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Abstract

Program slicing, a techniqueto computethe subsetof
program statementshat can affectthe valueof a program
variableat a specificprogrampoint, is widely usedin tools
to supportmaintenancactivities. To be usefulfor support-
ing theseactivities, a slicing techniquemustbe suficiently
preciseand efficient. Harrold and Ci proposea methodfor
improving the efficiencyof slicing by reusingslicing infor-
mationfor subsequenslicing. This paperpresentsan in-
terprocedual slicing algorithmthatimprovestheeficiency
and precisionof Harrold and Ci's algorithm for programs
with pointervariablesandrecursion.Our empiricalresults
showthat our improvementsan effectively achieve more
reusein slicecomputationfor programswith pointers,and
can significantlyreducethe sizesof slices, for programs
with recursion.
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1 Introduction

Maintenanceactvities, suchasprogramunderstanding,
regressiontesting,andreverseengineeringrequireexten-
sivetool support.Progranslicing[14], atechniqueo com-
pute the subsetof programstatementghat can affect the
value of variablev at point p ({p, v) is the slicing crite-
rion), is widely usedin toolsto supportheseactiities. Re-
searcherbave proposednary approachefor thecomputa-
tion of programslices(e.g.,[3, 5, 6, 14]).

To be useful for supportingmaintenanceactvities, a
slicing techniqguemustbe sufiiciently preciseandefficient.
HarroldandCi (HC) proposea methodto improve the ef-
ficieng of slicing [5]. This methodcachesand reusesn-
formationpreviously computedy theslicer;thus,it should
speedipthecomputatiorof subsequerglices. Thismethod
is alsodemand-dsrenin naturein thatit computeonly the
informationthatis neededfor the computationof a slice;
thus, it shouldbe more spaceandtime efficient than ex-

haustve techniques.However, for programswith pointer
variablesthe HC algorithmcanbeinefficient, andfor pro-
gramswith recursionthe HC algorithmcanbeimprecise.

First, for programswith pointervariablesthe HC algo-
rithm canmissopportunitesto reuseslicinginformation.In
a procedureyariablespointedto by a pointervariabletyp-
ically sharethe samesetof datafacts. The HC algorithm
derivesslicinginformationfrom this setof datafacts. Thus,
it repeatedlycomputessimilar slicing informationfor each
of thesevariables.

Secondfor programswith recursionthe HC algorithm
canproduceimpreciseslices.Whenthe algorithmrequests
slicing informationfor a non-localvariableat a recursve
call, it mayfind thatthe slicing informationis currentlybe-
ing computedandthus,unavailable. In this case the algo-
rithm computesnoverestimatef thestatementthataffect
theslicing criterion. However, without performinganalysis
in therecursvely calledprocedureanoverestimatenustin-
clude,in theslice,almostall statement#n procedureshat
arereachabldrom therecursve call. Thus,in mary cases,
overestimatiorcanforce a large portion of programstate-
mentsto beincludedin aslice.

This paperpresentsapproaches$or improving the effi-
cieng andprecisionof theHC algorithmfor programswith
pointervariablesandrecursion.Our approachor handling
programswith pointervariablesusesequivalencenalysis
[10Q], atechniquethat partitionsthe non-localvariablesac-
cessedn aprocedureP into equivalenceclasses.Equiva-
lenceanalysisensureghat, at eachstatementn P andat
eachstatemenin procedureslirectly or indirectly calledby
P, variablesin an equivalenceclasssharethe sameset of
datafacts. Thereforejf »; andv, arein the sameequia-
lenceclassin P, atary points in P, v; andv, areaffected
by the samesetof statementsn P andin the procedures
directly or indirectly calledby P. Theslicercanreusethe
informationcomputedor (s, v1) whenit requestsnforma-
tion for (s, v4). To furtherimprove efficiengy, ourapproach
alsoputsvariablesnot accessedh P into anotherequia-
lenceclass.For eachof thesevariablesthe slicerimmedi-



atelyreturnsanemptyslice.

Our approachfor handling programswith recursion
computesa minimalfixedpointfor the procedureinvolved
in therecursion.Whenthe slicerrequestslicing informa-
tion thatis currentlybeingcomputedat a recursve call, it
recordsthe requesttakesthe information available at that
pointin theanalysisandcontinuegprocessinglLater, when
that informationis updated the slicer reprocessethe re-
guestghatdepencdnit. Notethat,in theabsencef recur
sion,theslicerworksthe sameasthe HC algorithm.

This paperalso presentempirical studiesin which we
investigatethe effectivenessof our improvementsto the
HC algorithm. The studiesshowv that our approachfor
handling programswith pointer variablescan effectively
achieve morereusein slice computation;thus, it cansig-
nificantly reducethe costof computinga slice in the pres-
enceof pointervariables Thestudiesalsoshaw that,for the
programswherethe overestimatiorapproachfor handling
recursionis too conserative, our approachor handlingre-
cursioncansignificantlyreducethe sizeof slices.

2 Slicingin the Absence of Pointers

Thissectiongivesanoverview of theHC interprocedural
slicing algorithmin theabsenc®f pointervariables.

Figurel shawvs Sl i cer , thealgorithmthatusescached
informationto computeinterproceduraslicesover control
flow graphs(CFGs). Sl i cer inputsa slicing criterion,
(s, v), andoutputsthe programslice with respecto (s, v).
Sl i cer firstchecksSlice List to seewhethertheslicefor
criterion (s, v) hasalreadybeencomputed(line 1). If no
suchsliceexists,Sl i cer callsConput ePSl i ce tocom-
putethe partial slice, PSlice, andan interprocedual rel-
evant set(IRSet), EVars, with respectto (s, v) (line 2).
PSlice containghe nodesrepresentingtatementghatcan
affect (s, v) in procedureP;, — theprocedurehatcontains
node s — or in the procedureghat are directly or indi-
rectly calledby P,. E'Vars containsthe global variables
andformal parametersf P, thatcanaffect (s, v) from out-
sideP;. Sl i cer addsPSlice to Slice (line 3). Then,for
eachcallcto P, Sl i cer callsBackBi ndtobind EVars
backto ¢, and putsthe resultin RelVarTo (line 5). For
eachvariableu in RelVarTo, Sl i cer createsanew cri-
terion{c, u) andinvokesitselfto computetheslicefor (¢, u)
(line 7). Sl i cer combinegheseslicesandstoresthere-
sultin SliceList[s,v] (line 10). Finally, Sl i cer returns
SliceList[s, v] (line 12).

