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Eachnew generationof wide-issueprocessorscontinuesto achieve higher performance

by exploiting greateramountsof instruction-level parallelismthan the previous generation.

Dynamictechniquessuchasout-of-orderexecutionwith hardwarespeculationhaveprovenef-

fectiveat increasinginstructionthroughput,parallelism,andutilizationof processorresources.

Run-timeoptimizationtechniquespromiseto enablean evenhigherlevel of performanceby

applyingaggressivetransformationsatrun-timethatoptimizeacrossmoduleboundaries,adapt

coderegionsto changinginput patterns,andcustomizecodesequencesfor theunderlyingmi-

croarchitecture.

This thesispresentsa hardware mechanismfor generatinganddeploying run-timeopti-

mizedcode. The systemexploits programexecutionphasingby automaticallydetectingand

optimizingtheinstructionsequencesthatcomprisethephase,calleda hot spot.Thehardware

mechanismcanbe viewed asa filtering systemthat residesafter the retirementstageof the

processorpipeline,acceptsaninstructionexecutionstreamasinput, andproducesinstruction

profilesandsetsof linked,optimizedtracesasoutput. Thecodedeploymentmechanismuses

anextensionto thebranchpredictionmechanismto migrateexecutioninto thenew codewith-

out modifying theoriginal code.Thesenew componentsdo not adddelayto theexecutionof

theprogramexceptduringshortburstsof reoptimization,becausethey operatein parallelwith

nativeexecution.This techniqueprovidesastrongplatformfor run-timeoptimizationbecause
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thehot executionregionsareextracted,optimized,andwritten to mainmemoryfor execution

wherethey will persistacrosscontext switches.Theframework is designedto preserveprecise

exceptionhandlingwhile applyingoptimizationswhich currentlyincludepartial function in-

lining (eveninto sharedlibraries),codestraightening,loop unrolling,peepholeoptimizations,

and instructionreschedulingwith renaming,which are all concurrentlyperformedwith the

runningapplication.
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CHAPTER 1

INTR ODUCTION

Out-of-orderexecutionandautomateddynamicspeculationhave dramaticallyimproved

theperformanceof modernmicroprocessors.Thesetechniqueswerethefirst stepstowardal-

lowing themicroprocessoritself to determinehow to executecodeefficiently. Thusfar, such

hardwareoptimizationshave beenlimited in scopeandhave typically beenmadeon-the-fly

without any persistentrecord.More aggressiveandpersistentoptimizationshave insteadbeen

accomplishedin softwarethroughthe useof optimizing compilers. However, many of these

optimizationsrely onaccurateprofile informationto profitablytransformcode.While compil-

ersoften supportthe useof profile information,softwarevendorshave beenreluctantto add

theprofiling stepto theirdevelopmentcycles.Not only is thedeterminationof arepresentative

profile difficult, the behavior of certainprogramsmaychangedueto time or spaceoverhead

during profiling. For thesereasons,an automated,transparentmechanismfor profiling and

reoptimizingcodebasedon currentusagewould be advantageous.Furthermore,a dynamic

systemcouldimproveperformancein waysthata staticoptimizercannot.As programbehav-

ior changesover time,a dynamicsystemcouldreoptimizecodeto take advantageof temporal

relationships.While a typical staticcompileroptimizesfor the averagebehavior acrossthe

entireexecution,a dynamicsystemcould lead to moredirectedoptimizations. In addition,
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sinceoptimizationis performedon thesamemachinethat runstheapplication,theoptimizer

canspecificallytargetthatsystem.

1.1 Run-Time Optimization Ar chitecturePrinciples

Hardwaresupportfor dynamicprofiling andreoptimizationreducesthe relianceon soft-

waresystemsto performthesetasks.Theuseof dedicated,backgroundhardwaremechanisms

allows for limited run-timeoverhead.Theproposedhardwaresystem,calledRun-Time Opti-

mizationArchitecture(ROAR), is designedto automaticallyandtransparentlyprofile applica-

tionswhile generatingsetsof tracesthatcover thefrequentlyexecutedpathsof anapplication.

In parallelwith programexecution,thesetracesarethenfed to a hardwareoptimizerthat im-

provescodequality throughthe applicationof optimizationsandinstructionspeculationand

scheduling.Locatedafter the retirementstageof theprocessorpipeline,theproposedsystem

is designedto incurnegligible overheadandminimally affect thedesignof thepipeline.

The profiling andextractionmechanismcanbe viewed asa filtering systemthat accepts

aninstructionexecutionstreamasinput andproducesinstructionprofilesandsetsof tracesas

output. As shown in Figure1.1, the conceptualfilter consistsof threeprimary components

responsiblefor collectingprofile information(Branch BehaviorBuffer), determiningtheexe-

cutioncoverageof theprofiledinstructions(Hot SpotDetectionCounter), andgeneratingtraces

for thefrequentlyexecutedpaths(TraceGenerationUnit).

Duringapplicationexecution,theBranchBehavior Buffer componentdeterminesthemost

frequentlyexecutedbranchinstructionswhile collectinga profileof their behavior. Thebuffer
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consistsof ahardwaretableusedtocollecttheprofilesof executedbranchesthroughtheBranch

BehaviorTabulation process.Eachentry consistsof a branchidentifier, profile counter, and

several otherbookkeepingfields. The InfrequentExecutionDetectionprocesseliminatesin-

frequentlyexecutedbranchesfrom the table to filter out thosethat only spuriouslyexecute.

Meanwhile,the Hot SpotDetectionCountercomponentis responsiblefor determiningwhen

executionis primarily confinedto the collectedbranches.The Streamto Table Correlation

Detectionprocesscomparestheexecutionstreamto entriesin thetableandforcesa transition

to TraceGeneration Modefrom Profile Modewhena comparisonthresholdis met. Thesetof
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branchesin thetablewhenthetransitionoccursarethemostfrequentlyexecutedbranchesfor

thecurrentpatternof execution.Thebranchesarereferredto ashotspotbrancheswhichserve

astheskeletonof theregionof code,calledahotspotregion, or simplyhotspot, thatcomprises

this pattern.Becausethedetectionprocessis performedquickly at run time, theregion canbe

constructedandoptimizedduring executionwhile leaving sufficient time to benefitfrom ex-

ecutionin thenewly optimizedcode.Programhot spotsprovide anexcellentopportunityfor

run-timeoptimizationbecausethey canbe quickly identifiedandcontainonly the frequently

executedcode.Chapter3 providesevidencethatprogramsoftenexhibit phasedhot spotexe-

cutionbehavior. TheBranchBehavior Buffer andHot SpotDetectionCountercomponentsare

collectively referredto astheHot SpotDetector[1], [2] andaremorethoroughlydiscussedin

Chapter4.

Using the profilesgatheredby the Hot Spot Detector, a hardware componentcalled the

TraceGenerationUnit [2], [3] producessetsof tracesthatcover thefrequentlyexecutedpaths

in the code. The GuidedBranch Table Walk processutilizes the executionstreamto walk

the hot spotbranchskeletonstoredin the branchtableto producethe traces.The useof the

streamto stepthroughthetableentrieseliminatestheneedto storeall instructionsduringthe

profile phaseandpreventsinclusion of entriesin the table that were short-lived and areno

longeractive. Meanwhile,the useof the skeletonensuresthat the tracesare representative

of the frequentlyexecutedinstructions.The instructionsin theoutputtracesaregeneratedin

executionorder, thusproviding an inherentcode-straighteningoptimization. The tracesare

linked togetherby their exit branchesto provide a meansfor extensive executionwithin the

optimizedhot spot. The output of the detectorcan be usedto feed and direct a hardware-
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basedreoptimizationmechanism,or it canserve asa profiling platform for a software-based

reoptimizer. Onedirect applicationof this mechanismis to performcodeoptimizationsthat

improve instructionfetch performancesuchas loop unrolling, partial function inlining, and

branchpromotion.Theoutputtracesarestoredin amemory-basedcodecache, thusenablinga

traditionalinstructioncacheto fetchmultiplebasicblockspercycle,andpreservingoptimized

hotspotsfor prolongedexecution.TheTraceGenerationUnit is discussedmorethoroughlyin

Chapter5.

Besidesthe optimizationsperformedby the TraceGenerationUnit, additionalimprove-

mentscanbemadeto furtherenhancetraceexecutionspeed.Instructionscheduling,for exam-

ple, thattargetsthespecific,local microarchitecturegreatlyimprovesapplicationperformance

throughincreasedutilization of processorresourcesandaccuratetiming of dependentinstruc-

tions. While an out-of-orderexecutionengineperformsinstructionschedulingfor eachdy-

namicinstruction,it requiressignificantcomplexity in thefront endof theprocessorpipeline,

andit operatescontinuously. Thewake-up,select,andrenamelogic in thefront endareatomic

operations(not easilypipelined)thatareamongthecomponentswith thelongestcritical path

delay[4]. By schedulingthestaticinstructionsin thefrequentlyexecutedtraces,thescheduling

hardwarecanbe movedoff the critical pathin the pipeline,thusreducingpipelinecomplex-

ity. Furthermore,the schedulingcostscanbe amortizedover the dynamicexecutionsof the

trace,thusallowing moretime to make betterschedulingchoices.While this approachmay

not achieveall of thebenefitsof schedulingfor eachdynamictrace,it doesprovidea platform

for performingadditionalcoderestructuringoptimizations.The optimizerandschedulerare

discussedin depthin Chapter6.
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1.2 Contrib utions

In this dissertation,I show thatrun-timeoptimizationis feasibleandbeneficialby exploit-

ing programphasingbehavior throughhotspotoptimization.Initial prototypesof thenecessary

componentsandalgorithmsarepresentedthatdescribethesystem.Theprimarycomponents

includea low-overheadprofiler, aninstructiontraceformationengine,aninstructionscheduler

thatutilizesa new speculationmethod,anda codedeploymentandmanagementmechanism.

In addition, an interfaceto compiler-generatedcodeanalysisdatais also utilized to enable

more aggressive instructionscheduling. Experimentalresultsare presentedto quantify the

effectivenessof theoverall systemaswell astheindividualcomponents.

I alsoshow that theseoptimizationtechniquescanbetransparentlyappliedto theapplica-

tion. The applicationbinary imagecanbe preserved for correctdataaccessesinto the code

segment. For example,applicationsthatperformself-checkswill still passtheir checks,and

applicationsthatmodify their own codewill still executecorrectly. Likewise,preciseexcep-

tion handlingafteroptimizationmustbepreserved.Speculationtechniquesandrelatedsystem

componentsdesignedto make theseguaranteesareprototypedandanalyzedto ensuretrans-

parency. Issuesconcerningsystemoperation,optimization,andmonitoringarediscussedto

provide insightinto thesourceof thebenefit.
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CHAPTER 2

DYNAMIC OPTIMIZA TION

In theearlyyearsof computerprogramming,thehighestapplicationperformancewasusu-

ally achieved by handcoding routinesin assemblylanguage.This method,however, often

proved time consuminganderror prone. To improve programmerefficiency, high-level lan-

guageswere introducedto speedthe applicationdevelopmentprocessesby automatingand

broadeningthescopeof many developmentsteps.Compilersarenow relieduponto translate

the high-level languagerepresentationof an applicationinto efficient assemblyroutines. To

accomplishthis task,thecompilerappliesvariousoptimizationsto theapplicationcodein an

effort to improve its performance.While a standardtermin thecompilercommunity, theterm

optimizationis actuallyamisnomersincecompilersdonotattemptto find thesingleoptimally

fastestsetof instructionsto performa particulartask.Suchanoptimalsetis highly dependent

on the consistency of andpatternsin the input data;an applicationthat only executeson a

singleinstanceof input valuesis likely to consistof a setof instructionsthatsimply generate

thedesiredoutput. Rather, eachoptimizationattemptsto improve overall applicationperfor-

mancein relationthe expectedvarietyof inputs[5]. Therefore,an optimizationmay favor a

particularinput pattern,resultingin improvedperformancefor that patternat the expenseof

otherpatterns.
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While typically limited to thecompiler, optimizationsmaybeappliedto anapplicationat

variouspoints during its lifetime, from developmentto deployment. Post-link optimization

is a classof techniquesfor optimizingbinaryandlibrary componentsafter they have left the

softwarehouse.Thetermsdynamicoptimizationandrun-timeoptimizationimply theprocess

of alteringtheapplication’s instructionsequencesin responseto particularbehaviorsor inputs,

andgenerallyrefer to alterationsmadewhile thesoftwareis in use. Section2.1 summarizes

and describesthe variousoccasionsfor optimizationduring an application’s lifetime, Sec-

tion 2.2describessituationsthata post-linkoptimizermight exploit, andSection2.3provides

anoverview of theproposedprocessorarchitecturethatexploitsdynamicopportunities.

2.1 Occasionsfor Optimization

Figure2.1 presentsa generalizedcharacterizationof the amountof availableinformation

duringvariousstagesof softwaredevelopmentanddeployment.Early in thecompilationpro-

cess,extensive programanalysisis employed to provide in-depthunderstandingof relation-

shipswithin anapplicationmodule.However, little informationabouttheeventualexecution

environment,suchasavailableprocessorresourcesor otherinterconnectingmodules,is typi-

cally known. Moderncompilersdouseassumedenvironmentinformation,suchascontrol-flow

profilesor architecturedescriptions,so that aggressive optimizationscanbe applied. During

executionof thecompiledapplication,trueassumptionswill yield highperformance,but poor

assumptionsmayyield worseperformancethanwithout theoptimizationsat all. For example,

the compiler determinesthe instructionschedulebasedupon assumedlatency and resource
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availability. But if thearchitecturerequiresa longerlatency for a particularinstructionor has

morefunctionalunitsthanassumed,theprocessormayunnecessarilystall or under-utilize the

availableresources,respectively.

Oncetheapplicationarrivesin theuser’s local environment,muchof thevoluminouspro-

gramanalysisinformationhasbeendiscardedby thecompilerandlinker, but theparticularsof

theexactenvironmentbegin to crystallize.Thefeaturesof theprocessorbecomeknown when

theapplicationis installed,exact librariesbecomeknown whenthey areloaded,andexactus-

agepatternsbecomeknown whentheapplicationis executed.Eventhougha greatwealthof

informationpertinentto efficient executionhasbeengained,mostprogramanalysisinforma-

tion hasbeenlost. Only thevery instructionsthemselvesarepresentedto theexecutioncore,

leaving little meansfor programadaptationto thenew environmentalinformation.
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Threeprimaryoptionsexist to correctthis imbalance:

1. Additional environmentalinformationcanbe provided to the compiler. Moderncom-

pilers utilize detailedmachinedescriptionsandcontrol-flow profilesto carefully guide

optimizationandscheduling.But all of this informationis simplya guessasto whatthe

futureenvironmentwill be.

2. Therun-timesystemcaninfer andspeculateasto what informationtheanalysesgener-

ated. Modernout-of-orderprocessorsmayusepredictorsto speculatewhich loadsand

storesdo not aliassothey canbereorderedon-the-fly. However, a recovery mechanism

is requiredin casethespeculationwasincorrect.

3. The compiler can annotatemoduleswith analysisinformation, thus shifting someof

the compilationresponsibilityto the load-timeand run-time systemswhen the actual

environmentalinformation is available. Compiler aliasanalysisinformation could be

preserved in the form of instructionannotationsor in a processor-accessibletable. For

example,theinformationmight specifywhich loadsandstorescanbesafelyreordered.

Alternatively, thecompilercouldgenerateanintermediaterepresentationfor distribution,

relying on the run-time systemto perform extensive further compilation in the local

environment.

As previously alludedto, modernapplicationdevelopmentanddeploymentpracticesgen-

erally only employ codeoptimizationat compile time. Software vendorscompileprogram

sourceat the softwarehouseanddistributeapplicationcodesto usersin the form of binaries

andlibraries,asis shownatthetopof Figure2.2.Userstheninstall theapplicationin theirlocal
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environmentinto a repository(which maybesimply thefile systemalongwith somelocator

informationin theWindows Registry [6], for example). Whena userinvokesanapplication,

its componentsareloaded,dynamicallylinked,andexecutedalmostexclusively without mod-

ification.

Thesetraditionalpracticesleave little opportunityfor anapplicationto adaptto a new en-

vironmentor input patternthatdiffersfrom thesoftwarevendor’s assumptions.Somemodern

systemsrely on dynamiccodegenerationor self-modifyingcodefor programadaptation,but

theseoftenresultin considerableoverheador limited applicability, respectively. Othersrely on

variousformsof post-linkoptimizationto performtheadaptations.Figure2.2depictsseveral

differentpost-linkmechanismsfor enablingdynamicadaptation.During the installationpro-

cess,the processormicroarchitecturebecomesknown, thusenablinginstall-timecustomiza-

tion for variousprocessorfeatures,resources,and latencies. Similarly, optimizationduring

processoridle time,commonlyreferredto asoff-line optimization,maybesttakeadvantageof

commonusage,data,or input patterns.Install-timeoptimizationopportunitiesmaysimply be

a subsetof off-line opportunitiesand,therefore,the install-timeandoff-line optimizerscould

bethesamesystemcomponent.Run-timeoptimizationhasthepotentialto adaptcodeson-the-

fly for actualcurrentusage,data,andinput patterns,evenif they conflict with thecommonor

averagepatterns,thusproviding a uniqueability for fine-grainedadaptation.Both theoff-line

andrun-timeoptimizersdependuponprofilers(hardware,software,or a combinationthereof)

thatgathershort-termandlong-termusage,data,andinputprofiles.They areshown insidethe

RuntimeSystemin Figure2.2.
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A wide variety of codeoptimizationopportunitiesareavailableto a post-link optimizer.

Many optimizationshave degreesof aggressivenessrangingfrom simple,block-level strength

to comprehensive, program-level strength. For example, predicationwithin code regions

may rangefrom basicif-then-elseconditionalif-conversionto aggressive whole-functionif-

conversionwith predicatelogic reduction.While thelevelsof aggressivenessareusuallycon-

tinuaof strengths,light-weightandheavy-weightareoftenusedto describethetwo extremes.

Becausethe cost of optimizationdirectly reducesany benefitfrom the optimizationsin

run-timeoptimizationsystems,the overheadof the algorithmsmustbe minimal. Typically,

overheadprohibitsbroadprogramanalysisbecauseof thetimerequiredto iterateoverthecode

andbecauseof thespacerequiredto containthestateof theanalysis.Optimizationsthathave

limited scopeover the codeandwhosestatecanbe containedin limited spacecangenerally

bereferredto aslight-weightoptimizations.They areexpectedto producereasonableresults

at low cost. To mitigatesomeof the time andspacecost,run-timeoptimizationcanbenefit

from the useof dedicatedhardwarestructures.Off-line reoptimizationsystemswhosetime

andspaceconstraintsareoften considerablylessstringentarelikely to employ moreheavy-

weightoptimizations.They areexpectedto producehigh-qualityresultsbut cantoleratemuch

highercosts.Off-line systemsmayemploy someof thesamededicatedhardwarestructuresas

run-timeoptimizersto reducetheexpenseof gatheringprofile information. A comparisonof

theapproachesis presentedin Table2.1.
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Table2.1 Comparisonof run-timeto off-line optimization.

Run-time Off-line

Aggressiveness Moderate(light-weight) Aggressive (heavy-weight)
Speed Swift Deliberate
Scope Localized Wide-spread
Focus Singleexistingsituation All likely situations
Programanalysis Via hintsor easilyaccessible

storedinformation
Extensive analysisor stored
information

Optimizationsystem Heavy relianceonhardware Software with potential for
hardwareassistance

Example:predication Simple merging and strip-
pingof if-then-elsepaths

Full if-conversion, logic re-
duction, and partial reverse
if-conversion

2.2 Optimization Opportunities

Post-linkoptimizationopportunitiesaboundasgreaterinformationabouttheuseandenvi-

ronmentof theapplicationbecomeknown. Severalgeneralclassificationscansummarizethe

post-linkoptimizationopportunities:

Softwareboundaries.Modernsoftwareengineeringtechniquesoftenleadto modularpro-

gramsthathavebeenwrittenasacollectionof componentsthatarelinkedtogetherat run time.

During compilationof a particularmodule,informationaboutthe othersis unknown. Many

productioncompilerstodayhave little knowledgeof othersourcefiles in the samemodule,

let aloneothermodules. This trendcontinueswith new distributed/web-basedapplications:

Microsoft’s .NET [7], IBM’ s Websphere[8], HP’s E-Services[9], etc. Softwareboundaries

arealsoencounteredwhenconsideringlayeredsoftware,for example,wherea userapplica-

tion maycommunicatethrougha runtimesystemto a Web server, which thencommunicates

throughtheoperatingsysteminto adevicedriver.
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Actual envir onment. Moderncompilerstypically generatecodefor the lowest-common-

denominatormachinemodel that the codeis expectedto run on, althoughoccasionallycus-

tomizedcodesequencesfor particulartasksarespecializedfor variousmachinemodels. A

post-linkoptimizercouldadaptthecodefor theparticularinstructionsetcharacteristics(i.e.,

instructionandfunctionalunit availability, instructionlatencies).Furtheroptimizationsmay

be madewhen the characteristicsof the caches(size and replacementpolicies) and branch

predictionmechanismareknown.

Phasedexecutionbehavior. Many programshave commonpiecesof codethat areused

in differentwayswith differentcontrol-flow patternsat different timesduring execution. A

post-link optimizer could performon-line profiling to detectthe varioususagepatternsand

thengenerateacustompieceof optimizedcodefor eachpattern.

Input stimuli. Theuserinput anddatainput setsoftencontrol thetasksperformedby the

application.Controlflow anddatavaluepatternscouldbeexploitedby anoptimizer.

Compiler analysisshortfalls. Selective profiling maybe employed to uncover desirable

but unprovablerelationships.Considera compilerpointeranalysisalgorithmthatdetermines

that two pointersmayaliasto thesamelocation. In reality, they maynever actuallyalias,but

profiling is requiredto determinethis relationship. With suchinformation,dataspeculation

couldbeusedto reordermemoryaccessesusingthetwo pointers.
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2.3 Run-Time Optimization Ar chitectureOverview

TheproposedRun-TimeOptimizationArchitectureutilizesaspectsof options2 and3 pre-

sentedearly in Section2.1, in a combinedframework, whererun-time optimizationis per-

formedusingboth generatedandstoredanalysisinformation. For example,the architecture

relies on hardware profiling techniquesto identify importantcoderegions and usesstored

memorydependenceinformationto aid instructionrescheduling.Useof ROAR alsoassumes

that the compilermay performaggressive optimizationsbasedon assumedinformation,op-

tion 1. This approachutilizes thecompilerto assistin finding andexposinginstruction-level

parallelism(ILP) while allowing ROAR to focusonsituationswherethecompilermadefaulty

assumptions,hadinsufficient scope,or wasonly ableto optimizefor averageor compile-time

profiledbehaviors.

TheROAR architecturefeaturesa numberof componentsdesignedto enableefficient dy-

namicadaptationin processors.Shown in Figure2.3, thesecomponentsarelocatedafter the

retirementstageof thepipeline,off thecritical pathof theprocessorcore,andaredesignedto
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make swift andfocused—inessence,surgical—alterationsto executingcode. For Explicitly

Parallel InstructionComputing(EPIC)processors[10], initial executionrelieson theplan of

execution(POE),or explicit instructionschedule,asspecifiedby thecompiler. During execu-

tion, amonitoringcomponentcoupledwith anadvancedprofiler, calledtheHot SpotDetector,

tracksexecutedinstructionsafter the retirementstageof thepipelinefor optimizationoppor-

tunities,asshown in Figure2.4. The profiler seeksto detectprogramexecutionphasing,a

behavior typical of many applications.For eachphase,it collectsinformationthatwill even-

tually leadto theidentificationof thestaticinstructionsthatcomprisethephase,calledthehot

spot.Specifically, theprofiler identifiesthefrequentlyexecutedbranchinstructionswithin the

phase,calledthehotspotbranches.

Onceanopportunityis detected,theTraceGenerationUnit is invokedto extractkey exe-

cutedtracesin thehotspotfor furtherdynamicoptimization.TheTraceGenerationUnit tracks

theretirementof subsequentinstructions,utilizing theretirementstreamto constructtracesthat
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fall within theboundsof thedetectedhot spot. Thesegeneratedtracescollectively containa

vastmajority of the frequentlyexecutedinstructionsfor a particularphaseof programexe-

cution. Thesetracesarestoredin a memory-basedcodecachefor subsequentexecutionand

management.Becausethe tracesarestoredin memory, the traditionalpipelinefetch mecha-

nism canbe utilized to funnel the tracesinto the processor. Entry pointsfrom original code

into the codecacheare maintainedin an enhancedbranchtarget buffer [2] which redirects

executionwhentransitionpointsareencountered.

Oncethe tracesfor a hot spothave beenformed, they arestreamedinto a hardware in-

structionSchedulerandOptimizer, calledtheSHOP, to form anew POEtunedandcustomized

for the currentexecutionconditions. Thesemechanismsguaranteethat preciseexceptions

arepreserved by utilizing an enhancedform of sentinelspeculation,calledPreciseSpecula-

tion [11], which allows for anexplicit representationof reorderedinstructions.Generationof

the new POEis aidedby memorydependenceanalysisinformationwhich wasannotatedon

thememoryoperationsat compile-time.Finally, thenew POEis written into thecodecache

for extendedexecution,persistingthroughmultiple context switches.
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CHAPTER 3

PROGRAM CHARACTERISTICS

Many applicationsexhibit behavior conducive to run-timeprofiling andoptimization.For

example,programexecutionoftenoccursin distinctphases,whereeachphaseconsistsof aset

of codeblocksthat areexecutedwith a high degreeof temporallocality. Whena collection

of intensively executedblocksalsohasa smallstaticfootprint, a highly favorableopportunity

for run-timeoptimizationexists. As previously defined,sucha collectionof blockscomprise

a region of codethat is a hot spot.Commonly, thetermhot spotis oftendefinedin relationto

the rule-of-thumbthat statesthat90% of the dynamicexecutionis spentin lessthan10%of

thestaticcode. This definitionsuggeststhat the 10%of thestaticcodeis comprisedof tight

loopscalledhot spots.While hot spotsareloops,they areactuallyoftenfoundto havea more

sophisticatedstructure;they are often comprisedof an outer loop that may containseveral

inner loopsandcomplex controlflow thatmayspanmultiple functions.A run-timeoptimizer

can take advantageof executionphasesby isolating and optimizing the correspondinghot

spotinstructionblockspresentthroughoutanapplication.Ideally, aggressively optimizedcode

would bedeployedearly in eachphaseandexercisedheavily throughouteachphaseuntil the

executionpatternsshift. To maintaincontrol over the massof dynamicallyoptimizedcode,

optimizedhotspotsthatarenolongeractivemaybediscarded,if necessary, to reclaimmemory

spacefor newly optimizedcode.They mayalsobesavedfor laterusefor recurringphases.
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3.1 Program Phasing

An exampleof applicationphasingbehavior can be seenin a Perl interpreter(134.perl

from the SPECCPU95[12] benchmarksuite) running a word jumble script. As shown in

Figure3.1, this applicationcontainsthreeprimary, distinct phasesof executionwith onehot

spotper phase.Hot spot1 runsfor 72 million instructions,hot spot2 for 1.35 billion, and

hot spot3 for 200million. Thefirst hot spotinvolvesreadingin a dictionaryandstoringit in

an internaldatastructure.Thesecondhot spotprocesseseachword in thedictionary, andthe
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third scramblesa selectedsetof wordsin thedictionary. Figure3.1alsoindicatesthat,within

eachhot spot,the addressesof the intenselyexecutedinstructionsarenot typically clustered

in onesmalladdressrange,but insteadhave componentsthatarewidely scatteredthroughout

theprogram.Hot Spots1 and2 sharesomecommoncode,namelythecommandinvocation

andexpressionevaluationfunctions,thatclearlycall differentroutinesbasedon theparticular

phase.Hot Spots2 and3 alsosharesomecode,just below address200000, but it is executed

nearthefrequency thresholdin Hot Spot3.

Thesecondhotspotservesasanexcellentexampleof why run-timeoptimizationis needed.

TheinputscriptexercisesPerl’ssplit() routine,whichbreaksupaninputwordinto individ-

ual letters,andsort(), which sortsthoseletters.Thefirst function,split(), callsa com-

plicatedregularexpressionmatchingalgorithmwith a simple,null regularexpressionpattern

(whichsplitsthestringinto separatecharacters)[13]. Becauseexecutionconsistentlytraverses

a smallnumberof pathswithin the functionsthatcomprisethealgorithm,this region of code

would benefitfrom partial inlining andcodelayout, followed by pathoptimization. A static

compilercouldperformtheseoptimizations,but the largercodesizeandcompiletime would

be wastedfor most input scripts. The secondfunction, sort(), calls the library function

qsort(), whichthencallsaPerl-specificcomparisonfunction,which in turncallsthelibrary

functionmemcmp(). Lessthanhalf of thecodein thecomparisonfunction is ever executed

becauseonly stringsof singlecharactersareactuallysorted.Functioninlining is clearlyalsoan

effectiveoptimizationof theregion in thisexamplebecauseof thefrequentcross-modulecalls

to thelibrary comparisonfunction.However, anoptimizerthatoperatesinsidetheuser’senvi-

ronmentis neededto supportinlining acrosslibrary andapplicationboundaries.In addition,if
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Figure 3.2 Profiledistribution for thesecondprimaryhot spotin 134.perl. Branchessorted
from mostto leastfrequent.

dynamicallylinkedlibrariesareused,inlining mustbedelayeduntil theapplicationis loadedor

run. Phase-basedoptimizationis alsobeneficialin orderto optimizethecommonfunctionsfor

thephase’sspecificactivity. In thisexample,boththecommonevaluationfunctionsalongwith

thestringlibrary functionscanbetailoredandinlined. Phase-basedoptimizationis difficult for

a compilerbecauseit typically cannotdetectphase-specificbehavior dueto aggregateprofil-

ing, norcanit effectively generatedifferentversionsof functionswithouthaving differentiated

call sites.

The working setof a phaseis definedasall of the static instructionsexecutedduring the

phase.Figure3.2showsabranchprofileof theworkingsetfor a typical10000branchsample
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of Perl’ssecondhotspot.Thedatarevealsthatasubsetof thestaticbranchesin theworkingset

accountfor thevastmajority of thedynamicinstancesin thesample(for example,branches0

through122). Theseintenselyexecutedbranchesdefinetheboundariesof thehot spotregion,

and effective optimizationcan be limited to that portion of the working set. By including

infrequentbranchesinto theoptimizedversion,theoptimizationcostscouldpotentiallyexceed

the marginal improvementgained. A numberof strategiescould be employed to determine

which branchesto include and which to leave out, including a simple heuristicallychosen

minimumfrequency.

Throughinlining andoptimization,compilersoftentakepartialadvantageof programphas-

ing. By usingtraditionalprofiling techniques,heavily executedcall sitescanbeidentifiedand

thecalleeinlined into thecaller. Compilerinlining hasthetendency to gathertightly coupled

piecesof codetogether, sometimesbringingthecomponentsof aphasetogether. However, the

traditionalcompilationanddeploymentmodelhasanumberof drawbacksto effectiveinlining.

First, while componentsmaybeinlined into many caller locations,theprofile for thecompo-

nentis generallyjust its averageprofile over thecourseof thewholeexecution.Eventhough

thecomponentmaybehave quitedifferently in its variouscontexts, thecompilerwill usethe

averageprofile during optimizationandcodelayout,missingcustomizationopportunities.A

secondroundof profiling or a more comprehensive whole programpath [14] first roundof

profiling couldbeemployed,but thesoftwareindustrytypically hasbeenreluctantto perform

evenasingleroundof simpleedge-weightprofiling. Second,thetrendin softwaredistribution

is toward moremodularapplications.This tendency limits the amountof inlining andinter-

moduleoptimizationthat canbe performedby the compilerbecauseits scopeis limited to a

23



singlemodule. Hence,run-timeoptimizationhasthe potentialto be anevenmoreimportant

techniquein futurerun-timesystems.

3.2 Hot SpotCharacteristics

Programsoften containsomefunctionsthat appearin multiple hot spots. For instance,

this commonlyoccurswith internal library functionsthat arecalled from different locations

within the program. Naturally, the behavior of thesefunctionsmay vary dependingon the

calling context, which is definedas the dynamicpath throughthe call graphtaken to reach

a given function. One suchexampleis the function str new() from the Perl interpreter,

shown in Figure3.3.This functionis presentin thethreemainhotspotsandhasthreedifferent

profiles, eachof which were gatheredby the mechanismdescribedin subsequentchapters.

Figures3.4(a)-(c)depict thesethreeversionsandareannotatedby profile weightscollected

during a shortwindow early in eachphase(by theHot SpotDetector).The dark arrows and

blocksindicatetheimportantedgesandbasicblocksasdeterminedby theprofileweights.The

commonpathsthroughthe function differ for eachof the threeexecutionphases.Note that

branchx867 from block E is missingfrom the profile for Hot Spot3. This situationresults

from contentionfor resourceswithin the hardwaredetector. For blocksthatendin a branch,

theblock weight is thebranchexecutionweight,while for otherblocks,theweight is derived

from theknown input arcs.

Theprofileof Hot Spot1 revealsthatbranchx829 in blockA alwaysbranchesto blockC.

Branchx829 decideswhetherapreviously freedstringis availablefrom thestringfreelist, or
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STR *
str_new(len)
STRLEN len;
{

A: register STR *str;

0x421820 if (freestrroot) {
B: str = freestrroot;

freestrroot = str->str_magic;
str->str_magic = Nullstr;
str->str_state = SS_NORM;

0x42183E // direct jump to D: if (len) block
}
else {

C: Newz(700+x,str,1,STR);
// Newz macro(x,v,n,t):
// (v = (t*)safemalloc((MEM_SIZE)((n)
// * sizeof(t))))
// memzero((char*)(v), (n) * sizeof(t))

}
D: 0x42185F if (len)

STR_GROW(str, len + 1);
// STR_GROW macro (str,len):

E: 0x421867 // if ((str)->str_len < (len))
F: // str_grow(str,len)
G: return str;

}

Figure 3.3 Sourcecodefor functionstr new() in the application134.perlcompiledfor
x86annotatedwith thebranchaddresses.

whethera new stringmustbecreated.For Hot Spot1, the freestring list is emptyeachtime

the function is called. This is consistentwith the Perl input script which begins by reading

a dictionary file and creatingnew stringsfor the words. This operationrequiresno string

deletionsandhenceno stringsareaddedto the free list. Theoppositeis true for Hot Spot2,

whereafreestringis alwaysavailablefrom thefreelist. Clearly, phase-basedcustomizationof

25



Detected
Hot Spot 2
Detected

Hot Spot 3
Detected

Hot Spots
Detected

Aggregate

x85F

x83E

x829

x867

(b)

x85F

x83E

x829

x867

(c)

0

Hot Spot 1

0

18629 70

? ?

?

0

99

29

?

70

99

99

x85F

x83E

x829

x867

(d)

55

83

91

x85F

x83E

x829

x867

(a)

0 55

550

55 0

55 0

55

55

55

55

55

55

55

0

115

115

115

102

115

11

115 0

102 13

9111

11

0

99

99

66

240

186

269

214

269

214

214

66

66

115 0

A

B C

D

E

F

G

A A A

B B BC C C

D D D

E E E

F F F

G G G

55

55

Figure 3.4 Differentdetectedprofilesfor thestr new() function from threedifferenthot
spotswithin 134.perl.

this function is possibleandbeneficial.A comparisonof thewindowedprofilesof Figure3.4

to theoverall phaseprofileswill bediscussedin Figure4.6of Subsection4.3.2.

In an effort to betterunderstandthe compositionof hot spots,anotherimportanthot spot

was dissected,exposingits control-flow structure. A portion of the primary hot spot from

a lisp interpreter(130.li from SPECCPU95)runningthe training input script is depictedin

thecontrol-flow graphin Figure3.5. This hot spotrepresents45%of theprogram’s dynamic

execution. Executionflow entersthe shown portion of the hot spot at point A in function
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Figure3.5 Basicblockcontrol-flow graphfor selectedfunctionsin aprimaryhotspotwithin
130.li.

evform(), thenproceedsthroughnestedfunctionsxlgetvalue(), xlobgetvalue(),

andxlygetvalue() beforeexiting the hot spotat point C. Dark (red) boxesandarrows

indicate the intenselyexecuted,or hot, blocks and branchpathswhich are part of the hot

spot.Thelighter (blue)boxesandarrows indicatethelessfrequentlyexecuted,or cold,blocks

and pathswhich are not. This entire hot spot consistsof 81 branchesspanning368 static

instructions.Thebranchprofile indicatesa primarypaththroughthehot spot,as47 of the56

staticbranches(9.2million of 10.9million dynamicbranches)havehighly consistentdynamic

branchdirection(greaterthan90%in onedirection). Thehot spotis not simply a tight loop;
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rather, controlproceedsthrougha numberof functionswith minimal inner loops. Notice, for

instance,that the loopsmarked by back-edgesB, D, andE iterateonly a few times,if at all,

duringeachinvocationof thehotspot.

