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Abstract

Thehighestoptimizationlevel of a compiler, suchas-O3 in GCC,doesnot ensurethebestperformance
for every application. Rather, a setof carefully tailoredcompileroptionsis more likely to achieve an ad-
ditional performanceimprovementfor mostprograms.Furthermore,within the sameprogram,somecode
segmentsmay run fasterwhenindividually tunedcompileroptionsareapplied. The goal is to explore and
usethepotentialof theseoptionsin orderto gainanadditionalprogramperformanceimprovement.Themain
challengein reachingthis goal is: Givenan arbitrary program, how to identify and processsuch program
segmentsthatmaybene�t fromindividually tunedcompileroptions?

In this paper, we proposea methodologythat automaticallyidenti�es programsegmentsthat may be
positively affectedby individual option tuning, and determinesthe bestcompiler optimizationoptionsfor
suchsegments.Theconceptbehindour methodologyis basedon the following observations:1) A program
canbedividedinto segmentswhichsharesimilar programstructure;2) A largenumberof programsegments
aredifferentinstancesof thesameprogramstructure;3) A groupof differentinstancesof thesameprogram
structuresharesthesameoptimized1 sequenceof optimizationoptions;4)A compilercanbeeasilymodi�ed to
identify performance-sensitiveprogramsegmentsandto applycustomizedsequenceof optimizationoptions
to suchsegments,and5) A signi�cant performancegain canbe achieved by usingonly a small numberof
programfeaturesrecognizedandtreatedby theproposedmethodology.

Our methodologydescribesan automatedmechanismfor of�ine dynamicprogramsegment-basedcom-
piler optimizationselection.It automaticallyidenti�es programsegmentsthatcouldbefurtheroptimized,and
appliesa customizedsequenceof optimizationoptionsto eachof suchprogramsegments.

WehaveimplementedthismethodologyoverastandardGCCcompilerontwo experimentaltestbeds:Intel
XScalePXA255andIntel Pentium4 platform. Preliminaryexperimentalresultsshow that,comparedto the
highestoptimizationlevel in GCC, our methodologysigni�cantly improvesapplicationsperformanceover
a wide selectionof benchmarks,including SPEC2000andMediaBenchon the two experimentaltestbeds.
The averagespeedupis 6.0% on PXA255, and8.1% on Pentium4. Furthermore,our approachimproves
performancefor 33 programsfrom a total of 42 in 4 benchmarkson PXA255,and34 programsfrom a total
of 49 in 5 benchmarksonPentium4 respectively.

Theperformancegainsachievedby our approachdo not appearto beaffectedby differentinput program
size,asobservedin theexperimentsdiscussedin this article.

1Termoptimizedis usedto indicateanadditionalperformanceimprovementover thehighestoptimizationlevel of compiler.
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1 Intr oduction

It hasbeenknown thateventhehighestoptimizationlevel of acompiler, suchas-O3in GCC,will notnecessarily
producethebestperformancefor every application.A signi®cantpotentialfor performancegainsexists,which
couldbeexploitedby carefullychoosingoptimizationoptionscustomizedto aparticularpieceof code.

In orderto take full advantageof customselectedcompileroptimizationoptions,thefollowing questionhas
to beaddressed:

Givenan arbitrary program,howto identifyandprocesssuch programsegmentsthat maybene�t fromindi-
vidually tunedcompileroptions?

Ideally, if a compilerdid not applya ®xedsequenceof optimizationoptionsto thewholeprogram,it would
bepossibleto identify performancesensitive segmentsin thecodewhereacustomizedsequenceof optimization
optionscouldbeapplied,leadingto aperformanceimprovement.A performanceimprovementof eachprogram
segmentwould contribute to the®nal performanceimprovementachieved for thewholeprogram.A numberof
toolsandstudieshave beendevelopedon how to optimizecompileroptions [1, 3, 5, 7, 9, 11, 12, 15, 16].

However, to theauthors'bestknowledge,nomethodhasbeenproposed,whichcanbeuniversallyappliedto
anarbitraryapplication.

This paperdescribeswhatwe believe is a solutionto this problem,anda comprehensive studythat leadto
this solution.We®rst give themotivationfor thestudyby experimentallyinvestigatingtherelationshipbetween
programsegmentsandvariousoptimizationoptions.

Givena loopsegmentL asfollows:

for (i==var1, i<=var2; i++) {
A1;
A2;
......
An;

}

WhereAi(i=1,...,n) is an assignmentstatement.In the ®rst stepof the experimentwe try to ®nd an optimized
sequenceof optimizationoptions.Wesetn=1andcustomizeA1 until anoptimizedsequenceSis found.Thenwe
addmorestatementsin theloopbodyoneby oneto seewhenthesequenceSwill respondto thestatementadding
process.WeobservedthatthesameSholdsfor severalsteps.Thisexperimentalstepexploresanobservationthat
if thenumberof statementsin theloop bodybelongsto a certainrange,they sharethesameoptimizedsequence
of optimizationoptions.Basedon thelaststatementaddingstepfor which thesequenceS is valid, we continue
the experimentby randomlyadjustingthe operandsandoperators(addor delete)found in the statements.As
predicted,thesamesequenceS is valid for a largenumberof adjustments.This experimentalsteprevealsthata
numberof differentinstancesof thesameprogramstructure(a loop structurein this experiment)sharethesame
optimizedsequenceof optimizationoptions.

Thefollowing aretheobservationsmadefrom theabove experiment:
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� Observation 1: A programcanbedividedinto segmentseachof whichrepresentsaninstanceof someset
of programstructures(SeeSection 5.1);

� Observation 2: A largenumberof programsegmentsaredifferentinstancesof thesameprogrampattern
(SeeSection 5.3);

� Observation 3: A groupof differentinstancesof thesameprogramstructuresharesthesameoptimized
sequenceof optimizationoptions(SeeSection 5.4).

Basedon ourempiricalknowledgein compilerdevelopment,wepresenttwo moreobservations:

� Observation 4: Most compilerscanbe modi®edeasily to identify performance-sensitive programseg-
mentsandapply customizedsequenceof optimizationoptionsto thoseidenti®edsegments(SeeSection
6);

� Observation 5: Only asmallnumberof programfeaturesrecognizedin theminingprocessis suf®cientto
achieve signi®cantperformancegains(SeeSection 7.2).

Motivatedby theseobservations,weproposeanew empiricalmethodologyfor automaticexplorationof com-
piler optimizationoptionsfor programsegmentsin an arbitraryapplication,which we call ProgramSegment-
basedOptimizationSearch(Program-SOSor SOS) Methodology. This Methodologydescribesan automated
mechanismof of�ine dynamicprogramsegment-basedcompileroptimizationselection.It automaticallyidenti-
®esprogramsegmentsthatcouldbefurtheroptimized,andappliescustomizedsequenceof optimizationoptions
to eachof theidenti®edprogramsegments.

Themaincontributionsof Pr ogr am-SOS Methodologyto the®eld of compileroptionsoptimizationare:

� We have built a platform-independent patterndatabasebasedon theanalysisof a largesetof empirically
selectedsampleprograms.Similar programsegmentsarecollectedvia patterncreatingtechnique.These
segmentsaremeasuredandsomeof themareremoved if thereis no optimizedsequenceof optimization
optionsthataffect them. Eachremainingsegmentis thentransformedinto a pattern, andeachpatternsis
storedinto thepatterndatabase.

