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Abstract

Targetedoptimizationof programsegmentscanprovide anadditionalprogramspeedupover thehighest
default optimizationlevel, suchas-O3 in GCC.Thekey challengeis how to automaticallysearchfor perfor-
mancesensitiveprogramsegmentsin agivencode,to whichacustomizedsequenceof optimizationcompiler
optionscouldbeapplied.

In this paperwe proposea methodbasedon bothprogramsyntaxandarchitecture-dependentbehavioral
similarity of programsegments,whichaddressestheabovechallenge.Firstwecreateaprogramsegmentpat-
terndatabaseandaproxysegmenttemplatedatabasewhicharebuilt in theunderlyingcompiler. Themodi�ed
compileridenti�es optimization-friendlyprogramsegmentsin inputprogramsusingthesyntaxstructuresim-
ilarity betweenthecandidateprogramsegmentsandthepre-build programsegmentpatterns.The identi�ed
programsegmentsarethen�ltered usingthearchitecture-dependentbehavior similarity to thepre-build proxy
segmenttemplates.Theseidenti�ed programsegmentsarethosepiecesof input code,which canbecustom
optimizedto improvetheoverallprogramperformance.

Themethodis evaluatedandtestedon theIntel XScalePXA255platformusingrandomlyselectedbench-
marks. The experimentalresultsshow that our methodcan provide additionalspeedupsover the highest
optimizationlevel in GCC3.3(-O3) for anarbitrarysetof applications.
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1 Intr oduction

Moderncompilersoftenhave myriadoptionsto controlvariousaspectsanddegreesof optimization.Theusers'
ability to ®nd a good combinationof compiler optionshasa large impact on the overall performanceof the
compiledcode. On the otherhand,even the highestdefault optimizationlevel, suchas-O3 in GCC,doesnot
necessarilyproducethebestperformancespeedupfor every application[2, 6, 9, 11, 12, 19]. A signi®cantpo-
tentialfor furtherperformanceimprovementexists,whichcouldbeexploitedby carefullychoosingoptimization
optionscustomizedto aparticularperformancesensitive programsegments[3].

Thekey challengein compileris how to automaticallyidentifyperformancesensitiveprogramsegmentwhere
acustomizedsequenceof optimizationoptionscouldbeapplied.Toaddressthischallenge,weproposeamethod-
ology for automateddetectionof performancesensitive programsegmentsbasedonprogramsegmentsimilarity.

Fromacompilerpoint-of-view, programsegmentsimilarity appearsin two ways:1) syntaxstructuresimilar-
ity, and2) architecture-dependent behavior similarity. Evenwhenthesamesetof optimizationoptionsis used,
two programsegmentswith thesamesyntaxstructuremayexercisedifferentoptimizationeffects.On theother
hand,two programsegmentsmay be affectedin the similar way, if they have similar architecture-dependent
behaviors, even if when the correspondingsyntaxstructuresaredifferent. This phenomenoncomplicatesthe
analysisof programsimilarity.

Weaddressthisproblemthrougha two-stagemethod,whichcombinesthesyntaxstructuresimilarity andthe
architecture-dependent behavior similarity.

Webaseourmethodologyon thefollowing assumptions:

� In mostprograms,theperformancesensitive programsegmentscanbedetected,whichcouldcontributeto
anadditionalperformanceimprovementif customoptimizedduringthecompilingphase.

� A setof proxy programsegmentscanbegeneratedbasedon theperformancesensitive programsegments
by evaluatingtheiroptimizedsequenceof optimizationoptions(OSO)1

� ThecompilercanapplytheOSOsof theproxyprogramsegmentsto theprogramsegmentswith thesimilar
characteristics(syntaxstructuresand architecture-dependent behaviors) to thoseof the proxy program
segments.

Accordingto theseassumptions,we ®rst createa programsegmentpatterndatabaseanda proxy segment
templatedatabasewhicharebuilt in theunderlyingcompiler.

A programsegmentpatternis an abstractrepresentationof an optimization-friendlyprogramsegment2. A
programsegmentpatternrepresentsanin®nitenumberof programsegmentinstances,whichhavesimilarsyntax
structure.

1Compiledwith anoptimizedsequenceof optimizationoptions(OSO), a programcanhave anadditionalperformancespeedupover
thehighestdefault optimizationlevel of a compiler.

2An optimization-friendlyprogramsegmentis a performancesensitive programsegmentfor which a customizedoptimizationse-
quenceof options(OSO) canbede®ned.
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A proxy segmenttemplateis a clusterof thesegmentinstancesrepresentedby a programsegmentpattern.
A uniqueOSO is associatedto eachproxy segmenttemplate.A proxy segmenttemplaterepresentsprogram
segmentinstances,whichhave similararchitecture-dependent behaviors,aswell assimilar syntaxstructures.

By building the programsegmentpatterndatabaseandthe proxy segmenttemplatedatabase,the compiler
identi®escandidateprogramsegmentsin theinput codeusingthesyntaxstructuresimilarity betweenthecandi-
dateprogramsegmentsandthepre-build programsegmentpatterns.The identi®edprogramsegmentsarethen
®lteredusingthe architecture-dependent behavior similarity betweenthe identi®edprogramsegmentsandthe
pre-build proxy segmenttemplates.In the ®nal phase,the identi®edprogramsegmentsareoptimizedusinga
customizedsequenceof optimizationoptions.

