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Eachnew generationof wide-issueprocessorgontinuesto achieve higher performance
by exploiting greateramountsof instruction-level parallelismthanthe previous generation.
Dynamictechniquesuchasout-of-orderexecutionwith hardwarespeculatiorhave provenef-
fective atincreasingnstructionthroughputparallelism andutilization of processoresources.
Run-timeoptimizationtechniquegpromiseto enablean even higherlevel of performanceby
applyingaggressie transformationstrun-timethatoptimizeacrossnoduleboundariesadapt
coderegionsto changingnput patternsandcustomizecodesequencefor the underlyingmi-
croarchitecture.

This thesispresentsa hardware mechanisnfor generatingand deploying run-time opti-
mizedcode. The systemexploits programexecutionphasingby automaticallydetectingand
optimizingtheinstructionsequencethatcomprisethe phasecalleda hot spot. The hardware
mechanisntan be viewed as a filtering systemthat residesafter the retirementstageof the
processopipeline,acceptsaninstructionexecutionstreamasinput, andproducesnstruction
profilesandsetsof linked, optimizedtracesasoutput. The codedeploymentmechanisnuses
anextensionto the branchpredictionmechanisnto migrateexecutioninto the new codewith-
out modifying the original code. Thesenew componentslo not adddelayto the executionof
the programexceptduring shortburstsof reoptimization pecausehey operaten parallelwith

native execution.This techniqueprovidesa strongplatformfor run-timeoptimizationbecause



the hot executionregionsare extracted,optimized,andwritten to main memoryfor execution
wherethey will persistacrosontext switches.Theframework is designedo presere precise
exceptionhandlingwhile applyingoptimizationswhich currentlyinclude partial functionin-

lining (eveninto sharedibraries),codestraighteningloop unrolling, peepholeoptimizations,
and instructionreschedulingvith renaming,which are all concurrentlyperformedwith the

runningapplication.
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CHAPTER 1

INTR ODUCTION

Out-of-orderexecutionand automateddynamic speculationhave dramaticallyimproved
the performanceof modernmicroprocessorsThesetechniquesverethefirst stepstoward al-
lowing the microprocessoitself to determinehow to executecodeefficiently. Thusfar, such
hardware optimizationshave beenlimited in scopeand have typically beenmadeon-the-fly
without ary persistentecord.More aggressie andpersistenpptimizationshave insteadbeen
accomplishedn softwarethroughthe useof optimizing compilers. However, mary of these
optimizationsrely on accurateprofile informationto profitablytransformcode.While compil-
ersoften supportthe useof profile information, software vendorshave beenreluctantto add
the profiling stepto theirdevelopmentycles.Not only is thedeterminatiorof arepresentatie
profile difficult, the behaior of certainprogramsmay changedueto time or spaceoverhead
during profiling. For thesereasonsan automatedjransparentnechanisnfor profiling and
reoptimizingcodebasedon currentusagewould be advantageous Furthermorea dynamic
systemcouldimprove performancen waysthata staticoptimizercannot.As programbeha-
ior change®vertime, adynamicsystemcouldreoptimizecodeto take advantageof temporal
relationships. While a typical staticcompiler optimizesfor the averagebehaior acrossthe

entire execution,a dynamicsystemcould lead to more directedoptimizations. In addition,



sinceoptimizationis performedon the samemachinethat runsthe application,the optimizer

canspecificallytargetthatsystem.

1.1 Run-Time Optimization Ar chitecture Principles

Hardware supportfor dynamicprofiling and reoptimizationreducegshe relianceon soft-
waresystemgo performthesetasks.The useof dedicatedbackgrounchardwaremechanisms
allows for limited run-timeoverhead.The proposecardwaresystem called Run-Time Opti-
mizationArchitecture(ROAR), is designedo automaticallyandtransparentlyprofile applica-
tionswhile generatingsetsof tracesthatcover the frequentlyexecutedpathsof anapplication.
In parallelwith programexecution,thesetracesarethenfed to a hardware optimizerthatim-
proves codequality throughthe applicationof optimizationsandinstructionspeculatiorand
scheduling.Locatedafter the retirementstageof the processopipeline,the proposedsystem
is designedo incur nggligible overheacandminimally affect the designof the pipeline.

The profiling and extraction mechanisntanbe viewed as a filtering systemthat accepts
aninstructionexecutionstreamasinput andproducesnstructionprofilesandsetsof tracesas
output. As shavn in Figure 1.1, the conceptuafilter consistsof threeprimary components
responsibldor collectingprofile information(Branch BehaviorBuffer), determiningthe exe-
cutioncoverageof theprofiledinstructiongdHot SpotDetectionCounte)), andgeneratindraces
for thefrequentlyexecutedpaths(Trace Geneation Unit).

During applicationexecution,the BranchBehavior Buffer componentietermineshe most

frequentlyexecutedoranchinstructionswhile collectinga profile of their behaior. Thebuffer
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Figure 1.1 Hot SpotDetectorandTraceGeneratiorJnit depictedasanon-linefilter.

consistof ahardwaretableusedo collectthe profilesof executedrancheshroughtheBranch
BehaviorTabulation process.Eachentry consistsof a branchidentifier, profile counter and
several otherbookkeepingfields. The InfrequentExecutionDetectionprocessliminatesin-
frequentlyexecutedbranchedrom the table to filter out thosethat only spuriouslyexecute.
Meanwhile,the Hot SpotDetectionCountercomponentis responsibldor determiningwhen
executionis primarily confinedto the collectedbranches.The Streamto Table Correlation
Detectionprocessompareshe executionstreamto entriesin the tableandforcesa transition

to TraceGeneation Modefrom Profile Modewhena comparisorthresholds met. The setof



branchesn thetablewhenthetransitionoccursarethe mostfrequentlyexecutedoranchegor
thecurrentpatternof execution.Thebranchesrereferredto ashot spotbrancheswhich sene
astheskeletonof theregion of code calledahotspotregion, or simply hotspot thatcomprises
this pattern.Becausehe detectionprocesss performedquickly atruntime, theregion canbe
constructecand optimizedduring executionwhile leaving sufficient time to benefitfrom ex-
ecutionin the newly optimizedcode. Programhot spotsprovide an excellentopportunityfor
run-time optimizationbecausehey canbe quickly identifiedandcontainonly the frequently
executedcode. Chapter3 providesevidencethat programsoften exhibit phasecdot spotexe-
cutionbehaior. The BranchBehaior Buffer andHot SpotDetectionCountercomponentsire
collectively referredto asthe Hot SpotDetector[1], [2] andaremorethoroughlydiscussedn
Chapterd.

Using the profiles gatheredby the Hot Spot Detector a hardware componentalled the
TraceGeneratiorJnit [2], [3] producessetsof tracesthatcover the frequentlyexecutedpaths
in the code. The GuidedBranch Table Walk processutilizes the executionstreamto walk
the hot spotbranchskeletonstoredin the branchtableto producethe traces. The useof the
streamto stepthroughthe tableentrieseliminatesthe needto storeall instructionsduringthe
profile phaseand preventsinclusion of entriesin the table that were short-lved and are no
longeractive. Meanwhile,the useof the skeletonensureghat the tracesare representatie
of the frequentlyexecutedinstructions. The instructionsin the outputtracesaregeneratedn
executionorder thus providing an inherentcode-straighteningptimization. The tracesare
linked togetherby their exit branchedo provide a meansfor extensve executionwithin the

optimizedhot spot. The outputof the detectorcan be usedto feed and direct a hardware-



basedreoptimizationmechanismor it cansene asa profiling platform for a software-based
reoptimizer Onedirectapplicationof this mechanisms to performcodeoptimizationsthat
improve instructionfetch performancesuchasloop unrolling, partial function inlining, and
branchpromotion.The outputtracesarestoredin amemory-basedodecacde thusenablinga
traditionalinstructioncacheto fetchmultiple basicblockspercycle, andpreservingptimized
hot spotsfor prolongedexecution.The TraceGeneratiorUnit is discusseanorethoroughlyin
Chapters.

Besidesthe optimizationsperformedby the Trace GenerationUnit, additionalimprove-
mentscanbe madeto furtherenhancdraceexecutionspeedInstructionschedulingfor exam-
ple, thattamgetsthe specific,local microarchitecturgreatlyimprovesapplicationperformance
throughincreaseditilization of processoresourcegndaccuratdiming of dependeninstruc-
tions. While an out-of-orderexecutionengineperformsinstructionschedulingfor eachdy-
namicinstruction,it requiressignificantcomplexity in thefront endof the processopipeline,
andit operatesontinuously Thewake-up,selectandrenamdogic in thefront endareatomic
operationgnot easilypipelined)thatareamongthe componentsvith the longestcritical path
delay[4]. By schedulinghestaticinstructiongn thefrequentlyexecutedracesthescheduling
hardware canbe moved off the critical pathin the pipeline,thusreducingpipeline comple-
ity. Furthermorethe schedulingcostscanbe amortizedover the dynamicexecutionsof the
trace,thusallowing moretime to make betterschedulingchoices. While this approachmay
not achieve all of the benefitsof schedulingor eachdynamictrace,it doesprovide a platform
for performingadditionalcoderestructuringoptimizations. The optimizerandschedulerare

discussedn depthin Chapter6.



1.2 Contributions

In this dissertation] show thatrun-timeoptimizationis feasibleandbeneficialby exploit-
ing programphasingoehaior throughhotspotoptimization.Initial prototypesf thenecessary
component@andalgorithmsare presentedhat describethe system. The primary components
includealow-overheadorofiler, aninstructiontraceformationengine aninstructionscheduler
that utilizes a new speculatiormethod,anda codedeploymentandmanagementechanism.
In addition, an interfaceto compilergenerateccode analysisdatais also utilized to enable
more aggressie instructionscheduling. Experimentalresultsare presentedo quantify the
effectivenesof the overall systemaswell astheindividual components.

| alsoshaw thattheseoptimizationtechniquesanbetransparenthappliedto the applica-
tion. The applicationbinary image canbe presered for correctdataaccessesto the code
segment. For example,applicationsthat performself-checkswill still passtheir checks,and
applicationsthat modify their own codewill still executecorrectly Likewise, preciseexcep-
tion handlingafteroptimizationmustbe presered. Speculatiotechniquesndrelatedsystem
componentglesignedo make theseguaranteesre prototypedand analyzedto ensuretrans-
pareng. Issuesconcerningsystemoperation,optimization,and monitoring are discussedo

provide insightinto the sourceof the benefit.



CHAPTER 2

DYNAMIC OPTIMIZA TION

In theearlyyearsof computemprogrammingthe highestapplicationperformancevasusu-
ally achiezed by handcoding routinesin assemblylanguage. This method,however, often
proved time consuminganderror prone. To improve programmetefficiency, high-level lan-
guageswere introducedto speedthe applicationdevelopmentprocessedy automatingand
broadeninghe scopeof mary developmentsteps.Compilersarenow relied uponto translate
the high-level languagerepresentatiof an applicationinto efficient assemblyroutines. To
accomplishthis task,the compilerappliesvariousoptimizationso the applicationcodein an
effort to improve its performanceWhile a standardermin the compilercommunity theterm
optimizationis actuallyamisnomersincecompilersdo not attemptto find the singleoptimally
fastessetof instructionsto performa particulartask. Suchanoptimalsetis highly dependent
on the consisteng of and patternsin the input data; an applicationthat only executeson a
singleinstanceof input valuesis likely to consistof a setof instructionsthat simply generate
the desiredoutput. Rather eachoptimizationattemptsto improve overall applicationperfor
mancein relationthe expectedvariety of inputs[5]. Therefore,an optimizationmay favor a
particularinput pattern,resultingin improved performancdor that patternat the expenseof

otherpatterns.



While typically limited to the compiler optimizationsmay be appliedto anapplicationat
variouspoints during its lifetime, from developmentto deployment. Post-link optimization
is a classof techniquedor optimizing binary andlibrary componentafter they have left the
softwarehouse.The termsdynamicoptimizationandrun-timeoptimizationimply the process
of alteringtheapplicationsinstructionsequencem responseo particularbehaiorsor inputs,
andgenerallyreferto alterationsmadewhile the softwareis in use. Section2.1 summarizes
and describeghe various occasiondor optimizationduring an applications lifetime, Sec-
tion 2.2 describesituationsthata post-link optimizermight exploit, and Section2.3 provides

anoverview of the proposedrocessoarchitecturghatexploits dynamicopportunities.

2.1 Occasiondor Optimization

Figure 2.1 presentsa generalizectharacterizatiomf the amountof available information
duringvariousstagesf softwaredevelopmentanddeployment. Early in the compilationpro-
cess,extensve programanalysisis employed to provide in-depthunderstandingf relation-
shipswithin anapplicationmodule. However, little informationaboutthe eventualexecution
ernvironment,suchasavailable processoresource®r otherinterconnectingnodules,is typi-
cally known. Moderncompilersdo useassumee@nvironmentinformation,suchascontrol-flow
profilesor architecturedescriptionsso that aggressie optimizationscanbe applied. During
executionof the compiledapplication trueassumptionsvill yield high performancebut poor
assumptionsnayyield worseperformanceghanwithout the optimizationsatall. For example,

the compiler determineghe instructionschedulebasedupon assumedateny andresource
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Figure 2.1 Trendsin the quantityof availableinformationduring variousstagesof software
developmentanddeployment.

availability. But if the architectureequiresalongerlateng for a particularinstructionor has
morefunctionalunitsthanassumedthe processomay unnecessarilgtall or undetutilize the
availableresourcesiespectiely.

Oncethe applicationarrivesin the users local environment,muchof the voluminouspro-
gramanalysisnformationhasbeendiscardedy thecompilerandlinker, but the particularsof
the exactervironmentbegin to crystallize. Thefeaturesof the processobecomeknown when
theapplicationis installed,exactlibrariesbecomeknown whenthey areloaded,andexactus-
agepatternsbecomeknowvn whenthe applicationis executed.Eventhougha greatwealth of
information pertinentto efficient executionhasbeengained,mostprogramanalysisinforma-
tion hasbeenlost. Only the very instructionsthemselesare presentedo the executioncore,

leaving little meandor programadaptatiorto the new ervironmentalinformation.



Threeprimary optionsexist to correctthisimbalance:

1. Additional ervironmentalinformation canbe provided to the compiler Moderncom-
pilers utilize detailedmachinedescriptionsand control-flov profilesto carefully guide
optimizationandschedulingBut all of thisinformationis simply a guessasto whatthe

futureervironmentwill be.

2. Therun-timesystemcaninfer andspeculateasto whatinformationthe analysegener
ated. Modernout-of-orderprocessorsnay usepredictorsto speculatevhich loadsand
storesdo not aliassothey canbereorderedn-the-fly However, arecosery mechanism

is requiredin casethe speculatiorwasincorrect.

3. The compiler can annotatemoduleswith analysisinformation, thus shifting someof
the compilationresponsibilityto the load-timeand run-time systemswhen the actual
ervironmentalinformationis available. Compiler alias analysisinformation could be
preseredin the form of instructionannotationor in a processoaccessibldéable. For
example,theinformationmight specifywhich loadsandstorescanbe safelyreordered.
Alternatively, thecompilercouldgenerat@anintermediateepresentatiofor distribution,
relying on the run-time systemto perform extensie further compilationin the local

environment.

As previously alludedto, modernapplicationdevelopmentanddeploymentpracticesyen-
erally only employ codeoptimizationat compiletime. Software vendorscompile program
sourceat the software houseanddistribute applicationcodesto usersin the form of binaries

andlibraries,asis shovn atthetop of Figure2.2. Userstheninstalltheapplicationin theirlocal
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ervironmentinto a repository(which may be simply the file systemalongwith somelocator
informationin the Windows Registry [6], for example). Whena userinvokesan application,
its componentareloaded,dynamicallylinked,andexecutedalmostexclusively without mod-
ification.

Thesetraditionalpracticedeave little opportunityfor anapplicationto adaptto a new en-
vironmentor input patternthatdiffersfrom the softwarevendors assumptionsSomemodern
systemgely on dynamiccodegeneratioror self-modifyingcodefor programadaptationput
theseoftenresultin considerabl@verheadr limited applicability, respectrely. Othersrely on
variousforms of post-link optimizationto performthe adaptationsFigure2.2 depictsseveral
differentpost-link mechanismgor enablingdynamicadaptation.During the installationpro-
cess,the processomicroarchitecturdoecomesknown, thus enablinginstall-time customiza-
tion for variousprocessoifeatures,resourcesand latencies. Similarly, optimizationduring
processordle time, commonlyreferredto asoff-line optimization,may besttake advantageof
commonusagegdata,or input patterns.Install-timeoptimizationopportunitiesmay simply be
a subsebf off-line opportunitiesand,therefore the install-timeandoff-line optimizerscould
bethe samesystemcomponentRun-timeoptimizationhasthe potentialto adaptcodeson-the-
fly for actualcurrentusagedata,andinput patternsgvenif they conflict with the commonor
averagepatternsthusproviding a uniqueability for fine-grainedadaptation Both the off-line
andrun-timeoptimizersdependuponprofilers(hardware,software,or a combinationthereof)
thatgathershort-termandlong-termusagegdata,andinput profiles. They areshavn insidethe

RuntimeSystemin Figure2.2.
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A wide variety of codeoptimizationopportunitiesare availableto a post-link optimizet
Many optimizationshave degreesof aggressienessangingfrom simple,block-level strength
to comprehensie, program-leel strength. For example, predicationwithin code regions
may rangefrom basicif-then-elseconditionalif-conversionto aggressie whole-functionif-
cornversionwith predicatdogic reduction.While the levels of aggressienessareusuallycon-
tinuaof strengthslight-weightandheavy-weighareoftenusedto describehetwo extremes.

Becausehe cost of optimizationdirectly reducesary benefitfrom the optimizationsin
run-time optimizationsystemsthe overheadof the algorithmsmustbe minimal. Typically,
overheadrohibitsbroadprogramanalysisbecaus®f thetime requiredto iterateoverthe code
andbecaus®f the spacerequiredto containthe stateof the analysis.Optimizationsthathave
limited scopeover the codeandwhosestatecanbe containedn limited spacecangenerally
be referredto aslight-weight optimizations.They areexpectedto producereasonableesults
at low cost. To mitigate someof the time and spacecost, run-time optimizationcan benefit
from the useof dedicatedhardware structures. Off-line reoptimizationsystemswhosetime
and spaceconstraintsare often considerablylessstringentarelikely to employ more heavy-
weightoptimizations.They areexpectedo producehigh-qualityresultsbut cantoleratemuch
highercosts.Off-line systemsnay employ someof the samededicatechardwarestructuresas
run-timeoptimizersto reducethe expenseof gatheringprofile information. A comparisorof

theapproachess presentedn Table2.1.
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Table2.1 Comparisorof run-timeto off-line optimization.

\ | Run-time | Off-line \
Aggressieness Moderate(light-weight) Aggressie (heary-weight)
Speed Swift Deliberate
Scope Localized Wide-spread
Focus Singleexisting situation All likely situations
Programanalysis Via hintsor easilyaccessible Extensve analysisor stored

storedinformation information
Optimizationsystem Heavy relianceon hardware | Software with potential for
hardwareassistance
Example:predication Simple memging and strip- | Full if-conversion, logic re-
ping of if-then-elsepaths duction, and partial reverse
if-conversion

2.2 Optimization Opportunities

Post-linkoptimizationopportunitiesaboundasgreatelinformationaboutthe useandervi-
ronmentof the applicationbecomeknown. Severalgenerallassificationcansummarizehe
post-linkoptimizationopportunities:

Software boundaries. Modernsoftwareengineeringechnique®ftenleadto modularpro-
gramsthathave beenwritten asa collectionof componentshatarelinkedtogetheratruntime.
During compilationof a particularmodule,information aboutthe othersis unknovn. Many
productioncompilerstoday have little knowledgeof other sourcefiles in the samemodule,
let aloneother modules. This trend continueswith new distributed/web-basedpplications:
Microsoft's .NET [7], IBM’s Webspherd8], HP’s E-Serviceq9], etc. Software boundaries
are alsoencounteredvhen consideringlayeredsoftware, for example,wherea userapplica-
tion may communicatehrougha runtime systemto a Web sener, which thencommunicates

throughthe operatingsysteminto a device driver.
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Actual environment. Moderncompilerstypically generatecodefor the lowest-common-
denominatomachinemodelthat the codeis expectedto run on, althoughoccasionallycus-
tomizedcodesequence$or particulartasksare specializedfor variousmachinemodels. A
post-link optimizercould adaptthe codefor the particularinstructionsetcharacteristicgi.e.,
instructionand functionalunit availability, instructionlatencies). Furtheroptimizationsmay
be madewhenthe characteristicof the caches(size and replacemenpolicies) and branch
predictionmechanisnareknown.

Phasedexecutionbehavior. Many programshave commonpiecesof codethatareused
in differentwayswith differentcontrol-flov patternsat differenttimes during execution. A
post-link optimizer could perform on-line profiling to detectthe varioususagepatternsand
thengeneratea custompieceof optimizedcodefor eachpattern.

Input stimuli. The userinput anddatainput setsoften controlthe tasksperformedby the
application.Controlflow anddatavaluepatternscould be exploited by anoptimizet

Compiler analysisshortfalls. Selectve profiling may be employedto uncover desirable
but unprovablerelationships.Considera compilerpointeranalysisalgorithmthat determines
thattwo pointersmay aliasto the samelocation. In reality, they may never actuallyalias, but
profiling is requiredto determinethis relationship. With suchinformation, dataspeculation

couldbe usedto reordermemoryaccessessingthetwo pointers.
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2.3 Run-Time Optimization Ar chitecture Overview

The proposedRun-Time OptimizationArchitectureutilizesaspect®f options2 and3 pre-
sentedearly in Section2.1, in a combinedframewvork, whererun-time optimizationis per
formedusingboth generatedand storedanalysisinformation. For example,the architecture
relies on hardware profiling techniquego identify importantcode regions and usesstored
memorydependencenformationto aid instructionreschedulingUseof ROAR alsoassumes
that the compiler may performaggressie optimizationsbasedon assumednformation, op-
tion 1. This approachutilizesthe compilerto assistin finding and exposinginstruction-level
parallelism(ILP) while allowing ROAR to focuson situationswherethe compilermadefaulty
assumptionshadinsufficient scope or wasonly ableto optimizefor averageor compile-time
profiledbehaiors.

The ROAR architecturdeaturesa numberof componentsiesignedo enableefficient dy-
namicadaptationn processorsShown in Figure 2.3, thesecomponentarelocatedafterthe

retirementstageof the pipeline,off the critical pathof the processorore,andaredesignedo
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make swift and focused—inessencesumgical—alterationgo executingcode. For Explicitly
Parallel InstructionComputing(EPIC) processor$10], initial executionrelieson the plan of
execution(POE),or explicit instructionscheduleasspecifiedby the compiler During execu-
tion, amonitoringcomponentoupledwith anadwancedprofiler, calledthe Hot SpotDetector
tracksexecutedinstructionsafter the retirementstageof the pipelinefor optimizationoppor
tunities, as shown in Figure 2.4. The profiler seeksto detectprogramexecutionphasing,a
behaior typical of mary applications.For eachphasejt collectsinformationthatwill even-
tually leadto theidentificationof the staticinstructionsthatcomprisethe phasegcalledthe hot
spot. Specifically the profiler identifiesthe frequentlyexecutedoranchinstructionswithin the
phasegalledthe hot spotbranches.

Oncean opportunityis detectedthe TraceGeneratiorlJnit is invokedto extractkey exe-
cutedtracesn thehotspotfor furtherdynamicoptimization. The TraceGeneratiorUnit tracks

theretiremenbf subsequeritstructionsutilizing theretiremenstreanto constructraceshat
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fall within the boundsof the detectechot spot. Thesegeneratedracescollectively containa
vastmajority of the frequently executedinstructionsfor a particularphaseof programexe-
cution. Thesetracesare storedin a memory-based¢odecachefor subsequengxecutionand
managementBecausdhe tracesare storedin memory the traditional pipeline fetch mecha-
nism canbe utilized to funnelthe tracesinto the processar Entry pointsfrom original code
into the code cacheare maintainedin an enhancedranchtarmget buffer [2] which redirects
executionwhentransitionpointsareencountered.

Oncethe tracesfor a hot spothave beenformed, they are streamednto a hardware in-
structionScheduleandOptimizer, calledthe SHOR to form anew POEtunedandcustomized
for the currentexecution conditions. Thesemechanismguaranteghat preciseexceptions
are presered by utilizing an enhancedorm of sentinelspeculationcalled PreciseSpecula-
tion [11], which allows for an explicit representationf reorderednstructions.Generatiorof
the new POEis aidedby memorydependencanalysisinformationwhich wasannotaten
the memoryoperationsat compile-time. Finally, the new POEis written into the codecache

for extendedexecution,persistingthroughmultiple context switches.
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CHAPTER 3

PROGRAM CHARACTERISTICS

Many applicationsexhibit behaior conducve to run-time profiling andoptimization. For
example,programexecutionoftenoccursin distinctphaseswhereeachphaseconsistof aset
of codeblocksthat are executedwith a high degreeof temporallocality. Whena collection
of intensvely executedblocksalsohasa smallstaticfootprint, a highly favorableopportunity
for run-timeoptimizationexists. As previously defined,sucha collectionof blockscomprise
aregion of codethatis a hot spot. Commonly the term hot spotis often definedin relationto
the rule-of-thumbthat statesthat 90% of the dynamicexecutionis spentin lessthan10% of
the staticcode. This definition suggestshat the 10% of the staticcodeis comprisedof tight
loopscalledhot spots.While hot spotsareloops,they areactuallyoftenfoundto have amore
sophisticatedstructure;they are often comprisedof an outerloop that may containseveral
innerloopsandcomplex controlflow thatmay spanmultiple functions. A run-timeoptimizer
cantake adwantageof executionphasedy isolating and optimizing the correspondinghot
spotinstructionblockspresenthroughoutnapplication.ldeally, aggressiely optimizedcode
would be deployed earlyin eachphaseandexercisedheavily throughouteachphaseuntil the
executionpatternsshift. To maintaincontrol over the massof dynamicallyoptimizedcode,
optimizedhotspotsthatarenolongeractive maybediscardedif necessaryo reclaimmemory

spacdor newly optimizedcode.They mayalsobe saredfor laterusefor recurringphases.
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Figure 3.1 Importantbranchesxecutedin eachexecutionsamplefor 134.perl Eachdata
point representsa branchthat executedat least40 timeswithin the sampledurationof 10 000
branches. Thesesamplesof 10 000 contiguousbranchesare taken once every 2 million
branches.

3.1 Program Phasing

An example of applicationphasingbehaior canbe seenin a Perlinterpreter(134.perl
from the SPECCPU95[12] benchmarksuite) running a word jumble script. As showvn in
Figure 3.1, this applicationcontainsthreeprimary, distinct phasesf executionwith one hot
spotper phase. Hot spot 1 runsfor 72 million instructions,hot spot2 for 1.35billion, and
hot spot3 for 200 million. Thefirst hot spotinvolvesreadingin a dictionaryandstoringit in

aninternaldatastructure.The seconchot spotprocessegsachword in the dictionary andthe
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third scrambles selectedsetof wordsin thedictionary Figure3.1alsoindicatesthat, within
eachhot spot,the addressesf the intenselyexecutedinstructionsare not typically clustered
in onesmalladdressange but insteadhave componentshatarewidely scattered¢hroughout
the program. Hot Spotsl and2 sharesomecommoncode,namelythe commandnvocation
andexpressiorevaluationfunctions,thatclearly call differentroutinesbasedon the particular
phase Hot Spots2 and3 alsosharesomecode just below addres200000, but it is executed
nearthefrequeny thresholdn Hot Spot3.
Thesecondotspotsenesasanexcellentexampleof why run-timeoptimizationis needed.
Theinputscriptexercisederl'sspl i t () routine,whichbreaksupaninputwordinto individ-
ualletters,andsor t () , which sortsthoseletters. Thefirst function,spl i t () , callsacom-
plicatedregular expressiormatchingalgorithmwith a simple,null regular expressionpattern
(which splitsthestringinto separateharacters)13]. Becausexecutionconsistentlytraverses
a smallnumberof pathswithin the functionsthat comprisethe algorithm,this region of code
would benefitfrom partialinlining and codelayout, followed by pathoptimization. A static
compilercould performtheseoptimizations but the larger codesizeand compiletime would
be wastedfor mostinput scripts. The secondfunction, sort (), calls the library function
gsort () ,whichthencallsaPerl-specificomparisorfunction,whichin turn callsthelibrary
functionmencnp() . Lessthanhalf of the codein the comparisorfunctionis ever executed
becausenly stringsof singlecharacterareactuallysorted.Functioninlining is clearlyalsoan
effective optimizationof theregionin this examplebecausef thefrequentcross-modulealls
to thelibrary comparisorfunction. However, anoptimizerthatoperatesnsidethe users ervi-

ronmentis neededo supportinlining acrosdibrary andapplicationboundariesIn addition,if
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dynamicallylinkedlibrariesareusednlining mustbedelayeduntil theapplicationis loadedor
run. Phase-baseaptimizationis alsobeneficialin orderto optimizethe commonfunctionsfor
thephases specificactiity. In this example boththecommonevaluationfunctionsalongwith
thestringlibrary functionscanbetailoredandinlined. Phase-baseaptimizationis difficult for
a compilerbecausat typically cannotdetectphase-specifibehaior dueto aggregateprofil-
ing, nor canit effectively generatalifferentversionsof functionswithout having differentiated
call sites.

The working setof a phaseis definedasall of the staticinstructionsexecutedduring the

phase Figure3.2 shavs a branchprofile of theworking setfor atypical 10 000branchsample
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of Perl'ssecondhotspot. Thedatarevealsthata subsebf thestatichranchesn theworking set
accounffor the vastmajority of the dynamicinstancesn the sample(for example,branche®

through122). Theseintenselyexecutedorancheslefinethe boundarieof the hot spotregion,

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

infrequentbranchesnto the optimizedversion,theoptimizationcostscouldpotentiallyexceed
the maginal improvementgained. A numberof stratgies could be employed to determine
which branchego include and which to leave out, including a simple heuristically chosen
minimumfrequeng.

Throughinlining andoptimization,compilersoftentake partialadvantageof programphas-
ing. By usingtraditionalprofiling techniquesheavily executedcall sitescanbeidentifiedand
the calleeinlined into the caller Compilerinlining hasthetendeng to gathertightly coupled
piecesof codetogethersometimedringingthecomponent®f aphasaogether However, the
traditionalcompilationanddeploymentmodelhasa numberof dravbacksto effective inlining.
First, while componentsnay be inlined into mary callerlocations the profile for the compo-
nentis generallyjust its averageprofile over the courseof the whole execution. Eventhough
the componenmay behae quite differentlyin its variouscontexts, the compilerwill usethe
averageprofile during optimizationand codelayout, missingcustomizatioropportunities.A
secondround of profiling or a more comprehensie whole programpath[14] first round of
profiling couldbe employed, but the softwareindustrytypically hasbeenreluctantto perform
evenasingleroundof simpleedge-weighprofiling. Secondthetrendin softwaredistribution
is toward more modularapplications. This tendeng limits the amountof inlining andinter-

moduleoptimizationthat canbe performedby the compilerbecausets scopeis limited to a
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singlemodule. Hence,run-time optimizationhasthe potentialto be an even moreimportant

techniquan futurerun-timesystems.

3.2 Hot Spot Characteristics

Programsoften containsomefunctionsthat appearin multiple hot spots. For instance,
this commonlyoccurswith internallibrary functionsthat are called from differentlocations
within the program. Naturally, the behaior of thesefunctionsmay vary dependingon the
calling contet, which is definedas the dynamicpath throughthe call graphtaken to reach
a given function. One suchexampleis the functionstr _.new() from the Perl interpreter
showvnin Figure3.3. This functionis presenin thethreemainhot spotsandhasthreedifferent
profiles, eachof which were gatheredby the mechanisndescribedn subsequenthapters.
Figures3.4(a)-(c)depictthesethreeversionsand are annotatedy profile weightscollected
during a shortwindow earlyin eachphase(by the Hot SpotDetector). The dark arraonvs and
blocksindicatetheimportantedgesandbasicblocksasdeterminedy the profile weights.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 resourcesvithin the hardwaredetector For blocksthatendin a branch,
the block weightis the branchexecutionweight, while for otherblocks,the weightis derved
from theknown inputarcs.

The profile of Hot Spot1 revealsthatbranchx829 in block A alwaysbranchedo block C.

