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Abstract

The highestoptimizationlevel of a compiler, suchas-O3 in GCC, doesnot ensurethe bestperformance
for every application. Rather a setof carefully tailored compileroptionsis morelikely to achieve an ad-
ditional performancamprovementfor most programs. Furthermorewithin the sameprogram,somecode
sggmentsmay run fasterwhenindividually tunedcompiler optionsare applied. The goalis to explore and
usethe potentialof theseoptionsin orderto gainanadditionalprogramperformancemprovement.Themain
challengein reachingthis goalis: Givenan arbitrary program, how to identify and processsud program
sgmentshat maybene t fromindividually tunedcompileroptions?

In this paper we proposea methodologythat automaticallyidenti es programsegmentsthat may be
positively affectedby individual option tuning, and determineghe bestcompiler optimizationoptionsfor
suchsggments.The conceptbehindour methodologyis basedon the following obsenations: 1) A program
canbedividedinto sggmentswhich sharesimilar programstructure;2) A largenumberof programsegments
aredifferentinstance®f the sameprogramstructure;3) A groupof differentinstance®of the sameprogram
structureshareshesameoptimized sequencef optimizationoptions;4) A compilercanbeeasilymodi ed to
identify performance-sensite programsegmentsandto apply customizedsequencef optimizationoptions
to suchsegments,and5) A signi cant performancegain canbe achiezed by usingonly a small numberof
programfeaturesecognizedandtreatedby the proposednethodology

Our methodologydescribesan automatednechanisnfor of ine dynamicprogramsegment-based¢om-
piler optimizationselection.It automaticallyidenti es programsegmentghatcouldbefurtheroptimized,and
appliesa customizedsequencef optimizationoptionsto eachof suchprogramsegments.

We haveimplementedhismethodologyverastandardsCCcompilerontwo experimentatestbedsintel
XScalePXA255andIntel Pentium4 platform. Preliminaryexperimentalresultsshav that,comparedo the
highestoptimizationlevel in GCC, our methodologysigni cantly improvesapplicationsperformanceover
a wide selectionof benchmarksincluding SPEC2000and MediaBenchon the two experimentaltestbeds.
The averagespeedugs 6.0% on PXA255, and 8.1% on Pentium4. Furthermore our approachimproves
performancédor 33 programsfrom atotal of 42 in 4 benchmark®n PXA255,and34 programsrom atotal
of 49in 5 benchmarksn Pentium4 respectrely.

The performanceyainsachievedby our approactdo not appeato be affectedby differentinput program
size,asobsenedin the experimentdiscussedh this article.

Termoptimizeds usedto indicateanadditionalperformancémprovementover the highestoptimizationlevel of compiler
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1 Intr oduction

It hasbeenknown thateventhehighestoptimizationlevel of acompiler suchas-O3in GCC,will notnecessarily
producethe bestperformancdor every application.A signi®cantpotentialfor performanceayainsexists, which
couldbeexploited by carefullychoosingoptimizationoptionscustomizedo a particularpieceof code.

In orderto take full advantageof customselecteccompileroptimizationoptions,the following questionhas
to beaddressed:

Givenan arbitrary program, howto identifyand processsud program segmentghat maybene tfromindi-
vidually tunedcompileroptions?

Ideally, if acompilerdid not apply a ®xed sequencef optimizationoptionsto the whole program,it would
bepossibleto identify performancesensitve segmentsin the codewherea customizedsequencef optimization
optionscouldbe applied,leadingto a performancemprovement.A performancemprovementof eachprogram
sggmentwould contritute to the ®nal performancemprovementachie/ed for the whole program.A numberof
toolsandstudieshave beendevelopedon how to optimizecompileroptions [1, 3,5, 7,9, 11, 12, 15, 16].

However, to theauthors'bestknowledge,no methodhasbeenproposedwhich canbe universallyappliedto
anarbitraryapplication.

This paperdescribesvhatwe believe is a solutionto this problem,anda comprehense studythatleadto
this solution. We ®rst give the motivationfor the studyby experimentallyinvestigatingthe relationshipbetween
programsegmentsandvariousoptimizationoptions.

Givenaloop segmentL asfollows:

for (i==varl, i<=varz; i++) {
Al;
A2;

WhereAi(i=1,...,n) is an assignmenstatement.In the ®rst stepof the experimentwe try to ®nd an optimized
sequencef optimizationoptions.We setn=1andcustomizeAl until anoptimizedsequenc&is found. Thenwe
addmorestatementi theloop bodyoneby oneto seewhenthesequenc&will respondo thestatemenadding
processWe obseredthatthe sameS holdsfor several steps.This experimentaktepexploresanobsenrationthat
if thenumberof statementi theloop body belongsto a certainrange they sharethe sameoptimizedsequence
of optimizationoptions. Basedon the laststatementaddingstepfor which the sequencé is valid, we continue
the experimentby randomlyadijustingthe operandsand operatorgaddor delete)foundin the statementsAs
predictedthe samesequencé is valid for alarge numberof adjustmentsThis experimentalsteprevealsthata
numberof differentinstance®f the sameprogramstructure(a loop structurein this experiment)sharethe same
optimizedsequencef optimizationoptions.

Thefollowing arethe obserationsmadefrom the abose experiment:



Observation 1. A programcanbedividedinto sggmentseachof whichrepresentaninstanceof someset
of programstructure{SeeSection 5.1);

Obseration 2: A large numberof programsegmentsaredifferentinstance®f the sameprogrampattern
(SeeSection 5.3);

Obseration 3: A groupof differentinstance®of the sameprogramstructureshareghe sameoptimized
sequencef optimizationoptions(SeeSection 5.4).

Basedon our empiricalknowvledgein compilerdevelopmentwe presentwo moreobsenrations:

Observation 4: Most compilerscan be modi®edeasilyto identify performance-sensit programseg-
mentsand apply customizedsequencef optimizationoptionsto thoseidenti®edseggments(SeeSection
6);

Obsewvation 5: Only asmallnumberof programfeaturegecognizedn themining processs suf®cientto
achieve signi®cantperformanceains(SeeSection 7.2).

Motivatedby theseobserations,we proposeanen empiricalmethodologyfor automatiaexplorationof com-
piler optimizationoptionsfor programsegmentsin an arbitrary application,which we call ProgramSegment-
basedOptimizationSearch(Program-SOSor SOS) Methodology This Methodologydescribesan automated
mechanisnof of ine dynamicprogramsegment-basedompileroptimizationselection.lt automaticallyidenti-
®esprogramsegmentshatcouldbe furtheroptimized,andappliescustomizedsequencef optimizationoptions
to eachof theidenti®edprogramsegments.

Themaincontritutionsof Program-SOS Methodologyto the ®eld of compileroptionsoptimizationare:

We have built a platform-independdrpatterndatabaséasedon the analysisof a large setof empirically
selectedsampleprograms.Similar programsegmentsare collectedvia patterncreatingtechnigue.These
sgmentsare measureandsomeof themareremovedif thereis no optimizedsequencef optimization
optionsthataffect them. Eachremainingsegmentis thentransformednto a pattern andeachpatternss

storedinto the patterndatabase.

