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Abstract

Thephase-orderingroblemis a long standingissuefor
compilerwriters. Mostoptimizingcompiles typically have
numepusdifferent code-impoving phasesmanyof which
can be applied in any order Thesephasesinteract by
enablingor disabling opportunitiesfor other optimization
phasedo be applied. As a result,varying the order of ap-
plying optimizationphasego a programcanproducediffer-
entcode with potentiallysigni cant performancerariation
amongsthem.Complicatingthis problemfurtheris thefact
thatthereis no universal optimizationphaseorder that will
producethe bestcode sincethe bestphaseorder depends
on the functionbeing compiled,the compiler and the tar-
getarchitectue characteristics.Moreover, nding the opti-
maloptimizationsequencéor evena singlefunctionis hard
as the spaceof attemptedoptimizationphasesequencess
huge and the interactions betweendifferent optimizations
are poorly undestood.

Most previous studiesperformedto search for the most
effectiveoptimizationphasesequencassumeheoptimiza-
tion phaseorder seach spaceto be extremelylarge, and
henceconsiderexhaustiveexploration of this spaceinfeasi-
ble. In this paperwe showthat eventhoughthe attempted
searh spaceis extremelylarge, with carefulandaggressive
pruningit is possibleto limit the actualsearch spacewith
nolossofinformationsothatit canbecompletelyevaluated
in a matterof minutesor a few hours for mostfunctions.\We
were ableto exhaustivelyenumeate all the possiblefunc-
tion instanceshat can be producedby different phaseor-
deringsperformedby our compilerfor more than 98% of
the functionsin our bendmarksuite In this paperwe de-
scribethe algorithm we usedto male exhaustivesearch of
the optimizationphaseorder spacepossible We thenana-
lyzethis spaceto automaticallycalculaterelationshipsbe-
tweendifferent phases Finally, we showthat the resultsof
this analysiscanbe usedto reducethe compilationtimefor
a corventionalbatch compiler
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1. Intr oduction

Most currentoptimizing compilerscontaintensof dif-
ferentoptimizationphases.Eachoptimizationphaseana-
lyzesthe programrepresentatioandperformsoneor more
transformationshatwill presere the semanticof the pro-
gram,while attemptingto improve programcharacteristics,
suchasexecutiontime, codesize,andenegy consumption.
Many of theseoptimizationphasesiseandshareresources,
suchasregisters andmostrequirespeci ¢ conditionsin the
codeto beapplicable As aresultthesephasesnteractwith
eachotherby enablinganddisablingopportunitiegor other
optimizations.

Due to theseinteractionsbetweenoptimizationphases,
the nal codeproduceddiffers dependingon the orderin
which optimizationsare applied, leadingto different pro-
gram performance. Most of thesephaseinteractionsare
dif cult to predictsincethey are highly dependenbn the
programbeing compiled, the underlyingarchitectureand
alsoontheir speci c implementatiorin the compiler Most
command-linecompilersprovide the userwith somespe-
cic ags (suchas-0, -02,-03for GCC)thatappliesop-
timization phasego all programsn one x ed order How-
ever, it is widely acknavledgedthat a single order of op-
timization phasesioesnot produceoptimal codefor every
application[1, 2, 3, 4, 5, 6]. Therefore,researcherbave
long beentrying to understandhe propertiesof the opti-
mization phaseorder spaceso that nearoptimal optimiza-
tion sequencesanbeappliedwhencompilingapplications.

A naive solution to the phaseordering problemis to
exhaustvely evaluateall orderingsof optimizationphases.
This solutionquickly becomesnfeasiblein thefaceof tens
of different optimizationphasedypically presentin most
currentcompilersand few restrictionson the ordering of
thesephases.This problemis mademore comple by the
factthatmary optimizationsare successfumultiple times,
which makesit impossibleto x the sequencdengthfor
all functions. The compilerusedin this paperusesl5 dis-
tinct optimizationphaseswhich over a sequencéengthof



nwouldresultin 15" possibleattemptedequencedn fact,
thelargestsequencéengthof phaseshanginghe program
representatiothat we foundin our studywas32 and 15%?
is a very large numberof sequencesDueto the attempted
searchspacebeing so large, we are unavare of ary prior
work to completelyenumeratd.

While keepingthe above statisticsin mind, it is at the
sametime importantto realize that not all optimization
phasesequencethatcanbe attemptedwill produceunique
code. Earlier studies[7] have suggestedhat the actual
searchspacemight not be this large, which is partially
causecby mary optimizationphasesften not being suc-
cessfullyappliedwhenattemptedj.e. they arenot ableto
apply transformationghat will affect the generateccode.
Lik ewise,mary optimizationphasesreindependenin that
the orderin which successfuphasesare appliedwill have
no effectonthe nal code.We have foundthatit is possible
in mary casesto exhaustiely enumeratehe actual opti-
mization phaseorderspacefor a variety of functions. Out
of thelllfunctionsweanalyzedwithin six differentbench-
marks, we were able to completelyenumeratehe search
spaceof differentphaseorderingsperformedby our com-
piler for all but two of the functions. Theseenumerations
wereperformedn a matterof a few minutesin mostcases,
anda few hoursfor mostof theremainder Thus,the major
contrikutionsof this work are: (1) arealizationthatthe ac-
tual optimizationphaseorderspaces notaslargeasearlier
believed, is considerablysmallerthanthe attemptedspace,
and hencecan often be exhaustvely enumerated(2) the
rst analysisof this spaceo captureprobabilitiesof various
phaseinteractions,such as inter-phaseenabling/disabling
relationshipsandinter-phasdandependenceand(3) the rst
applicationof phasesnabling/disablingprobabilitiesto im-
prove compilationtime for a conventionalcompiler

The remainderof this paperis organizedasfollows. In
Section2 we review asummaryof otherwork relatecto this
topic. In Section3 we give anoverview of our experimental
framevork. We describeour algorithmto enumeratehe
optimizationphaseorderspacein Section4. In Section5
we presentheresultsof our analysisof the space We used
theanalysisresultsin Section6 to improve the compilation
time of our corventionalbatchcompiler In the last two
sectionswe list several directionsfor future work and our
conclusions.