Thehotspotbehavior witnessedin thelisp interpretergeneralizesto otherprogramsaswell.

While somehotspotsdocontaintight loops,many alsohavemuchmorecomplex controlflow.

Thenumberof call andreturninstructionstogetheraverageabout15%of thedynamiccontrol

flow in the examinedx86 architectureprograms(asdescribedin Section4.3). While these

control transfersaresometimeshighly predictable,their frequency presentsa barrierto wide

instructionfetch andoptimization. Many of the benchmarkshave a fair numberof uncondi-

tional jumps,representing,on average,about5% of dynamiccontrolflow instructions.These

instructionsperformnocontroldecisionsandareobviouscandidatesfor optimization.Indirect

jumpsandindirectcallsdonotmakeupalargeportionof thebranches,but arefrequentenough

to becomeobstaclesto long traceformationfor somebenchmarks.Inlining thepotentialtar-

getmayallow for wide fetchacrossthe indirect jump or call, a benefitnotablyimportantfor

calls to sharedlibraries.Finally, only about35%of thedynamiccontrolflow instructionsfall

throughto sequentialinstructionaddresses.Consequently, traditionalfetcharchitecturesthat

breakfetchesat takenbrancheswill oftenbelimited to onebasicblock perfetch.

Sincetheproposedarchitectureis designedto exploit programphases,phasedurationand

frequency arekey issues.ROAR is designedwith a minimumphasedurationon theorderof

50 000cycles,althoughthis minimummayvary with thenumberof instructionsin thephase.

This minimumis requiredto cover the time requiredto performtheprofiling, extraction,and

optimizationof the traces,and then to executethe optimizedcodeto reapbenefits. What
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is termeda programphasein this work could be an inner loop with one set of intensively

executedpaths,or it couldbeanouterloop with repeatingpatternsof shorterinner loops. If

theshorterinnerloopsgrow in durationin responseto inputconditions(for example,thesizeof

theinput) they might eachbecometheir own phase.Thetermphase, hence,is thenassociated

morecloselywith asetof pathsthatexecuteduringasignificantfractionof thetargettemporal

window, whetherthosepathsexecuteuniformly or in spurts.
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CHAPTER 4

REGION SELECTION

Thefirst stepin therun-timeoptimizationprocessis region selection.This stepis critical

becausebenefitscanonly beextractedthroughrun-timeoptimizationif theprofiledbehavior

patternspersist.TheHot SpotDetector(HSD) [15] is a hardwareprofiling structuredesigned

to identify thecoderegionsthatcomprisethephasesof execution,asdescribedin Chapter3.

Thedetectorutilizesanumberof new featuresthatprovideimprovementsupontraditionalpro-

filing techniques.First, thedetectorprovidesprofileson a perphasebasis,ratherthanaverage

profilescollectedover theentireexecutionof theprogram.As previously described,average

profilescanhidebehavior patternsspecificto variouscallingcontextsandpatternsspecificto a

phase.Second,thedetectorvirtually eliminatesoverheadassociatedwith profiling. Traditional

profiling utilizesinstructionsamplingthatrequiresfrequentinterruptsto theoperatingsystem

to recordprofile data,or instrumentedcodethat consumesexecutionresourcesto recordthe

information.By storingandfiltering theprofile in a hardwaretable,no executionoverheadis

incurreduntil profile collectionis complete.

TheHot SpotDetectorprovidesanumberof uniqueadvantagesin a run-timeoptimization

systemas well. First, the detectorprovides intensebehavior tracking, meaningthat every

dynamicbranchis examinedand tracked over a given period. Sampling-basedapproaches

only periodicallyexamineprogrambehavior, often onebranchper sample,andmay not be
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intenseenoughto accuratelyprofile a phasebeforeexecutionmoveson to anotherphase.The

Hot Spot Detectoris designedto track all relevant instructionsduring executionto clearly

delineatebehavior. Second,run-timeoptimizationrequireslow overheadmechanisms.Since

the goal of run-time optimization is to reduceexecution time, the addition of overheadto

performrun-timeoptimizationis counterproductive.Third,examinationof thecollectedprofile

anddeterminationof a suitableregion for optimizationis anothercritical component.This

steprequiresthat themassof profile databe analyzedfor suitability. TheHot SpotDetector

mechanismunifiesthecollectionandanalysiscomponentsby providing an integratedon-line

filter. Last,thedetectorprovidesanapproximaterelativeprofileof thebehavior within aphase.

Wholeprogrambehavior analysisis unnecessarybecausethegoalof run-timeoptimizationis

to provideperformanceimprovementbasedon thecurrentexecutionconditions.

The Hot Spot Detectoris designedto be a generalmechanismfor finding coderegions

wherethe most benefitfrom run-time optimizationcould be derived. The region selection

processis guidedby threecriteria. First, the region must have a small static codesize to

facilitaterapidoptimization.Second,theinstructionsin thecoderegion mustbeactive over a

minimumtime interval soanopportunityexists to benefitfrom run-timeoptimization.Third,

the instructionsin the coderegion must accountfor a large majority of the total executed

instructionsduringits active time interval.
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4.1 Hot SpotDetectorAr chitecture

The first stepin the processof identifying hot spotsis to detectthe frequentlyexecuting

blocksof codeasthey emerge during execution. This processis typically accomplishedby

monitoring the branchesthat definethe boundsof the hot spot. Employmentof a hardware

schemeeliminatesthe time overheadand allows detectionto be transparentto the system.

TheHot SpotDetectorcollectsthefrequentlyexecutingblocksby gatheringthebranchesthat

definetheirboundariesaswell astheir relativeexecutionfrequency andbiasdirection.Though

notexplicitly constructed,acontrol-flow graphwith edgeprofileweightscanbeinferredfrom

thecollectedbranchexecutionanddirectioninformation.

Relative to latencieswithin theprocessorcore,theHot SpotDetectorcantoleratea large

latency beforerecordinginformationaboutprogramexecution.For this reason,theproposed

hardware is off the critical pathandgathersrequiredinformationfrom the retirementstage.

This servesboth the purposeof limiting adverseaffectson theprocessor’s timing while also

preventingtheneedto handleupdatesfrom speculative instructions.

4.1.1 Branch Behavior Buffer

To implementhot spotdetectionin hardware,we usea cachestructurecalleda Branch

BehaviorBuffer (BBB). Thepurposeof theBBB is to collectandprofile frequentlyexecuted

brancheswhosecorrespondingblocksaccountfor avastmajorityof thedynamicallyexecuting

instructions.Depictedin Figure4.1,theBBB is indexedonbranchaddressandcontainsseveral
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Figure 4.1 Hot SpotDetectorhardware.Hot SpotDetectorfieldsshown in white; additional
fieldsfor tracelayoutshown in gray.

fields(detectorfieldsshown in white): tag (or branchaddress),branch executioncount, branch

takencount, andbranch candidateflag.

Whenthe processorretiresa branchinstruction,the BBB is indexed by the branch’s in-

structionaddress.If the branchaddressis found in the BBB, its executioncounteris incre-

mented.If thebranchis taken,thetakencounteris alsoincremented.To preventtheexecution

counterfrom rolling over, thecountersaturatesat apredeterminedmaximumvalue.Whenthe

executioncountersaturates,thetakencounteris no longerincrementedin orderto preservethe

ratiobetweenthetakenbranchcounterandtheexecutedbranchcounter. As longasthenumber

of branchesthat reachsaturationis small, theprofileswill still reflectthe relative importance

of thebranchescollected.

A replacementpolicy mustexist to manageentrycontention.BecausetheBBB is a fixed-

sizetablewith a fixedindexing scheme,a retireddynamicbranchmayfind neitheranexisting
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entry for its staticbranchnor a free entry to which it canbe mapped.Sincethe BBB must

accuratelyrecordthemostfrequentlyexecutedbranchesandtheirprofilesratherthanthemost

recentlyaccessed,it would be unacceptableto implementa leastrecentlyusedreplacement

policy andallow a rarebranchto replacea frequentlyexecutedbranch.Instead,new branches

thatmapto alreadyoccupiedentriesin theBBB aresimply discarded.Thefunctionof branch

replacementis controlledby periodicallyinvalidatingsomeentries.

The entry of branchesinto the BBB proceedsasfollows. Whena branchis seenfor the

first time its behavior is unknown, makingit necessaryto give thebrancha trial period,gather

an initial profile, anddetermineits likely importance.If anentryat its index is available,the

branchis temporarilyallocatedinto theBBB andprofiledovera shortinterval calleda refresh

interval. Its executioncountermustsurpassathresholdcalledthecandidatethresholdto avoid

having its BBB entry invalidatedat the next refresh. A branchthat surpassesthe candidate

thresholdis calledacandidatebranch, for which thecandidateflag in its BBB entryis set,and

its entrywill notbeinvalidatedat thenext refresh.

The refreshinterval is implementedusinga simpleglobal countercalleda refreshtimer

that incrementseachtime a branchinstructionis executed.Whentherefreshtimer reachesa

presetvalue,all BBB entriesfor branchesthathave not yet surpassedthecandidatethreshold

are invalidated. Refreshingthe BBB flushesthe insignificantentriesand ensuresthat each

branchmarkedasacandidateaccountsfor at leastaminimumpercentageof thetotal dynamic

branchesduringa fixedinterval. Theminimumpercentageof executionrequiredof candidate
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branchescanbeexpressedasacandidateratio. Thus,
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(4.1)

giventhatthesizeof therefreshtimer is n bits,andthatthecandidateflag is markedwhenbit

b� of theexecutioncounteris set.An exampleimplementationfor aBBB entrywith candidate

flag is shown in Figure4.2.

Sinceentriesfor low-weightbranchesareinvalidatedat eachrefresh,theBBB only needs

to be large enoughto hold the candidatebranchesfor a hot spotplus a numberof potential

candidatebranches.If the BBB is too small, the initial allocationof entriesto insignificant

brancheswill delaytheentranceof importantbranchesinto theBBB. Statistically, the impor-

tantbrancheswill eventuallyoccupy entriesaftersubsequentrefreshintervals,but theprofile

accuracy couldbecompromisedandthereportingof thehotspotbranchesdelayed.

A moreseriousconflict occurswhen two importantbranchesindex into the samecache

location.Many of theseconflictscanbeeliminatedby makingtheBBB set-associative. How-

ever, someconflictswill still exist. As long asthe remainingconflictsarerelatively rare,a

run-timeoptimizercanbedesignedto infer thepresenceof themissingbranches.As discussed
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in Chapter5, ROAR utilizesactualtracesof executionto fill theseinformationgaps.Kirchoff ’s

currentlaw, which statesthat theflow into any node(block) mustequalflow out of thenode,

couldalsobeusedto derive theprofileweightsof asinglemissingbranchgiventhattheblock

andbranchweightsof thesurroundingcodeareaccurate.

4.1.2 Hot Spot DetectionCounter

Oncecandidatebrancheshave beenidentified in the BranchBehavior Buffer, they must

be monitoredto determinewhetherthe correspondingblocksmay be considereda hot spot

region and,thus,usefulfor optimization. We definea thresholdon theminimum percentage

of candidatebranchesthat mustexecuteover a time interval asthe thresholdexecutionper-

centage, andwe definetheactualpercentageof candidatebranchesexecutedover an interval

asthecandidateexecutionpercentage. Two criteriamustbesatisfiedbeforea groupof candi-

datebranchesaredeclaredto accuratelydefinetheboundsof a hot spot. First, thecandidate

executionpercentageshouldequalor surpassthethresholdexecutionpercentage.Second,this

highcandidateexecutionpercentageshouldbemaintainedfor someminimumamountof time.

Whenthetwo criteriaaremet,adetectionoccurs,andall tableentriesarefrozen.

In orderto minimizedisruptionof thesystemduringthehotspotdetectionprocess,wetrack

thebehavior of thecandidatebranchesin hardwareusingaHot SpotDetectionCounter(HDC),

shown in Figure4.1. TheHot SpotDetectionCounteris implementedasasaturatingup/down

counterthatis initializedto its maximumvalue.It countsdown by D for eachcandidatebranch

executedor countsup by I for eachnoncandidatebranchexecuted,wherethevaluesof D and

I alongwith thecountersizearedeterminedby thedesiredthresholds,aswill bediscussedin
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Subsection4.1.3. Whenthe candidateexecutionpercentageexceedsthe thresholdexecution

percentage,thecounterbegins to move down becausethe total amountdecrementedexceeds

the amountincremented. Essentially, the candidatesare engagedin a tug-of-war with the

noncandidateswherethevalueof theHDC indicateswhich sideis winning. If thecandidate

executionpercentageremainshigherthanthethresholdfor a long enoughperiodof time, the

counterwill decrementto zero. At this point, the BBB entriescontainthe skeletonof the

hot spotwhich will be preserved until an optimizer is called to readthe table,constructthe

region,andperformtheoptimization.Thisprocessmayincludeasoftwarerun-timeoptimizer

thatwouldbeinvokedvia theoperatingsystem,or a hardwarerun-timeoptimizer(suchasthe

TraceGenerationUnit in thenext chapter)enableddirectlyby thedetectionmechanism.

The differencebetweenthe candidateexecutionpercentageand the thresholdexecution

percentagedeterminesthe rate at which the counterdecrements(i.e., the rate at which the

hardwareidentifiesthe hot spot). This correspondsto the observation that hot spotsbecome

moredesirableas they eitheraccountfor a larger percentageof total executionor run for a

longerperiodof time. It is assumedthathot spotsthathave beenactive over a longerperiod

of time arelesslikely to bespuriousin their executionandaremorelikely to continueto run

afteroptimizationhasbeencompleted.

Therearethreeprimaryscenarioswherethereis nohotspotto befound,andthustheHDC

will never reachzero:

1. Few branchesexecutewith sufficient frequency to bemarkedascandidates,andcollec-

tively, they do not constitutea largepercentageof thetotal execution.Thus,evenif the

region they boundwereclassifiedasa hot spotandoptimized,only a small benefitis
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likely to materializesincesofew cycleswould bespentinsidetheregion. This situation

couldbereferredto aswanderingexecutionwherelargeportionsof theapplicationare

touchedandnot revisitedin any particularpattern.

2. Thenumberof branchesthatexecutefrequentlyenoughto beconsideredcandidatesis

toolargeto fit into theBBB. If thebranchesthatareableto entertheBBB donotaccount

for a largeenoughpercentageof execution,they will not indicatethepresenceof a hot

spot.This mayhappenif theexecutionprofileof theregion is very flat, andmayappear

to bewanderingwhenthereis actuallymorestructureto theexecutionpattern.Branches

in largeloopswould tendto havemorebiasedandrepeatablebehavior, unlikewandering

code.Althoughsomebenefitmaybegainedby optimizingall thefrequentbranches,the

overheadof optimizingsucha largeregion couldbeprohibitive. However, thepresence

of a large loop may indicatelengthyexecutionwithin the loop andthusmight justify a

strategy thatwould focusBBB profiling on a portionof the loop. Generally, loopsthat

arelargerthantheinstructioncachealsoresultin poorfront-endprocessorperformance,

andfurtherstudyon effectivemeansfor handlingthemis warranted.

3. Theexecutionprofile is not consistent.In thiscase,asmallsetof branchesmayaccount

for a largepercentageof executionover a shorttime, but executionshifts to a different

region of codebeforetheHot SpotDetectionCountersaturates.Optimizinga region of

codethatonly executesspuriouslyis unlikely to yield muchbenefit.

In eachof thesescenarios,somebrancheswereexecutedfrequentlyenoughto warrantcan-

didatestatusandthereforeconsiderationfor inclusionin a hot spotandfor further profiling.
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However, if thecollectionof candidatebranchesdoesnot identify a hot spotregion aftercon-

tinuedtracking,all branchesmustbe clearedin orderto begin a freshdetectionprocess.In

otherwords,somebranchesmayhave oncebeenimportant,but now areclutteringthedetec-

tion attempt.Therefore,theBBB will beperiodicallypurgedby the resettimer to make room

for new branches.This timer is similar to the refreshtimer but clearsall entriesin theBBB,

includingcandidatebranches.Theresetinterval shouldbe largeenoughto allow theHDC to

saturatefor valid hot spotsbut small enoughto allow quick identificationof a new phaseof

execution.During a reset,a numberof thresholdvaluesandparametersin thedetectorcould

bedynamicallyupdatedto alterthehotspotsearchcriteria.

It shouldbenotedthattheweightsof theblocksandedgesareonly valid within aparticular

hot spot. Although this profile information is useful for inferring a control-flow graphfor

a particularhot spot, profilesof differenthot spotscannotbe meaningfullycompared.For

instance,evenif onehotspothasblockweightstwicethoseof anotherhotspot,thefirst hotspot

is notnecessarilyexecutedtwiceasoftenor for twiceaslongasthesecond.Theseweightsare

primarily affectedby two factors:refreshperiodsrequiredto detectthehotspot,andfrequency

of theparticularinstructionswithin thehot spot.Thegreaterthenumberof refreshesrequired

to detecta hot spot, the longer the profiles are allowed to accumulate,and the greaterthe

weightswill be.

4.1.3 Hot spot detectionparameters

Oncethe thresholdexecutionpercentage�! requiredfor hot spotdetectionhasbeense-

lected,theHDC incrementanddecrementvaluesshouldbechosen.D is thedecrementvalue
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for a candidatebranch(candidatehit), and I is the incrementvaluefor a branchthat is not

in the tableor is not yet marked asa candidate(candidatemiss). Let X be the actualcandi-

dateexecutionpercentage.For a givenD andI, thecounterwill decreasewhenthecandidate

executionpercentagemultiplied by thedecrementvalueis greaterthanthepercentageof non-

candidatesmultiplied by theincrementvalue.This is representedby theequation

�#"�$&% �('*) $,+-%.� ' "�$ �/'�0�1
(4.2)

Rearrangingthetermsandsolvingfor X yieldstheformulafor minimumpercentage:

�32
�

�4)5��6 �! (4.3)

Equation(4.3)showsthatthecounterdecreaseswhenthepercentageof executionis abovethe

threshold,asdeterminedby I andD.

Giventheincrementanddecrementvalues,thesizeof theHDC canbechosento achievea

minimumdetectionlatency. Let N betheminimumnumberof branchesexecutedbeforea hot

spotis detected.For detectionto occur, thefollowing inequalitymusthold:

� "��#"�$7% �('*)8� "�$,+-%9� ' "�$ �/'�0 %�: �	� ;�� � < ��= (4.4)

Thus,thelatency for detectingahotspotis determinedby thefollowing equation:

�>� : �	� ;�� � < ��=
$ �4)5�/' "�$?�@%A�( ' (4.5)
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Contents of the Branch Behavior Buffer
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Figure 4.3 Exampleof thehotspotdetectionprocess.

As the candidateexecutionpercentagefurther surpassesthe threshold,the detectionlatency

decreases.The latency canalsobe decreasedindependentlyof the candidateexecutionper-

centageby increasingI andD suchthat �! remainsconstant.

4.1.4 Hot spot detectionexample

A graphicalexampleof the hot spotdetectionprocesstaken from hot spot4 in 134.perl

(primaryhotspot2 in Figure3.1) is shown in Figure4.3(comprehensivedetectionresultswill
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bepresentedin Section4.3). In thefigure,refreshtimeintervalsareshown acrossthetopgraph

with thethin, blackverticallinesindicatingtheendof eachrefreshinterval whennoncandidate

branchesareflushedfrom thetable. Eight datasamplesweretakenat evenly spacedintervals

for thefirst two refreshperiodsto highlight theprocess,while a singledatasamplewastaken

just prior to the refreshfor the other intervals. The top graphchartsthe stateof the BBB

executedcountersfor asubsetof theactive instructionaddressesin thehotspot.A dark(blue)

squaremarker indicatesthat the branchat the given addresshadnot yet beenclassifiedasa

candidate.However, thelargerthesquare,thecloserit wasto becomingacandidate.Notethat

at the endof the refreshintervals, noncandidatebranches(marked with squares)arecleared

from the table. Had thesebranchesbeenspuriouslyexecutedin this phase,they would have

beenclearedfrom the BBB after the refresh,allowing otherbranchesthat index to the same

locationanopportunityto beconsideredfor inclusionin thehot spot. If thebranchesarere-

encounteredandBBB entriesareavailable,profiling will bereinitiated,but backat weightsof

zero.This situationcanbeobservedfor thetop branch4398950 which continuedexecution,

albeit infrequently, in thesecondinterval andis thereforerepresentedby a reductionin square

sizeat thebeginningof interval 2. Candidatebranchesareshown in thegraphaslight (orange)

circles,whicharelockedinto thetableacrossrefreshintervals. In thisexample,portionsof the

hotspot(mainly thebranchesat thebottomof thegraph)wereheavily executedthroughoutthe

hot spotandwerequickly classifiedascandidates.However, a numberof theotherbranches,

notablythe two centeredaroundaddress4398890, requiredmoretime to prove themselves

important.
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The bottomgraphshows the progressof the Hot SpotDetectionCounterover the same

refreshintervals.During thefirst threeintervals,a numberof theimportantbranchesexecuted

sporadicallyandhadnotbeenidentifiedascandidates.As previouslydescribed,thesenoncan-

didatescausedincrementsin theHDC. Clearly, the noncandidatesweredominantin thefirst

intervalsbecausetheHDC in thegraphremainssaturatedat thehighestvalue.However, asthe

noncandidatesachievedcandidatestatusandbeganto causedecrementsto thecounter(interval

four), thecounterbeganits descentto zeroandeventualhot spotdetection.

4.1.5 Monitor Table

Coupledwith theHSD is a global tablecalledtheMonitor Table [1]. Thepurposeof the

Monitor Table is to determinewhen hot spot profiling is necessary. It is only usedin the

experimentsin thischapterasothermechanismsareusedin thecompleteROAR system.This

hardware mechanismis continuouslyrunning, watchingprogramexecutionand comparing

the executingbranchesto thosealreadydeterminedto be in hot spots. When the program

is executingin the known hot spots,the systemis said to be in monitor mode, which is the

steady-statemodeof execution.Thesystementersprofile modeandtheBBB is enabledwhen

the Monitor Table determinesthat executionhasstrayedfrom the known set of hot spots.

Notethat theMonitor Tablecontinuesto operateduringprofile mode,watchingfor execution

to return to the set of known hot spots. If this situationwere to occur, the BBB would be

deactivated,sinceit is unnecessaryandcostly to extractandpossiblyoptimizea hot spotthat

hasalreadybeenprocessed.
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Figure4.4 Monitor Tablehardware.

In orderfor the systemto detectwhenexecutionstraysfrom the known setof hot spots,

thehardwaremustbeawareof thosehot spotswhich have alreadybeenidentified.In anideal

Monitor Table,theaddressesof all branchesin all known hot spotswould beplacedinto a tag

arrayasshown in Figure4.4. Whena branchis executed,the instructionaddressis usedto

index in thetagarray. Its presencein thearrayindicatesexecutionin a hot spot. An up/down

countercalledthe Monitor Counteris usedto track long-termexecutiontrendsandoperates

muchlike theHDC. It countsdown whena hot spotbranchis executedandcountsup whena

non-hotspotbranchis executed.WhentheMonitor Countersaturatesat themaximumvalue

in monitor mode,a high percentageof recentbranchesoutsideof the known hot spotshave

beenexecuted,indicatinga possibletransitionto a new hot spot.At this time,profile modeis

resumed.Similarly, whenthesystemis in profilemodeandtheMonitor Counterreacheszero,

programexecutionmusthave returnedto thesetof known hot spots.At this time, theBBB is

deactivated,andmonitormodeis resumed.Whenmonitormodeis enteredfrom profile mode
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(eitherthe Monitor Counterjust saturatedat zeroto endprofile mode,or a hot spotwasjust

detectedandexecutionis likely to continuein thehot spot)theMonitor Counteris initialized

to zero,indicatingthatexecutionis in a hotspot.

As in theHDC, theincrementanddecrementvaluesfor theMonitor Counterdeterminethe

thresholdratio of hot spotto non-hotspotbranches.Althougha minimumratio of hot spotto

non-hotspotbranchesmustbemaintainedto remainin monitormode,this ratio shouldnot be

ashigh asin the HDC. A lower ratio is usedfor the monitorhardwareto allow thebehavior

of thehotspotsto varyslightly without reenteringprofilemode.Oncethis ratio is determined,

the sameformulausedfor the HDC canbe usedto derive suitableincrementanddecrement

valuesfor theMonitor Counter.

4.1.6 Multipr ocesssupport

Thusfar, the hardwaredesignhasassumedsingleprocessexecution. Operationbecomes

slightly morecomplicatedwhenconsideringthecontext switchingabilitiesof microprocessors.

It is the responsibilityof theoperatingsystemto correctlymaintainthestateof theproposed

hardwarein amultiprocessenvironmentasit is requiredto do for traditionalhardwarecompo-

nents.

Becauseof theexpenseof swappingoutevenasubsetof theBBB duringcontext switches,

thehot spotdetectionhardwareis designedto operatein singleprocessmode.TheBBB is a

processorresourcesthat is allocatedto a particularprocess.It maintainsthebranchesfor the

designatedprocessuntil adetectionor aclear, evenacrosscontext switches.BecausetheBBB

respondsto hot spotsquickly, it is only active during a small percentageof an application’s
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execution. Becauseof this low utilization, a singleBBB canbe sharedamongmultiple pro-

cesses.The BBB could be configuredto searchfor hot spotsassociatedwith a particular

processID, threadID, or codesegment. This ID would be storedin a control register. Al-

ternatively, if thecontext switcheswereinfrequent,BBB profiling couldbegin anew for each

processimmediatelyaftertheprocessis swappedinto theprocessor.

UnliketheBBB, theMonitorTableis alwaysin usebyeachprocess.Sinceswappingatable

in andoutat eachcontext switchwouldbeextremelycostly, all processescouldshareasingle

table.In orderto accomplishthis,anup/downMonitor Counteris necessaryfor eachprocessor

activesubsetto effectively trackhotspotbehavior. Again, if context switcheswereinfrequent,

a singleMonitor Countercould be initialized to zeroimmediatelyafter eachcontext switch.

Furthermore,eachentryin theMonitor Tablemustalsobetaggedwith its processID. This ID

servesasa tag for comparisonpurposeswhendetermininga hit or missandfor determining

whichMonitor Counterto update.

WhenaMonitor Countersaturatesindicatingthatprofiling is necessary, theBBB mustfirst

beallocatedto thatparticularprocess.A simplecheckof theBBB processID controlregister

canbemadeto determineBBB ownership.If therequestingprocessownstheBBB, profiling

cancontinuewithout delay. Otherwise,arbitrationmustoccurbetweenall of the processes

requestinguseof the BBB. This arbitrationmay be implementedin the hardware itself or

within theOS.Althoughprocessesmaybedenieduseof theBBB for a shorttime, theBBB

maybeacquiredby thenext waitingprocessassoonastheBBB resetsor theHDC saturates.
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4.1.7 Enhancementsto the basehardware

Severalenhancementsmight bemadeto thebasehardware. Thefirst enhancementwould

be to reducethesizeof theBBB by consideringonly conditionalandindirectbranches.The

executionandtakenprofile weightsof blockswith unconditionalbranchesor direct callscan

bedeterminedby inferencevia Kirchhoff ’s First Law andneednot beprofiled. However, this

approachmayrequirea runtimeoptimizerto spendmoretime analyzingandconstructingthe

control-flow graph.

A secondenhancementwouldbeto index into theBBB with acombinationof thebranch’s

addressandits direction.Thus,thetakenandnot takenpathsof a particularbranchwould be

recordedin separatedentriesallowing for the eliminationof the taken counterin eachBBB

entry. While this approachwould result in either an increasein the size of the BBB or a

reductionin the numberof distinct branchaddressesin the BBB, it would allow the system

to detectfiner changesin program,andhot spot,behavior. For example,controlflow changes

within aparticularsetof blockswouldnow bedetectedandpossiblyreoptimized.

A third enhancementwould be to includesupportfor profiling thearcweightsof indirect

branches.Currently, profiling determinesonly thebranchweightsof thesebranches.An addi-

tional tableindexedonacombinationof thebranchandtargetaddressescouldbeusedto store

theactualprofile. TheBBB entryfor thatbranchwouldstill gatherthebranchexecutioncount

anddeterminebranchcandidacy.
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Table4.1 Hardwareparametersettings.

Parameter Setting
Numberof BranchBehavior Buffer sets 1024
BranchBehavior Buffer associativity 2-way
Executedandtakencountersize 9 bits
Candidatebranchexecutionthreshold 16
Refreshtimer interval 4096branches
Cleartimer interval 65535branches
Hot SpotDetectorcountersize 13 bits
Hot SpotDetectorcounterincrement 2
Hot SpotDetectorcounterdecrement 1
Monitor Tablecountersize 12 bits
Monitor Tablecounterincrement 1
Monitor Tablecounterdecrement 1

4.2 Hot SpotDetectionExperimental Setup

Becausethedesignspaceis large,experimentallyevaluatingthe individual effect of each

hardwareparameterwasinfeasible. Initial parameterswereselectedthatattemptedto match

theobservedhot spotbehavior andwerethenfurther refined,resultingin parametersthatex-

hibit desirablehot spotcollectionbehavior. Theseparameterswereusedin the experiments

presentedin this sectionandareshown in Table4.1. The BBB hardwarewasconfiguredto

allow brancheswith a dynamicexecutionpercentageof 0.4%(16 executions/4096branches)

or higherto becomecandidates(thecandidateratio). TheHDC wasconfiguredwith a thresh-

old executionpercentagethatrequiredcandidatebranchesto total morethan66%(2:1) of the

executionto indicateahotspot.TheBBB wasallowed16refreshes(totaling65535branches)

to detectahotspotbeforeit wasreset.Theseparameterswerechosenthroughempiricalstudy

comparingthequickdetectionneedsof smallerhot spotsto theprofiling breadthrequirements
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of larger ones. The thresholdexecutionpercentage,aspreviously described,is the starting

point for parameterdeterminationandis setto allow for somespuriousexecutionduring the

detectionprocess.

4.3 Hot SpotDetectorEvaluation

Trace-drivensimulationswereperformedon a numberof applicationsin orderto explore

the effectivenessof the Hot SpotDetector. The experimentsfor the detectorweredesigned

to maximizetheprogramcoverageof thecollectedhot spotswhile minimizing boththenum-

ber of spuriousbranchesin the hot spotsand the latency of detection. Both SPECCPU95

andcommonWindowsNT applicationsweresimulatedto provide a broadspectrumof typical

programs.Thesebenchmarksaresummarizedin Table4.2. The eight applicationsfrom the

SPECINT95benchmarksuitewerecompiledfrom sourcecodeusingtheMicrosoft VC++ 6.0

compilerwith theoptimizefor speedandinline where suitablesettings.SeveralWindowsNT

applicationsexecutinga varietyof taskswerealsosimulated.Theseapplicationsarethegen-

eral distribution versions,and thus were compiledby their respective independentsoftware

vendors.

Theexperimentswereperformedusingthe inputsshown in Table4.2. In orderto extract

completeexecutiontracesof theseapplications(all usercode,includingstaticallyanddynam-

ically linkedlibraries),we usedSpeedTracer, specialhardwarecapableof capturingdynamic

instructiontracesonanAMD K6 platform[16]. Sincethetracedinstructionsarefrom thex86

instructionsetarchitecture(ISA), variable-lengthinstructionsareusedthroughoutsimulation.
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Table4.2 Benchmarksfor detectionandtracegenerationexperiments.

Benchmark Num. ActionsTraced
Insts.

099.go 89.5M 2stone9.intraininginput
124.m88ksim 120M clt.in traininginput
126.gcc 1.18B amptjp.itraininginput
129.compress 2.88B test.intraininginputcountenlargedto 800k
130.li 151M train.lsptraininginput (6 queens)
132.ijpeg 1.56B vigo.ppmtraininginput
134.perl 2.34B jumble.pltraininginput
147.vortex 2.19B vortex.in traininginput
MSWord(A) 325M open16.0MB .docfile, search,thenclose
MSWord(B) 911M load25 page.doc,repaginate,wordcount,

selectentiredoc,changefont, undo,close
MSExcel 168M VB scriptgeneratesSi diffusiongraphs
AdobePhotoDeluxe(A) 390M loaddetailedtiff image,brighten,

increasecontrast,andsave
AdobePhotoDeluxe(B) 108M exporteddetailedtiff imageto

encapsulatedpostscript
Ghostview 1.00B loadgsview and9 pagepsfile, view, zoom,

andperformtext extraction

To ensureexaminationof all executeduserinstructions,samplingwasnot usedduring trace

acquisitionor simulation.

In orderto evaluatethe performanceof the Hot SpotDetector, a numberof experiments

wereconductedto examinethedynamicandstaticinstructioncoverageof the hot spotspro-

duced. Sincethe detectedhot spotsprovide the basisfor tracegenerationandoptimization,

maximizingcoverageof the dynamicexecutionwith a small numberof hot spotsis critical.

While thetracegenerationprocessutilizesheuristicsto accountfor anoccasionalmissingim-

portantbranch,neglectingbrancheswill oftenprecludeoptimizationof pathscontainingthose
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Table4.3 Summaryof thehot spotsfoundin thebenchmarks.

Benchmark # hot # static % static % total % total Dyn. insts.
spots insts.in executed exec. in exec. in in hot

hot spots insts.in hot spots detected spotsafter
hot spots hot spots detection

099.go 6 2398 3.46 37.84 35.39 31.7M
124.m88ksim 4 1576 2.78 93.03 92.30 110M
126.gcc 47 17665 8.90 58.42 52.12 617M
129.compress 7 918 2.12 99.93 99.81 2.87B
130.li 8 1447 3.00 91.28 90.88 137M
132.ijpeg 8 2556 3.48 91.07 91.00 1.42B
134.perl 5 1738 2.13 88.43 85.99 2.01B
147.vortex 5 2161 1.76 72.30 71.93 1.58B

MSWord(A) 5 3151 1.17 91.36 91.08 296M
MSWord(B) 21 12541 2.40 69.13 62.04 566M
MSExcel 25 18936 2.94 60.01 54.85 88.2M
PhotoDeluxe(A) 20 5485 1.68 94.31 90.97 354M
PhotoDeluxe(B) 14 4192 1.78 94.24 90.81 98.5M
Ghostview 33 8938 2.82 73.39 72.55 2.30B

branches.However, providing concisehot spotsasswiftly aspossibleensuresminimal opti-

mizationoverheadandmaximumavailabletime to spendin optimizedcode.

4.3.1 Hot spot detectioncoverage

Table4.3summarizestheeffectivenessof theproposedhardwareatdetectingrun-timeop-

timizationopportunitiesfor eachbenchmark.Thenumberof hotspotscolumnlists thenumber

of timesthattheHot SpotDetectionCountersaturatedatzero,indicatingthedetectionof anew

hot spot. Thedetectorwasreactivatedeachtime executiondrifted from thecumulative setof

candidatebranchesfrom thepreviouslydetectedhotspots.Thenumberof staticinstructionsin

hot spotsis thetotal numberof instructionsthatwill bedeliveredto theoptimizercollectively
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overtheentireexecutionof theprogram.Thenext column,percentstaticexecutedinstructions

in hot spots, relatesthenumberof staticinstructionsin hot spotsto thetotal numberof static

instructionsexecuted.Theresultsshow that,out of all thestaticinstructionsexecutedby the

microprocessor, only a smallpercentagelie within hot spots.Notethatsomeinstructionsmay

be presentin morethanonehot spotand,accordingly, arecountedmultiple times. The por-

tion of total dynamicinstructionsrepresentedby thesehot spotsis shown in thenext column,

percenttotal executionin hot spots. Becausethis hardwarecannotdetecthot spotsinstantly,

sometimethatcouldbespentexecutingin optimizedhotspotsis spentexecutingoriginalcode

during detection.The time spentin hot spotsafter they aredetectedis shown in the percent

total executionin detectedhot spots, andthetime lost to detectioncanbefoundby takingthe

differencebetweenthis columnandthe previous column. Finally, the last column,dynamic

instructionsin hot spotsafter detection, shows thenumberof dynamicinstructionsthatcould

benefitfrom run-timeoptimization.Thisnumberreflectsany subsequentreusesof detectedhot

spots.

Analysisof the resultsshows that only a small percentage,usually lessthan3%, of the

staticcodeseenby themicroprocessorexecutesintensively enoughto becomehotspots.Since

a largepercentageof thedynamicexecutionis representedby asmallsetof instructions,often

nearly90% of the program’s execution,a run-timeoptimizercaneasily focuson this small

set with the potential for significantperformanceincrease. In addition, only about1% of

the possibletime spentin optimizedhot spotsis misseddueto the detectionprocess.There

is no actualoverheadsincethe hardwareperformsthe profiling in parallelwith unhindered

execution. For example,in 130.li, the numberof hot spotstatic instructionscomprisesonly
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3% of the total static instructions,yielding a total hot spot codesize of 1447 instructions.

Furthermore,90.88%of the entireexecutionis spentin detectedhot spots. Analysisshows

that ideally thehot spotsaccountfor 91.28%of execution,andthusonly 0.40%is lost during

the detectionprocess.This indicatesthat the Hot SpotDetectormakesthe identificationso

swiftly that theexecutionof hot spotregionsfalls almostentirelywithin potentiallyrun-time

optimizedcode.