We have huilt a platform-dependertemplatedatabase.A clusteringalgorithmis appliedto clusterthe
instancespaceof eachpatterninto a setof subspace@emplatesunderthe conditionthatall theinstances
in the samesubspacsharethe sameoptimizedsequencef optimizationoptions;

We have enhancedhe GCC compilerby embeddinghe pattern/templatdatabasenda templateidenti®-
cationtool. ForaninputprogramP, theidenti®cationtool capturesandrecordsa setof programsegments
in P by matchingthemstructurallyagainstthe recordsin the patterndatabaseThe setof identi®edsey-
mentsis furtherreducedy the®Iltering processvherethecontentof the candidatesegmentsarecompared
to the prede®nedfeatures”containedn the correspondingemplate.Eachremainingsegmentmatchesa
concretgemplatein thetemplatedatabase.

We have revisedthe original compilercodeto apply the templatecustomizedptimizedsequencef opti-
mizationoptionsto the programsegmentthatis recognizedo matchthis template.
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We haveimplementedhe Program-SO$/ethodologyoverthe GCContwo experimentatestbedsintel XS-
calePXA255andIntel Pentium4 platform. Comparedo the highestoptimizationlevel in GCC, our approach
signi®cantlyimprovesperformancever awide selectionof benchmarksncluding SPEC200@ndMediaBench
on the two experimentaltestbeds.The averagespeedups 6.0%on PXA255,and8.1%on Pentium4. Further
more,our approachmprovesperformancdor 33 programdgrom atotal of 42in 4 benchmarken PXA255,and
34 programsfrom a total of 49 in 5 benchmark®n Pentium4 respectiely. The performancegainsachieved
by our approactdo not appearto be affectedby differentinput programsize,asevidencedby the experiments
discussedh this article.

Theremainingsectionf this paperareorganizedasfollows. We ®rst summarizeelatedwork in Section2.
Thenwe outlinethe infrastructureof our methodologyin Section3. Section4 talks aboutthe challengessso-
ciatedto searchfor optimizedsequencesf optimizationoptions. In Section5, we discussmethodsandtools
usedin detectingsimilar programsegments formalizing patternabstractrepresentationand clusteringpattern
instancesnto templatesIn Section6, we discussamethoddor identifying andrecordingthe programtemplates
andthe programseggment-basedptimizationprocess.Experimentaresultsaregivenin Section?7. Finally, the
conclusionsandfuturework aredescribedn Section8.

2 RelatedWork

The Methodologydescribedn this paperis focusedon the following threeareas:1) programsourcemanipula-
tion, 2) patterninstanceclusteringand,3) optimizationoptionselection.

Kontogianniset al. [6] developedcode-to-codenatchingtechniquedor detectingcodeclonesandfor mea-
suring the similarity distancebetweentwo programsegments. They usedabstractsyntaxtree (AST) asthe
programrepresentatioscheme.Baxteretet al. [4] usedstandardparseanalysistechniquego detectexactand
nearmissclonesover arbitrary programsegmentsin programsourcecodeby transformingsourcecodeinto an
AST. Ducasswet al. [13] usedsimpleline-basedstring matchingto detectduplicatedcode. Lee andHall [14]
developeda tool (Codelsolator)to extract”hot spot” programsegmentsfrom large scienti®capplicationsand
talgetstuningspeciallyon theisolatedsegments.

In contrasto thesestudiespur programdetectionmethodoperatesn termsof programstructure.Thesource
codeis transformednto a programstructurestreamrepresentatioand eachprogramstructureis associatedo
a weightvector We de®nesimilarity betweentwo programsegmentsbasedon their structuresimilarity and
throughthedistancenetweertheir weightvectors.

Almagoretal.[7] describednexperimentaktudyof compileroptimizationsequenceis aprototypeadaptve
compilerdesignedor thespPARC architectureThepapelpresentsariousalgorithmsfor determiningheeffective
orderingof compileroptimizations.This approachrequiresa customcompilerwhich supportschangingorders
of optimizationoptions. Our approackcanbe appliedto anarbitrarycompileranddoesnot changethe internal
orderof optimizations.

Chawv andWu [5] useda fractionalfactorialdesignmethodologyto decidewhich compileroptionsshouldbe
usedfor a givenapplication.

Cooperetal. [1, 7] usedGeneticAlgorithmsto ®nd an optimal sequencef optimizations.Panetal. [15]
presentedhe approachthat doesnot changecompilerinternalstructure. This group proposeghreealgorithms
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aimedat ®nding compiler optimizationswith a positive effect. The proposedalgorithmsselectfrom the 38
optimizationsusedin the GCC-0O3 option. However, thisapproachdoesnot considertheeffect of ary individual
option. Moreover, they alsodo not examineinteractionsetweenndividual options.

Hanedaet al. [8, 9] usedan OrthogonalArray to determinghe effect of optimizationoptions.In contrasto
thealgorithmdescribedn [9], our algorithmemploys a differentclassi®catiorof compileroptionsandsearches
for a setof optimizedsequencesf optimizationoptions.

Hammeret al. [2, 10] presentednethodof using Logical Analysisof Datato detectstructuralinformation
aboutdataset.It looksto clusterareasof vectorspaceby creatingbooleancriteria. In contrastto the method
proposedn [2], we usea methodof meanvectorweightvaluesto clustersimilar programsegmentsinto tem-
plates. The clusteringfactoris basedon the similarity of optimizationsequencewhich is a uniquepropertyof
our Methodology

3 Progam-SOS Methodology Overview

This sectionpresentsa componenview of theProgram-SOS Methodology

3.1 Program-SOS Infrastructur e

TheProgram-SOS Methodologyconsistof threecomponentsasshavn in Figurel. ComponenP; is com-
posedof a group of sampleprogramsa programtransformatiortool, similar programsegmentdetectiontool,
anda patternformalizationtool. The sampleprogramsarerandomlychoserfrom realworld applications.They
areusedin Program-SOS to drive our pre-huild patterndatabaseComponenf, consistsof patterninstance
analysisandclusteringalgorithms.In this componentpatterninstancesreclusteredandthe templatesare ex-
tractedfrom someof the clusters.This componentlsocreatesour pre-huild templatedatabaseComponent;
consistof templatedenti®cationtools, which identify, recordandoptimizethoseprogramsegmentsthatmatch
the pre-huild templatesThis components integratedinto the compiler

3.2 The Working Principle of the Program-SOS Methodology

ComponenP; andComponenP, areone-size-®ts-alpartsin the Program-SOS Methodology Component
P1'sresponsibilityis to ®nd a setof similar programsegmentsto measuréhesesegmentausingtheoptionsearch
algorithmandto formalizethesesegmentsnto a setof patterns Eachof the sampleprogramsgs ®rsttransformed
into aprogramstructurestreanrepresentatioby the programtransformatiortool. The programstructurestream
representatiomf a programis fed into a similar programsegmentdetectiontool. The tool capturessimilar
sgmentsandstoresgheminto aninternalpool of similar programsegmentgSP S-pool). After all of thesample
programsareprocessedhe SP S-pool storesall similar programsegmentshathave beendetected.

