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Abstract

Targetedoptimizationof programsegmentscanprovide an additionalprogramspeedupover the highest
default optimizationlevel, suchas-O3in GCC.Thekey challengds how to automaticallysearchfor perfor
mancesensitve programseggmentsin a givencode to which a customizedsequencef optimizationcompiler
optionscouldbeapplied.

In this paperwe proposea methodbasedon both programsyntaxandarchitecture-dependehehaioral
similarity of programsegmentswhich addressethe above challenge First we createa programsegmentpat-
terndatabasenda proxy segmenttemplatedatabasevhicharebuilt in theunderlyingcompiler Themodi ed
compileridenti es optimization-friendlyprogramsegmentsn input programausingthe syntaxstructuresim-
ilarity betweenthe candidateprogramsegmentsandthe pre-huild programsegmentpatterns.Theidenti ed
programsegmentsarethen ltered usingthearchitecture-dependebehaior similarity to the pre-tuild proxy
segmenttemplates.Theseidenti ed programsegmentsarethosepiecesof input code,which canbe custom
optimizedto improve the overall programperformance.

Themethodis evaluatedandtestedontheIntel XScalePXA255platformusingrandomlyselectedench-
marks. The experimentalresultsshov that our methodcan provide additional speedup®ver the highest
optimizationlevel in GCC3.3(-0O3) for anarbitrarysetof applications.
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1 Intr oduction

Moderncompilersoften have myriad optionsto controlvariousaspectanddegreesof optimization. The users'
ability to ®nd a good combinationof compiler optionshasa large impacton the overall performanceof the
compiledcode. On the otherhand,even the highestdefault optimizationlevel, suchas-O3 in GCC, doesnot
necessarilyproducethe bestperformancespeedugor every application[2, 6, 9, 11, 12, 19]. A signi®cantpo-
tentialfor furtherperformanceémprovementexists,which couldbe exploitedby carefullychoosingoptimization
optionscustomizedo a particularperformanceensitve programsegmentg3].

Thekey challengan compileris how to automaticallyidentify performanceensitve programsegmentwhere
acustomizedequencef optimizationoptionscouldbeapplied.To addresshis challengewe proposea method-
ology for automatedietectionof performancesensitve programsegmentsbasedn programsegmentsimilarity.

Fromacompilerpoint-of-viev, programsegmentsimilarity appearsn two ways: 1) syntaxstructuresimilar
ity, and2) architecture-depelert behaior similarity. Evenwhenthe samesetof optimizationoptionsis used,
two programsegmentswith the samesyntaxstructuremay exercisedifferentoptimizationeffects. On the other
hand,two programsegmentsmay be affectedin the similar way, if they have similar architecture-deperd
behaiors, even if whenthe correspondingsyntaxstructuresare different. This phenomenorcomplicateshe

analysisof programsimilarity.
We addresghis problemthrougha two-stagemethod which combineghe syntaxstructuresimilarity andthe
architecture-deperd behaior similarity.

We baseour methodologyon thefollowing assumptions:

In mostprogramsthe performanceensitve programsegmentscanbedetectedwhich could contritute to
anadditionalperformanceémprovementif customoptimizedduringthe compilingphase.

A setof proxy programsegmentscanbe generatedbasedon the performanceensitve programsegments
by evaluatingtheir optimizedsequencef optimizationoptions(0OSO)?*

ThecompilercanapplytheOSOs of theproxy programseggmentgo theprogramsegmentswith thesimilar
characteristic§syntax structuresand architecture-depeedt behaiors) to thoseof the proxy program
seggments.

Accordingto theseassumptionsywe ®rst createa programsegmentpatterndatabaseinda proxy segment
templatedatabasevhich arebuilt in the underlyingcompiler

A programsegymentpatternis an abstractrepresentationf an optimization-friendlyprogramsegment. A
programseggmentpatternrepresentanin®nite numberof programsegmentinstanceswhich have similar syntax
structure.

1Compiledwith anoptimizedsequencef optimizationoptions(OSO), a programcanhave anadditionalperformancespeedumver

the highestdefault optimizationlevel of acompiler
2An optimization-friendlyprogramsegmentis a performancesensitve programsegmentfor which a customizedoptimizationse-

quenceof options©SO) canbede®ned.



A proxy sggmenttemplateis a clusterof the sggmentinstancesepresentethy a programsegmentpattern.
A uniqueOSO is associatedo eachproxy sggmenttemplate. A proxy sggmenttemplaterepresentgrogram
sgmentinstanceswhich have similar architecture-depeient behaiors, aswell assimilar syntaxstructures.

By building the programsegmentpatterndatabasendthe proxy sggmenttemplatedatabasethe compiler
identi®escandidatgprogramsegmentsin the input codeusingthe syntaxstructuresimilarity betweerthe candi-
dateprogramsegmentsandthe pre-huild programsegmentpatterns.The identi®edprogramseggmentsarethen
®ltered usingthe architecture-dependebehaior similarity betweenthe identi®ed programsegmentsandthe
pre-tuild proxy segmenttemplates.In the ®nal phase the identi®ed programsegmentsare optimizedusinga
customizedsequencef optimizationoptions.

