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CHAPTER 1

INTRODUCTION

Programsoftencontaininstructionsthatarepartiallyredundant,meaningthattheir resultshave

beenpreviously generatedalongsome,but not all, incomingpaths.It is oftenpossibleto re-

movethis codeandincreaseperformancethroughpartial redundancyelimination(PRE)tech-

niques. A symmetricopportunityexists when programscontain instructionswhoseresults

arepartially dead,or sometimesnot used,via partial deadcodeelimination(PDE). Together,

thesearetermedpartial codeelimination(PCE). Numerouspublicationshave addressedthe

PCEproblems,eithersingly or together, anddiffering by their extent of analysisandtrans-

formation. This thesisdiscussesthe implementationandeffectsof motion-basedpartial code

eliminationin theIMPACT compilerframework.

Initial publicationsonPREandPDEprovided“optimal” motion-basedalgorithmsfor code

elimination; they areoptimal in thatno programpathis impededasa resultof the codemo-

tion [1, 2]. Laterworksperformmoreaggressiveoptimizationby utilizing profile information

to improve frequentpathsat thecostof impairinginfrequentones,or by transformingcontrol

flow [3–9]. Both PREandPDE have beenimplementedin the IMPACT compiler. The first

versionsimplementtheoptimalcodemotiontechniquesfor PCE,basedondataflow published

by Knoopet al. [2, 10]. Thesecondversionsaremoreaggressive,usingprofile informationto

movecodeto “unsafe” locations,wherethey mayintroduceadditionalexecutionsalongsome
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paths.Thesespeculativetechniquesanticipatethatthemotionwill resultin anetexecutionsav-

ings.They usearchitecturalfeaturesof theIntel ItaniumArchitectureto enablethismotionand

maintaincorrectexecution[11]. This thesiswill describein detailtheimplementationof these

optimizationsandtheir effectsonanindustry-standardbenchmarksuite,SPECint2000[12].

PCE can improve programperformancein two ways: reducecomputingresourcecon-

tentionin aninstructionschedule,andreducethedatadependenceheightof aseriesof instruc-

tions [13]. Thesemaydirectly improve performanceby lowering instructioncount,andmay

alsohave synergistic effectswith otherIMPACT optimizations.Thus,I hypothesizethatPCE

will beableto achieveperformanceimprovementsfor thetargetarchitectureandapplications.

However, the experimentalresultswill show that thesesituationsare generallylimited and

explainwhy this is thecase.

This work proceedsasfollows: Chapter2 briefly describespreviously publishedmethods

of addressingthePREandPDEproblems,with examples.Chapter3 presentsIMPACT’sspec-

ulative PREimplementation.Chapter4 presentsa new methodfor performingPDE, termed

profile-directed,predicatedpartial deadcodeelimination(P3DE).Chapter5 explainstheex-

perimentsthat evaluatethe PCEalgorithmsandempiricalresults. Chapter6 suggestsfuture

work in the areaof PCEandrelatedanalyses.Chapter7 makessomeimportantconcluding

observations.
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CHAPTER 2

BACKGROUND

IMPACT performsloop-invariantcodemotionandglobalcommonsubexpressionelimination,

aswell asa form of loop-biasedregisterpromotioncalledLoop VariableMigration (LVM),

which is describedin Chapter5. Thus,theprimarypurposeof integratingPCEinto IMPACT

would be to captureadditionalopportunitieswhich canbe optimizedonly by PCEmethods.

Desirablepropertiesof PREfor any environmentarerelatively low overhead,aggressivecode

motion, andgoodcontrol over any negative effectsof the optimization,suchasincreasesin

registerpressure.In addition,PCEshouldhave little codegrowth; IMPACT performsseveral

optimizationswhich rely onacertainamountof codeexpansionto obtainhigherperformance,

andPCEoptimizationswhichsignficantlyincreasecodewill likely exacerbatethesituation.In

this section,publishedPCEmethodsaresurveyedto determinecandidatesfor implementation

in IMPACT.

2.1 PRE Methods

Partial Redundancy Elimination, or PRE, is a classicaloptimizationfirst establishedby

Morel andRenvoise[14], subsumingloop invariantcodemotion andglobal commonsubex-

pressionelimination.A versionof theoptimzationutilizing unidirectionalbit-vectoranalyses

on a graphof individual instructionswaspublishedby Knoopet al. [1], which is thebasisfor
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muchsubsequentPREwork. Laterwork by Knoopetal. [10] extendedthealgorithmfor basic

blocks,andis thebasisfor themuchof thenomenclatureanddataflow analysesin this thesis.

2.1.1 Lazy codemotion

Knoopet al.’s lazy codemotion[1] is consideredtheseminalwork of modernPRE,repli-

cating codeto minimize temporaryvariablelifetimes and using only unidirectiondataflow

analyses.A significantamountof researchhasbeendoneto make thesedataflow analyses

faster, usingfewer dataflow analyses,or removing the needto split critical edges(described

later).

For this work, an“expression”is definedasa logical, arithmetic,or memoryoperationon

sourceoperandswith anarbitraryregisterdestination.Two instructionsarecomputationsof the

sameexpressionif they havethesameoperatorandidenticalsourceoperands.In Figure2.1(a),

the expressionx+y is computedin both blocks1 and3, even thoughthey write to different

variables.Motion-basedPREoperatesby insertingcomputationsof expressionsat locations

thatmakepartiallyredundantcomputationscompletelyredundant,thusenablingtheirremoval.

All irredundantcomputationsthat reacha redundantcomputationwrite a virtual “temporary”

register, andredundantcomputationsare“removed” by converting theminto movesfrom the

expression’s temporaryregisterto theoriginaldestinationof thecomputation.

Conceptually, Knoop’smethodhoistspartiallyredundantcomputationsandhoiststhemun-

til eitherthepartialredundancy is removedor furtherhoistingwould introducetheexpression
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(a) Before PRE
 (b) After optimal (Knoop) PRE


Figure2.1Exampleof PRE

ontoapathwhereit wouldnothavebeenoriginally computed.Thesemotionsaretermed“un-

safe.” Knoop’salgorithmis consideredoptimalsinceit never introducesadditionalexpression

computationsontoany path.It is alsononrestructuring: it doesnottransformtheflow structure

of theprogramto performtheoptimization.

Figure2.1(a)showsanexampleof apartialredundancy. Thecomputationof theexpression

x + y in block3 is redundantthroughblock1, but is notredundantthroughblock2. To perform

PRE,theexpressionis first inserted,or hoisted,into block2. Next, all expressioncomputations

that reachblock 3, which arethe existing computationin 1 andthe newly insertedonein 2,

write the result of the computationto a new virtual register c. Finally, the computationin

block 3 is replacedwith a move operationfrom c to its original destinationa, resultingin the

codein Figure2.1(b).

The primary limitation of Knoop’s basicalgorithmis that it cannotmove expressionsto

speculative locations,evenif asignificantsavingscancomefrom it, becausetheoptimalalgo-

rithm doesnot take into accountprogrambias.It is generallyacceptedthatprogramsareoften

heavily biasedandprofilescanbequiteaccurate[15], somoreaggressiveoptimizationsmaybe

possiblethatmakethecommonprogampathsfasterandimproveoverallprogramperformance.
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Figure2.2Exampleof SpeculativePRE

Considerthecodeexamplein Figure2.2(a).By moving thecomputationof x + y from 4

to 2, thetotalnumberof executionsfrom 195to 105.However, PREcannotremovethepartial

redundancy, becausemoving theexpressionto 2 wouldintroducenew computationsonthepath

2-3-5. A speculativePREmethodthattakesinto accountprofile informationandperformsthe

appropriatecost-benefitanalysiscouldpotentiallyhoist theexpressionto theblock. Thenext

sectionwill discussmethodsof performingspeculative,motion-basedPRE,or SM-PRE.

2.1.2 Speculative motion PRE

More aggressive partial redundancy eliminationcanbeperformedif expressioncomputa-

tionsarehoistedto locationswherethecomputationmaybeintroducedinto pathswhereit was

not previously computed.This is termedspeculative, motion-basedPRE,or SM-PRE.SM-

PREcangreatlyreduceexecutionof theexpressionsbeyondthecapabilitiesof optimalPRE,

but thealgorithmmayberestrictedto moving expressionsthatwill notcauseexceptionsin the

targetarchitecture,or berequiredto utilize architecturalsupportto avoid or otherwisehandle
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improperexceptions. In addition, reasonablyaccurateprofile informationanda goodcost-

benefitanalysisis necessaryto preventmotionthatimpairsprogramperformance.By hoisting

expressionsbeyond“safe” points,SM-PREintroducepartiallydeadcodeinto theprogram.

Considertheexamplein Figure2.2(a).As statedin theprevioussection,Knoop’s optimal

methodcannothoist the computationof x + y from 4 to 2 becauseit introducesnew com-

putationsontothepath2-3-5. SM-PREutilizesprofile informationto identify this motionas

profitableandmake the transformation,resultingin the codein Figure2.2(b). If exceptions

canoccurfor additionsin thetargetarchitecture,thenew instructionmustbemarkedto ignore

or deferany exceptions.

HorspoolandHo [16] presentthefirst known SM-PREwork, utilizing edgeweightsfor a

cost-benefitanalysis.They analyzean expressioncomputationandpotentialinsertion-points

pairwise,performingthe motion if thereis a net savings in expressioncomputationexecu-

tion. For theexamplein Figure2.2, their algorithmwould recognizeandoptimizethepartial

redundancy. However, their methodcannottake into accountsituationsinvolving multiple

computationsor multiple potentialinsertionpoints,which arerequiredfor a codemotionthat

minimizesexpressioncomputation.HorspoolandHo acknowledgethat a minimum cut of a

reducedcontrolflow graphmayresultin a profitableplacementfor a givenprofile,but do not

demonstratea techniqueto do so. Laterpublicationsshow differenttechniques,aswell asthe

optimality of this minimumcutalgorithm.

Guptaetal. [8] laterpresentedamethodto performaspeculativePREbasedonpathprofile

information. A cost-benefitanalysisis performedby determiningthe locationthatminimizes

7



the sum of the path weightsthat computethe expression. Although this algorithm hasthe

benefitof rapidly isolatingopportunitiesfor optimization,thepathdataflow analysesareless

intuitive thananedge-basedcost-benefitanalysis.It alsocannotminimizeexpressioncompu-

tation,asit cannothoistcomputationsthroughthebackedgesof loops.Thus,it is notdescribed

in detailhere.

Bodik, in hisPh.D.thesis[13], is thefirst to evaluatetheminimum-cutalgorithmfor spec-

ulative motionPRE.He provesits optimality, in termsof minimizationof expressioncompu-

tationsfor agivenprofile, for nonrestructuringPRE.CaiandXue[17] laterpresentedasimilar

algorithmto Bodik’s, evaluatedaspartof a runtimeoptimizer. Becausethesetechniquesper-

form essentiallythe sameoperationsandresult in the samecodemotion, the descriptionof

thealgorithmis savedfor Chapter3. This typeof minimum-cutPREwill likely have higher

overheadthanoptimalPRE,but it is alsocapableof muchmoreaggressiveoptimization.

2.1.3 Extending PRE

Previouswork hasaddressedmethodsfor matchingexpressionswhich differ lexically [18,

19,20]; thesearenotcoveredin thiswork. I will makeobservationsonthepotentialbenefitfor

thesetechniquesin theSection5. Work by Bodik haspresenteda restructuringPRE[7] that

replicatescodeandtransformscontrolflow to creatingregionsof full andnoredundancy, which

areoptimizedasnecessary. His Ph.D.thesis[13] conjecturesthataspeculative,nonrestructur-

ing, codemotion-basedPREis nearlyaseffectiveatreducingtheamountof redundancy, sothe

8



restructuringalgorithmwasnot implemented.Finally, Lin presentsa methodfor speculating

loadspastmay-aliasstores[21]: its potentialis discussedin Chapter5.

2.2 PDE Methods

PDEmethodsoriginatedin parallelwith PREmethods,whichhavereceivedmoreattention

from theprogramoptimizationcommunity. Severalpapershavepresentedoptimizationmeth-

odsthateitherdirectly addressthePDEproblemor performa subsetof PDEoptimizationsas

asecondaryeffectof anotheroptimization.Thesemethodsarereviewedin thissection.

Prior to describingpreviousPDE schemes,several termsmustbe defined.The term “as-

signment”in this work is definedasa register-writing operationor a storeto memory. Two

instructionsare consideredto be computationsof the sameassignmentif they write to the

sameregisteror memorylocation,performthe sameoperation,andhave identicaloperands.

An assignmentis morestrictly definedthanan expression,asexpressionsdo not have a re-

strictionondestinationoperands.In this thesis,thePDEoptimizationis assumedto operateon

assignmentsby removing thosewhich arepartially dead.PDEmethodsbasedon codemotion

operateby “sinking” or “delaying” assignmentcomputations,moving them to later control

flow locations;thesetermsareusedinterchangablythroughoutthis work. An assignmentis

sinkableto anotherlocationif no intermediateassignmentpreventsthemotion;motionis pre-

ventedif an assignment’s result is used,a sourceor destinationoperandis redefined,or, in

thecaseof memoryassignments,anotherassignmentmayaccessthesamememorylocation.

Codemotion is safeaslong asit doesnot introducenew computationsalongany pathof the

9



programandonly eliminatescomputationswhich are completelydead. Although PREand

PDE areproblemswith many parallelproperties,onecanhave specificrequirementsfor ag-

gressiveoptimizationthattheotherdoesnot have,dueto thedifferencesbetweenexpressions

andassignments.

2.2.1 Knoop PDE

Knoopet al. [2] provide themostwidely recognized,systematicwork in partialdeadcode

elimination.Priorworksperformedlimited PDE,oftenasabyproductof anotheroptimization.

Similar to Knoop’sPREalgorithm,Knoop’sPDEis bothoptimalandnonrestructuring.

The methodpresentedby Knoop is composedof two stages.The first stageperformsa

dataflow analysisto find the latestposition(s)at which all assignmentscansafelybedelayed

alongall paths.It thenreplicatestheassignmentcomputationsat thoselocations.Thesecond

stageperformsstandarddeadcodeelimination, removing the original occurrenceof the as-

signmentandany new deadoccurrences.In cyclic coderegions,if anassignmentis computed

in every paththrougha loop bodyandis not usedin thesameor subsequentiterations,it can

be sunkout of the loop. The sinking anddeadcodestagesareseparatedbecausefully-li ve

andsinkableassignmentcomputationsmay block the motion of partially deadassignments

dueto antidependence.Onedisadvantageof theseparationof stagesis thatself-antidependent

assignments(thosethatwrite to their own operands)cannotbemigratedwithout splitting the

assignmentinto two separatecomponents,sincetheoriginal computationis not madedeadby

thecopiesintroducedby thecodereplication.

10
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Figure2.3Exampleof KnoopPDE

Considerthe examplein Figure2.3(a). The assignmentcomputationa = x + y in basic

block 1 is deadalong the programpath that passesthrough2, but may be live through3.

UsingKnoop’s method,this assignmentcanbesunkto blocks2 and3. Thesubsequentdead

codeeliminationremovesthecomputationsin 1 and2, resultingin thecodein Figure2.3(b).

Nothingmorecanbedonein this coderegion,sinceno assignmentcomputationcanbesafely

sunkwithout introducingacomputationona pathwhereit did notexist previously.

Onedisadvantageto Knoop et al.’s methodis that it may sink computationswithout any

coderemoval. This maycreatenonbeneficialcodegrowth. Motion-basedPDEin generalalso

pushesthecomputationsof valuescloserto theiruses,which mayexposestalls.

Knoop et al.’s methodalso haslimitations which prevent it from removing all partially

deadcode. First, it is limited by thestructureof thecontrol flow graph: in Figure2.3(b),the

assignmentsin basicblocks2 and3 arepartially dead,but sincethecomputationscannotbe

safelymovedinto 4, nooptimizationcanbeperformedby codemotionalone.By transforming

controlflow or utilizing predication,this partially deadcodecanberemoved. However, such

transformationhasnegative tradeoffs, suchaspotentiallyexponentialcodeexpansionor the
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insertionof many predicateoperations. In addition, not all cyclic codecan be completely

unrolled,sosomepartially deadcodecannever be entirely removed. In thesesituations,the

PDEoptimizationis directedby specializingfor programbias.Laterwork attemptsto address

theseissues.

