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Abstract

In this paper, we presenta techniquefor reducingthe
overheadof collectingpathpro�les in thecontext of a dy-
namicoptimizer. Thekey ideato our approach, calledTar-
getedPath Pro�ling (TPP),is to useanedgepro�le to sim-
plify thecollectionof a pathpro�le . Thisnotionof pro�le-
guided pro�ling is a natural �t for dynamicoptimizers,
which typicallyoptimizethecodein a seriesof stages.

TPPis anextensionto theBall-LarusEf�cient PathPro-
�ling algorithm. Its increasedef�ciency comesfrom two
sources:(i) reducingthe numberof potentialpathsby not
enumeratingpathswithcoldedges,allowingarrayaccesses
to besubstitutedfor moreexpensivehashtablelookups,and
(ii) not instrumentingregions where pathscan be unam-
biguouslyderivedfromanedge pro�le . Our resultssuggest
thatonaveragetheoverheadof pro�le collectioncanbere-
ducedby half (SPEC95)to almosttwo-thirds (SPEC2000)
relativeto theBall-Larusalgorithmwith minimalimpacton
theinformationcollected.

1. Intr oduction

Dynamic optimization systems such as Crusoe
CMS [16], Dynamo [6], and Jalapẽno [4] collect data
aboutaprogramasit runsandusethisdatato improveper-
formance.Typically, such optimizers optimize the code
in a series of stages.Each stage representsa differ-
ent trade-off betweenexpendedeffort during optimiza-
tion andtheperformanceof theresultingcode.In addition,
somestagesmayberesponsiblefor collectingpro�le infor-
mationabouttheexecutable.

Control �o w pro�les are perhapsthe most important
form of pro�le collected.They allow the optimizer to fo-
cus its time on frequentlyexecuted(i.e., “hot”) portions
of the programandapply transformationsthat bene�t the
hot portionsat the expenseof “cold” (i.e., lessfrequently
executed)portionsof the program.Many optimizerscol-
lect control �o w “point” pro�les (e.g., block or edgepro-

�les) becausethey can be collectedwith minimal (0.5 to
3%) overheadvia sampling[2, 24] or with hardwaresup-
port [10, 11,12,14].

In thispaper, weareconcernedwith theidenti�cation of
higher-level control �o w patternsin the form of hot paths.
Knowledgeof thesefrequently-executedsequencesof ba-
sicblockscanbeusedto drivepowerful optimizations(e.g.,
superblockformation[15] andpath-pro�leguidedcodeop-
timizations[13]) that would typically be found in the �-
nal stagesof dynamicoptimizers.Ball, et al. showed that
hot pathscould be derived from edgepro�les wherethere
were few unbiasedbranches(a processthey call attribu-
tion of de�nite �ow ) [9]. They found that they could at-
tribute around80%—76%for SPEC95INT and 84% for
SPEC95FP—of the program's executionto acyclic paths.
While promising,their techniqueleavesa sizablefraction
of pathsunaccountedfor.

While a numberof techniqueshave beenproposedfor
collectingpathpro�les [6, 8, 23], noneareasef�cient as
edgepro�ling. Whereasedgeand block pro�les—being
“point pro�les”—track thefrequenciesof individualevents,
pathpro�les requirecorrelatingthe executionof multiple
events.The complexity of correlationpro�les comesfrom
storingthepro�le in a mannerwhich is spaceef�cient and
can be quickly queried1. Even if path fragmentsare col-
lectedin hardware(ascanbedoneby thePentium4[20]), a
challengeremainsin aggregatingtheminto apro�le.

Ball and Larus [8] proposedan instrumentation-based
pathpro�ling algorithmthatenablesef�cient collectionand
storageof pathpro�les in two ways:(i) Theprogramis log-
ically brokeninto independentacyclic regionsthatarepro-
�led independently, and(ii) aminimalnumberingalgorithm
is proposedthat allows pathswithin theseregions to be
identi�ed with a singleinteger. While breakinga program

1 TheMRET technique[6] sidestepsthis challengeby collectinga sin-
gle trace.While statistically likely to �nd the hottestpath, MRET
doesn't provide the information about the path's relative frequency
necessaryto decidehow aggressively to optimizethe path.As a re-
sult, Dynamois overly aggressive in programswith many unbiased
branches,thrashesthecodecache,andbailsout [6].



into acyclic regionspreventsidenti�cation of control �o w
correlationsthatcrossregionboundaries,Ball andLarusen-
surethat all overlappingpathsbegin andendat the same
place,enablingthepathsto beeasilycomparedandaggre-
gated.By assigningeachpatha uniquenumber, this aggre-
gationcanbeperformedby simply incrementinga counter
associatedwith thepath'snumber.

For theSPEC95suiteof programs,Ball andLarusfound
that Path Pro�ler (PP, a tool basedon their ef�cient algo-
rithm) added31%overheadon average,with overheadsas
highas97%for gcc [8]. While this instrumentationwould
only needto be run temporarily(e.g., during onestageof
optimization)to identify hot paths,a lessexpensive means
of pathpro�ling remainsdesirable.Samplingtechniquesfor
instrumentation(e.g., theArnold-Ryderframework [5] and
dynamicinstrumentation[19, 22]) can be usedto reduce
theoverheadrate,but do so by extendingthe time it takes
to collectagivennumberof samples.

As we will show in Section2.2, a sizablefraction of
theoverheadof PPcanbeattributedto either(i) pathsthat
canbeidenti�ed unambiguouslyfrom anedgepro�le or (ii)
pathcountersmaintainedin ahashtable.Becausethenum-
berof potentialpathscangrow exponentiallywith thesize
of the acyclic regions,PP resortsto using hashtablesto
countpathswhenthe numberof potentialpathsmakesal-
locatingan arrayof countersimpractical.This space-time
trade-off is feasiblebecausein practiceonly a small frac-
tion of potentialpathsareexercisedby programs,but the
hashedregionsconsumea disproportionateamountof exe-
cutiontime.

In an attemptto reducetheoverheadof collectingeach
pathsample,we proposea variantof the Ball-Larusalgo-
rithm that we call TargetedPath Pro�ling (TPP),which is
especiallysuitedfor stageddynamicoptimizers.In suchan
optimizer, generallya rudimentaryedgepro�le is available
by thetime that theoptimizerdecidesthata routineis suf-
�ciently hot to warrantcollectionof apathpro�le for path-
basedoptimizations.TPPusesthisedgepro�le to moreef�-
cientlycollectthepathpro�le. TPPis anexampleof amore
generalnotionof pro�le-guidedpro�ling techniques, which
naturally �t in the context of dynamicoptimizers,as dis-
cussedin Section3.

Speci�cally, TPPusestheedgepro�le to (i) avoid instru-
mentingregionswheretheedgepro�le is suf�cient to un-
ambiguouslyidentify pathsand(ii) narrow thesetof poten-
tial paths,allowing regionsto beconvertedfrom usinghash
tablesto using(faster)arraysof counters.Many potential
paths(oftenasmany as99.99%of them)canbe identi�ed
asde�nitely cold from an edgepro�le becausethe execu-
tion frequency of apathcannotexceedthefrequency of any
of its componentedges.Removing thesepathsfrom con-
siderationmeansthat their executionfrequencieswill not
be counted,but suchinformationfor cold pathsis of little
useto anoptimizer. To ensurethatexecutionsof thesecold

pathsdo not incorrectly incrementa valid path's counter,
ourinstrumentationpoisonsthepathcounterregisterby set-
ting upperbits not setby any valid path.Using thepoison
bits, our instrumentationcanaggregatesamplesof all cold
pathsto asinglecounter, allowing TPPto trackthefraction
of pathsthat arenot beingcounted.If this fraction is too
high, a dynamicoptimizer is free to re-instrumentthe re-
gionusingamorerecentedgepro�le. TPP's techniquesare
describedin Section4 andthe instrumentationitself is de-
scribedin AppendixA.

