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Existingmethodsto handlepointervariablesduringdata-flow anal-
ysescanmake suchanalysesinefficientbothin time andspacebe-
causethe data-flow analysesmust storeandpropagatelarge sets
of datafactsthat are introducedby dereferencesof pointer vari-
able.Thispaperpresentsequivalenceanalysis, ageneraltechnique
to improve the efficiency of data-flow analysesin the presenceof
pointers.Thetechniqueidentifiesequivalencerelationsamongthe
memorylocationsaccessedby a procedureand ensuresthat two
equivalentmemorylocationssharethe samesetof datafactsin a
procedureandin theproceduresthatarecalledby thatprocedure.
Thus,adata-flow analysisneedsto computethedata-flow informa-
tion only for a representative memorylocation in an equivalence
class. The data-flow information for other memorylocationsin
theequivalenceclasscanbederivedfrom thatof therepresentative
memorylocation. Our empiricalstudiesindicatethat equivalence
analysismayeffectively improve theefficiency of many data-flow
analyses.
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Data-flow analyseshave beenwidely usedto provide information
requiredfor taskssuchascompileroptimization,programunder-
standing,debugging, testing,and maintenance.To provide safe
data-flow information for programswritten in languagessuchas
C, theseanalysesmust accountfor the effects of aliasing intro-
ducedby pointervariables.� Data-flow analysesusealias-analysis
algorithmsto computealias information. Existing alias-analysis
algorithmscanbeclassifiedinto two categories:flow-sensitiveal-
gorithms(e.g., [6, 11]) provide precisealias informationat each
programpoint but areexpensive; flow-insensitivealgorithms(e.g.,
[1, 13, 15, 16]) sacrificeprecisionfor efficiency, andquickly com-
pute lessprecisealias informationthat holdsthroughouta proce-
dureor theentireprogram.

Many researchersreportwaysto usealiasinformationin data-
flow analysesto ensuresafety(e.g.,[2, 12, 14]). Themethodused�

Aliasingoccurswhentwo differentnamesaccessthesamememorylocationat a
point in aprogram.

by all thesetechniquesto handlepointervariablesin aprogramcan
be describedas follows: when the datafacts,suchasdefinitions
anduses,arecomputedfor a statement,a dereferenceof a pointer
variableis replacedwith thesetof memorylocations(variablesor
heap-allocatedobjects)accessedby thedereferenceof thepointer
variable.For example,to analyzeaC program,if *p canaccessx,
y, andz at statement“*p=3;”, thenthesetechniqueswill replace
*p with x, y, andz, createdefinitionsfor x, y, andz, anduse
thesedefinitionsin theanalysis.

Researchershave studiedthe effects of the alias information
computedby differentaliasanalysisalgorithms,with varyinglevels
of precision,on theprecisionandefficiency of data-flow analyses
whenthepointervariablesarehandledusingthemethoddiscussed
in the previous paragraph[12, 14, 19]. The empirical resultsof
thesestudiesshow that, when the size of the subjectprogramis
large,theside-effectsof a statementor a procedurecanbegreatly
increasedthroughdereferencesof pointervariables.For example,
Zhang,Ryder, andLandi [19] reportthat,whenLandiandRyder’s
algorithm [11], a flow-sensitive alias analysisalgorithm, is used
to resolve thedereferenceof pointers,a statementin a C program
that containsapproximately13,000lines of codecanmodify, on
average,20 memorylocationsthroughdereferenceof pointervari-
ables.Theseempiricalresultsalsoshow that the side-effectsof a
statementor a procedurecan be further increasedif lessprecise
alias information is used. For example,Landi et al. [12] report
that,whenaliasinformationprovidedby their algorithmis usedto
analyzethe modificationside-effects,a procedurein a C program
with 28,735linesof codecanmodify, on average,about13 mem-
ory locations.However, if aliasinformationprovidedby a variant
of Steensgaard’s algorithm[16], a fastflow-insensitivealiasanaly-
sisalgorithm,is used,a procedurein this programcanmodify, on
average,115memorylocations.

Theseempirical resultsimply that, without bettertechniques
to handlepointervariables,many data-flow analysesmay be too
inefficient for usein analyzingprogramsthatusepointervariables,
becausethesetechniquesmay requirestorageandpropagationof
large setsof data-flow information. Theseempirical resultsalso
imply that, without bettertechniquesto handlepointervariables,
theadditionaltimerequiredto performdata-flow analyseswith the
lessprecisealias informationmight exceedthe time saved using
fastflow-insensitivealiasanalyses.

This paperpresentsequivalenceanalysis, a new techniquethat
mayimprove theefficiency of many data-flow analysesin thepres-
enceof pointervariables.Equivalenceanalysisis basedon theob-
servation that memorylocationspointedto by a pointer variable
areoften analyzedin the sameway by the data-flow analysesof
a procedure.Equivalenceanalysisidentifiesthe equivalencerela-
tions amongthe memorylocationsfor eachprocedure,and uses
theseequivalencerelationsto partition the memorylocationsthat
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1. f1(int *p)  7. int g, g1; 12. main()  
2. *p = g+1; 13. int x,y,z;
3.! if( g>0 ) 8. f2(int *q)  14. f1(&x);
4. p = &g; 9. *q = g; 15. f1(&y);
5. f2(p); 10. g1++; 16. f2(&z);
6. *p++; 11. " 17. ""

procedure equivalenceclasses

f2()  x,y,z " ,  g " ,  g1 " ,  q "
f1()  x,y " ,  z " ,  g " ,  g1 " ,  p "
main()  x " ,  y " ,  z " ,  g " ,  g1 "

Figure1: ExampleProgramandequivalenceclassesfor eachprocedure
whendereferencesareresolvedwith LandiandRyder’s algorithm[11].

areaccessedin theprocedureinto equivalenceclasses.A data-flow
analysiscomputesdata-flow informationfor only onerepresenta-
tivememorylocationin anequivalenceclass.Thedata-flow analy-
siscanderive data-flow informationaboutothermemorylocations
in an equivalenceclassfrom that computedfor the representative
memorylocation. Therefore,equivalenceanalysiscanbe usedto
improve theefficiency of data-flow analyses.

