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Abstract

Thephase-orderingproblemis a long standingissuefor
compilerwriters. Mostoptimizingcompilers typicallyhave
numerousdifferent code-improving phases,manyof which
can be applied in any order. Thesephasesinteract by
enablingor disablingopportunitiesfor other optimization
phasesto beapplied. Asa result,varying theorder of ap-
plyingoptimizationphasesto a programcanproducediffer-
entcode, with potentiallysigni�cant performancevariation
amongstthem.Complicatingthisproblemfurther is thefact
that there is nouniversaloptimizationphaseorder thatwill
producethe bestcode, sincethe bestphaseorder depends
on the functionbeingcompiled,the compiler, and the tar-
get architecture characteristics.Moreover, �nding theopti-
maloptimizationsequencefor evena singlefunctionis hard
as the spaceof attemptedoptimizationphasesequencesis
huge and the interactionsbetweendifferent optimizations
arepoorlyunderstood.

Most previousstudiesperformedto search for the most
effectiveoptimizationphasesequenceassumetheoptimiza-
tion phaseorder search spaceto be extremelylarge, and
henceconsiderexhaustiveexplorationof thisspaceinfeasi-
ble. In this paperweshowthat eventhoughtheattempted
search spaceis extremelylarge, with carefulandaggressive
pruning it is possibleto limit the actualsearch spacewith
nolossof informationsothatit canbecompletelyevaluated
in a matterof minutesor a few hoursfor mostfunctions.We
were able to exhaustivelyenumerate all the possiblefunc-
tion instancesthat can be producedby different phaseor-
deringsperformedby our compiler for more than 98% of
the functionsin our benchmarksuite. In this paperwede-
scribethealgorithmweusedto make exhaustivesearch of
theoptimizationphaseorder spacepossible. We thenana-
lyzethis spaceto automaticallycalculaterelationshipsbe-
tweendifferentphases.Finally, weshowthat theresultsof
thisanalysiscanbeusedto reducethecompilationtimefor
a conventionalbatch compiler.

1. Intr oduction

Most currentoptimizing compilerscontaintensof dif-
ferentoptimizationphases.Eachoptimizationphaseana-
lyzestheprogramrepresentationandperformsoneor more
transformationsthatwill preserve thesemanticsof thepro-
gram,while attemptingto improveprogramcharacteristics,
suchasexecutiontime,codesize,andenergy consumption.
Many of theseoptimizationphasesuseandshareresources,
suchasregisters,andmostrequirespeci�c conditionsin the
codeto beapplicable.As aresultthesephasesinteractwith
eachotherby enablinganddisablingopportunitiesfor other
optimizations.

Due to theseinteractionsbetweenoptimizationphases,
the �nal codeproduceddiffers dependingon the order in
which optimizationsare applied,leadingto different pro-
gram performance. Most of thesephaseinteractionsare
dif�cult to predictsincethey arehighly dependenton the
programbeingcompiled,the underlyingarchitecture,and
alsoon their speci�c implementationin thecompiler. Most
command-linecompilersprovide the userwith somespe-
ci�c �ags (suchas-O, -O2, -O3 for GCC) thatappliesop-
timizationphasesto all programsin one�x edorder. How-
ever, it is widely acknowledgedthat a singleorderof op-
timizationphasesdoesnot produceoptimalcodefor every
application[1, 2, 3, 4, 5, 6]. Therefore,researchershave
long beentrying to understandthe propertiesof the opti-
mizationphaseorderspaceso that nearoptimal optimiza-
tion sequencescanbeappliedwhencompilingapplications.

A naive solution to the phaseordering problem is to
exhaustively evaluateall orderingsof optimizationphases.
Thissolutionquickly becomesinfeasiblein thefaceof tens
of different optimizationphasestypically presentin most
currentcompilersand few restrictionson the orderingof
thesephases.This problemis mademorecomplex by the
fact thatmany optimizationsaresuccessfulmultiple times,
which makes it impossibleto �x the sequencelength for
all functions. Thecompilerusedin this paperuses15 dis-
tinct optimizationphases,which over a sequencelengthof



n wouldresultin 15n possibleattemptedsequences.In fact,
thelargestsequencelengthof phaseschangingtheprogram
representationthatwe found in our studywas32 and1532

is a very largenumberof sequences.Dueto theattempted
searchspacebeingso large, we areunawareof any prior
work to completelyenumerateit.

While keepingthe above statisticsin mind, it is at the
sametime important to realize that not all optimization
phasesequencesthatcanbeattemptedwill produceunique
code. Earlier studies[7] have suggestedthat the actual
searchspacemight not be this large, which is partially
causedby many optimizationphasesoften not beingsuc-
cessfullyappliedwhenattempted,i.e. they arenot ableto
apply transformationsthat will affect the generatedcode.
Likewise,many optimizationphasesareindependentin that
the orderin which successfulphasesareappliedwill have
noeffectonthe�nal code.Wehavefoundthatit is possible
in many casesto exhaustively enumeratethe actualopti-
mizationphaseorderspacefor a varietyof functions. Out
of the111functionsweanalyzedwithin six differentbench-
marks,we were able to completelyenumeratethe search
spaceof differentphaseorderingsperformedby our com-
piler for all but two of the functions. Theseenumerations
wereperformedin a matterof a few minutesin mostcases,
anda few hoursfor mostof theremainder. Thus,themajor
contributionsof this work are: (1) a realizationthat theac-
tualoptimizationphaseorderspaceis notaslargeasearlier
believed, is considerablysmallerthantheattemptedspace,
and hencecan often be exhaustively enumerated;(2) the
�rst analysisof thisspaceto captureprobabilitiesof various
phaseinteractions,suchas inter-phaseenabling/disabling
relationshipsandinter-phaseindependence;and(3) the�rst
applicationof phaseenabling/disablingprobabilitiesto im-
prove compilationtime for aconventionalcompiler.

The remainderof this paperis organizedasfollows. In
Section2 wereview asummaryof otherwork relatedto this
topic. In Section3 wegiveanoverview of ourexperimental
framework. We describeour algorithm to enumeratethe
optimizationphaseorderspacein Section4. In Section5
wepresenttheresultsof ouranalysisof thespace.Weused
theanalysisresultsin Section6 to improve thecompilation
time of our conventionalbatchcompiler. In the last two
sectionswe list several directionsfor future work andour
conclusions.

2. RelatedWork

In prior work researchershave studied optimization
phaseorderandparametercharacteristicsby enumerating
thesearchspacein certainlimited contexts. Thesmallarea
of the transformationspaceformed by applying loop un-
rolling (with unroll factorsfrom 1 to 20) and loop tiling
(with tile sizesfrom 1 to 100) was analyzedfor a set of

threeprogramkernelsacrossthreeseparateplatforms[8].
This studyfound the searchspaceto be highly non-linear,
containingmany localminimaandsomediscontinuities.As
the numberof optimizationsconsideredare increased,the
attemptedsearchspacegrows exponentially. Enumerations
of searchspacesformedby a largersetof distinctoptimiza-
tion phaseshave also beeninvestigated [9]. One impor-
tantdeductionwasthat thesearchspacegenerallycontains
enoughlocalminimathatbiasedsamplingtechniques,such
ashill climbersandgeneticalgorithms,should�nd goodso-
lutions.But evenin thisstudytheexhaustivesearchwasnot
allowed to spanall theoptimizationsavailablein thecom-
piler, andit took monthsto searcheven this limited space
whenevaluatingeachbenchmark.