2.2.2 Transformation-basedPDE

Justprior to the publicationof Knoop’s PDE algorithm,Feigenet al. [22] presentvari-

ousexamplesof partialdeadcoderemoval, which they termthe revival transformation. This

involves“detaching”assignmentcomputationsand“reattaching”themcloserto theiruses,un-

der morerestrictive control conditions. In somecases,it moves“superstructure”aroundthe

partiallydeadcodeto enableeliminationthatis notpossiblewith Knoopetal.’s algorithm.

An exampleof the restructuringaspectof the revival transformationis presentedin Fig-

ure 2.4, which usesthesamenotationasBodik andGupta’s [5] paperfor comparison.Each

branchis divided into two components:a calculationof the predicateusedto decidebranch

direction,andthebranchitself, which is denotedby thenameof its predicate.Theassignment

x = a + b is deadalongtheF pathleadingfrom thebranchon P2, but is livealongtheT path.

Becausetheassignmentis not safelysinkablealongtheT pathof P1, Knoop’smethodcannot

beused.Therevival transformationfirst movesthebranchandfollowing hammockregion of

P1 downward into both theT andF pathsof P2, resultingin thecodein Figure2.4(b). The

assignmentcomputationunderP2’s falseconditionis exposedandeliminated,resultingin the

codein Figure2.4(c).
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Figure2.4TheRevival Transformation

Although the authorspresentsomeinterestingcasesandpropertiesof PDE thatwerenot

addressedby Knoopet al., suchastherestructuringof control flow to exposemorePDEop-

portunities,they do not presenta unified algorithm to perform the PDE optimization. The

paperalsodoesnot move assignmentsout of or acrossloopsor othercyclic regions,miss-

ing significantoptimizationopportunities.This paperdoesshow someof the possibilitiesof

transformation-basedPDEbut doesnothelpin performingaglobaloptimizationof partialdead

code.

Bodik andGupta[5] later presenteda PDE algorithmto addressthe shortcomingsof the

revival transformation,calledtheslicing transformation. Figure2.5showsanexampleof their

method,usingthesamecoderegion astherevival transformationto illustratethedifferences.

Again the computationx = a + b is deadalong the falsepath leadingfrom P2, but is live

alongthe T path. The slicing transformationreplicatesandhoiststhe predicatecomputation

andbranchfor P2 aroundtheassignment,resultingin Figure2.5(b).As a result,thestatement
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Figure2.5TheSlicing Transformation

is no longerpartially dead,sinceit is only executedif P2 is true. Thereis an extra, redun-

dantbranchwhenP1 andP2 arefalse,sobranchelimination[23] is performedto obtainthe

codein Figure2.5. Althoughanextra copy of theP2 predicatecomputationandbranchhave

beenintroduced,no additionalinstructionswill beexecutedalongany pathandthesizeof the

resultingcodeis slightly smallerthantheresultof therevival transformation.

The slicing transformationcanaddressall acyclic partial deadcode,at thecostof poten-

tially exponentialcomplexity andcodeexpansion.However, it doesnot needlesslyreplicate

codewhich doesnot contribute to the PDE optimization. Bodik andGuptaalsodiscussthe

tradeoffs for removal of cyclic partially deadcode. Thus,Bodik andGuptapresenta PDE

schemethatcanremoveall acyclic PDEcaseswithout theintroductionof additionalcomputa-

tionsditionalcomputationsalongany pathandduplicatesa targeted,minimalamountof code.

14



�1� � �F�J�F�F�-� �/�]� �/�-� �]���F�-��� �]���F�a�R�F���F� � �F�/ -¡ ¢F¢F£ ¤D¥?�F�s¦F�/�?§F�(�a�F¨ � �-��� �]�
©Fª

«¬ª

­Fª¯®?°f± ² � �]�³ °f± ² � �]´�´��®?°f® ´*³µR¶ � �R� °·®
¸Fª

¹ ®-± ± ¡ ¢F¢-£ ¤

º ª

» ª

«¬©

»«¼©F©F© »

«¬©F©-© » »

«¬©

½¾¾¾
¾

©Fª ®?°f± ²F¿ µ � �]�

«¬ª

­Fª¯®?°f± ² � �R�³ °f± ² � �R´�´��®?°f® ´·³µ]¶ � �]� °*®®?°f± ²F¿ µ � �R�

¸Fª
¹ ®-± ± ¡ ¢F¢-£ ¤®?°f± ²F¿ µ � �R�

º ª

» ª

©Fª¯®�°·± ²F¿ µ � �R�À °·©

«¬ª

­Fª ³ °f± ² � �]´�´��®?°f® ´*³µR¶ � �]� °·®À °Á«

¸Fª Â ¡F£ À ¤ µR¶ � �]� °f®À °f©¹ ®-± ± ¡ ¢F¢-£ ¤®?°f± ²�¿ µ � �]�

º ª

» ª Â ¡-£ À ¤ µ/¶ � �R� °f®

«¬©

»«¼©F©F© »

«¬©F©-© » »

«¬©

½¾¾¾
¾

«¬©

»«¼©F©F© »

«¬©F©-© » »

«¬©

½¾¾¾
¾

£ ® ¤DÃJÄ Â ÅFÂ ÆF®a± ¹ ¢ Æ ¶ Ä ¢ ± ¡ ± ¢FÇ Å Ä ® ÀaÈÇ Â ¶ È?É ²FÅ É?À Ä ¢-¡ Â ± É Ç É Â Å È-¶ µ £ ³-¤DÊB¡ ¶ É Ä µ]À�Éa¹RË ± ® ¶ Â Ì É?À ® Ä ¶ Â ®-± Ä É ² Ë ÆF²F®-Æ ¹ �É ± Â Í?Â ÆF® ¶ Â ¢ Æ £ Ç Â ¶ È?µR¶ Î ± ² ¹ ¢ ®F± ÉaµR¹ Â ÆFÅ ¤ £ ¹ ¤DÊ9¡ ¶ É Ä À Ä ¢-¡ Â ± É-Ï ²FÂ Ä Éa¹R¶ É ² À Ä É ²-Â ¹ ® ¶ É ²À ® Ä ¶ Â ®F±]² É ®F² ¹ ¢ ² É?É ± Â Í?Â Æ-® ¶ Â ¢ Æ

± ¢ ®F² ¹ ¢ Í ³ Â Æ É-µÇ Â ¶ È?µ/¶ ¢-Ä É

Figure2.6Exampleof Cyclic PDE

Sincetheslicingparadigmprojectsfuturecontrolflow backontooriginalcomputationsites

ratherthansinking computationsinto “future” control flow, it cannotaddresscasesin which

futurecomputationscannotsafelybeperformedearlier. Thus,it doesnot allow therestructur-

ing of codein loop bodiesthat is partially deadbecauseof computationsin subsequentloop

iterations.For example,in Figure2.6(b),theassignmentst[x] = a is partially deadalongthe

left-handpath,but the conditionof the branchat the endof block 1 may not be moved to a

prior iteration.Only by sinkingcodecanthePDEsituationbeeliminated.In loops,therefore,

Bodik’sapproachfallsbackonalimited amountof replicationfollowedby Knoop’sbasicsink-

ing technique.For theexamplein Figure2.6(b),thestorecannotberemovedfrom theloopby

theslicing transformation.It is possibleto removethestorefrom someloop iterationsvia loop

unrolling,but it cannotbeentirelyremovedvia transformation-basedPDEmethods.
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2.2.3 Property-oriented expansionPDE

Steffen [24] presentsa PDE algorithmbasedon codeexpansionin his work on property

orientedexpansion(POE).His schemeperformscodeduplicationandtransformationto turn

partially deadassignmentcomputationsinto completelydeadandcompletelylive computa-

tions,asopposedto Knoop’scodemotion.Themethodis enabledby thetransformationof the

codeinto a moreabstracttransitionmodel. This POEPDEmethodallows removal of partial

deadcodethatcannotbeaddressedby genericcodemotiontechniques,but with a worst-case

costof exponentialcomplexity andcodeexpansion.The conversionto andfrom a transition

modelalsocreatescomplexity, asdoestheintroductionof nondeterminismin themodel. Be-

causeBodik andGupta’s transformationmethod[5] is capableof thesametransformationsat

lowercodereplicationcostandin amoreintuitivefashion,POE-basedPDEis notasdesirable

for implementationin IMPACT andis notdescribedhere.

2.2.4 Predicate-enabledPDE

Guptaetal. [4] presentapathprofile-guidedpartialdeadcodeeliminationusingpredicated

instructions.For frequentlyexecutedpathsin theprogram,they find theestimatedbenefitsand

costsof eachcomputationanddelayit to themostprofitablelocation(s).This canintroduce

calculationsof theassignmenton pathswhereit waspreviously absent,sopredicationis used

to preventexecutionon thosepaths.

Considertheexamplein Figure2.7(a).Usingprofile information,moving theassignmenta

= x * y from block3 to 5 will removethe93executionsof theassignmentfor thepath1-3-4-6,
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Figure2.7PredicatedPDE

but introduces3 executionsof theassignmenton path1-2-4-5. Sincethis is a netsavingsof

90executions,it is profitableto performtheoptimization;theassignmentis movedto block5,

apredicatesetinstructionis insertedin block3, andapredicateguardinstructionis insertedin

block2. Thus,thenumberof executionsfor theassignmentis reducedandprogramcorrectness

is maintained.If anattemptis madeto sink theassignmenta = b * c from block 2 to block 5,

the analysiswill find that 7 executionswill be saved on path1-2-4-6, but 7 executionswill

beincurredon path1-3-4-5. Sincethis resultsin no netexecutionsavings,thetransformation

wouldnotbeperformed.

Oneimportantnotewith regardto usingpath-profileinformationto performthecost-benefit

analysisis that edgeprofiling is no lesscapableof finding the optimal numberof computa-

tions.Thishasbeenshown for thedualPREproblemby bothBodik [13] andlaterby Cai and

Xue [17]; theproofsfor thePREsituationapplysimilarly to thePDEcase.
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Guptaet al.’s methodin its presentedform doesnot recognizethe relative costof predi-

cateoperationsin its cost-benefitanalysis.Therearesituationswheresinking anassignment

to reduceexecutionby a small amountcanrequirea largeexecutioncountof predicateclear

operationsto be introduced,reducingperformanceof the program. For the examplein Fig-

ure2.7, if theweightsof edges2 Ô 4 and4 Ô 6 werechangedto 1010and1100,respectively,

Gupta’s PDEwould resultin thesamecodemotionasshown. However, 1010predicateclear

operationswould have beenintroducedfor a reductionof 90 in the assignment’s execution,

whichmayimpair thecommonpaththroughthecoderegion. Recognizingandcontrollingthis

costis necessaryto permitgeneralusageof apredicate-basedPDEalgorithm.

Anotherlimitation of Gupta’s methodis that it is conservative within cyclic coderegions.

It requiresthatanassignmentbedeadthrougha loop backedgein orderto sink it pasta loop

exit. Although this may simplify predicateanalysis,it doesnot allow motion of statements

thatmaybedeadon somepathsthrougha loopbodybut areusedin otherpaths.Considerthe

examplein Figure2.6(b): thestoreassignmentst[x] = a is deadonthefrequent,left-hand

pathof theloop, but is potentiallylive on theinfrequent,right-handpath. It is possibleto use

predicationto sink thisstoreassignmentto blocks3 and5, obtainingthecodein Figure2.6(c).

However, Gupta’s techniquedoesnot allow themotionof theassignmentacrosstheloopback

edge4 Ô 1, becausest[x] = a is liveon exit 4 Ô 5.
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2.2.5 Opportunistic PDE

August et al. [25] mentiona PDE schemethat works locally and opportunisticallyon

already-predicatedcode,ratherthanactively predicatingfor thepurposeof deadcoderemoval.

If apartiallydeadassignmentcomputationhasbeenincludedaspartof anif-convertedregion,

it canbe scheduledafter any succeedingbranchesin its hyperblockif its destinationis dead

alongthe takenpathof thebranch.This mayenablea schedulerto generatea morecompact

staticcodeschedule.In thecodeexampleof Figure2.6(b),thestoreassignmentcannotbesunk

becauseit maybeliveacrosstheloopbackedge.

2.3 Combined PCE Methods

Lo et al. [9] presentPRE and PDE for loadsand stores,respectively, in the context of

registerpromotion.Thiswork termsthepartialdeadcodeproblemfor storesasaPREproblem,

althoughtheconceptsinvolvedarestill similar to previousPDEwork. Thehoistingof loadsis

donewithin theSSAframework, asspecifiedby Chow et al. in their SSAPREwork [6]. For

thePDEof stores,their methodusesa staticsingleuse(SSU)representation,thedualof SSA

form, to identify partially deadstores.As the nameimplies, the SSUform createsa unique

identifier for eachusedinstanceof a variablein a program: thoseassignmentsthat have the

sameoperatorandwhoseresultshave the sameusescanbe treatedasthe sameassignment,

eventhoughthey mayhave lexically differentsourcevariables.Thisassistsin building agraph

of storesandtheir uses.They usethis SSUform to performtheSSUPREoptimization,which

speculatively sinksstoresreferencingsafelocationsto theexits of partial-deadregions.
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Figure2.8SpeculativeRegisterPromotion

Considertheexamplein Figure2.8(a).Therearerepeatedaccessesto thememorylocation

x in block2, but thefunctionfoo() potentiallyaliaseswith thatmemorylocation,preventinga

simpleregisterpromotion.However, thehot paththroughtheloop, incorporatingblocks1, 2,

and4, doesnothaveany may-aliasmemoryoperations.If x is anaddresswhichis alwaysvalid

(suchasa local or globalvariable),a registerpromotioncantake placein this region,denoted

by theyellow-tintedpath. Thecompilercanspeculatively insertloadsfrom x to a promotion

variableat theentrancesof this region (blocks0 and3), placestoresfrom thevariableto x at

the exits (blocks3 and5), andchangeall loadsandstoresof x within the region to usesof

the variable. This resultsin thecodein Figure2.8(b). The decisionto speculateis basedon

theexecutioncountsat theentrancesandexits of theregion: if thesumof executionat those

locationsis lessthan the currentsum, then the memoryoperationsare speculatedto those

locations,andthememorylocationis promotedto a registerwithin theregion. Theexecution
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of loadsandstoresto [x] havebeenreducedfrom 20 000to 30,sothetransformationis found

to bebeneficial.Sincetheregisteris alwaysloadedat theentrancesof theregion andalways

storedbackto memoryattheexits with nomodificationsof thecorrespondingmemorylocation

in between,this is a safetransformation.

For PREon loads,this methodoperatessimilarly to otherPREschemes.It hastwo draw-

backsasa generalpartialdeadcodeeliminationscheme.First, whenperformingspeculative

motion it performsonly an “all-or-nothing” motion in which assignmentsaremoved to the

furthestpositionspossiblein the partial redundance/deadcoderegion. It is possibleto have

anoptimizationopportunitysuchthattheoptimalspeculative locationsarenotat theentrances

andexits of the region, but ratherwithin theregion. Similar to PRE,a minimum-cutcompu-

tationis capableof finding theoptimalinsertionlocationsfor givenprofile data.Second,Lo’s

speculative storesinking cannotmove memoryoperationswith potentiallyunsafeaddresses

andothertypesof assignments,dueto lackof guardingpredication.If theseproblemscouldbe

corrected,it wouldresultin ageneralmotion-basedPDEschemewhichmaybemoreextensive

thanotherexistingmotion-basedPDEmethods.

