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Abstract

The performanceof a dynamicoptimizationsystemdepends
heavilyon the codeit selectsto optimize. Many current systems
follow the designof HP Dynamoand selecta single interproce-
dural path, or trace, as the unit of codeoptimizationand code
caching. Thoughthisapproach to regionselectionhasworkedwell
in practice, weshowthatit is possibleto adaptthisbasicapproach
to produceregionswith greaterlocality, lessneedlesscodedupli-
cation,andfewerpro�ling counters. In particular, weproposetwo
new region-selectionalgorithmsand evaluatethemagainst Dy-
namo'sselectionmechanism,Next-ExecutingTail (NET).Our �r st
algorithm,Last-ExecutedIteration(LEI), identi�es cyclicpathsof
executionbetter than NET, improving locality of executionwhile
reducingthesizeof thecodecache. Our secondalgorithmallows
overlappingtracesof similar executionfrequencyto becombined
into a singlelarge region. This secondtechniquecan be applied
to both NET and LEI, and we �nd that it signi�cantly improves
metricsof locality andmemoryoverheadfor each.

1 Intr oduction

A dynamicoptimizationsystemobserves executionpatternsin a
runningprogramandoptimizesthe frequentlyexecutingcodeto
improve programperformance. Dynamic optimizationsystems
fall into three generalcategories basedon their primary func-
tion: transparentoptimization, just-in-time compilation,and bi-
narytranslation.A transparentoptimizertakesabinaryexecutable
for a target processorand re-optimizesit basedon run-time in-
formation. A just-in-timecompiler takesa machine-independent
programandcompilesit for a target processor. A binary trans-
lator takesanexecutablecompiledfor an incompatibleprocessor
and translatesit to an equivalentprogramfor a target processor.
In eachcase,effective selectionandoptimizationof the portions
of the codethat areexpectedto executefrequentlyis critical for
limiting systemoverheadandachieving goodperformance.

In general,we usethe term region to describethe portion of
codethata dynamicoptimizationsystemselectsfor optimization.
Thetwo typesof regionscommonlyselectedby existing systems
area wholemethodanda trace. Just-in-timecompilers,suchas
theJikesTM ResearchVirtual Machine(JikesRVM) [1, 2], areof-
tenorganizedaroundtheoptimizationof wholemethods.Thede-
signof thesesystemsre�ects thetraditionalfocusof compilerson
proceduresandotherprogrammer-de�ned units of code. In con-
trast,systemssuchasDynamo[3, 4], DynamoRIO[6], Mojo [7],
Adore [15], Transmeta's CMS [9] andthe Binary-translatedOp-
timization Architecture(BOA) [12] aredesignedaroundthe op-
timization of traces.Thesesystemsfocuson the interprocedural
programpaths(i.e.,traces)thatareexecutedduringaprogramrun.
Ideally, region selectionandoptimizationin suchsystemsarenot
limited by static codeorganizationthat is meantto aid the pro-
grammer. In this paper, we proposeandevaluatetwo improve-
mentsto region selectionfor trace-baseddynamicoptimization
systems.

To understandhow we might improve upontrace-basedregion
selection,it helpsto understandwhy traceshave beensucha pop-
ular choice.Thetracesconstructedby mostexisting dynamicop-
timization systemsare interproceduralsuperblocks[11], regions
with a singleentry point andmultiple exit points. Suchregions
havebeenshown to beverysimpleto constructandoptimize,thus
incurring little run-time overhead. Furthermore,by placing fre-
quentlyexecutedcodetogetherin consecutive memorylocations,
tracesprovide a rangeof instructionfetchbene�ts. Finally, prior
research[5] hasshown that programsoften follow a small num-
berof “hot” paths.Identifying andoptimizingthesehot pathshas
beencrucialto theperformanceof dynamicoptimizationsystems.
In summary, agoodalgorithmfor regionselectionmustaccurately
identify the frequentlyexecutedapplicationcode,selectthe re-
gionsof frequentlyexecutedcodewith little run-time overhead,
andproduceoptimizedcodein thedynamicoptimizationsystem's
codecachethatexhibitsexcellentlocality andfetchcharacteristics.

Duesterwald andBala [10] proposedonesuchtrace-basedre-
gion selectiontechniquecalledNext-ExecutingTail (NET). It ex-
hibits all of the desirablefeaturesdescribedabove and thus has
beenparticularlypopular—it is usedasthe trace-selectionmech-
anismin Dynamo,DynamoRIO,andMojo. Becauseof its pop-
ularity and good performance,we useNET throughoutthis pa-
perasthebaselineof our investigationsandexperimentalresults.
However, the shortcomingsthat we identify are not unique to
NET; theseproblemsappearin all other trace-selectionmecha-
nismsknown to us.

When studiedclosely, all existing trace-selectionalgorithms
suffer from two orthogonalproblems:the problemof tracesep-
aration andtheproblemof excessivecodeduplication.

The problemof traceseparationis that relatedcodepathsin
theoriginal programareselectedasseparatetracesandplacedfar
apartin the codecache.Oncea tracehasbeenselected,thereis
a delayduringwhich a relatedtraceis identi�ed asexecutingfre-
quently. During this time, tracesfrom otherpartsof thecodeare
likely to beselectedandpromotedto thecodecache.Oncea re-
latedtraceis selected,it is insertedfar from theoriginal trace,po-
tentially on a separatevirtual memorypage.Separationdegrades
performancebecauseit reduceslocality of execution—andthere-
fore instruction cacheperformance—ascontrol jumps between
distanttraces.

Theproblemof excessive codeduplicationstemsfrom thefact
that relatedpathsoften have codein common,so selectingiso-
lated tracesresultsin duplicationof this code. In somecases,
duplication is bene�cial becauseit improves locality of execu-
tion, just asmethodinlining usesduplicationto improve perfor-
mance. However, we identify and quantify one type of trace
duplication—tailduplicationassociatedwith early traceexits of
unbiasedbranches—wherethecodeduplicationcostsgreatlyout-
weighany bene�tsof theresultingpathseparation.Excessivecode
duplicationstressesthe memorysystem,andit canalsodegrade
theperformanceof a dynamicoptimizationsystembecauseit in-
creasestheoverheadof codetranslationandoptimization.



The importanceof thesetwo problemswill grow as the soft-
ware industrycontinuesto produceexecutableswith an increas-
ing numberof frequentlyexecutingpaths.As shown by Ball and
Larus[5], thenumberof pathsthatcomprise90%of executionin
moderncommercialsoftwareis often oneto two ordersof mag-
nitudegreaterthan in the standardbenchmarkprogramsusedto
developNET. As thenumberof relatedpathsgrows, theextentof
traceseparationandtheamountof codeduplicationgrow with it.

To addresstheseproblems,we describeandevaluatetwo new,
low-overheadregion-selectionalgorithms. Our �rst algorithm,
calledLast-ExecutedIteration(LEI), selectstracesthatcorrespond
to cyclic applicationpaths.1 Current trace-selectionalgorithms
do not directly searchfor cyclic paths,so they often split fre-
quentlyexecutedpathsacrossmultiple traces,andthey duplicate
codefrom inner loopsin the tracefor an outerloop. Our second
algorithm, called trace combination, producesregions that may
includemultiple relatedpaths.Tracecombinationobservesmul-
tiple pathsduring traceselectionand combinesthosethat share
codeandexecutefrequently. By combiningsuchpaths,it is able
to eliminateexcessive codeduplicationresultingfrom pathsthat
split at an unbiasedconditionalbranchand later rejoin. We ar-
guethatcombiningtracesthatshareanunbiasedbranchimproves
memoryperformanceandenhancesopportunitiesfor loop-based
andpro�le-drivenoptimization.

Thispaperhasfour maincontributions:

� We identify andquantifyproblemsof traceseparationandex-
cessivecodeduplicationin thepopularNET trace-selectional-
gorithm.