This paperalsopresentsasetof empiricalstudies.Thesestud-
iesshow thatequivalenceanalysiscaneffectively reducethesizes
of setsof data facts and data-flow information for a procedure.
For example,our studiesshow that for several subjectprograms,
thedata-flow informationfor morethan60 percentof thenonlocal
memorylocationsmodifiedby aprocedurecanbederivedfrom the
data-flow informationof therepresentativememorylocationswhen
thepointerdereferencesareresolvedusingaliasinformationcom-
putedby Andersen’s algorithm[1]. Thestudiesindicatethatusing
equivalenceanalysismay significantly improve the efficiency of
many data-flow analysesin thepresenceof pointervariables.

In the next section,we definethe equivalencerelations,and
presentanalgorithmto computetheequivalenceclasses.In Section
3, wediscusstheempiricalresultsof thestudiesthatweperformed
to investigatetheefficiency of our algorithmin computingequiva-
lenceclassesandtheeffectivenessof usingequivalencerelationsto
reducetheamountof data-flow information.Finally, in Section4,
wediscusstherelatedwork, andin Section5, wegiveaconclusion
anddiscussthefuturework.
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In this section,we first defineequivalenceamongmemoryloca-
tionsanddiscussapplicationsof theequivalencerelation.We then
presentour algorithmto computetheequivalenceclassesof mem-
ory locationsfor eachprocedure.We alsoanalyzethecomplexity
of thealgorithmanddiscussextensionsto theequivalenceanalysis.
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A memorylocationis accessedthroughanobjectname[11], which
consistsof a variableanda sequenceof dereferencesandfield ac-
cesses.An objectnameis indirect if theobjectnameconsistsof at
leastonedereference;otherwise,theobjectnameis direct. Given
anobjectnameHEIKJ andastatementL , theaccessedsetof H*IMJ at L ,
denotedas NPORQTSTUVH*IMJGW�L1X , is thesetof memorylocationsthatmay
bealiasedto H*IMJ at L . For example,in theprogramin Figure1, if
the aliasinformationis provided by Landi andRyder’s algorithm
[11], NPORQTSTUZYT[�W�\/X^]`_1a:WKb�c . If d is in NPORQTSTUVH*IMJGW�L1X where H*IMJ is
anindirectname,then d is indirectlyaccessedat L .

The modeof accessof two memorylocationscan inducean
equivalencerelationbetweenthesetwomemorylocationsthatholds
in aproceduree . A memorylocationis alwaysequivalentto itself
in e . Memory location d
f is equivalentto memorylocation dhg in

e if, at any statementL in e or in any proceduredirectly or indi-
rectly calledby e , given an objectnameH*IMJ that is referencedatL , d
f�ijN^OkQTS6UVHEIKJ/WML1X implies dhgEijNPORQTSTUVH*IMJGW�L1X and dhg*ijN^OkQTS6UVHEIKJ/W	L*X
implies d�fTijNPORQTSTUVH*IMJGW�L1X . For example,in proceduref2() of Fig-
ure1, variablesx, y, andz areequivalent:x, y, andz arein the
accessedsetof *q at statement9, theonly statementin f2() that
accessesto any of thethreememorylocations.Notethat,underthis
definition,if memorylocation d is accesseddirectly in e or in any
proceduredirectly or indirectly calledby e , then d is equivalent
only to itself. For example,g in f2() is equivalentonly to itself
becauseit is directlyaccessedat statement9.

Theefficiency of many intraproceduraldata-flow analysescan
be improvedusingequivalenceanalysis.An intraproceduraldata-
flow analysiscomputesthe samedata-flow informationin proce-
dure e for two equivalentmemorylocationsbecausetheseequiv-
alent memorylocationssharethe sameset of datafactsat each
statementin e . The data-flow analysiscanbe improved by first
partitioningthememorylocationsaccessedin e into equivalence
classes,andthencomputingthe data-flow informationonly for a
representative memorylocationin eachequivalenceclass. Using
the informationcomputedfor therepresentative memorylocation,
thedata-flow analysiscanthenderive data-flow informationabout
othermemorylocationsin anequivalenceclass.For example,the
memorylocationsreferencedby f2() in Figure1 canbe parti-
tionedinto threeequivalenceclasses:_ x,y,z c , _ q c , and _ g c . To
computereachingdefinitionsfor f2(), theanalysiscomputesthe
reachingdefinitionsonly for x, q, andg. Theanalysiscanderive
the reachingdefintionsfor y andz from thatof x. In f2(), x is
definedat statement9, andthis definitioncanreachstatements10
and11; thus,theanalysisconcludesthatx, y, andz aredefinedat
statement9 andthesedefinitionscanreachstatements10 and11.