Bodik etal., in work prior to [4, 5], performaload-storecoalescingfor arrayreferences[3],

similar to Lo’s method. This methodis powerful in that array referenceshave betteralias

informationbetweeneachother, dueto value-baseddataflow analysisthatdeterminesprecisely

which memoryoperationsin a loop iterationandacrossloop iterationswill alias. However,

this methodonly appliesto storeassignmentsthat referencearrayelements.It alsorequires

prologueandepiloguecodefor loopsin orderto preventinvalid accesses.
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BriggsandCooper[26] presenta limited form of PDEin thecontext of theirpartialredun-

dancy eliminationoptimization. Their PREschemepropagatesexpressionsforward to their

usepoints,in aneffort to build larger expressionsandassociatemorecomputationstogether.

In thePDEcontext, thisensuresthatall computationsof anassignmentareused.However, this

mayinadvertentlyimpair someprogrampathsby sinkingassignmentsinto loops,from which

they might not be removed without a speculative PREalgorithm(which introducespartially

deadcode).Becausethis methodis inherentlylinkedto thePREalgorithm,it will not address

partialdeadcodethatis notalsopartiallyredundant.Sincethestorein thecyclic codeexample

of Figure2.6(b)cannotbehoistedvia PRE,it will notbeaddressedby expressionpropagation.

2.4 Implementation Candidates

PREandPDEtechniquesexist in many forms,varyingfrom Knoop’s optimalmethodsto

moreaggressivetechniques.Theoptimalandspeculativemotion-basedPREmethodsaregood

candidatesfor implementationin IMPACT, asthey satisfythecriteriaestablishedat thebegin-

ningof thesection.OptimalPDE,modifiedto limit motiononly to partiallydeadassignments,

is alsoa candidate.However, no PDEmethodexistsin literaturethatcantreatall assignments

andcontrol flow structuresgenerallyandhasminimal codegrowth. A new form of PDE is

necessaryto satisfyall thesecriteria;it is discussedin Chapter4.
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CHAPTER 3

SPECULATIVE PARTIAL REDUNDANCY ELIMIN ATION

Presentedin Figure3.1 is thealgorithmfor theIMPACT compiler’s SM-PREoptimization.It

is anadaptationof Cai andXue’s SM-PREalgorithm[17], modifiedto operateat basicblock

granularity, havereducedoverhead,enablecoalescingof differentmemorytypes,andmarkall

speculatedcomputations.Thelatteris necessaryto speculatepotentiallyexceptingexpressions.

The SM-PREalgorithm consistsof threephases:dataflow analysis,motion graphcon-

structionandminimumcut calculation,andcodemotion. Thedataflow analysisprovidesthe

informationto constructthemotiongraph,which representsthepossiblerangeof motion for

all expressioncomputations.Eachedgein the motion graphhasan associatedweight, ob-

tainedfrom controlflow graphedgeprofiling. A minimumcut acrossthis motiongraphfinds

the optimal placementof computationsfor the expressionwith the given representation.Fi-

nally, SM-PREperformscodemotion, utilizing two additionaldataflow analysesto find the

final positionsfor new andreplacedcomputations.

Prior to thealgorithm,all critical edges(edgesconnectinga multiple-successornodeto a

multiple-predecessornode)have beensplit by insertinga new nodein the “middle” of each

suchedge. This ensuresthat for eachedgethereexists a control-equivalentnode,eitherthe

predecessoror the successor, into which operationsmay be insertedasif they wereinserted

ontotheedgeitself. CaiandXueassumeedgeplacement.
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1: split all critical edges
2: repeat
3: find ßáà*â*ãaä , å6â·æcçèãRâ:äRßáà*â:ãRä , ßêé#çiãRë , and åìâ*æiçiãRâ*äaßêé#çiãRë
4: for eachpartially redundantexpressiondo
5: constructmotiongraph
6: if motiongraphnot emptythen
7: find motiongraphmin-cut
8: if min-cutis notat original computationpointsthen
9: marknew computations

10: end if
11: end if
12: end for
13: find í�îiï�äaâ·çèðfñ
14: insertnew computationsandmoves
15: reachingexpressionanalysisandattributecopying
16: removeold computations
17: performcoalescingoptimizations
18: until no codemotionin currentiteration
19: absorbemptyblocksresultingfrom critical edgesplitting

Figure3.1SM-PREAlgorithm

The motivating examplefor this presentationof SM-PREis a store-loadcoalescingper-

formedaspart of loop-biasedregisterpromotion. The exampleis shown in Figure3.2. The

expressionld [x] is movedoff thehot pathof theloop, 1-2-4, into coldersections,effectively

promotingthememorylocationpointedto by x to a register. A PDEalgorithmwill beusedto

movethestoreto x outof theloop.

3.1 Expressionsin SM-PRE

SM-PREoperateson all hoistableoccurrencesof anexpressionsimultaneouslyandraises

themto early programpoints to minimize executionweight for a given profile. Concurrent

examinationis necessaryto accuratelymeasurethebenefitof motion,ashoistingmotionsof

severaloccurrencesmayonly collectively havea benefitjustifying themovementcost.
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Figure3.2MotivatingExamplefor SM-PRE

SM-PREoperatesona low-level, virtual register-basedinternalrepresentation.An expres-

sioncaneitherbea computationwhichwritesto anarbitraryregisteror astoreoperation.The

cost-benefitanalysisoperationson oneexpressionat a time, whereeachexpressionmaycon-

sist of multiple computations(eacha static instruction). Computationsaregroupedinto the

sameexpressionif they perform the sameoperationandhave identical sourceoperands(or

destinationaddress,in the caseof stores).Commutative operationsareexpressedin canoni-

cal form to enhancematching. A pair of accessesto memoryarerecognizedasbeingto the

samelocation(must-def/must-use)if they referencethesamegloballabelor stacklocation,or

if their operandsarethe sameandthereareno interveningwrites to thoseoperands.Alias-

ing (may-use/may-def)information,usedto identify codemotionconstraintsrelatingto other

stores,loads,andsubroutinecalls,is obtainedfrom apreviousinterproceduralanalysis[27].

Becausea signedstorecan supply the value of a signedor unsignedload to the same

location, IMPACT’s SM-PREalgorithm modifiesCai and Xue’s algorithm to allow certain
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expressionsto “imply” otherexpressions.A load or storeexpressionimplies all other load

expressionsof thesamelengthor smaller, eithersignedor unsigned,to thesamelocation.An

implied expressionis treatedasbeingpresentfor providing thevalueof anexpression,but is

not moved. An exampleof this is shown in Figure3.2: theexpressionst[x] = a implies

theexpressionld[x].

3.2 SM-PRE Dataflow Analysis

The SM-PREdataflow analysesidentify the locationswhereexpressionsarepartially or

completelyredundant,preparingfor thecost-benefitanalysisin thesecondstageof thealgo-

rithm. They arebitvectordataflow analyses,run for all all expressionsin parallel. Table3.1

shows thelocal (singlebasicblock) propertiesof anexpressionusedin thedataflow analyses.

The
�������	�

propertiesarefoundduring the minimum-cutcomputation,while theotherprop-

ertiesarecalculatedbeforethe initial dataflow analyses.In thecodeexample,theexpression

ld [x] is 
 �
����� , � ������� , and ����� ������� in block 2. The expressionis not ��� ����� in

blocks2 or 3, becausethestoreto [x] aliasesandthecall to foo() potentiallyaliaseswth the

loadexpression.

Thereare threetypesof dataflow analysesperformedfor SM-PRE,shown in Table3.2.

Thefirst set,theavailability analyses,determinesthe locationswhereanexpressionhasbeen

previously computed.Availability analysisindicateswhereanexpressionhasbeencomputed

alongall incomingpaths.Partial availability analysisindicateswhereanexpressionhasbeen

computedalongsomeincomingpaths,indicatingwherecodemotionmaybeprofitable.These
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Table3.1SM-PRELocalDataflow SetsFor Block �
Expression "! if f# $ ï&%('*) anexpression’sresultis computedin theblockandis notblockedfrom

beinghoistedto thebeginningof theblock.+ $ ï&%('*) anexpression’s resultis computedor otherwiseavailablein theblock
but cannotbehoistedto thebeginningof theblock, dueto a blocking
memoryexpressionor a definitionof asourceoperand.

í,%('YäRãaðfñ-) an expression’s result is implicitly available in the block due to the
presenceof a differentexpression.For example,a load expressionis
implied whena storeexpressionreferencingthe samememoryloca-
tion is present.Thisallows load-storecoalescing.Expressionsthatare
í,%('YäRãRðfñ.) arealso

+ $ ï/%('*) .0 æJâ*é�î ) an expressioncannotbe movedthroughthe block, dueto a definition
of a sourceoperandor analiasedmemoryaccess.# åMäRâ*ë�ð ) anexpressionwill becomputedatthetopof theblockaftercodemotion
is complete:it is either

# $ ï&%('1) andnot profitablefor motionor a
new computationinsertedby thealgorithm.+ åMäRâ*ë�ð ) anexpressionwill becomputedat theendof theblock aftercodemo-
tion is complete:it is either

+ $ ï/%('�) or anew computationinserted
by thealgorithm.

Table3.2SM-PREGlobalDataflow Analyses

ßáà*â*ãaä3254768 9 0 æcâ:é î 8;:=< # $ ï&%(' 8?> ßáà*â*ãaä3@BA8DC (3.1)

ßáà*â:ãRäE@FA8 9 G)IHKJML3NPO5Q 8SR-T + $ ï&%('*) > ßêà*â*ãRäU25476)WV (3.2)

åìâ·æcçiãRâ*äaßáà*â*ãaä 254768 9 0 æcâ:é î 8;: < # $ ï&%(' 8?> åìâ·æcçiãRâ*äaßáà*â*ãaä @BA8 C (3.3)

åìâ*æiçiãRâ*äaßáà*â*ãaä @FA8 9 X)IHKJML3NPO5Q 8SR T + $ ï&%('*) > å6â·æcçèãRâ:äRßáà*â:ãRä 25476)WV (3.4)

ßêé#çèãaëY@FA8 9 # $ ï&%(' 8;> T 0 æJâ*é�î 8?: ß é#çèãaëZ254768 V (3.5)

ß é#çèãaëZ254768 9 + $ ï/%(' 8 > G)IHK[E\^]P]_Q 8SR ßêé#çiãRëZ@FA) (3.6)

åìâ·æcçèãaâ*äRß é#çèãaë�@FA8 9 # $ ï&%(' 8;> T 0 æJâ*é�î 8 : å6â·æcçèãaâ*äRß é#çèãRë�254768 V (3.7)

åìâ·æcçèãaâ*äRß é#çèãaëZ254768 9 + $ ï/%(' 8 > X)IHK[E\^]P]_Q 8SR åìâ·æcçiãRâ*äaßêé#çèãaëY@FA) (3.8)

í�îiï�äaâ·çèðfñ�@FA8 9 + åMäaâ*ë1ð 8 > í�îiï�äRâ·çið?ñ*254768 (3.9)

í�îèï�äRâ*çèðfñ.254768 9 G)IHK[3\M]P]�Q 8`R < # åMäaâ*ë1ð ) > < í�îèï�äRâ*çèðfñ�@BA) : # $ ï&%a'�) C-C (3.10)
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Figure3.3SM-PREDataflow andMotion Graph

are both forward bitvectorpropagations,and are describedby Equations(3.1) – (3.4). An

importantnotehere:anexpressioncomputationthat is 
 �
����� and sut �����Pvxw is completely

redundant,andis marked for removal immediatelyafter the dataflow analysisis completed.

Thesecomputationsarenotaddressedby themotiongraphrepresentationandmustbehandled

in this manner. Figure3.3(a)showstheresultsof dataflow analyseson thecodeexample:note

thatonly theexit of block2 is fully available,all otherblockentrancesandexits areeithernot

availableor only partially available. Theexit of block 3 is not partially availablebecausethe

call to foo() mayoverwrite[x], sotheblock is not transparentto theexpression.

Thesecondsetof analysesaretheanticipabilityanalyses,indicatingwhereanexpression

will becomputedin the future. Anticipability indicatesif anexpressionwill be computedat

or aftera location.Partial anticipability indicateswhenanexpressionmaybecomputedalong

somefuture path. If an expressionis not partially anticipatable,it cannotbe hoistedinto the

region,excludingit from themotiongraph.Bothanalysesarebackwarddataflow propagations,
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asindicatedin Equations(3.5) – (3.8). In thecodeexamplein Figure3.3(a),ld[x] is fully

anticipableonly at the entranceof block 2. It is not partially anticipableat the entranceto

block3 becausethecall to foo() mayoverwrite[x].

Thefinal analysis,calledisolatedanalysis,isperformedafterthecost-benefitanalysisandis

usedfor determiningproperinsertionof writesto expressiontemporaries.Thesameanalysisis

performedbyKnoopetal.’sbasic-blockPDEalgorithm[10]. Itsuseisexplainedin Section3.4.

It is importantto notethat both the
�y� �{z ���|� sut ���}� and s � z �}� analysesarenot required

from a codemotionstandpoint:thealgorithmis capableof placingcodein theoptimal loca-

tions,whichCaiandXue[17] demonstrate.However, the s � z �}� dataflow analysisis necessary

to find whetheran insertedexpressionis completelyanticipatable(will alwaysbecalculated)

duringcodemotion; if a new computationis insertedat a locationwhereit is not anticipable,

thenthereis at leastoneexecutionpaththroughthat locationthatdid not computetheexpres-

sionprior to codemotion. If anexpressioncancauseanexception,a new computationof the

expressionplacedat a nonanticipablelocationmustbe marked to deferor ignoreexceptions

to preserve programcorrectness.The
�~� �{z ����� sut ����� dataflow analysisis usedto restrictthe

motiongraphto thoselocationsthatarepartially availableandthuspotentiallyprofitable.By

restrictingthemotiongraphto blocksthatarepartially availableor thatborderpartially avail-

ableregions,the motion graphcanbe significantlyreducedin size. The sameminimum cut

closestto the sink nodewill be found without utilizing this property, but sincetheminimum

cutcomputationhashighercomputationalcomplexity thanabitvectordataflow analysisandis

performedfor everypartially redundantexpression,this reductionis desirable.In experiments
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on the SPECint2000benchmarksuitethis hassignificantlyreducedthe algorithmoverhead.

Cai andXue do not utilize this property: it is likely that the smallersizeof their benchmark

suiteandthelimitationsof speculationin aJava framework donotprovideaslargeor asmany

motiongraphsasmanifestedin theSPEC2000benchmarksuite.

3.3 The SM-PRE Motion Graph and Minimum Cut

For eachexpressionwith somepartially redundantcomputation,a weighted,directedmo-

tion graph is constructed.This motion graphrespresentsthe potentially profitablehoisting

pathsfrom originalcomputationsto pointswherethey areno longerredundant.An emptymo-

tion graphsignifiesthatanexpressionhasno partial redundancy in theprogram.A minimum

cut of theedgesof thegraphthatrendersthesink nodeunreachablefrom thesourceindicates

the mostprofitablelocationfor computationof the assignment.This mayoccurat the origi-

nal computationpoints(indicatingthatno codemotion is profitablefor thatexpression)or at

anotherlocation,which representsthelocationfor profitableexpressionhoisting.Themotion

graphservesasa surrogatefor thecontrolflow graph;oneof its mostimportantpropertiesis

thatit treatsforwardandbackedgesuniformly, allowing motionthrougheithertypeof edge.

The motion graphfor an expression� is derived using the sut ����� , �~� �{z ����� sut ����� , and�~� �{z ����� s � z ��� setsfrom thecontrolflow graph.For eachedge���{� � , ��� Ô ��� , in thecontrol

flow graph,add ���{� � andnodes��� and ��� to themotiongraphif f

��� < �y� �{z ���|� s � z �}��vxw��� �y� �{z ���|� sut ���}��vxw� C�� sut ���}���Y�Y��
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Eachedgeis assigneda weightequalto thecorrespondingbranchor fallthroughweight from

profiling. Partial anticipatabilityindicatesthatanexpressionis computedat somelaterpoint

and canbe hoistedinto the given edge. Availableedgesare not profitablefor hoisting be-

causeexpressioncomputationsalreadyexist on thosepaths;conversely, edgesthat are not

partially availablearenot profitablefor hoistingbecauseno redundantcomputationsexist on

thosepaths. Thus,the motion graphis limited to thoseedgeswheremotion is possibleand

maybeprofitable.