Branchx829 decideswvhethera previously freedstringis availablefrom the stringfreelist, or
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STR *
str_new(l en)

STRLEN | en;
{
A regi ster STR *str;
0x421820 if (freestrroot) {
B: str = freestrroot;

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

0x42183E [l direct jump to D: if (len) block
}
el se {
C Newz ( 700+x, str, 1, STR);

/1 Newz macro(x,v,n,t):

/1 (v = (t*)safemal | oc( (MEM_SI ZE) ((n)
11 * sizeof(t))))
/1 meneero( (char*) (v), (n) * sizeof(t))

}
D: 0x42185F if (len)
STR GRON(str, len + 1);
/1 STR GROWmacro (str,len):
0x421867 [l if ((str)->str_len < (len))

/1 str_grow(str,len)
return str;

@ mm

Figure 3.3 Sourcecodefor functionst r _new() in the application134.perlcompiledfor
x86 annotatedvith the branchaddresses.

whethera new string mustbe created.For Hot Spot1, the free string list is emptyeachtime
the function is called. This is consistentwith the Perlinput script which begins by reading
a dictionary file and creatingnew stringsfor the words. This operationrequiresno string
deletionsandhenceno stringsareaddedto the freelist. The oppositeis true for Hot Spot2,

whereafreestringis alwaysavailablefrom thefreelist. Clearly, phase-basecustomizatiorof
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Figure 3.4 Differentdetectedprofilesfor thest r _.new() functionfrom threedifferenthot

spotswithin 134.perl

this functionis possibleandbeneficial. A comparisorof the windowed profilesof Figure3.4

to the overall phaseprofileswill bediscussedn Figure4.6 of Subsectior.3.2.

In an effort to betterunderstandhe compositionof hot spots,anotherimportanthot spot

was dissectedexposingits control-flov structure. A portion of the primary hot spotfrom

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

the control-flov graphin Figure 3.5. This hot spotrepresentg5% of the programs dynamic

execution. Executionflow entersthe shaovn portion of the hot spot at point A in function
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Figure 3.5 Basicblock control-flowv graphfor selectedunctionsin a primaryhot spotwithin
130.1i.

evf or m) , thenproceedshroughnestedunctionsx| get val ue() , xl obget val ue(),
andx| yget val ue() beforeexiting the hot spotat point C. Dark (red) boxesand arrowns
indicate the intenselyexecuted,or hot, blocks and branchpathswhich are part of the hot
spot. Thelighter (blue) boxesandarrows indicatethe lessfrequentlyexecuted or cold, blocks
and pathswhich are not. This entire hot spot consistsof 81 branchesspanning368 static
instructions.The branchprofile indicatesa primary paththroughthe hot spot,as47 of the 56
staticbrancheg¢9.2million of 10.9million dynamicbrancheshave highly consistentlynamic

branchdirection(greaterthan90% in onedirection). The hot spotis not simply a tight loop;
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rather control proceedshrougha numberof functionswith minimal innerloops. Notice, for
instance that the loops marked by back-edge®, D, andE iterateonly a few times,if atall,
duringeachinvocationof the hot spot.

Thehotspotbehaior withessedn thelisp interpreteigeneralize$o otherprogramsaswell.
While somehot spotsdo containtight loops,mary alsohave muchmorecomplex controlflow.
The numberof call andreturninstructionsogetheraverageabout15% of the dynamiccontrol
flow in the examinedx86 architectureprograms(as describedn Section4.3). While these
control transfersare sometimedighly predictable their frequeng presentsa barrierto wide
instructionfetch and optimization. Many of the benchmarks$ave a fair numberof uncondi-
tional jumps,representingpn average about5% of dynamiccontrolflow instructions.These
instructiongperformno controldecisionsandareobviouscandidatesor optimization.Indirect
jumpsandindirectcallsdo notmake up alargeportionof thebrancheshut arefrequentenough
to becomeobstaclego long traceformationfor somebenchmarksinlining the potentialtar-
getmay allow for wide fetch acrossthe indirectjump or call, a benefitnotablyimportantfor
callsto sharedibraries. Finally, only about35% of the dynamiccontrolflow instructionsfall
throughto sequentialinstructionaddressesConsequentlytraditionalfetch architectureghat
breakfetchesattakenbranchewill oftenbelimited to onebasicblock perfetch.

Sincethe proposedarchitecturds designedo exploit programphasesphasedurationand
frequeny arekey issues.ROAR is designedwith a minimum phasedurationon the order of
50 000cycles,althoughthis minimum may vary with the numberof instructionsin the phase.
This minimum s requiredto cover the time requiredto performthe profiling, extraction,and

optimization of the traces,and thento executethe optimized codeto reapbenefits. What
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is termeda programphasein this work could be an inner loop with one set of intensiely
executedpaths,or it could be an outerloop with repeatingpatternsof shorterinnerloops. If
theshorterinnerloopsgrow in durationin responséo inputconditions(for example thesizeof
theinput) they might eachbecometheir own phase.Thetermphase hencejs thenassociated
morecloselywith a setof pathsthatexecuteduringasignificantfractionof thetargettemporal

window, whetherthosepathsexecuteuniformly or in spurts.
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CHAPTER 4

REGION SELECTION

Thefirst stepin the run-timeoptimizationprocesss region selection.This stepis critical
becausdenefitscanonly be extractedthroughrun-time optimizationif the profiled behaior
patterngersist. The Hot SpotDetector(HSD) [15] is a hardwareprofiling structuredesigned
to identify the coderegionsthat comprisethe phaseof execution,asdescribedn Chapter3.
Thedetectowtilizesanumberof new featureghatprovideimprovementsipontraditionalpro-
filing techniqueskFirst, the detectomprovidesprofileson a perphasebasis ratherthanaverage
profilescollectedover the entire executionof the program. As previously describedaverage
profilescanhidebehaior patternsspecificto variouscalling contexts andpatternsspecificto a
phase Secondthedetectowirtually eliminatesoverheadassociatedavith profiling. Traditional
profiling utilizesinstructionsamplingthatrequiresfrequentinterruptsto the operatingsystem
to recordprofile data,or instrumenteccodethat consumesxecutionresourcedo recordthe
information. By storingandfiltering the profile in a hardwaretable,no executionoverheads
incurreduntil profile collectionis complete.

TheHot SpotDetectorprovidesa numberof uniqueadvantagesn arun-timeoptimization
systemas well. First, the detectorprovides intensebehaior tracking, meaningthat every
dynamicbranchis examinedand tracked over a given period. Sampling-base@pproaches

only periodically examine programbehaior, often one branchper sample,and may not be
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intenseenoughto accuratelyprofile a phasebeforeexecutionmoveson to anothemphase.The
Hot Spot Detectoris designedto track all relevant instructionsduring executionto clearly
delineatebehaior. Secondyun-timeoptimizationrequireslow overheadmechanismsSince
the goal of run-time optimizationis to reduceexecutiontime, the addition of overheadto

performrun-timeoptimizationis counterproductie. Third, examinationof thecollectedprofile

and determinationof a suitableregion for optimizationis anothercritical component. This

steprequiresthat the massof profile databe analyzedfor suitability. The Hot SpotDetector
mechanismnunifiesthe collectionandanalysiscomponentdy providing anintegratedon-line
filter. Last,thedetectomprovidesanapproximateaelative profile of thebehaior within aphase.
Whole programbehaior analysisis unnecessaripecausehe goal of run-timeoptimizationis

to provide performancemprovementbasecddn the currentexecutionconditions.

The Hot Spot Detectoris designedto be a generalmechanisnfor finding coderegions
wherethe most benefitfrom run-time optimization could be derived. The region selection
processis guidedby threecriteria. First, the region must have a small static code size to
facilitaterapid optimization. Secondthe instructionsin the coderegion mustbe active over a
minimumtime interval so an opportunityexiststo 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 SpotDetector Ar chitecture

The first stepin the processof identifying hot spotsis to detectthe frequentlyexecuting
blocks of codeasthey emege during execution. This processs typically accomplishedy
monitoring the brancheghat definethe boundsof the hot spot. Employmentof a hardware
schemeeliminatesthe time overheadand allows detectionto be transparento the system.
TheHot SpotDetectorcollectsthe frequentlyexecutingblocksby gatheringthe brancheghat
definetheirboundariegswell astheirrelative executionfrequeng andbiasdirection. Though
not explicitly constructeda control-flov graphwith edgeprofile weightscanbeinferredfrom
the collectedbranchexecutionanddirectioninformation.

Relatve to latencieswithin the processorore,the Hot SpotDetectorcantoleratea large
lateng beforerecordinginformationaboutprogramexecution. For this reasonthe proposed
hardwareis off the critical path and gathersrequiredinformationfrom the retirementstage.
This senesboth the purposeof limiting adwerseaffectson the processos timing while also

preventingthe needto handleupdatedrom speculatre instructions.

4.1.1 Branch Behavior Buffer

To implementhot spotdetectionin hardware, we usea cachestructurecalled a Branc
BehaviorBuffer (BBB). The purposeof the BBB is to collectandprofile frequentlyexecuted
branchesvhosecorrespondindplocksaccountfor avastmajority of thedynamicallyexecuting

instructions Depictedn Figure4.1,theBBB is indexedonbranchaddressndcontainsseveral
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Figure4.1 Hot SpotDetectorhardware. Hot SpotDetectorfields shavn in white; additional
fieldsfor tracelayoutshavn in gray.

fields(detectoffieldsshovn in white): tag (or branchaddress)branc executioncount branch
takencount andbranch candidateflag.

Whenthe processoretiresa branchinstruction,the BBB is indexed by the branchs in-
structionaddress.If the branchaddresss found in the BBB, its executioncounteris incre-
mented If the branchis taken,thetakencounters alsoincrementedTo preventthe execution
counterfrom rolling over, the countersaturatesit a predeterminednaximumvalue.Whenthe
executioncountersaturatesthetakencounteris nolongerincrementedn orderto presere the
ratio betweerthetakenbranchcounterandtheexecutedoranchcounter As long asthenumber
of brancheghatreachsaturationis small, the profileswill still reflectthe relative importance
of thebranche<ollected.

A replacemenpolicy mustexist to manageentry contention.Because¢he BBB is afixed-

sizetablewith afixedindexing schemearetireddynamicbranchmayfind neitheranexisting
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entry for its staticbranchnor a free entry to which it canbe mapped. Sincethe BBB must
accuratelyrecordthe mostfrequentlyexecutedoranchesndtheir profilesratherthanthe most
recentlyaccessedit would be unacceptabléo implementa leastrecentlyusedreplacement
policy andallow ararebranchto replacea frequentlyexecutedbranch.Instead new branches
thatmapto alreadyoccupiedentriesin the BBB aresimply discarded.Thefunctionof branch
replacemenis controlledby periodicallyinvalidatingsomeentries.

The entry of branchesnto the BBB proceedsasfollows. Whena branchis seenfor the
first time its behaior is unknovn, makingit necessaryo give thebranchatrial period,gather
aninitial profile, anddetermineits likely importance.If anentryatits index is available,the
branchis temporarilyallocatedinto the BBB andprofiled over a shortinterval calledarefresh
interval. Its executioncountemustsurpass thresholdcalledthe candidatethresholdto avoid
having its BBB entry invalidatedat the next refresh. A branchthat surpasseshe candidate
thresholds calleda candidatebrandh, for which the candidatdlagin its BBB entryis set,and
its entrywill notbeinvalidatedatthe next refresh.

The refreshinterval is implementedusing a simple global countercalled a refreshtimer
thatincrementseachtime a branchinstructionis executed.Whenthe refreshtimer reachesa
presetvalue,all BBB entriesfor brancheghathave not yet surpassethe candidatehreshold
are invalidated. Refreshingthe BBB flushesthe insignificantentriesand ensureghat each
branchmarkedasa candidateaccountdor atleasta minimumpercentagef thetotal dynamic

branchegluringafixedinterval. The minimum percentagef executionrequiredof candidate
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Address Tag Executed Cntr Taken Cntr Cand Flag
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Figure4.2 Fieldsin eachBranchBehavior Buffer entry.

branchexanbe expressedsa candidateratio. Thus,

CANDIDATE_RATIO = 2% /2", (4.1)

giventhatthe sizeof therefreshtimeris n bits, andthatthe candidatédlag is marked whenbit
b, of theexecutioncounteris set. An exampleimplementatiorfor aBBB entrywith candidate
flagis showvn in Figure4.2.

Sinceentriesfor low-weightbranchesreinvalidatedat eachrefresh,the BBB only needs
to be large enoughto hold the candidatebranchedor a hot spotplus a numberof potential
candidatebranches.If the BBB is too small, the initial allocationof entriesto insignificant
branchewill delaythe entranceof importantbranchesnto the BBB. Statistically the impor-
tantbrancheswill eventuallyoccupy entriesafter subsequentefreshintervals, but the profile
accurag couldbe compromiseandthereportingof the hot spotbrancheslelayed.

A more seriousconflict occurswhentwo importantbranchesndex into the samecache
location. Many of theseconflictscanbe eliminatedby makingthe BBB set-associate. How-
ever, someconflictswill still exist. As long asthe remainingconflictsarerelatively rare,a

run-timeoptimizercanbedesignedo infer the presencef themissingbranchesAs discussed

35



in Chaptels, ROAR utilizesactualtracesof executionto fill thesanformationgaps.Kirchoff’s
currentlaw, which stateghatthe flow into any node(block) mustequalflow out of the node,
couldalsobe usedto derive the profile weightsof a singlemissingbranchgiventhatthe block

andbranchweightsof the surroundingcodeareaccurate.

4.1.2 Hot SpotDetectionCounter

Oncecandidatebrancheshave beenidentified in the BranchBehavior Buffer, they must
be monitoredto determinewhetherthe correspondinglocks may be considereda hot spot
region and, thus,usefulfor optimization. We definea thresholdon the minimum percentage
of candidateébrancheghat mustexecuteover a time interval asthe thresholdexecutionper-
centage, andwe definethe actualpercentag®f candidatebranchesxecutedover aninterval
asthe candidateexecutionpercentage. Two criteriamustbe satisfiedbeforea groupof candi-
datebranchesaredeclaredo accuratelydefinethe boundsof a hot spot. First, the candidate
executionpercentagshouldequalor surpasshe thresholdexecutionpercentageSecondthis
high candidateexecutionpercentagshouldbe maintainedor someminimumamountof time.
Whenthetwo criteriaaremet,adetectionoccurs,andall tableentriesarefrozen.

In orderto minimizedisruptionof thesystenduringthehotspotdetectiorprocesswetrack
thebehaior of thecandidatdoranchesn hardwareusingaHot SpotDetectionCounter(HDC),
showvn in Figure4.1. The Hot SpotDetectionCounteris implementecdasa saturatingup/dovn
counterthatis initialized to its maximumvalue. It countsdown by D for eachcandidatéranch
executedor countsup by | for eachnoncandidatéranchexecuted wherethe valuesof D and

| alongwith the countersizearedeterminedoy the desiredthresholdsaswill bediscussedn
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Subsectiort.1.3. Whenthe candidatesxecutionpercentagexceedsthe thresholdexecution
percentagethe counterbegins to move down becausehe total amountdecremente@xceeds
the amountincremented. Essentially the candidatesare engagedn a tug-of-war with the
noncandidatesherethe value of the HDC indicateswhich sideis winning. If the candidate
executionpercentageemainshigherthanthe thresholdfor along enoughperiodof time, the
counterwill decremento zero. At this point, the BBB entriescontainthe skeletonof the
hot spotwhich will be presered until an optimizeris calledto readthe table, constructthe
region, andperformthe optimization.This processnayincludea softwarerun-timeoptimizer
thatwould beinvokedvia the operatingsystemor a hardwarerun-timeoptimizer(suchasthe
TraceGeneratiorJnit in the next chapter)enableddirectly by the detectiormechanism.

The differencebetweenthe candidateexecution percentageand the thresholdexecution
percentagealetermineghe rate at which the counterdecrementdi.e., the rate at which the
hardware identifiesthe hot spot). This correspondso the obsenation that hot spotsbhecome
more desirableasthey eitheraccountfor a larger percentagef total executionor run for a
longerperiodof time. It is assumedhathot spotsthat have beenactive over a longerperiod
of time arelesslikely to be spuriousin their executionandaremorelikely to continueto run
afteroptimizationhasbeencompleted.

Therearethreeprimaryscenariosvherethereis no hot spotto befound,andthustheHDC

will neverreachzero:

1. Few branchesxecutewith sufficient frequeng to be marked ascandidatesandcollec-
tively, they do not constitutea large percentag®f the total execution. Thus,evenif the

region they boundwere classifiedasa hot spotand optimized,only a small benefitis

37



likely to materializesincesofew cycleswould be spentinsidetheregion. This situation
could be referredto aswanderingexecutionwherelarge portionsof the applicationare

touchedandnotrevisitedin ary particularpattern.

2. The numberof brancheghat executefrequentlyenoughto be considerectcandidatess
toolargetofit into theBBB. If thebrancheshatareableto entertheBBB donotaccount
for a large enoughpercentag®f execution,they will notindicatethe presencef a hot
spot. This may happenf the executionprofile of theregionis very flat, andmayappear
to bewanderingwhenthereis actuallymorestructureto the executionpattern.Branches
in largeloopswould tendto have morebiasedandrepeatabléehaior, unlike wandering
code.Althoughsomebenefitmay be gainedby optimizingall thefrequentoranchesthe
overheadof optimizing sucha large region could be prohibitive. However, the presence
of alarge loop may indicatelengthyexecutionwithin the loop andthusmight justify a
stratg)y thatwould focusBBB profiling on a portion of theloop. Generally loopsthat
arelargerthantheinstructioncachealsoresultin poorfront-endprocessoperformance,

andfurtherstudyon effective meandor handlingthemis warranted.

3. Theexecutionprofileis not consistentln this case a smallsetof branchesnayaccount
for a large percentagef executionover a shorttime, but executionshiftsto a different
region of codebeforethe Hot SpotDetectionCountersaturatesOptimizing a region of

codethatonly executesspuriouslyis unlikely to yield muchbenefit.

In eachof thesescenariossomebranchesvereexecutedrequentlyenoughto warrantcan-

didatestatusandthereforeconsideratiorfor inclusionin a hot spotandfor further profiling.

38



However, if the collectionof candidateoranchesloesnot identify a hot spotregion after con-
tinuedtracking, all branchesnustbe clearedin orderto begin a fresh detectionprocess.In
otherwords,somebranchesnay have oncebeenimportant,but now areclutteringthe detec-
tion attempt.Therefore the BBB will be periodicallypurgedby theresettimerto make room
for new branches.This timer is similar to the refreshtimer but clearsall entriesin the BBB,
including candidatebranches Theresetinterval shouldbe large enoughto allow the HDC to
saturatefor valid hot spotsbut small enoughto allow quick identificationof a new phaseof
execution. During a reset,a numberof thresholdvaluesand parameterén the detectorcould
be dynamicallyupdatedo alterthe hot spotsearctcriteria.

It shouldbenotedthattheweightsof theblocksandedgesareonly valid within aparticular
hot spot. Although this profile informationis useful for inferring a control-flov graphfor
a particularhot spot, profiles of differenthot spotscannotbe meaningfullycompared. For
instancegvenif onehotspothasblockweightstwicethoseof anothehotspot,thefirst hotspot
is notnecessarilgxecutedwice asoftenor for twice aslongasthe second Theseweightsare
primarily affectedby two factors:refreshperiodsrequiredto detectthe hot spot,andfrequeng
of the particularinstructionswithin the hot spot. The greaterthe numberof refreshesequired
to detecta hot spot, the longer the profiles are allowed to accumulate and the greaterthe

weightswill be.

4.1.3 Hot spotdetectionparameters

Oncethe thresholdexecutionpercentageX; requiredfor hot spotdetectionhasbeense-

lected,the HDC incrementanddecremenvaluesshouldbe chosen.D is the decrementvalue
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for a candidatebranch(candidatehit), and| is the incrementvalue for a branchthatis not
in thetableor is not yet marked asa candidatgcandidatemisg. Let X be the actualcandi-
dateexecutionpercentageFor a givenD andl, the counterwill decreasevhenthe candidate
executionpercentagenultiplied by the decremenvalueis greaterthanthe percentagef non-

candidatesnultiplied by theincrementvalue. This is representey the equation

X#(=D)+(1=X)%(I)<0 (4.2)

Rearranginghetermsandsolvingfor X yieldstheformulafor minimumpercentage:

X>— =X, (4.3)

Equation(4.3) shavsthatthe counterdecreasewhenthe percentagef executionis above the
threshold asdeterminedy | andD.

Giventheincrementanddecremenvaluesthesizeof theHDC canbe choserto achieve a
minimumdetectionlateng. Let N bethe minimum numberof branchesxecutedbeforea hot

spotis detectedFor detectiornto occut thefollowing inequalitymusthold:

N# X x(=D)+ Nx(1=X)*(I) < —HDC_MAX VAL (4.4)

Thus,thelateng for detectinga hot spotis determinedy thefollowing equation:

HDC_MAX_VAL
N = 4.5
(D+1)* (X —Xy) (4.5)
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Figure 4.3 Exampleof the hot spotdetectionprocess.

As the candidateexecutionpercentagdurther surpasseshe threshold,the detectionlatencg

decreasesThe lateny canalsobe decreaseindependentlyof the candidateexecutionper

centageby increasing andD suchthat X; remainsconstant.

4.1.4 Hot spotdetectionexample

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

(primaryhotspot2 in Figure3.1)is shovn in Figure4.3 (comprehensie detectionresultswill
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bepresentedh Sectiord.3). In thefigure,refreshtime intervalsareshovn acrosghetop graph
with thethin, blackverticallinesindicatingthe endof eachrefreshinterval whennoncandidate
branchesareflushedfrom thetable. Eight datasamplesveretaken at evenly spacedntervals
for thefirst two refreshperiodsto highlight the processwhile a singledatasamplewastaken
just prior to the refreshfor the otherintervals. The top graphchartsthe stateof the BBB
executedcounterdor a subsebf the active instructionaddresses the hot spot. A dark (blue)
squaremarker indicatesthat the branchat the given addresshad not yet beenclassifiedasa
candidateHowever, thelargerthe squarethe closerit wasto becominga candidate Notethat
at the end of the refreshintervals, noncandidatdoranchegmarked with squareshre cleared
from the table. Had thesebrancheseenspuriouslyexecutedin this phasethey would have
beenclearedfrom the BBB after the refresh,allowing otherbrancheghatindex to the same
locationan opportunityto be consideredor inclusionin the hot spot. If the branchesarere-
encounteredindBBB entriesareavailable,profiling will bereinitiated,but backat weightsof
zero. This situationcanbe obsenedfor thetop branch4398950 which continuedexecution,
albeitinfrequently in the secondnterval andis thereforerepresentetdy areductionin square
sizeatthebeginningof interval 2. Candidatéoranchesreshavnin thegraphaslight (orange)
circles,which arelockedinto thetableacrossefreshintervals. In this example portionsof the
hot spot(mainly thebrancheatthebottomof thegraph)wereheavily executedhroughouthe
hot spotandwere quickly classifiedascandidatesHowever, a numberof the otherbranches,
notablythe two centeredaroundaddres1398890, requiredmoretime to prove themseles

important.
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The bottom graphshaows the progressof the Hot Spot DetectionCounterover the same
refreshintenals. During thefirst threeintervals,a numberof theimportantbranchesxecuted
sporadicallyandhadnot beenidentifiedascandidatesAs previously describedthesenoncan-
didatescausedncrementsn the HDC. Clearly, the noncandidatesiere dominantin the first
intervalsbecause¢he HDC in thegraphremainssaturatedtthe highestvalue.However, asthe
noncandidateachiezedcandidatestatusandbeganto causedecrementto the counter(interval

four), the counterbeganits descento zeroandeventualhot spotdetection.

4.1.5 Monitor Table

Coupledwith the HSD is a globaltable calledthe Monitor Table [1]. The purposeof the
Monitor Tableis to determinewhen hot spot profiling is necessatry It is only usedin the
experimentsn this chapterasothermechanismareusedin the completeROAR system.This
hardware mechanismis continuouslyrunning, watching programexecutionand comparing
the executingbranchego thosealreadydeterminedo be in hot spots. Whenthe program
is executingin the known hot spots,the systemis saidto be in monitor mode which is the
steady-statenodeof execution. The systementersprofile modeandthe BBB is enabledvhen
the Monitor Table determineghat execution has strayedfrom the known set of hot spots.
Note thatthe Monitor Tablecontinueso operateduring profile mode,watchingfor execution
to returnto the setof known hot spots. If this situationwereto occur the BBB would be
deactvated,sinceit is unnecessargndcostly to extractandpossiblyoptimizea hot spotthat

hasalreadybeenprocessed.
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Figure 4.4 Monitor Tablehardware.

In orderfor the systemto detectwhenexecutionstraysfrom the known setof hot spots,
the hardwaremustbe aware of thosehot spotswhich have alreadybeenidentified. In anideal
Monitor Table,the addressesf all branchesn all known hot spotswould be placedinto atag
arrayasshaown in Figure4.4. Whena branchis executed,the instructionaddresss usedto
index in thetagarray Its presencen the arrayindicatesexecutionin a hot spot. An up/dovn
countercalledthe Monitor Counteris usedto track long-termexecutiontrendsand operates
muchlike the HDC. It countsdown whena hot spotbranchis executedandcountsup whena
non-hotspotbranchis executed.Whenthe Monitor Countersaturatest the maximumvalue
in monitor mode, a high percentagef recentbranchesutsideof the known hot spotshave
beenexecuted,jndicatinga possibletransitionto a nen hot spot. At this time, profile modeis
resumedSimilarly, whenthe systemis in profile modeandthe Monitor Counterreachesero,
programexecutionmusthave returnedto the setof known hot spots.At thistime, the BBB is

deactvated,andmonitor modeis resumed Whenmonitor modeis enteredrom profile mode
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(eitherthe Monitor Counterjust saturatedat zeroto end profile mode,or a hot spotwasjust
detectedandexecutionis likely to continuein the hot spot)the Monitor Counteris initialized
to zero,indicatingthatexecutionis in a hotspot.

Asin theHDC, theincrementanddecremenvaluesfor the Monitor Counterdeterminehe
thresholdratio of hot spotto non-hotspotbranchesAlthougha minimumratio of hot spotto
non-hotspotbranchesnustbe maintainedo remainin monitor mode this ratio shouldnot be
ashigh asin the HDC. A lower ratio is usedfor the monitor hardwareto allow the behaior
of the hot spotsto vary slightly without reenteringprofile mode.Oncethis ratiois determined,
the sameformula usedfor the HDC canbe usedto derive suitableincrementanddecrement

valuesfor the Monitor Counter

4.1.6 Multipr ocesssupport

Thusfar, the hardware designhasassumedingle processxecution. Operationbecomes
slightly morecomplicatedvhenconsideringhecontet switchingabilitiesof microprocessors.
It is the responsibilityof the operatingsystemto correctly maintainthe stateof the proposed
hardwarein a multiprocessernvironmentasit is requiredto do for traditionalhardwarecompo-
nents.

Becausef theexpenseof swappingoutevena subsebf the BBB duringcontext switches,
the hot spotdetectionhardwareis designedo operatein singleprocessmode. The BBB is a
processoresourceghatis allocatedto a particularprocess.lt maintainsthe branchedor the
designategbrocessuntil a detectionor aclear evenacrosscontext switches Becausehe BBB

respondgo hot spotsquickly, it is only active during a small percentagef an applications
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execution. Becauseof this low utilization, a single BBB canbe sharedamongmultiple pro-
cesses. The BBB could be configuredto searchfor hot spotsassociatedvith a particular
procesdD, threadID, or codesggment. This ID would be storedin a control register Al-

ternatvely, if the context switcheswereinfrequent,BBB profiling could begin anev for each
processmmediatelyafterthe processs swappednto the processar

UnliketheBBB, theMonitor Tableis alwaysin useby eachprocessSinceswappingatable
in andout at eachcontext switchwould be extremelycostly, all processesouldsharea single
table.In orderto accomplishthis,anup/donvn Monitor Counteris necessarfor eachprocesor
active subseto effectively track hot spotbehaior. Again,if contet switcheswereinfrequent,
a single Monitor Countercould be initialized to zeroimmediatelyafter eachcontext switch.
Furthermoregachentryin the Monitor Tablemustalsobetaggedwith its procesdD. ThisID
senesasa tagfor comparisorpurposesvhendetermininga hit or missandfor determining
which Monitor Counterto update.

WhenaMonitor Countersaturatesndicatingthatprofiling is necessarythe BBB mustfirst
be allocatedto thatparticularprocess A simplecheckof the BBB procesdD controlregister
canbe madeto determineBBB ownership.If therequestingprocesownsthe BBB, profiling
can continuewithout delay Otherwise,arbitrationmustoccurbetweenall of the processes
requestinguse of the BBB. This arbitration may be implementedin the hardware itself or
within the OS. Although processesnay be denieduseof the BBB for a shorttime, the BBB

may be acquiredby the next waiting processassoonasthe BBB resetor the HDC saturates.
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4.1.7 Enhancementso the basehardware

Severalenhancementsight be madeto the basehardware. The first enhancementould
be to reducethe size of the BBB by consideringonly conditionalandindirectbranches.The
executionandtaken profile weightsof blockswith unconditionalbranchesr directcalls can
be determinedy inferencevia Kirchhoff’s First Law andneednot be profiled. However, this
approachmayrequirea runtimeoptimizerto spendmoretime analyzingandconstructinghe
control-flov graph.

A seconcenhancememould beto index into the BBB with a combinationof thebranchs
addressandits direction. Thus,the takenandnot taken pathsof a particularbranchwould be
recordedin separateantriesallowing for the elimination of the taken counterin eachBBB
entry While this approachwould resultin either an increasein the size of the BBB or a
reductionin the numberof distinct branchaddresses the BBB, it would allow the system
to detectfiner changesn program,andhot spot,behaior. For example,controlflow changes
within a particularsetof blockswould now be detectedandpossiblyreoptimized.

A third enhancemenwould be to includesupportfor profiling the arc weightsof indirect
branchesCurrently profiling determine®nly the branchweightsof thesebranchesAn addi-
tional tableindexedon a combinationof thebranchandtargetaddressesouldbe usedto store
theactualprofile. The BBB entryfor thatbranchwould still gatherthe branchexecutioncount

anddeterminebranchcandidag.
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Table4.1 Hardwareparametesettings.

Parameter Setting
Numberof BranchBehavior Buffer sets 1024
BranchBehaior Buffer associatiity 2-way
Executedandtaken countersize 9 bits
Candidatébranchexecutionthreshold 16
Refreshtimerintenal 4096branches
Cleartimerinterval 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

Becausdhe designspaceis large, experimentallyevaluatingthe individual effect of each
hardware parametemwasinfeasible. Initial parametersvere selectedhat attemptedo match
the obsenred hot spotbehaior andwerethenfurtherrefined,resultingin parametershat ex-
hibit desirablehot spotcollectionbehaior. Theseparametersvereusedin the experiments
presentedn this sectionandare shavn in Table4.1. The BBB hardware was configuredto
allow brancheswith a dynamicexecutionpercentag®f 0.4% (16 executions/409@®ranches)
or higherto becomecandidategthe candidateatio). The HDC wasconfiguredwith athresh-
old executionpercentageéhat requiredcandidatebranchego total morethan66% (2:1) of the
executionto indicatea hot spot. The BBB wasallowed 16 refreshegtotaling65 535branches)
to detecta hot spotbeforeit wasreset.Theseparametersverechoserthroughempiricalstudy

comparingthe quick detectiomneedf smallerhot spotsto the profiling breadthrequirements
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of larger ones. The thresholdexecutionpercentageas previously described,s the starting
point for parametedeterminatiorandis setto allow for somespuriousexecutionduring the

detectionprocess.

4.3 Hot Spot Detector Evaluation

Trace-drven simulationswere performedon a numberof applicationsn orderto explore
the effectivenessof the Hot SpotDetector The experimentsfor the detectorwere designed
to maximizethe programcoverageof the collectedhot spotswhile minimizing boththe num-
ber of spuriousbranchesn the hot spotsandthe latengy of detection. Both SPECCPU95
andcommonWindowsNT applicationsveresimulatedto provide a broadspectrunof typical
programs. Thesebenchmarksare summarizedn Table4.2. The eight applicationsfrom the
SPECINT9%benchmarksuitewerecompiledfrom sourcecodeusingthe Microsoft VC++ 6.0
compilerwith the optimizefor speedandinline whete suitablesettings.Several WindowsNT
applicationsexecutinga variety of taskswerealsosimulated.Theseapplicationsarethe gen-
eral distribution versions,and thus were compiled by their respectre independensoftware
vendors.

The experimentswere performedusingtheinputsshown in Table4.2. In orderto extract
completeexecutiontracesof theseapplicationgall usercode,includingstaticallyanddynam-
ically linked libraries),we usedSpeedTacer specialhardware capableof capturingdynamic
instructiontracesonan AMD K6 platform[16]. Sincethetracedinstructionsarefrom the x86

instructionsetarchitecturgISA), variable-lengthnstructionsareusedthroughoutsimulation.
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Table4.2 Benchmarkg$or detectionandtracegeneratiorexperiments.

Benchmark Num. | ActionsTraced
Insts.

