstheexperimentalre-
sults;Section5 describesrelatedwork. Finally, theconclu-
sionandthefuturework aredescribedin Section6.

1Compiledwith an optimizedset of optimizationoptions(OSO), a
programcanhave anadditionalperformancespeedupover thehighestde-
fault optimizationlevel of acompiler



2 Proxy SegmentTemplateCreation

This sectiondescribesthe creationof proxy segment
template.

A proxy segment templateconsistsof thoseprogram
segmentswhich have similar syntaxstructuresandsharea
uniqueOSO.

2.1 Program Segment Data Structure

Theproposedmethodcompletelyrelieson a staticanal-
ysisof aninput program.More precisely, we only consider
statementsyntaxstructuresand the numberof operations
(operandsandoperators).The datastructureusedfor rep-
resentingprogramstatementsandthecorrespondingopera-
tionsis shown in Figure1.

Figure 1. DataStructureusedfor RepresentingProgram
Segments

A doublelinked list with nodesis usedto representthe
input code. We call this structurethe program structure
stream representation(PSS) of an input program. The
nodeshave thefollowing properties:

� Eachnodecanrepresenteitherjust oneprogramseg-
ment,or two or moredifferentprogramsegmentsthat
sharethesameprogramstructure.

� Each node is accompaniedby a datastructureused
for storingtheinformationontherepresentedprogram
segment.

2.2 Syntax Structure similarit y Detection

De�nition 1 TwoprogramsegmentsS1 andS2 havesim-
ilar syntax structureif the numberof nodes,node types
andthenodeorderarethesamein bothprogramstructure
streamrepresentations.

Thealgorithmfor detectingsyntaxstructuresimilarpro-
gram segmentsinitially createsa pool of similar program

segment(SPS-pool). Eachelementin this pool consists
of a programstructurestreamrepresentationanda similar-
ity weight, which recordsthe numberof similar segments
foundduringthedetectionprocess.For eachtestedprogram
P, thealgorithmdetectssimilar programsegmentsthrough
thefollowing steps:

Step 1: ProgramP is simpli�ed into a set of marked
programsegmentsusingtheabove describedmethods.Let
usdenotethesetof programsegmentsasP = f P1, P2, ...,
Pn g;

Step 2: If the SPS-pool is empty, do a self matching
checkfor eachsegmentin P. If two segmentsare simi-
lar, randomlyremoveonesegmentfrom P andincreasethe
similarity weightof theremainingsegmentby 1. This step
continuesuntil no additionalsimilar segmentcanbefound.
P is thenstoredin theSPS-pool.

Step 3: For eachsegmentin P, checkif any nodese-
quencematchesany elementin theSPS-pool. Thismatch-
ing only checksfor the nodeorder, numberof nodesand
nodetype. If a matchis detected,a syntaxstructuresimi-
lar segmentis foundandthesimilarity weightvalueof the
matchedelementin theSPS-pool increments.Thesyntax
structuresimilar segmentis thenremovedfrom P. This it-
erativeprocess�nishes whennoadditionalsimilar segment
canbefound.Theremainingsegmentsin P, if any, areself
checkedandstoredin theSPS-pool.

The numberof elementsin the SPS-pool dependson
thenumberof analyzedsampleprograms.

The SPS-pool hasprogramsegmentsfor its elements.
Thesesegmentscan not be run independently, but rather
they needto betranslatedinto a compilerfriendly version,
by addingthe main function andthe standardsyntaxgar-
nishments.This ”formalized” versionis run andmeasured
on theunderlyingplatformto �nd theOSOs.

Not every measuredprogramhasan OSO. A trial and
error processis usedfor eachexaminedprogramin which
thenumberof assignmentstatementsandthenumberof op-
erations(operandsandoperators)is adjustedin eachassign-
mentstatement.If a correspondingOSO is not foundafter
10 iterations,theprogramis consideredto have no associ-
atedOSO.