Theefficiency of interproceduraldata-flow analysesalsocanbe
improved by computingandstoringinformationonly for the rep-
resentative memorylocationsin equivalenceclasses.Many inter-
proceduraldata-flow analyses(e.g.,[8, 10]) summarizetheresults
computedby an intraproceduralphasefor nonlocalmemoryloca-
tionsaccessedby aproceduree . In suchinterproceduralanalyses,
when a callsite to e is processed,the summaryinformationcan
beusedto computetheeffect of e on thecallsite. Becausemem-
ory locationsin an equivalenceclasssharethe samedatafactsine , they sharesimilar summaryinformation. Thus,thesetypesof
data-flow analysescanbeimprovedby computingandstoringsum-
mary informationonly for the representative memorylocationsof
the equivalenceclasses.At the callsiteto e , a data-flow analysis
canderive thesummaryinformationfor a memorylocation d from
thatcomputedfor therepresentativememorylocationof theequiv-
alenceclassthat containsd . For example,to computethe setof
statementsin f2() thatcanaffecty atstatement5 in Figure1, the
reuse-drivenslicer [8] canusethesetof statementsthatwascom-
putedfor x. This approachgivescorrectresultsbecausex andy
arein oneequivalenceclassin f2() andsharethesamesetof data
factsat eachstatementin f2().
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Our algorithmcomputesa setof equivalenceclassesfor eachpro-
cedurein a programin two phases:an intraproceduralphaseand
aninterproceduralphase.

During the intraproceduralphase,the algorithmpartitionsthe
memorylocationsaccessedin eachprocedureerq intoasetof equiv-
alenceclassesusingobjectnamesthatarereferencedat statements
in esq . The algorithm first initializes, t,q , the set of equivalence
classesfor e q with asingleequivalenceclassthatcontainsall mem-
ory locationsthatareaccessedin e q . Thealgorithmthenupdatest,q by consideringeachobjectnameHEIKJ thatis referencedatastate-
ment L in e q . For any two memorylocationsd�f and dug , if d
f and dhg
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arein thesameequivalenceclassv in w,x at this point in thecom-
putationy and z
{m|~}P�R�T�T�V�*�M�G�	�1� , zu���|�}^�k�T�6�V�E�K�/�M�1� , then z
{ andz � arenot equivalentand,thus,shouldbe in differentequivalence
classes.Thealgorithmupdatesw,x by dividing v into v { and v � ,
in which vn{m��v��R}P�R�T�T�V�*�M�G�	�1� and v>����v���}^�k�T�6�V�E�K�/�	�*� .
For example,thesetof equivalenceclassesfor f2() in Figure1 is
initialized to containonly ���:�	�:�	�:�K�:�M���G�	�,� . Whenthe algorithm
processes*q at statement9, because}^�k�T�6�Z�1�:�	�/��� ���:�	�:�	��� ,
thealgorithmsplits �1�:�	���M�:�M�:�	�:�G�M��� into ���:�	�:�M��� and �1���	���G�	��� .
Table1 illustratesthechangesof equivalenceclasseswhentheal-
gorithmprocessesf2() duringtheintraproceduralphase.

Table1: Stepsto processf2().
ObjectName AccessSet EquivalenceClasses¡

x,y,z,g,g1,q ¢6£¤ p ¡
x,y,z ¢ ¡

x,y,z ¢ ¡ g,g1,q ¢6£
g

¡
g ¢ ¡

x,y,z ¢ ¡ g ¢ ¡ g1,q ¢6£
q

¡
q ¢ ¡

x,y,z ¢ ¡ g ¢ ¡ q ¢ ¡ g1 ¢6£
g1

¡
g1 ¢ ¡

x,y,z ¢ ¡ g ¢ ¡ q ¢ ¡ g1 ¢£ Implicit equivalenceclass.

During the interproceduralphase,the algorithmfurtherbuildsw,x by consideringthe equivalencerelationsamongthe nonlocal
memorylocationsaccessedin eachof theprocedures,¥§¦ , calledby¥sx . Thealgorithmprocesseseachcall statemenẗ in ¥rx thatcalls¥�¦ andidentifiesthesetof nonlocalmemorylocationsaccessedby¥ ¦ . Thealgorithmpartitionsthissetof memorylocationsinto aset
of equivalenceclasses,� ¦ , accordingto the equivalencerelations
computedfor ¥§¦ up to this point. Eachequivalenceclass v©¦ in� ¦ is usedto divide anequivalenceclassv in w,x into two setsv {
and v^� in which vn{ª�«v��Rv©¦ and v>�P�«v¬�­v©¦ . Thealgorithm
updatesw,x by replacingv with v { and v � if neither v { nor v � is
empty.

Figure2showsthealgorithmEquivAnalysis thatcomputes
equivalenceclassesfor eachprocedurein aprogram.Tosavespace,
EquivAnalysis explicitly storesonly the equivalenceclasses
thatcontainmemorylocationsthathave beenprocessedby theal-
gorithm (i.e., the memorylocationsthat have beenprocessedby
lines 19–26in Update). For example,initially, all memorylo-
cationsthat areaccessedby procedure¥rx are in oneequivalence
class.However, becausenoneof thesememorylocationshasbeen
processed,suchanequivalenceclassis notstoredin w,x . In therest
of this section,we refer to theequivalenceclassthatcontainsun-
processedmemorylocationsasthe implicit equivalenceclass.Ta-
ble 1 shows the implicit equivalenceclassat eachstepwhen the
algorithmprocessesf2() during the intraproceduralphase.Be-
causeunprocessedmemorylocationsareequivalentin ¥rx , thereis
only oneimplicit equivalenceclassin w,x .