In this paperwe describean automatedperformance-friendlyprogramsegmentsidenti®cationtechnique.
We explore two strategiesusedto compareidenti®edprogramsegmentsandtheproxy segmenttemplateswith
associatedweights:1) accurate-matchstrategy, and2) fuzzy-matchstrategy. In theaccurate-matchstrategy, the
inherentarchitecture-dependentbehaviors in eachsegment'sstatementareusedin thesimilarity comparison.The
fuzzy-matchapproachusesthe inherentarchitecture-dependent behaviors of thewholeprogramsegmentin the
similarity comparisonstage.

WeevaluateourmethodontheIntel XScalePXA255platformwith GCCtool chain,usingarandomselection
of benchmarks.Theexperimentalresultsshow thatourmethodcanprovide additionalspeedupsover thehighest
optimizationlevel in GCC3.3(-O3) for anarbitrarysetof applications.

Thepapersectionsareorganizedasfollows: In Section2, we presentthemethodfor creatingprogramseg-
mentpatternsandproxy segmenttemplates;Section3 discussesidenti®cationof optimization-friendlyprogram
segments;Section4 presentstheexperimentalresults;Section5 describesrelatedwork. Finally, theconclusion
andthefuturework aredescribedin Section6.

2 Program SegmentPattern and Proxy SegmentTemplateCreation

Thissectiondescribestheapproachfor creatingprogramsegmentpatternsandproxysegmenttemplates.

A programsegmentpatternis anabstractrepresentationof anoptimization-friendly programsegment.Each
programsegmentpatternrepresentsanin®nite numberof programsegmentinstanceswhich have similar syntax
structures.

A proxy segmenttemplateis a clusterof theprogramsegmentinstancesrepresentedby a programsegment
pattern.A uniqueOSO is associatedto eachproxysegmenttemplate.

2.1 Program SegmentRepresentationData Structure

Our methodologycompletelyrelieson the staticanalysisof the programssubjectto analysis.More precisely,
we only considerstatementsyntaxstructuresandthenumberof operations(operandsandoperators).Thedata
structureusedfor representingprogramstatementsandthecorrespondingoperationsis designedto beintuitive,
asshown in Figure1.
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Type

Number

End

Operands

Operators

Prev

Next

The type of statement structure

The number of statements included in this structure

The last node of this statement structure

The number of operands in this statement itself

The number of operators 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

Figure1: DataStructureusedfor RepresentingProgramSegments

A doublelinkedlist with nodes(thestructureis shown in Figure1) is usedto representtheinputcode.Wecall
this structuretheprogram structure streamrepresentation(PSS) of a program.Thenodeshave the following
properties:

� Eachnodecanrepresenteitherjustoneprogramsegment,or two or moredifferentprogramsegmentsthat
have thesameprogramstructure.

� Eachnodeis accompaniedby adatastructureusedfor storingtheprograminformationof therepresented
programsegment.

Theformatandthecontentof eachdatastructurearerelatedto thecriteriaof architecture-dependent behavior
similarity discussedin Section 3.

Oneof thetoolsdevelopedasa partof our methodologytoolsettransformsaninput programinto a program
structurestreamrepresentation.This stepis essentiallya sourcecodeanalysiswheretheprograminformationis
collectedandrecorded.Figure2(b) givestheprogramstructurestreamrepresentationfor theprogramsegment
shown in Figure2(a).

2.2 SyntaxStructure Similarity

De�nition 1 Two programsegmentsS1 andS2 have similar syntaxstructureif thenumberof nodes,nodetypes
andthenodeorderarethesamein bothprogramstructurestreamrepresentations.

2.2.1 Simpli�cation of the Program StreamRepresentation

Becauseweonly focusonprogramsegments,ourmethodologycouldbesimpli®edsothatthethefocusis onloop
segmentswhich containloop statements,conditionstatements,switchstatementsandassignmentstatements.A
programstreamrepresentationis simpli®edto excludeall programsegmentsnot consideredin theanalysis.
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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

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

Figure2: An Exampleof ProgramStructureStreamRepresentation

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 appliedloop segmentdecompositioneliminatespossibleambiguity amongthe similar programseg-
ments.Eachsimilar programsegmentis uniqueanddoesnot overlapwith otherprogramsegments.After the
simpli®cationstepis done,theprogramstructurestreamrepresentationof aprogramcontainsprogramsegments
thatmaybecomesyntaxstructuresimilarprogramsegments.

Theadjacentnodesof thesametypearethencombinedto furthersimplify theprogramstreamrepresentation
usingthefollowing criteria:

� A single or continuousassignmentstatementnodesare replacedwith a specialnodewhich is called
compoundednode,if they belongto thesamelevel of thestatementstructure;

� A nul l compoundedstatementnodeis inserted(theN umber ®eld is 0) behindeachnon-compounded
statementnode,if it is not followedby acompoundednode;

� Continuousconditionalnodesareconsideredto besingleconditionalstatementnodesif all nodesin their
statementbodyarecompoundedstatementnodes.That is, we usea specialconditionalnodeto replace
thesecontinuousconditionalnodeswhile keepingtheoriginalnodes;

� Continuousswitchnodesarereplacedby aspecialswitchnode.