� Wedescribeandevaluatealow-overheadalgorithm—LEI—for
selectingtracesthatcorresponddirectly to cyclesin theexecut-
ing application. Building morecycle-spanningtracessigni�-
cantlyreducestheproblemof traceseparation.This algorithm
alsoavoidsduplicatingnestedcycles,whichresultsin lesscode
duplicationthanunderNET.

� We describe and evaluate an ef�cient algorithm—trace
combination—forbuilding a regionwith oneor moreinterpro-
ceduralpaths. This algorithmsigni�cantly improves locality
of execution, and it doesso while reducingthe amountof
codecached. Sincetracecombinationis independentof the
methodof traceselection,we demonstratethat it reducesthe
problemsof separationandduplicationfor bothNET andLEI.
Moreover, eachimprovementis larger for LEI thanfor NET,
which suggeststhat our algorithms are especiallyeffective
whencombined.

� Throughsimulation, we show that LEI (and LEI with trace
combination)requiresfewer tracesandlesscodecachespace
thanNET (andNET with tracecombination)to cover 90%of
theinstructionsexecutedin our benchmarks.This “90% cover
set” metric hasbeenfound to correlatewell with the perfor-
manceof real dynamicoptimizationsystems[4]. Along with
ourargumentsaboutthelow overheadof ouralgorithms,these
resultsprovide strongevidencethat our algorithmswill im-
prove theperformanceof realsystems.

Webegin in Section2 with abrief descriptionof theNET trace-
selectionalgorithm,how it exempli�es theproblemsof tracesepa-
rationandexcessivecodeduplication,andthemetricsandmethod-
ology usedto evaluateall region-selectiontechniques.Sections3
and4 develop andevaluateour LEI andtrace-combinationalgo-
rithms. Section5 discussesother existing trace-selectionalgo-
rithms,andSection6 summarizes.

1A cyclicpathis simplyapaththatendswith abranchto its beginning.
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Figure 1. Overview of executionunder a dynamicoptimization
system.Shadedboxescorrespondto partsof thesystemthat emu-
late or executeoriginal programinstructions.

2 Background and Methodology

Section2.1 describesthedynamicoptimizationsystemwe simu-
late and the NET trace-selectionalgorithmwe useasa baseline
for comparison.Section2.2 thenpresentsthreeillustrative short-
comingsof NET with respectto theproblemsof traceseparation
andexcessive codeduplication.Weendin Section2.3with abrief
discussionof theexperimentalmethodologyusedin thelatersec-
tions.

2.1 Dynamic Optimization Setting

Although we identify principlesof region selectionthat are not
limited to a singlesetting,wedevelopalgorithmswith a software-
baseddynamic optimization systemin mind. Figure 1 high-
lights the architecturewe consider, which hasbeenusedby sev-
eraldynamicoptimizationsystemsincludingDynamo[3, 4], Dy-
namoRIO[6], Mojo [7], and the Binary-translatedOptimization
Architecture(BOA) [12].

A dynamicoptimizationsystembegins executinga binary by
emulatingit in an interpreter. As thesystememulatesthebinary,
it gatherspro�ling informationaboutwhich portionsof codeexe-
cutefrequently. This allows it to decidewhenandwhereto start
selectinga region. In somecases,this informationis alsousedto
selectthebasicblocksthatcomprisetheregion.

At every interpretedtaken branch,the systemdecideswhether
to switch from emulatingthecodeto executinga region from the
codecache.If the branchtarget correspondsto an optimizedre-
gion in the codecache,the systemstartsexecutingthat code. If
not, the systemusestwo criteria to decidewhethera new region
shouldbe selectedandaddedto the cache.First, the branchtar-
get mustbe allowed to begin a region. Restrictingwhich branch
targetsareconsideredreducespro�ling overheadandcodedupli-
cation.Second,thebranchtargetmusthave executedmany times,
asthissuggeststhatit will continueto executemany times.This is
implementedby associatinga counterwith thetargetof any taken
branchthatis allowedto begin aregion. Whenthecounterexceeds
aprede�nedthreshold,aregionis selectedbeginningatthebranch
target. If the branchcannotbegin a region or the countdoesnot
meetthethreshold,controlreturnsto theinterpreter.

NET selectsa tracethatbeginsat thetargetof oneof two types
of branches:a backwardbranchor anexit from anexisting trace.
A backward branch is simply aninstructionthat transferscontrol
to a lower address,andit oftencorrespondsto thebackedgeof a
loop. In this way, NET attemptsto selecttracesthatbegin at loop
headers.If a loophasmorethanonefrequentlyexecutedpath—or
if NET doesnot identify thedominantpathinitially—an exit from
the�rst tracewill executefrequentlyandNET will selectasecond
tracethatbeginswith its target.

Theexecutioncountthresholdfor traceselectionin NET is 50.
Whenthis thresholdis reached,NET selectsa traceby interpret-
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Figure 2. Thecontrol �ow graphon theleft containsa loop with
a functioncall on its dominantpath (ABDEF).NETrequirestwo
traces(ABDandEF) to spanthecycle. In thisdiagram,weassume
that the functionbeginning with E is at a lower address,so the
call is a backward branch ratherthanthereturn. Ideally, onlyone
tracewouldbeselected,andit wouldrequire two fewer exit stubs
(which are representedastraceblockslabeled“to X”).

ing andcopying thepaththat is executednext. Althoughthepath
selectedis not basedon any accumulatedinformation,it is statis-
tically likely to executefrequently[10]. The tracecontinuesto
extendalongtheinterpretedpathuntil abackwardbranchis taken,
a branchis taken that targetsthe startof anothertrace,or a size
limit is reached.Theserulesallow a NET traceto extendacross
procedurecallsor returns.

Oncea tracehasbeenselected,anexit stubis createdfor each
sideexit andplacedat the endof the trace,leaving the selected
blockscontiguousin memory. To avoid theoverheadof switching
to andfrom the interpreter, thebranchto any exit stubthat leads
directly to anothercachedregion is rewritten to jump directly to
thatotherregion.

2.2 Thr eeShortcomings

Loops. Whena loop in a programexecutesfrequently, locality
of executionis muchbetterif theentirepathis containedin a sin-
gle region ratherthansplit amongseveral regions.2 We saythat
a region spansa cyclewhenrepeatedexecutionof the cycle re-
mainsin theregion. For regionsthataretraces,thismeansthatthe
tracecontainsall blocksin thecycle, includingonethatendswith
a branchto thetopof thetrace.

On thesurface,NET seemswell-suitedto selectingtracesthat
spancycles. Its pro�ling focuseson the targetsof taken back-
wardbranchesbecausethey oftencorrespondto loop headers[3].
Moreover, tracescancrossprocedureboundariesandincludeany
forwardbranch,soanindirectjumpor call will notnecessarilyend
a tracebeforeit reachesa loop backedge.

However, thede�nition of NET impliesthata singletracecan-
notspananinterproceduralcycle. NET selectsaninterprocedural
forward path, asde�ned by Duesterwald andBala[10], thatends
with acall to afunctionataloweraddressor returnfrom afunction
at a higheraddress.NET, therefore,cannotextenda traceacross
bothafunctioncall andits correspondingreturn.As shown in Fig-
ure2, if a loop containsa functioncall on its dominantpath,then
NET will form two separatetracesthat includetwo unnecessary
exit stubs. Our experimentsindicatethat stoppingat a backward
functioncall or returnenablesNET to limit codeexpansion,but it
preventsany interproceduralcycle from beingspanned.