During the intraproceduralphase(lines 1–8),EquivAnaly-
sis processeseachobjectname �E�K� referencedat a statement�
in procedure¥ x . EquivAnalysis callsUpdate to updatew x ,
thesetof equivalenceclassesfor ¥rx , with }P�R�T�T�V�*�M�G���1� . Update
(lines 19–33) inputs a set of equivalenceclassesw and a set of
memorylocations v . For eachmemorylocation z in v , if z is in
any equivalenceclassin w (line 20),then z hasbeenpreviouslypro-
cessed.Updatemarksvª® , theequivalenceclassthatcontainsz , as
beingtouched(line 21). Update alsoputs z in ¯�° v ®�± to indicate
that z is in both v and v ® (line22). If z is in theimplicit equivalence
class,then z is processedfor the first time. In this case,Update
removes z from the implicit equivalenceclassandputs z in a new
equivalenceclassv>²E³K´ (line 24). After theloop is finished,v>²E³K´
is the intersectionof v andthe implicit equivalenceclassandfor
eachequivalenceclassv ® in w , ¯µ° v ®	± �¶v��Rv ® . Update addsvª²G³·´ in w (line 27). Then,for eachequivalenceclass vª® that is
touched,Update checksto seewhether ¸ ¯�° v ®�± ¸s¹º¸ v ® ¸ is true.
If so, v ® mustbesplit into two equivalenceclasses.Update re-
placesv�® with v�®r�Dv by removing from vª® memorylocationsin

algorithm EquivAnalysis
input » : programto beanalyzed
output asetof equivalenceclassesfor eachprocedure
declare ¼�½ , ¼,¾ : proceduresin »¿ ½ : a list of equivalenceclassesof memory-locationsetsfor ¼ ½À

: a list of procedures,sortedreversetopologicallyon
thestrongly-connectedcomponentsof thecall graph

beginEquivAnalysis
1. foreachprocedure¼�½ in » do /* Intraproceduralphase*/
2. put ¼�½ on

À
3. foreachstatementÁ in ¼ ½ do
4. foreachobjectnameÂ�Ã�Ä at Á do
5. Update(

¿ ½KÅZÆkÇ�ÈKÉKÊuÂ6Ã�Ä�ÅKÁ	Ë )
6. endfor
7. endfor
8. endfor
9. while

ÀÍÌÎÐÏ do /* Interproceduralphase*/
10. ¼ ½ = remove procedurefrom headof

À
11. foreachcallsite Ñ to ¼ ¾ in ¼ ½ do
12. Ç�¾ :=

¡
equivalenceclassesof ¼,¾ ’s nonlocalmemorylocations¢ ;

13. foreachequivalenceclassÒ in Ç ¾ do
14. Update(

¿ ½ Å·Ò );
15. endfor
16. if

¿ ½ changesthen put ¼�½ ’s callersin
À

; endif
17. endfor
18. endwhile
end EquivAnalysis

procedure Update(
¿ Å�Ò )

input
¿

: a list of equivalenceclassesÒ : asetof memorylocations
output updated

¿
declare ÓÐÔ ÒRÕ·Ö : theintersectionof equivalenceclassÒRÕ and Ò
begin Update

19. foreachmemorylocation × in Ò do
20. if × in any equivalenceclassÒRÕ in

¿
then

21. mark Ò Õ touched
22. put × in ÓØÔ Ò Õ Ö
23. else
24. put × in ÒrÙGÚ
Û
25. endif
26. endfor
27. add Ò ÙEÚZÛ in

¿
28. foreachtouchedequivalenceclassÒ Õ in

¿
do

29. if Ü ÓØÔ Ò Õ Ö�ÜEÝØÜ Ò Õ Ü then
30. remove elementsin ÓØÔ ÒrÕKÖ from ÒRÕ
31. add ÓØÔ Ò Õ Ö to ¿
32. endif
33. endfor
endUpdate

Figure2: EquivAnalysis: Equivalenceanalysisalgorithm.

¯µ° v�® ± andthenadds̄�° v�® ± , which is vª®6�Rv , to w .
During theinterproceduralphase(lines9–18),EquivAnaly-

sis iteratesover the proceduresin a reversetopological(bottom
up) orderon thestrongly-connectedcomponentsof thecall graph.
In eachprocedure¥rx , EquivAnalysis checkseachcall ¨ to
procedure¥§¦ (lines11–17).EquivAnalysis computestheset
of nonlocalmemorylocationsthatareaccessedby ¥ ¦ andpartitions
thesememorylocationsinto � ¦ , a set of equivalenceclassesac-
cordingthetheequivalencerelationscomputedfor ¥§¦ (line12). An
equivalenceclassin � ¦ canbecomputedby copying thenonlocal
memorylocationsfrom anequivalenceclassin w*¦ . EquivAnaly-
sis thencallsUpdate to updatew,x with eachequivalenceclass
in � ¦ (line 14). Finally, if w,x changes,EquivAnalysis putsthe
proceduresthat call ¥ x on Þ for further updates(line 16). The
iteration terminateswhen the setsof equivalenceclassesbecome
stabilized.
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Using an array to map a location í to the equivalenceclassthat
contains í , line 20 in Update takes constanttime. If we usea
doubly-linked list to representa memorylocationset,thenadding
anelementto thesetor removing anelementfrom thesettakecon-
stanttime. Thus,lines20–25takesconstanttime. Thecomplexity
of lines 19–26is îðï	ñ ò3ñ ó . WhenUpdate adds òªôGõ·ö into ÷ , it
mustupdatethemappingarrayto maplocationsin ò ôGõKö to ò ôGõ·ö .
Thus,the time taken by line 27 is proportionalto ñ ò>ôEõKöøñ . Simi-
larly, the time taken by line 31 is proportional ñ ùµú ò�û	ü·ñ . Line 30
takes ñ ù�ú ò û üZñ stepsto remove elementsfrom ò û . Therefore,the
complexity of lines28-32is îðï	ñ ò3ñ ó . Thecomplexity of Update
is îðï	ñ ò3ñ ó .

