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Abstract

The performanceof a dynamic optimization systemdepends
heavily on the codeit selectsto optimize Many current systems
follow the designof HP Dynamoand selecta single interproce-
dural path, or trace as the unit of code optimizationand code
cading Thoughthisapproad toregionselectiorhasworkedwell
in practice weshowthatit is possibleto adaptthisbasicappoad
to produceregionswith greaterlocality, lessneedlessodedupli-
cation,andfewer pro ling countes. In particular, we proposewo
new region-selectionalgorithms and evaluate them against Dy-
namos selectiormedanism Next-Executingrail (NET).Our r st
algorithm,Last-Executedteration (LEI), identi es cyclic pathsof
executionbetterthan NET, improving locality of executionwhile
reducingthe sizeof the codecache Our secondalgorithmallows
overlappingtracesof similar executionfrequencyto be combined
into a singlelarge region. This secondtecniquecan be applied
to both NET and LEI, andwe nd that it signi cantly improves
metricsof locality andmemoryoverheadfor ead.

1 Intr oduction

A dynamicoptimizationsystemobseres executionpatternsin a
running programand optimizesthe frequentlyexecutingcodeto
improve programperformance. Dynamic optimization systems
fall into three generalcateories basedon their primary func-
tion: transparenbptimization, just-in-time compilation, and bi-
narytranslation A transparentptimizertakesabinaryexecutable
for a target processornd re-optimizesit basedon run-timein-
formation. A just-in-time compilertakes a machine-independent
programand compilesit for a target processor A binary trans-
lator takes an executablecompiledfor anincompatibleprocessor
andtranslatest to an equivalentprogramfor a target processor
In eachcase effective selectionand optimizationof the portions
of the codethat are expectedto executefrequentlyis critical for
limiting systemoverheadandachie/ing goodperformance.

In general,we usethe term region to describethe portion of
codethata dynamicoptimizationsystemselectsfor optimization.
Thetwo typesof regionscommonlyselectedy existing systems
area wholemethodandatrace Just-in-timecompilers,suchas
theJikes™ ResearclVirtual Machine(JikesRVM) [1, 2], areof-
tenorganizedaroundthe optimizationof whole methods.Thede-
signof thesesystemge ects thetraditionalfocusof compilerson
proceduresandother programmeide ned units of code. In con-
trast,systemssuchasDynamo[3, 4], DynamoRIO[6], Mojo [7],
Adore [15], Transmeta CMS [9] andthe Binary-translatedDp-
timization Architecture(BOA) [12] are designedaroundthe op-
timization of traces. Thesesystemsfocuson the interprocedural
programpaths(i.e., traces}thatareexecutedduringaprogramrun.
Ideally, region selectionandoptimizationin suchsystemsarenot
limited by static code organizationthat is meantto aid the pro-
grammer In this paper we proposeand evaluatetwo improve-
mentsto region selectionfor trace-basedlynamic optimization
systems.
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To understandhon we mightimprove upontrace-basedegion
selectionjt helpsto understandvhy traceshave beensucha pop-
ular choice. Thetracesconstructedy mostexisting dynamicop-
timization systemsare interprocedurakuperblockg11], regions
with a single entry point and multiple exit points. Suchregions
have beenshawvn to bevery simpleto constructandoptimize,thus
incurring little run-time overhead. Furthermore by placing fre-
guentlyexecutedcodetogetherin consecutie memorylocations,
tracesprovide a rangeof instructionfetch bene ts. Finally, prior
researcH5] hasshavn that programsoften follow a small num-
berof “hot” paths.ldentifying andoptimizingthesehot pathshas
beencrucialto the performancef dynamicoptimizationsystems.
In summaryagoodalgorithmfor region selectiormustaccurately
identify the frequently executedapplicationcode, selectthe re-
gions of frequently executedcodewith little run-time overhead,
andproduceoptimizedcodein the dynamicoptimizationsystems
codecachethatexhibitsexcellentlocality andfetchcharacteristics.

Duestervald and Bala[10] proposedone suchtrace-basede-
gion selectiontechniquecalledNext-ExecutingTail (NET). It ex-
hibits all of the desirablefeaturesdescribedabore and thus has
beenparticularlypopulasit is usedasthe trace-selectiomech-
anismin Dynamo,DynamoRIO,and Mojo. Becauseof its pop-
ularity and good performancewe use NET throughoutthis pa-
perasthe baselineof our investigationsand experimentakesults.
However, the shortcomingsthat we identify are not unique to
NET; theseproblemsappearin all othertrace-selectioomecha-
nismsknown to us.

When studiedclosely all existing trace-selectioralgorithms
suffer from two orthogonalproblems:the problemof trace sep-
aration andthe problemof excessiveodeduplication

The problemof trace separations that relatedcode pathsin
theoriginal programareselectechsseparateracesandplacedfar
apartin the codecache. Oncea tracehasbheenselectedthereis
adelayduringwhich arelatedtraceis identi ed asexecutingfre-
quently During this time, tracesfrom otherpartsof the codeare
likely to be selectecand promotedto the codecache.Oncea re-
latedtraceis selectedit is insertedfar from the original trace,po-
tentially on a separatevirtual memorypage. Separatiordegrades
performancebecausét reducedocality of execution—andhere-
fore instruction cacheperformance—agontrol jumps between
distanttraces.

The problemof excessie codeduplicationstemsfrom thefact
that relatedpathsoften have codein common,so selectingiso-
lated tracesresultsin duplication of this code. In somecases,
duplicationis bene cial becausdt improves locality of execu-
tion, just asmethodinlining usesduplicationto improve perfor
mance. However, we identify and quantify one type of trace
duplication—tailduplicationassociatedvith early trace exits of
unbiasedranches—wherthe codeduplicationcostsgreatlyout-
weighary bene tsof theresultingpathseparationExcessie code
duplicationstresseshe memorysystem,andit canalsodegrade
the performancenf a dynamicoptimizationsystembecausét in-
creasesheoverheadbof codetranslatiorandoptimization.



The importanceof thesetwo problemswill grow asthe soft-
wareindustry continuesto produceexecutableswith anincreas-
ing numberof frequentlyexecutingpaths. As shavn by Ball and
Larus[5], the numberof pathsthatcomprise90% of executionin
moderncommercialsoftwareis often oneto two ordersof mag-
nitude greaterthanin the standardoenchmarkprogramsusedto
developNET. As the numberof relatedpathsgrows, the extent of
traceseparatiorandthe amountof codeduplicationgron with it.

To addresgheseproblems,we describeand evaluatetwo new,
low-overheadregion-selectionalgorithms. Our rst algorithm,
calledLast-Executedteration (LEI), selectdraceghatcorrespond
to cyclic applicationpaths! Currenttrace-selectioralgorithms
do not directly searchfor cyclic paths,so they often split fre-
guently executedpathsacrossmultiple traces,andthey duplicate
codefrom innerloopsin the tracefor an outerloop. Our second
algorithm, called trace combination producesregions that may
include multiple relatedpaths. Tracecombinationobseres mul-
tiple pathsduring trace selectionand combinesthosethat share
codeandexecutefrequently By combiningsuchpathsi,it is able
to eliminateexcessve codeduplicationresultingfrom pathsthat
split at an unbiasedconditionalbranchand later rejoin. We ar
guethatcombiningtraceshatshareanunbiasedranchimproves
memoryperformanceand enhance®pportunitiesfor loop-based
andpro le-drivenoptimization.

This paperhasfour main contrikbutions:

We identify andquantify problemsof traceseparatiorand ex-
cessve codeduplicationin the popularNET trace-selectionl-
gorithm.