2. RelatedWork

In prior work researcherdhave studied optimization
phaseorder and parametercharacteristicby enumerating
the searctspacein certainlimited contets. 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

three programkernelsacrossthree separateplatforms|8].
This studyfound the searchspaceto be highly non-linear
containingmary localminimaandsomediscontinuities As
the numberof optimizationsconsideredareincreasedthe
attemptedsearctspacegrows exponentially Enumerations
of searctspacesormedby alargersetof distinctoptimiza-
tion phaseshave also beeninvestigated[9]. Oneimpor
tantdeductionwasthatthe searchspacegenerallycontains
enoughocal minimathatbiasedsamplingtechniquessuch
ashill climbersandgeneticalgorithms should nd goodso-
lutions. But evenin this studytheexhaustve searchwasnot
allowedto spanall the optimizationsavailablein the com-
piler, andit took monthsto searcheven this limited space
whenevaluatingeachbenchmark.

Several groupshave alsoworked on the problemof at-
temptingto nd thebestsequencef compileroptimization
phasesand/oroptimizationparametergn an attemptto re-
duceexecutiontime, codesize,and/orenegy consumption.
Speci cationsof codeimproving transformationsiave been
automaticallyanalyzedo determingf onetypeof transfor
mationcould enableor disableanothef10, 2]. This work
waslimited by thefactthatin casesvherephaseslo inter-
act,it wasnotpossibleo automaticallydetermingheorder
dependenphaseswvithout requiring detailedknowledgeof
the compiler Ratherthanchangingthe orderof optimiza-
tion phasesptherresearchersave attemptedo nd thebest
setof optimizationshy turning on or off optimization ags
to acorventionalcompiler[11, 12].

Researclnasalsobedoneto nd aneffective optimiza-
tion phasesequencedy aggressie pruning and/or evalu-
ation of only a portion of the searchspace. A method,
called Optimization-Spacé&xploration[6], usesstaticper
formanceestimatorgo reducethe searchtime. In orderto
prunethe searchthey limited the numberof con gurations
of optimization-parametafaluepairsto thosethatarelik ely
to contribute to performanceémprovements.This areahas
alsoseertheapplicationof othersearchechniquego intel-
ligently searchthe optimizationspace.Hill climbers[9, 5]
andgrid-basedsearchalgorithms[13] have beenemployed
during iterative algorithmsto nd optimization phasese-
guencesbetterthan the default one usedin their compil-
ers. Otherresearcherbave usedgeneticalgorithms[3, 4]
with aggressie pruning of the searchspace [14] to make
searchedor effective optimizationphasesequencesaster
andmoreef cient.

3. Experimental Framework

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



[ OptimizationPhase Id | Description

branchchaining b | Replaces branchor jumptargetwith thetargetof thelastjumpin thejump chain.

common subepression| c | Performsglobalanalysigo eliminatefully redundantalculationswhich alsoincludesglobalconstantand

elimination copy propagtion.

remove unreachableode | d | Remoaesbasicblocksthatcannotbereachedrom thefunctionentryblock.

loop unrolling g | Loopunrollingto potentiallyreducehenumberof comparisonandbranchestruntimeandto aid schedul-
ing atthecostof codesizeincrease.

deadassignmenglim. h | Usesglobalanalysiso remove assignmentshentheassigned/alueis never used.

block reordering i Remavesajump by reorderingblockswhenthetargetof thejump hasonly a singlepredecessor

minimizeloop jumps j Remaesajump associateavith aloop by duplicatinga portion of theloop.

registerallocation k | Usesgraphcoloringto replacereferenceso avariablewithin alive rangewith aregister

loop transformations | Performsloop-invariantcodemotion, recurrenceelimination, loop strengthreduction,andinductionvari-
ableeliminationon eachloop orderedby loop nestinglevel.

codeabstraction n | Performsross-jumping@ndcode-hoistindo moveidenticalinstructiongrom basicblocksto theircommon
predecessanr successor

evaluationorderdeter o | Reordersnstructionswithin asinglebasicblockin anattemptto usefewer registers.

strengthreduction q | Replacesanexpensve instructionwith one or more cheapermnes. For this versionof the compiler this
meanshanginga multiply by a constaninto a seriesof shift, adds andsubtracts.

reversebranches r | Remoresanunconditionajump by reversinga conditionalbranchbranchingover thejump.

instructionselection s | Combinegairsor triplesof instructiongogethemheretheinstructionsarelinkedby set/usalependencies
After combiningtheeffectsof theinstructionsjt alsoperformsconstanfolding andchecksf theresulting
effectis alegal instructionbeforecommittingto the transformation.

remove uselesgumps u | Remoesjumpsandbranchewhosetargetis 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 singlerepresentationt canapply mostanaly-
sesandoptimizationphasegepeatedlyandin anarbitrary
ordet VPO hasbeentamgetedto producecodefor a variety
of differentarchitecturesFor this studywe usedthe com-
pilerto generateodefor the StrongARMSA-100processor
usingLinux asits operatingsystem.

Table 1 describeseach of the 15 candidate code-
improving phaseghat we usedduring the exhaustive ex-
plorationof our optimizationphaseordersearchspace.In
addition,registerassignmentwhich is a compulsoryphase
thatassigngseudaegistersto hardwareregisters,mustbe
performed. VPO implicitly performsregister assignment
beforethe rst code-impreing phasdn asequencéhatre-
quiresit. Two otherphasesmege basicblodks andelim-
inate emptyblodks were removed from the optimization
list usedfor the exhaustve searchsincethesephasesnly
changethe internal control- ow representatioms seenby
the compilerand do not directly affect the nal generated
code.Thesephasesarenow implicitly performedafterary
transformatiorthathasthepotentialof enablinggthem. After
applyingthelastcode-impreing phasen asequenceyPO
performsanothercompulsoryphasehatinsertsinstructions
at the entry andexit of the functionto managethe activa-
tion recordon the runtimestack. Finally, the compileralso
performspredicatiorandinstructionschedulingbeforegen-
eratingthe nal outputcode. Theselasttwo optimizations
shouldonly be performedlate in the compilationprocess,

and so are not includedin our setof phasesusedfor ex-
haustve optimizationspacesxploration.