099.go 89.5M | 2stone.irtraininginput

124.m88ksim 120M | clt.in traininginput

126.gcc 1.18B | amptjp.itraininginput

129.compress 2.88B | test.intraininginput countenlagedto 800k

130.1i 151M | train.Isptraininginput (6 queens)

132.ijpey 1.56B | vigo.ppmtraininginput

134.perl 2.34B | jumble.pltraininginput

147 \ortex 2.19B | vortex.in traininginput

MSWord(A) 325M | openl6.0MB .docfile, searchthenclose

MSWord(B) 911M | load 25 page.doc,repaginateword count,
selectentiredoc,changegont, undo,close

MSExcel 168M | VB scriptgenerate$i diffusiongraphs

AdobePhotoDelug(A) | 390M | loaddetailedtiff image,brighten,
increasecontrastandsave

AdobePhotoDelug(B) | 108M | exporteddetailedtiff imageto
encapsulategostscript

Ghostviev 1.00B | loadgsviev and9 pagepsfile, view, zoom,
andperformtext extraction

To ensureexaminationof all executeduserinstructions,samplingwas not usedduring trace
acquisitionor simulation.

In orderto evaluatethe performanceof the Hot SpotDetector a numberof experiments
were conductedo examinethe dynamicandstaticinstructioncoverageof the hot spotspro-
duced. Sincethe detectedhot spotsprovide the basisfor tracegeneratiorand optimization,
maximizing coverageof the dynamicexecutionwith a small numberof hot spotsis critical.
While thetracegeneratiorprocesaitilizes heuristicsto accountfor anoccasionamissingim-

portantbranch neglectingbranchewill oftenprecludeoptimizationof pathscontainingthose
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Table4.3 Summaryof the hot spotsfoundin thebenchmarks.

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

hotspots| insts.in | hotspots| detected| spotsafter

hot spots hotspots| 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.ijpey 8 2556 3.48 91.07 91.00 1.42B
134.perl 5 1738 2.13 88.43 85.99 2.01B
147 \ortex 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
MSEXxcel 25 18936 2.94 60.01 54.85 88.2M
PhotoDelue(A) | 20 5485 1.68 94.31 90.97 354M
PhotoDelue(B) | 14 4192 1.78 94.24 90.81 98.5M
Ghostviev 33 8938 2.82 73.39 72.55 2.30B

4.3.1 Hot spotdetectioncoverage
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branches.However, providing concisehot spotsas swiftly aspossibleensuresminimal opti-

mizationoverheacandmaximumavailabletime to spendn optimizedcode.

Table4.3 summarizeshe effectivenesof the proposedardwareat detectingrun-timeop-
timizationopportunitiefor eachbenchmarkThenumberof hot spotscolumnliststhenumber
of timesthattheHot SpotDetectionCountersaturatect zero,indicatingthedetectiorof anew
hot spot. The detectorwasreactvatedeachtime executiondrifted from the cumulatve setof
candidatdoranchegrom the previously detectedhot spots.Thenumberof staticinstructionsin

hot spotsis the total numberof instructionsthatwill be deliveredto the optimizercollectively




overtheentireexecutionof theprogram.Thenext column,percentstaticexecutednstructions
in hot spots relatesthe numberof staticinstructionsin hot spotsto the total numberof static
instructionsexecuted. The resultsshow that, out of all the staticinstructionsexecutedby the
microprocessoqonly asmallpercentagdie within hot spots.Note thatsomeinstructionsmay
be presentin morethanonehot spotand,accordingly are countedmultiple times. The por-

tion of total dynamicinstructionsrepresentetyy thesehot spotsis shavn in the next column,
percenttotal executionin hot spots Becausehis hardware cannotdetecthot spotsinstantly

sometime thatcouldbespentexecutingin optimizedhot spotsis spentexecutingoriginal code
during detection. The time spentin hot spotsafterthey aredetecteds shavn in the percent
total executionin detectedchot spots andthetime lostto detectioncanbe found by takingthe
differencebetweenthis columnandthe previous column. Finally, the last column,dynamic
instructionsin hot spotsafter detection shavs the numberof dynamicinstructionsthatcould
benefitfrom run-timeoptimization.This numbereflectsany subsequentuseof detectedot
spots.

Analysis of the resultsshows that only a small percentageysually lessthan 3%, of the
staticcodeseenby the microprocessoexecutesntensvely enoughto becomehot spots.Since
alarge percentagef thedynamicexecutionis representetly a smallsetof instructions pften
nearly 90% of the programs execution,a run-time optimizer can easily focus on this small
setwith the potentialfor significantperformancencrease. In addition, only about1% of
the possibletime spentin optimizedhot spotsis misseddueto the detectionprocess.There
is no actualoverheadsincethe hardware performsthe profiling in parallelwith unhindered

execution. For example,in 130.li, the numberof hot spotstaticinstructionscomprisesonly
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3% of the total static instructions,yielding a total hot spot codessize of 1447 instructions.
Furthermore 90.88%o0f the entire executionis spentin detectedhot spots. Analysisshovs
thatideally the hot spotsaccountfor 91.28%o0f execution,andthusonly 0.40%is lost during
the detectionprocess. This indicatesthat the Hot Spot Detectormalkesthe identificationso
swiftly thatthe executionof hot spotregionsfalls almostentirely within potentiallyrun-time
optimizedcode.

Examiningindividualhotspotsrevealsinterestingcharacteristicef programbehaior. Fig-
ured.5(a)detailsthedetectedot spotsfrom the 134.perlbenchmarkFor eachhotspot,thebar
graphshaws the staticcodesize of the hot spot,while the line graphshows the percentagef
executionspentin thathot spotafter detection.This benchmarlconsistsof threeprimary hot
spots(looselydefinedasthosethatrepresentt least1% of total applicationexecution): 1, 4,
and5 onthegraph.Thesecorrespondo thethreehot spotsof Figure3.1in Chapter3 (notethat
in the histogram,134.perlwascompiledfor the IMPACT [17] architecturewithout inlining).
FromFigure 3.1, codecanbe seenexecutingbetweenthe first andsecondorimary hot spots,
which correspondo hotspots2 and3in Figure4.5(a).In thethird primaryhot spot,hotspot5
of Figure4.5(a),thecnd_exec() functionloops117Ktimes,callingstr _free() ineach
iteration. The 9 blocks,totaling43 staticinstructions contribute 7.3M dynamicinstructionso
the programs total execution. Becauseheseblocks executeintensely the hot spotsenesas
a goodcandidatefor run-time optimization. Analysisof this benchmarkalsoshows that one
hot spotis much moredominantthanthe othersin termsof dynamicexecution. In this case,

optimizingonly hot spot4 could benefitover 58% of the dynamicinstructionsexecuted.
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Figure4.5 Detailedhotspotstatistics.

Similar characteristicavere obsened in the other benchmarks.Figure 4.5(b) shavs an
example from one of the precompiledWindowsNT applications,PhotoDeluxe(A) For this
benchmarkthereare several hot spotsthat eachrepresentt least8% of the total execution
andtogetherepresenmorethan50%. We alsoseequiteafew hot spotswith smallstaticcode
sizes,indicatingtight, intenselyexecutedcode. In fact, for this benchmarkihe smallersized
hot spotsare alsothosewith high total executionpercentagesndicatingexcellentopportuni-
tiesfor run-timeoptimization.

The benchmark099.gois a notableexampleof a benchmarkwithout obvious hot spots.
While this gamesimulationrepetitvely executesplayers’ moves,eachmove touchesa large
amountof staticcodewith little temporalrepetition. The hardwarewasstill ableto detectsix
hot spotsrepresenting35% of the execution. Thereis one primary hot spotthat represents
28% of the executionwith a static codesize of 1170instructions. Datahasshown that the

static sizesof the detectedhot spotsvary significantly from tensof instructionsto the low
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thousandsDetailedhot spotdetectiornresultsfor the benchmarksn Table4.3 arepresentedn

FiguresB.1-B.8in AppendixB.

4.3.2 Hot spotdetectionaccuracy

To evaluatetheaccurag of thehotspotprofiler, thebranchtakenratioscollectedat hotspot
detection-timaverecomparedo theiraveragetakenratiosatthecompletionof theapplication.
The completion-timestatisticsweregatheredy attributing eachdynamicbranchexecutionto
the appropriatéhot spot.

As previously mentioned,the weightsof the blocks and edgesare comparablewithin a
particularhot spot, allowing for the constructionof a meaningfulcontrol-flov graph. How-
ever, theseweightscannotbe meaningfullycomparedetweenhot spots. Referringbackto
Figure 3.4 in Section3.2, the Hot SpotDetectorfound threeprimary hot spots. The profile
weightsgatheredy the detectorareannotatedn the blocksandarcs. Eventhoughthe block
weightsin Hot Spot3 aretwice aslargeastheweightsin Hot Spot1, it doesnot meanthatHot
Spot3is executedwice asoftenasl. Theseweightsareprimarily affectedby two factors:re-
freshperiodsrequiredto detectthe hotspot,andfrequeng of the particularinstructionswithin
the hot spot. The greaterthe numberof refreshesequiredto detecta hot spot,the longerthe
profilesareallowedto accumulateandthe greaterthe weightvalueswill be. Furthermoreif
theinstructionsarepart of a tight loop, the profile weightswill accumulateo a greatervalue
during the detectiontime thanwill instructionsthat are executedaspartof a larger region of

code.
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Figure 4.6 Differentaccumulategrofilesfor thest r .new() functionfrom threedifferent
hot spotswithin 134.perl

Figure4.6(a)-(c)depictstheactualweightsof the profiledblocksandedges.Theseweights
are gatheredthrougha heuristicthat attributesinstructionexecutionsto the hot spots. The
heuristicassignsa dynamicinstructionexecutionto a hot spotif that staticinstructionwas
a candidateat detectiontime. When a static instructionis part of multiple hot spots,it is
attributedto the hot spotthatwasuniquelyidentifiedby the previousdynamicbranchesWhile
the detectedveightsof Hot Spots2 and3 arealmostthe same the accumulatedveightsare

heavily skewed toward Hot Spot2. However, both phasedast considerablylongerthanthe
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134.perl MSWord(B)
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Figure 4.7 Absolutedifferencebetweerndetectedaken percentageandactualtaken percent-
agefor thehotspotbranchesn all significantdetectechot spots.

profiling processFor block E in Hot Spot3, the profile weightis missingfrom thehhot spot,as
previously mentioned Sincethe heuristicmustattribute the executionof thoseblocksto some
hot spot,a correspondingncreaseof 19 000 executionscanbe seenin the sameblock in Hot
Spot2 ascomparedo theweightof its incomingedge.

Figure 4.7 shavs the comparisonbetweenthe taken ratios for the hot spot branchesn
two typical benchmarks.In thesebar charts,only hot spotsthat represented % or more of
the programexecutionwere considered. For eachhot spot branch,the differencebetween
its detectedtaken percentageandits accumulateccounterparts computedandtallied. The
figure shaws that a vast majority of the brancheshave taken ratios at detectiontime within
2% of their accumulatedralues. Theseresultsindicate accurateprofiling and thereforethe
potentialfor usingdetectionprofile weightsfor optimization. However, a few brancheslso
changetheir behaior dramaticallyas can be seenby the larger changes.The last catejory

of the graph,not present(NP), representbrancheshat were detectedas part of the hot spot
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but never executedafter detection essentiallyfalsepositives. Including thesebranchesvhen
performingoptimizationmay introduceobstaclego aggressie optimization. Theseobstacles
includewastedoptimizationon codethatwill never beexecutedfalsepathsthatmay partially
overlapwith realpathsthuspreventingtherealpathsfrom beingformed,or new sideentrances

into existing tracesthatmayforce existing tracesto be split.

4.3.3 Hot spotdetectionquality

The size of the BranchBehavior Buffer is an importantfactor becauset representshe
maximumsizeof any hotspotin termsof branchesEvenif thecapacityof theBBB is adequate
for the final hot spot, the buffer must also containenoughentriesfor spuriousbranchesas
well, sothatthe spuriousonesdo not causesignificantcontentionwith theimportantbranches.
Table4.4 shaws the detectioninformationfor the MSWrd(A) application.Hot spotdetection
wasperformedon the applicationfour timeswith settingsof 2048,1024,512,and256 entries
in the BBB, eachwith four way setassociatiity. Thedetectedot spotsthatrepresenover 1%
of the applicationexecutionarelisted A - C.

For the 2048entry BBB, threeprimary hot spotswere detectecasopposedo two for the
otherconfigurations.The third hot spotin this configurationis the resultof a slight shift in
HSD timing that resultsin the detectionof a hot spotthat containsportionsof the first two.
Figure4.8 depictsthe Venndiagramdor the 2048and1024entry configurationsThe two hot
spotsin the 1024entryconfigurationarelargely disjoint, whereaghethird hot spotin the2048
configurationis comprisedmostly of piecesof the first two. However, the sharedbranches

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

\ Hot Spot H BBB Entries \ 2048 \ 1024 \ 512 \ 256 \
A Numberof Operationsn Hot Spot 359 359 359 339
BBB BranchesSeen 20280 | 20280 | 21252 | 22151
DynamicConflicts 18 94 995| 2810
SetConflicts 5 31 84 64
Percenbf Execution 3.39 7.79 7.79 7.68
B Numberof Operationsn Hot Spot| 1012| 1009 972 892
BBB BranchesSeen 14456 | 14651 | 13451 | 22455
DynamicConflicts 96 881 418 | 5083
SetConflicts 8 43 13 41
Percenbf Execution 75.92| 83.16| 81.92| 70.70
C Numberof Operationsn Hot Spot 554
BBB BranchesSeen 12129
DynamicConflicts 0
SetConflicts 0
Percenbf Execution 11.84
\ TOTAL H Percenbf Execution \ 91.15 \ 90.95 \ 89.71\ 78.38\

:

2048 1024

Figure 4.8 Venndiagramsdepictingthe numberof sharedoranchesn the hot spotsfor the
2048and1024BBB entryconfigurations.
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percentagdrom the first to the third, ascomparedo the 1024 configuration. This hot spot
representshe codepatternaroundthetransitionbetweerthefirst two.

The total applicationcoverage(bottomrow of Table 4.4) dropsslightly from above 91%
to just above 78%. For the first hot spot,the numberof operationsn the hot spotis aboutthe
samefor eachconfiguration but dropsby about5%, for 256 entries,althoughthe percentage
of executiondropsby only 1.5%. The numberof dynamicbrancheseenduringthe detection
processalsoclimbs asthe buffer becomesmaller from approximatelytwo refreshego close
tothree.In thisexperimenttheresetntervalis setto eightrefresheswhichis still significantly
largerthanneeded.The numberof dynamicbrancheshataredroppeddueto capacitylimita-
tions andthe numberof setsaffectedby capacitylimitations arealsohigherwith the smaller
BBBs. Essentially a 256-entrybuffer hasthe capacityto detecta hot spotthatis about340
branchesn size,althoughit takesa bit longerdueto contentionthanwith alargerbuffer. For
the secondhot spot,similar behaior is obsened, exceptthatthe applicationcoveragels more
significantlydecreaseahenthebuffer dropsfrom 512 entriesto 256 for this 1000-branchnot
spot. Oneaberrationhereis thatthe 1024-entryconfigurationdetectsa slightly differenthot
spotthatrepresents slightly larger percentag®f execution,but suffers mary moreconflicts
while detectingit. In summary for this applicationandinput, a buffer on the orderof 512
entriesappearso besufficient. However, amoredetailedstudyof cuttingedgeapplicationon

atagetarchitectures neededo properlysizethe buffer.
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CHAPTER 5

REGION EXTRACTION

After hot spotdetection the BranchBehavior Buffer containsa setof frequentlyexecuted
branchesvhoseblocksconstitutea large fraction of the currentoverall instructionexecution.
Figure5.1(a)depictsbranchentriesstoredn theprofiling tableascircles. Thebranchexecution
anddirectionweightswereaccumulatediuringtheprofiling procesgo provide behaior infor-
mationaboutthebranchesluringthe currentexecutionphase .The hotbranchesanddirections
are solid-filled and comprisea skeletonof the frequentlyexecutedregion of code. The next
taskin the run-time optimizationprocesss to usethe skeletonto determinethe instruction
blocksassociatedvith the branchesasshown in Figure5.1(b),andto constructa new setof
blockscoveringthefrequentlyexecutedones,asshavnin Figure5.1(c).

TheTraceGeneratiorUnit (TGU) is ahardwaremechanisnfor extractingthetracesvhose
skeletonsarerecordedn the BranchBehavior Buffer. Sincethe skeletonis obtainedfrom the
realstreamof execution thetracesoftencross-cumultiple functionsandmodulesthusiden-
tifying theimportantprogrampaths.Lik ewise,sincethe skeletonis obtainedfrom a historical
recordof realexecutionthe TGU is ableto producdraceghathave ahigh probability of future
execution.While a compileror off-line optimizercould performcontrol-flov analysisover an

entirecoderegionto identify andextracttracesa hardwaremechanisntanproducethetraces
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Figure5.1 Processor usingbranchprofile informationto form traces.

with almostzerooverheadandlateng. Thislow-costapproachs possiblebecaus®f thetight
integrationbetweerthe TGU andthe Hot SpotDetector

Traceshave beenshawn to be an effective platformfor run-timeoptimizationdueto their
moderatecapacityfor optimizationbut simplicity of analysis[18]. Therefore a run-timeop-
timizing systemcanbe enhancedereral waysby employing a mechanisnsuchasthe Trace
GenerationUnit. First, as previously mentionedthe TGU incurs minimal overheadby per
forming traceextractionin parallelwith the normalexecutionof the application. This paral-
lelism is possiblebecauséhe profile that guidesthe formationprocesss storedin an easily

accessiblededicatedhardwaretable(the BBB) insteadof in memoryor in cache.Secondcode
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straighteningptimizationis appliedasa by-productof thetracegeneratiorprocessyhichiit-
selfimprovesfetchperformancen the microprocessoiThird, thetracesepresenthefrequent
pathsthroughthe applicationthatcanbe subsequentlyransformedy anoptimizerto improve
overall applicationperformance.Amdahl’'s Law statesthat the overall benefitdue to an en-
hancemenis limited by the portion of executionthatcanbenefitfrom the enhancemeritL9].
For a run-timetrace-basedystem,this meanshat both codecoverage(fraction of codethat
canbenefitrom enhancemengndtracelength(unit of optimization)arecrucialfactorswhen
assembling fertile codecollectionfor optimization. Fourth, sincethe tracesarerestrictedto
includejust thefrequenttraces the mechanisnfilters out spurioustracesthatwhenoptimized
will only provide minimal benefitbecauséhey will berarelyexecuted Otherproposedystems
tendto form a greatmultitude of tracesthat may bog down the optimizer[20] (describedn
Section7.3)andmayoftendisplacetheimportanttracesn tracerepository However, the TGU
will have moredifficulty in extractingtracesfrom applicationghathave little pathexecution
consisteng. Last,theTGU extractsthetracesandformstheminto acollectionin memory The
collectionis storedin memoryin traditionalsequentiaprogramform that canbe fetchedby
the processowith atraditionalfetchmechanismin this form, branchesn tracedink to other
tracesgvenforming loopsout of traces.While this representatioallows for tracepersistence,
potentiallythroughouthe entirelifetime of the application,it doesnot provide quitethelevel
of theaggressie loop unrolling inherentto tracecachebasedsystemg21]. Suchsystemscan
unrollaloopuntil thetracecachdine is full, thuspotentiallyenablingoptimizationoveragreat
numberof iterations. A typical setof tracesmay containonetracewith loop preheadecode

followed by several unrolledloop bodiesand anothertracewith just unrolledbodies. Trace
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cachesffectively have backedgessinceoptimizationis not performedbetweenraces.Here,
thefirst effective backedgedependon the numberof loop bodiesthatfit afterthe preheader
code,and subsequengffective back edgesdependon the numberof loop bodiesthat canfit
into a trace. To consere codesizeinsidethe TGU-generatedoops, however, the amountof
unrolling is limited anda backedgefrom the bottomof the unrolledloop bodyto thetop still
remains.The TGU hasanadwantagdn thataloop with a shorttrip countmay be perfectlyun-
rolled andoptimizedwhereast maybe split into two tracesinsidethetracecache depending
ontheamountof preheadecode.

The Trace GenerationUnit is tightly coupledwith the retirementstageof the processor
pipelineandwith the Hot SpotDetectorfor maximumefficiengy. The mechanisnwatcheshe
sequencesf subsequentlyetiredinstructionsandconstructdracesfrom thosesequencethat
conformto the boundsof the detectechot spot. The TGU mustbe ableto form goodquality
traceseventhoughsomeof theimportantbranchesnaybemissingfrom thetable.Becausghe
detectorcanprofile only afinite numberof branchesafew importantbranchesanbe missing
from theprofile dueto contentiorfor tableentries.Thismechanisnalsoaddsadditionalsystem
requirementsanexpandedBBB, someassociatedegistersandcontrollogic, andafew pages
of resened virtual addressspacefor eachprocess.Like the BBB, the TGU is not sensitve
to lateng (it may lag behindactualinstructionretirementlandshouldhave little effect onthe

processos critical path.
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5.1 Overview

The TGU remainsidle until the hot spot detectionhardware detectsa suitableprogram
hot spot. Following detectionthe TGU is enabledor a shortperiodof time, duringwhich it
constructsa setof tracesfrom the streamof instructionsretiredby the processar The TGU
spendsmost of this time operatingin a passve mode, scanningthe retired instructionsfor
brancheghatmatchthosecapturedoy the BBB during profiling. The TGU actively generates
tracesin shortbursts(experimentsshav 0.005%o0f the total dynamicinstructions),writing
theinstructionsto a codecachethatresidesn the virtual memoryspaceof the processeing
optimized. Otherthana potentialslowdown during this actve phaseof tracegenerationthe
TGU is nonintrusve to programexecution. Becausevirtual memoryis usedto containthe
optimized code, standardpaging and instruction cachingmechanismallow translationsto
persistacrosscontet switches.Thecodecachepagesanbeallocatedoy the operatingsystem
at processnitialization time andmarked asread-onlyexecutablecode.

The allocationof dynamicoptimizationcomponentgo hardware or software affects the
overhead flexibility, and optimizationfrequeng of the resultingsystemalongwith the size
andshapeof theunit of optimization.For example thelargerthe overheadthelongeranopti-
mizationmustpersistto amortizeits costandclaim a benefit. Hardware mechanismgromise
to controlthe run-time overheadof dynamicoptimizationsystemsby transparenthapplying
profiling andoptimizationtechniquesBYy usingdedicateccomponentshardwaremechanisms
typically allow for greatemparallelismoftenprocessingn parallelwith therunningapplication.

Softwaresystemgypically implementdetailedprofiling by utilizing instructioninterpretation,
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or by insertingprofiling probeshroughjust-in-timecompilation. This leadsto frequenttransi-
tionsbetweertheapplication optimizer andoperatingsystempotentiallyaddinga significant
overhead.Infrequentsample-basegrofiling usuallyincursa few percentoverheadwhile full
interpretations often orders-of-magnitudslower.

Experimentshave shavn minimal overheaddueto the hot spotdetectionandtracegener
ationprocess.The HSD cancontinuouslymonitor programexecutionat low cost,conducting
profiling without degradingthe performancenf programuntil a hot spotis detectedThe TGU
operatesatlow costbecausdt is alsoa dedicatechardwarestructurethatsimply monitorsthe
retiredinstructions.Someoverheadnaybeincurred,however, while atraceis formedbecause
the constructionthroughputis likely to be lessthanthe pipeline retirementthroughput. En-
hancingthe TraceGeneratioriJnit to employ optimizationtechniquess lik ely to addminimal
overheadaswell, sincethe hardware optimizerwill operatein parallelwith tracegeneration
and native programexecution. In essenceROAR enabledull-speednative executionof the
applicationwith minimal, decisve, andsumgical optimizationsto the code. This combination
of continuougprofiling andprecisionallows for afasterrespons¢hana softwaresystem.

Oneprimary benefitof softwarereoptimizationapproachess their flexibility . Within any
profiling andcodedeploymentsystemanumberof stratgjiescanbeemployedthatcandynam-
ically decidewhenandwhatto optimize. While the Hot SpotDetectorand TraceGeneration
Unit are hardware structuresthey too containa numberof parametershat can be adjusted
dynamically For example,Hot SpotDetectorthresholdsandtimerscanbe adjustedo vary the
coderegion sizedetected.The detectorcould be configuredto identify and optimizecritical

codefirst, laterbroadeningts scopeto optimizeremainingcodesecond.
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It is oftendifficult to quantify the differenttrade-of optionsbetweenhardware and soft-
warebecauseachhighly depend®n systemgoalsandavailablemechanismsvith associated
overheadsWhile ROAR providesa mechanisnwith afastresponsdor smallerunits of opti-
mization,a stagedapproachmightwork best.Suchanapproachallows alow-overheadsystem
to make moderateimprovementsapplication-widewhile, over time, further identifying the
very hot regions,handingthemoff to moreaggressie systemswith higheroverheadshatcan

optimizeacrossentireregions.

5.2 CodeDeployment

Becauseof code self-checks,a criterion for ROAR is that the original code cannotbe
alteredin anyway. Thereforeary optimizationgperformedontheprogramareonly performed
on the generatedhot spottraces.For the samereasona seamlessnechanisnfor transferring
executioninto the codecache,insteadof changingthe branchtargetsin the original code,is
needed.The BranchTarget Buffer (BTB) canbe usedto facilitate control transfers.In some
implementationsthis structureassociates branchinstructionwith its takentargetby storing
thebranchs targetaddress Similarly, ROAR utilizesthe addresdield in the BTB to storethe
takentamget’s locationin the codecache Thereforeall entry point transitionsin ROAR must
occuralongtaken branchpaths. Tracesbeagin with the instructionsat the target of the branch
andcanonly bereachedhroughthe particulartransitioningbranch.

OtherBTB implementationsssociate fetchaddresavith the next fetchaddressin such

a structure the codecacheaddressf the target could be associateavith a fetch addresghat
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would fetcha transitionbranch.However, this associations not aguaranteeanappinglike a
singlebranchto its target,becaus¢heremaybemary branchesvith differenttargetsthatcould
be executedfrom a singlefetch. Therefore this style BTB will predictanentryinto the code
cachethat mustbe verified whenthe transitionbranchexecutesand, thus, a transitiontable
separatdrom the BTB would be required. In typical operation,the BTB would be updated
with the codecachemappingafterthefirst executionof thetransitionbranchbecaus¢he BTB
would have mispredictedo original code.For the purpose®f theremaindeof this discussion,
thefirst BTB implementatiorwill beassumeadavith theunderstandinghatonly modesthanges
would be neededor alternateBTB styles.

After eachnew traceis constructedan entry point recordfor the traceis written to a list
locatedin thefirst pageof the codecache.Therecordassociatethe entry point branchin the
original codewith its target placedin the codecache.During the tracegeneratiorprocessa
timer signalsthe end of tracegenerationfor the currenthot spot. At thattime, a routineis
initiatedto install thelist of entrypointsinto the BTB. For eachentrypoint,the BTB targetfor
the entry point branchis updatedwith the addresf the entry point tamgetin the codecache.
An entry point bit is alsosetin the BTB to lock the entryin placeuntil aBTB flush. After a
contet switch,the sameroutinecanbeinvokedto reinstallthe entry pointsinto theBTB ona
perprocesdasis.No new hardwareis required,otherthanthatneededo updateBTB entries
andto ignorebranchaddressalculationsselectvely for brancheghathave the entry point bit
set.

Self-modifyingcode(codethatwritesinto its own codesegment)presents challengeo all

dynamicoptimizationsystemsModificationsmadeto the original codesggmentmustalsobe
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reflectedin the optimizedtraces.To preventoptimizedcodefrom becominginconsistentvith
the behaior of the modified original code, eitherinstructionsthat have beenmodified must
be updatedor tracesthat containsuchinstructionsmustbe flushed. Sinceit is not generally
possibleto locateall modifiedinstructionlocationsin the optimizedcode,mary systemgDy-
namol[22], for example)flush their entire cachecontentswhenself-modificationis detected.
Othersystemssuchastheexecutiontracecachen thePentium4 microprocessqincludea bit
for eachtracein eachtranslatioriook-asidebuffer entrythatis setto trueif thetracecontainsat
leastoneinstructionfrom thatpage[23]. Thus,whenancodepageis modified,all tracesthat
containary instructionsfrom that pageareflushed. While this approachs still conserative,
it reduceghe numberof tracesthat mustbe flushed.ROAR currentlyflushesthe contentsof
the codecacheandreturnsto unoptimizedcodelike Dynamo,althougheachhot spotcould
containa list of pagesof includedinstructions. However, all write operationgo codepages
would have to be trappedandthe target pagescomparedagainstall existing hot spotlists to

checkfor invalidation.

5.3 Trace Generation Unit Architecture

As the TGU writes instructionsinto the codecache,it performstwo importantfunctions.
First, it createsconnectedegionsof codethatembodythe detectechot spotanddefinesentry
pointsto thoseregions. It doesthis in sucha way thatif programcontrol entersa hot spot

region at a selectedentry point, controlwill likely remaininsidethe region for a significant

69



length of time. Secondthe TGU automaticallyperformscodestraighteningalongthe most
frequentlyexecutedpaths.

The processof copying aninstructioninto the codecacheis referredto asremappinghe
instruction. If the copiedinstructionis a branch,this processcaninvolve changingthe target
andpossiblythe conditionof the copy within the codecache. Thusremappednstructionor
remappedrand refersto aninstructionwithin the codecache. If abranchhasbeenremapped
in its takendirection thenaninvertedinstancginverseconditionwith swappedakenandfall-
throughtargets)of the samestaticbranchhasbeenplacedinto the codecache.The new taken
targetmay pointto thefall-throughinstructionsin the original code,or to anothertracein the
codecachefor thefall-throughpath.

Thecollectionof tracescreatedor eachhot spotis calledatraceset Althoughanindivid-
ual tracemay containinternalbranchesaswell asbranchedo othertracesin the sameset, it
nevertransfercontroldirectly to codein adifferenttraceset. Thereforetracesgeneratedrom
ahotspotform a self-containedaegion of codethatcanbeindependentlypptimized,deployed,
andremovedif necessary

To assiston-the-fly trace formation, additionalfields are incorporatedinto the BBB, as
shovn shadedn grayin Figure4.1. The codecachetaken addressandfall-throughaddress
fields areusedto hold offsetsinto the codecacheat which codefollowing the corresponding
branchdirection hasbeenplaced. Storingthe codecacheaddressefor the branchtargetsin
theBBB allowsthe TGU to link importantbranchegrom atracedirectly to thetamgetof apre-
viously remappednstructionin the sametraceset. Valid bits for eachtargetindicatewhether

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

CodeCabeOfset

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

CurrEntryBranch

Original addres®f branchinstructionused
astheentrypointto the currenttrace.

CurrEntryTarget

Codecachetagetof CurrEntryBrandh.

Pendingarget

Original addres®f theinstructionthat
thatfollows the currenttrace.Usedin
Pendingmodeto determinevhento
continuefilling atrace.

Consecutive@PathBranches

Numberof noncandidatéranchesxecuted
consecutiely while filling thecurrenttrace.

TotalOfPathBrandhes

Numberof total noncandidatéranches
executedwhile filling thecurrenttrace.

NextCalllD

Integervaluefor the next unuseccall ID.
A call ID estimatesalling context.

CalliDStadk

Stackrepresentinghe currentcall-chain
duringFill mode.Eachentrycontainsa
call ID andareturnaddressThetop
entryis for the currentfunction, below it
areentriesfor afixednumberof parents.

ContainsRtchTarget

Singlebit thatis setwhenanother
tracecontainsa branchthat,througha patch,
links into thetracebeingconstructed.

generatedthe TGU avoidscreatingredundantraces.A calllD field alsoaidstracegeneration
by taggingthe target fields to a particularcalling contect. This preventslinking codefrom
differentcontects togetheya problemthatis discussedn Section5.4.5. Finally, a toudhedbit

is addedo supporthebacktrackingpperationdescribedn Section5.4. In additionto the BBB

modificationsthe TGU useghe setof registerslistedin Table5.1.
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From Profile

Cold Branch

Continue

(@)

Rule Condition Rule Condition
New Entry Point Transition: Merge Transition:
1 — Executed suitable entry—point branch 6 — Executed direction of candidate branc
already placed, but other direction
End Trace Transition: not placed
2 —= Both paths from executed candidate Continue Transition:
branch already placed .
. 7 — Executed candidate branch matches
3 — Executed non-candidate branch and i
. pending target
maximum allowed off-path branches
exceeded Cold Branch Transition:

4 — Executed return target mismatches call site 8 — Executed non—candidate branch

5 — Executed candidate branch will link to
recursive context

(b)

Figure5.2 Tracegeneratiormodeswith rulesfor mode-alteringransitions.

5.3.1 Tracegenerationcontrol logic

This sectiondescribeghe operationof the statemachinein Figure 5.2(a) that controls
tracegenerationMore precisetreatmenpf the TraceGeneratioralgorithmis providedin [3].
Figure5.2(b)illustratesthedecisionrulesusedfor eachtransitionarcin thestatemachine.The

traceformationprocessonsistf the following four modesof operation:
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Profile Mode: Searchfor anddetecta hot spot.

ScanMode: SearcHor atraceentrypoint. Initial modefollowing detection.

Fill Mode: Constructatraceby writing retiredinstructionsinto the codecache.