Let ý bethesizeof theprogramand þ bethemaximumsizeof
anaccessset. In the intraproceduralphaseof EquivAnalysis,
line 5 is executedat most ý timesbecausethetotal numberof ob-
ject namesappearingin ÿ�� is boundedby thesizeof ÿ�� . Thus,the
intraproceduralphaserequiresîðïVý��nþ*ó time. In the absenceof
recursion,the informationis propagatedthrougha procedurecall
only oncein the interproceduralphase,thus, at most � propaga-
tions areneeded,where � is the numberof calls in the program.
In the presenceof recursion,informationis propagatedthrougha
call whenthereis a changein thesetof equivalenceclassesof the
called procedure. According to the algorithm, the set of equiv-
alenceclasseschangeswhenan equivalenceclassis divided into
two equivalenceclasses.Thus,at most ý changescanoccurto the
equivalenceclassesof a procedure. At most ý���� propagations
areneededin the presenceof recursion. Eachpropagation(lines
12–16)requiresñ �	� ñ callstoUpdate() andthetotalcostof these
callsis îðïVýjó . Therefore,in theabsenceof recursion,theinterpro-
ceduralphaserequiresîðï
��� ýjó time; in thepresenceof recursion,
theinterproceduralphaserequiresîðï
��� ý
��ó time.

Thetime complexity of EquivAnalysis is îðïMï
��� þ*ó���ýjó
in theabsenceof recursion;thetimecomplexity of thealgorithmisîðï
���©ý � ó in thepresenceof recursion.

ß�à � �øê ���������6ê ã	���
Thedefinitionof theequivalencerelationin Subsection2.1canbe
tailored to a specificdata-flow analysis. For example,the reuse-
drivenslicingalgorithm[8] is interestedin how thestatementswithin
aprocedurecanaffectanonlocalmemorylocationthatis modified
in a procedure.To improve theperformanceof suchanalgorithm,
we are interestedthe equivalenceof two nonlocalmemoryloca-
tionswhenthememorylocationsaremodified. We ignoretheac-
cessesthatrefrencebut donotmodify thesetwo memorylocations.
Under sucha consideration,we definemodification-equivalence.
A memorylocation is always modification-equivalent to itself in
a procedureÿ . Memory location í�� is modification-equivalent to
memorylocation í � in ÿ if, at any statementþ in ÿ or in any pro-
ceduredirectlyor indirectlycalledby ÿ , givenanobjectname���! 
that is modified at þ , í"�$#�% �'&$( ï
���! �)	þ1ó implies í � #�% �'&*( ï
�+�, �)	þ1ó
and í � #�% �'&*( ï
�+�, �)	þ1ó implies í � #
% �'&$( ï
���! �)Mþ*ó . For example,un-
der this definition, - and . aremodification-equivalent in f2().
Modification-equivalenceis differentthantheequivalencerelation-
shipdefinedin 2.1.For example,accordingto thedefinitionin 2.1,- and . arenot equivalentbecause. is referencedby a directob-
jectnameat statement9. For otherspecificdata-flow analyses,the
definitionof equivalenceof memorylocationscanbetailoredin a
similarway.

Thealgorithmdiscussedin Subsection2.2canbeusedwith the
aliasinformationthat is provided by any aliasanalysisalgorithm.
However, by investigatingthe propertiesof the representationof
the alias information that is provided by a specificaliasanalysis
algorithm,we candevelop a moreefficient algorithmto compute
theequivalenceclasses.

Alias informationprovidedbySteensgaard’salgorithm[17] can
berepresentedasa points-tograph. In sucha graph,verticesrep-
resentsetsof memorylocationsandedgesrepresentpoints-torela-
tionsor field accesses.For example,if / pointsto 0 , thenthereis
a points-toedge from thevertex thatrepresents/ to thevertex that
represents0 . For anotherexample,if vertex 12� representsstructure3 andvertex 1 � representsfield 354 6 , thenthereisafield-accessedge
labeledwith “f ” from 12� to 1 � . In thepoints-tographconstructed
by Steensgaard’s algorithm, the setsof memorylocationsrepre-
sentedby theverticesaredisjointandthereis atmostonepoints-to
edgeleaving a vertex andat mostonefield accessedgeleaving a
vertex labelledwith a specificfield name.Givenanindrectobject
name���! andastatementþ , % �'&*( ï
�+�, �)�þ1ó canbecomputedby first
locating,in thepoints-tograph,thevertex thatrepresentsthevari-
ablein ���! , andthen,fromthisvertex, searchingfor apathin which
the labelsof theedgesmatchthesequenceof of dereferencesand
field accessesin ���! . We call thelastvertex of thepathastheac-
cessedvertex of �+�, . % �'&$( ï
���! �)�þ1ó is thesetof memorylocations
representedby �+�, ’s accessedvertex.

Given sucha points-tograph,if two memorylocationsí � andí � arerepresentedby the samevertex andneither í"� nor í � is ac-
cessedby directnamesin procedureÿ or any proceduredirectlyor
indrectlycalledby ÿ , then í � and í � areequivalentin ÿ . Accord-
ing to this observation, we candevelop an algorithmthat is more
efficient than the algorithmin Figure2. The new algorithmfirst
computes

� ú ÿ^ü , thesetof accessedverticesfor theindirectnames
referencedin ÿ or proceduresdirectly or indrectly calledby ÿ .
Thenew algorithmalsocomputesthe setof nonlocalmemorylo-
cationsreferencedin ÿ or proceduresdirectly or indrectly called
by ÿ . Theequivalenceclassesfor ÿ arederivedby thefollowing
rules:

1. A directly accessedmemorylocationforms an equivalence
class.

2. Memory locationsrepresentedby a vertex in
� ú ÿ^ü , except

thosememorylocationsdirectly accessed,form an equiva-
lenceclass.