Becausedataflow analysisis performedat thegranularityof basicblocks,asinglenodecan

bebothanoriginalcomputationpointandahoistingpoint for thesameexpression.For themo-

tion graphto accuratelyrepresentthissituation,suchblocksmustbesplit into anentrance/exit

pair: node� is split if f

����
 ������� � ��� �����
This edgeselectionprocessmayresultin a multiple-source,multiple-sinkgraph.To pro-

vide thecorrectformat for theminimumcut calculation,thegraphis convertedto have single

sourceandsinknodes.All nodesthathaveno incomingedgesareconnectedto thesourceand

andall nodeswith no outgoingedges(which mustbe 
 �
����� ) areconnectedto the sink

node. The additionaledgesareassignedweightsequalto the executionweightsof the basic

blocksto which they areattached.

A minimum cut that cuts all possiblepathsfrom the sourceto the sink noderepresents

theoptimal locationfor expressioncomputations.Themechanismusedin IMPACT is based
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on Goldberg andTarjan’s push-relabelalgorithmfor finding maximum-flow [28]. It utilizes

severalheuristicspublishedby Cherkassky andGoldberg [29] to speedcomputation.

Figure3.3(b)shows themotiongraphfor thecodeexample,with thecorrespondingmini-

mumcut. Theminimumcutcrossesedgeswith acombinedweightof 15,which is muchlower

thantheoriginal executionof 10 005,resultingin asignificantexecutionsavings.

3.4 SM-PRE CodeMotion

Theminimumcutof themotiongraphsuppliesthedesiredlocationsfor insertionof hoisted

expressioncomputations.A virtual “temporary”registeris definedto hold theresultof theex-

pression.1 Expressioncomputationsare inserted“on” edgesindicatedby the minimum cut;

they areplacedin thecontrol-equivalentblocksexposedby critical edgesplitting. Thesenew

computationswrite to thetemporaryvariable.If thelocationis not s � z ��� , thenthecomputa-

tion is marked asspeculative. Computationswhich arereplacedarethosewhich werenot at

theminimumcut in themotiongraph,aswell asthosewhich werefoundasavailableby the

dataflow.

Figure3.2(b)shows the resultof SM-PREcodemotion for thecodeexample. Computa-

tionsareplacedon theedges0 Ô 1 and3 Ô 4, which correlateto theexits of blocks0 and3.

Sincethoselocationsarenotanticipatable,theloadsmustbemarkedasspeculative. A compu-

tationmustalsobeplacedat 2 Ô 4, sincest[x] = a impliesld[x] andmustprovide the

resultof theexpression.

1IMPACT’s copy propagationoptimizationsoftenreplacesexisting virtual registerswith thetemporaryregis-
ter, whichexposesmoreopportuntiesfor expressionmatchingandmotion.
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In additionto new computations,writes to the expression’s temporaryvariableby preex-

istingcomputationsmustbeinsertedatall original,not-removedexpressioncomputationsthat

canreachadeletedexpression.Thisrequirestheisolatedanalysisasshown in Equations(3.9)–

(3.10).Movesareinsertedfor 
 ������� locationswhenthoseare 
 �
���|�	� � � � � ��� z ����vxw and

for � �
����� locationswhenthoseare � � � ��� z �����Y�Y� . The �Y��� �����-� z predicateindicateswhen

anexpressionis implied andcannotbe lexically matched;theseareinsertedandremovedby

subsequentlocal optimization. No computationsin the codeexampleare isolated,so that

dataflow analysisis not shown.

Next, areachingexpressiondataflow analysis,similar to aconventionalreachingdefinition

analysis,findsfor eachnewly insertedcomputationwhich to-be-removedcomputationscanbe

reached.Becausethenew computationreachestheto-be-removedcomputation,it waseffec-

tively generatedby hoistingthe to-be-removed computationandmusthave similar behavior,

especiallyfor deferralof or ignoring exceptions. Cai andXue do not performthis because

they do not move expressionswhich may causeexceptions. After performingthe reaching

expressionanalysisandfinding all pairsof computations,attributesarecopiedfrom theto-be-

removedcomputationto thenew computation:

� Synchronizationarcsconnectmemoryoperationswhich may conflict. Thesemustbe

copiedto thenew computationto preventillegal reorderingof memoryoperations.

� If a to-be-removedcomputationis markedasspeculativeandthushasspecialexception

handling,all new computationsthat reachit mustalsobe marked asspeculative. Note
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that thenew computationsmaybecompletelyanticipable,sothey would not have been

markedspeculativepreviously.

� Otherattributeswhich assistlateroptimizationstagesarealsocopied.

Expressioncomputationsarethenremovedatoriginalcomputationpointsthatareincluded

in the motion graphbut arenot at the minimum cut, andat locationswherethe computation

is fully available. The removal consistsof converting the expressioncomputationto a move

of the expression’s temporaryvariableto the destinationof the computation.The temporary

variablehasbeenwrittenby previouscomputationsonall pathsleadingto theremovedcompu-

tation’slocation,maintainingcorrectness,andnew computationshavebeenmarkedspeculative

asnecessaryto maintaincorrectexecution.This resultsin thecodein Figure3.2(b). Finally,

coalescingoptimizationssuchascopy propagationareperformedto propagatethenew “tem-

porary”valuelocally andglobally, andaglobaldeadcoderemoval is alsoperformed,exposing

new opportunitiesfor PRE.This completestheoptimization;for thecodeexample,assuming

thevariablea is deadoutsideof theloop,thisresultsin Figure3.2(c).Notethatall occurrences

of a havebeentransformedto h; if a is liveaftertheloopexit andh is not,thenall occurrences

of h canbechangedto a. This is thetransformationshown in latersections.

It is well known thatPREcanincreaseregisterpressurevia theintroductionof temporary

registers.BecauseSPREdeterminesprofitableexpressionplacementoneat a time, it allows

for moreprecisecontrolof registerpressurethantheentirelyparalleloptimalPREalgorithm.

Whenregisterpressurereachesacritical point,furtherPREmotionsarepreventedby terminat-

ing theminimum cut for expressionsandleaving all computationsat their original locations,
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which requiresonly a singlepassthroughthe control flow graph. Expressionscanbe sorted

sothat thosemostlikely to beprofitablehave their minimumcutscalculatedfirst. Additional

virtual registersareintroducedby later IMPACT optimizationstages,complicatingfine-grain

tuningof registerpressure;this methodis only meantto controlsignificantregistergrowth.
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CHAPTER 4

PROFILE-DIRECTED PREDICATED PARTIAL DEAD CODE ELIMIN ATION 1

As notedearlier, PDE methodsareoften developedasdualsof PREmethods.No dual PDE

methodhasbeenpublishedfor the minimum cut-drive SM-PRE,which inspiredthecreation

of a new profile-drivenPDE algorithm. This algorithmis calledProfile-DirectedPredicated

Partial DeadCodeElimination, or P3DE. It utilizespredicationto enablea broadandgeneral

scopeof transformation.Asnotedpreviously, the“optimal” PDEalgorithmisonly sowhenone

ignoresbiasin programexecution;moreaggressive transformationis possiblewhenutiliing

an accurateexecutionprofile. Previous methodsareconstrainedby practicallimits on code

growth, or have safetyrequirementsthatmayundulyrestrictoptimization.In particular, most

prior methodsof PDE have difficulty dealingwith cyclic coderegions. P3DE attemptsto

addresstheseissues.

P3DE:

� usesa control flow edgeprofile to specializeprogrampathsaccordingto detectedex-

ecutionbias,performingsinking transformationsthat go beyond thoseallowed by the

“optimal” PDEapproach.

1 This chapterhasbeenadaptedfrom a conferencesubmission.It wasoriginally written in collaborationwith
JohnW. Sias.Significantsectionshavebeenpreservedfrom theoriginal.
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Figure4.1P3DEMotivatingExample

� usespredicationsupportin thecompilerandtargetarchitecture,if available,to sink any

assignments(underBooleanguards)into previously inaccessiblelocations,including

thoseacrossloopbackedges.

� minimizespredicationoverheadinsertedandprovidessomedegreeof enhancedsinking

in nonpredicatedenvironments.

� incorporatesa uniform cost-benefitmodeltaking into accountbothprofile andpredica-

tion overhead,in bothacyclic andcyclic controlflow.

Figure4.1showsthesameregisterpromotionexampleaspresentedin Chapter3. SM-PRE

is ableto speculatethe loadsout of the commonpathof the loop. However, an unnecessary

storestill existsin thepath.Executionof thestorecanbereducedbesinkingit to lessfrequent

locations,in this caseblocks3 and5. However, becausethis introducescomputationson the

storeon pathswhereit did not exist previously, suchas0-1-3, predicationmustbe usedto

guardits execution.Thus,thesunkenstoresareguardedwith a predicatep, which is written
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at thestore’soriginal location,andclearedat locationswhichbegin pathsonwhich thestoreis

notexecuted.

Althoughthiscodemotionmaynotseemto bemuchof asavingsin execution,asthecom-

moncasehassimply replacedthestorewith a predicatewrite operation,therearesomegains

achieved.Thepredicatewrite doesnotoccupy memorybandwidth,canoftenbeperformedby

morefunctionalunits,anddoesnot needto wait for thevariablea to be computed,thuspo-

tentially enablingashorterschedule.In addition,a chainof sunkenoperationscanbeguarded

with asinglepredicate.

The P3DEalgorithmis summarizedin Figure4.2. It is an iterative algorithmmirroring

SM-PRE,consistingof threephases:dataflow analysis,motion graphconstructionandmin-

imum cut calculation,andfinally codemotion. The dataflow analysisrevealsopportunities

for profitablesinking motion. The motion graphis a representationof the potentialsinking

pathsfor all computationsof an assignment,andthe minimum cut finds the mostprofitable

locationfor sinking. Codemotionperformstheactualoptimization.As with SM-PRE,P3DE

hasaccessto the resultsof control flow graphedgeprofiling. To simplify the presentationit

is assumedthatall locally deadcomputationshave alreadybeenremovedandthatall critical

edgeshavebeensplit by insertinganew nodein themiddleof theedge.

4.1 Assignmentsin P3DE

P3DEoperateson all delayableoccurrencesof an assignmentsimultaneouslyanddelays

themto minimizeexecutionweightunderagivenprofile. Concurrentexaminationis necessary
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1: split all critical edges
2: repeat
3: find Ó ðfâ*ñ , å6â·æcçèãRâ:äEÓ ð?â:ñ , åìâ·æcçiãRâ*ä�Ó ðfäRâYÔ , and ßáà*â:ãRä
4: for eachdelayableassignmentdo
5: constructmotiongraph
6: if motiongraphnot emptythen
7: find motiongraphmin-cut
8: if min-cutis notat original computationpointsthen
9: if unsafepathsto min-cutexist then

10: insertpredicateinitializations
11: end if
12: insertnew computations
13: end if
14: end if
15: end for
16: reachingassignmentanalysisandattributecopying
17: deleteoriginal computations
18: until no codemotionin currentiteration
19: absorbemptyblocksresultingfrom critical edgesplitting

Figure4.2P3DEAlgorithm

to accuratelymeasurethe benefitof motion, assinking motionsof several occurrencesmay

only collectively have a benefitjustifying the movementcost. The taskof moving multiple

occurrencesof anassignmentis mademoredifficult by thefactthatassignmentsmaynotbethe

samelexically. Someof thebenefitin doingavalue-flow analysisto find similarassignmentsis

shown by generalizingstoreoperationsthataccessthesameaddressasasingleassignmentand

sinkingthensimultaneously. Live assignmentsmayexist which block thesinkingof partially

deadassignments;P3DEcannotoptimizethesecodepatterns.

P3DEoperateson a low-level, virtual register-basedinternal representation.An assign-

mentcanthereforebeeitheraregister-writing operationor astoreto memory. Thecost-benefit
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analysisoperateson oneassignmentat a time, whereeachassignmentmayconsistof multi-

ple computations(eacha staticinstruction).Computationsaregroupedinto thesameassign-

ment if they write the samelocation,performthe sameoperation,andhave identicalsource

operands.Commutative operationsareexpressedin canonicalform to enhancematching.A

pair of accessesto memoryarerecognizedasbeingto thesamelocation(must-def/must-use)

if they referencethe sameglobal label or stacklocation,or if their addressesaredefinedby

thesamecomputation.Aliasing (may-use/may-def)information,usedto identify codemotion

constraintsrelating to other stores,loads,andsubroutinecalls, is obtainedfrom a previous

interproceduralanalysis[27].

To increasetheefficiency of storesinking,thenotionof assignmentsis generalizedslightly.

Storeoperationsthatwrite thesamelocation,but storepotentiallydifferentvalues,areassoci-

atedtogetherasgeneralizedassignments. Eachgeneralizedassignmentis treatedasa single

assignmentduringmotiongraphconstructionandcost-benefitanalysis,enablinga numberof

lexically differentstoresto the samelocationto sink asa unit. Generalizedassignmentsare

revisitedlaterto show how they impacttheimplementationof codemotion.

4.2 P3DEDataflow Analysis

Dataflow analysis,the first phaseof P3DE,identifiesthe locationsin which assignments

arepartially andtotally dead,providing anoutline for potentiallyprofitablesinking transfor-

mations. Figure4.3 illustratesthe outcomeof the analysesand is a usefulexamplefor this

section. This informationalsohelpsboundthe motion graphconstructedin the next phase.
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Figure4.3P3DEDataflow andMotion Graphfor LoopRegisterPromotionExample

Table4.1shows thelocal (singlebasicblock) propertiesof anassignmentusedin thevarious

dataflow analyses.

Deadcodeanalysisis performedfirst to identify opportunitiesfor profitablecodesinking.

Conventionaldeadand partial deadcodeanalysesare performed,both backward bitvector

propagations,asindicatedby Equations(4.1) – (4.4) in Table4.2. Partial deadcodeanalysis

indicatesthepathsalongwhich sinkinga computationmaybeprofitable.A pathon which an

assignmentis totally liveoffersnoopportunityfor removing acomputation,sinceit is required

everywheredown sucha path. A path on which an assignmentis totally deadrequiresno

computation;sinking a computationto sucha point rendersit removable,so sinking further

offersnoadditionalgain.

Partialdelayanalysisis aforwardderivationbasedonpartialdeadness.It revealstheextent

of theblocksinto which a computationmight profitablybesunk.Equations(4.5)and(4.6) in

Table4.2 show the analysisrules. Note the differencefrom Knoop’s PDE,which in its total
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Table4.1P3DELocalDataflow SetsFor Block �
Assignmentu ! if fv ï ë1â*ä�Ó ðfâ*ñ ) anassignmentis deadat thebeginningof theblock,eitherbecauseits

destinationis overwrittenbeforeany useor becausetheblockendswith
a returnandtheassignmentis not used.0 æcâ:é î ) an assignmentis not madelive (its destinationis not used) in the
block. For storeassignments,the destinationmemorylocationmust
not have any may-usein the block. Also, for storeassignments,ad-
dressoperandsmay not be modified. This preventsthe sinking of a
storecomputationto a pointwhereit wouldwrite adifferentlocation.v ï ë1â*ä�Ó ðfäRâYÔ�ðfñ|) an assignmentis computedin, andcanbe delayedout of, the block
withoutalteringprogramoutcome.v ïÁë�â*ä�w äRïÁë]x�ð?ñ ) an assignmentcannotbe moved throughthe block, due to useof its
destinationoperand,overwritingof a sourceor destinationoperand,or
analiasedmemoryaccess.v ï ë1â*äaßáà*â*ãaä ) anassignmentis alwayscomputedin ablockandits operandsor mem-
ory locationarenot modifiedafterwards.

ßáà*â*ãaä 0 æcâ:é î ) anassignment’savailability is not affectedin theblock. Its sourceand
destinationoperandsarenot overwritten;for memoryassignmentsits
memorylocationmaynot beoverwritten.