The similar programsegment,which hasan optimizedsequenc®f optimizationoptions,is storedinto the
patterncandidatgool. The patternformalizationtool transformseachelementn the patterncandidatgool into
apatternrepresentation.
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ComponenP, createdemplatedor eachpatterngeneratedn the ComponenP;. A setof empiricallower
boundsand upperboundsis setfor eachpatternto limit the rangeof its instances.Basedon the setof lower
boundsandupperboundsa clusteringalgorithmis usedto clusterall theinstance®f a patternand®nd a unique
optimizedsequencef optimizationoptionsfor eachcluster Eachclusterwith an existing optimizedsequence
of optimizationoptionsis transformednto anabstracform of atemplate

ComponenPs relieson the underlyingcompilerthatintegratesthe Program-SOS Methodology A tem-
plateidenti®cationtool workson anintermediatgepresentatioof a program capturesandrecordsthe program
segmentwhich matchesone of the templatesgeneratedn the ComponentP,. In the optimizationphase the
compilerusesa customizedsequencesf optimizationoptionsfor thetemplatematchedorogramsegments.

4 Searching for the Optimized Sequence®f Optimization Options

This sectiondescribeghe algorithm we useto searchfor an optimized sequencesf compiler optimization
optionsOSOs).

If anOSO is found,theprogramsubjectto analysiscangetadditionalperformancémprovementf compiled
usingthis setof options. Additional performanceémprovementmeansmprovementsin speedand/orcodesize
whencomparedo the baseine versioncompiledusingthe highestoptimizationlevel of the compiler Those
sequencesf optimizationoptionsthatunderperformthe baseine arediscardedThe sequencesf optionsthat
malke the performanceesultsbetterthanthe baseline performancdecome0SOs.
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Our OSO searchalgorithmis basedon the methodproposedn the paper[9]. In contrastto the algorithm
describedn [9], our algorithmemplgs a differentclassi®cationof compileroptionsandsearchegor a setof
optimizedsequencesf optimizationoptions.

We implementthe algorithm over the GCC's "chassis”. The optimizationoptionssuppliedby the GCC
compilerare classi®edinto threesets: basicoptimizationoptionsB, global optimizationoptionsG, andlocal
optimizationoptionsL . WechooseB [ G asadefaultsequencef thesearchinglgorithm.TheoptionsinB[ G
arealwaysactive duringthe OSO searchprocess.

Ouralgorithmonly considerghe searchingpaceof optimizationoptionscreatedy L, becauselobal opti-
mizationoptionsforcethe compilerto dealwith thewholefunctioninsteadof justthecodesegments.Consider
ing G optimizationsin our methodologywould call for a comple analysisof the compiler Hence we treatthe
G asadefault sequenceThelocal optimizationoptionsL arealsocalledOSO-candidate options.

TheOSO searchalgorithmcanbe describedhroughthe following threesteps.

Stepl: Finding Maximal Subsequencesf Positively Interacting Options

In this stepthe algorithm ®nds subsequencesf optimizationoptions,which positively interactwith each
other Thealgorithmstartsby enablingsingleoptionsandby extendingthe subsequencdsasedon their perfor
manceandinteraction.Thesesubsequencemeincludedinto the sequencsetC.

De nition 1 The set Cy representghe sequence®sf positively interactingoptions, wherek optionsare
switchedon in eachsequence.

De nition 2 ThesetL' is the setof individual optionsthat do not appearin the elementsof C1;:::;Ci 1
2 i n).

ThesetC1 is constructedy testingsingleoptionsof L for their performanceThe®rstM optionsoffering
thebestperformancareselectedandplacedinto thesetC1. Thereforethesizeof Cq1 is M . Theelementsn the
setC, arethe combinationof singlecompileroptionsfrom the setsL andL 2. In orderfor a pair of optionsto
beaddedo thesetC,, theoptionsmustinteractpositively, i.e. they needto give betterperformancehanif they
wereenabledindividually. This is a ratherstrict condition. If two optionsare combinedandthe performance
improves,thatimprovementshouldbe basedon a "strong-strong”cooperatiorinsteadof a "weak” optionbeing
addedo a’strong” one. Thereforetheimprovementis testedaccordingo theconstraintthecombinatiorbrings
abouta signi®cantimprovementover selectingeitheroptionwithout the other

Every subsequenty is constructedy pairingup the optionsin setCy 1 with theindividual optionsin set
LK. The combinationghathave positive interactionsareaddedo the setCy.

This step®nisheswhenl' = ; andC; = ;. All positively interactingsubsequencearestoredinto the C.
Thatis,C = [ -, Ck.

Step2: Combining Subsequences C

In this step,the elementf the setC arecombinedif they interactpositively. If the interactionis positve,
theelementsarecombinedandincludedin C. Theunpairedversionsof thecombinedelementsaredeleted.

A new setCiemp is createdo includethe subsequenceshich aredeletedfrom C andimprove the perfor
manceover thatof thebaseine.



At theendof this stepthe subsequences Cimp arestoredbackto thesubsequences setC.

Step3: Selectingthe BestSequences

Theperformancef eachsubsequendea setC istestedLOtimesandthemeanperformancés used.Themean
performancds comparedo the baseine performance The subsequencgserformingbetterthanthe baseine
arekeptwhile othersarediscarded.

After this step,the algorithmdetermines setof subsequencesr a given programsegment. Eachof these
subsequencds anOSO.

For our purposegachOSO will be considered candidatevhensearchingor acommonOSO for a given
template.

Figure2 shawvs the o wchartdiagramof algorithmto searchfor an optimizedsequencesf compileropti-
mizationoptions.
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5 Program SegmentPatterns and Templates

This sectionis divided into two parts. The ®rst part describesnethodsfor creatingprogramsegmentpatterns
from arbitraryprograms.The secondpartdescribeghe clusteringalgorithmbasedn the meanvaluemethodto
clusterpatterninstancesnto templates.

De nition 3 A program segmentpatternor simply pattern is an abstractspeci®catiornof a setof similar
coarse-grairprogramsegmentsfor which thereis at leastone OSO. Eachprogramsegmentrepresentedby a
patternis calleda patterninstanceor simplyinstance.

Eachpattern,theoreticallyspeaking,covers in®nite numberof instances.A pattern is representedy a
programstructurestreamandaweightvectorsequenceEachweightfactorin aweightvectorsequenceescribes
somefeaturedoundin a particularstatemenstructurein the programstructurestreanrepresentation.

