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Abstract

We presentsomepreliminary resultsof selectivepro I-
ing in our effortstowardsautomatigperformanceuningfor
scienti ¢ codes. Performanceanalysisand tuning are be-
comingvery importantwith the increasingcompleity and
speedfhigh performancesystemsGreateffortsare neces-
saryto tuneapplicationsfor optimal performanceon suc
systems.

In our efforts to automatemost,if not all, of the perfor-
mancetuning processwe havedevelopeda e xible pro |-
ing tool that can quickly pinpoint the performancebottle-
neds and further re ne the problemarea. Thisis anim-
portant r st stepin our openframeavork with a rule-based
appmoach for the ongoingPERC Soroject.

1. Intr oduction

High performancecomputing(HPC) is essentiain ad-
vancingscienceandsociety In recentyears,HPC systems
suchasBlue Gene[1] arebecomingincreasinglypowerful
andcomple. Tremendousumanefforts arenecessaryn
tuninganapplicationfor optimalperformancenthesesys-
tems. It would greatlyincreasethe productvity of perfor
manceengineersf, the bulk of thetuningprocessouldbe
automated.Currentlyit still remainsmore or lessa philo-
sophicalquestionwhetherwithout humaninput, a perfor
manceproblemcan be identi ed automaticallyby a com-
puteritself. However, from observingthe most effective
engineersvorking on performanceoptimizationsin anin-
dustriallaboratorywe arecorvincedthatin mary scenarios
theapplicationcanbeautomaticalljtunedfor thetargetar-
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chitectures.Onesuchapproachs for eachscenaricto de-
ne andapply the correspondingransformatiorthatelim-
inatesthe performancebottleneck. The pool of scenarios
andtransformationsnay not be exhaustve, but we expect
to catchmostof the everydayrecurringproblems Notethat
thisis alargeprojectandwe have barelybegunourresearch
in this area. The currentapproachmay not bethe bestasit
involves more heuristicthan systematiovays for tackling
this problem. We presentthe developmentof our e xible
pro ling tool underthis context.

There are currently plenty of software tools, some of
which arevery powerful andif properlyusedcanhelp pin-
point hard-to- nd performancebottlenecksand/orcorrect-
nessissues. However, for the tuning of scienti c codes
on usuallydedicatedHPC systemsthesetools may be too
comple to use,andaftermucheffort theusermightstill be
left with ahugelist of choicesunsureof which transforma-
tion to useto bestimprove the performance We have had
the opportunityto obsene the processor stepsthat mary
performancengineersake with theirapplicationandplat-
forms, and have noticedthat mary performanceproblems
andtheir solutionsarehighly repetitvein differentapplica-
tions. In our efforts to designperformancesupportoolsun-
derthe PERCSprojectfor the DARPA HPCSprogram[4],
we strive to determinethe transformationghat are sureto
helpboostperformance.

Pro ling isinvariablythe rst stepthatanengineetakes
whenhe is facedwith the task of determiningthe bottle-
necksand tuning an application. Pro ling givesa rough
ideaof how muchtime eachprogramconstructusuallyon
thestatemenor functionlevel) takesto execute After iden-
tifying the mosttime consumingconstructsthe engineer
canthenfurther collectmoreperformancénformationand
investigatavhetherthereis any mismatchbetweerthe pro-
gramandthearchitecturghatcauseperformancelegrada-



tion. In this paperwe presenpur implementatiorof a pro-
ling toolthatis e xible andfacilitatestheseefforts. Thisis
our rst stepin automatinghe performanceuningprocess.
Someof the bestfeaturesin this tool which areimportant
but non-eistentin the currentpro ling tools are: it does
not needto accesghe sourcecodenor doesit needrecom-
pilation for pro ling. However, we believe its value lies
morein its contributionto automaticperformanceuning.

