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Abstract

Program slicing, a techniqueto computethe subsetof
programstatementsthat can affect the valueof a program
variableat a specificprogrampoint, is widelyusedin tools
to supportmaintenanceactivities.To beusefulfor support-
ing theseactivities,a slicing techniquemustbesufficiently
preciseandefficient. Harrold andCi proposea methodfor
improvingtheefficiencyof slicing by reusingslicing infor-
mationfor subsequentslicing. This paperpresentsan in-
terprocedural slicingalgorithmthat improvestheefficiency
andprecisionof Harrold andCi's algorithmfor programs
with pointervariablesandrecursion.Our empiricalresults
showthat our improvementscan effectivelyachieve more
reusein slicecomputation,for programswith pointers,and
can significantly reducethe sizesof slices, for programs
with recursion.
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1 Introduction

Maintenanceactivities, suchasprogramunderstanding,
regressiontesting,andreverseengineering,requireexten-
sive tool support.Programslicing [14], a techniqueto com-
pute the subsetof programstatementsthat can affect the
value of variable � at point � ( �������
	 is the slicing crite-
rion), is widely usedin toolsto supporttheseactivities.Re-
searchershaveproposedmany approachesfor thecomputa-
tion of programslices(e.g.,[3, 5, 6, 14]).

To be useful for supportingmaintenanceactivities, a
slicing techniquemustbesufficiently preciseandefficient.
HarroldandCi (HC) proposea methodto improve theef-
ficiency of slicing [5]. This methodcachesandreusesin-
formationpreviouslycomputedby theslicer;thus,it should
speedupthecomputationof subsequentslices.Thismethod
is alsodemand-drivenin naturein thatit computesonly the
information that is neededfor the computationof a slice;
thus, it shouldbe more spaceand time efficient than ex-

haustive techniques.However, for programswith pointer
variables,theHC algorithmcanbeinefficient,andfor pro-
gramswith recursion,theHC algorithmcanbeimprecise.

First, for programswith pointervariables,theHC algo-
rithmcanmissopportunitiesto reuseslicinginformation.In
a procedure,variablespointedto by a pointervariabletyp-
ically sharethe samesetof datafacts. The HC algorithm
derivesslicinginformationfrom thissetof datafacts.Thus,
it repeatedlycomputessimilar slicing informationfor each
of thesevariables.

Second,for programswith recursion,theHC algorithm
canproduceimpreciseslices.Whenthealgorithmrequests
slicing information for a non-localvariableat a recursive
call, it mayfind thattheslicing informationis currentlybe-
ing computedandthus,unavailable. In this case,thealgo-
rithm computesanoverestimateof thestatementsthataffect
theslicing criterion.However, withoutperforminganalysis
in therecursivelycalledprocedure,anoverestimatemustin-
clude,in theslice,almostall statementsin proceduresthat
arereachablefrom therecursive call. Thus,in many cases,
overestimationcanforce a large portion of programstate-
mentsto beincludedin a slice.

This paperpresentsapproachesfor improving the effi-
ciency andprecisionof theHC algorithmfor programswith
pointervariablesandrecursion.Our approachfor handling
programswith pointervariablesusesequivalenceanalysis
[10], a techniquethatpartitionsthenon-localvariablesac-
cessedin a procedure� into equivalenceclasses.Equiva-
lenceanalysisensuresthat, at eachstatementin � andat
eachstatementin proceduresdirectlyor indirectlycalledby
� , variablesin an equivalenceclasssharethe samesetof
datafacts. Therefore,if �
� and ��� arein the sameequiva-
lenceclassin � , atany point � in � , �
� and ��� areaffected
by the samesetof statementsin � and in the procedures
directly or indirectly calledby � . Theslicercanreusethe
informationcomputedfor ���
��� � 	 whenit requestsinforma-
tion for ���
��� � 	 . To furtherimproveefficiency, ourapproach
alsoputsvariablesnot accessedin � into anotherequiva-
lenceclass.For eachof thesevariables,theslicer immedi-



atelyreturnsanemptyslice.
Our approachfor handling programswith recursion

computesaminimalfixedpoint for theproceduresinvolved
in therecursion.Whentheslicer requestsslicing informa-
tion that is currentlybeingcomputedat a recursive call, it
recordsthe request,takesthe informationavailableat that
point in theanalysis,andcontinuesprocessing.Later, when
that information is updated,the slicer reprocessesthe re-
queststhatdependon it. Notethat,in theabsenceof recur-
sion,theslicerworksthesameastheHC algorithm.

This paperalsopresentsempiricalstudiesin which we
investigatethe effectivenessof our improvementsto the
HC algorithm. The studiesshow that our approachfor
handling programswith pointer variablescan effectively
achieve morereusein slice computation;thus, it cansig-
nificantly reducethecostof computinga slice in thepres-
enceof pointervariables.Thestudiesalsoshow that,for the
programswherethe overestimationapproachfor handling
recursionis too conservative,ourapproachfor handlingre-
cursioncansignificantlyreducethesizeof slices.

2 Slicing in the Absence of Pointers

Thissectiongivesanoverview of theHC interprocedural
slicingalgorithmin theabsenceof pointervariables.

Figure1 showsSlicer, thealgorithmthatusescached
informationto computeinterproceduralslicesover control
flow graphs(CFGs). Slicer inputs a slicing criterion,
���
���
	 , andoutputstheprogramslicewith respectto ���
���
	 .
Slicer first checks���������������! to seewhethertheslicefor
criterion ���
���
	 hasalreadybeencomputed(line 1). If no
suchsliceexists,Slicer callsComputePSlice to com-
putethe partial slice, �"�������#� , andan interprocedural rel-
evant set (IRSet), $&%('*)�� , with respectto ���
���
	 (line 2).
�"��������� containsthenodesrepresentingstatementsthatcan
affect ���
���
	 in procedure�,+ — theprocedurethatcontains
node � — or in the proceduresthat are directly or indi-
rectly calledby �,+ . $&%('*)�� containsthe global variables
andformalparametersof � + thatcanaffect ���
���
	 from out-
side � + . Slicer adds�-�������#� to �������#� (line 3). Then,for
eachcall � to � + , Slicer callsBackBind tobind $.%('*)��
back to � , andputsthe result in /0����%('*)2143 (line 5). For
eachvariable 5 in /0����%6'*)2143 , Slicer createsa new cri-
terion ������57	 andinvokesitself to computetheslicefor ������57	
(line 7). Slicer combinestheseslicesandstoresthere-
sult in �������#�2������ �89�
���;: (line 10). Finally, Slicer returns
�������#�2������ �89�
���;: (line 12).
ComputePSlice uses a worklist < to com-

pute �"�������#� , the partial slice with respect to ���
��5=	 .
ComputePSlice computestwo variablesets,/0�#��>
?,89@A:
and /0�#��B-5* �89@A: , for eachnode @ thatcanreach � in �,+ 's
CFG.ComputePSlice first initializes /0�#��>
?,89��: with 5
and adds � 's CFG predecessorsto < (line 13). Then,

algorithm Slicer( +�C�D )
input + : aCFGnodeD : avariable
output programslicew.r.t. E +�CFD2G
globals H
I9JLKNM�OPJ +�Q�R +!C�D�S : slicew.r.t. E +�CFD�G
declare + I9JLKNM , T�H
I9JLKNM : setsof CFGnodesU M�IWV,X�Y[Z]\ , ^�X�I9IWM_MNV�X!Y + : setsof variables
begin Slicer
1. if H
I9JLKNM[OPJ +�Q�R +�CFD�S == `ba]OPO then
2. cWT�H
I9J�KNM C�d VeX!Y +Nf = ComputePSlice( +�CND )
3. + I9JLKNM = + I9JLKNMPghT�H
I9JLKNM
4. foreach callsite K thatcalls TPi do
5.