Examiningindividualhotspotsrevealsinterestingcharacteristicsof programbehavior. Fig-

ure4.5(a)detailsthedetectedhotspotsfrom the134.perlbenchmark.For eachhotspot,thebar

graphshows thestaticcodesizeof thehot spot,while the line graphshows thepercentageof

executionspentin thathot spotafterdetection.This benchmarkconsistsof threeprimary hot

spots(looselydefinedasthosethat representat least1% of total applicationexecution):1, 4,

and5 onthegraph.Thesecorrespondto thethreehotspotsof Figure3.1in Chapter3 (notethat

in thehistogram,134.perlwascompiledfor the IMPACT [17] architecturewithout inlining).

FromFigure3.1, codecanbeseenexecutingbetweenthefirst andsecondprimaryhot spots,

whichcorrespondto hotspots2 and3 in Figure4.5(a).In thethird primaryhotspot,hotspot5

of Figure4.5(a),thecmd exec() function loops117K times,callingstr free() in each

iteration.The9 blocks,totaling43staticinstructions,contribute7.3M dynamicinstructionsto

theprogram’s total execution. Becausetheseblocksexecuteintensely, thehot spotservesas

a goodcandidatefor run-timeoptimization. Analysisof this benchmarkalsoshows thatone

hot spotis muchmoredominantthantheothersin termsof dynamicexecution. In this case,

optimizingonly hot spot4 couldbenefitover58%of thedynamicinstructionsexecuted.
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(a)134.perl. (b) PhotoDeluxe(A).

Figure4.5 Detailedhotspotstatistics.

Similar characteristicswere observed in the other benchmarks.Figure 4.5(b) shows an

example from one of the precompiledWindowsNT applications,PhotoDeluxe(A). For this

benchmark,thereareseveral hot spotsthat eachrepresentat least8% of the total execution

andtogetherrepresentmorethan50%.Wealsoseequiteafew hotspotswith smallstaticcode

sizes,indicatingtight, intenselyexecutedcode. In fact, for this benchmark,thesmaller-sized

hot spotsarealsothosewith high total executionpercentages,indicatingexcellentopportuni-

tiesfor run-timeoptimization.

The benchmark099.gois a notableexampleof a benchmarkwithout obvious hot spots.

While this gamesimulationrepetitively executesplayers’moves,eachmove touchesa large

amountof staticcodewith little temporalrepetition.Thehardwarewasstill ableto detectsix

hot spotsrepresenting35% of the execution. Thereis oneprimary hot spot that represents

28% of the executionwith a staticcodesizeof 1170 instructions. Datahasshown that the

static sizesof the detectedhot spotsvary significantly, from tensof instructionsto the low
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thousands.Detailedhotspotdetectionresultsfor thebenchmarksin Table4.3arepresentedin

FiguresB.1-B.8in AppendixB.

4.3.2 Hot spot detectionaccuracy

To evaluatetheaccuracy of thehotspotprofiler, thebranchtakenratioscollectedathotspot

detection-timewerecomparedto theiraveragetakenratiosatthecompletionof theapplication.

Thecompletion-timestatisticsweregatheredby attributing eachdynamicbranchexecutionto

theappropriatehotspot.

As previously mentioned,the weightsof the blocks andedgesare comparablewithin a

particularhot spot,allowing for the constructionof a meaningfulcontrol-flow graph. How-

ever, theseweightscannotbe meaningfullycomparedbetweenhot spots. Referringbackto

Figure3.4 in Section3.2, the Hot SpotDetectorfound threeprimary hot spots. The profile

weightsgatheredby thedetectorareannotatedon theblocksandarcs.Eventhoughtheblock

weightsin Hot Spot3 aretwiceaslargeastheweightsin Hot Spot1, it doesnotmeanthatHot

Spot3 is executedtwiceasoftenas1. Theseweightsareprimarily affectedby two factors:re-

freshperiodsrequiredto detectthehotspot,andfrequency of theparticularinstructionswithin

thehot spot. Thegreaterthenumberof refreshesrequiredto detecta hot spot,the longerthe

profilesareallowedto accumulate,andthegreatertheweightvalueswill be. Furthermore,if

the instructionsarepartof a tight loop, theprofile weightswill accumulateto a greatervalue

during thedetectiontime thanwill instructionsthatareexecutedaspartof a larger region of

code.
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Figure 4.6 Differentaccumulatedprofilesfor thestr new() function from threedifferent
hot spotswithin 134.perl.

Figure4.6(a)-(c)depictstheactualweightsof theprofiledblocksandedges.Theseweights

are gatheredthrougha heuristicthat attributesinstructionexecutionsto the hot spots. The

heuristicassignsa dynamicinstructionexecutionto a hot spot if that static instructionwas

a candidateat detectiontime. When a static instructionis part of multiple hot spots,it is

attributedto thehotspotthatwasuniquelyidentifiedby thepreviousdynamicbranches.While

thedetectedweightsof Hot Spots2 and3 arealmostthesame,theaccumulatedweightsare

heavily skewed toward Hot Spot2. However, both phaseslast considerablylonger thanthe
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Figure 4.7 Absolutedifferencebetweendetectedtakenpercentageandactualtakenpercent-
agefor thehotspotbranchesin all significantdetectedhotspots.

profiling process.For blockE in Hot Spot3, theprofileweightis missingfrom thehotspot,as

previouslymentioned.Sincetheheuristicmustattributetheexecutionof thoseblocksto some

hot spot,a correspondingincreaseof 19 000executionscanbeseenin thesameblock in Hot

Spot2 ascomparedto theweightof its incomingedge.

Figure 4.7 shows the comparisonbetweenthe taken ratios for the hot spot branchesin

two typical benchmarks.In thesebar charts,only hot spotsthat represented1% or moreof

the programexecutionwere considered.For eachhot spot branch,the differencebetween

its detectedtaken percentageand its accumulatedcounterpartis computedand tallied. The

figure shows that a vastmajority of the brancheshave taken ratiosat detectiontime within

2% of their accumulatedvalues. Theseresultsindicateaccurateprofiling and thereforethe

potentialfor usingdetectionprofile weightsfor optimization. However, a few branchesalso

changetheir behavior dramaticallyascanbe seenby the larger changes.The last category

of the graph,not present(NP), representsbranchesthat weredetectedaspart of the hot spot
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but never executedafterdetection,essentiallyfalsepositives. Including thesebrancheswhen

performingoptimizationmayintroduceobstaclesto aggressive optimization.Theseobstacles

includewastedoptimizationon codethatwill neverbeexecuted,falsepathsthatmaypartially

overlapwith realpathsthuspreventingtherealpathsfrom beingformed,or new sideentrances

into existing tracesthatmayforceexisting tracesto besplit.

4.3.3 Hot spot detectionquality

The sizeof the BranchBehavior Buffer is an importantfactorbecauseit representsthe

maximumsizeof any hotspotin termsof branches.Evenif thecapacityof theBBB is adequate

for the final hot spot, the buffer must also containenoughentriesfor spuriousbranchesas

well, sothatthespuriousonesdonotcausesignificantcontentionwith theimportantbranches.

Table4.4shows thedetectioninformationfor theMSWord(A) application.Hot spotdetection

wasperformedon theapplicationfour timeswith settingsof 2048,1024,512,and256entries

in theBBB, eachwith four waysetassociativity. Thedetectedhotspotsthatrepresentover1%

of theapplicationexecutionarelistedA - C.

For the2048entryBBB, threeprimaryhot spotsweredetectedasopposedto two for the

otherconfigurations.The third hot spot in this configurationis the resultof a slight shift in

HSD timing that resultsin the detectionof a hot spot that containsportionsof the first two.

Figure4.8depictstheVenndiagramsfor the2048and1024entryconfigurations.Thetwo hot

spotsin the1024entryconfigurationarelargelydisjoint,whereasthethird hotspotin the2048

configurationis comprisedmostly of piecesof the first two. However, the sharedbranches

betweenthe first and third hot spotsare the most heavily executed,thusshifting execution
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Table 4.4 Detectionsummaryfor MSWord(A).

Hot Spot BBB Entries 2048 1024 512 256

A Numberof Operationsin Hot Spot 359 359 359 339
BBB BranchesSeen 20 280 20280 21 252 22 151
DynamicConflicts 18 94 995 2810
SetConflicts 5 31 84 64
Percentof Execution 3.39 7.79 7.79 7.68

B Numberof Operationsin Hot Spot 1012 1009 972 892
BBB BranchesSeen 14 456 14651 13 451 22 455
DynamicConflicts 96 881 418 5083
SetConflicts 8 43 13 41
Percentof Execution 75.92 83.16 81.92 70.70

C Numberof Operationsin Hot Spot 554
BBB BranchesSeen 12 129
DynamicConflicts 0
SetConflicts 0
Percentof Execution 11.84

TOTAL Percentof Execution 91.15 90.95 89.71 78.38

2048 1024

34

HS B

45
HS A HS A

HS C

49

7

HS B

170181 89

4

Figure 4.8 Venndiagramsdepictingthenumberof sharedbranchesin the hot spotsfor the
2048and1024BBB entryconfigurations.
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percentagefrom the first to the third, ascomparedto the 1024configuration. This hot spot

representsthecodepatternaroundthetransitionbetweenthefirst two.

The total applicationcoverage(bottomrow of Table4.4) dropsslightly from above 91%

to just above 78%. For thefirst hot spot,thenumberof operationsin thehot spotis aboutthe

samefor eachconfiguration,but dropsby about5%, for 256entries,althoughthepercentage

of executiondropsby only 1.5%. Thenumberof dynamicbranchesseenduringthedetection

processalsoclimbsasthebuffer becomessmaller, from approximatelytwo refreshesto close

to three.In thisexperiment,theresetinterval is setto eightrefreshes,whichis still significantly

largerthanneeded.Thenumberof dynamicbranchesthataredroppeddueto capacitylimita-

tionsandthenumberof setsaffectedby capacitylimitations arealsohigherwith thesmaller

BBBs. Essentially, a 256-entrybuffer hasthe capacityto detecta hot spotthat is about340

branchesin size,althoughit takesa bit longerdueto contentionthanwith a largerbuffer. For

thesecondhot spot,similar behavior is observed,exceptthattheapplicationcoverageis more

significantlydecreasedwhenthebuffer dropsfrom 512entriesto 256for this1000-branchhot

spot. Oneaberrationhereis that the 1024-entryconfigurationdetectsa slightly differenthot

spotthat representsa slightly largerpercentageof execution,but suffersmany moreconflicts

while detectingit. In summary, for this applicationand input, a buffer on the orderof 512

entriesappearsto besufficient. However, amoredetailedstudyof cuttingedgeapplicationson

a targetarchitectureis neededto properlysizethebuffer.
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CHAPTER 5

REGION EXTRACTION

After hot spotdetection,theBranchBehavior Buffer containsa setof frequentlyexecuted

brancheswhoseblocksconstitutea large fractionof thecurrentoverall instructionexecution.

Figure5.1(a)depictsbranchentriesstoredin theprofiling tableascircles.Thebranchexecution

anddirectionweightswereaccumulatedduringtheprofiling processto providebehavior infor-

mationaboutthebranchesduringthecurrentexecutionphase.Thehotbranchesanddirections

aresolid-filled andcomprisea skeletonof the frequentlyexecutedregion of code. The next

task in the run-timeoptimizationprocessis to usethe skeletonto determinethe instruction

blocksassociatedwith thebranches,asshown in Figure5.1(b),andto constructa new setof

blockscoveringthefrequentlyexecutedones,asshown in Figure5.1(c).

TheTraceGenerationUnit (TGU) is ahardwaremechanismfor extractingthetraceswhose

skeletonsarerecordedin theBranchBehavior Buffer. Sincetheskeletonis obtainedfrom the

realstreamsof execution,thetracesoftencross-cutmultiple functionsandmodules,thusiden-

tifying theimportantprogrampaths.Likewise,sincetheskeletonis obtainedfrom a historical

recordof realexecution,theTGU is ableto producetracesthathaveahighprobabilityof future

execution.While a compileror off-line optimizercouldperformcontrol-flow analysisoveran

entirecoderegion to identify andextracttraces,ahardwaremechanismcanproducethetraces
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Figure5.1 Processfor usingbranchprofile informationto form traces.

with almostzerooverheadandlatency. This low-costapproachis possiblebecauseof thetight

integrationbetweentheTGU andtheHot SpotDetector.

Traceshave beenshown to beaneffective platformfor run-timeoptimizationdueto their

moderatecapacityfor optimizationbut simplicity of analysis[18]. Therefore,a run-timeop-

timizing systemcanbeenhancedseveralwaysby employing a mechanismsuchastheTrace

GenerationUnit. First, aspreviously mentioned,the TGU incursminimal overheadby per-

forming traceextractionin parallelwith the normalexecutionof theapplication.This paral-

lelism is possiblebecausethe profile that guidesthe formationprocessis storedin an easily

accessible,dedicatedhardwaretable(theBBB) insteadof in memoryor in cache.Second,code
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straighteningoptimizationis appliedasaby-productof thetracegenerationprocess,which it-

self improvesfetchperformancein themicroprocessor. Third, thetracesrepresentthefrequent

pathsthroughtheapplicationthatcanbesubsequentlytransformedby anoptimizerto improve

overall applicationperformance.Amdahl’s Law statesthat the overall benefitdueto an en-

hancementis limited by theportionof executionthatcanbenefitfrom theenhancement[19].

For a run-timetrace-basedsystem,this meansthat both codecoverage(fraction of codethat

canbenefitfrom enhancement)andtracelength(unit of optimization)arecrucialfactorswhen

assemblinga fertile codecollectionfor optimization.Fourth,sincethetracesarerestrictedto

includejust thefrequenttraces,themechanismfilters out spurioustracesthatwhenoptimized

will only provideminimalbenefitbecausethey will berarelyexecuted.Otherproposedsystems

tendto form a greatmultitudeof tracesthat may bog down the optimizer[20] (describedin

Section7.3)andmayoftendisplacetheimportanttracesin tracerepository. However, theTGU

will have moredifficulty in extractingtracesfrom applicationsthathave little pathexecution

consistency. Last,theTGU extractsthetracesandformstheminto acollectionin memory. The

collectionis storedin memoryin traditionalsequentialprogramform that canbe fetchedby

theprocessorwith a traditionalfetchmechanism.In this form, branchesin traceslink to other

traces,evenforming loopsoutof traces.While this representationallows for tracepersistence,

potentiallythroughouttheentirelifetime of theapplication,it doesnot provide quitethelevel

of theaggressive loop unrolling inherentto tracecachebasedsystems[21]. Suchsystemscan

unroll aloopuntil thetracecacheline is full, thuspotentiallyenablingoptimizationoveragreat

numberof iterations.A typical setof tracesmaycontainonetracewith loop preheadercode

followed by several unrolledloop bodiesandanothertracewith just unrolledbodies. Trace
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cacheseffectively have backedgessinceoptimizationis not performedbetweentraces.Here,

thefirst effective backedgedependson thenumberof loop bodiesthatfit after thepreheader

code,andsubsequenteffective backedgesdependon the numberof loop bodiesthat canfit

into a trace. To conserve codesizeinsidethe TGU-generatedloops,however, the amountof

unrolling is limited anda backedgefrom thebottomof theunrolledloop bodyto thetop still

remains.TheTGU hasanadvantagein thata loopwith ashorttrip countmaybeperfectlyun-

rolled andoptimizedwhereasit maybesplit into two tracesinsidethetracecache,depending

on theamountof preheadercode.

The TraceGenerationUnit is tightly coupledwith the retirementstageof the processor

pipelineandwith theHot SpotDetectorfor maximumefficiency. Themechanismwatchesthe

sequencesof subsequentlyretiredinstructionsandconstructstracesfrom thosesequencesthat

conformto theboundsof thedetectedhot spot. TheTGU mustbeableto form goodquality

traceseventhoughsomeof theimportantbranchesmaybemissingfrom thetable.Becausethe

detectorcanprofileonly afinite numberof branches,a few importantbranchescanbemissing

fromtheprofiledueto contentionfor tableentries.Thismechanismalsoaddsadditionalsystem

requirements:anexpandedBBB, someassociatedregistersandcontrol logic, anda few pages

of reserved virtual addressspacefor eachprocess.Like the BBB, the TGU is not sensitive

to latency (it maylag behindactualinstructionretirement)andshouldhave little effect on the

processor’scritical path.
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5.1 Overview

The TGU remainsidle until the hot spot detectionhardware detectsa suitableprogram

hot spot. Following detection,theTGU is enabledfor a shortperiodof time, duringwhich it

constructsa setof tracesfrom the streamof instructionsretiredby the processor. The TGU

spendsmost of this time operatingin a passive mode,scanningthe retired instructionsfor

branchesthatmatchthosecapturedby theBBB duringprofiling. TheTGU actively generates

tracesin shortbursts(experimentsshow 0.005%of the total dynamicinstructions),writing

the instructionsto a codecachethat residesin thevirtual memoryspaceof theprocessbeing

optimized. Otherthana potentialslowdown during this active phaseof tracegeneration,the

TGU is nonintrusive to programexecution. Becausevirtual memoryis usedto containthe

optimizedcode,standardpagingand instructioncachingmechanismsallow translationsto

persistacrosscontext switches.Thecodecachepagescanbeallocatedby theoperatingsystem

at processinitialization timeandmarkedasread-onlyexecutablecode.

The allocationof dynamicoptimizationcomponentsto hardwareor softwareaffects the

overhead,flexibility , andoptimizationfrequency of the resultingsystemalongwith the size

andshapeof theunit of optimization.For example,thelargertheoverhead,thelongeranopti-

mizationmustpersistto amortizeits costandclaim a benefit.Hardwaremechanismspromise

to control therun-timeoverheadsof dynamicoptimizationsystemsby transparentlyapplying

profiling andoptimizationtechniques.By usingdedicatedcomponents,hardwaremechanisms

typicallyallow for greaterparallelism,oftenprocessingin parallelwith therunningapplication.

Softwaresystemstypically implementdetailedprofiling by utilizing instructioninterpretation,
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or by insertingprofiling probesthroughjust-in-timecompilation.This leadsto frequenttransi-

tionsbetweentheapplication,optimizer, andoperatingsystem,potentiallyaddingasignificant

overhead.Infrequentsample-basedprofiling usuallyincursa few percentoverhead,while full

interpretationis oftenorders-of-magnitudeslower.

Experimentshave shown minimal overheaddueto thehot spotdetectionandtracegener-

ationprocess.TheHSD cancontinuouslymonitorprogramexecutionat low cost,conducting

profiling without degradingtheperformanceof programuntil ahot spotis detected.TheTGU

operatesat low costbecauseit is alsoa dedicatedhardwarestructurethatsimply monitorsthe

retiredinstructions.Someoverheadmaybeincurred,however, while a traceis formedbecause

the constructionthroughputis likely to be lessthanthe pipelineretirementthroughput. En-

hancingtheTraceGenerationUnit to employ optimizationtechniquesis likely to addminimal

overheadaswell, sincethe hardwareoptimizerwill operatein parallelwith tracegeneration

andnative programexecution. In essence,ROAR enablesfull-speednative executionof the

applicationwith minimal, decisive, andsurgical optimizationsto thecode.This combination

of continuousprofiling andprecisionallows for a fasterresponsethanasoftwaresystem.

Oneprimarybenefitof softwarereoptimizationapproachesis their flexibility . Within any

profiling andcodedeploymentsystem,anumberof strategiescanbeemployedthatcandynam-

ically decidewhenandwhat to optimize. While theHot SpotDetectorandTraceGeneration

Unit arehardwarestructures,they too containa numberof parametersthat canbe adjusted

dynamically. For example,Hot SpotDetectorthresholdsandtimerscanbeadjustedto varythe

coderegion sizedetected.The detectorcouldbe configuredto identify andoptimizecritical

codefirst, laterbroadeningits scopeto optimizeremainingcodesecond.
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It is often difficult to quantify the differenttrade-off optionsbetweenhardwareandsoft-

warebecauseeachhighly dependson systemgoalsandavailablemechanismswith associated

overheads.While ROAR providesa mechanismwith a fastresponsefor smallerunitsof opti-

mization,astagedapproachmightwork best.Suchanapproachallowsa low-overheadsystem

to make moderateimprovementsapplication-widewhile, over time, further identifying the

veryhot regions,handingthemoff to moreaggressivesystemswith higheroverheadsthatcan

optimizeacrossentireregions.

5.2 CodeDeployment

Becauseof codeself-checks,a criterion for ROAR is that the original codecannotbe

alteredin anyway. Therefore,any optimizationsperformedontheprogramareonly performed

on thegeneratedhot spottraces.For thesamereason,a seamlessmechanismfor transferring

executioninto the codecache,insteadof changingthe branchtargetsin the original code,is

needed.TheBranchTargetBuffer (BTB) canbeusedto facilitatecontrol transfers.In some

implementations,this structureassociatesa branchinstructionwith its takentargetby storing

thebranch’s targetaddress.Similarly, ROAR utilizestheaddressfield in theBTB to storethe

takentarget’s locationin thecodecache. Therefore,all entrypoint transitionsin ROAR must

occuralongtakenbranchpaths.Tracesbegin with the instructionsat the targetof thebranch

andcanonly bereachedthroughtheparticulartransitioningbranch.

OtherBTB implementationsassociatea fetchaddresswith thenext fetchaddress.In such

a structure,thecodecacheaddressof the target couldbeassociatedwith a fetchaddressthat
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would fetcha transitionbranch.However, this associationis not a guaranteedmapping,like a

singlebranchto its target,becausetheremaybemany brancheswith differenttargetsthatcould

beexecutedfrom a singlefetch. Therefore,this styleBTB will predictanentry into thecode

cachethat mustbe verified whenthe transitionbranchexecutesand, thus,a transitiontable

separatefrom the BTB would be required. In typical operation,the BTB would be updated

with thecodecachemappingafterthefirst executionof thetransitionbranchbecausetheBTB

wouldhavemispredictedto originalcode.For thepurposesof theremainderof thisdiscussion,

thefirst BTB implementationwill beassumedwith theunderstandingthatonly modestchanges

wouldbeneededfor alternateBTB styles.

After eachnew traceis constructed,anentry point recordfor the traceis written to a list

locatedin thefirst pageof thecodecache.Therecordassociatestheentrypoint branchin the

original codewith its targetplacedin thecodecache.During the tracegenerationprocess,a

timer signalsthe endof tracegenerationfor the currenthot spot. At that time, a routine is

initiatedto install thelist of entrypointsinto theBTB. For eachentrypoint, theBTB targetfor

theentrypoint branchis updatedwith theaddressof theentrypoint target in thecodecache.

An entrypoint bit is alsosetin theBTB to lock theentry in placeuntil a BTB flush. After a

context switch,thesameroutinecanbeinvokedto reinstalltheentrypointsinto theBTB on a

per-processbasis.No new hardwareis required,otherthanthatneededto updateBTB entries

andto ignorebranchaddresscalculationsselectively for branchesthathave theentrypoint bit

set.

Self-modifyingcode(codethatwritesinto its own codesegment)presentsachallengeto all

dynamicoptimizationsystems.Modificationsmadeto theoriginal codesegmentmustalsobe
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reflectedin theoptimizedtraces.To preventoptimizedcodefrom becominginconsistentwith

the behavior of the modifiedoriginal code,either instructionsthat have beenmodifiedmust

be updatedor tracesthat containsuchinstructionsmustbe flushed. Sinceit is not generally

possibleto locateall modifiedinstructionlocationsin theoptimizedcode,many systems(Dy-

namo[22], for example)flush their entirecachecontentswhenself-modificationis detected.

Othersystems,suchastheexecutiontracecachein thePentium4 microprocessor, includeabit

for eachtracein eachtranslationlook-asidebuffer entrythatis setto trueif thetracecontainsat

leastoneinstructionfrom thatpage[23]. Thus,whenancodepageis modified,all tracesthat

containany instructionsfrom thatpageareflushed.While this approachis still conservative,

it reducesthenumberof tracesthatmustbeflushed.ROAR currentlyflushesthecontentsof

the codecacheandreturnsto unoptimizedcodelike Dynamo,althougheachhot spotcould

containa list of pagesof includedinstructions.However, all write operationsto codepages

would have to be trappedandthe target pagescomparedagainstall existing hot spot lists to

checkfor invalidation.

5.3 TraceGenerationUnit Ar chitecture

As theTGU writes instructionsinto thecodecache,it performstwo importantfunctions.

First, it createsconnectedregionsof codethatembodythedetectedhot spotanddefinesentry

points to thoseregions. It doesthis in sucha way that if programcontrol entersa hot spot

region at a selectedentry point, control will likely remaininsidethe region for a significant
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lengthof time. Second,the TGU automaticallyperformscodestraighteningalongthe most

frequentlyexecutedpaths.

Theprocessof copying an instructioninto thecodecacheis referredto asremappingthe

instruction. If thecopiedinstructionis a branch,this processcaninvolve changingthe target

andpossiblythe conditionof thecopy within the codecache.Thusremappedinstructionor

remappedbranch refersto aninstructionwithin thecodecache.If abranchhasbeenremapped

in its takendirection, thenaninvertedinstance(inverseconditionwith swappedtakenandfall-

throughtargets)of thesamestaticbranchhasbeenplacedinto thecodecache.Thenew taken

targetmaypoint to thefall-throughinstructionsin theoriginal code,or to anothertracein the

codecachefor thefall-throughpath.

Thecollectionof tracescreatedfor eachhotspotis calleda traceset. Althoughanindivid-

ual tracemaycontaininternalbranchesaswell asbranchesto othertracesin thesameset,it

nevertransferscontroldirectly to codein adifferenttraceset.Therefore,tracesgeneratedfrom

ahotspotform aself-containedregionof codethatcanbeindependentlyoptimized,deployed,

andremovedif necessary.

To assiston-the-fly traceformation, additionalfields are incorporatedinto the BBB, as

shown shadedin gray in Figure4.1. The codecachetaken addressandfall-throughaddress

fieldsareusedto hold offsetsinto thecodecacheat which codefollowing thecorresponding

branchdirectionhasbeenplaced.Storingthe codecacheaddressesfor the branchtargetsin

theBBB allowstheTGU to link importantbranchesfrom atracedirectly to thetargetof apre-

viously remappedinstructionin thesametraceset.Valid bits for eachtarget indicatewhether

or not that path hasalreadybeengenerated.By marking the pathsthat have alreadybeen
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Table5.1 TGU registersusedfor coderemapping.

CodeCacheOffset Offsetto next availablememorylocation
in codecache.Updatedeachtime the
currenttraceis filled with aninstruction.

CurrEntryBranch Original addressof branchinstructionused
astheentrypoint to thecurrenttrace.

CurrEntryTarget Codecachetargetof CurrEntryBranch.
PendingTarget Original addressof theinstructionthat

thatfollows thecurrenttrace.Usedin
Pendingmodeto determinewhento
continuefilling a trace.

ConsecutiveOffPathBranches Numberof noncandidatebranchesexecuted
consecutively while filling thecurrenttrace.

TotalOffPathBranches Numberof total noncandidatebranches
executedwhile filling thecurrenttrace.

NextCallID Integervaluefor thenext unusedcall ID.
A call ID estimatescalling context.

CallIDStack Stackrepresentingthecurrentcall-chain
duringFill mode.Eachentrycontainsa
call ID anda returnaddress.Thetop
entryis for thecurrentfunction,below it
areentriesfor afixednumberof parents.

ContainsPatchTarget Singlebit thatis setwhenanother
tracecontainsabranchthat,throughapatch,
links into thetracebeingconstructed.

generated,theTGU avoidscreatingredundanttraces.A callID field alsoaidstracegeneration

by taggingthe target fields to a particularcalling context. This preventslinking codefrom

differentcontexts together, a problemthat is discussedin Section5.4.5.Finally, a touchedbit

is addedto supportthebacktrackingoperationdescribedin Section5.4. In additionto theBBB

modifications,theTGU usesthesetof registerslistedin Table5.1.
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Figure5.2 Tracegenerationmodeswith rulesfor mode-alteringtransitions.

5.3.1 Tracegenerationcontrol logic

This sectiondescribesthe operationof the statemachinein Figure 5.2(a) that controls

tracegeneration.More precisetreatmentof theTraceGenerationalgorithmis providedin [3].

Figure5.2(b)illustratesthedecisionrulesusedfor eachtransitionarcin thestatemachine.The

traceformationprocessconsistsof thefollowing four modesof operation:
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� ProfileMode: Searchfor anddetecta hotspot.

� ScanMode: Searchfor a traceentrypoint. Initial modefollowing detection.

� Fill Mode: Constructa traceby writing retiredinstructionsinto thecodecache.

� PendingMode: Pausetraceconstructionuntil anew pathis executed.

WhentheHot SpotDetectorsignalsthata new hot spotis available,theTGU transitions

from its idle ProfileModeto ScanMode. In ScanMode,theTGU performsaBBB lookupfor

eachretiredtakenbranchinstruction.If theretiredbranchis listed in theBBB asa candidate

branchthathasnot beenusedin a trace,theTGU initiatesa new trace.This is accomplished

by settingthe currenttraceentry point to the next available codecacheoffset, storing this

offsetin thecodecachetakenfield in theBBB, andtransitioningto Fill Mode(transitionRule

1). Table5.2 depictstheseactionsandtransitionstakenbasedon theBBB field contents.For

example,thefirst row representsthetransitionto Fill Modewhenasuitableentrypoint is found

(Rule1).

DuringFill Mode,theTGU writeseachretiredinstructionsequentiallyinto thecodecache.

All nonbranchinginstructionsare written without modification(default fill rule). However,

branchinginstructionsrequirefurther treatment. The TGU ignoresunconditionaljump in-

structionsbecausethe block at a jump target will be filled into sequentiallocationsimmedi-

ately following thecopy of the jump’s predecessor. Althoughconditionalbranchinstructions

arewrittento thecodecache,theTGU mayinvert thebranchsenseif executionproceedsalong

the takenpath. Conditionalbranchescausethe TGU to performa BBB lookup to determine
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Table5.2 TGU actionsbaseduponstateandBBB entrycontents.

TGU Instruction Can- Calling Executed Other Trans- Next Action
Mode Type didate Context Direction Direction ition State

Branch Already Already Rule
RemappedRemapped

Scan Taken Yes N/A No No 1 Fill Recordentry
branchor point locationin BBB.

jump
Default Default Scan

Fill Conditional No, and N/A N/A N/A 3 Scan Endtraceby branching
branch maxoff- to original code.

pathbrs
exceeded

Yes Recur- N/A N/A 5 Scan Endtraceby branching
sive to original code.

Differ- N/A N/A 9 Fill Placeinst. Overwrite
ent codecachetarget

locationin BBB.
Same No N/A 10 Fill Placeinst. Record

codecachetarget
locationin BBB.

Yes No 6 PendingLink traceto
codecachetarget
Setpendingtarget
to otherdirection.

Yes 2 Scan Endtraceby linking to
codecachetargets.

Mismatched N/A N/A N/A N/A 4 Scan Endtracewith return.
return

Default Default Fill Placeinst.

Pending Conditional Yes N/A Matchespendingtarget 7 Fill
branch No N/A N/A N/A 8 Scan Endtraceby branching

to original code.
Default Default Pending

how tracegenerationshouldproceed.Discussionof filling throughcalls,returns,andindirect

jumpsis deferreduntil Subsection5.4.5.

If the BBB lookup fails to locatea candidatebranchentry, the TGU incrementsa small

counterthatindicatesthenumberof sequentialoff-pathbranchesthathavebeenretired.When

this counterexceedsa presetthreshold(Rule 3), the TGU signalsan End Tracecondition
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andtransitionsbackto ScanMode. Otherwise,the TGU continuesto fill instructionsalong

the executedpath. For a reasonablysizedBBB, a maximumoff-path branchthresholdof

oneallows for anoccasionalmissingbranchentrywhile preventingexcessive tracegeneration

down cold paths.Two off-pathbranchcountersareactuallyusedby theTGU. Thefirst limits

consecutiveoff-pathbranchesandthesecondlimits total off-pathbranches.

When the BBB lookup returnsa candidatebranchentry, the TGU checkswhetherthe

branchhasbeenremappedin the currentdirection. In the casethat the retired branchwas

taken, theTGU checksthe codecachetaken field in theBBB entry; otherwise,it checksthe

fall-throughfield. If theretiredbranchhasnot yet beenremappedin thecurrentdirection,the

TGU continuesto fill instructionsfrom theexecutedpath(Rule9). Beforeproceeding,how-

ever, theTGU marksthe remappedtarget field valid andstoresthecurrenttraceaddressinto

theremappedaddressfield. Whenemittingtheconditionalbranch,theTGU usestheremapped

addressfrom theBBB for theoppositedirectionif it is valid. This reducesthenumberof exit

pointsfrom thecodecacheto theoriginal code.

If theBBB lookuprevealsthattheretiredbranchhasalreadybeenremappedin thecurrent

direction,theTGU stopsfilling thetrace.If thebranchhasalsobeenremappedin theopposite

direction(Rule2), thentheTGU signalsanEndTracecondition. At anEndTracecondition,

theTGU writesthetrace’s entrypoint to thecodecachefor futureinsertioninto theBTB and

transitionsbackto ScanMode.To closethetrace,theTGU emitsanunconditionaljumpusing

theremappedaddressfor thedirectionoppositetheretiredbranchdirectionasthejumptarget.

If theretiredbranch’s executeddirectionhasbeenremapped,but not its oppositedirection

(Rule 6), the TGU signalsa Merge condition. At a Merge condition, the currentbranchis
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placedin thecodecachesothat its takendirectionlinks to thealreadyremappedcode.Then,

theTGU setsthependingtarget registerto the targetaddressof thebranchdirectionthathas

notyetbeenremappedandtransitionsto PendingMode. In PendingMode,theTGU monitors

retiredconditionalbranches.If theTGU encountersaretiredbranchwhosetargethasnotbeen

remapped,it comparesthe branch’s target addresswith the pendingtarget register. If both

targetaddressesareequal(Rule7), theTGU signalsaContinueconditionandtransitionsback

to Fill Mode.

By operatingin PendingMode ratherthanendinga trace,the TGU forms longer, more

completetracesthat extend beyond loops. Considerforming a tracethat containsan inner

loop. WhentheTGU reachestheloopbackedge,it entersPendingMode,becausetheexecuted

directionof thebranchalreadyhasa valid remappedtarget to the top of the loop. Whenthe

controlfinally exits theloop, theTGU continuesfilling thetracewhereit left off.

While theTGU operatesin PendingMode,it is possiblefor programexecutionto leavethe

codethathasalreadybeenencounteredwithout reachingthependingtargetaddress.TheTGU

easilyrecoversfrom this situationby exiting PendingModeif it encountersa noncandidateor

coldbranch(Rule8).

5.3.2 Tracevalidity

The tracesgeneratedby the TGU areidentical to the original codewith the exceptionof

controlflow instructions.TheTGU ensuresthecorrectnessof all modifiedbranchinstructions

becauseit never emitsa branchwithout providing a valid target address.For eachbranchin

a trace,the TGU eitherusesthe original target addressof the branch,or it usesa remapped
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addressthatpointsto a targetpreviouslyplacedinto thecodecache,which is equivalentto the

original code.

The TGU alsoguaranteesthat all tracesarewell-formedbeforethe processorcanbegin

executingthem. A traceis well-formedif all possibleexecutionpathsstartingfrom the trace

entry point are valid. Recall that no entry points for a traceset are installedinto the BTB

until all tracesin the set have beengenerated.Furthermore,tracesfrom one set are never

linked to tracesin anotherset. Therefore,as long asthe currenttraceis closedbeforetrace

generationends,all tracesin the setwill be well-formedbeforethey areinstalled. Note that

tracegenerationcanbeterminatedby anasynchronouseventsuchasacontext switchwithout

detriment.The TGU simply emitsa singleclosingjump instructionif it is interruptedwhile

filling a trace.

During Fill Mode or PendingMode it is sometimesdesirablefor executionto remainin

theoriginal codewithout jumpinginto thecodecache.Thispreventsnew tracesfrom contain-

ing copiesof codecacheinstructionsandensuresthatall exit branchesreturnto the original

code.Therefore,while operatingin thesemodes,theprocessormustignoreBTB entrieswith

the entry point bit set. The time spentin Fill Mode andPendingMode is small enoughbut

not necessarilyinconsequential,andcanreduceoverall benefitsbecauseunoptimizedoriginal

codeexecutesduringall detectionprocesses.This modelproducesindependenthot spotsthat

potentiallycontainaconsiderableamountof overlap.Fromthe134.perlexamplein Figure3.4,

blockB is theonly block in Hot Spot2 that is not presentin Hot Spot1, yet includinga cus-

tomizablecopy in Hot Spot 2 is desirable. In the oppositemodel, extractedregions for all

previously detectedhot spotsareleft to execute,but arenot consideringduring the profiling
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andgenerationprocesses.This producesa layeredeffect of hot spotswheresecondaryhot

spotsareformedthatcatchfrequentbordercasesor thatmaycatchanouterloop aroundpri-

mary hot spotsthatareinner loops. This work takesthe first approachwherepreviousentry

pointsaredisabledduringdetection.However, a hybrid approachis takenin theoptimization

sectionthatdisablesentrypointsfor previouslyextractedhotspotsthatarenotperformingwell

(i.e.,shortrunsor low frequencies).