In this paperwe describean automatedperformance-friendlyprogramsegmentsidenti®cationtechnique.
We explore two stratgjiesusedto compareidenti®edprogramsegmentsandthe proxy segmenttemplateswith
associatedveights: 1) accurate-matchtratgy, and?2) fuzzy-matchstratgy. In theaccurate-matchtratgy, the
inherentarchitecture-deperdtbehaiorsin eachsegments statemenéreusedn thesimilarity comparisonThe
fuzzy-matchapproactusesthe inherentarchitecture-dependebehaiors of the whole programsegmentin the
similarity comparisorstage.

We evaluateourmethodonthelntel XScaleP XA255platformwith GCCtool chain,usingarandomselection
of benchmarksThe experimentakesultsshav thatour methodcanprovide additionalspeedupsver the highest
optimizationlevel in GCC 3.3 (-O3) for anarbitrarysetof applications.

The papersectionsareorganizedasfollows: In Section2, we presenthe methodfor creatingprogramsey-
mentpatternsandproxy segmenttemplatesSection3 discussesdenti®cationof optimization-friendlyprogram
sgments;Section4 presentshe experimentakresults;Section5 describeselatedwork. Finally, the conclusion
andthefuturework aredescribedn Section6.

2 Program SegmentPattern and Proxy SegmentTemplate Creation

This sectiondescribesheapproacHor creatingprogramsegmentpatternsandproxy segmenttemplates.

A programsegmentpatternis anabstracrepresentationf anoptimization-friendy programsegment.Each
programseggmentpatternrepresentsinin®nite numberof programsegmentinstancesvhich have similar syntax
structures.

A proxy sgmenttemplateis a clusterof the programsegmentinstancesepresentethy a programsegment
pattern.A uniqueOSO is associatedb eachproxy sgmenttemplate.

2.1 Program SegmentRepresentationData Structure

Our methodologycompletelyrelies on the staticanalysisof the programssubjectto analysis. More precisely
we only considerstatemensyntaxstructuresandthe numberof operationgoperandsandoperators).The data
structureusedfor representinggrogramstatementsndthe correspondingperationss designedo beintuitive,
asshavn in Figurel.



Type The type of statement structure

Number The number of statements included in this structure

End The last node of this statement structure

Operands The number of operands in this statement itself

Operators The number of operators in this statement itself

Prev Pointer to the previous node

Next Pointer to the next node

The major statement structure types are
-L: Loop statement structure
Assignment statement structure
Condition statement structure
Switch statement structure
Compound assignment statement structure

Q0no>

Figurel: DataStructureusedfor RepresentinggrogramSegments

A doublelinkedlist with nodegthestructurds shavn in Figurel) is usedo representheinputcode.We call
this structurethe program structue streamrepresentation(P SS) of a program. The nodeshave the following
properties:

Eachnodecanrepresengitherjust oneprogramsegment,or two or moredifferentprogramsegmentsthat
have the sameprogramstructure.

Eachnodeis accompanietby a datastructureusedfor storingthe programinformationof therepresented
programsegment.

Theformatandtheconteniof eachdatastructurearerelatedto thecriteriaof architecture-depetent behaior
similarity discussedh Section 3.

Oneof thetoolsdevelopedasa partof our methodologytoolsettransformsaninput programinto a program
structurestreanrepresentationT his stepis essentiallya sourcecodeanalysiswvherethe programinformationis
collectedandrecorded.Figure2(b) givesthe programstructurestreamrepresentatioffor the programsegment
shavn in Figure2(a).

2.2 Syntax Structur e Similarity

De nition 1 Two programsegmentsS; andS; have similar syntaxstructuref the numberof nodesnodetypes
andthenodeorderarethesamen bothprogramstructurestreanrepresentations.

2.2.1 Simpli cation of the Program StreamRepresentation
Becausave only focuson programsegmentspur methodologyouldbesimpli®edsothatthethefocusis onloop
sggmentswhich containloop statements;onditionstatementsswitch statementandassignmenstatementsA

programstreanrepresentatiors simpli®edto excludeall programsegmentsnot consideredn theanalysis.
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for( i=1; i<=n; i++ ){
S
while( a*b < 0 ){
S,
Si

}
if(a<b){ (b) Program Structure Stream Representation
g for example (a)

3
Ss:

}

Sei

}

Si (1 "i "6)is
assi gnnent st at ement

(a) A program segment

(c) Re-creating of (b)

Figure2: An Exampleof ProgramStructureStreamRepresentation

We ®rst decomposeahe programsegmentsthat consistof nestedoops. For eachof thesesggmenttypes,
startingfrom the innermostloop, we extract the sequencef nodeswhich consistof this loop only. A new
sgmentis createdusingthe newly extractedsequencef nodes.This processontinuesuntil the outermostoop
is reachedthe onethat representshe original segment). In the end, we leave this sggmentunchangedIn this
processan-level nestedoop will generatan-1 new segments.

