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ABSTRACT
Programslicing is a potentiallyusefulanalysisfor aidingprogram
understanding.However, slicesof even small programsareoften
too large to be generallyuseful. Imprecisepointeranalyseshave
beensuggestedas one causeof this problem. In this paper, we
usedynamicpoints-todata,which representsoptimalor optimistic
pointerinformation, to obtaina boundon the bestcaseslice size
improvementthatcanbeachievedwith improvedpointerprecision.
Our experimentsshow that slicesizecanbe reducedsigni�cantly
for programsthatmakefrequentuseof callsthroughfunctionpoint-
ersbecausefor themthedynamicpointerdataresultsin a consid-
erablysmallercall graph,which leadsto fewer datadependences.
Programswithout or with only few calls throughfunction point-
ers,however, show only insigni�cant improvement.We identi�ed
Amdahl's law asthe reasonfor this behavior: C programsappear
to have a large fraction of direct datadependencesso that reduc-
ing spuriousdependencesvia pointersis only of limited bene�t.
Consequently, to makeslicingusefulin generalfor suchprograms,
improvementsbeyondbetterpointeranalyseswill benecessary. On
the other hand,sincewe show that collecting dynamicfunction
pointerinformationcanbeperformedwith little overhead(average
slowdown of 10%for our benchmarks),dynamicpointerinforma-
tion may be a practicalapproachto making slicing of programs
with frequentfunctionpointerusemoresuccessfulin reality.

Categoriesand SubjectDescriptors
D.2[Software]: SoftwareEngineering;D.3.4[ProgrammingLan-
guages]: Processors;F.3.2 [Logics and Meaningsof Programs]:
Semanticsof ProgrammingLanguages—ProgramAnalysis

GeneralTerms
Languages,Measurement,Experimentation
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1. INTRODUCTION
Programslicing [11, 15, 33] hasbeenproposedasanapproach

to aidprogramunderstandingtasks.For example,abackwardpro-
gramslicercomputesthesetof statementsthatmayhave affected
the value of a given variable,which may aid programmersdur-
ing debugging. Possibleotherapplicationsof slicing aresoftware
maintenance,testing,andreverseengineering[7, 10, 11, 32, 33].
With suchapplicationsin mind, a varietyof programslicing tools
havebeendeveloped,many of thesefor thewidelyusedCprogram-
ming language[5, 7, 13,14,31].

Althoughin theoryprogramslicersmakeseveralprogramunder-
standingtaskseasier, theirusefulnessin practicehasbeenlimited,
becauseexisting programslicersfrequentlyproduceslicesthatare
quite large. Variousreasonshave beenproposedto explain this
phenomenon.For example,someslicersusecontext-insensitive
data-�ow analyses,whichanalyzeproceduresequallyregardlessof
their call site. As a consequence,data-�ow informationfor multi-
plecallsto thesamefunctionis shared,resultingin moreimprecise
analysisresults,whichmayleadto a largerslicesize.

Anotherculprit maybe the pointeranalysisalgorithmsusedin
the slicing tool. Flow-sensitive and context-sensitive algorithms
potentiallyproducethemostpreciseresults,but dueto their com-
plexity (O � n3 � or worse,wheren is the numberof lines of code)
they generallydo not scalewell, limiting their applicabilityto rel-
atively smallprograms.However, slicingwouldbemostbene�cial
for large programsthat cannotbe easily understoodwithout the
useof tools.Therefore,existingslicerstypically usepointeranaly-
sesthattradeprecisionfor betterperformanceto enableslicing of
complex programs.Theseanalysesaretypically not fully �o w- or
context-sensitive [9, 28,30,34].

Thepointerimprecisionproblemis particularlyseverefor C pro-
grams,whichusepointersextensively to simulatecall-by-reference
semantics,to emulateobject-orienteddispatchvia functionpoint-
ers,to avoid theexpensivecopyingof large objects,to implement
list, tree, or other complex datastructures,and as referencesto
objectsallocateddynamicallyon the heap. Therefore,imprecise
pointeranalyseswill resultin conservativeassumptionsaboutdata
dependencesin aprogram,contributing to a largerslicesize.

The pointeranalysisusedby existing slicersis usually imple-
mentedasa points-toanalysis.Points-toanalysisdetermines,for
eachvariablein the program,the setof locations(i.e., variables,
procedures,and heaplocations)to which a given variable may
point at a particularprogrampoint. The resultingpoints-tosets
are usedby the subsequentdata-�ow analysisto resolve pointer
dereferences.

Traditionalstatic points-toanalysescomputean approximation
of thesetof objectsto whichapointermaypoint. They areconser-



vative in the sensethat their resultsmustbe correctfor any input
andexecutionpathof theprogram.In addition,for theC program-
minglanguagethey haveto makevariousconservativeassumptions
whenanalyzinga program,for instance,becauseof C'sweaktype
system.

An alternative way of gatheringpoints-todatais to performa
dynamicpoints-toanalysis.A dynamicpoints-toanalysisrecords
the targetsof programpointersduring actualprogramexecution,
by instrumentingthe programsourcewith calls to an appropriate
data-capturingroutine. Sincedynamicpoints-tosetsonly capture
the targetsof pointersduringa particularprogramexecution,they
arein generalunsound(i.e.,optimistic).However, with asuf�cient
numberof programinputs and executionruns, the dynamicsets
arelikely closeto optimal. Moreover, any soundpoints-toanaly-
sis anda (generallyinfeasible)optimalpoints-tosolutionmustat
leastcontainthetargetspresentin adynamicpoints-toset.There-
fore, dynamicpoints-tosetscanbeusedto obtainanapproximate
lower boundon the points-tosets. A recentstudy [23] showed
thatthetypically observeddynamicpoints-tosetsare10–100times
smallerthanthepoints-tosetscomputedby Das's highly-scalable
One-Level Flow algorithm[9], whichgenerallyproducesresultsas
preciseasAndersen'swell-known algorithm[2]. Andersen'salgo-
rithm, in turn,hasbeenshown [17] to beof comparableprecisionas
someotherwell-known pointeranalysisalgorithms[17, 24]. Mock
et al. [23] additionallyshowedthat the majority of programvari-
ablespoint to only a singlelogical locationduringexecutionwith
the SPEC-provided test inputs.1 Although moreexpensive �o w-
sensitive algorithms[26] canobtainmuchbetteraveragepoints-to
setsthanthescalableanalysesusedin [23], they still donot in gen-
eralyield points-tosetsassmallasthedynamicsets.