U M�IWV�X�Y[Z]\ = BackBind( d VhX�Y +�C K C T i )
6. foreach j in

U M[IWV,X�Y�Z�\ do
7. + I9JLKNM = + I9JLKNMNg Slicer( K C j )
8. endfor
9. endfor
10. H
I9JLKNM[OPJ +�Q�R +�CFD�S = + I9JLKNM
11. endif
12. return H
I9JLKNM�OkJ +[Q�R +�CFD�S
end Slicer

function ComputePSlice( +!C j )
input + : aCFGnodej : avariable
output T�H
I9JLKNM : partialslice^�X!I9IWMNMNVlX�Y + : asetof variables
declare mon a list of CFGnodesU M�I9p�q R ` S�C U M[IWrsj Q�R ` S : setof relevantvariables

initially empty
begin ComputePSlice

13. initialize datastructures
14. while mutvxw do
15. removè from m
16. update

U M�IWrsj Q�R ` S
17. Case ` is acall nodecallingto ProcedureTPy :
18. foreach D in

U M�IWrsj Q�R ` S do
19. cWT�H
I9J�KNM C U M[I9p�q R ` SWf = cWT�H
I9JLKNM C U M�I9p�q R ` SWfg FindSummary( ` C TPy C�D )
20. endfor
21. default:
22. update

U M�I9p�q R ` S with z{M[| R ` S , U M�| R ` S and }~J�I9I R ` S
23. endcase
24. addcontrol-flow,control-dependencepredecessors
25. endwhile
26. return ( T�H
I9JLKNM C U M�I9p�q R T i�� M[q Q Y_� S )
end ComputePSlice

function FindSummary( K C T C�D )
input T : aprocedureK : acall nodethatcalls TD : avariable
output apair (partialslice, ^�X�I9IWM_MNV,X�Y + )
globals KNX�KN�2M R T C�D�S : pair of c � + I9J�KNM C M�q Q YN��V�X�Y +_f

previouslycomputedbyComputePSlice
begin FindSummary

27. j = Bind( D , K , T )
28. if( KNX�KN��M R T C j S ==̀~asOPO ) then
29. KNX�KN��M R T C j S = ComputePSlice( T � M��2J Q�C j )
30. endif
31. ^�X�I9IWM_MNV�X�Y + = BackBind( KNX�KN�2M R � C j S � M�q Q YN��VsX!Y + , K ,T )
32. return ( KNX!KN��M R � C j S � � + I9JLKNM , ^�X!I9IWMNMNVlX�Y + )
end FindSummary

Figure 1. Slicer: Interproceduralslicing algorithmin
theabsenceof pointers.

for eachCFG node @ in < , ComputePSlice updates
/0�#��B-5* �89@A: by copying the variablesin the /(����>
? sets
of @ 's CFG successors(lines 15,16). If /0�#��B"5* �89@A:
changes,ComputePSlice propagatesthe new variables
in /0�#��B"5* �89@A: to /0����>
?,89@A: accordingto @ 's type (lines
17-23). If @ is a call node to procedure� q , then for
eachvariable � in /0�#��B"5* �89@A: , ComputePSlice calls
FindSummary to computethe summaryinformationfor

2



� in � q (lines 18,19). The summaryinformation con-
tains the partial slice with respectto ��� qs� �2�7�� ����
	 and the
set of variablesthat can affect � acrossthe call site rep-
resentedby @ . ComputePSlice addsthe partial slice
returnedby FindSummary to �"�������#� and addsthe set
of variables returnedby FindSummary to /0����>
?,89@A: .
If the partial slice returned by FindSummary is not
empty, ComputePSlice adds @ to �"�������#� . If @ is a
node other than a call node,ComputePSlice updates
/(����>
?,8 @�: accordingto �x�2��89@A: , �����F�N89@A: and /0����89@A: (line
22), where �x�2��8 @�: , ���F���N89@A: , and /(�2��8 @�: are variables
defined,killed and referencedat @ . ComputePSlice
first assigns/(����B"5� �89@A: to /0����>
?,89@A: . If /(����B"5� �89@A:��
�x����89@A:����� , ComputePSlice removes the variables
in ���F���N89@A: from /(����>
?,8 @�: , and adds the variables in
/(�2��8 @�: in /0�#��>
?,89@A: . If /(����B"5� �89@A:����x�2��89@A:����� ,
ComputePSlice also adds @ to �"�������#� . After these
actions, if /(����>
?,8 @�: changes,ComputePSlice adds
@ 's CFG predecessorsin the worklist (line 24). If @
is addedto �"��������� , ComputePSlice also adds @ 's
control-dependencepredecessorsto �"�������#� . For each
such predecessor, @�� , ComputePSlice adds /0����89@���:
to /(����>
?,8 @��W: . ComputePSlice thenaddstheCFGand
control-dependencepredecessorsof @�� accordingly.
FindSummary usesa cacheto computesummaryin-

formation for a variable � at a call node � that calls
� . FindSummary first calls Bind to bind � from
� to a variable 5 in � (line 27) and then checks the
cacheagainst ���~��57	 (line 28). If the algorithmfinds that
the cachefor ������5=	 is empty, it calls ComputePSlice
to computethe partial slice and the IRSet with respect
to ��� � ���=�L ���5=	 , and stores the result in the cache(line
29). Then, FindSummary calls BackBind to bind
�#'*�#�7�
89�~���2: � ��?k �)���%('*)�� back to call node � and return it
with thepartialslice �#'*�#�=�
89�~���2: � �7�������#� (lines31-32).

3 Slicing in the Presence of Pointers

Thissectionfirstdiscussestheinefficienciesthatpointers
cause,thengivesanoverview of equivalenceanalysis,and
finally presentsimprovementsto theHC algorithm.

3.1 Program slicing in the presence of pointers

Programslicing, like otherdata-flow analyses,requires
aliasinformationto ensuresafety. An aliasoccursbetween
two namesthat canaccessonememorylocationat a pro-
gram point. Aliasescan be resolved using flow-sensitive
(e.g., [8]) or flow-insensitive(e.g., [1, 9, 13]) algorithms.
Flow-sensitive algorithmscomputemore precisealias in-
formationata highercostthanflow-insensitivealgorithms.

After the alias information is computed,many slicing
techniques(andotherdata-flow analyses)canbe modified

Program 1
1. int j,sum;
2. main() �
3. int sum1, i1,i2;
4. reset(&sum);
5. reset(&i1);
6. read(&j);
7. while(i1<10)
8. f(&i1);
9. sum1 = sum;
10. reset(&i2);
11. while(i2<20)
12. f(&i2);
13. write(sum1);
14.  

15. f(int *p) �
16. if( j<0 )
17. incr(&j);
18. sum = sum + j;
19. incr(p);
20. read(&j);
21.  
22. incr(int *q) �
23. *q = *q+1;
24.  
25. reset( int *s) �
26. *s = 0;
27.  

procedure equivalence class
for non-local

main() � sum   , � j  
f() � i1,i2  , � sum  , � j  
incr() � i1,i2,j 
reset() � i1,i2,sum  

Figure 2. ExampleProgram1 (top) andtheequivalence
classesfor Program1 (bottom).