In an effort to isolatethe performance-accuracy trade-
off, our evaluation of TPP (Section5) was not done in
the context of a dynamic optimizer, becausewe felt the
resultsmight be cloudedby the complexity of suchsys-
tems.Instead,we compareto the Ball-Larus implementa-
tion of their algorithm,which is a highly-tunedandwell-
understoodsystem,on full benchmarkruns.We �nd that,
whentheedgepro�le is not unrepresentative of thepro�l-
ing run, TPP hasoverheadthat is half (SPEC95)or two-
thirds (SPEC2000)that of the Ball-Larusalgorithm,with
minimal impacton theinformationcollected(attribution of
de�nite �o w exceeding98%).

While this reductionin overheaddoescomeat the cost
of some additional analysistime, we feel that this is a
goodtrade-off given the trendsin semiconductortechnol-
ogy. While it is increasinglydif�cult to improve the per-
formanceof a sequentialthread,adding additional hard-
warecontextsto supportthread-level parallelismis straight-
forward.Targetedpathpro�ling enablesmoving work out
of the applicationthreadand into the run-time optimizer,
which canpotentiallyexecutein parallelwith the applica-
tion.

2. Ball-Larus Path Pro�ling

This sectionexplainsbrie�y the Ball-Laruspathpro�l-
ing algorithmandexploresits major sourcesof overhead.
Moredetailscanbefoundin [8].

2.1. Algorithm and De�nitions

Oneof theimportantcontributionsof thealgorithmis ef-
�cient enumerationof all acyclic pathsin the control �o w
graph(CFG).Thebasicalgorithmassignsan integervalue
to eachedgein a directedacyclic graph(DAG) suchthat
(i) the sumof the valuesof the edgeson a path is unique
for eachpathin the DAG, and(ii) the numberingof paths
inducedby theedgevaluesis minimal (i.e., if thereare �

acyclic paths,thenthepathnumbersrangefrom � to ����� ).
Oncetheseedgevaluesarecomputed,the algorithmuses
the ef�cient event countingalgorithm [7] to placeinstru-
mentationcodeonselectededgessothatat theEXIT of the
DAG, thepathnumberis availablein a register, whichBall
andLaruscall thepathregister. Theinstrumentationat the
EXIT nodethencountsthepath.
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Figure 1. The Ball-Larus path pro�ling algorithm “breaks” back
edges to create a directed acyclic graph (DAG): a) original con-
trol �o w graph (CFG), b) CFG converted to a DAG, c) DAG with
edge value assignments, d) CFG with �nal instrumentation.
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Figure 2. Example CFG where all paths are obvious. For each
path in this routine, there is at least one de�ning edge (an edge
included in only one path). This example is the routine sim-
plify unary operation taken from gcc , after the cold paths
have been removed.

Ball andLarusextendthisbasicalgorithmto work for ar-
bitraryCFGswith backedges.Eachbackedgeis converted
into two dummyedges:anedgefrom theENTRY to thetar-
getof thebackedge(whichwecall entrydummyedge) and
theotherfrom thesourceof thebackedgeto theEXIT (exit
dummyedge). In effect,thetargetof eachbackedgestartsa
new acyclic path,andthesourceterminatesanacyclic path.
This processof “breaking” a back edgeis shown in Fig-
ures1aand1b.

TheBall-Larusalgorithminstrumentseachbackedgeso
thatit incrementsapathcounterandresetsthepathregister
to zero.Therefore,theBall-Larusalgorithmcountsacyclic
pathsthatstartat theENTRY basicblock or thetargetof a
backedgeandendat theEXIT basicblockor thesourceof
a backedge.Whenthenumberof enumeratedpathsgrows
too large,thealgorithmselectsanedgefor truncation; en-
try andexit dummyedgesaresubstitutedfor the truncated
edge,reducingthenumberof pathsthroughtheDAG. Fig-
ure1cshowstheassignmentsof valuesto edges;thesumof
theedgeweightsis thepathnumber. Figure1dshowsthe�-
nal instrumentation.

Bench Overhead DynPath Hash
mark PP Array Hashing Hashed Cost
compress 23.7% 23.8% 0.0% 0.0% -
gcc 95.6% 16.4% 77.6% 61.3% 3.0
go 67.6% 14.3% 47.2% 34.9% 6.2
ijpeg 12.2% 11.6% 0.4% 2.2% -
li 18.3% 19.2% 1.8% 0.1% -
m88ksim 44.0% 33.4% 5.8% 4.1% 4.1
perl 34.2% 3.6% 28.3% 49.4% 8.0
vortex 34.6% 6.8% 33.0% 40.2% 7.2
INT Avg: 41.3% 16.1% 24.3% 24.0% 5.7

apsi 8.6% 7.6% 1.2% 4.0% 3.8
applu 4.8% 4.6% 0.0% 0.7% -
hydro2d 29.7% 2.8% 25.4% 66.3% 4.6
mgrid 0.8% 0.8% 0.1% 0.0% -
su2cor 7.3% 2.6% 4.6% 26.9% 4.8
tomcatv 12.2% 0.0% 12.6% 	�
�
�
 
 % -
turb3d 20.2% 20.7% 0.3% ����
�� % -
FP Avg: 11.9% 5.6% 6.3% 28.3% 4.4

Average: 27.6% 11.2% 15.9% 26.0% 5.2

Table 1. Comparison of hash calls vs. array counter updates in
PP. The Overhead columns shows the percentage increase in ex-
ecution time due to pro�ling for the original PP (PP), for only rou-
tines with index- and address-based counters instrumented (Array),
and for only routines using hash table-based counters instrumented
(Hashing). The second to last column shows the fraction of dynamic
paths counted that were in routines that used hash tables. Hash cost
is the overhead per dynamic path increment of a hash-table based
routine relative to a routine that uses arrays of counters. Data shown
for the working subset of SPEC95.

2.2. Overhead

Ball andLarusfoundthat their pathpro�ling technique
hasan averageoverheadof 31% for the SPEC95bench-
marks.Theoverheadis substantiallyhigherfor the integer
programs(average45%)thanit is for the�oating point(FP)
programs(average20%),andit is ashigh as97%for gcc
and73%for perl , two of thebenchmarksmostrepresen-
tativeof modernprograms.

Many of the programswith above averageoverheads
recorda sizablefraction of their pathsusing hashtables.
PPrelieson hashtableswhenthenumberof possiblepaths
would make it infeasibleto staticallyallocatean arrayof
countersfor the routine. While updatingan array-based
countercan be donewith a load-add-storeinstructionse-
quence,thehashtable-basedcountersrequireafunctioncall
that involvescontrol �o w andmultiple memoryoperations
to �nd theappropriatehashbucket to update.As shown in
Table 1, we �nd that the overheadof countinga path in
a hashtable-basedroutine is a factor of 5.2 greaterthan
in non-hashedroutines.Thus,overheadcanbe reducedif
thenumberof necessarycounterscanbebroughtbelow the
hashingthreshold.