PendingMode: Pausetraceconstructioruntil anew pathis executed.

Whenthe Hot SpotDetectorsignalsthata new hot spotis available,the TGU transitions
from its idle Profile Modeto ScanMode. In ScanMode,the TGU performsa BBB lookup for
eachretiredtaken branchinstruction. If theretiredbranchis listedin the BBB asa candidate
branchthathasnot beenusedin atrace,the TGU initiatesa new trace. This is accomplished
by settingthe currenttrace entry point to the next available code cacheoffset, storing this
offsetin the codecachetakenfield in the BBB, andtransitioningto Fill Mode (transitionRule
1). Table5.2 depictstheseactionsandtransitionstaken basedon the BBB field contents.For
example thefirstrow representghetransitionto Fill Modewhenasuitableentrypointis found
(Rulel).

During Fill Mode,the TGU writeseachretiredinstructionsequentiallyinto the codecache.
All nonbranchingnstructionsare written without modification (default fill rule). However,
branchinginstructionsrequire further treatment. The TGU ignoresunconditionaljump in-
structionsbecausehe block at a jump targetwill befilled into sequentialocationsimmedi-
ately following the copy of the jump’s predecessorAlthough conditionalbranchinstructions
arewrittento thecodecachethe TGU mayinvertthebranchsensef executionproceedslong

the taken path. Conditionalbranchesausethe 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 |Contet| Direction| Direction || ition State
Branch Already | Already || Rule
RemappedRemapped
Scan Taken Yes N/A No No 1 Fill |Recordentry
branchor pointlocationin BBB.
jump
Default Default| Scan
Fill | Conditionall 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 codecacheamget
locationin BBB.
Same No N/A 10 Fill |Placeinst. Record
codecachetarget
locationin BBB.
Yes No 6 |PendingLink traceto
codecacheaget
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 tracegeneratiorshouldproceed.Discussiorof filling throughcalls, returns,andindirect

jumpsis deferreduntil Subsectiorb.4.5.

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

counterthatindicateshe numberof sequentiabff-pathbrancheshathave beenretired. When

this counterexceedsa presetthreshold(Rule 3), the TGU signalsan End Trace condition
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andtransitionsbackto ScanMode. Otherwisethe TGU continuesto fill instructionsalong
the executedpath. For a reasonablysized BBB, a maximum off-path branchthresholdof
oneallows for anoccasionamissingbranchentrywhile preventingexcessve tracegeneration
down cold paths.Two off-pathbranchcountersareactuallyusedby the TGU. Thefirst limits
consecutre off-path branchesandthe secondimits total off-pathbranches.

When the BBB lookup returnsa candidatebranchentry, the TGU checkswhetherthe
branchhasbeenremappedn the currentdirection. In the casethat the retired branchwas
taken, the TGU checksthe codecachetakenfield in the BBB entry; otherwise,it checksthe
fall-throughfield. If theretiredbranchhasnotyet beenremappedn the currentdirection,the
TGU continuedo fill instructionsfrom the executedpath(Rule 9). Beforeproceedinghow-
ever, the TGU marksthe remappedametfield valid andstoresthe currenttraceaddressnto
theremappeaddresdield. Whenemittingtheconditionalbranch the TGU usegheremapped
addresgrom the BBB for the oppositedirectionif it is valid. This reduceghe numberof exit
pointsfrom the codecacheto the original code.

If the BBB lookuprevealsthattheretiredbranchhasalreadybeenremappedn the current
direction,the TGU stopsfilling thetrace.If thebranchhasalsobeenremappedn theopposite
direction(Rule 2), thenthe TGU signalsan End Tracecondition. At an End Tracecondition,
the TGU writesthetraces entry point to the codecachefor future insertioninto the BTB and
transitionsbackto ScanMode. To closethetrace the TGU emitsanunconditionajump using
theremappedhddresgor thedirectionoppositetheretiredbranchdirectionasthejump target.

If theretiredbranchs executeddirectionhasbeenremappedbut notits oppositedirection

(Rule 6), the TGU signalsa Merge condition. At a Merge condition, the currentbranchis

75



placedin the codecachesothatits takendirectionlinks to the alreadyremappedode. Then,
the TGU setsthe pendingtarget registerto the targetaddresf the branchdirectionthathas
notyet beenremappedndtransitionso PendingMode. In PendingMode,the TGU monitors
retiredconditionalbrancheslf the TGU encounters retiredbranchwhosetamgethasnotbeen
remappedjt compareshe branchs tamget addresswith the pendingtarget register If both
targetaddresseareequal(Rule 7), the TGU signalsa Continueconditionandtransitionsback
to Fill Mode.

By operatingin PendingMode ratherthan endinga trace,the TGU forms longet more
completetracesthat extend beyond loops. Considerforming a tracethat containsan inner
loop. Whenthe TGU reachesheloop backedgejt entersPendingVlode,becaus¢heexecuted
directionof the branchalreadyhasa valid remappedargetto the top of the loop. Whenthe
controlfinally exits theloop, the TGU continuedilling thetracewhereit left off.

While the TGU operatesn PendingMode, it is possiblefor programexecutionto leave the
codethathasalreadybeenencounteredvithout reachinghe pendingtargetaddressThe TGU
easilyrecoversfrom this situationby exiting PendingModeif it encounters noncandidater

cold branch(Rule 8).

5.3.2 Tracevalidity

The tracesgeneratedy the TGU areidenticalto the original codewith the exceptionof
controlflow instructions.The TGU ensureshe correctnessf all modifiedbranchinstructions
becauset never emitsa branchwithout providing a valid target address.For eachbranchin

atrace,the TGU eitherusesthe original taget addressof the branch,or it usesa remapped
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addresshatpointsto atargetpreviously placedinto the codecache which is equialentto the
original code.

The TGU also guaranteeshat all tracesare well-formedbeforethe processoican begin
executingthem. A traceis well-formedif all possibleexecutionpathsstartingfrom thetrace
entry point arevalid. Recallthat no entry pointsfor a tracesetareinstalledinto the BTB
until all tracesin the set have beengenerated. Furthermore tracesfrom one setare never
linked to tracesin anotherset. Therefore,aslong asthe currenttraceis closedbeforetrace
generatiorends,all tracesin the setwill be well-formedbeforethey areinstalled. Note that
tracegeneratiorcanbe terminatedby anasynchronousventsuchasa context switchwithout
detriment. The TGU simply emitsa single closingjump instructionif it is interruptedwhile
filling atrace.

During Fill Mode or PendingMode it is sometimegdesirablefor executionto remainin
the original codewithout jumpinginto the codecache.This preventsnew tracesfrom contain-
ing copiesof codecacheinstructionsandensureghatall exit branchegeturnto the original
code. Therefore while operatingin thesemodes the processomustignoreBTB entrieswith
the entry point bit set. The time spentin Fill Mode and PendingMode is small enoughbut
not necessarilynconsequentialand canreduceoverall benefitsbecauseinoptimizedoriginal
codeexecutesduring all detectionprocessesThis modelproducesndependenhot spotsthat
potentiallycontainaconsiderableamountof overlap.Fromthe134.perlexamplein Figure3.4,
block B is the only block in Hot Spot2 thatis not presenin Hot Spot1, yetincludinga cus-
tomizablecopy in Hot Spot2 is desirable. In the oppositemodel, extractedregionsfor all

previously detectedhot spotsareleft to execute,but are not consideringduring the profiling
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and generationprocesses.This producesa layeredeffect of hot spotswheresecondaryhot
spotsareformedthat catchfrequentbordercasesor thatmay catchan outerloop aroundpri-
mary hot spotsthatareinnerloops. This work takesthe first approachwhereprevious entry
pointsaredisabledduring detection.However, a hybrid approachs takenin the optimization
sectionthatdisablesentrypointsfor previously extractedhot spotsthatarenot performingwell

(i.e.,shortrunsor low frequencies).

5.3.3 Tracegenerationexample

This sectionprovidesan exampleof thetracegeneratiorprocess Figure5.3(b)showvs the
original codelayout. The label at the end of eachblock of instructionsrepresentshe static
branchinstructionthat terminateghe block. Figure5.3(a)lists the executionsequenceseen
afterenteringScanMode. The numberfollowing eachbranchlabelsignifiesa dynamicoccur
renceof thatbranch.The basictracegeneratiormechanisndescribedn the previous section
generateshetraceshavn in Figure5.3(c). The staticbranchesn the codecachearedenoted
by “CC” followedby thelabelfor the dynamicbranchthatcausedhetracebranchto be emit-
ted. Theapplicationof two fetchoptimizations patching andbranc replication resultsin the
traceshown in Figure5.3(d). Patchingreduceprematurdraceexits while branchreplication
performsmore aggressie code straighteningunrolling loopsin the process. Figure 5.3(e)
depictsthefinal contentsof the BBB aftertracegeneration.

Thebranchesd, B, and(C' areall candidatéoranchesnd,therefore potentialentry points.
However, C' is mostlikely to be selectedasthe entry point becausat is the mostfrequently

takenbranch.After detectinga new traceentrypointat C', the TGU remaingn Fill Mode until
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Execution order during trace generation:
C1A1B1A2C2A3B2C3D1

(@

Entrance: C1

A
(b) (c) (d)
Original B Code Optimized
Code Cache Code
Layout Layout Cache
C Layout
D
CC-D1
BBB (after trace formation)
Exec |Taken | C [TkV TKA Ftv FtA CalllD | Touch
350 | 120 [1| 1 |Block(CC-C2)| 1 |Block(CC-B1)| © 0
B [235 | 120 |1| 1 |Block(CC-A2)| 1 |Block(CC-C3)| 0 0
235 | 235 (1| 1 |Block(CC-Al)| 1 | Block(CC-D1) 0 0

Entrance: C1

CC-D1

(e)

Figure5.3 Tracegeneratiorexample.

it reacheglynamicbranchC'2. Becauseéhetakentargetof C'2 hasalreadybeenremappedihe

TGU transitionsto PendingMode. During this time, the processoexecutesoneloop iteration

beforereachingC'3. Executionof the fall-throughpath of C' signalsa Continuecondition,

andthe TGU reentersill Mode. The TGU continuesgeneratinga traceuntil the numberof
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sequentiahoncandidatdérancheqsuchas D) exceedsthe off-path threshold(Rule 3). The

TGU thencloseshetraceandreturnsto ScanModeto searchfor anothertrace.

5.3.4 Tracegenerationparameters

The TGU employs a numberof algorithmsthat require configurationthroughparameter
settings. Most notably a taken percentagehresholdis usedto determinewhethera branch
directionis hot or cold. Theseclassificationsare examinedduring the entry point selection
processto choosehot starting points and can be usedduring the relayoutprocessto detect
executionstreamghat differ from the detectedhot spot. In this work, arny branchdirection
with anexecutionpercentageessthan25%is considerecatold, andthereforewill notbeused
asanentrypointandwill beconsidereaut of the hot spot. Note thata 50%takenbranch for
example,would be consideredot in bothdirections. This minimum percentagevould likely
besetbetweeril0%and50%.

Anotherparametelimits thenumberof consecutie off-pathbranchegncounteretieforea
traceis endeddueto Rule3. Becaus®f therelatively large BBB sizeusedfor theexperiments,
few branchesreexpectedo bemissingfrom thetable,andthustwo areallowedbeforeRule3
is invoked. Similarly, onceary tracecontainsmorethanfour total off-pathbranchesthetrace
is terminated.

Last, a time limit is placedon the trace generationprocess. More precisely one clear
interval numberof branchesreallowedto retireduringthetraceconstructiorprocesgor ahot

spot. Therationalebehindsuchatime limit is thatsincea maximumof oneclearinterval was
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allowedto detecta hot spot,thenthe sameinterval shouldbe sufficient to performthe trace

generationThisis onesimpleheuristic,but mayothersarepossible.

5.4 Trace GenerationUnit Ar chitecture Enhancements

A numberadditionalfeatureshave beenincludedin the designof the TGU. The patching
optimizationis designedo link tracestogetherto increasehe percentof dynamicinstructions
executedfrom codecache. Branchreplication(requiredfor loop unrolling), branchpromo-
tion, andautomaticinlining aredesignedo increasdracelengthto improve front-enduseful
fetchbandwidthby restructuringcodeto eliminatesometaken controlflow instructions.Last,
backtrackings usedto throw away tracesor portionsof traceswhenexecutiondeviatesfrom
the profile storedin the BBB. This will allow afreshtraceformationattemptwhenexecution

returnsto this particularfragmentof code.

5.4.1 Patching

Noticefrom thetracein Figure5.3(c)thatexecutingthetakenpathof branchCC-Alwould
causecontrol to exit the codecache. Whenthis happensthe systemexecutesoriginal code
until aninstalledentry pointis encounteredThe TGU employs a simple optimizationcalled
patding to preventsuchprematurdraceexits. Whenthe TGU emitsbranchCC-A}, it places
theaddres®f CC-Alitselfin thetakenaddresdield of the BBB entryfor branchA, but leaves
thefield markedinvalid. Whenthe TGU encounterdranchA2, it readstheaddresof CC-Al

from the BBB andpatchesCC-Alsothatits branchtarget pointsdirectly to the fall-through
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path of CC-A2 asshawvn by the dottedline in Figure 5.3(d). Similarly, the TGU patches
branchCC-B1to thefall-throughpathof CC-B2 In generalpatchingcanbeperformedn Fill
Modeonly whenthetraceencountera branchwhosetargethasbeenremappedn thedirection
oppositefrom thedirectioncurrentlyexecuted.

This featurecanalsobenefitfrom a limiting parameter Sincepatchingcan createa side
entryinto a tracefrom a sideexit of anothertrace,the optimizationpotentialof thefirst trace
canbereducedwvhenit is severedinto two pieces.Onemethodfor limiting thedownsideis to
only patchwhenthelik elihoodof executingalongthe patchto the sideentrancas above a set
threshold.Thelikelihood canbe calculatedoy multiplying togetherthe fall-throughratios of
all prior branchesn thetracefrom their BBB entriesalongwith thetakenratio of thesideexit.
High precisionis notnecessarin thecalculationandcouldbeimplementedn aninexactway.

In thiswork, atleasta 10%sideexit percentagés requiredfor a patchto be created.

5.4.2 Branch replication

To improvetheusefulinstructionfetchbandwidthjt is desirabldo eliminateasmary taken
branchesaspossiblewithout reducinginstructioncacheperformance Brand replicationis a
generalbptimizationthathasthe dual effect of both unrolling smallloopsandtail-duplicating
blocks so they exist in multiple traces. Without branchreplication, a traceis filled pasta
particularbranchin the samedirectiononly once.Any subsequentopiesof thatbranchin the
sametracesetareinvertedwith respecto thefirst copy suchthattheirtargetaddressepointto
thefall-throughaddresof thefirst copy. Branchreplication,on the otherhand,allows traces

to continuepastthe branchmultiple timeswithout linking backto thefirst copy of the branch.
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Application of this optimizationcanbe seenin Figure5.3(d). Insteadof memging the already
remappedaken pathof CC-C2to Block(CC-A1l), CC-C2is invertedso thatthe fall-through
pathnow pointsto Block(CC-A3). C"s BBB codecachetakentargetfield is not updatedsince
it alreadycontainsa valid target. Becausehe fall-throughpathof C' still hasnot beenseen,
the takenpathfrom CC-C2mustpoint backto Block(D), which is thefall-throughaddressn
theoriginal code.By notupdatingthe branchentrywith the new tamget,someopportunitieor
linking tracedatermaybelost; however, this rule allows the algorithmto eventuallyterminate
becausenly afinite numberof sideexit locationscanspavn new traces.To limit codegrowth
dueto unboundedinrolling, asimpleheuristicrestrictsthetotal sizeof theunrolledloop body.
In this work, theunrolledcodeis not allowedto extendpasta second.1 cacheine boundary
Sucha boundarywas chosenbecausat was difficult to track the actualnumberof timesa
loop wasunrolledin a particularinstanceof theloop, andto betterutilize fetch bandwidthby
maximallyfilling the cachdine.

The effects of branchreplicationon branchpredictionarelikely mixed. Replicationof
branchewill increaseghe numberof predictorentriesaffectedby the branch.Taggedpredic-
tors may suffer from increasecdtontentionfor entries,eliminatingotherusefulbranchegrom
thepredictorandthusincreasingnissrates.Replicationof brancheslsospreadeutexecution
of asingleoriginal branchto severalcopies thusleadingto slowertrainingtimesandincreased
start-upmissrates.However, thereplicationmayalsoleadto increasedesolutionby allowing
more entriesto be usedto track and predictbranchbehaior. Increasedesolutionmay lead
to improvedpredictionrates.Realizedmprovementor detrimentdepend®n mary factorsin-

cludingworking setsizeof the predictor codestructure andvariationsin behaior thatleadto
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diversepatternhistories. Effectsof replicationandextractionin generalon branchprediction

warrantfurtherstudy

5.4.3 Backtracking

The TGU usesa backtrackingmechanisnmto enhancehe quality of the traces. Rather
thansimplyfilling whichever pathexecutesduringFill Mode,the TGU watchegor anomalous
behaior. If abranchdirectionsuficiently deviatesfrom its BBB profile, the currenttraceis
discardecndtheprocessoreturnsto ScanMode. If theprofiledfrequeng of thebranchs cur-
rentdirectionis lessthan25% of its profiled execution,thenbacktrackis initiated. The same
hardwarethatperformsthe entrythresholdcheckcanbe usedto checkthe backtrackhreshold
by shifting the executioncounterby two bits ratherthanoneandby usingthe branchs current
directionto selectthe taken or fall-throughprofile weight. Supposehat whenbranchC' in
Figure5.3(c)wasencounteredbr thefirst time, its fall-throughpathwasexecuted.Thiswould
have causedhe TGU to returnto ScanModeafterresettingCodeCache@$etto CurrentEntry-
Tamget. Presumablytheloop would bereenteredftera shorttime, andbranchA would again
be selectechsanentry point. Whenexecutioneventuallydoesfollow the hot paththroughthe
loop, thetracewill becompletedasbefore.

To correctly supportbacktracking,someadditionalconsiderationsnust be made. First,
if a branchfrom a previous traceis patchedto the currenttrace,discardingthe tracewould
causethe branchs target to point to invalid memory This is avoided by settinga single bit
(ContainsRtchTarget) whenever a branchfrom a previous traceis patchedand suppressing

backtrackif the bit is set. Remwing a tracemay also createinconsistenBBB entrieswhen
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the taken or fall-throughfields point to the discardedrace. If, in the future, anothercopy of
this branchis written to a trace,the branchwould be patchedto aninvalid memorylocation.
To handlethis problem,eachBBB entry containsa touchedbit thatis setwhenthe entry is
updated.During backtrackingthe targetfields for touchedBBB entriesareinvalidated.Both

thetoucheditsandtheContainsRtchTamgetbit areresetwwhen&eratraceis finally committed.

5.4.4 Promotion

High instructionissueratesare often limited by the numberof brancheghat canbe pre-
dictedin a singlecycle. Onemethodfor overcomingthis limitation is to mark theinstruction
with a staticpredictionvia atechniquecalledbrandh promotion Sometracecacheémplemen-
tationsusea BranchBias Table[24] to trackthe long-termbehaior of the branch,promoting
consisteninstructionsin tracesso thatthey do not requirea dynamicprediction. Whenthe
staticpredictionis wrong, however, the processosuffersa branchmispredictionpenalty and
is likely to causethe promotednstructionto revertbackto its dynamicallypredictedform.

Similarly, wide-issudnstructioncachemechanismsuffer from thesamdimit onbranches
percycle. However, the hot spotdetectionrmechanisms well-suitedto make promotiondeci-
sionsduringremappingbecause profile of the branche®xistsin the BBB. Sincemispredic-
tionsareexpensve, we choseto promoteonly instructionsthatexecute100%in onedirection,
accordingto the BBB. In theexamplein Figure5.3(c),CC-C2canbe promotedo a statically
predicatedranchbecauséts takenandexecutedcountershave the samevalue. Occasionally
brancheshangeheir behaior over the courseof programexecution,causingmispredictions

thatmaynegatemuchof the benefitof their promotion. Thus,we requireameandor demoting
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suchmisbehaing instructions We proposea smallbuffer (empiricallychoserto containl6 en-
triesin the currentimplementation)calledthe BranchDemotionBuffer, thattracksatypically
small numberof promotedbrancheghat exhibit mispredictionsand marksthe misbehaing
instructionsn theinstructioncacheto forcea dynamicprediction. Thebuffer is organizedasa
fully associatie cachecontainingsaturatingcounters.Demotionor repromotionis performed

ontheinstructionswhenthe countereachesetthresholdvalues.

5.4.5 Automatic call, return, and indir ectinlining

Callandreturninstructionsaccounfor asignificantportionof controltransfersandbenefit
canbegainedfrom inlining frequentlyexecutecdcalls. During traceformation,the TGU inlines
subroutineghat are part of the currenthot spot. Inlining anindividual call site requiresonly
minor additionsto thetracegeneratioogic. However, the TGU shouldavoid linking different
inlined copiesof the sameoriginal subroutineto eachotherbecauseeachcopy may have a
differentcalling context. Considerthe FunctionA() thatmakestwo distinctcallsto Function
B() in Figure5.4(a). Whenthelikely pathsareinlined into FunctionA( ) in Figure5.4(b),
linking theunlikely pathfrom B- BB1’ * to B- BB2’ couldleadto areturnto A- BB2' instead
of A- BB3’ . Specialcall andreturninstructions,describedater, will preventexecutionfrom
returningto codein the wrong context andwill force a returnbackinto original code. Fur
thermore the link may breakthe contiguougracethroughB into two regions,thusinhibiting
optimization. To limit linking of tracesto thosewith the samecalling contet, the TGU at-
tachesa call ID to eachinlined call site thatis uniquewithin the currenttraceset. The TGU

maintainsthe next assignableall ID in aregister which canberesetupondetectionof a new
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Function A Function B

A-BBYT’

call inline B
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\/ call inline B
A-BB1 call B84 A-BB2 call ——
branch likely path \B\ likely path
return branch
B-BB3”
B-BB4”
return
A-BB3’
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() (b)

Figure 5.4 Exampleof maintainingpropercalling contexts within atrace.(a) FunctionA()
makestwo distinctcallsto FunctionB( ) in its loop body (b) Eachcall accesseBunctionB( )
differently andis inlined accordingly Linking the lesslikely directionsto the otherinlined
copy couldleadto areturninto codefrom a differentcontext.

hot spot. During tracegenerationthe TGU alsomaintainsa call ID stackthatrepresentshe
currentcalling context.

In additionto branchinstructions,the TGU identifiescall and returninstructionsduring
Fill Mode. Whenthe TGU encountersa retired call instruction, it emitsa CALL _INLINE

instruction,describedn detail in Section5.5. It thenpushesa new call ID ontothe call ID
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stackalongwith the returnaddresof the call. Similarly, whenthe TGU encounters return
instruction,it popsthetop entryfrom the call ID stack. If the stackis empty or if thereturn
addressloesnot matchthenext retiredinstructionaddressthenthe TGU signalsanEnd Trace
condition(Rule 4). This is usuallya resultof executinga returninstructionwithout having
inlined its correspondingall.

A slight extensionto the BBB accesperformedby the TGU uponretirementof a condi-
tional branchhasbeenmadeto supportinlining. Whenthe TGU updateghe remappedarget
field in the BBB, the TGU alsostoresthe currentcall ID. Additionally, whenthe TGU per
formsa BBB lookup, it compareghe recordedcall ID with the currentcall ID. A remapped
targetis only consideredvalid if thetwo call IDs match. This effectively preventsaninlined
subroutinédrom beinglinkedto anothercopy of the samesubroutingn a differentcalling con-
text. The BBB lookup alsocompareghe call ID field with thoseon the call ID stack. If the
branchentry’scall ID is foundin apreviousstackentry (Rule5), thenarecursve call hasbeen
made.In relayout-base@pproacheshat performaggressie inlining, suchasthe TGU, deep
recursve inlining andrelayoutmustbelimited to preventmassve codegrowth, whereaother
approachemaybeableto form traceswith multiple recursve copiespresentin this casethe
TGU signalsan End Traceconditionto avoid recursve inlining.

The TraceGenerationUnit is also capableof forming tracesacrossindirect jumps. The
nev JMP_INDIRECT_INLINE instruction,aswill be describedn Section5.5, positionsone
of its indirecttargetsimmediatelyfollowing (or in line with) theremappedopy of the jump.
Currently the selectionof thetargetis baseduponthetargetthatwasfirst encounterediuring

the traceformation process.However, lik e indirect branchpredictorsthat make a prediction
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from a setof previously seentargets,an extensionto the BBB could be constructedo track
the weightsof eachindirecttarget. Thus,for multitargetjumps,the mostor one of the most
frequenttargetscould be selected Onetypical useof indirectjumpsis in the calling sequence
of asharedibrary function,wherethereis only asingletargetof theindirectinstruction.This
featureenableghe aggressie optimizationandschedulingacrossmoduleboundaries.
Dynamicfunction inlining presentsa unique microarchitecturathallengebecauseof its
effect on returnaddresgrediction. The goal of the tracegeneratiormechanisnis to extract
andre-lay out the mostheavily executedpathsin the executionphase.Infrequentlyexecuted
side exits branchbackto original code sequencestherebylimiting the negative instruction
cacheeffectsandoptimizerworkloadfor unimportantraces.Whenexecutinga tracethathas
beendynamicallyinlined, no branchpredictionis requiredfor theinlined callssinceexecution
simply falls throughto the target positionedafter the call in the trace. However, execution
couldleave atracealongary sideexit, potentiallyafter severalinlined calls,andendup back
in original codewherethe processostatemustbe consistentvith native un-inlinedexecution.
The processtackmustbe maintainedduringinlined callssothatthe properreturnaddressand
local variablesare available both insideandoutsidethe trace. Furthermorewhile not strictly
arequirementthe hardwarereturn-addrespredictorshouldalsobe maintainedo ensurecon-
tinuedefficient execution. This predicatoris responsibldor fetchinginstructionsin the caller
codebeyond areturnin the calleeto keepthe processopipelinefull. It is updatedwith the
instructionimmediatelyafterthe call (the returnpoint) eachtime a call is made. The process
stackmaintaingherealreturnaddres@ndarny predictionis alwayschecledfor correctnesmn

the executestageof the pipeline. However, to avoid numerougeturnaddressnispredictions
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Execution order during trace generation:

C1 callAl D1 E1 retl callB1 D2 callF1 D3

callA }~

callB

@

callF | -~

ret

(b) Original Code Layout

Figure5.5 Traceexamplewith inlining.

Block(callF) 1

Block(E)

Block(callF)

Block(E)

(c) Code Cache Layout

CC-callAl

CC-D1

CC-E1

CC-ret

CC-callB1

CC-D2

CC-callF1

CC-D3

dueto returnsexecutedn original code,inlined calls madeinsidetracesmustalsoupdatethis

Considerthe exampleshown in Figure5.5. The caller consistsof a singleblock loop that

5.4.6 Automatic inlining example
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placingthe block terminatedby callA (Block(callA)) into the codecache. To inline call A,
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the TGU pusheghe next availablecall ID (1) ontothecall ID stackalongwith the expected
return addresgBlock(callB)). Next, the TGU insertsa CALL _INLINE instructionin place
of the original call. When executed,this instructionsasesthe returnaddresof the original
call site, Block(callB), asthe returnaddressbut allows executionto fall throughto the next
instructionin thetrace.Saving anoriginallocationasthereturnaddresss a safetymechanism
that guaranteeseturnof controlto the correctfunctionif executiontakesan early exit from
thetrace. This alsohidesthe existenceof the codecachefrom programsthatreadthe return
addreswaluedirectly. Somearchitecturessuchasx86 [25], pushthesavedreturnaddres®nto
the processstackduringa call andpopit off the stackon areturn. Others,suchasAlpha[26]
and Itanium [27], storethe returnaddressnto a register On Alpha, explicit codemustbe
includedto move the returnaddressnto the processstack,while the registerstackengineon
Itaniummaybeusedto automaticallyretainthereturnaddresgor eachfunctioncall. However,
the operationof the CALL _INLINE instructionis essentiallythe samejthe architecturestores
thereturnaddres®f theoriginal call siteinto thereturnaddressegister

As the TGU fills the body of the inlined subroutine(D, E, and“ret”), the BBB entries
for D and £’ aretaggedwith call ID 1. Whenthe TGU reacheghe returninstruction,it pops
thetop entryfrom thecall ID stackandverifiesthatthe expectedreturnaddresg¢Block(callB)
matcheghe addres®of the next retiredinstruction. The TGU thenemitsa RETURNLINLINE
instructionand continuedfilling the trace. Althoughthe RETURNLINLINE normally allows
controltofall throughto thenext instructionin thetrace,it still mustcomparehereturnaddress
found on the processstack(or in the returnaddresgegister)with the original addressof the

next traceinstruction. This checkis necessaryn the eventthat a programdirectly modifies
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its returnaddresslf the comparisorfails,the RETURNLINLINE behaesexactly asanormal
returninstruction.

Following the RETURNLINLINE instruction,atraceis formedthroughBlock(callB), and
inlining of call B begins. While inlining the secondcopy of the subroutinethe call 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 the samefunctionis encounteredCallF is
inlined asbefore,andthe next call ID (3) is pushedontothecall ID stack. Block(CC-D3)is
thenfilled into the trace. Whena BBB lookup for D3 is performed,the BBB Call ID field
value (2) matchesoneof the call ID stackentriesbelow the currentstackpointer Therefore,
theconditionfor Rule5 is satisfiedandthe TGU endsthetraceby emittinga conditionaljump

to Block(callF)andanunconditionajump to Block(E).

5.5 New/nstructions

Thefollowing arenew instructionsthatareusedwithin the codecache.Theseinstructions
aredesignedo supportrun-timeoptimizationin hardwarebut arenot visible to the program-
mer. Althoughit might be possibleto emulatetheseoperationswith traditionalinstructions,

they areproposedo beimplementedn the microarchitecturdor maximumefficiency.

e CALL _INLINE(returnaddrto original code)

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

instruction,andthe returnaddresss setto the operand value ratherthanthe next PC.
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The processstack(or returnaddressegister)andthe branchpredictionReturnAddress

Stack(RAS) areproperlymaintainedn casea normalreturnis executedater.

RETURNLINLINE(expectedreturnaddrin original code)

Executionspeculatrely continueswith the instructionsimmediatelyfollowing the RE-
TURNLINLINE. Meanwhile,theoperandwhichis the expectedreturnaddressis com-
paredto the returnaddreson the stack(or in thereturnaddressegister). If the values

do not match,thena mispredictionoccursanda normalreturnis executed.

CALL _INDIRECT_INLINE(indirect addr, inlined addr, returnaddrto original code)

Theactualindirecttamgetis calculatechormallyandcompareagainstheinlinedaddress
operandlf thereis amismatchbetweertheactualtargetandtheinlined target,anormal
call is madeto the calculatedarget. Otherwisea CALL _INLINE is performed.In both
casesthe original returnaddresrovided by an operandis pushedonto the stack(or

storedin thereturnaddressegister).

JMP_INDIRECT_INLINE(indirect addr inlined addr)

Theactualindirecttametis calculatechormallyandcomparedgainstheinlinedaddress
operandlf thereis amismatchbetweertheactualtargetandtheinlinedtarget,anormal
jumpis madeto the calculatedarget. Otherwise controlpasseso theinstructionimme-
diatelyfollowing theinlined jump. This instructionis particularlyusefulfor optimizing

acrosgdynamicallylinkedlibrary boundaries.
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5.6 Algorithmic Characteristics

The TGU hasa numberof differencesfrom other trace formation systemsand exploits
several applicationcharacteristicso accomplishits goals. The following sectionsdescribe
someof thesedifferencesandcharacteristicen relationto TGU output. Specificrelatedwork

is foundin Chapter7.

5.6.1 Structuredtrace formation

The TraceGeneratiorlJnit extractstracesfrom the hot spotregion in a structuredmanner
Underthis stratey, the TGU builds a copy of the original codewith its essentiabontrol-flow
but usesprofile datato straighterthe hot paths.Most othertrace-basedynamicoptimization
systemgieneratesequencesf arbitraryblocksfrom asingleinstanceof executionwith little or
no profile information. Theseapproachetendto have a significantamountof codereplication
becausdracescanbegin at almostary point in the code. Due to the desirefor the tracesto
have high codecoverage hew tracesoftenbegin right whereothertracesend,implying mary
potentialtrace startingpoints. For a particularloop, this may meanthat a handful of traces
exist to covertheloop, eachbeginningatdifferentpointsin theloop body. Furthermoretraces
thatcoverloopsmaycontainseveralunrolledcopiesof theloop bodyequialentto the number
of iterationsencounteredh theinstanceof theloop whenit wascreated.