We describeandevaluatealow-overheadalgorithm—LEI|—for
selectingraceshatcorrespondlirectly to cyclesin theexecut-
ing application. Building more cycle-spanningracessigni -
cantlyreduceghe problemof traceseparationThis algorithm
alsoavoidsduplicatingnestectycles,whichresultsn lesscode
duplicationthanunderNET.

We describe and evaluate an efcient algorithm—trace
combination—forbuilding a region with oneor moreinterpro-
ceduralpaths. This algorithm signi cantly improves locality
of execution, and it doesso while reducingthe amountof
codecached. Sincetrace combinationis independentf the
methodof traceselection,we demonstratehatit reduceshe
problemsof separatiorandduplicationfor bothNET andLEI.
Moreover, eachimprovementis larger for LEI thanfor NET,
which suggeststhat our algorithms are especially effective
whencombined.

Through simulation, we shav that LEI (and LEI with trace
combination)requiresfewer tracesandlesscodecachespace
thanNET (andNET with tracecombination)to cover 90% of

theinstructionsexecutedn our benchmarksThis “90% cover

set” metric hasbeenfound to correlatewell with the perfor

manceof real dynamicoptimizationsystemg4]. Along with

our argumentsaboutthe low overheadf our algorithmsthese
resultsprovide strongevidencethat our algorithmswill im-

prove the performancef realsystems.

Webegin in Section2 with a brief descriptionof theNET trace-
selectionalgorithm,how it exempli es theproblemsof tracesepa-
rationandexcessie codeduplication,andthemetricsandmethod-
ology usedto evaluateall region-selectiortechniques Sections3
and4 develop and evaluateour LEI andtrace-combinatioralgo-
rithms. Section5 discussesther existing trace-selectioralgo-
rithms,andSection6 summarizes.

1A cyclicpathis simply a paththatendswith abranchto its beginning.
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Figure 1. Overviav of executionundera dynamicoptimization
systemShadedoxescorrespondo partsof the systenthat emu-
late or executeoriginal programinstructions.

2 Background and Methodology

Section2.1 describeghe dynamicoptimizationsystemwe simu-

late and the NET trace-selectioralgorithmwe useas a baseline
for comparison.Section2.2 thenpresentghreeillustrative short-

comingsof NET with respecto the problemsof traceseparation
andexcessve codeduplication.We endin Section2.3with abrief

discussiorof the experimentaimethodologyusedin the later sec-

tions.

2.1 Dynamic Optimization Setting

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

A dynamicoptimizationsystembegins executinga binary by
emulatingit in aninterpreter. As the systememulateghe binary,
it gatherspro ling informationaboutwhich portionsof codeexe-
cutefrequently This allows it to decidewhenandwhereto start
selectingaregion. In somecasesthis informationis alsousedto
selectthe basicblocksthatcomprisetheregion.

At every interpretedtaken branch,the systemdecideswvhether
to switch from emulatingthe codeto executinga region from the
codecache.If the branchtamget corresponds$o an optimizedre-
gion in the codecache the systemstartsexecutingthat code. If
not, the systemusestwo criteriato decidewhethera new region
shouldbe selectedand addedto the cache. First, the branchtar
getmustbe allowed to begin a region. Restrictingwhich branch
targetsareconsiderededucesro ling overheadandcodedupli-
cation.Secondthe branchtargetmusthave executedmary times,
asthis suggestshatit will continueto executemary times. Thisis
implementedy associatinga counterwith thetarmgetof ary taken
branchthatis allowedto begin aregion. Whenthecounterexceeds
aprede nedthresholdaregionis selectedaginningatthebranch
target. If the branchcannotbegin a region or the countdoesnot
meetthethreshold controlreturnsto theinterpreter

NET selectsatracethatbegins atthetargetof oneof two types
of branchesa backward branchor anexit from an existing trace.
A badward brandh is simply aninstructionthattransferscontrol
to alower addressandit often corresponds$o the backedgeof a
loop. In thisway, NET attemptdgo selecttracesthatbegin atloop
headerslIf aloop hasmorethanonefrequentlyexecutedpath—or
if NET doesnotidentify the dominantpathinitially—an exit from
the rst tracewill executefrequentlyandNET will selectasecond
tracethatbeginswith its target.

The executioncountthresholdfor traceselectionin NET is 50.
Whenthis thresholdis reachedNET selectsa traceby interpret-
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Figure 2. Thecontwol ow graphontheleft containsa loop with
a functioncall on its dominantpath (ABDEF).NET requirestwo
trace(ABD andEF) to spanthecycle In thisdiagram,weassume
that the function beginning with E is at a lower address,so the
call is a backward branch ratherthanthereturn. Ideally, only one
tracewouldbe selectedandit wouldrequire two fewer exit stubs
(which are representedastraceblodkslabeledto X”).

ing andcopying the paththatis executednext. Althoughthepath
selecteds not basedon ary accumulatednformation, it is statis-
tically likely to executefrequently[10]. The trace continuesto

extendalongtheinterpretedhathuntil abackwardbranchis taken,

a branchis taken that targetsthe startof anothertrace,or a size
limit is reached.Theserulesallow a NET traceto extendacross
procedurecallsor returns.

Onceatracehasbeenselectedan exit stubis createdfor each
side exit and placedat the end of the trace,leaving the selected
blockscontiguousn memory To avoid the overheadf switching
to andfrom theinterpreter the branchto ary exit stubthatleads
directly to anothercachedregion is rewritten to jump directly to
thatotherregion.

2.2 ThreeShortcomings

Loops. Whenaloop in a programexecutesfrequently locality
of executionis muchbetterif the entirepathis containedn asin-
gle region ratherthan split amongseveral regions? We say that
a region spansa cycle whenrepeatedexecutionof the cycle re-
mainsin theregion. For regionsthataretracesthis meanghatthe
tracecontainsall blocksin the cycle, includingonethatendswith
abranchto thetop of thetrace.

Onthe surface,NET seemswell-suitedto selectingtracesthat
spancycles. lts pro ling focuseson the tamgetsof taken back-
ward branchedecausehey oftencorrespondo loop headerg3].
Moreover, tracescancrossprocedureboundariesandincludeary
forwardbranch soanindirectjump or call will notnecessarilgnd
atracebeforeit reaches loop backedge.

However, thede nition of NET impliesthata singletracecan-
notspananinterproceduratycle. NET selectaninterprocedual
forward path asde ned by Duestervald andBala[10], thatends
with acallto afunctionataloweraddres®r returnfrom afunction
at a higheraddress.NET, therefore,cannotextenda traceacross
bothafunctioncall andits correspondingeturn.As shavn in Fig-
ure 2, if aloop containsa functioncall on its dominantpath,then
NET will form two separatdracesthatinclude two unnecessary
exit stubs. Our experimentsindicatethat stoppingat a backward
functioncall or returnenablesNET to limit codeexpansionput it
preventsary interproceduratycle from beingspanned.

Nestedloops. Anothercommonbut generallyundesirableen-
deny of NET is to duplicatethe beginning of aninnerloopin a

2Balaet al. [4] make a similar obseration by consideringan example
in whichaprogramconsistof onepaththroughalargeloop: analgorithm
thatselectgheentirepathasasingleregionwill outperformonethatsplits
the pathinto multiple regions.

NET Ideal
B ] B |
5 |

Figure 3. Tracesselectedfor simplenestedioops. NET selects
threetracesandduplicategheinnerloop. Anidealtrace-selection
algorithm would avoid duplication of the inner loop and sepaa-
tion of the outerloop blocks.

