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CHAPTER 1

INTR ODUCTION

Moderncomputersystemscontinueto achieve greaterperformanceby exploiting higher

levels of instruction-level parallelism(ILP). Suchsystemsare increasinglydependentupon

codeoptimizationsto maximizeexecutionefficiency and to reveal the ILP to the underly-

ing computerarchitecture.Unfortunately, thetrendtowardincreasinglymodularsoftwarehas

dwindledtheoptimizationscopeof thecompiler. Becauseof suchtrends,post-linkoptimiza-

tion, definedasprogramoptimizationthatoccursafterbinarycreation,is becominganimpor-

tant computersystemcomponent.It providesnew waysto improve applicationperformance

by availing its whole-applicationscopeandby exploiting informationthatwasunavailableat

compile-time.

Suchcodeimprovementscanbeperformedbothstaticallybetweenprogramexecutionsand

dynamicallywhile aprogramis running.ToolslikeSpike[1], [2] andVulcan[3] performstatic

post-linkoptimizationof applicationsusingprofile-feedbackinformation.Thesetoolsperform

optimizationson binaryexecutablesmuchlike thoseperformedduringcompilation.Dynamic

post-linkoptimizationsystemsincludeTransmeta’sCrusoeprocessors[4], whichuselow-level

softwareandhardwaresupportandtheAriesTranslator[5], which is apurelysoftwaresystem.

Post-linktechnologiesimproveuponstaticcompilationtechniquesby exploiting key infor-

mationabouttherun-timeenvironment.Suchinformationis gainedbothwhentheapplication
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is installedandwhenthe applicationis executedon the enduser’s machine.At install-time,

the exact processormodel is known. The model informationincludesthe preciselatency of

instructions,the numberandtypesof functionalunits, andthe sizeof caches.Additionally,

theexactdynamically-linkedlibraries(DLLs) thatwill beemployedbecomeavailableat run

time, andthe actualusagepatternscanbe discernedthroughprofiling. Becausenoneof this

informationwasavailableat compiletime, this knowledgerepresentssignificantopportunity

to furthercustomizeapplications.

To take advantageof thesepost-link opportunities,an optimizer requiresboth a detailed

profile-gatheringmechanismandaneffectiveoptimizationplatform. Clearly, optimizationfo-

cusshouldbeuponheavily executedcodeto maximizethepotentialbenefit,thereforeapplica-

tion profiling is a key factor. Thequantityof codeproducedmustalsobeconstrainedso that

applicationinstructioncache,branchprediction,andpagingresourcesarenot overly taxed.

Furthermore,ILP optimizationoften favors oneusagepathat the expenseof another, which

placesaburdenon thecodeprofiling andselectionmechanismsto makewisechoices.

Thetransformationplatformis alsocritical. It mustbepowerfulenoughto enablebeneficial

transformationswhile limiting its consumptionof timeandresources.Many run-timesystems

have to stall the applicationwhile performingtransformations,thusrequiringthe benefitsto

directly outweighthe transformationcosts. Many post-link systemsrely on an instruction-

trace-basedplatformbecausetrace-basedtransformationsgeneratelittle analysisandoverhead

andyet achieve reasonableperformancegains[6]. While thesesystemsallow for significant

local customization,they lack thescopefor broaderoptimizations,suchasloop-level transfor-

mations.
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This thesisintroducesVacuumPacking, a new post-linkoptimizationtechniquefor detect-

ing and packagingregions of performance-criticalcodethat includesboth a swift profiling

mechanismanda solid platformfor transformation.Thetechniqueis foundedin region-based

optimization[7], which enablestheoptimizerto focuson heavily executedcodeblocks,even

when control-flow crossesfunction boundaries. Ratherthan using traditional aggregateor

summarizedexecutionprofileweightsto form staticregions,asis donewithin acompiler, this

approachusesa transparenthardware profiler to automaticallydetectexecutionphasesand

recordbranchprofile informationfor eachnew phase.A smallsetof interproceduralregionsis

formedfor eachphaseof programactivity. By focusingontheseencapsulatedregions,anopti-

mizerfocusesonthecodethatis responsiblefor anoverwhelmingmajorityof executionduring

eachphase.Cachelocality couldbeincreased,andILP optimizationcouldbeappliedto favor

theseregions. Several regionsmay in fact containcopiesof thesamesegmentof codeif the

segmentis utilized in severalphases.The region formationprocesspreservesexit semantics

from thenew region in casenonregion functionsareaccessed,but will focusthe optimizer’s

efforts on the truly hot code.Furthercustomizationof thesefunctionscanalsobeperformed

to paredown theincludedfunctionsto just thehot blocks,inline theregion functions,andap-

ply aggressiveILP optimizationandschedulingto constructnew tight andmodularcodeunits.

Thestrategy is an improvementover otherdynamicoptimizationsystemsbecauseit provides

a much larger scopefor optimizationthan thosethat operateon tracesandexploits specific

executioncharacteristicspresentin eachdistinctphase.

Thealgorithmsusedutilize efficient informationpropagationandestimationtechniquesto

compensatefor theincompleteandoftenincoherentbranchprofile informationthatarisesdue
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to thenatureof hardwareprofilers.Thetechniqueminimizesunnecessarycodereplicationby

makingefficient connectionsbetweenthe original codeand the new codeand linking code

regionsat selectpointsto facilitatephasetransitions.By usinga smallsetof profile informa-

tion, coderegionscanbegeneratedwhich arespecializedfor eachphaseof executionandthat

captureanaverageof morethan80%of total programexecution.Furtherit is shown that the

approachis very effective in extractingcoderegionsthatcapturethephasingbehavior of pro-

grams,that thecodesizeincreaseis moderate,andthat thecoderegionsbenefitfrom sample

optimizationsto improvetheperformanceof programs.

VacuumPackingis a three-stepprocessfor utilizing hardwareprofiling to detectprogram

phases,extractingcoderegionsthatcorrespondto thesephases,andproviding a platformfor

post-linkoptimizationby conditioningtheseregionsandconnectingthemto theoriginal pro-

gram.Theimplementationpresentedfor this techniqueusesthehot spotdetectionprocess[8]

to provide control-flow profile informationfor eachphaseof programexecution.Threealgo-

rithmsneededto constructthecodemodulesfor optimizationaredescribed.Thefirst algorithm

utilizestheresultsof thehardwareprofiler, theHot SpotDetector, to identify initial regions.A

secondalgorithmdescribesa techniquefor growing thecoderegionsto mitigateboth theef-

fectsof missingprofile informationdueto hardwaretablecontentionandtheeffectsof spotty

profile informationdueto temporarilydispersedexecution. Finally, a third algorithmis pre-

sentedthatdescribeshow executioncanbetransferredto theproperregionevenwhenmultiple

phase-basedregionsarerootedat thesamefunctionandmany containlargely thesameblocks.

While this thesisevaluatesthemethodusinga staticpost-linkoptimizer, the techniquecould

beextendedfor usein adynamicsystemaswell.
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CHAPTER 2

RELATED WORK

The VacuumPackingtechniqueexploits an intensive profiling mechanismin an effort to

form denselyexecuted,packagedcoderegionscustomizedto matchparticularphasesof pro-

gramexecution. The techniqueis designedto treatthe codethat comprisesa programphase

as a single unit, called a region [7], that containsthe instructionsfrequentlyexecuteddur-

ing the phase.A greatdealof previous work hassimilarly focusedon the problemof using

profile-feedbackto bringimportantcodetogetherandoptimizeit, andonwaysof inexpensively

collectingsuchfeedbackinformation.