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

De nition 4 A patterninstancetemplate or simply template originatesfrom a patterninstanceslusterin
which all instancesharethe sameOSO. TheOSO is derived by measuringa selectednstancen this cluster

Eachtemplate consistof the programstructurestreanmrepresentationf its correspondingatterna scaled
weightvectorsequencandanOSO.

A templateandits correspondingpatternhave the similar representationgxceptfor the weight vector se-
guencean which eachweightfactoris a subrangef the correspondingatterns weightvectorsequence.

TheProgramPatternCreationphasehasfour steps:

Stepl: Transforma programinto a programstructurestreanrepresentation.

Step2: Useprogramstructurestreammatchingmechanisnto ®nd similar programsegmentsin the pro-
gramssubjectto analysis.

Step3: Measureeachsimilar programsegmentto ®nd an OSO anddeletethe segmentswhich have no
0OSO found.

Step4: Formalizeanabstractepresentationf eachremainingsimilar programsegment.

After a patternhasbeencreatedthe clusteringalgorithmis usedto clusterthe patterninstancesandderive a
seriesof templates.

Thefollowing sectiongive a detaileddescriptionof patterncreationandtemplateformalization.

5.1 Program Structure Stream Representation
Program-SOS Methodologycompletelyrelies on staticinformationon programssubjectto analysis. More
precisely Program-SOS considersonly statemenstructuresandthe numberof operationgoperandsandop-

erators). We usea simple datastructureto represent programstatementnd the operationgoperandsand
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operatorspf a statementasshavn in Figure3(a). Eachdatastructures anodeof adoublelinkedlist. A func-
tion referencewill have individual structuref it appearssa statementOtherwisejf it appearsn anexpression,
it is consideredo beanoperand.

Type | The type of statement structure for( i=1; i<=n: i++ ){

The number of statements S;;

included in this structure while( a*b < 0 ){
S,;
S;;

Number

End The last node of this statement structure

The number of operands

Operands | iy thjs statement itself if( a<b)f

The number of operators 4

S
in this statement itself Ss;

Operators

Prev Pointer to the previous node }S
61

Next Pointer to the next node }

The major statement structure types are

Si (L "i "6)is
: Loop statement structure assi gnment st at enent
: Assignment statement structure

: Condition statement structure

: Switch statement structure

: Compound assignment statement structure

(a) Data Structure Used in PSS

(b) A program segment

Onorxr

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

Figure3: PSS DataStructureandUsedExample
A doublelinkedlist with nodes(the structurels shavn in Figure3(a)) is usedto represenaininput program.
We call this structurethe program structuie streamrepresentatiorof a program.

It is obvious that eachnodein the programstructurestreamrepresentatiomepresents programsegment.
Eachnodecanrepresent large numberof different programsegmentsthat have the sameprogramstructure.
This propertyof programstructurestreanrepresentationon®rmsthe ®rst obseration madein Sectionl.

Oneof thetoolsdevelopedasa partof Program-SOS Methodologytransformsaninput programinto the
programstructurestreamrepresentationFigure 3(c) givesthe programstructurestreamrepresentatiofor the
programsegmentin Figure3(b).

5.2 Similar Program Segment®etection

De nition 5 Two programsegmentsS; andS, aresimilarif thenumberof nodesnodetypesandthenodeorder
arethesamein bothprogramstructurestreanrepresentations.
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5.2.1 Re-creation of the Program StreamRepresentation

Similar programsegmentscanappeatin the sameprogramor in differentprograms.lt is rarely the casethat
two programsegmentsare exactly the same. To narrav down the focusof a similar programsegmentfor our
purposeswe recreatéghe programstreanrepresentationsingthe following new nodes:

A singleor continuousassignmenstatemennodesarereplacedwvith a compoundstatemenhode,if they
belongto the samedevel of a statemenstructure.

Inserta null compoundstatemennode (the N umber ®eld is 0) behindeachnon-compoundtatement
node,if it is notfollowed by a compoundiode.

Continuousonditionalnodesareconsideredo beaspecialconditionalstatemenhodeif all nodesn their
statemenbody arecompoundstatemenhodes.Thatis, we usea specialconditionalnodeto replacethese
continuousconditionalnodeswhile keepingthe original nodes.

Continuousswitchnodesarereplacedy a specialswitchnode.

Figure3(d) shavs therecreategrogramstreanrepresentatiofrom therepresentatiom Figure3(c).

5.2.2 Simpli cation of the Program StreamRepresentation

Theconstraint®df ourProgram-SOS Methodologycouldbeloosenedothatthe programsegmentsthesubject
of our interest,areloop sectionswhich containonly loops, condition statementsswitch statementsnd/oras-

signmenistatementsBasedon the constrainta simpli®cationprocesss appliedto therecreateghrogramstream
representationf a programto excludeall programsegmentsnotincludedin thefurtheranalysis.

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

The loop segmentdecompositioreliminatesary ambiguity amongthe similar programsegments. Each
similar programsegmentis uniqueanddoesnot overlapwith otherprogramsegments.

After the simpli®cation stepis done,the programstructurestreamrepresentatiorof a programcontains
programseggmentshatmaybecomesimilar programsegments.

5.2.3 Similar Program SegmentDetection Algorithm
Theproces®f detectingsimilar programsegmentds basedn avery intuitive algorithm. Thealgorithminitially
creates similar programsegmentpool (SP S-pool) to storedetectedsimilar programsegments.Eachelemenin

this pool consistof a programstructurestreanrepresentatioanda similarity weight,which recordghenumber
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of similar segmentsfoundduringthe detectiornprocessFor eachtestedorogramP , thealgorithmdetectssimilar
programseggmentsn thefollowing steps:

Stepl: ProgramP 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 eachsgmentin P, checkif ary nodesequencenatchesary elementin the SP S-pool. This
matchingonly checksfor the nodeorder numberof nodesandnodetype. If thereis a match,a similar segment
is foundandthe similarity weightvalueof the matchedelementin the SP S-poolincrementdor 1. The similar
sgmentis thenremoved from P. This iteratve process®nisheswhenno additionalsimilar sgmentcan be
found. Theremainingsegmentsin P, if ary, areselfcheclkedandstoredin the SP S-pool.

Thenumberof elementsn the SP S-pool depend®on howv mary sampleprogramsaretested.

5.3 Pattern Formalization

Herewe presenthe proces®f translatingsimilar programsegmentsinto patterns.

TheSP S-poolhasprogramsegmentfor its elementsThesesggmentscannotberunasseparat@rogramsso
they needto betranslatednto a compilerfriendly version,by addingthemain functionandthe standardsyntax
garnishmentsThis "formalized” versionis run andmeasurean the underlyingplatformto ®nd the OSOs.

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

A similarprogramsegmentwill befurtherformalizedinto a patternif anOSO isfound. A patternconsistsof
a’pure” programstructurestreanrepresentatioandaweightvectorsequenceThedifferencebetweerthe pure
programstructurestreanrepresentatioandthe original (simpli®ed) programstructurestreamrepresentatiors
thattheformeronly keepsthetype messagebor all nodes.

