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Abstract

We presentsomepreliminary resultsof selectivepro�l-
ing in our effortstowardsautomaticperformancetuningfor
scienti�c codes.Performanceanalysisand tuning are be-
comingvery importantwith the increasingcomplexity and
speedof highperformancesystems.Greateffortsareneces-
sary to tuneapplicationsfor optimalperformanceon such
systems.

In our efforts to automatemost,if not all, of theperfor-
mancetuningprocess,we havedevelopeda �exible pro�l-
ing tool that can quickly pinpoint the performancebottle-
necks and further re�ne the problemarea. This is an im-
portant �r st stepin our openframework with a rule-based
approach for theongoingPERCSproject.

1. Intr oduction

High performancecomputing(HPC) is essentialin ad-
vancingscienceandsociety. In recentyears,HPCsystems
suchasBlue Gene[1] arebecomingincreasinglypowerful
andcomplex. Tremendoushumanefforts arenecessaryin
tuninganapplicationfor optimalperformanceonthesesys-
tems. It would greatlyincreasethe productivity of perfor-
manceengineersif, thebulk of thetuningprocesscouldbe
automated.Currentlyit still remainsmoreor lessa philo-
sophicalquestionwhetherwithout humaninput, a perfor-
manceproblemcanbe identi�ed automaticallyby a com-
puter itself. However, from observingthe most effective
engineersworking on performanceoptimizationsin an in-
dustriallaboratory, weareconvincedthatin many scenarios
theapplicationscanbeautomaticallytunedfor thetargetar-
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chitectures.Onesuchapproachis for eachscenarioto de-
�ne andapply thecorrespondingtransformationthatelim-
inatesthe performancebottleneck. The pool of scenarios
andtransformationsmay not be exhaustive, but we expect
to catchmostof theeverydayrecurringproblems.Notethat
thisis a largeprojectandwehavebarelybegunourresearch
in this area.Thecurrentapproachmaynot bethebestasit
involvesmoreheuristicthansystematicways for tackling
this problem. We presentthe developmentof our �e xible
pro�ling tool underthis context.

There are currently plenty of software tools, someof
which arevery powerful andif properlyusedcanhelppin-
point hard-to-�nd performancebottlenecksand/orcorrect-
nessissues. However, for the tuning of scienti�c codes
on usuallydedicatedHPCsystems,thesetoolsmaybe too
complex to use,andaftermucheffort theusermightstill be
left with ahugelist of choices,unsureof whichtransforma-
tion to useto bestimprove theperformance.We have had
the opportunityto observe the processor stepsthat many
performanceengineerstakewith theirapplicationsandplat-
forms, andhave noticedthat many performanceproblems
andtheirsolutionsarehighly repetitivein differentapplica-
tions. In oureffortsto designperformancesupporttoolsun-
derthePERCSprojectfor theDARPA HPCSprogram[4],
we strive to determinethe transformationsthat aresureto
helpboostperformance.

Pro�ling is invariablythe�rst stepthatanengineertakes
whenhe is facedwith the task of determiningthe bottle-
necksand tuning an application. Pro�ling gives a rough
ideaof how muchtime eachprogramconstruct(usuallyon
thestatementor functionlevel) takesto execute.After iden-
tifying the most time consumingconstructs,the engineer
canthenfurthercollectmoreperformanceinformationand
investigatewhetherthereis any mismatchbetweenthepro-
gramandthearchitecturethatcausesperformancedegrada-



tion. In this paperwe presentour implementationof a pro-
�ling tool thatis �e xible andfacilitatestheseefforts. This is
our �rst stepin automatingtheperformancetuningprocess.
Someof the bestfeaturesin this tool which areimportant
but non-existent in the currentpro�ling tools are: it does
not needto accessthesourcecodenor doesit needrecom-
pilation for pro�ling. However, we believe its value lies
morein its contribution to automaticperformancetuning.

Therestof thepaperis organizedasfollows: Section2
presentsa brief review of the pro�ling techniqueandcur-
rentpro�ling tools.Section3 and4 describethedesignand
implementationof our pro�ling tool. Section5 compares
our implementationwith otherexistingpro�ling tools;Sec-
tion 6 discussesthework in progressand�nally Section7
is theconclusionandfuturework.