2.3 Program Segment Template Formal-
ization

In ourmethod,aprocessedprogramsegmentdoesnotdi-
rectlycorrelatewith aproxysegmenttemplate.It correlates
with an intermediaterepresentationusingsyntaxstructure
similarity. This intermediaterepresentationis called pro-
gramsegmenttemplate.

A programsegmenttemplateconsistsof a ”pure” pro-
gramstructurestreamrepresentationandaweightsequence
of architecture-dependentbehaviors. The differencebe-
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tweenthepureprogramstructurestreamrepresentationand
therepresentativeprogramsegmentstructurestreamrepre-
sentationis that the former only storesthe informationon
node's type.

During theprogramsegmenttemplateformalization,we
usethesyntaxstructureskeletonof the representative pro-
gramsegmentto representall programsegmentsthathave
thesamesyntaxstructure.Eachprogramsegmenttemplate
is accompaniedwith aweightsequencewhichis de�nedas:

f ! 1, ! 2, � � �, ! n g

The n in the sequencerepresentsthe number of
compoundedstatementsthat appearin the template. A
compoundedstatementconsistsof a continuousassign-
mentstatements.Let l bethenumberof non-compounded
statementstructuresin the pattern,n = 2 � l � 1. ! i is a
pair of values.

Each pair of valuesdescribesa rangeof architecture-
dependentbehavior value (discussedin Section3) of the
correspondingcompoundedstatementin a programseg-
mentrepresentedby thetemplate.

De�nition 2 A programsegmenttemplatewith k ele-
mentsin its weightsequenceis calledak-element program
template.

De�nition 3 In ak–element programsegmenttemplate,
the instancefor which eachweight elementhasthe mini-
mumvalueis calledthe lower boundinstanceof this tem-
plate; the instancefor which eachweight elementhasthe
maximum value is called the upper bound instance; in-
stancesfor which eachweight elementhas an arbitrary
valuein therangeof [minimumvalue, maximumvalue] are
calledsibling instances.

In a k-element programsegment template,any pro-
gram segment representedby the template can have k
compoundedstatements.The i � th pair of valuesin the
weight sequenceof the templatedescribesthe minimum
valueandthemaximumvalueof thearchitecture-dependent
behaviors for thei � th compoundedstatement.

2.4 Creation of Pro xy Segment Templates

A proxysegmenttemplaterepresentsasubsetof all pro-
gramsegmentinstancesrepresentedby the corresponding
programsegment template. The minimal value and the
maximalvalueof thearchitecture-dependentbehavior in the
correspondingcompoundedstatementis determinedby the
correspondingpairof valuesin theweightsequenceassoci-
atedto eachproxysegmenttemplate.

The differencesbetweenproxy segmenttemplatesand
programsegmenttemplatesare:

� The weight sequenceof a proxy segmenttemplateis
a subrangeof theweightsequenceof a corresponding
programsegmenttemplate.

� Eachproxy segmenttemplatehasa uniqueOSO and
all instancesrepresentedby the proxy segment tem-
platesharethis OSO.

Thevaluerangeof theweightsequenceof a proxy seg-
ment templateis determinedthroughclustering. For each
programsegmenttemplate,theclusteringalgorithmgroups
all programsegmentinstancesthat sharethe sameOSO.
Theminimumweightvalueandthemaximumweightvalue
of thegroupedinstancesconsistof thecorrespondingpairof
valuesfound in theweight sequenceof theproxy segment
template.

The clusteringalgorithmis basedon the following hy-
pothesis:

Givena proxy segmenttemplate, if its lower boundin-
stanceand its upperboundinstancehavethe sameOSO,
anysibling instancewouldhavethesameOSO.

Basedon this hypothesis,the proposedclusteringalgo-
rithm dividestheinstancespaceof aprogramsegmenttem-
plateinto asetof subspaces.

The setthe clusteringcriterion so that the lower bound
instanceandthe upperboundinstancein a subspacehave
thesameOSO.

We have adoptedMeanValue methodto clusterthe in-
stancespaceof a programsegmenttemplateto createthe
proxy segment templates. The detail of our clustering
methodcanbereferencedin [6].

