Automatic Program SegmentSimilarity Detectionin TargetedProgram
Performance Impr ovement

HaipingWu!, EunjungPark!, Mihailo Kaplarevict, YingpingZhang
MuratBolat!, XiaomingLi!, GuangR. Gad

lUniversityof Delavare

Dept. of ElectricalandComputerEngineering

Newark, DE 19716USA

2Intel Cooperation
Digital EnterpriseGroup
ChandleyAZ 85226USA

f hwu, epark kaplar murat,xli, ggag@ece.udel.edu ying.m.zhang@intel.com

Abstract

Targetedoptimizationof program segmentscan provide
an additional programspeedupver the highestdefaultop-
timizationlevel, sud as-O3in GCC.Thekey challengeis
howto automaticallysearch for performancesensitivepro-
gram sggmentsin a givencode to which a customizeset
of optimizationcompileroptionscouldbe applied.

In this paperwe proposea methodfor automaticdetec-
tion of performancesensitiveprogram segmentsbasedon
program segmentsimilarity. First we createa proxy sey-
menttemplatedatabasetrained over a setof randomin-
put programs.Thecompileridenti es programsegmentshy
correlating themto the pre-kuild proxy segmenttemplates
using the syntaxstructuie and architectue-dependenbe-
havior similarity. We arguethattheidenti ed programseg-
mentscan be customoptimizedto improve the overall pro-
gramperformance

The methodis evaluatedon the Intel XScalePXA255
platform usingrandomlyselectecbencimarks.Theexperi-
mentalresultsshowthat our methodcanprovide additional
speedupsver the highestoptimizationlevel in GCC3.3 (-
0O3)for anarbitrary setof applications.

1 Intr oduction

The highestdefault optimizationlevel, suchas-0O3 in
GCC, doesnot necessarilyproducethe bestperformance
speedugior all application[2, 8, 10, 12, 14]. Furtherperfor
manceimprovementcould be achieved by carefully choos-
ing optimizationoptionscustomizedo performancesensi-
tive programsegmentq3, 6].
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The key challengeis how to automaticallyidentify per
formancesensitve programsegmentsto which customized
setof optimizationoptionscouldbeapplied.To addresshis
challengewe proposea machinelearningmethodfor auto-
mateddetectiorof performanceaensitve programsegments
basedon programsegmentsimilarity.

Thestratgy behindourmethodsto pre-huild adatabase
of proxy programsegmentstrained over a randomly se-
lectedsetof programsto nd their optimizedset of opti-
mizations(OSO):. A compilerdividesthe input program
into segmentsand correlatethemwith the proxy program
segmentsbasedon the similarity betweenthe processed
programsegmentsand the proxy programsegments. The
processegrogramsegmentsare then compiled using the
OSOs of their correspondingproxy programsegments.

Thekernelof ourmethodis the similarity analysisof the
processegrogramseggmentsand the pre-huild proxy pro-
gramsegments. In this paper we de ne two typesof pro-
gram segmentsimilarity: syntaxstructuresimilarity, and
architecture-dependebehaior similarity. Only the pro-
gramsegmentshathave bothtypesof similarity to thepre-
build proxy programsegmentsareidenti ed andcustomop-
timized.

The paperis organizedas follows: In Section2, we
presentthe methodfor creatingproxy seggmenttemplates;
Section3 discussesdenti cation of optimizationsensitve
programsegments;Section4 presentghe experimentalre-
sults; Section5 describeselatedwork. Finally, the conclu-
sionandthefuturework aredescribedn Section6.

1Compiledwith an optimizedset of optimizationoptions(0SO), a
programcanhave anadditionalperformancespeedupver the highestde-
faultoptimizationlevel of acompiler



2 Proxy SegmentTemplate Creation

This sectiondescribesthe creationof proxy segment
template.

A proxy segmenttemplateconsistsof those program
segmentswhich have similar syntaxstructuresandsharea
uniqueOSO.

2.1 Program Segment Data Structure

The proposednethodcompletelyrelieson a staticanal-
ysisof aninput program.More precisely we only consider
statementsyntax structuresand the numberof operations
(operandsand operators).The datastructureusedfor rep-
resentingorogramstatementandthe correspondin@pera-
tionsis shavnin Figurel.

