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Abstract

Wide-issueprocessorsontinueto achieve higherperformanceéy exploiting greaterinstruction-level par
allelism. Dynamictechniquesuchasout-of-orderexecutionandhardwarespeculatiorhave proveneffective
atincreasingnstructionthroughput.Run-timeoptimizationpromisesto provide anevenhigherlevel of per
formanceby adaptvely applyingaggressie codetransformationsn alargerscope.This papempresentanew
hardwaremechanisnfor generatincganddeploying run-timeoptimizedcode. The mechanisntanbe viewed
asafiltering system thatresidesn the retirementstageof the processopipeline,acceptsaninstructionex-
ecutionstreamasinput, andproducesnstructionprofilesandsetsof linked, optimizedtracesasoutput. The
codedeploymentmechanisnusesanextensionto the branchpredictionmechanismo migrateexecutioninto
the new codewithout modifying the original code. Thesenew componentsio not add delayto the execu-
tion of the programexceptduring shortburstsof reoptimization. This techniqueprovidesa strongplatform
for run-time optimization becausdhe hot executionregions are extracted,optimized, and written to main
memoryfor executionand becauseaheseregionspersistacrosscontect switches. The currentdesignof the
framawork supportsa suite of optimizationsincluding partial functioninlining (eveninto sharedibraries),
codestraighteningpptimizationsjoop unrolling, andpeepholeptimizations.

1 Intr oduction

Thedevelopmenbf out-of-orderexecutionandautomaticdynamicspeculatiorhasled to dramatiamprovements
in the performanceof modernmicroprocessorslhesetechniquesverethefirst stepstowardallowing the micro-
processoitself to determinehow to executecodeefficiently. Thusfar, suchhardware optimizationshave been
limited in scopeand have typically beenmadeon the fly without ary persistentecord. More aggressie and

persistenoptimizationshave insteadbeenaccomplishedn software throughthe useof optimizing compilers.
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However, mary of theseoptimizationsrely on accurateprofile informationto profitably transformcode. While
compilersoften supportthe useof profile information,softwarevendorshave beenreluctantto addthe profiling
stepto their developmentcycles. Not only is determininga representate profile difficult, but whenbeingpro-
filed, thebehaior of certainprogramsmay change.For thesereasonsanautomatic transparenmechanisnior
profiling andreoptimizingcodebasedn currentusagevould be advantageouskurthermorea dynamicsystem
couldimprove performancen waysthata staticoptimizercannot.As programbehaior change®vertime, ady-
namicsystemcouldreoptimizecodeto take advantageof temporalrelationshipsWhile a typical staticcompiler
optimizesfor the averagebehaior acrossthe entire execution,a dynamicsystemcould leadto more directed
optimizations. In addition, sinceoptimizationis performedon the samemachinethat runsthe application,the
optimizercanspecificallytargetthatsystem.

Hardware supportfor dynamic profiling and reoptimizationreducesthe relianceon software systemsto
performthesetasks. The useof dedicated backgroundhardware mechanismsllows for betterlimited run-
time overhead.Our hardware systemis designedo automaticallyandtransparentlyprofile applicationswhile
generatingsetsof tracesthat cover the frequently executedpathsof an application. Thesetracescanthenbe
optimizedandexecutedn placeof the original blocksto improve applicationperformancelLocatedoff the back-
endof the processopipeline,the proposedsystemincursnegligible overheadandminimally impactsthe design

of theprocessopipeline.



Themechanisnitself canbeviewedasafiltering systenthatacceptsaninstructionexecutionstreamasinput
andproducesnstructionprofilesandsetsof tracesasoutput. As shavn in Figure 1, thefilter consistsof three
primary componentsesponsibldor: collecting profile information, determiningthe executioncoverageof the
profiledinstructionsandgeneratingracedor the frequentlyexecutedpaths.

During applicationexecution,the Branch BehaviorBuffer componentdetermineshe mostfrequentlyexe-
cutedbranchinstructionswhile collectinga profile of their behaior. ThelnfrequentBranc Detectionprocess
eliminatesinfrequentlyexecutedbranchegrom thetableto filter out thosethatonly spuriouslyexecute.Mean-
while, the Hot SpotDetectionCountercomponenis responsiblgor determiningwhenexecutionis primarily
confinedto the collectedbranchesThe Streamto Table Correlation Detectionprocesscompareshe execution
streamto entriesin the tableandforcesa transitionto Trace Geneation Modefrom Profile Modewhena com-
parisonthresholdis met. The setof branchesn the tablewhenthe transitionoccurssenesasa skeletonof the
importantregion of code,andis calleda programhot spot Becausehe detectionprocesss performedvery
quickly at runtime, a uniqueopportunityexiststo optimizethe currentlyexecutingcodewhile leaving suficient
time to gainbenefitfrom executionin the newly optimizedcode.Programhot spotsprovide anexcellentoppor
tunity becausehey canbe quickly identifiedandcontainonly truly importantcode.Section3 providesevidence
that programsoften exhibit phasechot spotexecutionbehaior. The BranchBehavior Buffer andHot SpotDe-
tection Countercomponentsre collectively referredto asthe Hot SpotDetector[1], andaremorethoroughly
discussedn Section5.

Using the profiles gatheredoy the Hot SpotDetectoy a hardware componentalledthe Trace Geneation
Unit [2] producessetsof tracesthatcover the frequentlyexecutedpathsin the code. The GuidedBrand Table
Walk procesauitilizesthe executionstreamto walk the hot spotskeletonstoredin the branchtableto producethe
traces.Theuseof the streamto stepthroughthetableentrieseliminatesthe needto storeindividual instructions
duringthe monitor phaseand preventsentriesin the tablethatwere short-lved andno longeractive from being
included.Meanwhile the useof the skeletonensureghatthetracesarerepresentate of the frequentlyexecuted
instructions. The instructionsin the outputtracesare generatedn executionorder thusproviding aninherent
code-straighteningptimization. The tracesare linked togetherby their exit branchego provide continuous
executionwithin the optimizedhot spot. The outputof the detectorcanbe usedto feedanddirecta hardware-
basedreoptimizationmechanismpr cansene asa profiling platform for a software-basedeoptimizer One
directapplicationof this mechanisnis to performcodeoptimizationghatimprove instructionfetchperformance
suchasloopunrolling, partialfunctioninlining, andbranchpromotion.Theoutputtracesarestoredin amemory-

basedtodecachethusenablinga traditionalinstructioncacheto fetchmultiple blockspercycle, andpreserving



optimizedhotspotsfor continuedexecution. The TraceGeneratiorUnit is discussednorethroughlyin Section6.

2 RelatedWork

Control-flov profileshave beenshavn to provide invaluableinformationto an optimizerbecausehey give in-
sightinto the frequentlyexecutedpathsin the program. While profile-driven optimizationssuchassuperblock
scheduling3] have demonstratedignificantimprovementsin performancesoftware vendorshave beenreluc-
tantto adda profiling stepto their compilationpath. In somecases,compilershave employed static branch
predictiontechniquego form estimatedrofileswith moderatesucces$4] [5]. More recently a numberof post-
link-time optimizationsystemshave beenproposedhat transparentlyand automaticallyprofile andreoptimize
programs However, evenwhenthe costof profiling is minimized,instrumentation-basgarofiling canstill incur
significantoverhead6]. Low-overheadmethodsof transparenprofiling have beendevelopedbasedon statisti-
cal sampling[7] [8] [9]. Theseapproachesuffer from threeprimary dravbacks.First, the entire profile of each
applicationmustbe continuouslymaintainedatruntime ontheproductionsystem.Secondtheprofile represents
only averagebehaior over an extendedperiod of time. And third, the lateny of detectingvariationsin the
programs behaior canbegreat. The proposedHot SpotDetectoraddressethesedravbacksby profiling only
the mostfrequentlyexecutednstructionsthosemostlikely to benefitirom post-link optimization. The detector
alsothoroughlytracksinstructionbehaior over a shorttime window to provide an accurateandtimely relative
profile for eachphaseof execution.

Severalmorecomprehense profiling mechanism$iave alsobeenproposedsuchasthe Profile Buffer [10].
This hardware table residesin the retirementstageof the microprocessoand consistsof a small numberof
entriesusedto thoroughlytrack branchbehaior. This buffer only requiresservicingby the operatingsystem
whenit becomedull, thusminimizing its run-time overhead. The ProfileMe[11] systemintroducedtwo pri-
mary improvementsover sampling-basedethods.First, the systemprovidesa meangfor attributing a variety
of eventsto specificinstructionswhereagrevious eventcountermechanismsould only pinpointoffendingin-
structionswithin ahandfulof cycles. Theability to correlateeventsto instructionss a key factorfor performing
microarchitecture-spéic optimization.Secondthe systemallows for comprehensie randomprofiling of pairs
of instructionsin orderto betterunderstandheir pipelineinteraction.Lik e thesesystemsthe Hot SpotDetector
is ableto correlatebranchbehaior with specificinstructionsput it alsohastheability to automaticallyfilter out
the unimportantoranches.Furthermorethe Hot SpotDetectoronly requiresservicingby eithera hardware or

softwareoptimizerwhena run-timeoptimizationopportunityhasbeendetected.



Run-time profiling and optimization of applicationspromisesto deliver higher performancethanis cur
rently availablewith statictechniquesA numberof software-or firmware-basedjynamicoptimizationsystems
have emeped that optimize running applications,storing the optimized sequenceito a portion of memory
for extendedexecution. DAISY [12], FX!32 [13], andmorerecently Transmetd14] and BOA [15], aresys-
temsdesignedo performdynamiccodetranslationfrom onearchitectureo another Early versionsof DAISY
andFX!32 wereprimarily concernedvith providing architecturaicompatibility with subsequenénhancements
tamgeting performancewhile the Transmetgprocessorspecificallyutilize dynamictranslationas a meansfor
improving performanceDynamo[16], Wiggens/Redstong 7], andMojo [18] aresystemslesignedo improve
applicationperformanceon the samearchitecture.Similarly, just-in-time compilers[19] have beenintroduced
to generateoptimizedcodeat run time from an intermediaterepresentatiosuchas Java bytecode. However,
thesesystemsoften suffer from significantsoftware overhead.Many of themutilize interpretationto compre-
hensvely profile applicationsbeforegeneratingoptimized code sequencesOthersgeneratepoorly optimized
versionswith embeddedgrofiling countersto accomplishthe samegoal. However, time spentin aninterpreter
or spentexecutingprobedcodeis overheadhat mustbe reclaimedwhenexecutingthe optimizedcodein order
to seea performancéenefit. Thesesystemsalsorequirea software executive to monitorandcontrolthe reopti-
mizationprocessWhile our mechanisnmusesa similar memory-basedodestoragdechniguejt usesahardware
structurethatoperatesn parallelwith the executionof the applicationfor rapid profiling, analysis optimization,
andmanagement.

Similar to Dynamo, the proposedlraceGenerationJnit utilizes the real executionstreamto selecttraces
for optimization[20]. In Dynamo,instructionsareinitially interpretedwhile potentialtracestartingpointsare
thoroughlyprofiled. Oncean executionthresholdfor a startingpoint is reacheda traceis formedbeginning at
the startingpoint following the currentexecutionstream. Our proposedmnechanismmproves upon Dynamos
methodby eliminatingthe overheadassociateavith interpretatiorandprofiling throughperformingthe profiling
in hardware. Becausdhe profiling overheads low, all branchesanbe efficiently profiledandusedto guidethe
traceformationprocess.