The appliedloop segmentdecompositioreliminatespossibleambiguity amongthe similar programsey-
ments. Eachsimilar programsegmentis uniqueand doesnot overlapwith otherprogramsegments. After the
simpli®cationstepis done,the programstructurestreanrepresentationf a programcontaingprogramsegments
thatmaybecomesyntaxstructuresimilar programsegments.

Theadjacenhodesof thesameaypearethencombinedo furthersimplify the programstreanrepresentation
usingthefollowing criteria:

A single or continuousassignmenstatemeninodesare replacedwith a specialnode which is called
compoundednode,if they belongto the samelevel of the statemenstructure;

A null compoundedstatemenhodeis inserted(the N umber ®eld is 0) behindeachnon-compounded
statemenhode,if it is notfollowed by a compoundednode;

Continuousconditionalnodesareconsideredo be singleconditionalstatemenhodesif all nodesin their
statemenbody arecompoundedstatemennodes. Thatis, we usea specialconditionalnodeto replace

thesecontinuousconditionalnodeswhile keepingthe original nodes;

Continuousswitchnodesarereplacedy a specialswitchnode.

Figure2(c) shavs the simpli®ed programstreamrepresentatiobasedon the representatioin Figure2(b).
Pleasenotethatnot all of the abore mentionechodesareusedin this representation.
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2.2.2 Similar Program SegmentDetection Algorithm

The processof detectingsyntaxstructuresimilar programsegmentsis basedon a very intuitive algorithm. The
algorithminitially createsa pool of similar programsegment(SP S-pool) to store detectedsimilar program
sgments.Eachelemenin this pool consistof aprogramstructurestreanrepresentatioandasimilarity weight,
which recordsthe numberof similar sggmentsfound during the detectionprocess.For eachtestedprogramP,

thealgorithmdetectssimilar programsegmentsthroughthefollowing steps:

Step1: ProgranmP is simpli®edinto a setof marked programsegmentsusingthe abore describednethods.
Let usdenotethesetof programsegmentsasP =fPq, Py, ...,Pn g;

Step 2: If the SP S-pool is empty do a self matchingcheckfor eachsegmentin P. If two sggmentsare
similar, randomlyremove onesegmentfrom P andincreasehe similarity weightof the remainingsegmentby
1. This stepcontinuesuntil no additionalsimilar ssgmentcanbefound. P is thenstoredin the SP S-pool.

Step 3: For eachsegmentin P, checkif any nodesequencenatchesary elementin the SP S-pool. This
matchingonly checksfor the nodeorder numberof nodesandnodetype. If thereis a match,a syntaxstructure
similar sgmentis found andthe similarity weight value of the matchedelementin the SP S-pool increments
for 1. The syntaxstructuresimilar segmentis thenremaoved from P. This iterative process®nisheswhenno
additionalsimilar segmentcanbefound. Theremainingsegmentsn P, if ary, areselfchecledandstoredin the
SP S-pool.

Thenumberof elementsn the SP S-pool depend®n the numberof analyzedsampleprograms.

2.3 Program SegmentPattern Formalization

The SP S-pool hasprogramsegmentsfor its elementsThesesegmentscannot berunindependentlybut rather
they needto betranslatednto a compilerfriendly version,by addingthemain functionandthe standardsyntax
garnishmentsThis "formalized” versionis run andmeasuredn the underlyingplatformto ®nd the OSOs.

Not every measuregrogramhasan OSO. A trial anderror processs usedfor eachexaminedprogramin
whichthenumberof assignmenstatementandthe numberof operationgoperandsandoperators)s adjustedn
eachassignmenstatementlf a correspondingdSO is not found after 10 iterations,the programis considered
to have novalid OSO assignedo it.

If anOSO is found, the programsegmentaffectedby this OSO will be usedasa representate program
sgmentandformalizedinto a pattern.

A patternconsistof a”pure” programstructurestreanrepresentatioandaweightsequencef architecture-
dependenbehaiors. Thedifferencebetweerthe pureprogramstructurestreanrepresentatioandtherepresen-
tative programsegmentstructurestreamrepresentations thatthe formeronly storestheinformationon nodes
type.

During the patternformalization,we usethe syntaxstructureskeletonof therepresentate programsegment
to represenall programsggmentghathave the samesyntaxstructure Eachpatternis accompanieavith aweight
sequenceavhichis de®nedas:

friyz  ing
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N.: Numberof usedcases
Np: Numberof patternfound

Characteristicef the First 11 patterns

N¢ Np -
All | Min | Max Frequeng
<528,135,108,2490,1,
20 17 847 1 182
18,10,6,1,%

<1114,374,2082,8
42,18,12,6,10,2

35 21 1822 1 230

Tablel: Experimentof PatternCreation

Then in thesequenceepresentshe numberof compoundedstatementshatappeain the pattern.Let| be
thenumberof noncompoundedstatemenstructuresn thepatternn = 2 | 1.! ' isapairof values.