During the patternformalization,we usethe skeletonof therepresentate similar programsegmentto repre-
sentall programsggmentghathave thesameskeleton. Thecharacteristicef eachprogramskeletonaredescribed
by weightvectorsequence.

A weightvectorsequencef a patternis anorderedvectorsequencele®nedas:
fri12  1ngi=<vi,vi>@ i n))

In the sequencen is the numberof compoundstatementshat appearin the pattern. Let | be the number
of non-compoundtatemenstructuresn the patternn = 2 | 1. vl is therangeof numberof assignment
statementshatcanappeain ith compoundstatemenandvl, is therangeof the sumof all operationgoperands
andoperators)n theith compoundstatement.
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De nition 6 A patternwith k elementsn its weightvectorsequencés calledak-element pattern.

A k-element patterncorresponds$o a 2k dimensionainstancespacewhich is createdy its weightvector
sequenceThis patternrepresents numberof programsegmentsthat have the sameprogramstructurestream
representatiomnd have the samenumberof weight vectorsas the pattern. This patternpropertyrevealsthe
seconcbbserationin Sectionl.

Figure4 shaws the programstructurestreamrepresentationfor somepatternggeneratedn this study We
call this a pre-huild patterndatabaseEachpatternhasbeenassigned uniqueordernumber

Patternl Pattern2 Pattern3

1 o]
2]

[+]e]e]
[¢] -]
[+ ]e]o]

Pattern4 Pattern6
o8 o B e e & B B o
o] Lo ][] [e]le] Lo J Lo Lo ] [erle ] [o ][]
Pattern?7 Pattern8
0 0| [0 [0} [_][>9] [0
Lo ] Lo J Lo Le] Lo ] oo ][]

Pattern1l

1]

Figure4: Elementdn a Pre-BuildPatternDatabase

5.4 TemplatesCreationthroughthe Clustering Algorithm

This sectiondescribesheclusteringalgorithmusedin the Program-SOS Methodology

As describedn Section5.3, eachprogrampatternis associatetio a weightvectorsequencandeachweight
vectorin this sequenceorrespondso a compoundassignmenstatemenstructurein the pattern.

The clusteringalgorithmgroupsa large numberof patterninstancesnto several clusters,andthenderives
templatedor thoseclusters.

De nition 7 A cluster of apatternconsistf patterninstanceshatmeetthefollowing requirements:

They have the sameprogramstructurestreanrepresentatioasthe pattern.
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The weight vectorsequenc®f aninstancewith the lowestvaluesandthe weight vectorsequenc®f an
instancewith the highestvaluesin a clusterarecombinednto a scaledweightvectorsequenceAll other
instancesn this clusterhave their weight vector sequencealueswithin the rangeof this scaledweight
vectorsequence.

In orderto derive a templatefrom a cluster all instancesn the clustermust have the sameOSO. The
uniquenes®f clusters OSO canbe veri®ed by comparingthe performancevheninstancesn the clusterare
compiledusing this OSO to the baseine performance.However, the exhaustve comparisonis impractical
becausdhe total numberof instancess large, hencethis processs quite time consuming.However, we have
signi®cantlyshorterthe clusteringtime by 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 eachweighthasthe maximumvaluein this spaces calledthe upperboundinstance instancedor which
eachweighthasanarbitraryvaluein this spacearecalledsibling instances

HypothesisFor any 2k dimensionalveightvectorspaceof a k-element pattern,if its lower boundinstance
andits upperboundinstancehavethe sameOSO, anysibling instancewould havethe sameOSO.

Accordingto this hypothesiswe have developeda clusteringalgorithmbasedon the iteratve meanfactor
value method,to scalethe valuerangesof eachweightfactorof patterns weightvectorsequenceThe scaled
weightvectorsequencés laterusedto derive templates.

De nition 9 To averagea sequencef n factors
V = fvy; vy vng, eachtime onefactorv; (1 i n) is beingaveragedall otherfactorsremainunchanged
until v; averagingis done. This processs iteratively appliedto all factorsuntil no furtheraveragingis possible
for ary factor We call this methoditerative meanfactor valuemethod

Theiteratve meanfactorvaluemethodappliedin ouralgorithmcanbedescribedsatop-davn approachin
the®rststep,we constrainthe 2k dimensionalveightspaceausinga setof empiricalupperboundsor eachweight
factor Thenwe createalower boundinstanceandanupperboundinstancefor this space A clusterfactorOSO
is usedto orchestratdurther clustering.We measurdhe lower boundinstanceandthe upperboundinstanceto
®ndtheshared0SO. If thesameOSO is foundfor bothboundstheclusteringproces®nishes.Otherwisethe
weightspacds divided into two subspacessingtheiteratve meanfactorvaluemethod. Thatis, onesubspace
keepsall thelower boundsandusesall themeanweightvaluesasits upperboundswhile the othersubspaceses
all themeanweightvaluesasits lowerboundsandkeepgheoriginal upperbounds.Themeanboundvaluesmust
beadjustedsothatthe subspacedo notoverlap. This stepis repeatedor eachsubspaceintil a subspace-unique
OSO is foundor the clusteringcannot be continued.Finally, the 2k dimensionalveightspaceof a k-element
patternis clusterednto a ®nite numberof subspacestachsubspaceorrespond$o atemplatef it hasanOSO
associatedo it. All programsegmentsthat belongto this subspaceharethe sameOSO. This Characteristic
con®rmsour obseration 3 describedn Sectionl.

Figure5 shavs anintuitive view of templatederived from patternl. It shavs a subspacef patternl, and
furtherclusteringcreates3 newv subspacewhich correspondo templatest1, T2 andT3. For example template
T3 includesthoseinstancedor which the numberof assignmenstatementss from 1 to 7 andthe numberof
operationgs from 9to 13.
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Figure5: An Intuitive TemplateScene

Figure6 presentsa pseudacodedescriptionof our clusteringalgorithmthrougha step-by-steplescriptiornof
the clusteringalgorithm(processin@f ak-element pattern).

Step 1: Thealgorithminitially creategwo specialweight vectorsequencedV, andWy, which storethe
lowestandthe highestweightvalues respecirely. Theinitial valuefor eachweightfactorof W is setto O if the
N umber ®eld of the correspondingompoundstructuress de®nedas” 07, otherwiset is setto 1. Theweight
factorof Wy is setto a differentempiricalvaluem’ (1 i k). Valuem' shouldnot betoo small, otherwise
the clusteringalgorithmwill convergetoo quickly, leadingto creationof very few templates.

Step 2. Usingtheweightvaluesof W andWy, we manuallycreatetwo patterninstances? 1 andPly.
Theseinstancesaremeasuredo ®nd their OSOs. If no OSO is foundfor theinstanceP I, theweightfactors
in W will beadjustedandanew P 1| is createcandagainmeasuredteratively. Similarly, if no OSO is found
for theinstanceP | y, theweightsin Wy will beadjustedandanew P is createdcandmeasuredteratively.