For example,accordingto the new algorithm, 78)!. and .89 are
directly accessedin f1() andthevertex representing:;-<)!=	)?><)!.2@
is accessedin f1() whenthe aliasinformationis representedas
a points-tograph. Therefore,the algorithm derives equivalence
classes:;-<)?=<),>2@ , :*.2@�)A:*.89�@ and :*72@ forf1(). Notethattheequiv-
alenceclassesforf1() computedherearedifferentfromtheequiv-
alenceclassesfor f1() listedin Figure1 becausetheequivalence
classeslistedin Figure1 arecomputedwith aliasinformationpro-
videdby LandiandRyder’s algorithm.

á B�äæå�ê CZê �;D,çFE:ë��2G�ê è��
Weperformedseveralstudiesto evaluatetheeffectivenessof equiv-
alenceanalysisin reducingthe amountof data-flow information
that is computedusingalias informationprovided by eachof the
following aliasanalysisalgorithms:Steensgaard’s algorithm(ST)
[16], Liang andHarrold’s algorithm(LH) [13], Andersen’s algo-
rithm (AND) [1], andLandi andRyder’s algorithm(LR) [11]. We
implementedtheequivalenceanalysisalgorithm,Steensgaard’s al-
gorithm,LiangandHarrold’salgorithm,andAndersen’s algorithm
usingPROLANGSAnalysisFramework (PAF) [7], whichparsesa
C programandprovidesaninterfaceto accesstheintermediaterep-
resentationof theprogram.We usedthe implementationof Landi
andRyder’s algorithmprovided togetherwith PAF. We collected
thedatafor thestudiesonaSunUltra 30 workstationwith 640MB
of physicalmemory.

Table2 givesinformationaboutthesubjectprogramswe used
for the studies.Thesubjectsareorderedby the third column,the
numberof CFG (Control Flow Graph)nodesthat are generated
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by PAF to representa subjectprogram. This setof subjectscon-
tainsvarioustypesof C programs.unzip, lharc, andarc are
compression/decompressionutilities. flex andbison arecom-
piler generators.assem is anassembler, andspim is anassembly
languagesimulator. space is aninterfaceto asatellitecontrolling
system.larn is a computergame. mpegplay is a programto
displayMPEGformatimage.espresso is anintegerbenchmark
program. Most of thesesubjectshave beenusedin otherstudies
(e.g., [13, 15, 18, 19]). The fifth column in Table 2 shows that
only a small numberof proceduresare involved in recursionsin
eachof thesubjects.Thesixth columnin the tableshows that the
aliasinformationfor Landi andRyder’s algortihmis not available
for bison, spim, larn, mpegplay, andespresso be-
causethetimerequiredto runLandiandRyder’salgorithmonthese
programsexceededour limit (10hours).

Table2: Subjectprograms.
Program LOC CFGNodes Procedures RecurProcs LR

unzip 4075 1892 42 2 Yes
assem 2510 1993 58 0 Yes
lharc 3235 2539 89 3 Yes
flex 6902 3762 93 5 Yes
arc 7325 3955 116 2 Yes
space 11474 5601 137 0 Yes
bison 7893 6533 134 3 No
spim 24322 11352 263 5 No
larn 9966 11796 295 3 No
mpegplay 17263 11864 135 3 No
espresso 12864 15351 306 27 No

H8IKJML<N�O2PRQSJ
In this study, we evaluatethe efficiency of our algorithmin com-
putingequivalenceclasses.Table3 shows T , the time requiredto
computethe set of nonlocalmemorylocationsmodifiedby each
procedure(GMOD set),and TVU , the time requiredto computethe
equivalenceclassesfor eachprocedure. From the table, we can
seethat the time requiredto computethe equivalenceclassesis
closeto the time requiredto computethe GMOD sets. Because
many data-flow analysesaremuchmoreexpensive thanthe com-
putationof GMOD sets,thosedata-flow analysesmight also be
muchmoreexpensive thanthecomputationof equivalenceanaly-
ses.Thus,even if we cancut down a portionof thecostfor those
data-flow analyses,wecanexpectthatthetimerequiredto compute
theequivalenceclasseswill becompensatedby thetime savedby
usingequivalenceclassesto improve thosedata-flow analyses.We
areperformingadditionalexperimentsto determinetheeffectiveof
usingequivalenceanalysisto improvevariousdata-flow analyses.

Table3: Timein secondsto computeGMOD setsandequivalenceclasses.
ST LH AND LR

program T T’ T T’ T T’ T T’

unzip 0.17 0.17 0.14 0.13 0.14 0.15 0.14 0.15
assem 0.34 0.42 0.26 0.34 0.23 0.28 0.25 0.29
lharc 0.22 0.23 0.19 0.23 0.22 0.23 0.22 0.22
flex 0.43 0.51 0.35 0.40 0.35 0.40 0.45 0.49
arc 0.64 0.72 0.38 0.41 0.38 0.41 0.39 0.41
space 1.51 1.95 1.48 1.98 1.86 2.42 1.55 1.89
bison 0.58 0.62 0.56 0.56 0.62 0.62 – –
spim 5.04 6.37 2.40 3.01 1.95 2.03 – –
larn 3.80 4.59 2.18 2.41 2.11 2.29 – –
mpegplay 1.19 1.21 1.13 1.14 2.09 2.06 – –
espresso 9.09 11.91 7.34 9.28 8.62 10.52 – –