A few dependencebetweensomeoptimizationphases
in VPO malesit illegal for themto be performedat certain
pointsin the optimizationsequenceThe rst restrictionis
thatevaluationorder determinationcanonly be performed
beforeregister assignment This optimizationis meantto
reducethe numberof temporarieghat 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 Thesephasesanbe performedin ary
order after register allocation is applied. Register alloca-
tion itself canonly be performedafterinstructionselection
sothatcandidatdoad andstoreinstructionscancontainthe
addressesf algumentsor local scalars.

In our studywe areonly investigatingthe phaseordering
problemanddo notvary parametergor how phaseshould
beapplied.For instancewe do notattemptifferentcon g-
urationsof loop unrolling, but alwaysattemptit with aloop
unroll factorof two sincewe aregeneratingodefor anem-
beddedprocessowherecodesizecanbeasigni cantissue.
The fteen candidatecode-impreing phasesusedin VPO
representommonlyusedcode-impreing phasesn com-
piler backends. Many otheroptimizationsnot performed
by VPO, suchaslooptiling/interchangeinlining, andsome
otherinterprocedurabptimizationsaretypically performed
in acompilerfrontend,andso arenot presentn our com-
piler. We alsodo not performlILP (frequentpath)optimiza-



tions sincethe ARM s typically a single issueprocessor
and ILP transformationavould be lessbene cial. In ad-
dition, frequentpath optimizationsrequirea pro le-driven
compilationprocesghatwould complicatethe study

Note that somephasesn VPO representnultiple opti-
mizationsin mary compilers. However, thereexists com-
pilers,suchasGCC,thathave a greatemumberof distinct
optimizationphasesUnlike VPO, mostcompilersaremuch
morerestrictive regardingthe orderin which optimizations
phasesreperformedIn addition,themoreobscureaphase
is, thelesslikely thatit will be successfullyappliedandaf-
fectthesearctspaceWhile onecanalwaysclaimthataddi-
tionalphaseganbeaddedo acompileror thatsomephases
canbe appliedwith differentparameterge.g.,differentun-
roll factorsfor loop unrolling), completelyenumeratinghe
optimizationphaseorderspacdor the numberof phasesn
ourcompilerhasneverbeforebeenaccomplishedo thebest
of ourknowledge.

We useda subsebf theMiBend benchmarkswhichare
C applicationgargetingspeci c area®f theembeddednar
ket [17], in our study We evaluatedone benchmarkfrom
eachof the six cateyoriesof applications.Table2 contains
description®f theseprograms.

| Catgyory | Program| Description |
auto bitcount | testprocessobit manipulatiorabilities
network | dijkstra | Dijkstra's shortespathalgorithm
telecomm| fft fastfouriertransform

consumer| jpeg imagecompressior decompression
security | sha securehashalgorithm

of ce string- | searchesor givenwordsin phrases

search

Table 2. MiBenc h Benc hmarks Used

4. Approach for Exhaustive Enumeration of
the PhaseOrder Space

In this sectionwe explain the approachwe usedto ex-
haustvely searchthe spacefor all possibleoptimization
phaseorders. As notedearliet animportantrealizationis
thatthe actualphaseorderspaces mary ordersof magni-
tude smallerthanan exhaustve enumeratiorof all combi-
nationsof attemptecptimizationphaseslt is alsoworth-
while to notethatary suchattemptto enumeratell com-
binationsof optimizationsis in principle restrictedby our
lack of knowledgeof the optimal sequencédengthfor that
particularfunction. The sequencéengthchangesinceop-
timization phaseanay be successfumultiple timesin the
samesequencalue to the enablingrelationshipsbetween
optimizationphasesPreviousstudieshaveidenti ed alarge
variation in the successfusequencdengthsfor different

functions[4]. Hence,choosinga conserative sequence
length might allow us to generateall possiblecombina-
tions,but maynotleadto anoptimalphasesequencelik e-
wise,alongoptimizationsequencéngthwould proveto be
overkill for mostfunctionsandmale it impracticalto even
enumeratattemptedsearctspacegor smallerfunctions.

Interestingly anothemwvay of viewing the phaseordering
problemis to enumeratall possiblefunctioninstanceghat
canbeproducedy arny combinatiorof optimizationphases
for ary possiblesequencéength. A functioninstanceis a
versionof the codethat canbe generatedrom applyinga
sequencef phases. This approachto the sameproblem
clearly malkes the solution much more practical. For ary
givenfunctiontherearecertainlymary fewer distinctfunc-
tion instanceghanthereare optimizationphaseorderings
sincedifferentorderingscanleadto thesameresultingcode.
Two or moresequenceproducethe samefunctioninstance
whenthe generatednstructionsareidentical. Sothe prob-
lem now is to delineateall possiblefunctioninstanceghat
canbeproducedy acompilerby changinghe phaseorder

Our solutionto this problemdividesthe phaseordering
spacento multiplelevels,asshavn in Figurel for four dis-
tinct optimizationphasesAt theroot (level 0) we have the
unoptimizedfunctioninstance For level 1, we generaté¢he
function instancegproducedby an optimizationsequence
lengthof 1, by applyingeachoptimizationphasendividu-
ally to thebaseunoptimizedunctioninstance For all other
higherlevels, optimizationphasesequenceare generated
by appendingeachoptimizationphaseto all the sequences
atthe precedindevel. Thus,for eachlevel n, we in effect
generataall combinationf optimizationsof lengthn. As
canbe seenfrom Figure 1, this spacegrows exponentially
andwould very quickly becomeanfeasibleto traverse.This
exponentiallygrowing searchspacecan often be tractable
without losing ary information due to using two pruning
techniquesvhich we describen the next two sections.