Eachpair of valuesdescribesherangeof architecture-depeerdt behaior value(discussedh Section 3) of
the correspondingompoundedstatemenin a programsegmentrepresentedly the pattern.

De nition 2 A patternwith k elementsn its weightsequencés calleda k-element pattern.

De nition 3 In ak—element pattern theinstancefor which eachweightelementhasthe minimumvalueis
calledthe lower boundinstanceof this pattern;the instancefor which eachweight elementhasthe maximum
valueis calledthe upperboundinstance instancegor which eachweight elementhasan arbitraryvaluein the
rangeof [minimumvalue maximunvalug arecalledsiblinginstances

In ak-element patternary programsegmentrepresentetly thepatterncanhave k compoundedstatements.
Thei th pair of valuesin the weight sequencef the patterndescribeghe minimum valueandthe maximum
valueof thearchitecture-depeedt behaiors for thei th compoundedstatement.

To createa patterndatabasewe randomlyselecttwo setof sampleprogramsthat featurelarge fraction of
loop structures.Thereasorfor selectingthis type of caseds thatthe currentpatternsarecreatedrom the loop
sggments.

Tablel shawvs theresultsafterthe creationof the syntaxstructurepatternfrom two setsof sampleprograms.

The®rst setof sampleprogramsconsistsof 20 randomlychoserprograms.Using the patternformalization
algorithm, 17 differentpatternsare created.After analyzingll mostfrequentlyrecognizedpatternswe found
that: 1) 11 patternsappeared@47 timesin the setof sampleprograms;2) the minimum numberof recognized
patternsn thesampleprogramss 1; and3) themaximumnumberof recognizegatterngs 182. Thef requency
®eld storesthe numberof appearancef®r eachof the 11 patternsn the setof sampleprograms.The secondset
of randomlychosen35 sampleprogramsincludessomebut not every programfoundin the ®rst group. When
the algorithmis appliedto the secondgroup, the resultsshav that a few more patternsare created. Although
somevhatunexpectedthe®rst 11 patternsarethe sameasthe onesfoundin the ®rst set.

Figure 3 shavs a setof programstructurestreamrepresentationsf patterns. We call this seta pre-tuild
patterndatabase Eachpatternhasbeenassigned uniqueordernumber This is a mini patterndatabaseised
only for the evaluationpurposesin practice the patterndatabasshouldbelarge enoughto cover mostprogram
sggmentshaving varioussyntaxstructures. The formation of a patterndatabasean be very time consuming,
however it is practicalto do so, becausedhe patterndatabasewvill be repeatlyusedwhen analyzingdifferent
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programs.

Patternl Pattern2 Pattern3
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Pattern4 ||Pattern5 Pattern6
- 11
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Figure3: A Pre-BuildPatternDatabase

2.4 Creationof Proxy SegmentTemplate

A proxy sggmenttemplaterepresenta subsef all programsegmentinstancesepresentedy the corresponding
pattern. The minimal valueandthe maximalvalueof the architecture-deperdt behaior in the corresponding

compoundedstatements determinecdby the correspondingpair of valuesin the weightsequencef the proxy
sgmenttemplate.

Thedifferencesdbetweera proxy segmenttemplateanda programsegmentpatternare:

Theweightsequencef a proxy segmenttemplates asubrangef theweightsequencef acorresponding
pattern.

Eachproxy sggmenttemplatehasa unique OSO and all instancesepresentedy the proxy segment
templatesharethis OSO.

Thevaluerangeof the weight sequencef a proxy segmenttemplateis determinedhroughclustering. For
eachpattern,the clusteringalgorithm groupsall programsegmentinstanceghat sharethe sameOSO. The
minimum weight value and the maximumweight value of the groupedinstancesonsistof the corresponding
pair of valuesfoundin theweightsequencef the proxy sgmenttemplate.

Theclusteringalgorithmis basedon the following hypothesis:

Givena proxy sgmenttemplate if its lower boundinstanceand its upper boundinstancehavethe same
0OSO0, anysibling instancewould havethe sameOSO.

Basedon this hypothesisthe clusteringalgorithmdividesthe instancespaceof a patterninto a setof sub-
spaces.



Pattern Numberof Performance|
Created Speedup(%)

Index Templates 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: Characteristicef Pre-BuildProxy SegmentTemplates

Thecriterionthatconstraintghe clusteringis thatthe lower boundinstanceandthe upperboundinstancean
asubspacshouldhave sameOSO.