2. Brief Review of Pro�ling

Pro�ling is the standardtechniquefor studyingthe be-
havior of large, complex programs. As current applica-
tionsareroutinelycomposedof millions of linesof codes,
theability to quickly pinpoint regionsthat take up mostof
the executiontime is critical to performancetuning. The
classicalapproachinvolvescompiler-generatedmonitoring
routinesfor the collectionof control �o w informationand
samplingfor an estimateof the time distribution over the
programaddressspace. The �rst and possibly the most
commonlyusedpro�ler is gprof [8]. It is able to present
countsof routine invocationsand timing information for
statements.Therearetwo partsto pro�ling a programwith
gprof: 1. augmentthe codeat “strategic” pointsfor mea-
suringroutinecallsandstatementexecutions,2. samplethe
valueof theprogramcounteratsomeintervals,andinferex-
ecutiontime from thedistributionof thesampleswithin the
program.Thepro�ler gprof is not to beconfusedwith the
postprocessingcommandgprof providedfor postprocess-
ing on mostUNIX systems.Therearea varietyof similar
toolsthatdiffer in minor implementationdetails,for exam-
ple, tprof [10] andjprof [5].

gprof is probablythemostfrequentlyusedtool by per-
formanceengineers.While veryuseful,gprof hassomere-
stricting limitations,especiallyin the context of automatic
performancetuning.For instance,accessto thesourcecode
andrecompilationarenecessaryfor insertingpro�ling rou-
tines. The sourcecodesareoften proprietaryto a vendor
andrecompilingcomplex programscantakeapainstakingly
longtimeespeciallywhenahighoptimizationlevel is used.
Also gprof doesnotdifferentiatebetweencoderegions.As
a result,performancemetricsat thesamelevel of detailare
collectedacrossthe whole programandmost of them do
not bring insightsinto detectingtheperformanceproblem.
A pro�ling tool thatis �e xible andleadstowardsautomatic
performancetuningis thushighly desirable.

3. Our Pro�ling Tool

Wehavedevelopedanew pro�ling tool thatis capableof
selectively pro�ling anarbitrarysetof routines.Thetool on
one handimplementsthe functionality provided by gprof
and on the other hand,provides meansto further narrow
down to the bottlenecks.The implementationis basedon
binary rewriting. Binary rewriting hasbeenusedin study-
ing the behavior of the applicationfor optimization pur-
poses[3]. We observe that augmentingan applicationfor
pro�ling is aperfectcaseof applicationof binaryrewriting.
Binary rewriting obviatestheneedfor accessto thesource
code,andavoidsrecompilingthecodewith thepro�ling op-
tions. We foundthatsimilar ideasto tamperwith eitherthe
binaryor theprocesshave beenexploredindependentlyby
other researchers(for example,see[7]). In [7], however,
the pro�ling only works for very simple applicationsand
giveswrongresultsfor commonplaceprogramslikegzip. It
doesnotwork for MPI applicationseither. In additionto an
ef�cient, correctimplementationandextensivecomparison
with gprof, our contribution lies more in the selective ap-
proachfor programanalyis. We presentselective pro�ling
in Section6.

As a �rst step,we havedesignedour tool to becompati-
blewith gprof. Ourtool is tobeasef�cient asgprof, andthe
pro�ling dataproducedby ourtool canalsobeprocessedby
gprof. The dataformatadoptedby gprof doesnot always
accommodatethe informationwe would like to store. Our
tool also producesdatain a different format that is more
conduciveto automatictuning.Herewe givea detailedde-
scriptionof our implementationbasedon binary rewriting
to simulategprof.

4. Samplingand Call Graph Generation

For statisticalapproximationof the executiontime for
eachstatement,gprof samplesthe programcounter(PC)
valueregularly. Samplingdoesnot necessarilyrequirespe-
cial supportfrom the operatingsystem.On mostversions
of Unix andalike systems,samplingcanbe naturallysup-
portedby timeslicing. Ondedicatedsystems,like theoper-
atingsystemfor Blue Genewheretime sharingandmulti-
programmingarenot supported,usermanagedtimer inter-
ruptscanbeused.Theinterfaceto thesamplingutility is in
generalthe pro�l(b uffer, bufsize, lowpc,scale)routinethat
registersa buffer to recordtheclock ticks thatoccurinside
a rangeof addresses.Choosingappropriateparameterval-
ues,we canachieve theeffectssuchashigherprecisionfor
ashorterrangeof addresses.