4.1. Detecting Dorman t Phases

The rst pruningtechniqueexploits the factthatnot all
optimizationphasesare successfuht all levels and at all
positions. We call applied phasesactive when they pro-
ducechangedo the programrepresentationA phasewvhen
appliedis saidto be dormantwhenit could not nd ary
opportunitiesto be successful. Detectingdormantphases
eliminateentirebranche®f thetreein Figurel. Thesearch
spacetaking this factorinto accountcan be ervisionedas
shavn in Figure2. Theoptimizationphasegoundto bein-
active areshowvn by dottedlines. Note thatanactive phase
atonelevel is not even attemptedat the next level sinceno
phasen ourcompilercanbeappliedsuccessfullynorethan
onceconsecutiely.
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Figure 2. Effect of Detecting Dormant Phases
on the Search Space in Figure 1

original code segment original code segment

1M2J=1; M2J=1;
r3]=r[4]+r(2]; r3]=r[4]+r(2];
after instruction selection | after constant propagation
r[3]=r[4]+1,; r[2]=1;
r[3]=r[4]+1;

after dead assignment elimination
13]=r4]+1;

Figure 3. Diff. Opts. Having the Same Effect

4.2. Detecting Identical Function Instances

Thesecondrruningtechniqueeliesontheassertiorthat
mary differentoptimizationsatvariouslevelsproduceunc-
tioninstanceshatareidenticalto thosealreadyencountered
at previouslevelsor thosegeneratedy previoussequences
atthesamelevel. Therearea coupleof reasonsvhy differ-
ent optimizationsequencesvould producethe samecode.
The rst reasoris thatsomeoptimizationphasesreinher
ently independentFor example,the orderin which branc
chainingandregisterallocationaredonedoesnot typically
affectthe nal code. Theseoptimizationsdo not sharere-
sourcesare mutually complementaryand work on differ-
ent aspectsof the code. Secondly different optimization
phasesnay producethe samecode. This canbe seenfrom
Figure3. Instructionselectionsymbolicallymeigesthein-
structionsand checksto seeif the resultinginstructionis
valid. In this case,the sameeffect can be producedby
constantpropagation (partof commorsubepressionelim-

ination in VPO) followed by deadassignmenglimination
The effect of different optimization sequencegroducing
thesamecodeis to transformthetreestructureof thesearch
spaceasseenin Figuresl and 2 to adirectedagyclic graph
(DAG) structureasshavn in Figure4. By comparingFig-
uresl, 2 and4, it is apparenthow thesetwo characteris-
tics of the optimizationsearchspacehelpto make exhaus-
tive searchfeasible. Note that the optimizationphaseor-
derspacdor functionsprocessetby ourcompileris agyclic
sinceno phasein VPO undoeghe effect of another How-
ever, acyclic phaseorderspacecould alsobe exhaustvely
enumeratedsingour approactsinceidenticalfunctionin-
stancesredetected.

Level C
Level 1

Level 2

Identical Code Trans-

Figure 4. Detecting
forms the Tree in Figure 2 to a DAG

4.2.1 Efcient Detectionof Identical Instances

In orderto reducethe searchoverheadit is essentiato be
ableto quickly comparedifferent function instances. To
checkfor a matchwe potentially needto compareeach
function instancewith all previous function instances. A
searchmayresultin thousandsf uniquefunctioninstances,
whichmaybetoo largeto storein memoryandvery expen-
sive to acceson disk. Insteadof comparingall function
instance®n a perinstructionbasisevery time, we calculate
multiple hashvaluesfor eachfunctioninstanceandcompare
the hashvaluesto make suchcomparisonsfcient. For
eachfunction instancewe storethreenumbers:a countof
thenumberof instructionspyte-sumof all instructionsand
the CRC (cyclic-redundang code)checksunon the bytes
of the RTLs in thatfunction. This approacthasbeenused
in previous studiesto detectredundansequencewhenap-



plying a geneticalgorithmto searchfor effective phasese-
quenceq14, 7]. CRCsare commonlyusedto checkthe
validity of datatransmittecover a network andhave anad-
vantageover corventionalchecksum#n thattheorderof the
bytesof datadoesaffecttheresult[18]. CRCsareusefulin
our casesincefunctioninstancesanbeidenticalexceptfor
differentorderof instructions.We have veri ed thatwhen
usingall thethreecheckdn combinationit is extremelyrare
(we have never encountereéninstance}hatdistinctfunc-
tion instancewvould be detectedasidentical.

From previous studieswe have realizedthatit is possi-
blefor differentfunctioninstanceso beidenticalexceptfor
registernumberaisedin theinstructiong14, 7]. Thissitua-
tion canoccursincedifferentoptimizationphasesompete
for registers.It is alsopossiblethata differencein theorder
of optimizationsmay createand/ordeletebasicblocksin
differentorderscausingthemto have differentlabels. For
example,considerthe sourcecodein Figure5(a). Figures
5(b) and5(c) shav two possibletranslationgyiventwo dif-
ferentorderingsof optimizationphasesghatconsumeegis-
tersandmodify thecontrol o w.

sum = 0;
for (i = 0; i < 1000; i++)
sum += a[i];
(a) Source Code
r{1640; [1Ho; 1[1¥0;
r[12jHI[a]; r[1GjHI[a]; r[2¥HI[a];
(12 r[121O[a]; {16 r[18LO[a]; r[2§r[23LO]a];
112 r{1]¢10]; "[3JH2] ;
r[9]=40p} r[9]=4000% rf4]=40@+ ;
L3: L5: LO1:
r[8]=M[r[1]}; r[8]=M[r[1]}; 151=M[r{3]];
[16] r[16H[8]; 18 r{14i[8]; LNt
r[1]=r[1]+4; r[1]=r[1]+4; r[3]=r[3]+4;
IC=r{1]?r{9]; IC=r[1]r{9]; IC=r[3]r{4];
PC=ICXO0, ; PC=ICx0, ; PC=I03D, ;
(b) Register Allocation (c) Code Motion before (d) After Mapping
before Code Motion Register Allocation Registers