Figure2(c) shows thesimpli®edprogramstreamrepresentationbasedon therepresentationin Figure2(b).
Pleasenotethatnotall of theabove mentionednodesareusedin this representation.
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2.2.2 Similar Program SegmentDetectionAlgorithm

Theprocessof detectingsyntaxstructuresimilar programsegmentsis basedon a very intuitive algorithm. The
algorithm initially createsa pool of similar programsegment(SPS-pool) to storedetectedsimilar program
segments.Eachelementin thispoolconsistsof aprogramstructurestreamrepresentationandasimilarity weight,
which recordsthenumberof similar segmentsfoundduring thedetectionprocess.For eachtestedprogramP,
thealgorithmdetectssimilar programsegmentsthroughthefollowing 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 syntaxstructure
similar segmentis found andthe similarity weight valueof the matchedelementin the SPS-pool increments
for 1. The syntaxstructuresimilar segmentis thenremoved from P. This iterative process®nisheswhenno
additionalsimilarsegmentcanbefound.Theremainingsegmentsin P, if any, areselfcheckedandstoredin the
SPS-pool.

Thenumberof elementsin theSPS-pool dependson thenumberof analyzedsampleprograms.

2.3 Program SegmentPattern Formalization

TheSPS-pool hasprogramsegmentsfor its elements.Thesesegmentscannot berun independently, but rather
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.

If an OSO is found, the programsegmentaffectedby this OSO will be usedasa representative program
segmentandformalizedinto apattern.

A patternconsistsof a”pure” programstructurestreamrepresentationandaweightsequenceof architecture-
dependentbehaviors. Thedifferencebetweenthepureprogramstructurestreamrepresentationandtherepresen-
tative programsegmentstructurestreamrepresentationis that the formeronly storesthe informationon node's
type.

During thepatternformalization,weusethesyntaxstructureskeletonof therepresentative programsegment
to representall programsegmentsthathavethesamesyntaxstructure.Eachpatternis accompaniedwith aweight
sequencewhich is de®nedas:

f ! 1, ! 2, � � � , ! n g
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Nc: Numberof usedcases

Np: Numberof patternfound

Nc Np
Characteristicsof theFirst 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: Experimentof PatternCreation

Then in thesequencerepresentsthenumberof compoundedstatementsthatappearin thepattern.Let l be
thenumberof non-compoundedstatementstructuresin thepattern,n = 2 � l � 1. ! i is apairof values.

Eachpairof valuesdescribestherangeof architecture-dependent behavior value(discussedin Section 3) of
thecorrespondingcompoundedstatementin aprogramsegmentrepresentedby thepattern.

De�nition 2 A patternwith k elementsin its weightsequenceis calledak-element pattern.

De�nition 3 In a k–element pattern,theinstancefor which eachweightelementhastheminimumvalueis
calledthe lower boundinstanceof this pattern;the instancefor which eachweight elementhasthemaximum
valueis calledtheupperboundinstance; instancesfor which eachweightelementhasanarbitraryvaluein the
rangeof [minimumvalue, maximumvalue] arecalledsibling instances.

In ak-element pattern,any programsegmentrepresentedby thepatterncanhavek compoundedstatements.
The i � th pair of valuesin the weightsequenceof thepatterndescribesthe minimum valueandthemaximum
valueof thearchitecture-dependentbehaviors for thei � th compoundedstatement.

To createa patterndatabase,we randomlyselecttwo setof sampleprogramsthat featurelarge fraction of
loop structures.Thereasonfor selectingthis typeof casesis that thecurrentpatternsarecreatedfrom the loop
segments.

Table1 shows theresultsafterthecreationof thesyntaxstructurepatternfrom two setsof sampleprograms.

The®rst setof sampleprogramsconsistsof 20 randomlychosenprograms.Usingthepatternformalization
algorithm,17 differentpatternsarecreated.After analyzing11 mostfrequentlyrecognizedpatterns,we found
that: 1) 11 patternsappeared847 timesin thesetof sampleprograms;2) the minimum numberof recognized
patternsin thesampleprogramsis 1; and3) themaximumnumberof recognizedpatternsis 182.Thef r equency
®eld storesthenumberof appearancesfor eachof the11 patternsin thesetof sampleprograms.Thesecondset
of randomlychosen35 sampleprogramsincludessomebut not every programfound in the ®rst group. When
the algorithmis appliedto the secondgroup,the resultsshow that a few morepatternsarecreated.Although
somewhatunexpected,the®rst 11 patterns,arethesameastheonesfoundin the®rst set.

Figure3 shows a setof programstructurestreamrepresentationsof patterns.We call this seta pre-build
patterndatabase.Eachpatternhasbeenassigneda uniqueordernumber. This is a mini patterndatabaseused
only for theevaluationpurposes.In practice,thepatterndatabaseshouldbelargeenoughto cover mostprogram
segmentshaving varioussyntaxstructures.The formationof a patterndatabasecanbe very time consuming,
however it is practicalto do so, becausethe patterndatabasewill be repeatlyusedwhenanalyzingdifferent
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Figure3: A Pre-BuildPatternDatabase

2.4 Creation of Proxy SegmentTemplate

A proxysegmenttemplaterepresentsasubsetof all programsegmentinstancesrepresentedby thecorresponding
pattern.Theminimal valueandthemaximalvalueof thearchitecture-dependent behavior in thecorresponding
compoundedstatementis determinedby thecorrespondingpair of valuesin theweightsequenceof theproxy
segmenttemplate.