Conput ePSl i ce uses a worklist W to com-
pute PSlice, the partial slice with respectto (s, u).
Conput ePSl i ce computegwo variablesets,RelIn[N]
and RelOut[N], for eachnode N thatcanreachs in P;'s
CFG. Conput ePSl i ce first initializes RelIn[s] with u
and adds s's CFG predecessorto W (line 13). Then,

algorithm  Slicer(s, v)
input s: aCFGnode
v: avariable
output programslicew.r.t. (s, v)
globals SliceList[s,v]: slicew.rt. (s, v})
declare slice, PSlice: setsof CFGnodes

RelVarTo, CalleeV ars: setsof variables
begin Sl i cer

1. if SliceList[s,v]==NULL then
2. (PSlice, EVars)=Conput ePSlice(s, v)
3. slice = slice U PSlice
4. foreach callsitec thatcalls P, do
5. RelV arTo =BackBi nd(EV ars, ¢, Ps)
6. foreach w in RelV arTo do
7. slice = sliceU Sl i cer(c, u)
8. endfor
9. endfor
10. SliceList[s,v] = slice
11. endif
12. return SliceList[s,v]
end Slicer
function  Conput ePSl i ce(s, u)
input s: aCFGnode
u: avariable
output PSlice: partialslice
CalleeV ars: asetof variables
declare W : alist of CFGnodes

RelIn[N], RelOut[N]: setof relevantvariables
initially empty
begin Conput ePSl i ce
13. initialize datastructures
14. whileW # ¢ do

15. removeN from W

16. updateRel Out[N]

17. Case N is acall nodecallingto ProcedureP,, :

18. foreach v in RelOut[N] do

19. (PSlice, RelIn[N]) = (PSlice, RelIn[N])
U Fi ndSunmmer y(N, Py, v)

20. endfor

21. default:

22. updateRelIn[N] with De f[N], Ref[N]and K:ll[N]

23. endcase

24. addcontrol-flow, control-dependne predecessors

25.  endwhile

26. return (PSlice, Relln[Ps.entry])
end Conput ePS i ce

function  Fi ndSummar y(c, P, v)
input P: aprocedure
c: acall nodethatcalls P
v: avariable
output apair (partialslice, CalleeV ars)
globals cache[P, v]: pairof (pslice, entryVars)

previously computedoy Conput ePS i ce
begin Fi ndSummar y
27. wuw=Bind(v,c, P)
28. if(cache[P, u]==NULL) then
29. cache[P, u] = Conput ePSl i ce(P.exit, u)
30. endif
31. CalleeV ars =BackBi nd(cache[p, ul.entryVars, c,P)
32. return (cachelp, u].pslice, CalleeV ars)
end Fi ndSummar y

Figure 1. Sli cer: Interproceduraslicing algorithmin
theabsencef pointers.

for eachCFG node N in W, Conput ePSl i ce updates
RelOut[N] by copying the variablesin the Relln sets
of N's CFG successorglines 15,16). If RelOut[N]
changesConput ePSl i ce propagateshe new variables
in RelOut[N] to RellIn[N] accordingto N's type (lines
17-23). If N is a call nodeto procedureP,, then for
eachvariablev in RelOut[N], Conput ePSl i ce calls
Fi ndSummar y to computethe summaryinformation for



v in P, (lines 18,19). The summaryinformation con-
tainsthe partial slice with respectto (P, .exzit, v) andthe
set of variablesthat can affect v acrossthe call site rep-
resentecby N. Comput ePSl i ce addsthe partial slice
returnedby Fi ndSummary to PSlice and addsthe set
of variablesreturnedby Fi ndSunmmary to RelIn[N].
If the partial slice returned by Fi ndSummary is not
empty Conput ePSl i ce addsN to PSlice. If N isa
node other than a call node, Conmput ePSl i ce updates
RelIn[N] accordingo De f[N],Kill[N] andRe f[N] (line
22), where De f[N], Kill[N], and Ref[N] are variables
defined,killed andreferencedat N. Conput ePSl i ce
first assignsRelOut[N] to RelIn[N]. If RelOut[N]N
Def[N] # ¢, Conput ePSl i ce removes the variables
in Kill[N] from RelIn[N], and adds the variablesin
Ref[N] in RelIn[N]. If RelOut[N] N Def[N] # ¢,
Conput ePSl i ce alsoaddsN to PSlice. After these
actions, if RelIn[N] changes,Conput ePS| i ce adds
N's CFG predecessorin the worklist (line 24). If N
is addedto PSlice, Conput ePSlice also adds N's
control-dependence@redecessorso PSlice. For each
suchpredecessprN’, Conput ePSl| i ce adds Re f[N']
to RelIn[N']. Conput ePSl i ce thenaddsthe CFGand
control-dependengaredecessoist N/ accordingly

Fi ndSummar y usesa cacheto computesummaryin-
formation for a variable v at a call node ¢ that calls
P. FindSummary first calls Bi nd to bind v from
¢ to a variable v in P (line 27) and then checksthe
cacheagainst(P, u) (line 28). If the algorithmfinds that
the cachefor (P, u) is empty it calls Conput ePSl i ce
to computethe partial slice and the IRSet with respect
to (P.exit,u), and storesthe resultin the cache (line
29). Then, Fi ndSummary calls BackBi nd to bind
cache[P,v].entryVars backto call nodec andreturnit
with the partialslicecache[ P, v].pslice (lines31-32).

3 Slicing in the Presence of Pointers

Thissectiorfirstdiscussetheinefficiencieghatpointers
causethengivesanoverview of equivalenceanalysisand
finally presentsmprovementgo the HC algorithm.

3.1 Program dlicing in the presence of pointers

Programslicing, like otherdata-flav analysesrequires
aliasinformationto ensuresafety An alias occursbetween
two namesthat can accesone memorylocationat a pro-
gram point. Aliasescan be resoled using flow-sensitive
(e.g.,[8]) or flow-insensitivge.g.,[1, 9, 13]) algorithms.
Flow-sensitve algorithmscomputemore precisealias in-
formationat a highercostthanflow-insensitie algorithms.

After the alias information is computed,mary slicing
techniquegand otherdata-flav analysesfanbe modified

Program 1 15. f(int *p) {

1. int j,sum 16. if( j<0)
2. main() { 17. incr(&);
3. int suml, i1,i2; 18. sum = sum+ j;
4. reset (&sunm; 19. incr(p);
5. reset (& 1); 20. read(&);
6. read(&); 21. }
7. whi | e(i 1<10)
8. f(&1); 22. incr(int *q){
9. suml = sum 23. *q = *q+1;
10. reset (& 2); 24. }
11. whi | e(i 2<20)
12. f(& 2); 25. reset( int *s){
13. wite(sum); 26. *s = 0;
14. } 27. }

procedure | equival ence class

for non-1ocal

mai n() sump, {j}

fO i1,i2}, {sum, {i}

incr() i1,i2,j}

reset () i1,i2, sum}

Figure 2. ExamplePrograml (top) andthe equivalence
classedor Programl (bottom).