3 Identifying Optimization Sensitive Pro-
gram Segments

By building a proxy segmenttemplatedatabase,a com-
piler can automaticallyidentify the optimizationsensitive
programsegmentsin theprocessedcode.Theidenti�cation
mechanismis basedon 1) the syntaxstructuresimilarity,
and2) thearchitecture-dependentbehavior similarity.

Theapproachfor detectingthesyntaxstructuresimilar-
ity is presentedin Section2. In this section,we focuson
architecture-dependentbehavior similarity. We �rst exam-
ine the correlationbetweenarchitecture-dependentbehav-
iors andprogramsegments.Thenwe presenta quantitative
approachto transformthearchitecture-dependentbehaviors
of a programsegmentinto a weightsequence.Finally, we
presentanaddedcompilertechniquefor automaticidenti�-
cationof optimizationsensitiveprogramsegments.

3.1 Arc hitecture-Dep enden t Beha viors

In this paperwe focuson the correlationbetweenopti-
mizationsensitive programsegmentsandthe architecture-
dependentbehaviors. This correlationis bestanalyzedus-
ing a uniqueOSO asa criterion. Architecture-dependent
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behaviors aresolely basedon theoperationsfound in pro-
gramsegments.

Given an optimizationsensitive programsegmentSi =
f S1

i , S2
i , ..., Sm

i g, let B i = f B 1
i , B 2

i , ... B n
i g represent

the architecture-dependentbehaviors of Si , andOi repre-
sentthe OSO. The OSO correlationbetweenSi andB i

canbeexpressedby function� in thefollowing way:

� (Si , B i ) = Oi

Letususeaconcreteoptimizationsensitiveprogramseg-
mentto investigatethecorrelationbetweenthissegmentand
thearchitecture-dependentbehaviors.

Givenanoptimization-friendlyloop segmentL 0 asfol-
lows (it is manuallyexaminedto �nd anOSO):

for (i=var1, i<=var2; i++) {
S1;
S2;
......
Sn;

}

Si(i=1,...,n)is an assignmentstatement.Let us assume
theOSO is O. We randomlyduplicateSi in theloop body
andadjusttheoperandsandoperators(addor delete)found
in the statementsone by one, so that we can experiment
whenthesequenceO will changeduring this process.We
observed that the sameO will hold for several duplica-
tion/adjustionsteps.This experimentdisclosedthata num-
ber of differentinstancesof thesameprogramstructure(a
loop structurein our experiment)sharethesameOSO.

Fromthebeginninguntil thelaststep,for which theO is
valid in theduplication/adjustionprocess,theoriginal seg-
mentL 0 is transformedinto a seriesof new segmentsL 1,
L 2, ..., L last . Similarly, thearchitecture-dependentbehav-
iorsBL 0 aretransformedinto asetof BL 1 , BL 2 , ...,BL last .
For thesesegments,thefollowing equationholds:

� (L i , BL i ) = � (L j , BL j ) (0 � i; j � last andi 6= j )

Accordingto De�nition 1 givenin Section2.2,theseseg-
mentshavethesamesyntaxstructure.

Basedon theexperimentobservations,thearchitecture-
dependentbehavior similarity is de�ned as:

De�nition 4 Let B1 and B2 are two set of the
architecture-dependentbehaviors for programsegmentsS1

andS2, respectively, S1 andS2 have similar architecture-
dependentbehavior if:

� (S1, B1) = � (S2, B2)

The similar architecture-dependentbehavior program
segments have the following features: 1) they are
optimization-friendlyprogramsegments,2) they have sim-
ilar syntaxstructure,and3) they sharethesameOSO.