Thedifferencesbetweenaproxysegmenttemplateandaprogramsegmentpatternare:

� Theweightsequenceof aproxysegmenttemplateis asubrangeof theweightsequenceof acorresponding
pattern.

� Eachproxy segment templatehasa uniqueOSO and all instancesrepresentedby the proxy segment
templatesharethisOSO.

Thevaluerangeof theweightsequenceof a proxy segmenttemplateis determinedthroughclustering.For
eachpattern,the clusteringalgorithmgroupsall programsegmentinstancesthat sharethe sameOSO. The
minimum weight valueandthe maximumweight valueof the groupedinstancesconsistof the corresponding
pairof valuesfoundin theweightsequenceof theproxysegmenttemplate.

Theclusteringalgorithmis basedon thefollowing hypothesis:

Givena proxy segmenttemplate, if its lower boundinstanceand its upperboundinstancehavethe same
OSO, anysibling instancewouldhavethesameOSO.

Basedon this hypothesis,theclusteringalgorithmdividesthe instancespaceof a patterninto a setof sub-
spaces.
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Pattern

Index

Numberof
Created
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

Table2: Characteristicsof Pre-BuildProxySegmentTemplates

Thecriterionthatconstraintstheclusteringis thatthelower boundinstanceandtheupperboundinstancein
asubspaceshouldhave sameOSO.

We usemeanvaluemethodto clustertheinstancespaceof a patternto createtheproxy segmenttemplates.
Basedon thepre-build patterndatabaseshown in Figure3, wecreate25proxysegmenttemplates.Table2 gives
the featuresof theproxy segmenttemplatesderived from thecorrespondingpatternby theappliedmeanvalue
clusteringalgorithm. This tableshows thenumberof proxy segmenttemplatesderived from eachpattern.The
performanceimprovement®eld gives the minimal and the maximalperformancespeedupover the GCC -O3
amongtheproxysegmenttemplatesin eachpattern.

Thereis only a few proxy segmenttemplatesderived from eachprogramsegmentpattern. Clearly, hav-
ing moreproxy segmenttemplateswould result in a betterperformancespeedup,but this doesnot affect the
evaluationof therealbene®tsof ourmethodology.

3 Identifying Optimization-Friendly Program Segments

By building a programsegmentpatterndatabaseanda proxy segmenttemplatedatabase,a compilercanau-
tomatically identify the optimization-friendlyprogramsegmentsin the processedcode. The identi®cationof
optimization-friendlyprogramsegmentsis basedon 1) the syntaxstructuresimilarity, and2) the architecture-
dependentbehavior similarity.

Theapproachfor detectingthesyntaxstructuresimilarity is presentedin Section2. In this section,we focus
on architecture-dependent behavior similarity. We ®rst examinethecorrelationbetweenarchitecture-dependent
behaviors and programsegments. Then we presenta quantitative approachto transformthe architecture-
dependentbehaviors of a programsegment into a weight sequence.Finally, we presentan addedcompiler
techniquefor automaticidenti®cationof optimization-friendlyprogramsegments.
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3.1 Ar chitecture-DependentBehaviors

In this paperwe focuson thecorrelationbetweenoptimization-friendly programsegmentsandthearchitecture-
dependentbehaviors. This correlationis best analyzedusing a unique OSO as a criterion. Architecture-
dependentbehaviors aresolelybasedon theoperationsfoundin programsegments.

Givenanoptimization-friendly programsegmentSi = f S1
i , S2

i , ...,Sm
i g, let B i = f B 1

i , B 2
i , ... B n

i g represent
thearchitecture-dependent behaviorsof Si , andOi representtheOSO. TheOSO correlationbetweenSi andB i

canbeexpressedby function� in thefollowing way:

� (Si , B i ) = Oi

Let ususea concreteoptimization-friendlyprogramsegmentto investigatethecorrelationbetweenthis seg-
mentandthearchitecture-dependent behaviors.

Givenanoptimization-friendlyloop segmentL 0 asfollows (it is manuallyexaminedto ®nd anOSO):

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

}

Si(i=1,...,n)is anassignmentstatement.Let usassumetheOSO is O. WerandomlyduplicateSi in theloop
bodyandadjusttheoperandsandoperators(addor delete)found in thestatementsoneby one,so thatwe can
experimentwhenthe sequenceO will changeduring this process.We observed that the sameO will hold for
severalduplication/adjustion steps.This experimentdisclosedthata numberof differentinstancesof thesame
programstructure(a loopstructurein ourexperiment)sharethesameOSO.

From the beginning until the last step, for which the O is valid in the duplication/adjustion process,the
original segmentL 0 is transformedinto a seriesof new segmentsL 1, L 2, ..., L last . Similarly, thearchitecture-
dependentbehaviors BL 0 aretransformedinto a setof 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®nition1 givenin Section2.2,thesesegmentshave thesamesyntaxstructure.