[2, 12]to handlepointersin aprogramusinga methodsim-
ilar to the following: beforethe algorithm computesdata
factsat a statementit replacesvery dereferencef point-
erswith thesetof memorylocationsthatmay be aliasecto
thedereference-or example,to computethe D E'F set(the
setof variablesdefinedat a statementfor statemenf6 in
Figure 2, a slicerfirst replaceghe pointerdereferencé s
with {i 1, i2, sum}, the setof memorylocationsthat
maybealiasedo * s atstatemenP6. Becausetatemen26
modifies* s, the slicer concludeshat statemen26 modi-
fiesmemorylocationsi 1,i 2, andsum andincludesthese
memorylocationsin the D E'F' setfor statemen®6.

The abore methodof handlingpointers,althoughsafe,
canincreasehe costof interproceduratlata-flav analyses.
Becausemostmemorylocationsaccessethroughderefer
encef parametepointersor globalpointersarenon-local
to the procedurein which the accessoccurs,pointer vari-
ablescangreatly increasethe data-flav informationcom-
putedfor the procedure. For example,we found [9] that
a procedurdn a C programwith 25,002lines of codecan
modify, on average 199 non-localmemorylocationswhen
thealiasesarecomputedvith Steensgaargalgorithm.This
meangthatinterproceduratiata-flav analysessuchasthe
reuse-drren slicer, must computelarge amountsof sum-
mary information at call statementswhich could signifi-
cantlydegradethe performancef theanalysis.

3.2 Equivalenceanalysis

Observingthat, at a statementmemory locationsac-
cessedhroughadereferencef apointertypically sharehe
samedatafacts,we introducean equivalencerelation[10],
inducedby theaccespatternsof thememorylocations.

Memory locationsare accessedy object names[8],
which consistof a programvariable and a sequenceof



dereferenceandfield accessesAn objectnameobj is in-
directif thereis atleastonedereferencén obj; otherwise,
obj is direct For example,in Figure2, *s is anindirect
objectnameands is adirectobjectname.

A memorylocation is alwaysequivalentto itself. A
memorylocation!; is equivalentto anothemmemaoryloca-
tion /5 in procedureP if (1) if [; is accessetby an object
nameobj atastatemenss in P, thenl, is alsoaccessetly
obj at S, andvice versa;and(2) {; and!, areequvalent
in the proceduregalledby P if [, andl; areaccessedby
thoseprocedures.For example,i 1 is equivalenttoi 2 in
reset () in Figure2 accordingo theseconditions.

We have developedan algorithmto computea set of
equialenceclassedor eachprocedurg10] in a program.
Thetableon the bottomof Figure2 shows the equivalence
classescomputedby our algorithm for the proceduresn
Program 1. We useequivalenceclassedo improve the
performanceof mary data-flav analysesincluding reuse-
drivenprogramslicing.

3.3 Usingequivalenceclassestoimproveprogram
dlicingin the presence of pointers

We canuseequialenceclasses$o improve HC algorithm
so that we can achieve more reuse. Conput ePSl i ce
computessimilar partial slicesand IRSetsfor memorylo-
cationsin an equvalenceclass. Assumethat/, andl, are
equialentin procedureP. If [; isin DEF[N], REF[N],
or KILL[N] of aCFGnode N in P, thenl, is alsoin
thesameset,or vice versa.Thus,Conput ePSl i ce com-
putesthe sameset of CFG nodesfor criterion (s, /;) and
for criterion(s, l2), wheres is aCFGnodein P. Whenwe
needto computethe partialslicefor (s, /5), we candirectly
reusethe partial slice thatis computedfor (s,/;). How-
ever, Conput ePSl i ce cancomputetwo differentiRSets
for thesetwo criteria. For example,althoughi 1 andi 2
areequialentinr eset () in Figure2, Conput ePSl i ce
computes{i 1} as the IRSet for (27,i 1) and {i 2} as
the IRSetfor (27,i 2). Let S; betheIRSetwith respect
to (s,l;) and S, be the IRSetwith respectio (s, l,), we
canderive S, from S;: if [5¢S5; andl;€5;, thenS, =
(S1 = {l1})U{l2}; otherwise,S; = S;. Thus,we canreuse
the IRSetcomputedor (s, {; ) whenwe computethe IRSet
for (s,15).

Figure3shavsFi ndSunmar yPT, anenhancedersion
of Fi ndSunmar y (Figurel) thatusesequivalenceclasses
to achiere morereusein the computationof summaryin-
formationfor variablev atcall nodec. Fi ndSummrar yPT
bindsv from ¢ to variableu in the calledprocedure”, and
thencalls Fi ndRep to computea representadie memory
location r for the equivalenceclassof P that containsu
(lines1-2). Fi ndSunmmar yPT thenchecksthe cachewith
(P, r) (line 3). If no cachedinformationis available for
(P, r), Fi ndSummar yPT calls Conmput ePSl i ce (Fig-

function  Fi ndSummar yPT(c, P, v)
input P: aprocedure
c: acall nodethatcalls P
v: avariable
output apair (partialslice, CalleeV ars)
globals cache[P, v]: pairof (pslice, entryVars)
previously computedoy Conput ePS i ce
declare r: therepresentatielocationof u

begin Fi ndSummar yPT
1. wu=Bind(,c,P)
r =Fi ndRep(P, u)
if(cache[P, r]==NU L L) then
cache[P, r] = Conput ePS i ce(P.exit, r)
endif
EVars =Derive(P, cache[P,r].entryVars,u,r)
CalleeV ars =BackBi nd(EV ars, ¢,P)
. return (cache[p, r].pslice, CalleeVars)
end Fi ndSummar yPT
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function  Derive(P, entryVars,u,r)
input P: aprocedure
entryVars: IRSetfor (P, r)
u, r: two variables

output IRSetfor (P, u)
begin Deri ve
9. ifuinentryVarsor r notinentryVars then
10. EVars =entryVars
11. dse
12. EVars=entryVars — {r} u {u}
13. endif
14. return EVars
end Deri ve
Figure 3. Fi ndSummaryPT:Replacs

Fi ndSurmmar y of Figurel to gainmorereuse.

ure 1) to computethe partial slice andthe IRSetfor (P, r)
(line 4). Then, Fi ndSumar yPT calls Der i ve to de-
rive the IRSet for u from that of » (line 6). Finally,
Fi ndSummar yPT bindsu's IRSetbackto ¢ andreturns
(lines7-8).

To gain morereuseusingequivalenceclassesye must
changethe reusestratgy usedin Sli cer (Figure 1).
Giventhattwo memorylocationg; andl/, areequivalentin
P, Sl'i cer cancomputedifferentslicesfor criteria(s, ;)
and(s,!»), wheres is a CFGnodein P. Thesetwo slices
canbedifferentbecausé; and/, canbe nonequvalentin
the procedureshatcall P. However, thesetwo slicesshare
thesamesetof CFGnodeswithin P. If wechangehereuse
stratgy in Sl i cer sothatit reuseartial slicesinstead
of completeslices,thenwe canuseequialenceclassego
achieve morereuse.