Figure 5. Different Functions with Equiv alent
Code

To detecthis situationwhencalculatingthe CRCcheck-
sum,we mapeachregisterandblock label-numbeto a dif-
ferentnumberdependingon whenit is encounteredn the
control o w. We startscanninghefunctionfrom thetop ba-
sic block. Eachtime aregisteris encounteredve mapit to
adistinctnumberstartingfrom 1. This registerwould keep
the samemappingthroughoutthe function. Note that this
is differentfrom registerremappingof live rangeg14, 7],
andis in factmuchmorenaive. Althougha completelive
rangeregisterremappingnightdetectmoreinstancessbe-
ing equivalent, we recognizethat a live rangeremapping
at intermediatepoints in an optimization phasesequence
would be unsafeasit changeshe register pressurawvhich
might affect other optimizationsappliedlater During this
functiontraversalwe simultaneouslyemapblock labelsas
well, which also involves mappingthe labelsusedin the

actual RTLs. Figure 5(d) shavs that the samefunction
instanceis obtainedafter remappingof function instances
5(b) and5(c). This approactof detectingequivalentfunc-
tion instanceenablesusto do moreaggressie pruning of
thesearchspace.

4.3. Impro vements for Faster Searches

During the searchprocessve have to compilethe same
functionwith thousand®f differentoptimizationphasese-
guences.Evaluatingevery new optimizationsequenceén-
volves discardingthe previous compiler state (which was
producedby the precedingsequence)readingthe unopti-
mizedfunction backfrom disk, applyingall the optimiza-
tionsin the currentsequenceandthencomparinghefunc-
tion instanceproducedyith previouscodeinstancesWere-
alizedthatit is possibleto optimizeafew stepsn oursearch
algorithmto reducethe evaluationtime for eachoptimiza-
tion sequenceThe rst enhancemernis to keepa copy of
the unoptimizedfunctioninstancan memoryto avoid disk
accesse$or all optimizationsequencevaluations,except
the rst. Our secondenhancemengxploits a property of
our searchalgorithm. During the searchalgorithm, the se-
guencestary level aregeneratedby appendingeachopti-
mizationphaseo all active sequenceattheprecedindevel.
Thus,mary optimizationsequenceat ary level sharecom-
mon pre xes. By storingfunction instancesafter eachac-
tive phaseandby arranginghe sequencet promotepre X
phasesharing,it is possibleto reducethe numberof opti-
mizationphasesppliedfor evaluatingeachsequenceThis
canbe illustratedfrom Figure 6, which shavs the phases
that are applied before and after our enhancementsWe
found that theseenhancementseducedthe searchtime at
leastby afactorof 5 to 10.

Disk  Opt. Phases Attempted Disk  Opt. Phases Attempted
Yes bcdehijklb Yes bcdehijklb

Yes bcdehijklc No [

Yes bcdehijkld No d

Yes bcdehijklk No k

Yes bcdeikclch No mb

Yes bcdeikclcd No c

Yes bcdeikclcl No I

Yes bcdehijkmb No ikclch

Yes bcdehijkmec No d

(a) Naive Evaluation of (b) Optimization Phases Attempted

Optimization Sequences after Enhancements

Figure 6. Enhancements for Faster Searches



4.4. Search Space Enumeration Results

Table 3 displaysresultswhen enumeratingthe actual
searchspacefor eachfunction by our compiler The func-
tionsaresortedby the numberof instructions(Instg in the
unoptimizedversionof the function. Theresultsclearlyil-
lustratethat while our techniquewould seemto only apply
to smallfunctions,it alsoworkswell for mary large func-
tions. Notethatour compileroptimizeseachfunctionindi-
vidually andin isolationof all othersin the sameprogram.
Sinceit wasnot possibleto list informationfor all the 111
functionswe evaluatedwe shav the averagedor thefunc-
tionswe could not display During this setof experiments
we terminatedhe searchary time the numberof optimiza-
tion sequencew applyatary particularievel (seeFigure4)
grew to morethana million. For suchfunctionswe mark
the searchspaceastoo big to be exhaustvely enumerated
in a reasonablemountof time. We found that we could
notcompletelyenumerate¢he spacefor only two of the111
functions,which areindicatedin Table3.

Studyingtheresultsin Table 3 allows usto make mary
interestingobsenationsaboutthe optimizationspace.The
numberof attemptedphasesds larger than the numberof
functioninstancesn Table 3 sincethe compileralsoneeds
to attemptphasedo detectwhenthey are dormant. The
numberdn the columnof maximumactive phasesequence
length indicate that the optimization phaseorder search
spaces 152 on average andcangrow to 15% in theworst
casefor the compiler and benchmarksusedin this study
Thus, we can also seethat althoughthe attemptedsearch
spaceis extremely large, the numberof distinct function
instancess only atiny fractionof this number Thisis pre-
ciselythe reasonwhich makesour techniqueof exhaustie
phaseorder searchspaceenumeratiorpossible. The leaf
functioninstancesarethosefor which no further phasesn
our compileraresuccessfuin changingthe programrepre-
sentation.The smallnumberof leaf instancesn eachcase
suggestshataftergettingconsiderablywide, the optimiza-
tion spacedag(seeFigure 4) typically corvergeslater The
last threecolumnsshav the rangeof the statichnumberof
instructionsfor the leaf functioninstances.This numberis
signi cant asit illustratesthe maximumdifferencein code
sizethatis possibledueto differentphaseorderingsin our
compiler Thus,we canseethaton averagethereis a gap of
37.8%in codesizebetweerthebestandtheworstphaseor-
dering. Thenumbersn thetablealsosuggesthatalthough
functionswith moreinstructionshave larger searchspaces,
it is the control- ow characteristicof the function, more
thanthenumberof instructionsthatdeterminghewidth of
the DAG. Mary large functionswith simple control o ws
have searchspacesvhich aredeep,insteadof beingwide,
which allows fasterenumeratiorof the space.