Thisis atrial anderrorprocesof adjustingtheW_ andWy which guaranteethe®ndingof OSOsfor both
instanced | andP1y. All foundOSOs arethenstoredin C, andCy, respectiely.

CL\ Cy 6 ; indicateghatthesameOSOs arefoundfor bothinstance? | . andP | . Theclusteringof the
currentweightvectorsequenc®nishesandthealgorithmskipsto step5, whereatemplatds createdIf C.\ Cy
=, , thealgorithmcontinueswith step3.

Step3: The OSO searchalgorithmdescribedn Section 4 doesnot®nd all 0SOs. SomeOSO in G may
bethecorrectOSOsfor Py andvice versafor Cy. Thisstepdoesan’intercrossing’measuremerdf instances
Pl_ andPly overCy andC, respectrely. Thatis, pairup andmeasurd® | with eachOSO in Cy andPly
with C_. If the "intercrossing”’measuremensuccessfully®nds nev OSOs, they are addedto the instances
setC_ or Cy andthealgorithmadwancesto step5. If the "intercrossing”doesnot detectary nev OSO, the
algorithmcontinueswith step4.

Step4: If no OSO sequencés found for a scaledweight vector sequencenen weight vector sequences
arecreatedoy splitting the weightrangebasedon the methodof iterative meanweightvalues.The algorithmis
invoked recursvely over the new weightvectorsequenceantil anOSO is found.

Step 5: For all OSOs that arefound in the clusteringphase,the algorithm determineshe bestone for
bothinstanced? || andP Iy anddenoteit asa sharedOSO. A new scaledweightvectorsequences created
accordingly The new scaledweight vector sequencend the sharedOSO alongwith the patterns program
structurestreanrepresentatioform atemplate.
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Figure6: TemplateClusteringAlgorithm

Steps2 through5 arerecursvely repeatedor eachmeanvalue weight vectorsequenceuntil eitherof the
following conditionsis met: 1) every clusteringweightvectorsequencgetsa sharedOSO, or 2) thealgorithm
corverges. Thatis, theweightvectorsequencesannot befurtherscaled.For theseweightvectorsequences)o
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sharedOSO exists. Thereforethey areexcludedfrom thetemplateformalizationphase.

The proposedclusteringalgorithmwill eventually ®nd one or more patternclustersor templatesdue to
its recursve nature. After the algorithmis appliedover differentpatternsa templatedatabasés built to store
detectedemplates.

This partof theProgram-SOS Methodologyimplementsa "one-size-®ts-all"approachn creatingthe pat-
tern databaseindtemplatedatabase Giventhis new information,the underlyingcompilercanbe improvedto
fully exerciseprogramsegmentbasedptimization.

6 Embedding Prog am-SOS into Compiler

The processof embeddinghe Program-SOS Methodologyinto ary platform compileris rathersimple. This
processs fully transparentrom the users point of view. In this sectionwe describehe necessarglterationgo
GCCcompilerrequiredfor successfuembeddingf theProgram-SOS Methodology

Thereareonly two stepsrequiredfor GCCmodi®cation:1) integrationof atemplatedenti®cationtool in the
front-endafteranintermediat@epresentatiors generatedand?2) implementatiorof the segment-base®SO in
the optimizationphase.

Becausemostof moderncompilershave similar architecturakkeleton,suchasfront-end, middle-endand
back-endthesimplicity of embeddingheProgram-SOS Methodologyinto the GCCcompilerappliesto other
compilers(pleasaeferto obseration4 in Sectionl).

6.1 Implementation Principle

In thefront-endof the GCCcompiler aninput codeis transformednto the AST (AbstractSyntaxTree)interme-
diaterepresentatiorgndthis is wherethetemplateidenti®cationtool is integrated.The compilerentersthe tool
beforeit traversesghe AST to generateéhe RTL (RegisterTransferLanguage)yepresentationTheidenti®cation
tool searche$or thetemplatesaandrecordsthe positionof eachtemplatein the compiledprogram.

After thetemplateidenti®cationstepis completedthe compiledprogramis dividedinto a sequencef tem-
plates. The programsegmentsthat are not coveredby ary pre-huild templatearetreatedasa specialtemplate,
which hasthe OSO equalto -O3. The templatesequencés normally representedéh the RTL formatandit is
passedo theback-endof GCC.

We add one stepto the original optimizationphase. UnalteredGCC uses®xed optimizationsequenceo
optimizethewholecompiledprogram.Themodi®edversion'forces' compilerto useacustomizedetof options
for eachprogramsegment.The optimizationsequencéor eachsegmentcomesfrom the correspondingemplate
OsO.

6.2 Templateldenti®cation Algorithm
In this sectionwe presenthealgorithmfor identifying andrecordingof thetemplatesn the compiledprogram.
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For eachprogramsegmentin the compiledprogram,the algorithm®rst determines correspondingpattern.
In the next step,the format and de®nition of the weight vector sequencef this patternis usedto createthe
concreteweight vector sequencef the programsegment. The algorithmthen searcheshe templatedatabase
of this patternusingthe weight vectorsequencelf the weightvectorsequences a child of the weight vector
sequencef atemplatethisis consideredo beamatch.

In summarythealgorithmidenti®esa templatein two steps:

Stepl: PatternMatchingandWeightVectorSequenc€reation

Step2: Templatedenti®cation

In Stepl, thealgorithmdoesthe patternmatchingandcalculatesveightsby traversingthe AST representa-
tion, recordgnformationon foundpatternsandcalculategheirweightvectorsequencedn Step2, thealgorithm
identi®estemplatebasedon the outputof the previous step. If a matchingtemplateis identi®ed,the template
ordernumberis recordedo the templatetable. Otherwisezerois recordedwhich denoteghe specialtemplate
case.

Source II — Modified path based on our algorithm
C

odes

1 = = = = Original Compiler Path Compiler
AST 1 ¥
L 3 1 - K
: . PatternCandidate
,,,,, e O OO
[} f ]
I Narrn :
I \ : §
! Patter n Narrowed-down PatternCandidate
1 Matching
! No | Pattern
! pattern found found | Tablepster PSS
1 Index, | Pattern #| WV Template # | WVS
| Template L Pattern #
1 p o [— 1 .__l
: Identifying
Pl No Kk
1 template Template ;
! found found > Tabie Pattern Database :
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|| Find OSO for n L Template # | OSO
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! :
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RTL
PSS: Program Structure Stream
WVS: Weight Vector Sequence AST: Abstract Syntax Tree
OSO: Optimized Sequence of Optimization Options RTL: Register Transfer Language

Figure7: Flowchartof Templatedenti®cation

After completingall stepsfor eachloop structurein the program,the templatetable createsa mappingbe-
tweenloop index (theorderin the compiledprogram)andthe ordernumberof theidenti®edtemplate. Template
ordernumber0 matchesvery loop structurewhich hasno correspondingre-huild template.