Figure 4 shavs Sl i cer PT, an enhancedversion of
Sl i cer (Figurel)thatreusegartialslicesin thepresence
of pointers. Sl i cer PT computesthe slice with respect
to the input slicing criterion. Sl i cer PT alsocomputesa
variableset, RelSet[c], for eachcall ¢ that canreachthe
slicing criterionin the program. Rel Set|c] is usedto avoid
propagatinga memorylocationfrom ¢ twice.

Sl i cer PT uses a worklist W;,:., tO iterate over
the groupsof slicing criteria. Sl i cer PT first initial-
izes Wi,ter With the original slicing criterion (line 1).
Sl i cer PT thenremovesagroupof slicing criteria(s, V),
wheres is aCFGnodeandV is asetof memorylocations,



algorithm  Sli cer PT(s, v)
input s: aCFGnode
v: avariable
output slice: programslicew.rt. (s, v}
global SliceList[s, v]: alist containingpairs
of (partialslice, IRSet)for criterion(s, v)
declare Winter: alist containingpairs

of (CFGnode,varialbes)
RelSet[c]: thesetof memorylocationsthathave
beenpropagatedrom callnodec
begin Sl i cer PT

1. add(s,{v})toWinter

2. whileW;nter # ¢ do

3. remove(s, V') from Wi ter

4. foreach w in V' do

5. r =Fi ndRep(P, u)

6. if SliceList[s,r]==NU LL then

7. SliceList[s,r] =Conput ePSli ce(s, r)

8. endif

9. EVars=Derive(P, SliceList[s,r].entryVars,u,r)
10. slice = slice U SliceList[s,r]. PSlice

11. for eachcallsitec thatcalls P, do

12. RelV arTo =BackBi nd(EV ars, ¢)

13. add(c, RelVarTo — RelSet[c]) 0 Winier
14. addRelV arT o to RelSet[c]

15. endfor

16. endfor

17. endwhile

18. return slice

end Sl icerPT

Figure 4. Sli cer PT: An interproceduraslicing al-
gorithmin the presencef pointers.

from the worklist (line 3). For eachu in V, Sl'i cer PT

findsarepresentalie memorylocation,r, which represents
the equivalenceclassthat containsu (line 5). Sl i cer PT

checksSlice List using (s, r) (line 6). If the partial slice

andthe IRSetfor (s, r) arenotyetcomputedS| i cer PT

callsComput ePSl i ce to computehepartialsliceandthe

IRSet(line 7). Sl i cer PT thencallsDer i ve to derivethe

IRSetfor (s, u) from that of (s,r) (line 9). SlicerPT

addsthepatrtialsliceto thesliceandbindsthe IRSetbackto

thecall nodeghatcall the procedureontainings (lines10-

15). At eachcall nodee, Sl i cer PT checkgo seewhether
thereare memorylocationsthat arenot in RelSet[c]. If

therearesuchmemorylocations Sl i cer PT createsanen

criterion groupfor the call node,addsthe criterion group

to Winter, andupdatesRelSet[c]. Sl i cer PT returnsthe

sliceif Wipier isempty(line 17).

4 Slicingin the Presence of Recursion

This sectionfirst givesan overview of our approactfor
handlingrecursionin the reuse-dnien slicer, and it then
givesa detaileddescriptionof theapproach.

41 Overview

The reuse-dnren slicing algorithm describedn Figure
1 might not terminatein the presenceof recursion. First,
the computatiorof Slice List[s, v] depend®n the compu-
tationsof other entriesin SliceList. In the presenceof
recursion,the computationof SliceList[s,v] candepend

on the computationitself. In this case,the computation
of SliceList[s,v] cannotbe completed. Second,similar
to the computationof Slice List[s, v], the computationof
cache[P, v] dependson the computationsof other entries
in cache. In the presencef recursionthe computationof
cache[ P, v] candependon the computationitself. In this
casethecomputatiorof cache[ P, v] cannotbe completed.

Program 2 . 10. f(int a) {
1oint g1, g2, g e AR TR
2. min() 12, e = e+l;
g1=0; : el
4. g2=0; ii 91 = 92
2' gzg 15. else {
7 f(Oj; 16. g2 = gl+g;
8 gl++ i; fa++);
9o} 19, }

Figure 5. ExampleProgram?.

TheHC algorithmusesoverestimatiorto solve thenon-
terminationproblem:whentheslicerencounterarecursve
call, it includesin theslice,all statementthatcanaffectary
globalvariablein the procedureshattherecursve call can
reach,andit includesin the IRSet, all formal parameters
andall globalmemorylocationsthatarereferencedby those
procedureskor example whenthe HC algorithmprocesses
statemen? in Pr ogr am 2 (Figure5), it includesall state-
mentsin f () inthesliceandgl, g2, g, e, ainthelRSet.
This overestimatecan be very imprecisebecauset could
includemostof thestatement@ the procedureshatcanbe
reachedrom therecursve call.

Sl i cer PT, shawvn in Figure4, solvesSl i cer 'snon-
terminationproblem by computinga fixed point. Once
RelSet[c] stabilizesat eachcall nodec, the worklist be-
comesemptyandSl i cer PT terminates.

Theintuition for our approactthatguaranteethetermi-
nationof Fi ndSummary and Conmput ePSl i ce is that,
onceFi ndSunmary finds that, to computecache[P, u],
it is requestinginformationin cache[@®, v], which is be-
ing computed,and thus, only partially available, it uses
underestimation:it includesthe information available so
far for cache[@, v] andcontinuesto computecache[P, u].
To ensurethe safety of the algorithm, Fi ndSurmary
puts (P, u) in cache[Q, v]'s dependencést. Later when
cache[@, v] is updatedthe new informationin cache[Q, u]
is usedto recomputecache[ P, u].

For example, when Conput ePSlice computes
cache[f , g1] for the programin Figure 5, it invokes
Fi ndSummary to find the summary information for
(17,91). Becausestatementi7 callsf () , Fi ndSummary
checksthe cachewith (f , g1) andfindsthatcache[f , g1]
is being computed;thus, it returnsthe information avail-
ablesofar for cache[f , g1] andput cache[f , g1] in the
dependencést of cache[f , g1]. Conput ePSl i ce con-



tinues processingthe other statementsn function f ()
and updatescache[f , g1] with partial slice {10,11,13
and IRSet {g2, a}. Becausecache[f, g1] dependson
itself at statementl?, the slicer processestatementl?7
againand updatescache[f , g1] by addingstatementd 6
and 17 to cache[f , g1].PSlice andaddinggl andg to
cache[f , gl].entryVars.

4.2 Detailed description

Figures 6 and 7 shov Fi ndSunmar yRecur and
Conput ePSl i ceRecur, the enhanced versions of
Fi ndSummary and Conput ePSl i ce (Figure 1), re-
spectvely, thathandleprogramswith recursion.Beforewe
discussthesefunctions, we describesomedatastructures
thatthesefunctionsuse.