5. Optimization Phaselnteraction Analysis

Exhaustve enumeratiorof the optimizationphaseorder
searchspacefor a sizablenumberof functionshasgiven
us a large datasetthat we cananalyzeto gatherinforma-
tion abouthow optimizationphasesnteract.In this section
we presensomeof our analysisresults.To assemblehese
statisticswe rst representedhe searchspacein the form
of a DAG. The nodesin the DAG representistinct func-
tion instancesandthe arcsare marked by the optimization
phasdahatwasappliedfrom onenode(functioninstance}o
thenext. Thisrepresentations illustratedin Figure7. The
nodesof theDAG areweightedoby theirpositionin theDAG
andthe numberof childrenthatit canhave. Theleaf nodes
have aweightof 1. Theweightof eachinterior nodeis the
summationof the weightsof all its child nodes. Thus,the
weightof eachinterior nodegivesthe numberof distinctse-
guenceghatareactive beyondthatpoint. Active phasest
eachnode(indicatedin bracletsfor interior nodes)in Fig-
ure 7 aresimply the active phaseghat areappliedon out-
going edgesof thatnode. We studiedthreedifferentphase
interactionsenablingdisablingandindependenceelation-
shipsbetweeroptimizationphasesThefollowing sections
describeheresultsof this study

Figure 7. Weighted DAG Showing Enabling,
Disabling, and Independence Relations

5.1. Enabling Interaction between Phases

A phasex is saidto enableanotherphasey, if y wasdor
mant (inactive) at the point just beforex was applied, but
thenbecomesctive again afterapplicationof x. For exam-
ple, b enables alongthe patha-b-ain Figure7. Notethat
it is possiblethata phasecouldenablesomeotherphaseon
somesequencéut not on others. Thus, it could be seen
thata is not enabledby b alongthe pathc-b. Likewise, it
is alsopossiblefor phasedo be dormantat the startof the
compilationprocessandbecomeactive later (e.g.,phased
alongthepathb-c-d). As aresultwerepresenthisinforma-
tion in the form of the probability of eachphaseenabling



Attempt

Codesize

Function Insts Blk Brch | Loop Fn.inst Phases Len CF Leaf Max, | Min, | % Diff
startinp...(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
startinp...(j) 1,009 72 55 1 39,152 597,147 | 16 18 324 370 285 29.8
startinp...(j) 971 82 67 1 64,571 999,814 | 18 a7 591 319 301 6.0
startinp...(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()) 344 3 1 0 34 511 7 1 3 81 79 25
GetCode(j)) 339 14 11 1 56,166 850,977 | 18 20 75 94 85 10.6
bmbhLinit(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
getinter...(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 77 195
getword....(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
setsampl...(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
bmhinit(s) 194 21 15 3 5,693 86,157 20 11 137 108 54 100.0
bmhisearch(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
get8bit_...(j) 171 8 5 1 2,345 35,412 13 4 33 66 34 94.1
getscale...(j) 166 11 7 1 1,139 17,690 15 4 29 70 37 89.2
get16bit...(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
bytereve...(h) 146 8 5 1 1,661 24,898 13 11 24 68 26 161.5
get24bit...(j) 145 8 5 1 2,002 30,194 12 4 39 54 29 86.2
getword....(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 a7 207 54 48 125
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 45 0.4 1,8702 28,178.6| 8.8 7.7 38.8 24.0 17.6 24.0
average 166.7 | 16.9| 12.0 0.9 | 25,3626 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 instructionsn theunoptimizedunction,Blk - numberof basicblocks,Brch - numberof conditionalandunconditionatransfers
of control, Loop - numberof loops, Fn_inst - numberof distinct function instances Attempt Phases numberof optimizationphases
attempted|-en - largestactive optimizationphasesequencéength,CF - numberof distinctcontrol o ws, Leaf- numberof leaf function
instancesCodesize max.,min., and% differencein numberof instructionsfor leaf functioninstancesN/A - searchspaceof function
exceededur searctrriterialimit

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




eachotherphase. We calculatethe enablingprobabilities
by consideringdormant! activeanddormant dormant
transitionsof phasedbetweemodesadjustedby theweight
of the child node. The probability is the ratio of the num-
ber of dormant! active transitionsto the sum of dor-

mant! activeanddormant! dormanttransitionbetween
optimizationphases. We do not consideractive! active
andactive! dormanttransitionssince phasesalreadyac-
tive cannotbe enabled.We summarizethe enablinginfor-

mationwe collectedfor all the functionsin Table4, where
eachrow representshe probability of thatphasebeingen-
abledby otherphasesepresenteth columns.

A few points regarding the enabling information are
worth noting. For our benchmarksnstruction selectiors)
andcommorsubepressiorelimination(c) arealwaysactive
initially. In contrastregisterallocation(k) requiresinstruc-
tion selectioifs) to beenabledn VPO sothattheloadsand
storescontainthe addresse®f local scalars. Instruction
selectiolfs) is frequentlyenabledby register allocation(k)
sinceloads and storesare replacedby registerto-register
moves,which cantypically be collapsedby instructionse-
lection(s). In contrast,control ow optimizations(e.g.,
brandch chainingb)) are never enabledby register alloca-
tion(k), which doesnot affect the control ow. The num-
bersin thetablealsoindicatethatmary optimizationshave
avery low probability of beingenabledby arny otheropti-
mizationphase . Suchoptimizationswill typically beactive
at mostoncein eachoptimizationsequence.Remee un-
readable coddd) is never active for the functionsin our
benchmarksuite, which indicatesthe needfor a larger set
of functions. Note that, unreachableodeoccasionallyleft
behindby brandh chainingis removedduringbranch chain-
ing itself, sincewe found suchcodehinderingsomeanaly-
siswhich causedateroptimizationsto misssomecodeim-
proving opportunities.