� We have built a platform-dependenttemplatedatabase.A clusteringalgorithmis appliedto clusterthe
instancespaceof eachpatterninto asetof subspaces(templates) undertheconditionthatall theinstances
in thesamesubspacesharethesameoptimizedsequenceof optimizationoptions;

� Wehave enhancedtheGCCcompilerby embeddingthepattern/templatedatabaseanda templateidenti®-
cationtool. For aninputprogramP, theidenti®cationtool capturesandrecordsasetof programsegments
in P by matchingthemstructurallyagainsttherecordsin thepatterndatabase.Thesetof identi®edseg-
mentsis furtherreducedby the®lteringprocesswherethecontentsof thecandidatesegmentsarecompared
to theprede®ned”features”containedin thecorrespondingtemplate.Eachremainingsegmentmatchesa
concretetemplatein thetemplatedatabase.

� We have revisedtheoriginal compilercodeto applythetemplatecustomizedoptimizedsequenceof opti-
mizationoptionsto theprogramsegmentthatis recognizedto matchthis template.

2



WehaveimplementedtheProgram-SOSMethodologyover theGCContwo experimentaltestbeds:Intel XS-
calePXA255andIntel Pentium4 platform. Comparedto thehighestoptimizationlevel in GCC,our approach
signi®cantlyimprovesperformanceoverawideselectionof benchmarks,includingSPEC2000andMediaBench
on the two experimentaltestbeds.Theaveragespeedupis 6.0%on PXA255,and8.1%on Pentium4. Further-
more,ourapproachimprovesperformancefor 33 programsfrom a total of 42 in 4 benchmarkson PXA255,and
34 programsfrom a total of 49 in 5 benchmarkson Pentium4 respectively. The performancegainsachieved
by our approachdo not appearto beaffectedby differentinput programsize,asevidencedby theexperiments
discussedin thisarticle.

Theremainingsectionsof thispaperareorganizedasfollows. We®rst summarizerelatedwork in Section2.
Thenwe outline the infrastructureof our methodologyin Section3. Section4 talksaboutthechallengesasso-
ciatedto searchfor optimizedsequencesof optimizationoptions. In Section5, we discussmethodsandtools
usedin detectingsimilar programsegments,formalizingpatternabstractrepresentationsandclusteringpattern
instancesinto templates.In Section6, we discussmethodsfor identifying andrecordingtheprogramtemplates
andtheprogramsegment-basedoptimizationprocess.Experimentalresultsaregiven in Section7. Finally, the
conclusionsandfuturework aredescribedin Section8.

2 RelatedWork

TheMethodologydescribedin this paperis focusedon thefollowing threeareas:1) programsourcemanipula-
tion, 2) patterninstanceclusteringand,3) optimizationoptionselection.

Kontogianniset al. [6] developedcode-to-codematchingtechniquesfor detectingcodeclonesandfor mea-
suring the similarity distancebetweentwo programsegments. They usedabstractsyntaxtree (AST) as the
programrepresentationscheme.Baxteretet al. [4] usedstandardparseanalysistechniquesto detectexact and
nearmissclonesover arbitraryprogramsegmentsin programsourcecodeby transformingsourcecodeinto an
AST. Ducasswet al. [13] usedsimpleline-basedstringmatchingto detectduplicatedcode. Lee andHall [14]
developeda tool (CodeIsolator)to extract ”hot spot” programsegmentsfrom large scienti®capplicationsand
targetstuningspeciallyon theisolatedsegments.

In contrastto thesestudies,ourprogramdetectionmethodoperatesin termsof programstructure.Thesource
codeis transformedinto a programstructurestreamrepresentationandeachprogramstructureis associatedto
a weight vector. We de®nesimilarity betweentwo programsegmentsbasedon their structuresimilarity and
throughthedistancebetweentheirweightvectors.

Almagoretal. [7] describedanexperimentalstudyof compileroptimizationsequencesin aprototypeadaptive
compilerdesignedfor theSPARC architecture.Thepaperpresentsvariousalgorithmsfor determiningtheeffective
orderingof compileroptimizations.This approachrequiresa customcompilerwhich supportschangingorders
of optimizationoptions.Our approachcanbeappliedto anarbitrarycompileranddoesnot changetheinternal
orderof optimizations.

Chow andWu [5] usedafractionalfactorialdesignmethodologyto decidewhichcompileroptionsshouldbe
usedfor agivenapplication.

Cooperet al. [1, 7] usedGeneticAlgorithmsto ®nd anoptimalsequenceof optimizations.Panet al. [15]
presentedtheapproachthatdoesnot changecompilerinternalstructure.This groupproposesthreealgorithms
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aimedat ®nding compiler optimizationswith a positive effect. The proposedalgorithmsselectfrom the 38
optimizationsusedin theGCC-O3option.However, thisapproachdoesnotconsidertheeffectof any individual
option.Moreover, they alsodo notexamineinteractionsbetweenindividual options.

Hanedaet al. [8, 9] usedanOrthogonalArray to determinetheeffect of optimizationoptions.In contrastto
thealgorithmdescribedin [9], ouralgorithmemploys a differentclassi®cationof compileroptionsandsearches
for asetof optimizedsequencesof optimizationoptions.

Hammeret al. [2, 10] presentedmethodof usingLogical Analysisof Datato detectstructuralinformation
aboutdataset.It looks to clusterareasof vectorspaceby creatingbooleancriteria. In contrastto the method
proposedin [2], we usea methodof meanvectorweightvaluesto clustersimilar programsegmentsinto tem-
plates.Theclusteringfactoris basedon thesimilarity of optimizationsequence,which is a uniquepropertyof
ourMethodology.

3 Program-SOS MethodologyOverview

Thissectionpresentsacomponentview of thePr ogr am-SOS Methodology.

3.1 Program-SOS Infrastructur e

ThePr ogr am-SOS Methodologyconsistsof threecomponents,asshown in Figure1. ComponentP1 is com-
posedof a groupof sampleprograms,a programtransformationtool, similar programsegmentdetectiontool,
anda patternformalizationtool. Thesampleprogramsarerandomlychosenfrom realworld applications.They
areusedin Pr ogr am-SOS to drive our pre-build patterndatabase.ComponentP2 consistsof patterninstance
analysisandclusteringalgorithms.In this component,patterninstancesareclusteredandthe templatesareex-
tractedfrom someof theclusters.This componentalsocreatesour pre-build templatedatabase.ComponentP3

consistsof templateidenti®cationtools,which identify, recordandoptimizethoseprogramsegmentsthatmatch
thepre-build templates.This componentis integratedinto thecompiler.

3.2 The Working Principle of the Program-SOS Methodology

ComponentP1 andComponentP2 areone-size-®ts-allpartsin thePr ogr am-SOS Methodology. Component
P1's responsibilityis to ®ndasetof similarprogramsegments,to measurethesesegmentsusingtheoptionsearch
algorithmandto formalizethesesegmentsinto asetof patterns.Eachof thesampleprogramsis ®rst transformed
into aprogramstructurestreamrepresentationby theprogramtransformationtool. Theprogramstructurestream
representationof a programis fed into a similar programsegmentdetectiontool. The tool capturessimilar
segmentsandstorestheminto aninternalpoolof similarprogramsegments(SPS-pool). After all of thesample
programsareprocessed,theSPS-pool storesall similarprogramsegmentsthathave beendetected.