We usemeanvalue methodto clusterthe instancespaceof a patternto createthe proxy sggmenttemplates.
Basedon the pre-luild patterndatabasshawvn in Figure3, we create25 proxy sggmenttemplatesTable2 gives
the featuresof the proxy sgmenttemplatesderived from the correspondingpatternby the appliedmeanvalue
clusteringalgorithm. This tableshavs the numberof proxy sgmenttemplatesderived from eachpattern. The
performanceamprovement®eld gives the minimal and the maximal performancespeedupover the GCC -0O3
amongthe proxy segmenttemplatesn eachpattern.

Thereis only a few proxy sggmenttemplatesderived from eachprogramsegmentpattern. Clearly hav-
ing more proxy segmenttemplateswould resultin a betterperformancespeeduphut this doesnot affect the
evaluationof therealbene®tf our methodology

3 Identifying Optimization-Friendly Program Segments

By building a programsegmentpatterndatabaseand a proxy segmenttemplatedatabasea compiler can au-

tomatically identify the optimization-friendlyprogramsegmentsin the processeatode. The identi®cationof

optimization-friendlyprogramsegmentsis basedon 1) the syntaxstructuresimilarity, and 2) the architecture-
dependenbehaior similarity.

TheapproacHor detectingthe syntaxstructuresimilarity is presentedn Section2. In this sectionwe focus
on architecture-depelent behaior similarity. We ®rst examinethe correlationbetweerarchitecture-depeed
behaiors and programsegments. Then we presenta quantitatve approachto transformthe architecture-
dependenbehaiors of a programsegmentinto a weight sequence.Finally, we presentan addedcompiler
techniqudor automatiadenti®cationof optimization-friendlyprogramsegments.
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3.1 Architecture-DependentBehaviors

In this paperwe focuson the correlationbetweeroptimization-friendy programsegmentsandthe architecture-
dependenbehaiors. This correlationis bestanalyzedusing a unique OSO as a criterion. Architecture-
dependenbehaiors aresolelybasedon the operationdoundin programsegments.

Givenanoptimization-friendy programsegmentS; =fSt, S?, ...,SMg, letB; =fBl, B?, ... Bg represent
thearchitecture-depelent behaiors of Sj, andO; representhe OSO. TheOSO correlationbetweers; andB;
canbeexpressedy function in thefollowing way:

(Si, Bi) =0
Let ususea concreteoptimization-friendlyprogramsegmentto investigatehe correlationbetweerthis sey-
mentandthearchitecture-depetent behaiors.
Givenanoptimization-friendlyloop segmentL ¢ asfollows (it is manuallyexaminedto ®nd anOSO):
for (i=varl, i<=varz; i++)  {

S1;
S2;

Si(i=1,...,n)is anassignmenstatementLet usassumehe OSO is O. We randomlyduplicateSi in theloop
body andadjustthe operandsandoperatorgaddor delete)foundin the statement®neby one,sothatwe can
experimentwhenthe sequenc®© will changeduring this process.We obsered thatthe sameO will hold for
several duplication/adjusbn steps.This experimentdisclosedhata numberof differentinstancef the same
programstructure(aloop structurein our experiment)sharethe same0OSO.

From the beginning until the last step,for which the O is valid in the duplication/adjustio processthe
original segmentL ¢ is transformednto a seriesof new segmentsL 1, L, ..., Ljast. Similarly, the architecture-
dependenbehaiors B , aretransformednto asetof B, ,, B ,, ..., B, - For thesesggments the following
equatiorholds:

(Li,Br)= (Lj,By;)(O0 i) lastandi g j)

Accordingto De®nition 1 givenin Section2.2,thesesggmentshave the samesyntaxstructure.
Basedon the experimentobsenrations,thearchitecture-depelent behaior similarity is de®nedas:

De nition 4 LetB; andB, aretwo setof thearchitecture-dependebehaiors for programsegmentsS; and
Sy, respectiely, S; andS; have similar architecture-depeiert behaior if:

(S1,B1) = (S2,B2)

The similar architecture-depeent behaior programsegmentshave the following features: 1) they are
optimization-friendlyprogramsegments2) they have similar syntaxstructure and3) they shareghe sameOSO.

9



3.2 Quantifying the Ar chitecture-DependentBehaviors

In this paper we do not investigatehow a compilercan speedum programsegmentby fully utilizing the set
of the architecture-depeerd behaiors. The reasons that our methodcapturegprogramsegmentsandrelates
themto a setof proxy programsegments.Theseproxy programsegmentsaremanuallyselectecandexamined.
Indeed,we only needto investigatethe correlationbetweena candidateprogramsegmentanda proxy program
sggmentbasedon the architecture-deperdt behaiors. We trustthe compilerto fairly processhe candidate
programseggmentby the samecriteriausedin processingproxy programsegments.Simply said,afair judgewill
drav averdictguidedby the samecriteriausedin the previous similar cases.

We have addressethe problemof determiningthe syntaxstructuresimilarity betweerprogramsegmentsin
Section2. In this sectionwe explain how to determinghattwo programsegmentswith similar syntaxstructure
alsohave similar architecture-depeedt behaior.