Table4.2P3DEGlobalDataflow Analyses

Ó ð?â:ñ @BA8 9 v ïÁë�â*äEÓ ðfâ*ñ 8 > T Ó ðfâ*ñ 2 4K68 : 0 æJâ*é�î 8 V (4.1)Ó ðfâ*ñ*254768 9 G)IHK[3\M]P]�Q 8SR Ó ðfâ*ñ*@FA) (4.2)

åìâ*æiçiãRâ*ä�Ó ðfâ*ñ @BA8 9 v ïÁë�â*äEÓ ðfâ*ñ 8 > T å6â·æcçèãaâ*äEÓ ðfâ*ñ 2 4K68 : 0 æJâ*é�î 8 V (4.3)

åìâ·æcçiãRâ*ä�Ó ðfâ*ñ1254768 9 X)IHK[3\M]P]�Q 8SR å6â·æcçèãRâ:äEÓ ð?â:ñ1@FA) (4.4)

å6â·æcçèãRâ:äEÓ ð?äaâZÔ1254768 9 T å6â·æcçèãaâ*äEÓ ðfâ*ñ12 4K68 y Ó ðfâ*ñ12 4K68 V :< v ïÁë�â*äEÓ ðfäRâYÔ�ðfñ 8 > < åìâ·æcçèãaâ*äEÓ ðfäRâYÔ @FA8zy v ï ë1â*ä�w äaïÁë]x�ðfñ 8 C	C (4.5)

å6â·æcçèãaâ*äEÓ ðfäRâYÔ1@BA8 9 X)IHKJ^LENPO5Q 8SR åìâ·æcçèãaâ*äEÓ ðfäRâYÔ*25476) (4.6)

ßáà*â*ãaä3254768 9 v ïÁë�â*äRßêà*â*ãRä 8 > < ßáà*â*ãaäE@BA8 : ßáà*â*ãaä 0 æJâ*é î 8 C (4.7)

ßáà*â*ãaäE@BA8 9 G)IHKJ^LENPO5Q 8SR ßáà*â*ãaä325476) (4.8)
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delayanalysisrequireddelayabilityonall (notany) predecessorpathsfor ablockto bemarked

delayable.This differenceresultsin moresinkingpossibilities,includingonespotentiallyin-

creasingthe executionof deadcomputations.The minimum cut algorithmdescribedin the

next sectionselectsfrom thesecandidatesa safeandbeneficialsetof insertionlocations:one

satisfyingprogramrequirementsandminimizing thenumberof computations.�~� �{z �����|{ �.���
dataflow analysisis not strictly necessaryfor properfunctionalityof theal-

gorithm: skippingit andassumingit is alwaystrue in the
�y� �{z ���|�W{=�����~}

computationwould

increasethesizeof themotiongraph,but thesameminimumcut closestto thesource would

still beidentified.Thepartialdeaddataflow analysisis includedbecauseit is anintuitiverepre-

sentationof theregion offering potentialbenefitandcanreducethesizeof, or eveneliminate,

themotiongraph.Onecommoncaseof this is a computationthat is sinkablebut completely

live: sincesinkingit cannotreduceits execution,themotiongraphis empty. Becausethemin-

imum cut on the motion graphhashighercomputationalcomplexity thanbitvectordataflow

andthebitvectordataflow is performedfor all assignmentsin parallel,this graphreductionis

performed;in practicethis providessometimesavings.

Finally, an availability analysisis performedon the assignments.Extendingthe conven-

tionalexpression-baseddefinition[30] to assignments,anassignment� is availableatapoint �
if everypathto � computestheassignmentandnopathconnectingthemostrecentcomputation

of � to � containsanassignmentto thesourceor destinationoperand(s)of � , or maywrite to the

memorylocationreferencedby theassignment.An availableassignmentmayberecomputed
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with no effect on programoutcome.Section4.4will demonstratehow this propertyis applied

to avoid unnecessarypredicationof sunkencomputations.

4.3 P3DEMotion Graph and Minimum Cut

The
�~� �{z �����W{=������}

setsderived for eachassignmentasa resultof thepreviousbitvector

dataflow analysisdefinethescopeof potentialassignment-sinkingtransformations.For each

delayableassignment,a weighted,directedmotiongraph is constructed.Theminimumcut of

the edgesof this graphthat rendersthe sink nodeunreachablefrom the sourceindicatesthe

mostprofitablelocationfor computationof theassignment:a cut at theoriginal computation

points indicatesthat no motion is profitable. A minimum cut elsewhereindicatesan oppor-

tunity for profitablecodemotion andthe appropriatelocationsfor sunken computationsand

predicationinsertion.As with SM-PRE,themotiongraphtreatsforwardandbackedgesuni-

formly, enablingthesinkingof assignmentsthroughbackedges.Predicationsupportenables

theresulting,previously impossible,transformations.Themotiongraphfor thecodeexample

is illustratedin Figure4.3andmayaid in understandingthis section.

Themotiongraphfor anassignment� is derivedusingthe
�~� ��z �����|{=�����~}

and
{=�.���

sets

from thecontrolflow graph.First, relevantnodesandedgesareextracted:In general,for each

edge ���{� � , ��� Ô ��� , in the control flow graph,add ����� � andnodes��� and ��� to the motion

graphif f ( � � �~� �{z �����|{ �����~}S�Y�Y�� � { �.��� vxw� ). Somespecialrestrictionsapply: Predicateas-

signmentsarenotallowedto undergosinkingthatrequiresguardingpredicates,sinceallowing

suchmotionwill causethealgorithmnot to terminate.Certainotherinexpensiveassignments,
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thesinkingof which wasnot judgedto beworth thecostof insertinga predicationapparatus,

arelikewise not allowed to sink into unsafelocationsthat requirepredication.2 In thesetwo

cases,an edge ����� � is requiredto satisfy sut �����Pvxw� to be included,preventing the occurrence

of any sinking requiringpredicates(becauseany computationat a locationwheretheassign-

mentis availableis safeto recomputeunconditionally).In anarchitectureoffering no support

for predication,this restrictionwould be appliedto all assignments.Furtherimplicationsof

availability for codemotionarediscussedin Section4.4.

Second,becausedataflow analysisis performedat thegranularityof basicblocks,a single

nodecanbebotha maximalsinking locationandanoriginal computationpoint for thesame

assignment(e.g., when an operandof an assignmentis redefinedbefore the assignmentis

computed).In orderfor thedelayingpathsto bemodeledaccuratelyin themotiongraph,such

a nodemustbe split into an entrance/exit pair: node � is split if f ( � ���D� �	�|�W{=�����~}������ �
�"� �	���|�(� � ��� ��� � ). Splitting theblock betweentheblockageandthecomputationallows the

graphto beconstructedcorrectly.

Finally, the multiple-source,multiple-sink graphis connectedto single sourceand sink

nodesto provide thecorrectformat for theminimumcut procedure.All original computation

nodes( �����
�?���D� �	���W{=������}��������
) areconnectedto the sourcenode. All nodeswithout out-

going edges(latestdelayablenodes)areconnectedto a singlesink node. Thesenew edges

areassignedweightsequalto theexecutionweightsof theblocksto which they areattached.

2In this work, moves,integer additions,integer subtractions,andshifts by constantswererestricted.There
is a possibility that this restrictionmaypreventprofitablesinkingof otheroperations;this will beevaluatedand
addressedin futurework.
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At this point, becausecritical edgeshave beensplit, eachedgeis associatedwith a control-

equivalentnodewhichwill receive its apportionedcomputations.

The motion graphrepresentsthe extent of the control flow subgraphover which the as-

signmentcomputationsmaybeprofitablydelayed.Every nodeconnectedto thesourceof the

graphrepresentsthe initial locationof a delayablecomputationof theassignment.Thenodes

connectedto thegraphsinkcomprisethelimit of profitabledelayability. Thegraphhasseveral

usefulproperties.Completelydeadedgesareexcludedbecausetheassignmentis irrelevantto

them. An emptygraphsignifiesthatanassignmentcannotbeprofitablymoved. Most impor-

tantly, sincethegraphconnectsall originalcomputationpointsto all locationsbelow whichthe

assignmentmaynot bedelayed(includingall nearestconsumers),any bisectionof thegraph

renderingthesinknodeunreachablefrom thesourcenodeprovidesa legitimatesetof delayed

computationpoints. Thebisectionthat crossestheminimum amountof forward flow weight

yieldsthebestplacementof computations.

The motion graphtreatsforward andbackward control flow edgesuniformly andmakes

no specialconsiderationof sinking operationsto locationsthatmaynot bedominatedby the

original placementof computations.Motions exploiting this featuremay needto usepredi-

cationto guardtheexecutionof delayedcomputations(insertingpredicatedefiningoperations

into blocksadjacentto themotiongraph),incurringsomeadditionaltransformationcost.How-

ever, thereis a potentialfor the costof this predicationapparatusto far outweighthe benefit

of sinkinganassignment,suchassinkinginto loopbodies.No equivalentissueexistsfor SM-

PRE.Thus,thedecision-makingmechanismis improvedby factoringpredicationcostsinto the
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graph.This is doneby includingcostedgesthat representthecostincurredin predicateclear

evaluationsif thecut includesthoseedges.Theweightof acostedgeis thepotentialnumberof

predicateclearoperationsinsertedmultipliedby anempiricallydeterminedreweightingfactor

between0 and1. This factorreflectstheconsiderationthatpredicateinitializationsaremuch

cheaperthanthetypicalassignmentbeingsunk,sincethey haveno incomingdependencesand

canissuein any slot of the target architecture.For this work, a reweightingfactorof �� was

chosen,which allows aggressive sinking but preventsmotion whenthe weight of introduced

predicateinitializations would be nearly an order of magnitudehigher than the numberof

computationsremovedby thesinking. Costedgesareconnectedsuchthata cut requiringthe

insertionof predicateclearingoperationswill necessarilycut the representative edge. Since

costedgesareonly of positive weight, andno edgesconnectthe source to any othernode,

a minimum cut of the motion graphis guaranteedto have a weight equalto or lessthanthe

combinedexecutionof theoriginalcomputationlocations.Therearetwo situationswherecost

edgesareneeded:

� Loop backedgesin the motiongraph3 receive predicateclearingoperationsif the cut

is placedwithin the loop. Sincethe min-cut needonly make the sink of the (directed)

motiongraphunreachablefrom its source,backwardedgesdonotcontributeto theprof-

itability metric. A distinctcostedgeis thereforecreatedwith thesameendpointsasthe

loop backedgebut in theoppositedirection,with a weightequalto theloop backedge

weightmultiplied by thereweightingfactor. A cut throughtheloop incursthepenalty.

3Loopbackedgesin themotiongraphmaybeforwardedgesin thecontrolflow graphandvice-versa.
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Figure4.4Exampleof Motion Preventedby CostEdges

� Nodesabovethecut thataretheentrypointsof unsafepath(s)(discussedin Section4.4)

will alsoreceivepredicateclearingoperations.A costedgeis thereforecreatedfrom the

nodeto the sink of the motion graphwith a weight equalto the sumof the incoming

unsafeedgesmultiplied by the reweighting factor. A cut below this nodeincurs the

penalty.

Figure4.4 shows a codeexampleandthecorrespondingmotiongraphfor theassignment

“y = a * b”. Costedges,markedwith circles,have beeninsertedinto themotiongraphwith

a reweightingfactorof �� . In themotion graph,the loop backedgehasa correspondingcost

edgein theoppositedirectionwith a weightof 1000.This representsthecostof thepredicate

clearingoperationsneededon theloopbackedgeif acomputationis placedonanedgewithin

the loop. For the edgethat entersthe motion graphat block 4, a costedgeis includedfrom

block 4 to thesink of thegraphwith a weightof �� theedge’s weight. This representsthecost
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of thepredicateclearsneededin block 2 if a computationis placedafterblock 4. In this case,

theseaddedcostspreventtheassignmentfrom beingsunk,sincethepredicateinitializationcost

outweighsthepotentialsinkingbenefit.Conversely, theexamplein Figure4.3 is a casewhere

thecostof migratinganassignmentis vanishinglysmallcomparedto thepotentialbenefit.

An issuethatimpairsmoreprecisemodelingof costsis thattheneedto insertpredicateset-

ting operationsat original computationsitesis unknown until aftertheminimumcut is found.

Sincethecountof predicatesettingoperationsis boundedby theinitial computationcountfor

theassignmentbeingdelayed,this is not assignificanta problemastheproblemmanagedby

thecostedges,thedangerof introducinganunboundednumberof predicateinitializations.

To find optimalplacementthesameminimumcut mechanismusedfor SM-PRE,basedon

Goldberg andTarjan’s push-relabelalgorithmfor finding maximum-flow [28], is utilized. It is

actuallyrunin theoppositedirectionfrom SM-PRE,sincethedesireis to find theminimumcut

closestto thesourcenode.Becausemostmotiongraphsconstructedareprimarily acyclic, the

runtimeis generallyfast.Oncetheminimumcut is computed,codemotioncanbeperformed.

4.4 P3DECodeMotion

Theminimumcutof themotiongraphsuppliesthedesiredlocationsfor insertionof sunken

computations.Beforethis codemotion is performed,it is necessaryto determinewhethera

guardingpredicatewill berequiredand,if so,whereitsdefinitionsshouldreside.Thispredicate

guardis requiredif thereexistsapathin thecontrolflow graphfrom thefunctionstartnodeto

asunkenplacementsitealongwhich, in theoriginalprogram,theassignmentis notcomputed.
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This is calledanunsafepath. If sucha pathexists,a predicateis createdto guardthesunken

computation(s).At eachedgeincidentto theboundaryof themotiongraphthat is partof an

unsafepath,a predicateclearoperation(p = 0) is inserted.A predicatesetoperation(p = 1)

is insertedin placeof eachoriginalcomputation( �����
ÎÐÏ��ÒÑ¨Ó"Ô1ÕWÖØ×ÙÕ�Ô�ÚÛ×ÙÜ ��� ), eachguardedby

theguardpredicateof its location’s original computation.This predicationapparatusensures

thatcomputationswill beexecutedonly undertheproperconditions,regardlessof theirsunken

location, both squashingpotentially deadexecutionsandpreventingunsafeevaluationsand

definitions. Predicateclearandsetoperationsareof a type thathasno effect if guardedby a

predicatethatevaluatesto false, a requirementfor subsequentif-conversionbasedhyperblock

formation[31].

An unsafepathcanexist in two ways,bothof which areimmediatelyapparentin themo-

tion graph.First, consideringinitial computationnodesin themotiongraph,thoseconnected

immediatelyto the sourcenode,an unsafepathexists if the original computationthereinis

predicatedandthe predicatemay be false. Second,for othernodesabove the minimumcut,

any incomingcontrolflow edgenot incorporatedin themotiongraphor not originatingabove

thecut4 indicatesanunsafepath.(Theacyclic caseis illustratedin Figure4.3(b)andapotential

cyclic casein Figure4.4.) In eithercase,a predicateclearoperationis insertedon theunsafe

edge.

Theseamless,uniform handlingof unsafeedgesusingpredicationis thekey to thegener-

ality of themotiongraphcuttingscheme.An exampleof thesecondunsafeedgecaseoccurs

4Edgescrossingthe cut from below the minimum cut canoccur in the caseof a cut througha cycle in the
motiongraph.
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in Figure4.3(b),in which theunsafeedgesfrom the“ghosts”of nodes0 and3 areindicatedas

dottedlines.Comparingthis motiongraphto thetransformedcode,asshown in Figure4.3(c),

predicateclearsareinsertedin node0 andnode3.

Sinceallocatinga predicateregisterfor themotionpredicateandexecutingpredicatedefi-

nitionsbothhave nonnegligible costs,it is desirableto avoid usingpredicationunnecessarily.