3.2 Quan tifying the Arc hitecture-
Dep enden t Beha viors

In this paper, we do not investigatehow a compilercan
speedupa programsegmentby fully utilizing thesetof the
architecture-dependentbehaviors. The reasonis that our
methodcapturesprogramsegmentsand relatesthem to a
setof proxy programsegments.Theseproxy programseg-
mentsaremanuallyselectedandexamined.Indeed,weonly
needto investigatethecorrelationbetweenacandidatepro-
gramsegmentanda proxy programsegmentbasedon the
architecture-dependentbehaviors. We trust thecompilerto
fairly processthe candidateprogramsegmentby the same
criteria usedin processingproxy programsegments.Sim-
ply said,a fair judgewill draw averdictguidedby thesame
criteriausedin theprevioussimilar cases.

We have addressedtheproblemof determiningthesyn-
tax structuresimilarity betweenprogramsegmentsin Sec-
tion 2. In thissectionweexplainhow to determinethattwo
programsegmentswith similar syntaxstructurealso have
similararchitecture-dependentbehavior.

To simplify the analysiswe will only focuson the fol-
lowing architecture-dependentbehaviors:

� Instructionlatency

� Memoryaccesslatency

� Registerset

� Datacacheandinstructioncache

Eachtype of architecture-dependentbehavior is trans-
lated into an integer value accordingto the architecture-
dependentcharacteristics.Table1 describesthecorrelation
betweenthe architecturecharacteristicsand the quanti�ed
values.

The analysisof programsegment syntax components
can estimatethe total integer value for eacharchitecture-
dependentbehavior. The translationof an architecture-
dependentbehavior into anintegernumberinvolvesthefol-
lowing steps:

� Estimatethe total instructionlatency in the program
segment. Assumeeachoperationin theprogramseg-
ment is transformedinto a relatedinstruction. Sim-
ply collectandclassifyall operationsandcalculatethe
total numberof instructions.The total numberof in-
structionlatenciesis calculatedusingthe architecture
characteristicslookuptable.

� Estimatethetotal numberof memoryaccesspointsin
theprogramsegment.We only look for theload/store
operands.A variableis treatedasa storeoperandif
it appearsin the left sideof an assignmentstatement.
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ArchitectureCharacteristics Quanti®edValue
Multiply (short) 3
Multiply (long) 6
Multiply-ADD (short) 3
Multiply-ADD (long) 6
Compare 1
Move 1
Arithmetic 1
Logical 1
Shift/rotate 1
Branch 1
Load 6
Store 6
RegisterSet 14
Datacache 8*1024+512(minidatacache)
Instructioncache 8*1024

Table 1. Intel XScale ArchitectureCharacteristicsand
Quanti®edValue

Otherwisethe variable is a load operand. If a vari-
ableappearsin theleft sideof severalassignmentstate-
mentsin theprogramsegment,it isonlycountedasone
storeoperation. Throughthe useof the architecture
characteristicstable,wecancalculatethetotalnumber
of memoryaccesslatenciesfor eachsegment.

� Estimatepossibleregisterallocationfor the operands
found in the segment. Assumen to be the number
of registers. The �rst n load variablesthat appear
more times than other variables,if they do not ap-
pearin theleft sideof assignmentstatements,they are
countedasloadoperations- the�rst time they appear.
That is, thesevariablesare assignedto the registers.
Thereforethe succeedingappearancesof thesevari-
ablesaretreatedasregistervariables.Weassumethere
is no latency for registervariables.Othervariablesare
still treatedasmemoryaccessoperandsnomatterhow
many timesthey appearin thecode.

� Estimatethe correlationbetweenthe total numberof
operations,the data cachesize, and the instruction
cachesize. Sincewe have estimatedthe total num-
berof instructionsandoperandsin aprogramsegment,
thenumberof instructionsof theprogramsegmentto
theinstructioncachesizeratio canbecalculated.The
samecanbe donefor the numberof operandsto the
datacachesizeratio.

Based on the above procedures,program segment
architecture-dependentbehaviors have been transformed
into integer values. The architecture-dependentbehavior

similarity of program segments is determinedbasedon
thesevalues.

3.3 Optimization Sensitiv e Program Seg-
men ts Detection

In this section, we describean automatedcompiler
techniquefor optimizationsensitive programsegmentsde-
tection basedon the pre-build proxy segment template
database.