5.3.3 Tracegenerationexample

This sectionprovidesanexampleof thetracegenerationprocess.Figure5.3(b)shows the

original codelayout. The label at the endof eachblock of instructionsrepresentsthe static

branchinstructionthat terminatesthe block. Figure5.3(a)lists the executionsequenceseen

afterenteringScanMode.Thenumberfollowing eachbranchlabelsignifiesadynamicoccur-

renceof thatbranch.Thebasictracegenerationmechanismdescribedin theprevioussection

generatesthetraceshown in Figure5.3(c). Thestaticbranchesin thecodecachearedenoted

by “CC” followedby thelabelfor thedynamicbranchthatcausedthetracebranchto beemit-

ted.Theapplicationof two fetchoptimizations,patchingandbranch replication, resultsin the

traceshown in Figure5.3(d). Patchingreducesprematuretraceexits while branchreplication

performsmore aggressive codestraightening,unrolling loops in the process.Figure 5.3(e)

depictsthefinal contentsof theBBB aftertracegeneration.

Thebranches
�

, � , and � areall candidatebranchesand,therefore,potentialentrypoints.

However, � is most likely to be selectedasthe entry point becauseit is the mostfrequently

takenbranch.After detectinganew traceentrypointat � , theTGU remainsin Fill Modeuntil
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Figure 5.3 Tracegenerationexample.

it reachesdynamicbranch��� . Becausethetakentargetof ��� hasalreadybeenremapped,the

TGU transitionsto PendingMode. During this time, theprocessorexecutesoneloop iteration

beforereaching ��� . Executionof the fall-throughpath of � signalsa Continuecondition,

andthe TGU reentersFill Mode. TheTGU continuesgeneratinga traceuntil thenumberof
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sequentialnoncandidatebranches(suchas � ) exceedsthe off-path threshold(Rule 3). The

TGU thenclosesthetraceandreturnsto ScanModeto searchfor anothertrace.

5.3.4 Tracegenerationparameters

The TGU employs a numberof algorithmsthat requireconfigurationthroughparameter

settings. Most notably, a taken percentagethresholdis usedto determinewhethera branch

direction is hot or cold. Theseclassificationsareexaminedduring the entry point selection

processto choosehot startingpoints andcan be usedduring the relayoutprocessto detect

executionstreamsthat differ from the detectedhot spot. In this work, any branchdirection

with anexecutionpercentageslessthan25%is consideredcold,andthereforewill notbeused

asanentrypoint andwill beconsideredout of thehotspot.Notethata 50%takenbranch,for

example,would beconsideredhot in bothdirections.This minimumpercentagewould likely

besetbetween10%and50%.

Anotherparameterlimits thenumberof consecutiveoff-pathbranchesencounteredbeforea

traceis endeddueto Rule3. Becauseof therelatively largeBBB sizeusedfor theexperiments,

few branchesareexpectedto bemissingfrom thetable,andthustwo areallowedbeforeRule3

is invoked.Similarly, onceany tracecontainsmorethanfour total off-pathbranches,thetrace

is terminated.

Last, a time limit is placedon the tracegenerationprocess. More precisely, one clear

interval numberof branchesareallowedto retireduringthetraceconstructionprocessfor ahot

spot.Therationalebehindsucha time limit is thatsincea maximumof oneclearinterval was
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allowed to detecta hot spot,thenthe sameinterval shouldbe sufficient to performthe trace

generation.This is onesimpleheuristic,but mayothersarepossible.

5.4 TraceGenerationUnit Ar chitectureEnhancements

A numberadditionalfeatureshave beenincludedin thedesignof theTGU. Thepatching

optimizationis designedto link tracestogetherto increasethepercentof dynamicinstructions

executedfrom codecache. Branchreplication(requiredfor loop unrolling), branchpromo-

tion, andautomaticinlining aredesignedto increasetracelengthto improve front-enduseful

fetchbandwidthby restructuringcodeto eliminatesometakencontrolflow instructions.Last,

backtrackingis usedto throw away tracesor portionsof traceswhenexecutiondeviatesfrom

theprofile storedin theBBB. This will allow a freshtraceformationattemptwhenexecution

returnsto this particularfragmentof code.

5.4.1 Patching

Noticefrom thetracein Figure5.3(c)thatexecutingthetakenpathof branchCC-A1would

causecontrol to exit the codecache. Whenthis happens,the systemexecutesoriginal code

until an installedentrypoint is encountered.TheTGU employs a simpleoptimizationcalled

patching to preventsuchprematuretraceexits. WhentheTGU emitsbranchCC-A1, it places

theaddressof CC-A1itself in thetakenaddressfield of theBBB entryfor branch
�

, but leaves

thefield markedinvalid. WhentheTGU encountersbranch
� � , it readstheaddressof CC-A1

from theBBB andpatchesCC-A1so that its branchtarget pointsdirectly to the fall-through
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path of CC-A2, as shown by the dotted line in Figure 5.3(d). Similarly, the TGU patches

branchCC-B1to thefall-throughpathof CC-B2. In general,patchingcanbeperformedin Fill

Modeonly whenthetraceencountersabranchwhosetargethasbeenremappedin thedirection

oppositefrom thedirectioncurrentlyexecuted.

This featurecanalsobenefitfrom a limiting parameter. Sincepatchingcancreatea side

entry into a tracefrom a sideexit of anothertrace,theoptimizationpotentialof thefirst trace

canbereducedwhenit is severedinto two pieces.Onemethodfor limiting thedownsideis to

only patchwhenthelikelihoodof executingalongthepatchto thesideentranceis abovea set

threshold.The likelihoodcanbecalculatedby multiplying togetherthe fall-throughratiosof

all prior branchesin thetracefrom theirBBB entriesalongwith thetakenratioof thesideexit.

High precisionis notnecessaryin thecalculationandcouldbeimplementedin aninexactway.

In this work, at leasta10%sideexit percentageis requiredfor apatchto becreated.

5.4.2 Branch replication

To improvetheusefulinstructionfetchbandwidth,it is desirableto eliminateasmany taken

branchesaspossiblewithout reducinginstructioncacheperformance.Branch replicationis a

generaloptimizationthathasthedualeffect of bothunrolling small loopsandtail-duplicating

blocks so they exist in multiple traces. Without branchreplication,a trace is filled pasta

particularbranchin thesamedirectiononly once.Any subsequentcopiesof thatbranchin the

sametracesetareinvertedwith respectto thefirst copy suchthattheir targetaddressespoint to

thefall-throughaddressof thefirst copy. Branchreplication,on theotherhand,allows traces

to continuepastthebranchmultiple timeswithout linking backto thefirst copy of thebranch.
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Applicationof this optimizationcanbeseenin Figure5.3(d). Insteadof merging thealready

remappedtaken pathof CC-C2 to Block(CC-A1),CC-C2 is invertedso that the fall-through

pathnow pointsto Block(CC-A3). � ’sBBB codecachetakentargetfield is not updatedsince

it alreadycontainsa valid target. Becausethe fall-throughpathof � still hasnot beenseen,

thetakenpathfrom CC-C2mustpoint backto Block(D), which is thefall-throughaddressin

theoriginalcode.By notupdatingthebranchentrywith thenew target,someopportunitiesfor

linking traceslatermaybelost; however, this ruleallowsthealgorithmto eventuallyterminate

becauseonly afinite numberof sideexit locationscanspawn new traces.To limit codegrowth

dueto unboundedunrolling,asimpleheuristicrestrictsthetotalsizeof theunrolledloopbody.

In this work, theunrolledcodeis not allowedto extendpasta secondL1 cacheline boundary.

Sucha boundarywaschosenbecauseit wasdifficult to track the actualnumberof times a

loop wasunrolledin a particularinstanceof theloop, andto betterutilize fetchbandwidthby

maximallyfilling thecacheline.

The effectsof branchreplicationon branchpredictionare likely mixed. Replicationof

brancheswill increasethenumberof predictorentriesaffectedby thebranch.Taggedpredic-

torsmaysuffer from increasedcontentionfor entries,eliminatingotherusefulbranchesfrom

thepredictorandthusincreasingmissrates.Replicationof branchesalsospreadsoutexecution

of asingleoriginalbranchto severalcopies,thusleadingto slowertrainingtimesandincreased

start-upmissrates.However, thereplicationmayalsoleadto increasedresolutionby allowing

moreentriesto be usedto track andpredictbranchbehavior. Increasedresolutionmay lead

to improvedpredictionrates.Realizedimprovementor detrimentdependson many factorsin-

cludingworkingsetsizeof thepredictor, codestructure,andvariationsin behavior thatleadto
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diversepatternhistories.Effectsof replicationandextractionin generalon branchprediction

warrantfurtherstudy.

5.4.3 Backtracking

The TGU usesa backtrackingmechanismto enhancethe quality of the traces. Rather

thansimplyfilling whicheverpathexecutesduringFill Mode,theTGU watchesfor anomalous

behavior. If a branchdirectionsufficiently deviatesfrom its BBB profile, thecurrenttraceis

discardedandtheprocessorreturnsto ScanMode.If theprofiledfrequency of thebranch’scur-

rentdirectionis lessthan25%of its profiledexecution,thenbacktrackis initiated. Thesame

hardwarethatperformstheentrythresholdcheckcanbeusedto checkthebacktrackthreshold

by shifting theexecutioncounterby two bits ratherthanoneandby usingthebranch’s current

direction to selectthe taken or fall-throughprofile weight. Supposethat whenbranch � in

Figure5.3(c)wasencounteredfor thefirst time,its fall-throughpathwasexecuted.Thiswould

havecausedtheTGU to returnto ScanModeafterresettingCodeCacheOffsetto CurrentEntry-

Target. Presumably, theloop would bereenteredaftera shorttime,andbranch
�

would again

beselectedasanentrypoint. Whenexecutioneventuallydoesfollow thehot paththroughthe

loop, thetracewill becompletedasbefore.

To correctly supportbacktracking,someadditionalconsiderationsmustbe made. First,

if a branchfrom a previous traceis patchedto the currenttrace,discardingthe tracewould

causethe branch’s target to point to invalid memory. This is avoidedby settinga singlebit

(ContainsPatchTarget) whenever a branchfrom a previous traceis patchedandsuppressing

backtrackif the bit is set. Removing a tracemay alsocreateinconsistentBBB entrieswhen
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the takenor fall-throughfields point to thediscardedtrace. If, in the future,anothercopy of

this branchis written to a trace,thebranchwould bepatchedto an invalid memorylocation.

To handlethis problem,eachBBB entry containsa touchedbit that is setwhenthe entry is

updated.During backtracking,thetargetfieldsfor touchedBBB entriesareinvalidated.Both

thetouchedbitsandtheContainsPatchTargetbit areresetwheneveratraceis finally committed.

5.4.4 Promotion

High instructionissueratesareoften limited by the numberof branchesthat canbe pre-

dictedin a singlecycle. Onemethodfor overcomingthis limitation is to mark the instruction

with astaticpredictionvia a techniquecalledbranch promotion. Sometracecacheimplemen-

tationsusea BranchBiasTable[24] to trackthelong-termbehavior of thebranch,promoting

consistentinstructionsin tracesso that they do not requirea dynamicprediction. Whenthe

staticpredictionis wrong,however, theprocessorsuffersa branchmispredictionpenalty, and

is likely to causethepromotedinstructionto revertbackto its dynamicallypredictedform.

Similarly, wide-issueinstructioncachemechanismssuffer from thesamelimit onbranches

percycle. However, thehot spotdetectionmechanismis well-suitedto make promotiondeci-

sionsduringremapping,becausea profile of thebranchesexistsin theBBB. Sincemispredic-

tionsareexpensive,wechoseto promoteonly instructionsthatexecute100%in onedirection,

accordingto theBBB. In theexamplein Figure5.3(c),CC-C2canbepromotedto a statically

predicatedbranchbecauseits takenandexecutedcountershave thesamevalue.Occasionally,

brancheschangetheir behavior over thecourseof programexecution,causingmispredictions

thatmaynegatemuchof thebenefitof theirpromotion.Thus,werequireameansfor demoting
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suchmisbehaving instructions.Weproposeasmallbuffer (empiricallychosento contain16en-

triesin thecurrentimplementation),calledtheBranchDemotionBuffer, thattracksa typically

small numberof promotedbranchesthat exhibit mispredictionsandmarksthe misbehaving

instructionsin theinstructioncacheto forceadynamicprediction.Thebuffer is organizedasa

fully associativecachecontainingsaturatingcounters.Demotionor repromotionis performed

on theinstructionswhenthecounterreachessetthresholdvalues.

5.4.5 Automatic call, return, and indir ect inlining

Call andreturninstructionsaccountfor asignificantportionof controltransfers,andbenefit

canbegainedfrom inlining frequentlyexecutedcalls.Duringtraceformation,theTGU inlines

subroutinesthatarepartof thecurrenthot spot. Inlining an individual call site requiresonly

minoradditionsto thetracegenerationlogic. However, theTGU shouldavoid linking different

inlined copiesof the sameoriginal subroutineto eachotherbecauseeachcopy may have a

differentcalling context. ConsidertheFunctionA() thatmakestwo distinctcallsto Function

B() in Figure5.4(a). Whenthe likely pathsareinlined into FunctionA() in Figure5.4(b),

linking theunlikely pathfromB-BB1’’ toB-BB2’ couldleadto areturntoA-BB2’ instead

of A-BB3’. Specialcall andreturninstructions,describedlater, will preventexecutionfrom

returningto codein the wrong context andwill force a returnbackinto original code. Fur-

thermore,the link maybreakthecontiguoustracethroughB into two regions,thusinhibiting

optimization. To limit linking of tracesto thosewith the samecalling context, the TGU at-

tachesa call ID to eachinlined call site that is uniquewithin thecurrenttraceset. TheTGU

maintainsthenext assignablecall ID in a register, which canberesetupondetectionof a new
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Figure 5.4 Exampleof maintainingpropercalling contexts within a trace.(a) FunctionA()
makestwo distinctcallsto FunctionB() in its loopbody. (b) Eachcall accessesFunctionB()
differently and is inlined accordingly. Linking the lesslikely directionsto the other inlined
copy couldleadto a returninto codefrom adifferentcontext.

hot spot. During tracegeneration,theTGU alsomaintainsa call ID stackthat representsthe

currentcallingcontext.

In additionto branchinstructions,the TGU identifiescall andreturn instructionsduring

Fill Mode. When the TGU encountersa retired call instruction, it emits a CALL INLINE

instruction,describedin detail in Section5.5. It thenpushesa new call ID onto the call ID
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stackalongwith thereturnaddressof thecall. Similarly, whentheTGU encountersa return

instruction,it popsthe top entry from thecall ID stack. If thestackis empty, or if the return

addressdoesnotmatchthenext retiredinstructionaddress,thentheTGU signalsanEndTrace

condition(Rule 4). This is usuallya resultof executinga return instructionwithout having

inlined its correspondingcall.

A slight extensionto theBBB accessperformedby theTGU uponretirementof a condi-

tional branchhasbeenmadeto supportinlining. WhentheTGU updatestheremappedtarget

field in the BBB, the TGU alsostoresthe currentcall ID. Additionally, whenthe TGU per-

forms a BBB lookup, it comparesthe recordedcall ID with the currentcall ID. A remapped

target is only consideredvalid if the two call IDs match. This effectively preventsan inlined

subroutinefrom beinglinkedto anothercopy of thesamesubroutinein adifferentcallingcon-

text. TheBBB lookupalsocomparesthecall ID field with thoseon thecall ID stack. If the

branchentry’scall ID is foundin apreviousstackentry(Rule5), thenarecursivecall hasbeen

made.In relayout-basedapproachesthatperformaggressive inlining, suchastheTGU, deep

recursive inlining andrelayoutmustbelimited to preventmassivecodegrowth, whereasother

approachesmaybeableto form traceswith multiple recursivecopiespresent.In this case,the

TGU signalsanEndTraceconditionto avoid recursive inlining.

The TraceGenerationUnit is alsocapableof forming tracesacrossindirect jumps. The

new JMP INDIRECT INLINE instruction,aswill be describedin Section5.5, positionsone

of its indirect targetsimmediatelyfollowing (or in line with) theremappedcopy of the jump.

Currently, theselectionof thetarget is baseduponthetargetthatwasfirst encounteredduring

the traceformationprocess.However, like indirect branchpredictorsthat make a prediction
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from a setof previously seentargets,an extensionto the BBB could be constructedto track

the weightsof eachindirect target. Thus,for multitarget jumps,the mostor oneof themost

frequenttargetscouldbeselected.Onetypical useof indirectjumpsis in thecalling sequence

of a sharedlibrary function,wherethereis only asingletargetof theindirectinstruction.This

featureenablestheaggressiveoptimizationandschedulingacrossmoduleboundaries.

Dynamic function inlining presentsa uniquemicroarchitecturalchallengebecauseof its

effect on returnaddressprediction. Thegoal of the tracegenerationmechanismis to extract

andre-layout themostheavily executedpathsin theexecutionphase.Infrequentlyexecuted

side exits branchback to original codesequences,therebylimiting the negative instruction

cacheeffectsandoptimizerworkloadfor unimportanttraces.Whenexecutinga tracethathas

beendynamicallyinlined,nobranchpredictionis requiredfor theinlinedcallssinceexecution

simply falls throughto the target positionedafter the call in the trace. However, execution

could leave a tracealongany sideexit, potentiallyafterseveral inlined calls,andendup back

in original codewheretheprocessorstatemustbeconsistentwith nativeun-inlinedexecution.

Theprocessstackmustbemaintainedduringinlinedcallssothattheproperreturnaddressand

local variablesareavailableboth insideandoutsidethetrace.Furthermore,while not strictly

a requirement,thehardwarereturn-addresspredictorshouldalsobemaintainedto ensurecon-

tinuedefficient execution.This predicatoris responsiblefor fetchinginstructionsin thecaller

codebeyond a returnin the calleeto keepthe processorpipelinefull. It is updatedwith the

instructionimmediatelyafter thecall (thereturnpoint) eachtime a call is made.Theprocess

stackmaintainstherealreturnaddressandany predictionis alwayscheckedfor correctnessin

theexecutestageof thepipeline. However, to avoid numerousreturnaddressmispredictions
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Figure5.5 Traceexamplewith inlining.

dueto returnsexecutedin original code,inlined callsmadeinsidetracesmustalsoupdatethis

predictor.

5.4.6 Automatic inlining example

Considertheexampleshown in Figure5.5. Thecallerconsistsof a singleblock loop that

makes two serial calls to the samecallee. The tracegenerationprocessbegins as normal,

placing the block terminatedby �����-� � (Block(callA)) into the codecache. To inline ������� � ,
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theTGU pushesthenext availablecall ID (1) onto thecall ID stackalongwith theexpected

return address(Block(callB)). Next, the TGU insertsa CALL INLINE instructionin place

of the original call. Whenexecuted,this instructionsavesthe returnaddressof the original

call site, Block(callB), asthe returnaddress,but allows executionto fall throughto the next

instructionin thetrace.Saving anoriginal locationasthereturnaddressis asafetymechanism

that guaranteesreturnof control to the correctfunction if executiontakesan early exit from

the trace. This alsohidestheexistenceof thecodecachefrom programsthat readthe return

addressvaluedirectly. Somearchitectures,suchasx86[25], pushthesavedreturnaddressonto

theprocessstackduringa call andpopit off thestackon a return.Others,suchasAlpha [26]

and Itanium [27], storethe returnaddressinto a register. On Alpha, explicit codemust be

includedto move thereturnaddressinto theprocessstack,while theregisterstackengineon

Itaniummaybeusedto automaticallyretainthereturnaddressfor eachfunctioncall. However,

theoperationof theCALL INLINE instructionis essentiallythesame;thearchitecturestores

thereturnaddressof theoriginal call siteinto thereturnaddressregister.

As the TGU fills the body of the inlined subroutine( � , � , and“ � �¢¡ ”), the BBB entries

for � and � aretaggedwith call ID 1. WhentheTGU reachesthereturninstruction,it pops

thetop entryfrom thecall ID stackandverifiesthattheexpectedreturnaddress(Block(callB)

matchestheaddressof thenext retiredinstruction.TheTGU thenemitsa RETURN INLINE

instructionandcontinuesfilling the trace. Although the RETURN INLINE normally allows

controlto fall throughto thenext instructionin thetrace,it still mustcomparethereturnaddress

found on the processstack(or in the returnaddressregister)with the original addressof the

next traceinstruction. This checkis necessaryin the event that a programdirectly modifies
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its returnaddress.If thecomparisonfails, theRETURN INLINE behavesexactly asa normal

returninstruction.

Following theRETURN INLINE instruction,a traceis formedthroughBlock(callB),and

inlining of �������-� begins. While inlining thesecondcopy of thesubroutine,thecall ID stack

containscall ID 2. This preventsthe TGU from patchingthe taken target of CC-D1 to the

fall-throughtargetof CC-D2.

After Block(callF) is filled, anothercall site to thesamefunction is encountered.CallF is

inlined asbefore,andthenext call ID (3) is pushedonto thecall ID stack. Block(CC-D3)is

thenfilled into the trace. Whena BBB lookup for �£� is performed,the BBB Call ID field

value(2) matchesoneof thecall ID stackentriesbelow thecurrentstackpointer. Therefore,

theconditionfor Rule5 is satisfied,andtheTGU endsthetraceby emittingaconditionaljump

to Block(callF)andanunconditionaljump to Block(E).

5.5 New Instructions

Thefollowing arenew instructionsthatareusedwithin thecodecache.Theseinstructions

aredesignedto supportrun-timeoptimizationin hardwarebut arenot visible to theprogram-

mer. Although it might be possibleto emulatetheseoperationswith traditional instructions,

they areproposedto beimplementedin themicroarchitecturefor maximumefficiency.

� CALL INLINE(returnaddrto original code)

Unlike a normal function call, the program counter is set to the next sequential

instruction,andthe returnaddressis set to the operand valueratherthanthe next PC.
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Theprocessstack(or returnaddressregister)andthebranchpredictionReturnAddress

Stack(RAS)areproperlymaintainedin caseanormalreturnis executedlater.

� RETURN INLINE(expectedreturnaddrin original code)

Executionspeculatively continueswith the instructionsimmediatelyfollowing theRE-

TURN INLINE. Meanwhile,theoperand,which is theexpectedreturnaddress,is com-

paredto thereturnaddresson thestack(or in thereturnaddressregister). If thevalues

donot match,thena mispredictionoccursandanormalreturnis executed.

� CALL INDIRECT INLINE(indirect addr, inlined addr, returnaddrto originalcode)

Theactualindirecttargetis calculatednormallyandcomparedagainsttheinlinedaddress

operand.If thereis amismatchbetweentheactualtargetandtheinlined target,anormal

call is madeto thecalculatedtarget. Otherwise,a CALL INLINE is performed.In both

cases,the original returnaddressprovided by an operandis pushedonto the stack(or

storedin thereturnaddressregister).

� JMP INDIRECT INLINE(indirect addr, inlined addr)

Theactualindirecttargetis calculatednormallyandcomparedagainsttheinlinedaddress

operand.If thereis amismatchbetweentheactualtargetandtheinlined target,anormal

jumpis madeto thecalculatedtarget.Otherwise,controlpassesto theinstructionimme-

diatelyfollowing theinlined jump. This instructionis particularlyusefulfor optimizing

acrossdynamicallylinkedlibrary boundaries.
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5.6 Algorithmic Characteristics

The TGU hasa numberof differencesfrom other traceformation systemsand exploits

several applicationcharacteristicsto accomplishits goals. The following sectionsdescribe

someof thesedifferencesandcharacteristicsin relationto TGU output.Specificrelatedwork

is foundin Chapter7.

5.6.1 Structured trace formation

TheTraceGenerationUnit extractstracesfrom thehot spotregion in a structuredmanner.

Underthis strategy, theTGU builds a copy of theoriginal codewith its essentialcontrol-flow

but usesprofile datato straightenthehot paths.Most othertrace-baseddynamicoptimization

systemsgeneratesequencesof arbitraryblocksfrom asingleinstanceof executionwith little or

noprofile information.Theseapproachestendto haveasignificantamountof codereplication

becausetracescanbegin at almostany point in the code. Due to the desirefor the tracesto

have high codecoverage,new tracesoftenbegin right whereothertracesend,implying many

potentialtracestartingpoints. For a particularloop, this may meanthat a handfulof traces

exist to cover theloop,eachbeginningatdifferentpointsin theloopbody. Furthermore,traces

thatcover loopsmaycontainseveralunrolledcopiesof theloopbodyequivalentto thenumber

of iterationsencounteredin theinstanceof theloopwhenit wascreated.

Tracereplacementpolicies may also increaseeffective codereplication. Somesystems

replaceatracewith anew onewhenthecurrentexecutionflow doesnotmatchtheflow captured

in thetrace.Essentially, if anearlyexit from thetraceis taken(dueto greateror fewer actual
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iterations),the old tracemay be discardedin favor of a new one. This policy may not allow

enoughtime for anoptimizerto transformthetracebeforeit is discarded,andmayoverwhelm

an optimizer with frequentnew traces. Allowing old mismatchedtracesto remain is also

suboptimalas the tracesareclearly optimizedfor a particulariterationcount. Executionof

fewer iterationsthanareunrolledwithin thetracewasteswork speculatively performedfor the

unneededsubsequentiterations,while executionof moreiterationsthanareunrolledlimits the

iterationoverlapto theamountdetectedwhenthetracewasformed.

As previously mentioned,dynamicoptimizationmechanismsthat form tracesor regions

acrossfunction boundariesmustalsoensurethat all indirect control transfersreachthe their

correcttargets. Consideringtrace-basedmechanisms,onetarget is often placedimmediately

after, or inline, with theindirectcontroltransfer. A mechanismis in placethatallowscontrolto

fall throughtheindirectinstructionif theintendedtargethasplacedaftertheindirectinstruction

but forcesa branchif mismatched.Becausemany dynamicallylinked library functionsare

actually accessedthroughindirect instructions,the algorithm readily picks one target of an

indirectbranchor call to inline.

Returninstructionsarealsoessentiallyindirectbrancheswherethetargetaddressis located

on the processstackor in a return register. Figure 5.6(a)describesthe generalproblemof

inlining returns.In this example,thetracewasformedfrom FunctionC() backthroughA().

An optimizerwould attemptto speculateinstructionsfrom thosefunctionsfrom after thecall

site up into the end of the callee. However, FunctionC() may be a library function with

many possiblecallers. Executionin this particulartracemay causean attemptedreturnto a

mismatchedreturntarget,andmayhavecausedasignificantamountof unnecessaryspeculative
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return inline

return inline

(a)(a)

X

return inline

return inline

return inline

Function D

return inline

Function A Function C

Function A Function B Function C

call inline

call inline

branch

Function B

Figure 5.6 Traceformationstartinginsidecalleefunctions.(a) Thetracerepresentsa calling
context from FunctionA to B to C. However, thetracecouldbeenteredthroughanentrypoint
in C, even for a calling context of FunctionD to C. (b) Themain trace(solid arrow) formed
with a sideexit trace(dashedline) thatproceedsthroughinlined returnseventhoughthereare
no matchingreturnsin thetraceitself.
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work for themismatchedtarget. Themismatchedreturntargetwould becaughtin theexecute

or memorystageof the processorpipeline when the desiredreturn target is readfrom the

processstack,thustriggeringapipelineflush.This is alsotrueof generalmismatchedindirect

control transfers.Sometrace-basedsystemswould thenpotentiallyreformthetraceto match

this particularcalling context. However, thereis potentialfor frequentreformation,especially

if aparticularloopmakestwo independentcallsto thesamefunctionyieldingtwo returnpaths.

To avoid this problem,othertracecache-basedsystemsdo not form tracesbeyondreturnsat

all. However, unlike generalindirect control transfers,returnsto callersare almostalways

perfectlypredictable1 becausematchingcalls(indirector not)musthavebeenmadeto execute

into the calleesprior to the returns. The structuredapproachto traceformation, described

below, formsa list of thecallsmadeto reacheachpoint in thetraceandthereforecanreliably

inline acrossreturnsbackinto callersby looking at the list. Becausethe algorithmrelieson

thischaracteristic,traceswill beendedwhenareturnis reachedwheretheoriginalcall wasnot

observed.

The vision describedin the algorithmemployedby the TGU takesa morestructuredap-

proachby attemptingto inline calleefunctionsinto their call siteswithin the hot spot. Un-

necessarycontrol-flow is removed wherepossibleincluding call, return, unconditionaland

conditionaljumps.By utilizing PendingModeto wait for theendsof loops,theTGU attempts

to form tracesthat passthroughcalleesbackto the caller (tracedepictedwith a solid line in

Figure5.6(b)). Tracesareformedthroughreturnswhena matchingcall is found. According

1The mostnotableexceptionis longjmp() which will return to an environmentandcontext saved in a
previous setjmp().
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to the vision, the TGU alsogroupstracefragmentsbeginning in calleefunctionsin with the

remainderof theextractedhot spotcode(tracedepictedwith a dashedline in Figure5.6(b)).

While this tracedoesnot have matchingcallsandreturns,the returnsin the dashedtraceare

matchedwith thecalls in thesolid trace.Theonly restrictionis thatthedashedtracecanonly

beenteredfrom thesolid tracesothatthereturnsareguaranteedto matchthecalls. However,

this vision is not yet fully realizedbecausethe implementationdoesnot currentlyform frag-

mentsstartingfrom sideexits in calleesthat traversebackthroughreturnsbecausethe TGU

cannotuniquelymatchthereturnswith thecalls. The implementationcurrentlywill form the

sidetracesupto thereturnwherethetraceends(pointX in theexample)but will maketheside

tracea normaltraceentrypoint. Like the othertrace-basedapproaches,the returncontext is

checkedin theexecutepipelinestage,andthereforehaving thecorrectcalling context inlined

into thetraceis not absolutelyrequiredbut is highly desirable.

TheTGU relayoutoptimizationscreatea largeruninterruptedsequenceof instructionsfor

the optimizer to operateover. Loop unrolling is also employed to further lengthenthe se-

quences.However, theTGU tracesstill includeloop backbranchesthatpreventoptimization

of thefirst iterationwith the loop preheader. Likewise, the loop backbranchesalsolimit the

numberof iterationsthatareoverlappedto thenumberunrolled,whereasothertrace-basedap-

proachesmaybeableto unroll moreaggressively but mayrequiremany moretracesbeformed

andoptimized. Unrolling alsohasan unfortunatesideeffect in that the BBB, aspreviously

mentioned,hasonly oneentry to monitor any particularoriginal branch. Unrolling and in-

lining may, however, causebranchreplication,but the BBB is only able to track oneof the

remappedinstances.Futuredesignsof theBBB maybeableto useemptyfieldsin theBBB to
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form a linkedlist of branchinstancesto provide a betterplatformfor linking sideexits to new

traceheads.

5.6.2 EPIC versusx86

Applicationscompiledfor EPIC machineshave slightly differentbranchingcharacteris-

tics thanthosecompiledfor x86 becauseof theaggressive natureof thecompilationprocess.

SincecurrentEPICprocessorshave in-ordercores,thecompileris responsiblefor aggressive

codescheduling.To accomplishthis, thecompilerprofilesanapplicationto gathertypical us-

agepatternsof the applicationwhich reveal commonbranchdirectionsand,hence,common

executionpaths. This informationis usedto straightenthe codewhich convertssomeof the

takenbranchesinto fall-throughbranches.Thepathsthatareformedthenundergo aggressive

schedulingwith speculation.Compilersfor x86 architectureshave beenslow to adoptprofil-

ing becauseof thecomplexity thattheprocessaddsto thedevelopmentcycle,andbecausethe

architectureprovideslittle meansfor expressingaggressively scheduledinstructions.EPICar-

chitecturesalsohave increasedcapabilityfor executingmultiple instructionspercycle. Thus,

techniquessuchasfunction inlining andloop unrolling aremoreaggressively pursuedto in-

creasethescopeof theinstructionschedulerin orderto utilize theavailableparallelismin the

processor.

As previously mentioned,the compiler may have performedmany optimizationsbased

solely on compile-timeprofile information, which may or may not be representative of fu-

tureusagepatterns.Whenthegatheredprofile informationis correct,ROAR provideslimited

benefitbecauseit currentlyperformsmany of the sameoptimizationsasthe compiler: code
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straightening,functioninlining, instructionscheduling,etc. Furthermore,theROAR architec-

ture wasoriginally designedto usetaken branchesasentry points into the codecache.The

rationalewasto limit requiredchangesto the branchtarget buffer by overriding a predicted

takenbranch’s targetwith thecodecachetarget. However, in EPICcodes,thecompileroften

eliminateda sizablenumberof the taken branchesthroughcodestraightening.Eliminating

takenbranchesalsohastheundesirableeffectof eliminatinganumberof potentialentrypoints

leadingto delayedtransitionsandlesstimespentin thecodecache.

5.7 TraceGenerationUnit Experimental Setup

Instruction-by-instructionsimulationsof theTGU wereperformedon thebenchmarksde-

scribedin Table4.2 in Section4.3. Thesimulatedhardwareparameterswerechosento model

state-of-the-artprocessorcomponentsin orderto evaluatetheperformancecontributionsmade

by theTGU. Thesimulationsfeatureda sequential-blockinstructionfetchunit with a 64 KB,

four-waysetassociative,128-byteline, split-block,10-cyclemisspenaltyL1 instructioncache

(ICache).TheL2 ICacheconsistsof a 512KB, two-way setassociative, 256-byteline, split-

block, 100-cycle misspenaltycache. Somefetch units werealsocoupledwith tracecaches

featuringeither128 (8 KB) or 2048(128 KB), four-way setassociative, 64-bytelines. The

BranchBehavior Buffer configurationusedin theseexperiments,describedin Table5.3,is pre-

dominantlythesameasin theHot SpotDetectorevaluationexperimentsexceptthata smaller

but moreassociative tableis alsofoundto work well. In theseexperiments,theBBB operated

continuouslybut only trackedinstructionsoutsideof thecodecache(determinedby instruction
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Table5.3 Hardwareparametersettings.

Parameter Setting
Numberof BranchBehavior Buffer sets 256
BranchBehavior Buffer associativity 4-way
Executedandtakencountersize 9 bits
Candidatebranchexecutionthreshold 16
Refreshtimer interval 4096branches
Cleartimer interval 32768branches
Hot SpotDetectorcountersize 13 bits
Hot SpotDetectorcounterincrement 2
Hot SpotDetectorcounterdecrement 1

Table5.4 Fetchmechanismmodels.

Model L1 ICache TraceCache HSD and
size,way,block size,way,block,biastable TGU

Traditional 64 KB, 4, 128B none no
with TGU 64 KB, 4, 128B none yes

TraceCache 64 KB, 4, 128B 8 KB, 4, 64B, 4 KB no
TC with TGU 64 KB, 4, 128B 8 KB, 4, 64B, 4 KB yes
TraceCache 64 KB, 4, 128B 128KB, 4, 64 B, 16 KB no

TC with TGU 64 KB, 4, 128B 128KB, 4, 64 B, 16 KB yes
Traditional 128KB, 4, 128B none no

address).Table5.4summarizesthevariousprocessorconfigurations.Thetracecachesareal-

lowedto form tracescontaininginstructionsfrom thecodecache.

ThesimulatedICachemodelhasa split-blockconfigurationsuchthateachline is divided

into twobanks.If arequestfallsinto thesecondbank,thefirstbankof thesubsequentcacheline

is alsoreturned,if present.Theinstructionbuffer is capableof deliveringup to 16 instructions

percycle to thedecoders,but will not issueinstructionspasta predictedtakenbranch.Up to

threebranchesmaybeissuedpercycle,andany instructionsin thefill buffer thatfall afterthe

101



third branchwill not be useduntil they areverified to be on the predictedpath. The ICache

assumespredecodeinformationto identify instructionboundariesandbranches.

A 14-bit-historybranchpredictorcalledgshare [28] is modeledwith apatternhistorytable

consistingof entrieswith seven2-bit counters,togethercapableof threepredictionspercycle.

In additionto theconditionalbranchpredictor, a32-entryreturnaddressstackanda1024-entry

indirectaddresspredictorareprovided.We modelanidealBTB to isolatetheeffectof storing

entrypointsin theBTB. Theentrypoint replacementpolicy hasbeendeferredfor futurework.

Wealsomodelatracecachethatis indexedonthetrace’sstartingaddressandallowspartial

matches(it hastheability to fetchthebeginningof a traceup to a predictionmismatch).Both

tracecachemodels(8 KB, 128 KB) are coupledwith an ICacheand usethe samebranch

predictorasthe ICache.Whena fetch requestis made,bothunits areaccessedin parallel;a

tracecachehit alwaystakesprecedenceover an ICachehit, andonly whenboth cachesmiss

is the L2 ICacheaccessed.The tracecacheis block-basedand is modeledafter the design

in [24]. Eachcacheline is 64 byteswide with slotsfor 16 instructionsandup to 3 branches.

