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CHAPTER 1

INTRODUCTION

Program®ftencontaininstructionghatarepartially redundantmeaninghattheirresultshave
beenpreviously generatedlongsome,but not all, incomingpaths. It is often possibleto re-
move this codeandincreaseerformancehroughpartial redundancyelimination(PRE)tech-
nigues. A symmetricopportunity exists when programscontaininstructionswhoseresults
arepartially dead,or sometimesiot used,via partial deadcodeelimination(PDE). Together
theseare termedpartial codeelimination (PCE). Numerouspublicationshave addressedhe
PCE problems,eithersingly or together and differing by their extent of analysisandtrans-
formation. This thesisdiscusseshe implementatiorand effects of motion-basegartial code
eliminationin the IMPACT compilerframenork.

Initial publicationson PREandPDE provided“optimal” motion-basedlgorithmsfor code
elimination;they areoptimalin thatno programpathis impededasa resultof the codemo-
tion [1, 2]. Laterworks performmoreaggressie optimizationby utilizing profile information
to improve frequentpathsat the costof impairinginfrequentones,or by transformingcontrol
flow [3—9]. Both PREandPDE have beenimplementedn the IMPACT compilet The first
versiondmplementthe optimalcodemotiontechniquedor PCE,basedon dataflav published
by Knoopetal. [2, 10]. The secondversionsaremoreaggressie, usingprofile informationto

move codeto “unsafe”locations,wherethey mayintroduceadditionalexecutionsalongsome



paths.Thesespeculatretechniquesnticipatehatthemotionwill resultin anetexecutionsa-

ings. They usearchitecturafeaturef theIntel ItaniumArchitectureto enablethis motionand
maintaincorrectexecution[11]. Thisthesiswill describan detailtheimplementatiorof these
optimizationsandtheir effectson anindustry-standaréenchmarksuite, SPECint2000[12].

PCE canimprove programperformancen two ways: reducecomputingresourcecon-
tentionin aninstructionscheduleandreducethe datadependencheightof a seriesof instruc-
tions[13]. Thesemay directly improve performancedy loweringinstructioncount,andmay
alsohave synegistic effectswith otherIMPACT optimizations.Thus,| hypothesizeéhatPCE
will beableto achiese performancemprovementdor thetargetarchitectureandapplications.
However, the experimentalresultswill shav that thesesituationsare generallylimited and
explainwhy thisis the case.

This work proceedsasfollows: Chapter2 briefly describegreviously publishedmethods
of addressinghe PREandPDE problemswith examples.Chaptel3 presentsMPACT’s spec-
ulative PREimplementation.Chapter4 presentsa new methodfor performingPDE, termed
profile-directed predicatedpartial deadcodeelimination (P3DE).Chapters explainsthe ex-
perimentsthat evaluatethe PCE algorithmsand empiricalresults. Chapteré suggestduture
work in the areaof PCE andrelatedanalyses.Chapter7 makes someimportantconcluding

obsenrations.



CHAPTER 2

BACKGROUND

IMPACT performsloop-invariantcodemotionandglobalcommonsubepressiorelimination,
aswell asa form of loop-biasedegister promotioncalled Loop VariableMigration (LVM),
which is describedn Chapters. Thus,the primary purposeof integratingPCEinto IMPACT
would be to captureadditionalopportunitieswhich canbe optimizedonly by PCE methods.
Desirablepropertiesof PREfor any ervironmentarerelatively low overheadaggressie code
motion, and good control over ary negative effects of the optimization,suchasincreasesn
registerpressureln addition,PCEshouldhave little codegrowth; IMPACT performsseveral
optimizationswvhich rely on a certainamountof codeexpansiornto obtainhigherperformance,
andPCEoptimizationswhich signficantlyincreasecodewill likely exacerbatehesituation.In
this section publishedPCEmethodsaresurneyedto determinecandidategor implementation

in IMPACT.

2.1 PRE Methods

Partial Redundang Elimination, or PRE, is a classicaloptimizationfirst establishedy
Morel andRervoise[14], subsumingoop invariantcodemotion and global commonsubex-
pressiorelimination. A versionof the optimzationutilizing unidirectionalbit-vectoranalyses

on agraphof individual instructionswaspublishedby Knoopetal. [1], which is the basisfor



muchsubsequerPREwork. Laterwork by Knoopetal. [10] extendedthe algorithmfor basic

blocks,andis the basisfor the muchof thenomenclaturenddataflav analysesn thisthesis.

2.1.1 Lazy codemotion

Knoopetal’slazy codemotion[1] is consideredhe seminalwork of modernPRE,repli-
cating codeto minimize temporaryvariablelifetimes and using only unidirectiondataflav
analyses.A significantamountof researchhasbeendoneto make thesedataflav analyses
faster usingfewer dataflav analysespr removing the needto split critical edges(described
later).

For this work, an“expression’is definedasa logical, arithmetic,or memoryoperationon
sourceoperandsvith anarbitraryregisterdestination.Two instructionsarecomputation®f the
sameexpressiorif they have thesameoperatorandidenticalsourceoperandsin Figure2.1(a),
the expressionx+y is computedn bothblocks1 and3, eventhoughthey write to different
variables. Motion-basedPRE operatedy insertingcomputationof expressionsat locations
thatmake partially redundantomputationg€ompletelyredundantthusenablingtheirremoval.
All irredundanttomputationghatreacha redundantomputationwrite a virtual “temporary”
register andredundantomputationsare“removed” by convertingtheminto movesfrom the
expressions temporaryregisterto the original destinatiorof the computation.

ConceptuallyKnoop’s methodhoistspartially redundantomputationsndhoiststhemun-

til eitherthe partialredundang is removedor further hoistingwould introducethe expression



11 b=x+y 2: 1. c=x+y 2: c=x+y
b=c

a=c

(a) Before PRE (b) After optimal (Knoop) PRE

Figure2.1 Exampleof PRE

ontoa pathwhereit would not have beenoriginally computed.Thesemotionsaretermed‘un-
safe’ Knoop’s algorithmis considereaptimalsinceit neverintroducesadditionalexpression
computation®ntoary path.lt is alsononrestructuring it doesnottransformtheflow structure
of the programto performthe optimization.

Figure2.1(a)shonsanexampleof a partialredundang. Thecomputatiorof theexpression
X +yin block3 is redundanthroughblock 1, butis notredundanthroughblock 2. To perform
PRE theexpressions firstinsertedpr hoisted,nto block 2. Next, all expressiorcomputations
thatreachblock 3, which arethe existing computationin 1 andthe newly insertedonein 2,
write the resultof the computationto a new virtual registerc. Finally, the computationin
block 3 is replacedwith a move operationfrom c to its original destinatiora, resultingin the
codein Figure2.1(b).

The primary limitation of Knoop’s basicalgorithmis thatit cannotmove expressiondo
speculatre locations,evenif asignificantsavingscancomefrom it, becaus¢he optimalalgo-
rithm doesnot take into accountprogrambias. |t is generallyacceptedhatprogramsareoften
hearily biasedandprofilescanbequiteaccuratd15], somoreaggressie optimizationamaybe

possibleghatmake thecommonprogampathsfasterandimprove overallprogramperformance.



1. b=x+y 2: 1. c=x+y 2: c=x+y

(a) Before speculative PRE (b) After speculative PRE

Figure2.2 Exampleof Speculatie PRE

Considerthe codeexamplein Figure2.2(a). By moving the computatiorof x + y from 4
to 2, thetotal numberof executionsrom 195to 105. However, PREcannotremove the partial
redundanyg, becausenoving theexpressiorio 2 wouldintroducenen computation®nthepath
2-3-5. A speculatte PREmethodthattakesinto accountprofile informationandperformsthe
appropriatecost-benefiinalysiscould potentially hoist the expressiono the block. The next

sectionwill discussmethod=f performingspeculatre, motion-basedPRE,or SM-PRE

2.1.2 Speculatve motion PRE

More aggressie partialredundang eliminationcanbe performedif expressioncomputa-
tionsarehoistedto locationswherethe computatiormaybeintroducednto pathswhereit was
not previously computed. This is termedspeculatie, motion-basedRE, or SM-PRE.SM-
PREcangreatlyreduceexecutionof the expression$eyondthe capabilitiesof optimal PRE,
but thealgorithmmayberestrictedo moving expressionghatwill notcausesxceptionsn the

targetarchitecturepr berequiredto utilize architecturakupportto avoid or otherwisehandle



improperexceptions. In addition, reasonablyaccurateprofile information and a good cost-
benefitanalysiss necessaryo preventmotionthatimpairsprogramperformanceBy hoisting
expressiondeyond“safe” points,SM-PREintroducepartially deadcodeinto the program.

Considerthe examplein Figure2.2(a).As statedin the previous section,Knoop’s optimal
methodcannothoist the computationof x + y from 4 to 2 becausaét introducesnen com-
putationsontothe path2-3-5. SM-PREutilizes profile informationto identify this motionas
profitableand malke the transformationyesultingin the codein Figure2.2(b). If exceptions
canoccurfor additionsin thetargetarchitecturethe new instructionmustbe markedto ignore
or deferarny exceptions.

HorspoolandHo [16] presenthefirst known SM-PREwork, utilizing edgeweightsfor a
cost-benefianalysis. They analyzean expressioncomputationand potentialinsertion-points
pairwise, performingthe motion if thereis a net savings in expressioncomputationexecu-
tion. For the examplein Figure2.2, their algorithmwould recognizeandoptimizethe partial
redundang. However, their methodcannottake into accountsituationsinvolving multiple
computation®r multiple potentialinsertionpoints,which arerequiredfor a codemotionthat
minimizesexpressioncomputation.HorspoolandHo acknavledgethata minimum cut of a
reducedcontrolflow graphmay resultin a profitableplacemenfor a given profile, but do not
demonstrat@ techniqueto do so. Later publicationsshaw differenttechniquesaswell asthe
optimality of this minimum cutalgorithm.

Guptaetal. [8] laterpresente@methodto performaspeculatie PREbasecdn pathprofile

information. A cost-benefianalysisis performedby determiningthe locationthat minimizes



the sum of the path weightsthat computethe expression. Although this algorithm hasthe
benefitof rapidly isolatingopportunitiesfor optimization,the pathdataflav analysesareless
intuitive thanan edge-basedost-benefiinalysis.It alsocannotminimize expressioncompu-
tation,asit cannothoistcomputationshroughthebaclkedgef loops. Thus,it is notdescribed
in detailhere.

Bodik, in his Ph.D.thesis[13], is thefirst to evaluatethe minimum-cutalgorithmfor spec-
ulative motion PRE.He provesits optimality, in termsof minimizationof expressioncompu-
tationsfor agivenprofile, for nonrestructuringRE.CaiandXue [17] laterpresentec similar
algorithmto Bodik’s, evaluatedaspartof aruntimeoptimizer Becausdhesetechniqueper
form essentiallythe sameoperationsandresultin the samecodemotion, the descriptionof
the algorithmis saredfor Chapter3. This type of minimum-cutPREwill likely have higher

overheadhanoptimal PRE,but it is alsocapableof muchmoreaggressie optimization.

2.1.3 Extending PRE

Previouswork hasaddressethethodgor matchingexpressionsvhich differ lexically [18,
19, 20]; thesearenotcoveredin thiswork. | will make obsenationsonthe potentialbenefitfor
thesetechniquesn the Section5. Work by Bodik haspresented restructuringPRE[7] that
replicatecodeandtransformsontrolflow to creatingregionsof full andnoredundanyg, which
areoptimizedasnecessaryHis Ph.D.thesis[13] conjectureshata speculatie, nonrestructur

ing, codemotion-basedPREis nearlyaseffective atreducingtheamountof redundanyg, sothe



restructuringalgorithmwasnot implemented.Finally, Lin presentsa methodfor speculating

loadspastmay-aliasstoreq21]: its potentialis discussedn Chapters.

2.2 PDE Methods

PDEmethodwriginatedin parallelwith PREmethodswhich have recevedmoreattention
from the programoptimizationcommunity Severalpapershave presenteaptimizationmeth-
odsthateitherdirectly addresshe PDE problemor performa subsebf PDE optimizationsas
asecondaryeffect of anotheroptimization.Thesemethodsarereviewedin this section.

Prior to describingprevious PDE schemesseveraltermsmustbe defined. The term “as-
signment”in this work is definedasa registerwriting operationor a storeto memory Two
instructionsare consideredo be computationsof the sameassignmentf they write to the
sameregisteror memorylocation, performthe sameoperation,and have identicaloperands.
An assignments more strictly definedthanan expression,as expressionglo not have a re-
strictionon destinatioroperandsin this thesis the PDE optimizationis assumedo operateon
assignmentby removing thosewhich arepartially dead.PDE methodshasedon codemotion
operateby “sinking” or “delaying” assignmentomputationsmoving themto later control
flow locations;thesetermsare usedinterchangablythroughoutthis work. An assignments
sinkableto anotherdocationif no intermediateassignmenpreventsthe motion; motionis pre-
ventedif anassignmens resultis used,a sourceor destinationoperandis redefined,or, in
the caseof memoryassignmentsanotherassignmeninay accesghe samememorylocation.

Codemotionis safeaslong asit doesnot introducenen computationsalongary pathof the



programand only eliminatescomputationsvhich are completelydead. Although PRE and
PDE are problemswith mary parallelproperties,one canhave specificrequirementdor ag-
gressve optimizationthatthe otherdoesnot have, dueto the differencedetweenrexpressions

andassignments.

2.2.1 Knoop PDE

Knoopetal. [2] provide the mostwidely recognizedsystematiavork in partialdeadcode
elimination. Priorworksperformedimited PDE,oftenasabyproductof anotheroptimization.
Similarto Knoop’s PREalgorithm,Knoop’s PDE s bothoptimalandnonrestructuring.

The methodpresentedy Knoop is composedf two stages. The first stageperformsa
dataflav analysisto find the latestposition(s)at which all assignmentsansafelybe delayed
alongall paths.It thenreplicateghe assignmentomputationsat thoselocations.The second
stageperformsstandarddeadcode elimination, removing the original occurrenceof the as-
signmentandany new deadoccurrencesln cyclic coderegions,if anassignmenis computed
in every paththrougha loop bodyandis not usedin the sameor subsequeniterations,it can
be sunkout of the loop. The sinking and deadcode stagesare separatedecausdully-li ve
and sinkableassignmentomputationanay block the motion of partially deadassignments
dueto antidependencénedisadwantageof the separatiorof stagess thatself-antidependent
assignmentgthosethatwrite to their own operandsgannotbe migratedwithout splitting the
assignmeninto two separat&omponentssincethe original computations not madedeadby

the copiesintroducedby the codereplication.