Figure7 shavs the control o w andthe datastructuresusedin eachstep.
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6.2.1 Pattern Matching and Weight Vector SequenceCreation

Theprocedureof patternmatchingandW V S calculationpresentsn thefollowing:

1. TraverseAST until aloop structureappears.
2. Fortheloop structure,

(a) Assignl ndex_ andinitialize P atter nCandidate(l ndex, )
(b) Goto next statemenfin theloop body)

i. If it isanexpressiongcalculateweightand®Ill WV columnin T able aiter n- If it is anotheldoop
structureye-assign ndex, .
ii. Checkwhatpatternsarepossiblefrom | ndex, to this structure.Deletepatternordernumbers

from
P atter nCandidate(i) whichis not possibleto derive from i, wheni = 1 to largestl ndex_ in

this step.
Repeatbore until reachlastnodein outermostoop structure.

3. Repeatibore until reachtheendof AST.

4. Check PatternCandidate(i) (i = 1 to largest|ndex,) in which has one elementP and ®Il the
Tablepatter n Wlth
(@) Oforindex1 i-1;
(b) P forindexi largestl ndex, .

After this procedurethe T ablep 44er n hasall patternorder numbersand correspondingVV S calculated
from sourcecodes.Thereasorwhy we chooseP atter nC andidate(i) which hasonly oneelements to remove
all ambiguityof decision.

6.2.2 Templateldentifying

BasedonthetableT ablep atter n, templateidentifying procedurds following.

1. Gotothe®rstelemenin T able atter n

(a) If patternordernumberis O, putO in T ablet empiate-

(b) If patternorder numberis P, ®nd the PSS representatiorof patternP. CompareWVS in
T ablep atter n With thatin thetemplatetableof P.
i. If WVS in Tablep aern is a child WVSof onetemplatein the templatetable of P, getthis
templateordernumberand®Il into T abler empiate -
ii. If wefail to ®nd ary child WVSin thetemplatetable,®ll Oin T ablg empiate
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2. Repeatbore for all elementsn T ablep aier n

After ®nishing all steps,for eachloop structurein the program,the T ablerempiate CONtainsa identi®ed
templateordernumber TemplateordernumberO matchesall the loop structureshat have no corresponding
pre-designetemplates.

7 Experimental Phase

To evaluatethe abilitiesandeffectsof the P rogram-SOS Methodology we have implementedhewhole pack-
agefor the GCC compileron two platforms: 1) the Intel embeddeXScalePXA255,and?2) a general-purpose
2GHzIntel Pentiumé platformrunningLinux.

In theexperimentof performancemprovement,eachtestedorogramis run 5 timeson PXA255(10timeson
Pentium4) andthe meanperformances used.

7.1 Benchmarksusedfor the Experiment

We have randomlycollecteds benchmarkpackages CommBenchDSPkernelsuite,MediabenchMibench(we
useboth large and small input datasetin the experiment)and CINT2000of SPECCPUW2000 (we usethe test
inputdatasetin theexperiment) for our experiments CINT2000doesnotteston PXA255becausé@XA255has
the memorycapacityof only 64MB while CINT2000requiresatleast256 MB.

Brief descriptionof eachbenchmarkpackagas following:

CommBench Telecommunicatiobenchmarkor evaluatingnetwork processormcluding8 programdor
paclet heademprocessin@ndpayloadprocessing.

DSP kernel suite Benchmarkfor digital signalprocessingncluding vectormultiply, Dot product,FIR
®lter, Lattice Synthesis|IR Filter andVocodercodebooksearchandJPEGdiscretecosinetransform

Mediabench Benchmarkgo evaluatemultimediaandcommunicatiorsystemsncludingimageprocess-
ing, communicationandDSPapplications

Mibench: Benchmarksuitesfor embeddedystemsncluding applicationsfor automotve andindustrial
control,network, security consumedevices,of®ce automatiorandtelecommunications

CINT2000 of SPECCPU200Q Benchmarlfor measuringandcomparingperformancewith strictly de-
®nedsetof operationn differentkind of practicalhardwareplatform.

Whenwe build the platform-independengatterndatabaseye randomlyselecta setof sampleprogramghat
have alargefractionof loop structuresThereasorfor selectingthis type of casess thatthe currentpatternsare
createdrom loop segments.Thesetof patterngdescribedn 4 aredrivenfrom thesesampleprograms.

To testthe Program-SOS Methodology we ®rst testall casesn the benchmarlkpackagesisingthe -O3
optionin GCC3.3. Only thosecaseghatpassthe execution(someof themcannotcompileor executecorrectly)
areusedin thetestingphase.
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N.: Numberof usedcases
Np: Numberof patternfound

Statisticsof rst 11 patterns
All | Min | Max Frequeng
<528,135,108,2490,1,
18,10,6,1,%
<1114,374,208,2,8
42,18,12,6,10,2

NC Np

20 17 847 1 182

35 21 1822 1 230

Tablel: Statisticsof PatternCreation

Number 0SsO Performance
Pattern :
of Difference || Improvement(%)
Number - .
Template || 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 sectiondescribeswo setsof experimentakesultsfor PXA255 (Table2, Table3, Figure8, Figure9, Figure
10 andFigure11) andfor Pentium4 (Table4, Table5, Figure12, Figure 13, Figure 14, Figure 15 and Figure
16), respecirely. Dueto limited spacewe only discussthe PXA255 resultsin this paper However, the same
reasoningcan be appliedto the Pentium4 platform. The resultsgivenin Table 1 arearchitecture-indegndent

andaresharedoy thetwo experimentaplatforms.

Tablel shaws theresultsof the patterncreationfrom two setsof sampleprograms.

Whentheplatform-independédrmpatterndatabases built, we randomlyselecttwo setsof sampleprogramshat
featurelargefractionof loop structuresThereasorfor selectinghis typeof casess thatthecurrentpatternsare
createdrom loop segments.The setof patternadescribedn Sectiond arederivedfrom thesesampleprograms.

The®rst setof sampleprogramsconsistof 20 randomlychosemprograms.Using the algorithmsdescribed
in Sectionb, 17 differentpatternsarecreated We analysisl1 mostfrequentpatternsWe ®ndthat: 1) 11 patterns
appeaB47timesin thesetof sampleprograms?) the minimumnumberof patternsappearingn aprogramis 1;
and3) themaximumnumberof patternsappearingn aprogramis 182. Thef requency ®eld givestheappearance
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Foundtemplate Coverage(%)
Template , .