To simplify theanalysiswe will only focusonthefollowing architecture-depelert behaiors:

Instructionlateng
Memoryaccesdateny
Registerset

Datacacheandinstructioncache

Eachtypeof architecture-depeed behaior is translatednto anintegervalueaccordingo thearchitecture-
dependentharacteristicsTable3 describeshecorrelationbetweerthearchitectureharacteristicandthequan-
ti®ed values.

Theanalysiof programsggmentsyntaxcomponentsanestimatehetotalintegervaluefor eacharchitecture-
dependenbehaior. The translationof an architecture-deperd behaior into aninteger numberinvolvesthe
following steps:

Estimatethetotal instructionlateng in the programsegment.Assumeeachoperationn the programseg-
mentis transformednto a relatedinstruction. Simply collectandclassifyall operationsandcalculatethe
total numberof instructions.Thetotal numberof instructionlatencieds calculatedusingthe architecture
characteristictookuptable.

Estimatethetotalnumberof memoryaccesgointsin the progranmsegment.We only look for theload/store
operandsA variableis treatedasa storeoperandf it appearsn theleft sideof anassignmenstatement.
Otherwisethe variableis a load operand. If a variableappeardn the left side of several assignment
statementsn the programsegment,it is only countedas one store operation. Throughthe useof the
architecturecharacteristic¢able,we cancalculatethe total numberof memoryaccesdatenciesfor each
segment.

Estimatepossibleregisterallocationfor the operand$oundin the segment.Assumen to bethe numberof
registers.The®rstn loadvariableghatappeamoretimesthanothervariablesjf they donotappeain the

10



Ar chitecture Characteristics Quanti ed Value
Multiply (short) 3
Multiply (long)
Multiply-ADD (short)
Multiply-ADD (long)
Compare

Move

Arithmetic

Logical

Shift/rotate

Branch

Load

Store

RajisterSet 14

Datacache 8*1024+512(minidatacache)
Instructioncache 8*1024

olo|r|RrlRrlRIRIRlolw o

Table3: Intel XScaleArchitectureCharacteristicandQuanti®edvalue

left sideof assignmenstatementshey arecountedasloadoperations the®rsttime they appearThatis,
thesevariablesareassignedo the registers. Thereforethe succussingppearancesf thesevariablesare
treatedasregistervariables.We assumehereis no lateng for registervariables.Othervariablesarestill
treatedasmemoryacces®perandso matterhonv mary timesthey appeain thecode.

Estimatethe correlationbetweerthe total numberof operationsthe datacachesize,andthe instruction
cachesize. Sincewe have estimatedhetotal numberof instructionsandoperandsn a programsegment,
the numberof instructionsof the programsegmentto the instructioncachesizeratio canbe calculated.
Thesamecanbedonefor thenumberof operanddo the datacachesizeratio.

Basedon the above proceduresprogramsegmentarchitecture-dependebehaiors have beentransformed
into integervalues.Thearchitecture-dependebehaior similarity of programsegmentsis determinedasedn
thesevalues.

3.3 Optimization-Friendly Program Segmentetection

In this sectionwe describeanautomatec¢ompilertechniquefor optimization-friendlyprogramsegmentsdetec-
tion basedn the pre-huild patterndatabasandthe proxy segmenttemplatedatabase.

We have modi®edcompilers front-endso that the detectionis executedin anautomatedashion. An extra
pasds addedn thecompilerto transformtheinput programinto programsegmentsusingthe programstructue
streamrepresentatiordatastructure For eachprogramsegmentthemodi®edcompiler®rst doessyntaxstructure
similarity analysisto determinewhich programsegmentpatternrepresentshe currentprogramsegment. In the
next step,thearchitecture-dependebehaiors of this programsegmentarecollectedandtranslatednto integer
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weightvaluesbasedntheweightsequencef thematchedgrogramsggmentpattern.Themodi®edcompilerthen
searcheshe proxy segmenttemplatedatabas¢hatcorrespondso this patternusinga concreteveightsequence.
If the programsegmentweight sequences a child of the weight sequencef a proxy segmenttemplate,this
programsegmentis consideredo bethematchanda ag is setwhich triggersthe modi®edcompilerto custom
optimizethis programsegment.

Themodi®edcompileridenti®esoptimization-friendlyprogramsegmentsin two stages:

Stagel: SyntaxStructurePatternMatchingandWeight Sequenc€reation

Step2: Proxy TemplateMatching

Figure4 shavs the procesof optimization-friendlyprogramsegmentsdetectionn theinput code.
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Figure4: Optimization-friendlyProgramSegmentsDetectionFlowchart

We usetwo stratgiesto checkfor the matchbetweeranidenti®edprogramsegmentandthe proxy seggment
templateusinga weightsequencel) anaccurate-matckand?2) afuzzy-match.