Sincethedynamicsetsarea lower boundfor the resultsof any
soundstaticanalysis,wecanusethemto obtainanupperboundon
thepotentialimprovementof slicesizesthatmightbeachievedby
usingmoreprecisepointeranalysisalgorithmsin slicing. To com-
pute this bound,we modi�ed the Spriteprogramslicing tool [5,
6] to acceptdynamicpoints-todatafrom Tumi, which is a mod-
i�cation of the Calpainstrumentationtool [21, 22]. We choseto
useapplicationsfrom theSPEC2000benchmarksuiteto perform
ourexperiments,sinceSPECbenchmarksareof considerablesize,
coverawiderangeof tasks(e.g.,simulations,grouptheoreticcom-
putations,graphics,databases,wordprocessing)andthey areactu-
ally usedin practice.2 In addition,weusedseveralbenchmarksthat
have beenusedby otherresearchersin theevaluationof their slic-
ing studies[15, 17,18]. We instrumented,executed,andcollected
datafor our benchmarksandconstructeda varietyof sliceson the
sourcecodeusingthedynamicpoints-todata.

Our resultswerebimodal,anddependedon thedegreeof func-
tion pointeruse in the program. Programsthat containedmany
(static)call sitesthatcall proceduresthroughfunctionpointershad
signi�cantly smallerslice sizes. Their improvementin slice size
wasdueto the reducedcall graphthat resultedfrom usingthedy-
namicpoints-toinformationfor call sites.On theotherhand,pro-
gramswhichmadenoor only infrequentuseof callsthroughfunc-
tion pointerssaw little improvementin slice size, typically just a
few percent.At therootof thiscounter-intuitivebehavior,wefound
thata largefractionof dependencesin theseprogramsweredirect,

1A logical locationis eithera programvariableor a heapalloca-
tion site. Theremay be multiple instantiationsof a single logical
variablein thecaseof local variablesandmultiple distinctobjects
allocatedat thesamememoryallocation(heap)site.
2Applicationsaresubmittedto theSPECconsortiumandselected
basedon their relevanceandrepresentativity of actualcomputing
practice.

i.e.,notpointer-induced,andthereforetheirpotentialimprovement
from betterpointer information is limited by Amdahl's Law. In
moredetail,ourpapermakesthefollowing contributions:

� We computean upperboundon the reductionin slice size
that canbe obtainedby improved pointerinformationfor a
wide rangeof realisticapplications.While otherresearchers
have comparedslicesizesobtainedwith pointeranalysesof
differentprecision[17], our studyis the �rst to establishan
upperboundof possibleslice size reductionby improved
pointerinformation.

� We show thatprogramswith many call sitesthatmakecalls
throughfunctionpointersexperiencea signi�cant reduction
in slicesize,whendynamicpointerinformationis used.The
smallerslicesaredueto themuchmorecompactcall graphs
thatdynamicpointerinformationproduces.For theprograms
in our testsuiteandthe inputsusedto obtaintheir dynamic
pointer data,we were able to verify that the reducedcall
graphis notsimplyaconsequenceof badcodecoverage,but
is a much better(thoughsomewhat optimistic) approxima-
tion of thepossiblecall relationshipspresentin theprograms.
Sincetheprecisionof analysesof object-orientedprograms
is often limited by animprecisecall graph,3 theseanalyses,
aswell asprogramslicingfor object-orientedprograms,such
asthosewrittenin Java,mayalsobene�t from ourtechnique.

� Despitedramaticallysmallerpoints-tosets,programswith-
out many calls throughfunctionpointersseelittle reduction
in slicesize. We foundthattheC programsin our testsuite
containa large fraction of directdatadependences. There-
fore,theeffectivenessof removing (evenaverylargenumber
of) spuriousdependences that arisefrom imprecisepointer
information,is limited. While we canclaim that this is the
caseonly for the benchmarksin our study, we believe that
it is likely to applyto many otherC programsaswell, based
onthevarietyof applicationsthattheprogramsin ourbench-
marksuiterepresent.

� Finally, sincereductionsin slicesizeonlyoccuronprograms
for which thedynamicpoints-todataresultsin a morecom-
pact call graph,programinstrumentationcan be restricted
to collectdynamicpoints-todataonly for functionpointers.
We show thatthis restrictedform of pro�ling resultsin only
minimal slowdowns rangingfrom 2–30%. This makesthe
constructionof abetter(thoughoptimistic)call graphaprac-
tical technique,that canbe harnessedby all softwaretools
that would improve from bettercall graphinformation, in-
cluding,but not limited to, programslicers.

Therestof thispaperis organizedasfollows. Section2 andSec-
tion 3 describeourprogramslicing tool, Sprite, andtheinstrumen-
tation framework with which we obtainedthe dynamicpoints-to
data. We presentour experimentalsetupin Section4 anddiscuss
the resultsin Section5. Section6 containsrelatedwork, andwe
concludein Section7.