The restof the paperis organizedasfollows: Section2
presents brief review of the pro ling techniqueandcur-
rentpro ling tools. Section3 and4 describehe designand
implementationof our pro ling tool. Section5 compares
ourimplementatiorwith otherexisting pro ling tools; Sec-
tion 6 discusseshework in progressand nally Section7
is the conclusiorandfuture work.

2. Brief Review of Pro ling

Pro ling is the standardechniquefor studyingthe be-
havior of large, complex programs. As currentapplica-
tions areroutinely composedf millions of lines of codes,
the ability to quickly pinpointregionsthattake up mostof
the executiontime is critical to performanceuning. The
classicalapproachnvolvescompilergenerateanonitoring
routinesfor the collection of 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 ableto present
countsof routine invocationsand timing information for
statementsTherearetwo partsto pro ling aprogramwith
gprof: 1. augmenthe codeat “strategic” pointsfor mea-
suringroutinecallsandstatemenexecutions2. samplethe
valueof theprogramcounteratsomeintervals,andinfer ex-
ecutiontime from thedistribution of the sampleswithin the
program.The pro ler gprof is notto be confusedwith the
postprocessingommandgprof providedfor postprocess-
ing on mostUNIX systems.Therearea variety of similar
toolsthatdiffer in minorimplementatiordetails,for exam-
ple,tprof [10] andjprof [5].

gprof is probablythe mostfrequentlyusedtool by per
formanceengineersWhile very useful,gprof hassomere-
stricting limitations, especiallyin the context of automatic
performanceauning. For instanceaccesso thesourcecode
andrecompilationarenecessaryor insertingpro ling rou-
tines. The sourcecodesare often proprietaryto a vendor
andrecompilingcomplex programsantake apainstakingly
long time especiallywhenahigh optimizationlevel is used.
Also gprof doesnot differentiatebetweercoderegions.As
aresult,performancametricsat the samelevel of detailare
collectedacrossthe whole programand most of themdo
not bring insightsinto detectingthe performanceproblem.
A pro ling tool thatis e xible andleadstowardsautomatic
performanceauningis thushighly desirable.

3.0ur Proling Tool

We have developedanew pro ling tool thatis capableof
selectvely pro ling anarbitrarysetof routines.Thetool on
one handimplementsthe functionality provided by gprof
and on the other hand, provides meansto further narrov
down to the bottlenecks. The implementations basedon
binary rewriting. Binary rewriting hasbeenusedin study-
ing the behavior of the applicationfor optimization pur-
poseq3]. We obsene thataugmentingan applicationfor
pro ling is aperfectcaseof applicationof binaryrewriting.
Binary rewriting obviatesthe needfor accesdo the source
code andavoidsrecompilingthecodewith thepro ling op-
tions. We foundthatsimilar ideasto tamperwith eitherthe
binary or the processhave beenexploredindependentlyy
otherresearcherg¢for example,see[7]). In [7], however,
the pro ling only works for very simple applicationsand
giveswrongresultsfor commonplacgrogramdike gzip. It
doesnotwork for MPI applicationither In additionto an
ef cient, correctimplementatiorandextensive comparison
with gprof, our contrikbution lies morein the selectve ap-
proachfor programanalyis. We presentelectve pro ling
in Section6.

As a rst step,we have designedurtool to be compati-
blewith gprof. Ourtoolisto beasef cient asgprof, andthe
pro ling dataproducedy ourtool canalsobeprocessetly
gprof. The dataformatadoptedby gprof doesnot always
accommodatéhe informationwe would lik e to store. Our
tool also producesdatain a differentformat thatis more
conducveto automatiduning. Herewe give a detailedde-
scriptionof our implementatiorbasedon binary rewriting
to simulategprof.