Four targetaddressesarestoredin the line to provide thenext fetchaddressin caseof partial

matching.Tracesendwhenthelimit oninstructionsor branchesis reached,or whenanindirect

branchinstructionis encountered.Thetracesarebuilt in basic-blockgranularityunlessmore

thanhalf of theline will bewasted,in whichcasepartialblocksmaybefilled. Thetracecache

alsoutilizesa BranchBiasTable(BBT) of 1024or 4096entries(approximately4 byteseach)

to facilitatebranchpromotionwithin traces.Includingtheadditionaltargetaddressesandtag

storedin eachcacheline, thecombinedsizefor the8 KB tracecacheand1024-entryBBT is

approximately15 KB.
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5.8 TraceGenerationUnit Evaluation

In order to evaluatethe performanceof the Trace GenerationUnit, the quality of the

generatedtracesis examined. Becausethe generatedtraceswill form the unit of compila-

tion for theoptimizer, it is critical thatthey cover thefrequentlyexecutedpathsin thehotspot.

Furthermore,programperformancewill benefitfrom the formationof longertracesbecause

they provide theoptimizerwith a larger window on which to operate.Optimizationssuchas

partialinlining, loopunrolling,andbranchpromotioncanbeutilized to assistin theformation

of longertraces.In addition,a traceoptimizermay be employed that performsrescheduling

andotheroptimizationson the traces. For this section’s results,optimizationsthat improve

instructionfetchperformanceona traditionalfetchmechanismwereemployed,andtheresult-

ing fetchperformancecomparedto thatof a tracecachefetchmechanism.

Figure5.7depictsanoptimizedtracetakenfrom the130.li benchmark,aswaspreviously

introducedin Figure3.5. This particulartracehighlightstheuseof partial inlining to form a

long tracethrougha complicatedcalling sequence.TheTGU formsa singletracethatbegins

prior to the call of evform, continuesfollowing the hot brancheswhile inlining both calls

to xlygetvalue, andreturnsto evform, wheretheTGU terminatesthe tracebecausethe

maximumnumberof allowed off-path brancheshasbeenexceeded.This tracecontains284

instructionsandhas10 inlined functioncalls. Its executionaccountsfor 10%of theoptimized

fetch cyclesof the entireapplicationandachieves15.1fetchedinstructions-per-cycle (FIPC)

ona16instructionissuearchitecture.Thesimulationprofiledtheexecutionof thetrace,count-

ing the numberof traceexits taken. Theseexits areshown betweenthe blocksin the figure,

103



xlygetvalue

31 Insts

inlined call graph

67 Insts

51 Insts

79 Insts

56 Insts

83k

64k

63k

20k

7k13k

43k

1k

19k

7k

xlevarg

xleval

evform

xlsave

xlgetvalue

xlygetvalue

xlobgetvalue

xcond

xlsave

Call Depth

Figure5.7 Examplegeneratedtracefrom 130.li optimizedfor instructionfetchperformance.
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while a largenumberof othersideexits thatarenever takenhave beeneliminated.Clearly, a

largenumberof traceexecutionsproceedat leastthroughthe third block, providing evidence

thatoptimizationsto reducethedependenceheightof thatpathwould increaseexecutionper-

formance. Consideringthe third branch,the traceappearsto have beengeneratedalongthe

lessfrequentlyexecutedpath. However, at the time of hot spotdetection,thatbranchflowed

100%of thetime to thefourth block. This branchprovidesevidencethat individual branches

mayalsoexhibit phasedbehavior.

Figure5.8depictstheexecutionpatternsfor six hot spotsin the130.li application.Unlike

the otherresultspresentedin this chapter, 130.li for this examplewascompiledfor an EPIC

machinethatis describedin Section6.6.For each100-Kinstructiontimeslice,blocksareplot-

ted for thehot spotsthatexecutein the time sliceandareshadeddarker for highertime slice

executionpercentages.Theexecutionphasesof thisapplication,representedby thevarioushot

spots,areclearlyvisible in thegraph. For instance,hot spot1 containsfunctionsfor reading

the input and building new internal representationnodes. Note that after only 4M instruc-

tions, this hot spotis no longeractive andcouldbe discardedto freeup codecachememory

for futurehot spots.This situationillustratesthemodularitythathot spotextractionprovides

by grouping,optimizing, andmanagingrelevant codestogether. Hot spots2 and3 contain

the two-passgarbagecollectionprocessof markingreachablenodes(hot spot3) andsweep-

ing away unreachablenodes(hot spot2). Hot spots4 and5 containthe evaluationof input

functions,andlargely containthe samebasicevaluationoperations.However, eachcontains

several functionsnot presentin theother. Whenanevaluationfunction is calledwhich is not

presentin thecurrenthot spot,executiontransitionsto theother. Executionmayremainin this

105



¤

¥%¦

§%¨

©%ª

«%¬

­-®%¯

°-±%²

³-´%µ

¶-·%¸

¹-º%»

¼%½%¾

¿ À Á Â Ã Ä
Å ÆÈÇÊÉÌËÈÍÈÎÐÏÒÑÔÓÖÕØ×ØÙ

ÚÛÜ
ÝÞß
à á
âã ä å
æçè é
êë ì
íîï ð
ñ ò
óô õö

÷ùø úüûþý	ÿ�������� ��� 	�

�����������
�
����� ������ �!�"�#%$�& '%(�) *�+�,�-�.�/�021�3
4%5�6 7�8�9�:�;�<�=�>�?�@

Figure 5.8 Fractionof instructionsspentin eachhot spotduring 100 000 instructionslices
from 130.li.

106



hot spotbecausethecommonevaluationfunctionsarepresentin both. Thetransitionsclearly

occur ratherfrequentlysincethe executionpercentagesfor eacharesimilar andstableover

time. This executionpatternmaybebetterservedby a single,largerhot spotcontainingall of

thenecessaryfunctions,which maybeachievedthroughhot spotdetectionparametertuning.

Lastly, hotspot0 containsinitial startuproutinesalongwith routinesusedcommonlythrough-

out theapplication.Controloftentransfersbackto thishot spotfor executionof theseroutines

alonglessfrequentpaths.In particular, partsof themarkingfunctionaresharedbetweenhot

spots0 and3. Again,with furthertuning,evencleanerseparationof thesehot spotsmight be

possible.It is importantto notethatsincetracegenerationandoptimizationareperformedon

a hot spotbasis,for 130.li the mechanismsneedonly be invoked six times. In addition,the

mechanismsnot usedafterthefirst 6.5M instructionsof execution.

5.8.1 Control-flow benefitsof extracted traces

Figure5.9 summarizesthe reductionin taken control-transferringinstructionsdueto the

codestraighteningandfetch optimization. Eachpair of barsfor a benchmarkis normalized

to 100%of the taken control transfersin the original code. The barsfor the optimizedap-

plicationsincludetakencontrol transfersfrom both thecodecacheandtheoriginal code.On

average,a45%reductionis seenacrossthebenchmarks,verifying theeffectivenessof thecode-

straighteningtechniques.Noticethatcall andreturninlining is particularlyeffective,removing

16% of the taken control transfersin 130.li, andsizeableamountsin the otherbenchmarks.

Codestraighteningtechniquesfor the conditionalbranchesyield an average24% reduction
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Figure 5.9 Reductionin takencontrol-flow instructionsin optimizedcodecomparedto orig-
inal code.

in taken control transfers,andas muchas 40% for MSWord(A), PhotoDeluxe(A), andPho-

toDeluxe(B). Theseresultsshow adramaticreductionin thenumberof takenbranches.

5.8.2 Processorfetch performanceof extracted traces

Table5.5 presentsthe resultsof the hot spotdetectionandtracegenerationsystemwith

fetchoptimizations.A largepercentageof dynamicexecutionoccursin instructionsfrom the

codecache.Typically lessthanonepercentof instructionsareexecutedwhile theTGU is look-

ing for tracesto form within a hotspot(Scan/PendingModes),anda verysmallpercentageof

instructionsareexecutedwhile actuallywriting theinstructionsto thecodecache(Fill Mode),
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Table5.5 Benchmarkdetectionandtracegenerationresults.

Benchmark % Insts.from % Scan/ % Fill Code Entry
CodeCache Pending Mode Size(KB) Points

099.go 10.51 1.02 0.0051 14.8 60
124.m88ksim 68.91 4.98 0.0027 8.6 49
126.gcc 32.01 1.07 0.0063 135.1 715
129.compress 87.05 0.84 0.0001 6.4 30
130.li 74.32 0.61 0.0032 13.6 59
132.ijpeg 84.44 0.09 0.0005 22.2 57
134.perl 72.34 0.04 0.0002 12.4 69
147.vortex 34.08 0.12 0.0006 26.4 103

MSWord(A) 78.46 0.08 0.0014 10.2 37
MSWord(B) 45.66 0.29 0.0040 73.9 330
MSExcel 30.69 3.12 0.0271 87.6 352
PD(A) 86.38 0.58 0.0030 18.9 105
PD(B) 81.15 1.25 0.0107 19.1 101
Gsview 60.15 0.35 0.0027 61.0 336

Average 60.44 1.03 0.0048 36.4 172

often lessthan0.005%. Even if the writing processrequiresa several cyclesper codecache

instruction,thetotal overheadwouldbewell under0.1%.

To evaluatethe effectivenessof the layout optimizations,eachbenchmarkwassimulated

with severaldifferentfetchunit configurations.Figure5.10shows theperformanceof thevar-

iousfetchmechanisms.As theoptimizationsweretargetedtowardthefetchunit, theFetched

InstructionsPer Cycle (FIPC) metric wasselectedasan appropriategaugeof effectiveness.

The barsof the graphcomparethe FIPC of variousprocessormodelsto a baselineconfigu-

rationof anaggressive multiple-blockfetchunit operatingon theoriginal code.Thefirst bar

depictstheFIPCfor a processorwith hot spotdetectionandtracegenerationhardware,which

averages22%improvementover thebasecase.The improvementachievedby a comparably

sizedtracecacheis 18%. Adding thetracecachein additionto theproposedhardwareyields
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Figure5.10 FetchedIPC for variousfetchmechanisms.

a benefitof 25%over thebasecase.With a muchlarger tracecache,approximately15 times

larger in sizethanthe hot spothardware, the FIPC is improved to 32% over base,and39%

if hot spothardware is also included. Doubling the sizeof the traditional instructioncache

hasa significantlyhigherhardwarecost than the hot spothardware,andrealizesonly a 1%

improvement.Despitethelargereductionin takencontroltransfersshown in Figure5.9,FIPC

doesnot necessarilyscaleaccordingly. This is primarily becausebranchmispredictionscause

a dramaticnumberof stall cycles,which lessensthe effect of improving throughputduring

usefulcycles.
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Oneadvantageof the TGU systemover a tracecacheis its ability to inline returnsand

indirectbranchesaswasseenin Figure5.7. Our tracesmayalsoincludeloops,aswasshown

in Figure5.3. Conveying loop structurepotentiallyallows betteroptimizationthancould be

performedwith simplertraces.
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CHAPTER 6

REGION OPTIMIZA TION

Thegoalof Explicitly ParallelInstructionComputing(EPIC)[10] is to increaseapplication

performanceby enablinghigherlevelsof instruction-level parallelismwhile maintainingrea-

sonablehardwarecomplexity. In EPIC processors,muchof the complexity associatedwith

dynamicschedulingperformedin a traditionalout-of-orderexecutioncoreis movedfrom run

time to compiletime, asthe onusis placedon the compilerto determinewhich instructions

canbe executedin parallel. The assumptionis madethat throughglobalanalysisandmetic-

ulousschedulingthe compilercanachieve an efficient specificationof instructionexecution,

known asa plan of execution(POE)[10]. This plan detailswhen,where,andwith what re-

sourcesoperationsshouldexecute.EPICinstructionsetarchitecturesaredesignedto facilitate

thecommunicationof this POEto theprocessingcore.

In orderto profitablyoptimizeaprogram,state-of-theartcompilersutilize profile informa-

tion to determinethefrequenciesof variouspathsof executionthroughtheprogram.This in-

formationallowsthecompilerto maketransformationsthatarestatisticallythemostbeneficial

to theperformanceof theprogram.BecausethecompilerchoosesastaticPOE,however, EPIC

processorsarelessableto exploit factorswhich canonly bedeterminedat run time compared

to out-of-orderprocessorsthatengineertheir POEat run time. Duringexecution,thecommon

pathsthroughthe programmay differ from thosetaken during compile-timeprofiling. Even
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whenthecompiler-assumedprofile is accurate,somepathsof executionmaybe only impor-

tantduringcertainphasesof programexecutionandinsignificantduringothers.Someof these

importantrun-timeexecutionpathsmaycrosssoftwareboundariessuchasdynamicallylinked

library interfaces. A staticcompilerwould not have simultaneousaccessto codefrom both

sidesof suchan interfacefor effective optimization. Furthermore,a compile-timegenerated

POEis alsolessableto accountfor dynamicvariationsin the underlyingmicroarchitecture,

suchasload latency dueto cachemisses.Unfortunately, many of the very featuresof EPIC

thatempower thecompileralsosignificantlycomplicateanout-of-orderpipelinedesign[29].

Run-timeOptimizationArchitecture(ROAR) is anextensionof EPICprinciplesthatwill

allow adaptationandoptimizationof thestaticPOEat run time whentransformationsbecome

desirable,therebyexploiting dynamicprogrambehavior. While ROAR hasbeendesigned

as an extensionto EPIC architectures,future superscalararchitecturescould utilize ROAR

techniquesto potentially eliminatethe needfor the constantdynamicschedulingof out-of-

orderprocessors.TheROAR extensionsconsistof two components:theinstructionScheduler

andOptimizer, jointly namedSHOP. Thedesignof theinstructionscheduleris detailedin this

work while theoptimizeris assumedto bea microcodedengine.Thescheduleris a hardware

componentthatperformscycle-by-cycleschedulingfrom awindow of instructions(muchlike

a traditionalout-of-orderscheduler[19]) but is structuredmorelike a softwareschedulerthat

tracksall of theinterinstructiondependences.

The TGU forms sequencesof basicblocks into larger single-entrymultiple-exit regions

that aresimilar to superblocks.In order to avoid sideentrancesinto traces,the TGU either

performstail duplicationin theform of anew traceoff of asideexit, or insertsatransitionback
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to originalcodewhereexecutionwouldremainuntil theentry-pointis onceagainencountered.

Becausethetracesareoften formedfrom severaloriginal blocks(evenoriginal superblocks),

additionalsuperblockoptimization[30] canbebeneficial.

6.1 RationaleBehind Hardware-BasedOptimization

Severalpotentialapproachesto dynamicoptimizationhavebeenproposedthatrangefrom

puresoftwaresystemsthatrunonthesameprocessorasthetargetapplication,to hardware-only

optimizersin the spirit of out-of-orderexecution. Clearly, many of the stepsin the run-time

detectionand optimizationprocessrequirea significantamountof time and memory. The

goal is to minimize the overheadswhich detractfrom performanceincreasesgainedthrough

optimization. We would like to ensuremaximal performancethroughfull-speedexecution

during opportunitydetectionand subsequentoptimizedexecutionwhile limiting any slow-

downsduringoptimization.

Sincewe proposeonly infrequentschedulingandoptimization,an effective softwareop-

timizer maybepossible.However, to be truly effective, optimizationsmustbe performedas

closethebeginningof a new phaseof executionaspossible.The speedof optimizationper-

formed in hardwareallows suchsystemsto benefitfrom executingoptimizedcodeduring a

greaterportion of programexecution. In addition, the rapid natureof a hardwarescheduler

allows it to improve theperformanceof programphasesthataretoo shortto be lucrative for

a softwarescheduler. Softwareoptimizersarealsolikely to requireoperatingsystemsupport,

while it is thegoalof this work to provideoptimizationthatis transparentto software.
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While out-of-ordermechanismsareableto dynamicallycorrectfor executionanomalies,

suchascachemisses,they arealsoon-lineor on thecritical pathof theprocessor, andarethus

continuouslyoperatingandconsumingpower. However, by relocatingthecoderestructuring

andreschedulingmechanismto theback-endof theprocessor, essentiallytakingthishardware

off-line, many of thebenefitsof out-of-orderexecutioncanbeachievedwithout thelatency and

complexity of alteringthecritical pathof thepipelineitself. With thismechanism,rescheduling

is performedonly on a needbasisthuseliminatingthe constantenergy consumption.While

thecurrentevaluationof ROAR doesnot necessarilyprove occasionalreschedulingto be the

bestdesign,it doesshow initial evidenceandprovidesa framework for futurestudy.

6.2 Compilation Support

During staticcompilation,compilerscanperformaggressivepointeraliasinganalysis[31]

to permitsafereorderingof someloadsandstores.Memorydependencearcscouldbedrawn

betweenloadsandstoresin differentfunctionbodies,asshown in Figure6.1(a).However, this

program-scopedanalysisis generallycondensedinto intrafunctionmemorydependencearcs

for useby thecompiler’sscheduler, asshown in Figure6.1(b).Becauseacompile-timesched-

uler typically doesnot move loadsandstoresbetweenfunctionbodies,memorydependences

to instructionsin calledfunctionsaresimply representedby arcsto thecall instructionitself.

Althoughvaluableto a run-timeoptimizer, all of this dependenceinformationis typically lost

oncegenerationof theexecutableis complete.
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Figure 6.1 Memorydependences.(a) Globalmemorydependences.(b) Reductionto intra-
functiondependencesfor compilerscheduling.(c) Intrafunctionstoresetallocation.(d) Trace
schedulingof memoryoperations.(e)-(g)Dependencederivation for a calleewhich accesses
multiplememorydependencechains.

To compactlycommunicatethis information to the run-timeoptimizer, we modified the

compiler to further reducethe memorydependenceinformationinto a singleper-instruction

identifier, calledastoreset, similar to whatis definedin [32]. Instructionsthatpotentiallyread

from or write to thesamememorylocationsaredependentandwill havethesameidentifier, as

shown in Figures6.1(c)and(d). Likethedependencearcs,thestoresetsalsohaveintrafunction

scope.However, becausea storeseton a call implies that an instructionin the calleecould

reador write thememorylocationassociatedwith it, therelationshipbetweencallsandloads

on thesamestoresetis ambiguousandconservativeassumptionsmustbemade.Furthermore,

allowingasinglestoresetidentifierperoperationmaylimit thedependenceresolutionachieved

throughthestoresets.Considerthecall instructionin Figures6.1(e)-(g),wherea singlestore

setonthecall mustrepresentthereadof onememorychainandwrite of another. Thissituation

leadsto a lossof resolutionin that the two memorydependencechainshave effectively been

merged.
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Storesetallocationbeginsbygroupingtogetherinstructionsthatcouldpotentiallyreference

thesamememoryobjects.Thegroupsof instructionsareformedfrom thememorydependence

arcsstoredon eachinstructionin the compiler’s intermediaterepresentation.Even thougha

singleinstructionmayreferenceseveraldifferentindependentmemoryobjects,it canonly have

a singlestoresetidentifier, like the previously describedsituationwith call instructions.For

example,a loadinstructionC mayreadfrom memorylocationsstoredto by eitherA or B de-

pendingon the pointerusedin instructionC. Even thoughthe two storesmay be to distinct

memorylocations,they will havethesamestoresetbecauseC musthavethesamesetasA and

C musthave thesamesetasB. Oncethegroupsof instructionsaredetermined,thegroupsare

allocatedin around-robinfashionto theavailablestoresetidentifiers.Distinctstackreferences,

suchasspills andfills, areallocatedto a specialstackstoreset,which is the highestnumber

identifierin thecurrentimplementation.Thestackstoresetindicatesthatsimpleoperandanal-

ysiscanuniquelyidentify thespecificmemorylocationandthat thememorylocationcannot

bepointedto by any genericpointer. This featureallowsadynamiccodeoptimizerto perform

optimizationssuchasstore-to-loadforwardingbecausethememorylocationscanbeperfectly

disambiguated.Like spills andfills, parameterspassedon the stackcanalsobe allocatedto

this specialidentifierprovidedthattheaddressof theparameteris never takenandstoredasa

pointer. Useandimplementationof storesetsis furtherdiscussedin Subsection6.4.6.
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Original Live−Out

Figure6.2 Live-outregisteranalysisresultsfor asamplecodesegment.(a)Aggressive,global
analysisperformedby thecompiler. (b) Local (trace)analysis.

6.3 Instruction SchedulingSupport

Someprogramsutilize exceptionhandlingasa mechanismto recover from errorsor asa

meansfor structuredcontrolflow. Theseapplicationsoftenrely on thenotionof preciseexcep-

tion handlingwhich dictatestwo properties:first, that theexceptionsoccurin programorder

(theorderingproperty),andsecond,thatexpectedprogramstateis consistentwith programor-

derwhenanexceptionoccurs(thelivenessproperty).Whenthecompilerreordersinstructions,

it hasthe globalanalysiscapabilitydeterminewhich registersandmemorylocationsneedto

beavailableinto exceptionhandlersandwhichdo not.

Considerthe code sequencein Figure 6.2(a). The branchesand potentially excepting

instructions(PEIs)eachhave a control-flow arc that is annotatedwith the registersthat are

livealongthepath.EventhoughtheloadinstructionC andthefloating-pointdivideinstruction

D have no datadependencesbetweenthem, the programmermay insist that any exceptions
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causedby thesetwo instructionsoccurin thespecifiedorder. Both thecompilerandany post-

link optimizermustpreserve this ordering.

Thecompilerandpost-linkoptimizermustalsopreserve the livenessof registersinto ex-

ceptionhandlersandalongbranchpaths.For example,addinstructionI writesr7 which is

not usedalongthe taken pathout of the previous branchinstructionH, soI could be safely

speculatedaboveH. However, at runtime,without globalanalysis,it is not known whetherthe

original valueof r7 is livealongthetakenpathfrom H andthereforeI mustbepinnedbelow

H. Theconservative livenessrequirementsareshown on thearcsin Figure6.2(b).

6.3.1 Conceptualdescription of PreciseSpeculation

To enablerun-time codereorderingwhile preservingpreciseexceptionswithout global

analysis,PreciseSpeculation[11] was developedas an enhancementto SentinelSpecula-

tion [33]. PreciseSpeculationallows for speculationof individual instructionswhile elimi-

nating the needfor explicit recovery codegeneration.Considerthe conceptualexamplein

Figure6.3. Theright columnof circlesrepresentsa sequenceof instructionsfrom theoriginal

codein programorder from top to bottom. Supposethat the run-time instructionscheduler

wishesto moveinstructionsA throughC higherin theschedule,aboveloadinstructionX. Sim-

ply moving themto their new locationswould violate the preciseexceptionrequirementby

overwriting the destinationregistersof A throughC even thoughthe original valuesin those

registersmaybeneededalongtheexceptionpathfrom loadinstructionX. ThePreciseSpecula-

tion techniqueallows for thereordering,shown in theoptimizedtracein theleft-handcolumn.

WhenA throughC aremovedupin thetrace,they aremarkedasspeculativeandwill write into
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Figure6.3 Conceptualorganizationof PreciseSpeculation.

aspeculativeregisterfile. A commitinstructionwill beusedto copy thesespeculativeregisters

into theirarchitecturalregistercounterpartsinsidetheiroriginalhomeblocks,asrepresentedby

theCOM instructionsin theoptimizedtrace.This ensuresthe livenessrequirementby writing

thearchitecturalregistersin theappropriatehomeblocks. PreciseSpeculation,hence,allows

for upwardcodemotion throughspeculative operationsandtheir correspondingcommits,but

doesnotprovide for downwardmotion.

Theexceptionorderingrequirementis ensuredthroughauniquerecoverycodemechanism.

In this optimize codesequence,load instructionsA andC have beenreordered,potentially

violating therequirement.However, whenever a speculative instructionsignalsanexception,
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its signalis suppressed,but a globalexceptionbit is set.Uponthenext nonspeculativePEI or

branch,all noncommittedvaluesin the speculative registerfile will be discardedandcontrol

will betransferedbackto theoriginal codesequencewhereexecutionwill resumein original

order. In other words, if C‘ were to signal an exception,control will transferback to the

original codethroughX whereA will beallowedto signalfirst.

6.3.2 PreciseSpeculationexample

Figure6.4(a)providesanexamplecodesequencethatwill demonstratePreciseSpeculation

functionality. To its right, in Figure6.4(b),instructions2 and3 arespeculatedabove branch

instruction1, and5 is speculatedabove 4. As previously described,theseinstructionsare

markedasspeculativeandwrite into thespeculativeregisterfile in orderto preservetheoriginal

valuesthatarelive alongthe takenpathof branchinstructions1 and4. All instructionsread

from the speculative versionof the register. Speculative instructionswrite to the speculative

versionwhile nonspeculative instructionswrite to both. Thespeculative instructionsrequirea

correspondingcommit instructionlater in the scheduleto updatethe nonspeculative version.

This commitoccursin a locationcontrolequivalentto theoriginal locationof thespeculative

instruction(COM 7 for load instruction2, in Figure 6.4(b)). If outstanding,uncommitted

registerupdatesexist at a takenbranch,thoseregisters’speculativevaluesarerestoredto their

nonspeculativevalues.Theoverallmodelis similar in conceptto thespeculative registerstate

within an out-of-orderprocessor[34], except that it is visible throughan ISA extensionto

the optimizer. Out-of-orderprocessorswrite speculative resultsinto reorderbuffer entries.
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Speculative resultsarecommittedto the architecturalregisterfile after all prior instructions

accordingto original programorderhavecommittedtheir results.

Thestatesof thespeculativeandnonspeculativeregisterfilesaredepictedin Figure6.4(c)-

(d) for anexecutionpaththatproceedscompletelythrougha traceandfor a paththatexits the

tracedueto takencontrolflow. Thecolumnundereachregistercontainsthestateof theregister

after thecorrespondinginstructionexecutes.Thevalueon theleft is thenonspeculativevalue

andthevalueon the right is speculative. To assistin understandingthefigure, timeswhena

registervaluechangesarehighlightedandthevaluethatchangedis in boldandis circled.The

lettersin the columnsrepresentarbitraryvalues. Note how load2 changesr1’s speculative

valueto B while preservingthenonspeculative value. At commit7, r1’s speculative valueis

preservedby copying it to thenonspeculativeversion.

Figure6.4(d)proceedsin muchthe sameway asFigure6.4(c)until branch4 is encoun-

tered.In thisexample,branch4 doesnotfall through.Sincethebranchis taken,all outstanding

nonspeculativevaluesarerestoredto theirnonspeculativestate.In particular, this restoringac-

tion causesr3’s speculativevalueto changefrom M backto L. Sincetheregisterfile canbere-

storedto anonspeculativestateatany nonspeculatedinstruction,preciseexceptionscanbesup-

portedby simply transferringexecutionfrom arescheduledtraceto theequivalentpointwithin

original codeuponanexceptioncondition.At thatpoint, theoriginal instructionsserve asthe

recoverycodewhichwill executethespeculatedinstructionsin theiroriginalnonspeculativeor-

derto providetheexpectedenvironment.Thismodeldoes,however, requirethatall speculated

instructionsbe moved up above at leastonenonspeculative PEI or branch. This instruction

will serveastheexceptioncheckthatwill forcea transitionbackto original codefor recovery
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Figure 6.5 InstructionTraceBuffer entrywith fields for the instructionandanalysisscratch
space.

if any of thespeculatedinstructionsshouldhave signaledanexception. Commit instructions

in this modelarereferredto asrolling commitsbecausethey greedilycommitstatethroughout

executionof thetrace.A moredetaileddescriptionof thePreciseSpeculationmechanismand

its implementationcanbefoundin [35].

6.4 Instruction SchedulingAr chitecture

After tracegenerationfor a new hot spothasbeencompletedby theTGU, the individual

tracesarefilled from memoryinto the InstructionTraceBuffer, shown in Figure6.5. Once

thetraceis filled, optimizationandanalysiscanbeperformedon thetraceprior to instruction

scheduling.

6.4.1 Analyzer and optimizer

Beyond instructionscheduling,optimizationsthat alter and transformthe instructionse-

quencemay also improve applicationperformance. Trace-basedor superblock-basedopti-

mizationsareprevalentin moderncompilersandhave alsobeenevaluatedin otherdynamic

optimizationframeworks. In DAISY [36], optimizationssuchascopy propagation,instruction
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combining(constantoperandreformulationfor instructionsmoved acrossother instructions

that have constantmodificationsto a commonregister operand),loop unrolling, load-store

telescoping(aspecificcaseof storeto loadforwarding),tree-heightreduction(expressionreas-

sociation),andunification(mergingof commoninstructionsfrom oppositesidesof hammock-

shapedregions)areemployed. In addition,rePLay[20] includescommonsubexpressionre-

moval, subroutineinlining, strengthreduction,commonidiom strengthreductionandfolding,

deadcodeelimination,andfurtherutilizeszerocycle registermoves.DAISY usestree-shaped

regionsasits unit of optimizationwhile rePLayusestraces.

Use of precisespeculationdoessomewhat limit the typesof optimizationsthat can be

applied,but in exchangeit allows the previously describedrolling commits. At the bottom

exits of thetreesandtracesin DAISY andrePLay, all registersmustcontainthesamevalues

asthey would at the samepoints in the original code. Sideexits in theseframeworks force

rollbacksto thebeginningof thetreesandtraceswith resumptionof executionbackin original

code.PreciseSpeculationallows eachnonspeculatedpotentiallyexceptinginstructionto bea

trueexit to original code;therefore,thesameregistermatchingrequirementat theendof trees

andtracesis presentthroughoutROAR traces.While the speculative registerfiles in ROAR

allow for earlycomputationof values,computationscannotoftenbepushedmuchlower in the

schedulebecauseof frequentsideexit points.Thus,instructionschedulingis limited to upward

codemotion.Similarly, instructionscanrarelybeeliminatedbecauseof thelikelihoodof their

resultsbeingnecessaryalongsideexits into theoriginal code. This preventsmostdeadcode

eliminationandlimits optimizationsto thosein the forward direction.Copy propagationis an

excellentexample.Consideravaluein registerA thatis movedinto registerB. Backwardcopy
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propagationwould eliminateA by changingits producerto generateB directly (andchanging

all usesof A into B). However, B cannotbe written early becausethe old value in B may

be neededalong side exit pathsup until the move instruction,andA may be neededalong

thosesideexits aswell. Forward copy propagationleavesthe move of A into B in placefor

correctnessalongthesideexits, but changesall usesof B into A sothey canbespeculatedup

above themove.

Othertypesof analysiscanbe performedon the tracewhile it is in the InstructionTrace

Buffer. For example,a dependenceheight analysisis performedbottom-upon the stored

traceto computeschedulingpriorities for the instructions. During the schedulingprocess,

instructionswith higherdependenceheightsaregivenpriority whenmultiple instructionsare

readyto beissuedsimultaneously. This analysiscomprisesa singlelinearpassthatcomputes

the dependenceheight(minimum cycle separationdueto dependences)betweeninstructions

andeventualendconsumers,generallybranchesor stores.Dependenceheightsarecalculated

instruction-by-instruction,wheretheheightof eachinstructionis themaximumof theheights

of its consumersplus its latency. In this scheme,the heightvaluesareusedasthe priorities:

thegreaterthelatency chainto eventualconsumers,thegreatertheneedto scheduleit earlyin

thetraceandthegreaterthepriority.

However, a particularinstruction’s resultmaynot beneededuntil late in thetrace(giving

it schedulingfreedom),but it mayberequiredearlierfor usethroughsomeof thesideexits. A

heavily takenloopbackbranchmayappearasasideexit if theTGU createsasuperblocktrace

by appendingthe codealongthe fall-throughpathof the loop backbranchto the endof the

loop block. Statedmoregenerally, an instructionwith low importancemaybedelayedin the
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schedulein favor of speculatedinstructionsfrom below thathave higherdependenceheights.

However, by delayingit, all subsequentnonspeculableinstructions(branchesandstores)are

alsodelayed,becausePreciseSpeculationonly allowsfor upwardcodemotion. In thesecases,

it is critical to schedulethe loop backbranchandthe instructionsit dependson (in effect, all

earlier instructions)early in the trace. Eachcycle that the loop backbranchis delayedadds

anadditionalcycle to eachiterationof theloop. To scheduletheseinstructionsearly, branches

with hightakenpercentagesin theBBB aregiventhedependenceheightthatis onehigherthan

themaximumcomputedto thatpoint in thetraceduringthebackwardpass.Thus,instructions

thatfeedthebranchwill bemovedevenhigher.

The actualdesignof the SHOPoptimizercomponentis beyond the scopeof this current

work andis left for futureresearch.Theoptimizerwould likely consistof amicrocodedengine

capableof operatingon theinstructionsin thebuffer. Themicrocodedfeaturewouldallow for

diverseoptimizationsaswell asupgradeability. Onceanalysisandoptimizationarecomplete,

thetracesarefed into theSHOPschedulercomponent.

6.4.2 SchedulerTablearchitecture

Theschedulercomponentof theSHOP, calledtheSchedulerTable,is designedto perform

List Scheduling[37], [38] over the instructionsin a trace. It producesa new POEtargeted

for the specificmicroarchitectureof the hostmachine.The tableis constructedasa circular

queueof entries,eachof which containsan instructionandfields usedto manageincoming

dependencesfrom otherinstructions.The new POEwill be constructedby steppingthrough
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the cycles in the new plan schedulinginstructionswith satisfiedincomingdependencesand

highpriorities.

The SchedulerTablecontainsa setof instructionsenqueuedinto the table,shown on the

left in Figure6.6,with a partially completedPOEon theright. Theentriesarefilled into the

tableafter theYoungestInstruction(queuetail) in original programorderto maintainproper

datadependences.The dark (red) boxesrepresentinstructionsthat have yet to be scheduled

into the new plan, wherecircled entriesare thosefor which all dependenceshave beensat-

isfied (ready). The light (blue) boxesrepresentthosethat have beenscheduledinto the new

plan,wherecrossedentriesarethosefor which their latencieshave beensatisfiedin theplan

andtheir dependentoperationshave beenmadeready. In Figure6.6(a),I33 andI34 were

scheduledin thecurrentcycle andthereforetheir dependentscannotyet be freed. I33 is the

OldestUnfinishedInstruction(queuehead)in the list andis tracked assuch. I35 hasbeen

scheduledin a previous cycle and its latency hasbeensatisfied. However, its entry cannot

be freeduntil it is theoldestinstructionin the tableso that theoriginal programorderof the

queuedinstructionsis alwaysmaintained.I36 is thefirst readyinstructionandis trackedas

theOldestUnscheduledInstruction. It will be includedin thesetof readyinstructions,those

with satisfiedincomingdependences,that will be consideredfor schedulinginto the current

slot of thecurrentcycle. TheOldestUnscheduledInstructionalsorepresentsthecurrentbasic

block beingscheduled;youngerinstructionsmay be readybut may have to be madespecu-

lative to be scheduledin the currentcycle andslot. Figure6.6(b)depictsthe schedulerstate

immediatelyafterall readyinstructionshave beenscheduled.In Figure6.6(c)schedulinghas

movedto cyclec+1. All scheduledinstructionswhoselatenciesarenow satisfied—I33, I34,
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Figure 6.7 HardwareSchedulerTableentry.

andI45—aremarked asfinished. Finishedinstructionsat the headof the queue,I33 and

I34, canbefreedandusedto fill new instructionsafterthetail.

Theschedulingtableconsistsof a setof entriesasdetailedin Figure6.7. Eachentrycon-

tains the instructionbeing scheduledalong with dependencefields for eachoperand. Each

operandfield containsthetableentrynumberfor theinstructionuponwhich theoperandis de-

pendent.Memoryinstructionsalsocreatedependencesbetweenthemselveswhich aretracked

in memoryoperandfieldsin theentry. A discussionof memorydependencetrackingis reserved

for Subsection6.4.6.

Figure6.8(a)diagramsthethreeregisterdependencearctypesalongwith theregisterread

arcchainin theform thatthey wouldbefilled into thetableentries.Thereadchainlinks all of

thereadersof aparticularregistertogetherandwill beusedto repairantidependencearcswhen

the readersarescheduledin a differentorder. For example,the subsequentwriter (A in Fig-

ure6.8(a))of aregistermaybeantidependenton thelastreadof theregister’spreviousversion

(B). However, A mustbemadeantidependenton thesecond-to-lastread(C) if the last readis

scheduledbeforetheotherreads.A moredetailedexampledis presentedin Subsection6.4.5.

Two othertablesarealsoutilized to track the last write andthe last readof eachregister

for thepurposesof quick locationof thesourceindicesfor all dependencearcs.While control
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dependencesmayberelaxedwhenusingthePreciseSpeculationmodelpreviously described,

data-flow dependencesmustbeobeyed to ensurecorrectcomputationflow. Anti- andoutput

dependencesmustalsobe obeyed, unlessexplicitly renamed(Subsection6.4.4), so that the

valuesstoredin registersarenotprematurelyoverwritten.
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Main SchedulingLoop()
.