FromTable3, we canalsoseethat, the time requiredto com-
putetheequivalenceclassesor GMOD setsincreaseswhenthepre-
cisionof thealiasanalysisalgorithmusedto resolve dereferences

Figure3: Correlationbetweentimeandsizeof solution.

of pointervariablesdecreases.This is becausethetimeof comput-
ing theequivalenceclassesor GMOD setsis mainlydeterminedby
the numberof memorylocationsthat needto bepropagatedfrom
oneprocedureto another. Figure3 shows therelationshipbetween
the runningtime of computingequivalenceclassesand the sum-
mationof sizesof equivalenceclassesfor the proceduresin each
of the subjectprograms(i.e., the sizeof the equivalenceanalysis
solution). Thefigurealsoshows therelationshipbetweentherun-
ning timeof computingGMOD setsandthesummationof sizesof
GMOD setsfor theprocedures(i.e.,thesizeof GMOD analysisso-
lution). In thefigure,apoint is drawn to show thetime to compute
a solutionandthesizeof thesolutionfor a subjectprogramwhen
the solutionis computedusingaliasinformationprovided by one
of thefour aliasanalysisalgorithms.Thefigureshowsastrongcor-
relationbetweenthecomputationtimeandthesizeof thesolution.
Given a subjectprogram,if the dereferencesof pointervariables
are resolved using lessprecisealias analysisalgorithm, a proce-
duremight accessmorenonlocalmemorylocations,andthus,the
sizeof thesolutionmight increase.Therefore,it takesmoretime
to computethe solutionusingalias informationprovided by less
precisealiasanalysisalgorithm.

H8IXWYL8N�ORPRQZW
In thisstudy, weevaluatetheeffectivenessof theequivalenceanaly-
sisin reducingthedatafactsat eachstatement.For eachstatement
that modifiesmemorylocationsthroughpointer dereference,we
recordedthenumberof memorylocationsthataremodifiedby the
statement(ThruDerefMod) andthenumberof equivalenceclasses
thatcontainthesememorylocations.Figure4 shows theresultsof
thisstudywhenthealiasinformationisprovidedby eachof thefour
aliasanalysisalgorithms. The total lengthof eachbar represents
theaveragesizeof ThruDerefMod andthe lengthof thesegment
filled with slantedlines representsthe averagenumberof equiva-
lenceclassesthat containthe memorylocationsin the ThruDeref
Mod set. For example,for unzip, theaveragesizeof ThruDeref
Mod when alias analysisis performedusing Steensgaard’s algo-
rithm is 11.6whereasthenumberof equivalenceclassesof mem-
ory locationsfor ThruDerefMod is 1.9.Fromthegraph,wecansee
thatthememorylocationsmodifiedby astatementthroughderefer-
encesalmostalwaysfall into thesameequivalenceclassregardless
of the precisionlevels of the aliasinginformation. This resultre-
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43.3

Figure4: Averagesizeof ThruDerefMod.

flects the commonway a pointer is used: onepointer is usedto
point to oneor two conceptualobjectsin a procedure.The result
alsoindicatesthat equivalenceanalysiscaneffectively reducethe
datafacts,suchasdefinitions,at a statementbecausea data-flow
analysiscreatesthe datafactsonly for a representative memory
locationof eachequivalenceclass. Thus,we canexpect that us-
ing equivalenceanalysismayeffectively improve theefficiency of
many intraproceduraldata-flow analyses.

[8\ [^]<_�`2aRbc[

Table4: Averagesizeof GMOD sets.
ST LH AND LR

program S S’ S S’ S S’ S S’

unzip 24.2 9.1 14.4 9.6 13.8 9.7 10.9 8.7
assem 38.9 8.0 30.0 11.3 23.1 10.6 23.6 11.6
lharc 12.3 7.5 11.1 7.6 10.3 7.6 7.4 6.1
flex 22.5 13.6 17.0 14.0 16.2 13.9 14.6 13.5
arc 45.7 13.7 20.7 14.3 19.3 14.2 18.8 13.8
space 77.8 14.2 72.6 17.5 70.9 19.1 50.7 19.5
bison 14.8 10.0 14.4 10.0 12.4 10.6 – –
spim 121 19.1 54.7 19.5 24.9 19.8 – –
larn 58.1 20.4 27.9 21.0 26.7 21.0 – –
mpegplay 15.7 13.0 15.1 13.6 15.0 13.6 – –
espresso 92.2 17.1 66.5 25.0 71.3 20.3 – –

In this study, we investigatethe effectivenessof equivalence
analysisin reducingthesummaryinformationfor eachprocedure.
Wecomparetheaveragesizeof theGMOD set,thesetof memory
locationsmodifiedby a procedure,andtheaveragesizeof the re-
ducedGMODset, thesetof nonlocalmemorylocationsobtainedby
removing from a GMOD setall memorylocationsexceptthe rep-
resentative memorylocationsof equivalenceclasses.Becausean
interproceduraldata-flow analysiscomputesand storessummary

Figure5: Reduction(%) of theGMOD size.

information for eachmemorylocation in the GMOD set, the re-
ductionof theaveragesizesof GMOD setsmayindicatetheeffec-
tivenessof usingequivalenceanalysisto improve theperformance
of theinterproceduraldata-flow analysis.

