Proceeding®f ACM SIGPLAN-SIGSOFWorkshopon Program Analysisfor Softwae ToolsandEngineeringlPASTE'99) ACMCopyright

EquwvalenceAnalysis: A GenerallTechniqueo Improve the Efficiengy of Data-flav
Analysesn the Presencef Pointers

Donglin LiangandMary JearHarrold
{dliang,harrold@cis.dio-stateedu
The Ohio StateUniversity

Abstract

Existingmethodgo handlepointervariablesduringdata-flav anal-
ysescanmalke suchanalysesnefficientbothin time andspacebe-
causethe data-flav analyseamust storeand propagatdarge sets
of datafactsthat areintroducedby dereferencesf pointer vari-
able.This papempresentgquivalenceanalysis ageneratechnique
to improve the efficiengy of data-flav analysesn the presencef
pointers.Thetechniquadentifiesequivalencerelationsamongthe
memorylocationsaccessedby a procedureand ensureshat two
equivalentmemorylocationssharethe samesetof datafactsin a
procedureandin the procedureshatarecalledby thatprocedure.
Thus,adata-flav analysismeeddo computehedata-flav informa-
tion only for a representate memorylocationin an equivalence
class. The data-flav information for other memorylocationsin
theequivalenceclasscanbederivedfrom thatof therepresentate
memorylocation. Our empiricalstudiesindicatethat equivalence
analysismay effectively improve the efficiengy of mary data-flav
analyses.

Keywords: Alias analysis,data-flow analysis.

1 Introduction

Data-flav analyseshave beenwidely usedto provide information
requiredfor taskssuchas compileroptimization,programunder
standing,dehugging, testing, and maintenance.To provide safe
data-flav information for programswritten in languagesuchas
C, theseanalyseanust accountfor the effects of aliasingintro-
ducedby pointervariablest Data-flav analysesisealias-analysis
algorithmsto computealiasinformation. Existing alias-analysis
algorithmscanbe classifiedinto two cateories: flow-sensitiveal-
gorithms(e.g.,[6, 11]) provide precisealiasinformationat each
programpoint but areexpensve; flow-insensitivealgorithms(e.g.,
[1, 13, 15, 16]) sacrificeprecisionfor efficiengy, andquickly com-
pute lessprecisealiasinformationthat holds throughouta proce-
dureor theentireprogram.

Marny researcherseportwaysto usealiasinformationin data-
flow analysego ensuresafety(e.qg.,[2, 12, 14]). Themethodused

1 Aliasing occurswhentwo differentnamesaccesshe samememorylocationata
pointin aprogram.

by all thesetechniqueso handlepointervariablesn a programcan
be describedasfollows: whenthe datafacts,suchasdefinitions
andusesarecomputedor a statementa dereferencef a pointer
variableis replacedwith the setof memorylocations(variablesor

heap-allocatedbjects)accessethy the dereferencef the pointer
variable.For example to analyzea C program|f * p canaccess,

y, andz atstatement* p=3; ", thenthesetechniquesvill replace
*p with X, y, andz, createdefinitionsfor x, y, andz, anduse
thesedefinitionsin theanalysis.

Researcherbave studiedthe effects of the alias information
computedy differentaliasanalysisalgorithmswith varyinglevels
of precision,on the precisionandefficieng/ of data-flav analyses
whenthe pointervariablesarehandledusingthe methoddiscussed
in the previous paragraph12, 14, 19]. The empirical resultsof
thesestudiesshav that, whenthe size of the subjectprogramis
large, the side-efectsof a statemenbr a procedurecanbe greatly
increasedhroughdereferencesf pointervariables.For example,
Zhang,Ryder andLandi[19] reportthat,whenLandiandRyders
algorithm [11], a flow-sensitve alias analysisalgorithm, is used
to resole the dereferencef pointers,a statementn a C program
that containsapproximatelyl3,000lines of codecan modify, on
average 20 memorylocationsthroughdereferencef pointervari-
ables. Theseempiricalresultsalsoshav thatthe side-efectsof a
statemenbr a procedurecan be further increasedf lessprecise
aliasinformationis used. For example,Landi et al. [12] report
that,whenaliasinformationprovided by their algorithmis usedto
analyzethe modificationside-efects, a procedureén a C program
with 28,735lines of codecanmodify, on averageabout1l3 mem-
ory locations.However, if aliasinformationprovided by a variant
of Steensgaardalgorithm[16], afastflow-insensitve aliasanaly-
sisalgorithm,is used,a proceduren this programcanmodify, on
average 115memorylocations.

Theseempirical resultsimply that, without bettertechniques
to handlepointervariables,mary data-flav analyseanay be too
inefficientfor usein analyzingprogramghatusepointervariables,
becausehesetechniquesnay requirestorageand propagatiorof
large setsof data-flav information. Theseempirical resultsalso
imply that, without bettertechniquedo handlepointervariables,
theadditionaltime requiredto performdata-flav analysesvith the
lessprecisealiasinformation might exceedthe time saved using
fastflow-insensitve aliasanalyses.