0: While any instructionsin thetraceremainunscheduled
.

1: EnqueueInstructionsInto AvailableTableEntries();
2: SchedulePlanof ExecutionCycle();
3: Advanceto Next PlanCycle andFreeFinishedInstructionsFrom Table();/

Figure6.9 Scheduleralgorithm:Main driver loop.

6.4.3 SchedulerTablealgorithm

The schedulingalgorithm in Figure 6.9 consistsof three main stepsthat iterate while

instructionsin the traceremainunscheduled.An iterationis completedfor eachcycle in the

new POEas instructionsarescheduledcycle-by-cycle. First, instructionsarefilled into the

SchedulerTablequeueandincomingdependencesfor thoseinstructionsareconstructed.Sec-

ond, instructionswith satisfiedincomingdependences(ready)andhigh priorities areplaced

into the schedulefor the currentplan cycle. Last, out-goingdependencesfrom scheduled

instructionsarefreed,creatinga new setof readyinstructions,andthe currentplan cycle is

advancedto thenext cycle.

In moredetail,Figure6.10describesthenecessarystepsto enqueueaninstructioninto the

SchedulerTable.For eachinstructioninsertedinto thetable,its sourceanddestinationregister

numbersareusedto index into theLastReadandLastWrite Tablesto locatethemostrecent

readerandwriter of theparticularoperands.For example,theindex of themostrecentwriter of

a currentsourceregisteris usedto constructa flow dependenceby taggingthecurrentsource

register field with the writer’s index. If the Last Reador Write Tableentry for the register
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EnqueueInstructionsInto AvailableTableEntries()
.

0: For eachavailableentryafterYoungest(queuetail) And
beforeOldestUnfinished(queuehead)

.
1: Enqueueinstructioninto entryaftertail andsetYoungest(queuetail) to entry;
2: Readindex in LastWrite Tablefor eachsourceand

setflow dependenceindicesin entry;
/* Notethatdependencesalwayspoint to olderinstructions*/

3: Readindex in LastWrite Tablefor eachdestinationand
setoutputdependenceindicesin entry;

4: Readindex in LastReadTablefor eachsourceand
setreadchainindicesin entry;

5: Readindex in LastReadTablefor eachdestinationand
setantidependenceindicesin entry;

6: UpdateLastWrite Tablewith currentindex for eachdestination;
7: UpdateLastReadTablewith currentindex for eachsource;
8: Assignentrythecurrenthomeblockcountervalue;
9: If (instructionis controlaltering)Then

10: Incrementhomeblock counter;
11: If (instructionis speculable)Then

.
12: Enqueueapotentialcommitinstructionfor speculableinstruction

destinationsin next entry;
13: Setflow dependenceindex of committo index of speculableinstruction;
14: UpdateLastReadTablewith commitindex for speculable

instructiondestinations;
15:

/
16:

/
/

Figure 6.10 Scheduleralgorithm:Enqueueinstructions.

is empty, then thereis no previous readeror writer and the dependencefield in the entry is

left empty. After the dependencesareconstructedfor the currentinstruction,its sourceand

destinationregistersaresetasthemostrecentreadersandwriters in theLastReadandWrite

Tables.The entry is thentaggedwith a homebasicblock identifier that is incrementedeach

timeacontrol-alteringinstructionis enqueued.This identifierwill beusedto determinewhich
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instructionsarespeculative during the schedulingstep. Last, if theenqueuedinstructionis a

typethatcouldbespeculated,thena potentialcommit instructionis enqueuedin thetableim-

mediatelyfollowing thespeculableinstructionandis madeflow dependenton thespeculable

instruction.Thecommit instructionwill only be includedin theplanif thepotentiallyspecu-

lable instructionis actuallyspeculated.If included,it canonly bescheduledinsideits home

blocksothattheresultof thespeculatedinstructionis written in original programorder.

The cycle schedulingstepis describedin Figure6.11. In this step,eachissueslot in the

currentcycle is consideredone-by-one.For eachissueslot, thereadyinstructionsaregathered

andconsideredfor schedulinginto the slot. An instructionis deemedreadyif all of its in-

comingdependencearcsaresatisfied,if its resourcesareavailable,andif it is beingscheduled

into anacceptablehomeblock. Its incomingdependencearcsarerecognizedassatisfiedif the

operandfields in theschedulerentryareempty. Operandfieldscanbeemptyif therewasno

producerin theLastReador Write Tableswhenthe instructionwasenqueued,dependingon

dependencetype,or if theproducinginstructionhasbeenscheduledor finished,alsodepend-

ing on type. Instructionschedulingandfinishingwill bediscussedshortly. Of theinstructions

with readyoperands,theoneswith highestpriority areexploredfirst. An instructionis sched-

uled if it meetstwo criteria; otherwise,thenext highestpriority instructionwill be explored.

First, theresourcesrequiredby theinstruction,for example,functionalunit, mustbeavailable.

Second,theinstructionmustbescheduledinto anappropriatehomeblock. As previouslymen-

tioned,theOldestUnscheduledInstructionrepresentsthecurrenthomeblockbeingscheduled.

Fromthis instruction,all older instructionshave beenscheduledalongwith somespeculative

youngerinstructions.BranchesandstorescannotbespeculatedunderthePreciseSpeculation
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SchedulePlanof ExecutionCycle()
.

0: For eachissueslot in cycle
.

1: For eachreadyinstructionin priority order
.

2: If ( (resourcesfor instructionarenotavailable)Or
(instructionis astoreor branchAnd it is not theOldestUnscheduled)Or
(instructionis aspeculablePEI And

currentlyin its homeblock And
it is not theOldestUnscheduled)Or

(instructionis acommitAnd currentlynot in its homeblock) ) Then
3: Continue with next instruction;
4: Insertinstructioninto Planof Executionin currentcycleat currentslot;

/* Instructionis now scheduledbut not finished*/
5: Broadcastfree-or-update-antidependencemessage;
6: Broadcastfree-or-update-read-chainmessage;
7: Broadcastfree-memory-dependencemessage;
8: Freesourcesfrom LastReadTable;
9: Setfinishedfield with instructionlatency;

10: If (speculated)Then
11: Broadcastupdate-home-block-message;
12: Else
13: Freepotentialcommitin next entry;
14: If (instructionis OldestUnscheduled)Then
15: MoveOldestUnscheduledpointerto next oldestbut not scheduled;
16:

/
17: If (unableto scheduleany instructionin slot)Then
18: Break schedulingfor currentcycle;
19:

/
/

Figure6.11 Scheduleralgorithm:Scheduleinstructions.

modeland thereforemustbe scheduledin their homeblocks. Sincetheseinstructionsrep-

resentthe endof their blocks,all older instructionsmustbe scheduledprior to theseso that

olderinstructionsarenot moveddownwardby beingscheduledlater. Therefore,they mustbe

the OldestUnscheduledInstructionbeforethey can be scheduled.Speculableinstructions,

underPreciseSpeculation,must either be scheduledin their own homeblock or acrossa
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nonspeculative instructionthatwill serve asits check. Therefore,speculableinstructionscan

eitherbe scheduledin their own homeblock, andthereforemustbe the OldestUnscheduled

Instructionlikestoresandbranches,or musthaveahomeblockgreaterthanthatof theOldest

UnscheduledInstruction.Last,commit instructionscanbescheduledany time in which their

homeblock matchesthatof theOldestUnscheduledInstruction.

Whenaninstructionis scheduled,it is placedinto theresultingcodein its properlocation.

At this time,all antidependencesfrom thesourceoperandsin thescheduledinstructionto sub-

sequentwritescanbefreedbecausea write canfollow a readof thesameregisterin thesame

cycle. As previously described,antidependencesmustbeupdatedto thesecond-to-lastreadif

thelastreadis beingscheduled.Therefore,amessageis sentto all otherentriesspecifyingthat

antidependencefieldswith thecurrentinstruction’sindex shouldbeupdatedto theindex stored

in thecurrentinstruction’s readchainfield. If thecurrentinstructionhasanemptyreadchain

field, thentheantidependencefield canbeemptied.Likewise,thereadchainis alsoupdatedso

thatall readfieldswith thecurrentinstruction’sindex arealsoupdatedto theindex storedin the

currentinstruction’sreadchainfield. Theantidependenceandreadchainfieldsmayneedto be

annotatedwith theregisternumberin orderto adjustthe links for thecorrectsourceoperand.

Now thatthecurrentinstructionhasbeenscheduled,it canbeclearedfrom all operandentries

in the LastReadTable;newly enqueuedinstructionswill not requireantidependenceor read

chainarcssincetheinstructionscanno longerbereorder.

At this point, the finish time entry field is set to the instruction’s latency, which will be

usedto freeflow dependenceslater. If thecurrentinstructionwasspeculatedout of its home

block, it will no longerserve asanexceptioncheckandalsono longerservesto enda home
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Advanceto Next PlanCycle andFreeFinishedInstructionsFrom Table()
.

0: For eachscheduledinstructionin table
.

1: Broadcastfree-output-dependencemessage;
2: Decrementinstructionfinish timeby 1 cycle;
3: If (instructionhasfinish timeof 0 cycles)Then

.
/* Instructionhasnow finished*/

4: Broadcastfree-flow-dependencemessage;
5: Freedestinationsfrom LastWrite Table;
6: Clearentryfrom table;
7: If (instructionis OldestUnfinished)Then
8: MoveOldestUnfinishedpointerto next oldestunfinished;
9:

/
10:

/
/

Figure 6.12 Scheduleralgorithm:Advanceto next cycle.

block. Therefore,its homeblock mustbe mergedwith the block after it in the trace,so that

subsequentinstructionswill not bespeculatedusingthecurrentinstructionastheir check. If

not speculated,the potentialcommit that wasenqueuedafter it canbe eliminated. Last, the

OldestUnscheduledInstructionpointeris advancedaccordingly.

Onceschedulingfor a particularcycle is complete,preparationsfor thenext cycle begin,

asdescribedin Figure6.12. Outputdependencescanbefreedby emptyingoutputfields that

containtheindex for any of theinstructionsscheduledin thecurrentcycle. Then,finish times

for all scheduledinstructionsaredecrementedby oneto accountfor theschedulemoving on

to thenext cycle. All instructionswith finish timesof zerowill havetheirdestinationoperands

readyfor consumptionby otherinstructionsin this next cycle andall flow-dependentoperand

fields canbe freed. Instancesof a destinationoperandfrom any finishedinstructioncanbe

clearedfrom the Last Write Tableat this time; newly enqueuedinstructionswill not require
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flow or outputdependencearcssincethe instructionscanno longerbe reordered.Lastly, the

OldestUnfinishedInstructionpointer canbe updatedaccordingly, andall entriesup to this

pointercanbefreedfor reuseduringthenext enqueuestep.

The algorithm can be shown to producea valid scheduleby examining the restrictions

placedon instructionscheduling.First, an instructioncannever beplacedinto thePOEuntil

its sourceoperandsare ready. Second,an instructioncan never write its result early, thus

destroying anotherresult,unlessit is written to thespeculativeportionof theregisterfile. Last,

eithertheinstructionor thecommitof its resultmustappearin theinstruction’soriginal home

block, thusyielding theappearanceof sequentialexecution.

6.4.4 Explicit registerrenaming

Lastly, the PreciseSpeculationmodel also enablesexplicit register renaming. In Fig-

ure 6.8(a), threelifetimes of r1 are shown. The write that produceslifetime 2 is trapped

by anantidependenceon thelastreadof lifetime 1. In orderto speculatethewrite for lifetime

2 higher in the instructionschedule,its destinationmustbe modified to reflecta temporary

destination,thus freeing the write from the antidependence.Under the PreciseSpeculation

model,thespeculative versionsof unusedregistersmaybeusedto hold thesetemporaryval-

ues.However, unlike standardcommitsthatsimply copy thespeculative valueof a registerto

its nonspeculativeversion,move-commitinstructionsarerequiredto transferthevaluefrom the

speculativeversionof thetemporaryregisterto thenonspeculativeversionof its homeregister.

Evenif all subsequentusesof thehomeregisteraretransformedto usethetemporaryregister,

themove-commitmuststill takeplacein orderto preservepreciseexceptionhandling.
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In theexamplein Figure6.8(b),aportionof thesecondlifetimewith theshadedbackground

wastransformedto user2. Notehow themove-commit(denotedin thefigureasCommit r1

from r2) takeson the propertiesof the original write (outputandantidependences).The

renamedwrite andthefirst subsequentreadno longerhave any dependencespreventingtheir

issueandcanbespeculatedto earlierin theschedule,thusdemonstratingtheprimarybenefit

of registerrenaming.The secondreadin this examplewasnot renamedandis not required

to be renamed.It is, however, pinnedbelow themove-commitwhich actuallywritesr1 and

also blocks the third write of r1 throughan antidependence.This situation,whereonly a

portionof a lifetime is renamed,maybedesirablebut couldalsobeanartifactof anincomplete

renamingsolution. A fraction of a lifetime may be renamedwhenonly a fraction is present

in theSchedulerTablewhenthedecisionto renameis made.Renamingmustcontinueasnew

readsfor the renamedlifetime arefilled into the tablein subsequentenqueuingsteps. If the

secondreadinstructionwould alsohave beenrenamed,the third writer would only beoutput

dependenton the move-commit,thusenablingnonrenamedspeculationof the third lifetime

to a point just after thecommit. Increasedfreedomof motion for lifetimessubsequentto the

renamedlifetime is thesecondbenefitof renaming.Of course,thethird lifetime couldalsobe

renamedto anothertemporaryregister.

In the PreciseSpeculationmodel,valuesarealwaysreadfrom the speculative versionof

the registers.However, usinga speculative portionof a registerto hold a renamedvaluealso

disallows normalaccessto that register. Therefore,temporaryregistersmustbechosensuch

thatthey canberestoredto their correctnonspeculativevaluesprior to their use.In this work,

only registersnot touchedin the particular traceare eligible to be temporaryregisters. To
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ensurecorrectvaluesin all registers,restoreoperationsmustbeperformedatall traceexits. The

PreciseSpeculationmodelensuresrestorationon all taken traceexits, eliminatingspeculated

valuesfrom deeperin thetrace,andnaturallyclearingrenamedvalues.In addition,anexplicit

restoreis neededat thefall-throughexit of thetraceto cleartherenamedvalues.

Unlike thestandardinstructionselectionprocesswithout renaming,an instructioncanbe

selectedfor schedulingin a POEcycle if just its registerflow andmemoryflow dependences

have beensatisfied.Its outputandantidependencescanbeignoredbecausethey will beelim-

inatedwhenrenamingis performed.Onceaninstructionis chosenfor schedulingandanti- or

outputdependencesareviolated,a temporaryregisteris chosen,the instruction’s destination

is altered,flow dependentinstructionssourcesareupdated,andthedependenceson thewriter

arecorrectedto reflectthenew registerlifetime relationships,asdescribedabove.

Selectionof thelifetimesto renamecanbetricky anda numberof factorsmustbeconsid-

ered. First, the semanticsof the move-commitinstructionrequirethat the full latency of the

renamedinstructionexpire beforethecommitcantake place.Unlikestandardcommitswhich

essentiallyconvert speculative writes into nonspeculative writes by indicatinga guaranteeof

execution,move-commitsactuallytransferavaluefrom oneregisterto another. Therefore,re-

namingandspeculatinga long latency instructionup only a few cyclesmayactuallylengthen

the scheduleby delayingthe finish of the speculatedinstruction’s homeblock until after its

long latency hasexpired. Second,renamingshouldbeappliedwisely dueto thelimited num-

berof registersavailable. Frequently, instructionsdeepin the tracethathave no consumerin

the tracearerenamedandspeculatedto nearthe top. Generally, thereis little benefitto this
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typeof speculationandsoonly instructionswith consumersin thetraceshouldberenamedand

speculated.

6.4.5 SchedulerTableexample

Figure6.13(a)depictstheSchedulerTableutilizing thecodeexamplein Figure6.4. Fig-

ure6.13(b)depictsthestateof theschedulerafterthefirst threecycleshavebeenscheduled.At

this point instructionentries0, 1, and3 have alreadybeenscheduledandfinished,andentries

2, 4, and6 areready. Suppose,dueto its longerlatency andhigherpriority, that the load in

entry6 is chosento beissuednext. Onceissued,thecommandto freeup antidependenceson

entry6 is broadcast.However, while it appearsthat themove in entry8 maynow be freeof

antidependences,anotherreadby thebranchin entry5 muststill prevent it from beingsched-

uled. By usingthe chainof readsconstructedduring the enqueuingprocessin the readlink

field, 8’s new antidependenceon 5 canbepreserved. A free-or-update-antidependence(6to 5

onr2) commandmustnow bebroadcast.Likewise,if 6 werein themiddleof a chainof read

dependences,thenthereadlinks thatpoint to 6 mustbeupdatedto point to 5.

The SchedulerTableusedin the experimentalsectionof this work contains256 entries.

Eachentrycontainsthe32-bit instruction,and10bitsfor homeblockidentifier, 6 bits for finish

time, and8 bits for representingeachdependence.Thenumberof dependencesin eachentry

dependson the numberof explicit andimplicit operandsusedby the instruction. Supposing

a maximumof 8 operands(includingmemory),2 fields of 8 bits each,requires22 bytesper

entry, for atotalof about7.5KB storage.Unlikemany softwareschedulers,linkedlistsareonly

usedto link thepreviously mentionedreaddependences.Instead,themechanismreliesupon
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dependenceon entry7. Updateantidependencein entry8 onentry6 to entry5.
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thehardware’s ability to performmany operationsin parallel. Insteadof freeingdependences

one-by-oneasstoredin a list insidea softwarescheduler, this hardwaremechanismrelieson

the broadcastmessagesto force a highly parallel tablesearch. However, the ability to free

dependencesfrom anywherein the tablerequiresa largenumberof comparators.Unlike on-

line schedulers,theoff-line schedulerscanafford severalcyclesto scheduleaninstruction.To

processacommand,eachentrymayneedto searchits operandfieldsfor amatchingentry. One

implementationmayconsistof a comparatorattachedto eachentry, requiringmultiple cycles

to searchtheoperandfieldsof theentry. Furthermore,theschedulingselectionlogic couldbe

implementedasasmallmicrocodedengine,thusproviding flexibility andupgradeability.

6.4.6 Instruction schedulingusing storesets

During tracescheduling,it is critical to limit artificial dependencesin order to provide

maximalschedulingfreedom. While storesetsprovide excellentmemoryresolutionwithin

a function, the identifiershave only intrafunctionscope;they do not imply direct memory

relationshipsbetweenoperationsin different functionsand are said to be incoherent. This

phenomenoncanbe seenin Figure6.1(c) wherethe storeseton the storein FN Y is on a

differentstoresetthanits consumerin thecallerfunctionFN X.

Figure6.14depictsthe traceschedulingprocessfor theexampletrace.During tracegen-

eration,functioncallswereinlined into thetraceusingtheCALL INLINE instruction,which

wasdescribedin Section5.5.As instructionsarefilled into theSchedulerTable,thelastwriter

of eachstoresetis maintainedsothatdependencescanbedrawn from subsequentloadsto the

lateststore.Thelastwriter arraybeginsemptybecauseearlyloadsarenot memorydependent
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Figure 6.14 Maintenanceof memorydependencesduring reschedulingthroughuseof the
StoreSetStack.(a)Examplecodesequence.(b) Operationof thestack.

on any store.As instructionsA andB areprocessed,they arenotedasthelastwritersof their

respective storesets.WhenCALL INLINE C is processed,a new lastwriter arrayis needed

to trackthestoresetaccessesin thenew functioncalling context. As previously mentioned,a

calleemaymodify memoryassociatedwith thecall’s storesetin thecaller. Fromthecallee’s

perspective,any of theloadsin thecalleemaybedependenton thelateststorein thecallerthat

hasthesamestoresetasthecall itself. Hence,whenthenew storesetaccesscontext is created

for thecallee,all lastwriter entriesaremarkedwith thelastwriter of thecall’s setin thecaller

function. This processcanbe seenin Figure6.14whenschedulinginstructionC. Likewise,

on a return, the last writer in the calleefunction may write the storesetassociatedwith the

original call instruction. Hencethe last writer in the calleewill be the new last writer in the

callercontext, ascanbeseenin Figure6.14whenschedulinginstructionE. Note that loadF

on storeset0 will correctlyfind storeA asits lastwriter (no writersdueto thecallee),while

loadG will bedependentonstoreD in thecaller.
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To maintainseparatecontexts for eachinlined function,theROAR architecturecontainsa

stackof storesetlastwriter arraysto managethecoherency problem.Becauseof implemen-

tation limits on thenumberof levelsin thestack,it actuallycanbeimplementedasa circular

queueof arrays,overwriting older contexts as necessary. However, when returningto any

previously overwrittenandhenceinvalid context, all caller storesetsmustbe conservatively

writtenwith thelastwriter in thecalleeinsteadof just thecall’sstoreset.In thiswork, memory

operationsareassumedto containtheir storesetidentifierswithin theinstructionsthemselves,

althoughaconvenienttable-basedapproachmightalsobepossible.

6.5 Instruction SchedulerLimitations

Thecurrentdesignof theschedulingmechanismdoesnot take full advantageof predica-

tion. First, theschedulercannotspeculatepredicatedefinitionsacrossfunctionboundaries.To

usea registerspeculatively in aparticularcycle, thespeculativeversionof theregistermustbe

free,andtheremustbenoreadsor writesof thenonspeculativeversionbetweenthetargetcycle

andtheoriginal locationof thespeculativeinstruction.Predicatedefinitionsnearthebeginning

of functionsareboundedby thepredicateregisterfile spill (readof all predicates)at thetopof

thefunction,andpredicatedefinitionsimmediatelyafteran inlined returnareboundedby the

predicateregisterfile fill (write of all predicates)at theendof thecallee.Onesolutionwould

beto make thespill andfill instructionsonly readandwrite thenonspeculativeversionsof the

predicates,therebyallowing thespeculativesidesto containspeculativevalues.
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Throughpredication,two registerwritesmayoccurto thesameregisterin thesamecycle

if they areon differentpredicates.Thecurrentframework implementation,however, analyzes

thesetwo writes asoutputdependentandplacesthem in differentcycles. In this situation,

it is possiblefor the ROAR schedulerto lengthenthe schedulecreatedby the compiler. By

analyzingtheincomingbundling,this falseoutputdependencecouldbeavoidedandtheinde-

pendenceof thetwo predicatescouldbedetermined.

6.6 Instruction SchedulingExperimental Setup

To testtheeffectivenessof theROAR system,anumberof experimentswereconducted.An

EPICplatformwaschosenfor thesestudiesto betterexaminetheamountof instruction-level

parallelismthatcouldbeexploitedin theapplicationsundertest.

6.6.1 Benchmarks

Listedin Table6.1aretheapplicationsusedto testtheperformanceROAR. They represent

awidevarietyof applicationtypesselectedfrom SPECCPU95[12], SPECCPU2000[12], and

MediaBench[39]. EachapplicationwascompiledthroughtheIMPACT ILP Compiler(Inter-

nal Version03-18-2002)[40], [41], [42], [43] usingits distributedtraining inputsto generate

basicblockprofileinformation.Theapplicationswerethenevaluatedusingselectedinputsthat

simulatein a reasonableamountof timeandwhich representvariouslevelsof similarity to the

traininginputs.Theinputsincludethedistributedtestinputs(whichweredesignedto beasub-

setof thetraininginputs),traininginputsthemselves,distributedreferenceinputs(whichwere
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Table6.1 Benchmarksandinputsusedin SHOPexperiments.

Benchmark Inputs Baseline Baseline Baseline Baseline
CLS CLS ILP ILP

Dyn. Inst Cycles Dyn. Inst Cycles
(millions) (millions) (millions) (millions)

124.m88ksim 1 - train 67.1 58.9 69.8 38.4
1 - train 112.3 115.9 131.7 73.6

130.li 2 - reducedtest(6 queens) 28.3 29.0 35.8 17.3
3 - reducedref (aubrowsexit) 335.7 352.4 445.7 245.8
1 - train 1105.5 568.6 1106.1 336.4

132.ijpeg 2 - new (ditherfaces) 55.8 34.2 58.2 27.2
3 - new (lower quality scenery) 321.5 257.3 330.0 223.6

134.perl(123) 1 - train jumble 1363.8 1302.0 1433.7 947.5
(compilertrain 2 - train scrabbl 26.2 23.6 30.3 17.0
on1, 2 and3) 3 - train primes 7.8 6.1 8.8 4.4
134.perl(23) 1 - train jumble 1939.0 1551.8 2301.1 1456.6
(compilertrain 2 - train scrabbl 25.8 22.6 30.5 16.4
on2 and3) 3 - train primes 6.6 5.5 7.7 3.8
164.gzip 1 - reducedtrain 1756.4 1688.8 2040.2 1027.5
175.vpr 1 - test 991.3 1117.1 1099.5 671.8

2 - test 398.9 441.6 434.5 335.0
181.mcf 1 - test 105.0 228.7 120.5 135.9
197.parser 1 - UMN smallreducedref 178.6 204.4 186.3 150.1
255.vortex 1 - UMN mediumreducedref 182.0 174.9 162.5 74.6

2 - UMN largereducedref 520.2 492.9 466.4 216.3
300.twolf 1 - UMN smallreducedref 49.8 66.0 62.2 39.4

2 - UMN largereducedref 519.9 677.0 625.0 399.2
mpeg2dec 1 - train 97.4 71.9 81.1 49.3
wc 1 - 16 K-line C sourcefile 1.1 0.8 1.1 0.6

designedto besimilar to but asupersetof thetraininginputs),reducedreferenceinputs(which

areeitherdenotedassuchor weredesignedby theUniversityof Minnesota(UMN) [44], [45]

to beshorterin lengththanthedistributedreferenceinputsbut maintainsimilar or subsetcov-

erage),or new inputsaltogether.
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6.6.2 Compiler

As previously mentioned,the IMPACT researchILP compilerbuilt eachof the applica-

tionsfrom nativeC codein orderto provideasolid,aggressivecodebasefor whichto examine

ROAR systemperformance.The compilerconsistsof a numberof modulessummarizedin

Figure6.15. FromC code,thepreprocessedapplicationsproceedthroughIMPACT’s highest

level intermediaterepresentationcalledPCODE. While in this abstractsyntaxtreerepresen-

tation,basicblock control-flow profiling is performedthatguidescross-filefunction inlining.

After inlining, aggressive interproceduralpointeraliasinganalysis[31] generatesmemoryde-

pendenceinformationusedthroughoutthecompilationprocess.Onceanalyzed,theapplication

is convertedinto an instruction-level intermediaterepresentationcalledLCODE that targetsa

genericEPICprocessor. Onthisrepresentation,avarietyof architecture-independentoptimiza-

tionscanbeappliedincludingclassicaloptimizations,hyperblockpredicatedregion formation

utilizing advancedpredicateanalysis[46], superblockformationandoptimization[47], and

otherILP-enhancingoptimizations.Thentheapplicationis transformedinto anarchitecture-

dependentvariantof LCODE calledMCODE. On this representation,peepholeoptimizations

areperformedfollowedby two roundsof instructionschedulingutilizing sentinelcontrolspec-

ulation [33], andregisterallocation. Furthermore,memorydependencesin eachfunctionare

analyzedandcollectedinto themaximumnumberof independentlyaccessedmemoryregions

which arethenround-robinassignedto theavailablestoresetidentifiers.Memoryoperations

andcall instructionsaresubsequentlyannotatedwith their appropriatestoreset.
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Figure6.15 TheIMPACT compiler.

Theexperimentsin thischapterutilize two levelsof compile-timeoptimizationaggressive-

nessto demonstrateROAR’s benefits. At the first level, the compilerappliesonly classical

optimizationsto the applications(CLScodes).At the secondlevel, the compilerapplieshy-

perblockandsuperblockformationalongwith other ILP optimizations(ILP codes). Select

portionsof theC library, mainly portionsof thestringandmemorymanipulationandsorting
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functions,werealsocompiledthroughIMPACT with both levels of aggressivenessbut were

not inlined into theapplicationsin orderto simulatedynamiclibrary linking.

6.6.3 Simulator

Theperformancemeasurementsreportedin this work aregeneratedby a customsoftware

simulator, describedin Figure6.16, that performscycle-by-cycle full-pipeline simulationof

eachinstruction. The simulator fully accountsfor the effects of branchprediction,wrong

pathexecution,cacheutilization andpollution,varyingmemorylatency, interlocking,andby-

passing. Sincethe applicationsare testedwithin the simulationenvironment,the TGU and

schedulergeneraterealtraceson-the-flythatareactuallyusedduringexecution,thusverifying

thetracegenerationandoptimizationtechniques.

The simulatoris essentiallya virtual machinethat executesinstructionson behalfof the

simulatedapplicationandperformsservices,suchas I/O, for the application. As shown in

Figure6.16, the MCODE intermediaterepresentationof the applicationandsubsetof the C

library areloadedin thesimulator, which proceedsto mapthe instructionsanddatato actual

memorylocationsin reservedspacesthatcorrespondto loadedsectionsof a binary. Thedata

spaceservesastheactualdatalocationsfor theapplication,but the instructionmemoryonly

servesto provide instructionaddressfor cachesimulationpurposes;instructionarefed to the

interpreterin their MCODE representations.When the simulatedapplicationrequiresinput

or output, the requestsare simply passedto the input and output routinesof the simulator,

essentiallymakingthesimulatora transparentvirtual machinelayer. Whena functioncall is

madeor a dataelementis accessed,theMCODE representationonly containsa namefor the
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functionor element.Hence,it is theresponsibilityof thenamelocatortableto translateeach

nameinto its mappedaddress,or to identify it asasystemcall locatedoutsideof thesimulator.

As previouslymentioned,asubsetof theC library callshavebeencompiledandincludedwith

the applicationMCODE, thusenablingcycle-by-cycle simulationof thesecodesaswell. A

numberof library callsandsystemservicescannotbecompiledthroughIMPACT with current
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compilerconstraints,andthusthenative library codesarecalledon behalfof theapplication.

Cyclesspentin thenative calls, therefore,arenot accountedfor in thesimulationresults,but

generallyrepresentaninsignificantportionof overallapplicationexecution.

6.6.4 ROAR architecture

The architecturemodeledconsistsof a 10-stagepipeline containingfive functional unit

types(Integer ALU, FP, Long Latency FP, Memory, andControl). The simulationsinclude

a multilevel memoryhierarchy, branchandreturnaddresspredictor, BranchBehavior Buffer,

TraceGenerationUnit, andSHOPtracescheduler. Table6.2 reflectsthearchitecturalparam-

eterschosenfor theevaluationsystem.Table6.3 enumeratestheparametersof theHot Spot

Detectionhardware.Theseparametersarederivedfrom previousexperiments[2] andaretuned

slightly for EPIC codes.Basedon observationsdescribedin Subsection5.6.2,the BBB was

enlargedto accountfor morebrancheswhile thecandidateratio (candidatethresholddivided

by refreshtimer interval) wasloweredto accountfor thebranchreplicationeffectsof loopun-

rolling, tail duplication,etc. It is importantto againnotethattheresultsaccountfor adetection

to rescheduledcodedelay, which cansurpass100000cycles. Additionally, thefirst fetch of

any new optimizedhotspotcodetakesthefull L2 misspenaltyof 50 cycles.

6.7 Instruction SchedulingEvaluation

To evaluatethe effectivenessof the reschedulingsystem,a numberof applicationswere

evaluated. Theseexperimentsweredesignedto show the benefitsof the ROAR scheduling
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Table6.2 SimulatedEPICmachinemodel.

Instructionissue 8 units
Integerarithmeticandlogic unit 5 units
Floating-pointarithmeticunit 3 units
Memoryunit 3 units
Branchunit 3 units
Branchpredictor 10-bit historygshare,

3 predictionspercycle
BranchTargetBuffer size 1024entry
ReturnAddressStacksize 32 entry
Branchresolution 7 cycles
Load/storebuffer size 8 entryeach
L1 datacache 64KB
L1 instructioncache 64KB
UnifiedL2 cache 512KB
Storesets 16 (4-bit encoding)
Integerregisters 64
Floating-pointregisters 32
Predicateregisters 64
Operandspercommit 4
Operandspermove-commit 1

Table 6.3 Hot SpotDetector, TraceGenerationUnit, andSchedulerandOptimizerhardware
parametersettings.

Parameter Setting

Numberof BranchBehavior Buffer sets 512
BranchBehavior Buffer associativity 4-way
Executedandtakencountersize 9 bits
Candidatebranchexecutionthreshold 16
Refreshtimer interval 8192branches
Cleartimer interval 65536branches
Hot SpotDetectorcountersize 13 bits
Hot SpotDetectorcounterincrement 2
Hot SpotDetectorcounterdecrement 1
SchedulerTableentries 256
StoreSetLastWrite Tablecontexts 40
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Table 6.4 ROAR hot spotdetectionresultsfor CLS andILP codeswith schedulingandre-
naming(S+R).

Benchmark Input CLSS+R: CLSS+R: CLS S+R: ILP S+R: ILP S+R: ILP S+R:
Num. of Code TGU Num. of Code TGU

Hot Spots Cache% Active % Hot Spots Cache% Active%

124.m88ksim 1 5 52.8 1.8 7 76.9 3.2
1 11 66.4 1.4 11 61.1 2.3

130.li 2 6 63.8 4.1 8 68.0 4.9
3 13 75.4 0.7 8 67.4 1.8
1 10 82.1 0.3 8 64.9 0.3

132.ijpeg 2 16 72.9 9.7 14 73.1 10.3
3 13 83.8 0.7 13 73.8 1.0

134.perl(123) 1 9 77.4 0.1 11 71.8 0.2
2 3 55.1 2.2 3 50.6 2.3
3 5 47.2 11.7 5 50.2 13.2

134.perl(23) 1 9 68.6 0.1 12 86.6 0.1
2 3 54.7 2.4 4 46.5 2.8
3 3 60.4 8.7 4 57.6 13.4

164.gzip 1 23 84.5 6.5 19 81.5 1.6
175.vpr 1 5 49.3 0.1 6 65.4 0.2

2 19 88.7 1.1 23 72.4 2.7
181.mcf 1 20 72.4 2.5 23 75.0 4.4
197.parser 1 26 53.3 2.7 19 48.5 2.4
255.vortex 1 12 58.0 1.5 7 51.7 2.4

2 34 39.5 1.4 9 43.2 1.0
300.twolf 1 3 47.1 1.7 3 56.1 3.2

2 12 63.0 0.6 11 52.3 0.9
mpeg2dec 1 4 84.1 0.7 2 79.5 1.0
wc 1 1 84.1 9.8 1 54.0 51.1

framework. Clearly, further optimizationpossibilitiesexist that may provide further perfor-

manceenhancements.

6.7.1 Performanceof optimized traces

Table6.4detailsthetotal numberof detectedhot spots,thepercentageof instructionsex-

ecutedfrom thecodecache,andthepercentageof instructionsin which thehot spotdetection
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andformationhardwarewereactive for both CLS andILP codes.The resultsshow general

similarity betweenthe resultsof CLS andILP codes(130.li, for example). Slight variations

in the numberof hot spotsdetectedareexpectedandobserved dueto variationsin detection

timing with regardto thebeginningof theprogramphases.TheTGU is typically activefor less

than5% of the dynamicinstructionsfor longerrunningapplications;it, however, cansome-

timesbeactivefor amuchlargerpercentagewhenthenumberof dynamicinstructionsis within

anorder-of-magnitudeof theresetinterval (134.perlinput 3, for example).

Figure6.17showsthecycleaccountingmeasurementstakenfor eachbenchmarkandinput.

Theseresultsweregeneratedby older IMPACT ILP CompilerandROAR versions(Internal

Version11-18-2001).While the relative performanceof eachconfigurationvariessomewhat

from the overall resultspresentednext, the trendsremainthe same. For eachprocessorcy-

cle, a determinationis madeasto why further instructionscould not be dispatchedfrom the

front-endto the back-endof the pipeline in that particularcycle. The cyclesaredistributed

into severaldifferentcategories:Fetch (front-endstallsdueinstructioncachemissesandtaken

branchpenalties),StopBit (explicit dispatchbreaks),OversubFU (pipelinebackupdueto over-

subscribedfunctionalunits),WrongPath (executioncyclesentirelywasteddueto mispredicted

branches),LD Dep (stallsdueto unsatisfiedflow dependencesfrom load instructions),Other

Dep (stallsdueto flow dependencesfrom nonloadinstructions),andUnstalled(unrestrained

dispatchof instructions).Thebenchmarkinputnumberis listedbelow eachrunwherethefour

barsdepictthecycleaccountingnormalizedto baselineCLScodefor baselineCLS,CLSwith

SHOPscheduling,baselineILP, andILP with SHOPscheduling.
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SHOPscheduling,baselineILP, andILP with SHOPscheduling.
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As shown in figure 6.17,muchof the reductionin cyclescomesfrom a reductionin the

numberstopbits reached.This implies that ROAR hasa moreeffective useof the machine

width becausefewercyclesareendedbecauseof astopbit eventhoughmoreinstructionsawait

execution.This is particularlyevident in 134.perlinput 3. Also noticethe typical increasein

unstalledcycles,whichcorrespondsto theaboveobservation.