4. Samplingand Call Graph Generation

For statisticalapproximationof the executiontime for
eachstatementgprof samplesthe programcounter(PC)
valueregularly. Samplingdoesnot necessarilyequirespe-
cial supportfrom the operatingsystem. On mostversions
of Unix andalike systemssamplingcanbe naturally sup-
portedby time slicing. On dedicatedsystemslik e theoper
ating systemfor Blue Genewheretime sharingand multi-
programmingarenot supportedusermanagedimer inter-
ruptscanbeused.Theinterfaceto the samplingutility isin
generalthe pro I(b uffer, bufsize lowpc, scale)routinethat
registersa buffer to recordthe clock ticks thatoccurinside
arangeof addressesChoosingappropriatgparametewal-
ues,we canachieve the effectssuchashigherprecisionfor
ashorterrangeof addresses.

gprof countsthenumberof timeseachroutineis invoked
aswell asthe arc (parent/childrerrelationship)in the call
graphthatactivatedthe pro led routine.Thecompilergen-
eratedmonitoringroutine (usuallymcounj is immediately



calledby eachpro led routineandthe monitoringroutine's
returnaddresss recorded.Obviously this addresdgalls in-
sidethe pro led routinethatis the destinationof anarcin
the call graph. The monitoring routine also identi es the
call site or the sourceof the arc. There canbe millions,
evenupto billions of dynamicfunctioncallsduringanexe-
cution. gprof maintainsa hashtableof all arcsdiscovered,
usingthe call siteaddressasthe primary key andthe callee
addresssthesecondarkey. A linkedlist is usedto resole
the con icts into the hashtable entry. We employ similar
datastructuresandalgorithmsasin gprof.

4.1. Sampling

In orderto simulategprof, we startpro ling oncethe
programcontrol rst entersusercodeandstopit justbefore
we write out the collecteddatato the output le. We thus
needto detectthe entryandexit of usercode,andpatchin
thepro | routine. Detectingthe entryis quite simple with
mostof the binary formatslike ELF [2] and XCOFF[11].
To ensurethe stoppingof sampling,we registera request
to stopthe executionof pro | at the exit of a programus-
ing the atexit utility. For thisacall to pro I(INULL, 0, 0, 0)
is patchedin. All the informationobtainedfrom pro ling
is storedin a buffer whosepointeris passedn to the pro-
| routineinitially. Oncethe programends,this buffer is
written to the output le.

4.2. Call Graph Generation

Ourimplementatiorof the monitoringroutineis slightly
differentfrom mcountasthe patchinginvolves“jumps” us-
ing trampolinesthat do not constitutefull function calls,
hencethe stackwalking shouldbe treateddifferently. The
monitoring routine we have implementeds called graph-
genandis patchedn attheentryof every function.

The basicalgorithmwe usefor recordingcall graphin-
formationis similar to whatis usedby gprof. We go over
it herebrie y. Whena function call is made,a counteris
incrementedor theparticularcallercalleearc. Themethod
of obtainingthe caller and callee addresshave beendis-
cussedabove. Onecannot afford to have the monitoring
routineoutputtracinginformationaseacharcis identi ed.
Therefore the monitoringroutinemaintainsa datastrucure
in thememory of all thearcsdiscoveredwith countsof the
numberof times eachis traversedduring execution. This
structurds accessednceperroutinecall. Accesdo it must
be asfastas possibleso asnot to overwhelmthe time re-
quiredto executethe program.The solutionis to useahash
table.We usethecall siteastheprimarykey with thecallee
addresdeingthe secondankey. Sinceeachcall site typi-
cally callsonly onecallee we canreducehenumberof mi-
nor lookups(usuallyto one)basedon the callee. The hash

is calculatedby a simpledivide on the caller's address So
the hashfunction usedis trivial to calculateand collisions
occuronly for call sitesthatcall multiple destinationge.qg.
functional parametersndfunctionalvariables). The hash
tableis implementedisingarrays.We have anarrayfor the
callerfunctionsandanotherfor storingthe calleefunctions'
addresandthe count. The datastructureis outputto a le
atthe endof the program.