Overheadcanlikewisebereducedby reducingthenum-
ber of counterincrements.We canavoid countingpathsif
thepathfrequenciescanbecomputeddirectlyfromtheedge
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Figure 3. Fraction of total path counts due to obvious paths.
Data collected with cold path and loop disconnection thresholds of
5% (see Section 5). If instrumentation for obvious paths can be re-
moved, we would expect overhead to go down around this percent-
age. Data shown for the working subset of SPEC95.

pro�le. For example,Figure2 shows a routinewhereev-
ery pathincludesat leastoneedge(thede�ning edge) that
is partof only thatpath,whichwe call anobviouspath. In-
strumentingthisroutineprovidesnoadditionalinformation.
As shown in Figure3, around25%(SPEC95INT) and50%
(SPEC95FP) of dynamicpath counterincrementsare in
coderegionswhereall pathfrequenciescouldbe obtained
directly from theedgepro�le. By removing theinstrumen-
tationin theseregions,we expectoverheadto droproughly
proportionatelyto thesefrequencies.

3. TPP in a StagedDynamic Optimizer

While dynamicoptimizationis an attractive technique
becauseit can exploit run-time information,actually per-
forming the optimizationrequiresexecutionresources.As
aresult,dynamicoptimizershavebeendesignedto balance
this resourceutilization with the expectedbene�t of opti-
mization.To this endmany dynamicoptimizersareorga-
nizedasa seriesof stages,eachrequiringa larger invest-
mentof resourcesfor optimizationandresultingin ahigher
degreeof optimization.Typically, an optimizationstageis
invokedwhenthesystemhasseena fragmentof codeexe-
cutea suf�cient numberof timesthat it canexpecta suf�-
cientreturnto justify a furtherinvestmentin optimization.

To achieve greaterlevels of optimization, later stages
make greaterinvestmentsin analysisto enableadditional
optimizations;for example,Jalapẽno [4] doesmostly lo-
cal optimizationsin its �rst stage,global optimizationsin
thesecondstage,andbuildsstaticsingleassignment(SSA)
form in its third stage.Likewise,systemscanusemoreex-
tensive pro�le information in eachstage,asmoreaggres-
sive optimizationscanbetterexploit this information.For
example,anearlystagemaytry to minimizetakenbranches
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Figure 4. Staged optimization enables pro�le-directed pro�l-
ing. A staged optimizer that �rst collects edge pro�les can use that
information to optimize the collection of a path pro�le .

through code layout, for which an edgepro�le is suf�-
cient, while a later stagemay perform superblockforma-
tion, wherea path pro�le is desirable.Sucha stagingis
shown in Figure4.

Stagingthepro�ling (aswell astheoptimization)seems
naturalbecausetherewill bea costto collect(andto store)
thepro�le, so that costshouldonly beborn for codefrag-
mentsthatwill reachthehigherlevelsof optimization.For
instrumentation-basedpath pro�ling, instrumentationcan
be addedin an early stage(e.g., stage1 in Figure 4) for
usein a laterstage(e.g., stage2).

If the instrumentationis addedafter the dynamic op-
timizer hasdeterminedthat a coderegion is hot, a rudi-
mentaryedgepro�le may be available for the code re-
gion. This papershows how this edgepro�le canbe used
to reducethe overheadfrom executinginstrumentedcode.
While thisreductionof overheadpotentiallycomesatacost
of additionalanalysisand/orinstrumentationtime, it is im-
portantto note that thosetaskscanbe executedin paral-
lel with the applicationcode,so they may minimally con-
tribute to executiontime on a systemwith under-utilized
threadexecution resources.We expect current trendsto-
ward multi-threadingandchip multiprocessingto provide
thread-parallelresourcesbeyondwhatmostworkloadscan
exploit.

4. Techniques

In this paper, we presenttwo orthogonal,but synergis-
tic, techniquesfor reducingthe overheadof Ball-Larus-
style path pro�ling instrumentation.Thesetechniquesat-
tack the two sourcesof overheaddiscussedin Section2.2.
The �rst technique(discussedin Section4.1) reducesthe
numberof possiblepathsenumeratedby not countingsus-
pectedcold paths;in someroutines,the numberof possi-
ble pathsis suf�ciently low thathashtable-basedcounters
can be avoided.The secondtechnique(discussedin Sec-
tion 4.2) avoids countingpathswhosefrequenciescanbe
deriveddirectly from anedgepro�le.

4.1. Cold Path Elimination

As previously notedin Section2.2, PP resortsto hash
table-basedcountersto conserve memoryfor routineswith



many potential paths.A large numberof potential paths
typically resultsfrom codewith stacked conditionals,like
thoseshown in Figure5a. In this structure,the numberof
pathsgrows exponentiallywith the heightof the stack;in
someroutines,thenumberof acyclic pathsexceeds����� .

In practice,though,only averysmallfraction(i.e., much
lessthanonepercent)of the potentialpathsareever exe-
cuted.For optimization,we areonly concernedwith mea-
suringthe frequency of frequentlyexecuted(or hot) paths.
Unexecutedpathsneednot be allocateda counter, andwe
can do without tracking cold pathsas well. Although we
cannot,in general,know a priori which will be the hot
paths,an edgepro�le can accuratelyidentify cold paths
in a program.Speci�cally, if a path � consistsof edges

��������� ��!"!"!#�$��% , thenthenumberof timesthatpath � is exe-
cuted( &(')�+* ) is:

&,')�+*.-0/�132

�5476847%

&('
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Quantitatively, theexecutioncountof a pathcannotexceed
theexecutioncountof any edgeon thatpath.Qualitatively,
if any edgeon the path is “cold,” the entire path is cold.
Thus,we identify cold pathsby �rst identifying cold edges
andthenidentifyingapathascoldif any of theedgesonit is
cold.Wediscussourcriterionfor coldedgesbelow, in Sec-
tion 4.1.1.

By logically removing cold edgesfrom the CFG, we
eliminate any (cold) pathsthat include them. After cold
edgeshavebeenremoved,theBall-Larusalgorithmis used
to enumeratepathsin theresultinggraph.For theexample
in Figure5, if two of thebranchesarehighly biased,there
areonly four potential“hot” pathsfor the routine;in gen-
eral,eachcoldbranchedgeremovedcaneliminateasmany
ashalf of thepotentialpaths.Wepresenta few subtletiesin
thealgorithmrelatedto loopbackedgesin Section4.1.2.

Sincewehavenotconsideredthecoldedgesin theabove
analysis,executionpathsthroughcold edgesdo not com-
putea meaningfulvaluein thepathregister. Thecomputed
value may alias to anotherpath's value or be outsidethe
rangeof thepathcounterarray. To preservethepurity of our
counters(aswell astherestof theaddressspace),we mark
thepathregister's valueaspoisonedon any transitioninto
acold regionof theCFG.Thepoisoningis implementedby
settingtheuppertwo bitsof thepathregister—doablewith a
singleSPARC instruction(seeAppendixA.2)—effectively
making the path value a large negative number. Sinceno
valid pathwill setthesebits—PPtruncatespathswhenthe
numberof potentialpathsexceeds���

�

�����

�

����� —poisoned
pathswill containvaluessuf�ciently far from valid paths
thatwecantrivially distinguishbetweenthetwo.