Figure 1. DataStructureusedfor RepresentingProgram
Segments

A doublelinked list with nodesis usedto representhe
input code. We call this structurethe program structue
stream representation(P SS) of an input program. The
nodeshave thefollowing properties:

Eachnodecanrepresentitherjust one programseg-
ment,or two or moredifferentprogramsegmentsthat
sharethe sameprogramstructure.

Eachnodeis accompaniedy a datastructureused
for storingtheinformationontherepresentegrogram
sggment.

2.2 Syntax Structure similarit y Detection

De nition 1 Two programsegmentsS; andS; havesim-
ilar syntaxstructureif the numberof nodes,node types
andthe nodeorderarethe samein both programstructure
streanmrepresentations.

Thealgorithmfor detectingsyntaxstructuresimilar pro-
gram sggmentsinitially createsa pool of similar program

segment(SP S-pool). Eachelementin this pool consists
of a programstructurestreamrepresentatioanda similar
ity weight, which recordsthe numberof similar sggments
foundduringthedetectiorprocessFor eachtestedorogram
P, thealgorithmdetectssimilar programsegmentsthrough
thefollowing steps:

Step 1: ProgramP is simpli ed into a setof marked
programseggmentsusingthe above describednethods.Let
usdenotethe setof programsegmentsasP =Py, Py, ...,
Pn g;

Step 2: If the SP S-pool is empty do a self matching
checkfor eachsggmentin P. If two segmentsare simi-
lar, randomlyremove onesegmentfrom P andincreasehe
similarity weightof the remainingsegmentby 1. This step
continuesuntil no additionalsimilar segmentcanbefound.
P is thenstoredin the SP S-pool.

Step 3: For eachsegmentin P, checkif any nodese-
guencematchesary elementn the SP S-pool. Thismatch-
ing only checksfor the nodeorder, numberof nodesand
nodetype. If a matchis detecteda syntaxstructuresimi-
lar segmentis found andthe similarity weightvalue of the
matchedelementin the SP S-pool increments.The syntax
structuresimilar sggmentis thenremovedfrom P. Thisiit-
eratve processnishes whenno additionalsimilar segment
canbefound. Theremainingsegmentsn P, if ary, areself
checledandstoredin the SP S-pool.

The numberof elementsin the SP S-pool dependson
thenumberof analyzedsampleprograms.

The SP S-pool hasprogramsegmentsfor its elements.
Thesesggmentscan not be run independentlybut rather
they needto betranslatednto a compilerfriendly version,
by addingthe main function andthe standardsyntaxgar
nishments.This "formalized” versionis run andmeasured
ontheunderlyingplatformto nd theOSOs.

Not every measuregrogramhasan OSO. A trial and
error processs usedfor eachexaminedprogramin which
thenumberof assignmenstatementandthenumberof op-
erationgoperandsindoperators)s adjustedn eachassign-
mentstatementlf a correspondin@ SO is not found after
10 iterations,the programis consideredo have no associ-
atedOSO.

2.3 Program Segment Template Formal-
ization

In ourmethodaprocessegrogramsegmentdoesnotdi-
rectly correlatewith aproxy segmenttemplate.lt correlates
with anintermediaterepresentatiomising syntaxstructure
similarity. This intermediaterepresentatiotis called pro-
gramsegmenttemplate.

A programseggmenttemplateconsistsof a "pure” pro-
gramstructurestreanrepresentatioandaweightsequence
of architecture-dependettehaiors. The differencebe-



tweenthe pureprogramstructurestreanrepresentatioand
the representatie programsegmentstructurestreanrepre-
sentationis thatthe former only storesthe informationon
nodestype.

During the programseggmenttemplateformalization,we
usethe syntaxstructureskeletonof the representatie pro-
gramsegmentto representll programsegmentsthat have
the samesyntaxstructure.Eachprogramsegmenttemplate
is accompanieavith aweightsequencevhichis de ned as:

Mg

The n in the sequencerepresentsthe number of
compounded statementghat appearin the template. A
compounded statementconsistsof a continuousassign-
mentstatementsLet | bethe numberof non-compounded
statemenstructuresn thepatternn = 2 | 1. !lisa
pair of values.