In theaccurate-matchtratgy, theinherentarchitecture-depeiert behaiorsin eachsggments statemenére
usedin thesimilarity comparisonThefuzzy-matchapproachusesheinherentarchitecture-dependebehaiors
of thewhole programsegmentin the similarity comparison.

In the accurate-matchtratgy, eachelementof the programsegmentweightsequencenustbein therange
of the correspondingproxy template$ weight sequence.This is a very strict condition. The adwantageof the
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accurate-matchtratgy is thatit can®nd a true proxy sggmenttemplateif the matchis successful. The short-
comingof this stratgy is thatit needsalarge proxy segmenttemplatedatabasén orderto cover majority of the
weightvaluescombinations.

Thefuzzy-matchstratgy addsall elementof theweightsequencento aweightvalueanddeterminesf this
valueis in the rangeof the weightvalueof a proxy segmenttemplate.Obviously, the prerequisitds that, when
creatinga proxy segmenttemplate the weight sequenc®f this proxy segmenttemplatedeteriorateso a single
element.

No matterhow mary optimization-friendlysegmentscanbe recognizedn the input code,the amplitudeof
the performancemprovementdepend®n thethreefactors:

A similar segmentrecognitionproceduremust be appliedafter of all programtransformationssuchas
functioninline, loop transformationetc.

A compilersupportsregion-based’bptimizationmechanismThatis, acompilerrepartitionscompilation
functioninto moreoptimizationandschedulingriendly compilationunits.

Theoptimization-friendy sgmentsaretargeted’hot-spots”.

4 Experiment

Ourmethodologys applicableo ary platform,andshouldprovide improvedperformancdor arandomlychosen
input C program.In this sectionwe evaluatethe methodologyon the Intel embedde&ScalePXA255architec-
ture. Thecreationof the patterndatabasandthe proxy templatedatabasés architecturelependenbut it is done
only once. In the experiment,we select4 benchmarkpackages CommBenchDSP kernelsuite, Mediabench,
Mibench(bothlarge andsmallinput datasetareusedin the experiment).

Theexperimentevaluateghefollowing characteristics:

Patternandtemplatematchratesthrough: 1) The numberof programsegmentshatcanbeidenti®ed,and
2) How mary patternmatchedsegmentsalsomatchproxy templates heresultshelpestimatehe pattern
databassizeandthe proxy templatedatabassize.

Performancespeedup. In this part of the experimentwe test the ability to automaticallyidentify
optimization-friendy programsegments.

Thebenchmarkprogramsare®rst compiledusingthe-O3 optionin GCC3.3. Only thosecaseghatpasshe

execution(someof themcannotcompileor executecorrectly)areusedin thetestingphase Eachtestedprogram
is run 5 times,andthe averageperformancespeedups usedasareferencen thefurtheranalysis.

4.1 Pattern and Template Match Rate Evaluation

Table 4 shavs the matchratesfor the candidateprogramsegments(matchedo the programsegmentpatterns
and matchesto the proxy segmenttemplates). We recordedthe total of 3514 candidateprogramsegments,
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Template Numberof | Numberof | Numberof

Matching Candidate| Pattern Template

Stratey Sgments | Matched | Matched
Accurate-match 3514 594 441
Fuzzy-match 3514 594 516

Table4: PatternMatchedRateand TemplateMatchedRate

where594 matchpatterns. The matchrateis 16.9%. Among thesepatternmatchedsegments,441 and 546
sgmentsare proxy segmenttemplatematchedwhen using the accurate-matclistratgy and the fuzzy-match
stratgy, respectiely. The proxy sggmenttemplatematchratesare74%and87%,respecirely.

4.2 Performance SpeedupEvaluation

Among 30 testedcasesoriginatingfrom 4 benchmarksthereare9 caseghat shav performancespeedupover
-03. We believe thattheimprovementwould be signi®cantlybetterif thereweremoreproxy segmenttemplates
to compareagainst.Our groupcontinuousliywork on extendingthe proxy segmenttemplatedatabase.

Figure5 givesthe performancepeedupsver the default -O3 optionamong9 programausingthe accurate-
matchstratgy andthefuzzy-matctstratey, respectiely. Theaveragespeedujs 1% andthemaximumspeedup
is 3%for theaccurate-matchtratgy. Thefuzzy-matchstratgy hastheaveragespeedumf 2% andthemaximum

speedupf 7%.
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4%

% 4

@ accurate-match

W fuzzy-match

3% A
2% 4
1% 1

0% -

Figure5: Performancé&peedumver GCC-03

4.3 Analysisand Estimation

Basedontheexperimentatesultsthefuzzy-matchstratgy shavs betterperformancepeeduphantheaccurate-
matchstratgy, aswell asa higherproxy segmenttemplatematchingrate. This meansthat the detectionof
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programsegmentsimilarity is betterif programsegmentscoarse-grairarchitecturebehaiors areobsered, in-
steadof the®ne-grain.