Basedon theexperimentobservations,thearchitecture-dependent behavior similarity is de®nedas:

De�nition 4 Let B1 andB2 aretwo setof thearchitecture-dependent behaviors for programsegmentsS1 and
S2, respectively, S1 andS2 have similararchitecture-dependent behavior if:

� (S1, B1) = � (S2, B2)

The similar architecture-dependent behavior programsegmentshave the following features: 1) they are
optimization-friendlyprogramsegments,2) they havesimilarsyntaxstructure,and3) they sharethesameOSO.

9



3.2 Quantifying the Ar chitecture-DependentBehaviors

In this paper, we do not investigatehow a compilercanspeedupa programsegmentby fully utilizing the set
of thearchitecture-dependent behaviors. The reasonis thatour methodcapturesprogramsegmentsandrelates
themto a setof proxy programsegments.Theseproxy programsegmentsaremanuallyselectedandexamined.
Indeed,we only needto investigatethecorrelationbetweena candidateprogramsegmentanda proxy program
segmentbasedon the architecture-dependent behaviors. We trust the compiler to fairly processthe candidate
programsegmentby thesamecriteriausedin processingproxyprogramsegments.Simplysaid,a fair judgewill
draw averdictguidedby thesamecriteriausedin theprevioussimilarcases.

We have addressedtheproblemof determiningthesyntaxstructuresimilarity betweenprogramsegmentsin
Section2. In this sectionwe explain how to determinethattwo programsegmentswith similar syntaxstructure
alsohave similar architecture-dependentbehavior.

To simplify theanalysiswe will only focuson thefollowing architecture-dependent behaviors:

� Instructionlatency

� Memoryaccesslatency

� Registerset

� Datacacheandinstructioncache

Eachtypeof architecture-dependent behavior is translatedinto anintegervalueaccordingto thearchitecture-
dependentcharacteristics.Table3 describesthecorrelationbetweenthearchitecturecharacteristicsandthequan-
ti®ed values.

Theanalysisof programsegmentsyntaxcomponentscanestimatethetotalintegervaluefor eacharchitecture-
dependentbehavior. The translationof anarchitecture-dependent behavior into an integer numberinvolvesthe
following steps:

� Estimatethetotal instructionlatency in theprogramsegment.Assumeeachoperationin theprogramseg-
mentis transformedinto a relatedinstruction.Simply collectandclassifyall operationsandcalculatethe
total numberof instructions.Thetotal numberof instructionlatenciesis calculatedusingthearchitecture
characteristicslookuptable.

� Estimatethetotalnumberof memoryaccesspointsin theprogramsegment.Weonly look for theload/store
operands.A variableis treatedasa storeoperandif it appearsin theleft sideof anassignmentstatement.
Otherwisethe variable is a load operand. If a variableappearsin the left side of several assignment
statementsin the programsegment, it is only countedas one storeoperation. Throughthe useof the
architecturecharacteristicstable,we cancalculatethe total numberof memoryaccesslatenciesfor each
segment.

� Estimatepossibleregisterallocationfor theoperandsfoundin thesegment.Assumen to bethenumberof
registers.The®rstn loadvariablesthatappearmoretimesthanothervariables,if they donotappearin the
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Ar chitecture Characteristics Quanti�ed Value
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

Table3: Intel XScaleArchitectureCharacteristicsandQuanti®edValue

left sideof assignmentstatements,they arecountedasloadoperations- the®rst time they appear. Thatis,
thesevariablesareassignedto theregisters.Thereforethesuccussingappearancesof thesevariablesare
treatedasregistervariables.We assumethereis no latency for registervariables.Othervariablesarestill
treatedasmemoryaccessoperandsno matterhow many timesthey appearin thecode.

� Estimatethe correlationbetweenthe total numberof operations,the datacachesize,andthe instruction
cachesize.Sincewe have estimatedthetotal numberof instructionsandoperandsin a programsegment,
the numberof instructionsof the programsegmentto the instructioncachesizeratio canbe calculated.
Thesamecanbedonefor thenumberof operandsto thedatacachesizeratio.

Basedon theabove procedures,programsegmentarchitecture-dependent behaviors have beentransformed
into integervalues.Thearchitecture-dependent behavior similarity of programsegmentsis determinedbasedon
thesevalues.

3.3 Optimization-Friendly Program SegmentsDetection

In thissection,wedescribeanautomatedcompilertechniquefor optimization-friendlyprogramsegmentsdetec-
tion basedon thepre-build patterndatabaseandtheproxysegmenttemplatedatabase.

We have modi®edcompiler's front-endso that thedetectionis executedin anautomatedfashion.An extra
passis addedin thecompilerto transformtheinputprograminto programsegmentsusingtheprogramstructure
streamrepresentationdatastructure.For eachprogramsegment,themodi®edcompiler®rstdoessyntaxstructure
similarity analysisto determinewhich programsegmentpatternrepresentsthecurrentprogramsegment.In the
next step,thearchitecture-dependent behaviors of this programsegmentarecollectedandtranslatedinto integer
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weightvaluesbasedontheweightsequenceof thematchedprogramsegmentpattern.Themodi®edcompilerthen
searchestheproxysegmenttemplatedatabasethatcorrespondsto thispatternusingaconcreteweightsequence.
If the programsegmentweight sequenceis a child of the weight sequenceof a proxy segmenttemplate,this
programsegmentis consideredto bethematchanda �ag is setwhich triggersthemodi®edcompilerto custom
optimizethisprogramsegment.