Nestedloops. Anothercommonbut generallyundesirableten-
dency of NET is to duplicatethe beginning of an inner loop in a

2Balaet al. [4] make a similar observation by consideringanexample
in whichaprogramconsistsof onepaththrougha largeloop: analgorithm
thatselectstheentirepathasasingleregionwill outperformonethatsplits
thepathinto multiple regions.
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Figure 3. Tracesselectedfor simplenestedloops. NET selects
threetracesandduplicatestheinnerloop. Anidealtrace-selection
algorithm wouldavoidduplicationof the inner loop andsepara-
tion of theouter-loopblocks.
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Figure 4. TracesselectedbyNETfor an unbiasedbranch (ending
A) followedbya biasedbranch (endingD ), assumingthatthepath
throughblock C is selected�r st. Theunbiasedbranch targetsare
separated,andtwoblocksandan exit stubare duplicated.

tracefor anouterloop. AlthoughNET endsa tracewhena taken
branchjumpsto anexisting trace,with nestedloopscontroloften
falls into the inner loop. Figure3 illustratestraceselectionper-
formedby NET on a simplefragmentof codeconsistingof a pair
of nestedloops. Block B is selected�rst asthe targetof its own
backwardbranch.After B exits to C 50 times,C is selected,but
thetracedoesnot extendto A becauseCA is a backwardbranch.
Only afterC exits to A doesA starta trace,which extendsuntil
thenext backwardbranchto includeanothercopy of B .

In contrast,separationandduplicationareboth reducedby se-
lecting tracesbasedon cyclesB andCA. B is selected�rst as
a single-blockcycle, andthesecondtracebegins at its exit to C.
This tracecontinueswith A but endsbecausethe next block on
the path,B , is the startof a region and thereforea nestedloop.
Here, if a traceis allowed to extend acrossa backward branch,
fewer blocksareselectedanddivided amongfewer traces.Chen
et al. [7] discussa similar exampleandcometo a similar conclu-
sion,but donotappearto have a solutionthatachievestheideal.

Unbiasedbranches. An unbiasedbranchis aninherentproblem
for a traceselectiontechniquelike NET, becausea tracecancon-
tainonly oneof thebranchtargets.Theresultis thatfrequentlyex-
ecutedpathsfrom anunbiasedbrancharesplit into separatetraces.
In addition,if thesetracesreacha commonjoin point, all blocks
following this join pointareduplicated.

Figure4 showsacontrol-�ow graphfor anunbiasedbranchthat
is followedby abiasedbranch,wherethelabeloneachedgefrom
a split point indicatesits probability of being taken. The right
side of the �gure shows the tracesthat NET would selectfrom
it, illustrating separationandduplicationcausedby an unbiased
branch.It beginsby selectinga tracefor onedirectionof the�rst
conditionalandlater selectsa secondtraceasthe otherdirection
is taken.Noticethatthesecondconditional—consistingof blocks
D andF andanexit stubto E —appearsin eachtrace.

Section4 describesan algorithmthat combinesequally likely
pathsinto asingleregion. This regioncontainsnoduplicationand
allowscontrolto remainin theregionregardlessof whichunbiased



branchtarget is taken. The exit stub to block B is replacedby
the block itself, andthereis no needto duplicatethe exit stubto
block E .3

Clearly, not all regionsshouldcontainmultiple paths. If there
is a singledominantpathbeginning at a pro�led block, it should
be selectedas a traceand no additionalpathsshouldbe added.
Addingrarelyexecutedblockswould increasetheoverheadof op-
timizationandthestrainon thememorysystemwithoutproviding
anoffsettingimprovementin executiontimefor theregion. There-
fore, an algorithmthat allows a region to containmultiple paths
shouldstill be able to detecta dominantpathand form a single
tracefor it.

2.3 Methodology

To determinetheeffectof ourchangesto regionselection,wecre-
ateda framework for simulatinga dynamicoptimizationsystem
and implementedeachof our region-selectionalgorithmswithin
it.4 Theframework reliesonthePindynamicinstrumentationsys-
tem[16] to reportthesequenceof basicblocksexecutedby a pro-
gram. For eachexecutedbranchtaken, it simulatestheactionsof
thedynamicoptimizationsystemdescribedin Section2.1.

Our framework assumesan unboundedcode cache. As we
report in the following sections,our region-selectionalgorithms
should help improve the performanceof dynamic optimization
systemswith boundedcodecaches,becauseouralgorithmsreduce
codeduplicationandproducefewercachedregions.Thisimproves
memoryperformance,reducestheoverheadof cachemanagement,
andregeneratesfewer evicted regions. Detailedinvestigationof
theseeffects,however, is outsidethescopeof this paper.

We presentdatafor runningeachof the twelve SPECint2000
benchmarksto completionon its test input [19]. Whenthereare
multiple test inputsfor a benchmark,the input that requiresthe
programto executethemostinstructionsis used.

For eachalgorithm, we begin with metricsthat illustrate im-
provementsover NET in traceseparationandexcessive codedu-
plication.We alsoquantifytheadditionalcostsof eachapproach.

To estimatetheeffectof atrace-selectionalgorithmontheover-
all performanceof a dynamicoptimizationsystem,we adoptthe
“tracequality metric” usedby theimplementersof Dynamo,who
designedtheNET algorithm[4]. They de�ne theX% cover setof
a region-selectionalgorithmto be thesmallestsetof regionsthat
compriseat leastX% of programexecution. In evaluatingfour
region-selectionalgorithms,theauthorsfoundthat the90%cover
setswereaperfectpredictorof performance:a smaller90%cover
setimplieda smallerexecutiontime.

To measurehow well a region-selectionalgorithmpredictsthe
code that will executefrequently, we computethe hit rate and
amountof codeexpansion. Thehit ratefor a programis theper-
centageof executedprograminstructionsthat executefrom the
codecache.Theamountof codeexpansionis thenumberof pro-
graminstructionsthat arecopiedinto the codecache. We focus
on this metric ratherthantheoverall sizeof thecachebecauseit
measurestheamountof work doneby theoptimizer, but at times
we alsoconsiderthenumberof exit stubstheregionsrequire.

To measurehow well a region-selectionalgorithmselectscode
thatexecutestogether, we countthenumberof region transitions.
A region transitionis a jump betweenregionsin the codecache,
which areoften far apart. Fewer region transitionsimplies better
locality of execution.

3This reductionin exit stubsis signi�cant. Hazelwood[14] shows that,
in DynamoRIO,exit stubsoccurroughly every six instructionsandeach
requiresat least three instructions. This implies that exit stubsusually
compriseover one-thirdof theinstructionsin thecodecache.

4All detailsof region selectionhave beenabstractedout of the frame-
work, allowing usto gatherdatafor eachregion-selectionalgorithmwith-
outmodi�cation.

INTERPRETED-BRANCH-TAKEN( historybuffer B uf ; addrsr c ; addrtgt )
1 addresscached  HASH-LOOKUP( codecache; tgt)
2 if cached
3 then jump cached
4
5 CIRCULAR-BUFFER-INSERT(B uf ; sr c; tgt)
6 if HASH-LOOKUP(B uf :hash; tgt)
7 then historybuffer loc old = locationof tgt in B uf
8 HASH-UPDATE(B uf :hash; tgt; lastelementin B uf )
9 if tgt � sr c or old follows exit from codecache

10 then incrementcounterc associatedwith tgt
11 if c = Tcy c
12 then newT  FORM -TRACE(B uf ; tgt; old)
13 remove all elementsof B uf afterold
14 recycle counterassociatedwith tgt
15 jump newT
16
17 else HASH-INSERT(B uf :hash; tgt; lastelementin B uf )

Figure 5. Last-ExecutedIterationAlgorithm.

3 Last-ExecutedIteration TraceSelection

In this section,we focuson applyingthe principle that effective
tracesspancyclesbut avoid duplicatingnestedcycles.Weshowed
in the previous sectionthat NET cannotspanan interprocedural
cycle,andprior work [13] hasshown thatsuchcyclesaccountfor
a largepercentageof executionin somebenchmarks.To address
this, we developa trace-selectionalgorithmthatexplicitly selects
cyclesanddoesnot restrictthetypeof brancha tracecaninclude.
Weevaluateour algorithmrelative to NET and�nd thatit reduces
both separationandduplicationwhile requiringsigni�cantly less
memoryfor pro�ling.

3.1 Last-ExecutedIteration Algorithm

Last-ExecutedIteration (LEI) selectscyclic tracesbasedon a
history buffer containing the most recently interpreted taken
branches. If the target of a branchis in the buffer, a cycle has
executedandthebuffer containsits path.This just-executedcycle
is consideredfor optimizationandpromotionto thecodecache.