By taking adwantageof optimizationopportunitieschosenat compiletime, dynamiccompilation[21] [22]
hasbeenusedto performoptimizedcodegeneratiomat executiontime. Run-timeinformation, particularlythe
consisteng of values,is usedby a softwaredynamiccompilerto generateptimizedcodefor regionswhich are
annotatedluringcompilation. Theseregionscanbe selectechutomaticallythroughuseof codeanalysisandpro-
file information[23]. By utilizing hardwaresupport,a similar techniquecalledCompilerdirectedComputation

Reus€24], takesadwantageof run-time consistenwaluesto eliminateentireregionsof redundantomputation



throughresultmemoization However, thesetechniquesely uponregionschoserat compile-timeandarelimited
by the effectivenesof the programmenr automatedgnnotatiormechanisms.

Dynamic schedulingof instructionsin hardware hasbeenusedto improve instruction-leel parallelismat
runtime [25]. By reorderinginstructionsexecutiontimesideally canbe reducedo the computationheightof
the codesequenceFurthermorethe costof long lateny operationsanbe hiddenby the concurrenexecution
of otherinstructions. However, the window from which instructionscanbe selecteds typically small,andno
recordis keptof failedreorderingattemptgo preventthemin thefuture. In addition,sincethis form of dynamic
schedulings locatedn theprocessos critical path,thereis limited opportunityfor moreadwancedptimizations.

One potentialhardware platform for dynamicoptimizationis the tracecache[26]. This cachingstructure
storesdynamicallylocal basicblockstogetherinto traces,allowing for the fetch of multiple blocks per cycle.
Optimizationsbeyond block reorderingin a traditionaltracecachehave beenproposed27], but thesetransfor
mationshave beenlimited to classicabptimizations.Sinceall theinstructionswithin atracearelikely to execute
together architecturesvheretracessene asthe fundamentalunit of work have beenproposed.In the Trace
Processoarchitecturd28], sequencesf tracesare predictedanddispatchedasa unit. Sincethey arecached,
fetched andexecutedasa unit, they provide anopportunityfor moreaggressie optimizationsuchasinstruction
rescheduling29].

Becausdracesin thetracecacheareshortandoftenhave brief lifetimes, the tracecacheis a limited frame-
work for dynamicoptimization. However, a new mechanisntalledthe FrameCache[30] hasbeenproposed
thatforms muchlonger atomictracesby replacinghighly biasedbrancheswith assertiond31]. Whene&er an
assertiorfails, theresultof the entiretraceis throvn away andthe architecturabtateis revertedto the stateprior
to executionof thetrace. Executionresumest thefirst instructionin thetrace,but in unoptimizedcode.Essen-
tially, the optimizedtracesarespeculatiely executedn similar fashionto thosein the TraceProcessorSincethe
architecturalktateprior to executionof a tracecanbe restoredupona failed assertionaggressie optimization
ignoring infrequentobstaclessuchas side exits, canbe performed. While theseframesare muchlarger than
tracesin a traditionaltracecache framesarestill limited by the lengthof the cacheline andby the numberof

unbiasedranchesllowedin thetracebecausghe framesarestoredin a hardwarestructure.

3 Program Execution Characteristics

Many applicationsexhibit behaior conducve to run-time profiling and optimization. For example, program

executionoften occursin distinct phaseswhereeachphaseconsistsof a setof codeblocksthat are executed
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Figure 2: Importantbranchesxecutedin eachexecutionsamplefor 134.perl Eachdatapoint representa
branchthat executedat least40 timeswithin the sampledurationof 10,000branchesThesesamplesf 10,000
contiguousbranchesretakenonceevery 2,000,00(ranches.

with a high degree of temporallocality. When a collection of intensvely executedblocks also hasa small
staticfootprint, a highly favorable opportunityfor run-time optimizationexists. A setof brancheghat define
a collection of intenselyexecutedblocksis referredto asa programhot spot A run-time optimizer cantake
adwantageof executionphasedy isolatingandoptimizing the correspondingnstructionblocksfor a group of
hotspots.ldeally, aggressiely optimizedcodewould bedeplo/edearlyin its phasdor useuntil executionshifts
to anothephase Optimizedhot spotsthatarenolongeractive maybediscardedif necessaryo reclaimmemory

spacdor newly optimizedcode.They mayalsobe savedfor laterusefor re-occurringhot spots.

3.1 Program Phasing

An exampleof phasingbehaior canbe seenin a perl interpreter(134.perlfrom the SPEC9%enchmarksuite)
runninga word jumble script. As shavn in Figure 2, this benchmarkcontainsthreeprimary, distinct phaseof
executionwith onehotspotperphaseHot spotl runsfor 72 million instructionshotspot2 for 1.35billion, and
hot spot3 for 200 million. The first hot spotinvolvesreadingin a dictionaryandstoringit in aninternaldata
structure. The secondhot spotprocessegachword in the dictionary andthe third scramblesa selectedsetof
wordsin thedictionary Figure?2 alsoindicateshat,within eachhot spot,the addressesf theintenselyexecuted
instructionsarenottypically clusteredn onesmalladdressange but insteachave componentsvidely scattered
throughoutthe program.

Thesecondot spotsenesasanexcellentexampleof why run-timeoptimizationis neededTheinput script

exercisesperl's spl i t routine,which breaksup aninput word into individual letters,andsor t , which sorts
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Figure 3: Profile distribution for the secondprimary hot spotin 134.perl Branchessortedfrom mostto least
frequent.

thoseletters. The first function, spl i t , calls a complicatedregular expressionmatchingalgorithmwith an
emptyregularexpression Becausexecutionconsistentlytraversesa smallnumberof pathswithin thefunctions
thatcomprisethe algorithm,this region of codewould benefitfrom partialinlining andcodelayout, followed by
classicabptimization.A staticcompilercould performtheseoptimizations put the larger codesizeandcompile
time would bewastedor mostinputscripts. Thesecondunction,sor t , callsthelibrary functiongsor t which
then calls a perl-specificcomparisorfunction. Lessthan half of the codein the comparisorfunctionis ever
executedbecaus®enly singlecharactersreactuallysorted. This is anotherexamplewhereinlining is important
becauseof the very frequentcalls to the comparisorfunction. However, a link-time or run-time optimizeris
neededo supportinlining acrosdibrary andapplicationboundariesIn addition,if dynamically-linked libraries
areused,nlining would have to bedelayeduntil applicationloador runtime. Figure3 shavs abranchprofile for
atypical 10,000branchsampleof perl’s secondhot spot. All of thebrancheghatexecutein the phasecomprise
its working set However, the datarevealsthat an even smallernumberof staticbranchesaccountfor the vast
majority of thedynamicinstancesn the sample for examplebranche® through122. Theseintenselyexecuted

branchesomprisethe hot spot,andeffective optimizationcanbelimited to thatportionof theworking set.

3.2 Hot SpotCharacteristics

Programsoften containsomefunctionsthat appearin multiple hot spots. This commonlyoccurswith internal
library functionsthat are called from differentlocationswithin the program. Naturally the behaior of these

functionsmay vary dependingon the calling contet. One suchexampleis the function st r _new from the
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perlinterpreter This functionis presenin threemain hot spotsand hasthreedifferentprofiles,eachof which
weregatheredy the mechanisndescribedn the next section.Figures4a-cdepictthesethreeversionsandare
annotatedoy profile weightscollectedfrom the Hot Spot Detector The dark arronvs and blocks indicatethe
importantedgesandbasicblocksasdeterminedy the profile weights. Note thatthe x867 branchfrom block
E is missingfrom the profile for Hot Spot3. This situationresultsfrom contentionfor resourceswithin the
hardware detector For blocksthatendin a branch,the block weightis the branchexecutionweight, while for
otherblocks,theweightis dervedfrom theknown inputarcs.Theprofile of Hot Spot1l revealsthatbranchx 829
in block A alwaysbranchego block C. Branchx829 decidesvhethera previously freedstringis availablefrom
thestringfreelist, or whetheranew stringmustbe created For Hot Spot1, thefreestringlist is emptyeachtime
thefunctionis called. Theinput scriptbegins by readinga dictionaryfile andcreatingnew stringsfor thewords.
This operationrequiresno stringdeletionsandhenceno stringsareaddedo thefreelist. Theoppositeis truefor
Hot Spot2, wherea freestringis alwaysavailablefrom thefreelist.

In an effort to betterunderstandhe compositionof hot spots,anotherimportanthot spotwas dissected,
exposingits controlflow structure A portionof the primaryhotspotfrom alisp interpreter(130.lifrom SPEC95)
runningthe traininginput scriptis depictedin the control-flov graphin Figure5. This hot spotrepresent#5%

of the program$ dynamicexecution. Control entersthe shavn portion of the hot spotat point A in function
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Figure5: Basicblock flow graphfor selectedunctionsin adominanthot spotin 130.1i.

evf or m thenperformsnestedcallsto x| get val ue, x| obget val ue, andx| yget val ue beforeexiting
the hot spotat point C. Black Boxesandarrows indicatethe intenselyexecutedpaths(thosethat arepart of the
hot spot),while lighter boxesandarrows indicatelessfrequentlyexecutedor cold, blocksandpaths.This entire
hot spotconsistsof 81 branchespanningapproximately368 staticinstructions. The branchprofile indicatesa
primarypaththroughthehotspot,as47 of the 56 staticorancheg9.2M of 10.9M dynamicbrancheshave highly
consistentynamicbranchdirection(greateithan90%in onedirection). The hot spotis not simply atight loop;
rather control proceedghrougha numberof functionswith minimal innerloops. Notice, for instancethatthe
loopsmarkedby back-edge8, D, andE iterateonly afew times,if atall, duringeachinvocationof thehot spot.
The hot spotbehaior witnessedn the lisp interpretergeneralizego otherprogramsaswell. In mary of
the hot spotsdetectedacrossa variety of benchmarksthe dynamicnumberof taken branchesloesnot heavily
outweighthe numberof fall-throughbranchesaswould be the casefor inner loopswith little internalcontrol
flow. While somehotspotsdo containsuchloops,mary alsohave muchmorecomplex controlflow. Thenumber
of call andreturninstructiongogetheraverageabout15%of thedynamiccontrolflow in theexaminedprograms.
While thesecontrol transfersare often highly predictable their frequeng presentsa barrierto wide fetch and
optimization. Marny of the benchmarkdave a fair numberof unconditionaljumps, representingpn average,
about5% of dynamiccontrolflow instructions.Thesenstructionsperformno controldecisionsandareobvious
candidategor optimization. Indirectjumpsandindirect calls do not make up a large portion of the branches,

but arefrequentenoughto becomehazardgo long traceformationfor somebenchmarksinlining the potential
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targetmayallow for wide fetchacrossheindirectjump or call. Finally, only about35% of the dynamiccontrol
flow instructionsfall-throughto sequentiainstructionaddressesConsequentlytraditional fetch architectures

thatbreakfetchesattakenbranchewill oftenbelimited to onebasicblock perfetch.

4 Architecture Overview

Our proposedarchitecturepresentedn Figure 6, consistsof two primary hardware componentgalledthe Hot
SpotDetectorandthe TraceGeneratioriJnit. Both of thesehardwarecomponentsirelocatedoff thecritical path
of the processocorein theretirementtageof the pipeline. TheHot SpotDetectormonitorsretiring instructions,
searchindor a hot spot.Oncea hot spotis found,the TraceGeneratioriJnit tracksthe retiremeniof subsequent
instructions,utilizing the retirementstreamto constructtracesthat fall within the boundsof the detectechot
spot. Thesegeneratedracescollectvely containa vastmajority of the frequentlyexecutioninstructionsfor a
particularphaseof programexecution.Oncegeneratediracescanbe optimizedandarewritteninto acodecache
for executionin lieu of the original program. The codecacheresidesin instructionmemoryso that program
executioncanoccurthroughthetraditionalfetchandexecutemechanisms.