2.1 CodePlacementand Optimization Mechanisms

Like VacuumPacking,interproceduralcodeplacementoptimizations[9] [10] aim to colo-

cateinstructionswith high temporallocality to improve instructioncacheperformance,but

for the mostpart theseattemptshave focusedon the movementof entirefunctionsandhave

aimedonly to improve cachingor pagingperformance.Like the Hot Cold optimization[1],

thepresented,region-basedapproachusesastaticpost-linkoptimizationtool to colocateheav-

ily executedblocksthat thenalsobecomethe focusof optimization.The infrequent,or cold,

blocksareleft away from theimportantcodeblocksandarelargely untouched.
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To form the hot regions, this work utilizes a partial-functioninlining technique[11] to

expandregionsby growing themto deepercallingcontextswhile replicatingonly theimportant

blocksof thefunctionsbeinginlined. Thestrategy hasbeenadaptedfor post-linkoptimization

systemsby inlining only into regions extractedfrom the original code, forming a separate

entity with links to and from the original code. This limits modificationto the bulk of the

applicationcomparedto astrategy thatoperatedonregionsleft integratedin theiroriginalcode

locations.Thesenew regionsmaybeformedacrosslibraryboundariesto achieveabroadscope

without theexplosive codegrowth of whole function inlining. Furthermore,within a region,

interproceduraloptimizationsthat werenot availableat compile-timemay be employed. In

the past,suchglobal optimizationsin post-link optimizershave mostly focusedon peephole

optimizationssuchas thosethat eliminate function-boundaryoverheadby breakingcalling

conventions[12]. SinceVacuumPackingfocusesinterproceduraloptimizationonareasonably

sizedregion,moreaggressive transformationsmightbefeasible.

2.2 Post-link Optimization Systems

Virtually all dynamic,post-link systemsuseexecutionprofiles to focus optimizationon

tracesof execution,muchasearlycompilerschedulingtechniquesusedtheprofilesto focuson

individual traceswithin theapplicationcode[13], [14]. Suchtraceslimit optimizationscope

but allow for very inexpensivetransformations.

Morerecentcompilertechniqueshaverelieduponcodemotionbeyondmeretraces.For ex-

ample,wavefrontscheduling[15] providesanefficientmethodfor improvingperformanceover
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traceschedulingapproachesthroughglobal schedulingwithin a function. Similarly, region-

basedapproachesarelikely to boostfuturepost-linkoptimizationsystemsbeyondthatof cur-

renttrace-basedcapabilitiesof dynamicoptimizers.

Regionsprovide a convenientalternative platform to tracesfor near-global optimization

techniqueswithoutunnecessarilyincreasingthecomplexity of performingcodeimprovements.

This is achievedby focusingoptimizationeffortsonamodestlysizedcodebasethatrepresents

asignificantportionof execution.

2.2.1 Dynamic optimization systems

Dynamo[16] is a dynamicsoftwareoptimizationsystemwhich generatesoptimizedcode

tracesin a codecache, a memoryspaceallocatedfor storageof optimizedcode. The traces

formedfollow thepathof currentexecution.Thesoftwareoverheadof suchasystemlikely lim-

its its practicalscopeto suchtraces.A run-timehardwareoptimizationsystem,therePLay[17]

framework, usesa cachestructurefor storingoptimizedtracesof execution.Sincethenumber

of storedtracesis limited by thestorageof thiscache,replacementof tracesis frequentandthus

very time-consumingtracetransformationis not possible. Anothersystem,ROAR [8], [18]

useshardwareprofiling andasoftware-basedcacheto increasethepersistenceof theoptimized

tracesthataregenerated.

2.2.2 Static optimization systems

Off-line optimizerssuchasSpike [1], [2] andVulcan[3] arenot asconfinedto tracesas

dynamicsystems.In suchstaticsystems,optimizationtime andspacerequirementsare less
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of a concernas the overheadof optimizationdoesnot directly impact the running time of

the application. However, they both could benefitfrom this technique’s ability to statically

capturecodethat representsa dynamicphaseof execution. By selectingphasesof execution

as the optimizationregions, VacuumPacking further enablessuchsystemsby allowing for

specializationthatspecificallytargetsthesephases.

2.2.3 Units of optimization

Previous work examinedseveral units of optimization for a dynamicoptimizationsys-

tem [6]. It consideredunits including traces,loops,andfunctions,andconcludedthat loops

providedthebestperformancewhile theperformanceof muchsimplertracesfollowedsecond.

The techniquepresentedin this work is targetedto an off-line optimizerandfor this reason

is designedto captureouter loopsfor maximumperformance.VacuumPackingprovidesan

further opportunityfor phase-specificoptimizationas its transformationunits are phasesof

execution.

2.3 HardwareProfiling Mechanisms

TheVacuumPackingstrategy hasbeendesignedto exploit programphasesbecauseeach

phasenaturallycorrespondsto a particularcoderegion. A hardwareprofiling mechanismis

utilized to capturethesephasesandthe relative profile weightsof control-flow within these

regions.
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2.3.1 Statistical profiling mechanisms

A numberof previousstrategiesexist to analyzethephasingpropertiesof applications,but

most rely on statisticalsamplingof executinginstructions. Thesesamplesaresubsequently

analyzedin software to determinephasecomposition. Hardwaresamplingmechanismsare

oftenusedto gatherlow-overheadprofiles,but generallydonothavetheresolutionrequiredto

separateonephasefrom another. Theserely on programcountersamplingover long periods

of time to producewhole-executionaggregateprofiles[19], [20], [21].

The Digital ContinuousProfiling Infrastructureutilizes the ProfileMe[22] mechanismto

collectdetailedinformation,suchasbranchdirections,aboutrandomlysampledinstructions.

BasicBlock Distribution Analysis[23] combinesintense,periodicsample-basedprofiling to

determinethecompositionof repetitivephases.

2.3.2 Phaseprofiling mechanisms

Specializedhardware componentshave beenproposedto accuratelydetectphases.The

dynamicworkingsetsignaturedetector[24] intensively monitorstheexecutingblocksfor pat-

ternshiftsandcouldbeusedto triggera profiling phaseasdescribedin Section3.4. However,

thesephasesarebasedon instructioncacheblock working setsratherthan the control-flow

phasestargetedby VacuumPacking. While thereis likely somecorrelationbetweena cache

block working setphaseanda phasedefinedby branchbehavior, sucha techniquecouldnot

distinguishbetweendifferentphasesthat,while having differentcontrol-flow behavior, share

significantamountsof code.This distinctionis evident in Figure2.1. Thoughthedirectional
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Figure2.1 Branchbiasphaseshift.

biasesof two hot branchesarereversed,Figure2.1(a)and(b) have theworking setsincethey

containidenticalblocks.This issueis discussedfurtherin Section3.4.

2.3.3 Hardwareprofile buffers

A mechanismcloserto that usedin this work, theprofile buffer [25] is a small tablethat

interactswith thereorderbuffer to recordbranchdirectionsoverashorttimewindow to garner

profile weights. The operatingsystemperiodically samplesthis table and graduallybuilds

anapproximatearc-weightprofile. As describedin Section4.1,VacuumPackingutilizes the

Hot SpotDetector[8] detailedin Section3.1 to performintensiveprofiling andto analyzethe

detectedblocksfor stability. All of thesehardwareprofiling approaches,however, are“lossy”

in that the collecteddatais imperfectandincompletedueto the randomnessof samplingor

the limitations of hardwarestructures.VacuumPackingovercomesthis missinginformation

by usinginferenceandheuristicto selectthehot regionandestimateprofileweights.

10



CHAPTER 3

HOT SPOT DETECTION AND MONIT ORING

3.1 Hot SpotDetector

During the first stepof the VacuumPackingprocess,the Hot SpotDetector(HSD), Fig-

ure3.1, is themonitoringmechanismresponsiblefor thedetectionof hot branchesin eachof

thephasesof execution[8]. TheHot SpotDetectorconsistsof two components:theBranch

Behavior Buffer (BBB) which is a tablefor profiling theexecutingbranches,andtheHot Spot

DetectionCounter(HDC) which is a simplecountingmechanismfor estimatingtheexecution

coverageof thebranchescurrentlytrackedin theBBB. As abranchretiresfrom theprocessor,

a recordof its executionis passedto thedetector. Thestaticaddressof thebranchis usedto

locatea tableentrywherethebranch’s dynamicbehavior is recorded.This tabulation is done

by incrementingtheexecutedcounterfor every branchandthe takencounterfor every taken

branch.