A traceis only formedfrom thecycle if it meetscriteriasimilar
to thoseof NET. As we wanta traceto begin at a loop headeror
grow from an existing trace,only a cycle that is completedwith
a backwardbranchor follows anexit from thecodecacheis con-
sidered. As we want a tracethat executesfrequently, only after
thebranchexecutesa prede�nednumberof times,Tcy c, is a trace
selected.Like NET, this requiresadditionalmemoryfor counter
variables,but only for a smallsubsetof takenbranchtargets.

Whenacounterreachestheexecutionthreshold,Tcy c, a traceis
selectedfrom thecyclic pathspeci�edby thehistorybuffer. Given
the addressand target of eachtaken branch,the full path is re-
constructedby repeatedlyappendingthe instructionsbetweenthe
targetaddressof thecurrentbranchandthesourceaddressof the
next branch.Thetraceendswhena cycle is completedor thenext
instructionbeginsanexisting trace.This secondconditionallows
LEI to avoid duplicatingthe �rst iterationof an innercycle, even
ona fall-throughpath.

Figure 5 gives the LEI algorithm, which is invoked when an
interpretedbranchis taken. Like NET, it �rst checksto seeif the
target is in thecodecache,andif sotransferscontrol to it. If not,
line 5 insertsit into the branchhistory buffer. In order to make
searchingfor a targetin thehistorybuffer ef�cient, ahashtableof
all targetscurrently in the buffer is maintained.Line 6 usesthis
hashtableto checkfor a cycle,andlines8 and17 updatethehash
table to refer to this new occurrenceof the target. If the target
completesa cycle, line 9 determineswhetherit canbegin a trace.
If so, its counteris incrementedanda traceis selectedwhenthe



FORM -TRACE( historybuffer B uf ; addrstar t ; historybuffer loc old )
1 tracenewT r ace  ;
2 addresspr ev  star t
3 for eachbranch in B uf afterold
4 do for eachinst in fall-throughpathfrom pr ev to branch:sr c
5 do
6 == Stopif next instructionbeginsa trace
7 if HASH-LOOKUP( codecache; inst )
8 then break
9 newT r ace  newT r ace[ f inst g

10
11 == Stopif branchformsacycle
12 if branch:tg t 2 newT r ace
13 then break
14
15 pr ev  branch:tg t
16 return newT r ace

Figure 6. Algorithm for forming an LEI trace given a history
buffer anda startingaddress.

counterreachesTcy c. Oncethetraceis selected,thecorresponding
branchesin thehistorybuffer areremovedandits counteris made
availablefor reuse.

Figure6 shows how LEI usesthehistorybuffer to form a trace.
The loop beginning on line 3 iteratesover eachtaken branchin
the current cycle to determinethe executedpath. For a taken
branch,all instructionsfrom its target to the addressof the next
taken branchmusthave beenon thepathof execution. The loop
beginningon line 5 copieseachinstructionfrom thepathinto the
trace,andstopswhenonebeginsanexisting region. If oneis not
found,thetracegrows until it completesacycle on line 12.

AlthoughLEI maintainsenoughinformationto selectcycles,its
runtimeoverheadremainscomparableto thatof NET. Eachalgo-
rithm is only invokedwhenan interpretedbranchis taken,andin
all benchmarksover 98% of executionoccursnatively from the
codecache.On eachtakenbranch,bothalgorithmsdo a constant
amountof work: eachperformsa hashtablelookupto determine
if the target is in the codecache,andeachpotentiallyupdatesa
counter. LEI addsonly onebuffer insertionand onehashtable
lookupfor thehistorybuffer, asall othermodi�cationsof thehash
tablecanbecombinedwith this lookup.

Considertheexampledescribedin Section2.2: a loop thatcon-
tainsa function call on its dominantpath. WhereasNET selects
thetwo tracesin Figure2, LEI selectstheidealtracethatspansthe
cycle. This reducestheproblemof separation,asfutureiterations
remainin thesametrace.It alsoreducesthesizeof thecodecache,
asfewer exit stubsarerequired.

This examplehighlights several importantpropertiesof LEI.
Thebranchhistorybuffer containsonly takenbranches,sothefall-
throughpathfrom A to B is not included.Relatively few branch
targetsrequirecounters;hereA doesbut D doesnot. OnceA is
enteredinto the buffer a secondtime, the hashtable is updated
to refer to its most recententry. Betweenits entries,the branch
historybuffer representsthefull interproceduralcycle.

3.2 Experimental Results

Usingthesimulationframework describedin Section2.3,wecom-
pareLEI to NET with two main questions:how well doesLEI
selecttracesthat spancycles,andwhat effect doesthis have on
separationandduplication.For all of ourperformancemetrics,we
�nd thatLEI producesmoreeffective tracesthanNET.

For thesecomparisons,we useanexecutionthresholdof 50 for
NET, which is the publishedstandard[3, 4, 10]. As LEI counts
only certainexecutionsof a backward branch—thosewherethe
branchtargetexists in the historybuffer—a smallervalueshould
be used,andwe choose35. We setthe sizeof the history buffer

Increase in Spanned Cycle Ratio
Increase in Executed Cycle Ratio

bz
ip

2
cr

af
ty

eo
n

ga
p

gc
c

gz
ip

m
cf

pa
rs

er
pe

rlb
m

k
tw

ol
f

vo
rte

x
vp

r
av

er
ag

e

20%

10%

0%

Figure 7. Theimprovementof LEI over NET in selectingtraces
thatspancycles.Thelighter barsshowtheincreasein thespanned
cycle ratio (a measure basedon what tracesare selected).The
darker barsshowtheresultingincreasein theexecutedcycleratio
(a measure basedonhowtracesexecute).

to be 500. Intuitively, this seemssmall enoughto requirelittle
memorybut large enoughto capturevery long cyclesand those
with frequentlyexecutingnestedcycles.

Thehit rateis slightly lower for LEI thanfor NET in mostof the
SPECint2000benchmarks,but it remainsabove 99% for all but
two. Only for thesetwo benchmarksis the differencein hit rate
morethan0.2%,with mcf's falling from 99.80%to 98.31%and
gcc's from 99.37%to 98.98%.Loweringtheexecutionthreshold,
asis doneby Chenetal. [7], couldcompensatefor thisdifference,
but wedonotattemptto tunethisparameterwithoutrun-timemea-
surements.

3.2.1 SpanningCycles

We �rst evaluatehow well LEI achieves its primary goal of im-
proving onNET'sability to spancycles.To measurethis,wecom-
puteboth thespannedcycleratio andthe executedcycleratio of
LEI relative to NET. Thespannedcycle ratio is thepercentageof
selectedtracesthat includea branchto the top of the trace. The
executedcycle ratio is thepercentageof traceexecutionsthatend
by takingabranchto thetopof thetrace,therebyexecutingtheen-
tire spannedcycle. Together, they measurehow many additional
cyclesLEI spansandhow muchof aneffect thesecycleshave on
locality of execution.

Figure7 summarizestheeffectof LEI onthesetwo metrics.For
all benchmarks,LEI spansmorecyclesthanNET, raisingtheover-
all proportionof cycle-spanningtracesby nearly5%. This meets
our expectation,asallowing interproceduralforward pathsto in-
cludebackwardfunctioncallsandreturnsincreasesthenumberof
potentialcyclic traces.Theadditionalcyclesincreasethepropor-
tion of executedcyclesin all cases,andin generalthetwo metrics
arehighly correlated.Thiscon�rms thatspanningmorecyclesim-
provesthebehavior of executionin thecodecache,asfewer exits
aretakento theinterpreteror to a separatedregion.