Figure 4. Tracesselectedby NET for an unbiaseddrand (ending
A) followedbya biasedbranch (endingD ), assuminghatthepath
throughblodk C is selectedr st. Theunbiasedbranch targetsare
sepaated,andtwo blocksand an exit stubare duplicated.

tracefor anouterloop. AlthoughNET endsatracewhenataken
branchjumpsto an existing trace,with nestedoopscontrol often
falls into the innerloop. Figure 3 illustratestraceselectionper

formedby NET on a simplefragmentof codeconsistingof a pair
of nestedoops. Block B is selectedrst asthetargetof its own

backward branch.After B exits to C 50times,C is selectedput
thetracedoesnot extendto A because&CA is abackward branch.
Only after C exits to A doesA starta trace,which extendsuntil

the next backward branchto includeanothercopy of B..

In contrast,separatiorandduplicationare both reducecby se-
lecting tracesbasedon cyclesB andCA. B is selectedrst as
a single-blockeycle, andthe secondracebeggins at its exit to C.
This trace continueswith A but endsbecausehe next block on
the path, B, is the startof a region andthereforea nestedloop.
Here, if atraceis allowed to extend acrossa backward branch,
fewer blocksare selectecand divided amongfewer traces.Chen
etal. [7] discussa similar exampleandcometo a similar conclu-
sion, but do notappearo have a solutionthatachievestheideal.

Unbiasedbranches. An unbiasedranchis aninherentproblem
for atraceselectiontechniqudike NET, because tracecancon-
tain only oneof thebranchtargets.Theresultis thatfrequentlyex-
ecutedpathsfrom anunbiasedrancharesplitinto separatéraces.
In addition,if thesetracesreacha commonjoin point, all blocks
following this join pointareduplicated.

Figure4 shavs acontrol- ow graphfor anunbiasedranchthat
is followedby abiasedbranchwherethelabelon eachedgefrom
a split point indicatesits probability of beingtaken. The right
side of the gure shaws the tracesthat NET would selectfrom
it, illustrating separatiorand duplicationcausedby an unbiased
branch.It begins by selectinga tracefor onedirectionof the rst
conditionalandlater selectsa secondtraceasthe otherdirection
is taken. Notice thatthe secondconditional—consistingf blocks
D andF andanexit stubto E—appearsn eachtrace.

Section4 describesan algorithmthat combinesequally likely
pathsinto a singleregion. This region containsno duplicationand
allows controlto remainin theregionregardles®f whichunbiased



branchtargetis taken. The exit stubto block B is replacedby
the block itself, andthereis no needto duplicatethe exit stubto
blockE .2

Clearly; not all regionsshouldcontainmultiple paths. If there
is a singledominantpathbeginning at a pro led block, it should
be selectedas a trace and no additional pathsshould be added.
Addingrarelyexecutedblockswould increasehe overheadbf op-
timizationandthe strainon the memorysystemwithout providing
anoffsettingimprovementn executiontime for theregion. There-
fore, an algorithmthat allows a region to containmultiple paths
shouldstill be ableto detecta dominantpath andform a single
tracefor it.

2.3 Methodology

To determingheeffect of our changego region selectionwe cre-
ateda framework for simulatinga dynamicoptimizationsystem
andimplementedeachof our region-selectionalgorithmswithin
it.* Theframavork reliesonthe Pin dynamicinstrumentatiorsys-
tem[16] to reportthe sequencef basicblocksexecutedby a pro-
gram. For eachexecutedbranchtaken, it simulateshe actionsof
thedynamicoptimizationsystemdescribedn Section2.1.

Our framevork assumesan unboundedcode cache. As we
reportin the following sections,our region-selectionalgorithms
should help improve the performanceof dynamic optimization
systemswith boundedccodecachesbecauseuralgorithmsreduce
codeduplicationandproducedewercachedegions. Thisimproves
memoryperformancereducesheoverheadf cachemanagement,
andregeneratedewer evicted regions. Detailedinvestigationof
theseeffects,however, is outsidethe scopeof this paper

We presentdatafor running eachof the twelve SPECint2000
benchmarks$o completiononits test input[19]. Whenthereare
multiple test inputsfor a benchmarkthe input thatrequiresthe
programto executethe mostinstructionsis used.

For eachalgorithm, we begin with metricsthat illustrate im-
provementsover NET in traceseparatiorand excessie codedu-
plication. We alsoquantifythe additionalcostsof eachapproach.

To estimatetheeffect of atrace-selectiomlgorithmontheover-
all performancenf a dynamicoptimizationsystem,we adoptthe
“trace quality metric” usedby theimplementerof Dynamo,who
designedhe NET algorithm[4]. They de ne the X% cover setof
aregion-selectioralgorithmto be the smallestsetof regionsthat
compriseat leastX% of programexecution. In evaluating four
region-selectioralgorithms the authorsfound thatthe 90% cover
setswerea perfectpredictorof performancea smaller90%cover
setimplied a smallerexecutiontime.

To measurenow well a region-selectioralgorithmpredictsthe
codethat will executefrequently we computethe hit rate and
amountof codeexpansion The hit ratefor a programis the per
centageof executedprograminstructionsthat executefrom the
codecache.The amountof codeexpansionis the numberof pro-
graminstructionsthat are copiedinto the codecache. We focus
on this metric ratherthanthe overall size of the cachebecausét
measureshe amountof work doneby the optimizer but attimes
we alsoconsiderthe numberof exit stubstheregionsrequire.

To measuréhow well aregion-selectioralgorithmselectscode
thatexecutesogetherwe countthe numberof region transitions
A region transitionis a jump betweerregionsin the codecache,
which areoften far apart. Fewer region transitionsimplies better
locality of execution.

3Thisreductionin exit stubsis signi cant. Hazelvood [14] shavs that,
in DynamoRIO,exit stubsoccurroughly every six instructionsand each
requiresat leastthreeinstructions. This implies that exit stubsusually
compriseover one-thirdof theinstructionsn the codecache.

4All detailsof region selectionhave beenabstracteaut of the frame-
work, allowing usto gatherdatafor eachregion-selectioralgorithmwith-
outmodi cation.

INTERPRETED-BRANCH-TAKEN( historybuffer B uf
addresgached
if cached

thenjump cached

; addrsrc; addrtgt)
HASH-LOOKUR codecache; tgt)
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4
5 CIRCULAR-BUFFER-INSERT(B uf ; src;tgt)
6 if HASH-LookuR(B uf :hash; tgt)
7  then historybuffer loc old = locationof tgt in B uf
8 HAsSH-UPDATE(B uf :hash; tgt; lastelemenin B uf )
9 if tgt  srcorold follows exit from codecache
10 then incrementounterc associateavith tgt
11 if c= Teye
12 thennewT FORM-TRACE(B uf ; tgt; old)
13 remove all elementof B uf afterold
14 reg/cle counterassociateavith tgt
15 jump newT
16
17

else HASH-INSERT(B uf :hash; tgt; lastelementin B uf )

Figure 5. Last-Executedteration Algorithm.

3 Last-Executedlteration Trace Selection

In this section,we focus on applyingthe principle that effective
tracesspancyclesbut avoid duplicatingnestectycles. We shaved
in the previous sectionthat NET cannotspanan interprocedural
cycle,andprior work [13] hasshavn thatsuchcyclesaccountor
alarge percentag®f executionin somebenchmarksTo address
this, we develop a trace-selectiomlgorithmthatexplicitly selects
cyclesanddoesnot restrictthe type of branchatracecaninclude.
We evaluateour algorithmrelative to NET and nd thatit reduces
both separatiorand duplicationwhile requiringsigni cantly less
memoryfor pro ling.