TheBranchBehavior Buffer maintainsits contentsusinganapproximatedmostfrequently

usedretentionpolicy insteadof a moretraditional,mostrecentlyusedcacheretentionpolicy.

If freeentriesexist, eachnew staticbranchat retirementis provisionallygivenanemptyentry

andgranteda window of time, referredto asa refreshinterval, to accumulatedynamicprofile

information.If noentryis available,theretiredbranchis simplydiscarded.A staticbranchthat
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Figure 3.1 Hot SpotDetector.

iseithermissingfromtheBBB or in aBBB entryonaprovisionalbasisiscalledanoncandidate

branch. If anew staticbranchexecutesfrequentlyenoughbeforetheendof therefreshinterval,

it is markedasacandidatebranch. At theendof eachrefreshinterval, noncandidatebranches

haveeitherbeenpromotedto candidatebranchesor areeliminatedfrom thetableby therefresh

to make room for other branchesthat may be more important. Oncea branchbecomesa

candidatebranch,it is no longerreviewedat therefreshintervals,andis lockedinto thetable

for longer-termprofiling. After severalrefreshintervals,theentriesshouldbepopulatedby the

mostfrequentlyexecutedbranches.

The Hot SpotDetectionCounteris designedasa simpleup/down saturatingcounterthat

countsup by � whennoncandidatebranchesareexecutedanddown by � for candidates.By

choosingthe � and � value,onedeterminesthecumulativelevel of importancerequiredbefore

asetof candidatebrancheswill triggerahotspotdetection[8]. For example,with � setto 2 and

� setto 1, at leasttwo thirdsof theretiredbranchesmustbecandidatebranchesfor theHDC
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to proceeddownward. If this happensconsistently, HDC will quickly reachzero,indicating

thatthecandidatebrancheshave consistentlyaccountedfor therequiredminimumpercentage

of the dynamicbranches.Thus,a hot spotdetectionis signaled. All brancheswhich were

candidatebranchesat the time of detectionarechosenashot spotbranches. The hot code

regiondefinedby thesebranchesis calleda hotspot.

All of thebranches(candidatesandnoncandidates)in theBBB areexaminedat theendof

a second,muchlongerreview periodreferredto asthe resetinterval. If the resetinterval is

reachedwithout triggeringa detection,the BBB is flushedandall branchesbecomenoncan-

didatesonceagain.This conditionindicatesthatcontrol-flow is not currentlyconstrictedto a

consistentlybehaving setof branches.

3.2 PreviousHot SpotMonitoring Mechanisms

In order to monitor andcontrol profiling by the Hot SpotDetectorproposedin [26], an

additionalhardwarestructurewasused,calledthe Monitor Table, shown in Figure3.2. The

operationof this tablewassimilar to thatof theBBB; however, themonitor tableconsidered

only of a tagarrayof brancheswith oneentryfor everybranchin everyhot spotthatwasthus

fardetected.TheMonitor Tableenabledtheprofiling systemto detectwhenahighpercentage

of the recentlyexecutedbrancheswereoutsideof all of thepreviously detectedhot spots.In

this way, it determinedwhethera new hotspotdetectionwasnecessary.

In the Monitor Table, the addressesof all hot branchesarestoredin its tag array. Each

retiring branch’s addressis looked up in this array to determineif the currentexecutionis
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&

Valid
Bit

Branch
Addr

=

Branch Address

T/F

Saturating Adder

Stop Profiling
At Zero:

At Max:
Start Profiling

-D

+I 0

1

Monitor Counter

Figure3.2 Monitor Table.

within a hot spot.If a valid entryfor a retiring branchis found,a saturatingcountercalledthe

Monitor Counteris decreasedby thedecrementvalueD. Otherwise,if no valid entryis found,

this counteris increasedby theincrementvalueI. As in theHDC describedin Section3.1,the

valuesfor D andI determinethethresholdratio of hot spotto non-hotspotbranches.Merten

etal. foundthatby usingthisMonitor Tablehardware,very infrequentbut intenseprofiling by

theBBB couldfind a smallnumberof hot spotsthatencompassedtheoverwhelmingmajority

of executionof theprogram.

In subsequentwork, theHSD wasusedto drive run-timeoptimization[8],[18],[27]. Like

theotherdynamicoptimizationsystemsmentionedin Section2.2,optimizationwasperformed

on individual traces. Using the HSD, a set of traceswere formed from the executionseen

within hotspots.Thedetectionprocessin theHSDwasenabledby excessiveexecutionoutside

of thesetraces,transitioningbetweentracesfrom differenthot spots,or transitioningbetween

thetracesandoriginalcode.
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To meetthegoalsof thesystemdetailedin this work, it is not sufficient to determineonly

that executionis mostly limited to instructionsthat have beendetectedin somepreviously

detectedhot spot. Sincethis thesistargetsan off-line transformationfed by the profiling of

an unalteredprogram,monitoringthe transitionsfrom extractedhot spotsfor the purposeof

controlling futuredetectionis alsonot a practicalsolution. Instead,thedetectionof thenext

hot spotshouldbeenabledwhenever programexecutionhastransitionedinto a new phaseof

execution. Dif ferentphasesof executionmayactuallysharethesamestaticinstructions,and

suchphasesmay be missedby controlling hot spotdetectionusingthe Monitor Table. This

work desiresto detecta new hot spotwhenever the control-flow behavior of a programhas

changed,evenif theworking setof branchesfor theprogramhasnot changed.To accomplish

this andto bettersupportuseof the BBB for off-line post-link optimization,an extensionto

theBBB is proposed.

3.3 EnhancedBBB for ContinuousProfiling

TheenhancedBBB proposedin this work is presentedin Figure3.3. Two additionalflags,

the previouscandidatetaken flag andthe previouscandidatenot taken flag, areshaded.An

addedcounter, theevictedcandidatecounter, is alsoshaded.By utilizing thesesingle-bitflags

andtheadditionalcounter, theBBB caneasilymonitorwhetherthecurrentlydetectedhotspot

differs from the lasthot spotdetected,andwill signala realdetectiononly whena transition

betweenphaseshasoccurred.
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Figure3.3 EnhancedBranchBehavior Buffer.

UsingthisextendedBBB, profiling for hotspotsproceedsfor themostpartasproposedby

Merten[26]. Eachtimeahotspotis detectedthatdiffersfrom thepreviouslydetectedhotspot,

the previouscandidatetakenandnot taken flagsaresetaccordinglyfor eachBBB entry that

correspondsto a hot spotbranch.For heavily takenbranches(thosewhosetakencounteris at

least70%of their executedcounter),thepreviouscandidatetakenflag is set,andfor strongly

not takenbranches(thosewhosetakencounteris lessthan30%of their executedcounter),the

previouscandidatenot taken is set. For the otherunbiasedhot spotbranches,both the taken

andnot takenflagsareset.Finally, thehotspotbranchesfor thecurrentdetectionarerecorded

by operatingsystemsoftware. Then,all of theentriesfor noncandidatebranchesarecleared,

andtheexecutedandtakencountersandthecandidateflag for all entriesarecleared,leaving

the candidatebranchesin the table,now marked asa noncandidatebranch. The processof

detectionis thenrestarted,this time with thebuffer primedwith theaddressesof thehot spot

branchesfrom thelasthot spotdetection.Theseentriesremainflaggedaspreviouscandidates

using the two new flags. If they are subsequentlyremoved from the BBB underthe most

frequentlyusedpolicy, the evicted candidatecounteris incremented.Suchbranchesinstead
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could be locked into the BBB, but doing so might increasecontentionfor entriesandmight

prevent the profiling of an importantbranch. If the resetinterval elapsesbeforea hot spot

is detected,the entire BBB is cleared,as in the original scheme,forcing the next hot spot

detectionto bedifferentthanthepreviousdetection.