Theavailability dataflow analysisallowsidentificationof delayedcomputationlocationswhere

predicationis not required,eventhoughanassignmentis not sinkablealongall pathsto those

locations(recallingthatanassignmentmayberecomputedsafelyatany pointwhereit is avail-

able).If theassignmentis availableatall sunkenplacements,thereis noneedto allocateor set

a predicateat all. Figure4.5 shows anexample.Thecomputationof assignmenta = x * y in

block 2 canbesunk,but not thecomputationin block 1. This beingthecase,it would seem

necessaryto guardthedelayedcomputationon a predicate,sincetheassignmentwasblocked

on somesinkingpaths(Figure4.5(a)). Sincetheassignmentis available(asindicatedby the

superimposed,dark arrows), however, the computationcanbe sunk to block 5, achieving a

profitablecodemotion,without unnecessarilyincurringpredicationoverhead(Figure4.5(b)).

Only Guptaetal. [4] haveacost-benefitanalysiscapableof performingsucha transformation.

The testshave shown availability to allow a substantialdecreasein predicationoverheadon

somebenchmarks;this alsomeansP3DEcanperformusefulcodemotion even without ar-

chitecturalsupportfor predication.A final noteis that in orderto remove predicatesdueto

availability undergeneralizedassignmentmotion, the compilermustensurethat all original

computationsitesthat contribute to availability at a givendelayedcomputationsite maintain
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Figure4.5Availability Motion

correctexecutionby moving thevalueto bestoredto thegeneralizedassignment’s“temporary”

sourceregister.

To further reducethe numberof predicatedefinitionsandusesinserted,a forward anda

backwardreachabilitypropagationdeterminewhich insertionpointsarereachablefrom unsafe

pathsandwhichoriginalcomputationsreachtheseinsertionpoints,respectively. Only insertion

pointsreachedin thisanalysisrequirepredication,andonly originalcomputationsitesreached

requirepredicatesetoperations.It is importantto notethat an assignmentmay be available

at anunsafepath,but aninsertionpoint reachablefrom thatunsafepathmaynot beavailable.

Although programcorrectnessis maintainedif the predicateis neithersetnor clearedat the

unsafepath,nondeterministicexecutionof instructionsis generallyundesirable;for this work

theseunsafepathscleartheguardpredicate.

P3DEis not awareof predicateregisterpressure;becauseP3DEis performedprior to hy-

perblockformation,whichgenerallyusespredicationto amuchgreaterdegree,P3DEis not in

a suitablepositionfor controllingpredicateregisterpressurebeyond theuseof roughheuris-

tics. However, Chapter5 will show thatpredicateregisterpressuredoesexist andhasaneffect

on the compiler’s final outputcode,so predicateregisterpressureneedsto be addressed.If
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P3DEhasadvanceknowledgeof predicateusagein hyperblockformation,or is movedafter

thatstage,it maybedesirableto tailor P3DEto recognizeandtarget theoptimizationto min-

imize predicateusageor performonly themostprofitablemotionsgivena limited numberof

predicateregisters.Work by Guptaetal. [32, 33] hasaddressedthisproblemfor generalregis-

ters,but thepredicateregisterpressureproblemhasanadditionalproperty:multiplepredicates

canpotentiallybecombinedinto asinglepredicateundercertainconditions.Thereareseveral

optionsfor combiningpredicatesthatguarddifferentassignmentsinto asinglepredicate:these

arediscussedin FutureWork, Chapter6.

The codemotion processcan be summarizedas follows: Delayedcomputationsare in-

serted“on” edgesin the cut-set,asfacilitatedby prior critical edgesplitting. If the resulting

computationis reachablefrom an unavailable,unsafeentry edge,it is guardedwith the mo-

tion predicate.For generalizedstoreassignments,thevaluestoredis thevaluein a temporary

register createdto merge the storedvaluesof the associated,specificassignments.Next, a

reachingassignmentanalysis,similar to a conventionalreachingassignmentanalysis,is per-

formedto find for eachsunkencomputation,whichoriginal, removedcomputationscontribute

to thatsunkencomputation.Attributesfrom theoriginalcomputationsarecopiedto thesunken

computations:

� Synchronizationarcs,drawn betweenmemoryoperationsthat may conflict, must be

copiedto preventillegal reorderingof memoryoperations.

� If anoriginal computationis markedasspeculative andthushasspecialexceptionhan-

dling, all sunkencomputationsthatit contributesto mustalsobemarkedasspeculative.
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� Otherattributeswhich assistlateroptimizationsstagesarealsocopied.

Finally, original computationsnot on theminimumcut areremoved. If any new computation

point requiresa guardingpredicateandis reachablefrom theoriginal computationpoint, the

deletedcomputationis replacedwith a predicateset instruction. If the original assignment

is partof a generalassignmentmotion,a compensatingmove is alsoinsertedto initialize the

generalassignmenttemporaryregisterwith thevalueoriginally storedat thatlocation.

4.5 Corr ectness,Termination, and Complexity

TheP3DEalgorithmis correctin thatit will only removeassignmentexecutionsunderthe

conditionsunderwhich they aredead. It will only introducenew or additionalcomputations

onpathswhenre-executingthoseassignmentswill notchangeprogrambehavior or whentheir

guardpredicatespreventerroneousexecution. Considerthat themotion graphfor an assign-

mentconsistsof all delayableoccurrencesof theassignmentandall pathsof possiblemotions

thatarenot completelydead.Thus,any paththat leadsto a useof theassignmentleadsinto

the sink nodeof the motion graph. A cut bisectingthe sourceandsink of the motion graph

providesa correctsetof codesinking insertionpoints,creatinga singlecomputationof the

assignmentalongany pathfrom a delayableassignmentto any use. To guardexecution,we

mustensurethat theguardpredicateis setwhentheassignmentwould originally beexecuted

andclearedin any othercase(unsafepaths).Without predication,a cut acrossthegraphwill

guaranteethattheassignmentwill beexecutedbeforeits outputwouldused.With predication,

we replaceall original computationswith a guardpredicatesetandcleartheguardpredicate
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for all otherpossiblecontrol flows (eitherfrom the computationpointsor incomingpathsto

the motion graph),so the assignmentwill only be executedif it would have beenexecuted

originally. Thus,correctnessis maintainedfor theprogram.

Codemotion is only performedwhena reductionin theprofile executioncountof assign-

mentscanbeobtainedby delaying.Thealgorithmterminateswhenno profitablemotionscan

be found. Edgeweightscanonly be integral values,therearea finite numberof cutsof the

controlflow graph,andanassignment’sexecutioncanbereducedatmostto zero,sothereis a

finite numberof motionspossiblefor eachassignment.An upperboundfor this is I , thesum

of the edgeweightsin the control flow graph. The algorithmstartswith a finite numberof

assignments,Î , in theprogram.For theseassignments,themaximumnumberof iterationsis

Î�I , which is finite.

However, this doesnot considertheeffectsof new assignmentsthatP3DEmayintroduce.

Thesearepredicatesetandclearoperationsandcompensatingmovesfor generalizedassign-

mentmotion. For theworstcaseupperbound,thereareat most Î storesin theprogram,each

of which maygeneratea compensatingmove eachtime it is moved. This resultsin Î J I com-

pensatingmoves, Î J I J motionsfor thosemoves,and Î�ILK Î J I J nonpredicatemotions.If mo-

tion of predicateassignmentsis allowed, thereare potentially MONWÎ�IPK Î J I JRQ total predicate

assignmentsintroducedduring the algorithm. Thesecannotgeneratepredicateassignments

themselvesby the algorithm. The predicateassignmentscanundergo at most MSITNWÎ�IPK Î J I J Q

motions.Thus,theupperboundof totalmotionsis MSIPN�Î�IPK Î J I J�Q K ÎUIVK Î J I J , whichcanalso

berepresentedas Î�IPN2WTKXMSI Q N2WTK Î�I Q .
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The previous paragraphshows that thereis a polynomial limit to the numberof motions

that theP3DEalgorithmcanperform. Worst-caseexecutionof theP3DEalgorithmwould be

to performa singlemotion on a singleassignmentfor eachiteration,so the upperiteration

boundof thealgorithmis thesameastheupperboundof total motions.Sinceoneiterationof

thealgorithmrunsin polynomialtime,theP3DEalgorithmrunsin polynomialtime. Presented

hereis anexplanationof thepolynomialruntimeof thealgorithm.

A singleiterationof the algorithmconsistsof four dataflow analyseson the control flow

graphand,for eachdelayableassignment,onedataflow analysis(detectingdominatorsto find

cycles for costedges),a linear passto detectunsafepaths,oneminimum cut solution,and

two breadth-firstgraphtraversals.Reachingassignmentanalysisis anotherdataflow analysis

on all assignments.Eachprimarydataflow analysishasa runtimethat is YZN��[N]\^K_M Q`Q , where

� is the numberof blocks in the control flow graphand \ is the maximumnumberof back

edgesonany acyclic pathin thecontrolflow graph[34]. Thedominatoranalysisandminimum

cut algorithmoperateon a reducedgraph acb�dfegN�hib�dkjRlLb�d Q . The dominatoranalysisrunsin

YZN ��hib�d"�mN�\nK_M Q`Q . Thereexist variouspolynomial-timeminimum cut algorithms;this work

usesonebasedon Goldberg andTarjan’s push-relabelalgorithm,usinga list for nodetraver-

sal,which executesin time YZN ��hib�d"� o Q [28]. Graphtraversalslocatingpredicatesetandclear

locationsare YZN@� hib�d"�mK ��lLb�d"� Q . This minimumcut is at worstperformedasmany timesasthe

maximumnumberof assignmentmotions,which hasbeenshown to have polynomialbound.

The assignmentreachingpropagationcheckseachpair of deletedand sunken assignments,

which is YpN4qpr � J�Q , q beingthemaximalnumberof assignments.Sinceevery componentof

56



asingleiterationhaspolynomialtime, theoverallalgorithmrunsin polynomialtime,bounded

by YpN��ts Q .
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CHAPTER 5

EXPERIMENTS

Thischapterexplainstheexperimentswhichevaluateour PREandPDEschemes.A subsetof

theSPECint2000C benchmarkssuitewascompiledwithin theIMPACT compilerframework

for the Itanium ProcessorFamily. SPEC’s training inputswereusedto drive profile-guided

optimization.1 IMPACT performshyperblockandsuperblocktransformations[35] andother

aggressive ILP transformationsto producevery high quality codefor the Itanium Processor

Family. IMPACT’s baselineperformanceis generallycomparableto thatof Intel’s production

compilerfor theItaniumfamily.

EstimatedSPECperformancenumbersweregatheredon aHewlett-Packardzx6000work-

stationwith 8-GB RAM and two 900-MHz Itanium 2 processors,eachwith a 1.5-MB L3

cache.Thesenumbersareestimatedbecausethey do not exactly follow SPEC’s requirements

for reportedresults,but arerun within a SPECframework. The systemrunsRedHatLinux

AdvancedServer v.2.1,with a custom2.4.21Linux kernelsupportinggeneralspeculationof

loads(a model of control speculationthat doesnot requirespeculationchecksor recovery

code). Resultsinvolving real-timeinstructioncountsareobtainedfrom the perfmonperfor-

mancemonitoringtool, providedby Hewlett-PackardLaboratories[36]. This tool enablesthe

gatheringof detailedreal-machineperformanceevaluations.

1Two benchmarkswereexcluded:176.gcchaderrorswith missingsynchronizationarcsthatallowed illegal
orderingof memoryoperations,and252.eonis a C++ benchmark,which IMPACT cannotcurrentlycompile.
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Compiletimesarepresentedonly for roughcomparisonto theoverheadof classicalcom-

piler optimizations. SinceIMPACT is a prototyperesearchcompiler, its compilationspeed

doesnotnecessarilyreflecttheultimatespeedatwhichthealgorithmcanbeexecuted.In addi-

tion, Lopti occupiesa smallportionof theoverall compiletime of thecompilationprocess:in

thatscopetheoverheadof thePREandPDEmethodsis very small. Runswereperformedon

a dual-processor1.7-GHzPentium4 systemwith 2 GB RAM. IMPACT wascompiledusing

gccversion2.96with -03 optimization.

All PCEoptimizationswereperformedat theintraprocedurallevel only. Unlessotherwise

noted,all evaluationspresentedherereflectexecutionof theSPECreferenceinputs.

5.1 IMPACT Optimizations

IMPACT performsoptimizationsin several stagesin an intermediateform similar to ma-

chine assemblylanguage. The basicstructureoperatedon is the control block, which is a

regionof codewith asingleentrypointandpotentiallymultipleexits.

Thefirst optimizationstageis Lopti, which performsclassicaloptimizationssuchasthose

found in standardcompilertexts [30, 34]. All PCEoptimizationswereperformedduringthis

stage:PREoptimizationswereperformediteratively in conjunctionwith IMPACT”s loop and

classicallocalandglobaloptimizations,while thePDEoptimizationswereperformedafterall

otheroptimizations.
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Two optimizationsof notein Lopti areloop-invariantcoderemoval (LICM) andloopvari-

ablemigration(LVM). Botharesubsumedby PCEoptimizations,andweredisabledfor partic-

ular situations.LICM speculatively hoistsexpressionsout of loopsif theprofile weightof the

loop entranceis smallerthanthesumof theprofile weightsof its calculationsinsidetheloop.

It is subsumedby SM-PRE.It is alsoheuristicallydisabledwhenthenumberof controlblocks

exceeds100. LGVM performsa loop-biasedregisterpromotionby moving memoryaccesses

which areconstantthroughouta loop to the entrancesandexits of the loop, andaroundany

potentiallyaliasingmemoryoperationsandsubroutinecalls. It determinesa profitabletrans-

formation by comparingthe weightsof the existing calculationsto the final transformation

locations. LVM doesnot sink storeoperationswhenno correspondingloadsto the location

exists in the loop: whenSM-PREandLVM areboth performedwithout P3DE,LVM is per-

formedfirst beforeSM-PREhoistsloadsout of loops. A combinationof SM-PREandP3DE

subsumesLVM.

After Lopti, IMPACT performsHyperblockformation[31], which performsif-conversion

of coderegionsandutilizes predicationto allow overlapof independentcontrol constructs.

This removesbranchinstructionsandreducesbranchmispredictions.

Thefinal stageof optimization,justprior to codegeneration,is Superblockformation[37].

It performsvariouscodemotions,duplications,andtransformationsto exposeILP for schedul-

ing. SuperblockformationcanpotentiallysubsumesomePREopportunitiesby moving or du-

plicatingpartially redundantinstructionsinto locationswherethey arecompletelyredundant,

but no significantcasesof this wereexhibitedin theexperiments.
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5.2 PRE Results

For thesePREresults,we comparethe performanceof optimal PREandSM-PREto the

baselineIMPACT compilation. The algorithmusedfor optimalPREis Knoop et al.’s basic-

block algorithm[10]. LVM wasperformedfor all compilationformats,removing someof the

casesthatPREwould subsume.LICM wasenabledfor PRE,but disabledfor SM-PRE.The

intentin doingthis wasto isolateandevaluatethosecaseswhich only PREcanaddress.

Registerpressurewasobserved andcounteractedin our PREalgorithmsby not allowing

PREmotion (not transparentin the dataflow analyses)that might createa new live register

througha basicblock that hasat least64 live virtual registers. The Itanium’s registerstack

engine(RSE)enablestheprocessorto only spill andfill asubsetof thetotal registerfile of the

processorat function boundaries.GuptaandBodik have publishedprevious work to control

registerpressurein PRE[33], which assumeda constantnumberof architecturalregistersthat

arespilledandfilled at functionboundaries.In this case,however, increasingthetotal number

of registersneededin a functioncannegatively impactperformanceevenwhenthetotal is less

thanthe registerfile. Beforethis registerpressuremetricwasimplemented,the performance

lossdueto RSEstallsoutweighedthe redundancy eliminationgainson several benchmarks.

64registersis aheuristicwhichhasbeenrelatively effective in ourexperiments.For SM-PRE,

thenumberof motionsperinterationwaslimited sothatthe64 liveregisterlimit wouldnotbe

exceededin any block.
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Table5.1Lopti PRECompileTime(in seconds)

Benchmark Baseline PRE SM-PRE PREPct. Inc. SM-PREPct. Inc.