gprof countsthenumberof timeseachroutineis invoked
aswell asthe arc (parent/childrenrelationship)in the call
graphthatactivatedthepro�led routine.Thecompilergen-
eratedmonitoringroutine(usuallymcount) is immediately
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calledby eachpro�led routineandthemonitoringroutine's
returnaddressis recorded.Obviously this addressfalls in-
sidethepro�led routinethat is thedestinationof an arc in
the call graph. The monitoring routinealso identi�es the
call site or the sourceof the arc. Therecan be millions,
evenup to billions of dynamicfunctioncallsduringanexe-
cution. gprof maintainsa hashtableof all arcsdiscovered,
usingthecall siteaddressastheprimarykey andthecallee
addressasthesecondarykey. A linkedlist is usedto resolve
the con�icts into the hashtableentry. We employ similar
datastructuresandalgorithmsasin gprof.

4.1. Sampling

In order to simulategprof, we start pro�ling oncethe
programcontrol�rst entersusercodeandstopit justbefore
we write out thecollecteddatato the output�le. We thus
needto detecttheentryandexit of usercode,andpatchin
the pro�l routine. Detectingtheentry is quite simplewith
mostof thebinary formatslike ELF [2] andXCOFF [11].
To ensurethe stoppingof sampling,we registera request
to stopthe executionof pro�l at the exit of a programus-
ing theatexit utility. For this a call to pro�l(NULL, 0, 0, 0)
is patchedin. All the informationobtainedfrom pro�ling
is storedin a buffer whosepointeris passedon to thepro-
�l routine initially. Oncethe programends,this buffer is
written to theoutput�le.

4.2. Call Graph Generation

Our implementationof themonitoringroutineis slightly
differentfrom mcountasthepatchinginvolves“jumps” us-
ing trampolinesthat do not constitutefull function calls,
hencethestackwalking shouldbe treateddifferently. The
monitoringroutinewe have implementedis calledgraph-
genandis patchedin at theentryof every function.

Thebasicalgorithmwe usefor recordingcall graphin-
formationis similar to what is usedby gprof. We go over
it herebrie�y . Whena function call is made,a counteris
incrementedfor theparticularcaller-calleearc.Themethod
of obtaining the caller and calleeaddresshave beendis-
cussedabove. Onecannot afford to have the monitoring
routineoutputtracinginformationaseacharcis identi�ed.
Therefore,themonitoringroutinemaintainsa datastrucure
in thememory, of all thearcsdiscoveredwith countsof the
numberof timeseachis traversedduring execution. This
structureis accessedonceperroutinecall. Accessto it must
be asfastaspossibleso asnot to overwhelmthe time re-
quiredto executetheprogram.Thesolutionis to useahash
table.Weusethecall siteastheprimarykey with thecallee
addressbeingthesecondarykey. Sinceeachcall site typi-
cally callsonly onecallee,wecanreducethenumberof mi-
nor lookups(usuallyto one)basedon thecallee.Thehash

is calculatedby a simpledivide on thecaller's address.So
the hashfunction usedis trivial to calculateandcollisions
occuronly for call sitesthatcall multiple destinations(e.g.
functionalparametersandfunctionalvariables).The hash
tableis implementedusingarrays.We haveanarrayfor the
callerfunctionsandanotherfor storingthecalleefunctions'
addressandthecount.Thedatastructureis outputto a �le
at theendof theprogram.

Blindly interceptingeachfunction call with graphgen
cancauseunexpectedbehavior. In�nite recursive invoca-
tion to afunctionoccursif it is alsocalledby graphgen. For
example,if functionf 1 is interceptedwith graphgenandf 1

is in turncalledfrom within graphgen, therewill beanin�-
nitesequenceof graphgen! f 1 ! graphgen! f 1 ! : : :
For most functionsthis generallywould not occurasthey
arenot calledby graphgen. For thosefunctioncallsto sys-
temlibrariesinsidegraphgen, for examplememset, our so-
lution is to provideour own versionof implementationthat
is guaranteednot to appearelsewhere.