Several groupshave alsoworked on the problemof at-
temptingto �nd thebestsequenceof compileroptimization
phasesand/oroptimizationparametersin anattemptto re-
duceexecutiontime,codesize,and/orenergy consumption.
Speci�cationsof codeimproving transformationshavebeen
automaticallyanalyzedto determineif onetypeof transfor-
mationcouldenableor disableanother[10, 2]. This work
waslimited by thefact that in caseswherephasesdo inter-
act,it wasnotpossibleto automaticallydeterminetheorder-
dependentphaseswithout requiringdetailedknowledgeof
the compiler. Ratherthanchangingthe orderof optimiza-
tionphases,otherresearchershaveattemptedto �nd thebest
setof optimizationsby turningon or off optimization�ags
to aconventionalcompiler[11, 12].

Researchhasalsobedoneto �nd aneffective optimiza-
tion phasesequenceby aggressive pruning and/orevalu-
ation of only a portion of the searchspace. A method,
calledOptimization-SpaceExploration[6], usesstaticper-
formanceestimatorsto reducethesearchtime. In orderto
prunethesearchthey limited thenumberof con�gurations
of optimization-parametervaluepairsto thosethatarelikely
to contribute to performanceimprovements.This areahas
alsoseentheapplicationof othersearchtechniquesto intel-
ligentlysearchtheoptimizationspace.Hill climbers[9, 5]
andgrid-basedsearchalgorithms[13] have beenemployed
during iterative algorithmsto �nd optimizationphasese-
quencesbetter than the default one usedin their compil-
ers. Otherresearchershave usedgeneticalgorithms[3, 4]
with aggressive pruningof the searchspace [14] to make
searchesfor effective optimizationphasesequencesfaster
andmoreef�cient.

3. Experimental Framework

The researchin this paperusesthe Very PortableOp-
timizer (VPO) [15], which wasa part of the DARPA and
NSFco-sponsoredNationalCompilerInfrastructureproject
to produceand distribute a compiler infrastructureto be
usedby researchersin universities,government,andindus-



OptimizationPhase Id Description

branchchaining b Replacesabranchor jump targetwith thetargetof thelastjump in thejumpchain.
common subexpression
elimination

c Performsglobalanalysisto eliminatefully redundantcalculations,whichalsoincludesglobalconstantand
copy propagation.

removeunreachablecode d Removesbasicblocksthatcannotbereachedfrom thefunctionentryblock.
loopunrolling g Loopunrollingto potentiallyreducethenumberof comparisonsandbranchesatruntimeandto aidschedul-

ing at thecostof codesizeincrease.
deadassignmentelim. h Usesglobalanalysisto removeassignmentswhentheassignedvalueis neverused.
block reordering i Removesa jumpby reorderingblockswhenthetargetof thejumphasonly asinglepredecessor.
minimizeloop jumps j Removesa jumpassociatedwith a loopby duplicatingaportionof theloop.
registerallocation k Usesgraphcoloringto replacereferencesto avariablewithin a live rangewith a register.
loop transformations l Performsloop-invariantcodemotion, recurrenceelimination,loop strengthreduction,andinductionvari-

ableeliminationoneachlooporderedby loopnestinglevel.
codeabstraction n Performscross-jumpingandcode-hoistingto moveidenticalinstructionsfrom basicblocksto theircommon

predecessoror successor.
evaluationorderdeter. o Reordersinstructionswithin asinglebasicblock in anattemptto usefewer registers.
strengthreduction q Replacesan expensive instructionwith oneor morecheaperones. For this versionof the compiler, this

meanschangingamultiply by aconstantinto aseriesof shift, adds,andsubtracts.
reversebranches r Removesanunconditionaljumpby reversingaconditionalbranchbranchingover thejump.
instructionselection s Combinespairsor triplesof instructionstogetherwheretheinstructionsarelinkedby set/usedependencies.

After combiningtheeffectsof theinstructions,it alsoperformsconstantfolding andchecksif theresulting
effect is a legal instructionbeforecommittingto thetransformation.

removeuselessjumps u Removesjumpsandbrancheswhosetargetis thefollowing positionalblock.

Table 1. Candidate Optimization Phases with Their Designations

try. VPO is a compilerbackendthat performsall its op-
timizationson a single low-level intermediaterepresenta-
tion called RTLs (Register TransferLists) [16]. Because
VPO usesa singlerepresentation,it canapplymostanaly-
sesandoptimizationphasesrepeatedlyandin an arbitrary
order. VPO hasbeentargetedto producecodefor a variety
of differentarchitectures.For this studywe usedthecom-
piler togeneratecodefor theStrongARMSA-100processor
usingLinux asits operatingsystem.

Table 1 describeseach of the 15 candidatecode-
improving phasesthat we usedduring the exhaustive ex-
plorationof our optimizationphaseordersearchspace.In
addition,registerassignment, which is a compulsoryphase
thatassignspseudoregistersto hardwareregisters,mustbe
performed. VPO implicitly performsregister assignment
beforethe�rst code-improving phasein asequencethatre-
quiresit. Two otherphases,merge basicblocks andelim-
inate emptyblocks, were removed from the optimization
list usedfor the exhaustive searchsincethesephasesonly
changethe internalcontrol-�ow representationasseenby
the compileranddo not directly affect the �nal generated
code.Thesephasesarenow implicitly performedafterany
transformationthathasthepotentialof enablingthem.After
applyingthelastcode-improving phasein asequence,VPO
performsanothercompulsoryphasethatinsertsinstructions
at the entry andexit of the function to managethe activa-
tion recordon theruntimestack.Finally, thecompileralso
performspredicationandinstructionschedulingbeforegen-
eratingthe �nal outputcode. Theselast two optimizations
shouldonly be performedlate in the compilationprocess,

and so are not includedin our set of phasesusedfor ex-
haustive optimizationspaceexploration.

A few dependencesbetweensomeoptimizationphases
in VPO makesit illegal for themto beperformedat certain
pointsin theoptimizationsequence.The �rst restrictionis
thatevaluationorder determinationcanonly beperformed
beforeregister assignment. This optimizationis meantto
reducethe numberof temporariesthat register assignment
later allocatesto registers. VPO also restrictssomeopti-
mizationsthatanalyzevaluesin registers,suchasloop un-
rolling, loop strengthreduction, induction variable elimi-
nation and recurrenceelimination, to be performedafter
registerallocation. Thesephasescanbeperformedin any
orderafter register allocation is applied. Register alloca-
tion itself canonly beperformedafter instructionselection
sothatcandidateloadandstoreinstructionscancontainthe
addressesof argumentsor local scalars.

In ourstudyweareonly investigatingthephaseordering
problemanddo not vary parametersfor how phasesshould
beapplied.For instance,wedonotattemptdifferentcon�g-
urationsof loopunrolling,but alwaysattemptit with a loop
unroll factorof two sincewearegeneratingcodefor anem-
beddedprocessorwherecodesizecanbeasigni�cant issue.
The �fteen candidatecode-improving phasesusedin VPO
representcommonlyusedcode-improving phasesin com-
piler backends. Many otheroptimizationsnot performed
by VPO,suchaslooptiling/interchange,inlining, andsome
otherinterproceduraloptimizationsaretypically performed
in a compilerfrontend,andso arenot presentin our com-
piler. WealsodonotperformILP (frequentpath)optimiza-



tions sincethe ARM is typically a single issueprocessor
and ILP transformationswould be lessbene�cial. In ad-
dition, frequentpathoptimizationsrequirea pro�le-driven
compilationprocessthatwouldcomplicatethestudy.