164.gzip 34.56 44.85 47.72 29.77% 38.08%
175.vpr 168.08 204.42 239.74 21.62% 42.63%
181.mcf 12.77 16.71 17.85 30.85% 39.78%
186.crafty 658.43 735.11 771.27 11.65% 17.14%
197.parser 109.74 134.88 142.35 22.91% 29.72%
253.perlbmk 1373.69 1580.01 1750.25 15.02% 27.41%
254.gap 658.91 854.71 880.02 29.72% 33.56%
255.vortex 470.33 644.79 663.62 22.54% 23.74%
256.bzip2 52.45 64.27 64.90 22.54% 23.74%
300.twolf 627.02 810.66 827.68 29.29% 32.00%

5.2.1 PRE compilation time

Table 5.1 shows the time spentduring the Lopti compilationstagewith PRE. In gen-

eral, the overheadof SM-PREis not significantlyhigher thanPRE.The exceptionto this is

175.vpr, whereSM-PREhasnearly twice the overheadof optimal PRE.The reasonfor this

is becausethe registerpressurecontrol mechanismallows only onemotion at a time in the

function try place(). Becausethosemotionsintroducetemporariesthat canreplaceexisting

registers,theliveregistercountstaysunder64,whichresultsin afull iterationsof theSM-PRE

algorithmfor themotionof asingleexpression.In thiscase,Lopti terminatedbecauseit hit an

iterationlimit, ratherthanreachinga stableoptimizedcodestate.Theeffectsof this on code

performancearediscussedin a latersection.
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5.2.2 Load reuseanalysis

The purposeof PRE is to eliminateredundantinstructions,which recomputethe same

valuesmultiple times in a program. Load reuse(consistentlyaccessingthe samememory

location) is onephenomenonthat canbe reducedby PRE.To find the amountof load reuse

eliminatedin aprogram,weprofilememoryaccessaddresses.Whena load’saddresshasbeen

previously accessed,it denotesa potentialopportunityfor thePREoptimizationto recognize

thereuseandremoveapartialor full redundancy.

Loadsaretrackedin two ways:

� Trackaddressesfor eachstaticload,notinga reusewhentheaddresshasbeenaccessed

within thevisiblehistoryof theload.High reusein thisdomainrepresentsanopportunity

for registerpromotionof thememorylocation.For theseexperiments,eachinstruction’s

historyis four addresses.

� Trackanaddresshistoryof dynamicmemoryaccesses,notinga reusewhentheaddress

hasbeenaccessedby a previous instruction(itself or anotherstatic instruction). High

reusein this domainrepresentsanopportunityfor PREto borrow theloadedvaluefrom

anotherinstruction(or itself). Theaccessshistoryin our experimentsis 32 addresses.

Bodik et al., in previouswork [13, 20], alsotracked the historyof eachstaticload to de-

terminetheamountof load reuseandshow an upper-boundpotentialfor registerpromotion.

However, thiscanbedeceptive,sincealoadthatconsistentlyaccessesthesamelocationmaybe

preventedfrom beingpromoteddueto may-aliasstoresor subroutinecalls. Also, this method
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will not detectreusebetweentwo differentstaticinstructions,which PREcandetectandopti-

mize.For this reason,two differentmetricsareusedto determineloadreuse.

Figure5.1 shows the measuredreuseby the samestatic load asa percentageof the total

dynamicloadsin the baselinecompilation. Resultsfor both optimal PREandSM-PREare

shown. TheSPECtraininginputswereusedfor thissimulation.Reuseis dividedinto thethree

categories:

� Interproceduralreuse,wherean instructionwill load the sameaddressasa prior exe-

cution from a previous call of the function. This is the top portion of the barsin the

figure.

� Intraproceduralreuse,whereaninstructionis within a loop andloadsthesameaddress

asaprior executionfrom thesamecall of thefunction.This is thebottomportionof the

barsin thefigure.

� Intraproceduralreusewhich is unoptimizedbecauseof theneedto controlregisterpres-

sure. This is measuredby finding the differencesin reusewhen the registerpressure

controlmechanismis eitherenabledor disabled.It is themiddlesectionof thebarin the

figure,representedas“reg pressintraprocedural.”

Although thereis an enormousamountof reusein several benchmarks,the majority of that

reuseis interproceduralandcannotbe addressedby our intraproceduralPREtechniques.In

general,PRE doesnot make many significantreductionsin the reuseat static instructions.

Onereasonfor this is that intraproceduralreuseoccurswithin loops,andthe two previously
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Figure5.1: DetectedDynamicReuseBy theSameStaticLoadsasa Percentageof Total Dy-
namicLoadsin Baseline

mentionedloop optimizationsthatpromotememorylocationsto registershave alreadyelimi-

natedmany of thesecasesin our baselinecompilation.Thus,few opportunitiesremainfor the

PREalgorithmsto reducereuseat static instructions. Becauseof may-aliasmemoryopera-

tions,particularlysubroutinecalls,someamountof intraproceduralreusewill exist afterPRE

optimization.

For 175.vpr, the SM-PREreuseis slightly higherthanoptimal PRE’s dueto the register

pressurecontrol mechanism.BecauseSM-PREoperateson oneexpressionat a time, it can

stopcodemotion exactly whenthe live registersin a block reaches64, the heuristicchosen

for theseexperiments.PRE,however, operateson all expressionsin parallel,so it sometimes
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Figure5.2DetectedDynamicReusefrom thePrevious32 DynamicAccesses

exceedsthelimit of 64 liveregistersbeforethecontrolmechanismcanpreventfurthermotion.

In thesecases,SM-PREhasmoreunoptimizedPREopportunities.

Figure5.2 shows thepercentageof dynamicloadreusefrom theprevious32 dynamicac-

cesses,againbasedon the SPECtraining inputsof eachbenchmark.A dynamichistory of

memoryaccesseswaskept during execution,indicatingthe addressandfunction call of the

access.Storesinvalidateall previousaccessesto thesameaddressin thehistory, anddetected

intraproceduralreusetakesprecedenceover interproceduralreusein thedatacollectionmech-

anism.For this experiment,moreintraproceduralreuseis visible in many of thebenchmarks

thanfor thestaticinstructiondetection.It is importantto notethatbecausethePREalgorithms

reducethetotalnumberof memoryoperations,they canexposereusethatwasnotvisiblewith
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the baselinecompilationdueto a finite history. Someevidenceof this wasobserved during

initial experiments,but ahistoryof 32accesseswaslargeenoughto minimizethiseffect.

An inspectionof significantreusehasrevealedseveral sourcesof dynamicload reusere-

mainingafterPRE.Theseare:

� In PRE,reuseis blockeddueto safetyrequirements.SM-PREis ableto take advantage

of theseopportunitiesby utilizing speculation.

� Unoptimizedreusebecauseof theneedto controlregisterpressure.

� Reuseblockedby may-aliasstoresor subroutinecalls.

� Reusehiddenby lexical differences.

� Data-dependentreuse: two instructionsthat exhibit reuseunderone profile may not

exhibit it underdifferentprograminputs.

As shown in Figure5.2, PREis relatively effective at removing load reusefrom several

benchmarks.SM-PREis ableto removea portionof theremainingreuse,but is oftenblocked

by the registerpressurecontrol mechanism.In somecases,suchas175.vprand255.vortex,

nearlyhalf of theremainingreuseis unoptimizedfor this reason.

Thereuseblockedby may-aliasmemoryoperationsis probablythemostprominentportion

of remainingreuse. The benchmarks175.vpr and 254.gapin particularhave a significant

amountof this type of reuse,as does253.perlbmk(for which we do not have fine-grained

aliasanalysis).Reuseblockedby may-aliasstorescanbeoptimizedvia dataspeculationwhen

the storesseldomalias with the load. Lin et al. [21] show a methodologyto perform this

67



optimizationwithin a SSArepresentation.In a few cases,a may-aliasstorewill usuallyalias

with aload;thisreusecannotberemovedwithout introducingadditionalcodewhichwill likely

impair overall execution.

Lexically differentexpressionscanbe separatedinto threedifferentcategories. The first

canbe addressedby valuenumbering:two virtual registershave thesamevaluein all cases,

but copy propagationoptimizationsareunableto mergethesevariablestogether. 186.craftyhas

somereusewhich couldbeidentifiedin this manner. Simpsonaddressesmeansof identifying

andoptimizing thesecasesin his Ph.D.thesis[18]. A few significantcasesof this reuseare

visible in SPEC,althoughit is importantto notethatmany moreof thesecaseswould exist if

copy propagationwerenot performedbetweeniterationsof PRE.

Thesecondcategoryof lexically differentexpressionsis arrayelementreusethatis carried

acrossseparateiterationsof loops. This happenswhenthe an arrayelementmay be reador

written acrossmultiple iterationsof a loop, andwasobserved to somedegreein 186.crafty,

197.parser, and256.bzip2. Bodik et al. [3] have publishedan analysisandmethodfor opti-

mizing thesecases:this usesanarraydataflow analysisto find all writesandusesof anarray

element,thenpromotesit to a register. To preserve valuesacrossiterations,thesepromoted

elementsareshiftedto otherregisters;a registerwill carrya particularelementfor at mosta

singleiteration.This schemerequiresconstructingprologueandepiloguecodefor theloop to

correctlypopulatethepromotionregisters.
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The final category are thosewhich cannotbe identified due to the flow of values. The

previouscaseof loop iteration-carriedreusesfalls into this category, but value-flow opportu-

nities also includecaseswhich do not necessarilycomefrom loops. Thesecasescannotbe

identifiedvia valuenumberingbecausethey do not containthesamevaluealongall paths.A

significantportion of 164.gzip’s remainingreuseis comprisedof this case,as is the largest

singlepoint of reusein 197.parser. Somecasesalsoexist in 175.vpr. Bodik et al., in previous

work [13, 19,20], discussesmeansto identify andoptimizethesecases.His methodssubsume

bothlexical andvaluenumbering-basedPRE.In somecases,value-flow opportunitiesarealso

blockedby may-aliasstores,soa methodcombiningdataspeculationandvalue-flow analysis

wouldberequiredto remove theredundancy.

Data-dependentreusedoesoccurin severalbenchmarks,andis a prominentpercentageof

181.mcf’s reuse.Although that reusemight beoptimizable,it cannotbe addressedby a PRE

mechanism.The reasonfor this is becausePREdependson instructionsalwayscomputing

thesameexpression,originatingfrom thesameprogramvariables,for a resultto beborrowed.

For thesecasesthemeasuredreuseoriginatesfrom differentexpressionswhich have thesame

numericalvalues,andmaynot matchoftenif a differentsetof programinputsareused.

5.2.3 PRE SPECperformance

Theultimatemeasureof theeffectivenessof PREis theincreaseit contributesin wall-clock

performance.Presentedin Table5.2 shows theestimatedSPECperformanceresultsfor PRE

andSM-PREcomparedto thebaselinecompilation.
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Table5.2PREEstimatedSPECResults

Benchmark Baseline Optimal SM-PRE Opt. PRE SM-PRE
PRE Pct. Increase Pct. Increase

164.gzip 665 675 692 1.50% 4.06%
175.vpr 517 536 521 3.68% 0.77%
181.mcf 239 240 242 0.42% 1.26%
186.crafty 613 602 611 -1.79% -0.33%
197.parser 448 451 450 0.67% 0.45%
253.perlbmk 546 548 556 0.37% 1.83%
254.gap 391 397 396 1.53% 1.28%
255.vortex 918 905 941 -1.42% 2.51%
256.bzip2 556 538 550 -3.24% -1.08%
300.twolf 625 642 650 2.72% 4.00%

As statedby Bodik in hisPh.D.thesis[13], PREcanincreaseperformanceby eitherfreeing

upcomputingresourcesor shorteningthedatadependenceheightof asequenceof instructions.

Becauseof the high width of the Itanium architecture,onecananticipatethat computingre-

sourceswill generallybe widely availableandthat reductionof datadependenceheightwill

bePRE’s contribution to performance.Our resultssupportthis: themostsignificantsourceof

performancegain in 175.vpr is dueto the removal of a chainof expressionsin a small loop

in the function route net(). This removal enablesa shorterscheduleandbetterperformance.

In general,however, PREandevenSM-PREareincapableof increasingperformanceby more

thana few percent.

As notedby many researchers,PREhastheeffect of introducingnew temporaryvariables

into programsandincreasingregisterpressure.If all expressionsareoperatedonbeforeregister

pressurecontrolslimit motion,registerpressurecanincreasebeyonddesirablelimits. Thiswas
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observedfor SM-PREon thebenchmark186.craftybeforetheseexperimentswererun,which

promptedacontrolmechanismthatchecksregisterpressureaftereachexpressionmotion.

PREcanhave somesynergistic effectswith otheroptimizations:in the caseof 164.gzip,

40%of SM-PRE’sperformanceimprovementcomesfrom fewerbranchmispredictionflushes,

dueto amoreeffectiveHyperblockformation.

PREconsiderstheexecutionof anexpressioncomputationto bethesameatevery location

in theprogram.However, SM-PREmayspeculatively hoista loadinto pathswheretheresult

will often not be used,but the load addressis invalid or is in a pagethat is not in memory.

This requiresinvokinga softwarepagetablehandler, andthetotal penaltycanbeeasilyin the

thousandsof cycles.This is thecauseof SM-PRE’s low performancein 175.vpr: thebenefits

of codemotion areoffset by calls to the kernel in try place() to handleloadsof this nature.

Approximatelyfive times asmany cyclesare spentprocessingtheseloadsfor the SM-PRE

version.

The experimentsshow that PRE can have a positive effect on performance. However,

the control of registerpressureremainsan issuefor IMPACT’s PREtechniques,asdoesthe

potentiallyhigh costof speculatingloadinstructions.Thereis opportunityfor moreadvanced

PREmechanismsto further optimize the programandreducereuse. Suchmethodsalready

exist in literature[3, 20,21], but individually addressa limited setof reusein a smallnumber

of benchmarks.Thelargestpotentialfor gainis from dataspeculation,particularlyin 254.gap,

wherepotentiallyaliasingstorespreventoptimizationby IMPACT’s PREmethods.
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5.3 PDE Results

Performanceresultsobtainedusingoptimal PDE and the P3DEalgorithmarepresented

here.To theauthor’sknowledge,noprior relatedwork hasshown empiricalruntimeresultsfor

partial deadcodeelimination. LVM wasdisabledfor the first setof experiments,so that the

efficacy of P3DEfor registerpromotioncouldbeevaluated.IMPACT’s SM-PREwasenabled

for all builds. This waschosenbecauseP3DEwasnot expectedto have mucheffect beyond

storesinkingoutof loops;resultsat theendof this sectionappearto supportthis belief.

Thebaselinefor thecomparisonincludes,in placeof P3DE,animplementationof Knoop

et al.’s “optimal” partialdeadcodeelimination[2], modifiedto sink only partially deadcom-

putations.This is a designdecisionbasedon empiricalstudy. Delayingall computations,as

opposedto only partially deadones,may causeneedlesscodegrowth; however, choosingto

sink only partially deadassignmentsmay preventusefulmotion of computationsblockedby

antidependence.

To judgethenecessityof usingpredicationin thealgorithm,presentedalongsidethebase-

line andexperimentalcompilepathsis amodifiedP3DEalgorithmthatoperatessimilarly to Lo

etal.’sspeculativestoresinking[9]. Thiswill betermedthenonpredicatedoptimization; it only

allows motionwhich is possiblewithout theuseof predication.This consistsof availability-

basedsinkingandspeculativesinkingfor nonnpredicatedstoreswhoseaddressesareknown to

besafe,suchaslocal andglobalvariables.The latteraretreatedasgeneralizedstoreassign-

ments. The reweightingfactor (seeSection4.3) for costedgesis setat W , to recognizethat

loadsaregenerallyat leastasexpensive asstores.During codemotion, loadsto thememory
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locationwith the generalizedassignment’s temporaryvariableasthe destinationareinserted

insteadof predicateclearoperations.No predicatesetoperationsare insertedandno guard

predicatesareplacedon sunkenstores.Thus,aspeculatively sunkenstorewill eitherstorethe

valueloadedearlierfrom thesamelocationor a new valuethatwould have beenstoredat an

original computationpoint.