The optimizationprocesshegins asthe Hot SpotDetectorsearchegor programhot spotsasthey emege
during execution. Hot spotdetectionconsistsof two paralleltaskswhich operateon a hardware profiling table.
First, retired branchesare examinedand entriesare maintainedin the profiling table for the mostfrequently
executedbranches Often, aninfrequentlyexecutedbranchwill retire. Suchbrancheshowever, will be entered
into thetablefor a shorttime while theirimportanceis monitored,but will laterbe evictedfrom thetable. The
profiler retainsthe frequentlyexecutedorancheswhich arecalledcandidatebrandes

The secondtaskis to determinehow closelythe collectedbehaior storedin the table matcheghe actual
instructionstream.This is accomplishedy trackingthe ratio of candidatebrancheso non-candidatédranches

in the stream.As morecandidatebranchesredetectedandplacedinto the profiling table, theratio of candidate
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branchedo non-candidatemcreases.Whenthe ratio exceedsa setthresholdandthe ratio is sustainedor a
setperiod of time, the detectordeclareghat a hot spothasbeenidentifiedandfreezesall of the entriesin the
profiling table. Upon detectionthe TraceGeneratiorJnit is activatedto constructiracesbasedon the contents
of the profiling table. However, if the ratio doesnot exceedthe thresholdquickly enough,the entire profiling
tablewill beflushedandthedetectiorprocesswill berestartedDuringaflush,anumberof thresholdvaluesand
parameterin the detectorcould be dynamicallyupdatedo alterthe hot spotsearctrriteria.

As describedthe detectoris designedo find, track,andprofile the mostfrequentlyexecutedoranchesFig-
ure 7adepictsbranchentriesstoredin the profiling tableasgray circles. While profiling, the branchexecution
anddirectionweightswereaccumulatedo provide behaior informationaboutthe branchegluringthe current
executionphase.Theimportant,or hot, branchesanddirectionsare shadedand comprisea skeletonof the fre-
guentlyexecutedregion of code. The taskof the TraceGeneratiorUnit is to usethe skeletonto determinethe
instructionblocksassociatedvith the branchesasshawn in figure 7b, andto constructa new setof blockscov-
eringthe frequentlyexecutedones,asshavn in figure 7c. While a compilercanperformcontrol-flov analysis
overanentirecoderegion to identify andextracttracesijt is impracticalfor a hardwaremechanismo do this be-
causeof time andspaceaequirementsinsteadthe TraceGeneratiornit watcheghe sequencesf subsequently
retiredinstructionsand constructgracesfrom thosesequencethat conformto the boundsof the detectechot
spot. Furthermorethe Trace GenerationUnit mustbe ableto form good quality traceseven thoughsomeof
theimportantbranchesnay be missingfrom the table. Becausehe detectorcanonly profile a finite numberof
branchesa few importantbranchesanbe missingfrom the profile dueto contentionfor tableentries.

Tracescan be optimizedeither during or following the trace generationprocess. This work specifically

12



usesthe detectechot spotsto guidea codestraighteningandlayout optimizationthat targetshigh-performance

instructionissue.

5 Hot SpotDetector Ar chitecture

TheHot SpotDetectoris designedo beageneraimechanisnfor finding coderegionsthatwould derive themost
benefitirom run-timeoptimization.Theregion selectiorprocesss guidedby threecriteria. First, theregion must
have a smallstaticcodesizeto facilitaterapid optimization. Secondtheinstructionsin the coderegion mustbe
active over a minimumtime interval so an opportunityexiststo benefitfrom run-timeoptimization. Third, the
instructionsn thecoderegion mustaccounfor alarge majority of thetotal executednstructiongduringits active
timeintenal.

The first stepin the processof identifying hot spotsis to detectthe frequently executingblocks of code.
Employmentof a hardware schemeeliminatesthe time overheadandallows detectionto be transparento the
system.TheHot SpotDetectorcollectsthefrequentlyexecutingblocksby gatheringhebrancheshatdefinetheir
boundariemswell astheir relative executionfrequeng andbiasdirection. Thoughnot explicitly constructeda
control flow graphwith edgeprofile weightscanbe inferredfrom the collectedbranchexecutionanddirection
information.

Relatve to latencieswithin the processorcore, the Hot Spot Detectorcantoleratea large lateny before
recordinginformationaboutprogramexecution. For this reasonour proposechardwareis off the critical path
and gathersrequiredinformation from the retirementstage. This senes both the purposeof limiting adwerse

affectsonthe processos timing while alsopreventingthe needto handleupdatesrom speculatre instructions.

5.1 Branch Behavior Buffer

To implementhot spotdetectionin hardware,we usea cachestructurecalleda Branch BehaviorBuffer (BBB).
The purposeof the BBB is to collect and profile frequently executedbrancheswvhosecorrespondingdlocks
accountfor a vastmajority of the dynamicallyexecutinginstructions.Depictedin Figure8, the BBB is indexed
on branchaddressand containssereralfields (detectorfields shavn in white): tag (or branchaddress)branc
executioncount brand taken count andbranc candidateflag.

Whenthe processoretiresa branchinstruction,the BBB is indexed by the branchs instructionaddressIf
the branchaddresss foundin the BBB, its executioncounteris incremented.If the branchis taken, the taken

counteris alsoincremented.To prevent the executioncounterfrom rolling over, the countersaturates.When
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the executioncountersaturatesthe taken counteris nolongerincrementedn orderto presere thetakenbranch
counterto executedbrand counterratio. As long asthe numberof brancheghatreachsaturations small, the
profileswill still reflecttherelatve importanceof the branchesollected.

A replacemenpolicy mustexist for whena branchaddresss notfoundin the BBB andthe entryto which
the branchindexesis currently in use. Sincethe BBB mustaccuratelyrecordthe mostfrequently executed
branchesandtheir profiles ratherthanthe mostrecentlyaccessedit would be unacceptabléo implementan
LRU replacemenpolicy andallow ararebranchto replacea frequentlyexecutedbranch.Instead prancheshat
conflict with existing BBB entriesare simply discarded. The function of branchreplacements controlledby
periodicallyinvalidatingsomeentries.

Theentryof branchesnto the BBB proceedssfollows. Whena branchis seerfor thefirsttime its behaior
is unknavn, makingit necessaryo give thebranchatrial period,gatheraninitial profile,anddetermindts likely
importance.If anentryatits index is available,the branchis temporarilyallocatedinto the BBB and profiled
over ashortintenal calledarefreshinterval Its executioncountermustsurpass thresholdcalledthe candidate
thresholdto avoid having its BBB entry invalidatedat the next refresh. A branchthat surpassethe candidate
thresholds calleda candidatebrand, for whichthe candidatdlagin its BBB entryis set,andits entrywill not
beinvalidatedat the next refresh.

Therefreshintenal is implementedisinga simpleglobalcountercalledarefreshtimer thatincrementseach
time abranchinstructionis executed Whentherefreshtimerreaches presetvalue,all BBB entriesfor branches

thathave notyet surpassethe candidatehresholdareinvalidated.Refreshinghe BBB flushestheinsignificant
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entriesandensureshateachbranchmarkedasa candidateaccountgor atleastaminimumpercentagef thetotal
dynamicbranchesluringafixedinterval. The minimum percentagef executionrequiredof candidatéranches

canbeexpressedsacandidateratio. Thus,
CANDIDATE_RATIO = 2k /2", 1)

giventhatthesizeof therefreshtimeris n bits, andthatthe candidatdlag is markedwhenbit b of theexecution
counteris set.

Sinceentriesfor low weightbranchesreinvalidatedat eachrefreshthe BBB only needgo belarge enough
to hold the candidatebranchedor a hot spotplus a numberof potentialcandidatebranches.f the BBB is too
small,theinitial allocationof entriesto insignificantbranchewill delaythe entranceof importantbranchesnto
the BBB. Statistically theimportantbrancheswill eventuallygetentriesafter subsequentefreshintenals, but
the profile accurag couldbe compromisedndthereportingof hot spotsdelayed.

A moreseriousconflict occurswhentwo importantbranchesndex into the samecachelocation. Many of
theseconflictscanbe eliminatedby makingthe BBB set-associate. However, someconflictswill still exist. As
long astheremainingconflictsarerelatively rare,a run-timeoptimizercanbe designedo infer the presencef

themissingbranchesif required,eventhe profilesfor thesebranchesnaybeinferred.

5.2 Hot SpotDetectionCounter

Oncecandidatéranche$iave beenidentifiedin theBranchBehavior Buffer, they mustbemonitoredio determine
whetherthe correspondinglocks may be considereda hot spotand, thus, usefulfor optimization. We define
a thresholdon the minimum percentagef candidatebrancheghat must executeover a time intenal asthe

thresholdexecutionpercentaje anddefinethe actualpercentagef candidatdbranchesxecutedover aninterval

asthe candidateexecutionpercentaye. Two criteria must be satisfiedbeforea group of candidateblocksis

declareda hot spot. First, the candidatesxecutionpercentageshouldequalor surpasghe thresholdexecution
percentageSecondthis high candidatesxecutionpercentagshouldbe maintainedor someminimumamount
of time. Whenthetwo criteriaaremet,a detectionoccurs.

In orderto minimizedisruptionof the systemduringthe hot spotdetectiornprocessye trackthe behaior of
thecandidatéoranchesn hardwareusinga Hot SpotDetectionCounter(HDC), shavn in Figure8. TheHot Spot
DetectionCounteris implementedasa saturatingup/davn counterthatis initialized to its maximumvalue. It
countsdown by D for eachcandidatdoranchexecutedor countsup by | for eachnon-candidatéranchexecuted,

wherethe valuesof D and| are determinedby the desiredthreshold,andwill be discussedater Whenthe
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candidateexecutionpercentagexceedsthe thresholdexecutionpercentagethe counterbegins to move down
becausehe total amountdecremente@xceedsthe amountincremented.If the candidateexecutionpercentage
remainshigherthanthe thresholdfor along enoughperiodof time, the counterwill decremento zero. At this
point, a hot spothasbeendetectecanda softwarerun-timeoptimizermay be invoked via the operatingsystem,
or a hardwarerun-timeoptimizer suchasthe TraceGeneratiorUnit in the next section,enabled.

The differencebetweenthe candidateexecutionpercentageind the thresholdexecutionpercentageleter
minestherateat which the counterdecrementsgi.e., therateat which the hardwareidentifiesthe hot spot). This
correspondto ourobsenationthathotspotshecomemoredesirableasthey eitheraccounfor alargerpercentage
of total executionor run for alongerperiodof time. It is assumedhat hot spotswhich have beenactive over a
longerperiodof time arelesslikely to be spuriousin their executionandaremorelikely to continueto run after
optimizationhasbeencomplete.

Our experimentshave shavn this approacho work quite well andto detectall of the majorhot spotsin our
benchmarks.Therearethreeprimary scenariosvherethereis no hot spotto be found, andthusthe HDC will

never reachzero:

1. Few branchesxecutewith sufiicient frequeng to be marked ascandidatesandcollectively, they do not
constitutea large percentagef the total execution. Thus,evenif they were classifiedasa hot spotand

optimized,only a smallbenefitis likely to materialize.