To supportour method,the compiler's front-endneeds
to bemodi�ed so that thedetectionis executedin anauto-
matedfashion. An extra passis addedin the compiler to
transformthe input programinto programsegmentsusing
theprogramstructure streamrepresentationdatastructure.
For eachprogramsegment,themodi�ed compiler�rst does
syntaxstructuresimilarity analysisto determinewhichpro-
gramsegmenttemplaterepresentsthecurrentprogramseg-
ment.In thenext step,thearchitecture-dependentbehaviors
of this programsegmentare collectedand translatedinto
integerweightvaluesbasedon theweight sequenceof the
matchedprogramsegmenttemplate.Themodi�ed compiler
thensearchestheproxysegmenttemplatedatabasethatcor-
respondsto this templateusingaconcreteweightsequence.
If the programsegmentweight sequenceis a child of the
weightsequenceof aproxysegmenttemplate,thisprogram
segmentis consideredto bethematchanda�ag is setwhich
triggersthemodi�ed compilerto customoptimizethis pro-
gramsegment.

The modi�ed compiler identi�es optimizationsensitive
programsegmentsin two stages:

� Stage1: SyntaxStructureMatching and Weight Se-
quenceCreation

� Step2: ProxySegmentTemplateMatching

We usetwo strategies to checkfor the matchbetween
anidenti�ed programsegmentandtheproxy segmenttem-
plateusinga weightsequence:1) anprecise-match,and2)
a fuzzy-match.

In the precise-matchstrategy, the inherentarchitecture-
dependentbehaviors in eachsegment's statementareused
in the similarity comparison. The fuzzy-matchapproach
usesthe inherentarchitecture-dependentbehaviors of the
wholeprogramsegmentin thesimilarity comparison.

In the precise-matchstrategy, eachelementof the pro-
gramsegmentweightsequencemustbe in therangeof the
correspondingproxy template's weightsequence.This is a
very strict condition. The advantageof the precise-match
strategy is that it can�nd a trueproxy segmenttemplateif
the matchis successful.The shortcomingof this strategy
is that it needsa largeproxy segmenttemplatedatabasein
orderto covermajorityof theweightvaluescombinations.
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Thefuzzy-matchstrategy addsall elementsof theweight
sequenceinto a weightvalueanddeterminesif thisvalueis
in the rangeof the weight valueof a proxy segmenttem-
plate. Obviously, the prerequisiteis that, whencreatinga
proxy segmenttemplate,theweightsequenceof this proxy
segmenttemplatedeterioratesto asingleelement.

No matter how many optimization sensitive segments
canbe recognizedin the input code,the amplitudeof the
performanceimprovementdependson the following three
factors:

� A similar segmentrecognitionproceduremustbe ap-
plied afterall programtransformationsaredone,such
asfunctioninline, loop transformation,etc.

� A compiler supports ”region-based” optimization
mechanism. That is, a compiler repartitionscompi-
lation functioninto moreoptimizationandscheduling
friendly compilationunits.

� Theoptimizationsensitivesegmentsaretargeted”hot-
spots”.

4 Experiment

Our methodis applicableto any platform, and should
provideimprovedperformancefor arandomlychoseninput
C program.In this section,we evaluatethemethodon the
Intel embeddedXScalePXA255architecture.Thecreation
of theproxytemplatedatabaseis architecturedependentbut
it is doneonly once.

To con�g the experimentalplatform, we �rst createa
proxy segment templatedatabaseusing 20 randomlyse-
lectedsampleprogramsthat featurelarge fraction of loop
structures.Thereasonfor selectingthis typeof casesis that
thecurrentprogramsegmenttemplatesarecreatedfrom the
loop segments.Thenwe integratethis databaseinto GCC
3.3 compiler, modify the front-endof GCC 3.3 to identify
and record programsegmentsthat match the proxy seg-
ment templatedatabase,modify the back-endof GCC 3.3
to dynamicadjusttheoptimizationoptionsto theprogram
segments.Finally, we use30 programsfrom 4 benchmark
packages(CommBench,DSPkernelsuite,Mediabenchand
Mibench) to evaluate the similarity match rates, perfor-
mancespeedupandcompilationoverhead.