10



Dataflow predicates
a=x+yis:
- left symbol
@ dead
© partially dead
QO live
right symbol
@ totally delayable
O not tot. delayable

(a) Control flow graph with PDE dataflow (b) After optimal (Knoop) PDE

Figure2.3 Exampleof KnoopPDE

Considerthe examplein Figure 2.3(a). The assignmentomputationa = X + y in basic
block 1 is deadalongthe programpath that passeghrough2, but may be live through 3.
Using Knoop’s method,this assignmentanbe sunkto blocks2 and3. The subsequendead
codeeliminationremovesthe computationsn 1 and2, resultingin the codein Figure2.3(b).
Nothingmorecanbe donein this coderegion, sinceno assignmentomputatiorcanbe safely
sunkwithoutintroducinga computatioron a pathwhereit did not exist previously.

Onedisadwantageto Knoop et al’s methodis thatit may sink computationsvithout any
coderemoval. This may createnonbeneficiatodegrowth. Motion-based®DE in generalalso
pusheghe computation®f valuescloserto their useswhich mayexposestalls.

Knoop et al’s methodalso haslimitations which preventit from removing all partially
deadcode. First, it is limited by the structureof the control flow graph:in Figure2.3(b),the
assignment# basicblocks2 and3 are partially dead,but sincethe computationcannotbe
safelymovedinto 4, no optimizationcanbe performedoy codemotionalone.By transforming
controlflow or utilizing predication this partially deadcodecanbe removed. However, such

transformatiorhasnegative tradeofs, suchas potentially exponentialcode expansionor the

11



insertionof mary predicateoperations. In addition, not all cyclic code can be completely
unrolled,so somepartially deadcodecannever be entirely removed. In thesesituationsthe
PDE optimizationis directedby specializingfor programbias. Laterwork attemptdo address

thesessues.

2.2.2 Transformation-basedPDE

Justprior to the publicationof Knoop’s PDE algorithm, Feigenet al. [22] presentvari-
ousexamplesof partial deadcoderemoval, which they termtherevival transformation This
involves“detaching”assignmentomputationgnd“reattaching”themcloserto theirusesun-
der morerestrictve control conditions. In somecasesjt moves*“superstructure’aroundthe
partially deadcodeto enableeliminationthatis not possiblewith Knoopetal. s algorithm.

An exampleof the restructuringaspectof the revival transformatioris presentedn Fig-
ure 2.4, which usesthe samenotationas Bodik and Guptas [5] paperfor comparison.Each
branchis divided into two componentsa calculationof the predicateusedto decidebranch
direction,andthe branchitself, which is denotedyy the nameof its predicate Theassignment
X = a + b is deadalongtheF pathleadingfrom the branchon P2, but is live alongthe T path.
Becausehe assignmenis not safelysinkablealongthe T pathof P1, Knoop’s methodcannot
be used.Therevival transformatiorfirst movesthe branchandfollowing hammockregion of
P1 downwardinto boththe T andF pathsof P2, resultingin the codein Figure2.4(b). The
assignmentomputatiorunderP2’s falseconditionis exposedandeliminated resultingin the

codein Figure2.4(c).

12



branch P2

branch P1 branch P1
T F

]
q=a X =a+b
(a2 1)F
z=Id[x] z=Id[a]
z =Id[x] z=1d [a]

(a) Unoptimized Code (b) Transformed Code (c) Optimized Code

Figure2.4 TheRevival Transformation

Although the authorspresentsomeinterestingcasesand propertiesof PDE that were not
addressedby Knoop et al., suchasthe restructuringof control flow to exposemore PDE op-
portunities,they do not presenta unified algorithmto performthe PDE optimization. The
paperalso doesnot move assignmentsut of or acrossloops or othercyclic regions, miss-
ing significantoptimizationopportunities. This paperdoesshov someof the possibilitiesof
transformation-basd@DEbut doesnothelpin performingaglobaloptimizationof partialdead
code.

Bodik and Guptal[5] later presented PDE algorithmto addresghe shortcomingsof the
revival transformationgalledthe slicing transformation Figure2.5 shovs anexampleof their
method,usingthe samecoderegion asthe revival transformatiorto illustratethe differences.
Again the computationx = a + b is deadalongthe false pathleadingfrom P2, but is live
alongthe T path. The slicing transformatiorreplicatesand hoiststhe predicatecomputation

andbranchfor P2 aroundtheassignmentiesultingin Figure2.5(b). As aresult,the statement

13



(a) Unoptimized Code (b) Predication of Assignment (c) Fully Optimized Code

Figure2.5 The Slicing Transformation

is no longer partially 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 the P2 predicatecomputatiorandbranchhave
beenintroducedno additionalinstructionswill be executedalongary pathandthe sizeof the
resultingcodeis slightly smallerthanthe resultof therevival transformation.

The slicing transformationcanaddressll agyclic partial deadcode,at the costof poten-
tially exponentialcompleity andcodeexpansion. However, it doesnot needlesslyeplicate
codewhich doesnot contribute to the PDE optimization. Bodik and Guptaalso discussthe
tradeofs for removal of cyclic partially deadcode. Thus, Bodik and Guptapresenta PDE
schemeéhatcanremove all agyclic PDE casesvithout theintroductionof additionalcomputa-

tionsditionalcomputationsglongarny pathandduplicatesa targeted,minimal amountof code.

14



Alias analysis: [x] and [y] never alias; foo() may use or define [x]

0: 0: a=lds[x] 0: a=lds[x]

: a=Id[x]
b =Id [y++]
a=a+b

: : if(p)st[x]=a
b =1d [y++] p=0

a=a+b call foo()

a=ld.s[x]

Cb=ldly]
a=a+b call foo()
a=lds[x]

10000
10000

5:if (p)st[x] =a

(a) Original control flow graph (b) After speculative partial redundancy (c) After profile-directed predicated
with edge profile weights elimination (with st/ld coalescing) partial dead code elimination

Figure2.6 Exampleof Cyclic PDE

Sincetheslicing paradignprojectsfuture controlflow backontooriginal computatiorsites
ratherthansinking computationsnto “future” control flow, it cannotaddresscasesn which
future computationcannotsafelybe performedearlier Thus,it doesnot allow the restructur
ing of codein loop bodiesthatis partially deadbecausef computationsn subsequenibop
iterations. For example,in Figure2.6(b),the assignmenst[x] = a is partially deadalongthe
left-handpath, but the condition of the branchat the end of block 1 may not be movedto a
prior iteration. Only by sinking codecanthe PDE situationbe eliminated.In loops,therefore,
Bodik’sapproacHhalls backonalimited amountof replicationfollowedby Knoop’s basicsink-
ing technique For the examplein Figure2.6(b),the storecannotbe removedfrom theloop by
theslicing transformationlt is possibleto remove the storefrom someloop iterationsvia loop

unrolling, but it cannotbe entirelyremovedvia transformation-baselDE methods.

15



2.2.3 Property-oriented expansionPDE

Stefen [24] presentsa PDE algorithmbasedon codeexpansionin his work on property
orientedexpansion(POE).His schemeperformscodeduplicationandtransformatiorto turn
partially deadassignmentomputationsnto completelydeadand completelylive computa-
tions,asopposedo Knoop’s codemotion. The methodis enabledoy thetransformatiorof the
codeinto a moreabstractransitionmodel. This POE PDE methodallows removal of partial
deadcodethat cannotbe addressethy genericcodemotiontechniquesbut with a worst-case
costof exponentialcompleity andcodeexpansion. The corversionto andfrom a transition
modelalsocreatescompleity, asdoestheintroductionof nondeterminismn the model. Be-
causeBodik andGuptas transformatiormethod[5] is capableof the sametransformationst
lower codereplicationcostandin a moreintuitive fashion,POE-basedDEis notasdesirable

for implementationn IMPACT andis notdescribechere.

2.2.4 Predicate-enabledPDE

Guptaetal. [4] present pathprofile-guidedoartialdeadcodeeliminationusingpredicated
instructions.For frequentlyexecutedpathsin the program they find the estimatedenefitsand
costsof eachcomputationanddelayit to the mostprofitablelocation(s). This canintroduce
calculationsof the assignmenbn pathswhereit waspreviously absentso predicationis used
to preventexecutionon thosepaths.

Considettheexamplein Figure2.7(a).Usingprofile information,moving theassignmena

=x*yfromblock 3 to 5 will removethe93 executionsof theassignmentor thepathl1-3-4-6,

16



Path Freq
1-2-45 |3
1-2-4-6 7
1-3-45 |3
[ 1 | 1-3-4-6 |97 [1: |
7 100 o 00
2. a=b*c 3 a=x*y 2. a=b*c R ——
p=0 p=1
10 100 Y 100
L4 | E |
0 00 10 00
5: z=a+w 6: a=d*e 5. if(p) a=x*y 6: a=d*e
z=a+w
(a) Before optimization (b) After optimization

Figure2.7 Predicated®DE

but introduces3 executionsof the assignmenon path1-2-4-5. Sincethisis a net savings of
90 executionsit is profitableto performthe optimization;the assignmenis movedto block 5,
apredicatesetinstructionis insertedn block 3, anda predicateguardinstructionis insertedn
block2. Thus,thenumberof executiondor theassignmenis reducecandprogramcorrectness
is maintainedIf anattemptis madeto sink theassignmena = b * ¢ from block 2 to block 5,
the analysiswill find that 7 executionswill be sared on path 1-2-4-6, but 7 executionswill
beincurredon path1-3-4-5. Sincethisresultsin no netexecutionsavings, the transformation
would not be performed.

Oneimportantnotewith regardto usingpath-profileinformationto performthecost-benefit
analysisis that edgeprofiling is no lesscapableof finding the optimal numberof computa-
tions. This hasbeenshown for the dualPRE problemby both Bodik [13] andlaterby Caiand

Xue [17]; the proofsfor the PREsituationapply similarly to the PDE case.
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Guptaet al.s methodin its presentedorm doesnot recognizethe relative costof predi-
cateoperationgn its cost-benefiinalysis. Thereare situationswheresinking an assignment
to reduceexecutionby a smallamountcanrequirea large executioncountof predicateclear
operationgo be introduced,reducingperformanceof the program. For the examplein Fig-
ure2.7,if theweightsof edges2—4 and4—6 werechangedo 1010and1100,respectrely,
Guptas PDEwould resultin the samecodemotionasshovn. However, 1010predicateclear
operationsvould have beenintroducedfor a reductionof 90 in the assignmeng execution,
which mayimpairthe commonpaththroughthe coderegion. Recognizingandcontrollingthis
costis necessaryo permitgeneralusageof a predicate-baseBDE algorithm.

Anotherlimitation of Guptas methodis thatit is conserative within cyclic coderegions.
It requiresthatanassignmenbe deadthrougha loop backedgein orderto sinkit pastaloop
exit. Although this may simplify predicateanalysis,it doesnot allow motion of statements
thatmay be deadon somepathsthroughaloop bodybut areusedin otherpaths.Considerthe
examplein Figure2.6(b): thestoreassignmenst [ Xx] = a is deadonthefrequentjeft-hand
pathof theloop, but is potentiallylive on the infrequent,right-handpath. It is possibleto use
predicationto sink this storeassignmento blocks3 and5, obtainingthe codein Figure2.6(c).
However, Guptas techniquedoesnot allow the motion of the assignmenacrosshe loopback

edged4—1, becausst [ Xx] = aisliveonexit 4—5.
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2.2.5 Opportunistic PDE

August et al. [25] mentiona PDE schemethat works locally and opportunisticallyon
already-predicatedode ratherthanactively predicatingfor the purposeof deadcoderemoval.
If apartially deadassignmentomputatiorhasbeenincludedaspartof anif-convertedregion,
it canbe scheduledafter any succeedingpranchesn its hyperblockif its destinationis dead
alongthe taken pathof the branch. This may enablea scheduleto generatea morecompact
staticcodescheduleln thecodeexampleof Figure2.6(b),thestoreassignmentannotbesunk

becausét maybelive acrosgheloopbackedge.

2.3 Combined PCE Methods

Lo et al. [9] presentPRE and PDE for loadsand stores,respectiely, in the contet of
registerpromotion.Thiswork termsthe partialdeadcodeproblemfor storesasaPREproblem,
althoughthe conceptsnvolvedarestill similarto previousPDEwork. The hoistingof loadsis
donewithin the SSA framework, asspecifiedoy Chaw et al. in their SSAPREwork [6]. For
the PDE of storestheir methodusesa staticsingleuse(SSU)representatiorthe dual of SSA
form, to identify partially deadstores. As the nameimplies, the SSUform createsa unique
identifier for eachusedinstanceof a variablein a program:thoseassignmentshat have the
sameoperatorand whoseresultshave the sameusescan be treatedasthe sameassignment,
eventhoughthey mayhave lexically differentsourcevariables.This assistsn building agraph
of storesandtheir uses.They usethis SSUform to performthe SSUPRBbptimization,which

speculatiely sinksstoresreferencingsafelocationsto the exits of partial-deadegions.
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Alias analysis:  [x] and [y] never alias; foo() may use or define  [X]

0: 0: a=Id[x]

ca=ld[x] 3 stx]=a
b = Id [y++]

a=a+b

b =Id [y++]
a=a+b call foo()
a=Id[x]

st[x]=a

(a) Before optimization (b) After optimization

Figure2.8 Speculatre RegisterPromotion

Considertthe examplein Figure2.8(a). Therearerepeatedccesse thememorylocation
x in block 2, but thefunctionfoo() potentiallyaliaseswith thatmemorylocation,preventinga
simpleregisterpromotion.However, the hot paththroughtheloop, incorporatingblocks1, 2,
and4, doesnothave ary may-aliaanemoryoperationslf x is anaddressvhichis alwaysvalid
(suchasalocal or globalvariable),a registerpromotioncantake placein this region, denoted
by the yellow-tinted path. The compilercanspeculatiely insertloadsfrom x to a promotion
variableat the entrance®f this region (blocksO and3), placestoresfrom the variableto x at
the exits (blocks 3 and5), andchangeall loadsandstoresof x within the region to usesof
the variable. This resultsin the codein Figure2.8(b). The decisionto speculatds basedon
the executioncountsat the entrancesandexits of theregion: if the sumof executionat those
locationsis lessthan the currentsum, then the memory operationsare speculatedo those

locations,andthe memorylocationis promotedto a registerwithin theregion. The execution
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of loadsandstoresto [x] have beenreducedrom 20 000to 30, sothetransformations found
to be beneficial. Sincetheregisteris alwaysloadedat the entrance®f the region andalways
storedbackto memoryattheexits with no modificationsof thecorrespondingnemorylocation
in betweenthisis a safetransformation.

For PREon loads,this methodoperatesimilarly to otherPREschemeslt hastwo draw-
backsasa generalpartial deadcodeeliminationscheme.First, whenperformingspeculatie
motion it performsonly an “all-or-nothing” motion in which assignmentsre moved to the
furthestpositionspossiblein the partial redundance/deacbderegion. It is possibleto have
anoptimizationopportunitysuchthatthe optimalspeculatie locationsarenot attheentrances
andexits of theregion, but ratherwithin the region. Similar to PRE,a minimum-cutcompu-
tationis capableof finding the optimalinsertionlocationsfor givenprofile data.SecondLo’s
speculatie storesinking cannotmove memoryoperationswith potentially unsafeaddresses
andothertypesof assignmentgjueto lack of guardingpredication.If theseproblemscouldbe
correctedijt would resultin ageneralmotion-based®DE schemavhich maybemoreextensie
thanotherexisting motion-based?DE methods.