The similar programsegment,which hasan optimizedsequenceof optimizationoptions,is storedinto the
patterncandidatepool. Thepatternformalizationtool transformseachelementin thepatterncandidatepool into
apatternrepresentation.
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Figure1: Infrastructureof thePr ogr am-SOS Methodology

ComponentP2 createstemplatesfor eachpatterngeneratedin theComponentP1. A setof empiricallower
boundsandupperboundsis set for eachpatternto limit the rangeof its instances.Basedon the setof lower
boundsandupperbounds,aclusteringalgorithmis usedto clusterall theinstancesof apatternand®nd aunique
optimizedsequenceof optimizationoptionsfor eachcluster. Eachclusterwith anexisting optimizedsequence
of optimizationoptionsis transformedinto anabstractform of a template.

ComponentP3 relieson theunderlyingcompilerthat integratesthePr ogr am-SOS Methodology. A tem-
plateidenti®cationtool workson anintermediaterepresentationof a program,capturesandrecordstheprogram
segmentwhich matchesoneof the templatesgeneratedin the ComponentP2. In the optimizationphase,the
compilerusesacustomizedsequencesof optimizationoptionsfor thetemplatematchedprogramsegments.

4 Searching for the Optimized Sequencesof Optimization Options

This sectiondescribesthe algorithm we useto searchfor an optimizedsequencesof compiler optimization
options(OSOs).

If anOSO is found,theprogramsubjectto analysiscangetadditionalperformanceimprovementif compiled
usingthis setof options.Additional performanceimprovementmeansimprovementsin speedand/orcodesize
whencomparedto the baseline versioncompiledusingthe highestoptimizationlevel of the compiler. Those
sequencesof optimizationoptionsthatunderperformthebaseline arediscarded.Thesequencesof optionsthat
make theperformanceresultsbetterthanthebaseline performancebecomeOSOs.
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Our OSO searchalgorithmis basedon themethodproposedin thepaper[9]. In contrastto thealgorithm
describedin [9], our algorithmemploys a differentclassi®cationof compileroptionsandsearchesfor a setof
optimizedsequencesof optimizationoptions.

We implementthe algorithm over the GCC's ”chassis”. The optimizationoptionssuppliedby the GCC
compilerareclassi®edinto threesets:basicoptimizationoptionsB , global optimizationoptionsG, andlocal
optimizationoptionsL . WechooseB [ G asadefaultsequenceof thesearchingalgorithm.Theoptionsin B [ G
arealwaysactive duringtheOSO searchprocess.

Our algorithmonly considersthesearchingspaceof optimizationoptionscreatedby L , becauseglobalopti-
mizationoptionsforcethecompilerto dealwith thewholefunctioninsteadof just thecodesegments.Consider-
ing G optimizationsin our methodologywould call for a complex analysisof thecompiler. Hence,we treatthe
G asadefault sequence.ThelocaloptimizationoptionsL arealsocalledOSO-candidate options.

TheOSO searchalgorithmcanbedescribedthroughthefollowing threesteps.

Step1: Finding Maximal Subsequencesof Positively Interacting Options

In this stepthe algorithm®ndssubsequencesof optimizationoptions,which positively interactwith each
other. Thealgorithmstartsby enablingsingleoptionsandby extendingthesubsequencesbasedon their perfor-
manceandinteraction.Thesesubsequencesareincludedinto thesequencesetC.

De�nition 1 The set Ck representsthe sequencesof positively interactingoptions,wherek optionsare
switchedon in eachsequence.

De�nition 2 The setL i is the setof individual optionsthat do not appearin the elementsof C1; :::; Ci � 1

(2 � i � n).

ThesetC1 is constructedby testingsingleoptionsof L for their performance.The®rst M optionsoffering
thebestperformanceareselectedandplacedinto thesetC1. Thereforethesizeof C1 is M . Theelementsin the
setC2 arethecombinationof singlecompileroptionsfrom thesetsL andL 2. In orderfor a pair of optionsto
beaddedto thesetC2, theoptionsmustinteractpositively, i.e. they needto give betterperformancethanif they
wereenabledindividually. This is a ratherstrict condition. If two optionsarecombinedandthe performance
improves,thatimprovementshouldbebasedon a ”strong-strong”cooperationinsteadof a ”weak” optionbeing
addedto a”strong” one.Therefore,theimprovementis testedaccordingto theconstraint:thecombinationbrings
aboutasigni®cantimprovementover selectingeitheroptionwithout theother.

Every subsequentCk is constructedby pairingup theoptionsin setCk� 1 with the individual optionsin set
L k . Thecombinationsthathave positive interactionsareaddedto thesetCk .

This step®nisheswhenLi = ; andCi = ; . All positively interactingsubsequencesarestoredinto theC.
Thatis, C = [ i

k=1 Ck .

Step2: Combining Subsequencesin C

In this step,theelementsof thesetC arecombinedif they interactpositively. If the interactionis positive,
theelementsarecombinedandincludedin C. Theunpairedversionsof thecombinedelementsaredeleted.

A new setCtemp is createdto includethesubsequenceswhich aredeletedfrom C andimprove theperfor-
manceover thatof thebaseline.
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At theendof thisstepthesubsequencesin Ctemp arestoredbackto thesubsequencesin setC.

Step3: Selectingthe BestSequences

Theperformanceof eachsubsequencein setC is tested10timesandthemeanperformanceisused.Themean
performanceis comparedto thebaseline performance.Thesubsequencesperformingbetterthanthebaseline
arekeptwhile othersarediscarded.

After this step,thealgorithmdeterminesa setof subsequencesfor a givenprogramsegment.Eachof these
subsequencesis anOSO.

For our purpose,eachOSO will beconsidereda candidatewhensearchingfor a commonOSO for a given
template.

Figure2 shows the �o wchartdiagramof algorithmto searchfor an optimizedsequencesof compileropti-
mizationoptions.

Figure2: Flowchartof Searchingfor OptimizedSequencesof CompilerOptimizationOptions
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5 Program SegmentPatterns and Templates

This sectionis divided into two parts. The ®rst part describesmethodsfor creatingprogramsegmentpatterns
from arbitraryprograms.Thesecondpartdescribestheclusteringalgorithmbasedon themeanvaluemethodto
clusterpatterninstancesinto templates.

De�nition 3 A program segmentpatternor simply patter n is an abstractspeci®cationof a setof similar
coarse-grainprogramsegmentsfor which thereis at leastoneOSO. Eachprogramsegmentrepresentedby a
patternis calledapatterninstanceor simply instance.

Eachpattern,theoreticallyspeaking,covers in®nite numberof instances.A patter n is representedby a
programstructurestreamandaweightvectorsequence.Eachweightfactorin aweightvectorsequencedescribes
somefeaturesfoundin aparticularstatementstructurein theprogramstructurestreamrepresentation.

An in®nite numberof patterninstanceswill be groupedinto a ®nite numberof clustersaccordingto some
criteria.

De�nition 4 A patterninstancetemplate, or simply template originatesfrom a patterninstancesclusterin
whichall instancessharethesameOSO. TheOSO is derivedby measuringaselectedinstancein this cluster.

Eachtemplate consistsof theprogramstructurestreamrepresentationof its correspondingpattern,a scaled
weightvectorsequenceandanOSO.

A templateandits correspondingpatternhave the similar representation,except for the weight vectorse-
quencein whicheachweightfactoris asubrangeof thecorrespondingpattern's weightvectorsequence.

TheProgramPatternCreationphasehasfour steps:

� Step1: Transformaprograminto aprogramstructurestreamrepresentation.

� Step2: Useprogramstructurestreammatchingmechanismto ®nd similar programsegmentsin thepro-
gramssubjectto analysis.