5.3.1 PDE compilation time

Presentedfirst arecompile-timeoverheadcostsfor thealgorithm.Table5.3showsthetime

spentin the Lopti compilationstage. The SM-PREoptimizationis active, but LVM is not.

A final speculative PREiterationandlocal optimizationareperformedafterP3DEto remove

any remainingredundancy; this is often useful for loadsinsertedduring nonpredicatedopti-

mization. Thus, the additionaltime of the P3DEcompilationincludesthe P3DEalgorithm,

additionalspeculativePREandlocaloptimizationoverhead,andany second-ordereffectsdur-

ing themergingof emptyblocks.

5.3.2 Store removal

Figure5.3 shows thechangein the executionfrequency of storeoperationsasa resultof

applying the P3DEalgorithm. The numberof storeoperationsissuedis separatedinto two

parts: p = 1 shows thepercentageof storeoperationsthatexecuteandretire,while p = 0 is

thepercentageof dynamicstoreoperationssquashedbecauseof a falsepredicateevaluation.

The numbersarenormalizedagainstthe numberof storeoperationsissuedby the baseline.

In nearlyall casesthenumberof storeoperationsissuedafterapplyingP3DEis lessthanthe
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Table5.3Lopti PDECompileTime(in seconds)

Benchmark Baseline P3DE Increase Pct. Increase

164.gzip 42.11 48.52 6.41 15.22%
175.vpr 291.09 311.96 20.87 7.17%
181.mcf 18.44 19.34 0.90 4.88%
186.crafty 1137.91 1183.31 45.40 3.99%
197.parser 197.80 208.09 10.29 5.20%
253.perlbmk 5501.80 5759.81 258.01 4.69%
254.gap 1231.56 1303.10 71.54 5.81%
255.vortex 1001.90 1170.08 168.18 16.79%
256.bzip2 55.22 61.58 6.36 11.52%
300.twolf 1040.82 1115.05 74.23 7.13%
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Figure5.3Retired(“p = 1”) andPredicate-Squashed(“p = 0”) StoreOperations
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baseline.This indicateshealthyprofile informationandpropercodemotion.Thetotal number

of storesissuedis reducedby up to 36%, with a reductionin both the numberof squashed

andthe numberof executedstoreoperations.This reflectssomeinteractionwith subsequent

hyperblockformation[25]. As expected,anincreasecansometimesbeobservedin thenumber

of squashedstores(asin 254.gap) dueto thepredicationof sunkenstoreslying onunsafepaths.

In benchmarkswherestorereductionis significant,thenonpredicatedoptimizationis capa-

bleof performingthesamedegreeof storeremoval asP3DE.This is evidencethatthemajority

of storesremoved in thesecasesarethoseto safeaddresses.The apparentfurther reduction

of storesby thenonpredicatedoptimizationin 300.twolfis anartifactof IMPACT’s predicate

registerlive rangedetection,which generatesunnecessaryspill codefor individual predicates

in P3DE.Thesestoresonly slightly lengthenthescheduleandareseldomloadedback,sothis

doesnothaveamajorimpactonperformance.Bettercontrolof predicateregisterpressureis a

subjectfor futurework.

Figure5.4 shows the ratio of the increasein predicateoperationsto the numberof store

executionsremovedwhenP3DEis applied.This is a convenientmeasureof theefficiency of

thepredicationapparatusinvolvedin aggressivesinkingof partiallydeadstores.An important

notehereis thatthepredicateoperationsrepresentedin thegrapharethoseof all predicateop-

erations,including thoseintroducedfrom thesinkingof nonstoreoperations,aswell asthose

from hyperblockformationandotheroptimizatins. In general,an excessive numberof pred-

icateoperationsis not executedin placeof migratedstores.Theuseof theavailability prop-

erty to avoid usingpredicateassignmentshelpsreducetheamountof predicationintroduced.
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Figure5.4ApproximatingPredicateDefinesInsertedperStoreRemoved

Subsequentoptimizationsin the IMPACT compilermay alsocombine,reduce,or eliminate

predicateoperationsintroducedby P3DE:theseoptimizationshelpto furthercontrolpredicate

usageandassistin lowering the ratio of predicateoperationsexecutedto stores.The appar-

entlydramaticincreasein predicateoperationsperstoreremovedin 254.gapis aneffectnotof

P3DEbut of asubsequentoptimization(triggeredby theeffectsof codemotion)thatgenerates

severalpredicateassignments.Theactualpercentageincreasein thenumberof predicatedefin-

ing operationswas3.54%,so themagnitudeof this changeis greatlyexaggeratedby the low

numberof storesremovedin thosebenchmarks,asseenin Figure5.3. Thesameoptimization

is not triggeredafterP3DE181.mcf, resultingin anoverall reductionof predicateoperations.

Because253.perlbmkhasbotha decreasein predicateoperationsandanincreasein storeop-

erations(99.63%and100.22%of baseline,respectively), its ratiodoesnot representa relevant

relationshipandis excludedfrom thefigure.
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Table5.4P3DEEstimatedSPECResultswith SM-PREandwithoutLVM

Benchmark Baseline P3DE Nonpred P3DE Nonpred
Pct. Increase Pct. Increase

164.gzip 660 666 668 0.91% 1.21%
175.vpr 540 542 540 0.37% 0.00%
181.mcf 242 243 244 0.41% 0.83%
186.crafty 582 598 601 2.75% 3.26%
197.parser 423 424 424 0.24% 0.24%
253.perlbmk 528 528 529 0.00% 0.19%
254.gap 400 399 400 -0.25% 0.00%
255.vortex 1002 1016 1009 1.40% 0.70%
256.bzip2 523 527 519 0.76% -0.76%
300.twolf 626 649 643 3.67% 2.72%

5.3.3 PDE SPECperformance

Finally, Table5.4showsthenetperformanceresultsfor theP3DEscheme.Largerestimated

SPECnumbersindicatebetterperformance.Theresultspresentedarethemedianscoreof five

consecutive runsof thebenchmark.The Itanium2 microarchitectureis capableof issuingno

morethantwo storeinstructionsperclock cycle, but is capableof issuingup to six predicate

instructionsperclock cycle. Thus,migrationof storesout of heavily store-ladenregionscan

allow certaincodesegmentsto beexecutedin fewer cycles. This is thecauseof performance

increasesin 164.gzipand300.twolf; P3DEwasableto sink storesout of theprimary loop of

thebenchmark.300.twolfin particularhasbasicblockscomprisedmainlyof longsequencesof

storeassignments:asignificantsourceof storereductionis theinlining of thefunctionucxx2()

into uloop(). P3DEwasableto sinkmany globalpointersoutof thesectionof codeoriginally

belongingto ucxx2() andout of theprimary loop of uloop(); disallowing this inlining would

preventmotionof thestoresandresultsin no performancegainin this coderegion.
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Thereareseveralreasonswhy theP3DEoptimizationgenerallydoesnot have a moresig-

nificant effect on programperformance.PDE schemesreducethe executionof codewhich

doesnot have an effect on the resultof the program. Becauseof the large width of the Ita-

nium 2 implementation,partially deadinstructionscanoften be staticallyscheduledwithout

lengtheningthe schedule.This is the reasonwhy 164.gzip, althoughhaving a reductionof

36%in dynamicstores,barelyshows a 1% performancegain. PDEwill have aneffect when

partiallydeadinstructionsoccupy limited resourcesthatpreventa tighterschedule,suchasthe

store-ladenregionsin 300.twolf.

In several cases,nonpredicatedoptimizationis capableof achieving similar performance

gainsas P3DE.In thesecases,the majority of P3DE’s performancegainsare from sunken

storesto safelocations. The reasonfor the differencein programperformancebetweenthe

P3DEandnonpredicatedversionsof thebenchmarksaredueto thedifferenttradeoffs madein

theoptimization:P3DEutilizespredicationto guardexecutionof stores,while thenonpredi-

catedoptimizationpromotesthevariableto a register, loadingthevalueat theentrancesof the

region. Thehot pathof a coderegion oftenstoresa new valueto thepromotionregister, ren-

deringtheloadinconsequential:in this case,thepredicateoperationsusedto guardexecution

in P3DEis pureoverhead.The situationis exacerbatedwhenpredicateregisterspill andfill

codeis present.164.gziphasbetterperformancewith thenonpredicatedoptimizationfor this

reason.

Tables5.5and5.6show theSPECperformanceof optimalPDEandP3DEwith loopvari-

ablemigrationactive, to seetheir benefitasincrementaloptimizations.As expected,PDEand
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Table5.5PDEEstimatedSPECResultswith LoopVariableMigration

Benchmark Baseline Optimal P3DE Opt. PDE P3DE
PDE Pct. Increase Pct. Increase

164.gzip 665 656 652 -1.35% -1.95%
175.vpr 517 517 518 0.00% 0.19%
181.mcf 239 240 240 0.42% 0.42%
186.crafty 613 624 619 1.79% 0.98%
197.parser 448 452 452 0.89% 0.89%
253.perlbmk 546 564 548 3.30% 0.37%
254.gap 391 399 399 2.05% 2.05%
255.vortex 918 928 938 1.09% 2.18%
256.bzip2 556 523 531 -5.94% -4.50%
300.twolf 625 654 624 4.64% -0.16%

Table5.6PDEEstimatedSPECResultswith SM-PREandLoopVariableMigration

Benchmark SM-PRE Optimal P3DE Opt. PDE P3DE
PDE Pct. Increase Pct. Increase

164.gzip 692 688 688 -0.58% -0.58%
175.vpr 521 490 501 -5.95% -3.84%
181.mcf 242 242 243 0.00% 0.41%
186.crafty 611 609 605 -0.33% -0.98%
197.parser 450 453 450 0.67% 0.00%
253.perlbmk 556 559 544 0.54% -2.16%
254.gap 396 402 403 1.52% 1.77%
255.vortex 941 992 994 5.42% 5.63%
256.bzip2 550 553 544 0.55% -1.09%
300.twolf 650 635 611 -2.31% -6.00%

P3DEby themselveshave little effect on performance.However, whenSM-PREandPDEare

combined,thereis a synergistic effect on 255.vortex with a resultthat is greaterthanthesum

of its parts.This is evidently theresultof moreefficientHyperblockformation.
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CHAPTER 6

FUTURE WORK

In theresults,thePCEmethodswerenotshown to havea largepositiveeffectonperformance.

In somecases,thenegativeeffectswerequitepronounced.However, this thesisonly analyzes

PREandPDEfor a specificbenchmarkon a specificarchitecture,sofuturework maybeable

to achieve worthwhile improvementsin othersituations.Thereareseveralremainingavenues

of explorationavailablefor bothPREandPDE.

A major problemencounteredin PRE performancewas the speculationof loadswhose

addressesforcedinvocationof asoftwarepagetablehandler. Theseloadshaveacostwhich is

greatlydisproportionateto their unspeculatedexecutioncost. The costedgesof P3DEcould

be adaptedto factor this cost into the minimum cut calculationof SM-PRE,but this would

limit profitablemotionif performedindiscriminately. An analysisthatcoulddeterminewhena

load’saddressis likely to generatethiskindof problemwouldbeneededto directtheplacement

of costedges.

As statedin Chapter5, nopublishedmethodexiststo specificallybalanceregisterpressure

andredundancy removal via PREfor anarchitecturewith a registerstackengine.Onemethod

to do this is to determinewhethermotionwould increasethenumberof allocatedregistersin a

function,thenfactorin thespill andfill costsat functionboundaries.An offshootof thismight

be to aggressively perform all possiblePRE, then introduceredundancy to reduceregister
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pressurein low trip-countareas,via rematerialization[38], in orderto reducethe numberof

registers.

Oneideanot previously demonstratedin eitherPREor PDEis to identify chainsor traces

of expressions/assignmentswhich arethenmigratedasa singleunit. Onehiddencostof per-

forming PCEis the needto split critical edges,which may result in decreasedperformance:

knowing how many computationscanbemovedinto thesplit edgemayresultin bettertrade-

offs. In addition,beingableto move tracesin PDE would save theeffort of doing predicate

recombinationandallowsthecompilerto performoptimizationsbasedonthetotalcost/benefit

of moving assignments.For example,individualassignmentsin thechainmaynotbeworththe

costof predication,but replacingseveralassignmentswith a singlepredicatewrite operation

would likely becost-effective.

For PDE, replacementof the largely lexical assignmentidentificationmechanismwith a

systemcapableof recognizinglexically differentassignmentsthat computethe sameresults

would extendthealgorithm’s ability to matchandsink assignments.This is similar to theuse

of Bodik’svalue-flow analysisfor PRE,aspresentedin hisPh.D.work [13]. Oneapproachmay

beto adaptthestaticsingleuse(SSU)representationpresentedby Lo etal. [9], asdescribedin

Chapter2. The resultsalsosuggestinteractionsbetweenP3DEandif-conversion;this might

beleveragedwith predicateoptimizationsto enableevenmoreefficientsinking.

Currently, certainkindsof predicateoperationoptimizationsarenot performedthatwould

helptheP3DEalgorithmfurtherreducetheusageof predicates.Therearetwo situationsthat

havenotyetbeenaddressed:
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1. Predicateswhich occur in the samelocationsbut areassociatedwith differentassign-

ments(suchasa chainof delayedassignments):thesecouldbecombined.This is not

limited to thosepredicateoperationswhich occurin thesamelocations,but canalsobe

appliedto supersetsandintersectingpredicateswhichcouldbecombined.

2. Setsandclearsperformedin alternatesidesof a hyperblockhammockstructure:these

couldborrow thevalueof thehammockpredicate.

Althoughtherewasnotasignificantincreasein thenumberof introducedpredicateoperations,

furtherpredicatecombinationoptimizationwould helpreducepredicatespill andfill codeand

improveperformance.

A moreaccurateway to find anoptimalplacementfor theP3DEschememight be to per-

form theinitial stageof hyperblockformationto markwherepredicateswill beformedaspart

of thatoptimizationandcouldbereusedfor P3DE.
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CHAPTER 7

CONCLUSION

This thesispresentsimplementationsof partial codeelimination techniquesin the IMPACT

compiler, consistingof two differentmethodsof bothpartial redundancy eliminationandpar-

tial deadcodeelimination.It presentsanew PDEalgorithm,P3DE,whichremovespartialdead

codeby taking advantageof edgeprofile dataandpredicationsupport,coveringbothacyclic

andcyclic codein a systematicmanner. Themotiongraphabstraction,inheritedandadapted

from SM-PRE,incorporatesdecisionfactorsandpredicationrequirementsinto aneasilyma-

nipulableform, allowing convenientandeffective PDEin andaroundloops.Whencombined

together, SM-PREandP3DEarecapableof subsumingotheroptimizationssuchasloop-biased

registerpromotion.

Empirical, real-machinemeasurementsarepresentedfor PCE.The experiementsdemon-

strateremoval of up to 2/3 measuredreusedloadsfor thePREmethods.For PDE,up to 36%

of dynamicstoreswereremovedwithout a disproportionateincreasein predicateoperations.

For real-timeclock performance,PCEis shown to sometimeshavea positiveeffect on perfor-

mance,particularwhensynergiesarefoundwith otheroptimizations.However, this occursin

limited caseswhencompilingSPECint2000for theItaniumArchitecture.In addition,PCEcan

alsohavenegativeeffectson performance,dueto increasedregisterpressureor otherfactors.
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PREmay be valuablefor its ability to subsumemultiple classicaloptimizations,but the

additionalbenefitsit providesare limited. PDE generallydoesnot provide muchadditional

performance.Thus,as incrementaloptimizationsin IMPACT for SPECint2000, they have

a limited useasbenchmark-specificoptimizationbut cannotprovide consistentpositive im-

provementto thesuite.
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[1] J. Knoop,O. Rüthing,andB. Steffen, “Lazy codemotion,” in Proceedingsof the ACM
SIGPLAN1992ConferenceonProgrammingLanguageDesignandImplementaton, June
1992,pp.224–234.
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