2. PROGRAM SLICING
Weusedamodi�cation of version3.0of theSpriteprogramslic-

ing tool [3, 5], a researchprototypedevelopedfor slicing C pro-
grams,to computeprogramslicesthatarebasedon boththestatic
3In general,thepossibletargetsof object-orientedmethodcallscan
only beapproximatedvery impreciselyby staticanalysis,resulting
in animprecisecall graph.



anddynamicpoints-todata.Currently, Spritecomputesonly back-
wardprogramslices.

Sprite �rst constructsthe control-�ow graph(CFG) of the pro-
gram. The CFG consistsof basicblocks of three-addressstate-
ments,eachof which representsa single computationsuchas a
simpleadditionor pointerdereference.Steensgaard'sstaticpoints-
to analysis[30] is thenperformedover the CFG to computeequiv-
alenceclassesof memorylocationsthat areusedaspoints-tosets
during slice computation. Although Sprite can perform a slight
modi�cation of the points-toanalysisthat distinguishesthe �elds
of structures,this modi�cation wasnot usedsincepreviousresults
foundit yieldedlittle improvementin programslicesandnegatively
impactedperformanceduring slicing [5]. To computea program
slice,Spritecomputesamaximum-�xed-pointsolutionto thedata-
�o w equationsgiven in [5] using an iterative, convergencealgo-
rithm. After slicecomputationis complete,Spritereportsthenum-
berof sourcecodelinesincludedin thesliceandcanhighlight the
includedlineswithin auserinterface.

Mostdefaultoptionsto Spritewereusedduringtheexperiments.
Thesoleexceptionwasthatthenamesof functionsthatperformed
custommemoryallocation(e.g., xmalloc in find ) were speci-
�ed to increasethe precisionof the points-toanalysis. We gen-
erally computedcontext-insensitive slicesin our experiments,be-
causepreviousworkhadshown thatcontext-sensitiveslicesarenot
muchsmallerandrequiresigni�cantly more time to compute[4,
8]. However, to rule out context-sensitivity asa factorin�uencing
ourresults,in Section5.3wealsocomputedsomecontext-sensitive
slices.

3. DYNAMIC POINTS­TO DATA
We useda slightly modi�ed versionof the instrumentationtool

Tumi [23] to generatethe points-todatausedin this study. The
dynamicpoints-tosetsareobtainedin threesteps. First, a static
points-toanalysisis run on theapplicationsourcecode. For each
pointeranddereferencepoint, it computesa conservative approx-
imation of the set of logical locations(variables,procedures,or
memoryallocationsites)a pointermaypoint to. Thentheapplica-
tion is instrumented,insertingcodethatassociatestherun-timead-
dressesof pointerswith therun-timeaddressesof potentialpointer
targets(identi�ed by thestaticpoints-toanalysisof the �rst step).
Finally, theinstrumentedapplicationis compiled,andexecutedon
somerepresentative input. Upontermination,the instrumentation
code will save the set of logical locationsthat were referenced
at eachinstrumentedpointer use, therebyproducinga dynamic
points-tosetfor eachpointeruse.In thisprocesstheaddressmatch-
ing stepis essential:sincedistinctrun-timeaddressesmayreferto
thesamelogical location,simplyrecordingthepointeraddressesis
not suf�cient to constructthesetof logical locationspointed-toat
run time. Moredetailscanbefoundin [23] andin [20].

Thedynamicpoints-todatais �o w-sensitive,sinceit is collected
perpointerdereferencepoint in theprogram.For theexperiments
reportedin Section5, we alsoproduced�o w-insensitive dynamic
points-tosetsasfollows. For eachpointervariablep, thedynamic
points-tosetsof all programpointsthatdereferencedp werecom-
bined(usingsetunion), producingthesetof objectsp pointedto
duringexecution,regardlessof wherethepointerwasdereferenced.

3.1 GeneratingPoints­To Data
To obtainthedynamicpoints-tosetsfor theapplicationsin this

study, we usedtheSPEC-providedtestinputs,which aremeantto
exercisethe programs'functionality. We choseto usethe test in-
puts,sincethey allow usto gatherthepoints-tosetsfaster. Wealso
foundthatrunningtheapplicationsonthelargerreferencedatasets

producedvirtually unchangedpoints-todata,possiblybecausethe
referenceinputsexecutethesamepartsof theapplicationonlymore
often. For the non-SPECprograms,we eitherusedthe examples
andtestsuitesprovided with theapplicationsor performedrepre-
sentativetasks,suchassearchingthroughall �les in adirectoryhi-
erarchyor scanningalargevolumeof text. Instrumentationslowed
down the applicationsby 1 to 2 ordersof magnitude,causingthe
test inputsto �nish within minutesor hours,well within the time
scaleof computingactualslices.Moreover, thepoints-todatacan
be reusedacrossdifferentslicesof the sameapplication,thereby
amortizingthecostof generatingthedynamicpoints-todata.

3.2 Instrumentation for Function Pointers
Sinceour resultsin Section5.4show thatslicesof programsthat

includemany calls throughfunction pointerscanbe considerably
improved by usingdynamicpoints-todataexclusively for thecall
sites,wewouldlike to beableto gatherthefunctionaddresseswith
minimalslowdown. Fortunately, unlikerun-timeaddressesof vari-
ables,procedureaddressesdo not changeat run-time. Therefore
the expensive mappingfrom run-time addressesto compile-time
names(performedwhile theprogramis executing)is notnecessary.
Instead,wehaveto captureonly theaddressesof thefunctionsthat
areinvokedatcall sitesthatusefunctionpointers.