[2, 12] to handlepointersin aprogramusingamethodsim-
ilar to the following: beforethe algorithmcomputesdata
factsat a statement,it replacesevery dereferenceof point-
erswith thesetof memorylocationsthatmaybealiasedto
thedereference.For example,to computethe �x$"¡ set(the
setof variablesdefinedat a statement)for statement26 in
Figure2, a slicer first replacesthe pointerdereference*s
with ¢ i1, i2, sum £ , the setof memorylocationsthat
maybealiasedto*s atstatement26. Becausestatement26
modifies*s, the slicer concludesthat statement26 modi-
fiesmemorylocationsi1, i2, andsum, andincludesthese
memorylocationsin the �x$"¡ setfor statement26.

The above methodof handlingpointers,althoughsafe,
canincreasethecostof interproceduraldata-flow analyses.
Becausemostmemorylocationsaccessedthroughderefer-
encesof parameterpointersor globalpointersarenon-local
to the procedurein which the accessoccurs,pointervari-
ablescangreatly increasethe data-flow informationcom-
putedfor the procedure.For example,we found [9] that
a procedurein a C programwith 25,002lines of codecan
modify, on average,199non-localmemorylocationswhen
thealiasesarecomputedwith Steensgaard'salgorithm.This
meansthat interproceduraldata-flow analyses,suchasthe
reuse-driven slicer, must computelarge amountsof sum-
mary information at call statements,which could signifi-
cantlydegradetheperformanceof theanalysis.

3.2 Equivalence analysis

Observingthat, at a statement,memory locationsac-
cessedthroughadereferenceof apointertypically sharethe
samedatafacts,we introduceanequivalencerelation[10],
inducedby theaccesspatternsof thememorylocations.

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

3



dereferencesandfield accesses.An objectname 3�¤_¥ is in-
direct if thereis at leastonedereferencein 3�¤_¥ ; otherwise,
3�¤_¥ is direct. For example,in Figure2, *s is an indirect
objectname,ands is a directobjectname.

A memory location is alwaysequivalentto itself. A
memorylocation � � is equivalentto anothermemoryloca-
tion �F� in procedure� if (1) if ��� is accessedby an object
name3�¤_¥ at a statement� in � , then �F� is alsoaccessedby
3�¤_¥ at � , andvice versa;and (2) ��� and �F� areequivalent
in the procedurescalledby � if ��� and �F� areaccessedby
thoseprocedures.For example,i1 is equivalentto i2 in
reset() in Figure2 accordingto theseconditions.

We have developedan algorithm to computea set of
equivalenceclassesfor eachprocedure[10] in a program.
Thetableon thebottomof Figure2 shows theequivalence
classescomputedby our algorithm for the proceduresin
Program 1. We useequivalenceclassesto improve the
performanceof many data-flow analyses,including reuse-
drivenprogramslicing.

3.3 Using equivalence classes to improve program
slicing in the presence of pointers

Wecanuseequivalenceclassesto improveHC algorithm
so that we can achieve more reuse. ComputePSlice
computessimilar partial slicesandIRSetsfor memorylo-
cationsin anequivalenceclass.Assumethat ��� and ��� are
equivalentin procedure� . If ��� is in �x$"¡x89@A: , /0$"¡x89@A: ,
or ��>
���~89@A: of a CFG node @ in � , then �F� is also in
thesameset,or vice versa.Thus,ComputePSlice com-
putesthe sameset of CFG nodesfor criterion ���
�N���#	 and
for criterion ���
�_���2	 , where � is a CFGnodein � . Whenwe
needto computethepartialslicefor ���
�N�F�2	 , wecandirectly
reusethe partial slice that is computedfor ���
�N���#	 . How-
ever, ComputePSlice cancomputetwo differentIRSets
for thesetwo criteria. For example,althoughi1 andi2
areequivalentin reset() in Figure2,ComputePSlice
computes ¢ i1 £ as the IRSet for ��¦
§ ,i1 	 and ¢ i2 £ as
the IRSet for ��¦
§P� i2 	 . Let � � be the IRSet with respect
to ���
�N���#	 and �s� be the IRSet with respectto ���
�_�F��	 , we
can derive �s� from ��� : if �F�P¨© ��� and ��� © ��� , then �s� �ª ���,«¬¢����2£;­N®b¢��F�2£ ; otherwise,�s� � ��� . Thus,wecanreuse
theIRSetcomputedfor ���
�_����	 whenwecomputetheIRSet
for ���
�_�F��	 .

Figure3 showsFindSummaryPT, anenhancedversion
of FindSummary (Figure1) thatusesequivalenceclasses
to achieve morereusein the computationof summaryin-
formationfor variable � at call node � . FindSummaryPT
binds � from � to variable5 in thecalledprocedure� , and
thencallsFindRep to computea representative memory
location ) for the equivalenceclassof � that contains 5
(lines1-2). FindSummaryPT thenchecksthecachewith
���~��)�	 (line 3). If no cachedinformation is available for
���~��)�	 , FindSummaryPT calls ComputePSlice (Fig-

function FindSummaryPT( K C T CFD )
input T : aprocedureK : acall nodethatcalls TD : avariable
output apair (partialslice, ^�X�I9IWM_MNV,X�Y + )
globals KNX�KN�2M R T C�D�S : pair of c � + I9J�KNM C M�q Q YN��V�X�Y +_f

previouslycomputedbyComputePSlice
declare Y : therepresentativelocationof j
begin FindSummaryPT
1. j = Bind( D , K , T )
2. Y = FindRep( T , j )
3. if( KNX�KN��M R T C Y S ==̀~asOkO ) then
4. KNX�KN��M R T C Y S = ComputePSlice( T � M[��J Q�C Y )
5. endif
6. d V,X�Y + = Derive( T C KNX�KN�2M R T C Y S � M�q Q YN�2V�X�Y +�C j C Y )
7. ^�X�I9IWM_MNV�X�Y + = BackBind( d V~X!Y + , K ,T )
8. return ( KNX!KN��M R � C Y S � � + I9J�KNM , ^�X�I9IWM_MNV,X�Y + )
end FindSummaryPT

function Derive( T C M�q Q YN��V�X�Y +!C j C Y )
input T : aprocedureM�q Q YN�2V�X�Y + : IRSetfor ELT C Y Gj C Y : two variables
output IRSetfor ELT C j G
begin Derive
9. if j in M[q Q Y_��V�X!Y + or Y not in M[q Q Y_��VsX�Y + then
10. d V,X�Y + = M[q Q Y_��V�X�Y +
11. else
12. d V,X�Y + = M[q Q Y_��V�X�Y +=¯ �NY� sg~�_j
 
13. endif
14. return d V,X�Y +
end Derive

Figure 3. FindSummaryPT:Replaces
FindSummary of Figure1 to gainmorereuse.

ure1) to computethepartialsliceandthe IRSetfor ���~��)�	
(line 4). Then,FindSummaryPT calls Derive to de-
rive the IRSet for 5 from that of ) (line 6). Finally,
FindSummaryPT binds 5 's IRSetback to � andreturns
(lines7-8).

To gain morereuseusingequivalenceclasses,we must
changethe reusestrategy used in Slicer (Figure 1).
Giventhattwo memorylocations��� and �F� areequivalentin
� , Slicer cancomputedifferentslicesfor criteria ���
�_���#	
and ���
�N�F��	 , where � is a CFGnodein � . Thesetwo slices
canbedifferentbecause� � and � � canbenonequivalentin
theproceduresthatcall � . However, thesetwo slicesshare
thesamesetof CFGnodeswithin � . If wechangethereuse
strategy in Slicer so that it reusespartial slicesinstead
of completeslices,thenwe canuseequivalenceclassesto
achieve morereuse.

Figure 4 shows SlicerPT, an enhancedversion of
Slicer (Figure1) thatreusespartialslicesin thepresence
of pointers. SlicerPT computesthe slice with respect
to the input slicing criterion. SlicerPT alsocomputesa
variableset, /0�����,�� �89�_: , for eachcall � that can reachthe
slicing criterionin theprogram. /0�����,�� �89�_: is usedto avoid
propagatingamemorylocationfrom � twice.