3.2.2 CodeExpansionand Locality of Execution

Figure8 shows thatLEI succeedsin reducingbothseparationand
duplication: it produceslesscodeexpansionthanNET while im-
proving locality of executionin the codecache. For all bench-
marksbut crafty , theeliminationof cycleduplicationoutweighs
theeffect of selectinglongertracesacrossforwardandbackward
branches,soon averageLEI resultsin 92%of thecodeexpansion
of NET. Despitecopying fewer instructionsinto the codecache,
theaveragesizeof a traceis larger(increasingfrom anaverageof
14.8to 18.3instructionsover all benchmarks).Togetherwith the
increasein executedcycles,this causesa signi�cant improvement
in locality of execution: on averagethe numberof region transi-
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Figure 8. Codeexpansionandregiontransitionsof LEI relativeto
NET.
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Figure 9. Minimumnumberof tracesrequiredto cover90%of the
instructionsexecutedbyeach benchmark.

tionsis only 80%of thatof NET. In this way, includingbackward
branchesbut avoidingcycleduplicationenablesLEI to simultane-
ouslyreducetheproblemsof separationandduplication.

Tworesultsfrom Figure8 standout: codeexpansionfor crafty
andthe numberof region transitionsfor parser . In both cases,
LEI performsno betterthan NET. By consideringFigure7, the
reasonfor this becomesclear: thesearethe two benchmarksfor
which LEI spansthe fewest additionalcycles. This correlation
holdsfor otherbenchmarksaswell, asthemoreadditionalcycles
LEI spansthemoreit outperformsNET.

3.2.3 90% Cover SetSize

Thesizeof the90%cover setfor eachbenchmarkis givenin Fig-
ure9. In all cases,LEI requiresasigni�cantly smallersetof traces,
with an averagereductionof 18%. As executionis concentrated
in a smallernumberof larger regions, locality of executionim-
provesandtheopportunityfor optimizationwithin eachtracein-
creases[4]. Given the empiricalassociationbetweenthe sizeof
a 90% cover setandthe runtimeperformanceof trace-baseddy-
namicoptimization,this providesstrongevidencethatLEI would
bemoreeffective in practicethanNET.

3.2.4 Pro�ling Overhead

Finally, we considerthe memoryoverheadthat LEI requiresfor
pro�ling. Thehistorybuffer itself requiresadditionalmemory, but
its size is �x ed andvery small relative to overall memoryover-
head. Counteroverheadis an importantissuefor pro�ling tech-
niques,and one of NET's strongpoints is that it only requires
a counterfor a subsetof branchtargets[10]. Moreover, oncea
counterreachesthe thresholdvalue it can be reusedfor another
branchtarget.LEI maintainsbothof thesepropertiesandrequires
lesscountermemorybecauseit ismorerestrictiveaboutwhetherto
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Figure 10. Numberof counters requiredby LEI relativeto NET.

associateacounterwith abranchtarget.Not only mustanaddress
bethetargetof abackwardbranchor follow anexit from thecode
cache,it mustalsobe in thehistorybuffer of recentlyinterpreted
branchtargets. Figure10 gives the relative valuesof the maxi-
mum numberof countersin useat any point in the benchmark,
indicatingthatLEI requiresonly two-thirdsthepro�ling memory
of NET. Therefore,by doingslightly moreanalysis,LEI is ableto
selectmoreeffective traceswhile requiringlessmemoryfor pro-
�ling.

4 Trace Combination

In thissection,weaddresstheproblemsinherentin traceselection
by developing an algorithm that selectsregionscontainingmul-
tiple interproceduralpaths. The dif�culty lies in decidingwhich
pathsto includeandwhich to excludewhile not incurringsignif-
icant pro�ling overhead.We observe that a trace-selectionalgo-
rithm ef�ciently selectsa singlepath,sowe developanalgorithm
thatcombinesmultiple tracesandattemptsto minimize theover-
headof combination. It doesnot dependon how tracesare se-
lected,sowe evaluateits performanceusingbothNext-Executing
Tail (NET) tracesandourLast-ExecutedIteration(LEI) traces.We
�nd that it reducesthe problemof traceseparationsigni�cantly
while resultingin a muchsmallercodecache.

4.1 Exit Domination

To show that NET andLEI suffer from separationandexcessive
codeduplicationbecausethey selectindividual traces,wemeasure
theamountof exit dominationthey produce.As wewill see,when
oneregion exit-dominatesanother, thereis no bene�t to selecting
eachindependently. Instead,combiningthe two regionsreduces
separation.Moreover, if they containany of the sameblocks—a
situationwe call exit-dominatedduplication—combiningthe two
regionsalsoreducescodeduplication.

WesaythatregionR exit-dominatesregionS if threeconditions
hold. First, S beginsat anexit from R. Second,theexit block is
theonly predecessorto theentranceblock of S thatexecutes5 and
is not containedin S. Third, R wasselectedbeforeS. Together,
theseimply thattherewasnobene�t to stoppingR attheexit to S:
it served only to delaythe selectionof S, separatethe regionsin
thecodecacheandduringoptimization,andpotentiallyintroduce
additionalduplication.

Figures11and12show theamountof exit dominationbetween
tracesselected. In Figure11, we seethat exit-dominatedtraces
often containduplicateinstructions,rangingfrom 1 to 7% of all
instructionsselected.More signi�cantly, Figure12 shows that a

5Thetraditionalde�nition of dominationconsidersevery edgeregard-
lessof whetherit executes. However, we useexit-dominationto detect
whenseparatingregionsis not useful,andanincomingedgethat is never
executeddoesnotmake separationuseful.
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Figure 11. Theproportion of instructionsselectedby NET and
LEI thatare exit-dominatedduplication.
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Figure 12. Theproportionof tracesselectedbyNETandLEI that
are exit-dominated.

high percentageof tracesareexit-dominated:on average,15%of
NET tracesand22%of LEI traces.Thisunnecessaryseparation—
wherethedominatedtracecanonly beenteredby exiting thedom-
inating trace—suggeststhat if a larger region wereselectedthat
containedbothtraces,locality of executionwould improve.

For nearlyall benchmarks,exit-dominatedtracescomprisebe-
tween10and25%of selectedtraces.However, eon is aclearout-
lier. The differenceis that eon producesseveral tracesthat each
exit-dominatesa largenumberof othertraces.For example,three
of theseexit-dominatingtracescorrespondto constructorsof the
widely usedggPoint3 class. Oncea traceis selectedfor such
a constructor, an exit-dominatedtracewill be selectedfor each
frequentlyexecutedfunction that calls it. If thesetracesarenot
considered,eon's proportionof exit-dominatedtracesdecreases
to justabove average.

In almostall cases,LEI producesmoreexit-dominatedtraces
thanNET, andthis causesmoreexit-dominatedduplication.This
doesnot imply that it is a lesseffective trace-selectionalgorithm
thanNET; Section3 demonstratedtheopposite.Rather, it shows
thatthesameopportunitiesexist underLEI andNET, despiteLEI
emitting fewer tracesand lesscode. As LEI hasproportionally
moreexit domination,tracecombinationshouldbeespeciallyben-
e�cial for it. As we will seein Section4.3, this is very muchthe
case.

4.2 Trace-CombinationAlgorithm

Trace combinationis a simple extensionof trace selection. A
trace-selectionalgorithmpro�les certainbranchtargetsuntil one
executesa especi�c numberof times,andthenit selectsa single
trace. Tracecombinationlowersthis thresholdandobserves the
tracesgeneratedfor the next several executionsof the target. It
thenselectsa region thatbeginsat thebranchtargetandcombines
blocksfrom theseseveralobservedtraces.

By doingso,tracecombinationallows a region to containmul-
tiple pathswithout requiring it to. If thereis a single dominant

INTERPRETED-BRANCH-TAKEN( addresssr c ; addressdest )
1 addresscached  HASH-LOOKUP( codecache; dest)
2 if cached
3 then jump cached
4
5 if dest is apotentialtraceentrance
6 then incrementcounterc associatedwith dest
7 if c > Tstar t
8 then form a tracet beginningat dest
9 storeCOMPACT-TRACE(t ) in memory

10 if c = Tstar t + Tpr of
11 then recycle counterc
12 CFGG  combineobservedtracesat dest
13 markall blocksthatappearin at leastTmin traces
14 MARK-REJOINING-PATHS(G)
15 remove from G all unmarkedblocks
16 replaceany region exit thattargetsablock in G
17 addressnewR  INSERT-OPTIMIZED-REGION(G)
18 jump newR

Figure 13. Algorithmfor tracecombination.

pathfrom abranchtarget,tracecombinationselectsonly thatpath,
becauseall observed tracescontainthe sameblocks. Only when
multiple pathsexecutefrequentlydoesit combinethem.