Each pair of valuesdescribesa rangeof architecture-
dependenbehaior value (discussedn Section3) of the
correspondingcompoundedstatementn a programsey-
mentrepresentetly thetemplate.

De nition 2 A programsggmenttemplatewith k ele-
mentsin its weightsequencés calledak-element program
template.

De nition 3In ak—element programsegmenttemplate,
the instancefor which eachweight elementhasthe mini-
mum valueis 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 maximumvalug are
calledsiblinginstances

In a k-element program segmenttemplate,arny pro-
gram sggment representediy the template can have k
compoundedstatements.The i th pair of valuesin the
weight sequenceof the templatedescribeshe minimum
valueandthe maximumvalueof thearchitecture-dependent
behaiorsfor thei th compoundedstatement.

frirn2

2.4 Creation of Proxy Segment Templates

A proxy segmenttemplaterepresenta subsebf all pro-
gram sggmentinstancegepresentedby the corresponding
programseggmenttemplate. The minimal value and the
maximalvalueof thearchitecture-dependebéhavior in the
correspondingompoundedstatemenis determinedy the
correspondingpair of valuesin theweightsequenceassoci-
atedto eachproxy sggmenttemplate.

The differencesbetweenproxy sggmenttemplatesand
programsggmenttemplatesare:

The weight sequencef a proxy sgmenttemplateis
a subrangef theweightsequencef a corresponding
programsegmenttemplate.

Eachproxy sgmenttemplatehasa uniqueOSO and
all instancesepresentedy the proxy segmenttem-
platesharethis OSO.

The valuerangeof the weight sequencef a proxy sey-
menttemplateis determinedhroughclustering. For each
programsegmenttemplate the clusteringalgorithmgroups
all programsegmentinstanceghat sharethe sameOSO.
Theminimumweightvalueandthemaximumweightvalue
of thegroupednstancegonsistof thecorrespondingair of
valuesfoundin the weight sequencef the proxy segment
template.

The clusteringalgorithmis basedon the following hy-
pothesis:

Givena proxy sgmenttemplate if its lower boundin-
stanceand its upperboundinstancehavethe sameOSO,
anysibling instancewouldhavethe sameOSO.

Basedon this hypothesisthe proposedlusteringalgo-
rithm dividestheinstancespaceof a programsegmenttem-
plateinto a setof subspaces.

The setthe clusteringcriterion so thatthe lower bound
instanceand the upperboundinstancein a subspacéave
thesameOSO.

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

3 ldentifying Optimization Sensitve Pro-
gram Segments

By building a proxy segmenttemplatedatabasea com-
piler can automaticallyidentify the optimizationsensitve
programsegmentsin theprocessedode.Theidenti cation
mechanismis basedon 1) the syntaxstructuresimilarity,
and?2) thearchitecture-dependebehaior similarity.

The approachHor detectingthe syntaxstructuresimilar-
ity is presentedn Section2. In this section,we focuson
architecture-dependebehaior similarity. We rst exam-
ine the correlationbetweenarchitecture-dependebeha-
iors andprogramsegments.Thenwe presenta quantitatve
approactio transformthearchitecture-dependebehaiors
of a programsegmentinto a weight sequenceFinally, we
presenanaddedcompilertechniquefor automatiddenti -
cationof optimizationsensitve programsegments.

3.1 Arc hitecture-Dep endent Behaviors

In this paperwe focuson the correlationbetweenopti-
mization sensitve programsegmentsand the architecture-
dependenbehaiors. This correlationis bestanalyzedus-
ing a uniqueOSO asa criterion. Architecture-dependent



behaiors are solely basedon the operationdoundin pro-
gramseggments.

Given an optimizationsensitve programseggmentsS; =
fSt, S?, ..., SMg, let B; =fB}, B2, ... B'g represent
the architecture-dependebehaiors of Sj, and O; repre-
sentthe OSO. The OSO correlationbetweenS; andB;
canbeexpressedy function in thefollowing way:

(Si,Bi)=0;

Letususeaconcreteoptimizationsensitve programsey-
mentto investigatahecorrelatiorbetweerthis segmentand
thearchitecture-dependebehaiors.