Six experimentswereconductedfor eachinput of thebenchmarksto gaugeoverall perfor-

mancedueto theTGU andSHOP, theresultsof whichareshown in Figure6.18.Thefivedata

barsrepresentspeedupsover CLS baselinecodesfor TGU tracesfor CLS codes,TGU traces

with schedulingandrenamingfor CLS codes,baselineILP codes,TGU tracesfor ILP codes,

andTGU traceswith schedulingandrenamingfor ILP codes.In general,TGU tracegenera-

tion aloneprovideslittle benefitsinceit only improvesfront-endfetch performancebut does

not affect theminimumnumberof cyclesrequiredfor theapplicationto proceedthroughthe

back-endof the pipeline. Out-of-orderexecutioncorescanbenefit,however, from increased

fetchperformancethroughspeculativeout-of-orderexecution.Slightdegradationsdueto TGU

tracesalonecanbeattributedto theinstructioncache;it oftenexperiencesmoremissesbecause

thetotalworkingsetof instructions(sideexit andnon-phaseportionsof theoriginal codeplus

thetracesets)is typically somewhat larger thantheworking setof just theoriginal code.For

example,theTGU providesa speedupof 9% for theCLS codefor mpeg2dec, while proving a

slowdown of 2% for theILP codecomparedto ILP baseline.However, theSHOPprovidesan

additional15%speedupfrom theTGU traces(totaling24%) for CLS codeandanadditional

16%speedupfrom theTGU traces(totaling14%)for theILP codeall overCLSbaseline.This
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Figure 6.18 Speedupsfor varioushardwareconfigurationsoverCLSbaseline.
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translatesto aspeedupof about10%for SHOPon ILP codeover ILP baseline.Theresultsfor

mpeg2deccloselyresembletheoverall average.

6.7.2 Benefitsof storesets

To evaluatethebenefitsachievedthroughutilization of compiler-annotatedstoresetinfor-

mation,CLSandILP codewassimulatedwith ROAR optimizationfor four benchmarksusing

1 (no setdifferentiation),2, 4, 16, and1024storesets. The overall speedupsfor both CLS

andILP codesdueto instructionschedulingwith renamingandcopy propagationareshown in

Figure6.19.Theperformanceis alternatively shown in Figure6.20for CLSandILP codesasa

fractionof thespeedupsof CLS-1andILP-1 (nostoresetdifferentiation)overbaseline,respec-

tively. For mostbenchmarks,16storesetsaresufficient to achieveadequatedisambiguation.

In 255.vortex, functioncallson aparticularstoresetwereoftenprecededby awrite to that

storesetandfollowedby areadfrom it. Thisscenariois commonlyfoundwhenglobalor heap

memoryis updatedprior to thefunctioncall, modifiedwithin thefunctioncall, andreadafter

the call returns.Becausethe function may modify thesamelocationasthe prior write, both

thecall andtheprior write will beassignedthesamestoreset. As previously described,this

situationsetsupconservativealiasesdueto storesetcoherencebetweentheprior write andall

accessesinsidethefunctioncall. Thus,all loadswithin thefunctionarepinnedbelow theprior

write. Similarly, any write within the function call will appearasa modificationto thesame

setasthesubsequentreadin this scenario.Thus,readsfollowing thereturnarepinnedbelow

thelastwrite insidethefunctioncall.
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Figure 6.19 Speedupfor 1, 2, 4, 16,and1024storesetsfor CLS andILP codes.
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Figure 6.20 Additional speedupfor 2, 4, 16, and1024storesetsasa fractionof 1 storeset
speedupfor CLS andILP codes.
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A numberof other factorshave beenlinked to the modestperformanceof memorydis-

ambiguationthroughstoresets.First, many registerspill instructionssurroundfunctioncalls,

bothfor caller-savedregistersjust prior to thecall instructionandcallee-savedregistersat the

beginningof thecalledfunction. Hence,severalcyclesareoftenconsumedwith fully utilized

memoryfunctionalunits. Subsequentloadsmustbe movedup above the block of stores,or

mixedin with thestores.However, theschedulingof speculativeloadsinto thisblockmaylead

to delayedschedulingof storesandbranches,thusunduly penalizinglater sideexits, similar

to whatwasdescribedin theinstructionpriority discussionin Subsection6.4.1.Thesegroups

of storesalsooftensave registersthatwill beoverwrittenlater in thefunctioncall. Therefore,

it is likely that loadsandother instructionsin the calledfunction will usethesesaved regis-

ters.They will bepreventedfrom moving abovethestoresthatsave theiroriginal values.It is,

however, possibleto renamesuchinstructions.

Stackloadsalsosuffer from anadditionalrestrictionbecauseof theirstackpointeroperand.

Sincethe stackpointerregister is updatedon call andreturninstructions,caller-save register

fills following the returnof a function call cannotbe moved up into the called function. In

general,stackoperationsarepinnedinsideof their own function dueto their dependenceon

the stackpointerregister. This situationmotivatesan optimizerandschedulerextensionthat

wouldallow for pre-schedule-timeregisterrenaming.For example,thenew stackpointervalue

for a called function could be computedandplacedearly in the trace. Then, stackpointer

registeroperandsinsidethefunctioncall couldbereassociatedto thenew temporaryregister.

Thiswouldallow for stackloadspeculationabovethecall instructions.
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Out-of-ordermicroarchitecturesalsohave an advantageover in-ordermicroarchitectures

becausethey candynamicallydetermineor predicta memorydependence,whereascompilers

have to be conservative and mark all possibledependences.Data speculation[48], [49] is

usefulwith in-ordermachineslike EPICfor memoryoperationsthatcouldaliasbut rarelydo.

Essentially, loadsareallowedto moveabovestoresthatthey mayaliaswith, but a checkmust

be insertedat theoriginal siteof the load. This checkverifiesthatnoneof thestoresactually

wrote to the loadedmemorylocation. A failedchecktriggersre-executionof the loadandits

dependentinstructions.Dataspeculationcould alsobe adaptedto operateunderthe Precise

Speculationmodelto allow ROAR to safelyreorderloadsandstoresthathave thesamestore

setwhenthey aliasinfrequently.

Lastly, muchof thestoresetsupportin ROAR is a resultof utilizing intraproceduralstore

sets.Again, themotivationwasto provide moredetailedcoveragewithin a functionby allo-

catingall of thestoresetsto eachfunctionbodyandthenproviding a coherencemechanism.

Futurework shouldexaminecarefullyallocatedglobalstoresetswhich will not have theco-

herenceproblem.

6.7.3 Benefitsof schedulingand optimization

Figure 6.21 depictsthe speedupsof CLS and ILP codesover their respective baselines

dueto variouslevelsof optimizationfor a representative subsetof the benchmarks.The left

bar in eachsetdepictsthe performanceof just the remappedtraces.On average,the perfor-

manceis nominally thesameasthebaseline.Thecodestraighteningoptimizationperformed

by the TGU haslessof an impacton in-ordercoressincethey do not speculatively execute
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Figure 6.21 Speedupsdueto variouslevelsof optimization.REMAP: TGU generatedtraces
only. S: Scheduling. C: Copy propagation.R: Register renaming. P: Early path splitting
optimization.

instructionsout-of-orderfrom the predictedpath. The next bar representsthe addition of

instructionschedulingwhich is thebulk of performanceimprovement(23.5%for CLS codes

and12.5%for ILP codes).Instructionschedulingexploits thenew block layoutby speculating

instructionsfrom successive blocksto earlierpositionsin thetrace.Theimpactof scheduling

is moresignificantin CLS codesthanILP codessinceaggressive codelayoutoptimizationin

theform of superblockformation[47] hasalreadybeenappliedto ILP codesby thecompiler.

Thenext barsrepresentschedulingwith forwardcopy propagation,schedulingwith renam-

ing, andschedulingwith forwardcopy propagationandrenaming.Forwardcopy propagation

sometimeshindersperformanceby extendingaparticularregister’s liverange,thuspreventing
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a successive live rangein thesameregisterfrom beingspeculated.Thelastbarrepresentsthe

additionof an experimentalpredicateoptimization,calledearly path splitting. Whencallee

instructionsare inlined following a predicatedcall instruction,executionof the call with a

falsepredicate(fall throughthecall) will forceflow backto originalcodefollowing thecall. In

betweenthecall andthedefiningpredicateareanumberof parametermovesthatarepredicated

on thesamepredicateasthecall. Theearlypathsplitting optimizationinsertsa jump imme-

diatelyafterthepredicatedefinitionto original codefor thefalsepredicate.Oncein place,the

predicatesfor thecall andparametermovescanbeconvertedto true,thusenablingcopy prop-

agation.This optimizationhasno effect on CLS codessincethencontainno predication.The

resultingperformancedueto this optimizationon ILP codesis mixedbecauseexecutionflow

may exit from optimizedcodemuchearlierwhenthe predicateis false. Overall, an average

of 28%speedupis achievedfor CLS codeswith all optimizations,while anaverageof 16%is

achievedfor ILP codeswith all but thepathsplitting optimization.

6.7.4 Traceoptimization example: 134.perl

Figure6.22 depictsan exampleof ROAR’s inherentability to performmultilevel partial

inlining. An original traceof execution,taken from the sixth hot spotof 134.perl input1, is

presentedin Figure6.22(a),assumingperfectbranchpredictionandcaching.For eachcycle

(row), theinstructionsexecutedin thatcycleareshown asblocks,whereeachcolor represents

a differentclassof instruction.Thefirst cycle, for example,containsmemory, ALU, andfall-

throughbranchinstructions.Thesecondsetof columnsdepictsthesameinstructionscorrelated

to their original threefunctions(notethat thecompilerinlined qsort() into do sort()).
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executionafterinlining, straightening,andrescheduling.
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Like many architectures,the EPIC pipelineconfigurationcausestaken branchesto exhibit a

onecycle taken-branchbubble,asshown by anemptycycle following a black,takencontrol-

flow instruction.Figure6.22(b)shows thesameinstructionswithin thedetectedhot spottrace

afterrescheduling.Theovals(green)representtheinstructionsthatcommitspeculatedvalues

(renamedor not) to their nonspeculative registers. The resultingexecutionis approximately

60%faster. This tracebenefitsheavily from registerrenamingto eliminatetherelianceon the

parameterpassingregisters,and from store-set-basedmemorydisambiguation,speculation,

andrenamingto boostload-dependentchainshigherin theschedule.

6.7.5 Traceoptimization example: wc

Due to the natureof the tracegenerationprocess,the TGU inherentlyperformsa partial

iterationlooppeelingoptimization.Looppeelingis theprocessof moving thefirst iterationsof

a loopoutof thebodyandexplicitly placingthemin theloopprologue[50]. Moving aportion

of the first iterationto the prologueandthenreformingthe loop essentiallyrotatesthe body

sothat the formerbottomportionof thebody is now at thetop. ConsiderFigure6.23,which

depictsan examplehot region from the wc microbenchmark.The original codesequenceas

generatedby thecompiler, presentedin Figure6.23(a),consistsof threetraditionalbasicblocks

thateachterminatein a branch.Thetop portionof thecolumnrepresentsthecodein a basic-

block diagramform while the bottomportion depictsthe instructionscheduleform. During

thetraceformationprocess,thevariousbranchesin thecodeandtheir targetsaretracked. As

thecodeis copiedandstraightened,branchesA, B, andC areseenfor thefirst timeandplaced

into the trace,asshown in Figure6.23(b). Note thatwhile branchC actuallybranchesto the
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block terminatedby branchA, branchC hasnotpreviouslybeenseenandthereforeits targetis

unknown. Therefore,relayoutcontinuesthrougha secondcopy of theblock terminatedby A.

OncereachingbranchA for thesecondtime, its fall-throughpathhasalreadybeenremapped,

andso the TGU invertsthe branchandlinks it to the fall-throughtarget. Note that the loop

bodynow consistsof theblocksassociatedwith B, C, andA, in thatorder.

While this mayseemto beanundesirablesideeffect, it sometimeshasoptimizationben-

efits. The top-to-bottomexecutionof the original coderequires10 cycles(for two iterations

sincethe compilerunrolledthe loop once),andexecutionof the remappedcoderequires11

cycles(cycle 6 in theoriginal codehasbeenbrokeninto two cyclesat thebasicblock bound-

ary),1 but executionof therescheduledcoderequiresonly sevencycles(Figure6.23(c)). The

cross-iterationdependencesin this exampledictatethatonly threecyclesareneededbetween

eachoriginal iteration(six for thecompilerunrollediteration),so this side-effect is not quite

asaggressive asa compilercouldbe. By performingloop rotation,the top of thesuccessive

iterationis movedinline with thebottomof theprevious iteration,enablingoptimizationand

schedulingof iterationheadsandtails. The new loop body effectively representsa software

pipelinedloopwith continuousiterationoverlap.

Futureiterativelayoutandschedulingpassescould,in theory, continueto improvethesoft-

warepipeliningeffect. In thecurrentexample,operationsfrom thetop of theseconditeration

(bottomblueinstructionsin Figure6.23(c))areallowedto move into thebottomblocksof the

previousiteration(top redblocks).A secondpasswould againrotatethenew loop sothatthe

1The TGU could have placedthe singlefirst instructionfrom the block associatedwith B from cycle 6 in
parallelwith the two in cycle 7 speculatingtheir parallelism.While the experimentalEPIC would have stalled
ona truedependence,otherEPICmachines,suchasItanium,donotcheckintrablockdependencesandmayhave
producedillegalcode.
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top portionof thenext iteration(themixtureof redandblueblocks)wouldbeplacedafterthe

bottomof thenext, allowing for furtherspeculation(theoriginalblueblockswouldbecumula-

tively movedto theblueblocksof thepreviousiteration).This softwarepipeliningside-effect

process,however, is notasefficientasacompiler. Eachpassof relayoutandoptimizationonly

rotatesthe loop by onebasicblock andthe rotationamountis limited to thearbitrarysizeof

thatblock.
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CHAPTER 7

RELATED WORK

The ROAR architecturerepresentsmultidisciplinarywork merging the fields of compiler

algorithms,run-timesystems,andcomputerarchitecture.Hence,this work is derived from a

numberof conceptsfrom eachof thesedistinct fields aswell asothermultidisciplinarysys-

temsthatalsostriveto providerun-timeoptimizationcapabilities.Thischapteris comprisedof

threesectionscoveringprofiling, software-basedoptimization,andhardware-basedoptimiza-

tion techniques.Thefirst sectionrelatesto region selection(Chapter4) while thesecondtwo

relatedto region optimization(Chapters5 and6). Finally, a preliminaryversionof an opti-

mizationsystemtaxonomyis provided in AppendixA that is intendedto explore thebreadth

of choicesrelatingto theaggressivenessandcomplexity of varioussystems.

7.1 Profiling

Control-flow profileshave beenshown to provide invaluableinformationto an optimizer

becausethey give insight into the frequentlyexecutedpathsin the program. While profile-

driven optimizationssuchas superblockformation and scheduling[47] have demonstrated

significantimprovementsin performance,softwarevendorshave beenreluctantto adda pro-

filing stepto their compilationprocess.In somecases,compilershave employedstaticbranch
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predictiontechniquesto form estimatedprofileswith moderatesuccess[51], [52]. More re-

cently, anumberof post-link-timeoptimizationsystemshavebeenproposedthattransparently

andautomaticallyprofile andreoptimizeprograms.However, evenwhenthecostof profiling

is minimized,instrumentation-basedprofiling canstill incur significantoverhead,measuredat

between11%and424%slowdown [53].

Low-overheadmethodsof transparentprofiling have beendevelopedbasedon statistical

sampling[54]-[57]. Themostcommonapproacheseitherperiodicallyor randomlysamplethe

programcounter(PC) valueandtrack the distribution of sampledPC valuesover the course

of execution.Theperiodicform, alsousefulfor statisticalsamplingof otherprocessorevents

suchascachemisses,is oftenimplementedthroughasimplehardwarecounter. Whentheevent

occurs,a counteris incremented.Then,oncethecounterreachesa predeterminedthreshold,

aninterruptis takento theoperatingsystemwherethecurrentPCis reportedandthecounteris

reinitialized.For PCsampling,theeventis simply instructionexecution.However, dueto the

latency betweenaneventandthecounteroverflow interruptanddueto out-of-orderexecution,

the PC reportedduring the interrupt is often several instructionsaway from the offending

instruction.Morerecentimplementationsbuffer thePCvalueof theoffendinginstructioneach

time thecounteris incrementedsothatproperPCvaluereportingcanbeaccomplished.These

approachessuffer from threeprimary drawbacks.First, theentireprofile of eachapplication

mustbecontinuouslymaintainedat run time on theproductionsystem.Not only is thererun-

time overheadin collectingthenumeroussamples,thereis additionaloverheadin performing

softwareanalysison thecollection.Second,theprofile representsonly averagebehavior over

an extendedperiodof time. And third, the latency of detectingvariationsin the program’s
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behavior canbegreat.TheproposedHot SpotDetectoraddressesthesedrawbacksby profiling

only themostfrequentlyexecutedinstructions,thosemostlikely to benefitfrom post-linkop-

timization. Thedetectoralsothoroughlytracksinstructionbehavior overa shorttime window

to provideanaccurateandtimely relativeprofile for eachphaseof execution.

Severalmorecomprehensive profiling mechanismshave alsobeenproposed.BasicBlock

Distribution Analysis [58] combinesintense,periodic sample-basedprofiling to determine

the compositionof repetitive phases,but is not applicableto moregeneralphasingbehavior

patterns. The ProfileMe [59] systemintroducedtwo primary improvementsover sampling-

basedmethods.First, the systemprovidesa meansfor attributing a varietyof eventsto spe-

cific instructions,whereaspreviouseventcountermechanismscouldonly pinpointoffending

instructionswithin a handfulof cycles. Theability to correlateeventsto instructionsis a key

factorfor performingmicroarchitecture-specificoptimization. Second,thesystemallows for

comprehensive randomprofiling of pairs of instructionsin order to betterunderstandtheir

pipeline interaction. Like thesesystems,the Hot Spot Detectoris able to correlatebranch

behavior with specificinstructions,but it also hasthe ability to automaticallyfilter out the

unimportantbranches.Furthermore,theHot SpotDetectoronly requiresservicingby eithera

hardwareor softwareoptimizerwhena run-timeoptimizationopportunityhasbeendetected.

TheProfileBuffer [60] is ahardwaretablethatresidesin theretirementstageof themicro-

processorandconsistsof a smallnumberof entries(in therangeof 16-64)which areusedto

thoroughlytrackbranchbehavior. Theoperatingsystemsamplesandresetstheprofile buffer

whenit becomesfull, thusminimizing its run-timeoverhead,estimatedat2%- 5%. Overtime,

thesamplesarecoalescedto form anedgeweightprofile. Thedynamicworking setsignature
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detector[61] is anotherhardwareapproachwhich intensively monitorsthe executingblocks

for patternshifts. This hardwarecomponentcouldbe usedto trigger thebeginningof a new

phaseanddeterminewhetheror not thephasehadalreadybeendetected,but generallyhasno

mechanismfor determiningtheactualinstructioncontentof thephase.

7.2 Software-BasedDynamic Optimization

Run-timeprofiling andoptimizationof applicationspromisesto deliverhigherperformance

thanis currentlyavailablewith statictechniques.A numberof software-or firmware-based,

dynamicoptimizationsystemshaveemergedthatoptimizerunningapplications,storingtheop-

timizedsequencesinto aportionof memoryfor extendedexecution.DAISY [62], FX!32 [63],

UBQT [64], Aries [65], andmorerecentlyTransmeta[66] andBOA [67] aresystemsdesigned

to performdynamiccodetranslationfrom onearchitectureto another. Earlyversionsof DAISY

andFX!32 wereprimarily concernedwith providing architecturalcompatibility with subse-

quentenhancementstargetingperformance,while theTransmetaprocessorsspecificallyutilize

dynamictranslationasa meansfor improving performance.Dynamofor HPPA [22], [68], a

Dynamoderivativefor x86Windows[69], Wiggens/Redstonefor Alpha[70], andMojo for x86

Windows[71] aresystemsdesignedto improveapplicationperformanceon thesamearchitec-

ture. Similarly, just-in-timecompilers[72], [73] have beenintroducedto generateoptimized

codeat run time from an intermediaterepresentationsuchasJava bytecode.However, these

systemsoften suffer from significantsoftwareoverhead.Many of themutilize interpretation

to comprehensively profile applicationsbeforegeneratingoptimizedcodesequences.Others
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generatepoorly optimizedversionswith embeddedprofiling countersto accomplishthesame

goal. However, time spentin an interpreteror spentexecutingprobedcodeis overheadthat

mustbe reclaimedwhenexecutingthe optimizedcodein order to seea performancebene-

fit. Thesesystemsalsorequirea softwareexecutive to monitorandcontrol thereoptimization

process.While ROAR usesa similar memory-basedcodestoragetechnique,it usesa hard-

warestructurethatoperatesin parallelwith theexecutionof theapplicationfor rapidprofiling,

analysis,optimization,andmanagement.

Similar to Dynamo(theHPPA to HPPA softwaredynamicoptimizationsystem),thepro-

posedTraceGenerationUnit utilizes the real executionstreamto selecttracesfor optimiza-

tion [74]. In Dynamo,instructionsareinitially interpretedwhile potentialtracestartingpoints

arethoroughlyprofiled. Onceanexecutionthresholdfor a startingpoint is reached,a traceis

formedbeginningatthestartingpoint following thecurrentexecutionstream.ROAR improves

uponDynamo’s methodby eliminatingtheoverheadassociatedwith interpretationandprofil-

ing byperformingtheprofiling in hardware.Becausetheprofiling overheadis low, all branches

canbe efficiently profiled andusedto guidethe traceformationprocess.As a softwaresys-

tem,Dynamoprovidesflexibility becausethetraceformationandoptimizationchoicescanbe

customizedandupgradedto addresstheneedsof differentusageenvironments.Furthermore,

it canoperatewithout any requiredsupportfrom theunderlyinghardware,andmaybeableto

utilize a moreglobal view of the codeduring optimization. However, the softwareoverhead

of Dynamolimits the overall benefitfrom any optimizationperformed. Additionally, if an

applicationrequirespreciseexceptions,optimizationandany instructionreorderingmustbe

furtherrestrained.
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Most compilersimprove fetchperformanceby reorderinga program’s blockssequentially

alongexpectedfrequentpaths.Compilersoftenuseprofile information[47], [75] to organize

thefunctionsandblockswithin functions,performingfunctioninlining whereappropriate.The

SoftwareTraceCache[76] techniqueconstructstracesat compiletime thataresimilar to the

tracesconstructedat run time by a tracecache(describedin detail in Section7.3). Spike, an

Alpha architectureoff-line link-time optimizer [77], [78], separatesthe hot blocks from the

cold blocksusingprofiling information. Then,the hot blocksarereorderedandformedinto

likely pathsof execution. Finally, the hot blocksareanalyzedandinstructionsthat areonly

neededto supportthe cold pathsarerelocatedinto compensationcodesegmentsstoredwith

the cold blocks. Spike operateson Alpha objectfiles providing profile-guidedcross-source-

file optimizationsduring the linking process. Vulcan [79] from Microsoft and Lbx86 [80]

from the IMPACT Researchgrouparesimilar tools for binaryoptimizationof x86 Windows

applications. Unlike most of the static techniquesdescribed,ROAR also optimizesacross

library anddynamicallylinkedlibrary boundaries.This is a significantdistinctionbecausethe

softwareindustryis migratingtowardmoremodularcomponent-basedsoftware.

By takingadvantageof optimizationopportunitieschosenatcompiletime,dynamiccompi-

lation(DyC [81] andtcc[82]) hasbeenusedto performoptimizedcodegenerationatexecution

time. Run-timeinformation,particularlytheconsistency of values,is usedby theDyC software

dynamiccompilerto generateoptimizedcodefor regionswhichareannotatedduringcompila-

tion. Thecompilersetsup potentialregionsby generatingtemplatecodefor eachopportunity

with holesthat canbe filled by run-timedetectedvalues. For instance,a loop with run-time

constantiterationcountcanbeprocessedinto a templatethatsimplyconsistsof theloop body
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andspacefor the iterationcountcheck. At run time, the iterationcountcanbe detected,the

loop potentiallyunrolled to a factorof the iterationcount,andthe iterationcountcheckin-

serted. Thesetemplatedregionscanbe selectedautomaticallythroughuseof codeanalysis

andprofile information[83]. While specificloopsachieve impressive speedups(asmuchas

500%),whole-programgeneralizationhasyieldedmoderateimprovements,especiallyin inte-

gerapplications.By utilizing hardwaresupport,a similar technique,calledCompiler-directed

ComputationReuse[84], takesadvantageof run-timeconsistentvaluesto eliminateentirere-

gionsof redundantcomputationthroughresultmemoization.However, thesetechniquesrely

uponregionschosenatcompile-timeandarelimited by theeffectivenessof theprogrammeror

automatedannotationmechanisms.

7.3 Hardware-BasedDynamic Optimization

Dynamicschedulingof instructionsin hardware(out-of-orderexecution)hasbeenusedto

improve instruction-level parallelismat run time [85], [86]. By reorderinginstructionsat run

time, executiontimesideally canbereducedto thecomputationheightof thecodesequence.

Dynamicheightreductionrelieson aggressive registerrenaming[87] to eliminatetheoutput

andantidependencesthat restrictout-of-orderexecutionandcodemotion. Furthermore,the

costof longlatency operationscanbehiddenby theconcurrentexecutionof otherinstructions.

However, thewindow from which instructionscanbeselectedis typically small,andnorecord

is keptof failedreorderingattemptsto preventthemin thefuture. In addition,sincethehard-

warefor this form of dynamicschedulingis locatedon the processor’s critical path,thereis
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limited opportunityfor moreadvancedoptimizations.Onegoalof theROAR systemis to ex-

plorea processorarchitecturethatonly occasionallyreoptimizesthecodeat run time instead

of theconstantreoptimizationin out-of-ordermachines,similar to what the DIF microarchi-

tectureprovides[88]. DIF, dynamicinstructionformating,collectsinstructionsexecutedalong

frequentpathsand dynamicallybundlesthem into setsof independentparallel instructions.

Thesetsarethenformedinto atomicallyexecutedgroupsandstoredin aspecialhardwareDIF

cache.Whenabranchis mispredictedor schedulingassumptionviolated,processorstateis re-

storedto acheckpointedstatetakenat thebeginningof thegroup.Whengroupinginstructions,

thescheduleranalyzesthecodefor instruction-level parallelismandschedulesthecodeto ef-

fectivelyutilize theavailablefunctionalunits.TheROAR architectureservesasimilarpurpose,

but allows instructionsto be storedin memoryfor long-termexecutionandprovidesrolling

checkpointingof speculative valueswhich enablesarbitrarily long executiontraces.Through

occasionalreoptimization,powerconsumptionmaybereducedthroughshorteroptimizerhard-

waredutycycles,andpipelinecomplexity canbereducedby moving theschedulinghardware

off of thecritical path.

The TraceGenerationUnit implementsa setof run-timeoptimizationtechniquesthat at-

tack a problemtraditionally managedthrougheither special-purposehardware or compiler

techniques.In orderto achievehigherlevelsof instruction-level parallelismin superscalarma-

chines,the fetch unit is requiredto supplymultiple basicblocksper cycle to the execution

units. Early designsincludethe sequentialinstructioncachesandthe collapsingbuffer [89],

which weredesignedto fetch several contiguousblocksacrosscacheboundariesandnonse-

quentialintracacheline blocks,respectively, in a singlecycle. However, thecomplexity of the
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shift logic in the collapsingbuffer maycausean undesirableincreasein fetch latency. More

recentsolutionsto the wide fetch probleminvolve reorderingthe codeblocks into executed

orderandstoringtheminto aspecialcachecalledthetracecache[90]. Thiscacheorganization

hasbeenshown to performwell, asinstructionsnormallyseparatedby takenbranchescanbe

fetchedin asinglecycle.

Optimizationsbeyond block reorderingin a traditional tracecachehave also beenpro-

posed[91], but thesetransformationshave beenlimited to classicaloptimizations.Sinceall

the instructionswithin a tracearelikely to executetogether, architectureswheretracesserve

asthefundamentalunit of work have beenproposed.In theTraceProcessorarchitecture[92],

sequencesof tracesarepredictedanddispatchedasa unit. Sincethey arecached,fetched,

andexecutedasa unit, they provide anopportunityfor moreaggressive optimizationsuchas

instructionrescheduling[93].

Becausetracesin the tracecacheareshortandoften have brief lifetimes, the tracecache

is a limited framework for dynamicoptimization. Oneproposedsystem,called the rePLay

framework [94], providesa microarchitecturein which instructionsarecollectedinto much

longertracesandoptimizedby thehardware.In this system,anenhancedtracecachedelivers

unitsof executioncalledframesto theprocessorcore.Eachframeconsistsof a long sequence

of instructionsselectedsuchthatthereis highprobabilityof executingthroughto theendof the

trace.Side-exit branches,all with a low exit probability, canthenbeconvertedinto assertions,

essentiallymakinganassumptionthatthebranchconditionswill notbetrue.Thus,instruction

reorderingcan be performedwithout regard to side-exits from the trace. A checkpointof

architecturalregister stateis madeprior to a frame’s execution,and all storesin the trace
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mustbebuffereduntil theendof thetrace,sincea framemustcompletelyexecutein orderto

commitany changesto registeror memorystate.A failedassertiontestor exceptionanywhere

in the tracesignalsthat an assumptionmadeduring optimizationhasbeenbroken, and that

executionmust be completelyrestartedusing the original instructionsfrom the instruction

cache. By comparison,ROAR usesan explicit commitmentmechanismthat, uponan early

traceexit dueto a branchor anexception,canretainall of thenonspeculative (andcommitted

speculative) work performed.This commitmentmechanism,previously describedasrolling

commits,combinedwith a strict preservationof storeordering,alsoeliminatesROAR’s need

for agatedstorebuffer.

ROAR andrePLayexploit programexecutionvariationsat differentgranularities.ROAR

formsnew extractedhot spotregions(containingmany traces)at intervalson theorderof
øúùüû

to
øýùÿþ

cycleswhile rePLaydetectsa new frameevery
øýù��

cycles[20]. This differenceallows

rePLayto take advantageof short-livedtrendsin additionto stablepatterns,but requirescon-

tinuousdetectionandoptimizationof frames.ROAR focuseson phaseswhoseusefullifetime

is minimally hundredsof thousandsof cyclesso SHOPcanamortizeoptimizationcostsand

focusontraceslikely to continueexecution.SinceROAR utilizesamemory-basedcodecache,

its transformationsarepersistentevenacrosscontext switches.TheROAR architecture,ascur-

rently designed,detectsandoptimizesonly a singlehot spotat a time andmay temporarily

delaytheformationof otherhotspotsuntil thecurrentoneis complete.Previousevaluationof

rePLayhasassumeda fully pipelinedoptimizationmechanism.Using their default schedul-

ing time of 1000 cycles per frame and an averageframe detectionrate of 100 cycles [20],

this mechanismmustbe ableto optimizean averageof 10 framesin parallel throughoutthe
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executionof an application.TheROAR framework fundamentallycontainsanautomaticfil-

teringmechanismdesignedto identify andoptimizethetruly importantcoderegions.

Transmeta’sCrusoeprocessors[66], [95] andIBM’ s BOA [67] alsousea softwaresystem

to translate,profile,andoptimizeprogramsatruntime. LiketherePLay, they employ ashadow

registerfile andgatedstorebuffer to allow aggressiveoptimizationof thetranslatedcode.In the

presenceof anexception,they roll backto apreviouscheckpointandusesoftwareemulationon

thetheoriginal codeto providepreciseexceptions.Similarly, IBM’ sDAISY [96] providesfor

preciseexceptionsusingcheckpoints.Uponanexception,theprocessorstateis rolled backto

thecheckpoint.Thecheckpointprovidesabasepointerinto theoriginalcode,andabackwards

examinationof the translatedinstructionsprovidesan offset to the original programaddress

thatshouldsignaltheexception.

Several recentlyproposedsystemsincludea coprocessorin the hardwarespecificallyde-

signedto optimizeinstructions.Onesuchmechanismis calledtheinstructionpathcoprocessor

(I-COP)[97]. This particulardesignis essentiallya small load-storearchitecturewith a small

setof registersthat is enhancedwith several new instructionsfor patternmatching,bit ma-

nipulation,anddatamovementwith thecoreprocessor’s nonarchitectedregisters.While such

coprocessorsmay provide a flexible optimizationengine,they requiretheir own instruction

anddatamemoryand functionalunits. We provide similar schedulerfunctionality through

special-purposehardwarefor reducedcost,thoughwith potentiallylessflexibility . TheSHOP,

however, couldbeimplementedby amechanismsimilar to theI-COP.
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CHAPTER 8

CONCLUSIONS AND FUTURE WORK

Recentinnovationsin microprocessordesignhave given the processormorecontrol over

how to executecodeoptimally. ROAR techniquesadvancethe state-of-the-artby allowing

theprocessorto detectthemostfrequentlyexecutedcode,to performcodestraighteningand

partialfunctioninlining, loopunrollingoptimizations,andinstructionrescheduling,andto de-

ploy the codefor immediateuse,in a mannertransparentto the userapplication. The Hot

SpotDetectormonitorsthe retiredinstructionstream,providing a relative profile of themost

frequentlyexecutedinstructionsin the stream. Unlike otherhardwareprofilers, the detector

utilizesa continuousanalysisalgorithmto determinewhena suitableregion for run-timeop-

timization is found. The TraceGenerationUnit extractstracesfrom the instructionstream,

filtering out infrequentpathsby usingtheprofilesstoredin thedetector. Thegeneratedtrace

setsarewritten into memorysothata ROAR processormayemploy a traditionalfetchmech-

anism.Further, thetracesetsarepassedthroughtheSchedulerandOptimizer, which utilizes

PreciseSpeculationto improvetheinstructionscheduleto exploit availableILP. Thedetection

andextractionof frequentlyexecutedcodeis doneafter theretirementstageof theprocessor,

off thetiming-critical paths.

Preliminaryresultsshow thattheTGU optimizationsappliedby ROAR achievesignificant

fetch performanceimprovementat little extra hardware cost. For in-order core processors,
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ROAR providesthe ability to adaptto new input patternsandovercomemoduleboundaries.

ROAR’s ability to identify hot spotsearly in their lifetime so that the vast majority of the

executionof thesehotspotsis spentin optimizedcodeis akey contributingfactorto its success.

In addition,becausethegeneratedcodeconsistsof important,persistenttraces,ROAR creates

opportunitiesfor moreaggressiveoptimizations.

ROAR presentsaplatformfor pursuinganumberof otherpromisingdynamicoptimization

opportunities.First, thehot spotdetectionandtracefiltering mechanismscouldbeappliedto

othertrace-baseddynamicoptimizationsystems,hardwareor software. For example,rePLay

couldusethe BBB to filter out spurioustracesin orderto reduceoptimizerbandwidth.Sec-

ond,ROAR’s hardware-centricapproachcouldbeexploitedby othersystems.Dynamocould

employ thehardwarefeaturesfor fastprofiling andpossiblytracegeneration.Dynamiccode

generatorsandjust-in-timecompilerscould usethe schedulinghardwareto quickly produce

adequateinstructionschedulesinsteadof interpretingor performinghigh-overheadscheduling

beforecoderegionsareevendeterminedto beimportant.

Tracegenerationtechniquescanform codefragmentsacrossbasicblockboundarieswhere

thecompilergenerallydoesnot, suchasacrosscontrol-flow merge points,to producehigher

performancecode. In general,traceshave superiorlocal codeperformancewhenthey match

executionbehavior, but mayhaveverypoorperformancewhenthey donot. Whentracescanbe

adaptedto matchexecutionbehavior, asystemcanbecreatedto automaticallyformcustomized

tracesthatproducea sustainedincreasein performance.Compilersandregion-basedoptimiz-

ers[98], however, consideralargerscopeandhavethepotentialto optimizebeyondthebounds

of codesnippetsandtraces.However, they oftenencounterobstacleswithin theregionsdueto
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control-flow mergepointsthatlimit schedulingandoptimization(aninstructionoperandmight

have several differentpossibleproducers).Typically, theseboundariesform codefragments

thatareshorterthantraceswhich canreducethebenefitsof instructionscheduling.Optimiza-

tionsat theregiongranularityalsotypically requiresignificantamountsof informationto prop-

erly managememorydependencesandpredicatesthatarecurrentlynot availableto dynamic

optimizers.ROAR, while designedasaplatformfor region-basedoptimization,currentlyuses

trace-basedoptimizationsbecauseof thelack of analysisinformation.Futurework will focus

on the tools neededto retrieve and utilize deeperanalysisinformation that will further im-

prove thebenefitsprovidedby ROAR. This analysisinformationis likely to begeneratedand

storedby thecompiler. It shouldbenotedthatthecompileris avaluableoptimizationtool that

shouldbe co-designedwith the dynamicoptimizer to provide maximumsynergy. Examina-

tion of ROAR-generatedtracesrevealedthatsometraceshadinstructionschedulesthatclosely

matchedthe schedulesoriginally madeby the compiler. Someof the similarity stemsfrom

ROAR’s restrictedcodemotion dueto memorydependences,but the compileralsosuccess-

fully scheduledthe instructionsinto tight POEsbaseduponmachineresources.Furthermore,

the compilermay setup delicatebut fastcodesequences,suchasmoduloscheduledloops,

thatcouldeasilybeslowedby anunawaredynamicoptimizer. Clearly, boththecompilerand

dynamicoptimizerhavestrengthsthatshouldbothbeexploitedin ahigh-performancesystem.