Thesimplestform of tracecombinationwould selectall blocks
from eachobserved trace. This increasesthe chancethat control
remainswithin theoptimizedregion,but it alsoincreasesthenum-
berof infrequentlyexecutedblocksthatareselected.Asweargued
whendiscussingcodeexpansion,thishasahighcostin adynamic
system.To prevent this, our algorithmconstructsa region with a
two-stepprocess:�rst it includesonly thoseblocksthatoccurin
frequentlyexecutedtracesandthenit includesexecutedpathsthat
rejoin thoseblocks.6

Figure13providesanoverview of thealgorithmandshowshow
it selectsblocksthatfrequentlyoccurin observedtraces.For each
of Tpr of executionsfrom abranchtarget,line 8 selectsa traceand
line 9 storesit to memory. Onthelastexecution,line 12combines
all of thesetracesto form aCFGrepresentationof thepaths,which
will be usednot only to selectthe region but alsoto optimizeit.
As it builds the CFG, the algorithm labelseachblock with the
numberof observed tracesin which it occurs,markingall blocks
thatoccurat leastTmin times. Line 14 thenrunsanalgorithmto
mark all blocks in the CFG on a pathto oneof thesefrequently
occurringblocks. All unmarked blocksareremoved on line 15,
andall unnecessaryexit stubsare removed on line 16. Line 17
optimizestheresultingregion andinsertsit into thecodecache.

Threeaspectsof this algorithm requiremore detail: how ob-
served tracesarestored,how they arecombinedinto a CFG,and
how rejoiningpathsaremarked.

4.2.1 Storing a Trace

In order to delayall analysisuntil a region is selected,we store
eachobserved traceindependently. That is, we do not look for
blocks in commonbetweenobserved traceswhen storing them,
becausethecounterassociatedwith theirentrancemayneverreach
thethreshold.Althoughthis avoidsunnecessaryanalysis,it could
requiresigni�cantly morememory, asmany copiesof the same
tracemaybestored.

To reducememoryoverhead,westoreacompactrepresentation
of eachtrace.Speci�cally, we recordtheoutcomeof eachbranch
encounteredin thetracesothat it canbereconstructedif a region
is selected.As theoptimizermustalreadydecodeeachinstruction

6Executedpathsthatrejoin frequentlyexecutedblocksareincludedbe-
cause,if selectedseparately, they arethecauseof exit dominatedduplica-
tion.



COMPACT-TRACE( tracet )
1 bitstringb
2 for eachbranch in t
3 do if branch is anindirectbranch
4 then append“01” to b followedby thetargetaddress
5
6 else if branch is conditional
7 then if branch is not taken
8 then append“10” to b
9

10 else if branch is taken
11 then append“11” to b
12 append“00” to b
13 appendtheaddressof thelastinstructionin t to b
14 return b

Figure 14. Algorithmfor representinga tracecompactly.

andidentify all branchtargets,this representationaddslittle over-
headto regionselection,andit leadsto asimpleCFGconstruction
algorithmthatdecodeseachinstructionat mostonce.

Eachbranchin atracefalls into oneof threecategories:it is not
taken;it is takenandthetargetis known from theinstruction;or it
is takenandthetargetis notknown from theinstruction.With only
threepossibilities,representinga traceasa sequenceof branches
requiresonly two bits for mostbranches.For eachtaken branch
with an indirect target, the representationmustexplicitly include
thetargetaddress,requiringanadditional32or 64bits. As a trace
canendat any instruction,the addressof the endof the traceis
appendedto its representation.7 Figure14 givesthealgorithmfor
constructingthis compactrepresentation.

4.2.2 Constructing the CFG

Constructinga control-�ow graphfor the observed tracesis sim-
pler thanconstructingacontrol-�ow graphin general.Ratherthan
representingall possiblebranches,theCFGfor aregionrepresents
only thosebranchestaken in an observed trace. This simpli�es
construction,asall branchtargetstaken in an observed traceare
known. AlthoughtheresultingCFGonly representstheobserved
traces,it is suf�cient becausecontrolexits theregion if any other
targetis taken.

Our algorithmconstructsa CFGby incrementallyaddingeach
observed trace. As all tracesstartat the sameaddress,addinga
traceis doneby startingat the entranceof the currentCFG and
traversingits path of taken andnot-taken branches.If the trace
containsa control transferthatdoesnot correspondto anedgein
thecurrentCFG,we ensurethat the targetaddressbeginsa block
in the traceandadd the edge. As the CFG is constructed,each
block is annotatedwith thenumberof observedtracesin which it
appears,andall thatappearin Tmin tracesaremarked.

4.2.3 Marking Paths that Rejoin

Givena CFGwith markedblocks,we markall pathsthatexit and
rejoin theseblocks. As marked blockscorrespondto thosethat
will be selected,this expandsthe original region to includeany
observedblock ona rejoiningpath.

All observed tracesbegin at the �rst block in the CFG, so we
areguaranteedthat its frequency is Tpr of andthereforethat it is
marked.As eachblockin ourCFGis reachablefrom the�rst, each
block is on a paththat exits a marked block. The problem,then,
reducesto decidingwhethereachblock is on a paththat rejoinsa
markedblock—thatis, whethera markedblock is reachablefrom
it.

7This is trueeven of NET, which not only endsa traceat a backward
takenbranchbut alsowhenit containsamaximumnumberof instructions.

MARK-REJOINING-PATHS( markedCFGG )
1 repeat
2 changed  false
3 for each unmarkedblockb in G in post-order
4 do for each successors of b
5 do if s is marked
6 then markb
7 changed  true
8
9 until changed = false

Figure 15. Algorithmfor markingrejoiningpaths.

Decidingthis for eachblock canbedonewith a simpleversion
of an iterative data�o w algorithm. Blocks are initially marked
or unmarked basedon how many observed tracescontainthem.
Marksarepropagatedbackwardalongany path: if any successor
of a block is marked, the block is marked. The algorithmtermi-
nateswhenall blocksareconsideredwithoutmarkingany.

The full algorithmis given in Figure15. It is correctbecause
it only terminateswhen no unmarked block hasa marked suc-
cessor, and thereforeno path exists from an unmarked block to
amarkedblock. It terminatesbecauseeachiterationmarksat least
oneblock,andno block's markis is ever erased.Therefore,for a
CFGwith n blocksande edges,thereareatmostO(n) iterations.

As each iteration considersevery edge, the algorithm has a
worst-casecomplexity of O(ne). However, in practiceit is almost
alwayslinearin thenumberof edges.Sinceblocksareconsidered
in a post-ordertraversalof theCFG,successorsarevisitedbefore
predecessorsandmarkscanpropagatethroughmultiple blocksin
the sameiteration. Successorscannotalways be visited before
predecessorsbecauseof thepresenceof backedges,but this rarely
causesanadditionaliteration.For our benchmarks,roughly0.1%
of regionsthat mark blocksin the �rst iterationproceedto mark
additionalblocksin thesecond.

Oncerejoining pathshave beenmarked, all unmarked blocks
areremovedfrom theCFG.Theresultingregionmaycontainexits
that targetblocksin the region. As our algorithmselectsregions
with split andjoin points,eachsuchexit canbereplacedwith an
edge.Doing sokeepscontrol in theregion longerandreducesthe
numberof exit stubsrequired.