Table4 shows d , theaveragesizeof theGMOD sets,and d�e ,
theaveragesizeof thereducedGMOD sets.Theresultsshow that
the averagesizeof the reducedGMOD set is aboutthe samere-
gardlessof the precisionof the alias information. For example,
the averagesizeof the reducedGMOD setsfor programlarn is
about21 whenwe computethereducedGMOD setswith aliasin-
formationprovided by any of the four algorithms.This result in-
dicatesthat an interproceduraldata-flow analysismight have the
sameperformanceregardlessof thealiasinformationit uses.Thus,
equivalenceanalysismayprovide a way to solve theperformance
problemof usingaliasinginformationprovided by Steensgaard’s
algorithm in interproceduraldata-flow analyses.Figure5 shows
the percentagereductionin the sizeof GMOD setsusingequiva-
lenceanalysis.Theresultsshow thatusingequivalenceclassescan
effectively reducethesizeof theGMOD set.Thus,we canexpect
thatusingequivalenceclassesmayeffectively improve theperfor-
manceof many interproceduraldata-flow analysesin thepresence
of pointervariables.

f g
h�i j _ h alknmRo,p
Thereareseveralapproachesto reducethecostof data-flow analy-
sesusingequivalencerelations.Duesterwald,Gupta,andSoffa [5]
proposecongruencepartitioning, a techniquethat identifiescon-
gruencerelations, akind of equivalencerelations,amongdata-flow
equationsfor aprogramandusesthecongruencerelationto reduce
thenumberof data-flow equations.Two congruentdata-flow equa-
tions have the samefixed points. Thus, one of the equationsis
redundantandcanbe eliminated. Duesterwald, Gupta,andSoffa
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further proposealgorithmsto computethe congruencerelations
inducedq by idempotenceandcommonsubexpressions.Like con-
gruencepartitioning,our techniquecanalsoreducethenumberof
data-flow equationsin thepresenceof pointers.Our techniquedif-
fers from congruencepartitioningin that our techniquecomputes
theequivalencerelationsamongmemorylocationsbeforethedata-
flow equationsarecreated.Therefore,our techniquecanbe used
togetherwith congruencepartitioningto further reducethe num-
ber of data-flow equations.Furthermore,unlike congruencepar-
titioning, our techniquenot only canimprove the performanceof
data-flow analysesthatusedata-flow equations,our techniquealso
canimprove the performanceof data-flow analysesthat useother
represenations.

Thereareother techniquesthat can improve the efficiency of
data-flow analysisin thepresenceof pointervariables.Choi,Cytron,
andFerrante[3] proposeatechniquethatbuildsdata-flow represen-
tation linear in the numberof definitionsandusesin the program
in thepresenceof preservingdefinitions.Preservingdefinitionscan
beinducedby assignmentsto dereferenceof pointervariablesor by
assignmentsto the elementsof arrays. Without sucha technique,
the preservingdefinitionscancausethe data-flow chainsto grow
quadraticallyin the numberof definitionsandusesin a program.
Choi, Cytron, andFerrante’s techniquebuilds both definition-use
chainsanddefinition-definitionchainsfor the programvariables.
However, thetechniquebuildsonly thetransitivereductionof these
chains.Togetherwith staticsingleassignmentfroms[4], this tech-
niqueguaranteesthat the numberof chainsbuilt for a programis
linear in the numberof definitionsandusesin a program. Choi,
Cytron,andFerrantealsodiscusshow this compactrepresentation
canbeusedfor data-flow analyses.

Our techniquediffers from Choi, Cytron,andFerrante’s tech-
niquein thatour techniqueaddressesa problemthat is orthogonal
to thepreservingdefinitionproblemin thepresenceof pointervari-
ables.Our techniquecanbe usedto reducethesizeof datafacts,
suchasdefinitionsanduses,that areintroducedat the statements
wheredereferencesof pointervariablesarereferenced.Thus,our
techniquecanbeusedto furtherreducethesizeof thecompactrep-
resentationbuilt by Choi,Cytron,andFerrante’s technique.In our
preliminary studies,we observed that in many small procedures
in a program,a formal parameterpointercanpoint to a large set
of memorylocationsand thesememorylocationsare referenced
but not modified in a procedure.In this case,Choi, Cytron, and
Ferrante’s techniquewill not beableto reducethesizeof therep-
resentationof theprocedures.However, our techniquecanreduce
thesizeof therepresentationbecausewecanuseonerepresenative
memorylocationsto representall thememorylocationspointedto
by thatformalparameterpointer.

Our algorithmfor computingequivalenceclassesis oneof the
partitioning algorithms(e.g., [5, 9]) that computea partition of
someitemsaccordingto somecriteria. A partitioningalgorithm
first initializes the partition with an overestimate.The algorithm
theniteratively refinesthepartitionuntil thepartitionbecomessafe,
that is, if two items r�s and r?t arein the sameset, then r�s and r!t
shouldbeindistinguishableaccordingto thecriteria.Thedetailsof
theefficient implementationandcomplexity analysisof therefine-
mentstep(Update in ouralgorithm)canbefoundin [9].u^vxw	y2z+{ |�}A~ w<y�}
Wepresentedequivalenceanalysis,a techniquethatcanbeusedto
improve many data-flow analysesin thepresenceof pointers.We
alsopresentedan efficient algorithm to computethe equivalence
classes.We conductedseveralstudiesto evaluatetheperformance
andeffectivenessof our technique.Ourstudiesshow thatthis tech-
nique can reducethe amountof data-flow informationgenerated
in a program,andthus,mayeffectively improve the performance
of many data-flow analysesonprogramsthatusepointervariables.

We areapplyingour techniqueto variousdata-flow analysesand
conductingstudiesto investigatethe effectivenessof equivalence
analysisin improving theperformanceof thedata-flow analyses.
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