This papermresentequivalenceanalysis a new techniquethat
mayimprove theefficiengy of mary data-flav analysesn the pres-
enceof pointervariables.Equivalenceanalysiss basedn the ob-
senation that memorylocationspointedto by a pointervariable
are often analyzedin the sameway by the data-flav analyseof
a procedure.Equivalenceanalysisidentifiesthe equivalencerela-
tions amongthe memorylocationsfor eachprocedureand uses
theseequialencerelationsto partitionthe memorylocationsthat



1. fi(int *p) { 7. int g, 9l; 12. main() {
2. *p = g+1; 13. int x,y,z;
3. if( g>0) 8. f2(int *q) { 14. f1(8&);
4. p = &g; 9. *q =09 15, f1(&);
5. f2(p); 10.  gl++; 16. f2(&2);
6.  *p+t 1. } 17. }
[ procedue | equivalencelasses |

f2() {x,y,z}, {9}, {91}, {a}
f1() {x, v}, {z}, {9}, {91} {p}
mai n() {3} {y}, {z} {0} {91}

Figure 1: ExampleProgramand equivalenceclassedor eachprocedure
whendereferenceareresohedwith LandiandRyders algorithm[11].

areaccesseth theprocedurénto equivalenceclassesA data-flav
analysiscomputedata-flav informationfor only onerepresenta-
tive memorylocationin anequialenceclass.Thedata-flav analy-
siscanderive data-flav informationaboutothermemorylocations
in an equialenceclassfrom that computedfor the representaie
memorylocation. Therefore equivalenceanalysiscanbe usedto
improve the efficiengy of data-flav analyses.

This paperalsopresents setof empiricalstudies.Thesestud-
ies shav thatequivalenceanalysiscaneffectively reducethe sizes
of setsof datafactsand data-flav information for a procedure.
For example,our studiesshav that for several subjectprograms,
the data-flav informationfor morethan60 percenif the nonlocal
memorylocationsmodifiedby a procedureanbederivedfrom the
data-flav informationof therepresentatie memorylocationswhen
the pointerdereferenceareresohedusingaliasinformationcom-
putedby Andersers algorithm[1]. The studiesindicatethatusing
equivalenceanalysismay significantly improve the efficiengy of
mary data-flav analysesn the presencef pointervariables.

In the next section,we definethe equivalencerelations,and
presentinalgorithmto computeheequivalenceclassesln Section
3, we discusgheempiricalresultsof the studieshatwe performed
to investigatethe efficiengy of our algorithmin computingequia-
lenceclassesandtheeffectivenes®of usingequivalencerelationsto
reducethe amountof data-flav information. Finally, in Section4,
we discusgherelatedwork, andin Section5, we give aconclusion
anddiscusghefuturework.

2 Equivalence Analysis

In this section,we first defineequivalenceamongmemoryloca-
tionsanddiscussapplicationof theequivalencerelation. We then
presenbur algorithmto computethe equivalenceclasseof mem-
ory locationsfor eachprocedure We alsoanalyzethe compleity

of thealgorithmanddiscussxtensiongo theequivalenceanalysis.

2.1 Equivalence of Memory Locations

A memorylocationis accessethroughanobjectname[11], which
consistof avariableanda sequencef dereferenceandfield ac-
cessesAn objectnameis indirectif the objectnameconsistf at
leastone dereferenceptherwise the objectnameis direct Given
anobjectnameobj anda statement, theaccessedetof obj at s,
denotedas ASet(obj, s), is the setof memorylocationsthatmay
bealiasedto obj ats. For example,in the programin Figurel, if
the aliasinformationis provided by Landi and Ryders algorithm
[11], ASet(xp,2) = {x,y}. If Lisin ASet(obj, s) whereobj is
anindirectname thenl is indirectlyaccessedét s.

The modeof accessf two memorylocationscaninducean
equivalencerelationbetweertheseéwo memorylocationghatholds
in aprocedureP. A memorylocationis alwaysequivalento itself
in P. Memory locationl; is equivalentto memorylocationi, in

P if, atary statemens in P orin ary proceduralirectly or indi-
rectly calledby P, given an objectnameob; thatis referencedat
s,l1€ASet(obj, s) impliesl€ ASet(obj, s) andl,€ ASet(obj, s)
impliesli € ASet(obj, s). For example,in procedurd 2() of Fig-
urel,variablesx, y, andz areequivalent:x,y, andz arein the
accessedetof * g atstatemen®, theonly statemenin f 2() that
accessem ary of thethreememorylocations.Notethat,underthis
definition,if memorylocation! is accessedirectlyin P orin ary
proceduredirectly or indirectly calledby P, then! is equivalent
only to itself. For example,g in f 2() is equialentonly to itself
becausét is directly accessedt statemen®.

The efficiengy of mary intraproceduratiata-flav analysesan
be improved usingequivalenceanalysis.An intraproceduratiata-
flow analysiscomputeshe samedata-flav informationin proce-
dure P for two equivalentmemorylocationsbecauseheseequi-
alent memorylocationssharethe sameset of datafactsat each
statementn P. The data-flav analysiscan be improved by first
partitioningthe memorylocationsaccesseéh P into equivalence
classesandthen computingthe data-flav informationonly for a
representate memorylocationin eachequialenceclass. Using
theinformationcomputedor the representate memorylocation,
the data-flav analysiscanthenderive data-flav informationabout
othermemorylocationsin anequialenceclass. For example,the
memorylocationsreferencecby f 2() in Figure 1 canbe parti-
tionedinto threeequivalenceclasses{x, y, z}, {q}, and{g}. To
computereachingdefinitionsfor f 2( ) , theanalysiscomputeghe
reachingdefinitionsonly for x, g, andg. Theanalysiscanderive
thereachingdefintionsfor y andz from thatof x. Inf2(), x is
definedat statemen®, andthis definition canreachstatement40
and11;thus,theanalysisconcludeshatx, y, andz aredefinedat
statemen® andthesedefinitionscanreachstatement40and11.