Blindly interceptingeachfunction call with graphgen

can causeunexpectedbehaior. In nite recursve invoca-
tion to afunctionoccursif it is alsocalledby graphgen For
example,if functionf ; is interceptedvith graphgenandf 1
is in turn calledfrom within graphgen, therewill beanin -
nite sequencef graphgen! f, ! graphgen! fq!
For mostfunctionsthis generallywould not occurasthey
arenot calledby graphgen For thosefunctioncallsto sys-
temlibrariesinsidegraphgen for examplememsetour so-
lution is to provide our own versionof implementatiorthat
is guaranteedotto appeaklsavhere.

Binaryinstrumentatiortanalsocausgyroblemswith an-

otherpatched-irroutinewhichis calledinitialize. Thisrou-
tineis patchedn beforetheentryinto the rst userfunction
becausét initializesthe datastructuresisedfor storingthe
pro ling information. In this routine,we usemallocto al-
locatememoryfor the hashtableandotherdatastructures.
Thecallto mallocwill beinterceptedy graphgento record
the caller/calleearcif it is usedby the userprogram.Con-
siderthe executionof abinaryaugmentedor pro ling. We
will obsenre the following sequencef function calls sup-
posingthe binary is compiledfrom a C programthat calls
malloc main ! initialize! malloc! graphgen!
Notice thatat the time graphgenis called,the memoryfor
thehashtableis notyet allocatedbecauseve areintercept-
ing the call to malloc for allocatingthe memoryfor pro-
ling. Our solutionis to have a pieceof static array for
the initial table. Anyway asthis table grows dynamically
during the lifespanof the execution, reallocationis to be
performed.

4.3. Binary Patching

We instrumentthe binary and patchin the monitoring
routinegraphgenfor eachfunction. Thatis, we modify the
binary sothatatthe entry of eachfunction,a call to graph-
genis issued. The graphgen routine walks the stackand
registersthe call siteandcalleein thehashtable. Theentry
of the rst userfunction (for example,main) is intercepted
for initialization and settingup the pro ling ervironment.
The initialize function is patchedin for this purpose. At
exit, we patchin the function which outputsthe sampling
dataandthe call graph,to abinary le called“gmon.out”.
We usethe SIGMA [6] tool for binaryrewriting on AlX.



Figure 1. Call graph constructed from the proling data collected by gprof. The gure on the left is a
global clustered view of the entire call graph. The part on the right shows 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
sharegshesameformat. Eventuallythepro ling datais out-
putfor post-analysisvhentheprogramterminatesWe have
customizedan in-housepost processingool Xpro ler for
presentingthe pro ling data. Xpro ler visualizesthe call
graphusinga graphicalinterface. The routinesare repre-
sentedasboxeswhile thearcsrepresenthecallercalleere-
lationship.Xpro ler is alsocapableof automaticallylaying
out the graphon the screen. We use Xpro ler asit is in-
tuitive and helpsthe navigationamongnumerougunction
callsandarcs.

5. Testsand Results

We have done extensie testing of the tool with the
SPEC2000benchmarkfor correctnessand performance.
SPEC2000consistsof 12 integer and 14 oating point
benchmarksamongwhich 18 arewritten in C, 6 in FOR-
TRAN andoneeachin FORTRAN90 andC++. They range
from swimandappluto gzip, gccandequale, andaregood
test casesfor our implementation. We compareour tool
with gprof on AIX.

We obsened negligible differencefor mostbenchmarks
betweerthe executiontime of binariesaugmentedby gprof
andourtool. However, it is hardto make astrictcomparison
betweerthetwo asthey do not alwayspro le the sameset
of functions. Currentgprof implementatioron AIX links
againsta specialpro led library libc wherethe monitoring
routineis precompiled.Someof the functionsbeingcalled

from this library arenotvisible to our instrumentationFor
example, for gzip about20 extra function calls from libc
arepro led in the compilergenerateatodefor to geta to-
tal of 63 functions.Ourimplementatiorinstrumentsn total
around40 functionsthatwe candetectfrom the symbolta-
ble. For mostapplicationsthe executioninsidelibc is very
seldomof concern. The relative ranking of the userfunc-
tionsis usuallymoreinformatie.