While anapplicationcontinueswithin thesamephase,theHSDwill continueto repeatedly

detectthatphase.Branchesthatwerepartof thesetof hot spotbrancheswill quickly become

candidatesduring thenext detection,indicatingthatno phasetransitionhasoccurred.Oncea

phasechangedoesoccur, however, it will bedetectedin oneof threeways:

� Severalpreviouscandidatebrancheswill notbecomecandidates

� Severalentrieswhich werenot previously allocatedto candidatesbrancheswill become
candidates

� Thedirectionbiasof oneor morebranchwill change

All of theseconditionscanbedistinguishedby comparingthesetsof candidatebranchesand

previous candidatebranches.The first threeconditionscanbe determinedby the percentage

changein thehotspotbranches,which is determinedas

�����
	�����
�	�������������������
����
����	�� �"!$# ��%�&'�����(�*)+	����"�����",-	�����,��.,/��
��"!��%�&'�����0�*)1�2�
��34�5�5%6!7	�����,��.,/��
��"! (3.1)

The numberof changedcandidatesincludesthosebrancheswhich werepreviously hot spot

branchesbut are not candidatebranchesat the currentdetectionand thosebrancheswhich

werenotpreviouslyhotspotbranchesbut arenow candidatebranches.Thenumberof changed
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candidateswhich still haveentriesin theBBB is computedas

898(8 	�� �������",:	�����,��5,4��
��"!;# <>=?=*@BA�CED�FG@�HJIK	�����,��.,/��
��7)MLN���0OP�Q�R��34�5�5%6!7	����S,"�.,4�"
���T (3.2)

Whereeachentrycanbedeterminedto beapreviouscandidateby

�2�
��34�5�5%�!7	�����,��5,4��
��U#VIW�2�
��3�X/	�����,4X*
��4YR���Z)MLN���0[\�2�
��34�5�5%6!7	�����,4X"���5
]
��4YR���^)MLN��� T (3.3)

However, thechangedcandidatesin theBBB donotaccountfor hotbrancheswhichhavebeen

evictedfrom theBBB throughtheleast-frequentlyusedreplacementpolicy. Thetotal number

of changedcandidatesincludestheseevictedcandidatesaswell:

��%�&'X_�*)+	����"�����",-	�����,��.,/��
��"!$# 8(8(8 	�� �������",-	�����,4X2`a��34�.	b
��",:	��"�S,4X_	���%���
 (3.4)

Finally, in thecalculationof thepercentchangeof hot branches,thenumberof previouscan-

didatesis

��%�&'�����(�*)c�2�
��34�5�5%�!7	�����,��5,4��
��"!;#
<d=e=f@�AJCED�Fg@BH IW�2�
��34�5�5%�!7	�����,��5,4��
���Th`a��34�5	i
��",:	����S,"�.,4�"
��j	���%���
 (3.5)

If thepercentchangein hot branchesis greaterthana setthreshold,a new hot spotdetection

is triggered;if thedifferenceis toosmall,thehotspotcurrentlydetectedhasnotchangedfrom

thepreviousdetection.Note thatbecauseof theway thepercentchangein hot brancheswas
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defined,a 100%changemeansthat, for eachbranchin the original hot spot,the currenthot

spoteitherincludesaunique,additionalbranchor doesnotincludeoneof theoriginalbranches.

Underthis definition,thedifferencebetweentwo hotspotscanbegreaterthan100%.

Thefinal phase-changecondition,thatof changesin thedirectionbiasof hotspotbranches,

is alsofoundfrom thepreviouscandidatetakenandnot takenflags. For eachentry, a change

in directionbiasis seenas

	����������",:���5�4!;#
IE
��4YR���lkm�2�
��3�X_	�����,4Xn�S��
]
��4YR����)MLN�"� Th[PIW���5
h
��4YR���lkm�2�
��3�X_	�����,4Xn
��4YR����)MLN�"� T (3.6)

Thetotal changeis directionbiasis thesumof thesechanges:


���
��4L 	����������",:���5�4!;# <>=e=f@�AJCED�FG@�Hd	����������",:�i�.�4! (3.7)

If the numberof brancheswith a changein biassurpassesa threshold,a new phaseis also

consideredto havebeendetected.

After eachdetectionof anunchangedhot spot,only theentriesmarkedaspreviouscandi-

datesareretained,while theremainingentriesarecompletelyclearedalongwith theHot Spot

DetectionCounter. Again, all of the executedcounters,taken counters,andcandidateflags

areclearedaswell. In this way, theBBB is initialized for thenext hot spotdetectionwith the

candidatebranchesfrom theoriginaldetection.Additionally, thevalueof theevictedcandidate

counteris maintained.If instead,thepreviouscandidatetakenandnottakenflagswereupdated
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to thecurrentlydetectedsetof candidatebranches,or if theevictedcandidatecounterwasreset

at eachdetection,agradualphaseshift mightbeoverlooked.

A portionof a six-entryBBB is shown in Figure3.4 to demonstratethepossibilityfor this

problem.A sequenceof four hot spotdetectionsis shown in (a)-(d)assuminginsteadthatthe

previous candidateflag is upsetat eachdetection.The initial detectionof a hot spot,shown

in (a), includesfour candidatebranches,labeledA, B, C andD. At the time of the second

detection,shown in (b), the BBB includesa fifth candidatebranchE. The percentchangein

hot branchesfor this detectionis o�pQq #sr2t2u . If thepreviouscandidateflagsarethenupdated

to includeE, the percentchangeat the next detectionshown in (c), with the failure of A to

becomea candidate,is oJpQv #wr2t2u . Again,assumingtheEvictedCounterwereto becleared,

theadditionof candidateF in (d) resultsin only a 25%change.However, if thechangewith

respectto the initial detection(a) is insteadconsidered,a xypQq #{z v u changeis seen.If the

changethresholdis set above 25% this large phaseshift that occurredgraduallyover four

detectionswill notbeseen.

Suchgradualtransitionsare somewhat infrequent,as previous studieshave shown that

phasetransitionsaregenerallyabruptandpronounced[24],[28]. Figure3.5shows thenumber

of uniquehot spotdetectionsasthe thresholdfor the changein hot branchesis varied. Note

that the scaleof Figure3.5 is logarithmic. In general,asthe thresholdis raised,the number

of differenthot spotsfound decreases;however, in a few instancesthe numberof detections

doesnot monotonicallydecreasewith respectto an increasingthreshold.The changein this

thresholdaffectsboth the time at which hot spotsaredetectedandthe branchesincludedin
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Figure3.4 Gradualhot spottransition.

themat detectiontime. Theseslight differencescancausesmall variationsin the numberof

hot spotsdetected.

For a very small threshold,a greatnumberof very similar hot spotsaredetected.Once

this thresholdbecomesmorereasonable,thechangein thenumberof new detectionsbecomes

rathersmall. For almostall benchmarks,increasingthe thresholdbeyond 35% yields little

reductionin the numberof uniquehot spots. This corroboratesthe claimsof previous work

thatphasedetectionis largely independentof thephasechangethreshold.
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Figure3.6 Effectof branchbiasthresholdon uniquehotspotdetections.

Figure3.6 demonstratesthe numberof hot spotsfound to be uniquebecauseof the bias

changethreshold. Thesedetectionswere all performedwith the thresholdfor the percent

changein hot branchessetto 50%. Branchbiasonly hasan effect on differentiatingunique

hot spotsfor a thresholdof a smallnumberof branches.With sucha small threshold,several

uniquehot spotsaredistinguished.Thus,for almostall benchmarks,thenumberof branches

thatchangebiasis small(aswill befurtherexaminedin Section5.2),but thenumberof unique

phasesdefinedby thesechangesis significant.

