A Semantics-Based De nition For
Inter class Test Dependence

Weilei Zhang, Barbara G Ryder
Department of Computer Science
Rutgers University
Piscataway, NJ 08854

fweileiz,ryderg@cs.rutgers.edu

ABSTRACT

The knowledge of interclasstest dependencés importantin de-

ciding classtestorder facilitating the designof an ef cient inte-

grationtestplan. However to date,interclasstestdependencés

de ned basedon a classdiagramcalledthe Object RelationDia-

gram (ORD), which canonly capturethe syntacticalrelationships
betweerclassesandintroducesspuriousdependencesot existing

in implementation. We explore a semantics-basede nition for

interclasstestdependenceA safeapproximationalgorithmis de-

signedandimplementedo calculatenterclasgestdependencac-
cordingto thegivende nition. Thealgorithmpropagatesemantic
dependenceat method-leel granularityandis parameterizedby

the precisionof the correspondingprogramanalysis. We experi-

mentwith nine benchmarkandfour differentanalysiscon gura-

tions. The empirical resultsshav that the algorithmis practical
in termsof time cost. On average,the algorithm with the most
precisecon guration recognizes’5.24%of the dependenceom

the ORD-basedpproachasspurious. The algorithmis ratherac-
curatein thatit discorersdependenceyclespreciselyin 6 out of

9 benchmarkgasevaluatedby humaninspection). The algorithm
uncoversadditionalopportunitiesor concurrentestingin eachof

thebenchmarkswith anon averagegain of 52.5%over the ORD-

basedle nition.
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1. INTRODUCTION

Object-oriented OO) programmingintroducesnewn challenges
for testingbecauseof its languagefeaturesof encapsulatiorand
polymorphism4, 28]. Classis the kernelconceptn both OO pro-
grammingandOO testing.A classusuallyrequiresotherclasseso
implementits functionalities(e.qg.,its parentclass,a sener class,
etc). As aresult,the executionof a classdoesnot solelydependon
its own implementationbut alsoontheimplementation®f its pre-
requisiteclassesIntuitively speakingjf classB'simplementation
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affectsclassA's testresult, thereis an interclasstestdependence
from A to B. A andB arecalledthe soucce andthe target classof
thedependenceespectiely.!

Interclasstest dependencés importantin deciding classinte-
grationtestorder facilitatingthe designof anef cient integration
testplan[18]. Sucha plan mustclarify the testfocusfor eachin-
tegrationstepfor the corvenienceof testcoverageevaluationand
dehugging[4]. Becausdhe sourceclassof a dependenceequires
the tamget classto implementits functionalities,it is desirableto
integrate and test the sourceclassafter the tamget classhasbeen
tested If thereis nodependenceycle andthedependencgraphis
adirectedagyclic graph(i.e., DAG), the reversetopologicalorder
of the DAG canbeuseddirectly astheclassintegrationorder The
existenceof dependenceyclescomplicategheproblem.Thereare
two approacheso addressycles: (i) to integrateall of the classes
in acyclein onestepandtestthemasa clusterthatis usuallymore
costlyto testanddehug thana singleclassbecausef the enlaged
testscopeand broadenedestfocus[4], or (ii) to breakthe cycle
by constructingteststubs. A teststubis a partialimplementation
of the taiget classthat simulatesthe neededunctionalities,andis
usuallydif cult to construct{3]. Clearly obtaininginterclasstest
dependenceasaccuratelyaspossiblemay eliminatespuriousde-
pendencethatcontrituteto cycles.In thecasesheredependence
cyclesdo exist, more precisedependencewill keepcycle sizeas
smallaspossible.

A moreprecisedependencgraphmay helpto parallelizeinte-
grationtestactiities andspeedup the testprocess.The existence
of interclasstestdependenceserializestestactvities, sinceeach
target classmust be testedbeforeits correspondingourceclass.
Classesnay be testedconcurrently(i.e., in parallel)if thereis no
dependencéetweenthem. This may resultin a shortertestpro-
cesstime frame,a very desirableoutcomebecausenary software
projectsareshort-changeéh termsof thetime allowed for testing.

Sinceinterclasstestdependencasde ned herecorrespondso
a semanticdependencéetweenclassesit is alsousefulin mary
otherareasof software engineering.For examplein programun-
derstandingknowledgeof interclassestdependencesanhelpto
pruneout unrelatedclassesin orderto understandetterone par
ticular classs behaior. Also, in softwarevisualization knovledge
of dependenceay helpto organizethe classdiagramthatis espe-
cially usefulfor visualizingalarge program.