SlicerPT uses a worklist < JLq Q M[Y to iterate over
the groups of slicing criteria. SlicerPT first initial-
izes < JLq Q M�Y with the original slicing criterion (line 1).
SlicerPT thenremovesa groupof slicingcriteria

ª �
�#%"­ ,
where � is a CFGnodeand % is a setof memorylocations,
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algorithm SlicerPT( +!CND )
input + : aCFGnodeD : avariable
output + I9JLKNM : programslicew.r.t. E +�C�D�G
global H
I9JLKNM�OkJ +[Q�R +�CFD�S : a list containingpairs

of (partialslice,IRSet)for criterion E +�C�D�G
declare m6°Wy�±L²[³ : a list containingpairs

of (CFGnode,varialbes)U M[IWH*M Q�R K S : thesetof memorylocationsthathave
beenpropagatedfrom callnodeK

begin SlicerPT
1. add c +!C � D   f to m6°Wy�±L²[³
2. while m °�y�±L²�³ tvxw do
3. removec +!C V f from m °�y�±L²�³
4. foreach j in V do
5. Y = FindRep( T , j )
6. if H
I9JLKNM�OkJ +[Q�R +�C Y S ==̀ba]OPO then
7. H
I9JLKNM�OkJ +[Q�R +�C Y S = ComputePSlice( +�C Y )
8. endif
9. d V,X�Y + = Derive( T C H
I9J�KNM[OPJ +�Q�R +�C Y S � M�q Q YN�2V�X�Y +�C j C Y )
10. + I9JLKNM = + I9JLKNMPg~H
I9J�KNM[OPJ +�Q�R +�C Y S � T�H
I9JLKNM
11. for eachcallsite K thatcalls Tki do
12.

U M[IWV�X�Y[Z]\ = BackBind( d VhX�Y +!C K )
13. add cWK C U M�IWV,X�Y�Z�\ ¯ U M[IWH´M Q�R K Sµf to m °Wy�±�²[³
14. add

U M�IWVlX�Y�Z�\ to
U M[IWH*M Q�R K S

15. endfor
16. endfor
17. endwhile
18. return + I9J�KNM
end SlicerPT

Figure 4. SlicerPT: An interproceduralslicing al-
gorithmin thepresenceof pointers.

from the worklist (line 3). For each 5 in % , SlicerPT
findsa representativememorylocation, ) , which represents
the equivalenceclassthatcontains5 (line 5). SlicerPT
checks�������#�2������ using ���
��)�	 (line 6). If the partial slice
andthe IRSetfor ���
��)�	 arenot yet computed,SlicerPT
callsComputePSlice to computethepartialsliceandthe
IRSet(line 7). SlicerPT thencallsDerive to derive the
IRSet for ���
��5=	 from that of ���
��)�	 (line 9). SlicerPT
addsthepartialsliceto thesliceandbindstheIRSetbackto
thecall nodesthatcall theprocedurecontaining� (lines10-
15). At eachcall node� , SlicerPT checksto seewhether
thereare memorylocationsthat arenot in /0�����,�� �89�_: . If
therearesuchmemorylocations,SlicerPT createsanew
criterion group for the call node,addsthe criterion group
to < JLq Q M�Y , andupdates/0�#���,�! �89�_: . SlicerPT returnsthe
sliceif < JLq Q M[Y is empty(line 17).

4 Slicing in the Presence of Recursion

This sectionfirst givesanoverview of our approachfor
handling recursionin the reuse-driven slicer, and it then
givesa detaileddescriptionof theapproach.

4.1 Overview

The reuse-driven slicing algorithmdescribedin Figure
1 might not terminatein the presenceof recursion. First,
thecomputationof �������#�2�����! �89�
���2: dependson thecompu-
tationsof other entriesin �������#�2������ . In the presenceof
recursion,the computationof ���������������! �8 �
���2: can depend

on the computationitself. In this case,the computation
of �������#�2�����! �89�
���2: cannotbe completed. Second,similar
to the computationof �������#�2������ �89�
���;: , the computationof
�#'*�#�=�
89�~���2: dependson the computationsof other entries
in �#'*�#�=� . In thepresenceof recursion,thecomputationof
�#'*�#�=�
89�~���2: candependon the computationitself. In this
case,thecomputationof �#'*�#�=�
8 �����;: cannotbecompleted.

Program 2
1. int g1, g2, g, e;
2. main() �
3. g1=0;
4. g2=0;
5. g=0;
6. e=0;
7. f(0);
8. g1++;
9.  

10. f(int a) �
11. if( a>0 ) �
12. e = e+1;
13. g1 = g2;
14.  
15. else �
16. g2 = g1+g;
17. f(a++);
18.  
19.  

Figure 5. ExampleProgram2.

TheHC algorithmusesoverestimationto solve thenon-
terminationproblem:whentheslicerencountersarecursive
call, it includesin theslice,all statementsthatcanaffectany
globalvariablein theproceduresthat therecursive call can
reach,and it includesin the IRSet, all formal parameters
andall globalmemorylocationsthatarereferencedby those
procedures.For example,whentheHC algorithmprocesses
statement7 in Program 2 (Figure5), it includesall state-
mentsin f() in thesliceandg1,g2,g,e,a in theIRSet.
This overestimatecan be very imprecisebecauseit could
includemostof thestatementsin theproceduresthatcanbe
reachedfrom therecursive call.
SlicerPT, shown in Figure4, solvesSlicer's non-

terminationproblem by computinga fixed point. Once
/0�#���,�! �89�_: stabilizesat eachcall node � , the worklist be-
comesemptyandSlicerPT terminates.

Theintuition for ourapproachthatguaranteesthetermi-
nationof FindSummary andComputePSlice is that,
onceFindSummary finds that, to compute �#'*�#�=�
89�~��5*: ,
it is requestinginformation in �#'*�#�=�
89¶x���2: , which is be-
ing computed,and thus, only partially available, it uses
underestimation:it includesthe information available so
far for �#'*�#�=�
8 ¶·���;: andcontinuesto compute�#'*�#�=�
89�~��5*: .
To ensurethe safety of the algorithm, FindSummary
puts ���~��57	 in �#'*�#�7�
89¶x���2: 's dependencelist. Later, when
�#'*�#�=�
89¶x���2: is updated,thenew informationin �#'*�#�=�
89¶x��5*:
is usedto recompute�#'*�#�=�
89�~��5�: .

For example, when ComputePSlice computes
�#'*�#�=� [f,g1] for the program in Figure 5, it invokes
FindSummary to find the summary information for
��¸2§P� g1 	 . Becausestatement17callsf(), FindSummary
checksthecachewith � f,g1 	 andfindsthat �#'*�#�=� [f,g1]
is being computed;thus, it returnsthe information avail-
ableso far for ��'´���7� [f,g1] andput ��'´���7� [f,g1] in the
dependencelist of �#'*�#�=� [f,g1]. ComputePSlice con-
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tinues processingthe other statementsin function f()
and updates �#'*�#�=� [f,g1] with partial slice ¢ 10,11,13£
and IRSet ¢ g2,a £ . Because�#'*�#�7� [f,g1] dependson
itself at statement17, the slicer processesstatement17
againand updates�#'*�#�=� [f,g1] by addingstatements16
and 17 to ��'´���7� [f,g1] � �"�������#� and addingg1 andg to
�#'*�#�7� [f,g1] � �2?k �)��*%('*)�� .
4.2 Detailed description

Figures 6 and 7 show FindSummaryRecur and
ComputePSliceRecur, the enhanced versions of
FindSummary and ComputePSlice (Figure 1), re-
spectively, thathandleprogramswith recursion.Beforewe
discussthesefunctions,we describesomedatastructures
thatthesefunctionsuse.