Tracereplacemenpolicies may also increaseeffective codereplication. Somesystems
replaceatracewith anew onewhenthecurrentexecutionflow doesnotmatchtheflow captured

in thetrace. Essentiallyif anearlyexit from thetraceis taken (dueto greateror fewer actual
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iterations),the old tracemay be discardedn favor of a new one. This policy may not allow
enoughtime for anoptimizerto transformthe tracebeforeit is discardedandmay overwhelm
an optimizer with frequentnew traces. Allowing old mismatchedracesto remainis also
suboptimalas the tracesare clearly optimizedfor a particulariteration count. Executionof
fewer iterationsthanareunrolledwithin thetracewastesvork speculatrely performedfor the
unneededubsequeriterations while executionof moreiterationsthanareunrolledlimits the
iterationoverlapto theamountdetectedvhenthetracewasformed.

As previously mentioned,dynamicoptimizationmechanismshat form tracesor regions
acrossfunction boundariesnustalso ensurethat all indirect control transfersreachthe their
correcttargets. Consideringtrace-basednechanismspnetargetis often placedimmediately
after, orinline, with theindirectcontroltransfer A mechanisnis in placethatallows controlto
fall throughtheindirectinstructionif theintendedargethasplacedaftertheindirectinstruction
but forcesa branchif mismatched.Becausemary dynamicallylinked library functionsare
actually accessedhroughindirect instructions,the algorithm readily picks one target of an
indirectbranchor call to inline.

Returninstructionsarealsoessentiallyindirectbranchesvherethetargetaddresss located
on the processstackor in a returnregister Figure 5.6(a)describeghe generalproblemof
inlining returns.In this example thetracewasformedfrom FunctionC() backthroughA() .
An optimizerwould attemptto speculatenstructionsfrom thosefunctionsfrom afterthe call
site up into the end of the callee. However, FunctionC() may be a library function with
mary possiblecallers. Executionin this particulartracemay causean attemptedeturnto a

mismatchedeturntarget,andmayhave causedsignificantamountof unnecessargpeculatie
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Figure 5.6 Traceformationstartinginsidecalleefunctions.(a) Thetracerepresentsa calling
context from FunctionA to B to C. However, thetracecould be enteredhroughanentry point
in C, evenfor a calling context of FunctionD to C. (b) The maintrace(solid arrow) formed
with a sideexit trace(dashedine) thatproceedshroughinlined returnseventhoughthereare
no matchingreturnsin thetraceitself.
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work for the mismatchedarget. The mismatchedeturntargetwould be caughtin the execute
or memory stageof the processompipeline when the desiredreturn target is readfrom the

processstack,thustriggeringa pipelineflush. This is alsotrue of generaimismatchedndirect
controltransfers.Sometrace-basedystemswvould thenpotentiallyreformthe traceto match
this particularcalling context. However, thereis potentialfor frequentreformation,especially
if aparticularloop makestwo independentallsto thesamefunctionyieldingtwo returnpaths.
To avoid this problem,othertracecache-basedystemsdo not form tracesbeyond returnsat

all. However, unlike generalindirect control transfersreturnsto callersare almostalways

perfectlypredictablé becausenatchingcalls (indirector not) musthave beenmadeto execute
into the calleesprior to the returns. The structuredapproachto trace formation, described
below, formsallist of the callsmadeto reacheachpointin thetraceandthereforecanreliably

inline acrossreturnsbackinto callersby looking at the list. Becausehe algorithmrelieson

this characteristictraceswill beendedvhenareturnis reachedvheretheoriginal call wasnot

obsened.

The vision describedn the algorithmemployed by the TGU takesa more structuredap-
proachby attemptingto inline calleefunctionsinto their call siteswithin the hot spot. Un-
necessaryontrol-flov is removed where possibleincluding call, return, unconditionaland
conditionaljumps. By utilizing PendingModeto wait for theendsof loops,the TGU attempts
to form tracesthat passthroughcalleesbackto the caller (tracedepictedwith a solid line in

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

1The most notableexceptionis _| ongj np() which will returnto an environmentand context saved in a
previous_set j np() .
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to the vision, the TGU alsogroupstracefragmentsbeginning in calleefunctionsin with the
remainderof the extractedhot spotcode(tracedepictedwith a dashedine in Figure5.6(b)).
While this tracedoesnot have matchingcalls andreturns,the returnsin the dashedraceare
matchedwith the callsin the solid trace. The only restrictionis thatthe dashedracecanonly
be enteredrom the solid tracesothatthereturnsareguaranteedo matchthe calls. However,
this vision is not yet fully realizedbecausehe implementatiordoesnot currentlyform frag-
mentsstartingfrom side exits in calleesthat traversebackthroughreturnsbecausehe TGU
cannotuniquelymatchthe returnswith the calls. Theimplementatiorcurrentlywill form the
sidetracesupto thereturnwherethetraceends(point X in theexample)but will make theside
tracea normaltraceentry point. Like the othertrace-base@pproacheshereturncontet is
checledin the executepipelinestage andthereforehaving the correctcalling context inlined
into thetraceis not absolutelyrequiredbut is highly desirable.

The TGU relayoutoptimizationscreatea larger uninterruptedsequencef instructionsfor
the optimizerto operateover. Loop unrolling is also employed to further lengthenthe se-
guencesHowever, the TGU tracesstill includeloop backbrancheghat preventoptimization
of thefirst iterationwith the loop preheaderLik ewise, the loop backbrancheslsolimit the
numberof iterationsthatareoverlappedo the numberunrolled,whereathertrace-basedp-
proachesnaybeableto unroll moreaggressiely but mayrequiremary moretracesbeformed
and optimized. Unrolling also hasan unfortunateside effect in thatthe BBB, as previously
mentioned hasonly one entry to monitor ary particularoriginal branch. Unrolling andin-
lining may, however, causebranchreplication,but the BBB is only ableto track one of the

remappednstancesFuturedesignsof the BBB maybeableto useemptyfieldsin the BBB to
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form alinkedlist of branchinstancedo provide a betterplatformfor linking sideexits to new

traceheads.

5.6.2 EPIC versusx86

Applicationscompiledfor EPIC machineshave slightly differentbranchingcharacteris-
tics thanthosecompiledfor x86 becausef the aggressie natureof the compilationprocess.
SincecurrentEPIC processorsiave in-ordercores,the compileris responsibldor aggressie
codescheduling.To accomplishthis, the compilerprofilesanapplicationto gathertypical us-
agepatternsof the applicationwhich reveal commonbranchdirectionsand,hence,common
executionpaths. This informationis usedto straightenthe codewhich corvertssomeof the
taken branchesnto fall-throughbranchesThe pathsthatareformedthenundego aggressie
schedulingwith speculation.Compilersfor x86 architecturehave beenslow to adoptprofil-
ing becausef the compleity thatthe processaddsto the developmentcycle, andbecausehe
architectureprovideslittle meandor expressingaggressiely schedulednstructions. EPICar-
chitecturesalsohave increaseaapabilityfor executingmultiple instructionsper cycle. Thus,
techniquessuchasfunctioninlining andloop unrolling are more aggressiely pursuedto in-
creasdhe scopeof the instructionschedulein orderto utilize the availableparallelismin the
processar

As previously mentioned,the compiler may have performedmary optimizationsbased
solely on compile-timeprofile information, which may or may not be representate of fu-
ture usagepatterns.Whenthe gatheredrofile informationis correct,ROAR provideslimited

benefitbecausat currently performsmary of the sameoptimizationsasthe compiler: code
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straighteningfunctioninlining, instructionschedulingetc. Furthermorethe ROAR architec-
ture was originally designedo usetaken branchesas entry pointsinto the codecache. The
rationalewasto limit requiredchangedo the branchtarget buffer by overriding a predicted
taken branchs tamgetwith the codecachetarget. However, in EPIC codesthe compileroften
eliminateda sizablenumberof the taken branchegshroughcode straightening. Eliminating
takenbrancheslsohastheundesirableffect of eliminatinga numberof potentialentrypoints

leadingto delayedransitionsandlesstime spentin the codecache.

5.7 Trace Generation Unit Experimental Setup

Instruction-by-instructiorsimulationsof the TGU wereperformedon the benchmarksle-
scribedin Table4.2in Section4.3. The simulatedhardware parametersverechosernto model
state-of-the-anprocessocomponentsn orderto evaluatethe performanceontributionsmade
by the TGU. The simulationsfeatureda sequential-blocknstructionfetch unit with a 64 KB,
four-way setassociatie, 128-byteline, split-block, 10-¢/cle misspenaltyL1 instructioncache
(ICache).The L2 ICacheconsistsof a 512 KB, two-way setassociatie, 256-byteline, split-
block, 100-g/cle miss penaltycache. Somefetch units were also coupledwith tracecaches
featuringeither 128 (8 KB) or 2048 (128 KB), four-way setassociatie, 64-bytelines. The
BranchBehavior Buffer configuratiorusedin theseexperimentsdescribedn Table5.3,is pre-
dominantlythe sameasin the Hot SpotDetectorevaluationexperimentsexceptthata smaller
but moreassociatie tableis alsofoundto work well. In theseexperimentsthe BBB operated

continuouslybut only trackedinstructionsoutsideof the codecachgdeterminedy instruction

100



Table5.3 Hardwareparametesettings.

Parameter Setting
Numberof BranchBehavior Buffer sets 256
BranchBehaior Buffer associatiity 4-way
Executedandtakencountersize 9 bits
Candidatébranchexecutionthreshold 16
Refreshtimerintenal 4096branches
Cleartimerintenal 32768brancheg
Hot SpotDetectorcountersize 13 bits

Hot SpotDetectorcounterincrement 2

Hot SpotDetectorcounterdecrement 1

Table5.4 Fetchmechanismmodels.

Model L1 ICache TraceCache HSD and

size,vay,block | size,wayblock,biastable| TGU

Traditional 64KB, 4,128B none no
with TGU 64 KB, 4,128B none yes
TraceCache | 64KB, 4,128B 8KB, 4,64B, 4KB no
TCwith TGU | 64KB, 4,128B 8KB, 4,64B, 4KB yes
TraceCache | 64KB, 4,128B | 128KB, 4,64B, 16 KB no
TCwith TGU | 64KB, 4,128B | 128KB, 4,64B, 16 KB yes
Traditional | 128KB, 4,128B none no

address)Table5.4 summarizeshe variousprocessoconfigurations.Thetracecachesareal-
lowedto form tracescontaininginstructionsfrom the codecache.

The simulated Cachemodelhasa split-block configurationsuchthateachline is divided
into two banks.If arequestallsinto thesecondank thefirst bankof thesubsequerntachdine
is alsoreturnedjf presentTheinstructionbuffer is capableof deliveringupto 16 instructions
per cycle to the decodersbut will notissueinstructionspasta predictedtaken branch.Up to

threebranchesnaybeissuedpercycle,andary instructionsin thefill buffer thatfall afterthe
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third branchwill not be useduntil they areverified to be on the predictedpath. The ICache
assumegredecodenformationto identify instructionboundariemndbranches.

A 14-bit-historybranchpredictorcalledgshae [28] is modeledwith a patternhistorytable
consistingof entrieswith seven2-bit counterstogethercapableof threepredictionspercycle.
In additionto theconditionalbranchpredictor a32-entryreturnaddresstackanda 1024-entry
indirectaddresgpredictorareprovided. We modelanideal BTB to isolatethe effect of storing
entrypointsin theBTB. Theentrypointreplacemenpolicy hasbeendeferredor futurework.

We alsomodelatracecachehatis indexedonthetraces startingaddressndallows partial
matchegit hastheability to fetchthe beginningof atraceup to a predictionmismatch).Both
trace cachemodels(8 KB, 128 KB) are coupledwith an ICacheand usethe samebranch
predictorasthe ICache. Whena fetch requestis made,both units areaccessedth parallel;a
tracecachehit alwaystakesprecedencever anICachehit, andonly whenboth cacheaniss
is the L2 ICacheaccessed.The tracecacheis block-basedandis modeledafter the design
in [24]. Eachcacheline is 64 byteswide with slotsfor 16 instructionsandup to 3 branches.
Four targetaddresseare storedin theline to provide the next fetchaddressn caseof partial
matching.Tracesendwhenthelimit oninstructionsor branchess reachedpr whenanindirect
branchinstructionis encounteredThetracesarebuilt in basic-blockgranularityunlessmore
thanhalf of theline will bewastedjn which casepartialblocksmaybefilled. Thetracecache
alsoutilizesa BranchBias Table(BBT) of 1024 0r 4096entries(approximately byteseach)
to facilitate branchpromotionwithin traces.Including the additionaltarget addresseandtag
storedin eachcacheline, the combinedsizefor the 8 KB tracecacheand1024-entryBBT is

approximatelyl5 KB.
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5.8 Trace Generation Unit Evaluation

In orderto evaluatethe performanceof the Trace GenerationUnit, the quality of the
generatedracesis examined. Becausehe generatedraceswill form the unit of compila-
tion for theoptimizer it is critical thatthey coverthe frequentlyexecutedoathsin thehhot spot.
Furthermore programperformancewill benefitfrom the formationof longertracesbecause
they provide the optimizerwith a larger window on which to operate.Optimizationssuchas
partialinlining, loop unrolling, andbranchpromotioncanbe utilized to assisin theformation
of longertraces.In addition,a traceoptimizermay be employed that performsrescheduling
and other optimizationson the traces. For this sections results,optimizationsthat improve
instructionfetch performanceon a traditionalfetchmechanisnwereemployed,andtheresult-
ing fetchperformanceomparedo thatof atracecachefetchmechanism.

Figure5.7 depictsan optimizedtracetakenfrom the 130.li benchmarkaswaspreviously
introducedin Figure3.5. This particulartracehighlightsthe useof partialinlining to form a
long tracethrougha complicatedcalling sequenceThe TGU formsa singletracethatbegins
prior to the call of evf or m continuesfollowing the hot brancheswhile inlining both calls
to x| yget val ue, andreturnsto evf or m wherethe TGU terminateghe tracebecausehe
maximumnumberof allowed off-path brancheshasbeenexceeded.This tracecontains284
instructionsandhas10inlined functioncalls. Its executionaccountgor 10% of the optimized
fetch cyclesof the entireapplicationandachieves 15.1 fetchedinstructions-percycle (FIPC)
onal6instructionissuearchitectureThesimulationprofiledthe executionof thetrace,count-

ing the numberof traceexits taken. Theseexits are shavn betweenthe blocksin the figure,

103



19k

1k

43k

13

7k

83k

|-—

31 Insts

\

64k

67 Insts

\

63k

51 Insts

\

20k

79 Insts

N

7k

56 Insts

<

Call Depth

xlevarg

xleval

evform

xlsave

xlgetvalue
xlobgetvalue

xlygetvalue

xlygetvalue

xcond

xlsave

inlined call graph

Figure5.7 Examplegeneratedracefrom 130.li optimizedfor instructionfetch performance.
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while alarge numberof othersideexits thatarenever taken have beeneliminated. Clearly, a
large numberof traceexecutionsproceedat leastthroughthe third block, providing evidence
thatoptimizationsto reducethe dependencieightof that pathwould increasesxecutionper
formance. Consideringthe third branch,the traceappeardo have beengeneratedilongthe
lessfrequentlyexecutedpath. However, at the time of hot spotdetection that branchflowed
100%of thetime to the fourth block. This branchprovidesevidencethatindividual branches
may alsoexhibit phasedehaior.

Figure5.8 depictsthe executionpatterndor six hot spotsin the 130.li application.Unlike
the otherresultspresentedn this chapter 130.li for this examplewas compiledfor an EPIC
machinghatis describedn Section6.6. For each100-Kinstructiontime slice,blocksareplot-
tedfor the hot spotsthat executein the time slice andareshadeddarker for highertime slice
executionpercentageslheexecutionphase®f this application representetly thevarioushot
spots,areclearlyvisible in the graph. For instance hot spot1 containsfunctionsfor reading
the input and building new internal representatiomodes. Note that after only 4M instruc-
tions, this hot spotis no longeractive andcould be discardedo free up codecachememory
for future hot spots. This situationillustratesthe modularitythat hot spotextractionprovides
by grouping, optimizing, and managingrelevant codestogether Hot spots2 and 3 contain
the two-passgarbagecollectionprocessof markingreachablenodes(hot spot3) andsweep-
ing away unreachableéodes(hot spot2). Hot spots4 and5 containthe evaluationof input
functions,andlargely containthe samebasicevaluationoperations.However, eachcontains
severalfunctionsnot presenin the other Whenan evaluationfunctionis calledwhich is not

presenin the currenthot spot,executiontransitionsto the other Executionmayremainin this
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hot spotbecauseéhe commonevaluationfunctionsare presenin both. Thetransitionsclearly
occurratherfrequentlysincethe executionpercentage$or eachare similar and stableover
time. This executionpatternmay be bettersenedby a single,largerhot spotcontainingall of
the necessaryunctions,which may be achiezed throughhot spotdetectionparametetuning.
Lastly, hotspotO containgnitial startup routinesalongwith routinesusedcommonlythrough-
outtheapplication.Controloftentransfersackto this hot spotfor executionof theseroutines
alonglessfrequentpaths. In particular partsof the markingfunction aresharedbetweenhot
spotsO and3. Again, with furthertuning, evencleanerseparatiorof thesehot spotsmight be
possible.lt is importantto notethatsincetracegeneratiorandoptimizationareperformedon
a hot spotbasis,for 130.li the mechanismsieedonly be invoked six times. In addition, the

mechanismsot usedafterthefirst 6.5M instructionsof execution.

5.8.1 Control-flow benefitsof extracted traces

Figure 5.9 summarizeghe reductionin taken control-transferringnstructionsdueto the
codestraighteningand fetch optimization. Eachpair of barsfor a benchmarkis normalized
to 100% of the taken control transfersin the original code. The barsfor the optimizedap-
plicationsincludetaken control transferdrom boththe codecacheandthe original code.On
averagea45%reductions seeracrosgshebenchmarksyerifying theeffectivenes®f thecode-
straighteningechniquesNoticethatcall andreturninlining is particularlyeffective, removing
16% of the taken control transfersin 130.li, and sizeableamountsin the otherbenchmarks.

Codestraighteningtechniquedor the conditionalbranchesyield an average24% reduction
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Figure5.9 Reductionin takencontrol-flowv instructionsin optimizedcodecomparedo orig-
inal code.

in taken control transfers,and as much as 40% for MSWrd(A), PhotoDeluxe(A)and Pho-

toDeluxe(B) Theseresultsshov a dramaticreductionin the numberof takenbranches.

5.8.2 Processoifetch performance of extracted traces

Table 5.5 presentghe resultsof the hot spotdetectionand tracegenerationsystemwith
fetch optimizations.A large percentag®f dynamicexecutionoccursin instructionsfrom the
codecache.Typically lessthanonepercenof instructionsareexecutedwhile the TGU is look-
ing for tracesto form within a hot spot(Scan/Pendinilodes),anda very smallpercentagef

instructionsareexecutedwhile actuallywriting theinstructionsto the codecache(Fill Mode),
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Table5.5 Benchmarldetectionandtracegeneratiorresults.

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 68.91 498 | 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.ijpey 84.44 0.09 | 0.0005| 22.2 57
134.perl 72.34 0.04 | 0.0002| 124 69
147 \ortex 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%. Evenif the writing processequiresa several cyclesper codecache
instruction thetotal overheadvould bewell under0.1%.

To evaluatethe effectivenesf the layout optimizations,eachbenchmarkwas simulated
with severaldifferentfetch unit configurationsFigure5.10shows the performancef thevar-
ious fetch mechanismsAs the optimizationsweretargetedtoward the fetch unit, the Fetched
InstructionsPer Cycle (FIPC) metric was selectedas an appropriategaugeof effectiveness.
The barsof the graphcomparethe FIPC of variousprocessomodelsto a baselineconfigu-
ration of anaggressie multiple-blockfetch unit operatingon the original code. Thefirst bar
depictsthe FIPCfor a processowith hot spotdetectionandtracegeneratiorhardware,which
average22% improvementover the basecase. The improvementachiezed by a comparably

sizedtracecachels 18%. Adding the tracecachein additionto the proposechardwareyields
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Figure5.10 FetchedPC for variousfetchmechanisms.

a benefitof 25% over the basecase.With a muchlargertracecache approximatelyl5 times
larger in sizethanthe hot spothardware, the FIPC is improvedto 32% over base,and 39%
if hot spothardwareis alsoincluded. Doubling the size of the traditional instructioncache
hasa significantly higher hardware costthanthe hot spothardware, andrealizesonly a 1%
improvement.Despitethelargereductionin takencontroltransfersshovn in Figure5.9,FIPC
doesnot necessarilyscaleaccordingly This is primarily becausdoranchmispredictionsause
a dramaticnumberof stall cycles, which lessenghe effect of improving throughputduring

usefulcycles.
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One adwantageof the TGU systemover a trace cacheis its ability to inline returnsand
indirectbranchesswasseenin Figure5.7. Ourtracesmayalsoincludeloops,aswasshown
in Figure5.3. Corveying loop structurepotentially allows betteroptimizationthancould be

performedwith simplertraces.
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CHAPTER 6

REGION OPTIMIZA TION

Thegoalof Explicitly ParallelInstructionComputing(EPIC)[10] is to increaseapplication
performancedy enablinghigherlevels of instruction-level parallelismwhile maintainingrea-
sonablehardware compleity. In EPIC processorsmuch of the compleity associatedvith
dynamicschedulingperformedin a traditionalout-of-orderexecutioncoreis movedfrom run
time to compiletime, asthe onusis placedon the compilerto determinewhich instructions
canbe executedin parallel. The assumptions madethat throughglobal analysisand metic-
ulous schedulingthe compiler canachiese an efficient specificationof instructionexecution,
known asa plan of execution(POE)[10]. This plandetailswhen,where,andwith whatre-
sourceoperationshouldexecute.EPICinstructionsetarchitecturesredesignedo facilitate
thecommunicatiorof this POEto the processingore.

In orderto profitably optimizea program state-of-theart compilersutilize profileinforma-
tion to determinethe frequencief variouspathsof executionthroughthe program.This in-
formationallows the compilerto make transformationshatarestatisticallythe mostbeneficial
to theperformancef the program.Because¢he compilerchooses staticPOE ,however, EPIC
processorarelessableto exploit factorswhich canonly be determinecdat run time compared
to out-of-orderprocessorshatengineetheir POEat run time. During execution,the common

pathsthroughthe programmay differ from thosetaken during compile-timeprofiling. Even
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whenthe compilerassumegrofile is accurate somepathsof executionmay be only impor-
tantduring certainphase®f programexecutionandinsignificantduringothers.Someof these
importantrun-timeexecutionpathsmay crosssoftwareboundariesuchasdynamicallylinked
library interfaces. A staticcompilerwould not have simultaneousaccesgo codefrom both
sidesof suchan interfacefor effective optimization. Furthermorea compile-timegenerated
POEis alsolessableto accountfor dynamicvariationsin the underlyingmicroarchitecture,
suchasload lateny dueto cachemisses.Unfortunately mary of the very featuresof EPIC
thatempaver the compileralsosignificantlycomplicatean out-of-orderpipelinedesign[29].

Run-timeOptimizationArchitecture(ROAR) is an extensionof EPIC principlesthat will
allow adaptatiorandoptimizationof the staticPOEat run time whentransformationdecome
desirable therebyexploiting dynamic programbehaior. While ROAR hasbeendesigned
as an extensionto EPIC architecturesfuture superscalaarchitecturesould utilize ROAR
techniguedo potentially eliminatethe needfor the constantdynamicschedulingof out-of-
orderprocessorsThe ROAR extensionsonsistof two componentstheinstructionScheduler
andOptimizer, jointly namedSHOR The designof theinstructionscheduleis detailedin this
work while the optimizeris assumedo be a microcodedengine.The scheduleis a hardware
componenthatperformscycle-by-g/cle schedulingrom awindow of instructiongmuchlike
atraditionalout-of-orderschedulef19]) but is structuredmorelik e a software schedulethat
tracksall of theinterinstructiondependences.

The TGU forms sequencesf basicblocksinto larger single-entrymultiple-exit regions
that are similar to superblocks.In orderto avoid side entrancesnto traces,the TGU either

performstail duplicationin theform of anew traceoff of asideexit, or insertsatransitionback
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to original codewhereexecutionwould remainuntil theentry-pointis onceagainencountered.
Becausdhe tracesareoftenformedfrom several original blocks(even original superblocks),

additionalsuperblockoptimization[30] canbe beneficial.

6.1 Rationale Behind Hardware-BasedOptimization

Several potentialapproacheto dynamicoptimizationhave beenproposedhatrangefrom
puresoftwaresystemshatrunonthesameprocessoasthetargetapplicationo hardware-only
optimizersin the spirit of out-of-orderexecution. Clearly, mary of the stepsin the run-time
detectionand optimization processrequire a significantamountof time and memory The
goal is to minimize the overheadswhich detractfrom performancencreasegainedthrough
optimization. We would like to ensuremaximal performancehroughfull-speedexecution
during opportunity detectionand subsequenbptimized executionwhile limiting any slow-
downsduringoptimization.

Sincewe proposeonly infrequentschedulingand optimization,an effective software op-
timizer may be possible.However, to betruly effective, optimizationsmustbe performedas
closethe baginning of a new phaseof executionaspossible. The speedof optimizationper
formedin hardware allows suchsystemso benefitfrom executingoptimizedcodeduring a
greaterportion of programexecution. In addition, the rapid natureof a hardware scheduler
allows it to improve the performanceof programphaseghataretoo shortto be lucrative for
a softwarescheduler Softwareoptimizersarealsolik ely to requireoperatingsystemsupport,

while it is the goalof this work to provide optimizationthatis transparento software.
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While out-of-ordermechanismsre ableto dynamicallycorrectfor executionanomalies,
suchascachemissesthey arealsoon-lineor onthecritical pathof the processqrandarethus
continuouslyoperatingandconsumingpower. However, by relocatingthe coderestructuring
andreschedulingnechanisno the back-endf the processqressentiallytakingthis hardware
off-line, mary of thebenefitoof out-of-orderexecutioncanbeachievedwithout thelateng and
compleity of alteringthecritical pathof thepipelineitself. With thismechanismrescheduling
is performedonly on a needbasisthus eliminatingthe constantenegy consumption.While
the currentevaluationof ROAR doesnot necessarilyrove occasionalreschedulingo be the

bestdesign,it doesshow initial evidenceandprovidesa framework for future study

6.2 Compilation Support

During staticcompilation,compilerscanperformaggressie pointeraliasinganalysig31]
to permitsafereorderingof someloadsandstores.Memory dependencarcscould be dravn
betweerloadsandstoresn differentfunctionbodies.asshavnin Figure6.1(a).However, this
program-scopednalysisis generallycondensednto intrafunctionmemorydependencarcs
for useby thecompilers schedulerasshovnin Figure6.1(b). Becausea compile-timesched-
uler typically doesnot move loadsandstoresbetweerfunction bodies,memorydependences
to instructionsin calledfunctionsaresimply representedby arcsto the call instructionitself.
Althoughvaluableto a run-timeoptimizer, all of this dependencenformationis typically lost

oncegeneratiorof the executablds complete.
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RETURN RETURN LOAD STORE LOAD <SS 0>

@ ©) © ©) © RETURN ©

Figure 6.1 Memorydependenceqa) Globalmemorydependencegb) Reductionto intra-
functiondependence®r compilerscheduling(c) Intrafunctionstoresetallocation.(d) Trace
schedulingof memoryoperations.(e)-(g) Dependencéeriationfor a calleewhich accesses
multiple memorydependencehains.

To compactlycommunicatethis informationto the run-time optimizer, we modified the
compilerto further reducethe memorydependencénformationinto a single perinstruction
identifier, calleda store set similarto whatis definedin [32]. Instructionsthatpotentiallyread
from or write to the samememaorylocationsaredependenandwill have thesamedentifier, as
shovnin Figures6.1(c)and(d). Likethedependencarcs thestoresetsalsohaveintrafunction
scope. However, becausea storeseton a call implies that an instructionin the calleecould
reador write the memorylocationassociatedvith it, therelationshipbetweencallsandloads
onthesamestoresetis ambiguousandconserative assumptionsustbe made.Furthermore,
allowing asinglestoresetidentifierperoperatiormaylimit thedependenceesolutiorachiered
throughthe storesets.Considerthe call instructionin Figures6.1(e)-(g),whereasinglestore
setonthecall mustrepresenthereadof onememorychainandwrite of another This situation
leadsto a lossof resolutionin thatthe two memorydependencehainshave effectively been

meged.
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Storesetallocationbeginsby groupingtogetheinstructionghatcouldpotentiallyreference
thesamememoryobjects.Thegroupsof instructionsareformedfrom thememorydependence
arcsstoredon eachinstructionin the compiler’s intermediaterepresentationEventhougha
singleinstructionmayreferenceseveraldifferentindependenmemoryobjectsjt canonly have
a singlestoresetidentifier, lik e the previously describedsituationwith call instructions. For
example,aloadinstructionC may readfrom memorylocationsstoredto by eitherA or B de-
pendingon the pointerusedin instructionC. Even thoughthe two storesmay be to distinct
memorylocations they will have thesamestoresetbecaus€ musthave thesamesetasA and
C musthave the samesetasB. Oncethe groupsof instructionsaredeterminedthe groupsare
allocatedn around-robinfashiorto theavailablestoresetidentifiers.Distinctstackreferences,
suchasspills andfills, areallocatedto a specialstackstoreset,which is the highestnumber
identifierin the currentimplementationThestackstoresetindicateshatsimpleoperandanal-
ysis canuniquelyidentify the specificmemorylocationandthatthe memorylocationcannot
be pointedto by any genericpointer This featureallows a dynamiccodeoptimizerto perform
optimizationssuchasstore-to-loadorwardingbecaus¢he memorylocationscanbe perfectly
disambiguatedLike spills andfills, parameterpassedn the stackcanalsobe allocatedto
this specialidentifier providedthatthe addresof the parameters never takenandstoredasa

pointer Useandimplementatiorof storesetsis furtherdiscussedn Subsectior6.4.6.
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Original Code Original Live-Out ~ Trace Code Assumed Live—-Out

A branch —— > None A: branch ——————— orig(r4,r2,r3,r5,r6,r7,f1,f2)
B: r4 = B: r4 =

C load r2 =—— r4 C load r2 =—— rd,orig(r2,r3,r5,1r6,r7,f1,f2)
D fi1=1/ f2 — 2 Db f1 =1/ f2 — r4,r2,0rig(r3,r51r6,r7,f1,f2)
E: load r3 =— r4,r2 E: load r3 =—— r4,r2,f1,0rig(r3,r51r6,r7,f2)
F: r5=r3+1 F:r5=r3+1

G r6=r2+ 4 G r6=r2+ 4

H branch — > r4,r6 H branch ————— r4,r2,r3,r5,r6,f1,0rig(r7,f2)
l: r7 =r4 +r5 l: r7 =r4 +r5

J: branch ——— 7 J: branch ————— r4,r2,r3,r5,r6,r7,f1,0orig(f2)

(@) (b)

Figure6.2 Live-outregisteranalysigesultsfor asamplecodesegment.(a) Aggressve,global
analysisperformedby the compiler (b) Local (trace)analysis.

6.3 Instruction SchedulingSupport

Someprogramautilize exceptionhandlingasa mechanisnto recover from errorsor asa
meandor structureccontrolflow. Theseapplicationoftenrely onthenotionof preciseexcep-
tion handlingwhich dictatestwo properties:first, thatthe exceptionsoccurin programorder
(theorderingproperty),andsecondthatexpectedprogramstateis consistentvith programor-
derwhenanexceptionoccurs(thelivenesgproperty). Whenthecompilerreordersnstructions,
it hasthe global analysiscapability determinewhich registersand memorylocationsneedto
be availableinto exceptionhandlersandwhich do not.

Considerthe code sequencan Figure 6.2(a). The branchesand potentially excepting
instructions(PEIs) eachhave a control-flov arc thatis annotatedwith the registersthat are
live alongthe path. EventhoughtheloadinstructionC andthefloating-pointdivide instruction

D have no datadependencebetweenthem, the programmemay insist that any exceptions
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causeddy thesetwo instructionsoccurin the specifiedorder Both the compilerandary post-
link optimizermustpresere this ordering.

The compilerandpost-link optimizermustalsopresere the livenessof registersinto ex-
ceptionhandlersandalongbranchpaths. For example,addinstructionl writesr 7 which is
not usedalongthe taken path out of the previous branchinstructionH, sol could be safely
speculatedbove H. However, at runtime,without globalanalysisjt is notknown whetherthe
original valueof r 7 is live alongthe taken pathfrom Handthereforel mustbe pinnedbelow

H. The consenrative livenessequirementareshavn onthearcsin Figure6.2(b).

6.3.1 Conceptualdescription of PreciseSpeculation

To enablerun-time codereorderingwhile preservingpreciseexceptionswithout global
analysis,Precise Speculation[11] was developedas an enhancemento SentinelSpecula-
tion [33]. PreciseSpeculatiorallows for speculationof individual instructionswhile elimi-
nating the needfor explicit recovery code generation. Considerthe conceptualkxamplein
Figure6.3. Theright columnof circlesrepresenta sequencef instructionsfrom the original
codein programorderfrom top to bottom. Supposehat the run-time instructionscheduler
wishesto move instructionsA throughC higherin the scheduleabove loadinstructionX. Sim-
ply moving themto their new locationswould violate the preciseexceptionrequirementy
overwriting the destinatiornregistersof A throughC eventhoughthe original valuesin those
registersmaybeneededilongtheexceptionpathfrom loadinstructionX. ThePreciseSpecula-
tion techniqueallows for thereorderingshown in the optimizedtracein theleft-handcolumn.