Having distinguishedthe poisonedcountervalues,we
mustconsiderwhatto dowhenoneis encountered.Two al-
ternativesworth consideringare:

1. Incrementinga cold counterto track the frequency of
all coldpathsin thecoderegion.
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Figure 5. Avoiding a large number of potential paths, by not
enumerating likel y cold paths. a) Stacked conditionals yield a
number of paths exponential with the height of the stack; each block
is labeled with the number of paths reachable from that point on. b)
In practice, many edges are cold; each cold edge ignored can cut
the potential number of paths in half. c) TPP instrumented code;
cold edges are instrumented to “poison” the path register, so that
paths through cold edges are not counted incorrectly.

2. Ignoringpoisonedpathcounters.

The�rst alternative is appealing,asit canprovide feed-
backto thedynamicoptimizeron thequality of theresult-
ing pathpro�le. For example,if apaththatwascoldbefore
instrumentationlater becomeshot, the cold counterwill
have a nontrivial numberof counts.Basedon the number
of coldcounts,theoptimizercanconsiderre-instrumenting
thecoderegion to collecta betterpathpro�le. Thesecond
alternativewouldbeworthconsideringif it signi�cantly re-
ducedoverhead,but in our experimentsexecutiontime de-
creasesby only 1% (i.e., averageoverheaddecreasesfrom
14%to 13%for SPEC95).

In eithercase,in codewherethe path register canpo-
tentially be poisoned,the counterincrementinstrumenta-
tion mustcheckfor poisonedpath registers.Whena cold
counteris maintained,it shouldbe incrementedon a poi-
sonedpathratherthanthecounterindicatedby thepathreg-
ister. Thus,logically, theinstrumentationattheendof apath
lookslike:
if r < 0 // if path register poisoned

cold_counter++
else

count[r]++

This potentialbranchingat theendof eachacyclic path
can increasethe runtime penalty of the instrumentation
code.In AppendixA, we demonstratehow this logic can
beimplementedwith aconditionalmove.

4.1.1. Cold Criterion Our algorithmis orthogonalto the
criterionfor decidingwhetheranedgeis cold.In ourresults
in Section5, we considera criterion basedon branchbi-
ases.This local criterionremovesedgeswheretheratio of
theedge'sexecutionfrequency to thatof its sourceblock is
below asuppliedthreshold.



Someedgesin theCFGthatarenotcoldaccordingto the
criterionmaybecold transitively. Speci�cally, any blockor
edgeis consideredcold if thereis no hot path from EN-
TRY to EXIT throughit. All coldblocksandedgesarelog-
ically removed from theCFG.Instrumentationfor poison-
ing thepathregisteris introducedwhenever a hot block is
thesourceof acoldedge.

4.1.2. Handling Back Edges Back edgesneed special
considerationin theBall-Larusalgorithmbecausethey are
not partof any acyclic path.In theoriginal algorithm,back
edgesareinstrumentedto incrementthecounterassociated
with thecurrentpathregistervalueandresetthepathregis-
ter valueto � . This remainsunchangedfor hot backedges.
In this section,we discusshow cold edges(i) increment
pathcountersand(ii) resetthevalueof thepathregister.

Whencold backedgesare logically removed from the
CFG,no entryandexit dummyedgesareinserted.As a re-
sult, the pathnumberingalgorithmwill not assigna num-
berto pathsthatterminateatthebackedge.Thus,theinstru-
mentationon cold backedgesignoresthevalueof thepath
registerandalwaysrecordsanexecutionof acoldpath2.

Similarly, if all backedgesfor a particularloop header
havebeenremoved,thentherewill benoentrydummyedge
to theloopheader. In thissituation,all (cold)backedgesfor
the loop headermust initialize the path register to a poi-
sonedvalue, as no pathsstartingat the loop headerwill
havebeenenumerated(Figure6a).If notall backedgesare
cold or oneof the entry edgeswastruncated,thenan en-
try dummyedgeexists, andall backedges(both hot and
cold) canresetthepathregisterto zero(Figure6b).Lastly,
if the whole loop body is cold, thenthepathregisterneed
not be modi�ed; we know that it will containa poisoned
valueuponexecutionof thebackedge,andthatis whatwe
wantit to contain(Figure6c).

4.2. ObviousPath Elimination

As wasshown in Figure2, thefrequency of somepaths
can be derived directly from an edgepro�le. We refer to
suchpathsasobviouspaths. Formally, an obvious path is
a paththatcontainsat leastoneedgethat lies only on that
path.This edgeis calledthede�ning edge for thatobvious
path,andtheexecutioncountof anobviouspathis equalto
theexecutioncountof its de�ning edge.

In regionswhereall pathsareobvious (e.g., the routine
in Figure2), no instrumentationis necessary. Eliminating
this instrumentationreducesoverheadfrom bothpathregis-
terupdatesandcounterincrements.While loopsarerespon-

2 With indirectbranches,ablockcanpotentiallybethesourceof botha
cold backedgeanda hot backedgeof differentloops.In sucha situ-
ation,thereis adummyedgeto exit from theblock thatwasnotelim-
inated,so therearevalid pathsthat endat the block. Thus,all back
edgesfrom theblock canincludethestandardpathrecordinginstru-
mentation.We have notobservedthissituationin practice.
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Figure 6. Instrumenting a cold back edge for reinitializing the
path register . a) Cold back edge poisoning path register. b) Cold
back edge resetting path register. c) Cold back edge not modifying
the path register. (Cold edges are shown as dashed arcs.)

siblefor a largefractionof thepathincrements,they inhibit
eliminationof obviouspaths.In Section4.2.1,we demon-
stratethisproblemandhow cuttingloopswith highiteration
countsfrom theCFGenablesthemto beconsideredfor ob-
viouspathremoval. In Section4.2.2,we explain how TPP
detectsobviouspathsandshow how it is possibleto elimi-
natesomeof theinstrumentationfrom a routinewhenonly
someof the pathsareobvious; we alsodiscusshow to re-
cover the completepathpro�le from what is collectedby
TPPandanedgepro�ler.

4.2.1. ConsideringLoopsfor ObviousPath Elimination
Becauseof their relative executionfrequency, loops con-
tribute the lion's shareof the incrementsto pathcounters
aswell asthe overhead.In many cases,the pathsthrough
the loop body areobvious.For example,Figure7a shows
a loop whosebodyconsistsof a singleblock; thereis only
onepaththroughtheloop body, andwe know it will beex-
ecuted100,100times.Thereis little point to instrumenting
sucha loop.