Note that somephasesin VPO representmultiple opti-
mizationsin many compilers. However, thereexists com-
pilers,suchasGCC,thathave a greaternumberof distinct
optimizationphases.UnlikeVPO,mostcompilersaremuch
morerestrictive regardingtheorderin which optimizations
phasesareperformed.In addition,themoreobscureaphase
is, thelesslikely thatit will besuccessfullyappliedandaf-
fectthesearchspace.While onecanalwaysclaimthataddi-
tionalphasescanbeaddedto acompileror thatsomephases
canbeappliedwith differentparameters(e.g.,differentun-
roll factorsfor loopunrolling),completelyenumeratingthe
optimizationphaseorderspacefor thenumberof phasesin
ourcompilerhasneverbeforebeenaccomplishedto thebest
of ourknowledge.

Weusedasubsetof theMiBench benchmarks,whichare
Capplicationstargetingspeci�c areasof theembeddedmar-
ket [17], in our study. We evaluatedonebenchmarkfrom
eachof thesix categoriesof applications.Table2 contains
descriptionsof theseprograms.

Category Program Description

auto bitcount testprocessorbit manipulationabilities
network dijkstra Dijkstra's shortestpathalgorithm
telecomm fft fastfourier transform
consumer jpeg imagecompression/ decompression
security sha securehashalgorithm
of�ce string-

search
searchesfor givenwordsin phrases

Table 2. MiBenc h Benc hmarks Used

4. Approach for Exhaustive Enumeration of
the PhaseOrder Space

In this sectionwe explain the approachwe usedto ex-
haustively searchthe spacefor all possibleoptimization
phaseorders. As notedearlier, an importantrealizationis
that theactualphaseorderspaceis many ordersof magni-
tudesmallerthanan exhaustive enumerationof all combi-
nationsof attemptedoptimizationphases.It is alsoworth-
while to notethat any suchattemptto enumerateall com-
binationsof optimizationsis in principle restrictedby our
lack of knowledgeof the optimal sequencelengthfor that
particularfunction. Thesequencelengthchangessinceop-
timization phasesmay be successfulmultiple times in the
samesequencedue to the enablingrelationshipsbetween
optimizationphases.Previousstudieshaveidenti�ed alarge
variation in the successfulsequencelengthsfor different

functions [4]. Hence,choosinga conservative sequence
length might allow us to generateall possiblecombina-
tions,but maynot leadto anoptimalphasesequence.Like-
wise,alongoptimizationsequencelengthwouldprovetobe
overkill for mostfunctionsandmake it impracticalto even
enumerateattemptedsearchspacesfor smallerfunctions.

Interestingly, anotherwayof viewing thephaseordering
problemis to enumerateall possiblefunctioninstancesthat
canbeproducedby any combinationof optimizationphases
for any possiblesequencelength. A function instanceis a
versionof the codethat canbe generatedfrom applyinga
sequenceof phases. This approachto the sameproblem
clearly makes the solution much more practical. For any
givenfunctiontherearecertainlymany fewerdistinctfunc-
tion instancesthan thereareoptimizationphaseorderings
sincedifferentorderingscanleadto thesameresultingcode.
Two or moresequencesproducethesamefunctioninstance
whenthegeneratedinstructionsareidentical. Sotheprob-
lem now is to delineateall possiblefunction instancesthat
canbeproducedby acompilerby changingthephaseorder.

Our solutionto this problemdividesthephaseordering
spaceinto multiple levels,asshown in Figure1 for four dis-
tinct optimizationphases.At theroot (level 0) we have the
unoptimizedfunctioninstance.For level 1, wegeneratethe
function instancesproducedby an optimizationsequence
lengthof 1, by applyingeachoptimizationphaseindividu-
ally to thebaseunoptimizedfunctioninstance.For all other
higher levels, optimizationphasesequencesaregenerated
by appendingeachoptimizationphaseto all thesequences
at theprecedinglevel. Thus,for eachlevel n, we in effect
generateall combinationsof optimizationsof lengthn. As
canbeseenfrom Figure1, this spacegrows exponentially
andwouldveryquickly becomeinfeasibleto traverse.This
exponentiallygrowing searchspacecanoften be tractable
without losing any information due to using two pruning
techniqueswhichwedescribein thenext two sections.

4.1. Detecting Dorman t Phases

The �rst pruningtechniqueexploits the fact thatnot all
optimizationphasesare successfulat all levels and at all
positions. We call appliedphasesactive when they pro-
ducechangesto theprogramrepresentation.A phasewhen
appliedis said to be dormantwhen it could not �nd any
opportunitiesto be successful.Detectingdormantphases
eliminateentirebranchesof thetreein Figure1. Thesearch
spacetaking this factor into accountcanbe envisionedas
shown in Figure2. Theoptimizationphasesfoundto bein-
active areshown by dottedlines. Notethatanactive phase
at onelevel is not evenattemptedat thenext level sinceno
phasein ourcompilercanbeappliedsuccessfullymorethan
onceconsecutively.
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Figure 1. Naive Optimization Phase Order Space for Four Distinct Optimizations
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Figure 2. Effect of Detecting Dormant Phases
on the Search Space in Figure 1

original code segmentoriginal code segment
r[2]=1; r[2]=1;

r[3]=r[4]+r[2];r[3]=r[4]+r[2];

after dead assignment elimination
r[3]=r[4]+1;

after constant propagation
r[2]=1;
r[3]=r[4]+1;

after instruction selection
r[3]=r[4]+1;

Figure 3. Diff . Opts. Having the Same Effect

4.2. Detecting Iden tical Function Instances

Thesecondpruningtechniquereliesontheassertionthat
many differentoptimizationsatvariouslevelsproducefunc-
tion instancesthatareidenticalto thosealreadyencountered
atpreviouslevelsor thosegeneratedby previoussequences
at thesamelevel. Therearea coupleof reasonswhy differ-
ent optimizationsequenceswould producethe samecode.
The�rst reasonis thatsomeoptimizationphasesareinher-
ently independent.For example,theorderin which branch
chainingandregisterallocationaredonedoesnot typically
affect the �nal code. Theseoptimizationsdo not sharere-
sources,aremutually complementary, andwork on differ-
ent aspectsof the code. Secondly, different optimization
phasesmayproducethesamecode.This canbeseenfrom
Figure3. Instructionselectionsymbolicallymergesthein-
structionsand checksto seeif the resultinginstructionis
valid. In this case,the sameeffect can be producedby
constantpropagation(partof commonsubexpressionelim-

ination in VPO) followedby deadassignmentelimination.
The effect of different optimizationsequencesproducing
thesamecodeis to transformthetreestructureof thesearch
spaceasseenin Figures1 and 2 to adirectedacyclic graph
(DAG) structureasshown in Figure4. By comparingFig-
ures1, 2 and4, it is apparenthow thesetwo characteris-
tics of theoptimizationsearchspacehelp to make exhaus-
tive searchfeasible. Note that the optimizationphaseor-
derspacefor functionsprocessedby ourcompileris acyclic
sinceno phasein VPO undoestheeffect of another. How-
ever, a cyclic phaseorderspacecouldalsobeexhaustively
enumeratedusingour approachsinceidenticalfunctionin-
stancesaredetected.