WhenA throughC aremovedupin thetrace they aremarkedasspeculatre andwill write into
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Optimized Original
Trace Trace

Exception

Control Flow
—_—

Speculative
Code Motion

Corresponding
Register Commits

Exception
Handlers

Figure 6.3 Conceptuabrganizationof PreciseSpeculation.

aspeculatieregisterfile. A commitinstructionwill beusedto copy thesespeculatie registers
into theirarchitecturategistercounterpartssidetheiroriginalhomeblocks,asrepresentetly
the COMinstructionsin the optimizedtrace. This ensureghe livenesgequiremenby writing
the architecturakegistersin the appropriatehomeblocks. PreciseSpeculationhence allows
for upward codemotionthroughspeculatie operationsandtheir correspondingommits,but
doesnot provide for downward motion.

Theexceptionorderingrequirements ensuredhroughauniquerecorery codemechanism.
In this optimize code sequenceload instructionsA and C have beenreordered potentially

violating the requirement.However, whene/er a speculatre instructionsignalsan exception,
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its signalis suppressedyut a globalexceptionbit is set. Uponthe next nonspeculatie PEI or
branch,all noncommittedvaluesin the speculatie registerfile will be discardedand control
will betransferedbackto the original codesequencevhereexecutionwill resumen original
order In otherwords,if C wereto signalan exception,control will transferbackto the

original codethroughX whereA will be allowedto signalfirst.

6.3.2 PreciseSpeculationexample

Figure6.4(a)providesanexamplecodesequencéhatwill demonstrat®reciseSpeculation
functionality. To its right, in Figure6.4(b),instructions2 and3 arespeculatecdbove branch
instruction1, and5 is speculatechbove 4. As previously describedtheseinstructionsare
markedasspeculatre andwrite into thespeculatreregisterfile in orderto preseretheoriginal
valuesthatarelive alongthe taken pathof branchinstructionsl and4. All instructionsread
from the speculatie versionof the register Speculatre instructionswrite to the speculatie
versionwhile nonspeculatie instructionswrite to both. The speculatre instructionsrequirea
correspondingcommit instructionlater in the scheduleto updatethe nonspeculatie version.
This commitoccursin alocationcontrolequivalentto the original locationof the speculatie
instruction (COM 7 for load instruction2, in Figure 6.4(b)). If outstanding,uncommitted
registerupdatesxist at atakenbranch thoseregisters’speculatre valuesarerestoredo their
nonspeculatie values.The overall modelis similarin concepto the speculatie registerstate
within an out-of-orderprocessof34], exceptthatit is visible throughan ISA extensionto

the optimizer Out-of-orderprocessorswrite speculatie resultsinto reorderbuffer entries.
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Write r1 Speculatively.

1BR rl1!=0 Silently except.

2LD rl =
3ADD 2 =1r1,4
4 BR r21=0

2LDs 11 =
3ADDs 2 =r1,4 ) o )

o Exit to original code if
1BR =0 there is an outstanding
5LD.s r3 =[r2] exception.

5LD 13 =1[r2] 7COM rl —~=— Commitrl'svalue.
6 MOV r2 =1 8COM r2
4 BR r21=0
6 MOV 12 =1
9COM r3
(a) (b)
rt r2 3 rt r2 3

AA |SS |LL Initial Values.
ABHsSttt{21Ds 11 =
AB | S[Tet—13ADDs 12 = 11,4
AB|sT|LL| 1BR r1=0 ' |AB|ST|LL|1BR r11=0
AB|ST|LMpsLDs 13 =1[r2] |AB ST |LMF5LDs 13 = [12]

|
|
|
|
|
|
|
|
|
|
|
|
|
: A\
\ | \
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

AA |SS|LL Initial Values.
ABHsSttt{21Ds 11 =
AB | S[T}+—3ADD.s 12 = 11,4

8B ST |LM| 7com n BB |ST|LM| 7com n
BB 1T |LM| 8com 12 BB TT |LM| s8com 12
BB |TT|LM| 4BR 12 != 0 BB |17 |([)] 4BR r21=0

YLy wal _ Taken
BB T(lj LM T6MOV 12 =1 branch out of\
BB|T1 |MM| 9COM r3 code C?g&%} o

(© (d)
Figure 6.4 PreciseSpeculationexample. (a) Examplecodesequence.(b) Sequenceafter
speculatiorof 2, 3, and5. (¢) Executionwith notakenbranches(d) Executionwhenbranch4
takes.
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Speculatie resultsare committedto the architecturalregisterfile after all prior instructions
accordingto original programorderhave committedtheir results.

Thestatesof the speculatre andnonspeculatie registerfiles aredepictedn Figure6.4(c)-
(d) for anexecutionpaththatproceedsompletelythrougha traceandfor a paththatexits the
tracedueto takencontrolflow. Thecolumnundereachregistercontainghestateof theregister
afterthe correspondingnstructionexecutes.The valueon the left is the nonspeculatie value
andthe valueon theright is speculatre. To assistin understandinghe figure, timeswhena
registervaluechangesrehighlightedandthevaluethatchangeds in bold andis circled. The
lettersin the columnsrepresentrbitraryvalues. Note how load 2 changes 1's speculatie
valueto B while preservinghe nonspeculatie value. At commit7, r 1’s speculatie valueis
preseredby copying it to thenonspeculatie version.

Figure 6.4(d) proceedsn muchthe sameway asFigure 6.4(c) until branch4 is encoun-
tered.In thisexample branch4 doesnotfall through.Sincethebranchis taken,all outstanding
nonspeculatie valuesarerestoredo their nonspeculatie state.In particular this restoringac-
tion causes3’s speculatie valueto changerom Mbackto L. Sincetheregisterfile canbere-
storedto anonspeculatie stateatany nonspeculateshstruction preciseexceptionscanbesup-
portedby simply transferringexecutionfrom arescheduletraceto theequivalentpoint within
original codeuponanexceptioncondition. At thatpoint, the original instructionssene asthe
recovery codewhichwill executethespeculatedhstructionsn theiroriginalnonspeculatie or-
derto provide the expectedernvironment. Thismodeldoes however, requirethatall speculated
instructionsbe moved up above at leastone nonspeculatie PEI or branch. This instruction

will sene asthe exceptioncheckthatwill forceatransitionbackto original codefor recovery
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Encoded Instruction Scratch Space

Instruction I expected other

priority
LD r2 = [r3] latency data

Figure 6.5 InstructionTraceBuffer entrywith fields for the instructionandanalysisscratch
space.

if any of the speculatednstructionsshouldhave signaledan exception. Commitinstructions
in this modelarereferredto asrolling commitsbecausé¢hey greedilycommitstatethroughout
executionof thetrace.A moredetaileddescriptionof the PreciseSpeculatiormechanisnmand

its implementatiorcanbefoundin [35].

6.4 Instruction SchedulingAr chitecture

After tracegeneratiorfor a new hot spothasbeencompletedby the TGU, theindividual
tracesarefilled from memoryinto the Instruction TraceBuffer, shovn in Figure6.5. Once
thetraceis filled, optimizationandanalysiscanbe performedon the traceprior to instruction

scheduling.

6.4.1 Analyzer and optimizer

Beyond instructionscheduling,optimizationsthat alter and transformthe instructionse-
guencemay also improve applicationperformance. Trace-basear superblock-basedpti-
mizationsare prevalentin moderncompilersand have alsobeenevaluatedin otherdynamic

optimizationframeworks. In DAISY [36], optimizationssuchascopy propagationinstruction

124



combining (constantoperandreformulationfor instructionsmoved acrossother instructions
that have constantmodificationsto a commonregister operand),loop unrolling, load-store
telescopindaspecificcaseof storeto loadforwarding),tree-heighteduction(expressiorreas-
sociation),andunification(meiging of commoninstructionsfrom oppositesidesof hammock-
shapedegions)areemployed. In addition,rePLay[20] includescommonsubepressiorre-
moval, subroutinenlining, strengthreduction,commonidiom strengthreductionandfolding,
deadcodeelimination,andfurtherutilizes zerocycle registermoves.DAISY usesree-shaped
regionsasits unit of optimizationwhile rePLayusedraces.

Use of precisespeculationdoessomavhat limit the typesof optimizationsthat can be
applied,but in exchangeit allows the previously describedrolling commits. At the bottom
exits of thetreesandtracesin DAISY andrePLay all registersmustcontainthe samevalues
asthey would at the samepointsin the original code. Side exits in theseframeworks force
rollbacksto thebeginningof thetreesandtraceswith resumptiorof executionbackin original
code. PreciseSpeculatiorallows eachnonspeculategotentiallyexceptinginstructionto be a
true exit to original code;therefore the sameregistermatchingrequiremenatthe endof trees
andtracesis presenthroughoutROAR traces. While the speculatie registerfiles in ROAR
allow for earlycomputatiorof values,computationg€annotoftenbe pushednuchlowerin the
scheduldecausef frequentsideexit points. Thus,instructionschedulings limited to upward
codemotion. Similarly, instructionscanrarely be eliminatedbecaus®f thelik elihoodof their
resultsbeingnecessanalongsideexits into the original code. This preventsmostdeadcode
eliminationandlimits optimizationsto thosein theforward direction. Copy propagatioris an

excellentexample.Consideravaluein registerA thatis movedinto registerB. Backwardcopy
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propagatiorwould eliminateA by changingits producerto generateB directly (andchanging
all usesof A into B). However, B cannotbe written early becausdhe old valuein B may
be neededalong side exit pathsup until the move instruction,and A may be neededalong
thoseside exits aswell. Forward copy propagationieavesthe move of A into B in placefor

correctnesslongthe sideexits, but changesll usesof B into A sothey canbe speculatedip

aborethemove.

Othertypesof analysiscanbe performedon the tracewhile it is in the InstructionTrace
Buffer. For example, a dependencdeight analysisis performedbottom-upon the stored
traceto computeschedulingpriorities for the instructions. During the schedulingprocess,
instructionswith higherdependenceeightsare given priority whenmultiple instructionsare
readyto beissuedsimultaneouslyThis analysiscomprisesa singlelinear passthatcomputes
the dependencéeight(minimum cycle separatiordueto dependenced)etweeninstructions
andeventualendconsumersgenerallybranche®r stores.Dependencéeightsarecalculated
instruction-by-instructionwherethe heightof eachinstructionis the maximumof the heights
of its consumerplusits lateng. In this schemethe heightvaluesare usedasthe priorities:
thegreaterthelatengy chainto eventualconsumersthe greaterthe needto schedulet earlyin
thetraceandthe greaterthe priority.

However, a particularinstructions resultmay not be neededuntil late in the trace(giving
it schedulingreedom) but it mayberequiredearlierfor usethroughsomeof the sideexits. A
heavily takenloop backbranchmayappeamlsasideexit if the TGU createsa superblockrace
by appendinghe codealongthe fall-throughpathof the loop backbranchto the endof the

loop block. Statedmoregenerally aninstructionwith low importancemay be delayedin the
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scheduldan favor of speculatednstructionsfrom below thathave higherdependencéeights.
However, by delayingit, all subsequenthonspeculablénstructions(branchesandstores)are
alsodelayedpecaus@reciseSpeculatioronly allows for upwardcodemotion. In thesecases,
it is critical to schedulehe loop backbranchandthe instructionsit dependon (in effect, all
earlierinstructions)early in the trace. Eachcycle that the loop backbranchis delayedadds
anadditionalcycle to eachiterationof theloop. To schedulgheseinstructionsearly, branches
with hightakenpercentagei theBBB aregiventhedependenckeightthatis onehigherthan
themaximumcomputedo thatpointin thetraceduringthe backward pass.Thus,instructions
thatfeedthe branchwill be movedevenhigher

The actualdesignof the SHOP optimizercomponenis beyond the scopeof this current
work andis left for futureresearchTheoptimizerwouldlik ely consistof amicrocodecengine
capableof operatingon theinstructionsin the buffer. The microcodedeaturewould allow for
diverseoptimizationsaswell asupgradeability Onceanalysisandoptimizationarecomplete,

thetracesarefed into the SHOPschedulecomponent.

6.4.2 SchedulerTable architecture

The schedulecomponentf the SHOR calledthe ScheduleiTable,is designedo perform
List Scheduling[37], [38] over the instructionsin a trace. It producesa nev POE tamgeted
for the specificmicroarchitecturef the hostmachine. The tableis constructedasa circular
queueof entries,eachof which containsan instructionandfields usedto manageincoming

dependenceom otherinstructions. The nev POEwill be constructedy steppingthrough
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the cyclesin the new plan schedulinginstructionswith satisfiedincoming dependenceand
high priorities.

The SchedulefTable containsa setof instructionsenqueuednto the table,shavn on the
left in Figure 6.6, with a partially completedPOE on theright. The entriesarefilled into the
table after the Youngestnstruction(queuetail) in original programorderto maintainproper
datadependencesThe dark (red) boxesrepresentnstructionsthat have yet to be scheduled
into the new plan, wherecircled entriesare thosefor which all dependencebave beensat-
isfied (ready). The light (blue) boxesrepresenthosethat have beenschedulednto the new
plan, wherecrossecdentriesarethosefor which their latencieshave beensatisfiedin the plan
andtheir dependenbperationshave beenmadeready In Figure6.6(a),| 33 andl 34 were
scheduledn the currentcycle andthereforetheir dependentsannotyet befreed. | 33 is the
OldestUnfinishedInstruction(queuehead)in the list andis tracked assuch. | 35 hasbeen
scheduledn a previous cycle andits lateny hasbeensatisfied. However, its entry cannot
be freeduntil it is the oldestinstructionin the table sothatthe original programorderof the
queuednstructionsis alwaysmaintained.l 36 is thefirst readyinstructionandis tracked as
the OldestUnschedulednstruction. It will beincludedin the setof readyinstructionsthose
with satisfiedincomingdependenceghat will be consideredor schedulinginto the current
slot of the currentcycle. The OldestUnschedulednstructionalsorepresentshe currentbasic
block being scheduledyoungerinstructionsmay be readybut may have to be madespecu-
lative to be scheduledn the currentcycle andslot. Figure 6.6(b) depictsthe schedulerstate
immediatelyafterall readyinstructionshave beenscheduledIn Figure6.6(c)schedulinghas

movedto cyclec+1. All schedulednstructionswhoselatenciesarenow satisfied—+ 33, | 34,
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Scheduler Table (Circular Queue) New Plan of Execution (Schedule)
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Instruction Instruction (queue tail) issue slots ————————>
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Scheduler Table (Circular Queue) New Plan of Execution (Schedule)
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@ Finished instruction in entry (cleared, place—holder entry)
D Scheduled but unfinished instruction in entry
. Unscheduled but ready instruction in entry

. Unscheduled non-ready instruction in entry

D Empty entry

Figure6.6 Scheduleffableoverview. (a) Schedulingnidwaythroughcyclec. (b) Scheduling
completeafter| 36 and| 45 becausehereare no otherreadyinstructions. (c) Scheduling
advancedo cycle c+1 leaving | 36 asthe OldestUnfinishedinstructionsinceits lateng is not
satisfiedatthis cycle in theschedule.
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Home  Cycles
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(1 cyclefo cycle) (n cycle) (0 cycle)

Figure 6.7 HardwareScheduleiTableentry

and| 45—are marked as finished. Finishedinstructionsat the headof the queue,l 33 and
| 34, canbefreedandusedto fill new instructionsafterthetail.

The schedulingable consistsof a setof entriesasdetailedin Figure6.7. Eachentry con-
tains the instructionbeing scheduledalong with dependencdields for eachoperand. Each
operandield containghetableentrynumberfor theinstructionuponwhich the operands de-
pendentMemoryinstructionsalsocreatedependencesetweerthemseleswhich aretracked
in memoryoperandieldsin theentry. A discussiorof memorydependenceackingis resened
for Subsectior6.4.6.

Figure6.8(a)diagramghethreeregisterdependencarctypesalongwith theregisterread
arcchainin theform thatthey would befilled into thetableentries. Thereadchainlinks all of
thereader®f aparticularregistertogetherandwill beusedto repairantidependencarcswhen
thereadersarescheduledn a differentorder For example,the subsequenivriter (A in Fig-
ure6.8(a))of aregistermaybeantidependerntn thelastreadof theregisters previousversion
(B). However, A mustbe madeantidependendn the second-to-lastead(C) if the lastreadis
scheduledeforethe otherreads.A moredetailedexampledis presentedn Subsectior6.4.5.

Two othertablesarealso utilized to track the last write andthe last readof eachregister

for the purpose®f quick locationof the sourceindicesfor all dependencarcs.While control
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Figure 6.8 Diagramof dependencarc types(arcsalways point to older instructions). (a)
Standardarc configuration. (b) Arc configurationafter renaminga portion of the secondr 1
lifetime.

dependencemay be relaxed whenusingthe PreciseSpeculatiormodelpreviously described,
data-flav dependencesustbe obeyedto ensurecorrectcomputatiorflow. Anti- andoutput
dependencemustalso be obeyed, unlessexplicitly renamedSubsectior6.4.4), so that the

valuesstoredin registersarenot prematurelyoverwritten.
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Main_SchedulingLoop() {

0: While ary instructionsin thetraceremainunscheduled

1 Enqueuelnstructionsinto_Available Table Entries();

2 SchedulePlanof_ExecutionCycle();

3: Advanceto_Next_Plan Cycle.and FreeFinishedInstructionsFrom.Table();

}

Figure6.9 Scheduleralgorithm:Main driverloop.

6.4.3 SchedulerTable algorithm

The schedulingalgorithm in Figure 6.9 consistsof three main stepsthat iterate while
instructionsin the traceremainunscheduledAn iterationis completedfor eachcycle in the
nev POE asinstructionsare scheduleccycle-by-g/cle. First, instructionsarefilled into the
ScheduleiTablequeueandincomingdependencef®r thoseinstructionsareconstructedSec-
ond, instructionswith satisfiedincoming dependence§eady)and high priorities are placed
into the schedulefor the currentplan cycle. Last, out-goingdependencefom scheduled
instructionsare freed, creatinga new setof readyinstructions,andthe currentplan cycle is
advancedo thenext cycle.

In moredetail, Figure6.10describeshe necessargtepsto enqueueaninstructioninto the
ScheduleiTable.For eachinstructioninsertednto thetable,its sourceanddestinatiorregister
numbersareusedto index into the Last ReadandLast Write Tablesto locatethe mostrecent
readerandwriter of the particularoperandsFor example theindex of themostrecentwriter of
acurrentsourceregisteris usedto constructa flow dependencéy taggingthe currentsource

register field with the writer’'s index. If the Last Reador Write Table entry for the register
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Enqueuelnstructionsinto_Available Table Entries(){

0: For eachavailableentryafter Younges{queuetail) And
beforeOldestUnfinished(queuehead){
1 Enqueuanstructioninto entry aftertail andsetYounges{queuetail) to entry;
2: Readindex in LastWrite Tablefor eachsourceand
setflow dependencandicesin entry;
/* Notethatdependencealwayspointto olderinstructions*/
3: Readindex in LastWrite Tablefor eachdestinatiorand
setoutputdependencendicesin entry;

4. Readindex in LastReadTablefor eachsourceand
setreadchainindicesin entry;
5: Readindex in LastReadTablefor eachdestinatiorand

setantidependencadicesin entry;
6: UpdateLastWrite Tablewith currentindex for eachdestination;
7. UpdateLastReadTablewith currentindex for eachsource;
8: Assignentrythe currenthomeblock countervalue;

9: If (instructionis controlaltering) Then

10: Incrementhomeblock counter;

11: If (instructionis speculableYhen {

12: Enqueuea potentialcommitinstructionfor speculablenstruction
destinationsn next entry;

13: Setflow dependencendex of committo index of speculablénstruction;

14: UpdateLastReadTablewith commitindex for speculable
instructiondestinations;

15: }

16: }

¥

Figure6.10 Schedulerlgorithm: Enqueuénstructions.

is empty thenthereis no previous readeror writer andthe dependencéeld in the entry is
left empty After the dependenceare constructedor the currentinstruction,its sourceand
destinatiorregistersare setasthe mostrecentreadersandwritersin the Last ReadandWrite
Tables. The entryis thentaggedwith a homebasicblock identifier thatis incrementeceach

time a control-alteringnstructionis enqueuedThis identifierwill beusedto determinewvhich
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instructionsare speculatre during the schedulingstep. Last, if the enqueuednstructionis a
typethatcould be speculatedthena potentialcommitinstructionis enqueuedn thetableim-
mediatelyfollowing the speculablenstructionandis madeflow dependenbn the speculable
instruction. The commitinstructionwill only beincludedin the planif the potentiallyspecu-
lable instructionis actually speculatedIf included,it canonly be schedulednsideits home
block sothattheresultof the speculatednstructionis written in original programorder

The cycle schedulingstepis describedn Figure6.11. In this step,eachissueslot in the
currentcycle is considereane-by-oneFor eachissueslot, thereadyinstructionsaregathered
and consideredor schedulinginto the slot. An instructionis deemedeadyif all of its in-
comingdependencarcsaresatisfiedjf its resourcesreavailable,andif it is beingscheduled
into anacceptablénomeblock. Its incomingdependencarcsarerecognizedassatisfiedf the
operandieldsin the scheduleentry areempty Operandfields canbe emptyif therewasno
producerin the LastReador Write Tableswhenthe instructionwasenqueueddependingn
dependencéype,or if the producinginstructionhasbeenscheduledr finished,alsodepend-
ing ontype. Instructionschedulingandfinishingwill bediscusseahortly Of theinstructions
with readyoperandsthe oneswith highestpriority areexploredfirst. An instructionis sched-
uledif it meetstwo criteria; otherwise the next highestpriority instructionwill be explored.
First, theresourcesequiredby theinstruction,for example functionalunit, mustbe available.
Secondtheinstructionmustbe schedulednto anappropriatdthomeblock. As previously men-
tioned,the OldestUnscheduledinstructionrepresentghe currenthomeblock beingscheduled.
Fromthis instruction,all olderinstructionshave beenscheduledalongwith somespeculatie

youngerinstructions.Branchesandstorescannotbe speculatedinderthe PreciseSpeculation
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SchedulePlanof_ExecutionCycle() {

0: For eachissueslotin cycle {
1 For eachreadyinstructionin priority order{
2: If ((resourcedor instructionarenotavailable)Or
(instructionis a storeor branchAnd it is notthe OldestUnscheduledpr
(instructionis aspeculabld®El And
currentlyin its homeblock And
it is notthe OldestUnscheduledpr
(instructionis acommitAnd currentlynotin its homeblock) ) Then
3 Continue with next instruction;
4. Insertinstructioninto Planof Executionin currentcycle at currentslot;
/* Instructionis now scheduledut notfinished*/
5: Broadcasfree-orupdate-antidependenasessage;
6: Broadcasfree-orupdate-read-chaimessage;
7. Broadcasfree-memory-dependenceessage;
8 Freesourcedrom LastReadTable;

9: Setfinishedfield with instructionlateng;
10: If (speculatedYhen
11: Broadcastipdate-home-block-message,;
12: Else
13: Freepotentialcommitin next entry;
14: If (instructionis OldestUnscheduledThen
15: Move OldestUnschedulegbointerto next oldestbut not scheduled;
16:  }
17: If (unableto scheduleary instructionin slot) Then
18: Break schedulingor currentcycle;
19: }
¥

Figure6.11 Schedulerlgorithm:Schedulenstructions.

model and thereforemustbe scheduledn their homeblocks. Sincetheseinstructionsrep-
resentthe end of their blocks, all older instructionsmustbe scheduledprior to theseso that
olderinstructionsarenot moved downward by beingscheduledater. Therefore they mustbe
the OldestUnschedulednstruction beforethey canbe scheduled. Speculablanstructions,

under PreciseSpeculation,must either be scheduledn their own home block or acrossa
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nonspeculatie instructionthatwill sene asits check. Therefore speculablénstructionscan
eitherbe scheduledn their own homeblock, andthereforemustbe the OldestUnscheduled
Instructionlik e storesandbranchespr musthave a homeblock greaterthanthatof the Oldest
Unschedulednstruction. Last,commitinstructionscanbe scheduledany time in which their
homeblock matcheghatof the OldestUnschedulednstruction.

Whenaninstructionis scheduledit is placedinto theresultingcodein its properlocation.
At thistime, all antidependencdsom the sourceoperandsn the schedulednstructionto sub-
sequentvrites canbe freedbecause write canfollow a readof the sameregisterin the same
cycle. As previously describedantidependencenustbe updatedo the second-to-lasteadif
thelastreadis beingscheduledThereforeamessagés sentto all otherentriesspecifyingthat
antidependendgeldswith thecurrentinstructionsindex shouldbeupdatedo theindex stored
in the currentinstructions readchainfield. If the currentinstructionhasanemptyreadchain
field, thentheantidependencield canbeemptied.Lik ewise,thereadchainis alsoupdatedso
thatall readfieldswith the currentinstructionsindex arealsoupdatedo theindex storedin the
currentinstructionsreadchainfield. Theantidependencandreadchainfieldsmayneedto be
annotatedvith theregisternumberin orderto adjustthe links for the correctsourceoperand.
Now thatthe currentinstructionhasbeenscheduledit canbeclearedfrom all operancentries
in the Last ReadTable; newly enqueuednstructionswill not requireantidependencer read
chainarcssincetheinstructionscanno longerbereorder

At this point, the finish time entry field is setto the instructions lateng, which will be
usedto free flow dependencelater If the currentinstructionwasspeculatedut of its home

block, it will no longersene asan exceptioncheckandalsono longersenesto enda home
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Advanceto_Next_Plan Cycle and FreeFinishedInstructionsFrom.Table(){

0: For eachschedulednstructionin table{

1 Broadcasfree-output-dependenceessage;

2. Decrementnstructionfinishtime by 1 cycle;

3: If (instructionhasfinishtime of O cycles)Then {
[* Instructionhasnow finished*/

4. Broadcasfree-flov-dependencenessage;
5: Freedestinationgrom LastWrite Table;
6: Clearentryfrom table;
7: If (instructionis OldestUnfinished)Then
8: Move OldestUnfinishedpointerto next oldestunfinished;
9: }
10: }
}

Figure6.12 Schedulerlgorithm: Advanceto next cycle.

block. Therefore,its homeblock mustbe meigedwith the block afterit in the trace,so that
subsequeninstructionswill not be speculatedisingthe currentinstructionastheir check. If
not speculatedthe potentialcommit that was enqueuedafter it canbe eliminated. Last, the
OldestUnschedulednstructionpointeris advancedaccordingly

Onceschedulingfor a particularcycle is complete preparationgor the next cycle begin,
asdescribedn Figure6.12. Outputdependencesanbe freedby emptyingoutputfields that
containtheindex for arny of theinstructionsscheduledn the currentcycle. Then,finishtimes
for all schedulednstructionsare decrementetby oneto accountfor the schedulemoving on
to thenext cycle. All instructionswith finishtimesof zerowill have their destinatioroperands
readyfor consumptiorby otherinstructionsin this next cycle andall flow-dependenbperand
fields canbe freed. Instanceof a destinationoperandfrom ary finishedinstructioncanbe

clearedfrom the Last Write Table at this time; nenly enqueuednstructionswill not require
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flow or outputdependencarcssincethe instructionscanno longerbe reordered.Lastly, the
OldestUnfinishedInstructionpointer can be updatedaccordingly and all entriesup to this
pointercanbefreedfor reuseduringthe next enqueusstep.

The algorithm can be showvn to producea valid scheduleby examining the restrictions
placedon instructionscheduling.First, aninstructioncannever be placedinto the POE until
its sourceoperandsareready Second,an instructioncan never write its result early, thus
destrgying anotherresult,unlesst is writtento the speculatre portionof theregisterfile. Last,
eithertheinstructionor the commitof its resultmustappeaitn theinstructions original home

block, thusyielding theappearancef sequentiakxecution.

6.4.4 Explicit registerrenaming

Lastly, the PreciseSpeculationmodel also enablesexplicit register renaming. In Fig-
ure 6.8(a), threelifetimes of r 1 are showvn. The write that producedifetime 2 is trapped
by anantidependencen thelastreadof lifetime 1. In orderto speculatehewrite for lifetime
2 higherin the instructionschedulejts destinationmustbe modified to reflecta temporary
destination thus freeing the write from the antidependenceUnderthe PreciseSpeculation
model,the speculatie versionsof unusedregistersmay be usedto hold thesetemporaryval-
ues.However, unlike standarccommitsthatsimply copy the speculatre valueof aregisterto
its nonspeculatie version,move-commitnstructionsarerequiredto transferthevaluefrom the
speculatre versionof thetemporaryregisterto the nonspeculatie versionof its homeregister
Evenif all subsequentisesof the homeregisteraretransformedo usethetemporaryregister

the move-commitmuststill take placein orderto presere preciseexceptionhandling.
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In theexamplein Figure6.8(b),aportionof thesecondifetime with theshadedackground
wastransformedo user 2. Notehow themove-commit(denotedn thefigureasConmit r1
from r 2) takeson the propertiesof the original write (outputand antidependences)The
renamedurite andthe first subsequenteadno longerhave ary dependencegreventingtheir
issueandcanbe speculatedo earlierin the schedulethusdemonstratinghe primary benefit
of registerrenaming. The secondreadin this examplewas not renamedandis not required
to berenamed.lt is, however, pinnedbelow the move-commitwhich actuallywritesr 1 and
also blocksthe third write of r 1 throughan antidependenceThis situation,whereonly a
portionof alifetime is renamedmaybedesirableébut couldalsobeanartifactof anincomplete
renamingsolution. A fraction of a lifetime may be renamedvhenonly a fractionis present
in the ScheduleTablewhenthe decisionto renameas made.Renamingmustcontinueasnew
readsfor the renamedifetime arefilled into the tablein subsequengénqueuingsteps. If the
secondreadinstructionwould alsohave beenrenamedthe third writer would only be output
dependenbn the move-commit,thus enablingnonrenamedpeculationof the third lifetime
to a point just afterthe commit. Increasedreedomof motion for lifetimes subsequerto the
renamedifetime is the secondbenefitof renaming.Of course thethird lifetime couldalsobe
renamedo anothertemporaryregister

In the PreciseSpeculatiormodel, valuesare alwaysreadfrom the speculatie versionof
the registers. However, usinga speculatre portion of aregisterto hold arenamedraluealso
disallons normalaccesgo thatregister Therefore temporaryregistersmustbe chosensuch
thatthey canberestoredo their correctnonspeculatie valuesprior to their use.In this work,

only registersnot touchedin the particulartraceare eligible to be temporaryregisters. To
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ensurecorrectvaluesn all registers restoreoperationsnustbeperformedatall traceexits. The
PreciseSpeculatiormodelensuregestorationon all takentraceexits, eliminatingspeculated
valuesfrom deepelin thetrace,andnaturallyclearingrenamedralues.In addition,anexplicit
restoreis neededht thefall-throughexit of thetraceto cleartherenamedralues.

Unlike the standardnstructionselectionprocesswvithout renaming,aninstructioncanbe
selectedor schedulingn a POEcycle if justits registerflow andmemoryflow dependences
have beensatisfied.lts outputandantidependencesanbe ignoredbecausehey will be elim-
inatedwhenrenamings performed.Onceaninstructionis choserfor schedulingandanti- or
outputdependenceareviolated,a temporaryregisteris chosenthe instructions destination
is altered flow dependeninstructionssourcesareupdatedandthe dependencesn the writer
arecorrectedo reflectthe new registerlifetime relationshipsasdescribedabove.

Selectionof thelifetimesto renamecanbetricky anda numberof factorsmustbe consid-
ered. First, the semanticf the move-commitinstructionrequirethat the full lateng of the
renamednstructionexpire beforethe commitcantake place.Unlike standarccommitswhich
essentiallycorvert speculatre writes into nonspeculatie writes by indicatinga guaranteef
execution,move-commitsactuallytransfera valuefrom oneregisterto another Therefore re-
namingandspeculatingalong lateng instructionup only a few cyclesmay actuallylengthen
the scheduleby delayingthe finish of the speculatednstructions homeblock until after its
long latengy hasexpired. Secondrenamingshouldbe appliedwisely dueto thelimited num-
ber of registersavailable. Frequentlyinstructionsdeepin the tracethathave no consumein

the tracearerenamedandspeculatedo nearthe top. Generally thereis little benefitto this
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typeof speculatiorandsoonly instructionswith consumerén thetraceshouldberenameand

speculated.