During the computation,cache[P, u] canbe in several
states.By default,cache[P, u] is in the not conput i ng
state.WhenConput ePSl i ceRecur isinvokedto com-
pute cache[ P, u], cache[P, u] movesto the conmputi ng
state. After Conrput ePSl i ceRecur returnsfrom com-
puting cache[ P, u], if cache[P, u] directly or indirectly de-
pendsonsomeentriesin cache thatarein theconput i ng
state, then cache[P,u] moves to the pendi ng state.
Otherwise, cache[P,u] moves to the conpl et e state.
pendi ng state indicatesthat cache[P, u] could be an
underestimate. Therefore,in the absenceof recursion,
cache[P, u] is neverin thependi ng state.

We introduce dependence[P,u], a list of tuples
(proc,var,call ins,outs) to indicate that the computation
of cache[proc, var] directly dependson cache[P, u]. The
tuple meansthat, when Conput ePSl i ceRecur is in-
vokedto computecache[proc, var], it usesan underesti-
mate at call node call becausecache[P, u] is not totally
computed. When this occurs,Conput ePSl i ceRecur
storesRelIn[call] in ins and RelOut[call] in outs sothat
the summaryinformationfor call canbe updatedater. For
example,whenthe algorithmfinds that cache[f , g1] de-
pendonitselfatstatement7,atuple(f , g1, 17, ¢,{gl})
is addedo dependence[f , g1].

We add anotherfield, actives, to cache[P, u] to store
the pairsof (proc, var). Eachof thesepairsrepresentshat
the computationof cache[P, u] cannotbe completedbe-
causat directly or indirectly depend®n cache[proc, var],
which is being computedby Conput ePSl i ceRecur .
When cache[proc, var] moves from conput i ng to an-
otherstate,(proc, var) is removed from the actives fields
of ary entryin cache. Theactives field is usedto detect
whethercache[ P, u] shouldmave to theconpl et e state;
when cache[P, u].actives becomesempty cache[P, u]
movesfrom thependi ng stateto theconpl et e state.

Fi ndSummar yRecur (Figure6) bindswv to u at call
node ¢ in procedure P and then checks status[P, u],
the stateof cache[P, u] (lines 19-20). If status[P,u] is

function  Fi ndSumar yRecur (¢, P, v)
input c: callnodethatcalls P
v: avariable
output atupleof (partialslice,CalleeV arswaiting, actives)
global status[P,u]: statusof computingcache[P, u]

cache[P, u]: atupleof (pslice,entryVars, actives)
begin Fi ndSummar yRecur
19. w=Bind(v,c, P)
20. if status[P,u] ==not conputi ng then
21. Conput eSunmmar y(P, u)
22. endif
23. if status[P,u] ==conputi ng or pendi ng then
24. waiting = (c, P, u)
25. actives=(status[P,u]==conput i ng)?
{P,u}:cache[P,u].actives
26. endif
27. calleevars =BackBi nd(cache[P, u].entryVars,c, P)
28. return (cache[P, u].pslice, calleevars, waiting, actives)
end Fi ndSummer yRecur

procedure  Conput eSummar y( P, u)
input P: aprocedure
u: avariable
output updatedstatus[P,u] andcache[P, u]

begin Conput eSunmary

29. status[P,u] =conputing

30. cache[P,u].pslice,cache[P, ul.entryVars, actives,
pendings = Conput ePS| i ceRecur ( P.exit, u)

31. CreateDependences(P, u,pendings)

32. if (P, u)inactivesthen

33. actives U = Resol vePendi ng( P, u)

34. remove( P, u) from actives

35. endif

36. cache[P, u].actives =actives

37. status[P,ul=(actives isempty)Zonpl et e: pending

38. PropagateActives(cache[P, u].actives)

39. RenoveActives({P, u))

end Conput eSumrar y

function  Resol vePendi ngs( P, u)
input P: aprocedure
u: avariable
output actives: asetof pairs(procedureyariable)
global dependence[ P, u]: asetof tuples

(proc,variable call, variableset,variableset)
begin Resol vePendi ngs
40. W =dependence[P, u]
41. whileW # NULL do

42. remove(Q, var, ¢, outs,ins) from Wi pendings = ¢
43. foreach v in outs do
44. (cache[Q,var].PSlice, Vars, waitings, actives)
U = Fi ndSummer yRecur (c,v)
45, endfor
46. foreach v in Vars — ins do
47. cache[Q,var].PSlice, cache[Q, var].entryVars, actives,

pendings U = Conput ePSl i ceRecur (call, v)
48. endfor

49. updatein s in thetuplewith Vars

50. Cr eat eDependences(Q, var, pendings)
51. if cache[Q, var] changeshen

52. W =W U dependence[Q,var]

53. endif

54. endwhile

55. returnactives
end Resol vePendi ngs

Figure 6. Fi ndSummar yRecur (): Computessum-
maryinformationin the presencef recursion.

not conput i ng, Fi ndSummar yRecur invokes
Conput eSunmmmary to compute cache[P,u] (line 21).
Fi ndSumar yRecur then rechecksstatus[P, u] (line
23). If status[P,u] is conputi ng or pendi ng, then
Fi ndSummar yRecur createsvaiting, atuple(c,P,u),to
indicatethat,becauseache| P, u] is notcompletesummary
information for call nodec is an underestimatéline 24).



function  Conput ePSl i ceRecur (s, v)

input s: aCFGnode

v: avariable

PSlice: partialslice

CalleeV ars: asetof variables

actives: asetof pairs(procedureyariable)

pendings: asetof tuples(call, RelOut[call]
RelIn[call],proc,variable)

W : alist of CFGnodes

RelIn[N], RelOut[N]: setsof relevantvariables

begin Conput ePSl i ceRecur

56. initialize datastructures

57. whileW # NULL do

output

declare

58. removeN from W

59. updateRelOut[N]

60. case N is acall nodeto procedureP,, :

61. foreach u in RelOut[N] do

62. (PSlice, RelIn[N], waitings, actives)U =
Fi ndSummar yRecur ( N, Pn,u)

63. endfor

64. default:

65. updateRelIn[N] with De f[N], Ref[N] andKilI[N]

66. endcase

67. addcontrol-flow, control-depedercepredecessors

68. endwhile

69. foreach (¢, P, u) inwaitings do

70. pendings = pendings U (¢, RelOutlc], Relln[c], P,u)
71. endfor

72. return PSlice, RelIn[P;.entry], actives,pendings

end Conput ePSl i ceRecur

Figure 7. Conput ePSli ceRecur: Computepartial
slicein thepresencef recursion.