Theefficiengy of interproceduratiata-flav analyseslsocanbe
improved by computingand storinginformationonly for the rep-
resentatie memorylocationsin equivalenceclasses.Mary inter
proceduradata-flav analysege.qg.,[8, 10]) summarizeheresults
computedby anintraproceduraphasefor nonlocalmemoryloca-
tionsaccessedtly aprocedureP. In suchinterproceduraénalyses,
whena callsiteto P is processedthe summaryinformationcan
be usedto computethe effect of P onthe callsite. Becausanem-
ory locationsin an equivalenceclasssharethe samedatafactsin
P, they sharesimilar summaryinformation. Thus,thesetypesof
data-flav analysesanbeimprovedby computingandstoringsum-
mary informationonly for the representate memorylocationsof
the equivalenceclasses.At the callsiteto P, a data-flav analysis
canderive the summaryinformationfor amemorylocation! from
thatcomputedor therepresentate memorylocationof theequi-
alenceclassthat containsl. For example,to computethe set of
statementin f 2() thatcanaffecty atstatemenbin Figurel, the
reuse-drienslicer[8] canusethe setof statementshatwascom-
putedfor x. This approachgivescorrectresultsbecause andy
arein oneequialenceclassin f 2() andsharethesamesetof data
factsateachstatemenin f 2() .

2.2 Equivalence Analysis Algorithm

Our algorithmcomputesa setof equivalenceclassegor eachpro-
cedurein a programin two phases:an intraproceduraphaseand
aninterproceduraphase.

During the intraproceduraphase the algorithm partitionsthe
memorylocationsaccesseith eachprocedureP; into asetof equiv-
alenceclassesisingobjectnameghatarereferencedt statements
in P;. The algorithmfirst initializes, &;, the setof equivalence
classegor P; with asingleequivalenceclassthatcontainsall mem-
ory locationsthatareaccesseth P;. Thealgorithmthenupdates
&; by consideringeachobjectnameodj thatis referenceditastate-
ments in P;. For ary two memorylocationsl; andlz, if I; andl,



arein the sameequialenceclassE in &; atthis pointin thecom-
putationandl; € ASet(obj,s), l2 ¢ ASet(obj,s), thenl; and
l, arenot equivalentand,thus,shouldbein differentequivalence
classes.The algorithmupdate<t; by dividing E into E; and E»,
in which E; = ENASet(obj,s) andE; = E — ASet(obj, s).
For example the setof equivalenceclassedor f 2() in Figurelis
initialized to containonly {x, y, z, g, g1, q}. Whenthe algorithm
processe$ q at statemen®, becausedSet(xq,9) = {x,y,z},
thealgorithmsplits{x, y, z, g, g1, q} into {x, y, z} and{g, g1, q}.
Tablel illustratesthe change®of equivalenceclassesvhenthe al-
gorithmprocesse§2() duringtheintraproceduraphase.

Tablel: Stepsto procesd 2() .

ObjectName | AccessSet | EquivalenceClasses
{x.y.z,9,01, q}t
*p {x.y,z} | {x,y.z} {9,091, a}t
g9 {9} {x.y,z} {9} {91, g}t
q {9} {x.y,z} {9} {a} {01}t
gl {91} {x.y.z} {9} {a} {01}

tImplicit equialenceclass.

During the interproceduraphase the algorithmfurther builds
&; by consideringthe equivalencerelationsamongthe nonlocal
memorylocationsaccesseih eachof theproceduresP;, calledby
P;. Thealgorithmprocessesachcall statemenC' in P; thatcalls
P; andidentifiesthe setof nonlocalmemorylocationsaccessety
P;. Thealgorithmpartitionsthis setof memorylocationsinto a set
of equivalenceclassesS;, accordingto the equivalencerelations
computedfor P; up to this point. EachequivalenceclassE; in
S; is usedto divide anequialenceclassE in &; into two setsE,
andE; in which E; = ENE; andE; = E — E;. Thealgorithm
updatest; by replacingE with E; and E» if neitherE; nor E; is
empty

Figure2 shavsthealgorithmEqui vAnal ysi s thatcomputes
equivalenceclassesor eachprocedurén aprogram.To save space,
Equi vAnal ysi s explicitly storesonly the equivalenceclasses
thatcontainmemorylocationsthathave beenprocessedby the al-
gorithm (i.e., the memorylocationsthat have beenprocessedy
lines 19-26in Updat e). For example,initially, all memorylo-
cationsthat are accessedby procedureP; arein oneequialence
class.However, becaus@oneof thesememorylocationshasbeen
processedsuchanequivalenceclassis notstoredin &;. In therest
of this section,we referto the equivalenceclassthat containsun-
processednemorylocationsasthe implicit equivalenceclass. Ta-
ble 1 shavs the implicit equivalenceclassat eachstepwhenthe
algorithmprocesse$ 2() during the intraproceduraphase. Be-
causeunprocessethemorylocationsareequvalentin P;, thereis
only oneimplicit equivalenceclassin &;.