A dif�culty arisesbecausetheBall-Larusalgorithmdoes
notconsidertheloop in isolation.After thebackedgeis re-
moved and the dummyedgesare inserted(shown in Fig-
ure 7b), therearenow four pathsthroughthe routine,and
noneof themareobvious.Theonly bene�t of thispathpro-
�ling instrumentationover an edgepro�le is that it indi-
cateshow many timesthe routineexecutedexactly oneit-
erationof theloop.Thatis, thecasewheretheloop always
executesmorethanoneiteration(Figure7c) canbedistin-
guishedfrom the casewhereonly oneexecutionexecutes
morethanoneiteration(Figure7d).While this information
couldbeusedto driveoptimization(e.g., peelingthe�rst it-
eration3), theexpectedbene�t is marginalwhentheaverage

3 The informationnecessaryto decidewhetherpeelingis worthwhile
canbe collectedby peelingthe �rst iterationandcollectingan edge
pro�le.
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Figure 7. Cutting loops from the CFG to enable obvious path elimination. a) A single block loop with a high iteration count. b) This code
will not be considered obvious because there are two paths into and two paths out of block B; there are many path pro�les that match this
edge pro�le . c) A matching path pro�le with many AB and BC paths. d) A matching path pro�le with many ABC paths. e) Dummy edges
from ENTRY and to EXIT are substituted for edges into and out of loop bodies. f) The back edge is removed resulting in a graph with three
obvious paths.

iterationcountis high4.
Thelossof informationcanbequanti�edvia theaverage

lengthof thedynamicpathsmeasured.Whenloopsaresep-
aratedfrom therestof theCFG,somepathsaretruncated.
Thesetruncatedpathsreducetheaveragepathlengthrela-
tive to a pro�le wherethe loopsareleft in place.In prac-
tice, we've found the loss to be negligible: averagepath
length is reducedonly 1.5% when loops with averageit-
erationcountsaslittle as10aredetached.Whenthethresh-
old is raisedto 100,theeffect is imperceptible.

If this loss of information is deemedacceptable,the
CFG can be transformedto enablethe detectionof obvi-
ouspaths.We truncateall the entry andexit edgesof the
loop, replacingthem with dummy edges,as explainedin
Section2.1. Figure 7e shows the exampleafter this sub-
stitution for 9;: < and <0: = . After dummy edges
aresubstitutedfor backedges(Figure7f), thereare three
non-overlappingpathsfrom ENTRY to EXIT, so the rou-
tine consistsof only obvious paths.The algorithm tracks
the relationshipbetweenthe removed CFG edgesandthe
dummyedgesto allow thecorrectattributionof edgecounts
to paths.

In general,the codebefore,in, andafter the loop (rep-
resentedby blocks A, B, and C) could be any (acyclic)
coderegion. Sincetheseregions are now independent,if
oneof themis not entirelyobvious,only it needsto be in-
strumented.

4.2.2. Obvious Path Detection and Elimination Algo-
rithm To �nd obviouspathsin aDAG, we �rst �nd theset
of all de�ning edges(edgesthat lie on only onepath).By

4 In themoregeneralcase,wherethereis control �o w bothabove and
below the loop, the Ball-Laruspathpro�le will exposepathcorrela-
tionsbetweenthecodebeforeandaftertheloop,whentheloop is ex-
ited after a single iteration.Again, when the averageloop iteration
countis high, theexpectedbene�t of this informationis small.

de�nition, thereis a singlepathfrom ENTRY to thede�n-
ing edgeanda singlepathto EXIT from it. Thus,to �nd
all de�ning edges,we �nd the setof blockswith a single
pathfrom ENTRY (ENTRY > ) andthosewith a singlepath
to EXIT (EXIT > ); �nding eachsetrequiresa singletraver-
salof theDAG. Edgeswith a sourcein ENTRY > anda tar-
getin EXIT > arede�ning edges.

Upon �nding a de�ning edgeand its obvious path,we
cannot immediatelyeliminate the instrumentationon its
edges,becauseit may be neededto record other (non-
obvious) paths.In fact, we only eliminateobvious paths
when all the pathsreachinga recordingpoint are obvi-
ous,becausethat allows the whole region to be left unin-
strumented,yielding a signi�cant overheadreduction.For
this reason,eliminatinginstrumentationis a two-steppro-
cess:(i) elimination of unnecessaryrecordingpoints and
(ii) eliminationof unnecessaryedgeinstrumentation.

A recordingpoint is unnecessaryif it is only reachable
by obvious paths.Thus we traversethe DAG from EN-
TRY toEXIT onlyusingnon-de�ningedges.Any recording
pointnot reachedduringthis traversalis anobviousrecord-
ing point andcanbeeliminatedusingthealgorithmshown
in Figure8.

If thereis nopathfrom anedgeto anon-obviousrecord-
ing point, thenthatedgedoesnot needto beinstrumented;
all pathsthroughsuchanedgeareobviouspaths.Thealgo-
rithm for �nding theseedgesis areachabilityanalysissimi-
lar to thepreviousonefor �nding obviousrecordingpoints,
except that we do a backward traversalstartingat all the
non-obviousrecordingpoints.After theanalysiscompletes,
we remove all the unreachededgesfrom the DAG, elimi-
natingany instrumentationon them.In caseall therecord-
ing points in the DAG are found to be obvious, all paths
in the routineareobvious,andthe routineneednot be in-
strumentedat all. In general,if only a part of the routine



EdgeSetFindObviousRecordingPoints(CFG? ):
EdgeSetobvRecordPoints= pred(exit( ? ))
EdgeSetWS= non-de�ningsuccessorsof entry(? )
while WSnot empty

edge@ = WS.remove()
// recording point reachedbya non-obviouspath
if @BA obvRecordPoints

remove @ from obvRecordPoints
else

for eachedgeC = target(@ ) DFE

if not IsDe�ning( C )
add C to WS

returnobvRecordPoints

Figure 8. An G.HJI5K algorithm for �nding obvious recording points.

is obvious,theabove algorithmcaneliminateinstrumenta-
tion from just thatpart.

To reconstructthecompletepathpro�le, theabovealgo-
rithm canbe usedagain during pro�le analysisto �nd the
setof de�ning edgesactuallyeliminatedduringinstrumen-
tation.For eachsuchde�ning edge,the (single)pathcon-
tainingthatedgeis tracedby tracinguniquepathsfrom EN-
TRY to its sourceandfrom its target to EXIT. Theexecu-
tion countof thispathis setequalto theexecutioncountof
its de�ning edge.Alternatively, the relationshipsbetween
de�ning edgesandpathscanbe retainedfrom theoriginal
analysis.

4.3. Interaction between Obvious Path Elimina-
tion and Cold Path Elimination

Obvious patheliminationcanbe doneeitherbeforeor
after cold pathelimination.If obvious pathelimination is
doneafter cold patheliminationthenadditionalpathswill
beclassi�ed asobvious.While thede�ning edgesof these
additionalobvious pathsareon a singlehot path,they are
onanumberof coldpathsaswell. As aresult,theactualex-
ecutioncountof thede�ning edgewould bemore thanthe
executioncountof theobviouspath.However, whena rep-
resentative edgepro�le is used,the misattribution can be
controlledby selectingthethresholdfor cold pathelimina-
tion. Misattributionof countsis accountedfor in our results
in Section5.

5. Experimental Methodologyand Results

In thissection,weevaluatetheoverhead-accuracy trade-
off of our proposedtechniques.We have developeda tool
called TargetedPath Pro�ler (TPP) that instrumentsexe-
cutablesfor targetedpath pro�ling. TPP is basedon the
PP implementationof the Ball-Larusef�cient pathpro�l-
ing algorithm[8]. PPis partof ExecutableEditing Library
(EEL), a binary analysisandediting tool for SPARC that
hidesmany of the platform-speci�c detailsof modifying
executables[17]. We useQuick Pro�ler andTracingTool

(QPT2),theedgepro�ler from [8], to collectedgepro�les.
TPP eliminatescold pathsfrom a routine only when do-
ing sopermitsthesubstitutionof a counterarrayfor a hash
table.Obviouspaths,however, areeliminatedfrom all rou-
tines.In general,TPPreusestheanalysisandinstrumenta-
tion from PPwherepossiblebut addsfunctionality to ana-
lyzeandinstrumentroutineswith coldpathsanddetectand
eliminateinstrumentationfor obvious paths.More details
abouttheimplementationcanbefoundin AppendixA.