If status[P,u] is conputi ng, Fi ndSunmar yRecur
puts {P,u} in actives to indicate that ¢ must be pro-
cessedagainwhen cache[ P, u] is updated(line 25). Oth-
erwise, Fi ndSummar yRecur puts cache[P, u].actives
in actives. Finally, Fi ndSunmar yRecur binds
cache[ P, u].entryVars backto variablesCalleeVars at
¢, and returnsthe partial slice, CalleeV ars, waiting,
and actives (lines 27-28). For example, when
Fi ndSummar yRecur is invokedto find the summaryin-
formationfor g1 atstatemeni7,it findsthatstatus[f , g1]
is conput i ng. Therefore,Fi ndSunmar yRecur puts
{f, 91} in actives, createq17f, g1l) aswaiting andre-
turnactives andwaiting togethemith thepartialsliceand
IRSet,which areemptyin this case.

Conput eSummary (Figure 6) sets status[P,u] to
conput i ng andtheninvokesConput ePSl i ceRecur
to computethe partial slice andthe IRSetfor (P, u) (lines
29-30). Comput ePSl i ceRecur (Figure 7) enhances
Conput ePSl i cer sothatit canreturnthesetof actives
thatit collectsfrom thereturnof Fi ndSummar yRecur at
thecallnodesConput ePSl i ceRecur alsoreturnsalist
of pendings Eachpendingis atuple (c,outs,ins,proc,var)
in which ¢ is a call nodeto procedureproc, outs is the
RelOut[c], andins is the RelIn[c] afterc is processedy
Conput ePSl i ceRecur to compute cache[proc, var].
Conput ePSl i ceRecur createsa pendingby addingthe
RelOut[c] andRelIn[c] to thewaiting tuple(c, proc, var)
returnedby Fi ndSummar yRecur whenec is processed.
For example, Conput eSummary receves (17f, gl1)

in waiting when it invokes Fi ndSummar yRecur
to find the summary information for gl at state-
ment 17. Conput ePSl i ceRecur createsa pending
(17{91}.0.f, g1).

After Conput ePSl i ceRecur returns, Conput e-
Sunmary calls Cr eat eDependences to createan en-
try (P,u.c,ins,outs) in dependence[proc, var] for each
pending (c,outs,ins,proc,var) to indicate that the com-
putationof cache[P,u] dependson cache[proc, var] and
requires further updating at ¢ (line 31). For exam-
ple, Conput eSunmary createqf , g1, 17, ¢, {g1}) in
dependencel[f , gl] afterit receves(17{gl},¢,f, gl) to
indicatethatcache[f , g1] depend®nitself.

Conput eSummary also checks actives (line 32).
If (P,u) is in actives, ConputeSummary invokes
Resol vePendi ngs to update the entries of cache
that directly or indirectly dependon cache[P,u] (line
33). For example, when Conput eSunmary com-
putescachelf , g1], it finds (f, g1) in actives. Thus,
it invokes Resol vePendi ngs to update the entries.
Conput eSunmary also removes (P, u) from actives
(line 34). Then, Conput eSummary stores actives
in cache|P, u].actives (line 36). If cache[P, u].actives
is empty then status[P,u] is set conpl et e; other
wise, status[P,u] is set to pendi ng (line 37). |If
cache[P, u].actives is notempty Conput eSumrar y in-
vokesPr opagat eAct i ves to propagateghe itemsin
cache[P, u].actives to the actives fields of the entriesin
cache thatdirectlyorindirectlydependn cache[ P, u] (line
38). Conput eSummar y theninvokesRenoveAct i ves
to remove (P, u) in theactives fieldsof thoseentries(line
39). If the actives field of an entry becomesempty af-
ter (P, u) is removed, the statusof the entry is set to
conpl et e.

Resol vePendi ngs usesa worklist to updateentries
in cache thatdirectly or indirectly dependon cache[ P, u].
Theworklistis initialized with entriesin dependence[ P, u]
(line 40). For eachtuple (Q,var,c,ins,outs) in the work-
list, Resol vePendi ngs invokesFi ndSunmar yRecur
to get the summaryinformationfor eachvariablein outs
(lines43-45).1f Fi ndSumrar yRecur returnssomevari-
ablesthat are not in the ins, Resol vePendi ngs in-
vokesConput ePSl i ceRecur to updatecache[@, var]
(line 47). Resol vePendi ngs thenupdatesins in the
tuple (line 49). If Conput ePSl i ceRecur returnsnen
pendingsResol vePendi ngs createsnen dependences
from the pendings(line 50). If cache[@, var] changes,
Resol vePendi ngs updatesthe worklist with the en-
tries in dependence[@, var] for further updating (line
52). Finally, Resol vePendi ngs returnsthe actives
it collects when it processesthe call statementswith
Conput ePSl i ceRecur (line 55).

For example,Resol vePendi ngs initializesthework-



Linesof Numberof Funcsin Funcs
Program Code | CFGNodes | Recursions| Reached
loader 1132 819 2 3
ansitape 1596 1087 1 1
dixie 2100 1357 3 9
learn 1600 1596 0 0
unzip 4075 1892 2 4
Iharc 3235 2539 3 58
flex 6902 3762 5 5
space 11474 5601 0 0
bisont 7893 6533 3 4
larnt 9966 11796 3 72
mpegplayt 17263 11864 3 3

t Alias informationfor LandiandRyder's algorithmis notavailablefor the
programbecaus¢hetime requiredfor the analysisexceedeaur limit.

Table 1. Informationaboutthe subjectprograms.

list with (f, g1, 17, ¢, {g1}) whenit is invokedto up-

date the entriesin cache that dependon cache[f , g1].

Then, Resol vePendi ngs finds the summaryinforma-
tion for g1 at statementL7 usingFi ndSurmar yRecur ,

which returnsgl anda. Resol vePendi ngs thenin-

vokes Conput ePSl i ceRecur to propagategl and a

from statementL7,andobtainspartialslice {11,16,1% and
IRSet {g1, g, a}. Thus, Resol vePendi ngs updates
cachel[f , g1] with the partial slice and the IRSet. Be-

causecachelf , g1] changes,Resol vePendi ngs adds
(f, g1, 17, {91, a}, {g1}) to theworklist andcontinues
processingintil thereis no changeo cachel[f , g1].

5 Empirical Studies

To investigateheefficieng/ andeffectivenesof ourtwo
improvementsto the HC algorithm, we developeda pro-
totype,usingthe PROLANGS AnalysisFrameavork (PAF)
[4], thatimplementsour approaches.We conductedses-
eralstudiesandcollectedthe dataon a SunUltra 30 work-
stationwith 640 MB of physicalmemory Our prototype
resoles pointer dereferencesising the alias information
provided by the following algorithms: Steensgaaarslal-
gorithm(ST)[13], Liang andHarrold'salgorithm(LH) [9],
Andersers algorithm (AND) [1], and Landi and Ryder's
algorithm (LR) [8]. Steensgaard; Liang and Harrold's,
and Andersenrs algorithmsare flow-insensitve; Landi and
Ryders algorithmis flow-sensitie! Our prototypestores
cachednformationonly duringthe computatiorof the cur
rent slice; after a slice is computed the cachedinforma-
tion is deleted. Using this schemejnformationcachedby
Sl i cer isseldonmreusedecausewhenS| i cer encoun-
tersa call node,it propagate®nly the memorylocations
thatarenew to thatcall node.Thereforepur prototypedoes
notcacheinformationin Sl i cer .