During the intraproceduraphase(lines 1-8), Equi vAnal y-
si s processegachobjectnameobj referencedat a statement
in procedureP;. Equi vAnal ysi s callsUpdat e to update&;,
the setof equivalenceclassedor P;, with ASet(obj, s). Updat e
(lines 19-33)inputs a set of equivalenceclassesg and a set of
memorylocationsE. For eachmemorylocationl in E, if 1 isin
ary equialenceclassin € (line 20),thenl hasbeenpreviously pro-
cessedUpdat e marksE,, theequivalenceclassthatcontaingd, as
beingtoudhed(line 21). Updat e alsoputsi in M[E.] to indicate
thatl isin both E andE. (line 22). If L isin theimplicit equivalence
class,thenl is processedor thefirst time. In this case,Updat e
removes! from theimplicit equivalenceclassandputs! in a new
equialenceclassE e, (line 24). After theloopis finished,E;,c.
is the intersectionof E andthe implicit equivalenceclassandfor
eachequvalenceclassE. in £, M[E.] = ENE,.. Updat e adds
Enew in € (line 27). Then,for eachequivalenceclassE. thatis
touchedUpdat e checksto seewhether| M [E.]| < |E.| is true.
If so, E. mustbe split into two equivalenceclasses.Updat e re-
placesE. with E. — E by remaving from E. memorylocationsin

algorithm  Equi vAnal ysi s

input ‘P: programto beanalyzed
output asetof equivalenceclassegor eachprocedure
declare P;, P;: procedurein P

&;: alist of equivalenceclasse®f memory-locatiorsetsfor P;
W : alist of proceduressortedreversetopologicallyon
the strongly-connectedomponentsf thecall graph
beginEqui vAnal ysi s

1. foreachprocedureP; in P do /* Intraproceduraphase/

2 put P; on W

3 foreachstatemens in P; do

4., foreachobjectnameobj at s do

5 Updat e(&;, ASet(obj, s))

6 endfor

7 endfor

8. endfor

9. while W # ¢ do /* Interproceduraphase/
10. P; =remove procedurdrom headof W

11. foreachcallsiteC to P; in P; do

12. S; = {equivalenceclasse®f P;’s nonlocalmemorylocationg;
13. foreachequialenceclassE in S; do

14. Update(é&;, E) ;

15. endfor

16. if £; changeshen put P;’scallersin W; endif

17. endfor

18. endwhile

end Equi vAnal ysi s

procedure Update(&, E)
input &: alist of equivalenceclasses
E': asetof memorylocations
output updated®
declare M][E.]: theintersectiorof equivalenceclassE. andE

begin Updat e
19. foreachmemorylocation! in E do

20. if 1 in ary equivalenceclassE. in £ then
21. mark E.. touched

22. putl in M[E.]

23. else

24. putlin E, eq

25. endif

26. endfor

27. addEnew inE
28. foreachtouchedequialenceclassE. in € do
29. if | M[E.]| < |E.|then
30. remove elementsn M[E.] from E.
31. addM[E.]t0 &
32. endif
33. endfor
endUpdat e

Figure2: Equi vAnal ysi s: Equivalenceanalysisalgorithm.

M|[E.] andthenaddsM[E.], whichis E.NE, t0 £.

During theinterproceduraphasglines9-18),Equi vAnal y-
si s iteratesover the proceduresn a reversetopological(bottom
up) orderon the strongly-connectedomponent®f the call graph.
In eachprocedureP;, Equi vAnal ysi s checkseachcall C to
procedureP; (lines11-17). Equi vAnal ysi s computeshe set
of nonlocalmemorylocationghatareaccessebly P; andpartitions
thesememorylocationsinto S;, a setof equivalenceclassesac-
cordingthetheequivalencerelationscomputedor P; (line 12). An
equivalenceclassin S; canbe computedby copying the nonlocal
memorylocationsfrom anequivalenceclassin £;. Equi vAnal y-
si s thencalls Updat e to update&; with eachequialenceclass
in S; (line 14). Finally, if & changesEqui vAnal ysi s putsthe
procedureghat call P; on W for further updategline 16). The
iteration terminateswhenthe setsof equivalenceclassesbecome
stabilized.



2.3 Complexity

Using an arrayto map a location! to the equivalenceclassthat
containsl, line 20 in Updat e takes constanttime. If we usea
doubly-linked list to represena memorylocationset,thenadding
anelemento thesetor removing anelementfrom thesettake con-
stanttime. Thus,lines 20-25takesconstantime. The compleity
of lines 19-26is O(|E|). WhenUpdat e addsE,.,, into &, it
mustupdatethe mappingarrayto maplocationsin Eew t0 Erew .
Thus, the time taken by line 27 is proportionalto |Eyeqy|. Simi-
larly, the time taken by line 31 is proportional| M[E.]|. Line 30
takes|M[E.]| stepsto remave elementfrom E.. Thereforethe
compleity of lines28-32is O(|E|). The compleity of Updat e
isO(|E)).