Thoughthis enhancementto theBBB allows theHot SpotDetectorto beusedasa contin-

uousprofiling device, theHSDwill still besignalingthedetectionof anew hotspotwhenever
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aphasetransitionoccurs.Themajorityof applicationshaveseveralphaseswhicharerepeated

throughout theprogram’s execution.Themechanismthatprocesseseachphasedetectionwill

have to eitherrecorda detectionfor every phasetransition,or eliminatenonuniquehot spots

whentheir detectionis signaled.The detectionresultsusinga percentchangein hot branch

thresholdof 50%anda changeddirectionbiasthresholdof 1 branchareshown in Table3.1.

For eachbenchmarkinput, the total numberof hot spotdetections,the total numberof hot

spotswhich arerepeatsof earlierdetectedhot spots,andthenumberof detectionswhich are

repeatsof thelasthot spotdetectedaregiven.As shown in Table3.1, theenhancedBBB does

eliminateamajority of thenonuniquehotspotdetections.However, theportionof suchdetec-

tionseliminatedvariesgreatlybetweenbenchmarksandthenumberof nonuniquedetections

for somebenchmarksis still large. Furtherelaborationon thebenchmarksevaluatedandthe

experimentalsetupis foundin Chapter5.

3.4 Hot SpotPhaseSignatures

Ratherthanfiltering out nonuniquehot spotsby comparingevery branchwithin them,as

wasdonein this study, a techniquelike the working setsignature [24] could be extendedto

produceahotspotsignature. As previouslymentionedin Section2.3.2,aworkingsetsignature

is alossy-compressedworkingsetrepresentation.It is generatedbyhashingportionsof thetags

of cachelinesincludedin theworkingsetto bits in vector. Thisbit-vectorservesasasignature

for thegivenworkingsetandcanbeusedto makecomparisonsagainstotherworkingsets.In a

similar way, ahotspotsignaturecanbegeneratedby hashingthehotspotbranchesto bits in a
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Table3.1 Hot spotdetectionswith enhancedBBB.
Benchmark Input HS Detections Non-unique Sequencially % of

Detections Repeated Non-unique
Detections Detections

099.go A 579 505 117 23.2
124.m88ksim A 1321 1313 1305 99.4

A 1925 1916 1361 71.0
130.li B 380 374 210 56.1

C 6409 6394 3969 62.1
A 7058 7035 3649 51.9

132.ijpeg B 539 506 352 69.6
C 5176 5142 2804 54.5
A 18758 18750 17616 94.0

134.perl B 202 200 200 100.0
C 56 53 44 83.0

164.gzip A 33370 33314 28233 84.7
175.vpr A 10381 10351 10213 98.7
181.mcf A 1747 1718 1123 65.4
197.parser A 3454 3428 3130 91.3

A 232 210 121 57.6
255.vortex B 1488 1460 602 41.2

C 3471 3443 2180 63.3
300.twolf A 1473 1460 1216 83.3
mpeg2dec A 1021 1005 686 68.3

vector. A cheapcomparisonof thesesignaturevectorswill determineif adetectedhotspotis in

factunique.To distinguishbetweenphasesthatdiffer in branchdirectionbias,thedirectional

biasof eachhotspotbranchcouldalsoserveasaninputto thehashingfunction.Thegeneration

of a hot spotsignatureis shown in Figure3.7. As long asa hashingfunction is effective at

mappingdifferenthot spotbranchesto differentbits in the signature,the likelihoodof two

differenthot spotsgeneratingthesamesignatureis very low, andthereforetheprobabilityof

missingauniquehotspotwouldbelow. Insteadof theenhancedBBB presentedin Section3.3,

suchsignaturesmightbeusedto eliminatesequentiallyidenticalhot spotdetectionsaswell as

the nonsequentialones. However, the overheadof computinga signaturefor eachdetection

makesthe ability to automaticallyweedout detectionsof hot spotswhich have not changed

from thelastdetectionamoreattractivesolution.
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CHAPTER 4

HOT REGION FORMATION

TheVacuumPackingprocessis designedto usethecontinuoushotspotprofiling described

in Chapter3 to identify importantcoderegionsassociatedwith programphasesandextract

themfor thepurposeof codeoptimization.As shown in Figure4.1,theformationprocesscon-

ceptuallyconsistsof threesteps,profiling andidentificationof hotbranches,region formation,

andregion extractionandoptimization.During thefirst step,a profiling mechanismmonitors

the executionof a programandselectsa collectionof staticbranchesreferredto ashot spot

branchesasshown in Figure4.1(a).Theseinstructionsarethehot branchesassociatedwith a

phaseof programexecution.Informationaccumulatedin themonitoringmechanism,including

candidatebranchexecutedandtakenweights,is storedaway for futureprocessing.

Theprofiledprogramcontinuesto executeuntil anotherphaseis detected,at which point

the information on anotherset of hot brancheswill be storedaway. For evaluationin this

work, a completeexecutionis performedfor the purposeof hot spotprofiling beforeany of

thedetectedphasesis furtheroptimized.At thecompletionof theprofiledprogram,asoftware

mechanismprocessesthestoredhot branchinformation.

In thesecondstep,thestoredinformationis combinedwith staticprogramrepresentationto

form theinput to theregion formationalgorithm.Thealgorithmselectsa region for optimiza-

tion andleveragesthe branchinformationto generateestimatedexecutionfrequenciesof all
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Figure 4.1 Region formationprocessover functionsA-F, shown in call treeorder. (a) Hot
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instructionsin theregion. Oftenthesehot regionsspanfunctionboundaries;in Figure4.1(b),

thehot regionspansfunctionsA, B, C, D, E, andF.

In the third step,an extractionalgorithmassemblesall the piecesof the hot region into

a new, localizedcoderegion that canbe convenientlyhandledby an optimizer. Onephysi-

cal region is formedfor eachprogramphase.Control transitionsareestablishedbetweenthe

original programandtheextractedregion. Finally, control transitionsarealsoestablishedbe-

tweenextractedregions.Thenew coderegionsarepackagedmuchlikea functionbodysothat

optimizationalgorithmscanprocessthemsimilarly.

4.1 Step1: Program PhaseDetection

At eachdetectiontime,theBBB containsthesetof candidatebranchesalongwith theirex-

ecutedandtakencounts.Thecountstogetherminimally provide thetakenratio for thebranch
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during the detectionprocess.The executedweightscanalsobe usedto comparethe relative

significanceof differentbrancheswithin thesamehot spot.However, undertheapproximated

most frequentlyusedpolicy, contentionfor table entriesdue to the finite table sizeand the

table’s limited associativity may forcea staticbranchto begin profiling later in the detection

process.This scenariomaycauseartificially lowerweightscomparedto otherbranchesin the

hot spot,andin theworstcase,prevent thebranchfrom beingtrackedat all. In addition,the

hardwarecounterstrackingeachbranchsaturatewhentheexecutecountreachesits maximum

value.However, atsaturation,thetakenratio for thebranchis preserved.

Figure4.2 detailsthehot region formationprocess.Theprofiledprogramconsistsof two

functions,asshown in Figure4.2(a). Basicblocks
���

through
� �"!

belongin functionA and

basicblocks # � through #%$ belongin function B. Figure4.2(d)shows the resultof hot spot

detection. For the purposeof this examplea very small, four-entry BBB is used. Sincethe

working setof branchesin thephaseis muchlarger thanthesizeof theBBB, only a portion

of thebranchesarecaptured.In a realisticdesign,thecapturedexecutionof a phasewould be

expectedto bemuchhigher.