Tablel shaows a subsebf the subjectprogramswe used
in our studies.Thelasttwo columnsin thetablegive infor-
mation aboutrecursionin the programs:column4 shavs

! Detailsof thesealgorithmsand how they compareto eachothercan
befoundin [9].

program alias S S Rs T T Rr
ST 16.0 47 | 70.8 21.9 8.0 | 63.3
loadert LH 9.5 48 | 49.8 7.3 43 | 405

ansi- tH || 181 | 119 | 338 || 119| 62| 478
tapet AND || 162 | 112 | 309 | 65| 45| 207

dixiet LH 13.7 6.9 | 49.9 15.0 6.2 | 59.1

learnt LH 8.6 48 | 45.1 23.2 13.1 | 43.9

unzipt LH 14.4 9.6 | 33.8 17.0 11.1 | 348

harct tH || 109 74| 323| 84| 53] 370

flext LH 16.8 | 13.8 | 18.2 566.5 | 484.6 | 14.4

space LH 725 | 174 | 76.0 || 649.1 | 1795 | 723

bisonf LH 14.4 | 10.0 | 30.8 108.1 49.3 | 54.4

larn{ LH 279 | 21.0 | 248 1076 | 807.2 | 25.0

mpeg- LH 15.1 | 13.6 | 10.3 || 1315 | 126.7 3.6
play} AND 15.0 | 13.6 9.2 || 136.6 | 131.0 4.1
tDataarecollectedfrom all slicesof the program.
{Dataarecollectedfrom oneslice.

Table 2. Averagesizeof GMOD andreducedsMOD and
averagetime in second®f computingaslice.

the numberof recursve functionsandcolumn5 shaws the
numberof functionsthatcanbereachedy recursve calls.
From the table, we canseethat, even for a programwith

a smallnumberof recursve functions,the numberof func-
tions that canbe reachedrom recursve calls canbe very
large. For this type of programswe expectthatthe overes-
timatewill yield avery impreciseresult.

51 Studyl

In Study 1, we investigatedthe effectivenessof using
equialenceclassedo achieve more reusein the compu-
tation of slices. We comparedhe averagenumberof non-
local memorylocationsthat may be modified by a proce-
dure (GMOD) with the averagenumberof memoryloca-
tionsthatremainafterall memorylocationsexceptthe rep-
resentatie memorylocationsfor equivalenceclassegRe-
ducedGMOD) areremored from the GMOD set. Because
our algorithm improves the HC algorithm by computing
summarnyinformationonly for memorylocationsin the Re-
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Figure 8. Correlationof the reductionon the size of
GMOD andslicingtime.

ducedGMOD setsthereductionin the sizesof the GMOD
setsindicateghe effectivenesof usingequivalenceclasses
to achieve morereuse.We alsocomparedhe averagetime
of computinga slicewithout usingequivalenceclassesvith
the averagetime of computinga slice using equivalence
classes. For eachsubjectprogram,we ran the HC slicer
andour slicer usingaliasinformationprovided by eachof
thefour alias-analysislgorithmsandcollectedthe data.

Table 2 shaws the resultsof this study: the secondcol-
umnshaows the alias-analysisilgorithmused;the third col-
umnshavs S, the averagesize of GMOD sets;the fourth
columnshaws S, the averagesizeof the ReducedsMOD
sets;andthefifth columnshows Rg, the percentageeduc-
tion of theGMOD setsusingequivalenceclassesThetable
shavsthat,for theprogramawve studied equivalenceanaly-
sisoftengroupsseveral memorylocationsinto oneequia-
lenceclass.Thus,usingequivalenceclassexaneffectively
achieve morereusen the computatiorof slices.

In thetable,the sixth columnshavs 7', theaveragetime
of computinga slicewith the GMOD sets the sevzenthcol-
umnshavs 77, the averagetime of computinga slice with
theReducedsMOD setsandtheeighthcolumnshaws R,
the percentag®f reductionin the averagetime. The table
shaws that, for mary programs,usingequialenceclasses
cansignificantlyreducethe costof computinga slice. The
table also shavs an almost-linearrelation betweerthe re-
ductionin the sizeof GMOD setsandthe reductionin the
time of computinga slice; sucharelationcanbevisualized
with the scatterdiagramin Figure8. This resultsuggests
that achiering more reuseusing equivalenceanalysiscan
effectively improve the performancef the HC algorithm.

52 Study?2

In Study2, we investigatedhe effectivenesof our ap-
proachfor handlingrecursionto improve the precisionof
slicing in the presencef recursion We comparedhe aver

agesize(sizg of aslicecomputedusingthe overestimation
approach(HC) with the averagesize of a slice computed
usingourapproachRecur).We alsocomparedhe average
time (time) to computea slice usingthesetwo approaches.
Similarto Study1, werantheslicersusingaliasinformation
providedby eachof thefour alias-analysislgorithms.
Table3 shavstheresultsof this study? Thetableshows
that,for subjectprogramsn which only a smallnumberof
functionscanbereachedy recursve calls(e.g.l oader),
our approactcomputeghe samesizeslicesasthe overesti-
mationapproach.For theseprogramsthe two approaches
usea similar amountof time to computea slice. The ta-
ble alsoshaws that, for subjectprogramsin which a large
numberof functionscanbereachedy recursve calls (e.g.
| har ¢), ourapproacttomputesignificantlysmallerslices
thanthe overestimatiorapproach.The tablefurther shovs
that our approachmight even improve the performanceof
the slicer on someof theseprograms. Among the four
subjectprogramson which our approackcomputesmaller
slices,ourapproachiunsevenfasterthantheoverestimation
approactontwo of them(f | ex, | ar n). Thisresultseems
reasonabldecausehe overestimatiorapproachmusttake
all non-localmemorylocationsreferencedh theprocedures
reachedvy arecursve call asa safeestimateof the IRSet.
This estimateof IRSet can be much larger than the real
IRSetfor thisrecursve call. Thus,usingthis approachthe
slicermight have to propagatedditionalmemorylocations
throughoutherestof the programaftertherecursve call.

6 Redated Work

Severalresearcherbave reportedechniquedo slicere-
cursive programs.Hwanget al. [7] proposedanalgorithm
thatinlines each(recursve) call with the procedurebody,
andcomputessliceuntil afixedpointis reachedHowever,
in theworstcasethis algorithmrunsin time exponentialin
the size of the program. This algorithmalsohandlesonly
the casein which a procedurairectly calls the procedure
itself; the algorithmmustbe modifiedto handlethe casein
which a procedureandirectly callsitself. Our approacthas
adwantagesover Hwanget al's algorithmin that(1) it runs
in polynomialtime in the worstcaseand(2) it handleshe
casein whichaprocedurdirectly or indirectly callsitself.