Let n bethesizeof theprogramands bethe maximumsizeof
anaccesset. In theintraproceduraphaseof Equi vAnal ysi s,
line 5 is executedat mostn timesbecauséhe total numberof ob-
jectnamesappearingn P; is boundedoy thesizeof P;. Thus,the
intraproceduraphaserequiresO(n * s) time. In the absenceof
recursion the informationis propagatedhrougha procedurecall
only oncein the interproceduraphase thus, at mostc propaga-
tions are neededwherec is the numberof callsin the program.
In the presencef recursion,informationis propagatedhrougha
call whenthereis a changen the setof equivalenceclasse®f the
called procedure. According to the algorithm, the set of equi-
alenceclasseschangesvhen an equivalenceclassis divided into
two equivalenceclassesThus,at mostn changesanoccurto the
equialenceclassesf a procedure. At mostn * ¢ propagations
areneededn the presencef recursion. Eachpropagation(lines
12-16)required S;| callsto Updat e() andthetotal costof these
callsis O(n). Thereforejn theabsenc®f recursiontheinterpro-
ceduralphaseaequiresO(c * n) time; in the presencef recursion,
theinterproceduraphaserequiresO(c * n?) time.

Thetime compleity of Equi vAnal ysi s is O((c + s) * n)
in theabsencef recursionthetime complexity of thealgorithmis
O(c * n?) in thepresencef recursion.

2.4 Discussions

The definitionof the equivalencerelationin Subsectior2.1 canbe
tailoredto a specificdata-flav analysis. For example,the reuse-
drivenslicingalgorithm([8] isinterestedn how thestatementsithin
aprocedureanaffectanonlocalmemorylocationthatis modified
in aprocedure To improve the performancef suchanalgorithm,
we are interestedthe equialenceof two nonlocalmemoryloca-
tionswhenthe memorylocationsaremodified. We ignorethe ac-
cesseshatrefrencebut do notmodify thesetwo memorylocations.
Under sucha considerationwe definemodification-equivalence
A memorylocationis always modification-equialentto itself in
a procedureP. Memorylocation/; is modification-equialentto
memorylocationl, in P if, atary statemens in P or in ary pro-
ceduredirectly or indirectly calledby P, givenanobjectnameobj
that is modified at s, ;€ ASet(obj, s) implies o€ ASet(obj, s)
andl>€ ASet(obj, s) impliesi, € ASet(obj, s). For example,un-
der this definition, x and g are modification-equialentin f 2() .
Modification-equialenceis differentthantheequivalencerelation-
shipdefinedin 2.1. For example,accordingo thedefinitionin 2.1,
x andg arenot equivalentbecause is referencedy a directob-
jectnameat statemen®. For otherspecificdata-flav analysesthe
definition of equivalenceof memorylocationscanbetailoredin a
similarway.

Thealgorithmdiscussedh Subsectior2.2 canbeusedwith the
aliasinformationthatis provided by ary aliasanalysisalgorithm.
However, by investigatingthe propertiesof the representatiomf
the aliasinformationthat is provided by a specificalias analysis
algorithm, we candevelop a more efficient algorithmto compute
theequivalenceclasses.

Aliasinformationprovidedby Steensgaardalgorithm[17] can
be representedsa points-tograph. In sucha graph,verticesrep-
resentsetsof memorylocationsandedgesepresenpoints-torela-
tionsor field accessesk-or example,if p pointsto z, thenthereis
apoints-toedge from the vertex thatrepresentg to thevertex that
represents. For anotheexample,if vertex vy representstructure
a andvertex v, representfield a. f, thenthereis afield-accessdge
labeledwith “f” from v; to v2. In the points-tographconstructed
by Steensgaard’algorithm, the setsof memorylocationsrepre-
sentedby theverticesaredisjointandthereis atmostonepoints-to
edgeleaving a vertex andat mostonefield accessdgeleaving a
vertex labelledwith a specificfield name.Givenanindrectobject
nameobj andastatemeng, ASet(obj, s) canbecomputedy first
locating,in the points-tograph,the vertex thatrepresentshe vari-
ablein obj, andthen, from thisvertex, searchindor apathin which
the labelsof the edgesnatchthe sequencef of dereferenceand
field accessem obj. We call thelastvertex of the pathasthe ac-
cessedrertex of obj. ASet(obj, s) is the setof memorylocations
representetly obj’s accesseslertex.

Given sucha points-tograph,if two memorylocationsl; and
l» arerepresentedby the samevertex and neitherl; norl, is ac-
cessedy directnamesn procedureP or ary procedurelirectly or
indrectly calledby P, thenl; andl, areequivalentin P. Accord-
ing to this obseration, we candevelop an algorithmthatis more
efficient thanthe algorithmin Figure2. The new algorithmfirst
computesS[P], thesetof accessederticesfor theindirectnames
referencedn P or proceduredirectly or indrectly called by P.
The new algorithmalsocomputeshe setof nonlocalmemorylo-
cationsreferencedn P or procedureglirectly or indrectly called
by P. Theequialenceclassedor P arederived by the following
rules:

1. A directly accessednemorylocationforms an equivalence
class.

2. Memory locationsrepresentedby a vertex in S[P], except
thosememorylocationsdirectly accessedform an equva-
lenceclass.