3.1 Last-ExecutedlIteration Algorithm

Last-Executedteration (LEI) selectscyclic tracesbasedon a
history buffer containing the most recently interpretedtaken
branches.If the target of a branchis in the buffer, a cycle has
executedandthe buffer containsts path. This just-executedcycle
is consideredor optimizationandpromotionto the codecache.

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 thatis completedwith
abackwvard branchor follows anexit from the codecacheis con-
sidered. As we want a tracethat executesfrequently only after
the branchexecutesa prede nednumberof times, T¢y ¢, is atrace
selected.Like NET, this requiresadditionalmemoryfor counter
variablesbut only for a smallsubsebf taken branchtarmgets.

Whena counterreachesheexecutionthreshold Ty ¢, atraceis
selectedrom thecyclic pathspeci ed by thehistorybuffer. Given
the addressand tamget of eachtaken branch,the full pathis re-
constructedy repeatedlyappendinghe instructionsbetweerthe
targetaddresof the currentbranchandthe sourceaddresf the
next branch.Thetraceendswhenacycleis completedr the next
instructionbegins an existing trace. This secondconditionallows
LEI to avoid duplicatingthe rst iterationof aninnercycle, even
on afall-throughpath.

Figure 5 givesthe LEI algorithm, which is invoked when an
interpretecbranchis taken. Like NET, it rst checksto seeif the
targetis in the codecache andif sotransferscontroltoit. If not,
line 5 insertsit into the branchhistory buffer. In orderto make
searchindor atargetin thehistorybuffer ef cient, ahashtableof
all tagetscurrentlyin the buffer is maintained.Line 6 usesthis
hashtableto checkfor acycle,andlines8 and17 updatethe hash
table to refer to this new occurrenceof the tamget. If the target
completesa cycle, line 9 determinesvhetherit canbegin atrace.
If so,its counteris incrementedand a traceis selectedvhenthe



ForM-TRACE( historybuffer B uf
1 tracenewTrace ;

; addrstar t ; historybuffer loc old )

2 addresprev start

3 for eachbranch in Buf afterold

4 dofor eachinst in fall-throughpathfrom prev to branch:sr c
5 do

6 ==Stopif next instructionbeginsatrace
7 if HASH-LOOKUR codecache; inst )

8 then break

9 newTrace newTrace[ finstg
10
11 == Stopif branchformsacycle
12 if branch:tgt 2 newTrace
13 then break
14
15 prev  branchitgt

16 return newTrace

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

counterreacheS ¢y .. Oncethetraceis selectedthecorresponding
branchesn the historybuffer areremosed andits counteris made
availablefor reuse.

Figure6 shawvs how LEI usesthe historybuffer to form atrace.
The loop beginning on line 3 iteratesover eachtaken branchin
the currentcycle to determinethe executedpath. For a taken
branch,all instructionsfrom its target to the addresf the next
taken branchmusthave beenon the path of execution. Theloop
beginningon line 5 copieseachinstructionfrom the pathinto the
trace,andstopswhenonebegins an existing region. If oneis not
found,thetracegrows until it completesacycle online 12.

AlthoughLEI maintainssnoughinformationto selectcycles,its
runtimeoverheadremainscomparableo thatof NET. Eachalgo-
rithm is only invoked whenan interpretecbranchis taken, andin
all benchmarksver 98% of executionoccursnatively from the
codecache.On eachtaken branch,bothalgorithmsdo a constant
amountof work: eachperformsa hashtablelookupto determine
if the tamgetis in the codecache,and eachpotentiallyupdatesa
counter LEI addsonly one buffer insertionand one hashtable
lookupfor the historybuffer, asall othermodi cations of thehash
tablecanbe combinedwith this lookup.

Considertheexampledescribedn Section2.2: aloopthatcon-
tainsa function call on its dominantpath. WhereasNET selects
thetwo tracesn Figure2, LEI selectdheidealtracethatspanghe
cycle. Thisreduceshe problemof separationasfutureiterations
remainin thesametrace.lt alsoreduceghesizeof thecodecache,
asfewer exit stubsarerequired.

This example highlights several important propertiesof LEI.
Thebranchhistorybuffer containsonly takenbranchessothefall-
throughpathfrom A to B is notincluded. Relatvely few branch
targetsrequirecounters;hereA doesbut D doesnot. OnceA is
enteredinto the buffer a secondtime, the hashtable is updated
to referto its mostrecententry Betweenits entries,the branch
historybuffer representshefull interproceduratycle.

3.2 Experimental Results

Usingthesimulationframevork describedn Section2.3,we com-
pareLEl to NET with two main questions:how well doesLEI
selecttracesthat spancycles, and what effect doesthis have on
separatiomndduplication.For all of our performancenetrics,we
nd thatLEl producesnoreeffective traceshanNET.

For thesecomparisonsye useanexecutionthresholdof 50 for
NET, which is the publishedstandard3, 4, 10]. As LEI counts
only certainexecutionsof a backward branch—thosevherethe
branchtargetexistsin the history buffer—a smallervalue should
be used,andwe choose35. We setthe size of the history buffer
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Figure 7. Theimprovementof LEI over NET in selectingtraces
thatspancycles.Thelighter bars showtheincreasen thespanned
cycleratio (a measue basedon what tracesare selected). The
darker bars showtheresultingincreasen the executectycleratio

(ameasue basedon howtracesexecute).

to be 500. Intuitively, this seemssmall enoughto requirelittle
memorybut large enoughto capturevery long cycles andthose
with frequentlyexecutingnesteccycles.

Thehit rateis slightly lower for LEI thanfor NET in mostof the
SPECint200tbenchmarksbut it remainsabore 99% for all but
two. Only for thesetwo benchmarkss the differencein hit rate
morethan0.2%, with mcf's falling from 99.80%to 98.31%and
gcc'sfrom 99.37%to 98.98%.Loweringthe executionthreshold,
asis doneby Chenetal. [7], couldcompensatéor thisdifference,
but we do notattemptto tunethis parametewithoutrun-timemea-
surements.

3.2.1 SpanningCycles

We rst evaluatehow well LEI achievesits primary goal of im-
proving on NET's ability to spancycles. To measurehis,we com-
puteboththe spannectycleratio andthe executedcycleratio of
LEI relative to NET. The spannedycle ratio is the percentag®f
selectedracesthatincludea branchto the top of the trace. The
executedcycle ratio is the percentagef traceexecutionsthatend
by takingabranchto thetop of thetrace therebyexecutingtheen-
tire spannectycle. Togetherthey measurénon mary additional
cyclesLEIl spansandhov muchof aneffect thesecycleshave on
locality of execution.

Figure7 summarizesheeffectof LEI onthesetwo metrics.For
all benchmarkd,.El spansnorecyclesthanNET, raisingtheover-
all proportionof cycle-spanningracesby nearly5%. This meets
our expectation,asallowing interproceduraforward pathsto in-
cludebackwardfunctioncallsandreturnsincreaseshe numberof
potentialcyclic traces.The additionalcyclesincreasehe propor
tion of executedcyclesin all casesandin generakthetwo metrics
arehighly correlated.Thiscon rms thatspanningnorecyclesim-
provesthe behaior of executionin the codecache asfewer exits
aretakento theinterpreteror to a separatedegion.