Bodik etal., in work prior to [4, 5], performaload-storecoalescingor arrayreference$3],
similar to Lo’s method. This methodis powerful in that array referenceshave betteralias
informationbetweereachother dueto value-basedataflav analysighatdeterminegrecisely
which memoryoperationsn a loop iterationandacrossloop iterationswill alias. However,
this methodonly appliesto storeassignmentshat referencearray elements.It alsorequires

prologueandepiloguecodefor loopsin orderto preventinvalid accesses.
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BriggsandCoopel{26] presentlimited form of PDEin thecontext of their partialredun-
dang elimination optimization. Their PRE schemepropagategxpressiondorward to their
usepoints,in an effort to build larger expressionsandassociatanore computationgogether
In the PDE context, thisensureshatall computation®f anassignmenéreused.However, this
may inadwertentlyimpair someprogrampathsby sinkingassignmentgto loops,from which
they might not be removed without a speculatre PRE algorithm (which introducespartially
deadcode).Becauseghis methodis inherentlylinkedto the PREalgorithm,it will notaddress
partialdeadcodethatis notalsopartially redundantSincethestorein thecyclic codeexample

of Figure2.6(b)cannotbe hoistedvia PRE,it will notbeaddressetly expressiorpropagation.

2.4 Implementation Candidates

PREandPDE techniquesxist in mary forms, varyingfrom Knoop’s optimal methodso
moreaggressie techniquesTheoptimalandspeculatie motion-based®PREmethodsaregood
candidategor implementatiorin IMPACT, asthey satisfythe criteriaestablishedtthe begin-
ning of thesection.Optimal PDE,modifiedto limit motiononly to partially deadassignments,
is alsoa candidate However, no PDE methodexistsin literaturethatcantreatall assignments
and control flow structureggenerallyand hasminimal codegrowth. A new form of PDE is

necessaryo satisfyall thesecriteria;it is discussedn Chapterd.
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CHAPTER 3

SPECULATIVE PARTIAL REDUNDANCY ELIMIN ATION

Presentedh Figure3.1is the algorithmfor the IMPACT compiler’s SM-PREoptimization. It
is anadaptatiorof CaiandXue’s SM-PREalgorithm[17], modifiedto operateat basicblock
granularity have reducedverheadgenablecoalescingf differentmemorytypes,andmarkall
speculatedomputationsThelatteris necessarjo speculatgotentiallyexceptingexpressions.

The SM-PRE algorithm consistsof three phases:dataflav analysis,motion graphcon-
structionand minimum cut calculation,andcodemotion. The dataflav analysisprovidesthe
informationto constructthe motion graph,which representshe possiblerangeof motion for
all expressioncomputations.Eachedgein the motion graphhasan associatedveight, ob-
tainedfrom controlflow graphedgeprofiling. A minimum cut acrosshis motion graphfinds
the optimal placemenbf computationdor the expressionwith the givenrepresentationFi-
nally, SM-PRE performscodemotion, utilizing two additionaldataflov analysedo find the
final positionsfor new andreplacedcomputations.

Prior to the algorithm, all critical edgegedgesconnectinga multiple-successanodeto a
multiple-predecessarode)have beensplit by insertinga new nodein the “middle” of each
suchedge. This ensureghat for eachedgethereexists a control-equvalentnode,eitherthe
predecessoor the successglinto which operationamay be insertedasif they wereinserted

ontothe edgeitself. CaiandXue assumesdgeplacement.
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1: splitall critical edges
2: repeat
3:  find Avail, PartialAvail, Antic, andPartial Antic

4:  for eachpartially redundanexpressiordo
5 constructmotiongraph
6: if motiongraphnotemptythen
7 find motiongraphmin-cut
8 if min-cutis notatoriginal computatiorpointsthen
9: marknew computations
10: end if
11: end if
12:  endfor

13: find Isolated

14: insertnew computation@andmoves

15: reachingexpressioranalysisandattribute copying

16: removeold computations

17:  performcoalescingptimizations

18: until no codemotionin currentiteration

19: absorbemptyblocksresultingfrom critical edgesplitting

Figure3.1 SM-PREAIgorithm

The motivating examplefor this presentatiorof SM-PREis a store-loadcoalescingper
formedaspart of loop-biasedegisterpromotion. The exampleis shovn in Figure3.2. The
expressiond [x] is movedoff the hot pathof theloop, 1-2-4, into coldersectionsgffectively
promotingthe memorylocationpointedto by x to aregister A PDE algorithmwill beusedto

move the storeto x out of theloop.

3.1 Expressiondn SM-PRE

SM-PREoperate®n all hoistableoccurrencesf anexpressiorsimultaneoushandraises
themto early programpointsto minimize executionweight for a given profile. Concurrent
examinationis necessaryo accuratelymeasurehe benefitof motion, ashoistingmotionsof

severaloccurrencesnayonly collectively have a benefitjustifying the movementcost.
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Alias analysis:  [x] and [y] never alias; foo() may use or define  [x]

0: h=lds[x]

: a=h
b =ld [y++] b =ld [y++]
a=a+b call foo() h=h+b call foo()
stixl=a h=1d:s [x] stix]=h h=lds[x]
h=ld.s [x]

(a) Original control flow graph (b) After speculative partial redundancy
with edge profile weights elimination (with st/ld coalescing)

(c) After coalescing optimizations

Figure3.2 MotivatingExamplefor SM-PRE

SM-PREoperate®n alow-level, virtual registerbasednternalrepresentationAn expres-
sioncaneitherbe a computationwhich writesto anarbitraryregisteror a storeoperation.The
cost-benefianalysisoperationson oneexpressionat a time, whereeachexpressiormay con-
sist of multiple computationgeacha staticinstruction). Computationsare groupedinto the
sameexpressionif they performthe sameoperationand have identical sourceoperandgor
destinationaddressin the caseof stores). Commutatve operationsare expressedn canoni-
cal form to enhancanatching. A pair of accesseto memoryarerecognizedasbeingto the
samelocation(must-def/must-usédj they referencahe samegloballabelor stacklocation,or
if their operandsarethe sameandthereare no interveningwrites to thoseoperands.Alias-
ing (may-use/may-definformation,usedto identify codemotion constraintgelatingto other
storesjoads,andsubroutinecalls,is obtainedrom a previousinterprocedurahnalysig27].

Becausea signedstore can supply the value of a signedor unsignedload to the same

location, IMPACT’s SM-PRE algorithm modifies Cai and Xue’s algorithmto allow certain
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expressiongo “imply” otherexpressions.A load or storeexpressionimplies all otherload
expression®f the samelengthor smaller eithersignedor unsignedto the samelocation. An
implied expressionis treatedasbeingpresentor providing the value of an expressionput is
not moved. An exampleof this is shavn in Figure3.2: the expressionst [ Xx] = a implies

theexpression d[ x] .

3.2 SM-PRE Dataflow Analysis

The SM-PREdataflav analyseddentify the locationswhereexpressionsare partially or
completelyredundantpreparingfor the cost-benefitinalysisin the secondstageof the algo-
rithm. They arebitvectordataflav analysesrun for all all expressionsn parallel. Table3.1
shawsthelocal (singlebasicblock) propertiesof anexpressionusedin the dataflav analyses.
The Place propertiesarefound during the minimum-cutcomputationwhile the otherprop-
ertiesarecalculatedbeforetheinitial dataflav analyses.in the codeexample,the expression
Id [X] is N_Comp, X_Comp, andImplied in block 2. The expressionis not Trans in
blocks?2 or 3, becauséhe storeto [x] aliasesandthe call to foo() potentiallyaliaseswth the
loadexpression.

Thereare threetypesof dataflav analysegerformedfor SM-PRE,shovn in Table 3.2.
Thefirst set,the availability analysesdetermineghe locationswherean expressiorhasbeen
previously computed.Availability analysisindicateswherean expressiorhasbeencomputed
alongall incomingpaths. Partial availability analysisindicateswherean expressiorhasbeen

computedalongsomeincomingpaths,ndicatingwherecodemotionmaybe profitable. These
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Table3.1 SM-PRELocal Dataflov SetsFor Block n

Expressiore €  iff

N_Comp, anexpressionsresultis computedn theblock andis notblockedfrom
beinghoistedto the beginningof the block.

X_Comp,, anexpressiors resultis computedor otherwiseavailablein the block
but cannotbe hoistedto the beginning of the block, dueto a blocking
memoryexpressioror a definition of a sourceoperand.

Implied,, an expressions resultis implicitly availablein the block due to the
presencef a differentexpression.For example,aload expressionis
implied when a store expressionreferencingthe samememoryloca-
tion is present.This allows load-storecoalescing Expressionshatare
Implied,, arealsoX_Comp,,.

Trans, anexpressioncannotbe movedthroughthe block, dueto a definition
of asourceoperancbr analiasedmemoryaccess.

N_Place,, anexpressiomwill becomputedatthetop of theblockaftercodemotion
is complete:it is eitherN_Comp,, andnot profitablefor motionor a
new computatiorinsertedby the algorithm.

X_Place,, anexpressionwill be computedat the endof the block after codemo-
tion is completeit is eitherX_Comp,, or anen computatiorinserted
by thealgorithm.

Table3.2 SM-PREGIobal Dataflov Analyses

Avail‘fnut = Trans,, N (N_Compm U Availg;) (3.1)
Availl? = [ (X-Comp, U Avail}™) (3.2)
ne€pred(m)
PartialAvail?™ = Trans,, N (N_Compm U PartialAvailiT;') (3.3)
Partial Availl? = U (X_Comp,, U PartialAvail0™) (3.4)
nepred(m)
Antic,; = N_Comp,, U (’I‘ransm N Anticfn“t) (3.5)
Antic®™ = X_Comp,, U ﬂ Antic® (3.6)
ne€succ(m)
PartialAntic} = N._Comp,, U (Trans,, N PartialAntic®™) (3.7)
PartialAntic2"®* = X _Comp,,U U Partial Antic® (3.8)
n€succ(m)
Isolated,®> = X_Place,, UIsolated2™ (3.9)
Isolated2™ = ﬂ (N_Placen U (Isolatedinn N N_Compn)) (3.10)
nesucc(m)
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Alias analysis:  [x] and [y] never alias; foo() may use or define  [x]

SOURCE

2: a=Id[x]
b=1d [y++]

Dataflow Predicates 2 a=lds[]

1d [ is b =Id [y++]
‘ Avail a=a+b

0 PartialAvail st g2
o NotAvail \ 10005
‘ Antic

C PartialAntic

O NotAntic
(a) Control flow graph with MS-PRE dataflow (b) Motion graph

SINK

Figure3.3 SM-PREDataflav andMotion Graph

are both forward bitvector propagationsand are describedby Equations(3.1) — (3.4). An
importantnote here: an expressioncomputatiorthatis N_Comp and Avail'™ is completely
redundantandis marked for removal immediatelyafter the dataflav analysisis completed.
Thesecomputationg@renotaddressetly themotiongraphrepresentatioandmustbe handled
in this manner Figure3.3(a)shavs theresultsof dataflav analyse®n the codeexample:note
thatonly theexit of block 2 is fully available,all otherblock entrancesindexits areeithernot
availableor only partially available. The exit of block 3 is not partially availablebecause¢he
call to foo() mayoverwrite[x], sotheblockis nottransparento the expression.

The secondsetof analysesarethe anticipability analysesindicatingwherean expression
will be computedn the future. Anticipability indicatesif anexpressiorwill be computedat
or afteralocation. Partial anticipabilityindicateswhenan expressiormay be computedalong
somefuture path. If anexpressions not partially anticipatablejt cannotbe hoistedinto the

region, excludingit from themotiongraph.Bothanalysesrebackwarddataflav propagations,
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asindicatedin Equationg3.5) — (3.8). In the codeexamplein Figure3.3(a),l d[ x] is fully
anticipableonly at the entranceof block 2. It is not partially anticipableat the entranceto
block 3 becausé¢he call to foo() may overwrite[x].

Thefinal analysiscalledisolatedanalysisjs performedafterthecost-benefianalysisandis
usedfor determiningpropetrinsertionof writesto expressiortemporariesThesameanalysiss
performedoy Knoopetal’sbasic-blockPDEalgorithm[10]. Its useis explainedin Section3.4.

It is importantto notethat both the Partial Avail and Antic analysesare not required
from a codemotion standpoint:the algorithmis capableof placingcodein the optimalloca-
tions,which CaiandXue [17] demonstrateHowever, the Antic dataflav analysiss necessary
to find whetheraninsertedexpressions completelyanticipatablgwill alwaysbe calculated)
duringcodemotion; if a new computations insertedat a locationwhereit is not anticipable,
thenthereis at leastoneexecutionpaththroughthatlocationthatdid not computethe expres-
sion prior to codemotion. If anexpressioncancausean exception,a newv computatiorof the
expressionplacedat a nonanticipabldocationmustbe marked to deferor ignore exceptions
to presere programcorrectnessThe Partial Avail dataflav analysisis usedto restrictthe
motion graphto thoselocationsthatarepartially availableandthuspotentially profitable. By
restrictingthe motiongraphto blocksthatarepartially availableor thatborderpartially avail-
ableregions, the motion graphcanbe significantlyreducedin size. The sameminimum cut
closestto the sink nodewill be found without utilizing this property but sincethe minimum
cutcomputatiorhashighercomputationatompleity thanabitvectordataflav analysisandis

performedfor every partially redundanexpressionthis reductionis desirableIn experiments
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on the SPECint2000 benchmarksuite this hassignificantly reducedthe algorithmoverhead.
Cai and Xue do not utilize this property: it is likely thatthe smallersize of their benchmark
suiteandthelimitationsof speculationn a Javaframewnork do not provide aslarge or asmary

motiongraphsasmanifestedn the SPEC2000benchmarisuite.

3.3 The SM-PRE Motion Graph and Minimum Cut

For eachexpressionwith somepartially redundantomputationa weighted,directedmo-
tion graph is constructed. This motion graphrespresentshe potentially profitable hoisting
pathsfrom original computationgo pointswherethey arenolongerredundantAn emptymo-
tion graphsignifiesthatanexpressiorhasno partialredundang in the program.A minimum
cut of the edgesof the graphthatrenderghe sink nodeunreachablérom the sourceindicates
the mostprofitablelocationfor computationof the assignment.This may occurat the origi-
nal computationpoints(indicatingthat no codemotionis profitablefor thatexpression)or at
anotherocation,which representshe locationfor profitableexpressiorhoisting. The motion
graphsenesasa surrogatefor the control flow graph;oneof its mostimportantpropertiess
thatit treatsforwardandbackedgesuniformly, allowing motionthrougheithertype of edge.