2. Thenumberof brancheghatexecutefrequentlyenoughto be considerectandidatess too largeto fit into
the BBB. If the brancheghatareableto enterthe BBB do not accountfor a large enoughpercentagef
execution,they will notbeidentifiedasa hot spot. This may happenf the executionprofile of theregion
is veryflat. Althoughsomebenefitmaybegainedby optimizingall the frequentoranchesthe overheadf

optimizing suchalarge region would mostlikely be prohibitive.

3. The execution profile is not consistent. In this case,a small setof branchesnay accountfor a large
percentagef executionover a shorttime, but executionshiftsto a differentregion of codebeforethe Hot
SpotDetectionCountersaturatesOptimizingaregion of codethatonly executesspuriouslyis unlikely to

yield muchbenefit.

In eachof thesescenariossomebranchesvereexecutedfrequentlyenoughto warrantcandidatestatusand
thereforeconsideratiorfor inclusionin a hot spotandfurther profiling. However, if the collectionof candidate
branchesloesnot materializeinto a hot spotafter continuedtracking,all branchesnustbe clearedin orderto

begin a fresh detectionprocess. In otherwords, somebranchesnay have oncebeenimportant,but now are
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clutteringthe detectionattempt.Thereforethe BBB will be periodicallypurgedby theresettimer to make room
for new branchesThistimeris similar to therefreshtimer but clearsall entriesin the BBB, including candidate
branches.The resetinterval shouldbe large enoughto allow the HDC to saturateon valid hot spotsbut small
enoughto allow quick identificationof a new phaseof execution.

It shouldbe notedthat the weights of the blocks and edgesare only valid within a particular hot spot.
Although this profile informationis usefulfor inferring a control flow graphfor a particularhot spot, profiles
of differenthot spotscannotbe meaningfullycompared.For instance evenif onehot spothasblock weights
twice thatof anotherhot spot, the first hot spotis not necessarilyexecutedtwice asoften asthe second.These
weightsare primarily affectedby two factors:refreshperiodsrequiredto detectthe hot spot,andfrequeng of
the particularinstructionswithin the hot spot. The greaterthe numberof refreshesequiredto detecta hot spot,

thelongerthe profilesareallowedto accumulateandthe greaterthe weightswill be.

5.3 Hot SpotDetectionParameters

Oncethe thresholdexecutionpercentageX; requiredfor a hot spothasbeenselectedthe HDC incrementand
decremenvaluesshouldbechosenD is thedecremenvaluewhena candidatédranchis encounteredcandidate
hit), andl is theincrementwaluefor abranchthatis notin thetableor is notyetmarkedasa candidatdcandidate
misg. Let X be the actual candidateexecutionpercentage.For a given D and|, the counterwill decrease
whenthe candidatesxecution percentagenultiplied by the decremenvalue is greaterthanthe percentagef

non-candidatesultiplied by theincrementvalue. Thisis represente@ly the equation:
X#(=D)+(1=X)* (1) <0 )
Rearranginghetermsandsolvingfor X yieldsthe formulafor minimumpercentage:

X>——=X
=D+1 " (3)

Equation3 shavs thatthe counterdecreasewhenthe percentag®f executionis above the threshold,asdeter
minedby | andD.

Giventheincrementanddecremenvalues the sizeof theHDC canbe choserto achiere aminimumdetec-
tion lateng. Let N bethe minimumnumberof branchesxecutedbeforea hot spotis detected For detectionto

occur thefollowing inequalitymusthold:

N#*X#(=D)+Nx(1—-X)*(I) < —HDC_MAX_VAL 4)
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Thus,thelateny for detectinga hot spotis determinedy thefollowing equation:

 HDC_MAX VAL

N=rn-x—x) ©)

As the candidateexecution percentagdurther surpasseshe threshold,the detectionlateny decreases.The
lateny canalsobe decreaseihdependentiyof the candidateexecutionpercentagdy increasingl andD such

that X; remainsconstant.

6 Trace Generation Unit Architecture

After hotspotdetectionthe BranchBehavior Buffer containsa setof frequentlyexecutedoranchesvhoseblocks
constitutea large fraction of the currentoverall instructionexecution. This sectionwill detaila hardware-drizen
mechanisnthatis capableof automaticallyextractingtraceregionswhosedynamicbehaior closelymatcheghe
hot spotcapturedwithin the BBB andforming tracesfrom thatregion to permitoptimization. This hardware,
referredto asthe TraceGeneation Unit (TGU), addsadditionalsystemrequirementsan expandedBBB, some
associatedegistersandcontrol logic, anda few pagesof resered virtual addresspacefor eachprocess.Like
the BBB, the TGU is not sensitve to lateny (it may lag behindactualinstructionretirement)andshouldhave
little effectontheprocessos critical path.

The TGU remainsidle until the hot spotdetectionhardware detectsa suitableprogramhot spot. Following
detectionthe TGU is enabledor ashortperiodof time, duringwhichit constructsa setof tracesrom thestream
of instructionsretiredby the processorThe TGU spendsnostof this time operatingn a passie mode,scanning
theretiredinstructionsfor brancheghat matchthosecapturedoy the BBB during profiling. The TGU actively
generatesracesin shortbursts(experimentsshav 0.005%o0f total executiontime), writing the instructionsto
a codecacdhe thatresidesin the virtual memoryspaceof the processbeing optimized. Otherthana potential
slowvdown duringthis active phaseof tracegenerationthe TGU is non-intrusve to programexecution.Because
virtual memoryis usedto containthe optimizedcode standargagingandinstructioncachingmechanismallow
translationgo persistacrossontet switches.The codecachepagescanbeallocatedby the operatingsystemat

processnitialization time andmarked asread-onlyexecutablecode.

6.1 CodeDeployment

Becauseof codeself-checksa criterion for our systemis thatthe original codecannotbe altered in any way.

Thereforeary optimizationsperformedon the programareonly performedon the generatedhot spottraces.For
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the samereasona seamlessnechanisnfor transferringexecutioninto the codecacheinsteadof changingthe
branchtargetsin theoriginal code is needed The BranchTamgetBuffer canbeusedto facilitatecontroltransfers.
Thisstructureassociatea branchinstructionwith its takentargetby storingthebranchs targetaddressSimilarly,
our systemutilizestheaddresdield in the BTB to storethetakentarget'’s locationin the codecache Therefore,
all entrypointtransitionsin our systemmustoccuralongtaken branchpaths.

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 tracegeneratiorfor the current
hot spot. At thattime, a routineis initiated to install the list of entry pointsinto the BTB. For eachentry point,
the BTB tametfor the entry point branchis updatedwith the addres®f the entry pointtamgetin the codecache.
An entrypointbit is alsosetin the BTB to lock the entryin placeuntil aBTB flush. After a contect switch,the
sameroutinecanbe invoked to reinstallthe entry pointsinto the BTB on a perprocessasis.No newv hardware
is required,otherthanthat neededo updateBTB entriesandto ignorebranchaddressalculationsselectvely
for brancheghathave the entrypoint bit set.

Self-modifyingcode(codethatwritesinto its own codesggment)presents challengeto all dynamicopti-
mizationsystemsModificationsmadeto theoriginal codesegmentmustalsobereflectedn theoptimizedtraces.
To prevent optimizedcodefrom becominginconsistenwith the behaior of the modified original code, either
instructionsthat have beenmodified mustbe updatedor tracesthat containsuchinstructionsmustbe flushed.
Sinceit is not generallypossibleto locateall modifiedinstructionlocationsin the optimizedcode,systemdike
Dynamoor thosethatemploy a tracecacheflush their entire contentswhen self-modificationis detected.Our

systemmustalsoimmediatelyflushthe contentf the codecacheandreturnto unoptimizedcode.

6.2 Trace Generation Overview

As the TGU writes instructionsinto the codecache,jit performstwo importantfunctions. First, it createscon-
nectedregionsof codethatembodythe detectedhot spotanddefinesentrypointsto thoseregions. It doesthisin
suchaway thatif programcontrolentersa hot region at a selectedentry point, controlwill likely remaininside
theregion for asignificantlengthof time. Secondthe TGU automaticallyperformscodestraighteningalongthe
mostfrequentlyexecutedpaths.

The processf copying aninstructioninto the codecacheis referredto asremappingheinstruction. If the
copiedinstructionis a branch,this processcaninvolve changingthe tamget and possiblythe senseof the copy

within the codecache.Thusremappednstructionor remappedranc refersto aninstructionwithin the code
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Rule Condition Rule Condition

From Profile 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
Cold Branch 2 — Both paths from executed candidate Continue Transition:

branch already placed

3 — Executed non-candidate branch and
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

7 — Executed candidate branch matches
pending target

~— @000
Continue

() (b)

Figure9: Tracegeneratiormodeswith rulesfor mode-alteringransitions.

cache.lf abranchhasbeenremappedn its takendirection thenaninstanceof the samestaticbranchhasbeen
placedinto the codecacheandthe instancehashadits taken target changedo point to a locationin the code
cache.

The collectionof tracescreatedfor eachhot spotis calleda traceset Although anindividual tracemay
containinternalbranchesaswell asbranchedo othertracesin the sameset,it never transferscontrol directly to
codein adifferenttraceset. Therefore tracesgeneratedrom a hot spotform a self-containedegion of codethat
canbeindependentlypptimized,deplo/ed,andremovedif necessary

To assison-the-flytraceformation,additionalfieldshave beenaddedo the BBB, asshavn shadedn grayin
Figure8. Thecodecachetakenaddresandfall-throughaddresgieldsareusedto hold offsetsinto thecodecache
at which codefollowing the correspondindpranchdirectionhasbeenplaced. Storingthe codecacheaddresses
for thebranchtargetsin the BBB allowsthe TGU to link importantbranchedrom atracedirectly to thetargetof
apreviously remappednstructionin thesametraceset. Valid bits for eachtargetindicatewhetheror notthatpath
hasalreadybeengenerated By markingthe pathsthat have alreadybeengeneratedthe TGU avoids creating
redundantraces. A calllD field also aids tracegenerationby taggingthe target fields to a particularcalling
contet. This preventslinking codefrom differentcontexts togethera problemthatis discussedn Section6.7.

Finally, atouchedbit is addedo supportthe backtrackingoperationdescribedn Section6.6.

6.3 Trace Generation Control Logic

Thissectiondescribesheoperationof thestatemachinan Figure9athatcontrolstracegenerationMore precise
treatmenbf the TraceGeneratioralgorithmis providedin [2]. Figure9b illustratesthe decisionrulesusedfor

eachtransitionarc in the statemachine. The traceformation processconsistsof the following four modesof
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TGU | Instruction | Candidatg Off-Path Calling | Executed| Other Trans- | Next | Action
Mode Type Branch | Branches>| Contet | Direction | Direction || ition State
Maximum Already | Already Rule
Allowed Remapped Remapped
Scan Taken Yes N/A N/A No No 1 Fill Recordentry
branchor pointlocationin BBB.
jump
Default Default | Scan
Fill Conditional No Yes N/A N/A N/A 3 Scan | Endtraceby branching
branch original code.
Yes N/A Recursie N/A N/A 5 Scan | Endtraceby branchingto
original code.
Different N/A N/A 9 Fill Placeinst. Overwrite codecache
targetlocationin BBB.
Same No N/A 10 Fill Placeinst. Recordcodecache
targetlocationin BBB.
Yes No 6 Pending| Link traceto codecache
tamget. Setpending
targetto otherdirection.
Yes 2 Scan | Endtraceby linking to
codecachetargets.
Mismatched  N/A N/A N/A N/A N/A 4 Scan | Endtracewith return.
return
Default Default |  Fill Placeinst.
Pending| Conditional Yes N/A N/A Matchespendingtarget 7 Fill
branch No N/A N/A N/A N/A 8 Scan | Endtraceby branchingto
original code.
Default Default | Pending

Tablel: TGU actionsbaseduponstateandBBB entrycontents.

operation:

e ProfileMode: Searchfor anddetecta hot spot.
e ScanMode: SearcHor atraceentrypoint. Thisis theinitial modefollowing hot spotdetection.
e Fill Mode: Constructatraceby writing eachretiredinstructioninto the codecache.

e PendingMode: Pausetraceconstructioruntil anew pathis executed.