The architecturébehaiors of somestatementomponentsnay be combinedwith otherstatementompo-
nentsby the compileroptimization.Thereforethe weightvaluesof statementomponentn two similar program
sgmentsmay be completelydifferent. On the otherhand,the weight valuesof architecturebehaiors of two
similar programsegmentswill besimilar no matterhow the compileroptimizesthem.

Finally, thereis no signi®cantperformancespeedumbsered for randomlyselectedorograms.Besideshe
factthatthesmallfractionof sgmentsareidenti®edbasedn our experimentaproxy sgmenttemplatedatabase,
we have to ignorecertainoptimizationopportunitiesywhenthe optimizationsequencéor this coderelateso the
outsidecodes. The solutionto this problemis also a part of an ongoingeffort to improve the methodology
results.

5 RelatedWork

Sreeetal. [13] presenteé methodfor architectureesourcesnanagemerthroughcompileranalysis. According
to this method,a compileris usedto identify frequentlyexecutedcoderegions, which are thendirectedto a
memorysystem.A memorysystemis usedto prioritize accesgo dataandinstructionsfrom theseregions. Tom
etal. [15, 16, 17] presentedh region formationalgorithmwhich eliminateshigh compilertime memorycosts
causedby aggressie inlining pre-passingThis methodis basedon individual regions processingwhich takes
placeduring interproceduralregion formation. This work describesan architecture-indepelent compilation
mechanism.Liu et al. demonstrate@ region-basedccompilerinfrastructure. In contrastto thesestudies,our
methodcompletelyrelieson staticinformationgatheredrom programssubjectto analysis.In our method,only
acompileris requiredto do an”one-size-®ts-all’optimizationfor the proxy programsegments.

Annavaram [10] andLau et al. [5] discusshe correlationbetweerprogramsourcecodeandperformance.
They examinedtheuseof codesignaturembtainedhroughperiodicsamplingto predictperformancdor database
applicationsaandSPEC2000Hosteet al. [1, 7] proposea methodologyto predictprogramperformanceon ary
architecture. They measurdhe architecture-indegncernt characteristicef programsandthenrelatemeasured
informationto pre-pro®lecbenchmarksin contrasto thesestudies our methodemploys differentcriteriato de-
termineprogramsimilarity. Furthermorepur methodcanbe usednotonly to identify similar programsegments,
but alsoto directcompilerto generatea customhighly optimizedsequencef optimizationoptions,which best
®ts eachdetecteorogramssegment.

Kontogianniset al. [8] developedcode-to-codanatchingtechniquedor detectingcodeclonesandfor esti-
matingsimilarity distancedetweertwo programsegments.They usedabstracsyntaxtree(AST) astheprogram
representatioscheme.Baxteretet al. [4] usestandardparseanalysistechniquego detectexactandnearmiss
clonesover arbitrary programsegmentsin a programsourcecode by transformingsourcecodeinto an AST.
Ducasswetal. [14] usesimpleline-basedtringmatchingto detectduplicatedcode.LeeandHall [18] developed
atool (Codelsolator)to extract"hot spot” programsegmentsfrom large scienti®capplications.This tool also
talgetstuningto isolatedsegments Whatmalkesour detectiormethoddifferentis thatit operate$n termsof pro-
gramstructure.A sourcecodeis transformednto a programstructurestreamrepresentatiomndeachprogram
structureis associatedb its weightsequence.
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6 Conclusionand Future Work

We proposeanautomatednethodologyfor performance-friendlyprogramsegmentsdetectionbasedon similar
ity betweendenti®edprogramsegmentsandthe recordsstoredin two pre-huiilt databasesi) segmentpattern
databaseand?2) proxy segmenttemplatedatabase.

Firstwe generat@nexperimentaprogramsegmentpatterndatabasanda proxy segmenttemplatedatabase.
We presenta compilertechniqueo automaticallycapturethe performance-friendlyprogramsegmentsdetected
in arbitraryinputprogramsy the useof syntaxstructureandarchitecture-depeent behaior similarity analysis.

We evaluatethe applicability and performanceof our methodologyon Intel XScale PXA255 platform by
integratingit into GCC 3.3 compiler The experimentaresultsshav thatour methodcanprovide additionalper
formancemprovementover the highestoptimizationlevel in GCC 3.3 (-O3) for anarbitrarysetof applications.

Severalresearchopicsareraisedbasedon the obserationsandthe analysisof the experimentakesults.We
focusour ongoingwork on someof thoseobserations:

Build the practicalprogramsegmentpatterndatabasend proxy segmenttemplatedatabaséy extending
the rangeof the statementype of a program structue streamrepresentatiordatastructure to represent
morestatementomponents.

Developa moreaccurateproxy segmenttemplateclusteringalgorithm.
Revisecompilersothatit canfully supportour methodology

Testour approachover alargersetof randomlychoserapplications.
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