To instrumentthesecall sites,we createda lightweight instru-
mentationversionof Tumi, which collectsonly the run-time ad-
dressesof functionpointers.Duringexecution,this lightweightin-
strumentationstoresthoseaddressesin a per-call-sitehash-table.
Whenthe program�nishes, the contentsof the tablearesaved to
disk, andlater translatedto procedurenames(using,for instance,
theUnix tool nm) to obtainthepoints-tosetsfor theexecutedcall
sites. This lightweight instrumentationresultedin much smaller
slowdowns, rangingfrom 0.6%for mesa to 30% for gap, with a
geometricmeanof 10.3%. Thesedegradationsarecomparableto
theslowdownsimposedby standardpro�ling toolssuchasgprof
or pixie . With this technique,therefore,functionpointerdatacan
becollectedef�ciently with minimalrun-timeoverhead.

4. EXPERIMENTS
This sectiondescribesour workload,thechoiceof slicing crite-

ria, andhow wegeneratedtheactualslicing results.

4.1 Workload
For ourexperiments,wechoseto instrumentandsliceprograms

in theSPEC2000benchmarksuite,alongwith programsusedby
otherresearchersin theirslicingexperiments.Wechoseto usepro-
gramsfrom the SPECbenchmarksuitebecausethey areof con-
siderablesize,performa variety of differentcomputations(from
graphics,compression,spellchecking,mathematicalcomputations
to simulation),andareactuallyusedin practice(they aresubmit-
ted to the SPECconsortium). Unfortunately, thereis no consen-
suson what a typical C applicationlooks like, so we hadto use
what we believe to cover a goodrangeof actualcomputingprac-
tice. We choseto usein additionsomeapplicationsthathavebeen
usedin previous slicing work for comparisonpurposes.Unfortu-
nately, many of theprogramsusedin previousslicingexperiments,
wereeitherno longeravailable,too small, or not interestingwith
respectto points-toinformationbecauseeven the �o w-insensitive
staticpoints-toanalyseswecompareagainstin ourpaperwereable
to producevery precisepoints-todatabecauseof thesimplicity of
theprograms.

Table1 shows theprogramsusedwith their sizesandthenum-
berof executablelines(i.e., linesthatactuallyperformsomecom-
putation). The slicescomputedby Spriteincludeonly executable



Source
Lines

Executable
Lines

Reachable
Functions

Executed
Functions

Slicing
Criteria Origin Description

art 1,270 545 22 18 837 SPEC2000 imagerecognition,neuralnetworks
equake 1,513 670 24 19 1,111 SPEC2000 seismicwavepropagationsimulator
mcf 1,909 635 24 21 880 SPEC2000 combinatorialoptimization
bzip2 4,639 1,246 63 21 1,579 SPEC2000 compression
gzip 7,757 1,864 62 26 1,546 SPEC2000 compression
ispell 8,020 2,742 107 33 1,617 GNU (v3.1.20) spellchecking
parser 10,924 4,414 297 230 6,223 SPEC2000 wordprocessing
diff 11,755 3,285 110 27 2,110 GNU (v2.7) �le comparison
ammp 13,263 5,614 161 46 5,146 SPEC2000 moleculardynamics
vpr 16,973 5,954 255 163 7,993 SPEC2000 circuit placementandrouting
less 18,305 4,371 328 117 1,879 GNU (v358) text �le viewing
twolf 19,748 11,304 167 104 13,816 SPEC2000 placementandglobalrouting
vortex 52,633 23,245 643 518 31,324 SPEC2000 object-orienteddatabase
grep 13,084 3,674 108 39 3,520 GNU (v2.4.2) patternmatching
�nd 13,122 3,004 96 37 740 GNU (v4.1) �lesystemsearching
mesa 49,701 21,069 770 130 7,270 SPEC2000 graphics
burlap 49,845 16,608 189 123 5,293 FELT (v3.05) �nite elementsolver
gap 59,482 19,998 826 356 15,245 SPEC2000 grouptheoryinterpreter

Table1: Sizesand descriptionsof the programsusedin the experiments.An executableline is any line of sourcecodethat performs a
computation during runtime. In particular , declarations,blank lines,and commentsareexcluded.Italicized programsusefunction
pointers heavily and are therefore listed together.

lines of code; therefore,the slice sizesreportedin Section5 re-
fer to the numberof executablelines includedin the slice. The
last� veprogramsusefunctionpointersheavily (discussedin detail
in Section5.4),andarethereforelistedtogether. We gatheredthe
dynamic-pointsto setsasdescribedin Section3.1.

4.2 Slicing Criteria
Ideally, slicing criteria, (i.e., pairs of the form (statement,

variable) ), would be chosenthat might be usedby a software
engineerduringdebugging(sinceSpritecomputesabackwardpro-
gram slice). However, sincewe are unfamiliar with the bench-
marks,we insteadelectedto exhaustively generateslicing crite-
ria for eachprogram,i.e., we generatedall possible(variable,
statement) pairs for the program,with the only restrictionthat
variable is referencedin statement . Thisensuresresultsthatare
not biasedbecauseof a particularchoiceof slicing criteria.4 We
thenrestrictedthe initial slicing criteria to comefrom only those
functionsthatwereactuallyexecutedduringsomepoints-topro�l-
ing run to ensuretheavailability of dynamicpointerinformation.

Table 1 shows the numberof possibly reachablefunctionsin
eachprogramandthenumberof functionsexecutedduringthein-
strumentationruns,alongwith the numberof criteria usedin the
experiments. The percentageof executablefunctionsof the to-
tal (statically)reachablefunctionsvarieswidely for theprograms,
demonstratingthat the codecoverageof the inputs is sometimes
quitepoor (e.g.,for mesa for which only about17%of the reach-
able functionswereexecuted). This meansthat someof the test
casesprovided with the applicationsneedimprovement. The set
of reachablefunctionswasconstructedusingacall graphextractor
that usesSteensgaard's [30] points-toanalysisto accountfor the
effectsof functionpointers.