5.2. Disabling Interaction between Phases

Anotherrelatedmeasures the probability of eachphase
disablingsomeotherphase Thisrelationshipcanbeseerin
Figure7 alongpathb-c-d wherea is active attherootnode,
butis disabledafterb. Thestatisticsregardingthedisabling
interactionbetweeroptimizationphasess illustratedin Ta-
ble 5. Eachvaluein this tableis the weightedratio of ac-
tive! dormanttransitionsto the sumof active! dormant
and active! active transitions. We do not considerdor-
mant! dormantanddormant! activetransitionssincea
phasehasto beactive to bedisabled.

FromTable5 it canbe seenthat phasesaremuchmore

likely to be disabledby themselesthan by other phases.

We canalso seethat phasesuchasregister allocationk)
and commonsubepressioneliminatiorn(c) always disable
evaluation order determinatiofo) sincethey requirereg-

ister assignmentand evaluation order determinationcan
only be performedbeforeregister assignment In our test
suite all jumps eliminatedby uselesgump elimination(u)
are always also eliminatedby block reodering(i). Thus,
disabling information could be usedto detectwhen one
phasemayalwayssubsumeanother
5.3. Optimization Phase Indep endence
Thethird interactionwe measuredvasthe probability of
independencéetweenary two optimizationphases.Two
phasesan be consideredo be independentf their order
doesnot matterto the nal codethatis produced. This
is illustratedin the Figure 7 alongthe pathsa-c and c-a
Both ordersof phases andc in thesesequenceproduce
identical function instanceswhich would meanthat they
areindependenin this situation. In contrastsequenceb-
¢ and c-b do not producethe samecode. Thus, they are
consideredlependenin this situation.If two optimizations
aredetectedo be completelyindependentthenwe would
never have to evaluatethemin differentorders. This ob-
senation canleadto the potentialof even greaterpruning
of the searchspace.Table 6 shavs the probability of each
phasebeing independenof someother phase. This is a
weightedratio of thetimestwo consecutiely active phases
producedthe samecodeto the numberof timesthey were
consecutiely active.
Unliketheenablinganddisablingrelationshipshavn in
Tables4 and5, independencés a symmetricrelationship,
asshown in Table6. In addition, Table6 is lesssparsean-
dicatingthatmary phasesretypically independenof each
other For instanceijt canbe seerthatregisterallocation(u)
is highly independenbf mostcontrol o w optimizations.
Instruction selectiorfs) and commonsubepressionelimi-
nation(c) frequentlyact on the samecodesequencesand
sowe seealow level of independencbetweerthem. Since
mostof the phasesareindependenbf eachother most of
thetime it is frequentlypossibleto reorderphasesvithout
ary side-efect. Consequentlymary differentoptimization
sequenceproducethe samecoderesultingin greatercon-
vergencein the DAG andfewer leaf function instancegor
mostfunctions,asseernfrom Table3.

6. Probabilistic Batch Optimization

The analysisresultsand obsenationsassemblediuring
our experimentscan be further usedto improve uponvar
ious compiler features. As a casestudy we usesomeof
theseresultsto supportfastercompilationsin this section.
The VPO compilerappliesoptimizationphasedgo all func-
tions in one default order To allow aggressie optimiza-
tions, VPO appliesmary optimizationphasesn aloop un-
til thereare no further programchangesproducedby ary



[Phase] St | b [ ¢ [d] g [ h [ i [ J [ kK] 1T JInlTofJallr ] s Ju

b | 062 0.01 0.15 | 0.06

¢ | 100|002 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

[ 0.61 | 0.01 | 0.01 0.61

j 0.03 | 0.01 0.13

k 0.01 0.11 0.81

[ 0.59 0.06 0.02 | 0.01 0.03 0.06

n | 042 0.04 0.22 | 0.01 | 0.04 0.01 0.01 0.03 | 0.05 | 0.03
o | o087 0.01

q 0.16 0.08

r | 045 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

Blank cellsindicateanenablingprobability of lessthan0.005. Strepresentshe probability of a phasebeing
active atthe startof compilation.

Table 4. Enabling Interaction between Optimization Phases

[Phase] b [ ¢ [ d [ g [ h [ i TjTJlTkJ[T[InToJlqgl]cr s TTul]
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
| 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

Blank cellsindicatea disablingprobability of lessthan0.005.

Table 5. Disabling Interaction between Optimization Phases

[Phase] b [ ¢ Jd[ g [ h [ i [ J [ k[T [ nTlT ol agfl]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
| 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
0o 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

Blank cellsindicateanindependencprobability of greaterthan0.995.

Table 6. Independence Relationship between Optimization Phases



optimizationphase Thus,althoughVPO canattempta dif-
ferentnumberof phasedor differentfunctions,theorderin
which they areattemptedstill remainsthe same.Applying
optimizationsin a loop alsomeanghat mary optimization
phasesvhenattemptedaredormant.

We useinformationaboutthe probability of phasesn-
abling anddisablingeachotherto dynamicallyselectopti-
mizationsphaseslependingon which previous oneswere
active. The probability of eachoptimizationphasebeing
active by defaultis usedatthe startof the optimizationpro-
cess.Usingtheseprobabilitiesasinitial valueswe dynami-
cally determinevhich phaseshouldbeappliednext depend-
ing on which phasehasthe highestprobability of beingac-
tive. After eachactive optimizationphase we updatethe
probabilitiesof all otherphasesliependingon the probabil-
ity thatthelastphasewould enableor disableit. Thisalgo-
rithm is depictedn Figure8. We denotethecompilerusing
this new algorithm of dynamically selectingoptimization
phasessthe probabilisticbatch compiler

# pli] - 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
foreach phase i do

| pli] = 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

foreach phase i do
if i 1=] then
L L[] += ((1-p[il) * e[ili]) - (pLl * dL0D;

L pll=0;

Figure8: Probabilistic Compilation Algorithm

From Table 7 it canbe seenthat the new probabilistic
modeof compilationachieres performancecomparabldo
the old batchmodeof compilationand requireslessthan
one-third of the compilationtime on average. Although
the probabilisticapproactreducegshe numberof attempted
phasedrom 230, on average to just 48, the numberof ac-
tive phasesds in fact greaterin the newv approach. Many
phasesattemptedin the old compiler were found by the
probabilisticcompilerto be disabledandwerethereforenot
attempted.Presentlythe probabilisticcompilerselectshe
next phaseonly onthebasisof theprobabilityof it beingac-
tive. Our methoddoesnot considerthe bene ts eachphase
canpotentiallyprovide whenapplied. Thisis the mainrea-
sonfor the slight degradationin performancepn average,
over the old method. Thus, the probabilisticcompilation
paradigm eventhoughpromising,canbe furtherimproved
by takingphasebene tsinto account.