Given anoptimization-friendlyloop segmentL ¢ asfol-
lows (it is manuallyexaminedto nd anOSO):

for (i=varl, i<=var2; i++) {
S1;
S2;

Si(i=1,...,n)is an assignmenstatement.Let us assume
the OSO is O. We randomlyduplicateSi in theloop body
andadjustthe operandaindoperatorgaddor delete)found
in the statement®one by one, so that we can experiment
whenthe sequenc® will changeduring this process.We
obsened that the sameO will hold for several duplica-
tion/adjustionsteps.This experimentdisclosedhata num-
ber of differentinstancef the sameprogramstructure(a
loop structurein our experiment)sharethe sameOSO.

Fromthebeginninguntil thelaststep,for whichtheO is
valid in the duplication/adjustiorprocessthe original seg-
mentL g is transformednto a seriesof new seggmentsL 4,
Lo, ..., Liast - Similarly, the architecture-dependebeha-
iorsB , aretransformednto asetof B, ,,B,,....BL . -
For thesesegmentsthefollowing equatiorholds:

(Li,Br;)= (Lj,Br;)(O i;j lastandi 6 j)

Accordingto De nition 1 givenin Section2.2,thesesey-
mentshave the samesyntaxstructure.

Basedon the experimentobsenations,the architecture-
dependenbehaior similarity is de ned as:

De nition 4 Let B; and B, are two set of the
architecture-dependehbehaiors for programsegmentsS;
andS,, respectiely, S; andS, have similar architecture-
dependenbehaior if:

(S1,B1)= (S2,B2)

The similar architecture-dependeriehaior program
sgments have the following features: 1) they are
optimization-friendlyprogramsegments2) they have sim-
ilar syntaxstructureand3) they sharethe sameOSO.

3.2 Quantifying the Arc hitecture-

Dep endent Behaviors

In this paper we do not investigatehow a compilercan
speedum programsegmentby fully utilizing the setof the
architecture-dependeivehaiors. The reasonis that our
methodcapturesprogramseggmentsand relatesthemto a
setof proxy programsegments.Theseproxy programseg-
mentsaremanuallyselectechindexamined.Indeedwe only
needto investigatehe correlationbetweera candidatgro-
gramsegmentanda proxy programsegmentbasedon the
architecture-dependebehaviors. We trustthe compilerto
fairly procesghe candidateprogramsegmentby the same
criteriausedin processingproxy programsegments. Sim-
ply said,afair judgewill draw averdictguidedby thesame
criteriausedin the previoussimilar cases.

We have addressethe problemof determiningthe syn-
tax structuresimilarity betweenprogramsegmentsin Sec-
tion 2. In this sectionwe explain how to determinghattwo
programsegmentswith similar syntaxstructurealso have
similar architecture-dependebéhaior.

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

Instructionlateng
Memoryaccessateng
Ragisterset

Datacacheandinstructioncache

Eachtype of architecture-dependebehaior is trans-
lated into an integer value accordingto the architecture-
dependentharacteristicsTable1 describesghe correlation
betweenthe architecturecharacteristicand the quanti ed
values.

The analysisof program segment syntax components
can estimatethe total integer value for eacharchitecture-
dependentehaior. The translationof an architecture-
dependenbehaior into anintegernumberinvolvesthefol-
lowing steps:

Estimatethe total instructionlateng in the program
segment. Assumeeachoperationin the programsey-
mentis transformedinto a relatedinstruction. Sim-
ply collectandclassifyall operationsindcalculatethe
total numberof instructions. The total numberof in-
structionlatenciess calculatedusingthe architecture
characteristickookuptable.

Estimatethe total numberof memoryaccesgointsin
the programsegment. We only look for theload/store
operands.A variableis treatedas a store operandif
it appearsn the left sideof anassignmenstatement.



ArchitectureCharacteristics| Quanti®edvalue

Multiply (short) 3

Multiply (long)

Multiply-ADD (short)

Multiply-ADD (long)

Compare

Move

Arithmetic

Logical

Shift/rotate

Branch

Load

oo R R R PR FPlo|lw o

Store

RegisterSet 14

Datacache 8*1024+512(minidatacache)

Instructioncache 8*1024

Table 1. Intel XScale Architecture Characteristicsand
Quanti®edValue

Otherwisethe variableis a load operand. If a vari-

ableappearin theleft sideof severalassignmenstate-
mentsn theprogramsegment,it is only countedasone
storeoperation. Throughthe useof the architecture
characteristictable,we cancalculatethetotal number
of memoryaccesdatenciedor eachsegment.