The motion graphfor an expressionr is derived using the Avail, PartialAvail, and
Partial Antic setsfrom the controlflow graph. For eachedgee,, ,, n, — n,, in the control

flow graph,adde,, ,, andnodesn,, andn, to the motiongraphiff

r € (Partial Antic}® N Partial Avail)®) — Avail2"*
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Eachedgeis assignedh weightequalto the correspondindpranchor fallthroughweightfrom
profiling. Partial anticipatabilityindicatesthat an expressionis computedat somelater point
and can be hoistedinto the given edge. Available edgesare not profitablefor hoisting be-
causeexpressioncomputationsalreadyexist on those paths; corversely edgesthat are not
partially available are not profitablefor hoistingbecauseno redundantomputationsexist on
thosepaths. Thus, the motion graphis limited to thoseedgeswheremotion is possibleand
may be profitable.

Becausealataflav analysids performedatthegranularityof basicblocks,asinglenodecan
bebothanoriginal computatiorpointandahoistingpointfor thesameexpression For themo-
tion graphto accuratelyrepresenthis situation,suchblocksmustbe split into anentrance/eit

pair: noden is split iff

r € N_Comp N Trans

This edgeselectionprocessnay resultin a multiple-source multiple-sinkgraph. To pro-
vide the correctformatfor the minimum cut calculation the graphis corvertedto have single
sourceandsink nodes All nodeshathave noincomingedgesareconnectedo the sourceand
andall nodeswith no outgoingedges(which mustbe N_Comp) are connectedo the sink
node. The additionaledgesare assignedveightsequalto the executionweightsof the basic
blocksto which they areattached.

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

the optimallocationfor expressioncomputations.The mechanisnusedin IMPACT is based
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on Goldbeg and Tarjan’s push-relabeblgorithmfor finding maximum-flav [28]. It utilizes
severalheuristicspublishedoy Cherkassk andGoldbep [29] to speedccomputation.

Figure 3.3(b)shaws the motion graphfor the codeexample,with the correspondingnini-
mumcut. Theminimumcut crossegdgeswvith acombinedweightof 15, whichis muchlower

thanthe original executionof 10 005, resultingin a significantexecutionsavings.

3.4 SM-PRE CodeMotion

Theminimumcutof themotiongraphsupplieghedesiredocationsfor insertionof hoisted
expressiorcomputationsA virtual “temporary”registeris definedto hold theresultof the ex-
pression. Expressioncomputationsareinserted‘on” edgesindicatedby the minimum cut;
they areplacedin the control-equvalentblocksexposedby critical edgesplitting. Thesenew
computationgvrite to thetemporaryvariable.If thelocationis not Antic, thenthe computa-
tion is marked asspeculatre. Computationsvhich arereplacedarethosewhich werenot at
the minimum cut in the motion graph,aswell asthosewhich werefound asavailableby the
dataflav.

Figure 3.2(b) shavs the resultof SM-PREcodemotion for the codeexample. Computa-
tionsareplacedon the edges0—1 and3—4, which correlateto the exits of blocks0 and 3.
Sincethoselocationsarenotanticipatabletheloadsmustbe markedasspeculatre. A compu-
tationmustalsobe placedat 2—4, sincest [ x] = a implies| d[ x] andmustprovide the

resultof the expression.

LIMPACT’s copy propagatioroptimizationsoftenreplacesexisting virtual registerswith the temporaryregis-
ter, which exposeanoreopportuntiedor expressiormatchingandmotion.
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In additionto new computationswrites to the expressions temporaryvariableby pree-
isting computationsnustbeinsertedat all original, not-remwaedexpressiorcomputationghat
canreachadeletedexpression.Thisrequiregheisolatedanalysisasshavnin Equationg3.9)—
(3.10). Movesareinsertedor N_Comp locationswhenthoseareN_PlacenN Isolated™ and
for X_Comp locationswhenthoseareIsolated®t. The Implicit predicateéndicateswhen
an expressions implied andcannotbe lexically matchedtheseareinsertedandremoved by
subsequentocal optimization. No computationsn the code example are isolated, so that
dataflav analysiss notshown.

Next, areachingexpressiordataflav analysis similarto a corventionalreachingdefinition
analysisfindsfor eachnewly insertedcomputatiorwhich to-be-remeedcomputationganbe
reached.Becausdhe nev computatiorreachegheto-be-remeed computationjt waseffec-
tively generatedy hoistingthe to-be-remeoed computationand musthave similar behaior,
especiallyfor deferralof or ignoring exceptions. Cai and Xue do not performthis because
they do not move expressionsvhich may causeexceptions. After performingthe reaching
expressioranalysisandfinding all pairsof computationsattributesarecopiedfrom theto-be-

removed computatiorto the new computation:

e Synchronizatiorarcsconnectmemoryoperationswvhich may conflict. Thesemustbe

copiedto thenew computatiorto preventillegal reorderingof memoryoperations.

¢ If ato-be-remeedcomputations marked asspeculatre andthushasspecialexception

handling,all nev computationghat reachit mustalsobe marked asspeculatie. Note
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thatthe new computationgnay be completelyanticipable sothey would not have been

marked speculatie previously.

e Otherattributeswhich assistateroptimizationstagesarealsocopied.

Expressiorcomputationsrethenremovedat original computatiorpointsthatareincluded
in the motion graphbut arenot at the minimum cut, andat locationswherethe computation
is fully available. The removal consistsof corverting the expressioncomputationto a move
of the expressions temporaryvariableto the destinationof the computation. The temporary
variablehasbeenwritten by previouscomputation®nall pathseadingto theremovedcompu-
tation’slocation,maintainingcorrectnessandnew computationhiave beenmarkedspeculatre
asnecessaryo maintaincorrectexecution. This resultsin the codein Figure 3.2(b). Finally,
coalescingoptimizationssuchascopy propagatiorareperformedto propagateéhe new “tem-
porary”valuelocally andglobally, andaglobaldeadcoderemoval is alsoperformedgxposing
new opportunitieor PRE.This completeghe optimization;for the codeexample,assuming
thevariablea is deadoutsideof theloop, thisresultsin Figure3.2(c). Notethatall occurrences
of a have beentransformedo h; if a is live aftertheloop exit andh is not, thenall occurrences
of h canbechangedo a. Thisis thetransformatiorshavn in latersections.

It is well known that PREcanincreaseegisterpressurevia the introductionof temporary
registers. BecauseéSPREdeterminegrofitableexpressionplacemenbneat a time, it allows
for moreprecisecontrol of registerpressurghanthe entirely paralleloptimal PREalgorithm.
Whenregisterpressureeaches critical point, furtherPREmotionsarepreventedby terminat-

ing the minimum cut for expressionsandleaving all computationsat their original locations,
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which requiresonly a single passthroughthe control flow graph. Expressionganbe sorted
sothatthosemostlik ely to be profitablehave their minimum cutscalculatedirst. Additional
virtual registersareintroducedby later IMPACT optimizationstagescomplicatingfine-grain

tuning of registerpressurethis methodis only meantto controlsignificantregistergrowth.
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CHAPTER 4

PROFILE-DIRECTED PREDICATED PARTIAL DEAD CODE ELIMIN ATION?

As notedearlierf PDE methodsare often developedasdualsof PRE methods.No dual PDE
methodhasbeenpublishedfor the minimum cut-drive SM-PRE,which inspiredthe creation
of a new profile-driven PDE algorithm. This algorithmis called Profile-DirectedPredicated
Partial DeadCodeElimination, or P3DE It utilizes predicationto enablea broadandgeneral
scopeof transformationAs notedpreviously, the“optimal” PDEalgorithmis only sowhenone
ignoresbiasin programexecution; more aggressie transformations possiblewhen utiliing
an accurateexecutionprofile. Previous methodsare constrainedy practicallimits on code
growth, or have safetyrequirementshat may unduly restrictoptimization.In particular most
prior methodsof PDE have difficulty dealingwith cyclic coderegions. P3DE attemptsto
addresgheseissues.

P3DE:

e usesa control flow edgeprofile to specializeprogrampathsaccordingto detectedex-
ecutionbias, performingsinking transformationghat go beyond thoseallowed by the

“optimal” PDE approach.

! This chapteasbeenadaptedrom a conferencesubmissionlt wasoriginally written in collaboratiorwith
JohnW. Sias.Significantsectionshave beenpreseredfrom theoriginal.
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Alias analysis: [x] and [y] never alias; foo() may use or define [x]

0: 0: a=lds[x] 0: a=lds[x]

2: a=Id[x] : : if(p)st[x]=a
b =1d [y++] o b =1d [y++] o b =1d [y++] p=0
a=a+b S a=a+b call foo() S a=a+b call foo()

(=] o
- a=lds[x] - a=ld.s[x]

5:if (p)st[x] =a

(a) Original control flow graph (b) After speculative partial redundancy (c) After profile-directed predicated
with edge profile weights elimination (with st/ld coalescing) partial dead code elimination

Figure4.1 P3DEMotivating Example

e usespredicationsupportin the compilerandtargetarchitectureif available,to sink any
assignmentgunder Booleanguards)into previously inaccessibldocations,including

thoseacrosdoop backedges.

e minimizespredicationoverheadnsertedandprovidessomedegreeof enhancedinking

in nonpredicate@nvironments.

e incorporates uniform cost-benefimodeltaking into accountboth profile andpredica-

tion overheadin bothagyclic andcyclic controlflow.

Figure4.1shovsthe sameregisterpromotionexampleaspresentedh Chapter3. SM-PRE
is ableto speculatehe loadsout of the commonpathof the loop. However, an unnecessary
storestill existsin the path. Executionof the storecanbereducedesinkingit to lessfrequent
locations,in this caseblocks3 and5. However, becausehis introducescomputationsn the
storeon pathswhereit did not exist previously, suchas0-1-3, predicationmustbe usedto
guardits execution. Thus,the sunken storesareguardedwith a predicatep, which is written
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atthestores originallocation,andclearedatlocationswhich begin pathson which the storeis
notexecuted.

Althoughthis codemotionmaynot seemto be muchof asavingsin execution,asthecom-
mon casehassimply replacedhe storewith a predicatewrite operationtherearesomegains
achieved. Thepredicatewrite doesnot occuy memorybandwidth,canoftenbe performedoy
morefunctionalunits, and doesnot needto wait for the variablea to be computed thuspo-
tentially enablinga shorterscheduleln addition,a chainof sunkenoperationcanbe guarded
with asinglepredicate.

The P3DE algorithmis summarizedn Figure4.2. It is aniterative algorithm mirroring
SM-PRE,consistingof threephases:dataflav analysis,motion graphconstructionand min-
imum cut calculation,andfinally codemotion. The dataflav analysisrevealsopportunities
for profitablesinking motion. The motion graphis a representatiomf the potentialsinking
pathsfor all computationf an assignmentand the minimum cut finds the most profitable
locationfor sinking. Codemotion performsthe actualoptimization. As with SM-PRE,P3DE
hasaccesdo the resultsof control flow graphedgeprofiling. To simplify the presentationt
is assumedhatall locally deadcomputationhave alreadybeenremoved andthatall critical

edgeshave beensplit by insertinga new nodein the middle of theedge.

4.1 Assignmentsin P3DE

P3DE operaten all delayableoccurrence®f an assignmensimultaneouslhanddelays

themto minimize executionweightunderagivenprofile. Concurrenexaminationis necessary
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1: splitall critical edges
2: repeat
3: find Dead, PartialDead, PartialDelay, and Avail

4:  for eachdelayableassignmentio
5 constructmotiongraph
6: if motiongraphnotemptythen
7 find motiongraphmin-cut
8 if min-cutis notatoriginal computatiorpointsthen
9: if unsafepathsto min-cutexist then
10: insertpredicatdnitializations
11: end if
12: insertnew computations
13: endif
14: endif
15:  endfor

16: reachingassignmenénalysisandattribute copying
17: deleteoriginal computations

18: until no codemotionin currentiteration

19: absorbemptyblocksresultingfrom critical edgesplitting

Figure4.2 P3DEAIgorithm

to accuratelymeasurehe benefitof motion, as sinking motionsof several occurrencesnay
only collectively have a benefitjustifying the movementcost. The taskof moving multiple
occurrencesf anassignmenis mademoredifficult by thefactthatassignmentmaynotbethe
samedexically. Someof thebenefitin doingavalue-flav analysigo find similarassignmentis
shownvn by generalizingstoreoperationghataccesshesameaddresssasingleassignmenand
sinking thensimultaneouslyLive assignmentsay exist which block the sinking of partially
deadassignment€?3DEcannotoptimizethesecodepatterns.

P3DE operateson a low-level, virtual registerbasedinternal representation. An assign-

mentcanthereforebeeitheraregisterwriting operatiornor astoreto memory Thecost-benefit
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analysisoperateon oneassignmenat a time, whereeachassignmentnay consistof multi-
ple computationgeacha staticinstruction). Computationsare groupedinto the sameassign-
mentif they write the samelocation, performthe sameoperation,and have identical source
operands.Commutatve operationsare expressedn canonicalform to enhanceamatching. A
pair of accesseto memoryarerecognizedsbeingto the samelocation(must-def/must-use)
if they referencethe sameglobal label or stacklocation, or if their addresseare definedby
the samecomputation Aliasing (may-use/may-definformation,usedto identify codemotion
constraintsrelatingto other stores,loads, and subroutinecalls, is obtainedfrom a previous
interprocedurahnalysig27].

To increaseheefficiency of storesinking,thenotionof assignments generalizedlightly.
Storeoperationghatwrite the samelocation,but storepotentiallydifferentvalues,areassoci-
atedtogetherasgenerlizedassignmentsEachgeneralizedassignmenis treatedasa single
assignmentluring motion graphconstructiorand cost-benefienalysis,enablinga numberof
lexically differentstoresto the samelocationto sink asa unit. Generalizedassignmentsire

revisitedlaterto shav how they impacttheimplementatiorof codemotion.

4.2 P3DE Dataflow Analysis

Dataflov analysis,the first phaseof P3DE,identifiesthe locationsin which assignments
arepartially andtotally dead,providing an outline for potentially profitablesinking transfor
mations. Figure 4.3 illustratesthe outcomeof the analysesandis a useful examplefor this

section. This informationalso helpsboundthe motion graphconstructedn the next phase.
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Alias analysis: [x] and [y] never alias; foo() may use or define [X]

SOURCE
10005

0: a=lds[x]
p=0

2: b=Id [y++]
a=a+b
st[x]=a 10
10005
\J
L 4:
3: call foo() 1 2: b=1Id[y++] : if(p)st[x]=a
a=lds[x 000 8| a=a+b p=0
X [1. S| stg=a—0r call foo()
- =1 a=ld.s [x]
5 P Py Py [
5: )
Dataflow predicates P 3: call foo()
stix|=ais a=Id.s[x]
& i .
© partially dead 5:if (p)st[x]=a
Q Ive
@ partially delayable SINK
ot part. delayable ' c) After profile-directed predicated
(a) Control flow graph with P3DE dataflow (b) Motion graph ( )pa rtialp dead code elin?ination

Figure4.3 P3DEDataflov andMotion Graphfor Loop RegisterPromotionExample

Table4.1 shavs thelocal (singlebasicblock) propertiesof anassignmentisedin the various
dataflav analyses.