For example,accordingto the new algorithm,p, g andg1 are
directly accesseéh f 1() andthevertex representindx, y, z, g}
is accesseth f 1() whenthe aliasinformationis representeds
a points-tograph. Therefore,the algorithm derives equivalence
classeqx, y,z}, {g}, {g1} and{p} forf 1() . Notethattheequi-
alenceclassesor f 1() computederearedifferentfromtheequi-
alenceclassedor f 1() listedin Figurel becaus¢heequivalence
classedistedin Figurel arecomputedwith aliasinformationpro-
videdby LandiandRyders algorithm.

3 Empirical Studies

We performedseveralstudieso evaluatetheeffectivenesof equiv-
alenceanalysisin reducingthe amountof data-flav information
thatis computedusingaliasinformation provided by eachof the
following aliasanalysisalgorithms: Steensgaardalgorithm (ST)
[16], Liang andHarrold's algorithm (LH) [13], Andersers algo-
rithm (AND) [1], andLandiandRyders algorithm(LR) [11]. We
implementedhe equivalenceanalysisalgorithm,Steensgaardal-
gorithm,Liang andHarrold’s algorithm,andAndersers algorithm
usingPROLANGS AnalysisFrameavork (PAF) [7], which parsesa
C programandprovidesaninterfaceto accessheintermediateep-
resentatiorof the program. We usedthe implementatiorof Landi
and Ryders algorithm provided togetherwith PAF. We collected
thedatafor the studieson a SunUItra 30 workstationwith 640MB
of physicalmemory

Table 2 givesinformationaboutthe subjectprogramswe used
for the studies. The subjectsare orderedby the third column,the
numberof CFG (Control Flow Graph)nodesthat are generated



by PAF to representn subjectprogram. This setof subjectscon-
tainsvarioustypesof C programsunzi p, | harc, andar c are
compression/decompressiutilities. f | ex andbi son arecom-
piler generatorsassemis anassemblemlnds pi mis anassembly
languagesimulator space is aninterfaceto a satellitecontrolling
system.| ar n is a computergame. npegpl ay is a programto
displayMPEGformatimage.espr esso is anintegerbenchmark
program. Most of thesesubjectshave beenusedin otherstudies
(e.g.,[13, 15, 18, 19])). The fifth columnin Table 2 shavs that
only a small numberof proceduresare involved in recursionsin
eachof the subjects.The sixth columnin the tableshavs thatthe
aliasinformationfor Landi andRyders algortihmis not available
for bi son, spim |larn, npegplay, andespresso be-
causehetimerequiredo runLandiandRydersalgorithmonthese
programsxceededur limit (10 hours).

Table2: Subjectprograms.

[ Program | LOC [ CFGNodes| Procedues [ RecurProcs [ LR |
unzip 4075 1892 42 2 | Yes
assem 2510 1993 58 0| Yes
Iharc 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

3.1 Study1

In this study we evaluatethe efficiencgy of our algorithmin com-
puting equivalenceclasses.Table 3 shavs T', the time requiredto
computethe setof nonlocalmemorylocationsmodified by each
procedure GMOD set),andT”, the time requiredto computethe
equivalenceclassedor eachprocedure. From the table, we can
seethat the time requiredto computethe equivalenceclassess
closeto the time requiredto computethe GMOD sets. Because
mary data-flav analysesare muchmore expensve thanthe com-
putationof GMOD sets,thosedata-flav analysesmight also be
muchmore expensve thanthe computationof equivalenceanaly-
ses.Thus,evenif we cancutdown a portion of the costfor those
data-flav analyseswe canexpectthatthetime requirecto compute
the equivalenceclasseswill be compensatetly the time saved by
usingequivalenceclassego improve thosedata-flav analysesWe
areperformingadditionalexperimentdo determineheeffective of
usingequivalenceanalysigo improve variousdata-flav analyses.

Table3: Timein second$o computeGMOD setsandequialenceclasses.

‘ ‘| ST [ LH [ AND [ LR
program || T] T T T T] T T[] T
unzip 0.17] 017 014 0.13| 0.14| 0.15] 0.14] 0.15
assem 034 | 042|026 0.34| 023 | 0.28| 0.25| 0.29
Iharc 022 | 023|019 023 022 0.23| 0.22| 0.22
flex 043 | 051|035 040| 035 0.40| 0.45| 0.49
arc 064 | 072|038 041 | 038 041| 0.39| 041
space 151 195| 148 | 198 | 1.86 | 242 | 1.55| 1.89
bison 0.58 | 0.62| 056 | 0.56 | 0.62 | 0.62 - -
spim 504 | 637|240 3.01| 1.95| 203 - -
larn 380 | 459|218 241 211 | 229 - -
mpagplay || 1.19 121 | 113 | 1.14 | 2.09 | 2.06 - -
espresso || 9.09 | 11.91| 7.34 | 9.28 | 8.62 | 10.52 - -

From Table3, we canalsoseethat, the time requiredto com-
putetheequivalenceclasse®r GMOD setsincreasesvhenthepre-
cision of the aliasanalysisalgorithmusedto resohe dereferences
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Figure3: Correlationbetweertime andsizeof solution.