4.2 Step2: RegionIdentification

Thesecondstepof thehot region formationalgorithmidentifiesthehot region instructions

of eachphasebasedon thebranchprofile informationprovidedby theBBB. Theprofile infor-

mationavailableat this point consistsonly of a setof branchescapturedduring the detected

phaseof executionalongwith their executedandtaken counts. This information is usedto
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Figure 4.2 Region formation. (a) BranchBehavior Buffer profile. (b) Initialization of hot
spotbranchesandtheirblocks.(c) Propagationof thecoldarcinformation.(d) Propagationof
thehotarcandblock information.

selectthe optimizationregion andwill be usedlater to determineusableprofile weightsfor

control flow within the region. In anattemptto provide an optimizedpieceof codefor each

importantphaseof programexecution,eachhot spotdetectedis consideredseparately. The

chosenregionsarethenexpandedusing inference(describedin Section4.2.2)andheuristics

(describedin Section4.2.3)to includeadditionalblocksandtheir correspondingflow arcsfor

severalreasons:
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& A hot pathmay temporarilydiverge into several pathswhich do not individually meet
thethresholdfor beinghot. If thesepathslaterconvergebackinto hot blocks,including
themwill improvetheconnectivity of theselectedregions.

& Techniquesusinghardwarecounters1 to determineprofile weightsprovide only an ap-
proximationof theactualprofiledueto therandomnessof samplingandthelimited num-
berof counters.For this reason,acertainamountof misleadingandmissinginformation
mustbetolerated.

& Eventhoughexits from theregioninferredfromtheHot SpotDetectorprofileareuncom-
mon, it is desiredto further reducethe numberof themby opportunisticallyincluding
infrequentpathswheninclusionis associatedwith little or nocost.

In Figure4.2(a),theprofileinformationfor thephaseof theexamplecoversonly four of the

eighthot branchesdueto limited numberof BBB entries.As mentionedabove, a realdesign

would not detectsucha smallpercentageof hot spotbranches;however, a very largeprogram

might have a working setof branchesthatexceedstheavailableentries.Thus,to beeffective

the algorithm must be tolerantof somebranchesmissingfrom the buffer. To achieve this

tolerance,a phaseof inferring theimportanceof blocksis followedby a phaseof heuristically

includingotherblocksin theregion to beoptimized.

4.2.1 Hot spot blocks

To begin theregion identificationprocess,thehot spotbranchesandtheblockscontaining

them are initialized. This initialization is performedaccordingto Rule 1 and Rule 2 from

Figure4.3. Undertheserules,blocksareassignedtemperatures,initial weights,anda taken

probability. Flows areassigneda temperatureaswell. Thealgorithmfor this initialization is

givenin Figure4.4.

1Similar problemsalsoarisewhenusingsoftwaresampling.
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Rule 1 Initialize each basicblock containinga hotspotbranch:
')(�*,+�-�.�/1032546087:9�/<;=7:0%>@?A+B/
'DCFEGCF/<CB9H*JI 03CFKMLN/O>@08PQ0R-S;6/�0UTV-�+�;6EG/
'D/19W.X08EY4J7:+Z(�9W(SCB*[CF/<\5>

C
]B^`_
A
aFbdc
AJC

_Se1_<aFc
C
_<fQaFbdc

A�C

Rule 2 Initialize for each flowof a hotspotbranch:

')gG*,+BIO/1032546087X9R/<;=7:0O> ?h+�/ (direction i (25% j executedcount)) (direction i cand.thresholdkl +Z*,T otherwise

Rule 3 Infer usingrelationshipsbetweenflowsandblocks:

Rule 3.1 Infer temperatureof flowsin andoutof blocks(Figure4.5(a)-(b)):
' Anyflow into (outof) coldblocks(a) m gG*,+BIO/1032546087:9�/<;=7:0n> l +Z*"T
' Onlyoneunknownflow into (outof) a hotblock where therearenohotflowsinto (outof)
theblock (b) m gG*,+BIO/103254M037:9�/<;=7:0n>o?A+B/

Rule 3.2 Infer temperatureof blocks(Figure4.5(d)-(e)):
' All flowsin or outarecold (d) m (�*,+�-�.�/1032546087:9�/<;=7:0O> l +Z*,T
' Oneflow in or out is hot (e) m (�*,+Z-�.�/�082546037:9R/S;67X0p>@?h+�/

Rule 4 Expandregion fromhotblockswhich are rootbasicblocks:
' Expandregion into adjacentpredicessorblocksuntil a hotblock is reached' Nevergrow region into cold blocks' Discard growth which doesnot reach hot block in MAX BRANCHES(e.g., 2) additional

blocks

Figure4.3 Rulesfor selectingvacuum-packedregion.

In theexamplein Figure4.2,blocks
�pq

,
�Or

,
�ps

, and#%t containhotspotbranchesaccording

to theBBB recordin Figure4.2(d). Theseblocksareinitialized ashot, andthecontrol flows

outof theseblocksareinitializedashotor coldaccordingto theirdirectionalbias.If ahotspot

branchis takenmorethan75%of thetime, thecontrol-flow arcfor thatdirectionis hot. Also,

if theweightof adirectionexceedsthecandidatecounter, thatdirectionis additionallymarked

32



Initialize Hot Spot(hot spotbranch list)u
1: For eachbranch v hot spotbranch list

u
2: block = basicblockcontainingbranch;
3: block.temperature= Hot;
4: block.initial weight= branch.executedcount;
5: block.taken probability= branch.taken countw branch.executedcount;
6: If ((branch.taken count x 75% y branch.executedcount) and

(branch.executedcount- branch.taken count z CANDIDATE THRESHOLD))
u

7: branch.taken flow.temperature= Hot;
8: branch.fall throughflow.temperature= Cold;
9: {

10: ElseIf ((branch.taken count z 25% y branch.executedcount) and
(branch.taken count z CANDIDATE THRESHOLD))

u
11: branch.taken flow.temperature= Cold;
11: branch.fall throughflow.temperature= Hot;
12: {
13: Else

u
14: branch.taken flow.temperature= Hot;
15: branch.fall throughflow.temperature= Cold;
16: {
17: {
{

Figure4.4 Initializationof hot spotbranchesandtheir blocks.

hot. Remainingdirectionsareleft ascold. For example,accordingto thetakenandexecuted

countersin theBBB entry for block
�ps

, thebranchendingthis block is heavily biasedin the

takendirection.Lines7 and8 of thealgorithmin Figure4.4markthetakenflow for thisbranch

hotandmarkthefall throughflow arccold.

4.2.2 Inferr edhot and cold blocks

The temperatureof someblocks that do not containhot spot branchesand the temper-

atureof someflows in and out of suchblocks are iteratively inferred accordingto Rule 3.
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Propagation to Blocks

(d) (e) (f)

?

(c)(b)(a)

Propagation to Flows

Figure4.5 Inferencerules.(a)-(c)Propagationto flows. (d)-(f) Propagationto blocks.

The algorithm for this inferenceis given in Figure 4.6. This algorithm assumesthat the

flow work list andblock work list have beeninitialized to the hot flow arcsandhot blocks,

and cold flow work list andcold block work list have beeninitialized to the cold flow arcs

andcoldblocksfoundthroughtheapplicationof thealgorithmin Figure4.4.

From the list of blocks,the temperatureof flows in andout of theseblocksis inferredas

shown in Figure4.5(a)and4.5(b).All arcsin andout of cold blocksarealsocold. If only one

control-flow arcin or outof ahotblock is not cold, thatflow is inferredto behot.

From the list of flow arcs,the temperatureof blocksat the heador tail of theseflows is

infered. The caseswherethis inferencecan be performedareshown in Figures4.5(d) and

4.5(e).If everyflow in or out of a block is cold, thatblock mustalsobecold. If any flow in or

outof ablock is hot, thatblock mustbehot aswell.

In Figure4.2(b),several blocksareinferredto be cold from the initial list of cold flows.