During the computation,�#'*�#�=�
8 ����5�: can be in several
states.By default, �#'*�#�=�
89�~��5�: is in thenotcomputing
state.WhenComputePSliceRecur is invokedto com-
pute �#'*�#�=�
89�~��5*: , �#'*�#�7�
89�~��5*: moves to the computing
state. After ComputePSliceRecur returnsfrom com-
puting �#'*�#�=�
89�~��5*: , if �#'*�#�=�
89�~��5�: directly or indirectlyde-
pendsonsomeentriesin �#'*�#�=� thatarein thecomputing
state, then ��'´���7�
89�~��5�: moves to the pending state.
Otherwise, �#'*�#�=�
89�~��5�: moves to the complete state.
pending state indicates that �#'*�#�=�
89�~��5�: could be an
underestimate. Therefore, in the absenceof recursion,
�#'*�#�7�
89�~��5*: is never in thepending state.

We introduce ¹*�N�=��?s¹*�2?s�#�
89�~��5�: , a list of tuples
(�=)�3�� , �
'*) , �#'
�F� ,��?s� , 3�5* �� ) to indicate that the computation
of �#'*�#�=�
8 �7)�3��º���
'´)�: directly dependson ��'´���7�
89�~��5�: . The
tuple meansthat, when ComputePSliceRecur is in-
voked to compute �#'*�#�=�
8 �=)�3������
'*)�: , it usesan underesti-
mateat call node �#'
�F� because��'´���7�
89�~��5�: is not totally
computed. When this occurs,ComputePSliceRecur
stores/0�#��>
?,89�#'
�F�L: in ��?s� and /0����B"5� �8 ��'
���L: in 3�5� �� sothat
thesummaryinformationfor �#'
�F� canbeupdatedlater. For
example,when the algorithmfinds that �#'*�#�=� [f,g1] de-
pendsonitselfatstatement17,atuple(f,g1,17, � , ¢ g1 £ )
is addedto ¹´�_�7�2?s¹*��?s���
8 f,g1: .

We add anotherfield, '*�_ ����
�2� , to �#'*�#�7�
89�~��5*: to store
thepairsof ���=)�3������
'*)�	 . Eachof thesepairsrepresentsthat
the computationof �#'*�#�7�
89�~��5*: cannotbe completedbe-
causeit directly or indirectlydependson �#'*�#�=�
8 �=)�3������
'*)�: ,
which is being computedby ComputePSliceRecur.
When �#'*�#�=�
8 �=)�3������
'*)�: moves from computing to an-
otherstate, ���=)�3������
'*)�	 is removed from the '*�_ ����
��� fields
of any entry in �#'*�#�=� . The '*�_ ����
��� field is usedto detect
whether�#'*�#�=�
89�~��5�: shouldmove to thecomplete state;
when �#'*�#�=�
89�~��5�: � '*�_ ����
�2� becomesempty, �#'*�#�7�
89�~��5*:
movesfrom thepending stateto thecomplete state.
FindSummaryRecur (Figure6) binds � to 5 at call

node � in procedure � and then checks �! �'� �5=�
8 ����5�: ,
the stateof �#'*�#�=�
89�~��5*: (lines 19-20). If �! �'º �57�
89�~��5*: is

function FindSummaryRecur( K C T CFD )
input K : callnodethatcalls TD : avariable
output a tupleof (partialslice, ^�X�I9IWMNM_V�X�Y + ,»�X�J Q JLq
¼ , X�K Q J D M + )
global +�Q X Q j +NR T C j S : statusof computingKNX�KN��M R T C j SKNX�KN�2M R T C j S : a tupleof (� + I9JLKNM , M[q Q Y_��V�X!Y + , X�K Q J D M + )
begin FindSummaryRecur

19. j = Bind(D�C K C T )
20. if +�Q X Q j +NR T C j S == notcomputing then
21. ComputeSummary( T C j )
22. endif
23. if +�Q X Q j +NR T C j S == computing or pending then
24. »�X�J Q JLq
¼ v cWK C T C j f
25. X�K Q J D M + =( +[Q X Q j +_R T C j S ==computing)?�NT C j
  : KNX�KN��M R T C j S � X�K Q J D M +
26. endif
27. KNX�I9IWMNM D X�Y + = BackBind(KNX�KN�2M R T C j S � M�q Q YN��V�X�Y +!C K C T )
28. return ( KNX!KN��M R T C j S � � + I9JLKNM C KNX!I9IWMNM D X�Y +!C »�X�J Q JLq
¼ C X�K Q J D M + )
end FindSummaryRecur

procedure ComputeSummary( T C j )
input T : aprocedurej : avariable
output updated+[Q X Q j +_R T C j S and KNX�KN��M R T C j S
begin ComputeSummary

29. +�Q X Q j +NR T C j S = computing
30. KNX�KN��M R T C j S � � + I9JLKNM C KNX�KN��M R T C j S � M[q Q Y_��V�X�Y +�C X�K Q J D M +�C�;M[q´½_JLq
¼ + = ComputePSliceRecur( T � M��2J Q�C j f
31. CreateDependences( T C j C ��M[q´½_JLq
¼ + )
32. if ELT C j G in X!K Q J D M + then
33. X�K Q J D M + g v ResolvePending( T C j )
34. removeELT C j G from X�K Q J D M +
35. endif
36. KNX�KN��M R T C j S � X�K Q J D M + = X�K Q J D M +
37. +�Q X Q j +NR T C j S =( X�K Q J D M + is empty)?complete:pending
38. PropagateActives( KNX�KN�2M R T C j S � X�K Q J D M + )
39. RemoveActives( E�T C j G )
end ComputeSummary

function ResolvePendings( T C j )
input T : aprocedurej : avariable
output X�K Q J D M + : a setof pairs(procedure,variable)
global ½�MF��M�q*½�M�q
KNM R T C j S : asetof tuples

(proc,variable,call, variableset,variableset)
begin ResolvePendings

40. m = ½�M��;M[q´½�M�q
KNM R T C j S
41. while mutv `~asOPO do
42. remove( ¾ CFD X�Y C K C \�j Q�+�C JLq + ) from m ;��M�q´½_JLq
¼ + vxw
43. foreach D in \�j Q�+ do
44. ( KNX�KN��M R ¾ C�D X!Y S � T�H
I9JLKNM C V,X�Y +!C »�X�J Q JLq
¼ +!C X�K Q J D M + )g v FindSummaryRecur( K ,D )
45. endfor
46. foreach D in VeX!Y +=¯ JLq + do
47. KNX�KN��M R ¾ C�D X!Y S � T�H
I9JLKNM C KNX!KN��M R ¾ C�D X�Y S � M[q Q Y_��V�X!Y +�C X!K Q J D M +!C�;M[q´½_JLq
¼ + g v ComputePSliceRecur( KNX�I9I , D )
48. endfor
49. updateJ�q + in thetuplewith V,X�Y +
50. CreateDependences( ¾ CND X�Y C ��M�q*½_J�q
¼ + )
51. if KNX�KN��M R ¾ C�D X!Y S changesthen
52. m = m¿g~½�M���M�q´½�M[q
KNM R ¾ CFD X�Y S
53. endif
54. endwhile
55. return X!K Q J D M +
end ResolvePendings

Figure 6. FindSummaryRecur(): Computessum-
maryinformationin thepresenceof recursion.