a
b c

c
a d d

Level 0

Level 1

Level 2

a
d

Figure 4. Detecting Identical Code Trans-
forms the Tree in Figure 2 to a DAG

4.2.1 Ef�cient Detectionof Identical Instances

In orderto reducethe searchoverheadit is essentialto be
able to quickly comparedifferent function instances. To
check for a match we potentially needto compareeach
function instancewith all previous function instances.A
searchmayresultin thousandsof uniquefunctioninstances,
whichmaybetoo largeto storein memoryandveryexpen-
sive to accesson disk. Insteadof comparingall function
instancesonaper-instructionbasisevery time,wecalculate
multiplehashvaluesfor eachfunctioninstanceandcompare
the hashvaluesto make suchcomparisonsef�cient. For
eachfunction instancewe storethreenumbers:a countof
thenumberof instructions,byte-sumof all instructions,and
the CRC (cyclic-redundancy code)checksumon the bytes
of theRTLs in that function. This approachhasbeenused
in previousstudiesto detectredundantsequenceswhenap-



plying a geneticalgorithmto searchfor effective phasese-
quences[14, 7]. CRCsare commonlyusedto checkthe
validity of datatransmittedover a network andhave anad-
vantageoverconventionalchecksumsin thattheorderof the
bytesof datadoesaffect theresult[18]. CRCsareusefulin
ourcasesincefunctioninstancescanbeidenticalexceptfor
differentorderof instructions.We have veri�ed thatwhen
usingall thethreechecksin combinationit is extremelyrare
(we have never encounteredaninstance)thatdistinct func-
tion instanceswouldbedetectedasidentical.

From previous studieswe have realizedthat it is possi-
blefor differentfunctioninstancesto beidenticalexceptfor
registernumbersusedin theinstructions[14, 7]. Thissitua-
tion canoccursincedifferentoptimizationphasescompete
for registers.It is alsopossiblethatadifferencein theorder
of optimizationsmay createand/ordeletebasicblocks in
differentorderscausingthemto have differentlabels. For
example,considerthe sourcecodein Figure5(a). Figures
5(b) and5(c) show two possibletranslationsgiventwo dif-
ferentorderingsof optimizationphasesthatconsumeregis-
tersandmodify thecontrol�o w.

(a) Source Code
   sum += a[i];
for (i = 0; i < 1000; i++)
sum = 0;

(b) Register Allocation
before Code Motion

IC=r[1]?r[9];

Register Allocation
(c) Code Motion before

IC=r[1]?r[9];
r[1]=r[1]+4;

r[8]=M[r[1]];

(d) After Mapping
Registers

r[1]=r[1]+4;

r[1]=     ;

r[8]=M[r[1]];

r[12]

     =     +r[8];r[10] r[10]

     =0;
     =HI[a];
     =     +LO[a];
r[1]=     ;
r[9]=4000+     ;

     =     +r[8];

r[11]
r[10]
r[10] r[10]
     r[10]
          r[10]

r[11] r[11]

L3: L5: L01:

PC=IC<0,  ; PC=IC<0,  ; PC=IC<0,   ;

r[1]
r[2]

r[5]=M[r[3]];

r[3]=r[3]+4;
IC=r[3]?r[4];

     r[2]
r[4]=4000+    ;          r[2]

r[1] r[1]

     =     +LO[a];

          r[12]r[9]=4000+     ;

r[10]

      r[12]

     =0;

r[12] r[12]
     =HI[a];

    =0;
    =HI[a];
r[2] r[2]    =    +LO[a];
r[3]=    ;

        L3         L5         L01

    =    +r[5];

Figure 5. Diff erent Functions with Equiv alent
Code

To detectthissituationwhencalculatingtheCRCcheck-
sum,wemapeachregisterandblock label-numberto adif-
ferentnumberdependingon whenit is encounteredin the
control�o w. Westartscanningthefunctionfrom thetopba-
sic block. Eachtime a registeris encounteredwe mapit to
a distinctnumberstartingfrom 1. This registerwould keep
the samemappingthroughoutthe function. Note that this
is differentfrom registerremappingof live ranges[14, 7],
andis in fact muchmorenaive. Although a completelive
rangeregisterremappingmightdetectmoreinstancesasbe-
ing equivalent, we recognizethat a live rangeremapping
at intermediatepoints in an optimizationphasesequence
would be unsafeas it changesthe registerpressurewhich
might affect otheroptimizationsappliedlater. During this
functiontraversalwe simultaneouslyremapblock labelsas
well, which also involves mappingthe labelsusedin the

actual RTLs. Figure 5(d) shows that the samefunction
instanceis obtainedafter remappingof function instances
5(b) and5(c). This approachof detectingequivalentfunc-
tion instancesenablesus to do moreaggressive pruningof
thesearchspace.

4.3. Impro vements for Faster Searches

During thesearchprocesswe have to compilethesame
functionwith thousandsof differentoptimizationphasese-
quences.Evaluatingevery new optimizationsequencein-
volves discardingthe previous compiler state(which was
producedby the precedingsequence),readingthe unopti-
mizedfunction backfrom disk, applyingall the optimiza-
tionsin thecurrentsequence,andthencomparingthefunc-
tion instanceproducedwith previouscodeinstances.Were-
alizedthatit is possibleto optimizeafew stepsin oursearch
algorithmto reducetheevaluationtime for eachoptimiza-
tion sequence.The �rst enhancementis to keepa copy of
theunoptimizedfunctioninstancein memoryto avoid disk
accessesfor all optimizationsequenceevaluations,except
the �rst. Our secondenhancementexploits a propertyof
our searchalgorithm. During thesearchalgorithm,these-
quencesat any level aregeneratedby appendingeachopti-
mizationphasetoall activesequencesattheprecedinglevel.
Thus,many optimizationsequencesatany level sharecom-
mon pre�xes. By storingfunction instancesafter eachac-
tivephaseandby arrangingthesequencesto promotepre�x
phasesharing,it is possibleto reducethe numberof opti-
mizationphasesappliedfor evaluatingeachsequence.This
canbe illustratedfrom Figure6, which shows the phases
that are appliedbeforeand after our enhancements.We
found that theseenhancementsreducedthe searchtime at
leastby a factorof 5 to 10.

Disk Opt. Phases Attempted

Yes   b c d e h i j k l d

Yes   b c d e h i j k l k

Yes   b c d e h i j k m b
Yes   b c d e h i j k m c

Yes   b c d e h i j k l c
Yes   b c d e h i j k l b

Yes   b c d e i k c l c d

Yes   b c d e i k c l c l

Yes   b c d e i k c l c b

Disk Opt. Phases Attempted

Yes   b c d e h i j k l b  
 No                     c
 No                     d

 No                     k
 No                   m b
 No                     c

 No                     l
 No           i k c l c b
 No                     d

(a) Naive Evaluation of 
     Optimization Sequences

(b) Optimization Phases Attempted 
      after Enhancements

Figure 6. Enhancements for Faster Searches



4.4. Search Space Enumeration Results

Table 3 displaysresultswhen enumeratingthe actual
searchspacefor eachfunctionby our compiler. The func-
tionsaresortedby thenumberof instructions(Insts) in the
unoptimizedversionof thefunction. Theresultsclearly il-
lustratethatwhile our techniquewould seemto only apply
to small functions,it alsoworkswell for many large func-
tions. Notethatour compileroptimizeseachfunctionindi-
vidually andin isolationof all othersin thesameprogram.
Sinceit wasnot possibleto list informationfor all the111
functionswe evaluated,we show theaveragesfor thefunc-
tionswe couldnot display. During this setof experiments
we terminatedthesearchany time thenumberof optimiza-
tion sequencesto applyatany particularlevel (seeFigure4)
grew to morethana million. For suchfunctionswe mark
the searchspaceastoo big to be exhaustively enumerated
in a reasonableamountof time. We found that we could
notcompletelyenumeratethespacefor only two of the111
functions,whichareindicatedin Table3.