Estimatepossibleregisterallocationfor the operands
found in the sggment. 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 assignmenstatementshey are
countedasloadoperations the rst timethey appear
Thatis, thesevariablesare assignedo the registers.
Thereforethe succeedingappearancesf thesevari-
ablesaretreatedasregistervariables We assumehere
is nolateng for registervariables.Othervariablesare
still treatedasmemoryacces®perandso matterhow
mary timesthey appeaiin the code.

Estimatethe correlationbetweenthe total numberof
operations,the data cachesize, and the instruction
cachesize. Sincewe have estimatedthe total num-
berof instructionsandoperandsn aprogramsegment,
the numberof instructionsof the programsegmentto
theinstructioncachesizeratio canbe calculated.The
samecan be donefor the numberof operandgo the
datacachesizeratio.

Based on the aborve procedures, program segment
architecture-dependertehaiors have been transformed
into integer values. The architecture-dependeivehaior

similarity of program segmentsis determinedbasedon
thesevalues.

3.3 Optimization  Sensitiv e Program Seg-
ments Detection

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

To supportour method,the compiler's front-endneeds
to bemodi ed sothatthe detectionis executedin an auto-
matedfashion. An extra passis addedin the compilerto
transformthe input programinto programsegmentsusing
the program structuse streamrepresentatiordatastructure.
For eachprogramsggmentthemodi ed compiler rst does
syntaxstructuresimilarity analysisto determinewhich pro-
gramsegmenttemplaterepresentshe currentprogramsey-
ment.In thenext step thearchitecture-dependebéhaiors
of this programsegmentare collectedand translatednto
integer weight valuesbasedon the weight sequencef the
matchegrogramsggmenttemplate Themodi ed compiler
thensearchethe proxy sgmenttemplatedatabas¢hatcor
respondso thistemplateusinga concretenveightsequence.
If the programsegmentweight sequences a child of the
weightsequencef a proxy segmenttemplatethis program
segmentis consideredo bethematchanda ag is setwhich
triggersthemodi ed compilerto customoptimizethis pro-
gramsegment.

The modi ed compileridenti es optimizationsensitve
programsegmentsin two stages:

Stagel: SyntaxStructureMatching and Weight Se-
guenceCreation

Step2: Proxy SggmentTemplateMatching

We usetwo stratgiesto checkfor the matchbetween
anidenti ed programsegmentandthe proxy sggmenttem-
plateusinga weightsequencel) an precise-matchand?2)
afuzzy-match.

In the precise-matclstratayy, the inherentarchitecture-
dependenbehaiors in eachsegments statemenare used
in the similarity comparison. The fuzzy-matchapproach
usesthe inherentarchitecture-dependebehaiors of the
wholeprogramseggmentin the similarity comparison.

In the precise-matclstratgy, eachelementof the pro-
gramseggmentweightsequencenustbein the rangeof the
correspondingproxy templates weightsequenceThis is a
very strict condition. The advantageof the precise-match
stratgy is thatit can nd atrue proxy segmenttemplateif
the matchis successful. The shortcomingof this stratey
is thatit needsa large proxy segmenttemplatedatabasén
orderto cover majority of theweightvaluescombinations.



Thefuzzy-matclstrateyy addsall elementof theweight
sequencéto aweightvalueanddeterminesf thisvalueis
in the rangeof the weight value of a proxy sggmenttem-
plate. Obviously, the prerequisitds that, whencreatinga
proxy segmenttemplate the weight sequencef this proxy
segmenttemplatedeteriorate$o a singleelement.

No matterhow mary optimization sensitve seggments
canbe recognizedn the input code,the amplitudeof the
performancdamprovementdependson the following three
factors:

A similar sgmentrecognitionproceduremustbe ap-
plied afterall programtransformationsredone,such
asfunctioninline, loop transformationetc.

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

Theoptimizationsensitve sggmentsaretargeted’hot-
spots”.