Binaryinstrumentationcanalsocauseproblemswith an-
otherpatched-inroutinewhich is calledinitialize. Thisrou-
tine is patchedin beforetheentryinto the�rst userfunction
becauseit initializesthedatastructuresusedfor storingthe
pro�ling information. In this routine,we usemalloc to al-
locatememoryfor thehashtableandotherdatastructures.
Thecall to mallocwill beinterceptedby graphgento record
thecaller/calleearc if it is usedby theuserprogram.Con-
sidertheexecutionof abinaryaugmentedfor pro�ling. We
will observe the following sequenceof function calls sup-
posingthebinary is compiledfrom a C programthat calls
malloc: main ! initialize ! mal loc ! graphgen ! : : :
Notice thatat the time graphgenis called,thememoryfor
thehashtableis not yet allocatedbecausewe areintercept-
ing the call to malloc for allocatingthe memoryfor pro-
�ling. Our solution is to have a pieceof static array for
the initial table. Anyway as this tablegrows dynamically
during the lifespanof the execution,reallocationis to be
performed.

4.3. Binary Patc hing

We instrumentthe binary and patchin the monitoring
routinegraphgenfor eachfunction. Thatis, we modify the
binarysothatat theentryof eachfunction,a call to graph-
gen is issued. The graphgen routine walks the stackand
registersthecall siteandcalleein thehashtable.Theentry
of the �rst userfunction(for example,main) is intercepted
for initialization andsettingup the pro�ling environment.
The initialize function is patchedin for this purpose. At
exit, we patchin the function which outputsthe sampling
dataandthecall graph,to a binary �le called“gmon.out”.
We usetheSIGMA [6] tool for binaryrewriting onAIX.
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Figure 1. Call graph constructed from the pro�ling data collected by gprof. The �gure on the left is a
global clustered view of the entire call graph. The par t on the right sho ws a zoomed in view of the
orphan cluster on the bottom right.

4.4. Output and Post Analysis

The output �le is called “gmon.out” as in gprof and
sharesthesameformat.Eventuallythepro�ling datais out-
putfor post-analysiswhentheprogramterminates.Wehave
customizedan in-housepost processingtool Xpro�ler for
presentingthe pro�ling data. Xpro�ler visualizesthe call
graphusinga graphicalinterface. The routinesarerepre-
sentedasboxeswhile thearcsrepresentthecaller-calleere-
lationship.Xpro�ler is alsocapableof automaticallylaying
out the graphon the screen. We useXpro�ler as it is in-
tuitive andhelpsthe navigationamongnumerousfunction
callsandarcs.

5. Testsand Results

We have done extensive testing of the tool with the
SPEC2000benchmarkfor correctnessand performance.
SPEC2000consistsof 12 integer and 14 �oating point
benchmarks,amongwhich 18 arewritten in C, 6 in FOR-
TRAN andoneeachin FORTRAN90andC++. They range
from swimandappluto gzip, gccandequake, andaregood
test casesfor our implementation. We compareour tool
with gprof onAIX.

We observednegligible differencefor mostbenchmarks
betweentheexecutiontimeof binariesaugmentedby gprof
andourtool. However, it is hardto makeastrictcomparison
betweenthetwo asthey do not alwayspro�le thesameset
of functions. Currentgprof implementationon AIX links
againsta specialpro�led library libc wherethemonitoring
routineis precompiled.Someof thefunctionsbeingcalled

from this library arenot visible to our instrumentation.For
example,for gzip about20 extra function calls from libc
arepro�led in thecompilergeneratedcodefor to geta to-
tal of 63functions.Our implementationinstrumentsin total
around40 functionsthatwe candetectfrom thesymbolta-
ble. For mostapplications,theexecutioninsidelibc is very
seldomof concern.The relative rankingof the userfunc-
tionsis usuallymoreinformative.

We areable to pro�le function calls to precompiledli-
brariesthatgprof fails to capturethecaller-calleerelation-
shipfor. If theidentity of thecallerof a functioncannotbe
determined,thecalleris labeledas“spontaneous”.Thiscan
happenfor signalhandlers.Functioncalls to precompiled
librariesthatwerenot augmentedby thecompilerfor pro-
�ling will result in many “spontaneous”callers. Although
theexecutiontime for eachindividual function is still cap-
tured, the call graphis broken into many distinct compo-
nents. This can be a problemif a signi�cant amountof
time is spentinside the precompiledlibrary, for example,
thecommunicationlibrary, I/O library, andotherhighly op-
timizedmathlibraries.

We test our implementationwith SKaMPI [9]. The
SKaMPIbenchmarkis a suiteof testsdesignedto measure
theperformanceof MessagePassingInterface(MPI) imple-
mentations.SKaMPImaintainsa databaseto illustratethe
performanceof machine-dependentMPI implementations.
The majority of the codeis on MPI communications.On
AIX, the pro�ling library of the POE environmentis not
provided.