4.3 Experimental Results

To evaluatetheperformanceof tracecombination,weuseoursim-
ulationframework to measureitseffectonNETandLEI. To isolate
its effect, we considereachtrace-selectionalgorithmseparately,
presentingtheperformanceof combinedNET relative to NET and
theperformanceof combinedLEI relativeto LEI. By doingso,we
cometo two conclusions:that tracecombinationimproveseach
trace-selectionalgorithmsigni�cantly, andthatLEI tracesarees-
peciallywell-suitedto combination.

We�rst measuretheeffectof combiningtracesonreducingexit
domination. We �nd that in all casesboth the numberof exit-
dominatedregionsandtheamountof exit-dominatedduplication
decreasessigni�cantly. We then presentresultsfor the metrics
developedin Section2.3 and determinethat tracecombination
reducesboth separationandduplicationandis likely to improve
overall performance. A main cost of trace combinationis the
memoryit requiresto storeobserved traces,but we �nd that on
averagethis increaseis offset by the reductionin the sizeof the
codecache,sothesystem's total memoryoverheadis similar.

For theseexperiments,we selectthresholdsthat allow direct
comparisonwith theunderlyingtrace-selectionalgorithm.Specif-
ically, we ensurethat regionsareselectedafter the samenumber
of interpretedexecutions.As we useTpr of = 15 andTmin = 5,
this meansthat combinedNET begins pro�ling after 35 execu-



Combined NET relative to NET
Combined LEI relative to LEI

bz
ip

2
cr

af
ty eo
n

ga
p

gc
c

gz
ip

m
cf

pa
rs

er
pe

rlb
m

k
tw

ol
f

vo
rte

x
vp

r
av

er
ag

e

100%

50%

0%

Figure 16. Reductionin the numberof region transitionsunder
tracecombination.

tions rather than 50, and combinedLEI begins after 20 rather
than35. Pro�ling 15 executionsstrikesa balancebetweengather-
ing moreinformationfor selectionandoptimizationandincurring
moreoverheadto combinetraces.Tracecombinationremainsef-
fective with many fewer executions,so a differentbalancecould
bestruckif thisoverheadis signi�cant in practice.8

As with LEI, our trace-combinationalgorithmhasa very small
effect on hit ratesowe discussthe resultsonly brie�y . For com-
binedNET, hit rateincreasesveryslightly for all benchmarks.For
combinedLEI, hit ratedecreasesmoresigni�cantly, but only by an
averageof 0.1%. Moreover, it remainsabove 98% for all bench-
marksandabove 99%for all exceptgcc.

4.3.1 ReducingExit Domination

As expected,tracecombinationreducestheamountof exit dom-
ination for all benchmarks.On average,combiningtracesavoids
roughly65%of exit-dominatedduplication.In addition,thenum-
ber of exit-dominatedregions,which in Section4.1 we found to
bevery common,decreasesby 40%.

Theseresultshighlight two importantpropertiesof our trace-
combinationalgorithm.First,it doesnotavoidall exit-domination,
asregionsareselectedfrom blocksthatoccurin a sampleof only
Tpr of traces.Not only doesthis limit thenumberof pathsthatcan
beincorporatedinto aregion,but it alsoreliesoncurrentexecution
beingrepresentativeof futureexecution.This is oftennot thecase,
asprogramshavebeenshown to executedifferentpathsin different
phasesof execution[18]. Second,it reducesexit-dominateddupli-
cationmorethanit reducesthenumberof exit-dominatedregions.
As exit-dominatedduplicationis causedby anexit-dominatedpath
thatrejoinstheoriginal region, this indicatesthesuccessof incor-
poratingall observedrejoiningpaths.

4.3.2 CodeExpansionand Locality of Execution

Figure16 shows the effectivenessof tracecombinationin reduc-
ing theproblemof separation.Tracecombinationreplacesmany
regiontransitionswith localbrancheswherethebranchinstruction
andtargetareoptimizedtogether. WhenNET tracesarecombined,
thereareon average85% asmany region transitions.WhenLEI
tracesarecombined,thereareonly 64% asmany. Both areable
to incorporatepathsthatwould have beenexit-dominated,andas
expectedthereductionin region transitionsis correlatedwith the
reductionin exit-dominatedregions. CombiningLEI tracesim-
proveslocality of executionfurtherby incorporatingmorecycles
into a region, reducingthenumberof region transitionsascontrol
remainsin thesameregion longer.

8For example,settingTpr of = 5 andTmin = 2 resultsin smallerbut
similar improvements.

Combined NET relative to NET
Combined LEI relative to LEI

bz
ip

2
cr

af
ty eo
n

ga
p

gc
c

gz
ip

m
cf

pa
rs

er
pe

rlb
m

k
tw

ol
f

vo
rte

x
vp

r
av

er
ag

e

100%

50%

0%

Figure 17. Reductionin the90%cover setsizeundertracecom-
bination.

For vortex underNET, the numberof region transitionsrose
roughly1%. It is possiblefor this to occurbecausetracecombina-
tion requiresthateachblockbeobservedin Tmin traces.Thiscan
causeselectedpathsto includeonly someof theblocksfrom each
trace,andtheresultingshorterpathswill requiremoreregiontran-
sitions. This matchesour observation thattheaverageregion size
increasesfar lessin vortex thanin otherbenchmarks.However,
Figure16showstheoverallpositiveeffectof tracecombinationon
locality of execution.

In addition,tracecombinationachievesthis improvementwith-
out increasingcodeexpansion. Speci�cally, combinedNET se-
lects 98% as many instructionsas NET and combinedLEI se-
lects99% asmany asLEI. Besidesreducingexit-dominateddu-
plication, trace combinationhas two effects on the amountof
codeexpansion.First, it mayselectinfrequentlyexecutedblocks
thatwould not have beenselectedotherwise.This is becausethe
thresholdfor includinga block in a region is muchlower thanthe
thresholdfor beginning a region with a block. Second,it may
avoid selectinginfrequentlyexecutedblocksthatwouldhavebeen
selectedotherwise.This is becauseit veri�es eachselectedblock
by requiringthat it appearin at leastTmin observed tracesor be
on a rejoiningpath. In our experiments,thesecondeffect slightly
outweighsthe �rst, astracecombinationreducescodeexpansion
by morethanit reducesexit-dominatedduplication.

4.3.3 90% Cover SetSize

Figure17shows thatthesizeof the90%coversetfor eachbench-
mark decreasessubstantiallywhen tracesare combined. Trace
combinationreducesthe averagesizeof NET cover setsby 15%
andLEI cover setsby 28%. Thereis only onecasein which the
sizeof thecover setincreases:for gzip with NET traces,it rises
trivially from 23 to 24 traces.Similarly, bzip2 is theonly casein
which tracecombinationimprovesLEI lessthanNET. This is be-
causebzip2 hasamuchsmallercoversetwith LEI thanwith NET,
soadditionalreductionsaremoredif�cult to achieve. Overall,we
seea consistentreductionin cover setsize,andwe �nd that, just
asLEI producesmoreexit domination,it canbene�t morefrom
tracecombination.

Not only doestracecombinationreducethe size of the 90%
cover setfor eachbenchmark,it alsoreducesthe total numberof
regionsselected.For NET, theaveragereductionis 9%,while for
LEI it is 30%. This allows moretime to bespentoptimizingeach
region, which helpsto compensatefor the fact that optimization
will take longerthanon traces.

4.3.4 Pro�ling Overhead

Figure18shows thememoryoverheadof tracecombination,com-
putedasthemaximumamountof memoryneededatany program
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Figure 18. Maximumamountof memoryoverheadrequired for
storingobservedtraces,computedasa percentageof theestimated
sizeof thecache.
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Figure 19. Effectof tracecombinationonthenumberof exit stubs
producedbyNETandLEI.

point to storeobservedtraces.To allow comparisonacrossbench-
marks,we reporteachasa percentageof theestimatedsizeof the
codecache. To estimateits size, we computethe total number
of instructionbytesinsertedin thecodecacheandconservatively
add10 bytesfor eachexit stub. In theDynamoRIOsystem,each
exit stubrequiresa minimumof threeinstructions[14] andfor all
benchmarksthe averagesizeof a selectedinstructionis between
threeandfour bytes. We do not attemptto estimatetheeffect of
optimizationon region size,andwe ignorethe memoryrequired
for links betweenregionsin thecache.9

With theseconservativeassumptions,theaveragememoryover-
headfor tracecombinationis 6%for NET and13%for LEI. Trace
combinationnever requiresmorethana 12%overheadwith NET
or more thanan 18% overheadwith LEI. More memoryis con-
sistentlyrequiredfor LEI becauseit produceslonger traces,and
therequirementthatabranchtargetbein thehistorybuffer causes
moredelayin identifyingeachsubsequenttrace.Thisdelaymeans
that tracesareobserved longer for eachbranchtarget, which in-
creasesthe numberof branchtargets that are observed concur-
rently.