� Step3: Measureeachsimilar programsegmentto ®nd an OSO anddeletethe segmentswhich have no
OSO found.

� Step4: Formalizeanabstractrepresentationof eachremainingsimilar programsegment.

After a patternhasbeencreated,theclusteringalgorithmis usedto clusterthepatterninstancesandderive a
seriesof templates.

Thefollowing sectionsgivea detaileddescriptionof patterncreationandtemplateformalization.

5.1 Program Structure StreamRepresentation

Pr ogr am-SOS Methodologycompletelyrelieson static informationon programssubjectto analysis. More
precisely, Pr ogr am-SOS considersonly statementstructuresandthenumberof operations(operandsandop-
erators). We usea simple datastructureto representa programstatementand the operations(operandsand
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operators)of a statement,asshown in Figure3(a). Eachdatastructureis a nodeof a doublelinkedlist. A func-
tion referencewill have individual structureif it appearsasastatement.Otherwise,if it appearsin anexpression,
it is consideredto beanoperand.

The number of statements 
included in this structure

Type

Number

End

Operands

Operators

Prev

Next

The type of statement structure

The last node of this statement structure

The number of operands
in this statement itself

Pointer to the previous node

Pointer to the next node

The major statement structure types are

L : Loop statement structure
A : Assignment statement structure
C : Condition statement structure
S : Switch statement structure
G : Compound assignment statement structure

The number of operators
in this statement itself

(a) Data Structure Used in PSS

f or (  i =1;  i <=n ;  i ++ ) {
S1;
whi l e(  a* b < 0 ) {

S2;
S3;

}
i f (  a < b ) {

S4;
S5;

}
S6;

}

Si ( 1 �” i �” 6)  i s 
assi gnment  st at ement

f or (  i =1;  i <=n ;  i ++ ) {
S1;
whi l e(  a* b < 0 ) {

S2;
S3;

}
i f (  a < b ) {

S4;
S5;

}
S6;

}

Si ( 1 �” i �” 6)  i s 
assi gnment  st at ement

(b) A program segment
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(c) Program Structure Stream (PSS)
for example (b)
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(d) Re-creating of PSS of (c)

Figure3: PSS DataStructureandUsedExample

A doublelinkedlist with nodes(thestructureis shown in Figure3(a)) is usedto representaninputprogram.
Wecall thisstructuretheprogramstructure streamrepresentationof aprogram.

It is obvious that eachnodein the programstructurestreamrepresentationrepresentsa programsegment.
Eachnodecanrepresenta large numberof differentprogramsegmentsthat have the sameprogramstructure.
Thispropertyof programstructurestreamrepresentationcon®rmsthe®rst observationmadein Section1.

Oneof thetoolsdevelopedasa partof Pr ogr am-SOS Methodologytransformsaninput programinto the
programstructurestreamrepresentation.Figure3(c) givestheprogramstructurestreamrepresentationfor the
programsegmentin Figure3(b).

5.2 Similar Program SegmentsDetection

De�nition 5 Two programsegmentsS1 andS2 aresimilar if thenumberof nodes,nodetypesandthenodeorder
arethesamein bothprogramstructurestreamrepresentations.
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5.2.1 Re-creation of the Program StreamRepresentation

Similar programsegmentscanappearin the sameprogramor in differentprograms.It is rarely the casethat
two programsegmentsareexactly the same.To narrow down the focusof a similar programsegmentfor our
purposes,werecreatetheprogramstreamrepresentationusingthefollowing new nodes:

� A singleor continuousassignmentstatementnodesarereplacedwith a compoundstatementnode,if they
belongto thesamelevel of astatementstructure.

� Inserta nul l compoundstatementnode(the N umber ®eld is 0) behindeachnon-compoundstatement
node,if it is not followedby acompoundnode.

� Continuousconditionalnodesareconsideredto beaspecialconditionalstatementnodeif all nodesin their
statementbodyarecompoundstatementnodes.Thatis, weuseaspecialconditionalnodeto replacethese
continuousconditionalnodeswhile keepingtheoriginalnodes.

� Continuousswitchnodesarereplacedby aspecialswitchnode.

Figure3(d) shows therecreatedprogramstreamrepresentationfrom therepresentationin Figure3(c).

5.2.2 Simpli�cation of the Program StreamRepresentation

Theconstraintsof ourPr ogr am-SOS Methodologycouldbeloosenedsothattheprogramsegments,thesubject
of our interest,areloop sectionswhich containonly loops,conditionstatements,switch statementsand/oras-
signmentstatements.Basedontheconstraint,asimpli®cationprocessis appliedto therecreatedprogramstream
representationof aprogramto excludeall programsegmentsnot includedin thefurtheranalysis.

We ®rst decomposethe programsegmentsthat consistof nestedloops. For eachof thesesegmenttypes,
startingfrom the innermostloop, we extract the sequenceof nodeswhich consistof this loop only. A new
segmentis createdusingthenewly extractedsequenceof nodes.Thisprocesscontinuesuntil theoutermostloop
is reached(theonethat representstheoriginal segment). In theend,we leave this segmentunchanged.In this
process,an-level nestedloopwill generaten-1 new segments.

The loop segmentdecompositioneliminatesany ambiguity amongthe similar programsegments. Each
similarprogramsegmentis uniqueanddoesnotoverlapwith otherprogramsegments.

After the simpli®cationstep is done, the programstructurestreamrepresentationof a programcontains
programsegmentsthatmaybecomesimilar programsegments.

5.2.3 Similar Program SegmentDetectionAlgorithm

Theprocessof detectingsimilarprogramsegmentsis basedonavery intuitive algorithm.Thealgorithminitially
createsasimilarprogramsegmentpool (SPS-pool) to storedetectedsimilarprogramsegments.Eachelementin
thispoolconsistsof aprogramstructurestreamrepresentationandasimilarity weight,whichrecordsthenumber
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of similarsegmentsfoundduringthedetectionprocess.For eachtestedprogramP, thealgorithmdetectssimilar
programsegmentsin thefollowing steps:

Step1: ProgramP is simpli®edinto a setof markedprogramsegmentsusingtheabove describedmethods.
Let usdenotethesetof programsegmentsasP = f P1, P2, ...,Pn g;

Step 2: If the SPS-pool is empty, do a self matchingcheckfor eachsegmentin P. If two segmentsare
similar, randomlyremove onesegmentfrom P andincreasethesimilarity weightof the remainingsegmentby
1. This stepcontinuesuntil noadditionalsimilarsegmentcanbefound.P is thenstoredin theSPS-pool.

Step 3: For eachsegmentin P, checkif any nodesequencematchesany elementin the SPS-pool. This
matchingonly checksfor thenodeorder, numberof nodesandnodetype. If thereis a match,a similar segment
is foundandthesimilarity weightvalueof thematchedelementin theSPS-pool incrementsfor 1. Thesimilar
segmentis thenremoved from P. This iterative process®nisheswhenno additionalsimilar segmentcanbe
found.Theremainingsegmentsin P, if any, areself checkedandstoredin theSPS-pool.

Thenumberof elementsin theSPS-pool dependsonhow many sampleprogramsaretested.

5.3 Pattern Formalization

Herewepresenttheprocessof translatingsimilarprogramsegmentsinto patterns.

TheSPS-poolhasprogramsegmentfor its elements.Thesesegmentscannotberunasseparateprograms,so
they needto betranslatedinto acompilerfriendly version,by addingthemain functionandthestandardsyntax
garnishments.This ”formalized” versionis runandmeasuredon theunderlyingplatformto ®nd theOSOs.