Studyingthe resultsin Table3 allows us to make many
interestingobservationsabouttheoptimizationspace.The
numberof attemptedphasesis larger than the numberof
functioninstancesin Table3 sincethecompileralsoneeds
to attemptphasesto detectwhen they are dormant. The
numbersin thecolumnof maximumactive phasesequence
length indicate that the optimization phaseorder search
spaceis 1512 onaverage,andcangrow to 1532 in theworst
casefor the compiler and benchmarksusedin this study.
Thus,we canalso seethat althoughthe attemptedsearch
spaceis extremely large, the numberof distinct function
instancesis only a tiny fractionof this number. This is pre-
cisely thereasonwhich makesour techniqueof exhaustive
phaseorder searchspaceenumerationpossible. The leaf
function instancesarethosefor which no furtherphasesin
our compileraresuccessfulin changingtheprogramrepre-
sentation.Thesmallnumberof leaf instancesin eachcase
suggeststhataftergettingconsiderablywide, theoptimiza-
tion spacedag(seeFigure 4) typically convergeslater. The
last threecolumnsshow the rangeof the staticnumberof
instructionsfor the leaf function instances.This numberis
signi�cant asit illustratesthemaximumdifferencein code
sizethat is possibledueto differentphaseorderingsin our
compiler. Thus,wecanseethatonaveragethereis agapof
37.8%in codesizebetweenthebestandtheworstphaseor-
dering.Thenumbersin thetablealsosuggestthatalthough
functionswith moreinstructionshave largersearchspaces,
it is the control-�ow characteristicsof the function, more
thanthenumberof instructions,thatdeterminethewidth of
the DAG. Many large functionswith simplecontrol �o ws
have searchspaceswhich aredeep,insteadof beingwide,
whichallows fasterenumerationof thespace.

5. Optimization PhaseInteraction Analysis

Exhaustive enumerationof theoptimizationphaseorder
searchspacefor a sizablenumberof functionshasgiven
us a large dataset that we cananalyzeto gatherinforma-
tion abouthow optimizationphasesinteract.In this section
we presentsomeof our analysisresults.To assemblethese
statisticswe �rst representedthe searchspacein the form
of a DAG. The nodesin the DAG representdistinct func-
tion instancesandthearcsaremarkedby theoptimization
phasethatwasappliedfrom onenode(functioninstance)to
thenext. This representationis illustratedin Figure7. The
nodesof theDAG areweightedby theirpositionin theDAG
andthenumberof childrenthatit canhave. Theleaf nodes
have a weightof 1. Theweightof eachinterior nodeis the
summationof theweightsof all its child nodes.Thus,the
weightof eachinteriornodegivesthenumberof distinctse-
quencesthatareactive beyondthatpoint. Active phasesat
eachnode(indicatedin bracketsfor interior nodes)in Fig-
ure 7 aresimply the active phasesthat areappliedon out-
goingedgesof thatnode.We studiedthreedifferentphase
interactions:enabling,disablingandindependencerelation-
shipsbetweenoptimizationphases.Thefollowing sections
describetheresultsof this study.
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Figure 7. Weighted DAG Showing Enabling,
Disab ling, and Independence Relations

5.1. Enabling In teraction between Phases

A phasex is saidto enableanotherphasey, if y wasdor-
mant (inactive) at the point just beforex wasapplied,but
thenbecomesactive againafterapplicationof x. For exam-
ple,b enablesa alongthepatha-b-ain Figure7. Notethat
it is possiblethataphasecouldenablesomeotherphaseon
somesequencebut not on others. Thus, it could be seen
that a is not enabledby b alongthe pathc-b. Likewise, it
is alsopossiblefor phasesto bedormantat thestartof the
compilationprocess,andbecomeactive later(e.g.,phased
alongthepathb-c-d). As aresultwerepresentthis informa-
tion in the form of the probability of eachphaseenabling



Function Insts Blk Brch Loop Fn inst
Attempt

Len CF Leaf
Codesize

Phases Max. Min. % Diff

start inp...(j) 1,371 88 69 2 74,950 1,153,279 20 153 587 463 426 8.7
parseswi...(j) 1,228 198 144 1 200,397 2,990,221 18 53 2365 592 490 20.8
start inp...(j) 1,009 72 55 1 39,152 597,147 16 18 324 370 285 29.8
start inp...(j) 971 82 67 1 64,571 999,814 18 47 591 319 301 6.0
start inp...(j) 795 63 50 1 7,018 106,793 15 37 52 281 259 8.5
fft �oat(f) 680 45 32 4 N/A N/A N/A N/A N/A N/A N/A N/A
main(f) 624 50 35 5 N/A N/A N/A N/A N/A N/A N/A N/A
shatrans...(h) 541 33 25 6 343,162 5,119,947 26 95 2964 280 138 102.9
readscan...(j) 480 59 52 2 34,270 511,093 15 57 540 230 164 40.2
LZWRea...(j) 472 44 33 2 49,412 772,864 20 41 159 210 138 52.2
main(j) 465 40 28 1 33,620 515,749 17 12 153 156 151 3.3
dijkstra(d) 354 30 22 3 86,370 1,361,960 20 18 1168 165 91 81.3
usage(j) 344 3 1 0 34 511 7 1 3 81 79 2.5
GetCode(j) 339 14 11 1 56,166 850,977 18 20 75 94 85 10.6
bmhi init(s) 309 30 22 4 10,235 156,378 20 11 145 166 90 84.4
preloadi...(j) 268 29 22 2 5,356 80,715 13 10 38 132 85 55.3
get inter...(j) 249 20 17 1 16,880 258,690 19 10 78 90 58 55.2
bmhainit(s) 248 31 22 3 32,446 486,024 20 56 438 143 66 116.7
readquan...(j) 239 25 21 2 8,016 119,749 14 28 304 109 79 38.0
load inte...(j) 235 19 13 2 3,516 52,419 13 8 14 111 60 85.0
main(b) 220 22 15 2 92,834 1,367,101 21 91 171 92 77 19.5
get word ...(j) 220 11 7 1 1,882 29,563 15 4 53 98 44 122.7
readcolo...(j) 218 20 16 2 1,166 18,035 14 8 24 162 91 78.0
set sampl...(j) 209 38 33 2 22,735 337,928 21 53 279 112 79 41.8
bmhasearch(s) 201 29 24 3 659,222 9,937,042 32 468 2779 98 51 92.2
bmh init(s) 194 21 15 3 5,693 86,157 20 11 137 108 54 100.0
bmhi search(s) 184 29 24 3 232,367 3,466,408 27 331 965 88 49 79.6
bmh search(s) 181 29 24 3 400,805 5,977,825 27 601 1643 93 48 93.8
main(s) 175 19 12 3 30,975 477,277 19 12 175 81 70 15.7
main(d) 175 21 15 3 8,566 127,688 18 28 143 86 68 26.5
get 8bit ...(j) 171 8 5 1 2,345 35,412 13 4 33 66 34 94.1
get scale...(j) 166 11 7 1 1,139 17,690 15 4 29 70 37 89.2
get 16bit...(j) 158 8 5 1 844 13,020 12 4 25 62 29 113.8
setquant...(j) 156 30 25 2 10,245 151,068 15 49 59 86 60 43.3
preloadi...(j) 156 14 9 1 664 10,053 10 8 9 73 44 65.9
sha�nal(h) 155 7 4 0 1,738 26,457 13 3 64 39 33 18.2
select�...(j) 149 25 21 0 400 6,118 10 10 12 72 68 5.9
byte reve...(h) 146 8 5 1 1,661 24,898 13 11 24 68 26 161.5
get 24bit...(j) 145 8 5 1 2,002 30,194 12 4 39 54 29 86.2
get word ...(j) 144 11 7 1 2,043 32,660 15 4 49 60 33 81.8
readtext...(j) 141 21 16 2 48,301 728,287 17 34 358 66 42 57.1
readscan...(j) 139 27 22 1 42,712 648,832 19 47 207 54 48 12.5
ntbl bitc...(b) 138 3 1 0 48 720 7 1 8 30 27 11.1
readpbm ...(j) 134 27 21 2 3,174 48,461 13 19 42 66 50 32.0
remaining67 60.4 7.6 4.5 0.4 1,870.2 28,178.6 8.8 7.7 38.8 24.0 17.6 24.0
average 166.7 16.9 12.0 0.9 25,362.6 381,857.7 12.0 27.5 182.9 69.0 49.9 37.8