WhentheHot SpotDetectorsignalsthata new hot spotis available,the TGU transitionsrom its idle Profile
Modeto ScanMode. In ScanMode,the TGU performsa BBB lookupfor eachretiredtaken branchinstruction.
If theretiredbranchis listedin the BBB asacandidatéranchthathasnotbeenusedin atrace the TGU initiates
anew trace.This is accomplishedy settingthe currenttraceentry pointto the next availablecodecacheoffset,
storingthis offsetin the codecachetaken field in the BBB, andtransitioningto Fill Mode (transitionRule 1).
Table 1 depictstheseactionsandtransitionstaken basedon the BBB field contents.For example,thefirst row

representghetransitionto Fill Modewhena suitableentrypointis found (Rule 1).
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During Fill Mode, the TGU writes eachretired instruction sequentiallyinto the code cache. All non-
branchinginstructionsare written without modification(default fill rule). However, branchinginstructionsre-
quire further treatment. The TGU ignoresunconditionaljump instructionsbecausehe block at a jump target
will befilled into sequentialocationsimmediatelyfollowing the copy of thejump’s predecessoAlthoughcon-
ditional branchinstructionsare written to the code cache,the TGU may invert the branchsensef execution
proceedslongthetakenpath. Conditionalbranchesausethe TGU to performa BBB lookupto determinehow
tracegeneratiorshouldproceed.

If theBBB lookupfailsto locatea candidatdranchentry the TGU increments smallcounterthatindicates
the numberof sequentiabff-path brancheghat have beenretired. Whenthis counterexceedsa presethreshold
(Rule 3), the TGU signalsan End Trace condition and transitionsbackto ScanMode. Otherwise,the TGU
continuedo fill instructionsalongthe executedpath. For a reasonablysizedBBB, a maximumoff-path branch
thresholdof oneallows for anoccasionamissingbranchentrywhile preventingexcessve tracegeneratiordowvn
cold paths.

When the BBB lookup returnsa candidatebranchentry the TGU checkswhetherthe branchhasbeen
remappedn the currentdirection. In the casethat the retired branchwas taken, the TGU checksthe code
cachetakenfield in the BBB entry; otherwise,t checksthe fall-throughfield. If theretiredbranchhasnot yet
beenremappedn the currentdirection,the TGU continuedo fill instructionsfrom the executedpath (Rule 9).
Beforeproceedinghowever, the TGU markstheremappedargetfield valid andstoresthe currenttraceaddress
into theremappedaddresdield. Whenemittingtheconditionalbranchthe TGU usesheremappeaddres$rom
the BBB for the oppositedirectionif it is valid. This reduceghe numberof exit pointsfrom the codecacheto
theoriginal code.

If the BBB lookup revealsthat the retired branchhasalreadybeenremappedn the currentdirection, the
TGU stopsfilling thetrace. If the branchhasalsobeenremappedn the oppositedirection (Rule 2), thenthe
TGU signalsan End Tracecondition. At an End Tracecondition,the TGU writes the traces entry pointto the
codecachefor future insertioninto the BTB andtransitionsbackto ScanMode. To closethe trace,the TGU
emitsan unconditionaljump usingthe remappedaddresdor the directionoppositethe retiredbranchdirection
asthejump tamget.

If theretiredbranchs executeddirectionhasbeenremappedbut notit’s oppositedirection(Rule6), theTGU
signalsa Merge condition. At a Merge condition,the currentbranchis placedin the codecachesothatits taken
directionlinks to thealreadyremappedode.Then,the TGU setsthe pendingtarget registerto thetargetaddress

of the branchdirectionthathasnot yet beenremappedndtransitionsto PendingMode. In PendingMode, the
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TGU monitorsretiredconditionalbranches.f the TGU encounters retired branchwhosetarget hasnot been
remappedit compareghe branchs target addresswith the pendingtargetregister If bothtamgetaddresseare
equal(Rule7), the TGU signalsa Continueconditionandtransitionsbackto Fill Mode.

By operatingin PendingMode ratherthanendinga trace,the TGU formslonger morecompletetracesthat
extendbeyondloops. Considerforming atracethatcontainsaninnerloop. Whenthe TGU reachesheloop back
edge,it entersPendingMode, because¢he executeddirectionof the branchalreadyhasa valid remappedarget
to thetop of theloop. Whenthe controlfinally exits the loop, the TGU continuedilling thetracewhereit left
off.

While the TGU operatesn PendingMode, it is possiblefor programexecutionto leave the codethathasal-
readybeenencounterewvithoutreachinghe pendingtametaddressThe TGU easilyrecorersfrom this situation

by exiting PendingModeif it encounters non-candidater cold branch(Rule 8).

6.4 Trace Consistency

Thetraceggeneratedby the TGU areidenticalto theoriginal codewith theexceptionof controlflow instructions.
The TGU ensureghe correctnes®f all modified branchinstructionsbecauseét never emits a branchwithout
providing a valid taget address.For eachbranchin atrace,the TGU eitherusesthe original target addresof

thebranch,or it usesaremappedddresghatpointsto a tamget previously placedinto the codecache whichis

equialentto theoriginal code.

The TGU alsoguaranteeshatall tracesarewell-formedbeforethe processocanbegin executingthem. A
traceis well-formedif all possiblepathsstartingat the traceentry point arevalid. Recallthatno entry points
for atracesetareinstalledinto the BTB until all tracesin the sethave beengeneratedFurthermoretracesfrom
onesetarenever linked to tracesin anotherset. Therefore, aslong asthe currenttraceis closedbeforetrace
generatiorends all tracesin the setwill bewell-formedbeforethey areinstalled.Notethattracegeneratiorcan
be terminatedoy anasynchronougsventsuchasa contet switch without detriment. The TGU simply emitsa
singleclosingjumpinstructionif it is interruptedwhile filling atrace.

DuringFill Modeor PendingModeit is desirabldor executionto remainin theoriginal codewithoutjumping
into thecodecache.This preventsnew tracesfrom containingcopiesof codecachenstructionsandensuresghat
all exit brancheseturnto theoriginalcode. Thereforewhile operatingn thesemodestheprocessomustignore
BTB entrieswith theentrypointbit set. Thetime spentin Fill ModeandPendingModeis smallenoughthatthis

restrictionis inconsequential.
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Execution order during trace generation:
C1A1B1A2C2A3B2C3D1
@

Entrance: C1

(b)
Original
Code
Layout

@

-] O

Entrance: C1

(d)

Optimized
Code
Cache
Layout
(©
Code
Cache
Layout
CC-D1
CC-D1
BBB (after trace formation)
Exec |Taken | C|TkV TKA Ftv FtA CalliD | Touch
A |350 | 120 |1| 1 |Block(CC-C2)| 1 |Block(CC-B1)| 0 0
B |235 | 120 |1| 1 |Block(CC-A2)| 1 |Block(CC-C3)| 0 0
C [235 | 235 [1| 1 |Block(CC-A1)| 1 |Block(CC-D1)| 0 0

(e)

Figurel0: Tracegeneratiorexample.

6.5 Trace Generation Example

This sectionprovidesanexampleof thetracegeneratiorprocessFigure10bshavstheoriginal codelayout. The
label at the end of eachblock of instructionsrepresentshe staticbranchinstructionthat terminateghe block.

FigurelOalists the executionsequenceseenafterenteringScanMode. The numberfollowing eachbranchlabel
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signifiesa dynamicoccurrenceof thatbranch. The basictracegeneratiormechanisndescribedn the previous
sectiongenerateshe traceshavn in Figure 10c. The static branchedn the code cacheare denotedby “CC”
followed by the labelfor the dynamicbranchthatcausedhetracebranchto be emitted. The applicationof two
fetch optimizations patching andbrand replication resultsin thetraceshavn in Figure10d. Patchingreduces
prematurdraceexits while branchreplicationperformsmoreaggressie codestraighteningunrolling loopsin
theprocessFigurel0edepictsthefinal contentsof the BBB aftertracegeneration.

The branchesA, B, andC areall candidatébranchesand,therefore potentialentry points. However, C'is
mostlikely to be selectedastheentry pointbecausdt is the mostfrequentlytaken branch.After detectinga nev
traceentry point at C', the TGU remainsin Fill Mode until it reachesdlynamicbranchC2. Becausdhe taken
tagetof C2 hasalreadybeenremappedthe TGU transitionsto PendingMode. During thistime, the processor
executesone loop iteration beforereachingC'3. Executionof the fall-throughpath of C' signalsa Continue
condition,andthe TGU reenterd-ill Mode. The TGU continueggenerating traceuntil the numberof sequential
non-candidatdranchegsuchas D) exceedghe off-paththreshold(Rule 3). The TGU thenclosesthetraceand

returnsto ScanModeto searchor anothertrace.

6.6 Enhancements

To furtherimprove theissuebandwidthachiezed while executinginstructionsrom the codecachethe TGU was
extendedwith theadditionaloptimizationsexplainedin this section.Implementatiordetailsarecontainedn [2].

Notice from the tracein Figure 10c that executingthe taken path of branchCC-A1 would causecontrol
to exit the codecache. Whenthis happensthe systemexecutesoriginal codeuntil an installedentry point is
encountered.The TGU emplgys a simple optimizationcalled patching to prevent suchprematuretraceexits.
Whenthe TGU emitsbranchCC-Al, it placesthe addres®f CC-Alitself in thetakenaddresdield of the BBB
entryfor branchA, but leavesthefield markedinvalid. Whenthe TGU encounterranchA2, it readsheaddress
of CC-Alfrom the BBB andpatchesCC-Alsothatits branchtamget pointsdirectly to the fall-throughpath of
CC-A2 asshavn by thedottedline in Figure10d. Similarly, the TGU patchesranchCC-B1to thefall-through
pathof CC-B2 In general,patchingcanbe performedin Fill Mode only whenthe traceencounters branch
whosetargethasbeenremappedn the directionoppositefrom thedirectioncurrentlyexecuted.

To improve instructionissuebandwidth, it is desirableto eliminate as mary taken branchesas possible
without reducinginstructioncacheperformance Brand replicationis a generaloptimizationthat hasthe dual
effect of both unrolling smallloopsandtail-duplicatingblockssothey exist in multiple traces.Without branch

replication,atraceis filled pasta particularbranchin the samedirectiononly once. Any subsequentopiesof
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thatbranchin the sametracesetareinvertedwith respecto thefirst copy suchthattheirtargetaddressepointto
thefall-throughaddres®f thefirst copy. Branchreplication,onthe otherhand,allows tracesto continuepastthe
branchmultiple timeswithout linking backto thefirst copy of the branch.Application of this optimizationcan
beseenin Figure10d. Insteadof meging thealreadyremappedaken pathof CC-C2to Block(CC-Al),CC-C2
is invertedsothatfall-throughpathnow pointsto Block(CC-A3). C's BBB codecachetakentargetfield is not
updatedsinceit alreadycontainsa valid target. Becausehe fall-throughpathof C still hasnot beenseenthe
takenpathfrom CC-C2mustpoint backto Block(D), whichis thefall-throughaddressn theoriginal code.