Resultswerecollectedfor the SPEC95andSPEC2000
benchmarksuites.We presentresultsof a subset;PP and
QPT2 failed to correctly instrumentthe omitted bench-
marksbenchmarksin our environment.In a few cases,we
identi�ed the problematicroutinesin the benchmarksand
excludedtheseroutinesfrom instrumentation(to enablerel-
ative comparisons,the routineswereexcludedfor runsof
both PPandTPP).The benchmarkswerecompiledusing
the Sun C compiler (version5.2) and run with the refer-
enceinput set.As we expecttheedgepro�les collectedin
anearlystageof theoptimizerto berepresentativeof theex-
ecutionduring thepathpro�le collection,our experiments
usededgepro�les for the ref input set.Runtimeresults
werecollectedon a quietSun-Blade-1000runningSPARC
Solaris5.8.In orderto allow comparisonsto previouswork
[8, 9], we presentmostly resultsfrom SPEC95;note that
TPPworksevenbetterwith SPEC2000.

TPP can be con�gured with two parameters:(i) the
thresholdfor the cold edgecriterion and(ii) the threshold
for disconnectingloopsfrom theCFG.A TPPcon�guration
is speci�ed as TPP(L

�NM ), where L is the cold edgethresh-
old (edgesresponsiblefor lessthan L % of �o w from their
sourceareremoved),andM is theloopdisconnectionthresh-
old (loops with entry edgesexecutedlessthan M % of the
loopheaderexecutionfrequency areremoved).

Ouraccuracy metric,attributionof de�nite �o w (AoDF),
is 'O������P��QPSRUT"VNW�XYROZ

%�[

�QP+Z

%�\

VYW�XYROZ

%�[

* . Predominantly, re-
ductionsin AoDF aredueto “cold counts”that cannotbe
attributed to any particularpath5. As previously notedin
section4.3, TPPmay alsoovercountobviouspathsdueto
the eliminationof cold paths.We computethe percentage
of pathsundercountedandovercounted(weightedby path
lengthin blocks),relative to PP's results.

5.1. Results

Ourexperimentsdemonstratethattargetedpathpro�ling
(TPP)reducestheoverheadof theoriginalBall-Larusalgo-
rithm by abouthalf (SPEC95,Table2) to almosttwo-thirds

5 Comparisonof pro�les collectedby PPandTPPis complicatedby the
factthatthetwo toolsmaytruncatepathsalongdifferentedges.To en-
ableaquantitativecomparisonof thetwopro�les, wesplit all recorded
pathsattheunionof bothtruncatededgesets.WhenPPtruncatesatan
edgethatTPPdesignatesascold,PPandTPPwill havedifferentnum-
berof countsfor thepath,asTPPwill only counttheexecutionsthat
donotpassthroughany coldedges.



Overhead(Attributionof De�nite Flow)
Benchmark PP TPP(1,1) TPP(5,5) TPP(10,10) TPP(5,15)
compress 23.7% (100%) 15.9% (100%) 16.2% (100%) 12.0% (99.7%) 12.2% (99.7%)
gcc 95.6% (100%) 68.6% (99.2%) 55.7% (96.0%) 52.8% (91.9%) 52.6% (95.9%)
go 67.6% (100%) 48.4% (99.9%) 50.5% (99.6%) 47.9% (98.5%) 49.2% (99.5%)
ijpeg 12.2% (100%) 9.0% (99.9%) 7.6% (99.9%) 8.4% (99.9%) 8.0% (99.6%)
li 18.3% (100%) 15.6% (100%) 14.2% (100%) 12.6% (98.8%) 12.4% (98.8%)
m88ksim 44.0% (100%) 35.3% (99.7%) 38.0% (97.9%) 40.6% (97.0%) 36.5% (98.0%)
perl 34.2% (100%) 7.4% (99.4%) 8.1% (96.8%) 6.5% (93.0%) 8.0% (96.4%)
vortex 34.6% (100%) 9.2% (99.9%) 8.4% (99.5%) 7.0% (99.2%) 6.2% (99.6%)
INT Avg: 41.3% (100%) 26.2% (99.8%) 24.8% (98.7%) 23.5% (97.3%) 23.1% (98.4%)

applu 4.8% (100%) 4.4% (100%) 4.6% (100%) 4.5% (100%) 4.6% (100%)
apsi 8.6% (100%) 5.2% (100%) 3.4% (99.7%) 2.6% (99.5%) 2.4% (99.5%)
hydro2d 29.7% (100%) 3.6% (98.6%) 3.6% (98.0%) 3.2% (93.9%) 3.7% (98.0%)
mgrid 0.8% (100%) 0.8% (100%) 0.7% (99.1%) 0.5% (99.1%) 0.5% (98.4%)
su2cor 7.3% (100%) 2.7% (100%) 1.7% (100%) 1.4% (100%) 1.4% (100%)
tomcatv 12.2% (100%) 0.8% (99.9%) 0.9% (99.9%) 0.6% (99.9%) 0.6% (99.9%)
turb3d 20.2% (100%) 11.4% (99.9%) 8.6% (99.8%) 7.0% (99.2%) 6.4% (99.1%)
FP Avg: 11.9% (100%) 4.1% (99.8%) 3.4% (99.5%) 2.8% (98.8%) 2.8% (99.3%)

Average: 27.6% (100%) 15.9% (99.8%) 14.8% (99.1%) 13.8% (98.0%) 13.6% (98.8%)

Table 2. Comparison of targeted path pro�ling (TPP) with Ball-Larus path pro�ling (PP) for a subset of SPEC95 benc hmarks. Over-
head is the increase in execution time due to pro�ling. Attribution of De�nite Flow is the fraction of dynamic paths (weighted by path length
in basic blocks) that can be derived from the instrumentation.

Overhead(Attributionof De�nite Flow)
Benchmark PP TPP(1,1) TPP(5,5) TPP(10,10) TPP(5,15)
gzip 35.9% (100%) 27.7% (99.7%) 25.0% (99.5%) 26.0% (97.7%) 19.6% (99.5%)
gcc 87.2% (100%) 48.4% (99.4%) 36.7% (97.5%) 33.7% (96.0%) 33.3% (97.5%)
mcf 12.7% (100%) 4.1% (100%) 3.9% (100%) 0.5% (100%) 0.8% (100%)
crafty 38.3% (100%) 29.5% (100%) 36.9% (95.9%) 24.0% (94.7%) 20.2% (95.8%)
parser 33.0% (100%) 18.6% (100%) 18.9% (100%) 16.1% (97.3%) 18.2% (99.5%)
perlbmk 29.6% (100%) 11.9% (99.7%) 9.6% (97.4%) 5.9% (95.8%) 5.5% (99.5%)
gap 32.1% (100%) 16.0% (99.8%) 14.7% (98.5%) 13.5% (96.5%) 15.2% (98.5%)
vortex 51.6% (100%) 13.5% (99.9%) 18.8% (99.6%) 11.0% (99.4%) 8.4% (99.7%)
bzip2 62.6% (100%) 32.2% (99.8%) 26.8% (98.6%) 27.3% (98.5%) 27.2% (98.4%)
twolf 50.7% (100%) 21.7% (100%) 22.6% (99.5%) 19.8% (97.6%) 20.7% (99.5%)
INT Avg: 43.4% (100%) 22.4% (99.8%) 21.4% (98.6%) 17.8% (97.3%) 16.9% (98.6%)

mgrid 1.1% (100%) 1.5% (100%) 0.7% (99.3%) 0.7% (99.3%) 1.2% (99.3%)
art 67.2% (100%) 8.0% (100%) 8.0% (100%) 8.5% (100%) 9.0% (100%)
lucas 3.5% (100%) 0.4% (100%) 0.9% (95.8%) 1.5% (95.8%) 1.8% (100%)
fma3d 17.0% (100%) 5.1% (100%) 6.3% (99.8%) 4.8% (97.9%) 5.9% (98.9%)
FP Avg: 22.2% (100%) 3.7% (100%) 4.0% (98.7%) 3.9% (98.2%) 4.5% (99.6%)