Thecurrentnotionof interclasgestdependencis de ned based
onaclassmodelcalledthe ObjectRelationDiagram(ORD) It was
initially de ned asthe transitive closureof the relationshipsof in-
heritanceaggr@ationandassociatiorj18]; later, dependencedue

!In the paper dependenceefersto the terminterclasstestdepen-
denceif notspeci ed otherwise.



to polymorphismwereadded19]. As adesigndiagram,the ORD
cannotcapturethe detailedinformationaboutthe sourcecode. In
addition,the ORD-basedle nition only correspondso the syntac-
tical relationshipshetweenclassesandthus may introducespuri-
ousdependencesot existing in the implementation.The goal of
theresearchn this paperis to explorea semantics-basetk nition
for interclasstestdependencéhatimproves uponthe ORD-based
de nition whensourcecode(or Java bytecode)s available.
This papemalesthefollowing contritutions:
A newv semantics-basede nition for interclasstestdepen-
dence.

An algorithmto safely approximatethe new de nition, pa-
rameterizedy the precisionof the correspondingrrogram
analysis.Thusthe usercancontrol the cost/precisiorirade-
offs by varyingthe choiceof analysis.

Experimentatiorwith four versionsof the algorithm (using
four differentanalysiscon gurations)on nine Java bench-
marks.Theempiricalresultsshav thateventhemostprecise
versionof the algorithmis practical in time cost, and ef -
cientat reducingthe numberof spuriousdependencesyver
the ORD-basedle nition. Thealgorithmdiscorerstheclass
dependenceyclesaccuratelyin six out of the sevenbench-
marksamenableo manualinspection.Thealgorithmuncor-
ersadditionalopportunitiesfor concurrentestingin eachof
the benchmarkswith anon averagegain of 52.5%over the
ORD-basedle nition (seeSection5.2.)

2. ORD-BASED DEPENDENCE

This sectionintroducesthe ORD-basede nition for interclass
testdependenceThena motivating exampleshavs a spuriousde-
pendenceresentin the ORD-basedle nition. Startingfrom the
example afurtherdiscussiorof spuriousdlependencds presented.

2.1 ORD-BasedDe nition

Kung et al. were amongthe rst researcherso addressthe
classintegration test order problem[18]. They computedinter
classtestdependencbasedon the ORD, an edge-labeledligraph
wherenodegepresentlassesandedgegepresenthethreebinary
relationshipdbetweerclassesinheritanceaggreationandassoci-
ation. Figurel is asimpleexampleto illustratethe ORD de nition.
For ary two classeX andY:

inheritance:anedgelabeledl from X to Y indicateshatX is
achild classof Y.

aggr@ation: anedgelabeledAgfrom X to Y indicatesthatX
is anaggregateclassof Y, orin otherwords,Y isacomponent
classof X (has-arelationship).

associationanedgelabeledAsfrom X to Y indicatesthat X
associatewith Y.2

Kungetal. de ne interclasgestdependencasthetransitive clo-
sureof the above threerelations.It corresponds$o the reachability
relationon the ORD (i.e., classX is testdependenbn classY iff
thereis a directedpathfrom X to Y in the ORD). In Figurel, an
interclasstestdependencexists from classD to A andB, but not
to C.

Labicheet al. extendedKung's work by consideringinterclass
testdependenceausedy polymorphisni19], becausareference
variableof a classA mayreferto ary instanceof a subclasof A.
As shawvn in Figure2, adashededgeis addedfrom B to C because

2Theassociatiorin the ORD is not exactly the sameasthe associ-
ationin UML [40, 41], in whichit is amoregeneralconcept.The
mappingfrom ORD to UML classdiagramscanbefoundin [6].
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Figure 1. A simple
ORD example

Figure 2: Dependence
because of polymor-
phism

B associatesvith A and A is the parentclassof C. Dependence
correspondso thereachabilityrelationin thenew graph.In restof
this paper the ORD-basedle nition refersto Labiches extension
unlessspeci ed otherwise.