4.3 Experimental Procedure
Thefollowing stepswereperformedfor eachprogramin our test

suite:

4Otherslicing work hastypically glossedover this point; for in-
stance,[17] and[27] do not describein detail what criteria were
usedin theirexperiments.

1. Instrumenteachprogramto recordthepointerdereferences
at run timeusingTumi.

2. Executetheprogramonits providedtestinput,recordingthe
raw dynamicpoints-toinformation.For eachexecutedderef-
erencepoint, its positionin theprogramandthesetof target
logical locationsis writtenout to disk.

3. For eachpointer, computethe�o w-insensitivedataby merg-
ing thereferencedobjectsacrossall pointsthatdereferenced
thepointer, asdescribedin Section3.

4. Usingthestaticdata,the�o w-sensitivedynamicdata,andthe
�o w-insensitivedata,performprogramslicesusingSpriteon
thegeneratedcriteria,recordinginformationsuchasthe�nal
sizeof theslice in linesandthesizesof the incomingdata-
�o w setsfor eachbasicblock.

5. Computeaveragesizesandreductionsin slicesize.

5. RESULTS

5.1 Data­Flow Analysis
We measuredtwo quantitiesduringslicecomputation:derefer-

encesizeanddata-�ow setsize.Thedereferencesizeis thesizeof a
pointer's points-tosetat thetime of its dereference.Whenastate-
mentof the form *p = x or x = *p is visited during slicing, the
sizeof thedereferencesetof p is recordedby Sprite.(SinceSprite
usesaniterative algorithm,a singleprogrampoint maybe visited
many times;however, thepoints-tosetandhencethedereference
sizedo not change.)We usedthis quantity to measurethe num-
ber of data-�ow facts(e.g.,variables)presentat a programpoint.
We alsomeasuredthesizeof theincomingdata-�ow setof a basic
block. Uponvisiting eachblock, thesizeof thesetis recordedby
Sprite.Thisquantitygivesanindicationof theamountof data-�ow
informationbeingpropagatedduringanalysis.

We thencomputedaveragesover all slicesof thesetwo quan-
tities for eachprogramin our testsuite. Figure1 shows the im-
provementsin eachof thesemeasurementsfrom using the �o w-
insensitive dynamicpoints-todata(computedasexplainedin Sec-
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Figure1: Impr ovementin averagedereferencesize,setsize,and slicesizefor slicescomputedusingdynamic data.

tion 3). Theimprovementsfrom using�o w-sensitivepoints-todata
aresimilar (within 1–5%for thedereferencesizeand1–2%for the
data-�ow setsize)andarenotshown.

The reductionin dereferencesizeis typically an orderof mag-
nitudeor more,rangingfrom a factorof only 1.4 for equake to a
factorof closeto 700for mesa. However, thereductionin data-�ow
setsizeis less,sometimessubstantiallyso. This drop impliesthat
althoughwe have introducedfewer data-�ow factsinto theanaly-
sisatstatementsinvolving pointers,thatdecreasedoesnotyield an
equaldecreasein theamountof data-�ow informationbeingprop-
agatedduringanalysis.

5.2 SliceSize
Table 2 presentsthe averageslice size for eachprogram,in-

cluding the resultsobtainedusing�o w-sensitive dynamicpoints-
to data. The datashows that using the �o w-sensitive points-to
datainsteadof the �o w-insensitive datahasvirtually no effect on
slice size. Since for the majority of the dereferencepoints the
�o w-sensitive dynamicpoints-tosetswere identical to the �o w-
insensitive sets,this wasunsurprising.Furthermore,this indicates
that(at leastfor theapplicationsin ourbenchmarksuite)theremay
belimited bene�tsof using�o w-sensitive pointeranalysisin gen-
eral,whichappearsto beconsistentwith theway pointersaretyp-
ically usedin C programs(passingpointersto large structures,for
instance).

Figure 1 also presentsthe improvement in averageslice size
when using dynamicpointer data. The datashows that our ap-
plicationsfall into two categories. For the �rst category, the im-
proved pointerdataresultsin only insigni�cant improvement.All
of the applicationsin the secondcategory, however, which com-
prisesall theapplicationsthatusefunctionpointersheavily (grep ,
find , mesa, burlap , andgap), showed a considerablereduction
in slice size. Note that the �gure shows improvement in aver-
ageslicesize,i.e., �

1
nSstatici

���

�

1
nSdynamici � . Sincea slicewith

dynamicpoints-todatais guaranteedto be never larger than the
correspondingslicewith staticpoints-todata,comparingthestatic
averageslice size with the averageslice size with dynamicdata
gives an indicationof the overall improvementin slice size with
dynamicpoints-todata.As analternative measure,wealsolooked

at thepairwisedataandcomputedtheaveragepercentreductionin
slicesize,i.e., 1

nS ��� statici 	

dynamici ��� statici 


. Themeasurements
showedthesamegeneraltrendsandarethereforeomittedfrom the
paper. Thedatais availablein a technicalreport[20].

5.3 Slicesof Programs With Little Function
Pointer Use

In orderto explain the lack of improvementfor programswith
little function pointer usage,we wantedto isolateand eliminate
factors,suchascontext-sensitivity and control dependences,that
mightin�uenceslicesize.Asdiscussedin Section2,previouswork
indicatedthatincreasingcontext-sensitivity yieldsonly asmallim-
provementin slicesize.However, context-sensitivity andpoints-to
setsize are not orthogonal,and any suchimprovementcould be
magni�ed by using more precisepoints-todata. Therefore,we
performedsliceswith increasedcontext-sensitivity as practical.5

Comparisonsbetweentheimprovementsin slicesizefor ourorigi-
nal (context-insensitive) slicesandthesliceswith increasedsensi-
tivity areshown in Figure2. As the �gure demonstrates,increas-
ing context-sensitivity haslittle effect on theimprovementin slice
size.In fact,thesliceswith staticdataandsliceswith dynamicdata
generallyimproved aboutthe samewhencontext-sensitivity was
enabled.