Number| Min | Max || Min | Max
1 241 1 30 | 0.6 | 58.3
2 36 1 7 01| 4.6
3 132 1 22 || 0.3 | 385
4 39 1 5 04| 0.7
5 26 1 3 0.2 | 13.1
6 2 1 1 55| 55
7 959 1 120 | 0.1 | 33.3
8 163 1 14 || 0.7 45
9 45 1 5 04| 625
10 20 2 2 03| 1.2
11 0 0 0 0 0
12 0 0 0 0 0
13 52 1 8 0.9 | 615
14 14 1 2 02| 714
15 55 1 9 0.4 | 62.4
16 0 0 0 0 0
17 14 1 4 01| 1.6
18 0 0 0 0 0
19 0 0 0 0 0
20 0 0 0 0 0
21 2 1 1 50| 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 Templatesn thetestedcaseson PXA255

frequeny for eachof the 11l patternsn thesetof samplegprograms Thesecondsetof randomlychoser85sample
programsincludessomebut not every programfound in the ®rst group. Whenthe algorithmis appliedto the
secondgroup,theresultsshav thata few morepatternsarecreated Althoughsomevhatunexpectedthe®rst 11
patternsarethe sameasthe onesfoundin the ®rst set.

Theresultsin Tablel areplatform-independdn

Table 2 givesthe featuresof the pre-tuild templatedatabasehat is derived from the patterndatabasdy
patterninstancesclustering. This table shawvs the numberof templatesderved from eachpattern;the mini-
mum differenceof OSO for ary two templatesthatis, the numberof optimizationoptionsandthe maximum
difference.

The performanceamprovement®eld in Table2 givesthe minimal andthe maximaladditionalperformance
improvementover the GCC -O3 amongthe templatesn eachpattern. An interestingobseration is that for
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Number 0SsO Performance
Pattern .
of Difference || Improvement(%)
Number - .
Template || 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 on Pentium4

Performance Improvement in CommBench
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Figure8: Performancémprovementin CommBenclover GCC-03 on PXA255

two similar programsegmentswith differentweightvectorsequenceshereis a big differencein the additional
performancémprovement.

In Table2, only afew templatesaredrivenfrom eachpattern.We believe thatthis is causedy a setof small
valuesusedto setthe upperboundof weight vectorsequencef eachpattern. Clearly having moretemplates
would bring betterperformancémprovement,but this would not affect the fundamentakvaluationof the real
bene®twf our methodology

Table 3 shaws the statisticdatafor templatedound in the testedprograms.Eachrow in thetablegivesthe
total numberof timeseachtemplatewasfoundin the testedprogramsthe minimumandthe maximumnumber

22



Foundtemplate Coverage(%)
Template , -

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 | 385
4 56 1 12 0.4 1
5 36 1 5 0.1 | 13.1
6 2 1 1 55| 55
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 03] 1.2
11 0 0 0 0 0
12 58 1 8 0.03| 61.5
13 14 1 2 02| 714
14 55 1 9 0.4 | 62.5
15 16 1 4 0.1 16
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 Templatesn thetestedcaseson Pentium4

Performance Improvement in DSP kernel suite
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Figure9: Performancémprovementin DSPKernelSuiteover GCC-0O3 on PXA255
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Performance Improvement in Mediabench
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Figure10: Performancémprovementin Mediabenclover GCC-O3 on PXA255
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Performance Improvement in CommBench
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Performance Improvement in DSP kernel suite
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Figure13: Performancémprovementin DSPKernelSuiteover GCC-03 on Pentium4

of thetemplateoccurrences thetestedorogramgfor thoseprogramswvherethetemplateappearstleastonce).
Thetablealsogivesthe minimumandthe maximumsourceline percentagéor eachtemplate for the programs
whereit appearsClearly eachtemplaterepresents smallfractionof sourcecodesfor mosttestedprograms.

Figure8, 9, 10and11 quantifyanadditionalperformancemprovementover -O3 amongthetestedorograms
in eachbenchmark.The averageimprovementis 6.0% with the maximumbeing47%. 33 programsfrom the
total of 42 on PXA255have shavedimproved performancever thatof -03.

FromFigure8,9,10,11,12,13,14,15and16,we ®nd thattherearesomeprogramshatshav noimprove-
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Figurel5: Performancémprovementin Mibenchover GCC-0O3 on Pentium4
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Performance Improvement in SPEC-CINT2000
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Figure16: Performancémprovementin SPEC-CINT200®@ver GCC-0O3 on Pentium4

ment. Thisis becauseheseprogramshave no templategecognizedn our currentcompilerimplementation.

Thereare2 casen PXA255and11 casen Pentiumd which shav negative improvement.We have found
thatthesenegative resultscomefrom the potentialinterferencebetweerthe GCC-O3 optionsandour template
OSOsfor certainprogramsegments We arecontinuouslyworking on addressinghisissue.

In summarybasedntheexperimentaresults we canevaluatetherealbene®tf our methodologyIn spite
the smallnumberof patternsandtemplatesfor large randomlychosemrogramsthe averageof 6.0%and8.1%
performancamprovementcanbe achiered on a embeddedystemanda general-purpossystem respeciiely.
Theseresultscon®rmtheobseration5 in Section 1.

8 Conclusionand Future Work

In this paperwe proposeanautomatednethodologyfor mining compilers inherentoptimizationabilities— The
Program-SOS Methodology The Program-SOS Methodologyemploys staticsegment-basea@nalysisover
anarbitrary programto derive customizeccompileroptimizations.The goalis to ®nd the bestoptimizedsetof
optionscustomizedor eachrecognizedrogramsegment,andusethesesetsin the compiling phaseto improve
the®nal codeperformance.

Behindthe automatednethodologythereis a setof techniqueshat 1) locateandrecognizeprogramseg-
ments;2) formalizesimilar programsegmentsnto pattern;3) clusterpatterninstancesnto atemplate3) identify
templatematchingprogramsegmentsandimplementprogramsegmentbasedptimizationover thosesegments.

We have analyzedhesetasksanddevelopedthe following setof tools: 1) programtransformatiorandma-
nipulationtool, 2) patternformalizationtool, 3) patterninstanceanalysisandtemplateabstractiortool, and4)
templatedenti®cationtool.
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Therearetwo implementation®f Program-SOS Methodologyavailablefor 1) anembeddedystem(Intel
XScale-PXA255latform),and2) a general-purposarchitecturgintel Pentium4 platformunderLinux).

The experimentalresultsshav thatthe Program-SOS Methodologyimproves performanceby 6.0% and
8.1%on averageon theembeddedystemandon the general-purpossystenrespectiely.

Althoughprogramsegments the subjectf our analysisareconstrainedo loop sectionsonly, theoretically
they could be arbitrary programstructures.For example,structuressuchasFIR (Finite impulseResponsein
DSP (Digital SignalProcessingapplicationsand FFT (FastFourier Transform)in scienti®ccomputationscan
bedirectlyformalizedinto patternsaandthe P rogram-SOS Methodologycanbeeasilyextendedo cover variety
of new programfeatures.

We believe our methodologyis only the ®rst steptoward reachingthe ®nal goal of ®nding the optimal or
nearoptimal sequencef compilerinherentoptimizationsfor an arbitrary application. The ®rst phaseof the
future work will be focusedon incorporatingpro®ling-directedfeedbacksnto Program-SOS Methodology
andontestingour approactover alarger setof randomlychoserapplications.
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