2.2 Motivating Example

As adesigndiagram the ORD doesnot capturethe detailedin-
formationof the sourcecode;also,the ORD-basedle nition only
correspondgo the syntacticalrelationshipbetweenclassesand
may introducespuriousdependencethat do not exist in the im-
plementationasshavn in the examplein Figure3.

class DeliveryHandler{

static private PrintStream outFile;
public  DeliveryHandler(PrintStream ps)
{ synchronized(getClass()) {

outFile = ps;

}
}
public  void handleDelivery

(DeliveryTransaction
{ deliveryTransaction.process();
deliveryTransaction.display(outFile);
}
}

deliveryTransaction)

Figure 3: A motivating exampleto show a spuriousdependence
presentin the ORD-basedde nition of dependence

Figure 3 shawvs a fragmentfrom the classDeliveryHandlerin
specjbbbenchmark. As shavn, two methodsof the classDeliv-
eryTransactionare called by handleDeliveryof DeliveryHandler
Somemethodsof DeliveryHandlerare also called by Delivery-
Transactionwhichis notshavn here.Thus,therearebi-directional
associatiomelationshipdetweerthetwo classesAs aresult,there
is a dependenceycle accordingto the ORD-basedle nition; the
correspondingntegrationtestplanmustdealwith this cycle, either
by stubbingoneof thetwo classeso testtheother rst or by testing
themtogetherasa cluster

However, after readingthe codein detailit canbe seenthatthe
testdependencérom DeliveryHandlerto DeliveryTansactionac-
tually doesnot exist. Thebehaior of methodhandleDeliveryis to
call process()andthendisplay(PrintSteam) The actualparame-
ter passedo display(PrintSteam)is a static eld of DeliveryHan-
dler, which is never changedn either of the two callees,so the
behaior of methodhandleDelivery(DeliveryfBnsaction)will not
be changeddueto the executionof the two methodsin Delivery-
Transaction Also, DeliveryTansactionis not usedelsavherein
DeliveryHandler soa truetestdependencé&om DeliveryHandler
to DeliveryTransactionrdoesnotexist, andDeliveryHandlercanbe
testedbefore DeliveryTransactionwithout ary needfor the extra
costof dealingwith this cycle.



2.3 Problemswith the ORD-BasedDe nition

Several kinds of spuriousdependencefound using the ORD-
basedle nition aresummarizedere.
Casel: Regardingassociatiorandpolymorphism.
Supposéhereis anassociatiomelationfrom theclassA to B or one
of B'spredecessarlassesthenAis consideredo betestdependent
on B accordingto the ORD-basedle nition. But in the following
casesainterclasgestdependencactuallydoesnot exist:
Casel.l At runtime,thereferencen A to B or B's predecessor
never pointsto a B instance.
Casel.2 Anevercallsary methodsn B, althoughtheremight be
referencdrom A to aB instance.
Oneexamplefor this casds theassociatiorffirom a Stadk classto its
containeeOhviously, theimplementatiorfor thecontaineeclassis
totally transparento the Stadk class.
Casel.3 A never calls ary methodsdeclaredin B, althoughit
might call somemethodsdeclaredn B's predecessalass.
Considerthe associatiorfrom the classHashMapto its containee
class.HashMapcalls the hashCode(andequals(Objectnethods
of the containeeclass,but if the containeaeusegshe two methods
inheritedfrom its predecessoelass(e.g., Objectclass)insteadof
overriding them,thenHashMapis not testdependenbn the con-
taineeclass.
Casel.4 A callssomemethodsdeclaredn B, but thosemethods
have noimpacton A's behaior.
Considerthe motivating examplein Figure 3. The two methods
in DeliveryTansactionarecalled,but they neitherreturnary val-
uesnhor changethe value of ary variablevisible to DeliveryHan-
dler. However, this doesnot meanthatthe calleemethodsmustbe
side-efect free. For example theexecutionof process(jn the mo-
tivating examplemight changea memoryregion readby method
display(PrintSteam) without causinga dependencérom Deliv-
eryHandlerto DeliveryTransaction

Case2:RegardingAggregation.

TheORD-basedle nition says
that aggreyation createsa test Client | rewes | Wrapper
dependenc&om theaggr@ate
classtothecomponentlassbut \jdeegaee
this is not always true. Take
thescenaricshavn ontheright Adaptee

as an example; it illustratesa
Wrapperdesignpattern1]. Sup-
posetherequestrom the Client is asynchronouandthe Wrapper
is implementechsanaggregateclassfor the Adapteefor betteren-
capsulation. What the Wrapper doesis just to relay the request
to the Adaptee thereforeit is not testdependenbn the Adapteés
implementationalthoughthereis anaggreaterelationship.