Occasionallyduring Fill Mode, actualexecutiondoesnot follow the mostfrequentlyexecutedpaththrough
the hot spot. To avoid creationof suboptimaltraces,an optimizationcalledbadtradking is usedto discardthe
currenttracewhenexecutionfollows a cold path.

High instructionissueratesare often limited by the numberof brancheghat canbe predictedin a single
cycle. Onemethodfor overcomingthislimitation is to marktheinstructionwith astaticpredictionviaatechnique
calledbranch promotion Becausamispredictionsare expensve, we choseto promoteonly instructionswhose
BBB profile indicates100%executionin onedirection.

TheTraceGeneratiorUnit is alsocapableof forming tracesacrossndirectjumps. The nev
JMP_INDIRECT_INLINE instruction,asdescribedn Section6.9, positionsoneof its indirecttargetsimmedi-
atelyfollowing theremappeatopy of thejump. Currently theselectionof thetamgetis baseduponthetargetthat
wasfirst encounteredluring the traceformationprocess.Onetypical useof indirectjumpsis in the calling se-
guenceof asharedibrary function,wherethereis only a singletargetof theindirectinstruction.For multi-target

jumps,atargetprofiling mechanisntould be be emplosedto selectthe mostfrequenttaget.

6.7 Automatic Inlining

Call andreturninstructionsaccountfor a significantportion of controltransfersandbenefitcanbe gainedfrom
inlining frequentlyexecutedcalls. Duringtraceformation,the TGU inlinessubroutineshatarepartof thecurrent
hot spot. Inlining anindividual call site requiresonly minor additionsto the tracegeneratiorlogic. However,
the TGU mustavoid linking differentinlined copiesof the sameoriginal subroutineo eachother To dothis, the
TGU attaches call ID to eachinlined call sitethatis uniquewithin thecurrenttraceset. The TGU maintainshe
next availablecall ID in aregister which canberesetupondetectionof a new hot spot. During tracegeneration,
the TGU alsomaintainsacall ID stackthatrepresentshe currentcalling context.

In additionto branchinstructionsthe TGU identifiescall andreturninstructionsduring Fill Mode. When

the TGU encounters retiredcall instruction,it emitsa CALL _INLINE instruction,describedn Section6.9. It
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thenpushesa new call ID ontothe call ID stackalongwith the returnaddresf the call. Similarly, whenthe
TGU encounters returninstruction,it popsthetop entryfrom the call ID stack. If the stackis empty or if the
returnaddressioesnot matchthe next retiredinstructionaddressthenthe TGU signalsan End Tracecondition
(Rule4). Thisis usuallyaresultof executinga returninstructionwithout having inlined its correspondingall.
A slight extensionto the BBB accesgerformedby the TGU uponretirementof a conditionalbranchhas
beenmadeto supportinlining. Whenthe TGU updatesheremappedarmgetfield in theBBB, the TGU alsostores
the currentcall ID. Additionally, whenthe TGU performsa BBB lookup, it comparegherecordedcall ID with
thecurrentcall ID. A remappedargetis only consideredalid if thetwo call IDs match.This effectively prevents
aninlined subroutindrom beinglinkedto anothercopy of thesamesubroutingn adifferentcalling contet. The
BBB lookupalsocompareshecall ID field with thoseonthecall ID stack.If thebranchentry’s call ID is found
in a previous stackentry (Rule 5), thena recursve call hasbeenmade. In this case,the TGU signalsan End

Traceconditionto avoid recursve inlining.

6.8 Automatic Inlining Example

Considerthe exampleshavn in Figure 11. The caller consistsof a single block loop that makes two serial
callsto the samecallee. The tracegeneratiorprocesshagins asnormal, placingthe block terminatedby call A

(Block(callA)) into thecodecache.Toinline call A, the TGU pusheshenext availablecall ID (1) ontothecall ID

stackalongwith the expectedreturnaddresgBlock(callB)). Next, the TGU insertsa CALL _INLINE instruction
in placeof the original call. Whenexecuted this instructionpusheghe returnaddresf the original call site,
Block(callB), onto the processstack, but allows executionto fall-throughto the next instructionin the trace.
Pushingheoriginal returnaddresss a safetymechanismhatguaranteeseturnof controlto the correctfunction
if executiontakesanearlyexit from thetrace.This alsohidesthe existenceof the codecachefrom programshat
readthereturnaddreswaluedirectly.

As the TGU fills the body of the inlined subrouting(D, E, and“ret”), the BBB entriesfor D and £ are
taggedwith call ID 1. Whenthe TGU reacheshereturninstruction,it popsthetop entryfrom thecall ID stack
andverifiesthattheexpectedeturnaddresg¢Block(callB) matchesheaddres®f thenext retiredinstruction. The
TGU thenemitsaRETURNLINLINE instructionandcontinuedilling thetrace.AlthoughtheRETURNLINLINE
normallyallows controlto fall throughto the next instructionin thetrace,it still mustcomparehereturnaddress
foundonthestackwith theoriginal addres®f the next traceinstruction. This checkis necessarin theeventthat
aprogramdirectly modifiesits returnaddresslf thecomparisorfails,theRETURNLINLINE behaesexactly as

anormalreturninstruction.
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Execution order during trace generation:
C1 callAl D1 E1 retl callB1 D2 callF1 D3
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(b) Original Code Layout

[CC—callAl Call ID Stack: 1

CC-D1
Block(callF)
CC-E1
CC-ret Call ID Stack:
CC-callB1| CallID Stack: 2
CC-D2
Block(E)

CC-callF1| CallID Stack: 2 3

!

cc-D3
Block(callF) ‘ﬁjmp
Block(E)

(c) Code Cache Layout

Figurell: Traceexamplewith inlining.

Following the RETURNLINLINE instruction,atraceis formedthroughBlock(callB), andinlining of callB
bagins. While inlining the secondcopy of the subroutinethe call ID stackcontainscall ID 2. This preventsthe
TGU from patchingthetakentargetof CC-D1to thefall-throughtamgetof CC-D2

After Block(callF)is filled, anothercall site to the samefunctionis encounteredCallF is inlined asbefore,
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andthenext call ID (3) is pushedntothecall ID stack.Block(CC-D3)is thenfilled into thetrace.Whena BBB
lookupfor D3 is performedthe BBB Call ID field value (2) matchesoneof thecall ID stackentriesbelow the
currentstackpointer Therefore the conditionfor Rule5 is satisfiedandthe TGU endsthe traceby emittinga

conditionaljump to Block(callF)andan unconditionajump to Block(E).

6.9 New/nstructions

Thefollowing arenew instructionghatareusedwithin thecodecache.Theseanstructionsaredesignedo support
run-timeoptimizationin hardwarebut arenotvisibleto theprogrammerAlthoughit mightbepossibleto emulate
theseoperationswith traditionalinstructions they areproposedo beimplementedn the microarchitecturdor
maximumefficiengy.

e CALL _INLINE(returnaddrto original code)

Unlike a normalfunction call, the programcounteris setto the next sequentiainstruction,andthe return
addresss setto the operandvalueratherthanthe next PC.The processtackandthe branchpredictionReturn

AddressStack(RAS) areproperlymaintainedn casea normalreturnis executedater.
e RETURNLINLINE(expectedreturnaddr)

Executionspeculatrely continueswith theinstructionammediatelyfollowing the RETURNLINLINE. Mean-
while, theoperandwhichis theexpectedreturnaddressis comparedo thereturnaddres®n the stack.If the

valuesdo not match,thena mispredictionoccursandanormalreturnis executed.
e CALL _INDIRECT_INLINE(indirect addy inlined addr returnaddrto original code)

The actualindirecttarget is calculatednormally and comparedagainstthe inlined addressoperand.If there
is a mismatchbetweerthe actualtaiget andtheinlined target, a normalcall is madeto the calculatedtarget.
Otherwisea CALL _INLINE is performed.In both casesthe original returnaddresgrovided by anoperand

is pushedbntothe stack.
e JMP.INDIRECT_INLINE(indirect addr inlined addr)

The actualindirecttarget is calculatednormally and comparedagainstthe inlined addressoperand.If there
is a mismatchbetweenthe actualtamget andthe inlined target, a normaljump is madeto the calculatedtar
get. Otherwise control passedo the instructionimmediatelyfollowing theinlined jump. This instructionis

particularlyusefulfor optimizingacrossDLL boundaries.
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Benchmark Num. | Actions Traced

Insts.
099.go 89.5M | 2stone9.irtraininginput
124.m88ksim| 120M | clt.in traininginput
126.gcc 1.18B| amptjp.itraininginput
129.compress 2.88B| test.intraininginput countenlagedto 800k
130.i 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,changefont, undo,close

MSExcel 168M | VB scriptgenerateSi diffusiongraphs
AdobePhoto-| 390M | load detailedtiff image,brighten,
Deluxe(A) increasecontrastandsave

AdobePhoto-| 108M | exporteddetailedtiff imageto

Deluxe(B) encapsulategostscript

Ghostviev 1.00B| loadgsviewv and9 pagepsfile, view, zoom,

andperformtext extraction

Table2: Benchmarkgor detectionandtracegeneratiorexperiments.
7 Experimental Evaluation

Trace-dven simulationswere performedon a numberof applicationsin orderto explore the effectivenessof
theHot SpotDetectorandthe performancef the TraceGeneratiorJnit. The experimentdor the detectowere
designedo maximizethe programcoverageof the collectedhot spotswhile minimizing both the numberof
spuriousbranchesn the hot spotsandthe lateny of detection. Additional experimentsexaminethe ability of
thetracegeneratoto producefrequentlyexecutediracesoptimizedfor improvedinstructionfetch performance.
Both SPECINT95and commonWindowsNT applicationswere simulatedto provide a broadspectrumof typ-
ical programs. Thesebenchmarksare summarizedn Table2. The eight applicationsfrom the SPECINT95
benchmarlsuitewerecompiledfrom sourcecodeusingthe Microsoft VC++ 6.0 compilerwith the optimizefor
speedandinline where suitablesettings.SeseralWindowvsNT applicationsxecutinga variety of taskswerealso
simulated. Theseapplicationsare the generaldistribution versions,andthuswere compiledby their respeciie
independensoftwarevendors.

The experimentswereperformedusingthe inputsshavn in Table2. In orderto extractcompleteexecution
tracesof theseapplicationgall usercode,includingstatically-anddynamically-linked libraries),we usedSpeed-
Tracer specialhardware capableof capturingdynamicinstructiontraceson an AMD K6 platform. Sincethe
tracedinstructionsarefrom the x86 ISA, variablelengthinstructionsareusedthroughoutsimulation. To ensure

examinationof all executeduserinstructions samplingwasnot usedduringtraceacquisitionor simulation.
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Parameter Detection TraceGeneration
ExperimentsSetting| ExperimentsSetting

Num BBB entries 2048 1024

BBB associatiity 2-way 4-way

Execandtakencntr size 9 bits 9 bits

Candidatéoranchthresh 16 16

Refreshtimerintenal 4096branches 4096branches

Cleartimerinterval 65535branches 32768branches

Hot spotdetectcntr size 13bits 13bits

Hot spotdetectcntrinc 2 2

Hot spotdetectcntrdec 1 1

Table3: Hardwareparametesettings.