Deadcodeanalysisis performedfirst to identify opportunitiesor profitablecodesinking.
Corventionaldeadand partial deadcode analysesare performed,both backward bitvector
propagationsasindicatedby Equationg4.1) — (4.4) in Table4.2. Partial deadcodeanalysis
indicatesthe pathsalongwhich sinkinga computatiormay be profitable. A pathon which an
assignmenis totally live offersno opportunityfor removing acomputationsinceit is required
everywheredown sucha path. A path on which an assignments totally deadrequiresno
computation;sinking a computationto sucha point rendersit removable, so sinking further
offersno additionalgain.

Partial delayanalysigs aforwardderivationbasedn partialdeadnesdt revealstheextent
of the blocksinto which a computatiormight profitably be sunk. Equationg4.5) and(4.6)in

Table4.2 show the analysisrules. Note the differencefrom Knoop’s PDE, which in its total
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Table4.1 P3DELocal Dataflov SetsFor Block n

Assignment €

iff

LocalDead,,

Trans,,

anassignmenis deadat the beginning of the block, eitherbecauséts
destinatioris overwrittenbeforeany useor becaus¢heblock endswith

areturnandtheassignmenis not used.

an assignmenis not madelive (its destinationis not used)in the
block. For storeassignmentsthe destinationmemorylocation must
not have ary may-usen the block. Also, for storeassignmentsad-
dressoperandsmay not be modified. This preventsthe sinking of a
storecomputatiorto a pointwhereit would write a differentlocation.

LocalDelayed,,

LocalBlocked,,

an assignments computedin, and can be delayedout of, the block
without alteringprogramoutcome.

an assignmentannotbe moved throughthe block, dueto useof its
destinatioroperandpverwriting of a sourceor destinatioroperandpr
analiasedmemoryaccess.

LocalAvail,

AvailTrans,

anassignmenis alwayscomputedn ablock andits operand®r mem-
ory locationarenot modifiedafterwards.
anassignmens availability is not affectedin the block. Its sourceand
destinationoperandsare not overwritten; for memoryassignmentgs
memorylocationmaynot be overwritten.

Table4.2 P3DEGIobal Dataflav Analyses

Dead, = LocalDead,, U (Dead’" N Trans,,) (4.2)
Deadi,:’nUt = ﬂ Deadin"1 4.2)
nesucc(m)
PartialDead!> = LocalDead,, U (PartialDead2" N Trans,,) (4.3)
PartialDeadﬁlllt = U PartialDeadinn (4.4)
n€succ(m)
PartialDelay(™® = (PartialDead{™* — Dead{™*) N
(LocalDelayedm U (PartialDelayiTzl — LocalBlockedm)) (4.5)
PartialDelayinrll = U PartialDelany“'c (4.6)
n€Epred(m)
Avail®™® = LocalAvail,, U (Availi,;' N AvailTransm) 4.7
Availl® = | Avail}* (4.8)

nEpred(m)
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delayanalysisequireddelayabilityon all (notany) predecessqgrathsfor ablockto bemarked
delayable.This differenceresultsin moresinking possibilities,including onespotentiallyin-
creasingthe executionof deadcomputations.The minimum cut algorithm describedn the
next sectionselectdrom thesecandidates safeandbeneficialsetof insertionlocations:one
satisfyingprogramrequirements&ndminimizing the numberof computations.

PartialDead dataflav analysiss not strictly necessaryor properfunctionality of the al-
gorithm: skippingit andassumingt is alwaystruein the PartialDelay computationwvould
increasehe sizeof the motiongraph,but the sameminimum cut closesto the source would
still beidentified. Thepartialdeaddataflav analysids includedbecausd is anintuitiverepre-
sentatiorof theregion offering potentialbenefitandcanreducethe sizeof, or eveneliminate,
the motion graph. Onecommoncaseof thisis a computatiornthatis sinkablebut completely
live: sincesinkingit cannotreduceits execution,themotiongraphis empty Because¢he min-
imum cut on the motion graphhashighercomputationacompleity than bitvectordataflav
andthe bitvectordataflov is performedfor all assignments parallel,this graphreductionis
performed;n practicethis providessometime savings.

Finally, an availability analysisis performedon the assignmentsExtendingthe conven-
tional expression-basedefinition[30] to assignmentsgnassignmen is availableata pointp
if everypathto p computesheassignmenandno pathconnectinghemostrecentcomputation
of a to p containsanassignmentio thesourceor destinatioroperand(sdf a, or maywrite to the

memorylocationreferencedy the assignmentAn availableassignmeninay be recomputed

43



with no effect on programoutcome.Section4.4 will demonstratéow this propertyis applied

to avoid unnecessargredicationof sunkencomputations.

4.3 P3DE Motion Graph and Minimum Cut

The PartialDelay setsderivedfor eachassignmenasa resultof the previous bitvector
dataflav analysisdefinethe scopeof potentialassignment-sinkingransformationsFor each
delayableassignmenta weighted,directedmotiongraphis constructedThe minimum cut of
the edgesof this graphthat rendersthe sink nodeunreachabldrom the sourceindicatesthe
mostprofitablelocationfor computationof the assignmenta cut at the original computation
pointsindicatesthat no motion is profitable. A minimum cut elsevhereindicatesan oppor
tunity for profitablecodemotion andthe appropriatdocationsfor sunken computationsand
predicationinsertion. As with SM-PRE,the motion graphtreatsforward andbackedgesuni-
formly, enablingthe sinking of assignmentthroughbackedges.Predicationsupportenables
theresulting,previously impossible fransformationsThe motion graphfor the codeexample
isillustratedin Figure4.3andmayaid in understandinghis section.

The motiongraphfor anassignment is dervedusingthe PartialDelay andDead sets
from thecontrolflow graph.First, relevantnodesandedgesareextracted:In generalfor each
edgee, ,, n, — n,, in the control flow graph,adde, , andnodesn, andn, to the motion
graphiff (a € PartialDelay®"* — Dead™™). Somespecialrestrictionsapply: Predicateas-

signmentsarenot allowedto undego sinkingthatrequiresguardingpredicatessinceallowing

suchmotionwill causethealgorithmnotto terminate.Certainotherinexpensve assignments,
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the sinking of which wasnot judgedto be worth the costof insertinga predicationapparatus,
arelikewise not allowedto sink into unsafelocationsthat requirepredicatior? In thesetwo
casesan edgee,, is requiredto satisfyAvaiI;n to be included, preventing the occurrence
of arny sinking requiring predicategbecausery computationat a locationwherethe assign-
mentis availableis safeto recomputaunconditionally).In anarchitectureoffering no support
for predication,this restrictionwould be appliedto all assignmentsFurtherimplicationsof
availability for codemotionarediscussedn Sectiord.4.

Secondpecausalataflav analysisis performedat the granularityof basicblocks,a single
nodecanbe both a maximalsinking locationandan original computationpoint for the same
assignmen{e.g., when an operandof an assignmentis redefinedbefore the assignments
computed)In orderfor thedelayingpathsto be modeledaccuratelyin the motiongraph,such
a nodemustbe split into an entrance/eit pair: noden is splitiff (¢ € LocalDelayed,, N
LocalBlocked,,). Splitting the block betweenthe blockageandthe computationallows the
graphto be constructeatorrectly

Finally, the multiple-source multiple-sink graphis connectedo single sourceand sink
nodesto provide the correctformatfor the minimum cut procedure All original computation
nodes({n|a € LocalDelayed,,}) are connectedo the sourcenode. All nodeswithout out-
going edges(latestdelayablenodes)are connectedo a single sink node. Thesenew edges

areassignedveightsequalto the executionweightsof the blocksto which they areattached.

2In this work, moves, integer additions,integer subtractionsand shifts by constantsvere restricted. There
is a possibility that this restrictionmay prevent profitablesinking of otheroperationsthis will be evaluatedand
addresseth futurework.
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At this point, becausecritical edgeshave beensplit, eachedgeis associatedvith a control-
equialentnodewhichwill receveits apportioneccomputations.

The motion graphrepresentshe extent of the control flow subgraphover which the as-
signmentcomputationgnay be profitably delayed.Every nodeconnectedo the sourceof the
graphrepresentsheinitial locationof a delayablecomputatiorof the assignmentThe nodes
connectedo thegraphsink comprisethelimit of profitabledelayability Thegraphhasseveral
usefulproperties. Completelydeadedgesareexcludedbecauséhe assignmenis irrelevantto
them. An emptygraphsignifiesthatan assignmentannotbe profitably moved. Mostimpor-
tantly, sincethegraphconnectsll original computatiorpointsto all locationsbelov whichthe
assignmentnay not be delayed(including all nearestonsumers)ary bisectionof the graph
renderingthe sink nodeunreachablérom the sourcenodeprovidesa legitimatesetof delayed
computationpoints. The bisectionthat crosseghe minimum amountof forward flow weight
yieldsthebestplacemenbf computations.

The motion graphtreatsforward and backward control flow edgesuniformly and makes
no specialconsideratiorof sinking operationgo locationsthat may not be dominatedby the
original placementf computations.Motions exploiting this featuremay needto usepredi-
cationto guardthe executionof delayedcomputationginsertingpredicatedefiningoperations
into blocksadjacento themotiongraph),incurringsomeadditionaltransformatiorcost. How-
ever, thereis a potentialfor the costof this predicationapparatugo far outweighthe benefit
of sinkinganassignmentsuchassinkinginto loop bodies.No equialentissueexistsfor SM-

PRE.Thus,thedecision-makingnechanisnis improvedby factoringpredicatiorncostsinto the
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graph. Thisis doneby including costedgesthatrepresenthe costincurredin predicateclear
evaluationdf thecutincludesthoseedges.Theweightof acostedgeis thepotentialnumberof
predicateclearoperationsnsertedmultiplied by anempirically determinedeweightingfactor
betweern0 and1. This factorreflectsthe consideratiorthat predicateinitializationsaremuch
cheapethanthetypical assignmenbeingsunk,sincethey have noincomingdependencesnd
canissuein ary slot of the target architecture.For this work, a reweightingfactor of é was
chosenwhich allows aggressie sinking but preventsmotion whenthe weight of introduced
predicateinitializations would be nearly an order of magnitudehigher than the numberof
computationgemoved by the sinking. Costedgesareconnecteduchthata cut requiringthe
insertionof predicateclearingoperationswill necessarilycut the representate edge. Since
costedgesare only of positve weight, and no edgesconnectthe source to arny othernode,
a minimum cut of the motion graphis guaranteedo have a weight equalto or lessthanthe
combinedexecutionof the original computatiodocations.Therearetwo situationswherecost

edgesareneeded:

¢ Loop backedgesin the motiongraph® receive predicateclearingoperationsf the cut
is placedwithin the loop. Sincethe min-cutneedonly make the sink of the (directed)
motiongraphunreachabléom its source pbackwardedgesdo not contrikuteto the prof-
itability metric. A distinctcostedgeis thereforecreatedwith the sameendpointsasthe
loop backedgebut in the oppositedirection,with a weightequalto theloop backedge

weightmultiplied by the reweightingfactor A cutthroughtheloopincursthe penalty

3Loop backedgesn themotiongraphmay beforwardedgesn the controlflow graphandvice-versa.
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Figure4.4 Exampleof Motion Preventedby CostEdges

e Nodesaborethecutthataretheentrypointsof unsafepath(s)(discussedn Sectiord.4)
will alsoreceve predicateclearingoperationsA costedgeis thereforecreatedrom the
nodeto the sink of the motion graphwith a weight equalto the sum of the incoming
unsafeedgesmultiplied by the reweighting factor A cut below this nodeincursthe

penalty

Figure4.4 shavs a codeexampleandthe correspondingnotion graphfor the assignment
“y =a*Db". Costedgesmarkedwith circles,have beeninsertedinto the motion graphwith
a reweightingfactorof % In the motion graph,the loop backedgehasa correspondingost
edgein the oppositedirectionwith aweightof 1000. This representshe costof the predicate
clearingoperationsieededn theloop backedgeif acomputations placedon anedgewithin
theloop. For the edgethat entersthe motion graphat block 4, a costedgeis includedfrom

block 4 to the sink of the graphwith a weightof % theedges weight. This representshe cost
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of the predicateclearsneededn block 2 if acomputatioris placedafterblock 4. In this case,
theseaddedcostspreventtheassignmentrom beingsunk,sincethe predicateanitialization cost
outweighsthe potentialsinking benefit. Corversely the examplein Figure4.3is a casewhere
the costof migratinganassignmenis vanishinglysmallcomparedo the potentialbenefit.

An issuethatimpairsmoreprecisemodelingof costsis thattheneedto insertpredicateset-
ting operationsat original computatiorsitesis unknown until afterthe minimumcutis found.
Sincethe countof predicatesettingoperationss boundedoy theinitial computatiorcountfor
the assignmenbeingdelayed this is not assignificanta problemasthe problemmanagedy
the costedgesthe dangerof introducinganunboundedcumberof predicatanitializations.

To find optimal placementhe sameminimum cut mechanisnmusedfor SM-PRE basedn
Goldbeg andTarjan’s push-relabealgorithmfor finding maximum-flav [28], is utilized. It is
actuallyrunin theoppositedirectionfrom SM-PRE sincethedesireis to find theminimumcut
closesto the sourcenode.Becausenostmotiongraphsconstructedareprimarily agyclic, the

runtimeis generallyfast. Oncethe minimumcutis computedcodemotioncanbe performed.

4.4 P3DE CodeMotion

Theminimumcutof themotiongraphsupplieghedesiredocationsfor insertionof sunken
computations.Beforethis codemotionis performed,it is necessaryo determinewhethera
guardingpredicatewill berequiredand,if so,whereits definitionsshouldreside.Thispredicate
guardis requiredif thereexistsa pathin the controlflow graphfrom thefunctionstartnodeto

asunlenplacemensite alongwhich, in theoriginal program the assignmenis not computed.
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This is calledan unsafepath. If sucha pathexists, a predicates createdo guardthe sunken
computation(s) At eachedgeincidentto the boundaryof the motion graphthatis partof an
unsafepath,a predicateclearoperation(p = 0) is inserted.A predicatesetoperation(p = 1)
is insertedn placeof eachoriginal computation{n|a € LocalDelayed,, }), eachguardedy
the guardpredicateof its location’s original computation.This predicationapparatugnsures
thatcomputationsvill beexecutedonly underthe properconditions regardlesof their sunken
location, both squashingpotentially deadexecutionsand preventing unsafeevaluationsand
definitions. Predicateclearandsetoperationsare of a type thathasno effect if guardedoy a
predicatehatevaluatego falsg arequiremenfor subsequerif-conversionbasechyperblock
formation[31].