of pointervariablesdecreasesThisis becaus¢hetime of comput-
ing theequivalenceclasse®r GMOD setsis mainly determinedy

the numberof memorylocationsthat needto be propagatedrom

oneprocedureao another Figure3 shavs therelationshipbetween
the runningtime of computingequvalenceclassesand the sum-
mation of sizesof equivalenceclassedor the proceduresn each
of the subjectprograms(i.e., the size of the equivalenceanalysis
solution). The figure alsoshaws the relationshipbetweerthe run-

ning time of computingGMOD setsandthe summatiorof sizesof

GMOD setsfor theprocedure$i.e.,thesizeof GMOD analysisso-

lution). In thefigure,a pointis dravn to shav thetime to compute
a solutionandthe sizeof the solutionfor a subjectprogramwhen
the solutionis computedusingaliasinformationprovided by one
of thefour aliasanalysisalgorithms.Thefigureshavs a strongcor

relationbetweerthe computatiortime andthe sizeof the solution.
Given a subjectprogram,if the dereferencesf pointervariables
areresohed using lessprecisealias analysisalgorithm, a proce-
duremight accessnorenonlocalmemorylocations,andthus,the
size of the solutionmight increase.Therefore,t takes moretime

to computethe solutionusing alias information provided by less
precisealiasanalysisalgorithm.

3.2 Study 2

In thisstudy we evaluatetheeffectivenesof theequialenceanaly-
sisin reducingthe datafactsat eachstatementFor eachstatement
that modifies memorylocationsthrough pointer dereferenceywe
recordedhe numberof memorylocationsthataremodifiedby the
statemen{ThruDerefMod) andthe numberof equivalenceclasses
thatcontainthesememorylocations.Figure4 shaws theresultsof
thisstudywhenthealiasinformationis providedby eachof thefour
aliasanalysisalgorithms. The total length of eachbar represents
the averagesize of ThruDerefMod andthe lengthof the sggment
filled with slantedlines representshe averagenumberof equia-
lenceclasseghat containthe memorylocationsin the ThruDeref
Mod set. For example,for unzi p, the averagesizeof ThruDeref
Mod when alias analysisis performedusing Steensgaard'algo-
rithm is 11.6 whereaghe numberof equivalenceclassef mem-
ory locationsfor ThruDerefMod is 1.9. Fromthegraph,wecansee
thatthememorylocationsmodifiedby a statementhroughderefer
encesalmostalwaysfall into thesameequialenceclassregardless
of the precisionlevels of the aliasinginformation. This resultre-
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flectsthe commonway a pointeris used: one pointeris usedto
pointto oneor two conceptuabbjectsin a procedure.The result
alsoindicatesthat equivalenceanalysiscan effectively reducethe
datafacts,suchasdefinitions,at a statemenbecause data-flav
analysiscreatesthe datafactsonly for a representate memory
location of eachequialenceclass. Thus, we can expectthat us-
ing equivalenceanalysismay effectively improve the efficiency of
mary intraproceduratlata-flav analyses.

3.3 Study 3

Table4: Averagesizeof GMOD sets.

‘ ‘ ST [ LH [ AND [ LR |
program || ST S] ST S ST S ST S
unzip 24.2 91] 144] 96 138] 9.7] 109] 87
assem 38.9 80| 30.0| 11.3| 23.1| 10.6 | 23.6 | 11.6
Iharc 123| 75| 111| 76| 103| 7.6 7.4 6.1
flex 225 | 136 | 17.0| 14.0| 16.2 | 139 | 146 | 135
arc 457 | 13.7 | 20.7 | 143 | 19.3| 14.2 | 188 | 13.8
space 778 | 142 | 726 | 175| 709 | 19.1 | 50.7 | 19.5
bison 148 | 10.0 | 144 | 10.0 | 124 | 10.6 - -
spim 121 | 19.1 | 54.7 | 195| 249 | 19.8 - -
larn 58.1| 204 | 279 | 21.0| 26.7 | 21.0 - -
mpgplay || 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 reducingthe summaryinformationfor eachprocedure.

We comparethe averagesizeof the GMOD set,the setof memory
locationsmodifiedby a procedureandthe averagesize of there-
ducedGMOD set thesetof nonlocaimemorylocationsobtainedy
remaving from a GMOD setall memorylocationsexceptthe rep-
resentatie memorylocationsof equivalenceclasses.Becausean
interprocedurabata-flav analysiscomputesand storessummary
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Figure5: Reduction(%) of the GMOD size.

informationfor eachmemorylocationin the GMOD set, the re-
ductionof the averagesizesof GMOD setsmayindicatethe effec-
tivenesof usingequivalenceanalysisto improve the performance
of theinterproceduratiata-flav analysis.