LivadasandCroll [11] useanapproachsimilarto ours,
to handlerecursionin the computationof summaryedges
for constructingsystemdependencgraphs[6]: their ap-
proachdetectsthe strongly-connected@omponentdn the
call graphandthen,usesaniterationapproacto compute
a fixed point over the proceduresn the component.One
way thatour approacHor handlingrecursve programgdif-
fers from theirsis that our algorithm computessummary

2Space and| ear n are not shovn here becausehey do not have
recursion.



size time
program | alias HC | Recur [ %HC HC Recur
ST 237 237 | 100.0 21.9 22.6
loadert LH 196 196 | 100.0 7.3 7.3
AND 196 196 | 100.0 7.3 7.3
LR 197 197 | 100.0 7.7 7.7

ansi- LH 284 284 | 100.0 11.9 12.0
tapef AND 277 277 | 100.0 6.5 6.5
LR 300 300 | 100.0 6.2 6.2

ST 709 633 89.3 44.0 90.4

dixiet LH 708 632 89.3 15.0 31.4
AND 708 632 89.3 9.4 16.5

LR 704 628 89.2 8.8 15.8

ST 808 807 99.8 42.5 43.3

unzipt LH 807 806 99.8 17.0 17.0

Iharct LH 786 489 62.3 8.4 9.5
AND 784 488 62.3 7.7 9.1
LR 796 587 73.8 6.5 10.9
ST 2026 1871 92.3 760.3 556.6
flext LH 2023 1865 92.2 566.5 407.0
AND 2021 1863 92.2 512.3 359.5
LR 2006 1864 92.9 582.8 355.9
ST 2394 2362 98.7 122.6 108.8

bison{ LH 2394 2362 98.7 .
554.8

ST 6626 4484 67.7 3477.3 | 3205.1

larn{ LH 6602 4427 67.1 1075.6 801.5
AND 6592 4383 66.5 902.4

ST 5708 5708 | 100.0 289.9 290.5

mpeg- LH 3935 3935 | 100.0 131.5 133.7

playt AND 3935 3935 | 100.0 136.6 138.6

t Dataarecollectedfrom all slicesof the program.
tDataarecollectedfrom oneslice.

Table 3. Averagesizeof aslice andaveragetime in sec-
ondsto computeaslice.

informationon-demand Anotherdifferenceis thatour ap-

proachdetectshe mutualdependencamongthe computa-
tions of entriesin cache. Unlike strongly-connectedom-
ponentsn acall graph,entriesin cache thatareinvolvedin

mutualdependenceanchangeand additionalmutualde-

pendencecanbe detectedgven during the iterationphase.
This canlead to situationsin which the slicer must sus-
pend one iteration and begin another(one invocation of

Resol vePendi ng canbenestedn another) Livadasand
Croll'sapproacktannothandlesucha situation.

7 Conclusions

We presentedan approachthat, when appliedto the
reuse-drreninterproceduraslicing algorithm,canachieve
morereusein the presencef pointers. We alsopresented
an approachhat cancomputemore preciseslicesfor pro-
gramsthatcontainrecursve functions.Our empiricalstud-
iesshaw thatourfirstapproacttaneffectively achiere more
reusan computingslicesfor programghatusepointervari-
ables,andsignificantlyreducethe costof the computation
of slices. Our empirical studiesalso show that, for mary
programsour approachof handlingrecursioncan signifi-
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cantlyimprovetheprecisionovertheoverestimat@pproach
usedby the HC algorithm.

Our future work includes performing more empirical
studiesgspeciallyon largersubjectprogramsto furtherin-
vestigatethe effectivenessf our approachesWe arealso
investigatinghow to generalizehe first approactto apply
to otherslicing algorithms.

References

[1] L. Andersen.Programanalysisandspecializatiorfor the C
programmindanguage TechnicalReport94-19,University
of Copenhager,994.

[2] D. C. Atkinson and W. G. Griswold. Effective whole-
programanalysisin the presenceof pointers. In The 6th
ACM Symposiunon Foundationsof Softwae Engineering
pagest6-55,Nov. 1998.

[3] K. B. GallagherandJ. R. Lyle. Using programslicing in
softwaremaintenancelEEE Transactionsn Softwae En-
gineering 17(8):751-761Septembet 991.

[4] P L. R. Group. PROLANGS Analysis Framavork.
http://wwwprolangs.rutgers.ediRRutgersUniversity, 1998.

[5] M. J.HarroldandN. Ci. Reuse-dreninterproceduraslic-
ing. In The20th InternationalConfeenceon Softwae En-
gineering pagesr4—83,Apr. 1998.

[6] S.Horwitz, T. Reps,andD. Binkley. Interproceduraslicing
usingdependencgraphs. ACM Trans.on Prog. Lang and
Sys, 12(1):26-60,Jan.1990.

[7] J.C.Hwang,M. W. Du,andC. C.R. Findingprogranslices
for recursve proceduresin Proceeding®f 12th Annualln-
ternationalComputeiSoftwaeandApplicationConfeence
page20-227,1988.

[8] W. LandiandB. G. Ryder A safeapproximatealgorithm
for interprocedurapointeraliasing.In Proceeding®f 1992
ACM Symposiunon ProgrammingLanguageDesignand
Implementationpages235-248,Junel992.

[9] D. LiangandM. J.Harrold. Efficient points-toanalysisfor
whole-programanalysis. In Joint 7th EuropeanSoftwae
EngineeringConfeenceand 7th ACM Symposiunon Foun-
dationsof Softwae Engineering Sept.1999.

[10] D.LiangandM. J.Harrold.Equivalenceanalysis:A general
techniqueto improve the efficiency of data-flav analysesn
the presencef pointers. In Program Analysisfor Softwae
ToolsandEngineering99, Sept.1999.

[11] P E. LivadasandS. Croll. Systemdependencgraphcon-
structionfor recursve programs. In The 17th Annual In-
ternationalComputeiSoftwaeandApplicationConfeence
pagest14—-420Nov. 1993.

[12] M. ShapiroandS. Horwitz. The effectsof the precisionof
pointeranalysisIn StaticAnalysisAth InternationalSympo-
sium,SAS97, Lecture Notesin ComputerScience/ol 1302
pagesl6-34,Sept.1997.

[13] B. SteensgaardPoints-toanalysisin almostlineartime. In
ConfeenceRecod of the 23rd ACM Symposiunen Princi-
plesof ProgrammingLanguagespages32—-41,1996.

[14] M. Weiser Programslicing. IEEE Trans.on Softw Eng,
10(4):352-357July 1984.