Blocks
� |

and
���"!

areassigneda cold temperatureon line 10 of Figure4.6, sincethey have

only asingleincomingarc,andthesearcsareall cold.
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Infer Hot region(flow work list, block work list, cold flow work list, cold block work list)u
1: For eachflow v flow work list

u
2: flow.source block.temperature= Hot;
3: flow.destinationblock.temperature= Hot;
4: List insert(block work list, flow.source block);
5: List insert(block work list, flow.destinationblock);
6: List remove(flow work list, flow);
7: {
8: For eachflow v cold flow work list

u
9: If (all flows into flow.destinationblock arecold)

u
10: flow.destinationblock.temperature= Cold;
11: List insert(cold block work list, flow.destinationblock);
12: {
13: If (all flowsoutof flow.source block arecold)

u
14: flow.source block.temperature= Cold;
15: List insert(cold block work list, flow.source block);
16: {
17: List remove(cold flow work list, flow);
18: {
19: For eachblock v block work list

u
20: If (only oneflow into (or outof) block is not cold)

u
21: flow= flow into (or outof) block thatisn’t cold;
22: flow.temperature= Hot;
23: List insert(flow work list, flow);
24: {
25: List remove(block work list, block);
26: {
27: For eachblock v cold block work list

u
28: For eachflow into andoutof block

u
29: flow.temperature= Cold;
30: List insert(cold flow work list, flow);
31: {
32: List remove(cold block work list, block);
33: {
{

Figure4.6 Inferencegrowth of vacuum-packedregion.
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Figure4.2(c)shows thefurtherpropagationof theinference.Fromtheinitial four hot spot

branches,severaladditionalblockshave beeninferredashot. Sincetheflow from
�pr

to
� t is

hot, thetemperatureof
� t is setto hoton line 3 of thealgorithmin Figure4.6.Similarly, #%$ is

alsohot becauseof thehot arcbetween# q and #%t . Theflow from
� $ to

�ps
is assigneda hot

temperatureon line 22 of this algorithm,astheonly otherflow into
�ps

is cold. Similarly, the

temperatureof theflow from # q and #%t is alsohot. Because# � is the targetof a hot call in

� t , it is markedashot aswell. Subsequentiterationof this algorithmwill find blocks
�O}

,
� $ ,

and # q to behotaswell.

4.2.3 Heuristic hot regiongrowth

Becauseof the potentialfor missinginformation,heuristicgrowth of the vacuum-packed

regionsis performedunderRule4. Rootblocksarearefirst foundin thesamewayentryblocks

will befoundin Section4.3.1.Backedgesareremovedfrom thecontrol-flow graph,andblocks

with no incomingarcsareselected.To elimiateentrancesto the region, the heuristicgrowth

aimsto eliminatepotentialentryblocksby growing upwardfrom root blocks,throughblocks

with no information,finally connectingcontrolto preceedinghotblocks.

4.3 Step3: RegionConstruction and Optimization Support

Onceahot regionof codehasbeendetected,identified,andgrown, theregionconstruction

andoptimizationphasebegins.Duringidentificationandgrowth,acontrol-flow graphfor each

function in theregion is markedwith thehot andcold information. A call graphrepresenting

functioncallsrelationshipswithin theregion issalsoconstructed.
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4.3.1 Locating root functions and entry blocks

Thecall graphfor theregion is examinedto find functionsto serve asroot functionsfrom

which all otherfunctionsincludedin theregioncanbereached.A call graphcanbeconverted

into atreeby brakingall cyclesin thegraphby removing thebackedgefrom eachcycle. A root

functionis anodein sucha treewithout any callers.Theseroot functionsserveasseedsin the

partialinlining process.

Somefunctionscanbebothrootfunctionsandinlinees.If disconnectedpiecesof afunction

havebeenselectedaspartof thehot region, thatfunctionis addedto thelist of root functions.

Whenthat function is usedasa root function, thesedisjoint piecescanbesafelyincluded. If

that function is usedasan inlinee into anotherroot function, thedisjoint piecesareexcluded

to preventsideentrancesinto theregionsfrom unknown contextsasdestribedin Section4.3.3.

All other functionsthat are part of the phasewill be partially inlined into one or more of

theseroot functions. In a similar fashion,entryblocksarechosenfor eachfunction’s control

flow graph(CFG). If CFGcyclesarebrokenby removing abackedge,entryblocksareblocks

without any predecessors.Theoriginal codelocationscorrespondingto entryblocksinto root

functionswill serveaslaunchpointsfrom original codeinto theregions.

In theearlierexamplein Figure4.2,theroot functionfor theprogramphaseis
�

. Theentry

blockfor phase1 canbeany block in
�

sinceall blockscanbereachedfrom any blockin loop.

As shown in Figure4.7,acontinuationof theearlierexample,
�pq

hasbeenchosenastheentry

blockasit is thefirst block in programorderwith anincomingarcfrom outsidetheregion.
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Figure 4.7 Extractionof vacuum-packed region. (a) BBB for hot spotdetectionfor phase
1. (b) BBB for hot spotdetectionfor phase2. (c) Extractionof phase1’s region (formedin
Figure4.2). (d) Linking of phase1’s regionwith phase2’s region.

4.3.2 Maintaining dataflow

Eachmarkedfunctionis reducedto includeonly theinstructionsfoundin Step2 to bepart

of thehot region. Theregisterlive rangesaremaintainedby creatinga new basicblock along

eachexit pathandplacingdummyconsumerinstructionsfor eachregisterliveacrosstheexit.

Thisnew block is calledanexit block. Thisallows theremoval of thecold instructionswithout
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7  lsr   r2 = r3, 2
8  br    r2 < 16 9  mov   r4 = r1

(b)(a)

use   r1
use   r3

EXIT

HOT

2  add   r2 = r3 + r1
1  ld      r1 = 

3  mov  r5 = r4
4  br      r4 != 0
5  st    [r4] = r2

COLD

EXTRACTED HOT

2  add   r2 = r3 + r1
1  ld      r1 = 

3  mov  r3 = r4
4  br      r4 != 0
5  st    [r4] = r2

Figure4.8 Maintainingdataflow. (a)Originalcodesequence.(b)Regionafterhotinstructions
havebeenextracted.

corruptingor complicatingtheformaldataflow analysis.Figure4.8(a)showsasequenceof hot

instructionswith a branchto a sequenceof cold instructions.Theresultof extractingthehot

instructionsandinsertingrepresentative exit blocksis shown in Figure4.8(b). Theseblocks

createanopportunityfor migrationof hot instructionswhoseresultsareonly consumedalong

pathsthroughanexit block.

4.3.3 Partial inlining

The inlining processsuccessively progressesthroughroot functionsof thecall graphpro-

ducingindividualsubregions.Justprior to inlining, recursionin thecall graphis detectedand

recursivearcsin thegraphareeliminated.However, acopy is madeof self-recursive functions

to allow asinglecopy of aself-recursive functionto bepartially inlined into itself.

Partial inlining proceedsby findinganoutgoingarcin thecall graphfrom theroot function

to anotherintraregion function. The calleefunction’s hot blocksandexit blocks,described

in Section4.3.2,arecopiedinto the root function. The calleebeinginlined musthave a hot

prologueblockandatleastonecontiguoushotpathfrom theprologueblockto thereturnblock;

otherwise,inlining of thecalleeis filtered.Thepartsof thecalleereachablefrom theprologue
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areinlined asnormalinto thecaller, while any otherdisjoint segmentsarediscardedto avoid

creatingsideentrancesinto the inlinee from unknown contexts. Finally, thecalleefunction’s

outgoingcall grapharcsaremergedwith the root function’s arcs,andthe calleefunction is

removedfrom theoutgoingarcsetof theroot function.Theinlining processcontinuesfor this

root functionuntil its regioncall graphis exhausted.

4.3.4 Calculation of profile weights

Many aggressive optimizationsrequireaccurateprofile informationin orderto effectively

improveapplicationperformance.Unfortunately, while aninitial executedcountfor thebasic

blockswhich containcandidatebrancheshasbeendetermined,theseweightsareneithercom-

pletenoraccuratefor all of theblocksin theregion. TheBBB maybemissingsomeimportant

branchesor maynot have startedtrackingthesebranchesin a timely mannerdueto conflicts

in the buffer. In addition,sincehardwarecountersareused,heavily executedbranchescan

saturatetheexecutedcounter. Theproblemsarenot uniqueto theBBB, asotherprofiling sys-

temsthatusetechniqueslike samplingor staticallyestimatedprofilessuffer from verysimilar

problems.