Themodi®edcompileridenti®esoptimization-friendlyprogramsegmentsin two stages:

� Stage1: SyntaxStructurePatternMatchingandWeightSequenceCreation

� Step2: ProxyTemplateMatching

Figure4 shows theprocessof optimization-friendlyprogramsegmentsdetectionin theinput code.

PSSR: Program Structure Stream Representation
WS: Weight Sequence
OSO: Optimized Sequence of Optimization Options
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Figure4: Optimization-friendlyProgramSegmentsDetectionFlowchart

We usetwo strategiesto checkfor thematchbetweenanidenti®edprogramsegmentandtheproxysegment
templateusingaweightsequence:1) anaccurate-match,and2) a fuzzy-match.

In theaccurate-matchstrategy, theinherentarchitecture-dependent behaviors in eachsegment's statementare
usedin thesimilarity comparison.Thefuzzy-matchapproachusestheinherentarchitecture-dependent behaviors
of thewholeprogramsegmentin thesimilarity comparison.

In theaccurate-matchstrategy, eachelementof theprogramsegmentweightsequencemustbein therange
of the correspondingproxy template's weight sequence.This is a very strict condition. The advantageof the
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accurate-matchstrategy is that it can®nd a true proxy segmenttemplateif thematchis successful.Theshort-
comingof this strategy is thatit needsa largeproxy segmenttemplatedatabasein orderto cover majority of the
weightvaluescombinations.

Thefuzzy-matchstrategy addsall elementsof theweightsequenceinto aweightvalueanddeterminesif this
valueis in therangeof theweightvalueof a proxy segmenttemplate.Obviously, theprerequisiteis that,when
creatinga proxy segmenttemplate,theweightsequenceof this proxy segmenttemplatedeterioratesto a single
element.

No matterhow many optimization-friendlysegmentscanberecognizedin the input code,theamplitudeof
theperformanceimprovementdependson thethreefactors:

� A similar segmentrecognitionproceduremustbe appliedafter of all programtransformations,suchas
functioninline, loop transformation,etc.

� A compilersupports”region-based”optimizationmechanism.Thatis, acompilerrepartitionscompilation
functioninto moreoptimizationandschedulingfriendly compilationunits.

� Theoptimization-friendly segmentsaretargeted”hot-spots”.

4 Experiment

Ourmethodologyis applicableto any platform,andshouldprovideimprovedperformancefor arandomlychosen
inputC program.In this section,we evaluatethemethodologyon theIntel embeddedXScalePXA255architec-
ture.Thecreationof thepatterndatabaseandtheproxytemplatedatabaseis architecturedependentbut it is done
only once. In theexperiment,we select4 benchmarkpackages- CommBench,DSPkernelsuite,Mediabench,
Mibench(bothlargeandsmall inputdatasetareusedin theexperiment).

Theexperimentevaluatesthefollowing characteristics:

� Patternandtemplatematchratesthrough:1) Thenumberof programsegmentsthatcanbeidenti®ed,and
2) How many patternmatchedsegmentsalsomatchproxytemplates?Theresultshelpestimatethepattern
databasesizeandtheproxy templatedatabasesize.

� Performancespeedup. In this part of the experiment we test the ability to automatically identify
optimization-friendly programsegments.

Thebenchmarkprogramsare®rst compiledusingthe-O3optionin GCC3.3. Only thosecasesthatpassthe
execution(someof themcannotcompileor executecorrectly)areusedin thetestingphase.Eachtestedprogram
is run5 times,andtheaverageperformancespeedupis usedasa referencein thefurtheranalysis.

4.1 Pattern and TemplateMatch RateEvaluation

Table4 shows the matchratesfor the candidateprogramsegments(matchesto the programsegmentpatterns
and matchesto the proxy segment templates). We recordedthe total of 3514 candidateprogramsegments,
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Template Numberof Numberof Numberof

Matching Candidate Pattern Template

Strategy Segments Matched Matched

Accurate-match 3514 594 441
Fuzzy-match 3514 594 516

Table4: PatternMatchedRateandTemplateMatchedRate

where594 matchpatterns. The matchrate is 16.9%. Among thesepatternmatchedsegments,441 and 546
segmentsare proxy segmenttemplatematchedwhen using the accurate-matchstrategy and the fuzzy-match
strategy, respectively. Theproxysegmenttemplatematchratesare74%and87%,respectively.

4.2 PerformanceSpeedupEvaluation

Among30 testedcasesoriginatingfrom 4 benchmarks,thereare9 casesthat show performancespeedupover
-O3. Webelieve thattheimprovementwouldbesigni®cantlybetterif thereweremoreproxysegmenttemplates
to compareagainst.Ourgroupcontinuouslywork on extendingtheproxysegmenttemplatedatabase.