Another possiblefactor that might explain the generallack of
improvementin slice size for the programsin the �rst category
arecontroldependences.For example,moreprecisepoints-todata
might eliminatea datadependencebetweentwo statementsA and
B, but A may still be includedin the slice becauseB is control-
dependentuponA. To assesstheimpactof controldependenceon
ourslices,wemodi�ed Spriteto ignoreintraproceduralcontrolde-
pendenceswhencomputingslices.Theeffectsof ignoringcontrol
dependencesonslicesizeareshownin Figure2. Thegraphdemon-
stratesthat theslicesizereductionresultingfrom slicing with dy-
namicpointerdatawasonly slightly higherwhenignoringcontrol

5We were able to perform fully context-sensitive slicesonly for
the smallerapplications. For the medium-sizedapplicationswe
wereableto compute2-CFA results(i.e., context-sensitive for call
depthsof up to 2 [29]). For vortex evencomputing1-CFA results
ranoutof memory.



Static Dynamic
(�ow-insensitive)

Dynamic
(�ow-sensitive)

art 59.6 57.1 57.1
equake 168.4 164.8 164.8
mcf 56.8 45.3 45.3
bzip2 73.0 58.5 58.5
gzip 54.0 42.0 42.0
ispell 242.2 185.5 185.5
parser 195.9 186.9 186.7
diff 228.3 171.2 171.2
ammp 339.0 247.0 247.0
vpr 117.0 100.5 100.3
less 536.9 394.3 393.8
twolf 335.6 237.9 237.9
vortex 3,449.3 3,240.3 3,240.3
grep 527.8 183.2 183.2
�nd 460.8 47.4 45.7
mesa 3,267.3 288.3 288.3
burlap 5,291.6 369.6 369.4
gap 7,758.1 3,133.5 3,006.7

Table2: Averagenumber of lines in a slicefor slicescomputed
using the static and dynamic points-to sets.

dependences.Fiveof theapplications(bzip2 , ispell , diff , less ,
andtwolf ) show signi�cant improvement;however, the factorof
improvementis still muchlessthanwhatmight beexpectedwhen
usingpoints-todatathat is 10 to 100 timesbetter. Therefore,al-
thoughcontrol-dependenceshavesomeeffectonany improvement
thatcanbegainedfrom betterpointerinformation,they cannotto-
tally accountfor any lack of substantialimprovementin all of the
applicationsin the�rst category.

Sinceneithercontext-sensitivity northeeffectsof controldepen-
denceexplain the limited improvementsgainedby usingdynamic
points-todatafor the applicationswith little function pointeruse,
wedecidedto look at thedatadependencesthatarepresentregard-
lessof thequality of pointerinformation. Therefore,we modi�ed
Spriteto constructa data-dependencegraphthat couldbe usedto
computeaprogramslice.(Ordinarily, Spriteusesaniterative algo-
rithm to computea maximum�x ed point solutionasdiscussedin
Section2.) In thedata-dependencegraph,anedgelinks a useof a
programvariableto de�nitions thatreachthatuse.Oncethegraph
is constructed,a programslice can be computed(ignoring con-
trol dependences) by simply performinggraphreachability[15].
Smallerpoints-tosetsshouldleadto fewer dependencesbetween
statementsandthereforefewer edgesin thegraph.Figure3 shows
thenumberof edgesin thedata-dependencegraphcomputedusing
boththestaticanddynamicpoints-todata.6 Thenumberof depen-
dencesdecreasessigni�cantly for mostprograms.Only art and
equake show little reduction,which is not unexpectedgiven that
they usepointersonly to createandaccessarrays,not to createand
manipulatecomplex structures.

Not all edgesin the data-dependence grapharedue to the ef-
fectsof pointers. Direct dependencesare thosedependences that
arenot inducedby pointerdereferences.Theseedgesarealways
presentregardlessof the precisionof the points-tosets. Figure3
alsoshows thenumberof directdependencesbetweenstatements.
Figure4 shows this samedatabut with edgesclassi�ed asdirect
edges,dynamicpointeredges,andedgespresentonly whenusing
thestaticdata.

6vortex is notshown in the�gure becausethecomputationof the
datadependencegraphranout of memory. It is alsoomittedfrom
Figure4 for thesamereason.
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Figure 2: Impr ovementin averageslicesizefor sliceswith in-
creasedcontext-sensitivity, for slicescomputedwithout control
dependences, and for context-insensitiveslices. The bars la-
beledoriginal refer to the context-insensitivesliceswith dy-
namic points-to data including both control dependencesand
data dependences.

As the �gures indicate,for the smallerprogramssuchasgzip ,
themajority of thedependencesaredirect. For themedium-sized
programssuchasvpr , approximately33%of thedependencesare
direct. Consequently, any bene�ts from themoreprecisepoints-to
dataareimmediatelydiminishedby Amdahl's Law [1]. Amdahl's
Law statesthat regardlessof how mucha part of a programthat
accountsfor a fraction f of the executiontime is improved, the
overall speedupwill neverexceeda factorof 1�

� 1
	

f � . Similarly,
regardlessof how muchwe improve pointer-induceddatadepen-
dences,this improvementwill never exceedthe limit imposedby
the fractionof directdependencespresentin theprogram.For in-
stance,for vpr the datadependenceedgeimprovementcould be
at mosta factorof 3.2 even thoughits averagedynamicpoints-to
setis 100timessmallerthanthestaticpointssets.Sincethedata
dependenceedgeslargely determinethe �nal slice, slice sizeim-
provementthroughbetterpointerinformationis ultimatelylimited
by the fractionof directdependencespresentin theprogram.Our
resultsshow that for the C programsin our benchmarksuite,di-
rectdependencesmakeupa largefractionof all datadependences.
Consequently, evenouroptimal(or optimistic)pointerinformation
improved slice sizeonly insigni�cantly. Given the wide rangeof
applicationsthat our benchmarkprogramsrepresent,we strongly
believe that a large fraction of direct dependencesis likely to be
foundin many C programsin general,similarly limiting theeffec-
tivenessof moreprecisepointerinformationfor reductionsin slice
sizein thosecases.