Average: 37.3% (100%) 17.0% (99.9%) 16.4% (98.7%) 13.8% (97.6%) 13.3% (98.9%)

Table 3. Comparison of targeted path pro�ling (TPP) with Ball-Larus path pro�ling (PP) for a subset of SPEC2000 benc hmarks.

(SPEC2000,Table3) with a minimal lossof information.
Most of theoverheadreductionis achievedby eliminating
the very infrequentlyexecutedpaths,asshown by the re-
sultsfor TPP(1,1),which hasthemostconservative thresh-
olds. In both SPEC95and SPEC2000,the �oating point
benchmarksbene�t morethaninteger benchmarks,which
correlatesto thehigherfractionof obviouspathsshown in
Figure3.

Tables2 and3 show theoverheadandaccuracy of TPP
undera variety of parameters.While the resultsare rela-

tively insensitiveto theselectionof parametersin thisrange,
it shouldbe notedthat overheaddoesnot decreasemono-
tonically with reductionof precision;we attributethis vari-
ationto secondordereffectsdueto datalayout.TPP(5,15),
which usesa 5% thresholdfor the cold edgecriterion and
a 15%thresholdfor loop exits (i.e., averageiterationcount

]_^ ), seemsto be a goodtrade-off betweenaccuracy and
overhead.For SPEC95(SPEC2000),averageoverheadis
reducedfrom 28%(37%)to 14%(13%)while retainingan
attributionof de�nite �o w of 98.8%(98.9%).



EnumeratedPaths(in thousands)
Benchmark PP TPP(1,1) TPP(5,5) TPP(10,10) TPP(5,15)
compress 2.7 0.5 (18%) 0.5 (18%) 0.4 (15%) 0.4 (15%)
gcc 14,970,000 9,036,000 (60%) 6,554,000 (44%) 5,244,000 (35%) 6,370,000 (43%)
go 688,000 649,000 (94%) 629,000 (91%) 606,000 (88%) 616,000 (90%)
ijpeg 5,490 25.3 ( �`� %) 18.5 ( �`� %) 15.9 ( �`� %) 13.8 ( �`� %)
li 53,000 9.2 ( �`� %) 9.1 ( �`� %) 9.0 ( �a� %) 9.0 ( �`� %)
m88ksim 73,000 30.0 ( �`� %) 25.8 ( �`� %) 24.3 ( �`� %) 24.8 ( �`� %)
perl 1,237,000 27.9 ( �`� %) 21.7 ( �`� %) 20.1 ( �`� %) 19.0 ( �`� %)
vortex 2,055,000 98,200 ( b %) 151 ( �`� %) 150 ( �a� %) 150 ( �`� %)

applu 133,000 4.0 ( �`� %) 6.4 ( �`� %) 6.4 ( �`� %) 4.6 ( �c� %)
apsi 131,000 6.7 ( �`� %) 7.2 ( �`� %) 6.9 ( �`� %) 6.9 ( �`� %)
hydro2d 130,000 2.4 ( �c� %) 1.8 ( �`� %) 1.8 ( �`� %) 1.8 ( �`� %)
mgrid 5,900 2.6 ( �`� %) 0.5 ( �`� %) 0.4 ( �a� %) 0.3 ( �`� %)
su2cor 149,000 10.1 ( �`� %) 9.6 ( �`� %) 10.6 ( �`� %) 10.2 ( �`� %)
tomcatv 8,700 0.3 ( �`� %) 0.3 ( �`� %) 0.3 ( �a� %) 0.3 ( �`� %)
turb3d 75,000 6.7 ( �`� %) 1.7 ( �`� %) 1.6 ( �`� %) 1.6 ( �c� %)

Table 4. Comparison of the number of static paths between PP and TPP with various cold edge and loop disconnection criteria for
a subset of SPEC95 benc hmarks.
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Figure 9. Reduction in fraction of routines that require hash table-based counter s. Data shown for O: original PP, and TPP with 1, 5,
and 10% cold threshold. Again, it can be seen that most of the bene�t is achievable with the lowest threshold.

The reductionof overheadcomesprimarily from cold
path removal and the synergy betweencold path removal
andobvious path removal. Roughly 60% of the overhead
reductioncomesfrom cold path removal alone(datanot
shown). Cold path removal is effective at removing static
pathsfrom consideration.Table 4 shows that more than
99% of static pathsare removed in all but four SPEC95
benchmarks.In eightcases,morethan99.99%of thestatic
pathsareremoved.This reductionin the numberof static
pathsenumerateddoesa good job of reducingthe num-
ber of routinesthat requirehashtables.As shown in Fig-
ure9, onaverage,thenumberof hashedroutinesis reduced
by two-thirds.For integer codes,which have many more
hashedroutines,theaveragereductionexceeds80%.With-
out cold path removal, the bene�t from obvious path re-
moval is negligible (datanot shown).

While TPP'soptimizationsreduceits run-timeoverhead,
theadditionalanalysisrequiredslows instrumentation.We
estimatethat TPP takes on average74% longer (96% for
INT and19% for FP) to analyzeandinstrumenta routine
thanPPdoes.We have spentno effort in optimizingTPP's
instrumentationperformanceandexpectthat this could be
signi�cantly improved becauseTPP doesrelatively little

work beyond PP. In addition, it is desirableto eliminates
cold pathsonly whenit enablesconversionof a hash-table
to anarrayor a region to beconsideredobvious,which re-
quiresestimatingof the bene�t of our optimizations.Cur-
rently, for simplicity, our implementationprocessessome
routinesasmany asthreetimesto decidewhetherto deploy
the TPPoptimizedcode.We believe that this inef�ciency
canbeavoidedby restructuringthecode.Furthermore,the
run-timecostof instrumentationcould be reducedby do-
ing someof theanalysis(e.g., building theCFG)off-line.

6. RelatedWork

Complimentaryresearchhasexplored how to improve
the quality of informationfrom pathpro�les by extending
beyondtheintraprocedural,acyclic pathsmeasurableby the
Ball-Larus algorithm. InterproceduralPath Pro�ling [18]
extendsthe Ball-Larustechniqueto interproceduralpaths.
More recently, a techniqueto pro�le overlappingpathfrag-
ments(from which longerinterproceduralandcyclic paths
can be estimated)hasbeenproposed[21]. The increased
overheadof thesetechniques(e.g., the secondalgorithm's
overheadis a factorof four largerthantheBall-Larusalgo-



rithm [21]) canpotentiallybereducedby targetedpathpro-
�ling.