Figure5 givestheperformancespeedupsover thedefault -O3 optionamong9 programsusingtheaccurate-
matchstrategy andthefuzzy-matchstrategy, respectively. Theaveragespeedupis 1%andthemaximumspeedup
is 3%for theaccurate-matchstrategy. Thefuzzy-matchstrategy hastheaveragespeedupof 2%andthemaximum
speedupof 7%.
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Figure5: PerformanceSpeedupoverGCC-O3

4.3 Analysisand Estimation

Basedontheexperimentalresults,thefuzzy-matchstrategy showsbetterperformancespeedupthantheaccurate-
matchstrategy, as well as a higherproxy segmenttemplatematchingrate. This meansthat the detectionof

14



programsegmentsimilarity is betterif programsegmentscoarse-grainarchitecturebehaviors areobserved, in-
steadof the®ne-grain.

The architecturebehaviors of somestatementcomponentsmay be combinedwith otherstatementcompo-
nentsby thecompileroptimization.Thereforetheweightvaluesof statementcomponentin two similarprogram
segmentsmay be completelydifferent. On the otherhand,the weight valuesof architecturebehaviors of two
similarprogramsegmentswill besimilar nomatterhow thecompileroptimizesthem.

Finally, thereis no signi®cantperformancespeedupobserved for randomlyselectedprograms.Besidesthe
factthatthesmallfractionof segmentsareidenti®edbasedonourexperimentalproxysegmenttemplatedatabase,
wehave to ignorecertainoptimizationopportunities,whentheoptimizationsequencefor thiscoderelatesto the
outsidecodes. The solution to this problemis also a part of an ongoingeffort to improve the methodology
results.

5 RelatedWork

Sreeetal. [13] presentedamethodfor architectureresourcesmanagementthroughcompileranalysis.According
to this method,a compiler is usedto identify frequentlyexecutedcoderegions,which are thendirectedto a
memorysystem.A memorysystemis usedto prioritizeaccessto dataandinstructionsfrom theseregions.Tom
et al. [15, 16, 17] presenteda region formationalgorithmwhich eliminateshigh compiler-time memorycosts
causedby aggressive inlining pre-passing.This methodis basedon individual regionsprocessing,which takes
placeduring inter-proceduralregion formation. This work describesan architecture-independent compilation
mechanism.Liu et al. demonstrateda region-basedcompiler infrastructure. In contrastto thesestudies,our
methodcompletelyrelieson staticinformationgatheredfrom programssubjectto analysis.In our method,only
acompileris requiredto do an”one-size-®ts-all”optimizationfor theproxyprogramsegments.

Annavaram [10] andLau et al. [5] discussthecorrelationbetweenprogramsourcecodeandperformance.
They examinedtheuseof codesignaturesobtainedthroughperiodicsamplingtopredictperformancefor database
applicationsandSPEC2000.Hosteet al. [1, 7] proposea methodologyto predictprogramperformanceon any
architecture.They measurethe architecture-independent characteristicsof programsandthenrelatemeasured
informationto pre-pro®ledbenchmarks.In contrastto thesestudies,ourmethodemploys differentcriteriato de-
termineprogramsimilarity. Furthermore,ourmethodcanbeusednotonly to identify similarprogramsegments,
but alsoto directcompilerto generatea customhighly optimizedsequenceof optimizationoptions,which best
®ts eachdetectedprogramssegment.

Kontogianniset al. [8] developedcode-to-codematchingtechniquesfor detectingcodeclonesandfor esti-
matingsimilarity distancesbetweentwo programsegments.They usedabstractsyntaxtree(AST) astheprogram
representationscheme.Baxteretet al. [4] usestandardparseanalysistechniquesto detectexactandnearmiss
clonesover arbitraryprogramsegmentsin a programsourcecodeby transformingsourcecodeinto an AST.
Ducasswetal. [14] usesimpleline-basedstringmatchingto detectduplicatedcode.LeeandHall [18] developed
a tool (CodeIsolator)to extract ”hot spot” programsegmentsfrom large scienti®capplications.This tool also
targetstuningto isolatedsegments.Whatmakesourdetectionmethoddifferentis thatit operatesin termsof pro-
gramstructure.A sourcecodeis transformedinto a programstructurestreamrepresentationandeachprogram
structureis associatedto its weightsequence.
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6 Conclusionand Futur e Work

We proposeanautomatedmethodologyfor performance-friendlyprogramsegmentsdetectionbasedon similar-
ity betweenidenti®edprogramsegmentsandthe recordsstoredin two pre-built databases:1) segmentpattern
database,and2) proxysegmenttemplatedatabase.

Firstwegenerateanexperimentalprogramsegmentpatterndatabaseandaproxysegmenttemplatedatabase.
We presenta compilertechniqueto automaticallycapturetheperformance-friendlyprogramsegmentsdetected
in arbitraryinputprogramsby theuseof syntaxstructureandarchitecture-dependent behavior similarityanalysis.

We evaluatethe applicability andperformanceof our methodologyon Intel XScalePXA255 platform by
integratingit into GCC3.3compiler. Theexperimentalresultsshow thatourmethodcanprovide additionalper-
formanceimprovementover thehighestoptimizationlevel in GCC3.3(-O3) for anarbitrarysetof applications.

Severalresearchtopicsareraisedbasedon theobservationsandtheanalysisof theexperimentalresults.We
focusourongoingwork on someof thoseobservations:

� Build thepracticalprogramsegmentpatterndatabaseandproxy segmenttemplatedatabaseby extending
the rangeof the statementtype of a program structure streamrepresentationdatastructure,to represent
morestatementcomponents.