3.2.2 CodeExpansionand Locality of Execution

Figure8 shavs thatLEI succeedn reducingbothseparatiorand
duplication:it producedesscodeexpansionthanNET while im-

proving locality of executionin the codecache. For all bench-
marksbut crafty , theeliminationof cycle duplicationoutweighs
the effect of selectinglongertracesacrossforward andbackward

branchessoon averagelEl resultsin 92% of the codeexpansion
of NET. Despitecopying fewer instructionsinto the codecache,
theaveragesizeof atraceis larger (increasingrom an averageof

14.8to0 18.3instructionsover all benchmarks)Togethemwith the
increasen executedcycles,this causes signi cant improvement
in locality of execution: on averagethe numberof region transi-
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Figure 8. Codeexpansiorandregion transitionsof LEI relativeto
NET.
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Figure 9. Minimumnumberof tracesrequiredto cover 90%of the
instructionsexecutedby each bendimark.

tionsis only 80% of thatof NET. In thisway, includingbackward
branchedut avoiding cycle duplicationenabled El to simultane-
ouslyreducethe problemsof separatiorandduplication.

Two resultsfrom Figure8 standout: codeexpansiorfor crafty
andthe numberof region transitionsfor parser . In both cases,
LEI performsno betterthan NET. By consideringFigure 7, the
reasonfor this becomeglear: theseare the two benchmarkdgor
which LEI spansthe fewestadditional cycles. This correlation
holdsfor otherbenchmarksswell, asthe moreadditionalcycles
LEI spanghemoreit outperformaNET.

3.2.3 90% Cover SetSize

Thesizeof the 90% cover setfor eachbenchmarks givenin Fig-
ure9. In all casesl_El requiresasigni cantly smallersetof traces,
with an averagereductionof 18%. As executionis concentrated
in a smallernumberof larger regions, locality of executionim-
provesandthe opportunityfor optimizationwithin eachtracein-
crease44]. Giventhe empiricalassociatiorbetweenthe size of
a 90% cover setandthe runtime performanceof trace-basedly-
namicoptimization,this providesstrongevidencethat LEI would
bemoreeffective in practicethanNET.

3.2.4 Proling Overhead

Finally, we considerthe memoryoverheadthat LEI requiresfor
pro ling. Thehistorybuffer itself requiresadditionalmemory but
its sizeis x ed andvery small relative to overall memoryover
head. Counteroverheadis an importantissuefor pro ling tech-
nigues,and one of NET's strongpointsis thatit only requires
a counterfor a subsetof branchtargets[10]. Moreover, oncea
counterreacheghe thresholdvalue it can be reusedfor another
branchtarmget. LEI maintainsboth of thesepropertiesandrequires
lesscountermemorybecausé is morerestrictive aboutwhetherto
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Figure 10. Numberof countes required by LEI relativeto NET.

associate counterwith abranchtarget. Not only mustanaddress
bethetargetof abackwardbranchor follow anexit from thecode
cachejt mustalsobein the history buffer of recentlyinterpreted
branchtargets. Figure 10 gives the relative valuesof the maxi-
mum numberof countersin useat ary point in the benchmark,
indicatingthatLEI requiresonly two-thirdsthe pro ling memory
of NET. Thereforeby doingslightly moreanalysisLEI is ableto
selectmoreeffective traceswhile requiringlessmemoryfor pro-
ling.

4 Trace Combination

In this sectionwe addresshe problemsinherentin traceselection
by developing an algorithm that selectsregions containingmul-

tiple interprocedurapaths. The dif culty lies in decidingwhich

pathsto includeandwhich to excludewhile notincurring signif-

icantpro ling overhead.We obsere thata trace-selectioralgo-
rithm ef ciently selectsa singlepath,sowe develop analgorithm
thatcombinesmultiple tracesand attemptsto minimize the over

headof combination. It doesnot dependon how tracesare se-
lected,sowe evaluateits performanceusingboth Next-Executing
Tail (NET) tracesandour Last-Executedteration(LEI) tracesWe
nd thatit reducesthe problemof trace separatiorsigni cantly

while resultingin amuchsmallercodecache.

4.1 Exit Domination

To shav thatNET andLEI suffer from separatiorand excessie
codeduplicationbecause¢hey selectndividualtraceswe measure
theamountof exit dominationthey produce As we will seewhen
oneregion exit-dominatesanother thereis no bene t to selecting
eachindependently Instead,combiningthe two regionsreduces
separation.Moreover, if they containary of the sameblocks—a
situationwe call exit-dominatedduplication—combiningthe two
regionsalsoreducesodeduplication.

WesaythatregionR exit-dominategegionS if threeconditions
hold. First, S beginsatanexit from R. Secondthe exit blockis
theonly predecessadp theentranceblock of S thatexecutes and
is not containedn S. Third, R wasselectecbheforeS. Together
thesamply thattherewasnobene tto stoppingR attheexitto S:
it sened only to delaythe selectionof S, separataéhe regionsin
the codecacheandduring optimization,andpotentiallyintroduce
additionalduplication.

Figureslland12 shav theamountof exit dominationbetween
tracesselected. In Figure 11, we seethat exit-dominatedtraces
often containduplicateinstructions,rangingfrom 1 to 7% of all
instructionsselected.More signi cantly, Figure 12 shavs thata

5Thetraditionalde nition of dominationconsidersevery edgeregard-
lessof whetherit executes. However, we useexit-dominationto detect
whenseparatingegionsis not useful,andanincomingedgethatis never
executeddoesnot male separatioruseful.
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Figure 11. The proportion of instructionsselectecby NET and
LEI that are exit-dominatedduplication.
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Figure 12. Theproportionof tracesselectecby NET and LEI that
are exit-dominated.

high percentagef tracesareexit-dominated:on average 15% of
NET tracesand22%of LEI traces.This unnecessargeparation—
wherethedominatedracecanonly beenteredy exiting thedom-
inating trace—suggestthatif a larger region were selectedthat
containecdbothtracesjocality of executionwould improve.

For nearlyall benchmarksexit-dominatedtracescomprisebe-
tweenl0and25% of selectedraces.However, eonis aclearout-
lier. The differenceis thateon producessereral tracesthateach
exit-dominatesa large numberof othertraces.For example,three
of theseexit-dominatingtracescorrespondo constructorsf the
widely usedggPoint3 class. Oncea traceis selectedfor such
a constructor an exit-dominatedtracewill be selectedfor each
frequentlyexecutedfunction that callsit. If thesetracesare not
consideredgon's proportionof exit-dominatedtracesdecreases
to justabove average.

In almostall casesLEl producesmore exit-dominatedtraces
thanNET, andthis causesnoreexit-dominatedduplication. This
doesnot imply thatit is a lesseffective trace-selectiomlgorithm
thanNET; Section3 demonstratethe opposite.Rather it shavs
thatthe sameopportunitiesxist underLElI andNET, despiteLEl
emitting fewer tracesand lesscode. As LEI hasproportionally
moreexit domination tracecombinatiorshouldbe especiallyben-
e cial for it. Aswe will seein Section4.3,thisis very muchthe
case.

4.2 Trace-Combination Algorithm

Trace combinationis a simple extensionof trace selection. A
trace-selectioralgorithmpro les certainbranchtargetsuntil one
executesa especi ¢ numberof times,andthenit selectsa single
trace. Tracecombinationlowersthis thresholdand obseresthe
tracesgeneratedor the next several executionsof the tamget. It
thenselectsaregionthatbeginsatthe branchtargetandcombines
blocksfrom theseseveralobservedraces

By doingso, tracecombinatiorallows a region to containmul-
tiple pathswithout requiringit to. If thereis a single dominant

INTERPRETED-BRANCH-TAKEN( addressr ¢ ; addresslest )
1 addreszached HASH-LooKUR codecache; dest)
2 if cached

thenjump cached

3
4
5 if destis apotentialtraceentrance

6 then incrementcounterc associatedvith dest

7 if c> Tstar t

8 then form atracet beginningatdest

9 storeCOMPACT-TRACE(t) in memory

10 if €= Tstar t + Tprof

11 then regycle counterc

12 CFGG combineobseredtracesat dest

13 markall blocksthatappeaiin atleastTyi, traces
14 MARK-REJOINING-PATHHG)

15 remove from G all unmarled blocks

16 replaceary region exit thattargetsablockin G

17 addressiewR INSERT-OPTIMIZED-REGION(G)

18 jump newR

Figure 13. Algorithmfor tracecombination.

pathfrom abranchtarget,tracecombinatiorselectonly thatpath,
becausall obsered tracescontainthe sameblocks. Only when
multiple pathsexecutefrequentlydoesit combinethem.