7.1 Hot SpotDetector Evaluation

In orderto evaluatethe performanceof the Hot Spot Detectoy a numberof experimentswere conductedto

examinethe quality of the hot spotsproduced Sincethe detectechot spotsprovide the basisfor tracegeneration
andoptimization,maximizingcoverageof the dynamicexecutionis critical. While the tracegeneratiorprocess
utilizesheuristicso accounfor anoccasionamissingimportantbranch neglectingbranchesvill oftenpreclude
optimizationof pathscontainingthosebranches.However, providing concisehot spotsas swiftly as possible

ensuresninimal optimizationoverheacandmaximumavailabletime to spendn optimizedcode.

7.1.1 Hot SpotDetection Experimental Setup

Becausehe designspaceis large, experimentallyevaluatingthe individual effect of eachhardware parameter
wasinfeasible.We, thereforeselectednitial parametershatattemptedo matchthe obsered hot spotbehaior
andthenfurtherrefinedthem,resultingin parametershatexhibit desirablehot spotcollectionbehaior. These
parametersvereusedin the experimentgpresentedn this sectionandareshavn in Table3. TheBBB hardware
wasconfiguredto allow branchesith a dynamicexecutionpercentagef 0.4% (16 executions/409®ranches)
or higherto becomecandidateqthe candidateratio). The HDC was configuredwith a thresholdexecution
percentagevhich requiredthat the candidatebranchegotal morethan66% (2:1) of the executionto becomea
hotspot. The BBB wasallowed 16 refreshegtotaling65535branchesjo detectahot spotbeforeit wasreset.For
thetracegeneratiorexperimentsa tablewith fewer entrieswaschoserto mitigatethe costof addingadditional

fieldsto eachBBB entry.
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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.g0 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

918 2.12 99.93 99.81 2.87B
130.li 1447 3.00 91.28 90.88 137M
132.ijpey 2556 3.48 91.07 91.00 1.42B

129.compress 7
8
8
134.perl 5 1738 2.13 88.43 85.99 2.01B
5
5

147 \ortex 2161 1.76 72.30 71.93 1.58B

MSWord(A) 3151 | 1.17 | 91.36 | 91.08 | 296M
MSWord(B) | 21 | 12541 | 2.40 | 69.13 | 62.04 | 566M
MSExcel 25 | 18936 | 2.94 | 60.01 | 54.85 | 88.2M
PhotoD.(A) | 20 | 5485 | 1.68 | 94.31 | 90.97 | 354M
PhotoD.(B) | 14 | 4192 | 1.78 | 94.24 | 90.81 | 98.5M
Ghostviev 33 | 8938 | 2.82 | 73.39 | 7255 | 2.30B

Table4: Summaryof the hot spotsfoundin thebenchmarks.

7.1.2 Hot SpotDetectionCoverage

Table4 summarizeshe effectivenessf our proposechardvareat detectingrun-timeoptimizationopportunities
for eachbenchmark. The numberof hot spotscolumnlists the numberof timesthat the Hot Spot Detection
Countersaturatecht zero, indicatingthe detectionof a nev hot spot. The numberof static instructionsin hot
spotsis acloseestimateof thetotal numberof instructionghatwill bedeliveredto theoptimizercollectiely over
the entireexecutionof the program. The next column, percentstatic executednstructionsin hot spots relates
thenumberof staticinstructionsn hot spotsto thetotal numberof staticinstructionsexecuted.Theresultsshav
that,outof all the staticinstructionsexecutedoy the microprocessoonly asmallpercentagée within hotspots.
Notethatsomeinstructionsmaybepresenin morethanonehotspotandarecountednultiple timesaccordingly
The portion of total dynamicinstructionsrepresentedby thesehot spotsis shavn in the next column, percent
total executionin hot spots Becausehis hardware cannotdetecthot spotsinstantly sometime that could be
spentexecutingin optimizedhot spotsis spentexecutingoriginal codeduring detection.The time spentin hot
spotsafterthey aredetecteds shavn in the percenttotal executionin detectedhot spots andthe time lost to
detectioncanbe found by taking the differencebetweerthis columnandthe previous column. Finally, the last
column,dynamicinstructionsin hot spotsafter detection shavs the numberof dynamicinstructionsthat could
benefitfrom run-timeoptimization. This numberreflectsary subsequentusesf detectechot spots.

Analysisof the resultsshavs thatonly a small percentageusuallylessthan3%, of the staticcodeseenby
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Figure12: Detailedhot spotstatistics.

the microprocessoexecutesntensvely enoughto becomehot spots. Sincea large percentagef the dynamic
executionis representethy a small setof instructions,often nearly90% of the programs execution,a run-time
optimizercaneasilyfocuson this small setwith the potentialfor significantperformancencrease.n addition,
only about1% of the possibletime spentin optimizedhot spotsis lost dueto detection.For example,in 130.1j,

thenumberof hotspotstaticinstructionscompriseonly 3% of thetotal staticinstructionsyieldingatotalhotspot
codesizeof 1447instructions.Furthermore90.88%of the entireexecutionis spentin detectechot spots.Our
analysisshavs thatideally the hot spotsaccountfor 91.28%of execution,andthusonly 0.40%is lostduringthe
detectiorprocessThisindicateghatour Hot SpotDetectormakestheidentificationsoswiftly thatthe execution
of hot spotregionsfalls almostentirelywithin potentiallyrun-timeoptimizedcode.

Examiningindividual hot spotsrevealsinterestingcharacteristicof programbehaior. Figure 12adetails
the detectechot spotsfrom the 134.perlbenchmark For eachhot spot,the bar graphshaws the staticcodesize
of the hot spot, while the line graphshaws the percentagef executionspentin that hot spotafter detection.
This benchmarlconsistf threeprimary hot spots:hot spotsl, 4, and5 onthe graph. Thesecorrespondo the
threehot spotsof Figure2 in Section3 (notethatin the histogram,134.perlwascompiledfor the IMPACT [32]
architecturewithout inlining). From this histogram,code can be seenexecutingbetweenthe first and second
primary hot spots,namelyhot spots2 and 3. In hot spot3, the cnd_exec functionloops117ktimes,calling
st r _f r ee in eachiteration. The 9 blocks,totaling 43 staticinstructions contrikute 7.3M dynamicinstructions
to the programs total execution. Becauseof the intensenatureof theseblocks, they sene asgoodcandidates
for run-timeoptimization.Analysisof this benchmarlalsoshawvs thatonehot spotis muchmoredominantthan
the othersin termsof dynamicexecution.In this case pptimizing only hot spot4 could benefitover 58% of the

dynamicinstructionsexecuted.
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Figure13: Absolutedifferencebetweerdetectedaken percentagandactualtaken percentagéor all significant
detectechot spots.

Similar characteristicavereobseredin theotherbenchmarksFigurel12bshavs anexamplefrom oneof the
precompiledWindowsNT applications PhotoDeluxe(A)For this benchmarkthereare a several hot spotsthat
eachrepresenatleast8% of the total executionandtogetherepresenmorethan50%. We alsoseequite a few
hot spotswith smallstaticcodesizes,indicatingtight, intenselyexecutedcode. In fact,for this benchmarkthe
smallersizedhot spotsarealsothosewith hightotal executionpercentagesndicatingexcellentopportunitiesor
run-timeoptimization.

The benchmark099.gois a notableexampleof a benchmarkwithout obvious hot spots. While this game
simulationrepetitvely executesplayers’ moves, eachmove touchesa large amountof static codewith little
temporalrepetition. The hardwarewasstill ableto detectsix hot spotsrepresentingg5% of theexecution.There
is oneprimaryhotspotthatrepresent28%of the executionwith astaticcodesizeof 1170instructions.Our data
hasshavn that the static sizesof the detectedhot spotsvary significantly from tensof instructionsto the low

thousands.

7.1.3 Hot SpotDetection Accuracy

To evaluatethe accurag of the hot spotprofiler, the branchtakenratioscollectedat hot spotdetection-timevere
comparedo their averagetaken ratiosat the completionof the application. The completion-timestatisticswere
gatheredy attributing eachdynamicbranchexecutionto theappropriaténot spot. Figure13 shawvs thecompari-
sonbetweerthetwo takenratiosfor two typical benchmarksln thesegraphsonly hotspotsthatrepresented %

or moreof the programexecutionwereconsideredFor eachhot spotbranch the differencebetweents detected
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taken percentagandits accumulatedounterparts computedandtallied. The figure shavs thata vastmajority
of thebranchedave takenratiosat detectiontime within 2% of their accumulatedalues.Theseresultsindicate
accurateprofiling andthereforethe potentialfor using detectionprofile weightsfor optimization. However, a
few brancheslsochangeheir behaior dramaticallyascanbe seenby thelargerchangesThelastcategory of

the graph,NP, representbrancheshatweredetectedaspartof the hot spotbut never executedafter detection.

Includingthesebranchesvhenperformingoptimizationmay introduceobstaclego aggressie optimization.

7.2 Trace Generation Unit Evaluation

In orderto evaluatetheperformancef the TraceGeneratiorUnit, thequality of thegeneratedracess examined.
Becausdhe generatedraceswill form the unit of compilationfor the optimizer it is critical thatthey cover the
frequentlyexecutedpathsin the hot spot. Furthermore programperformancewill benefitfrom the formation
of longertracesbecausehey provide the optimizerwith a larger window on which to operate. Optimizations
suchaspartialinlining, loop unrolling, andbranchpromotioncanbe utilized to assisiin theformationof longer
traces.In addition,a traceoptimizermay be emplg/ed that performsreschedulingand other optimizationson
the traces. For this sections results,optimizationsthatimprove instructionfetch performanceon a traditional
fetch mechanisnwere emplgyed, andthe resultingfetch performancecomparedo that of a tracecachefetch
mechanism.

Figure14 depictsanoptimizedtracetakenfrom the 130.li benchmarkasshavn in Figure5. This particular
trace highlightsthe useof partial inlining to form a long tracethrougha complicatedcalling sequence.The
TGU forms a singletracethat begins prior to the call of evf or m continuesfollowing the hot brancheswvhile
inlining bothcallsto x| yget val ue, andreturnsto evf or m wherethe TGU terminateghe tracebecausehe
maximumnumberof allowed off-pathbranchesiasbeenexceededThis tracecontains284 instructionsandhas
10inlined function calls. Its executionaccountdor 10% of the optimizedfetch cyclesof the entireapplication
and achieves 15.1 fetch instructions-pecycle (FIPC) on a 16 instructionissuearchitecture. Our simulations
profiledthe executionof thetrace,countingthe numberof traceexits taken. Theseexits areshavn betweerthe
blocksin thefigure,while alarge numberof othersideexits thatarenever taken have beeneliminated.Clearly a
largenumberof traceexecutiongproceedatleastthroughthethird block, providing evidencethatoptimizationgo
reducethe dependencheightof that pathwould increaseexecutionperformance Consideringhethird branch,
thetraceappears$o have beengenerated@longthelessfrequentlyexecutedpath. However, atthetime of hotspot
detectionthatbranchflowed 100%of thetime to thefourth block. This branchprovidesevidencethatindividual

branchesnayalsoexhibit phasedehaior.
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7.2.1 Trace Generation Unit Experimental Setup

Instruction-by-ingtuction simulationsof a sequential-blocknstructionfetch unit were performedfeaturinga
64KB, 4-way setassociatie, 128-byteline, split-block,10-g/cle misspenaltyl. 1 ICache.TheL2 ICacheconsists
of a 512KB, 2-way setassociatie, 256-byteline, split-block, 100-g/cle miss penaltycache. Somefetch units
werealsocoupledwith tracecachedeaturingeither128(8KB) or 2048(128KB), 4-way setassociatie, 64-byte

lines. Table5 summarizeghe variousconfigurations.The tracecachesare allowed to form tracescontaining

instructionsfrom the codecache.