Actually, aggrgiationhasbeenuni ed into the conceptof asso-
ciationasaspecialcasein UML [40, 41]. Comparedo theregular
associationaggrgationde nes a transitve and asymmetricrela-
tionship amongthe instanceof the classeshut it doesnot auto-
matically leadto interclassestdependenceConsequentiywe do
not differentiateaggrgationspeci cally in the nev de nition and
algorithm.

3. SEMANTICS-BASED DEFINITION

We de ne interclasgestdependenceasedon semanticgo im-
prove uponthe ORD-basedle nition whenthesourcecodeis avail-
able.Informally speakingif thechangeof oneclasssimplementa-
tion may affect anotherclasss testresult,thereexistsaninterclass
test dependence.Section3.1 describeshow to safely modelthe
classtestresult, asthe basisfor the newv de nition for interclass

testdependencpresentedn Section3.2.

3.1 A modelof ClassTestResult

The processof classtestis describedrst, followed by haw to
evaluatethe classtestresult.

The Processof ClassTest. In contrasto testinga singlemethod
atatime, classtestmustexercisethecooperatiorbetweerall meth-
odsin aclass® In this respectclasstestis like testingan abstract
datatype with multiple entry points[4]. Figure4 describes typi-

calclasstestprocessasequencef CUT (i.e.,theclassundertest)
methodsinwardSeq(the rst of which is a constructor)are exer-

cised. The semanticof the CUT aresolely manifestin the return
valuesof CUT methodsand side effects on the memoryregions
outsidethe CUT instance.

InwardSey

L

.-

CUT | meniadCUT Instance

S~
By

jm ,JDut rdSeq

| Memory Regionoutside |
: CUT ingtarce <
| (EnvValue) |  J

Figure4: ClassTestProcess

Thefollowing termsareusedto describea classtestprocess:

InwardSeqdenotesthe sequencef methodcalls exercised
onthe CUT duringclasstest.

Env\alue denotesthe valuesfor the memory regions out-
side the CUT instance,and Env\alue® denotesthe initial
EnvValue beforeclasstest.

WriteOutdenotesawrite from theCUT instanceao Env\alue
It canbeary methodcall whosesideeffectchange&€nv\alue

Return\dluedenotesa valuereturnedby a CUT method.

OutStatementlenotesa statemenin the CUT producinga
WriteOutor Return\dlue

OutwadSeqdenoteshesequencef Return\dluesandWrite-
Outstriggeredby the InwardSeq

How to Evaluate ClassTestResult. Theclasstestresultis eval-
uatedin orderto make surethe CUT is implementedwith the ex-
pectedsemanticsAs describeckarlier thesemantic®f theCUT is
manifestin two waysduring classtest: Return\dlues andchanges
to ErvValue However, it is highly impracticalto track EnvValue
extensviely for evaluation.We male thefollowing claim:

Claim 1: Giventwo implementation®f a class,if the sameOut-
wardSeqis generatedor the same(EnNalue®, InwardSeg pair,
thenthetwo implementationdave the samesemantics.

Proof: Theclaim canbe provedby contradiction.
Assumethat the above claim is false, (i.e., thereare two classes

Swithout lossof generality we assumehattheaccesso ary eld
f is donevia the correspondingnethodssetf(valueandgetf().



with different semanticsbut the sameOutwaidSeqis generated
giventhesamg(Env\valug’, InwardSed pair). Becauselifferentse-
manticsmeanghatthereis differencan Return\élues or Env\alue,
and the sameOutwaidSeqassureghat the Return\dlues are the
same thusthereis a (Env\Valu€’, InwardSeg pair for which dif-
ferentEnv\Values will result. Supposeéns is the instructionwhich
causeshe rst differencan Erv\alues. SinceOutwaidSeg arethe
samefor the two classesjns mustbe outsidethe CUT. Because
Env\alues beforeexecutingins arethe samethusins mustberead-
ing from a eld f with differentvaluesin the two classinstances.
Now the methodcall getf() will returndifferentvalues,which is
contraryto the assumptiorthat Return\élues arethe samefor the
same(Env\alué, InwardSeq pair, sotheclaim s proved.

The contrapositie statemenbf Claim 1 saysthatif the CUT is
not implementedcorrectly a differentOutwadSeqwill be gener
atedfor a (Env\alu€’, InwardSeq pair, soit is safeto evaluatethe
classtestresultby observinghe correctnessf OutwardSeqonly.