An unsafepathcanexist in two ways, both of which areimmediatelyapparentn the mo-
tion graph. First, consideringnitial computatiomnodesin the motion graph,thoseconnected
immediatelyto the sourcenode,an unsafepath exists if the original computationthereinis
predicatedandthe predicatemay be false. Second for othernodesabove the minimumcut,
ary incomingcontrolflow edgenotincorporatedn the motiongraphor not originatingabove
thecut* indicatesanunsafepath.(Theagyclic casdsiillustratedin Figure4.3(b)andapotential
cyclic casein Figure4.4.) In eithercase a predicateclearoperationis insertedon the unsafe
edge.

The seamlessyniform handlingof unsafeedgesusingpredicationis the key to the gener

ality of the motion graphcuttingscheme.An exampleof the secondunsafeedgecaseoccurs

4Edgescrossingthe cut from below the minimum cut canoccurin the caseof a cut througha cycle in the
motiongraph.
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in Figure4.3(b),in whichtheunsafeedgesrom the“ghosts”of nodes) and3 areindicatedas
dottedlines. Comparingthis motiongraphto thetransformedtode,asshown in Figure4.3(c),
predicateclearsareinsertedn nodeO andnode3.

Sinceallocatinga predicateregisterfor the motion predicateandexecutingpredicatedefi-
nitions both have nonngligible costs,it is desirableto avoid usingpredicationunnecessarily
Theavailability dataflav analysisallowsidentificationof delayedcomputatiodocationswhere
predicationis not required,eventhoughanassignmenis not sinkablealongall pathsto those
locations(recallingthatanassignmentnayberecomputedafelyatany pointwhereit is avail-
able).If theassignmenis availableatall sunkenplacementsthereis no needto allocateor set
apredicateat all. Figure4.5shavs anexample. The computationof assignmené = X * y in
block 2 canbe sunk,but not the computationin block 1. This beingthe case,it would seem
necessaryo guardthe delayedcomputatioron a predicate sincethe assignmentvasblocked
on somesinking paths(Figure4.5(a)). Sincethe assignments available (asindicatedby the
superimposeddark arrows), however, the computationcan be sunkto block 5, achieving a
profitablecodemotion, without unnecessarilyncurring predicationoverhead Figure4.5(b)).
Only Guptaetal. [4] have a cost-benefianalysiscapableof performingsucha transformation.
The testshave shawvn availability to allow a substantiadecreasén predicationoverheadon
somebenchmarksthis also meansP3DE can perform useful code motion even without ar-
chitecturalsupportfor predication. A final noteis thatin orderto remove predicateslueto
availability undergeneralizedassignmeninotion, the compiler mustensurethat all original

computationsitesthat contribute to availability at a given delayedcomputationsite maintain
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a=x"y is available

Dataflow predicates T a=y y & == )
. bra,0

a=x*yis

@ dead

© partially dead

QO live

@ partially delayable
QO not part. delayable
@ available

(a) Sinking with predicated assignment (b) Availability shows predicate unneeded

Figure4.5 Availability Motion

correctexecutionby moving thevalueto bestoredto thegeneralizeéssignmeng“temporary”
sourceregister

To further reducethe numberof predicatedefinitionsand usesinserted,a forward anda
backwardreachabilitypropagatiordeterminavhichinsertionpointsarereachabldrom unsafe
pathsandwhich originalcomputationseachtheseansertionpoints,respectrely. Onlyinsertion
pointsreachedn thisanalysisrequirepredicationandonly original computatiorsitesreached
requirepredicatesetoperations.lIt is importantto notethat an assignmenmay be available
atanunsafepath,but aninsertionpoint reachabldrom thatunsafepathmay not be available.
Although programcorrectnesss maintainedif the predicateis neithersetnor clearedat the
unsafepath,nondeterministi@xecutionof instructionsis generallyundesirablefor this work
theseunsafepathsclearthe guardpredicate.

P3DEis not awareof predicateregisterpressurebecausd®3DEis performedprior to hy-
perblockformation,which generallyusespredicationto amuchgreaterdegree,P3DEis notin
a suitablepositionfor controlling predicateregister pressureébeyond the useof roughheuris-
tics. However, Chapters will show thatpredicateregisterpressuraloesexist andhasan effect

on the compiler’s final outputcode, so predicateregister pressureneedsto be addressed|f

52



P3DE hasadwanceknowledgeof predicateusagein hyperblockformation,or is moved after
thatstage,t may be desirableto tailor P3DEto recognizeandtargetthe optimizationto min-
imize predicateusageor performonly the mostprofitablemotionsgivena limited numberof
predicateaegisters.Work by Guptaetal. [32, 33] hasaddressethis problemfor generakegis-
ters,but the predicateregisterpressurgroblemhasanadditionalproperty:multiple predicates
canpotentiallybe combinednto a singlepredicateundercertainconditions.Thereareseveral
optionsfor combiningpredicateshatguarddifferentassignmentmto asinglepredicatethese
arediscussedn FutureWork, Chapter6.

The code motion processcan be summarizedas follows: Delayedcomputationsare in-
serted‘on” edgesn the cut-set,asfacilitatedby prior critical edgesplitting. If the resulting
computationis reachabldrom an unavailable,unsafeentry edge,it is guardedwith the mo-
tion predicate.For generalizedstoreassignmentghe valuestoredis the valuein atemporary
register createdto memge the storedvaluesof the associatedspecificassignments.Next, a
reachingassignmenanalysis,similar to a corventionalreachingassignmenanalysis,is per
formedto find for eachsunkencomputationyhich original, removedcomputationgontribute
to thatsunkencomputation Attributesfrom theoriginal computationsrecopiedto thesunken

computations:

e Synchronizationarcs, dravn betweenmemory operationsthat may conflict, mustbe

copiedto preventillegal reorderingof memoryoperations.

e If anoriginal computations marked asspeculatie andthushasspecialexceptionhan-

dling, all sunlencomputationghatit contritutesto mustalsobe markedasspeculatre.
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e Otherattributeswhich assistateroptimizationsstagesarealsocopied.

Finally, original computationsiot on the minimum cut areremoved. If any new computation
point requiresa guardingpredicateandis reachabldgrom the original computationpoint, the
deletedcomputationis replacedwith a predicatesetinstruction. If the original assignment
is part of a generalassignmeninotion,a compensatingnove is alsoinsertedto initialize the

generalssignmentemporaryregisterwith the valueoriginally storedat thatlocation.

4.5 Correctness;Termination, and Complexity

The P3DEalgorithmis correctin thatit will only remove assignmenéxecutionsunderthe
conditionsunderwhich they aredead. It will only introducenew or additionalcomputations
on pathswhenre-executingthoseassignmentwill notchangeprogrambehaior or whentheir
guardpredicategprevent erroneousexecution. Considerthat the motion graphfor an assign-
mentconsistf all delayableoccurrencesf the assignmenandall pathsof possiblemotions
thatarenot completelydead. Thus,ary paththatleadsto a useof the assignmenteadsinto
the sink nodeof the motion graph. A cut bisectingthe sourceand sink of the motion graph
providesa correctsetof codesinking insertionpoints, creatinga single computationof the
assignmenalongary pathfrom a delayableassignmento ary use. To guardexecution,we
mustensurethatthe guardpredicatas setwhenthe assignmentvould originally be executed
andclearedin ary othercase(unsafepaths). Without predicationa cut acrossthe graphwiill
guaranteghattheassignmentvill be executedbeforeits outputwould used.With predication,

we replaceall original computationswith a guardpredicatesetandclearthe guardpredicate
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for all otherpossiblecontrol flows (eitherfrom the computationpointsor incoming pathsto
the motion graph), so the assignmentill only be executedif it would have beenexecuted
originally. Thus,correctnesss maintainedor the program.

Codemotionis only performedwhena reductionin the profile executioncountof assign-
mentscanbe obtainedby delaying. The algorithmterminatesvhenno profitablemotionscan
be found. Edgeweightscanonly be integral values,thereare a finite numberof cutsof the
controlflow graph,andanassignmens executioncanbereducedat mostto zero,sothereis a
finite numberof motionspossiblefor eachassignmentAn upperboundfor thisis s, thesum
of the edgeweightsin the control flow graph. The algorithm startswith a finite numberof
assignmentsg, in the program. For theseassignmentghe maximumnumberof iterationsis
as, whichis finite.

However, this doesnot considerthe effectsof new assignmentthatP3DEmay introduce.
Theseare predicatesetandclearoperationsandcompensatingnovesfor generalizedassign-
mentmotion. For the worstcaseupperbound,thereareat mosta storesin the program,each
of which may generatea compensatingnove eachtime it is moved. This resultsin a?>s com-
pensatingnoves,a?s? motionsfor thosemoves,andas + a?s? nonpredicatenotions. If mo-
tion of predicateassignmentss allowed, thereare potentially 2 (as + a?s?) total predicate
assignmentsntroducedduring the algorithm. Thesecannotgeneratepredicateassignments
themselesby the algorithm. The predicateassignmentsanundego at most2s (as + a*s?)
motions.Thus,the upperboundof total motionsis 2s (as + a?s?) + as + a?s?, which canalso

berepresentedsas (1 + 2s) (1 + as).
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The previous paragraphshows that thereis a polynomiallimit to the numberof motions
thatthe P3DEalgorithmcanperform. Worst-caseexecutionof the P3DEalgorithmwould be
to performa single motion on a single assignmentor eachiteration, so the upperiteration
boundof the algorithmis the sameasthe upperboundof total motions. Sinceoneiterationof
thealgorithmrunsin polynomialtime, the P3DEalgorithmrunsin polynomialtime. Presented
hereis anexplanationof the polynomialruntimeof the algorithm.

A singleiterationof the algorithm consistsof four dataflav analyseson the control flow
graphand,for eachdelayableassignmentpnedataflav analysis(detectingdominatorgo find
cyclesfor costedges),a linear passto detectunsafepaths,one minimum cut solution, and
two breadth-firsigraphtraversals.Reachingassignmenanalysisis anotherdataflav analysis
on all assignmentsEachprimary dataflav analysishasa runtimethatis O (n (d + 2)), where
n is the numberof blocksin the control flow graphandd is the maximumnumberof back
edgenary agyclic pathin thecontrolflow graph[34]. Thedominatoranalysisandminimum
cut algorithmoperateon areducedgraphG,, = (N,4, E-4). The dominatoranalysisrunsin
O (| Nya| (d 4+ 2)). Thereexist variouspolynomial-timeminimum cut algorithms;this work
usesonebasedon Goldbeg and Tarjan’s push-relabealgorithm, usinga list for nodetraver-
sal, which executesin time O (| N,4|?) [28]. Graphtraversalslocatingpredicatesetandclear
locationsareO (|N,4| + |E,q|). This minimumcutis atworstperformedasmary timesasthe
maximumnumberof assignmenimotions,which hasbeenshaovn to have polynomialbound.
The assignmenteachingpropagationcheckseachpair of deletedand sunken assignments,

whichis O (A x n?), A beingthe maximalnumberof assignmentsSinceevery componenbf
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asingleiterationhaspolynomialtime, the overall algorithmrunsin polynomialtime, bounded

by O (n*).
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CHAPTER 5

EXPERIMENTS

This chapterexplainsthe experimentswvhich evaluateour PREandPDE schemesA subsebdf
the SPECint200CC benchmarksuitewascompiledwithin the IMPACT compilerframenork
for the Itanium ProcessofFamily. SPECS training inputs were usedto drive profile-guided
optimization! IMPACT performshyperblockand superblockransformationg35] andother
aggressie ILP transformationgo producevery high quality codefor the Itanium Processor
Family. IMPACT’s baselingperformancas generallycomparablédo thatof Intel’s production
compilerfor the Itaniumfamily.

EstimatedSPECperformancenumbersveregatheredn a Hewlett-Packardzx6000work-
stationwith 8-GB RAM and two 900-MHz Itanium 2 processorsgachwith a 1.5-MB L3
cache.Thesenumbersareestimatedecausehey do not exactly follow SPECS requirements
for reportedresults,but are run within a SPECframework. The systemruns RedHatLinux
AdvancedSener v.2.1,with a custom2.4.21Linux kernelsupportinggeneralspeculatiorof
loads (a model of control speculationthat doesnot require speculationchecksor recovery
code). Resultsinvolving real-timeinstructioncountsare obtainedfrom the perfmonperfor
mancemonitoringtool, provided by Hewlett-PackardLaboratorie§36]. Thistool enableghe

gatheringof detailedreal-machingerformancevaluations.

1Two benchmarksvere excluded: 176.gcchaderrorswith missingsynchronizatiorarcsthat allowed illegal
orderingof memoryoperationsand252.eoris a C++ benchmarkwhich IMPACT cannotcurrentlycompile.
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Compiletimesare presenteanly for roughcomparisorto the overheadf classicalcom-
piler optimizations. SinceIMPACT is a prototyperesearchcompiler, its compilationspeed
doesnotnecessarilyeflectthe ultimatespeedat which thealgorithmcanbeexecuted.In addi-
tion, Lopti occupiesa smallportion of the overall compiletime of the compilationprocessin
thatscopethe overheadof the PREandPDE methodss very small. Runswere performedon
a dual-processot.7-GHzPentium4 systemwith 2 GB RAM. IMPACT wascompiledusing
gccversion2.96with -03 optimization.

All PCEoptimizationswvereperformedat the intraproceduralevel only. Unlessotherwise

noted,all evaluationspresentedherereflectexecutionof the SPECreferencenputs.

5.1 IMPACT Optimizations

IMPACT performsoptimizationsin several stagedn anintermediateorm similar to ma-
chine assemblylanguage. The basic structureoperatedon is the control block, which is a
region of codewith a singleentry pointandpotentiallymultiple exits.

Thefirst optimizationstageis Lopti, which performsclassicaloptimizationssuchasthose
foundin standarccompilertexts [30, 34]. All PCEoptimizationswere performedduringthis
stage:PREoptimizationswvereperformedteratively in conjunctionwith IMPACT"s loop and
classicalocal andglobaloptimizationswhile the PDE optimizationswvereperformedafterall

otheroptimizations.
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Two optimizationsof notein Lopti areloop-invariantcoderemoval (LICM) andloop vari-
ablemigration(LVM). Botharesubsumedby PCEoptimizationsandweredisabledor partic-
ular situations.LICM speculatrely hoistsexpressionut of loopsif the profile weightof the
loop entrancas smallerthanthe sumof the profile weightsof its calculationsnsidethe loop.
It is subsumedby SM-PRE.It is alsoheuristicallydisabledvhenthe numberof controlblocks
exceedsl00. LGVM performsaloop-biasedegisterpromotionby moving memoryaccesses
which are constantthroughouta loop to the entrancesnd exits of the loop, andaroundary
potentiallyaliasingmemoryoperationsandsubroutinecalls. It determines profitabletrans-
formation by comparingthe weightsof the existing calculationsto the final transformation
locations. LVM doesnot sink storeoperationsvhenno correspondindoadsto the location
existsin theloop: whenSM-PREandLVM are both performedwithout P3DE,LVM is per
formedfirst beforeSM-PREhoistsloadsout of loops. A combinationof SM-PREandP3DE
subsume&VM.