4.1 Pro xy Segment Template Database

Table2 shows the resultsafter the creationof the pro-
gramsegmenttemplatesfrom thesetof sampleprograms.
Using the programsegment templateformalizationalgo-
rithm, 17 different templatesarecreated.After analyzing
11mostfrequentlyrecognizedtemplates,we foundthat: 1)
11 programsegmenttemplatesappeared847 times in the

Nc : Numberof usedcases
Np : Numberof templatefound

Nc Np
Characteristicsof 11 templates

All Min Max Frequency

20 17 847 1 182
< 528,135,108,29,
10,1,18,10,6,1,1>

Table 2. ProgramSegmentTemplatesin theExperiment

Program
Segment
Template
Index

Numberof
Creating
Templates

Performance
Speedup(%)
Min Max

1 4 2 25
2 2 4 24
3 2 10 14
4 2 7 13
5 2 3 25
6 2 9 22
7 2 7 13
8 2 3 15
9 2 9 17
10 3 1 15
11 2 1 15

Table 3. Characteristicsof Pre-Build Proxy Segment
Templates

setof sampleprograms;2) theminimumnumberof recog-
nizedprogramsegmenttemplatesin the sampleprograms
is 1; and3) themaximumnumberof recognizedtemplates
is 182. The f requency �eld storesthenumberof appear-
ancesfor eachof the11 programsegmenttemplatesin the
setof sampleprograms.

Basedon the 11 programsegment templates,we cre-
ate 25 proxy segment templates. Table 3 gives the fea-
turesof theproxy segmenttemplatesderivedfrom thecor-
respondingprogramsegmenttemplateby theappliedmean
valueclusteringalgorithm.This tableshows thenumberof
proxy segmenttemplatesderived from eachprogramseg-
ment template. The performanceimprovement�eld gives
theminimalandthemaximalperformancespeedupoverthe
GCC-O3 amongtheproxy segmenttemplatesin eachpro-
gramsegmenttemplate.

4.2 Template Matc h Rate Evaluation

Basedonthepre-build proxysegmenttemplatedatabase,
we derive the matchratesfor the candidateprogramseg-
ments (matchesto the program segment templatesand
matchesto theproxysegmenttemplates).Table4 indicates
theresultsof thisanalysis.Thetotalof 3514candidatepro-
gram segmentswere detected,where594 of them match
programsegment templates. The match rate is 16.9%.
Amongthesematchedsegments,441and546segmentsare
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Template Numberof Program Proxy
Matching Candidate Segment Segments
Strategy Segments Template Matched

Precise-match 3514 594 441
Fuzzy-match 3514 594 516

Table 4. ProxySegmentTemplateMatchedRate

proxy segmenttemplatematchedwhenusing the precise-
matchstrategy and the fuzzy-matchstrategy, respectively.
Theproxysegmenttemplatematchratesare74%and87%,
respectively.

4.3 Performance Speedup Evaluation

Among 30 testedcasesoriginatingfrom 4 benchmarks,
thereare9 casesthatshow performancespeedupsover -O3
wheneitherstrategy is applied(the precise-matchstrategy
and the fuzzy-matchstrategy). Figure2 gives the perfor-
mancespeedupsand the compilation overheadsover the
default -O3 option among9 programsusing the precise-
matchstrategy and the fuzzy-matchstrategy, respectively.
Theaverageperformancespeedupis 1.13%and2.31%for
theprecise-matchstrategy andthefuzzy-matchstrategy, re-
spectively. Correspondingly, theaveragecompilationover-
headis 7.9%and5.07%for theprecise-matchstrategy and
the fuzzy-matchstrategy, respectively. Considerthe other
21 caseswhich show no performancespeedup,they still
consumeextra compilation time over -O3. The average
compilationoverheadfor all the 30 testingcasesis 6.21%
and 4.34% for the precise-matchstrategy and the fuzzy-
matchstrategy, respectively ( donot show in the�gure).