4 Experiment

Our methodis applicableto ary platform, and should
provideimprovedperformancdor arandomlychoserinput
C program. In this section,we evaluatethe methodon the
Intel embeddecKScalePXA255architecture The creation
of theproxytemplatedatabasés architecturelependenbut
it is doneonly once.

To con g the experimentalplatform, we rst createa
proxy segmenttemplatedatabaseusing 20 randomly se-
lectedsampleprogramsthat featurelarge fraction of loop
structuresThereasorfor selectinghistypeof casess that
thecurrentprogramseggmenttemplatesarecreatedrom the
loop sgments. Thenwe integratethis databasénto GCC
3.3 compiler modify the front-endof GCC 3.3 to identify
and record program segmentsthat match the proxy seg-
menttemplatedatabasemodify the back-endof GCC 3.3
to dynamicadjustthe optimizationoptionsto the program
segments.Finally, we use30 programsfrom 4 benchmark
package¢CommBenchDSPkernelsuite,Mediabencland
Mibench) to evaluatethe similarity match rates, perfor
mancespeedumndcompilationoverhead.

4.1 Proxy Segment Template Database

Table 2 shaws the resultsafter the creationof the pro-
gramsegmenttemplatedrom the setof sampleprograms.
Using the programsegmenttemplateformalization algo-
rithm, 17 differenttemplatesare created. After analyzing
11 mostfrequentlyrecognizedemplatesyve foundthat: 1)
11 programsegmenttemplatesappeared47 timesin the

N¢: Numberof usedcases
Np: Numberof templatefound

N N Characteristicef 11 templates

¢ P All [ Min | Max Frequeny
<528,135,108,29

20 17 847 | 1 182 1011810614

Table 2. ProgramSegmentTemplatesn the Experiment

Program || Numberof || Performance
Segment || Creating Speedup(%)
Template || Templates || Min | Max
mdeg 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) the minimum numberof recog-
nized programsegmenttemplatesin the sampleprograms
is 1; and3) the maximumnumberof recognizedemplates
is 182. Thef requency eld storesthe numberof appear

ancedor eachof the 11 programsegmenttemplatesn the

setof sampleprograms.

Basedon the 11 programsegmenttemplates,we cre-
ate 25 proxy segmenttemplates. Table 3 gives the fea-
turesof the proxy sgmenttemplatesierivedfrom the cor
respondingprogramsegmenttemplateby the appliedmean
valueclusteringalgorithm. This tableshawvs the numberof
proxy segmenttemplatesderived from eachprogramseg-
menttemplate. The performanceamprovement eld gives
theminimalandthemaximalperformancepeedupverthe
GCC-03 amongthe proxy sggmenttemplatesn eachpro-
gramsegmenttemplate.

4.2 Template Matc h Rate Evaluation

Basedonthepre-huild proxy segmenttemplatedatabase,
we derive the matchratesfor the candidateprogramseg-
ments (matchesto the program segment templatesand
matchego the proxy segmenttemplates) Table4 indicates
theresultsof this analysis.Thetotal of 3514candidatepro-
gram sggmentswere detected where 594 of them match
program segment templates. The matchrate is 16.9%.
Amongthesematchedsgments441land546sggmentsare



Template Numberof | Program Proxy

Matching Candidate| Segment | Segments

Stratgy Sgyments | Template| Matched
Precise-matct} 3514 594 441
Fuzzy-match 3514 594 516

Table 4. Proxy SegmentTemplateMatchedRate

proxy segmenttemplatematchedwhen usingthe precise-
matchstratgy andthe fuzzy-matchstratgy, respectiely.

The proxy sggmenttemplatematchratesare74%and87%,
respectiely.

4.3 Performance Speedup Evaluation

Among 30 testedcasesriginatingfrom 4 benchmarks,
thereare9 caseghatshowv performancespeedupsver-03
wheneitherstrat@y is applied(the precise-matclstrateyy
andthe fuzzy-matchstrateyy). Figure2 givesthe perfor
mancespeedupsand the compilation overheadsover the
default -O3 option among9 programsusing the precise-
matchstratgy andthe fuzzy-matchstratgy, respectiely.
The averageperformancespeedups 1.13%and2.31%for
theprecise-matcltratgy andthefuzzy-matchstrateyy, re-
spectvely. Correspondinglythe averagecompilationover-
headis 7.9%and5.07%for the precise-matcistratgyy and
the fuzzy-matchstratey, respectrely. Considerthe other
21 caseswhich shav no performancespeedupthey still
consumeextra compilationtime over -O3. The average
compilationoverheadfor all the 30 testingcasess 6.21%
and 4.34% for the precise-matclstratgy and the fuzzy-
matchstratayy, respectiely ( do notshav in the gure).