Extensionof ROAR ideasto managedcodeenvironments,suchas.NET [7], couldgreatly

improve dynamiccompilationoverhead.By utilizing the phasingconcept,coderegionsthat

containjust the importantfunctionscould be generatedandmanagedtogetheron a per hot

spotbasis,muchlike ROAR’s managementsystem. This techniquecould provide compact,

183



high performancecodethatonly requiresgeneration-timeanalysison theimportantfunctions

insteadof all touchedfunctions. Furthermore,a generationalhot spot codemanagercould

be employed to retain the truly importanthot spotswhile making room for newly detected

regions. Exploitableprogramphases,however, do not often cover 100%of an application’s

execution. Rather, otherlessintensively executedperiodsexist thatoftenglue thephasesto-

gether. Theseregionsmay benefitfrom a lessaggressive andsmaller-scopedextractionand

optimizationmechanism.Therefore,ahierarchicalapproachmaybeidealwith a region-based

approach,suchasROAR phaseoptimization,at thetop followedby optimizationson individ-

ually collectedtracesbelow. Last,a moredetailedstudyof thebenefitsprovidedby storesets

andtheir representationin aROAR-likeenvironmentis in order.

ROAR conceptscould alsoleadto a new approachto profile-basedoff-line programop-

timization. Ratherthanusingtraditionalaggregateor summarizedexecutionprofile weights,

this approachwould usethe transparentHot SpotDetectorhardwareto automaticallydetect

executionphasesandrecordbranchprofile informationfor eachnew phase.A codeextrac-

tion algorithm[99] would thenproducecodepackages,or regions,that arespeciallyformed

andpartially inlined [100] for their correspondingphases[101]. The algorithm would rely

onefficient informationpropagationandheuristicestimationtechniquesto compensatefor the

incompleteand often incoherentbranchprofile information that arisesdue to the natureof

hardwareprofiling. The techniquewould avoid unnecessarycodereplicationby focusingon

hot code,makingefficient connectionsbetweenthe original codeandthe new code,linking

coderegionsat selectpointsto facilitatephasetransitions,andproviding a platform for effi-

cientoptimization.

184



REFERENCES

[1] M. C.Merten,A. R.Trick, C.N. George,J.C.Gyllenhaal,andW. W. Hwu, “A hardware-
drivenprofiling schemefor identifying programhot spotsto supportruntimeoptimiza-
tion,” in Proceedingsof the 26th InternationalSymposiumon ComputerArchitecture,
May 1999,pp.136–147.

[2] M. C. Merten, A. R. Trick, R. D. Barnes,E. M. Nystrom, C. N. George, J. C. Gyl-
lenhaal,andW. W. Hwu, “An architecturalframework for runtimeoptimization,” IEEE
TransactionsonComputers, vol. 50,pp.567–589,June2001.

[3] M. C. Merten,A. R. Trick, E. M. Nystrom,R. D. Barnes,andW. W. Hwu, “A hardware
mechanismfor dynamicextractionandrelayoutof programhot spots,” in Proceedings
of the27thInternationalSymposiumon ComputerArchitecture, June2000,pp.59–70.

[4] S. Palacharla,N. P. Jouppi,andJ. E. Smith, “Complexity-effective superscalarproces-
sors,” in Proceedingsof the 24th InternationalSymposiumon ComputerArchitecture,
June1997,pp.206–218.

[5] S. Muchnick, AdvancedCompiler Designand Implementation. SanFrancisco,CA:
MorganKaufmannPublishers,1997.

[6] P. Robichaux,Managing Windows2000Registry. Sebastopol,CA: O’Reilly andAsso-
ciates,2000.

[7] D. S. Platt, IntroducingMicrosoft.NET. Redmond,WA: Microsoft Press,seconded.,
2002.

[8] R. Ben-NatanandO. Sasson,IBM WebsphereApplicationServer:TheCompleteRefer-
ence. New York, NY: OsborneMcGraw-Hill, 2002.

[9] Hewlett-PackardCompany, CoreServicesFramework,DocumentNumberCSF04DV10.
PaloAlto, CA, 2002.

[10] M. Schlansker andB. R. Rau,“EPIC: An architechurefor instructionparallelproces-
sors,” Hewlett-PackardLaboratory, 1501PageMill Road,Palo Alto, CA 94304,Tech.
Rep.HPL-1999-111,February2000.

[11] E. Nystrom,R. D. Barnes,M. C. Merten,andW. W. Hwu, “Codereorderingandspec-
ulationsupportfor dynamicoptimizationsystems,” in Proceedingsof theInternational
Conferenceon Parallel Architectures and CompilationTechniques, September2001,
pp.163–174.

[12] StandardPerformanceEvaluationCorporation,“Specnewsletter.” http://www.spec.org.

185



[13] L. Wall, T. Christiansen,and R. L. Schwartz, ProgrammingPerl. Sebastopol,CA:
O’Reilly andAssociates,seconded.,1996.

[14] J.R. Larus,“Whole programpaths,” in Proceedingsof theACM SIGPLAN’99 Confer-
enceon ProgrammingLanguageDesignandImplementation, May 1999,pp.259–269.

[15] W. W. Hwu, M. C. Merten,A. R. Trick, C. N. George,andJ. C. Gyllenhaal,“Method
andApparatusfor InstructionExecutionHot SpotDetectionandMonitoring in a Data
ProcessingUnit.” U. S.PatentApplication,Universityof Illinois atUrbana-Champaign,
March2000.

[16] B. Shriver andB. Smith,TheAnatomyof a High-PerformanceMicroprocessor:A Sys-
temsPerspective. LosAlamitos,CA: IEEE ComputerSocietyPress,1998.

[17] D. I. August,D. A. Connors,S. A. Mahlke, J. W. Sias,K. M. Crozier, B. Cheng,P. R.
Eaton,Q.B. Olaniran,andW. W. Hwu, “Integratedpredicatedandspeculativeexecution
in theIMPACT EPICarchitecture,” in Proceedingsof the25thInternationalSymposium
onComputerArchitecture, June1998,pp.227–237.

[18] D. BrueningandE.Duesterwald,“Exploring optimalcompilationunit shapesfor anem-
beddedjust-in-timecompiler,” in Proceedingsof theThird ACM WorkshoponFeedback-
DirectedandDynamicOptimization, December2000,pp.13–20.

[19] J. L. HennessyandD. A. Patterson,ComputerArchitecture: A QuantitativeApproach.
SanFrancisco,CA: MorganKaufmannPublishers,1996.

[20] B. Fahs,S. Bose,M. Crum,B. Slechta,F. Spadini,T. Tung,S. Patel, andS. Lumetta,
“Performancecharacterizationof a hardwaremechanismfor dynamicoptimization,” in
Proceedingsof the34thAnnualACM/IEEEInternationalSymposiumonMicroarchitec-
ture, December2001,pp.16–27.

[21] S. J. Patel,T. Tung,S. Bose,andM. Crum, “Increasingthe sizeof atomicinstruction
blocksby usingcontrolflow assertions,” in Proceedings33rd AnnualIEEE/ACM Inter-
nationalSymposiumon Microarchitecture, December2000,pp.303–316.

[22] V. Bala,E. Duesterwald, andS. Banerjia,“Transparentdynamicoptimization:Thede-
signandimplementationof dynamo,” Hewlett-PackardLaboratoriesCambridge,Tech.
Rep.HPL-1999-78,June1999.

[23] D. Carmean,“The pentium4 processor.” presentedatHot Chips13,StanfordUniversity,
PaloAlto, CA, August2001.

[24] S. J. Patel, D. H. Friendly, andY. N. Patt, “Evaluationof designoptionsfor the trace
cachefetch mechanism,” IEEE Transactionson Computers, SpecialIssueon Cache
MemoryandRelatedProblems, vol. 48,pp.193–204,February1999.

[25] Intel Corporation, Intel Architecture Software Developer’s Manual, Volume 2:
InstructionSetReference, DocumentNumber243191. SantaClara,CA, 1997.

186



[26] CompaqComputerCorporation,AlphaArchitectureHandbook:Version4, Order Num-
berEC-QD2KC-TE. CompaqComputerCorporation,1998.

[27] Intel Corporation,Intel IA-64 Architecture Software Developer’s Manual Volume3:
InstructionSetReference, DocumentNumber245319-003, December2001.

[28] S. McFarling, “Combiningbranchpredictors,” Digital, WRL, Tech.Rep.TN-36, June
1993.

[29] P. H. Wang,H. Wang,R.M. Kling, K. Ramakrishnan,andJ.P. Shen,“Registerrenaming
andschedulingfor dynamicexecutionof predicatedcode,” in Proceedingsof the 7th
InternationalSymposiumon High-PerformanceComputerArchitecture, January2001,
pp.15–25.

[30] S.A. Mahlke,W. Y. Chen,J.C. Gyllenhaal,W. W. Hwu, P. P. Chang,andT. Kiyohara,
“Compiler codetransformationsfor superscalar-basedhigh-performancesystems,” in
Proceedingsof Supercomputing’92, November1992,pp.808–817.

[31] B. C. ChengandW. W. Hwu, “Modular interproceduralpointeranalysisusingaccess
paths:Design,implementation,andevaluation,” in Proceedingsof theACM SIGPLAN
’00 Conferenceon ProgrammingLanguage Designand Implementation, June2000,
pp.57–68.

[32] G. Z. Chrysosand J. S. Emer, “Memory dependencepredictionusing storesets,” in
Proceedingsof the 25th Annual International Symposiumon ComputerArchitecture,
June1998,pp.142–153.

[33] S. A. Mahlke, W. Y. Chen,R. A. Bringmann,R. E. Hank,W. W. Hwu, B. R. Rau,and
M. S. Schlansker, “Sentinelscheduling:A model for compiler-controlledspeculative
execution,” ACM TransactionsonComputerSystems, vol. 11,November1993.

[34] J.E. SmithandA. R. Pleszkun,“Implementationof preciseinterruptsin pipelinedpro-
cessors,” in Proceedingsof the12thAnnualInternationalSymposiumon ComputerAr-
chitecture, June1985,pp.36–44.

[35] E. M. Nystrom,“Architecturalsupportfor persistent,dynamiccodetransformations,”
M.S. thesis,Universityof Illinois, Urbana,IL, 2002.

[36] K. Ebcioglu,E. Altman,S.Sathaye,andM. Gschwind,“Optimizationsandoracleparal-
lelismwith dynamictranslation,” in Proceedingsof the29thAnnualInternationalSym-
posiumon Microarchitecture, November1999,pp.284–295.

[37] D. Landskov, S. Davidson,B. Shriver, andP. W. Mallet, “Local microcodecompaction
techniques,” ACM ComputingSurveys, vol. 12,pp.261–294,September1980.

[38] J. A. Fisher, “Tracescheduling:A techniquefor globalmicrocodecompaction,” IEEE
TransactionsonComputers, vol. C-30,pp.478–490,July1981.

187



[39] C. Lee, M. Potkonjak, andW. Mangione-Smith,“Mediabench:A tool for evaluating
andsynthesizingmultimediaandcommunicationssystems,” in Proceedingsof the30th
AnnualInternationalSymposiumonMicroarchitecture, December1997,pp.330–335.

[40] P. P. Chang,S. A. Mahlke, W. Y. Chen,N. J. Warter, andW. W. Hwu, “IMPACT: An
architecturalframework for multiple-instruction-issueprocessors,” in Proceedingsof the
18thInternationalSymposiumon ComputerArchitecture, May 1991,pp.266–275.

[41] W. W. Hwu, R. E. Hank, D. M. Gallagher, S. A. Mahlke, D. M. Lavery, G. E. Haab,
J. C. Gyllenhaal,andD. I. August,“Compiler technologyfor futuremicroprocessors,”
Proceedingsof theIEEE, vol. 83,pp.1625–1995,December1995.

[42] W. W. Hwu, J. W. Sias,M. C. Merten,E. M. Nystrom,R. D. Barnes,C. J. Shannon,
S.Ryoo,andJ.V. Olivier, “Itanium performanceinsights.” presentedatMicroprocessor
Forum,SanJose,CA, October2001.

[43] C.J.Shannon,“The IMPACT SC140codegenerator,” M.S.thesis,Universityof Illinois,
Urbana,IL, 2002.

[44] AJ. KleinOsowski, J. Flynn, N. Meares,and D. J. Lilja, “Adapting the SPEC2000
benchmarksuitefor simulation-basedcomputerarchitectureresearch,” in Proceedings
of theWorkshopon WorkloadCharacterization, September2000,pp.83–100.

[45] AJ. KleinOsowski andD. J. Lilja, “MinneSPEC:A new SPEC2000benchmarkwork-
loadfor simulation-basedcomputerarchitectureresearch,” ComputerArchitecture Let-
ters, vol. Volume1, May 2002.

[46] J.W. Sias,W. W. Hwu, andD. I. August,“Accurateandefficientpredicateanalysiswith
binarydecisiondiagrams,” in Proceedingsof 33rd AnnualInternationalSymposiumon
Microarchitecture, December2000,pp.112–123.

[47] W. W. Hwu, S. A. Mahlke, W. Y. Chen,P. P. Chang,N. J. Warter, R. A. Bringmann,
R. G. Ouellette,R. E. Hank,T. Kiyohara,G. E. Haab,J. G. Holm, andD. M. Lavery,
“The superblock:An effective techniquefor VLIW andsuperscalarcompilation,” The
Journalof Supercomputing, vol. 7, pp.229–248,January1993.

[48] A. Nicolau,“Run-timedisambiguation:Copingwith staticallyunpredictabledependen-
cies,” IEEETransactionsonComputers, vol. 38,pp.663–678,May 1989.

[49] D. M. Gallagher, W. Y. Chen,S. A. Mahlke, J. C. Gyllenhaal,andW. W. Hwu, “Dy-
namic memorydisambiguationusing the memoryconflict buffer,” in Proceedingsof
6th InternationalConferenceonArchitectualSupportfor ProgrammingLanguagesand
OperatingSystems, October1994,pp.183–193.

[50] J. Ferrante,K. J. Ottenstein,andJ. D. Warren,“The programdependencegraphand
its usein optimization,” ACM Transactionson ProgrammingLanguagesand Systems,
vol. 9, pp.319–349,July1987.

188



[51] T. Ball andJ. R. Larus,“Branchpredictionfor free,” in Proceedingsof theACM SIG-
PLAN1993Conferenceon ProgrammingLanguage Designand Implementation, June
1993,pp.300–313.

[52] B. L. Deitrich, B. C. Cheng,andW. W. Hwu, “Improving staticbranchpredictionin
a compiler,” in Proceedingsof the 18th Annual InternationalConferenceon Parallel
ArchitecturesandCompilationTechniques, October1998,pp.214–221.

[53] T. Ball andJ.R. Larus,“Optimally profiling andtracingprograms,” ACM Transactions
onProgrammingLanguagesandSystems, vol. 16,pp.1319–1360,July1994.

[54] J.Anderson,L. M. Berc,J.Dean,S.Ghemawat,M. R. Henzinger, S.Leung,R. L. Sites,
M. T. Vandevoorde,C. A. Waldspurger, andW. E. Weihl, “Continuousprofiling: Where
have all the cyclesgone?” in Proceedingsof the 16th ACM Symposiumof Operating
SystemsPrinciples, October1997,pp.1–14.

[55] X. Zhang,Z. Wang,N. Gloy, J. B. Chen,andM. D. Smith, “Systemsupportfor auto-
maticprofiling andoptimization,” in Proceedingsof the16thACM Symposiumof Oper-
atingSystemsPrinciples, October1997,pp.15–26.

[56] G. Ammons,T. Ball, andJ.R. Larus,“Exploiting hardwareperformancecounterswith
flow andcontext sensitiveprofiling,” in Proceedingsof theACM SIGPLAN’97 Confer-
enceon ProgrammingLanguageDesignandImplementation, June1997,pp.85–96.

[57] Intel Corporation,Intel ItaniumProcessorReferenceManualfor SoftwareDevelopment,
DocumentNumber245320-003, December2001.

[58] T. Sherwood, E. Perelman,and B. Calder, “Basic block distribution analysisto find
periodicbehavior andsimulation,” in Proceedingsof the2001InternationalConference
onParallel ArchitecturesandCompilationTechniques, September2001,pp.3–14.

[59] J. Dean,J. E. Hicks, C. A. Waldspurger, W. E. Weihl, and G. Chrysos,“ProfileMe:
Hardware supportfor instruction-level profiling on out-of-orderprocessors,” in Pro-
ceedingsof the30thAnnualInternationalSymposiumon Microarchitecture, December
1997,pp.292–302.

[60] T. M. Conte,K. N. Menezes,andM. A. Hirsch, “Accurateandpracticalprofile-driven
compilationusingthe profile buffer,” in Proceedingsof the 29th AnnualInternational
Symposiumon Microarchitecture, December1996,pp.36–45.

[61] A. S.DhodapkarandJ.E. Smith,“Managingmulti-configurationhardwarevia dynamic
working setanalysis,” in Proceedingsof the 29th AnnualInternationalSymposiumon
ComputerArchitecture, May 2002,pp.233–244.

[62] K. EbciogluandE. R. Altman, “DAISY: Dynamiccompilationfor 100%architectural
compatibility,” in Proceedingsof the24thInternationalSymposiumonComputerArchi-
tecture, June1997,pp.26–37.

189



[63] R. J. Hookway andM. A. Herdeg, “Digital FX!32: Combiningemulationandbinary
translation,” Digital Technical Journal, vol. 9, pp.3–12,August1997.

[64] C. CifuentesandM. V. Emmerik, “UQBT: Adaptablebinary translationat low cost,”
IEEEComputer, pp.60–66,March2000.

[65] C. ZhengandC. Thompson,“PA-RISC to IA-64: Transparentexecution,no recompila-
tion,” IEEEComputer, pp.47–52,March2000.

[66] A. Klaiber, “The technologybehindCrusoe
���

processors,” TransmetaCorporation,
http://www.transmeta.com,tech.rep.,January2000.

[67] M. Gschwind,E. Altman, S. Sathaye,P. Ledak, and D. Appenzeller, “Dynamic and
transparentbinarytranslation,” IEEE Computer, pp.54–59,March2000.

[68] V. Bala,E. Duesterwald, andS. Banerjia,“Dynamo: A transparentdynamicoptimiza-
tion system,” in Proceedingsof theACM SIGPLAN2000Conferenceon Programming
LanguageDesignandImplementation, June2000,pp.1–12.

[69] D. Bruening, E. Duesterwald, and S. Amarasinghe,“Design and implementationof
a dyanmicoptimizationframework for windows,” in Proceedingsof the Fourth ACM
Workshopon Feedback-DirectedandDynamicOptimization, December2001.

[70] D. Dever, R. Gorton,andN. Rubin, “Wiggens/Redstone:An on-lineprogramspecial-
izer.” presentedat Hot Chips11,StanfordUniversity, Palo Alto, CA, August1999.

[71] W.-K. Chen,S. Lerner, R. Chaiken, andD. M. Gilles, “Mojo: A dynamicoptimzia-
tion system,” in Proceedingsof the Third ACM Workshopon Feedback-Directedand
DynamicOptimization, December2000.

[72] A.-R. Adl-Tabatabi,M. Cierniak,G.-Y. Lueh,V. M. Parikh,andJ.M. Stichnoth,“Fast,
effective codegenerationin a just-in-timejava compiler,” in Proceedingsof the ACM
SIGPLAN’98 ConferenceonProgrammingLanguageDesignandImplementation, June
1998,pp.280–290.

[73] Sun Microsystems, “The Java HotSpot
���

virtual machine,” Sun Microsystems,
http://java.sun.com,tech.rep.,2001.

[74] E. Duesterwald andV. Bala,“Softwareprofiling for hot pathprediction:Lessis more,”
in Proceedingsof the 9th InternationalConferenceon Architectural Supportfor Pro-
grammingLanguagesandOperatingSystems, December2000,pp.202–211.

[75] K. Pettisand R. C. Hansen,“Profile guidedcodepositioning,” in ProceedingsACM
SIGPLAN1990 Conferenceon ProgrammingLanguage Designand Implementation,
June1990,pp.16–27.

190



[76] A. Ramirez,J. Larriba-Pey, C. Navarro, J. Torrellas,and M. Valero, “Software trace
cache,” in Proceedings1999 International Conf. on Supercomputing, June 1999,
pp.119–126.

[77] R. S. CohnandP. G. Lowney, “Hot cold optimizationof large Windows/NT applica-
tions,” in Proceedingsof the 29th InternationalSymposiumon Microarchitecture, De-
cember1996,pp.80–89.

[78] R. S. Cohn, D. W. Goodwin, and P. G. Lowney, “Optimizing Alpha executableson
WindowsNT with Spike,” Digital Technical Journal, vol. 9, no.4, pp.3–19,1997.

[79] A. Srivastava,“Vulcan,” Microsoft Research,Tech.Rep.TR-99-76,September1999.

[80] M. C. Merten,“A framework for profile-drivenoptimizationin theIMPACT binaryre-
optimizationsystem,” M.S. thesis,Departmentof ElectricalandComputerEngineering,
Universityof Illinois, Urbana,IL, 1999.

[81] B. Grant,M. Mock, M. Philipose,C. Chambers,andS. Eggers,“Annotation-directed
run-time specializationin C,” in Proceedingsof the ACM SIGPLANSymposiumon
Partial Evaluationand Semantics-BasedProgram Manipulation (PEPM), June1997,
pp.163–178.

[82] M. Poletto,D. Engler, andM. Kaashoek,“tcc: A systemfor fast,flexible, andhigh-
level dynamiccodegeneration,” in Proceedingsof theACM SIGPLAN’97 Conference
onProgrammingLanguageDesignandImplementation, June1997,pp.109–121.

[83] M. Mock, C. Chambers,andS. J. Eggers,“Calpa: A tool for automatingselective dy-
namiccompilation,” in Proceedingsof the 33rd InternationalSymposiumon Microar-
chitecture, December2000,pp.291–302.

[84] D. A. ConnorsandW. W. Hwu, “Compiler-directedcomputationreuse:Rationaleand
initial results,” in Proceedingsof the32ndAnnualInternationalSymposiumonMicroar-
chitecture, November1999,pp.158–169.

[85] R. M. Tomasulo,“An efficient algorithmfor exploiting multiple arithmeticunits,” IBM
Journalof Research andDevelopment, vol. 11,pp.25–33,January1967.

[86] W. W. Hwu andY. Patt,“Checkpointrepairfor highperformanceout-of-orderexecution
machines,” IEEE Transactionon Computers, vol. C-36, pp. 1496–1514,December
1987.

[87] R. M. Keller, “Look-aheadprocessors,” ACM ComputingSurveys, vol. 7, pp.177–195,
December1975.

[88] R. Nair andM. E. Hopkins,“Exploiting instructionlevel parallelismin processorsby
cachingscheduledgroups,” in Proceedingsof the24thAnnualInternationalSymposium
onComputerArchitecture, June1997,pp.13–25.

191



[89] T. M. Conte,K. Menezes,P. Mills, and B. Patel, “Optimization of instructionfetch
mechanismsfor highissuerates,” in Proceedings22ndAnnualInternationalSymposium
onComputerArchitecture, June1995,pp.333–344.

[90] E. Rotenberg, S.Bennett,andJ.E. Smith,“Tracecache:A low latency approachto high
bandwidthinstructionfetching,” in Proceedingsof the29thInternationalSymposiumon
Microarchitecture, December1996,pp.24–34.

[91] D. H. Friendly, S. J. Patel,andY. N. Patt, “Putting the fill unit to work: Dynamicop-
timizationsfor tracecachemicroprocessors,” in Proceedings31stAnnual IEEE/ACM
InternationalSymposiumon Microarchitecture, December1998,pp.173–181.

[92] E. Rotenberg, Q. Jacobson,Y. Sazeides,andJ. E. Smith, “Traceprocessors,” in Pro-
ceedingsof the 30th InternationalSymposiumon Microarchitecture, December1997,
pp.138–148.

[93] Q. JacobsonandJ. E. Smith, “Instruction pre-processingin traceprocessors,” in Pro-
ceedingsof the5th InternationalSymposiumonHigh-PerformanceComputerArchitec-
ture, January1999,pp.125–129.

[94] S. J. PatelandS. S. Lumetta,“rePLay: A hardwareframework for dynamicoptimiza-
tion,” IEEETransactionsonComputers, vol. 50,pp.590–608,June2001.

[95] M. J. Wing andG. P. D’Souza,“GatedStoreBuffer for anAdvancedMicroprocessor.”
U. S.PatentNo. 6,011,908,TransmetaCorporation,January2000.

[96] K. Ebcioglu,E. Altman,M. Gschwind,andS.Sathaye,“Dynamicbinarytranslationand
compilation,” IEEETransactionsonComputers, vol. 50,pp.529–548,June2001.

[97] Y. ChouandJ. P. Shen,“Instruction pathcoprocessors,” in Proceedings27th Annual
InternationalSymposiumon ComputerArchitecture, June2000,pp.270–281.

[98] R. E. Hank,W. W. Hwu, andB. R. Rau,“Region-basedcompilation: An introduction
andmotivation,” in Proceedingsof the 28th Annual InternationalSymposiumon Mi-
croarchitecture, December1995,pp.158–168.

[99] R. D. Barnes,“Extracting hardware-detectedprogramphasesfor post-link optimiza-
tion,” M.S. thesis,Universityof Illinois, Urbana,IL, 2002.

[100] T. Way andL. L. Pollock, “A region-basedpartial inlining algorithmfor an ILP opti-
mizing compiler,” in Proceedingsof theInternationalConferenceon Parallel andDis-
tributedProcessingTechniquesandApplications, June2002,pp.552–556.

[101] R. D. Barnes,E. M. Nystrom, M. C. Merten, and W. W. Hwu, “Vacuumpacking:
Extractinghardware-detectedprogramphasesfor post-link optimization,” to appearin
Proceedingsof 35thAnnualInternationalSymposiumon Microarchitecture, November
2002.

192



APPENDIX A

TAXONOMY

In orderto bettercomparetheROAR architecturewith otheroptimizationsystems,a rough

taxonomyof suchsystemsis presentedin thisappendix.Thistaxonomyappearsherein prelim-

inary form asdevelopedby ChrisNewburn of Intel Corporation,in conjunctionwith Matthew

Merten,RonaldBarnes,andWen-meiHwu of theUniversityof Illinois. In eachof thecate-

gorieswithin thetaxonomy, thecharacteristicsthatbestdescribeROAR areitalicized. Where

appropriate,anannotationmayappearrecognizingaparticularsystemthatutilizesamoreun-

usualstrategy. Of course,subtleflavorsof any particularstrategy mayexist thatcouldperhaps

alsowarrantfurther delineations,but attemptshave beenmadeto cover all of the major op-

tions. For example,on-demandoccasionalreoptimizationcould be triggeredby a variety of

conditionsincludinga new traceformation,a new hot spotdetection,a changein a semicon-

stantvalue,etc. Likewise, a comprehensive systemmay usemore thanonestrategy in any

particularcategory. This appendixis designedto help delineatethe possibilitiesof program

optimizationbut is not intendedto arguetheirmerits.Moststrategieshaveat leastsomemerits

whencomparingaggressivenessto simplicity of implementation.
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I. Dynamism

� purestatic
� once,with feedback(e.g.,profile-guidedcompilers)
� eachtime thereis a recompile
� eachtimeamoduleis linked/loaded/run
� each time a previously untouchedcode region or page is touched(e.g.,

DAISY)
� fixedperiod(e.g.,aftereverycontext switch)
� eachtimeanew executioncharacteristicis identified(e.g.,phasechange,new

hot spotin ROAR, new tracein rePLay)
� continuous(e.g.,out-of-orderexecution)

II. Whento computeinfo neededto performoptimization,andsimilarly whento actually
performoptimization

� modulecompile- duringformationof .obj
� link - duringformationof .exeor .dll
� predistribution - bring in modulesfrom expecteddlls (e.g.,Vulcan)
� install - when.exeand.dll installedon machine
� load- bringall linkedmodulestogether
� run - duringexecution

– invocationof optimization
� first execution(e.g.,DyC, JITs)
� at phasechanges
� fixedperiod
� afterpassinghot threshold
� stall-time(e.g.,on Icachemiss)
� idle-time- applicationis idle for lackof input,etc.
� continuously(e.g.,O-o-O)

– performoptimization
� cycle-by-cycle (e.g.,O-o-O)
� parallelprocesson separateprocessoronSMT
� dedicatedhardwarecomponents

� betweenruns

– betweenevery run

– whenprofiledatachangeexceedsthresholdof interest
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III. Whatinfo neededto optimize

� performanceproblems

– branchmispredictions

– cachemisses

– problematiccodesequences

– resourceconflicts

– assumptionson which a HW or code-generationpolicy is basedon are
violated

� specialization

– valueprofiles
� sizeof valueset
� phasingbehavior
� predictability

� counters
� context, correlationwith pathinfo
� context, correlationwith othervalues

� pointeraliases

– branch profiles

– dataflow

– otherprogramanalyses
� thread-level parallelism

– dependences

– valueprofiles(seeabove)

– latencies

– resourceutilization

IV. How to profile

� staticanalysis- staticallygeneratedprofile estimates(e.g.,Ball andLarus)

– within function

– within module

– wholeprogram

– arbitraryregion
� binaryinstrumentation

– sameregionsasstaticanalysis
� sourceinstrumentation

– sameregionsasstaticanalysis
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� via interpretation(e.g.,Dynamo,iSpike)
� via compiledemulation(e.g.,many compilersduringtheinitial compilation)
� via generationof applicationwith internalprobes(e.g.,many compilers)
� performancemonitors,mechanisms(seewhereto profile)

– characterizationby counting
� short-term- profilesnapshots
� long-term- averages
� wholeprogram- actualprofiles

– characterizationby tracing
� branchtracing(e.g.,Pentium4Processor)

– characterizationby sampling
� locationimprecise(e.g.,PentiumProProcessor)
� precise(e.g.,ProfileMe,Pentium4Processor)

V. Profiling complexity

� simpleevent
� qualification
� countspercycleabovea threshold(e.g.,Pentium4Processor)
� coderange(e.g.,ItaniumProcessor)
� dataaddressrange(e.g.,ItaniumProcessor)
� opcodemask(e.g.,ItaniumProcessor)
� thread(e.g.,Pentium4Processor)
� privilegelevel (e.g.,ItaniumProcessor, Pentium4Processor)
� edgedetection(e.g.,Pentium4Processor)
� branchtype(e.g.,ItaniumProcessor)
� speculation(e.g.,Pentium4Processor)
� relational

– cascading(e.g.,Pentium4Processor)

– prioritizedstall causes(e.g.,ItaniumProcessor)

– delaybetweenevents(e.g.,Pentium4Processor)

– delayabovea threshold(e.g.,Pentium4Processor)

– 2 instructions(e.g.,ProfileMe)
� comprehensive - all events(e.g.,ProfileMe)

VI. Whereto profile
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� location

– everywhere

– regions

– random

– selectedIP ranges
� hotcode

– selectedIPs
� oncritical path
� whereoptimizationcanbegainfully applied

– problematicevents
� microarchitectureidiosyncrasy(e.g.,absentbypasspathon Itanium

Processor)
� otherknown performanceproblems
� characterizationindicatesabove interestingthreshold

– selectclassesof instructions(e.g.,branches)
� who decideswhereto profile

– fixed
� selectedcases,but everywhere(e.g.,branchesor loads)

– directedto interestingIPs/IPranges/events
� SWanalyzes
� HW finds/analyzes

� random
� temporaryfixedranges
� fixedalgorithm
� adaptive/reconfigurablealgorithm
� under direction from SW: programmingfixed set of events to

count/profile
� underdirectionfrom SW: ableto storealgorithm

VII. ProgramPhasing/Locality

� def: somevariableis reasonablyconstantfor aperiodof time
� variables

– workingsetsandworkingsetsizes

– datacachelines

– traces

– branch behavior

– dependenceinfo
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– aliasinfo

– values
� predictability

– phasesequence

– phaselength

– granularity
� from run to run
� within a run

� persistence

– shortphases- handfulsof cycles

– mediumphases- millions of cycles

– longphases- secondsof cycles

– acrossruns
� detection/trainingtime

– short- suitablefor HW

– long - needto predict,mayneedSW (e.g.,memoryproducerandcon-
sumer)

� detection/trainingtime relative to persistence
� endof aphase/ new phase

– toleranceto minor variations

VIII. HW/SW interactionfor profile info collectionandusage

� SW tellsHW where/how to look/whatto look for

– profile thesecritical dependencesto enablecoarse-grainedcodemotion
or spurspeculative threading

– couldgainmuchfrom specializationbasedon var’svalueset

– configurehardwareto checkassertions
� HW profilesto catchhotspot/importantevents/dependences

– hotspots

– problemloadsandbranches

– aliasfrequency

– valueprofile
� SW doesmoreanalysis/optimization

– identify critical pathleadingto problemload/branch,triggerpoint

– specializebasedon valueprofile

– coarse-grainedspeculativecodemotion/multiversioncode
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� HW doesmoreanalysis/optimization

– build depgraph,createdata-driventhread

– specialization

– shortcircuiting

– memoization
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APPENDIX B

HOT SPOT DETECTION RESULTS

FiguresB.1-B.8 presentdetailedhot spotdetectioninformationfor the applicationspre-
sentedin Figure4.3. For eachapplication,thestaticinstructioncountandpost-detectionper-
centageof thedynamicinstructionsfor eachhotspotaredepicted.
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FigureB.2 Hot spotdetectionresultsfor 099.goand124.m88ksim.
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FigureB.3 Hot spotdetectionresultsfor 126.gccand129.compress.
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FigureB.4 Hot spotdetectionresultsfor 130.li and132.ijpeg.

¨�©Lª¬« ­#®#¯±°

²
³µ´*¶
·(¸*¹
º(»*¼
½*¾*¿
À(Á*Â
Ã0Ä*Å
Æ(Ç*È
É(Ê*Ë

Ì Í Î Ï Ð
Ñ�ÒJÓLÔHÕOÖJ×

Ø Ù ÚÛ
Ü Ý
Þ ßà
á âã
äå æ ç
è

éê ë
ìí î ï
ðñò óô
õö÷ø
ùúû

ü
ý7þ
ÿ��
���
���
���
	�

��


�� �
��
�� �
� �
��
��� �
�

�  
! "#
$ %
&'()*
+,-

.0/2123 46587:9:;6<

=
>@?�A
B�C�D
E�F�G
H�I�J
K�L�M
NPO�Q
R�S�T
U�V�W

X Y Z [ \
]2^0_a`6bdc0e

f g h
ij k
l mn
o p
qr
s t u
v

wx y
z{ | }
~�� �
����
� ��
�

�
�
���
���
���
���
���
���
���

�� �
��
 ¡ ¢
£ ¤
¥¦
§¨© ª
«

¬ ­
® ¯°
± ²
³´µ¶·
¸¹º

Figure B.5 Hot spotdetectionresultsfor 134.perland147.vortex.
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FigureB.6 Hot spotdetectionresultsfor MSExcelandGhostview.

��������� �"!$#&%

'
(*),+
-,.,/
021,3
4*5,6

798*:,;
<9=*>,?
@BA,C,D

E F G H
IKJMLONQPSRMT

U V W
XY Z
[ \]
^ _`
ab c d
e

fg h
ij k l
mno pq
rstu
vwx

y
zB{
|*}
~*�
�,�
�*�
�2�
�*�
�*�
�*�
�B�,�

�� �
��
�� �
� ��� �
�� ��

  ¡
¢ £¤
¥ ¦§
¨©ª« ¬
­®

¯�°�±³²�´ µ"¶B·¹¸

º
»*¼,½
¾,¿,À
Á2Â,Ã
Ä*Å,Æ

Ç9È*É,Ê
Ë9Ì*Í,Î
ÏBÐ,Ñ,Ò
ÓÕÔ2Ö,×
Ø9Ù*Ú,Û

ÜÞÝàßâáàãâäàåÞæàçâèéàêëÞìíâîïàðñâòóàôõÞö÷àøùâúûàüýÞþÿ���������
	��

� 
 �
�� �
� ��
� �
��
� � �
�

�� �
 ! " #
$%& '
()*+
, -.
/

0
1
2
3
4
576
879

:; <
=>
?@ A
B CDE
FGH I
J

K L
M NO
P Q
RSTUV
WXY

FigureB.7 Hot spotdetectionresultsfor MSWord(A)andMSWord(B).
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FigureB.8 Hot spotdetectionresultsfor PhotoDeluxe(A)andPhotoDeluxe(B).
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