5.4 Slicesof Programs with Heavy Function
Pointer Use

For theprogramsin ourbenchmarksuitethatusefunctionpoint-
ersheavily, we found that sliceswith dynamicdatadecreasedby
a factorof 2.5 for gap to 14.3 for burlap . To ascertainthat this
improvementis in fact dueto improved functionpointerdata,we
applieddynamicpointer informationselectively in the following
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Figure 3: Number of data dependencescomputedusing static
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(non-pointer-induced)dependences.

way. In additionto thesliceswith dynamicdatafor all pointers,we
computedsliceswhereweuseddynamicdataonly for thefunction
pointersandstaticdatafor thepointervariables,andsliceswhere
we usedstaticdatafor the functionpointersbut dynamicdatafor
variables.As shown in Figure5, usingthedynamicdataonly for
thefunctionpointersaccountsfor 48%to 91%of theimprovement
achievedby usingdynamicdatafor all pointers.Ontheotherhand,
usingthedynamicdataonly for thevariablesachievesonly little re-
ductionin slicesize,demonstratingthatmostof thebene�t derives
from theimprovedcall graph.

To estimatehow muchof theadditionalimprovementis dueto
theoptimisticnatureof our dynamicpointerdata,we usedthefol-
lowing simple static techniquesto obtain a betterboundfor the
possibleimprovementdue to better function pointerdata. First,
we enabledthe �ltering of the points-tosetsfor functionpointers
basedon thetheir prototypes,i.e., all proceduresin a points-toset
whoseprototypedonotmatchtherequiredprototypeatthecall site
areeliminatedfrom the staticpoints-tosets.7 For casesin which
prototype�ltering failed to reducethe points-toset size, we ex-
aminedthe sourcecodeof eachapplicationby handto determine
the approximatepoints-tosetsfor function pointers. To specify
this informationto Sprite,we speci�ed a lexical patternfor �lter -
ing thestaticpoints-todata. For example,for find , we speci�ed
a patternindicatingthatany call througha functionpointernamed
“parse_function ” resolved to any function whosenamebegan
with “parse_ ”. Table3 shows the resultingslicesizesusingpro-
totypeor lexical �ltering andtheslicesizesfor applyingdynamic
datauniversally, andselectively to only functionpointers.

With the exceptionof gap, for which we wereunableto come
up with goodlexical �lters becauseof the complexity of andour
unfamiliarity with the program,we found that the slice sizesob-
tainedwith dynamicfunction pointer datawere generallycloser
to thesizesresultingfrom �ltered staticpoints-todatathanto the
muchlargerslicesobtainedby usingthestaticpoints-todataalone.
For instance,for burlap theaverage�ltered slicesizewas1,128,

7This is soundfor programsobeying theANSI C rules.In general,
however, it maybeunsound.
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Figure4: Classi�cation of data dependencesshowingthe num-
ber of dir ect edges,dynamic pointer edges,and remaining
pointer edges(additional pointer edgespresentusing the static
points-to data but not present using the dynamic points-to
data).

whereasthestaticslicesizewas5,292,andtheslicesizewith dy-
namicfunctionpointerdatawas461,i.e., thesliceswith staticdata
were on average4.7 times larger than the �ltered slices,but the
sliceswith dynamicfunctionpointerdatawereonly a factorof 2.4
too optimistic. For grep andmesa thedynamicsliceswerepartic-
ularly closeto theresultsobtainedwith �ltering, indicatingthatthe
dynamicslicesarenot toooptimistic.For find thesliceswith dy-
namicfunctionpointerinformationturnedoutto beveryoptimistic.
Thereasonis thepoorcodecoverageof thetestcasesprovidedwith
thefind tool (Table1 showsthatonly 37of the96 reachablefunc-
tionswereexecuted),so that of thepotentiallycalledfunctionsat
call sitesonly a few wereexercisedwhengatheringthe dynamic
points-todata.Sincegoodtestcasesthatexerciseall partsof apro-
gramshouldbe part of any soundsoftwaredevelopmentpractice,
we expectthat usingdynamicpoints-todatafor functionpointers
will work well in practice,aslongasgoodtestcasesfor thepointer
datagenerationareavailable.

6. RELATED WORK
In work closestto ours,Liang andHarrold [18] describea slic-

ing algorithmthatreusesslicing informationcomputedin previous
slicesto speeduptheslicingcomputationof subsequent slices.For
theirslicingalgorithmthey �nd thatdecreasedpoints-tosetsizere-
sultsin fasterslicing times. In a separatestudy[17] they describe
their pointeranalysisalgorithm(namedFICS) in detail andapply
it in their slicing tool. They show that the precisionof FICS is
comparableto Andersen'salgorithm,andthey performsliceswith
severalpointeralgorithms.However, while they alsocompareslice
sizefor differentpointeralgorithms,theircomparisonof slicesizes
comparesonly differentstaticalgorithmswhoseprecisionis fairly
close,whereasoursliceswith dynamicdatarepresenta truebound
on any possibleimprovementfrom betterpointerinformation.