After Lopti, IMPACT performsHyperblockformation[31], which performsif-conversion
of coderegions and utilizes predicationto allow overlap of independentontrol constructs.
Thisremovesbranchinstructionsandreducesranchmispredictions.

Thefinal stageof optimization,just prior to codegenerationis Superblockormation[37].
It performsvariouscodemotions,duplications andtransformation$o exposelLP for schedul-
ing. SuperblockkormationcanpotentiallysubsumesomePREopportunitiesoy moving or du-
plicating partially redundaninstructionsinto locationswherethey arecompletelyredundant,

but no significantcaseof this wereexhibitedin the experiments.
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5.2 PRE Results

For thesePRE results,we comparethe performanceof optimal PREand SM-PREto the
baselinelMPACT compilation. The algorithmusedfor optimal PREis Knoop et al. s basic-
block algorithm[10]. LVM wasperformedfor all compilationformats,removing someof the
casedhat PREwould subsume LICM wasenabledfor PRE,but disabledfor SM-PRE.The
intentin doingthis wasto isolateandevaluatethosecasesvhich only PREcanaddress.

Ragister pressuravasobsered and counteractedn our PRE algorithmsby not allowing
PRE motion (not transparentn the dataflav analyses}hat might createa new live register
througha basicblock that hasat least64 live virtual registers. The Itanium’s register stack
engine(RSE)enableghe processoto only spill andfill asubsebf thetotal registerfile of the
processoit function boundaries.Guptaand Bodik have publishedprevious work to control
registerpressuren PRE[33], which assumed constannumberof architecturakegistersthat
arespilledandfilled atfunctionboundariesin this case however, increasinghetotal number
of registersneededn afunctioncannegatively impactperformancevenwhenthetotalis less
thantheregisterfile. Beforethis registerpressuranetric wasimplementedthe performance
lossdueto RSE stalls outweighedthe redundang eliminationgainson several benchmarks.
64 registersis a heuristicwhich hasbeenrelatively effective in our experiments For SM-PRE,
thenumberof motionsperinterationwaslimited sothatthe 64 live registerlimit would notbe

exceededn ary block.
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Table5.1Lopti PRECompileTime (in seconds)

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

164.9zip 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%
254.9ap 658.91| 854.71| 880.02 29.72% 33.56%
255.\0rtex 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 shaws the time spentduring the Lopti compilation stagewith PRE. In gen-
eral, the overheadof SM-PREis not significantly higherthan PRE. The exceptionto this is
175.vpr whereSM-PREhasnearly twice the overheadof optimal PRE. The reasonfor this
is becausehe register pressurecontrol mechanismallows only one motion at a time in the
functiontry_place(). Becauséghosemotionsintroducetemporarieghat canreplaceexisting
registerstheliveregistercountstaysunder64, whichresultsin afull iterationsof the SM-PRE
algorithmfor themotionof a singleexpressionin this case Lopti terminatecbecausét hit an
iterationlimit, ratherthanreachinga stableoptimizedcodestate. The effectsof this on code

performancerediscusseadn alatersection.
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5.2.2 Load reuseanalysis

The purposeof PRE is to eliminate redundantinstructions,which recomputethe same
valuesmultiple timesin a program. Load reuse(consistentlyaccessinghe samememory
location)is one phenomenonhat can be reducedoy PRE. To find the amountof load reuse
eliminatedin aprogramwe profile memoryaccesaddresses/Vhenaload’s addresdiasbeen
previously accessedt denotesa potentialopportunityfor the PRE optimizationto recognize
thereuseandremove a partialor full redundang.

Loadsaretrackedin two ways:

e Trackaddressefor eachstaticload, notingareusewhenthe addres$asbeenaccessed
within thevisible historyof theload. High reusen thisdomainrepresentanopportunity
for registerpromotionof the memorylocation. For theseexperimentsgachinstructions

historyis four addresses.

e Trackanaddressistory of dynamicmemoryaccessesjotingareusewhentheaddress
hasbeenaccessedby a previous instruction(itself or anotherstaticinstruction). High
reusein this domainrepresentanopportunityfor PREto borrow theloadedvaluefrom

anotherinstruction(or itself). Theaccesssistoryin our experimentss 32 addresses.

Bodik etal., in previouswork [13, 20], alsotracked the history of eachstaticloadto de-
terminethe amountof load reuseandshonv an upperboundpotentialfor register promotion.
However, thiscanbedeceptve,sincealoadthatconsistenthaccessethesamdocationmaybe

preventedfrom beingpromoteddueto may-aliasstoresor subroutinecalls. Also, this method
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will notdetectreusebetweentwo differentstaticinstructionswhich PREcandetectandopti-
mize. For this reasontwo differentmetricsareusedto determindoadreuse.

Figure 5.1 shavs the measuredeuseby the samestaticload asa percentagef the total
dynamicloadsin the baselinecompilation. Resultsfor both optimal PREand SM-PREare
showvn. The SPECtraininginputswereusedfor this simulation.Reusas dividedinto thethree

cateyories:

¢ Interprocedurateuse,whereaninstructionwill load the sameaddressasa prior exe-
cution from a previous call of the function. This is the top portion of the barsin the

figure.

e Intraprocedurateuse whereaninstructionis within aloop andloadsthe sameaddress
asaprior executionfrom the samecall of thefunction. Thisis the bottomportionof the

barsin thefigure.

¢ Intraprocedurateusewhichis unoptimizedoecaus®f the needto controlregisterpres-
sure. This is measuredy finding the differencesn reusewhenthe register pressure
controlmechanisms eitherenabledr disabled It is the middle sectionof the barin the

figure,representeds“reg pressintraprocedural.

Although thereis an enormousamountof reusein several benchmarksthe majority of that
reuseis interprocedurahnd cannotbe addressedby our intraproceduraPRE techniques.In
general,PRE doesnot make mary significantreductionsin the reuseat static instructions.

Onereasonfor this is thatintraprocedurateuseoccurswithin loops,andthe two previously
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Figure5.1: DetectedDynamic ReuseBy the SameStaticLoadsasa Percentagef Total Dy-
namicLoadsin Baseline

mentionedoop optimizationsthat promotememorylocationsto registershave alreadyelimi-
natedmary of thesecasesn our baselinecompilation. Thus,few opportunitiesemainfor the
PRE algorithmsto reducereuseat static instructions. Becauseof may-aliasmemoryopera-
tions, particularlysubroutinecalls, someamountof intraprocedurateusewill exist after PRE
optimization.

For 175.vpr, the SM-PREreuseis slightly higherthanoptimal PREs dueto the register
pressurecontrol mechanism.BecauseSM-PREoperateon one expressionat a time, it can
stop codemotion exactly whenthe live registersin a block reache$4, the heuristicchosen

for theseexperiments.PRE,however, operateon all expressionsn parallel,soit sometimes
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Figure5.2 DetectedDynamicReusdrom the Previous 32 DynamicAccesses

exceedghelimit of 64 liveregistersbeforethe controlmechanisntanpreventfurthermotion.
In thesecasesSM-PREhasmoreunoptimizedPREopportunities.

Figure5.2 shavs the percentag®f dynamicload reusefrom the previous 32 dynamicac-
cessesagainbasedon the SPECtraining inputs of eachbenchmark.A dynamichistory of
memoryaccessesvas kept during execution,indicating the addressand function call of the
accessStoresinvalidateall previousaccessew the sameaddressn the history, anddetected
intraprocedurateusetakesprecedencever interprocedurateusen the datacollectionmech-
anism. For this experiment,moreintraprocedurateuseis visible in mary of the benchmarks
thanfor the staticinstructiondetection.lt is importantto notethatbecauseéhe PREalgorithms

reducethetotal numberof memoryoperationsthey canexposereusethatwasnotvisible with
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the baselinecompilationdueto a finite history Someevidenceof this was obsened during
initial experimentshput a history of 32 accessewaslarge enoughto minimizethis effect.
An inspectionof significantreusehasrevealedseveral sourcesf dynamicload reusere-

mainingafter PRE.Theseare:

¢ In PRE,reuseis blocked dueto safetyrequirementsSM-PREis ableto take advantage

of theseopportunitiedy utilizing speculation.

e Unoptimizedreusebecaus®f the needto controlregisterpressure.

e Reuseblockedby may-aliasstoresor subroutinecalls.

e Reusehiddenby lexical differences.

e Data-dependenteuse: two instructionsthat exhibit reuseunder one profile may not

exhibit it underdifferentprograminputs.

As shown in Figure5.2, PRE s relatively effective at remaoving load reusefrom several
benchmarksSM-PREis ableto remove a portionof theremainingreuse put is oftenblocked
by the register pressurecontrol mechanism.In somecasessuchas175.vprand 255.vorte,
nearlyhalf of theremainingreuseis unoptimizedfor this reason.

Thereuseblockedby may-aliasmemoryoperationss probablythemostprominentportion
of remainingreuse. The benchmarksl75.vprand 254.gapin particularhave a significant
amountof this type of reuse,as does253.perlbomk(for which we do not have fine-grained
aliasanalysis).Reuseblockedby may-aliasstorescanbe optimizedvia dataspeculatiorwhen
the storesseldomalias with the load. Lin et al. [21] shav a methodologyto perform this
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optimizationwithin a SSArepresentationln a few casesa may-aliasstorewill usuallyalias
with aload;thisreusecannotberemovedwithoutintroducingadditionalcodewhichwill likely
impair overall execution.

Lexically differentexpressionsanbe separatednto threedifferentcateyories. The first
canbe addressedtby value numbering:two virtual registershave the samevaluein all cases,
but copy propagatioroptimizationsareunableto meigethesevariablegogether 186.ciafty has
somereusewhich could beidentifiedin this manner Simpsonaddressemeansof identifying
andoptimizing thesecasesn his Ph.D.thesis[18]. A few significantcasesof this reuseare
visible in SPEC althoughit is importantto notethatmary moreof thesecasesvould exist if
copy propagatiorwerenot performedoetweenterationsof PRE.

Theseconccateory of lexically differentexpressionss arrayelementeusethatis carried
acrossseparataterationsof loops. This happensvhenthe an arrayelementmay be reador
written acrossmultiple iterationsof a loop, andwasobsened to somedegreein 186.ciafty,
197.paser, and256.bzip2 Bodik et al. [3] have publishedan analysisand methodfor opti-
mizing thesecasesthis usesan arraydataflav analysisto find all writesandusesof anarray
element,then promotesit to a register To presere valuesacrossiterations,thesepromoted
elementsare shiftedto otherregisters;a registerwill carry a particularelementfor at mosta
singleiteration. This schemeequiresconstructingorologueandepiloguecodefor theloop to

correctlypopulatethe promotionregisters.
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The final categyory are thosewhich cannotbe identified dueto the flow of values. The
previous caseof loop iteration-carriedreusedalls into this category, but value-flov opportu-
nities alsoinclude caseswhich do not necessarilycomefrom loops. Thesecasescannotbe
identifiedvia valuenumberingbecausehey do not containthe samevaluealongall paths.A
significantportion of 164.gzips remainingreuseis comprisedof this case,asis the largest
singlepoint of reusein 197.paser. Somecaseslsoexistin 175.vpr Bodik etal., in previous
work [13, 19, 20], discussemeando identify andoptimizethesecasesHis methodssubsume
bothlexical andvaluenumbering-baseBRE.In somecasesyalue-flav opportunitiesarealso
blocked by may-aliasstores soa methodcombiningdataspeculatiorandvalue-flov analysis
would berequiredto remove theredundang.

Data-dependeneusedoesoccurin severalbenchmarksandis a prominentpercentagef
181.mcfs reuse.Althoughthat reusemight be optimizable,it cannotbe addressethy a PRE
mechanism.The reasonfor this is becauséd®?RE dependn instructionsalways computing
the sameexpressionpriginatingfrom the sameprogramvariablesfor aresultto be borroved.
For thesecaseshe measuredeuseoriginatesfrom differentexpressionsvhich have the same

numericalvalues,andmaynot matchoftenif adifferentsetof programinputsareused.

5.2.3 PRE SPECperformance

Theultimatemeasur®f theeffectivenes®f PREis theincreaseat contributesin wall-clock
performance Presentedh Table5.2 shavs the estimatedSPECperformanceesultsfor PRE

andSM-PREcomparedo thebaselinecompilation.
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Table5.2 PREEstimatedSPECResults

Benchmark || Baseline| Optimal | SM-PRE Opt. PRE SM-PRE

PRE Pct.Increase Pct.Increase
164.9zip 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.\0ortex 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.thesig13], PREcanincreasgerformancdy eitherfreeing
up computingresourcesr shorteninghedatadependenckeightof asequencef instructions.
Becauseof the high width of the Itanium architecture pne cananticipatethat computingre-
sourceswill generallybe widely available andthat reductionof datadependencéeightwill
be PRES contritution to performanceOur resultssupportthis: the mostsignificantsourceof
performancegainin 175.vpris dueto the removal of a chainof expressionsn a small loop
in the functionroute_net(). This removal enablesa shorterscheduleandbetterperformance.
In generalhowever, PREandeven SM-PREareincapableof increasingperformancdoy more
thanafew percent.

As notedby mary researcherd? REhasthe effect of introducingnew temporaryvariables
into programsandincreasingegisterpressurelf all expressiongsreoperatednbeforeregister

pressureontrolslimit motion,registerpressureanincreaséeyonddesirabldimits. Thiswas
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obseredfor SM-PREon thebenchmarkl86.crafty beforetheseexperimentsvererun, which
prompteda controlmechanisnihatchecksregisterpressuraftereachexpressiormotion.

PRE canhave somesynegistic effectswith otheroptimizations:in the caseof 164.gzip
40% of SM-PRES performancemprovementtomesrom fewer branchmispredictiorflushes,
dueto amoreeffective Hyperblockformation.

PREconsiderghe executionof anexpressiorcomputatiorto bethe sameat every location
in the program.However, SM-PREmay speculatrely hoista loadinto pathswheretheresult
will often not be used,but the load addresss invalid or is in a pagethatis notin memory
This requiresinvoking a softwarepagetablehandler andthetotal penaltycanbe easilyin the
thousand®f cycles. This is the causeof SM-PRES low performancen 175.vpr the benefits
of codemotion are offset by callsto the kernelin try_place() to handleloadsof this nature.
Approximatelyfive times as mary cycles are spentprocessingheseloadsfor the SM-PRE
version.