4.3.4.1 Inferr ed block weights

To computeprofile weights,VacuumPackingreliesuponthe control-flow probability of

eachbranchin theregion, aswill bedetailedin Section4.3.4.2.For blockswhoseweightsor

takenproabilitiesarenotknown, aguessfor thisprobabilitywill haveto bemade.However, in

many cases,agoodapproximateprobabilitycanbedeterminedby examiningtheflow weights
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Figure4.9 Inferringprofileweightfrom surroundingblocks.

comingin andout of a block. If theweightof only oneflow in andout of a block is missing,

thatweightcaneasilybeestimatedby conservingflow throughtheblock.

As an example,considerthe portion of the control-flow graphin Figure4.9. It is obvi-

ous in this casethat the weight of the unknown arc from ~ r to ~ } can be estimatedto be

100. Estimatesmadein this way will besignificantlybetterthantheguessotherwisemadein

Section4.3.4.2.

4.3.4.2 Derivedprofile weights

Becauseof thepossiblelate trackingof branchesandthesaturationof hardwarecounters,

confidencein the taken probability of hot spotbranchesis muchhigherthanin comparisons

betweentheabsoluteexecutioncountsprovidedby theBBB for suchbranches.For thisreason,

thestrategy proposedin this thesisis to generateprofile weightsbasedprimarily on thetaken

(or not taken)probabilityof hot spotbranches.For candidatebranches,their takenprobability

ascomputedby Rule1 is used.Finally, for brancheswhoseflow weightscannotbecomputed

asin Section4.3.4.1,anassumedweightwill beused.
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Theinitial weightof candidateblocksis consideredonly for theblocksthatrepresententry

pointsinto theregion,asexplainedbelow. In orderto generatecompleteprofileweightsfor the

region, threeassumptionsaremade:

1. for unknown-weightbranchwith anoutgoinghotflow:

')L=+B/�T1C�7X0U-S/SCB+BE�4J7:+Z(�9W(SCB*[CF/<\�> ��� if otherflow is unknown

���N� if otherflow is cold

2. for noncandidatewith no outgoinghotflow:

'D/�9H.X03E�4J7:+Z(`9H(SCB*[CF/<\�> ���
3. flow leaving ablock is independentof previousflow up to thatpoint.

By Assumption3, thecontrol-flow graphis consideredto bea Markov chain[29] with the

probabilityof goingfrom any block to its successorsdeterminedsolelyby thetaken(or or not

taken)probability. A matrix Q, describingthe probabilitiesof transitionamongblocksother

thantheepilogueblock, is found. If basicblock i hascontrolflow to basicblock j, thenrow i,

columnj of Q will containtheprobabilityof thatcontrolflow. M , the fundamentalmatrix for

this graphis givenby � � ���O�����1�G� , whereI is theidentitymatrix.

Row i of matrix M describestheexpectednumberof timeseachblock will executewhen

controlstartsatblock i. Therow for eachregionentryblock is scaledusingthatblock’s initial

weight.SincesomeIMPACT compileroptimizationsaretriggeredby theabsoluteweightof a

block, theseweightsarefutherscaledsothat thetotal profile weightof all entrypoint blocks

is 10 000.Theweightsthatresultareusedto driveoptimization.

For theregion in Figure4.10(a),theprofile weightsfor eachblock arelessimportantbe-

causeonly the path throughthe phasehasbeenincludedfor optimization. As an example,

however, considertheexit probabilitiesshown in in Figure4.10(a).Sinceblock # q doesnot
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Figure 4.10 Deriving profile weightfrom branchprobabilities.(a) Extractedhot spotregion
with branchprobabilities.(b) Derivationof Q andM matricies.(c) Hot spotwith derivedblock
weights.

containa candidatebranche,theprobabilityof thenon-hotdirectionhasbeenassumedto be

10%. TheQ matrix corespondingto this graphis shown in Figure4.10(b). For instance,the

probabilityof going from block ~p$ to ~ s is givenin element�5t } (II � III) as0.99. Solving

for M is shown in Figure4.10(b),andtheresultingprofilederivation(beforescaling)hasbeen

annotatedto thecorrespondingblocksin Figure4.10(c).
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4.3.5 Regiontransitions

Eachregion is designedto containall of thehot codeneededfor executionin a phase.To

accomplishthis goal,codereplicationis usedto includecustomizablecopiesof this codeinto

theregions.Along with copiesof theselectedpiecesof calledfunctions,theselectedpiecesof

theroot functionarealsoreplicatedinto eachregion. If all regionshavedisjoint root functions,

thena one-to-onemappingexistsbetweenlaunchpointsandentryblocks. However, it is not

uncommonfor multiple regions to have the sameroot function, often due to a main driver

outerloop thatmakesdifferentcallsduringdifferentphases.Thus,theremaybeno definitive

locationin theoriginal codeto launchinto eachdistinct region. This scenariois evidentfrom

the two extractedphasesin Figure4.7(c)wherethemain loop in functionA hastwo distinct

executionpatterns.The launchpoint is only ableto link anoriginal codeblock with a single

region. For example,in 134.perl, thedriver loop eval() makesdifferentservicecallsbased

on thetypesof expressionsbeingevaluated,suchasmathor string.

In the VacuumPackingmechanism,a branchis placedat the launchpoint that redirects

executionto theregion. However, thetargetregionof thisbranchmaynotalwaysbetheregion

formedfor thecurrentdynamicphaseof execution. In onesolution,the launchpoint branch

couldbedynamicallymodifiedto pointto theexpectedbestregion. However, somemechanism

would needto make the modificationbaseduponsomeprediction. Oneindicatorof a phase

transitionis executionalonga region exit paththat is a hot path in anotherregion. While a

monitoringcodesnippetcouldbeintroducedalongtheexit pathto feedsomesortof dynamic

predictor, an easy, static solution is to link the sideexits from one region to corresponding
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points in another. An exampleof this linking processcanbe seenin Figure4.7(d). Branch

~ r falls throughto ~pt in the left region andtakesto ~O� in the right region. Insteadof ~ r in

the left region branchingto the original ~p� , a link to the right region hasbeeninstalled. If

this transitiontruly representsaphasechange,thenexecutionwill continuein theright region.

Thealgorithmfor detectingandlinking alongbrancheswith variedbehavior basedontheBBB

profilesis outlinedbelow.

' For eachstaticbranchthatis in at leastoneBBB profile:

Performpairwisecomparisonof thestaticbranchin all BBB profiles

If 9W(����3T1CBgGgG087:03E�-�0�CFEY/19H.X03EhgH7:9H-S/SCB+BE�� k�i@����� ���p���W�¡ ��£¢¥¤ (e.g.0.1)

Indicatebranchhasvariedbehavior

' Whena root functionis created,or functionis partially inlined,scaninstructions.for any indicated

branches

If found, keeppointer to scannedinstructionin a list associatedwith the original indicated

branch

' For eachrootor inlined instanceof original indicatedbranch

If branchtaken(or fall through)directionis a region exit

Link to taken (or fall through)target of anotherinstanceif region calling contexts are

identical

Cautionmust be exercisedto ensurethat the calling contexts from the root function to

the link siteswithin both regionsare identical sinceexecutioncould traverseinto incorrect

functionsalonginlined partialreturnsin thetargetregion. In Figure4.11,two vacuum-packed

regionshave beenformedandlinked. The functionB hasbeeninlined into both regions,but
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Figure4.11 Invalid linking of hot spotsinsidedifferentcontexts.

this inlining hasbeendoneinto different contexts. The two regions are improperly linked

becauseexecutioncould begin in function ~ on the left, travel into andalongthe link at the

endof block # q into theright region,andreturnincorrectlyinto function ¦ .

In somecases,branchesmay be cold andcauseexits to original codein oneregion, but

might be hot in severalothers. Our strategy is to selectthe next sequentialregion (basedon

detecti