Not every measuredprogramhasanOSO. A trial anderrorprocessis usedfor eachexaminedprogramin
whichthenumberof assignmentstatementsandthenumberof operations(operandsandoperators)is adjustedin
eachassignmentstatement.If a correspondingOSO is not foundafter10 iterations,theprogramis considered
to have novalid OSO assignedto it.

A similarprogramsegmentwill befurtherformalizedinto apatternif anOSO is found.A patternconsistsof
a ”pure” programstructurestreamrepresentationandaweightvectorsequence.Thedifferencebetweenthepure
programstructurestreamrepresentationandtheoriginal (simpli®ed)programstructurestreamrepresentationis
thattheformeronly keepsthetypemessagesfor all nodes.

During thepatternformalization,weusetheskeletonof therepresentative similarprogramsegmentto repre-
sentall programsegmentsthathavethesameskeleton.Thecharacteristicsof eachprogramskeletonaredescribed
by weightvectorsequence.

A weightvectorsequenceof apatternis anorderedvectorsequencede®nedas:

f ! 1, ! 2, � � � , ! n g (! i = < vi
n , vi

o > (1 � i � n))

In the sequence,n is the numberof compoundstatementsthat appearin the pattern. Let l be the number
of non-compoundstatementstructuresin thepattern,n = 2 � l � 1. v i

n is the rangeof numberof assignment
statementsthatcanappearin ith compoundstatementandv i

o is therangeof thesumof all operations(operands
andoperators)in theith compoundstatement.
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De�nition 6 A patternwith k elementsin its weightvectorsequenceis calledak-element pattern.

A k-element patterncorrespondsto a 2k dimensionalinstancespace,which is createdby its weightvector
sequence.This patternrepresentsa numberof programsegmentsthat have thesameprogramstructurestream
representationand have the samenumberof weight vectorsas the pattern. This patternpropertyrevealsthe
secondobservationin Section1.

Figure4 shows theprogramstructurestreamrepresentationsfor somepatternsgeneratedin this study. We
call thisapre-build patterndatabase.Eachpatternhasbeenassignedauniqueordernumber.
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Figure4: Elementsin aPre-BuildPatternDatabase

5.4 TemplatesCreation through the Clustering Algorithm

Thissectiondescribestheclusteringalgorithmusedin thePr ogr am-SOS Methodology.

As describedin Section5.3,eachprogrampatternis associatedto aweightvectorsequenceandeachweight
vectorin thissequencecorrespondsto a compoundassignmentstatementstructurein thepattern.

The clusteringalgorithmgroupsa large numberof patterninstancesinto several clusters,andthenderives
templatesfor thoseclusters.

De�nition 7 A cluster of apatternconsistsof patterninstancesthatmeetthefollowing requirements:

� They have thesameprogramstructurestreamrepresentationasthepattern.
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� The weight vectorsequenceof an instancewith the lowestvaluesandthe weight vectorsequenceof an
instancewith thehighestvaluesin a clusterarecombinedinto a scaledweightvectorsequence.All other
instancesin this clusterhave their weight vectorsequencevalueswithin the rangeof this scaledweight
vectorsequence.

In order to derive a templatefrom a cluster, all instancesin the clustermust have the sameOSO. The
uniquenessof cluster's OSO canbe veri®edby comparingthe performancewheninstancesin the clusterare
compiledusing this OSO to the baseline performance.However, the exhaustive comparisonis impractical
becausethe total numberof instancesis large, hencethis processis quite time consuming.However, we have
signi®cantlyshortentheclusteringtimeby makingseveralassumptions:

De�nition 8 In a 2k dimensionalweight vectorspaceof a k-element pattern,the instancefor which each
weight hasthe minimum valuein this spaceis calledthe lower boundinstanceof this space;the instancefor
which eachweighthasthemaximumvaluein this spaceis calledtheupperboundinstance; instancesfor which
eachweighthasanarbitraryvaluein this spacearecalledsibling instances.

HypothesisFor any2k dimensionalweightvectorspaceof a k-element pattern,if its lowerboundinstance
andits upperboundinstancehavethesameOSO, anysibling instancewouldhavethesameOSO.

Accordingto this hypothesis,we have developeda clusteringalgorithmbasedon the iterative meanfactor
valuemethod,to scalethe valuerangesof eachweight factorof pattern's weight vectorsequence.The scaled
weightvectorsequenceis laterusedto derive templates.

De�nition 9 To averageasequenceof n factors
V = f v1; v2; :::; vn g, eachtime onefactorvi (1 � i � n) is beingaveraged,all otherfactorsremainunchanged
until vi averagingis done.This processis iteratively appliedto all factorsuntil no furtheraveragingis possible
for any factor. Wecall thismethoditerativemeanfactorvaluemethod.

Theiterativemeanfactorvaluemethodappliedin ouralgorithmcanbedescribedasatop-down approach.In
the®rststep,weconstrainthe2k dimensionalweightspaceusingasetof empiricalupperboundsfor eachweight
factor. Thenwecreatea lowerboundinstanceandanupperboundinstancefor thisspace.A clusterfactorOSO
is usedto orchestratefurtherclustering.We measurethelower boundinstanceandtheupperboundinstanceto
®nd thesharedOSO. If thesameOSO is foundfor bothbounds,theclusteringprocess®nishes.Otherwise,the
weightspaceis divided into two subspacesusingtheiterative meanfactorvaluemethod.That is, onesubspace
keepsall thelowerboundsandusesall themeanweightvaluesasits upperbounds,while theothersubspaceuses
all themeanweightvaluesasits lowerboundsandkeepstheoriginalupperbounds.Themeanboundvaluesmust
beadjustedsothatthesubspacesdo notoverlap.Thisstepis repeatedfor eachsubspaceuntil asubspace-unique
OSO is foundor theclusteringcannot becontinued.Finally, the2k dimensionalweightspaceof a k-element
patternis clusteredinto a®nite numberof subspaces.Eachsubspacecorrespondsto a templateif it hasanOSO
associatedto it. All programsegmentsthat belongto this subspacesharethe sameOSO. This Characteristic
con®rmsourobservation3 describedin Section1.

Figure5 shows anintuitive view of templatesderivedfrom pattern1. It shows a subspaceof pattern1, and
furtherclusteringcreates3 new subspaceswhich correspondto templatesT1, T2 andT3. For example,template
T3 includesthoseinstancesfor which the numberof assignmentstatementsis from 1 to 7 andthe numberof
operationsis from 9 to 13.
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Figure5: An Intuitive TemplateScene

Figure6 presentsapseudocodedescriptionof ourclusteringalgorithmthroughastep-by-stepdescriptionof
theclusteringalgorithm(processingof ak-element pattern).

Step 1: The algorithminitially createstwo specialweight vectorsequencesWL andWU , which storethe
lowestandthehighestweightvalues,respectively. Theinitial valuefor eachweightfactorof WL is setto 0 if the
N umber ®eldof thecorrespondingcompoundstructuresis de®nedas” � 0”, otherwiseit is setto 1. Theweight
factorof WU is setto a differentempiricalvaluem i (1 � i � k). Valuem i shouldnot betoo small,otherwise
theclusteringalgorithmwill convergetooquickly, leadingto creationof very few templates.