We areableto pro le function calls to precompiledli-
brariesthatgprof fails to capturethe callercalleerelation-
shipfor. If theidentity of the caller of afunctioncannotbe
determinedthecalleris labeledas“spontaneous”This can
happenfor signalhandlers.Functioncalls to precompiled
librariesthatwere not augmentedy the compilerfor pro-
ling will resultin mary “spontaneoustallers. Although
the executiontime for eachindividual functionis still cap-
tured, the call graphis brokeninto mary distinct compo-
nents. This can be a problemif a signi cant amountof
time is spentinside the precompilediibrary, for example,
thecommunicatioribrary, I/O library, andotherhighly op-
timizedmathlibraries.

We test our implementationwith SKaMPI [9]. The
SKaMPlbenchmarks a suiteof testsdesignedo measure
theperformancef Messagdassindnterface(MPI) imple-
mentations.SKaMPI maintainsa databaseo illustratethe
performanceof machine-dependemMPIl implementations.
The majority of the codeis on MPI communications.On
AlIX, the proling library of the POE ervironmentis not
provided.

Figure 1 is the graphicalpresentatiorof a pro led run
with collectve communicatiorprimitives. On the left we
presenta clusteredview of the call graphastherearetoo



Figure 2. Call graph constructed from the proling data collected by our tool. The gure at the top
is a part of the call graph showing calls to MPI functions. The gure below it is a zoomed in view of
the box at the top.



mary functionscalls to shav individually. The nodesare
clusteredby the libraries. The arcsbetweentwo clusters
indicatefunctioninvocations.|If you look at the third level
of the graph,thereis a clusterin theright clusterthatdoes
nothaveanancestarAll theMPI collectve communication
functionsareinsidethis cluster gprof doesnot capturethe
callercalleerelationshipfor them. On theright is a partial
zoomedn view of the cluster

Figure2isthegraphicapresentationf thepro ling data
collectedby ourtool. In thetop gure, we show the partof
the call tree that containsall the callersof the MPI func-
tions. Below it is a zoomedin view of the partinsidethe
box in the left diagram.We canseethatthe MPI function
callsareno longerdanglingin the call tree. They arecor
rectly pluggedinto the call graph.

6. Selectve Pro ling

Quite naturally our pro ling tool hasthe e xibility of
pro ling anarbitrarysetof functionssinceourimplementa-
tionis basedn binaryrewriting. We can rst doatoplevel
pro ling of the entire programandthenselectvely pro le
the functionsthatwe areinterestedn for betteref ciency.
This capability canbe very helpful for long-runningcom-
plex applicationson massvely parallelsystems.

Thepro ling actionstaken at function entriesand exits
may also extendbeyond call chainchasing. Variousother
performancemetrics such as timing and hardware event
countscanbe collected. It would beinterestingto addthe
ability to pro le basicblocks/indvidual statements.

7. Conclusionand Futur e Work

We have developeda pro ling tool thatpatchesa binary
anddoesnot needaccesgo the sourcecode. As aresult,
pro ling with ourtool doesnot needrecompilation.It also
hasthe capability of pro ling precompiledibraries. This
capabilityis crucialin analyzingthe performanceof appli-
cationsthatrely heavily on standardibrariessuchasmath
or communicatiorlibraries. Our tool alsohasthe e xibil-
ity of selectvely pro ling anarbitrarysetof functionswith
arbitrary actions. We considerthis asa new steptowards
moreaccurateandusefulpro ling for performanceuning.

In the future, we will further improve the tool for the
foundation towards automatic performanceanalysis and
tuning. In thecurrentimplementationwhengprofattributes
timesfrom achild to differentparentsjt doesit in theratio
of the numberof timesthe child is calledby eachparent.
But we would like to attribute actualtimesto the parents
becausdt is possiblethatwhenthe samefunctionis called
with differentargumentsy differentfunctions,it takesdif-
ferentamountsof time to execute. Selectve pro ling dis-
cussedn the previoussectionwill beour primaryfocus.
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