The experimentsshav that PRE can have a positive effect on performance. However,
the control of register pressuraemainsan issuefor IMPACT’s PREtechniquesasdoesthe
potentiallyhigh costof speculatindoadinstructions.Thereis opportunityfor moreadvanced
PRE mechanismgo further optimize the programand reducereuse. Suchmethodsalready
exist in literature[3, 20, 21], but individually address limited setof reusein a smallnumber
of benchmarksThelargestpotentialfor gainis from dataspeculationparticularlyin 254.gap

wherepotentiallyaliasingstorespreventoptimizationby IMPACT’'s PREmethods.
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5.3 PDE Results

Performanceesultsobtainedusing optimal PDE and the P3DE algorithm are presented
here.To theauthors knowledge,no prior relatedwork hasshavn empiricalruntimeresultsfor
partial deadcodeelimination. LVM wasdisabledfor the first setof experimentsso thatthe
efficacy of P3DEfor registerpromotioncould be evaluated IMPACT's SM-PREwasenabled
for all builds. This waschosenbecausd?3DEwasnot expectedto have mucheffect beyond
storesinkingout of loops;resultsatthe endof this sectionappeato supportthis belief.

The baselingor the comparisorincludes,in placeof P3DE,animplementatiorof Knoop
etal!s“optimal” partialdeadcodeelimination[2], modifiedto sink only partially deadcom-
putations. This is a designdecisionbasedon empiricalstudy Delayingall computationsas
opposedo only partially deadones,may causeneedlessodegrowth; however, choosingto
sink only partially deadassignmentsnay preventusefulmotion of computationslocked by
antidependence.

To judgethe necessityof usingpredicationin the algorithm,presente@longsidethe base-
line andexperimentatompilepathsis amodifiedP3DEalgorithmthatoperatesimilarly to Lo
etal’sspeculatie storesinking[9]. Thiswill betermedthenonpredicatedptimization it only
allows motionwhich is possiblewithout the useof predication. This consistsof availability-
basedsinkingandspeculatre sinkingfor nonnpredicatedtoresvhoseaddresseareknown to
be safe,suchaslocal andglobal variables.The latter aretreatedasgeneralizedstoreassign-
ments. The reweighting factor (seeSection4.3) for costedgesis setat 1, to recognizethat

loadsaregenerallyat leastas expensve asstores.During codemotion, loadsto the memory
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locationwith the generalizedassignmeng temporaryvariableasthe destinationareinserted
insteadof predicateclear operations.No predicatesetoperationsare insertedand no guard
predicatesreplacedon sunkenstores.Thus,a speculatrely sunkenstorewill eitherstorethe
valueloadedearlierfrom the samelocationor a new valuethatwould have beenstoredat an

original computatiorpoint.

5.3.1 PDE compilation time

Presentedirst arecompile-timeoverheacostsfor thealgorithm. Table5.3shovsthetime
spentin the Lopti compilationstage. The SM-PRE optimizationis active, but LVM is not.
A final speculatre PREiterationandlocal optimizationareperformedafter P3DEto remove
ary remainingredundanyg; this is often usefulfor loadsinsertedduring nonpredicateapti-
mization. Thus, the additionaltime of the P3DE compilationincludesthe P3DE algorithm,
additionalspeculatre PREandlocal optimizationoverheadandary second-ordeeffectsdur-

ing themeiging of emptyblocks.

5.3.2 Storeremoval

Figure5.3 shows the changein the executionfrequeny of storeoperationsasa resultof
applying the P3DE algorithm. The numberof store operationsssuedis separatednto two
parts: p = 1 shaws the percentag®f storeoperationghat executeandretire,while p = 0 is
the percentag®f dynamicstoreoperationssquashedbecausef a falsepredicateevaluation.
The numbersare normalizedagainstthe numberof store operationsssuedby the baseline.
In nearlyall caseghe numberof storeoperationdgssuedafterapplyingP3DEis lessthanthe
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Table5.3 Lopti PDE CompileTime (in seconds)

Benchmark | Baseline]

P3DE | Increase| Pct.Increase|

164.9zip 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.\ortex 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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baseline Thisindicateshealthyprofile 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 expectedanincrease&cansometimedeobsenedin thenumber
of squashedtoregasin 254.gap dueto thepredicatiorof sunkenstoredying onunsafepaths.

In benchmarksvherestorereductionis significant,thenonpredicate@ptimizationis capa-
ble of performingthe samedegreeof storeremoval asP3DE.Thisis evidencethatthemajority
of storesremoved in thesecasesarethoseto safeaddressesThe apparenfurther reduction
of storesby the nonpredicateaptimizationin 300.twolfis anartifactof IMPACT’s predicate
registerlive rangedetectionwhich generatesinnecessargpill codefor individual predicates
in P3DE.Thesestoresonly slightly lengthenthe scheduleandareseldomloadedback,sothis
doesnothave amajorimpacton performanceBettercontrol of predicateegisterpressureas a
subjectfor futurework.

Figure 5.4 shaws the ratio of the increasen predicateoperationgo the numberof store
executionsremovedwhenP3DEis applied. This is a convenientmeasureof the efficiengy of
the predicationapparatusnvolvedin aggressie sinkingof partially deadstores.An important
notehereis thatthe predicateoperationgepresenteth thegrapharethoseof all predicateop-
erations,ncluding thoseintroducedfrom the sinking of nonstoreoperationsaswell asthose
from hyperblockformationandotheroptimizatins. In general,an excessve numberof pred-
icate operationds not executedin placeof migratedstores. The useof the availability prop-

erty to avoid usingpredicateassignmentselpsreducethe amountof predicationintroduced.
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Figure5.4 ApproximatingPredicateDefinesinsertedper StoreRemwed

Subsequenbptimizationsin the IMPACT compiler may also combine,reduce,or eliminate
predicateoperationsntroducedoy P3DE:theseoptimizationshelpto furthercontrolpredicate
usageandassistin lowering the ratio of predicateoperationsexecutedto stores. The appar
ently dramaticincreasen predicateoperationgerstoreremovedin 254.gapis aneffect not of
P3DEbut of asubsequerntptimization(triggeredby the effectsof codemotion)thatgenerates
severalpredicateassignmentsT heactualpercentagecreasen thenumberof predicatedefin-
ing operationsvas 3.54%,so the magnitudeof this changes greatlyexaggeratedy the low
numberof storesremovedin thosebenchmarksasseenin Figure5.3. The sameoptimization
is not triggeredafter P3DE 181.mcf resultingin an overall reductionof predicateoperations.
Because253.perlbmkhasboth a decreasén predicateoperationsandanincreasen storeop-
erationg99.63%and100.22%of baselinerespectiely), its ratio doesnotrepresenarelevant

relationshipandis excludedfrom thefigure.
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Table5.4 P3DEEstimatedSPECResultsvith SM-PREandwithout LVM

Benchmark | Baseline| P3DE| Nonpred P3DE Nonpred

Pct.Increase Pct.Increase
164.9zip 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.\0ortex 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, Table5.4shonvsthenetperformanceesultsfor theP3DEschemelLargerestimated
SPECnumbersndicatebetterperformanceTheresultspresentecrethe medianscoreof five
consecutre runsof the benchmark.The Itanium 2 microarchitectures capableof issuingno
morethantwo storeinstructionsper clock cycle, but is capableof issuingup to six predicate
instructionsper clock cycle. Thus, migrationof storesout of heavily store-laderregionscan
allow certaincodesegmentsto be executedin fewer cycles. This is the causeof performance
increasesn 164.gzipand 300.twolf P3DEwasableto sink storesout of the primary loop of
thebenchmark300.twolfin particularhasbasicblockscomprisednainly of long sequencesf
storeassignmentsa significantsourceof storereductionis theinlining of thefunctionucxx2()
into uloop(). P3DEwasableto sink mary global pointersout of the sectionof codeoriginally
belongingto ucxx2() andout of the primaryloop of uloop(); disallowing this inlining would
preventmotion of the storesandresultsin no performanceyainin this coderegion.
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Thereareseveralreasonsvhy the P3DEoptimizationgenerallydoesnot have a moresig-
nificant effect on programperformance.PDE schemeseducethe executionof codewhich
doesnot have an effect on the resultof the program. Becauseof the large width of the Ita-
nium 2 implementation partially deadinstructionscan often be statically scheduledvithout
lengtheningthe schedule. This is the reasonwhy 164.gzip althoughhaving a reductionof
36% in dynamicstores barelyshowns a 1% performancegain. PDE will have an effect when
partially deadinstructionsoccupy limited resourceshatpreventatighterschedulesuchasthe
store-lademnregionsin 300.twolf

In several casesnonpredicateaptimizationis capableof achieving similar performance
gainsas P3DE. In thesecasesthe majority of P3DE's performancegainsare from sunken
storesto safelocations. The reasonfor the differencein programperformancebetweenthe
P3DEandnonpredicatedersionsof the benchmarksredueto thedifferenttradeofs madein
the optimization: P3DE utilizes predicationto guardexecutionof stores while the nonpredi-
catedoptimizationpromoteghevariableto aregister loadingthe valueat the entrance®f the
region. The hot pathof a coderegion often storesa new valueto the promotionregister ren-
deringtheloadinconsequentialin this case the predicateoperationsisedto guardexecution
in P3DEis pureoverhead.The situationis exacerbatedvhen predicateregister spill andfill
codeis present.164.gziphasbetterperformancevith the nonpredicatedptimizationfor this
reason.

Tables5.5and5.6 shov the SPECperformancef optimal PDE andP3DEwith loop vari-

ablemigrationactive, to seetheir benefitasincrementabptimizations.As expected PDE and
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Table5.5 PDE EstimatedSPECResultswith Loop VariableMigration

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.\0ortex 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%

Table5.6 PDE EstimatedSPECResultswvith SM-PREandLoop VariableMigration

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.\ortex 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 themseleshave little effect on performanceHowever, whenSM-PREandPDE are
combinedthereis a synepgistic effect on 255.vorte with aresultthatis greaterthanthe sum

of its parts.This s evidently the resultof moreefficient Hyperblockformation.
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CHAPTER 6

FUTURE WORK

In theresultsthe PCEmethodsverenot shovn to have alarge positive effect on performance.
In somecasesthe nggative effectswerequite pronouncedHowever, this thesisonly analyzes
PREandPDE for a specificbenchmarlon a specificarchitectureso future work may beable
to achieve worthwhile improvementsn othersituations.Thereareseveralremainingavenues
of explorationavailablefor bothPREandPDE.

A major problemencounteredn PRE performancewas the speculationof loadswhose
addresseforcedinvocationof a softwarepagetablehandler Theseoadshave a costwhichis
greatlydisproportionateo their unspeculate@xecutioncost. The costedgesof P3DE could
be adaptedo factorthis costinto the minimum cut calculationof SM-PRE, but this would
limit profitablemotionif performedndiscriminately An analysighatcoulddeterminevhena
load’saddresss likely to generatehis kind of problemwouldbeneededo directtheplacement
of costedges.

As statedn Chapter5, no publishedmethodexiststo specificallybalanceegisterpressure
andredundang removal via PREfor anarchitecturewith aregisterstackengine.Onemethod
to dothisis to determinevhethermotionwould increasehe numberof allocatedregistersin a
function,thenfactorin thespill andfill costsatfunctionboundariesAn offshootof this might

be to aggressiely perform all possiblePRE, then introduceredundang to reduceregister
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pressuran low trip-countareasyia rematerializatior{38], in orderto reducethe numberof
registers.

Oneideanot previously demonstrateth eitherPREor PDEis to identify chainsor traces
of expressions/assignmenighich arethenmigratedasa singleunit. Onehiddencostof per
forming PCE s the needto split critical edgeswhich may resultin decreasegerformance:
knowing how mary computationganbe movedinto the split edgemay resultin bettertrade-
offs. In addition,beingableto move tracesin PDE would save the effort of doing predicate
recombinatiorandallows thecompilerto performoptimizationsbasedn thetotal cost/benefit
of moving assignmentg-or example,individualassignments thechainmaynotbeworththe
costof predication but replacingsereral assignmentsvith a single predicatewrite operation
would lik ely be cost-efective.

For PDE, replacemenbf the largely lexical assignmentdentificationmechanisnmwith a
systemcapableof recognizinglexically differentassignmentshat computethe sameresults
would extendthe algorithm’s ability to matchandsink assignmentsThis s similar to theuse
of Bodik’svalue-flov analysidor PRE,aspresentedh hisPh.D.work [13]. Oneapproachmay
beto adaptthe staticsingleuse(SSU)representatiopresentedby Lo etal. [9], asdescribedn
Chapter2. TheresultsalsosuggesinteractionshetweenP3DE andif-conversion;this might
beleveragedwith predicateoptimizationsto enablesvenmoreefficientsinking.

Currently certainkinds of predicateoperationoptimizationsarenot performedhatwould
helpthe P3DEalgorithmfurtherreducethe usageof predicatesTherearetwo situationsthat

have notyetbeenaddressed:
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1. Predicatesvhich occurin the samelocationsbut are associatedvith differentassign-
ments(suchasa chainof delayedassignments)thesecould be combined. This is not
limited to thosepredicateoperationsvhich occurin the samelocations,but canalsobe

appliedto supersetandintersectingpredicatesvhich could be combined.

2. Setsandclearsperformedin alternatesidesof a hyperblockhammockstructure:these

couldborrow the valueof thehammockpredicate.

Althoughtherewasnotasignificantincreasen thenumberof introducedpredicateoperations,
further predicatecombinationoptimizationwould helpreducepredicatespill andfill codeand
improve performance.

A moreaccuratevay to find an optimal placementor the P3DE schemanight be to per
form theinitial stageof hyperblockformationto markwherepredicatewill beformedaspart

of thatoptimizationandcouldbereusedor P3DE.
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CHAPTER 7

CONCLUSION

This thesispresentamplementationf partial code eliminationtechniquesn the IMPACT
compiler consistingof two differentmethodsof both partial redundang eliminationandpar
tial deadcodeelimination.It presentsinew PDEalgorithm,P3DE ,whichremovespartialdead
codeby taking advantageof edgeprofile dataand predicationsupport,covering both agyclic
andcyclic codein a systematiananner The motion graphabstractionjnheritedandadapted
from SM-PRE,incorporatesiecisionfactorsandpredicationrequirementsnto an easilyma-
nipulableform, allowing cornvenientandeffective PDE in andaroundloops. Whencombined
togetherSM-PREandP3DEarecapableof subsumingtheroptimizationssuchasloop-biased
registerpromotion.

Empirical, real-machinaneasurementare presentedor PCE.The experiementslemon-
strateremoval of up to 2/3 measuredeusedoadsfor the PREmethods.For PDE,up to 36%
of dynamicstoreswereremoved without a disproportionatencreasan predicateoperations.
For real-timeclock performancePCEis shavn to sometimesave a positive effect on perfor
mance particularwhensynegiesarefoundwith otheroptimizations.However, this occursin
limited casesvhencompilingSPECin2000for theltaniumArchitecture.ln addition,PCEcan

alsohave negative effectson performancedueto increasedegisterpressurer otherfactors.
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PRE may be valuablefor its ability to subsumemultiple classicaloptimizations,but the
additionalbenefitsit providesarelimited. PDE generallydoesnot provide much additional
performance.Thus, asincrementaloptimizationsin IMPACT for SPECint2000, they have
a limited useas benchmark-specifioptimizationbut cannotprovide consistenfpositive im-

provementto the suite.
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