Step2: Using theweightvaluesof WL andWU , we manuallycreatetwo patterninstancesPI L andPI U .
Theseinstancesaremeasuredto ®nd their OSOs. If no OSO is foundfor theinstancePIL , theweight factors
in WL will beadjusted,anda new PI L is createdandagainmeasurediteratively. Similarly, if no OSO is found
for theinstancePI U , theweightsin WU will beadjusted,andanew PI U is createdandmeasurediteratively.

This is a trial anderrorprocessof adjustingtheWL andWU whichguaranteesthe®ndingof OSOs for both
instancesPI L andPI U . All foundOSOsarethenstoredin CL andCU , respectively.

CL \ CU 6= ; indicatesthatthesameOSOsarefoundfor bothinstancePI L andPI U . Theclusteringof the
currentweightvectorsequence®nishesandthealgorithmskipsto step5, whereatemplateis created.If CL \ CU

= ; , thealgorithmcontinueswith step3.

Step3: TheOSO searchalgorithmdescribedin Section 4 doesnot ®nd all OSOs. SomeOSO in CL may
bethecorrectOSOsfor PI U andviceversafor CU . Thisstepdoesan”intercrossing”measurementof instances
PI L andPI U over CU andCL respectively. That is, pair up andmeasurePI L with eachOSO in CU andPI U

with CL . If the ”intercrossing”measurementsuccessfully®nds new OSOs, they areaddedto the instance's
setCL or CU andthe algorithmadvancesto step5. If the ”intercrossing”doesnot detectany new OSO, the
algorithmcontinueswith step4.

Step 4: If no OSO sequenceis found for a scaledweight vectorsequence,new weight vectorsequences
arecreatedby splitting theweightrangebasedon themethodof iterative meanweightvalues.Thealgorithmis
invokedrecursively over thenew weightvectorsequencesuntil anOSO is found.

Step 5: For all OSOs that are found in the clusteringphase,the algorithm determinesthe bestone for
both instancesPI L andPI U anddenoteit asa sharedOSO. A new scaledweightvectorsequenceis created
accordingly. The new scaledweight vector sequenceand the sharedOSO along with the pattern's program
structurestreamrepresentationform a template.
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Figure6: TemplateClusteringAlgorithm

Steps2 through5 arerecursively repeatedfor eachmeanvalueweight vectorsequence,until eitherof the
following conditionsis met: 1) every clusteringweightvectorsequencegetsa sharedOSO, or 2) thealgorithm
converges.Thatis, theweightvectorsequencescannotbefurtherscaled.For theseweightvectorsequences,no
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sharedOSO exists.Therefore,they areexcludedfrom thetemplateformalizationphase.

The proposedclusteringalgorithm will eventually ®nd one or more patternclustersor templates,due to
its recursive nature. After thealgorithmis appliedover differentpatterns,a templatedatabaseis built to store
detectedtemplates.

This partof thePr ogr am-SOS Methodologyimplementsa ”one-size-®ts-all”approachin creatingthepat-
terndatabaseandtemplatedatabase.Given this new information,theunderlyingcompilercanbe improved to
fully exerciseprogramsegmentbasedoptimization.

6 Embedding Program-SOS into Compiler

Theprocessof embeddingthePr ogr am-SOS Methodologyinto any platformcompileris rathersimple. This
processis fully transparentfrom theuser's point of view. In this sectionwedescribethenecessaryalterationsto
GCCcompilerrequiredfor successfulembeddingof thePr ogr am-SOS Methodology.

Thereareonly two stepsrequiredfor GCCmodi®cation:1) integrationof a templateidenti®cationtool in the
front-endafteranintermediaterepresentationis generated,and2) implementationof thesegment-basedOSO in
theoptimizationphase.

Becausemostof moderncompilershave similar architecturalskeleton,suchasfront-end,middle-endand
back-end,thesimplicity of embeddingthePr ogr am-SOS Methodologyinto theGCCcompilerappliesto other
compilers(pleasereferto observation4 in Section1).

6.1 Implementation Principle

In thefront-endof theGCCcompiler, aninputcodeis transformedinto theAST (AbstractSyntaxTree)interme-
diaterepresentation,andthis is wherethetemplateidenti®cationtool is integrated.Thecompilerentersthetool
beforeit traversestheAST to generatetheRTL (RegisterTransferLanguage)representation.Theidenti®cation
tool searchesfor thetemplatesandrecordsthepositionof eachtemplatein thecompiledprogram.

After thetemplateidenti®cationstepis completed,thecompiledprogramis dividedinto a sequenceof tem-
plates.Theprogramsegmentsthatarenot coveredby any pre-build templatearetreatedasa specialtemplate,
which hastheOSO equalto -O3. The templatesequenceis normally representedin the RTL format andit is
passedto theback-endof GCC.

We addonestepto the original optimizationphase. UnalteredGCC uses®xed optimizationsequenceto
optimizethewholecompiledprogram.Themodi®edversion'forces' compilerto useacustomizedsetof options
for eachprogramsegment.Theoptimizationsequencefor eachsegmentcomesfrom thecorrespondingtemplate
OSO.

6.2 TemplateIdenti®cation Algorithm

In this sectionwe presentthealgorithmfor identifyingandrecordingof thetemplatesin thecompiledprogram.
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For eachprogramsegmentin thecompiledprogram,thealgorithm®rst determinesa correspondingpattern.
In the next step,the format andde®nition of the weight vector sequenceof this patternis usedto createthe
concreteweight vectorsequenceof the programsegment. The algorithmthensearchesthe templatedatabase
of this patternusingthe weight vectorsequence.If the weight vectorsequenceis a child of the weight vector
sequenceof a template,this is consideredto beamatch.

In summary, thealgorithmidenti®esa templatein two steps:

� Step1: PatternMatchingandWeightVectorSequenceCreation

� Step2: TemplateIdenti®cation

In Step1, thealgorithmdoesthepatternmatchingandcalculatesweightsby traversingtheAST representa-
tion, recordsinformationonfoundpatternsandcalculatestheirweightvectorsequences.In Step2, thealgorithm
identi®estemplatebasedon the outputof the previous step. If a matchingtemplateis identi®ed,the template
ordernumberis recordedto thetemplatetable. Otherwisezerois recorded,which denotesthespecialtemplate
case.
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Figure7: Flowchartof TemplateIdenti®cation

After completingall stepsfor eachloop structurein theprogram,the templatetablecreatesa mappingbe-
tweenloop index (theorderin thecompiledprogram)andtheordernumberof theidenti®edtemplate.Template
ordernumber0 matchesevery loopstructurewhichhasnocorrespondingpre-build template.

Figure7 shows thecontrol�o w andthedatastructuresusedin eachstep.
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6.2.1 Pattern Matching and Weight Vector SequenceCreation

Theprocedureof patternmatchingandW VS calculationpresentsin thefollowing:

1. TraverseAST until a loopstructureappears.

2. For theloopstructure,

(a) AssignI ndexL andinitialize Patter nCandidate(I ndexL )

(b) Go to next statement(in theloop body)

i. If it is anexpression,calculateweightand®ll W V columnin TableP atter n . If it is anotherloop
structure,re-assignI ndexL .

ii. Checkwhatpatternsarepossiblefrom I ndexL to this structure.Deletepatternordernumbers
from
Patter nCandidate(i ) which is not possibleto derive from i , wheni = 1 to largestI ndexL in
thisstep.

Repeatabove until reachlastnodein outermostloopstructure.

3. Repeatabove until reachtheendof AST.

4. Check Patter nCandidate(i ) (i = 1 to largest I ndexL ) in which has one elementP and ®ll the
TableP atter n with

(a) 0 for index 1 � i -1;

(b) P for index i � largestI ndexL .