notcomputing, FindSummaryRecur invokes
ComputeSummary to compute ��'´���7�
89�~��5�: (line 21).
FindSummaryRecur then rechecks �! �'º �57�
89�~��5*: (line
23). If �� �'º �5=�
89�~��5�: is computing or pending, then
FindSummaryRecur createsÀÁ'´�� ���?kÂ , atuple( � , � , 5 ), to
indicatethat,because�#'*�#�=�
89�~��5*: is notcomplete,summary
information for call node � is an underestimate(line 24).
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function ComputePSliceRecur( +�C�D )
input + : aCFGnodeD : avariable
output T�H
I9J�KNM : partialslice^�X�I9IWM_MNV,X�Y + : asetof variablesX�K Q J D M + : asetof pairs(procedure,variable)��M�q´½_JLq
¼ + : asetof tuples( KNX�I9I , U M[IWrsj Q�R KNX�I9I SU M�I9p�q R KNX�I9I S ,proc,variable)
declare mon a list of CFGnodesU M�I9p�q R ` S�C U M�IWr]j Q�R ` S : setsof relevantvariables
begin ComputePSliceRecur

56. initialize datastructures
57. while mutv `~asOPO do
58. removè from m
59. update

U M[IWrsj Q�R ` S
60. case ` is a call nodeto procedureTPy :
61. foreach j in

U M[IWrsj Q�R ` S do
62. ( T�H
I9JLKNM C U M�I9p�q R ` S�C »�X�J Q JLq
¼ +!C X�K Q J D M + ) g v

FindSummaryRecur( ` C Tsq C j )
63. endfor
64. default:
65. update

U M[I9p�q R ` S with z{M�| R ` S , U M�| R ` S and }~JLI9I R ` S
66. endcase
67. addcontrol-flow, control-dependencepredecessors
68. endwhile
69. foreach c�K C T C j f in »�X�J Q JLq
¼ + do
70. ��M[q´½_JLq
¼ + = ��M�q*½_J�q
¼ + gÁc�K C U M�IWr]j Q�R K S�C U M�I9p�q R K S�C T C j f
71. endfor
72. return T�H
I9JLKNM C U M�I9p�q R TPi � M�q Q YN� S�C X�K Q J D M +�C �;M[q´½_JLq
¼ +
end ComputePSliceRecur

Figure 7. ComputePSliceRecur: Computepartial
slicein thepresenceof recursion.

If �! �'º �57�
89�~��5�: is computing, FindSummaryRecur
puts ¢;�~��5s£ in '*�_ ����
�2� to indicate that � must be pro-
cessedagainwhen �#'*�#�=�
89�~��5�: is updated(line 25). Oth-
erwise, FindSummaryRecur puts �#'*�#�=�
8 ����5�: � '*�_ ����
�2�
in '*�_ ����
�2� . Finally, FindSummaryRecur binds
�#'*�#�7�
89�~��5*: � ��?k �)���%4'´)�� back to variablesÃ"'
�F�����º%6'*)�� at
� , and returns the partial slice, Ã-'
�������º%"'´)�� , À4'*�� ���?kÂ ,
and '*�_ ����
�2� (lines 27-28). For example, when
FindSummaryRecur is invokedto find thesummaryin-
formationforg1 atstatement17,it findsthat �� �'º �5=� [f,g1]
is computing. Therefore,FindSummaryRecur puts
¢ f,g1 £ in '*�_ ����
�2� , creates(17,f,g1) as À4'*�� ���?kÂ andre-
turn '*�_ ����
�2� and ÀÁ'´�� ���?kÂ togetherwith thepartialsliceand
IRSet,whichareemptyin thiscase.

ComputeSummary (Figure 6) sets �! �'º �57�
89�~��5�: to
computing andtheninvokesComputePSliceRecur
to computethepartial sliceandthe IRSetfor ���~��57	 (lines
29-30). ComputePSliceRecur (Figure 7) enhances
ComputePSlicer sothatit canreturnthesetof '´�� ����
���
thatit collectsfrom thereturnof FindSummaryRecur at
thecall nodes.ComputePSliceRecur alsoreturnsa list
of pendings. Eachpendingis a tuple( � , 3�5* �� , ��?s� ,�7)�3�� , �
'*) )
in which � is a call nodeto procedure�=)�3�� , 3�5� �� is the
/(����B"5� �89�_: , and ��?s� is the /(����>
?,8 ��: after � is processedby
ComputePSliceRecur to compute �#'*�#�=�
8 �=)�3������
'*)�: .
ComputePSliceRecur createsa pendingby addingthe
/(����B"5� �89�_: and /(����>
?,8 ��: to the À4'*�� ���?kÂ tuple( �����7)�3��º���
'´) )
returnedby FindSummaryRecur when � is processed.
For example, ComputeSummary receives (17,f,g1)

in À4'*�L ���?kÂ when it invokes FindSummaryRecur
to find the summary information for g1 at state-
ment 17. ComputePSliceRecur createsa pending
(17,¢ g1 £ , � ,f,g1).

After ComputePSliceRecur returns, Compute-
Summary calls CreateDependences to createan en-
try ( � , 5 ,� , ��?s� , 3�5* �� ) in ¹*�_�7�2?s¹*��?s�#�
8 �7)�3������
'*)�: for each
pending ( � , 3�5� �� ,��?s� ,�7)�3�� , �
'´) ) to indicate that the com-
putationof �#'*�#�=�
89�~��5�: dependson �#'*�#�=�
8 �=)�3������
'*)�: and
requires further updating at � (line 31). For exam-
ple, ComputeSummary creates(f,g1,17, � , ¢ g1 £ ) in
¹*�N�=��?s¹*�2?s�#�
8 f,g1: after it receives(17,¢ g1 £ , � ,f,g1) to
indicatethat �#'*�#�=�
8 f,g1: dependson itself.

ComputeSummary also checks '*�_ ����
�2� (line 32).
If ���~��57	 is in '´�� ����
��� , ComputeSummary invokes
ResolvePendings to update the entries of �#'*�#�=�
that directly or indirectly dependon �#'*�#�=�
89�~��5*: (line
33). For example, when ComputeSummary com-
putes �#'*�#�7�
8 f,g1 : , it finds � f,g1 	 in '*�_ ����
��� . Thus,
it invokes ResolvePendings to update the entries.
ComputeSummary also removes ���~��5=	 from '*�_ ����
���
(line 34). Then, ComputeSummary stores '*�_ ����
���
in �#'*�#�=�
8 ����5�: � '*�_ ����
�2� (line 36). If ��'´���7�
89�~��5�: � '´�� ����
���
is empty, then �! �'� �5=�
8 ����5�: is set complete; other-
wise, �! �'º �57�
89�~��5�: is set to pending (line 37). If
�#'*�#�=�
89�~��5*: � '*�_ ����
�2� is not empty, ComputeSummary in-
vokesPropagateActives to propagatesthe items in
�#'*�#�=�
89�~��5*: � '*�_ ����
�2� to the '*�_ ����
�2� fields of the entriesin
�#'*�#�=� thatdirectlyor indirectlydependon �#'*�#�=�
8 ����5�: (line
38). ComputeSummary theninvokesRemoveActives
to remove ���~��57	 in the '*�_ ����
�2� fieldsof thoseentries(line
39). If the '*�_ ����
��� field of an entry becomesempty af-
ter ���~��5=	 is removed, the statusof the entry is set to
complete.