Table4 shavs S, the averagesizeof the GMOD sets,and S’
theaveragesizeof thereducedGMOD sets.Theresultsshav that
the averagesize of the reducedGMOD setis aboutthe samere-
gardlessof the precisionof the aliasinformation. For example,
the averagesize of the reducedGMOD setsfor programl ar n is
about21 whenwe computethe reducedGMOD setswith aliasin-
formationprovided by ary of the four algorithms. This resultin-
dicatesthat an interproceduratlata-flav analysismight have the
sameperformanceegardles®f thealiasinformationit uses.Thus,
equivalenceanalysismay provide a way to solve the performance
problemof usingaliasinginformation provided by Steensgaars’
algorithmin interprocedurabata-flav analyses.Figure5 shavs
the percentageeductionin the size of GMOD setsusingequva-
lenceanalysis.Theresultsshav thatusingequialenceclassegan
effectively reducethe size of the GMOD set. Thus,we canexpect
thatusingequivalenceclassesnay effectively improve the perfor
manceof mary interproceduratiata-flav analysesn the presence
of pointervariables.

4 Related Work

Thereareseveralapproacheto reducethe costof data-flav analy-
sesusingequialencerelations.Duestenald, Gupta,andSoffa[5]
proposecongruencepartitioning, a techniquethat identifiescon-
gruencerelations akind of equivalencerelationsamongdata-flav
equationdor aprogramanduseshecongruenceelationto reduce
thenumberof data-flav equationsTwo congruentlata-flav equa-
tions have the samefixed points. Thus, one of the equationsis
redundantandcanbe eliminated. Duestenald, Gupta,and Soffa



further proposealgorithmsto computethe congruenceelations
inducedby idempotenceand commonsubexpressions.Like con-
gruencepartitioning,our techniquecanalsoreducethe numberof
data-flav equationsn the presenc®f pointers.Our techniquedif-
fers from congruencepartitioningin that our techniqguecomputes
theequialencerelationsamongmemorylocationsbeforethedata-
flow equationsare created. Therefore,our techniquecanbe used
togetherwith congruenceartitioningto further reducethe num-
ber of data-flav equations.Furthermore,unlike congruencepar
titioning, our techniquenot only canimprove the performanceof
data-flav analyseshatusedata-flav equationspurtechniquealso
canimprove the performanceof data-flav analyseghat useother
represenations.

Thereare othertechniqueghat canimprove the efficiengy of
data-flav analysign thepresencef pointervariables.Choi, Cytron,
andFerrantg3] proposeatechniquehatbuildsdata-flav represen-
tation linearin the numberof definitionsandusesin the program
in thepresencef preservinglefinitions.Preservinglefinitionscan
beinducedby assignmentt dereferencef pointervariablesor by
assignmentso the elementsf arrays. Without sucha technique,
the preservingdefinitionscan causethe data-flav chainsto grow
quadraticallyin the numberof definitionsandusesin a program.
Choi, Cytron, and Ferrantes techniquebuilds both definition-use
chainsand definition-definitionchainsfor the programvariables.
However, thetechniquebuilds only thetransitivereductionof these
chains.Togethewith staticsingleassignmenfroms|[4], thistech-
nique guaranteeshat the numberof chainsbuilt for a programis
linearin the numberof definitionsandusesin a program. Choi,
Cytron,andFerrantealsodiscusshow this compactrepresentation
canbeusedfor data-flav analyses.

Our techniquediffers from Choi, Cytron, and Ferrantes tech-
niquein thatour techniqueaddressea problemthatis orthogonal
to thepreservinglefinitionproblemin thepresencef pointervari-
ables. Our techniquecanbe usedto reducethe size of datafacts,
suchasdefinitionsand uses,that areintroducedat the statements
wheredereferencesf pointervariablesarereferenced.Thus,our
techniquecanbeusedto furtherreducethesizeof thecompactrep-
resentatiorbuilt by Choi, Cytron,andFerrantes technique.n our
preliminary studies,we obsered thatin mary small procedures
in a program,a formal parametepointercan point to a large set
of memorylocationsand thesememorylocationsare referenced
but not modifiedin a procedure.In this case,Choi, Cytron, and
Ferrantes techniquewill notbe ableto reducethe sizeof therep-
resentatiorof the proceduresHowever, our techniquecanreduce
thesizeof therepresentatiobecausave canuseonerepresenate
memorylocationsto represenall the memorylocationspointedto
by thatformal parametepointer

Our algorithmfor computingequivalenceclassess oneof the
partitioning algorithms(e.g., [5, 9]) that computea partition of
someitems accordingto somecriteria. A partitioning algorithm
first initializes the partition with an overestimate.The algorithm
theniteratively refineshepartitionuntil thepartitionbecomesafe
thatis, if two itemst; andt. arein the sameset,thent; andt,
shouldbeindistinguishablaccordingo the criteria. The detailsof
the efficientimplementatiorandcomplity analysisof therefine-
mentstep(Updat e in ouralgorithm)canbefoundin [9].

5 Conclusions

We presente@quivalenceanalysisatechniquehatcanbe usedto
improve mary data-flav analysesn the presencef pointers. We
also presentedan efficient algorithmto computethe equivalence
classesWe conductedseveral studiesto evaluatethe performance
andeffectivenesof ourtechnique Our studiesshav thatthistech-
nigue can reducethe amountof data-flav information generated
in a program,andthus, may effectively improve the performance
of mary data-flav analyse®n programghatusepointervariables.

We are applying our techniqueto variousdata-flav analysesand
conductingstudiesto investigatethe effectivenessof equivalence
analysisn improving the performancef the data-flav analyses.
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