Figure1 is the graphicalpresentationof a pro�led run
with collective communicationprimitives. On the left we
presenta clusteredview of the call graphas therearetoo
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Figure 2. Call graph constructed from the pro�ling data collected by our tool. The �gure at the top
is a par t of the call graph sho wing calls to MPI functions. The �gure belo w it is a zoomed in view of
the box at the top.
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many functionscalls to show individually. The nodesare
clusteredby the libraries. The arcsbetweentwo clusters
indicatefunction invocations.If you look at thethird level
of thegraph,thereis a clusterin the right clusterthatdoes
nothaveanancestor. All theMPI collectivecommunication
functionsareinsidethis cluster. gprof doesnot capturethe
caller-calleerelationshipfor them. On theright is a partial
zoomedin view of thecluster.

Figure2 is thegraphicalpresentationof thepro�ling data
collectedby our tool. In thetop �gure, we show thepartof
the call tree that containsall the callersof the MPI func-
tions. Below it is a zoomedin view of the part insidethe
box in the left diagram.We canseethat theMPI function
calls areno longerdanglingin thecall tree. They arecor-
rectlypluggedinto thecall graph.

6. Selective Pro�ling

Quite naturally, our pro�ling tool hasthe �e xibility of
pro�ling anarbitrarysetof functionssinceour implementa-
tion is basedonbinaryrewriting. Wecan�rst doa top level
pro�ling of the entireprogramandthenselectively pro�le
the functionsthatwe areinterestedin for betteref�ciency.
This capabilitycanbe very helpful for long-runningcom-
plex applicationsonmassively parallelsystems.

The pro�ling actionstaken at function entriesandexits
may alsoextendbeyond call chainchasing.Variousother
performancemetrics such as timing and hardware event
countscanbecollected. It would be interestingto addthe
ability to pro�le basicblocks/individualstatements.

7. Conclusionand Future Work

We have developeda pro�ling tool thatpatchesa binary
anddoesnot needaccessto the sourcecode. As a result,
pro�ling with our tool doesnot needrecompilation.It also
hasthe capabilityof pro�ling precompiledlibraries. This
capabilityis crucial in analyzingtheperformanceof appli-
cationsthat rely heavily on standardlibrariessuchasmath
or communicationlibraries. Our tool alsohasthe �e xibil-
ity of selectively pro�ling anarbitrarysetof functionswith
arbitraryactions. We considerthis asa new steptowards
moreaccurateandusefulpro�ling for performancetuning.

In the future, we will further improve the tool for the
foundation towards automaticperformanceanalysisand
tuning. In thecurrentimplementation,whengprofattributes
timesfrom a child to differentparents,it doesit in theratio
of the numberof timesthe child is calledby eachparent.
But we would like to attribute actualtimes to the parents
becauseit is possiblethatwhenthesamefunctionis called
with differentargumentsby differentfunctions,it takesdif-
ferentamountsof time to execute.Selective pro�ling dis-
cussedin theprevioussectionwill beourprimaryfocus.

References

[1] F. Allen andG. Almasi. A vision for proteinscienceusinga
peta�op supercomputer. IBM SystemsJournal, 21(40):310–
327,2001.

[2] Tool Interface Standards,ELF: Executableand Linkable
Format.ftp://ftp.intel.com/pub/tis,1998.

[3] A. EustaceandA. Srivastava. ATOM: A �e xible interface
for building highperformanceprogramanalysistools.1994.

[4] High productivity computer systems.
http://highproductivity.org, 2005.

[5] Jprof:JavaGlossary. http://mindprod.com/jgloss/jprof.html,
1999.

[6] L. DeRose,K. Ekanadham,J. K. Hollingsworth and S.
Sbaraglia.Sigma:A simulatorinfrastructureto guidemem-
ory analysis.pages1–13,2002.

[7] K. C. LeeandH. Lin. Gprof via binaryinstrumentationus-
ing dyninst.2005.

[8] S.L. Graham,P. B. KesslerandM. K. McKusick. Gprof: A
call graphexecutionpro�ler. ACM SIGPLANnotices, pages
49–57,1982.

[9] SKaMPIBenchmark.http://liinwww.ira.uka.de/� skampi.
[10] Tprof. http://per�nsp.sourceforge.net/tpof.html.
[11] IBM XCOFF object �le format.

http://publib16.boulder.ibm.com/peries/enUS/�les/aix�les/
XCOFF.htm.

6