The simulatedCachemodelhasa split-block configurationsuchthateachline is dividedinto two banks.If
arequesfalls into the secondbank,the first bankof the subsequentacheline is alsoreturned,f present.The

instructionbuffer is capableof delivering up to sixteeninstructionsper cycle to the decodersput will notissue

36



Model L1 ICache TraceCache HSD and
size,vay,block | size,vay,block,biastable| TGU
Traditional | 64KB, 4,128B none no
with TGU 64KB, 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,16KB no
TCwith TGU | 64KB,4,128B | 128KB,4,64B,16KB yes
Traditional | 128KB,4,128B none no

Table5: Fetchmechanisnmodels.

instructionspasta taken branch. Up to threebranchesmay be issuedper cycle, andary instructionsin the fill
buffer that fall after the third branchwill not be useduntil they are verified to be on the predictedpath. The
ICacheassumegpredecodénformationto identify instructionboundarie@ndbranches.

A 14-bit-historygsharebranchpredictor[33] is modeledwith a patternhistory table consistingof entries
with seven 2-bit counterstogethercapableof threepredictionspercycle. In additionto the conditionalbranch
predictor a 32-entryreturnaddresstackanda 1024-entryindirectaddresgredictorareprovided. We modelan
ideal BTB to isolatethe effect of storingentry pointsin the BTB. The entry point replacemenpolicy hasbeen
deferredfor futurework.

We alsomodelatracecachethatis indexed on the traces startingaddressandallows partial matchegit has
theability to fetchthebeginningof atraceupto a predictionmismatch) Bothtracecachemodels(8KB, 128KB)
arecoupledwith anlCacheandusethe samebranchpredictorasthe ICache.Whenafetchrequesis made both
unitsareaccesseth parallel;atracecachehit alwaystakesprecedencever anlCachehit, andonly whenboth
cachegnissis the L2 ICacheaccessedThetracecacheis block-basedindis modeledafter the designin [34].
Eachcacheline is 64 byteswide with slotsfor 16 instructionsandup to 3 branches.Four tamget addresseare
storedin the line to provide the next fetch addressn caseof partial matching. Tracesendwhenthe limit on
instructionsor branchess reachedpr whenan indirect branchinstructionis encounteredThe tracesare built
in basic-blockgranularityunlessmorethanhalf of the line will be wasted,in which casepartial blocksmay be
filled. Thetracecachealsoutilizesa BranchBias Table(BBT) of 10240r 4096 entries(approximately bytes
each)to facilitatebranchpromotionwithin traces Includingtheadditionaltargetaddresseandtagstoredin each

cachdine, thecombinedsizefor the 8KB tracecacheand1024-entryBBT is approximatelyl5KB.
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Figure15: Reductionin taken control-floxv instructionsin optimizedcodecomparedo original code.

7.2.2 Performanceof Optimized Traces

Figure 15 summarizeshe reductionin taken control-transferrig instructionsdueto the codestraighteningand
fetchoptimization.Eachpair of barsfor abenchmarks normalizedto 100%of thetakencontroltransfersn the
original code. The barsfor the optimizedapplicationsncludetaken control transfersrom boththe codecache
andthe original code. On average,a 45% reductionis seenacrossthe benchmarksyerifying the effectiveness
of the code-straightenintechniquesNotice thatcall andreturninlining is particularlyeffective, removing 25%
of the taken controltransfersn 147.vortg, andsizeableamountsin the otherbenchmarksCodestraightening
techniquedor the conditionalbranchegield anaverage24%  reductionin taken control transfersandasmuch
as40% for MSWrd(A), PhotoDeluxe(A)and PhotoDeluxe(B)Theseresultsshav a dramaticreductionin the
numberof takenbranches.

Table 6 presentghe resultsof the hot spotdetectionandtracegeneratiorsystemwith fetch optimizations.
A large percentagef dynamicexecutionoccursin instructionsfrom the codecache. Typically lessthanone
percenbf executionis spentooking for tracego form within ahotspot(Scan/Pendiniylodes),andavery small
percentagés spentactuallywriting to the codecache(Fill Mode), oftenlessthan0.005%. Evenif thewriting
processequiresa several cyclespercodecacheinstruction thetotal overheadvould bewell under0.1%.

To evaluatethe effectivenessof the layout optimizations,eachbenchmarkwvas simulatedwith several dif-
ferentfetch unit configurations. Figure 16 shavs the performanceof the variousfetch mechanisms.As our

optimizationsweretargetedtowardthefetchunit, the FetchedinstructionsPer Cycle(FIPC) metricwasselected
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Benchmark % Insts. | % Scan/| % Fill Code | Entry
from Code| Pending Mode | Size(KB)| Points

Cache
go 10.51 1.02 |0.0051] 14.8 60
m88ksim 68.91 4,98 |0.0027 8.6 49
gcce 32.01 1.07 |0.0063| 135.1 715

compress 87.05 0.84 |0.0001 6.4 30
li 74.32 0.61 |0.0032| 13.6 59

iipeg 84.44 | 0.09 |0.0005 222 | 57
perl 72.34 | 0.04 |0.0002] 12.4 | 69
VOrtex 3408 | 0.12 |0.0006] 26.4 | 103

Word(A) 78.46 0.08 |0.0014| 10.2 37
Word(B) 45.66 0.29 |0.0040f 73.9 330

Excel 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
Gsvien 60.15 0.35 |0.0027| 61.0 336
Average 60.44 1.03 |0.0048| 36.4 172

Table6: Benchmarldetectionandtracegenerationresults.

asan appropriategaugeof effectiveness.The barsof the graphcomparethe FIPC of variousprocessomodels
to a baselineconfigurationof an aggressie multiple-blockfetch unit operatingon the original code. The first
bardepictsthe FIPCfor a processowith hot spotdetectionandtracegeneratiorhardware,which average22%
improvementover the basecase. Theimprovementachieved by a comparablysizedtracecacheis 18%. Adding
the tracecachein additionto our proposechardware yields a benefitof 25% over the basecase. With a much
largertracecacheapproximatelyl5timeslargerin sizethanthehotspothardware,the FIPCis improvedto 32%
over base,and39%if hot spothardwareis alsoincluded. Doublingthe sizeof the traditionalinstructioncache
hasasignificantlyhigherhardwarecostthanthehotspothardware,andrealizesonly a 1% improvement.Despite
the large reductionin taken controltransfersshaovn in Figure 15, FIPC doesnot necessarilyscaleaccordingly
Thisis primarily becauséranchmispredictioncausea dramaticnumberof stall cycles,whichlessenshe effect
of improving throughputduringusefulcycles.

Oneadwantageof our systemover a tracecacheis its ability to inline returnsandindirectbranchesaswas
seenin Figure14. Our tracesmay alsoincludeloops,aswas shavn in Figure 10. Corveying loop structure

potentiallyallows betteroptimizationthancould be performedwith simplertraces.
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Figure16: FetchedPC for variousfetchmechanisms.

7.3 Benefitsof Hardware Support

Theallocationof dynamicoptimizationcomponentso hardware or softwareimpactsthe overheadgranularity
andflexibility of theresultingsystem.Thelargertheoverheadthelongeranoptimizationmustpersisto amortize
its costandclaim a benefit. If the optimizationgranularityis keptsmall, more of a programcanbe improved.
Flexibility onwhatandwhento optimizeallowsthe systento adaptandvary overtime andbetweerapplications.

Hardwaremechanismgromiseto controltherun-timeoverhead®f dynamicoptimizationsystemsy trans-
parently applying profiling and optimizationtechniques. By using dedicatedcomponentshardware mecha-
nismstypically allow for greatemparallelism,oftenprocessingn parallelwith therunningapplication.Software
systemgaypically implementdetailedprofiling by utilizing instructioninterpretation,or by insertingprofiling
probesthroughjust-in-time compilation. This leadsto frequenttransitionsbetweenthe applicationand opti-
mizer/operatingystempotentiallyaddinga significantoverhead.

Experimentdhave shovn minimal overheaddueto the hot spotdetectionandtracegeneratiorprocess En-

hancingthe TraceGeneratiornit to employ optimizationtechniquess likely to addminimal overheadaswell,
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sincethe hardwareoptimizerwill operaten parallelwith tracegeneratiorandnative programexecution.

TheHot SpotDetectorcancontinuouslymonitorprogramexecutionatlow cost,conductingprofiling without
degradingthe performanceof programuntil a hot spotis detected. In essencepur mechanismenablesfull-
speednative executionof the applicationwith minimal, decisve and sugical optimizationsto the code. This
combinationof continuousprofiling andprecisionallows for a smalleroptimizationgranularitythana software
system.

Oneprimary benefitof softwarereoptimizationapproachess their flexibility. Within ary profiling andcode
deployment system,a numberof stratgies can be emplo/ed that can dynamically decidewhen and what to
optimize. While the Hot SpotDetectorand Trace GenerationJnit are hardware structuresthey too containa
numberof parametershat canbe adjusteddynamically For example,Hot SpotDetectorthresholdsandtimers
canbeadjustedo vary the coderegion sizedetected The detectorcould be configuredto identify andoptimize
critical codefirst, laterbroadeningts scopeto optimizeremainingcodesecond.

Hardware mechanismganalso be constructedvith accurateknowledge of the underlyingmicroarchitec-
ture. For example,whenreschedulingcode, the exact latenciesof processoinstructionscanbe knovn. This
mechanisnprovidesa meandor optimizing codefor new microarchitecturesincetheinformationrequiredfor

performingquality optimizationwill be presenin the microarchitecturétself.

8 Conclusion

Receninnovationsin microprocessodesignhave giventheprocessomorecontroloverhow to executecodeop-
timally. Our systemadwanceghestate-of-the-arby allowing the processoto detecthemostfrequentlyexecuted
code,to performcodestraighteningpartial functioninlining, andloop unrolling optimizations,andto deploy
the codefor immediateuse,in amannertransparento the userapplication.The Hot SpotDetectormonitorsthe
retiredinstructionstream providing arelative profile of the mostfrequentlyexecutedinstructionsin the stream.
Unlike otherhardware profilers,the detectorutilizes an on-line analysisalgorithmto determinewhena suitable
region for run-timeoptimizationis found. The TraceGeneratiorUnit extractstracesrom theinstructionstream,
filtering outinfrequentpathsby usingthe profilesstoredin the detector The optimizedtracesetsarewritteninto
a memorysothatthey may utilize the traditionalfetch mechanism.The detectionand extractionof frequently
executedcodeis doneat the retirementstageof the processaqroff the timing-critical paths. Preliminaryresults
shaw thattheoptimizationsappliedby our systemachiere significantfetchperformancemprovementatlittle ex-

trahardwarecost. Themostimportantreasorfor the performancemprovements dueto themechanisns ability
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to identify hot spotsearlyin their lifetime sothatthe vastmajority of the executionof thesehot spotsis spentin

optimizedcode.In addition,becausehe generatedodeconsistf important,persistentraces,our mechanism

createopportunitiefor moreaggressie optimizations.Areasof futureinvestigationincludeissuesnvolvedin

performingcodeoptimizationin the presencef exceptionsandin multiprocessoenvironmentsthe application

of moreaggressie run-time optimizationswithin our framevork, andapplicationof hot spotprofiling to static

compilersandbinaryreoptimizers.
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