Another technique for reducing the overhead of
Ball-Larus-style path pro�ling, Selective Path Pro�l-
ing (SPP)[3], tries to eliminate“probes” (updatesof the
path register) not necessaryfor distinguishing a speci-
�ed subsetof acyclic paths.Their resultsshow a signif-
icant reduction in static probes for “tree-like” methods
when only a few (1-5) paths are of interest; no over-
head results are provided. In contrast,TPP tries to re-
duce overheadby eliminating path counter increments
(when path counts are “obvious”) and converting re-
gionsfrom hashtable-basedto array-basedcounters.

7. Conclusion

This paperpresentstargetedpathpro�ling, a low over-
headpathpro�ling techniquefor dynamicoptimizationsys-
tems.Targetedpath pro�ling, a modi�cation of the Ball-
Larusef�cient pathpro�ling algorithm,reducesoverhead
by converting routinesfrom hashtable-basedcountersto
array-basedcountersand by eliminating instrumentation
when all pathsin a region can be derived from an edge
pro�le. This pro�le-guided pro�ling techniquerequiresan
edgepro�le to beavailableat instrumentationtime,but we
expectthis to bethecasein astageddynamicoptimizer.

Our resultsdemonstratethat targetedpathpro�ling is a
promisingtechniquefor reducingoverhead;our tool TPP
hasone-half(SPEC95)or almostone-third(SPEC2000)of
the overheadof the Ball-Larus tool on which it is based,
while collectingonly slightly lessinformation.As this re-
duction in pro�ling overheadlikely comesat a cost of
additional analysisand instrumentationeffort, TPP can
be viewed as a techniqueto pushwork from application
threadsinto threadsof the dynamicoptimizationsystem.
Given trendstoward higher degreesof thread-level paral-
lelism in hardware,webelieve this is a desirabletrade-off.

8. Acknowledgments

This researchwas supportedin part by NSF CCR-
0311340andEIA-0224453andequipmentdonationsfrom
Intel and AMD. We thank Glenn Ammons for his as-
sistancewith PP and Vikram Adve and the anonymous
reviewersfor suggestionsto improve thepaper.

References

[1] G. Ammons.PersonalCommunication,2003.

[2] J. M. Andersonet al. Continuouspro�ling: wherehave all
thecyclesgone?In Proceedingsof thesixteenthACM sym-
posiumon Operating systemsprinciples, pages1–14.ACM
Press,1997.

[3] T. ApiwattanapongandM. J. Harrold. Selective Path Pro-
�ling. In Proc. of ProgramAnalysisfor Software Toolsand
Engineering(PASTE), Nov. 2002.

[4] M. Arnoldetal. AdaptiveOptimizationin theJalapẽnoJVM.
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A. Instrumentation Code

TPP, like the PPtool on which it is based,instruments
executablesby inserting snippets,or several consecutive
SPARC instructions,into programbinariesalong control
�o w graphedges.TPPusestwo modesfor array-basedpath
counting:addressing(usedwhenthemaximumedgeincre-
ment�ts in 11bits)andindexing (usedwhenthemaximum
incrementrequiresup to 13 bits). Due to the similarity of
thecodesnippets,we show only codefor addressingmode
(AppendixA.1); indexing modeis slightly morecomplex
becausethe pathregistermustbe scaledandaddedto the
array baseaddress.Appendix A.2 shows the codeplaced
on presumedcold edgesto poison the path register. Ap-
pendixA.3 discussestheneedto instrumentdummyedges.

A.1. Path Recording Instrumentation

For thearray-basedrecordingcode,TPPallocatesanar-
ray of 4-bytecountersin theglobaldatasegment—onefor
eachpath enumerated.In addition,TPP allocatesa “cold
counter” at the start of eachroutine's array of counters.
Thus, the addressof a routine's cold counter(cc addr )
is simply array base - 4 (countersizeis four bytes),
wherearray base is theaddressof the �rst hot counter
in thecounterarray.

Paths end at loop back edgesand EXIT. TPP instru-
mentsboth of thesecaseswith snippetsthat incrementa
pathcounter. In routineswith somecold paths,TPPinserts
snippetsthat incrementa hot pathor cold pathcounter, de-
pendingon whetherthe path register hasbeenpoisoned.
The following codesnippetaccomplishesthis in address-
ing mode:

sethi %hi(cc_addr - inc), %tmp1
or %tmp1, %low(cc_addr - inc), %tmp1
sra %pr, 31, %tmp2
movrnz %tmp2, %tmp1, %pr
ld [%pr + inc], %tmp1
add %tmp1, 1, %tmp1
st %tmp1, [%pr + inc]

The�rst two instructionssetregistertmp1 to cc addr
- inc ratherthansimply cc addr becausethe loadand
storeinstructionsimplicitly addinc to thecounteraddress.

If the path register is negative, the sra andmovrnz in-
structionsset the path register to the addressof the cold
counter;otherwise,if the currentpathis hot, the pathreg-
ister remainsunchangedand will hold the addressof the
path's counter. The last three instructionsincrementthe
counterwhoseaddressis in the pathregister. This snippet
usestwo temporaryregistersbesidesthepathregister.

A.2. Cold EdgeInstrumentation

Because path numbers are relatively small
( de���

�

�����

�

����� ), TPP usesthe highest(31st) bit of the
pathregisterto signify that the pathregisterhasbeenpoi-
soned:A negative path register indicatesa cold path,and
nonnegative path register indicatesa hot path. When in-
dexing mode is used, the execution of some hot paths
will cause the path register to become negative tem-
porarily, due to a negative increment.However, the path
register will be nonnegative at the end of the path be-
causepathnumbersarenonnegative.

As presentedin Section4, ouralgorithminstrumentsev-
ery cold edgethathasa hot source.TPPinsertsthefollow-
ing snippetalong theseedgesto mark the currentpathas
cold:

sethi %hi(0xC0000000), %pr

Thesnippetsetsthetwo highestbitsandclearstheother
30bits of thepathregisterbecausenon-coldedgesencoun-
teredlater on the samepathmay incrementor decrement
the pathregisterby small amounts.Settingthe pathregis-
terto avaluethatis notcloseto eitherthesmallestor largest
negative valueinsulatesthe pathregister's negativity from
theseincrementsanddecrements.

A.3. Instrumenting Dummy Edges

BecauseTPPintroducesadditionaldummyedgeswhen
loopsaredisconnected,it wasnecessaryfor us to add in-
strumentationto thedummyedgesthemselves.In contrast,
whenPPinsertsdummyedges(for backedgesor pathtrun-
cation) it marksthemas“uneditable.” Their intuition was
that, as dummy edgesare not part of the original CFG,
they cannotbe instrumented[1]. PPavoids instrumenting
dummy edgesby placing a subsetof them (exit dummy
edgesfrom truncationsandall entry dummyedges)in the
spanningtreeusedin selectingthe instrumentededges[7].
Thisapproachcannotbeusedin TPPwithoutaddingcycles
to thespanningtree.To supportinstrumentationof dummy
edges,TPPtrackstherelationshipsbetweendummyedges
andtheremovededgessothatinstrumentationcanbetrans-
ferred.If anedgef�:hg wasremoved,thenTPPplacesthe
instrumentationfor theexit dummyedge( fi:hjlkQmon ) on
theedgefS:pg , followedby theinstrumentationfor theen-
try dummyedge( jq�Qnsrutv:wg ).