ResolvePendings usesa worklist to updateentries
in �#'*�#�=� thatdirectly or indirectly dependon �#'*�#�=�
89�~��5*: .
Theworklist is initializedwith entriesin ¹´�_�7�2?s¹*��?s���
89�~��5*:
(line 40). For eachtuple ( ¶ , �
'*) , � , ��?s� , 3�5� �� ) in the work-
list,ResolvePendings invokesFindSummaryRecur
to get the summaryinformation for eachvariablein 3�5� ��
(lines43-45).If FindSummaryRecur returnssomevari-
ables that are not in the ��?s� , ResolvePendings in-
vokesComputePSliceRecur to update �#'*�#�=�
8 ¶·���
'´)�:
(line 47). ResolvePendings then updates��?s� in the
tuple (line 49). If ComputePSliceRecur returnsnew
pendings,ResolvePendings createsnew dependences
from the pendings(line 50). If �#'*�#�=�
89¶x���
'*)�: changes,
ResolvePendings updatesthe worklist with the en-
tries in ¹*�_�7�2?s¹*��?s�#�
89¶x���
'*)�: for further updating (line
52). Finally, ResolvePendings returns the '*�_ ����
���
it collects when it processesthe call statementswith
ComputePSliceRecur (line 55).

For example,ResolvePendings initializesthework-
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Linesof Numberof Funcsin Funcs
Program Code CFG Nodes 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
lharc 3235 2539 3 58
flex 6902 3762 5 5
space 11474 5601 0 0
bisonÄ 7893 6533 3 4
larnÄ 9966 11796 3 72
mpegplayÄ 17263 11864 3 3Ä Alias informationfor LandiandRyder'salgorithmis notavailablefor the

programbecausethetimerequiredfor theanalysisexceededour limit.

Table 1. Informationaboutthesubjectprograms.

list with (f,g1,17, � , ¢ g1 £ ) when it is invoked to up-
date the entries in �#'*�#�=� that dependon �#'*�#�7�
8 f,g1 : .
Then,ResolvePendings finds the summaryinforma-
tion for g1 at statement17 usingFindSummaryRecur,
which returnsg1 anda. ResolvePendings then in-
vokesComputePSliceRecur to propagateg1 and a
from statement17,andobtainspartialslice ¢ 11,16,17£ and
IRSet ¢ g1,g,a £ . Thus, ResolvePendings updates
�#'*�#�7�
8 f,g1 : with the partial slice and the IRSet. Be-
cause �#'*�#�7�
8 f,g1 : changes,ResolvePendings adds
(f,g1,17, ¢ g1,a £ , ¢ g1 £ ) to theworklist andcontinues
processinguntil thereis nochangeto �#'*�#�=�
8 f,g1 : .

5 Empirical Studies

To investigatetheefficiency andeffectivenessof our two
improvementsto the HC algorithm, we developeda pro-
totype,usingthe PROLANGS AnalysisFramework (PAF)
[4], that implementsour approaches.We conductedsev-
eralstudiesandcollectedthedataon a SunUltra 30 work-
stationwith 640 MB of physicalmemory. Our prototype
resolves pointer dereferencesusing the alias information
provided by the following algorithms: Steensgaaard's al-
gorithm(ST) [13], LiangandHarrold'salgorithm(LH) [9],
Andersen's algorithm(AND) [1], and Landi and Ryder's
algorithm (LR) [8]. Steensgaard's, Liang and Harrold's,
andAndersen's algorithmsareflow-insensitive; Landi and
Ryder's algorithmis flow-sensitive.� Our prototypestores
cachedinformationonly duringthecomputationof thecur-
rent slice; after a slice is computed,the cachedinforma-
tion is deleted.Using this scheme,informationcachedby
Slicer is seldomreusedbecause,whenSlicer encoun-
tersa call node,it propagatesonly the memorylocations
thatarenew to thatcall node.Therefore,ourprototypedoes
notcacheinformationin Slicer.

Table1 shows a subsetof thesubjectprogramsweused
in ourstudies.Thelasttwo columnsin thetablegive infor-
mationaboutrecursionin the programs:column4 shows

Å
Detailsof thesealgorithmsandhow theycompareto eachothercan

befoundin [9].

program alias S S'
U�Æ

T T'
UsÇ

ST 16.0 4.7 70.8 21.9 8.0 63.3
loaderÄ LH 9.5 4.8 49.8 7.3 4.3 40.5

AND 9.5 4.8 49.8 7.3 4.3 40.6
LR 9.7 4.8 50.5 7.7 4.6 40.1
ST 21.9 10.1 53.8 18.5 6.3 65.7

ansi- LH 18.1 11.9 33.8 11.9 6.2 47.8
tapeÄ AND 16.2 11.2 30.9 6.5 4.5 29.7

LR 15.6 11.2 28.7 6.2 4.4 28.8
ST 26.0 6.2 76.1 44.0 9.4 78.7

dixie Ä LH 13.7 6.9 49.9 15.0 6.2 59.1
AND 11.6 7.2 38.2 9.4 5.4 42.3

LR 11.5 7.2 36.8 8.8 5.0 43.3
ST 12.3 4.2 65.8 33.8 12.5 63.0

learnÄ LH 8.6 4.8 45.1 23.2 13.1 43.9
AND 6.9 4.6 33.8 12.8 10.6 17.6

LR 7.0 5.0 28.5 18.0 15.0 16.7
ST 24.2 9.1 62.4 42.5 16.1 62.1

unzipÄ LH 14.4 9.6 33.8 17.0 11.1 34.8
AND 13.8 9.7 29.4 12.9 9.9 23.3

LR 10.9 8.7 20.0 10.6 8.7 17.8
ST 12.0 7.2 40.0 10.7 5.8 45.7

lharcÄ LH 10.9 7.4 32.3 8.4 5.3 37.0
AND 10.1 7.3 27.2 7.7 5.2 32.6

LR 7.4 6.1 16.6 6.5 4.6 30.0
ST 22.3 13.4 40.0 760.3 523.3 31.2

flex È LH 16.8 13.8 18.2 566.5 484.6 14.4
AND 16.2 13.9 14.2 512.3 475.7 7.1

LR 14.6 13.5 8.1 582.8 517.0 11.3
ST 77.7 14.2 81.8 1528 274.3 82.1

spaceÈ LH 72.5 17.4 76.0 649.1 179.5 72.3
AND 70.9 19.1 73.1 642.0 182.6 71.6

LR 50.7 18.9 62.6 553.7 176.8 68.1
ST 14.8 10.0 32.2 122.6 54.1 55.9

bisonÈ LH 14.4 10.0 30.8 108.1 49.3 54.4
AND 12.4 10.6 14.4 61.2 45.6 25.5

ST 58.1 20.4 64.9 3477 1531 56.0
larnÈ LH 27.9 21.0 24.8 1076 807.2 25.0

AND 26.7 21.0 21.3 902.4 760.3 15.7
ST 15.7 13.0 16.9 289.9 198.0 31.7

mpeg- LH 15.1 13.6 10.3 131.5 126.7 3.6
playÈ AND 15.0 13.6 9.2 136.6 131.0 4.1Ä Dataarecollectedfrom all slicesof theprogram.È Dataarecollectedfrom oneslice.

Table 2. Averagesizeof GMOD andreducedGMOD and
averagetime in secondsof computingaslice.

thenumberof recursive functionsandcolumn5 shows the
numberof functionsthatcanbereachedby recursive calls.
From the table,we canseethat, even for a programwith
a smallnumberof recursive functions,thenumberof func-
tions that canbe reachedfrom recursive calls canbe very
large. For this typeof programs,weexpectthattheoveres-
timatewill yield avery impreciseresult.