7. Futur e Work

Thereis avariety of enhancementhatwe planto make
in the future. First, we would like to examinemethodsto
further speedup the enumerationalgorithm. The phase
order spacecan be reducedby changingthe implementa-
tion of somecompiler analysisand optimizations,so that
falsedependencedueto incompleteanalysisareno longer
present. Phaseinteractioninformation, such as indepen-
dencerelationships,could also be usedto more aggres-
sively prunethe enumerationspace. Second,we plan to
improve nonehaustve searche®f the phaseorder space.
The enabling/disablingelationshipdbetweerphasesould
beusedfor fastergeneticalgorithmsearchefgl4]. Presently
theonly feedbackve getfrom eachoptimizationphasevas
whetherit wasactive or dormant. We do not keeptrack of
thenumberandtypeof actualchangegor whicheachphase
is responsible Keepingtrack of this informationwould be
very usefulto getmoreaccuratgphasenteractioninforma-
tion. Third, we planto studyadditionalmethodgo enhance
corventionalcompilersfor both compilationtime and the
efciency of generateccode by using probabilistic phase
interactionrelationshipsin determiningthe next phaseto
be applied. Finally, the eventualgoalis to nd the func-
tion instancegiving nearoptimal executionperformancen
areasonableamountof time. Achieving this goalrequires
gatheringexecutionresults which would be very time con-
sumingwhentherearehundredof thousandsf 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 crude approximationof executionefciency. However,
thesecountscouldbeusedto prunefunctioninstancegrom
beingsimulatedthatarelik ely to produceinef cient code.

8. Conclusions

The phaseorderingproblemhasbeenan old andasyet
unresolhed problemin compileroptimizations.Hitherto, it
wasassumedhatthe optimizationphaseorderspacds too
large to be completelyenumeratedh a reasonabl@mount
of time. In this paperwe have shovn, for most of the
functionsin our benchmarlsuite,thatexhaustve enumera-
tion of all optimizationphasesequenceis possiblefor the
phasesn our compiler This enumeratiorwasmadepossi-
ble by detectingwhich phasesvere active andwhetheror
notthe generate¢odewasunique,makingthe actualopti-
mizationphaseorderspacanuchsmallerthantheattempted
space.Using aninnovative enumeratioralgorithmandag-
gressve searchspacepruningtechniquesye wereableto
nd all possiblefunctioninstanceshatcanbe producedoy
differentphaseorderingsfor 109 out of the 111 total func-



Old Compilation Proh Compilation Prob/Old

Function Attempted | Active : Attempted | Active : . .

Phases | Phases Time Phases | Phases Time | Time | Size | Speed
startinp...(j) 233 16 3.10 55 14 1.45 | 0.469 | 1.014| N/A
parseswi...(j) 233 14 7.52 53 12 279 | 0.371| 1.016 | 0.972
startinp...(j) 270 15 2.20 55 14 0.78 | 0.353 | 1.010| N/A
startinp...(j) 233 14 1.83 49 13 0.77 | 0.420| 1.003 | N/A
startinp...(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
bmhiinit(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
getinter...(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
getword....(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
bmhinit(s) 231 8 0.17 53 11 0.07 | 0.440| 1.000 | N/A
bmhisearch(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
get8bit_...(j) 233 11 0.15 51 11 0.05 | 0.366 | 0.944 | N/A
getscale...(j) 233 10 0.15 51 11 0.05 | 0.349 | 1.000 | N/A
get16bit...(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
bytereve...(h) 270 11 0.15 75 15 0.11 | 0.722 | 1.030 | 1.000
get24bit...(j) 233 10 0.13 51 11 0.04 | 0.344 | 1.000 | N/A
getword....(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 89 | 034 47.7 9.6 | 0.14 | 0.297 | 1.015| 1.005

Old Compilation- original batchcompilation,Prob Compilation- new probabilisticmodeof compilation,AttemptedPhases
- numberof attempteghasesActive Phases numberof active phasesTime - compilationtime in secondsProb/Old- ratio
of probabilisticto old compilationfor compilationtime, codesize,anddynamicinstructioncounts respectiely.

Table 7. Comparison between the Old Batch and the New Probabilistic Approaches of Compilation



tions we evaluated. It is now possibleto nd the optimal

phaseorderingfor somecharacteristics.For instance we

areableto nd the minimal codesizefor mostof thefunc-

tionsin our benchmarksuite. This enumeratiorstudyalso
provided us with a large dataset, which we shaved can
be analyzedto study various optimization phaseinterac-
tions. Automaticallycalculatingprobabilitiesis muchmore
reliablethanrelying on a compilerwriter's intuition since
it is very dif cult for eventhe mostexperiencedcompiler
writer to ervision all of the possibleinteractionsbetween
phaseq14]. We usedthe enabling/disablingorobabilities
to reducethe compilationtime for a corventionalcompiler
to aboutone-third of the time originally required, while

maintainingcomparableperformance. We have also de-

scribedseveral other potentialapplicationsof using phase
interactioninformation. In summary we believe that our

approachfor ef cient andexhaustie enumeratiorof opti-

mizationphaseorderspacehasopeneda nen areaof com-

piler research.
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