After this procedure,the TableP atter n hasall patternordernumbersandcorrespondingW VS calculated
from sourcecodes.Thereasonwhy wechoosePatter nCandidate(i ) whichhasonly oneelementis to remove
all ambiguityof decision.

6.2.2 TemplateIdentifying

Basedon thetableTableP atter n , templateidentifyingprocedureis following.

1. Go to the®rst elementin TableP atter n

(a) If patternordernumberis 0, put0 in TableT emplate.

(b) If patternorder number is P, ®nd the PSS representationof patternP. CompareW VS in
TableP atter n with thatin thetemplatetableof P.

i. If W VS in TableP atter n is a child WVSof onetemplatein the templatetableof P, get this
templateordernumberand®ll into TableT emplate.

ii. If we fail to ®nd any child WVSin thetemplatetable,®ll 0 in TableT emplate
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2. Repeatabove for all elementsin TableP atter n

After ®nishing all steps,for eachloop structurein the program,the TableT emplate containsa identi®ed
templateordernumber. Templateordernumber0 matchesall the loop structuresthat have no corresponding
pre-designedtemplates.

7 Experimental Phase

To evaluatetheabilitiesandeffectsof thePr ogr am-SOS Methodology, wehave implementedthewholepack-
agefor theGCCcompileron two platforms:1) the Intel embeddedXScalePXA255,and2) a general-purpose
2GHzIntel Pentium4 platformrunningLinux.

In theexperimentof performanceimprovement,eachtestedprogramis run5 timesonPXA255(10 timeson
Pentium4) andthemeanperformanceis used.

7.1 Benchmarksusedfor the Experiment

Wehaverandomlycollected5 benchmarkpackages- CommBench,DSPkernelsuite,Mediabench,Mibench(we
useboth large andsmall input dataset in the experiment)andCINT2000of SPECCPU2000(we usethe test
inputdatasetin theexperiment),for ourexperiments.CINT2000doesnot testonPXA255becausePXA255has
thememorycapacityof only 64MB while CINT2000requiresat least256MB.

Brief descriptionof eachbenchmarkpackageis following:

� CommBench: Telecommunicationbenchmarkfor evaluatingnetwork processorsincluding8 programsfor
packet headerprocessingandpayloadprocessing.

� DSP kernel suite: Benchmarkfor digital signalprocessingincluding vectormultiply, Dot product,FIR
®lter, LatticeSynthesis,IIR Filter andVocodercodebooksearchandJPEGdiscretecosinetransform

� Mediabench: Benchmarksto evaluatemultimediaandcommunicationsystemsincludingimageprocess-
ing, communicationsandDSPapplications

� Mibench: Benchmarksuitesfor embeddedsystemsincludingapplicationsfor automotive andindustrial
control,network, security, consumerdevices,of®ceautomationandtelecommunications

� CINT2000 of SPECCPU2000: Benchmarkfor measuringandcomparingperformancewith strictly de-
®nedsetof operationson differentkind of practicalhardwareplatform.

Whenwebuild theplatform-independentpatterndatabase,werandomlyselectasetof sampleprogramsthat
have a largefractionof loopstructures.Thereasonfor selectingthis typeof casesis thatthecurrentpatternsare
createdfrom loopsegments.Thesetof patternsdescribedin 4 aredrivenfrom thesesampleprograms.

To test the Pr ogr am-SOS Methodology, we ®rst testall casesin the benchmarkpackagesusingthe -O3
optionin GCC3.3. Only thosecasesthatpasstheexecution(someof themcannotcompileor executecorrectly)
areusedin thetestingphase.
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Nc: Numberof usedcases

Np: Numberof patternfound

Nc Np
Statisticsof �rst 11patterns

All Min Max Frequency

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

18,10,6,1,1>

35 21 1822 1 230
< 1114,374,208,29,8,

42,18,12,6,10,1>

Table1: Statisticsof PatternCreation

Pattern

Number

Number
of
Template

OSO Performance

Difference Improvement(%)

Min Max Min Max

1 4 1 1 2 75
2 2 3 3 4 74
3 2 1 1 20 74
4 2 2 6 25 75
5 2 4 4 3 75
6 2 3 3 29 72
7 2 2 2 7 73
8 2 5 5 3 75
9 2 1 1 27 75
10 3 3 5 1 75
11 2 4 4 1 75

Table2: Statisticsof TemplateClusteringAlgorithm on PXA255

7.2 Experimental Results

This sectiondescribestwo setsof experimentalresultsfor PXA255(Table2, Table3, Figure8, Figure9, Figure
10 andFigure11) andfor Pentium4 (Table4, Table5, Figure12, Figure13, Figure14, Figure15 andFigure
16), respectively. Due to limited space,we only discussthePXA255 resultsin this paper. However, thesame
reasoningcanbe appliedto the Pentium4 platform. The resultsgiven in Table1 arearchitecture-independent
andaresharedby thetwo experimentalplatforms.

Table1 shows theresultsof thepatterncreationfrom two setsof sampleprograms.

Whentheplatform-independent patterndatabaseisbuilt, werandomlyselecttwosetsof sampleprogramsthat
featurelargefractionof loopstructures.Thereasonfor selectingthis typeof casesis thatthecurrentpatternsare
createdfrom loopsegments.Thesetof patternsdescribedin Section4 arederivedfrom thesesampleprograms.

The®rst setof sampleprogramsconsistsof 20 randomlychosenprograms.Usingthealgorithmsdescribed
in Section5, 17differentpatternsarecreated.Weanalysis11mostfrequentpatterns.We®nd that:1) 11patterns
appear847timesin thesetof sampleprograms;2) theminimumnumberof patternsappearingin aprogramis 1;
and3) themaximumnumberof patternsappearingin aprogramis182.Thef r equency®eldgivestheappearance
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Template
Foundtemplate Coverage(%)

Number Min Max Min Max

1 241 1 30 0.6 58.3
2 36 1 7 0.1 4.6
3 132 1 22 0.3 38.5
4 39 1 5 0.4 0.7
5 26 1 3 0.2 13.1
6 2 1 1 5.5 5.5
7 959 1 120 0.1 33.3
8 163 1 14 0.7 45
9 45 1 5 0.4 62.5
10 20 2 2 0.3 1.2
11 0 0 0 0 0
12 0 0 0 0 0
13 52 1 8 0.9 61.5
14 14 1 2 0.2 71.4
15 55 1 9 0.4 62.4
16 0 0 0 0 0
17 14 1 4 0.1 1.6
18 0 0 0 0 0
19 0 0 0 0 0
20 0 0 0 0 0
21 2 1 1 5.0 10.2
22 0 0 0 0 0
23 0 0 0 0 0
24 0 0 0 0 0

Numberof testedcases: 42

Table3: Statisticsof Templatesin thetestedcaseson PXA255

frequency for eachof the11patternsin thesetof sampleprograms.Thesecondsetof randomlychosen35sample
programsincludessomebut not every programfound in the ®rst group. Whenthe algorithmis appliedto the
secondgroup,theresultsshow thata few morepatternsarecreated.Althoughsomewhatunexpected,the®rst 11
patterns,arethesameastheonesfoundin the®rst set.

Theresultsin Table1 areplatform-independent.

Table2 gives the featuresof the pre-build templatedatabasethat is derived from the patterndatabaseby
patterninstancesclustering. This tableshows the numberof templatesderived from eachpattern;the mini-
mum differenceof OSO for any two templates,that is, thenumberof optimizationoptionsandthemaximum
difference.