Function- function namefollowed by benchmarkindicator [(s)-stringsearch,(b)-bitcount,(h)-sha,(f)-fft, (d)-dijkstra, (j)-jpeg], Inst -
numberof instructionsin theunoptimizedfunction,Blk - numberof basicblocks,Brch- numberof conditionalandunconditionaltransfers
of control, Loop - numberof loops,Fn inst - numberof distinct function instances,Attempt Phases- numberof optimizationphases
attempted,Len - largestactive optimizationphasesequencelength,CF - numberof distinctcontrol �o ws, Leaf - numberof leaf function
instances,Codesize- max.,min., and% differencein numberof instructionsfor leaf function instances,N/A - searchspaceof function
exceededoursearchcriterialimit

Table 3. Function-Le vel Search Space Statistics for MiBenc h Benc hmarks Used in the Experiments



eachotherphase. We calculatethe enablingprobabilities
by consideringdormant! activeanddormant! dormant
transitionsof phasesbetweennodes,adjustedby theweight
of the child node. The probability is the ratio of the num-
ber of dormant! active transitions to the sum of dor-
mant! activeanddormant! dormanttransitionsbetween
optimizationphases.We do not consideractive! active
andactive! dormanttransitionssincephasesalreadyac-
tive cannotbe enabled.We summarizethe enablinginfor-
mationwe collectedfor all the functionsin Table4, where
eachrow representstheprobabilityof thatphasebeingen-
abledby otherphasesrepresentedin columns.

A few points regarding the enabling information are
worth noting. For our benchmarksinstructionselection(s)
andcommonsubexpressionelimination(c) arealwaysactive
initially. In contrast,registerallocation(k) requiresinstruc-
tion selection(s) to beenabledin VPOsothattheloadsand
storescontain the addressesof local scalars. Instruction
selection(s) is frequentlyenabledby register allocation(k)
since loadsand storesare replacedby register-to-register
moves,which cantypically becollapsedby instructionse-
lection(s). In contrast,control �o w optimizations(e.g.,
branch chaining(b)) arenever enabledby register alloca-
tion(k), which doesnot affect the control �o w. The num-
bersin thetablealsoindicatethatmany optimizationshave
a very low probabilityof beingenabledby any otheropti-
mizationphase.Suchoptimizationswill typically beactive
at mostoncein eachoptimizationsequence.Remove un-
reachable code(d) is never active for the functionsin our
benchmarksuite,which indicatesthe needfor a larger set
of functions.Note that,unreachablecodeoccasionallyleft
behindby branch chainingis removedduringbranch chain-
ing itself, sincewe foundsuchcodehinderingsomeanaly-
siswhichcausedlateroptimizationsto misssomecodeim-
proving opportunities.

5.2. Disabling In teraction between Phases

Anotherrelatedmeasureis theprobabilityof eachphase
disablingsomeotherphase.Thisrelationshipcanbeseenin
Figure7 alongpathb-c-d, wherea is activeat therootnode,
but is disabledafterb. Thestatisticsregardingthedisabling
interactionbetweenoptimizationphasesis illustratedin Ta-
ble 5. Eachvaluein this tableis the weightedratio of ac-
tive! dormanttransitionsto thesumof active! dormant
and active! active transitions. We do not considerdor-
mant! dormantanddormant! active transitionssincea
phasehasto beactive to bedisabled.

FromTable5 it canbeseenthatphasesaremuchmore
likely to be disabledby themselves thanby otherphases.
We canalsoseethat phasessuchasregister allocation(k)
and commonsubexpressionelimination(c) always disable
evaluation order determination(o) sincethey requirereg-

ister assignment, and evaluation order determinationcan
only be performedbeforeregister assignment. In our test
suite all jumps eliminatedby uselessjump elimination(u)
are always also eliminatedby block reordering(i). Thus,
disabling information could be usedto detectwhen one
phasemayalwayssubsumeanother.

5.3. Optimization Phase Indep endence

Thethird interactionwemeasuredwastheprobabilityof
independencebetweenany two optimizationphases.Two
phasescanbe consideredto be independentif their order
doesnot matter to the �nal code that is produced. This
is illustratedin the Figure 7 along the pathsa-c and c-a.
Both ordersof phasesa andc in thesesequencesproduce
identical function instances,which would meanthat they
areindependentin this situation. In contrast,sequencesb-
c and c-b do not producethe samecode. Thus, they are
considereddependentin thissituation.If two optimizations
aredetectedto becompletelyindependent,thenwe would
never have to evaluatethem in differentorders. This ob-
servation canleadto the potentialof even greaterpruning
of thesearchspace.Table6 shows theprobabilityof each
phasebeing independentof someother phase. This is a
weightedratio of thetimestwo consecutively active phases
producedthe samecodeto the numberof timesthey were
consecutively active.

Unliketheenablinganddisablingrelationshipsshown in
Tables4 and5, independenceis a symmetricrelationship,
asshown in Table6. In addition,Table6 is lesssparsein-
dicatingthatmany phasesaretypically independentof each
other. For instance,it canbeseenthatregisterallocation(u)
is highly independentof most control �o w optimizations.
Instruction selection(s) and commonsubexpressionelimi-
nation(c) frequentlyact on the samecodesequences,and
soweseea low level of independencebetweenthem.Since
mostof the phasesare independentof eachothermostof
the time it is frequentlypossibleto reorderphaseswithout
any side-effect. Consequently, many differentoptimization
sequencesproducethesamecoderesultingin greatercon-
vergencein theDAG andfewer leaf function instancesfor
mostfunctions,asseenfrom Table3.