5.1 Study 1

In Study 1, we investigatedthe effectivenessof using
equivalenceclassesto achieve more reusein the compu-
tationof slices. We comparedtheaveragenumberof non-
local memorylocationsthat may be modifiedby a proce-
dure (GMOD) with the averagenumberof memoryloca-
tionsthatremainafterall memorylocationsexcepttherep-
resentative memorylocationsfor equivalenceclasses(Re-
ducedGMOD) areremoved from theGMOD set. Because
our algorithm improves the HC algorithm by computing
summaryinformationonly for memorylocationsin theRe-
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Figure 8. Correlationof the reductionon the size of
GMOD andslicing time.

ducedGMOD sets,thereductionin thesizesof theGMOD
setsindicatestheeffectivenessof usingequivalenceclasses
to achieve morereuse.We alsocomparedtheaveragetime
of computingaslicewithoutusingequivalenceclasseswith
the averagetime of computinga slice using equivalence
classes.For eachsubjectprogram,we ran the HC slicer
andour slicerusingaliasinformationprovidedby eachof
thefour alias-analysisalgorithmsandcollectedthedata.

Table2 shows the resultsof this study: the secondcol-
umnshows thealias-analysisalgorithmused;thethird col-
umn shows � , the averagesizeof GMOD sets;the fourth
columnshows ��� , theaveragesizeof theReducedGMOD
sets;andthefifth columnshows / H , thepercentagereduc-
tion of theGMOD setsusingequivalenceclasses.Thetable
showsthat,for theprogramswestudied,equivalenceanaly-
sisoftengroupsseveralmemorylocationsinto oneequiva-
lenceclass.Thus,usingequivalenceclassescaneffectively
achieve morereusein thecomputationof slices.

In thetable,thesixthcolumnshows 1 , theaveragetime
of computinga slicewith theGMOD sets,theseventhcol-
umnshows 1~� , theaveragetime of computinga slicewith
theReducedGMOD sets,andtheeighthcolumnshows / Z ,
the percentageof reductionin the averagetime. The table
shows that, for many programs,usingequivalenceclasses
cansignificantlyreducethecostof computinga slice. The
tablealsoshows an almost-linearrelationbetweenthe re-
ductionin thesizeof GMOD setsandthereductionin the
timeof computinga slice;sucha relationcanbevisualized
with the scatterdiagramin Figure8. This resultsuggests
that achieving more reuseusing equivalenceanalysiscan
effectively improve theperformanceof theHC algorithm.

5.2 Study 2

In Study2, we investigatedtheeffectivenessof our ap-
proachfor handlingrecursionto improve the precisionof
slicing in thepresenceof recursion.We comparedtheaver-

agesize(size) of a slicecomputedusingtheoverestimation
approach(HC) with the averagesize of a slice computed
usingourapproach(Recur).We alsocomparedtheaverage
time (time) to computea sliceusingthesetwo approaches.
Similarto Study1,werantheslicersusingaliasinformation
providedby eachof thefour alias-analysisalgorithms.

Table3 showstheresultsof thisstudy.� Thetableshows
that,for subjectprogramsin whichonly a smallnumberof
functionscanbereachedby recursive calls(e.g.loader),
ourapproachcomputesthesamesizeslicesastheoveresti-
mationapproach.For theseprograms,the two approaches
usea similar amountof time to computea slice. The ta-
ble alsoshows that, for subjectprogramsin which a large
numberof functionscanbereachedby recursive calls (e.g.
lharc), ourapproachcomputessignificantlysmallerslices
thantheoverestimationapproach.The tablefurthershows
that our approachmight even improve the performanceof
the slicer on someof theseprograms. Among the four
subjectprogramson whichour approachcomputessmaller
slices,ourapproachrunsevenfasterthantheoverestimation
approachontwo of them(flex,larn). This resultseems
reasonablebecausethe overestimationapproachmusttake
all non-localmemorylocationsreferencedin theprocedures
reachedby a recursive call asa safeestimateof the IRSet.
This estimateof IRSet can be much larger than the real
IRSetfor this recursive call. Thus,usingthis approach,the
slicermighthave to propagateadditionalmemorylocations
throughouttherestof theprogramaftertherecursive call.

6 Related Work

Several researchershave reportedtechniquesto slicere-
cursive programs.Hwanget al. [7] proposedanalgorithm
that inlines each(recursive) call with the procedurebody,
andcomputesasliceuntil afixedpointis reached.However,
in theworstcase,thisalgorithmrunsin timeexponentialin
the sizeof the program. This algorithmalsohandlesonly
the casein which a proceduredirectly calls the procedure
itself; thealgorithmmustbemodifiedto handlethecasein
which a procedureindirectly callsitself. Our approachhas
advantagesover Hwanget al's algorithmin that(1) it runs
in polynomialtime in theworstcaseand(2) it handlesthe
casein whicha proceduredirectlyor indirectlycallsitself.

LivadasandCroll [11] useanapproach,similar to ours,
to handlerecursionin the computationof summaryedges
for constructingsystemdependencegraphs[6]: their ap-
proachdetectsthe strongly-connectedcomponentsin the
call graphandthen,usesan iterationapproachto compute
a fixed point over the proceduresin the component.One
waythatourapproachfor handlingrecursive programsdif-
fers from theirs is that our algorithm computessummaryÉ

Space and learn are not shown herebecausethey do not have
recursion.
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size time
program alias HC Recur %HC HC Recur

ST 237 237 100.0 21.9 22.6
loaderÄ 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
ST 290 290 100.0 18.5 18.7

ansi- LH 284 284 100.0 11.9 12.0
tapeÄ 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

dixie Ä 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

unzipÄ LH 807 806 99.8 17.0 17.0
AND 807 805 99.8 12.9 13.0

LR 805 803 99.8 10.6 10.6
ST 786 562 71.6 10.7 13.4

lharcÄ 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

flex È 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

bisonÈ LH 2394 2362 98.7 108.1 97.8
AND 2338 2306 98.6 61.2 54.9

ST 6626 4484 67.7 3477.3 3205.1
larnÈ LH 6602 4427 67.1 1075.6 801.5

AND 6592 4383 66.5 902.4 554.8
ST 5708 5708 100.0 289.9 290.5

mpeg- LH 3935 3935 100.0 131.5 133.7
playÈ AND 3935 3935 100.0 136.6 138.6Ä Dataarecollectedfrom all slicesof theprogram.È Dataarecollectedfrom oneslice.

Table 3. Averagesizeof a sliceandaveragetime in sec-
ondsto computeaslice.

informationon-demand.Anotherdifferenceis thatour ap-
proachdetectsthemutualdependenceamongthecomputa-
tions of entriesin �#'*�#�7� . Unlike strongly-connectedcom-
ponentsin acall graph,entriesin ��'´���7� thatareinvolvedin
mutualdependencecanchange,andadditionalmutualde-
pendencecanbedetected,even during the iterationphase.
This can lead to situationsin which the slicer must sus-
pend one iteration and begin another(one invocationof
ResolvePending canbenestedin another).Livadasand
Croll' sapproachcannothandlesucha situation.

7 Conclusions

We presentedan approachthat, when applied to the
reuse-driven interproceduralslicing algorithm,canachieve
morereusein the presenceof pointers.We alsopresented
anapproachthat cancomputemorepreciseslicesfor pro-
gramsthatcontainrecursive functions.Our empiricalstud-
iesshow thatourfirst approachcaneffectivelyachievemore
reusein computingslicesfor programsthatusepointervari-
ables,andsignificantlyreducethecostof the computation
of slices. Our empiricalstudiesalsoshow that, for many
programs,our approachof handlingrecursioncansignifi-

cantlyimprovetheprecisionovertheoverestimateapproach
usedby theHC algorithm.

Our future work includesperforming more empirical
studies,especiallyon largersubjectprograms,to furtherin-
vestigatethe effectivenessof our approaches.We arealso
investigatinghow to generalizethe first approachto apply
to otherslicing algorithms.
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