Figure 2. PerformanceSpeedup& Compilation Over-
headover GCC-O3

4.4 Analysis and Estimation

Basedontheexperimentalresults,thefuzzy-matchstrat-
egy shows better performancespeedupthan the precise-

matchstrategy, aswell asa higherproxy segmenttemplate
matchingrate. This meansthat the detectionof program
segment similarity is better if programsegmentscoarse-
grain architecturebehaviors are observed, insteadof the
�ne-grain.

On the otherhand,thereis no signi�cant performance
speedupobservedfor randomlyselectedprograms.Besides
the fact that the small fraction of segmentsare identi�ed
basedonourexperimentalproxysegmenttemplatedatabase
(notenoughproxytemplatesarecreated),wehaveto ignore
certainoptimizationopportunitiesin theGCCcompiler. We
arecontinuouslyworking on resolvingtheseproblemsand
hopeto improvetheresultsby enlarging theproxysegment
templatedatabase.

5 RelatedWork

Wu et al. [3] proposeda techniquefor an automated
searchfor optimizationoptions. It createsa databasefor
eachapplicationdomainby turningasetof kernelprograms
from this domain. The optimizedsetsof optimizationop-
tionsareusedto compiletheotherdomain-speci�cmatch-
ing programs.CavazosandO'Boyle [4] presentedanother
methodfor an automatedsearchfor optimizationoptions.
It focuseson method(function) level insteadof the whole
program.The matchingstrategy is basedon thesimilarity
of puremethodfeatures. What makesour methoddiffer-
ent is thatwe focuson a �ne-grain level programanalysis
throughprogramsegments. We narrow down the similar-
ity of programsegmentsto thesyntaxstructureandfurther
more we correlatethe segmentfeaturesto the underlying
architecturebehaviors.

Annavaram [11] andLau et al. [7] discussthecorrela-
tion betweenprogramsourcecodeandperformance.They
examinedthe useof codesignaturesobtainedthroughpe-
riodic samplingto predict performancefor databaseap-
plicationsand SPEC2000.Hosteet al. [1, 9] proposea
methodologyto predictprogramperformanceonany archi-
tecture.They measurethearchitecture-independentcharac-
teristicsof programsandthenrelatemeasuredinformation
to pre-pro�ledbenchmarks.In contrastto thesestudies,our
methodemploys a differentcriteria to determineprogram
similarity. Furthermore,ourmethodcanbeusednotonly to
identify similar programsegments,but alsoto direct com-
piler to generateacustomhighly optimizedsequenceof op-
timization options,which best�ts eachdetectedprogram
segment.

6 Conclusionand Future Work

We proposeanautomatedmethodfor performancesen-
sitive programsegmentsdetectionbasedon similarity be-
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tweenidenti�ed programsegmentsand the recordsstored
in apre-build proxysegmenttemplatedatabase.

We presenta mechanismfor a compiler automatically
to capturethe performance-sensitive programsegmentsin
arbitraryinput programsby theuseof syntaxstructureand
architecture-dependentbehavior similarity analysis.

We evaluatethe applicability and performanceof our
methodon Intel XScalePXA255platformby integratingit
into GCC3.3compiler. Theexperimentalresultsshow that
our methodcan provide additionalperformanceimprove-
mentover thehighestoptimizationlevel in GCC3.3 (-O3)
for anarbitrarysetof applications.

Several researchtopicsareraisedbasedon theobserva-
tionsandtheanalysisof theexperimentalresults.We focus
our ongoingwork onsomeof thoseobservations:

� Build apracticalproxy segmenttemplatedatabase.

� Developamoreaccurateproxysegmenttemplateclus-
teringalgorithm.

� Revise compiler so that it can fully support our
method.

� Testourapproachoveralargersetof randomlychosen
applications.
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