The simplestform of tracecombinationwould selectall blocks
from eachobsenred trace. This increaseshe chancethat control
remainswithin theoptimizedregion, but it alsoincreaseshenum-
berof infrequentlyexecutedlocksthatareselectedAswe argued
whendiscussingodeexpansionthis hasahigh costin adynamic
system.To preventthis, our algorithmconstructsa region with a
two-stepprocess: rst it includesonly thoseblocksthatoccurin
frequentlyexecutedracesandthenit includesexecutedpathsthat
rejoin thoseblocks®

Figurel3providesanoverview of thealgorithmandshavs how
it selectsdblocksthatfrequentlyoccurin obseredtraces.For each
of Tpr of executiondrom abranchtarget,line 8 selectsatraceand
line 9 storest to memory Onthelastexecution,line 12 combines
all of thesetracego form a CFGrepresentationf thepathswhich
will be usednot only to selectthe region but alsoto optimizeit.
As it builds the CFG, the algorithm labels eachblock with the
numberof obsered tracesin which it occurs,markingall blocks
thatoccuratleastTmin times. Line 14 thenrunsanalgorithmto
mark all blocksin the CFG on a pathto one of thesefrequently
occurringblocks. All unmarled blocks areremoved on line 15,
andall unnecessargxit stubsareremoved on line 16. Line 17
optimizestheresultingregion andinsertsit into the codecache.

Threeaspectof this algorithm require more detail: howv ob-
senedtracesarestored,how they arecombinedinto a CFG, and
how rejoining pathsaremarked.

4.2.1 Storing a Trace

In orderto delayall analysisuntil a region is selectedwe store
eachobsenred traceindependently Thatis, we do not look for
blocksin commonbetweenobsenred traceswhen storing them,
becaus¢hecounterassociatewvith theirentrancenayneverreach
thethreshold.Althoughthis avoids unnecessargnalysisjt could
requiresigni cantly more memory as mary copiesof the same
tracemaybestored.

To reducememoryoverheadyve storeacompactepresentation
of eachtrace. Speci cally, we recordthe outcomeof eachbranch
encounteredh thetracesothatit canbereconstructedf aregion
is selectedAs the optimizermustalreadydecodesachinstruction

8Executedpathsthatrejoin frequentlyexecutedblocksareincludedbe-
causejf selectedseparatelythey arethe causeof exit dominatecduplica-
tion.



CoMPACT-TRACE( tracet )
bitstringb
for eachbranch in t
doif branch is anindirectbranch
then append01” to b followed by thetargetaddress

else if branch is conditional
thenif branch is nottaken
then append10” tob

10 else if branch istaken

11 then append11” tob

12 append00” tob

13 appendheaddres®f thelastinstructionin t tob
14 returnb

Figure 14. Algorithmfor representinga tracecompactly

andidentify all branchtargets,this representatioaddslittle over
headto region selectionandit leadsto a simpleCFG construction
algorithmthatdecode®achinstructionat mostonce.

Eachbranchin atracefallsinto oneof threecategories:it is not
taken;it is takenandthetargetis known from theinstruction;or it
is takenandthetargetis notknown from theinstruction.With only
threepossibilities,representing traceasa sequencef branches
requiresonly two bits for mostbranches.For eachtaken branch
with anindirecttarget, the representatiomustexplicitly include
thetargetaddresstequiringanadditional32 or 64 bits. As atrace
canendat ary instruction,the addresf the end of the traceis
appendedo its representatiof. Figure 14 givesthe algorithmfor
constructinghis compactrepresentation.

4.2.2 Constructing the CFG

Constructinga control- ow graphfor the obsered tracesis sim-
plerthanconstructingacontrol- ow graphin general Ratherthan
representingll possiblebranchesthe CFGfor aregionrepresents
only thosebranchegaken in an obsered trace. This simpli es
constructionasall branchtargetstaken in an obsered traceare
known. AlthoughtheresultingCFG only representshe obsered
traces|t is sufcient becauseontrol exits theregionif ary other
targetis taken.

Our algorithmconstructsa CFG by incrementallyaddingeach
obsered trace. As all tracesstartat the sameaddressaddinga
traceis doneby startingat the entranceof the currentCFG and
traversingits path of taken and not-talen branches.If the trace
containsa control transferthat doesnot correspondo an edgein
the currentCFG, we ensurethatthe targetaddressegins a block
in the traceand add the edge. As the CFGis constructedeach
blockis annotatedvith the numberof obseredtracesin whichit
appearsandall thatappeain Tmin tracesaremarked.

4.2.3 Marking Pathsthat Rejoin

Givena CFGwith markedblocks,we markall pathsthatexit and
rejoin theseblocks. As marked blocks correspondo thosethat
will be selectedthis expandsthe original region to include ary
obseredblock onarejoiningpath.

All obsered tracesbggin atthe rst block in the CFG, sowe
areguaranteedhatits frequeng is Ty o andthereforethatit is
marked. As eachblockin our CFGisreachabldéromthe rst, each
block is on a paththat exits a marked block. The problem,then,
reducedo decidingwhethereachblock is on a paththatrejoinsa
marked block—thatis, whethera marked block is reachabldrom
it.

"This is true even of NET, which not only endsa traceat a backward
taken branchbut alsowhenit containsa maximumnumberof instructions.

MARK-REJOINING-PATHY markedCFGG )
1 repeat

2 changed false

3 for each unmarledblockbin G in post-order
4 dofor each successos of b

5 doif sismarked

6 then markb

7 changed true

8
9

until changed = false

Figure 15. Algorithmfor markingrejoining paths.

Decidingthis for eachblock canbe donewith a simpleversion
of an iterative data o w algorithm. Blocks are initially marked
or unmarked basedon how mary obsened tracescontainthem.
Marks are propagatedackward alongary path: if arny successor
of a block is marled, the block is marked. The algorithmtermi-
nateswhenall blocksareconsideredvithout markingary.

Thefull algorithmis givenin Figure15. It is correctbecause
it only terminateswhen no unmarled block hasa marked suc-
cessor and thereforeno path exists from an unmarled block to
amarkedblock. It terminatedbecauseachiterationmarksatleast
oneblock, andno block's markis is ever erased.Thereforefor a
CFGwith n blocksande edgesthereareatmostO(n) iterations.

As eachiteration considersevery edge, the algorithm has a
worst-caseomplity of O(ne). However, in practiceit is almost
alwayslinearin thenumberof edges Sinceblocksareconsidered
in a post-ordettraversalof the CFG, successorarevisited before
predecessorandmarkscanpropagatehroughmultiple blocksin
the sameiteration. Successorgannotalways be visited before
predecessotsecausef the presencef backedgeshut thisrarely
causesnadditionaliteration. For our benchmarkstoughly 0.1%
of regionsthat mark blocksin the rst iterationproceedo mark
additionalblocksin the second.

Oncerejoining pathshave beenmarked, all unmarled blocks
areremovedfrom the CFG.Theresultingregion may containexits
thattargetblocksin theregion. As our algorithmselectsregions
with split andjoin points,eachsuchexit canbe replacedwith an
edge.Doing sokeepscontrolin theregionlongerandreduceghe
numberof exit stubsrequired.