The performanceimprovement®eld in Table2 givestheminimal andthemaximaladditionalperformance
improvementover the GCC -O3 amongthe templatesin eachpattern. An interestingobservation is that for
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Pattern

Number

Number
of
Template

OSO Performance

Difference Improvement(%)

Min Max Min Max

1 4 9 9 10 34
2 2 5 5 17 76
3 2 4 4 14 79
4 2 6 11 10 81
5 1 0 0 23 23
6 2 12 12 8 68
7 1 0 0 30 30
8 2 6 6 4 75
9 1 0 0 57 57
10 1 0 0 11 11
11 1 0 0 17 17

Table4: Statisticsof TemplateClusteringAlgorithm onPentium4

Performance Improvement in CommBench
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Figure8: PerformanceImprovementin CommBenchover GCC-O3 onPXA255

two similar programsegmentswith differentweightvectorsequences,thereis a big differencein theadditional
performanceimprovement.

In Table2, only a few templatesaredrivenfrom eachpattern.Webelieve thatthis is causedby asetof small
valuesusedto setthe upperboundof weight vectorsequenceof eachpattern.Clearly, having moretemplates
would bring betterperformanceimprovement,but this would not affect the fundamentalevaluationof the real
bene®tsof ourmethodology.

Table3 shows thestatisticdatafor templatesfound in the testedprograms.Eachrow in the tablegivesthe
total numberof timeseachtemplatewasfoundin thetestedprograms,theminimumandthemaximumnumber
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Template
Foundtemplate Coverage(%)

Number Min Max Min Max

1 378 1 57 0.6 58.3
2 46 1 7 0.03 4.6
3 194 1 34 0.3 38.5
4 56 1 12 0.4 1
5 36 1 5 0.1 13.1
6 2 1 1 5.5 5.5
7 1269 1 145 0.1 33.3
8 337 1 60 0.3 45
9 62 1 7 0.02 62.5
10 23 1 2 0.3 1.2
11 0 0 0 0 0
12 58 1 8 0.03 61.5
13 14 1 2 0.2 71.4
14 55 1 9 0.4 62.5
15 16 1 4 0.1 1.6
16 0 0 0 0 0
17 0 0 0 0 0
18 3 1 1 0.01 10.2
19 0 0 0 0 0

Numberof testedcases: 49

Table5: Statisticsof Templatesin thetestedcaseson Pentium4

Performance Improvement in DSP kernel suite
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Figure9: PerformanceImprovementin DSPKernelSuiteoverGCC-O3 on PXA255
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Performance Improvement in Mediabench
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Figure10: PerformanceImprovementin MediabenchoverGCC-O3 on PXA255
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Figure11: PerformanceImprovementin MibenchoverGCC-O3 on PXA255
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-3%

0%

3%

6%

9%

12%

Cast-
enc

Cast-
dec

Drr Frag Jpeg-
enc

Jpeg-
dec

Reed-
enc

Reed-
dec

Rtr

Figure12: PerformanceImprovementin CommBenchoverGCC-O3 on Pentium4

Performance Improvement in DSP kernel suite
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Figure13: PerformanceImprovementin DSPKernelSuiteover GCC-O3 onPentium4

of thetemplateoccurrencesin thetestedprograms(for thoseprogramswherethetemplateappearsat leastonce).
Thetablealsogivestheminimumandthemaximumsourceline percentagefor eachtemplate,for theprograms
whereit appears.Clearly, eachtemplaterepresentsasmallfractionof sourcecodesfor mosttestedprograms.

Figure8, 9, 10and11quantifyanadditionalperformanceimprovementover -O3amongthetestedprograms
in eachbenchmark.The averageimprovementis 6.0%with the maximumbeing47%. 33 programsfrom the
totalof 42on PXA255have showedimprovedperformanceover thatof -03.

FromFigure8, 9, 10,11,12,13,14,15 and16,we®nd thattherearesomeprogramsthatshow no improve-
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Figure14: PerformanceImprovementin MediabenchoverGCC-O3 on Pentium4
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Figure15: PerformanceImprovementin MibenchoverGCC-O3 on Pentium4
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Performance Improvement in SPEC-CINT2000
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Figure16: PerformanceImprovementin SPEC-CINT2000overGCC-O3 on Pentium4

ment.This is becausetheseprogramshave no templatesrecognizedin ourcurrentcompilerimplementation.

Thereare2 casesonPXA255and11casesonPentium4 whichshow negative improvement.Wehave found
that thesenegative resultscomefrom thepotentialinterferencebetweentheGCC-O3 optionsandour template
OSOs for certainprogramsegments.Wearecontinuouslyworkingon addressingthis issue.

In summary, basedontheexperimentalresults,wecanevaluatetherealbene®tsof ourmethodology. In spite
thesmallnumberof patternsandtemplates,for largerandomlychosenprograms,theaverageof 6.0%and8.1%
performanceimprovementcanbe achieved on a embeddedsystemanda general-purposesystem,respectively.
Theseresultscon®rmtheobservation5 in Section 1.

8 Conclusionand Futur e Work

In thispaper, weproposeanautomatedmethodologyfor miningcompiler's inherentoptimizationabilities– The
Pr ogr am-SOS Methodology. ThePr ogr am-SOS Methodologyemploys staticsegment-basedanalysisover
anarbitraryprogramto derive customizedcompileroptimizations.Thegoal is to ®nd thebestoptimizedsetof
optionscustomizedfor eachrecognizedprogramsegment,andusethesesetsin thecompilingphaseto improve
the®nal codeperformance.

Behindthe automatedmethodology, thereis a setof techniquesthat 1) locateandrecognizeprogramseg-
ments;2) formalizesimilarprogramsegmentsinto pattern;3) clusterpatterninstancesinto atemplate3) identify
templatematchingprogramsegmentsandimplementprogramsegmentbasedoptimizationover thosesegments.

We have analyzedthesetasksanddevelopedthefollowing setof tools: 1) programtransformationandma-
nipulationtool, 2) patternformalizationtool, 3) patterninstanceanalysisandtemplateabstractiontool, and4)
templateidenti®cationtool.
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Therearetwo implementationsof Pr ogr am-SOS Methodologyavailablefor 1) anembeddedsystem(Intel
XScale-PXA255platform),and2) ageneral-purposearchitecture(Intel Pentium4 platformunderLinux).

The experimentalresultsshow that the Pr ogr am-SOS Methodologyimprovesperformanceby 6.0%and
8.1%on averageon theembeddedsystemandon thegeneral-purposesystemrespectively.

Althoughprogramsegments,thesubjectsof our analysis,areconstrainedto loop sectionsonly, theoretically
they could be arbitraryprogramstructures.For example,structuressuchasFIR (Finite impulseResponse)in
DSP(Digital SignalProcessing)applicationsandFFT (FastFourierTransform)in scienti®ccomputations,can
bedirectlyformalizedinto patternsandthePr ogr am-SOS Methodologycanbeeasilyextendedto covervariety
of new programfeatures.

We believe our methodologyis only the ®rst steptoward reachingthe ®nal goal of ®nding the optimal or
near-optimal sequenceof compiler inherentoptimizationsfor an arbitraryapplication. The ®rst phaseof the
future work will be focusedon incorporatingpro®ling-directedfeedbacksinto Pr ogr am-SOS Methodology,
andon testingourapproachovera largersetof randomlychosenapplications.
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