Figure 2. PerformanceSpeedup& Compilation Over-
headover GCC-03

4.4 Analysis and Estimation

Basedontheexperimentatresults thefuzzy-matchstrat-
egy shaws better performancespeedupthan the precise-

matchstrateyy, aswell asa higherproxy sgmenttemplate
matchingrate. This meansthat the detectionof program
segment similarity is betterif programsegmentscoarse-
grain architecturebehaiors are obsened, insteadof the
ne-grain.

On the otherhand, thereis no signi cant performance
speedumbsenedfor randomlyselectegorogramsBesides
the fact that the small fraction of segmentsare identi ed
basednourexperimentaproxy sggmenttemplatedatabase
(notenoughproxytemplatesrecreated)we haveto ignore
certainoptimizationopportunitiesn the GCCcompiler We
arecontinuouslyworking on resolvingtheseproblemsand
hopeto improvetheresultsby enlaging the proxy segment
templatedatabase.

5 RelatedWork

Wu et al. [3] proposeda techniquefor an automated
searchfor optimizationoptions. It createsa databasdor
eachapplicationdomainby turningasetof kernelprograms
from this domain. The optimizedsetsof optimizationop-
tionsareusedto compilethe otherdomain-speci cmatch-
ing programs.CavazosandO'Boyle [4] presentednother
methodfor an automatedsearchfor optimizationoptions.
It focuseson method(function) level insteadof the whole
program. The matchingstrateyy is basedon the similarity
of pure methodfeatures. What makes our methoddiffer-
entis thatwe focuson a ne-grain level programanalysis
throughprogramsegments. We narrov down the similar
ity of programsegmentsto the syntaxstructureandfurther
more we correlatethe segmentfeaturesto the underlying
architectureébehaiors.

Annavaram [11] andLau et al. [7] discussthe correla-
tion betweerprogramsourcecodeand performance They
examinedthe useof codesignaturesobtainedthroughpe-
riodic samplingto predict performancefor databaseap-
plicationsand SPEC2000. Hosteet al. [1, 9] proposea
methodologyto predictprogramperformancen ary archi-
tecture.They measureahearchitecture-independeabarac-
teristicsof programsandthenrelatemeasurednformation
to pre-pro led benchmarksln contrasto thesestudiespur
methodemploys a differentcriteriato determineprogram
similarity. Furthermorepur methodcanbeusednotonly to
identify similar programsegments but alsoto direct com-
piler to generate customhighly optimizedsequencef op-
timization options,which best ts eachdetectedprogram
segment.

6 Conclusionand Future Work

We proposean automatednethodfor performancesen-
sitive programsegmentsdetectionbasedon similarity be-



tweenidenti ed programsegmentsand the recordsstored
in apre-luild proxy sggmenttemplatedatabase.

We presenta mechanisnfor a compiler automatically
to capturethe performance-sensite programsegmentsin
arbitraryinput programsby the useof syntaxstructureand
architecture-dependehehaior similarity analysis.

We evaluatethe applicability and performanceof our
methodon Intel XScalePXA255 platform by integratingit
into GCC 3.3 compiler Theexperimentakesultsshav that
our methodcan provide additional performancemprove-
mentover the highestoptimizationlevel in GCC 3.3 (-O3)
for anarbitrarysetof applications.

Severalresearchopicsareraisedbasedon the obsena-
tionsandtheanalysisof the experimentakresults.We focus
our ongoingwork on someof thoseobsenations:

Build a practicalproxy sggmenttemplatedatabase.

Developamoreaccuratgroxy segmenttemplateclus-
teringalgorithm.

Revise compiler so that it can fully support our
method.

Testourapproachoveralargersetof randomlychosen
applications.
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