4.3 Experimental Results

To evaluatethe performancef tracecombinationwe useour sim-
ulationframevork to measurdts effectonNET andLEI. Toisolate
its effect, we considereachtrace-selectioralgorithm separately
presentinghe performancef combined\ET relatve to NET and
theperformancef combined_El relativeto LEI. By doingso,we
cometo two conclusions:that tracecombinationimproves each
trace-selectiomlgorithmsigni cantly, andthatLEI tracesarees-
peciallywell-suitedto combination.

We rst measuraheeffectof combiningtraceson reducingexit
domination. We nd thatin all casesboth the numberof exit-
dominatedregionsandthe amountof exit-dominatedduplication
decreasesigni cantly. We then presentresultsfor the metrics
developedin Section2.3 and determinethat trace combination
reduceshoth separatiorand duplicationandis likely to improve
overall performance. A main cost of trace combinationis the
memoryit requiresto storeobsenred traces,but we nd thaton
averagethis increaseis offset by the reductionin the size of the
codecachesothe systems total memoryoverheads similar.

For theseexperiments,we selectthresholdsthat allow direct
comparisorwith the underlyingtrace-selectiomlgorithm. Specif-
ically, we ensurethat regionsare selectedafter the samenumber
of interpretedexecutions.As we useTp of = 15andTmin = 5,
this meansthat combinedNET begins pro ling after 35 execu-
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Figure 16. Reductionin the numberof region transitionsunder
tracecombination.

tions ratherthan 50, and combinedLEI begins after 20 rather
than35. Pro ling 15 executionsstrikesa balancebetweergather
ing moreinformationfor selectionandoptimizationandincurring
moreoverheado combinetraces.Tracecombinationremainsef-
fective with mary fewer executions,so a differentbalancecould
bestruckif this overheads signi cant in practice®

As with LEI, our trace-combinatiomlgorithmhasa very small
effect on hit rate sowe discussthe resultsonly brie y. For com-
binedNET, hit rateincreasesery slightly for all benchmarksFor
combined_El, hit ratedecreasemoresigni cantly, butonly by an
averageof 0.1%. Moreover, it remainsabove 98% for all bench-
marksandabove 99%for all exceptgcc.

4.3.1 ReducingExit Domination

As expected tracecombinationreduceshe amountof exit dom-
inationfor all benchmarks On average,combiningtracesavoids
roughly 65% of exit-dominatedduplication.In addition,the num-
ber of exit-dominatedregions, which in Section4.1 we foundto
bevery common decreaseby 40%.

Theseresultshighlight two importantpropertiesof our trace-
combinatioralgorithm.First, it doesnotavoid all exit-domination,
asregionsareselectedrom blocksthatoccurin a sampleof only
Torof traces.Not only doesthis limit the numberof pathsthatcan
beincorporatednto aregion, butit alsorelieson currentexecution
beingrepresentate of futureexecution.Thisis oftennotthecase,
asprogramshave beenshavn to executedifferentpathsn different
phase®f execution[18]. Secondit reducesxit-dominateddupli-
cationmorethanit reduceghe numberof exit-dominatedregions.
As exit-dominatedduplicationis causedy anexit-dominatedbath
thatrejoinsthe original region, this indicatesthe succes®f incor
poratingall obseredrejoiningpaths.

4.3.2 CodeExpansionand Locality of Execution

Figure 16 shavs the effectiveneswf tracecombinationin reduc-
ing the problemof separation.Tracecombinationreplacesmary
regiontransitionswith localbranchesvherethebranchinstruction
andtargetareoptimizedtogether WhenNET tracesarecombined,
thereare on average85% asmary region transitions.WhenLEI
tracesare combined thereare only 64% asmary. Both areable
to incorporatepathsthatwould have beenexit-dominated,andas
expectedthe reductionin region transitionsis correlatedwith the
reductionin exit-dominatedregions. CombiningLEIl tracesim-
proveslocality of executionfurther by incorporatingmorecycles
into aregion, reducingthe numberof region transitionsascontrol
remainsin the sameregion longer

8Fore»(ample,settinngr of = 5andTmin = 2resultsin smallerbut
similarimprovements.
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Figure 17. Reductionn the 90% cover setsizeundertracecom-
bination.

For vortex underNET, the numberof region transitionsrose
roughly1%. It is possibléefor thisto occurbecausdracecombina-
tion requireghateachblock be obseredin Tyin traces.Thiscan
causeselectegathsto includeonly someof theblocksfrom each
trace,andtheresultingshortempathswill requiremoreregiontran-
sitions. This matchesour obsenation thatthe averageregion size
increasedar lessin vortex thanin otherbenchmarksHowever,
Figure16 shavstheoverall positive effect of tracecombinatioron
locality of execution.

In addition,tracecombinationachie/esthis improvementwith-
out increasingcode expansion. Speci cally, combinedNET se-
lects 98% as mary instructionsas NET and combinedLEIl se-
lects99% as mary asLEIl. Besidesreducingexit-dominateddu-
plication, trace combinationhas two effects on the amount of
codeexpansion.First, it may selectinfrequentlyexecutedblocks
thatwould not have beenselectedtherwise. This is becauseghe
thresholdfor includingablockin aregionis muchlower thanthe
thresholdfor beginning a region with a block. Second,it may
avoid selectingnfrequentlyexecutedblocksthatwould have been
selectedbtherwise.Thisis becausdt veri es eachselectedlock
by requiringthatit appeaiin atleastTmin obsered tracesor be
on arejoining path. In our experimentsthe secondeffect slightly
outweighsthe rst, astracecombinationreducescodeexpansion
by morethanit reducesxit-dominatedduplication.

4.3.3 90% Cover SetSize

Figurel7 shawvs thatthe sizeof the 90% cover setfor eachbench-
mark decreasesubstantiallywhen tracesare combined. Trace
combinationreduceghe averagesize of NET cover setsby 15%
andLEIl cover setsby 28%. Thereis only onecasein which the
sizeof the cover setincreasesfor gzip with NET traces,t rises
trivially from 23to 24 traces.Similarly, bzip2 is theonly casein
which tracecombinationimprovesLEl lessthanNET. Thisis be-
causézip2 hasamuchsmallercoversetwith LEI thanwith NET,
soadditionalreductionsaremoredif cult to achiere. Overall, we
seea consistenteductionin cover setsize,andwe nd that,just
asLEI producesmoreexit domination,it canbene t more from
tracecombination.

Not only doestrace combinationreducethe size of the 90%
cover setfor eachbenchmarkijt alsoreduceghe total numberof
regionsselectedFor NET, the averagereductionis 9%, while for
LEl it is 30%. This allows moretime to be spentoptimizingeach
region, which helpsto compensatéor the fact that optimization
will take longerthanontraces.

4.3.4 Proling Overhead

Figure18 shavs thememoryoverheadf tracecombinationcom-
putedasthe maximumamountof memoryneededat ary program
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Figure 18. Maximumamountof memoryoverheadrequired for
storingobservedraces computedisa percentae of theestimated
sizeof thecadche
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Figure 19. Effectof tracecombinationon thenumberof exit stubs
producedby NETandLEl.

pointto storeobsenedtraces.To allow comparisoracrossbench-
marks,we reporteachasa percentagef the estimatedsizeof the
codecache. To estimateits size, we computethe total number
of instructionbytesinsertedin the codecacheandconseratively
add 10 bytesfor eachexit stub In the DynamoRIOsystem,each
exit stubrequiresa minimum of threeinstructiong14] andfor all
benchmarkghe averagesize of a selectednstructionis between
threeandfour bytes. We do not attemptto estimatethe effect of
optimizationon region size,andwe ignore the memoryrequired
for links betweerregionsin thecache’

With theseconserative assumptiongheaveragememoryover-
headfor tracecombinationis 6% for NET and13%for LEI. Trace
combinationnever requiresmorethana 12% overheadwith NET
or morethanan 18% overheadwith LEI. More memoryis con-
sistentlyrequiredfor LEI becauset producedongertraces,and
therequirementhatabranchtargetbein thehistorybuffer causes
moredelayin identifying eachsubsequerttace.Thisdelaymeans
thattracesare obsered longerfor eachbranchtarget, which in-
creaseghe numberof branchtargetsthat are obsered concur
rently.