6. Probabilistic Batch Optimization

The analysisresultsandobservationsassembledduring
our experimentscanbe further usedto improve uponvar-
ious compiler features. As a casestudy, we usesomeof
theseresultsto supportfastercompilationsin this section.
TheVPO compilerappliesoptimizationphasesto all func-
tions in one default order. To allow aggressive optimiza-
tions,VPO appliesmany optimizationphasesin a loop un-
til thereareno further programchangesproducedby any



Phase St b c d g h i j k l n o q r s u

b 0.62 0.01 0.15 0.06
c 1.00 0.02 0.23 0.14 0.12 0.99 0.72 0.38 0.33 1.00 0.05 0.32
d
g 0.01 0.18 0.01
h 0.06 0.70 0.02 0.01 0.03 0.46
i 0.61 0.01 0.01 0.61
j 0.03 0.01 0.13
k 0.01 0.11 0.81
l 0.59 0.06 0.02 0.01 0.03 0.06
n 0.42 0.04 0.22 0.01 0.04 0.01 0.01 0.03 0.05 0.03
o 0.87 0.01
q 0.16 0.08
r 0.45 0.02 0.15 0.05 0.01
s 1.00 0.29 0.16 0.23 0.97 0.53 0.20 1.00
u 0.73 0.03

Blankcellsindicateanenablingprobabilityof lessthan0.005.St representstheprobabilityof aphasebeing
activeat thestartof compilation.

Table 4. Enabling Interaction between Optimization Phases

Phase b c d g h i j k l n o q r s u

b 1.00 0.15 0.02 0.08 0.05 0.31
c 1.00 0.02 0.15
d 1.00
g 0.35 1.00 0.19 0.02 0.03
h 0.01 1.00
i 0.08 0.06 1.00 0.14 0.14 0.55
j 0.13 1.00 0.49 0.14
k 0.04 0.01 1.00
l 0.71 0.07 0.30 1.00 0.73
n 0.33 0.49 0.09 0.25 0.07 0.31 0.53 1.00 0.02 0.33
o 1.00 1.00 1.00 1.00 1.00 1.00 0.21
q 1.00 0.12
r 0.05 0.01 0.03 0.53 1.00
s 0.11 1.00
u 0.08 1.00 0.20 1.00

Blankcellsindicateadisablingprobabilityof lessthan0.005.

Table 5. Disab ling Interaction between Optimization Phases

Phase b c d g h i j k l n o q r s u

b 0.84 0.94 0.97 0.95 0.82 0.96 0.95
c 0.96 0.91 0.45 0.44 0.65 0.12 0.98 0.99 0.22
d
g 0.84 0.96 0.98 0.84 0.96 0.98 0.96
h 0.91 0.98 0.79 0.95 0.88 0.59 0.98 0.96
i 0.94 0.84 0.98 0.97 0.96 0.71 0.50
j 0.98 0.97 0.98
k 0.97 0.45 0.79 0.97 0.87 0.81 0.30 0.99 0.82 0.97
l 0.95 0.44 0.96 0.95 0.96 0.87 0.78 0.45 0.45
n 0.82 0.65 0.98 0.88 0.81 0.78 0.58 0.61
o 0.12 0.59 0.30 0.45 0.58 0.39
q 0.98 0.89
r 0.96 0.99 0.98 0.71 0.97 0.99 0.94
s 0.22 0.96 0.96 0.82 0.45 0.61 0.39 0.89 0.94
u 0.95 0.50 0.98 0.97

Blankcellsindicateanindependenceprobabilityof greaterthan0.995.

Table 6. Independence Relationship between Optimization Phases



optimizationphase.Thus,althoughVPO canattempta dif-
ferentnumberof phasesfor differentfunctions,theorderin
which they areattemptedstill remainsthesame.Applying
optimizationsin a loop alsomeansthatmany optimization
phaseswhenattemptedaredormant.

We useinformationaboutthe probability of phasesen-
ablinganddisablingeachotherto dynamicallyselectopti-
mizationsphasesdependingon which previous oneswere
active. The probability of eachoptimizationphasebeing
activeby default is usedat thestartof theoptimizationpro-
cess.Usingtheseprobabilitiesasinitial values,wedynami-
callydeterminewhichphaseshouldbeappliednext depend-
ing on which phasehasthehighestprobabilityof beingac-
tive. After eachactive optimizationphase,we updatethe
probabilitiesof all otherphasesdependingon theprobabil-
ity thatthelastphasewould enableor disableit. This algo-
rithm is depictedin Figure8. Wedenotethecompilerusing
this new algorithm of dynamicallyselectingoptimization
phasesastheprobabilisticbatch compiler.

# p[i] - current probability of phase i being active
# e[i][j] - probability of phase j enabling phase i
# d[i][j] - probability of phase j disabling phase i
foreac h phase i do

p[i] = e[i][st]; # start phase probabilities (see Table 4)

while any p[i] > 0 do
Select j as the current phase with highest probability of
being active;
Apply phase j;
if j was active then

foreac h phase i do
if i != j then

p[i] += ((1-p[i]) * e[i][j]) - (p[i] * d[i][j]);

p[j] = 0;

Figure8: Probabilistic Compilation Algorithm

From Table7 it canbe seenthat the new probabilistic
modeof compilationachievesperformancecomparableto
the old batchmodeof compilationand requireslessthan
one-thirdof the compilation time on average. Although
theprobabilisticapproachreducesthenumberof attempted
phasesfrom 230,on average,to just 48, thenumberof ac-
tive phasesis in fact greaterin the new approach.Many
phasesattemptedin the old compiler were found by the
probabilisticcompilerto bedisabledandwerethereforenot
attempted.Presently, theprobabilisticcompilerselectsthe
next phaseonly onthebasisof theprobabilityof it beingac-
tive. Our methoddoesnot considerthebene�tseachphase
canpotentiallyprovide whenapplied.This is themainrea-
sonfor the slight degradationin performance,on average,
over the old method. Thus, the probabilisticcompilation
paradigm,eventhoughpromising,canbefurther improved
by takingphasebene�ts into account.

7. Futur eWork

Thereis avarietyof enhancementsthatweplanto make
in the future. First, we would like to examinemethodsto
further speedup the enumerationalgorithm. The phase
order spacecan be reducedby changingthe implementa-
tion of somecompileranalysisandoptimizations,so that
falsedependencesdueto incompleteanalysisareno longer
present. Phaseinteractioninformation, suchas indepen-
dencerelationships,could also be usedto more aggres-
sively prunethe enumerationspace. Second,we plan to
improve nonexhaustive searchesof the phaseorderspace.
Theenabling/disablingrelationshipsbetweenphasescould
beusedfor fastergeneticalgorithmsearches[14]. Presently
theonly feedbackwegetfrom eachoptimizationphasewas
whetherit wasactive or dormant.We do not keeptrackof
thenumberandtypeof actualchangesfor whicheachphase
is responsible.Keepingtrackof this informationwould be
very usefulto getmoreaccuratephaseinteractioninforma-
tion. Third, weplanto studyadditionalmethodsto enhance
conventionalcompilersfor both compilationtime and the
ef�ciency of generatedcodeby using probabilisticphase
interactionrelationshipsin determiningthe next phaseto
be applied. Finally, the eventualgoal is to �nd the func-
tion instancegiving near-optimalexecutionperformancein
a reasonableamountof time. Achieving this goal requires
gatheringexecutionresults,whichwould bevery time con-
sumingwhentherearehundredsof thousandsof executions
required. The small numberof distinct control �o ws of
functions(seecolumn CF in Table 7) can be usedto in-
fer thedynamicinstructioncountof oneexecutionfrom an-
other. Dynamicinstructioncounts,unlike cycle counts,are
a crudeapproximationof executionef�ciency. However,
thesecountscouldbeusedto prunefunctioninstancesfrom
beingsimulatedthatarelikely to produceinef�cient code.