6.4.5 SchedulerTable example

Figure6.13(a)depictsthe ScheduleiTable utilizing the codeexamplein Figure6.4. Fig-
ure6.13(b)depictsthestateof the scheduleafterthefirst threecycleshave beenscheduledAt
this pointinstructionentries0, 1, and3 have alreadybeenscheduledandfinished,andentries
2,4, and6 areready Supposedueto its longerlateng andhigher priority, thatthe loadin
entry 6 is choserto beissuednext. Onceissuedthe commando free up antidependencesn
entry 6 is broadcast.However, while it appeardhatthe move in entry 8 may now be free of
antidependenceanothemreadby the branchin entry 5 muststill preventit from beingsched-
uled. By usingthe chainof readsconstructedduring the enqueuingporocessn the readlink
field, 8's new antidependencen 5 canbe presered. A free-orupdate-antidependencei®5
onr 2) commandmustnow bebroadcastLik ewise,if 6 werein the middle of a chainof read
dependenceshenthereadlinks thatpointto 6 mustbe updatedo pointto 5.

The SchedulerTable usedin the experimentalsectionof this work contains256 entries.
Eachentrycontainghe 32-bitinstruction,and10 bits for homeblockidentifier, 6 bitsfor finish
time, and8 bits for representinggachdependenceThe numberof dependenceis eachentry
dependson the numberof explicit andimplicit operandsisedby the instruction. Supposing
a maximumof 8 operandgincluding memory),2 fields of 8 bits each,requires22 bytesper
entry, for atotal of about7.5KB storage Unlike mary softwareschedulerdjnkedlistsareonly

usedto link the previously mentionedreaddependencednsteadthe mechanisnreliesupon
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Figure 6.13 SchedulerTable hardware, assumingonly one sourceand one destination
operand.(a) After enqueuingnstructions. (b) After schedulindfirst threecycles. Freeflow
dependencen entry 7. Updateantidependenc@ entry8 onentry6 to entry5.
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the hardware’s ability to performmary operationsn parallel. Insteadof freeingdependences
one-by-oneasstoredin a list insidea software schedulerthis hardware mechanisnrelieson
the broadcasimessageso force a highly paralleltable search. However, the ability to free
dependencesom arywherein the tablerequiresa large numberof comparatorsUnlike on-
line schedulersthe off-line schedulerganafford severalcyclesto scheduleaninstruction.To
procesacommandgeachentrymayneedto searchits operandieldsfor amatchingentry. One
implementatiormay consistof a comparatomattachedo eachentry, requiringmultiple cycles
to searchthe operandields of the entry. Furthermorethe schedulingselectionlogic couldbe

implementedasa smallmicrocodedengine thusproviding flexibility andupgradeability

6.4.6 Instruction schedulingusing store sets

During trace scheduling,it is critical to limit artificial dependences orderto provide
maximal schedulingfreedom. While store setsprovide excellentmemoryresolutionwithin
a function, the identifiershave only intrafunctionscope;they do not imply direct memory
relationshipsbetweenoperationsin differentfunctionsand are saidto be incoherent. This
phenomenortan be seenin Figure 6.1(c) wherethe storeseton the storein FN Y is on a
differentstoresetthanits consumein the callerfunctionFN X.

Figure 6.14 depictsthe traceschedulingorocesdor the exampletrace. During tracegen-
eration,function callswereinlined into the traceusingthe CALL _INLINE instruction,which
wasdescribedn Section5.5. As instructionsarefilled into the ScheduleiTable,thelastwriter
of eachstoresetis maintainedsothatdependencesanbedranvn from subsequenbadsto the

lateststore. Thelastwriter arraybeginsemptybecausearlyloadsarenot memorydependent
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Figure 6.14 Maintenanceof memorydependenceduring reschedulinghroughuseof the
StoreSetStack.(a) Examplecodesequence(b) Operationof the stack.

onary store.As instructionsA andB areprocessedhey arenotedasthe lastwriters of their
respectre storesets.WhenCALL _INLINE C is processeda new lastwriter arrayis needed
to trackthe storesetaccesses the new functioncalling context. As previously mentioneda
calleemay modify memoryassociatedavith the call's storesetin the caller Fromthe callees
perspectie, ary of theloadsin the calleemaybe dependenbnthelateststorein thecallerthat
hasthesamestoresetasthecall itself. Hence whenthenew storesetaccesgontext is created
for thecallee,all lastwriter entriesaremarkedwith thelastwriter of thecall’s setin the caller
function. This processcanbe seenin Figure 6.14 whenschedulinginstructionC. Lik ewise,
on a return, the last writer in the calleefunction may write the storesetassociatedvith the
original call instruction. Hencethe last writer in the calleewill bethe new lastwriter in the
caller context, ascanbe seenin Figure6.14whenschedulingnstructionE. Note thatload F

on storesetO will correctlyfind storeA asits lastwriter (no writers dueto the callee),while

load G will bedependenbn storeD in thecaller.
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To maintainseparateontexts for eachinlined function,the ROAR architecturecontainsa
stackof storesetlastwriter arraysto managehe cohereng problem. Becauseof implemen-
tationlimits on the numberof levelsin the stack,it actuallycanbe implementedasa circular
queueof arrays,overwriting older contects as necessary However, when returningto ary
previously overwrittenandhenceinvalid context, all caller storesetsmustbe conseratively
writtenwith thelastwriter in the calleeinsteadof justthe call’s storeset.In thiswork, memory
operationsaareassumedo containtheir storesetidentifierswithin theinstructionsthemseles,

althougha corvenienttable-base@pproachmightalsobepossible.

6.5 Instruction SchedulerLimitations

The currentdesignof the schedulingmechanisndoesnot take full advantageof predica-
tion. First, the schedulecannotspeculateredicatedefinitionsacrossfunctionboundariesTo
usearegisterspeculatiely in aparticularcycle, the speculatre versionof the registermustbe
free,andtheremustbenoreadsor writesof thenonspeculatie versionbetweerthetamgetcycle
andtheoriginallocationof the speculatie instruction.Predicatadefinitionsnearthe beginning
of functionsareboundedy the predicateaegisterfile spill (readof all predicatesatthetop of
the function, and predicatedefinitionsimmediatelyafter aninlined returnareboundedby the
predicateregisterfile fill (write of all predicatesat the endof the callee. Onesolutionwould
beto make the spill andfill instructionsonly readandwrite the nonspeculatie versionsof the

predicatestherebyallowing the speculatre sidesto containspeculatie values.
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Throughpredication two registerwrites may occurto the sameregisterin the samecycle
if they areon differentpredicatesThe currentframenork implementationhowever, analyzes
thesetwo writes as outputdependentand placesthemin differentcycles. In this situation,
it is possiblefor the ROAR scheduletto lengthenthe schedulecreatedby the compiler By
analyzingtheincomingbundling, this falseoutputdependenceould be avoidedandtheinde-

pendencef thetwo predicatexould be determined.

6.6 Instruction SchedulingExperimental Setup

To testtheeffectivenes®f theROAR systemanumberof experimentsvereconductedAn
EPIC platformwaschoserfor thesestudiesto betterexaminethe amountof instruction-level

parallelismthatcouldbe exploitedin the applicationsundertest.

6.6.1 Benchmarks

Listedin Table6.1aretheapplicationsusedto testthe performancdROAR. They represent
awide varietyof applicationtypesselectedrom SPECCPU95[12], SPECCPU200(12], and
MediaBench39]. Eachapplicationwascompiledthroughthe IMPACT ILP Compiler(Inter-
nal Version03-18-2002)40], [41], [42], [43] usingits distributedtraininginputsto generate
basicblock profile information. Theapplicationsverethenevaluatedusingselectednputsthat
simulatein areasonablemountof time andwhich representariouslevelsof similarity to the
traininginputs. Theinputsincludethedistributedtestinputs(which weredesignedo beasub-

setof thetraininginputs),traininginputsthemseles,distributedreferencenputs(which were
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Table 6.1 Benchmarkandinputsusedin 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 69.8 384
1- train 112.3 115.9 131.7 73.6

130.1i 2 - reducedest(6 queens) 28.3 29.0 35.8 17.3
3 - reducedef (aubrowsexit) 335.7 352.4 445.7 245.8

1-train 1105.5 568.6 1106.1 336.4

132.ijpey 2 - new (ditherfaces) 55.8 34.2 58.2 27.2
3 - new (lower quality scenery) 3215 257.3 330.0 223.6

134.perl(123) | 1- trainjumble 1363.8 1302.0 1433.7 947.5
(compilertrain | 2 - train scrabbl 26.2 23.6 30.3 17.0
onl,2and3) | 3-trainprimes 7.8 6.1 8.8 4.4
134.perl(23) | 1-trainjumble 1939.0 1551.8 2301.1 1456.6
(compilertrain | 2 - train scrabbl 25.8 22.6 30.5 16.4
on2 and3) 3 - trainprimes 6.6 5.5 7.7 3.8
164.9zip 1 - reducedrain 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 smallreducedef 178.6 204.4 186.3 150.1
255.\0rtex 1- UMN mediumreducedef 182.0 174.9 162.5 74.6
2 - UMN largereducedef 520.2 492.9 466.4 216.3

300.twolf 1- UMN smallreducedef 49.8 66.0 62.2 39.4
2 - UMN largereducedef 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 11 0.6

designedo besimilarto but a supersebf thetraininginputs),reducedeferencenputs(which
areeitherdenotedassuchor weredesignedy the University of Minnesota(UMN) [44], [45]
to beshorterin lengththanthe distributedreferencenputsbut maintainsimilar or subsetov-

erage)or new inputsaltogether
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6.6.2 Compiler

As previously mentionedthe IMPACT researchiILP compilerbuilt eachof the applica-
tionsfrom native C codein orderto provide asolid, aggressie codebasefor whichto examine
ROAR systemperformance.The compiler consistsof a numberof modulessummarizedn
Figure6.15. From C code,the preprocessedpplicationgproceeahroughIMPACT’s highest
level intermediaterepresentatiomalled PCODE While in this abstractsyntaxtreerepresen-
tation, basicblock control-flov profiling is performedthat guidescross-filefunctioninlining.
After inlining, aggressie interprocedurapointeraliasinganalysig31] generatesnemoryde-
pendencénformationusedthroughouthecompilationprocessOnceanalyzedtheapplication
is corvertedinto aninstruction-level intermediataepresentatiocalledLCODE thattargetsa
genericEPICprocessarOnthisrepresentatiorgvarietyof architecture-independeaptimiza-
tionscanbeappliedincludingclassicabptimizationshyperblockpredicatedegion formation
utilizing adwancedpredicateanalysis[46], superblockformationand optimization[47], and
otherILP-enhancingoptimizations. Thenthe applicationis transformednto an architecture-
dependentariantof LCODE calledMCODE. On this representatiorpeepholeoptimizations
areperformedollowedby two roundsof instructionschedulingutilizing sentinelcontrolspec-
ulation[33], andregisterallocation. Furthermorememorydependenceis eachfunctionare
analyzedandcollectedinto the maximumnumberof independentlyaccessedhemoryregions
which arethenround-robinassignedo the availablestoresetidentifiers. Memory operations

andcall instructionsaresubsequenthannotatedvith their appropriatestoreset.
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Theexperimentsn this chaptetilize two levelsof compile-timeoptimizationaggressie-
nessto demonstratdROAR’s benefits. At the first level, the compilerappliesonly classical
optimizationsto the applications(CLS codes). At the secondevel, the compilerapplieshy-
perblockand superblockformation alongwith otherILP optimizations(ILP codes). Select

portionsof the C library, mainly portionsof the stringandmemorymanipulationandsorting




functions,were alsocompiledthroughIMPACT with both levels of aggressienesshut were

notinlined into theapplicationdn orderto simulatedynamiclibrary linking.

6.6.3 Simulator

The performanceneasurementseportedn this work aregeneratedy a customsoftware
simulator describedn Figure 6.16, that performscycle-by-g/cle full-pipeline simulationof
eachinstruction. The simulatorfully accountsfor the effects of branchprediction, wrong
pathexecution,cacheutilization andpollution, varying memorylateng, interlocking,andby-
passing. Sincethe applicationsare testedwithin the simulationenvironment,the TGU and
schedulegenerateealtraceson-the-flythatareactuallyusedduringexecution thusverifying
thetracegeneratiorandoptimizationtechniques.

The simulatoris essentiallya virtual machinethat executesinstructionson behalf of the
simulatedapplicationand performsservices,suchas|/O, for the application. As shovn in
Figure 6.16, the MCODE intermediaterepresentatiomf the applicationand subsetof the C
library areloadedin the simulator which proceedso mapthe instructionsanddatato actual
memorylocationsin resened spaceshat correspondo loadedsectionsof a binary The data
spacesenesasthe actualdatalocationsfor the application,but the instructionmemoryonly
senesto provide instructionaddresgor cachesimulationpurposesinstructionarefed to the
interpreterin their MCODE representationsWhen the simulatedapplicationrequiresinput
or output, the requestsare simply passedo the input and output routinesof the simulatoy
essentiallynakingthe simulatora transparenvirtual machinelayer Whena functioncall is

madeor a dataelementis accessedhe MCODE representatiomnly containsa namefor the
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Figure6.16 Simulatorframework.

functionor element.Hence,it is the responsibilityof the namelocatortableto translateeach
nameinto its mappedaddressor to identify it asa systemcall locatedoutsideof the simulator
As previously mentioneda subsebf the C library callshare beencompiledandincludedwith
the applicationMCODE, thus enablingcycle-by-g/cle simulationof thesecodesaswell. A

numberof library callsandsystenservicesannotbe compiledthroughIMPACT with current
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compilerconstraintsandthusthe natie library codesare calledon behalfof the application.
Cyclesspentin the native calls, therefore are not accountedor in the simulationresults,but

generallyrepresenaninsignificantportion of overall applicationexecution.

6.6.4 ROAR architecture

The architecturemodeledconsistsof a 10-stagepipeline containingfive functional unit
types(Integer ALU, FR Long Lateny FP, Memory, and Control). The simulationsinclude
a multilevel memoryhierarchy branchandreturnaddressredictor BranchBehavior Buffer,
TraceGeneratiorUnit, and SHOPtracescheduler Table 6.2 reflectsthe architecturaparam-
eterschosenfor the evaluationsystem. Table 6.3 enumerateshe parameter®f the Hot Spot
Detectionhardware. Thesgparameterarederivedfrom previousexperimentg2] andaretuned
slightly for EPIC codes. Basedon obsenationsdescribedn Subsectiorb.6.2,the BBB was
enlagedto accountfor morebrancheswhile the candidateratio (candidatethresholddivided
by refreshtimer interval) wasloweredto accountfor the branchreplicationeffectsof loop un-
rolling, tail duplication,etc. It is importantto againnotethattheresultsaccountor adetection
to rescheduled¢odedelay which cansurpassL00 000 cycles. Additionally, the first fetch of

ary new optimizedhot spotcodetakesthefull L2 misspenaltyof 50 cycles.

6.7 Instruction SchedulingEvaluation

To evaluatethe effectivenessof the reschedulingsystem,a numberof applicationswere

evaluated. Theseexperimentswere designedo shawv the benefitsof the ROAR scheduling
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Table 6.2 SimulatedEPIC machinemodel.

Instructionissue 8 units
Integerarithmeticandlogic unit 5 units
Floating-pointarithmeticunit 3 units
Memoryunit 3 units
Branchunit 3 units
Branchpredictor 10-bit historygshare,
3 predictionspercycle
BranchTametBuffer size 1024entry
ReturnAddressStacksize 32entry
Branchresolution 7 cycles
Load/storebuffer size 8 entryeach
L1 datacache 64KB
L1 instructioncache 64KB
Unified L2 cache 512KB
Storesets 16 (4-bit encoding)
Integerregisters 64
Floating-pointregisters 32
Predicataegisters 64
Operandgpercommit 4
Operandgpermove-commit 1

Table 6.3 Hot SpotDetector TraceGeneratiorlJnit, andScheduleandOptimizerhardware

parametesettings.

| Parameter \ Setting |
Numberof BranchBehavior Buffer sets 512
BranchBehavior Buffer associatiity 4-way
Executedandtakencountersize 9 bits
Candidatébranchexecutionthreshold 16
Refreshtimerinterval 8192branches
Cleartimer intenal 65536branches
Hot SpotDetectorcountersize 13 bits
Hot SpotDetectorcounterincrement 2
Hot SpotDetectorcounterdecrement 1
ScheduleiTableentries 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:| CLSS+R: || ILP S+R:| ILP S+R:| ILP S+R:
Num. of Code TGU Num. of Code TGU

Hot Spots| Cache% | Active % || Hot Spots| Cachel | 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.ijpa 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 24
255.\0rtex 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

Table 6.4 detailsthe total numberof detectechot spots,the percentagef instructionsex-

ecutedfrom the codecache andthe percentagef instructionsin which the hot spotdetection
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andformationhardware were active for both CLS andILP codes. The resultsshav general
similarity betweenthe resultsof CLS andILP codes(130.li, for example). Slight variations
in the numberof hot spotsdetectedare expectedand obsened dueto variationsin detection
timing with regardto thebeginningof theprogramphasesThe TGU is typically active for less
than5% of the dynamicinstructionsfor longerrunningapplications;it, however, cansome-
timesbeactive for amuchlargerpercentag&vhenthenumberof dynamicinstructionds within
anorderof-magnitudeof theresetinterval (134.perlinput 3, for example).
Figure6.17shavsthecycle accountingneasurementskenfor eachbenchmarlandinput.
Theseresultswere generatedy older IMPACT ILP Compilerand ROAR versions(Internal
Version11-18-2001).While therelative performanceof eachconfigurationvariessomevhat
from the overall resultspresentediext, the trendsremainthe same. For eachprocessorcy-
cle, a determinationis madeasto why further instructionscould not be dispatchedrom the
front-endto the back-endof the pipelinein that particularcycle. The cyclesare distributed
into severaldifferentcategyories:Fetc (front-endstallsdueinstructioncachemissesandtaken
branchpenalties)StopBit (explicit dispatchoreaks) OversubFU (pipelinebackupdueto over-
subscribedunctionalunits), WrongPath (executioncyclesentirelywasteddueto mispredicted
branches)L.D Dep (stallsdueto unsatisfiedlow dependencesom load instructions),Other
Dep (stallsdueto flow dependenceBom nonloadinstructions),and Unstalled(unrestrained
dispatchof instructions). Thebenchmarknputnumberis listedbelow eachrun wherethefour
barsdepictthe cycle accountinghormalizedo baselineCLS codefor baselineCLS, CLS with

SHOPschedulingpaselindLP, andILP with SHOPscheduling.
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As shown in figure 6.17, much of the reductionin cyclescomesfrom a reductionin the
numberstop bits reached.This implies that ROAR hasa more effective useof the machine
width becauséewer cyclesareendedbecaus®f astopbit eventhoughmoreinstructionsawait
execution. This is particularlyevidentin 134.perlinput 3. Also noticethe typical increasen
unstalledcycles,which correspond$o the above obsenation.

Six experimentsvereconductedor eachinput of the benchmarks$o gaugeoverall perfor
mancedueto the TGU andSHOR theresultsof which areshavn in Figure6.18. Thefive data
barsrepresenspeedup®ver CLS baselinecodesfor TGU tracesfor CLS codes, TGU traces
with schedulingandrenamingfor CLS codes baselindLP codes, TGU tracesfor ILP codes,
andTGU traceswith schedulingandrenamingfor ILP codes.In general, TGU tracegenera-
tion aloneprovideslittle benefitsinceit only improvesfront-endfetch performancebut does
not affect the minimum numberof cyclesrequiredfor the applicationto proceedthroughthe
back-endof the pipeline. Out-of-orderexecutioncorescan benefit,however, from increased
fetchperformancehroughspeculatre out-of-orderexecution.Slightdegradationglueto TGU
tracesalonecanbeattributedto theinstructioncachejt oftenexperiencesnoremissesecause
thetotal working setof instructiong(sideexit andnon-phaseortionsof the original codeplus
thetracesets)is typically someavhatlargerthanthe working setof just the original code. For
example,the TGU providesa speedumf 9% for the CLS codefor mpey2de¢ while proving a
slowdown of 2% for the ILP codecomparedo ILP baseline However, the SHOPprovidesan
additional15% speedugdrom the TGU traces(totaling 24%) for CLS codeandan additional

16%speedugrom the TGU traceqtotaling14%)for thelLP codeall over CLS baselineThis
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Figure6.18 Speedup$or varioushardwareconfigurationover CLS baseline.




translatedo a speedumf about10%for SHOPon ILP codeover ILP baseline.Theresultsfor

mpea2deccloselyresemblehe overall average.

6.7.2 Benefitsof store sets

To evaluatethe benefitsachieved throughutilization of compilerannotatedtoresetinfor-
mation,CLS andILP codewassimulatedwith ROAR optimizationfor four benchmarksising
1 (no setdifferentiation),2, 4, 16, and 1024 storesets. The overall speedupgor both CLS
andILP codesdueto instructionschedulingwvith renamingandcopy propagatiorareshovnin
Figure6.19. Theperformancés alternatvely shavn in Figure6.20for CLS andILP codesasa
fractionof thespeedupsf CLS-1andILP-1 (nostoresetdifferentiation)overbaselinerespec-
tively. For mostbenchmarks] 6 storesetsaresufficientto achiese adequatelisambiguation.

In 255.vorte, functioncallson a particularstoresetwereoftenprecededy a write to that
storesetandfollowedby areadfromit. Thisscenarids commonlyfoundwhenglobalor heap
memoryis updatedprior to the function call, modifiedwithin the functioncall, andreadafter
the call returns. Becausedhe function may modify the samelocationasthe prior write, both
the call andthe prior write will be assignedhe samestoreset. As previously describedthis
situationsetsup conserative aliaseslueto storesetcoherencdetweerthe prior write andall
accessemsidethefunctioncall. Thus,all loadswithin thefunctionarepinnedbelow theprior
write. Similarly, any write within the function call will appearasa modificationto the same
setasthe subsequenteadin this scenario.Thus,readsfollowing the returnare pinnedbelow

thelastwrite insidethefunctioncall.

159



1.5

1.4

1.3

Speedup

1.1

n %)
$]

=3 MeerE i [or ¥ ==

K
TKIL]
TKIL

130.1i - input 1 130.1i - input 2 130.1i - input 3 132.ijpeg - input 2 132.ijpeg - input 3 175.vpr - input 1 197 parser - input 1 255.vortex - input 2 | mpegdec - input 1
Benchmark - input (number of store sets and optimization level)

Figure6.19 Speedugor 1, 2,4, 16,and1024storesetsfor CLS andILP codes.

19.4
44 194
2
23 _ a
3 3 i
B 1.75
L O
=0
S o
-
n 9 —
——
3
S @ 151 -
e b
Qo
-
7]
g2 1
25125
N o
= 0
[]
e c 0.73
.2
s N e e o
< = nggwwef vacgvszwe.zf o = 238¥ii =3 va_vz_Nv(vevx_ va_v:ENV(ve.x_ qFEN"",‘_’,x_
130.li - input 1 130.1i - input 2 130.li - ipppt 3 132.ijpeg - input 2 | 132.ijpeg - input 3 175.vpr - input 1 197.parser - input 1 | 255.vortex - input 2 | mpegdec- input 1

0.75

Benchmark - input (number of store sets and optimization level)

Figure 6.20 Additional speedugdor 2, 4, 16, and 1024 storesetsasa fraction of 1 storeset
speedugor CLS andILP codes.

160



A numberof otherfactorshave beenlinked to the modestperformanceof memorydis-
ambiguatiorthroughstoresets.First, mary registerspill instructionssurroundfunction calls,
bothfor callersaved registersjust prior to the call instructionandcallee-saedregistersat the
beginning of the calledfunction. Hence several cyclesare often consumedvith fully utilized
memoryfunctionalunits. Subsequentibadsmustbe moved up above the block of stores,or
mixedin with thestores. However, the schedulingpf speculatie loadsinto this block maylead
to delayedschedulingof storesand branchesthusunduly penalizinglater side exits, similar
to whatwasdescribedn theinstructionpriority discussionn Subsectior6.4.1. Thesegroups
of storesalsooftensave registersthatwill be overwrittenlaterin the functioncall. Therefore,
it is likely thatloadsandotherinstructionsin the calledfunction will usethesesaved regis-
ters. They will be preventedirom moving above the storesthatsave their original values.lt is,
however, possibleto renamesuchinstructions.

Stackloadsalsosuffer from anadditionalrestrictionbecaus®f their stackpointeroperand.
Sincethe stackpointerregisteris updatedon call andreturninstructions,callersave register
fills following the returnof a function call cannotbe moved up into the calledfunction. In
general,stackoperationsare pinnedinside of their own function dueto their dependencen
the stackpointerregister This situationmotivatesan optimizerandscheduleextensionthat
wouldallow for pre-schedule-timeegisterrenaming.For example thenew stackpointervalue
for a called function could be computedand placedearly in the trace. Then, stackpointer
registeroperandsnsidethe function call could be reassociatetb the new temporaryregister

Thiswould allow for stackload speculatiorabove the call instructions.
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Out-of-ordermicroarchitectureslso have an advantageover in-order microarchitectures
because¢hey candynamicallydetermineor predicta memorydependenceyhereasompilers
have to be conserative and mark all possibledependencesData speculation48], [49] is
usefulwith in-ordermachinedik e EPIC for memoryoperationghatcouldaliasbut rarelydo.
Essentiallyloadsareallowedto move above storesthatthey mayaliaswith, but a checkmust
be insertedat the original site of the load. This checkverifiesthatnoneof the storesactually
wrote to the loadedmemorylocation. A failed checktriggersre-executionof theload andits
dependentinstructions. Dataspeculatiorncould also be adaptedo operateunderthe Precise
Speculatiormodelto allow ROAR to safelyreorderloadsandstoresthathave the samestore
setwhenthey aliasinfrequently

Lastly, muchof the storesetsupportin ROAR is aresultof utilizing intraprocedurastore
sets. Again, the motivationwasto provide more detailedcoveragewithin a function by allo-
catingall of the storesetsto eachfunctionbody andthenproviding a coherencenechanism.
Futurework shouldexaminecarefully allocatedglobal storesetswhich will not have the co-

herenceroblem.

6.7.3 Benefitsof schedulingand optimization

Figure 6.21 depictsthe speedup®f CLS and ILP codesover their respectie baselines
dueto variouslevels of optimizationfor a representatie subsetof the benchmarks.The left
barin eachsetdepictsthe performanceof just the remappedraces. On average the perfor
manceis nominally the sameasthe baseline.The codestraighteningoptimizationperformed

by the TGU haslessof animpacton in-order coressincethey do not speculatiely execute
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Figure 6.21 Speedupsiueto variouslevels of optimization. REMAP: TGU generatedraces

only. S: Scheduling. C. Copy propagation. R Register renaming. P: Early path splitting
optimization.

instructionsout-of-orderfrom the predictedpath. The next bar representshe addition of
instructionschedulingwhich is the bulk of performancamprovement(23.5%for CLS codes
and12.5%for ILP codes).Instructionschedulingexploits the new block layoutby speculating
instructionsfrom successie blocksto earlierpositionsin thetrace. Theimpactof scheduling
is moresignificantin CLS codesthanILP codessinceaggressie codelayoutoptimizationin
theform of superblockKormation[47] hasalreadybeenappliedto ILP codesby the compiler
Thenext barsrepresenschedulingwvith forwardcopy propagationschedulingvith renam-
ing, andschedulingwith forward copy propagatiorandrenaming.Forward copy propagation

sometimesindersperformancéy extendinga particularregisterslive range thuspreventing
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asuccessie live rangein the sameregisterfrom beingspeculatedThe lastbarrepresentshe
addition of an experimentalpredicateoptimization,called early path splitting. Whencallee
instructionsare inlined following a predicatedcall instruction, executionof the call with a
falsepredicatgfall throughthecall) will forceflow backto original codefollowing thecall. In
betweerthecall andthedefiningpredicateareanumberof parametemovesthatarepredicated
on the samepredicateasthe call. The early pathsplitting optimizationinsertsa jump imme-
diately afterthe predicatedefinitionto original codefor the falsepredicate Oncein place,the
predicategor the call andparametemovescanbe corvertedto true,thusenablingcopy prop-
agation.This optimizationhasno effect on CLS codessincethencontainno predication.The
resultingperformancedueto this optimizationon ILP codesis mixed becausexecutionflow
may exit from optimizedcodemuchearlierwhenthe predicates false. Overall, an average
of 28% speedups achiezedfor CLS codeswith all optimizationswhile anaverageof 16%is

achievedfor ILP codeswith all but the pathsplitting optimization.

6.7.4 Trace optimization example: 134.per|

Figure 6.22 depictsan exampleof ROAR’s inherentability to perform multilevel partial
inlining. An original traceof execution,taken from the sixth hot spotof 134.perlinputl, is
presentedn Figure6.22(a),assumingperfectbranchpredictionandcaching. For eachcycle
(row), theinstructionsexecutedn thatcycle areshovn asblocks,whereeachcolor represents
a differentclassof instruction. Thefirst cycle, for example,containsmemory ALU, andfall-
throughbranchinstructions.Thesecondsetof columnsdepictssthesamanstructionscorrelated

to their original threefunctions(notethatthe compilerinlined gsort () intodo_sort ()).
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trace do_sort sortcmp ~ memcmp
—

IH [ 1
" —

IH [T

- —

5
10

Instruction Classifications
20 —
ALU

25 Memory

——]

_|_|

Fall-Through Control
-
—

Taken Control
Speculation Commit
Cumulative Issued instructions by function
issued instructions

il

cycle

30

(N I Wi

'
il

35

40

45

[

50

€Y
do_sort sortcmp memcmp
— T
11
-
- P —— ]
Cumulative Issued instructions by function

issued instructions
(b)

Figure6.22 Optimizationof atracefrom 134.perl (a) Original executionflow. (b) Resulting
executionafterinlining, straighteningandrescheduling.
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Like mary architecturesthe EPIC pipeline configurationcausedaken branchego exhibit a
onecycle taken-branchubble,asshavn by anemptycycle following a black, taken control-
flow instruction.Figure6.22(b)shavs the sameinstructionswithin the detectechot spottrace
afterreschedulingThe ovals (green)representheinstructionsthatcommitspeculatedalues
(renamedbr not) to their nonspeculatie registers. The resultingexecutionis approximately
60%faster This tracebenefitsheavily from registerrenamingto eliminatetherelianceon the
parametempassingregisters,and from store-set-basethemorydisambiguationspeculation,

andrenamingto boostload-dependerthainshigherin theschedule.

6.7.5 Trace optimization example:wc

Due to the natureof the tracegeneratiorprocessthe TGU inherentlyperformsa partial
iterationloop peelingoptimization.Loop peelingis the procesof moving thefirst iterationsof
aloop outof thebodyandexplicitly placingthemin theloop prologue[50]. Moving a portion
of thefirst iterationto the prologueandthenreformingthe loop essentiallyrotatesthe body
sothatthe formerbottomportion of the bodyis now at thetop. ConsiderFigure6.23,which
depictsan examplehot region from the wc microbenchmark.The original codesequences
generatedby thecompiler, presentedh Figure6.23(a) consistf threetraditionalbasicblocks
thateachterminatein a branch.Thetop portion of the columnrepresentshe codein a basic-
block diagramform while the bottom portion depictsthe instructionscheduleform. During
thetraceformationprocessthe variousbranchesn the codeandtheir tagetsaretracked. As
the codeis copiedandstraightenedbranche®\, B, andC areseenfor thefirst time andplaced

into the trace,asshawvn in Figure6.23(b). Note that while branchC actuallybranchedo the
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Figure 6.23 Optimizationof a region from the microbenchmarkvc. (a) Original loop with
the threetraditionalbasicblockshighlighted. Block diagramon top, instructionscheduleon
bottom. (b) Region afterrelayout.(c) Region afterscheduling.
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block terminatedoy branchA, branchC hasnot previously beenseenandtherefordts tamgetis
unknown. Therefore relayoutcontinueshrougha secondcopy of the block terminatedoy A.
OncereachingbranchA for the secondime, its fall-throughpathhasalreadybeenremapped,
andsothe TGU invertsthe branchandlinks it to the fall-throughtarget. Note thatthe loop
bodynow consistsf the blocksassociatedavith B, C, andA, in thatorder

While this may seemto be anundesirablesideeffect, it sometimesasoptimizationben-
efits. The top-to-bottomexecutionof the original coderequiresl0 cycles (for two iterations
sincethe compilerunrolledthe loop once),and executionof the remapped-oderequiresll
cycles(cycle 6 in the original codehasbeenbrokeninto two cyclesat the basicblock bound-
ary)! but executionof the rescheduled¢oderequiresonly seven cycles(Figure6.23(c)). The
cross-iteratiordependenceis this exampledictatethatonly threecyclesareneededetween
eachoriginal iteration(six for the compilerunrollediteration),sothis side-efectis not quite
asaggressie asa compilercould be. By performingloop rotation,the top of the successie
iterationis movedinline with the bottomof the previousiteration,enablingoptimizationand
schedulingof iterationheadsandtails. The new loop body effectively represents software
pipelinedloop with continuousterationoverlap.