The effects of context-sensitivity both on pointer-analysisand
programslicing areexaminedby Horwitz et al. [16]. In practice,
fully context-sensitive analysesaresimply not feasibleandthere-
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forerecentworkhasfocusedonprovidinganalysesthatareapprox-
imatelycontext-sensitive [4] or on attemptingto recover precision
without adverselyaffectingperformance[19]. Both Horwitz et al.
andLiang andHarrold[19], however, �nd thatcontext-sensitivity
generallyprovides little improvementin slice size; in [19] most
programsimproveonly by afew percent,andthebestimprovement
is 23%.Ourdynamicdatais context-insensitive;however, sincethe
majorityof programvariablespointto only asingleobject,thereis
little motivation for increasingcontext-sensitivity of the points-to
analysis,andin ourcontext-sensitivesliceexperimentswefoundin
factonlysmallimprovementof slicesizedueto context-sensitivity.

In recentyears,muchwork hasbeendoneto improve thepreci-
sionandef�ciency of pointeranalyses.Horwitz [28] andDas[9]
provide algorithmsto improve theprecisionof points-toanalyses,
thelatterachieving theprecisionof Andersen's[2] algorithmwhile
runningalmostas fast asSteensgaard's algorithm[30]. Rountev
and Chandra[25] usea techniquecalledvariable substitutionto
replacea setof programvariablesthat areguaranteedto have the
samepoints-tosetswith a singlevariable,which reducesthesize
of the problemandgreatlyimprovesef�ciency. Ryderet al. [26]
presenta �o w-sensitive, interproceduralmodi�cation side-effects
analysis,andshow thatit in many cases�o w-sensitivepointeranal-
ysisis feasiblewith goodresults.However, noneof thementioned
techniquesreducethesizeof theresultingpoints-tosetsasmuchas
usingdynamicpoints-todataor eventhecombinationof dynamic
datasupplementedwith staticdata.

Therehasbeenmuchwork donelooking at poor points-toin-
formationasthe sourceof imprecisionin subsequentanalyses.A
recentexperimentshowedthatdistinguishingthe individual �elds
of a structure,asopposedto treatingthestructureasa singleob-
ject, yielded signi�cantly better resultsfor somecompiler opti-
mizations[12]. Onestudy[27] examinedtheeffectsof improved
points-to information on compileranalysessuchas live variable
analysisaswell asprogramslicing. The�nal resultsimprovedonly
marginally in the caseof programslicing. Bent et al. [8] demon-
stratedthe importanceof accuratelibrary modelingon program

Static Filtered Dynamic
(func. ptrs.)

Dynamic
(all)

grep 527 223 222 183
�nd 460 253 63 47
mesa 3,267 639 596 288
burlap 5,292 1,128 461 370
gap 7,758 7,747 3,433 3,133

Table3: Averageslicesizesfor sliceswith static data,prototype
or lexically �lter ed static data for function pointers, dynamic
data applied to function pointers only, and dynamic data ap-
plied to both function pointers and variables.

slicing. However, in all cases,the sizesof the slicesweregener-
ally too largeto beusefulin aidingprogramunderstanding.

7. CONCLUSIONS
Programslicing is a potentiallyusefulanalysisfor aiding pro-

gramunderstanding.Preciseslicesaremostusefulto thesoftware
engineer, sincesmallerslicesmeanlesscodeto examine. In this
paper, we lookedat improving theprecisionof programslicing by
usingdynamicpoints-todata. Sincedynamicpoints-tosetsarea
lower boundon theresultsof any soundstaticpointeranalysis,we
canusethemto providea lowerboundonslicesize.Wefoundthat
moreprecisepoints-toinformationdid indeedresultin lesspropa-
gateddata-�ow informationduringslicecomputation,asexpected.
However, theeffectsonslicesizewerebimodal.

First,for programswith many callsthroughfunctionpointers,we
founda signi�cant improvementin slice size. Even thoughsome
fraction of this improvementwasdue to the optimistic natureof
thepointerinformation,wewereableto verify for ourbenchmarks
thata largefractionof theimprovementis in factrealizablein prac-
tice by combiningthe dynamicdatawith somesimpleinspection
techniques.Moreover, for applicationsof slicingwheresoundness
is not key, e.g.,debugging,unmodi�ed dynamicpointerdatacan
be useddirectly. Sincewe show that dynamic function pointer
datacanbe collectedwith little overhead,this may be a practical
techniqueto improve slicesfor programsthat usefunction point-
ersfrequently. Moreover, this techniquemaybeusefulfor slicing
of object-orientedprogramsaswell, sinceobject-orienteddispatch
sharessomeof the characteristicsof function pointercalls in C.
Sincesmallpoints-tosetsfor functionpointersresultedin consid-
erablereductionsslice size,exploring staticpointeranalysesthat
produceparticularlypreciseresultsfor functionpointersis another
interestingareaof futureresearch.

Second,for programswith few calls throughfunction pointers,
therewasonly little improvementin slicesize. We foundthatthis
counter-intuitive resultis dueto Amdahl's law. C programsappear
to containmany directdatadependencessothatremoving any spu-
rious datadependencesvia function pointersis of generallylittle
effect.

For this latter classof programs,our resultssuggestthat ad-
vancesother than improved pointeranalysisare necessaryin or-
der to improve the quality of slices. Sincealgorithmicimprove-
mentslike context-sensitive slicing or optimal points-toinforma-
tion showedlittle generalimprovementof slicesizes,requiringthe
userto makecertainassertionsaboutprogramproperties,e.g.,that
thesourcecodeobservesANSI typerules,may turn out to be the
best(maybeonly) way towardspracticallyusefulprogramslicing
in this case.
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