This memory overheadis signi�cant, but trace combination
compensatesfor it by reducingthe size of the codecache. As
shown in Figure19, tracecombinationreducesthenumberof exit
stubssigni�cantly: 18% fewer are requiredfor NET and 26%
fewer arerequiredfor LEI. Togetherwith selectingfewer instruc-
tions,onaveragethiseffectreducesthesizeof thecacheby 7%for
NET and9% for LEI. In termsof performance,reducingthesize
of thecodecacheis moreimportantthanreducingpro�ling mem-
ory, asexit stubsandduplicationin thecodecachereducelocality
of execution.

9Our algorithmsarevery likely to reducethenumberof suchlinks, as
fewer regionsareselectedandeachcontainsmorerelatedcode.

4.4 Effect on Optimization

Incorporatingmultiple pathsinto aregion is likely to affecthow it
is optimized.In particular, theoptimizermustperformmoreanal-
ysis to determinehow a block interactswith its predecessorsand
successors.Therefore,aggressively optimizingaregionwith mul-
tiple pathswill in generaltake longer thanperformingthe same
optimizationson a trace. However, threefactorssuggestthatop-
timizationswill bemoreeffective on regionsthatcontainmultiple
paths.

First, the most bene�cial dynamic optimization is code lay-
out. In Dynamo,roughly two-thirdsof the averageperformance
speedupresultsfrom traceselectionrather than other optimiza-
tions [3]. That is, removing unconditionaljumps and forming
tracesthatcrossprocedureboundariesarefarmoreimportantthan
Dynamo's otheroptimizations.Regionscontainingmultiple paths
alsoexhibit thesebene�ts,andthey improve locality of execution
further by replacingdistant inter-region jumps with local intra-
region jumps.

Second,regionswith multiplepathsgive theoptimizermorein-
formationaboutthecontext of theselectedpaths.Whena region
containsbothsidesof anif-else statement,redundancy elimina-
tion doesnot needto producecompensationcode.Whena region
containsa cycle, loop optimizationscanbeperformedthatarenot
possiblewhenthe cycle is separatedover multiple traces.Loop-
invariantcodemotion is an especiallyimportantexample,which
movescodefrom within a loop to above the loop whenpossible.
Opportunitiesfor suchcodemotionoftenincreasein dynamically
selectedregions,becausean instructionmaybe invariantin a se-
lectedcycle but not in the entireoriginal loop. However, even a
tracethatspansa cycle cannotperformthis optimization,because
it hasnowhereoutsidethecycle to move aninstruction.

Third, analgorithmfor selectinga larger region cangatherin-
formationaboutexecutionpatternswithin it (e.g.,edgeandpath
counts). This allows the optimizer to perform code layout and
otheroptimizationsthatmake a frequentlyexecutedpathmoreef-
�cient at the expenseof an infrequentlyexecutedpath. For ex-
ample,YoungandSmith [20] usepathcountsto guidea global
instructionscheduler.

5 RelatedWork

In additionto NET, several othertrace-selectionalgorithmshave
beenusedin dynamicoptimizationsystems.They differ from NET
in two mainways.Thosethataresoftware-basedusemorepro�l-
ing to identify the behavior of eachpotentialbranchin a trace.
Thosethatarehardware-basedobserve native executionandoften
userandomsamplingto selecta trace.Theproblemsof separation
andduplicationapplyasmuchto thesetrace-selectionalgorithms
asto NET.

Mojo is a transparentoptimizationsystemfor Windows that is
very similar to Dynamo. Onemain differenceis that it usesone
thresholdfor backward-branchtargetsanda lower thresholdfor
traceexits. The authorsclaim that this lower thresholdreduces
the impact of the rare casewhere the next-executing trace is a
cold path. In termsof our analysis,having a lower thresholdfor
exit targetsalsoreducestheseparationbetweenrelatedhot traces.
However, thisapproachstill doesnotallow therelatedtracesto be
optimizedtogether.

BOA is abinarytranslationsystemdevelopedatIBM thattrans-
latesPowerPCinstructionsinto native instructionsfor a propri-
etary, high-frequency processor[17]. In its emulationphase,BOA
maintainscountsfor eachconditionalbranchthat indicatehow
many timeseachtargetis taken.After theentrypoint to aninstruc-
tion sequenceis emulated15times,atraceis selectedby following
thetargetof eachconditionalbranchwith thehighestcount.



Wiggins/Redstoneis a transparentoptimizationsystemdevel-
opedat Compaqthat usesa combinationof hardware sampling
andsoftwareinstrumentation[8]. To identify the beginning of a
trace,theprogramcounteris periodicallysampled.Froma start-
ing instruction,a traceis selectedby addinginstrumentationcode
thatdeterminesthemostfrequenttargetof eachselectedbranch.

ADORE is a transparentoptimizationsystemdevelopedat the
Universityof Minnesotathatusesperformancecountersbuilt into
the target processor[15]. Speci�cally, it samplesregistersfrom
the performancemonitoring unit of the Intel Itanium 2 in order
to detectthe four most recentlytaken branches.When a set of
four branchesoccursfrequently, thecorrespondingpathis selected
andlinkedwith otherfrequentpathsto form a trace.Besidesbe-
inghardware-basedandprocessor-speci�c, themaindifferencebe-
tweenthis algorithmandothersdiscussedis that frequentbranch
targetsareidenti�ed by randomsampling.

All threetechniquespro�le morebranchesin the hopeof bet-
ter identifying a hot trace. Unfortunately, careful selectionof
tracesdoesnotaddresstheproblemsof separationandduplication.
Thedetailedpro�le informationgatheredby thesetechniquescan,
however, reducethecostof tracecombination,becausethis infor-
mationcanhelpselectwhichblocksto combine.

6 Conclusion

We have identi�ed and quanti�ed problemsof trace separation
andexcessive codeduplicationin thepopularNext-ExecutingTail
(NET) trace-selectionalgorithm. Theseproblemsnegatively im-
pactapplicationperformance,especiallyin largeapplicationswith
many important proceduresand a mix of biasedand unbiased
branches(e.g., 176.gcc). Motivatedby theseproblems,we de-
velopedtwo new region-selectionalgorithmsthat often selecta
smallernumberof larger regionsthanNET. By doingso,our al-
gorithmsbetterselectregions of frequentlyexecutingcodeand
directly improve locality of execution.In addition,eachalgorithm
is designedto decreasea speci�c typeof needlessduplication.

The successof our algorithmsis bestsummarizedby compar-
ing their combinedperformanceto that of NET. By performing
slightly moreanalysis,our algorithmsreducecodeexpansionby
9% and the numberof exit stubsby 32% while simultaneously
cuttingthenumberof region transitionsin half. Ourbestmeasure
of performance,the 90% cover setsize, improvesby more than
25% for every benchmark,averaginga 44% improvement. The
smallcostsof ouradditionalanalysisaremorethancoveredby the
savingsproduced.

Giventhis success,we arecurrentlyworkingwith Intel to mod-
ify Pin so that it canaccepta user-speci�ed trace-selectionalgo-
rithm. The early resultsarepositive—they demonstratethat our
trace-selectionalgorithmsimprove overall performance.We are
also beginning to investigatedynamicoptimizationsthat bene�t
from thelargerregionsproducedby ouralgorithms.
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