Futureiterative layoutandschedulingpassesould,in theory continueto improve the soft-
warepipelining effect. In the currentexample,operationdrom thetop of the secondteration
(bottomblueinstructionsin Figure6.23(c))areallowedto move into the bottomblocksof the

previousiteration(top red blocks). A secondbasswould againrotatethe new loop sothatthe

1The TGU could have placedthe singlefirst instructionfrom the block associatedvith B from cycle 6 in
parallelwith the two in cycle 7 speculatingheir parallelism. While the experimentalEPIC would have stalled
onatruedependencegtherEPIC machinessuchasitanium,do not checkintrablockdependencesndmayhave
producedllegal code.
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top portion of the next iteration(the mixture of red andblue blocks)would be placedafterthe
bottomof thenext, allowing for furtherspeculatior{theoriginal blueblockswould be cumula-
tively movedto the blue blocksof the previousiteration). This softwarepipelining side-efect
processhowever, is notasefficientasa compiler Eachpassof relayoutandoptimizationonly
rotatesthe loop by onebasicblock andthe rotationamountis limited to the arbitrarysize of

thatblock.

169



CHAPTER 7

RELATED WORK

The ROAR architecturerepresentsnultidisciplinarywork meging the fields of compiler
algorithms,run-time systemsandcomputerarchitecture.Hence,this work is derved from a
numberof conceptdrom eachof thesedistinct fields aswell as other multidisciplinary sys-
temsthatalsostriveto provide run-timeoptimizationcapabilities This chaptelis comprisecf
threesectionscovering profiling, software-baseaptimization,andhardware-baseaptimiza-
tion techniques.Thefirst sectionrelatesto region selection(Chapterd) while the secondwo
relatedto region optimization(Chapterss and6). Finally, a preliminaryversionof an opti-
mizationsystemtaxonomyis providedin AppendixA thatis intendedto explore the breadth

of choicesrelatingto the aggressienessandcompleity of varioussystems.

7.1 Profiling

Control-flov profileshave beenshavn to provide invaluableinformationto an optimizer
becausdhey give insightinto the frequently executedpathsin the program. While profile-
driven optimizationssuch as superblockformation and scheduling[47] have demonstrated
significantimprovementsn performancesoftwarevendorshave beenreluctantto adda pro-

filing stepto their compilationprocessin somecasescompilershave employedstaticbranch
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predictiontechniquego form estimatedorofileswith moderatesucces$51], [52]. More re-
cently anumberof post-link-timeoptimizationsystemsave beenproposedhattransparently
andautomaticallyprofile andreoptimizeprograms.However, evenwhenthe costof profiling
is minimized,instrumentation-basgarofiling canstill incur significantoverheadmeasuredt
betweenl1%and424%slowdown [53].

Low-overheadmethodsof transparenprofiling have beendevelopedbasedon statistical
sampling[54]-[57]. Themostcommonapproachesitherperiodicallyor randomlysamplethe
programcounter(PC) value andtrack the distribution of sampledPC valuesover the course
of execution. The periodicform, alsousefulfor statisticalsamplingof otherprocessoevents
suchascachemissesis oftenimplementedhroughasimplehardwarecounter Whentheevent
occurs,a counteris incremented.Then,oncethe counterreaches predeterminedhreshold,
aninterruptis takento theoperatingsystemwherethe currentPCis reportedandthe counteris
reinitialized. For PC sampling the eventis simply instructionexecution.However, dueto the
latengy betweeraneventandthe counteroverflow interruptanddueto out-of-orderexecution,
the PC reportedduring the interrupt is often several instructionsaway from the offending
instruction.More recentimplementationsuffer the PCvalueof the offendinginstructioneach
time the counteris incrementedothatproperPCvaluereportingcanbe accomplishedThese
approachesuffer from threeprimary dravbacks. First, the entire profile of eachapplication
mustbe continuouslymaintainedat run time on the productionsystem.Not only is thererun-
time overheadn collectingthe numerousamplesthereis additionaloverheadn performing
softwareanalysison the collection. Secondthe profile represent®nly averagebehaior over

an extendedperiod of time. And third, the lateng of detectingvariationsin the programs
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behaior canbegreat.The proposedot SpotDetectoraddressethesedravbacksby profiling
only the mostfrequentlyexecutedinstructions thosemostlik ely to benefitfrom post-link op-
timization. The detectoralsothoroughlytracksinstructionbehaior over a shorttime window
to provide anaccurateandtimely relative profile for eachphaseof execution.
Severalmorecomprehensie profiling mechanisméave alsobeenproposed BasicBlock
Distribution Analysis [58] combinesintense,periodic sample-basegrofiling to determine
the compositionof repetitve phasesput is not applicableto more generalphasingbehaior
patterns. The ProfileMe [59] systemintroducedtwo primary improvementsover sampling-
basedmethods.First, the systemprovidesa meangfor attributing a variety of eventsto spe-
cific instructions,whereasrevious event countermechanismgould only pinpoint offending
instructionswithin a handfulof cycles. The ability to correlateeventsto instructionsis a key
factorfor performingmicroarchitecture-specifioptimization. Secondthe systemallows for
comprehensie randomprofiling of pairs of instructionsin orderto betterunderstandheir
pipeline interaction. Like thesesystemsthe Hot Spot Detectoris able to correlatebranch
behaior with specificinstructions,but it also hasthe ability to automaticallyfilter out the
unimportantoranchesFurthermorethe Hot SpotDetectoronly requiresservicingby eithera
hardwareor softwareoptimizerwhena run-timeoptimizationopportunityhasbeendetected.
The Profile Buffer [60] is a hardwaretablethatresidesn theretirementstageof the micro-
processoandconsistsof a small numberof entries(in the rangeof 16-64)which areusedto
thoroughlytrack branchbehaior. The operatingsystemsamplesandresetghe profile buffer
whenit becomedull, thusminimizingits run-timeoverheadestimatedt2%- 5%. Overtime,

the samplesarecoalescedo form anedgeweightprofile. The dynamicworking setsignature
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detector[61] is anotherhardware approachwhich intensively monitorsthe executingblocks
for patternshifts. This hardware componentould be usedto trigger the beginning of a new
phaseanddeterminevhetheror notthe phasehadalreadybeendetectedbut generallyhasno

mechanisnior determiningthe actualinstructioncontentof the phase.

7.2 Software-BasedDynamic Optimization

Run-timeprofiling andoptimizationof applicationgromisego deliverhigherperformance
thanis currently available with statictechniques.A numberof software-or firmware-based,
dynamicoptimizationsystemsave emepgedthatoptimizerunningapplicationsstoringtheop-
timizedsequencemto a portionof memoryfor extendedexecution.DAISY [62], FX!32[63],
UBQT [64], Aries[65], andmorerecentlyTransmetd66] andBOA [67] aresystemslesigned
to performdynamiccodetranslatiorfrom onearchitectur@o another Early versionsof DAISY
and FX!32 were primarily concernedwith providing architecturalcompatibility with subse-
guentenhancementagetingperformancewhile the Transmetgrocessorspecificallyutilize
dynamictranslationasa meansfor improving performance Dynamofor HPFA [22], [68], a
Dynamoderivativefor x86 Windows[69], Wiggens/Redstonier Alpha[70], andMojo for x86
Windows [71] aresystemslesignedo improve applicationperformancen the samearchitec-
ture. Similarly, just-in-time compilers[72], [73] have beenintroducedto generateptimized
codeat run time from an intermediateepresentatiosuchas Java bytecode.However, these
systemsoften suffer from significantsoftware overhead.Many of themutilize interpretation

to comprehensiely profile applicationsbeforegeneratingoptimizedcodesequencesOthers
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generatgoorly optimizedversionswith embeddedgrofiling countersgo accomplistthe same
goal. However, time spentin an interpreteror spentexecutingprobedcodeis overheadthat
must be reclaimedwhen executingthe optimizedcodein orderto seea performancebene-
fit. Thesesystemsalsorequirea softwareexecutve to monitorandcontrolthe reoptimization
process.While ROAR usesa similar memory-basedodestoragetechnique,t usesa hard-
warestructurethatoperatesn parallelwith the executionof theapplicationfor rapid profiling,
analysisoptimization,andmanagement.

Similar to Dynamo(the HPFA to HPFA softwaredynamicoptimizationsystem) the pro-
posedTraceGenerationUnit utilizes the real executionstreamto selecttracesfor optimiza-
tion [74]. In Dynamo,instructionsareinitially interpretedvhile potentialtracestartingpoints
arethoroughlyprofiled. Oncean executionthresholdfor a startingpointis reachedatraceis
formedbeginningatthestartingpointfollowing thecurrentexecutionstream ROAR improves
uponDynamos methodby eliminatingthe overheadassociateavith interpretatiorandprofil-
ing by performingtheprofiling in hardware.Becauséheprofiling overheads low, all branches
canbe efficiently profiled andusedto guidethe traceformation process.As a software sys-
tem, Dynamoprovidesflexibility because¢hetraceformationandoptimizationchoicescanbe
customizedandupgradedo addresshe needsof differentusageervironments.Furthermore,
it canoperatewithout any requiredsupportfrom the underlyinghardware,andmaybeableto
utilize a moreglobal view of the codeduring optimization. However, the software overhead
of Dynamolimits the overall benefitfrom ary optimizationperformed. Additionally, if an
applicationrequirespreciseexceptions,optimizationandary instructionreorderingmustbe

furtherrestrained.
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Most compilersimprove fetch performanceoy reorderinga programs blockssequentially
alongexpectedfrequentpaths. Compilersoften useprofile information[47], [75] to organize
thefunctionsandblockswithin functions performingfunctioninlining whereappropriate The
Software TraceCacheg[76] techniqueconstructdracesat compiletime thataresimilar to the
tracesconstructedat run time by a tracecache(describedn detailin Section7.3). Spike, an
Alpha architectureoff-line link-time optimizer[77], [78], separateshe hot blocksfrom the
cold blocksusing profiling information. Then,the hot blocksare reorderedandformedinto
likely pathsof execution. Finally, the hot blocks are analyzedandinstructionsthat are only
neededo supportthe cold pathsarerelocatedinto compensatiortodesegmentsstoredwith
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 Researclgroupare similar tools for binary optimizationof x86 Windows
applications. Unlike most of the static techniquesdescribed,ROAR also optimizesacross
library anddynamicallylinked library boundariesThis is a significantdistinctionbecausé¢he
softwareindustryis migratingtoward moremodularcomponent-basesbftware.

By takingadvantageof optimizationopportunitieschoseratcompiletime, dynamiccompi-
lation (DyC [81] andtcc[82]) hasbeenusedto performoptimizedcodegeneratioratexecution
time. Run-timeinformation,particularlytheconsisteng of valuesjs usedoy theDyC software
dynamiccompilerto generateptimizedcodefor regionswhich areannotatediuringcompila-
tion. The compilersetsup potentialregionsby generatingemplatecodefor eachopportunity
with holesthat canbefilled by run-time detectedvalues. For instance a loop with run-time

constaniterationcountcanbe processeihto atemplatethat simply consistsof theloop body
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andspacefor the iterationcountcheck. At runtime, the iterationcountcanbe detectedthe
loop potentially unrolledto a factor of the iteration count, andthe iteration count checkin-
serted. Thesetemplatedregions can be selectedautomaticallythroughuse of codeanalysis
and profile information[83]. While specificloopsachieve impressve speedupgasmuchas
500%),whole-prograngeneralizatiorhasyieldedmoderatamprovementsespeciallyin inte-
gerapplications By utilizing hardwaresupport,a similar technique calledCompilerdirected
ComputatiorReusd84], takesadvantageof run-time consistentaluesto eliminateentirere-
gionsof redundantomputationthroughresultmemoization.However, thesetechniquesely
uponregionschoserat compile-timeandarelimited by theeffectivenesof the programmenor

automatedinnotatiormechanisms.

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 canbe reducedo the computatiorheightof the codesequence.
Dynamicheightreductionrelieson aggressie registerrenaming[87] to eliminatethe output
and antidependencehat restrict out-of-orderexecutionand codemotion. Furthermorethe
costof long lateng operationsanbehiddenby the concurrentexecutionof otherinstructions.
However, thewindow from whichinstructionscanbe selecteds typically small,andnorecord
is keptof failed reorderingattemptgo preventthemin the future. In addition,sincethe hard-

warefor this form of dynamicschedulings locatedon the processos critical path,thereis
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limited opportunityfor moreadvancedoptimizations.Onegoal of the ROAR systemis to ex-
plore a processoarchitecturghat only occasionallyreoptimizesthe codeat run time instead
of the constantreoptimizationin out-of-ordermachinessimilar to whatthe DIF microarchi-
tectureprovides[88]. DIF, dynamicinstructionformating,collectsinstructionsexecutedalong
frequentpathsand dynamicallybundlestheminto setsof independenparallelinstructions.
Thesetsarethenformedinto atomicallyexecutedyroupsandstoredin aspecialhardwareDIF
cache Whenabranchis mispredictedr schedulingassumptiorviolated,processostateis re-
storedto acheckpointedtatetakenatthebeginningof thegroup.Whengroupinginstructions,
the scheduleanalyzedhe codefor instruction-level parallelismandscheduleshe codeto ef-
fectively utilize theavailablefunctionalunits. TheROAR architecturesernesasimilar purpose,
but allows instructionsto be storedin memoryfor long-termexecutionand providesrolling
checkpointingof speculatre valueswhich enablesarbitrarily long executiontraces. Through
occasionateoptimizationpowerconsumptiomaybereducedhroughshorteroptimizerhard-
wareduty cycles,andpipelinecompleity canbereducedoy moving the schedulinghardware
off of thecritical path.

The TraceGenerationUnit implementsa setof run-time optimizationtechniqueghat at-
tack a problemtraditionally managedhrough either special-purposdéardware or compiler
techniquesln orderto achieve higherlevelsof instruction-level parallelismin superscalama-
chines,the fetch unit is requiredto supply multiple basicblocks per cycle to the execution
units. Early designsincludethe sequentiainstructioncachesandthe collapsingbuffer [89],
which were designedo fetch several contiguousblocks acrosscacheboundariesandnonse-

guentialintracachdine blocks,respectiely, in asinglecycle. However, the compleity of the
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shift logic in the collapsingbuffer may causean undesirabléncreasen fetch lateng. More
recentsolutionsto the wide fetch probleminvolve reorderingthe codeblocksinto executed
orderandstoringtheminto a specialcachecalledthetracecachg90]. This cacheorganization
hasbeenshavn to performwell, asinstructionsnormally separatedby taken branchesanbe
fetchedin asinglecycle.

Optimizationsbeyond block reorderingin a traditional trace cachehave also beenpro-
posed[91], but thesetransformationdave beenlimited to classicaloptimizations. Sinceall
the instructionswithin a tracearelikely to executetogethey architecturesvheretracessene
asthe fundamentalnit of work have beenproposedin the TraceProcessoarchitecturg92],
sequencesf tracesare predictedand dispatchedas a unit. Sincethey are cached fetched,
andexecutedasa unit, they provide anopportunityfor moreaggressie optimizationsuchas
instructionrescheduling93].

Becausdracesin the tracecacheare shortandoften have brief lifetimes, the tracecache
is a limited framework for dynamicoptimization. One proposedsystem,calledthe rePLay
framework [94], providesa microarchitecturen which instructionsare collectedinto much
longertracesandoptimizedby the hardware. In this systemanenhancedracecachedelivers
units of executioncalledframesto the processocore. Eachframeconsistof along sequence
of instructionsselectedgsuchthatthereis high probability of executingthroughto theendof the
trace.Side-«&it branchesall with alow exit probability, canthenbe corvertedinto assertions,
essentiallymakinganassumptiorthatthe branchconditionswill notbetrue. Thus,instruction
reorderingcan be performedwithout regardto side-«its from the trace. A checkpointof

architecturalregister stateis madeprior to a frame’s execution,and all storesin the trace
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mustbe buffereduntil the endof the trace,sincea framemustcompletelyexecutein orderto
commitany changedo registeror memorystate.A failedassertiortestor exceptionanywhere
in the tracesignalsthat an assumptiormadeduring optimizationhasbeenbroken, and that
execution must be completelyrestartedusing the original instructionsfrom the instruction
cache. By comparisonROAR usesan explicit commitmentmechanisnthat, uponan early
traceexit dueto a branchor anexception,canretainall of the nonspeculatie (andcommitted
speculatie) work performed. This commitmentmechanismpreviously describedasrolling

commits,combinedwith a strict preseration of storeordering,alsoeliminatesROAR’s need
for agatedstorebuffer.

ROAR andrePLayexploit programexecutionvariationsat differentgranularities.ROAR
forms new extractedhot spotregions(containingmary traces)atintervalson the orderof 10°
to 107 cycleswhile rePLaydetectsa new frameevery 102 cycles[20]. This differenceallows
rePLayto take advantageof short-livedtrendsin additionto stablepatternsput requirescon-
tinuousdetectionandoptimizationof frames.ROAR focuseson phasesvhoseusefullifetime
is minimally hundredsof thousand®f cyclesso SHOPcanamortizeoptimizationcostsand
focusontracedik ely to continueexecution.SinceROAR utilizesamemory-basedodecache,
its transformationgarepersistenevenacrossontect switches.The ROAR architectureascur
rently designeddetectsand optimizesonly a single hot spotat a time and may temporarily
delaytheformationof otherhot spotsuntil the currentoneis complete.Previous evaluationof
rePLayhasassumed fully pipelinedoptimizationmechanism.Using their default schedul-
ing time of 1000 cycles per frame and an averageframe detectionrate of 100 cycles[20],

this mechanismmustbe ableto optimize an averageof 10 framesin parallelthroughoutthe
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executionof anapplication. The ROAR framewnork fundamentallycontainsan automaticfil-
teringmechanisndesignedo identify andoptimizethetruly importantcoderegions.

Transmetas Crusoeprocessor§6], [95] andIBM’ s BOA [67] alsousea softwaresystem
to translateprofile,andoptimizeprogramsatruntime. LiketherePLay they employ ashadav
registerfile andgatedstorebuffer to allow aggressie optimizationof thetranslateadode.In the
presencef anexception they roll backto apreviouscheckpoinandusesoftwareemulationon
thetheoriginal codeto provide preciseexceptions.Similarly, IBM’ s DAISY [96] providesfor
preciseexceptionsusingcheckpointsUponanexception,the processostateis rolled backto
thecheckpoint.Thecheckpoinprovidesabasepointerinto theoriginal code,andabackwards
examinationof the translatednstructionsprovides an offset to the original programaddress
thatshouldsignalthe exception.

Several recentlyproposedsystemsncludea coprocessom the hardware specificallyde-
signedto optimizeinstructions.Onesuchmechanisnis calledtheinstructionpathcoprocessor
(I-COP)[97]. This particulardesignis essentiallya smallload-storearchitecturenith a small
setof registersthatis enhancedvith several new instructionsfor patternmatching,bit ma-
nipulation,anddatamovementwith the core processos nonarchitectedegisters.While such
coprocessormay provide a flexible optimizationengine,they requiretheir own instruction
and datamemoryand functional units. We provide similar schedulerfunctionality through
special-purposhardwarefor reducedccost,thoughwith potentiallylessflexibility. The SHOR

however, couldbeimplementedy a mechanisnsimilar to thel-COPRP
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CHAPTER 8

CONCLUSIONS AND FUTURE WORK

Recentinnovationsin microprocessodesignhave giventhe processomore control over
how to executecodeoptimally. ROAR techniquesadwancethe state-of-the-arby allowing
the processoto detectthe mostfrequentlyexecutedcode,to performcodestraighteningand
partialfunctioninlining, loop unrolling optimizations andinstructionreschedulingandto de-
ploy the codefor immediateuse,in a mannertransparento the userapplication. The Hot
SpotDetectormonitorsthe retiredinstructionstream providing a relative profile of the most
frequentlyexecutedinstructionsin the stream. Unlike other hardware profilers, the detector
utilizes a continuousanalysisalgorithmto determinewhena suitableregion for run-time op-
timization is found. The Trace GenerationUnit extractstracesfrom the instructionstream,
filtering out infrequentpathsby usingthe profilesstoredin the detector The generatedrace
setsarewritten into memorysothata ROAR processomayemploy atraditionalfetchmech-
anism. Further the tracesetsare passedhroughthe Scheduleand Optimizer which utilizes
PreciseSpeculatiorto improve theinstructionscheduldo exploit availableILP. Thedetection
andextractionof frequentlyexecutedcodeis doneafterthe retirementstageof the processaqr
off thetiming-critical paths.

Preliminaryresultsshav thatthe TGU optimizationsappliedby ROAR achiese significant

fetch performanceamprovementat little extra hardware cost. For in-order core processors,
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ROAR providesthe ability to adaptto new input patternsand overcomemoduleboundaries.
ROAR'’s ability to identify hot spotsearly in their lifetime so that the vast majority of the
executionof thesehotspotss spentin optimizedcodeis akey contributingfactorto its success.
In addition,becauséhe generateadodeconsistof important,persistentraces ROAR creates
opportunitiefor moreaggressie optimizations.

ROAR presents platformfor pursuinganumberof otherpromisingdynamicoptimization
opportunities.First, the hot spotdetectionandtracefiltering mechanismsould be appliedto
othertrace-basedynamicoptimizationsystemshardwareor software. For example,rePLay
could usethe BBB to filter out spurioustracesin orderto reduceoptimizerbandwidth. Sec-
ond, ROAR’s hardware-centriapproactcould be exploited by othersystems Dynamocould
employ the hardwarefeaturesfor fastprofiling andpossiblytracegeneration.Dynamiccode
generatorsaind just-in-time compilerscould usethe schedulinghardware to quickly produce
adequateénstructionschedulesnsteadof interpretingor performinghigh-overheadscheduling
beforecoderegionsareevendeterminedo beimportant.

Tracegeneratiortechniquesanform codefragmentsacrossasicblock boundariesvhere
the compilergenerallydoesnot, suchasacrosscontrol-flov meige points,to producehigher
performancecode. In general traceshave superiorlocal codeperformancevhenthey match
executionbehaior, but mayhave very poorperformancevhenthey donot. Whentracescanbe
adaptedo matchexecutionbehaior, asystencanbecreatedo automaticallyform customized
tracesthatproducea sustainedncreaséan performanceCompilersandregion-baseaptimiz-
ers[98], however, consideralargerscopeandhave thepotentialto optimizebeyondthebounds

of codesnippetsandtraces.However, they oftenencountepbstaclesvithin theregionsdueto
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control-flov memge pointsthatlimit schedulingandoptimization(aninstructionoperandnight
have several differentpossibleproducers).Typically, theseboundariedorm codefragments
thatareshorterthantraceswhich canreducethe benefitsof instructionscheduling Optimiza-
tionsattheregion granularityalsotypically requiresignificantamountsf informationto prop-
erly managanemorydependenceandpredicateghat are currently not availableto dynamic
optimizers.ROAR, while designedasa platformfor region-basedptimization,currentlyuses
trace-basedptimizationsbecaus®f thelack of analysisinformation. Futurework will focus
on the tools neededo retrieve and utilize deeperanalysisinformationthatwill further im-
prove the benefitsprovided by ROAR. This analysisinformationis likely to be generatecnd
storedby thecompiler It shouldbe notedthatthe compileris a valuableoptimizationtool that
shouldbe co-designedvith the dynamicoptimizerto provide maximumsynegy. Examina-
tion of ROAR-generatedracesevealedthatsometraceshadinstructionscheduleshatclosely
matchedthe scheduleoriginally madeby the compiler Someof the similarity stemsfrom
ROAR’s restrictedcodemotion dueto memorydependencedyut the compileralsosuccess-
fully scheduledheinstructionsinto tight POEsbaseduponmachineresourcesFurthermore,
the compiler may setup delicatebut fastcode sequencessuchas modulo scheduledoops,
thatcould easilybe slowed by anunavaredynamicoptimizer Clearly, boththe compilerand
dynamicoptimizerhave strengthghatshouldbothbe exploitedin a high-performanceystem.
Extensionof ROAR ideasto manageatodeernvironmentssuchas.NET [7], couldgreatly
improve dynamiccompilationoverhead.By utilizing the phasingconcept,coderegionsthat
containjust the importantfunctionscould be generatecand managedogetheron a per hot

spotbasis,muchlike ROAR’s managemensystem. This techniquecould provide compact,
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high performancecodethatonly requiresgeneration-timenalysison the importantfunctions
insteadof all touchedfunctions. Furthermore a generationahot spotcode managercould
be employed to retainthe truly importanthot spotswhile making room for newly detected
regions. Exploitableprogramphaseshowever, do not often cover 100% of an applications
execution. Rather otherlessintensiely executedperiodsexist that often glue the phasego-
gether Theseregions may benefitfrom a lessaggressie and smallerscopedextractionand
optimizationmechanismThereforea hierarchicalapproachmaybeidealwith aregion-based
approachsuchasROAR phaseoptimization,at the top followedby optimizationson individ-
ually collectedtracesbelow. Last,a moredetailedstudyof the benefitsprovided by storesets
andtheirrepresentatiom a ROAR-lik e ernvironmentis in order

ROAR conceptscould alsoleadto a new approacho profile-basedff-line programop-
timization. Ratherthanusingtraditionalaggreyateor summarizedxecutionprofile weights,
this approachwould usethe transparentHot Spot Detectorhardwareto automaticallydetect
executionphasesandrecordbranchprofile informationfor eachnew phase.A codeextrac-
tion algorithm[99] would thenproducecodepackagesor regions, that are speciallyformed
and partially inlined [100] for their correspondingophaseq101]. The algorithmwould rely
on efficientinformationpropagatiorandheuristicestimationtechniqueto compensatéor the
incompleteand often incoherentbranchprofile information that arisesdue to the natureof
hardware profiling. The techniqguewould avoid unnecessargodereplicationby focusingon
hot code, making efficient connectiondbetweenthe original codeandthe new code,linking
coderegionsat selectpointsto facilitate phasetransitions,and providing a platform for effi-

cientoptimization.
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APPENDIX A

TAXONOMY

In orderto bettercomparehe ROAR architecturavith otheroptimizationsystemsarough
taxonomyof suchsystemss presentedh thisappendix.Thistaxonomyappearserein prelim-
inary form asdevelopedby Chris Newburn of Intel Corporationjn conjunctionwith Matthew
Merten,RonaldBarnes,andWen-meiHwu of the University of Illinois. In eachof the cate-
gorieswithin the taxonomy the characteristicshat bestdescribeROAR areitalicized. Where
appropriateanannotatiormay appearecognizinga particularsystemthatutilizesamoreun-
usualstrategyy. Of course subtleflavors of any particularstratgyy may exist thatcould perhaps
alsowarrantfurther delineationsjput attemptshave beenmadeto cover all of the major op-
tions. For example,on-demandccasionaleoptimizationcould be triggeredby a variety of
conditionsincluding a new traceformation,a new hot spotdetection,a changen a semicon-
stantvalue, etc. Likewise, a comprehensie systemmay usemore thanone stratgy in ary
particularcategory. This appendixis designedo help delineatethe possibilitiesof program
optimizationbut is notintendedo arguetheir merits. Most strategjieshave atleastsomemerits

whencomparingaggressienesgo simplicity of implementation.
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[. Dynamism

e purestatic

e once,with feedback(e.g.,profile-guidedcompilers)
e eachtime thereis arecompile

e eachtime amoduleis linked/loaded/run

e eachtime a previously untouchedcode region or pageis touched(e.g.,
DAISY)

o fixedperiod(e.g.,afterevery context switch)

e eachtimeanew executioncharacteristics identified(e.g.,phasechangenew
hot spotin ROAR, new tracein rePLay)

e continuouge.g.,out-of-orderexecution)

[I. Whento computeinfo neededo performoptimization,andsimilarly whento actually
performoptimization

e modulecompile- duringformationof .obj

link - during formationof .exe or .dll

predistritution - bring in modulesfrom expecteddlls (e.g.,Vulcan)
install - when.exe and.dll installedon machine

load- bring all linkedmodulestogether

run - duringexecution

— invocationof optimization
« first execution(e.g.,DyC, JITs)
* at phasechanges
x fixedperiod
x afterpassinghotthreshold
x stall-time(e.g.,on Icachemiss)
x idle-time- applicationis idle for lack of input, etc.
* continuously(e.g.,0-0-0)
— performoptimization
x cycle-by-g/cle (e.g.,0-0-0)
« parallelprocesn separat@rocessoon SMT
* dedicatechardware components

e betweerruns

— betweereveryrun
— whenprofile datachangesxceedghresholdof interest
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[ll. Whatinfo neededo optimize

e performanceproblems

— branchmispredictions
— cachemisses
— problematiccodesequences
— resourceconflicts
— assumption®n which a HW or code-generatiopolicy is basedon are
violated
e specialization
— valueprofiles
x Sizeof valueset
x phasingoehaior
x predictability
- counters
- context, correlationwith pathinfo
- context, correlationwith othervalues
x pointeraliases
— brand profiles
— dataflav
— otherprogramanalyses

e thread-leel parallelism

— dependences

— valueprofiles(seeabove)
— latencies

— resourcautilization

IV. How to profile

e staticanalysis staticallygenerategbrofile estimatege.g.,Ball andLarus)
— within function
— within module
— wholeprogram
— arbitraryregion
e binaryinstrumentation
— sameregionsasstaticanalysis
e sourceinstrumentation
— sameregionsasstaticanalysis
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via interpretation(e.g.,Dynamo,iSpike)

via compiledemulation(e.g.,mary compilersduringtheinitial compilation)

via generatiorof applicationwith internalprobes(e.g.,mary compilers)

performancemonitors,mechanismgseewhereto profile)

— characterizatiotry counting
* short-term- profile snapshots
* long-term- averages
x wholeprogram- actualprofiles
— characterizatioty tracing
x branchtracing(e.g.,Pentium4Processor)
— characterizatiotry sampling
* locationimprecise(e.g.,PentiumProProcessor)
x precise(e.g.,ProfileMe,Pentium4Processor)

V. Profiling compleity

e simpleevent

e qualification

e countspercycle above athreshold(e.g.,Pentium4Processor)
e coderange(e.g.,IltaniumProcessor)

e dataaddressange(e.g.,ItaniumProcessor)

e opcodemask(e.g.,IltaniumProcessor)

¢ thread(e.g.,Pentium4Processor)

e privilegelevel (e.g.,ItaniumProcessqiPentium4Processor)
e edgedetection(e.g.,Pentium4Processor)

e branchtype(e.qg.,ItaniumProcessor)

e speculatior{e.g.,Pentium4Processor)

e relational

— cascadinde.g.,Pentium4Processor)

— prioritizedstall causege.qg.,ItaniumProcessor)

— delaybetweerevents(e.g.,Pentium4Processor)
— delayabove athreshold(e.g.,Pentium4Processor)
— 2instructiong(e.g.,ProfileMe)

e comprehensie - all events(e.g.,ProfileMe)

VI. Whereto profile
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e |ocation

— everywhere
— regions
— random
— selectedP ranges
x hotcode
— selectedPs
x oncritical path
* whereoptimizationcanbe gainfully applied
— problematicevents

* microarchitecturediosyncrasy(e.g.,absenbypasspathon Itanium
Processor)

* otherknown performanceroblems
x Characterizatiomdicatesabove interestinghreshold
— selectclasseof instructions(e.g.,branches)
e who decidesvhereto profile
— fixed
x selectedcasesbut everywhere(e.g.,branche®r loads)
— directedto interestinglPs/IPranges/eents
x SWanalyzes
x HW finds/analyzes
- random
- temporaryfixedranges
- fixedalgorithm
- adaptive/econfiguablealgorithm

- under direction from SW: programmingfixed set of eventsto
count/profile

- underdirectionfrom SW: ableto storealgorithm
VII. ProgramPhasing/Locality

e def: somevariableis reasonablygonstanfor a periodof time
e variables

— workingsetsandworking setsizes

— datacachdines

— traces

— brandh behavior

— dependencanfo
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— aliasinfo
— values

predictability
— phasesequence
— phaséength
— granularity
x fromruntorun
« within arun

persistence

— shortphases handfulsof cycles

— mediumphases millions of cycles
— long phases second®f cycles

— acrossuns

detection/trainingime

— short- suitablefor HW

— long - needto predict,may needSW (e.g.,memoryproducerandcon-
sumer)

detection/trainingime relative to persistence

endof aphasé new phase
— toleranceto minor variations

VIIl. HW/SW interactionfor profile info collectionandusage

e SWtellsHW where/hev to look/whatto look for
— profile thesecritical dependencet® enablecoarse-grainedodemaotion
or spurspeculatre threading
— couldgainmuchfrom specializatiorbasedn var’'s valueset
— configurehardwareto checkassertions

e HW profilesto catchhot spot/importanevents/dependences

— hotspots
— problemloadsandbranches
— aliasfrequeny
— valueprofile
e SWdoesmoreanalysis/optimization
— identify critical pathleadingto problemload/branchtrigger point
— specializébasedn valueprofile
— coarse-grainedpeculatre codemotion/multiversioncode
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e HW doesmoreanalysis/optimization
— build depgraph,createdata-drventhread
— specialization
— shortcircuiting
— memoization
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APPENDIX B

HOT SPOTI DETECTION RESULTS

FiguresB.1-B.8 presentdetailedhot spotdetectioninformationfor the applicationspre-
sentedn Figure4.3. For eachapplication the staticinstructioncountandpost-detectiomper
centageof thedynamicinstructionsfor eachhot spotaredepicted.
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