� Developamoreaccurateproxysegmenttemplateclusteringalgorithm.

� Revisecompilersothatit canfully supportourmethodology.

� Testourapproachover a largersetof randomlychosenapplications.

Acknowledgments

We wish to acknowledgeour sponsorsfrom DOD, DOE(AwardNo. DE-FC02-01ER25503),andNSF(Award
No. CCF-0541002andCNS-0509332).

16



References

[1] A. Phansalkar, A. Joshi,L. EeckhoutandL. K. John.Measuringprogramsimilarity: Experimentswith spec
cpubenchmarksuites.In PerformanceAnalysisof SystemsandSoftware, 2005.

[2] K. D. Cooper, P. J.Schielke, andD. Subramanian.Optimizingfor reducedcodespaceusinggeneticalgo-
rithms. In Workshopon Languages,Compilers,andToolsfor EmbeddedSystems, May 1999.

[3] H P. Wu, L. Chen,J. Cuvillo andG. R. Gao. A user-friendly methodologyfor automaticexplorationof
compileroptions. In The2006InternationalConferenceon ProgrammingLanguagesandCompilers, Las
Vegas,US,June2006.

[4] Ira D. BaxterandAndrew YahinandLeonardoM. De MouraandMarceloSant'AnnaandLorraineBier.
Clonedetectionusingabstractsyntaxtrees.In ICSM, pages368–377,1998.

[5] J.Lau,J.Sampson,E.Perelman,G.HamerlyandB. Calder.Thestrongcorrelationbetweencodesignatures
andperformance. In IEEE Internationalsymposiumon Performanceanalysisof systemsand Software,
2005.

[6] K. Chow andY. Wu. Feedback-directedselectionandcharacterizationof compileroptimizations.In 2nd
ACM WorkshoponFeedback-DirectedOptimization(FDO), Haifa, Israel,November1999.

[7] K. Hoste,A. Phansalkar, L. Eeckhout,A. Georges,L. K. JohnandK. D. Bosschere.Performanceprediction
basedon inherentprogramsimilarity. In Proceedingsof PACT2006, 2006.

[8] K. Kontogiannis,R.DeMori,E.Merlo,M. Galler, andM. Bernstein.Patternmatchingfor cloneandconcept
detection.In AutomatedSoftware Engineering, pages3(1–2):77–108,1996.

[9] L. Almagor, K. D. Cooper, A. Grosul,T. J. Harvey, S. W. Reeves,D. Subramanian,L. Torczon,andT.
Waterman.Findingeffective compilationsequences.In Proceedingsof the2004ACM SIGPLAN/SIGBED
conferenceon Languages,compilers,andtoolsfor embeddedsystems, pages231–239,2004.

[10] M. Annavaram,R. Rakvic,M. Polito,J.Bouguet,R. HankinsandB. Davis. Thefuzzycorrelationbetween
codeandperformancepredictability. In Proceedingsof the37th InternationalSymposiumon Microarchi-
tecture (MICRO-37), 2004.

[11] M. Haneda,P.M.W. Knijnenburg and H.A.G. Wijshoff. Automatic selectionof compiler optionsusing
non-parametricinferentialstatistics.In Proceedingsof the14thinternationalconferenceon Parallel archi-
tecturesandcompilationtechniques, 2005.

[12] M. Haneda,P.M.W. Knijnenburg andH.A.G.Wijshoff. Optimizinggeneralpurposecompileroptimization.
In CF'05, Ishia,Italy, May 2005.

[13] R. Sree,A. Settle,I. Bratt andD. Connors. Compiler-directedresourcemanagementfor active codere-
gions.In In Proceedingsof the7thWorkshoponInteractionbetweenCompilersandComputerArchitecture,
February2003.

[14] St́ephaneDucasseandM. RiegerandS. Demeyer. A languageindependentapproachfor detectingdupli-
catedcode.In ProceedingsICSM'99(InternationalConferenceonSoftwareMaintenance), pages109–118,
1999.

17



[15] T. Way andL. L. Pollock. A region-basedpartial inlining algorithmfor anilp optimizingcompiler. In The
2002InternationalConferenceon Paral lel andDistributedProcessingTechniquesandApplications, page
552556,2002.

[16] T. Way and Lori Pollock. Evaluationof a region-basedpartial inlining algorithmfor an ilp optimizing
compiler. In IASTEDInternationalConferenceonParallel andDistributedComputingandSystems(PDCS
2002), 2002.

[17] T. Way, B. BreechandL. L. Pollock. Region formationanalysiswith demand-driven inlining for region-
basedoptimization.In In ConferenceonParal lel ArchitecturesandCompilationTechniques(PACT), page
2436,2000.

[18] Yoon-JuLeeandMaryHall. A codeisolator:Isolatingcodefragmentsfrom largeprograms.In Proceedings
of theLCPC'04, Sept.2004.

[19] Z. Pan andR. Eigenmann.Fastandeffective orchestrationof compileroptimizationsfor automaticper-
formancetuning. In Proceedingsof the InternationalSymposiumon CodeGeneration andOptimization,
2006.

18