This memory overheadis signi cant, but trace combination
compensatefor it by reducingthe size of the codecache. As
shavn in Figure19, tracecombinationreduceghe numberof exit
stubssigni cantly: 18% fewer are requiredfor NET and 26%
fewer arerequiredfor LEI. Togethemwith selectingfewer instruc-
tions,onaveragehis effectreduceghesizeof thecacheby 7%for
NET and9% for LEI. In termsof performancereducingthe size
of thecodecaches moreimportantthanreducingpro ling mem-
ory, asexit stubsandduplicationin the codecachereduceocality
of execution.

90uralgorithmsarevery likely to reducethe numberof suchlinks, as
fewer regionsareselectecandeachcontainsmorerelatedcode.

4.4 Effect on Optimization

Incorporatingmultiple pathsinto aregionis likely to affecthow it
is optimized.In particular the optimizermustperformmoreanal-
ysisto determinehow a block interactswith its predecessorand
successorsTherefore aggressiely optimizingaregion with mul-
tiple pathswill in generaltake longerthan performingthe same
optimizationson a trace. However, threefactorssuggesthatop-
timizationswill be moreeffective on regionsthatcontainmultiple
paths.

First, the most bene cial dynamic optimizationis code lay-
out. In Dynamo,roughly two-thirds of the averageperformance
speedupresultsfrom trace selectionratherthan other optimiza-
tions [3]. Thatis, remaving unconditionaljumps and forming
traceshatcrossproceduréboundariesrefar moreimportantthan
Dynamos otheroptimizations.Regionscontainingmultiple paths
alsoexhibit thesebene ts,andthey improve locality of execution
further by replacingdistantinter-region jumps with local intra-
regionjumps.

Secondregionswith multiple pathsgive the optimizermorein-
formationaboutthe contet of the selectechaths. Whena region
containdothsidesof anif-else  statementiedundang elimina-
tion doesnot needto producecompensatiorode.Whenaregion
containsacycle, loop optimizationscanbe performedhatarenot
possiblewhenthe cycle is separatedver multiple traces. Loop-
invariantcodemotion is an especiallyimportantexample,which
moves codefrom within a loop to above the loop whenpossible.
Opportunitiedor suchcodemotion oftenincreasen dynamically
selectedegions,becausaninstructionmay beinvariantin a se-
lectedcycle but not in the entire original loop. However, evena
tracethatspansa cycle cannotperformthis optimization,because
it hasnowhereoutsidethe cycle to move aninstruction.

Third, analgorithmfor selectinga larger region cangatherin-
formation aboutexecutionpatternswithin it (e.g.,edgeand path
counts). This allows the optimizerto perform code layout and
otheroptimizationghatmake a frequentlyexecutedpathmoreef-

cient at the expenseof aninfrequently executedpath. For ex-
ample, Young and Smith [20] use path countsto guide a global
instructionscheduler

5 RelatedWork

In additionto NET, several othertrace-selectiomlgorithmshave
beenusedn dynamicoptimizationsystemsThey differfrom NET
in two mainways. Thosethataresoftware-basedisemorepro |-
ing to identify the behaior of eachpotentialbranchin a trace.
Thosethatarehardvare-baseabsere native executionandoften
userandomsamplingto selectatrace.The problemsof separation
andduplicationapply asmuchto thesetrace-selectiomlgorithms
asto NET.

Mojo is a transparenbptimizationsystemfor Windows thatis
very similar to Dynamo. One main differenceis thatit usesone
thresholdfor backward-branchtargetsand a lower thresholdfor
traceexits. The authorsclaim that this lower thresholdreduces
the impact of the rare casewhere the next-executingtraceis a
cold path. In termsof our analysis,having a lower thresholdfor
exit tamgetsalsoreduceghe separatiorbetweerrelatedhot traces.
However, this approactstill doesnotallow therelatedtracesto be
optimizedtogether

BOA is abinarytranslatiorsystemdevelopedat|BM thattrans-
lates PaverPCinstructionsinto native instructionsfor a propri-
etary high-frequeng processof17]. In its emulationphase BOA
maintainscountsfor eachconditional branchthat indicate how
mary timeseachtargetis taken. After theentrypointto aninstruc-
tion sequencé emulatedl5times,atraceis selectedy following
thetargetof eachconditionalbranchwith the highestcount.



Wiggins/Redstonés a transparenbptimizationsystemdevel-
opedat Compagthat usesa combinationof hardware sampling
andsoftwareinstrumentatior{8]. To identify the beginning of a
trace,the programcounteris periodicallysampled.From a start-
ing instruction,a traceis selectedyy addinginstrumentatiorcode
thatdetermineshe mostfrequenttargetof eachselectedranch.

ADORE is a transparenbptimizationsystemdevelopedat the
University of Minnesotathat usesperformanceountersbuilt into
the target processof15]. 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 branche®ccursfrequently thecorrespondingathis selected
andlinked with otherfrequentpathsto form a trace. Besidesbe-
ing hardware-basedndprocessespeci ¢, themaindifferencebe-
tweenthis algorithmand othersdiscusseds that frequentbranch
tarmgetsareidenti ed by randomsampling.

All threetechniquesro le more branchesn the hopeof bet-
ter identifying a hot trace. Unfortunately careful selectionof
tracesdoesnotaddressheproblemsof separatiomndduplication.
Thedetailedpro le informationgatheredy thesetechniquean,
however, reducethe costof tracecombination pecausehis infor-
mationcanhelpselectwhich blocksto combine.

6 Conclusion

We have identi ed and quanti ed problemsof trace separation
andexcessve codeduplicationin the popularNext-ExecutingTail
(NET) trace-selectioralgorithm. Theseproblemsnegatively im-
pactapplicationperformanceespeciallyin largeapplicationswith
mary important proceduresand a mix of biasedand unbiased
branchegqe.g., 176.gcc). Motivated by theseproblems,we de-
velopedtwo new region-selectionalgorithmsthat often selecta
smallernumberof larger regionsthanNET. By doing so, our al-
gorithmsbetterselectregions of frequently executingcode and
directlyimprove locality of execution.In addition,eachalgorithm
is designedo decreasa speci ¢ type of needlessluplication.

The succes®f our algorithmsis bestsummarizedy compar
ing their combinedperformanceto that of NET. By performing
slightly more analysis,our algorithmsreducecodeexpansionby
9% and the numberof exit stubsby 32% while simultaneously
cuttingthe numberof region transitionsin half. Our bestmeasure
of performancethe 90% cover setsize,improves by morethan
25% for every benchmarkaveraginga 44% improvement. The
smallcostsof ouradditionalanalysisaremorethancoveredby the
savingsproduced.

Giventhis successwe arecurrentlyworking with Intel to mod-
ify Pinsothatit canaccepta userspeci ed trace-selectioralgo-
rithm. The early resultsare positve—they demonstrateéhat our
trace-selectioralgorithmsimprove overall performance.We are
also baginning to investigatedynamic optimizationsthat bene t
from thelargerregionsproducedoy our algorithms.
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