8. Conclusions

Thephaseorderingproblemhasbeenanold andasyet
unresolvedproblemin compileroptimizations.Hitherto, it
wasassumedthattheoptimizationphaseorderspaceis too
large to becompletelyenumeratedin a reasonableamount
of time. In this paperwe have shown, for most of the
functionsin our benchmarksuite,thatexhaustive enumera-
tion of all optimizationphasesequencesis possiblefor the
phasesin our compiler. This enumerationwasmadepossi-
ble by detectingwhich phaseswereactive andwhetheror
not thegeneratedcodewasunique,makingtheactualopti-
mizationphaseorderspacemuchsmallerthantheattempted
space.Usingan innovative enumerationalgorithmandag-
gressive searchspacepruningtechniques,we wereableto
�nd all possiblefunctioninstancesthatcanbeproducedby
differentphaseorderingsfor 109out of the111total func-



Function
Old Compilation Prob. Compilation Prob/Old

Attempted Active
Time

Attempted Active
Time Time Size Speed

Phases Phases Phases Phases

start inp...(j) 233 16 3.10 55 14 1.45 0.469 1.014 N/A
parseswi...(j) 233 14 7.52 53 12 2.79 0.371 1.016 0.972
start inp...(j) 270 15 2.20 55 14 0.78 0.353 1.010 N/A
start inp...(j) 233 14 1.83 49 13 0.77 0.420 1.003 N/A
start inp...(j) 231 11 1.21 53 12 0.53 0.436 1.004 1.000
fft �oat(f) 463 28 2.65 99 25 1.20 0.451 1.012 0.974
main(f) 284 20 1.83 73 18 1.01 0.550 1.007 1.000
shatrans...(h) 284 17 0.68 67 16 0.41 0.605 0.965 0.953
readscan...(j) 233 13 0.99 43 10 0.34 0.342 1.018 N/A
LZWReadByte(j) 268 12 0.64 45 11 0.21 0.325 1.014 N/A
main(j) 270 12 1.04 57 14 0.39 0.375 1.007 1.000
dijkstra(d) 231 9 0.37 43 9 0.15 0.409 1.010 1.000
usage(j) 188 3 0.17 47 6 0.07 0.428 1.025 N/A
GetCode(j) 270 15 0.36 61 13 0.18 0.508 1.000 N/A
bmhi init(s) 231 10 0.34 53 11 0.15 0.440 1.011 N/A
preloadi...(j) 233 12 0.33 43 12 0.11 0.337 1.012 N/A
bmhainit(s) 268 12 0.40 85 17 0.28 0.704 1.024 N/A
get inter...(j) 233 14 0.21 51 12 0.09 0.401 0.967 N/A
readquan...(j) 233 9 0.32 43 10 0.10 0.317 1.013 N/A
load inte...(j) 233 11 0.22 43 12 0.08 0.349 1.000 N/A
main(b) 233 14 0.29 59 14 0.14 0.489 1.026 1.000
get word ...(j) 233 10 0.18 51 11 0.07 0.377 0.918 N/A
readcolo...(j) 233 12 0.21 57 13 0.12 0.593 0.986 N/A
setsampl...(j) 231 13 0.24 61 12 0.11 0.474 1.012 N/A
bmhasearch(s) 231 11 0.17 63 14 0.08 0.495 1.078 N/A
bmh init(s) 231 8 0.17 53 11 0.07 0.440 1.000 N/A
bmhi search(s) 231 10 0.16 49 12 0.07 0.398 1.082 N/A
bmh search(s) 231 11 0.16 63 14 0.08 0.484 1.083 N/A
main(s) 268 14 1.99 67 14 1.54 0.774 1.013 1.000
main(d) 245 13 0.20 59 13 0.09 0.438 1.015 1.000
get 8bit ...(j) 233 11 0.15 51 11 0.05 0.366 0.944 N/A
get scale...(j) 233 10 0.15 51 11 0.05 0.349 1.000 N/A
get 16bit...(j) 233 9 0.13 51 11 0.05 0.405 1.034 N/A
preloadi...(j) 231 10 0.15 45 11 0.04 0.297 1.000 N/A
sha�nal(h) 233 8 0.13 41 9 0.04 0.276 1.000 1.000
setquant...(j) 233 15 0.20 55 12 0.07 0.367 1.016 N/A
select�...(j) 231 9 0.25 43 10 0.07 0.289 1.029 1.071
byte reve...(h) 270 11 0.15 75 15 0.11 0.722 1.030 1.000
get 24bit...(j) 233 10 0.13 51 11 0.04 0.344 1.000 N/A
get word ...(j) 233 9 0.13 51 11 0.04 0.321 0.943 N/A
ntbl bitc...(b) 188 4 0.11 39 7 0.04 0.363 1.037 1.036
readtext...(j) 268 14 0.18 67 14 0.07 0.395 1.000 N/A
readscan...(j) 231 12 0.15 57 13 0.06 0.390 1.061 N/A
bitcount(b) 188 5 0.09 37 6 0.02 0.263 1.333 1.321
remaining67 217.9 6.9 0.09 42.1 7.6 0.02 0.206 0.998 0.996
average 230.3 8.9 0.34 47.7 9.6 0.14 0.297 1.015 1.005

Old Compilation- originalbatchcompilation,Prob. Compilation- new probabilisticmodeof compilation,AttemptedPhases
- numberof attemptedphases,ActivePhases- numberof activephases,Time- compilationtime in seconds,Prob/Old- ratio
of probabilisticto old compilationfor compilationtime,codesize,anddynamicinstructioncounts,respectively.

Table 7. Comparison between the Old Batc h and the New Probabilistic Appr oaches of Compilation



tions we evaluated. It is now possibleto �nd the optimal
phaseorderingfor somecharacteristics.For instance,we
areableto �nd theminimal codesizefor mostof thefunc-
tions in our benchmarksuite. This enumerationstudyalso
provided us with a large dataset, which we showed can
be analyzedto study various optimization phaseinterac-
tions.Automaticallycalculatingprobabilitiesis muchmore
reliablethanrelying on a compilerwriter's intuition since
it is very dif�cult for even the mostexperiencedcompiler
writer to envision all of the possibleinteractionsbetween
phases[14]. We usedthe enabling/disablingprobabilities
to reducethecompilationtime for a conventionalcompiler
to about one-third of the time originally required,while
maintainingcomparableperformance. We have also de-
scribedseveral otherpotentialapplicationsof usingphase
interactioninformation. In summary, we believe that our
approachfor ef�cient andexhaustive enumerationof opti-
mizationphaseorderspacehasopeneda new areaof com-
piler research.
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