3.2 Semantics-basedrormal De nition for In-
terclassTestDependence

As shavn in Section3.1,theclasstestresultcanbesafelyevalu-
atedby observingOutwadSeq Thus,we saythatthereis interclass
testdependencérom classA to B if classB containsonestatement
that can affect A's OutwadSeq The de nition is formalizedas
follows:

De nition 1. Thereis atestdependencéom classA to B if the
following is true:

9sa2 Stmt9mb 2 Method 9sb2 Stmt
(CdeclMB ; mb) » SinM(sb;mb) » CreachSA; sh) »
CoutSA; sa) » Sdep$sa;sh;A))

where
Stmtrepresentshe setof all statements;

Methodrepresentshe setof all methods;
Classrepresentthesetof all classes;

CdecIMC:Class m:Method representshe predicatehatm
is declaredn classC;

SinM(s:Stmt m:Method representthe predicatehatm con-
tainsstatemens;

CreathSC:Class s:Stmj representthepredicatehats may
bereachablevhile testingclassC;

CoutSC:Class s:Stmj representshe predicatethats is an
OutStatemen classC;

Sdep$a:Stmisb:StmtC:Clasg representthepredicatahat
statementa is semanticallydependenbn sb while testing
classC.

4. APPROXIMA TION ALGORITHM

Unfortunately it is impossibleto computedependenceaccord-
ing to De nition 1. Oneobvious problemis thatthe semanticde-
pendenceredicate(Sdep$is undecidable Podgurskiand Clarke
presentheideaof weaksyntacticdependencasasafeapproxima-
tion for semanticdependencf29]; however, it is extremelycostly
to computeweaksyntacticdependenceetweenstatementsin or-
derto have a practicalimplementationywe approximatesemantic
dependenceat method-leel granularity and designthe approxi-
mationalgorithmaccordingly

4.1 Approximate De nition

A o w-insensitve approximationis used: insidea method,the
relative position of statementss ignoredand eachuseis consid-
eredto be semanticallydependenbn ary de nitions in the same
method. If somestatemeninside methodma is semanticallyde-
pendenton somestatemenin methodmb, we saythatary state-
mentin mais semanticallydependenbn ary statementin mh
Therefore semantiddependenceanbepropagate@tmethod-leel
granularityon the call graph. Obviously, the precisionof the call
graphin uencesthe computatiorfor interclassestdependence.

Conseratively assumingecachmethodin the call graphmay af-
fectthe OutwaidSeqof its class,interclasgestdependenceanbe
safelyapproximatedasfollows:

De nition 2: ClassA is consideredo betestdependenbn B ac-
cordingto our approximationf thefollowing is true:

9ma 2 Method: 9mb 2 Method
(CdecIMB ; mb) » CreadiM(A; mb) »
CentryMA; ma) » M depM (ma; mb;A))

where

CdeclIMandMethodarethe sameasin De nition 1;
CentryMC:Class m:Method representshe predicatethat
mis amethodexercisableona C instancem canbedeclared
in C or oneof C's predecessalasses;

CreadiM(C:Class m:Method representshe predicatethat
methodm is reachabldrom classC (i.e., m may be called
while testingC);

MdepMma:Method mb:Method C:Clasg representthepred-
icatethatwhile testingclassC, methodmais consideredo
be semanticallydependenbn methodmb accordingto our
approximation Althoughit is anapproximationyve referto
it assemantiadependencéor brevity in laterdiscussions.

ExaminingDe nition 2, we canintroducethe predicateCdepM

CdepMA; mb)  9ma 2 Method(CreaciM(A; mb)
CentryMA; ma) » MdepMma; mb; A)).

Informally speakingCdepMC:Class m:Method meanghatclassC
is dependenbnmethodm (i.e.,onemethoddeclaredn C is seman-
tically dependenbn m while testingC). Using CdepM De nition

2 canberewritten asfollows:

De nition 3: ClassA is consideredo betestdependenbn B ac-
cordingto ourapproximatiorif 9mb 2 Method(CdecIMB ; mb)»
CdepMA; mb)):

4.2 Calculating Inter classTestDependence
As shavnin De nition 3, themainstepfor theapproximatioral-

gorithmcalculatingnterclasgestdependencis to computeCdepM

Figure 5 shaws the constraintsusedto computeCdepMin Data-

log [17],

where
CentryM CreadiM andCdepMarede ned previously.
call*(m:Method,i:Method)representthepredicatehatmethod
m callsi directly or indirectly.
MretM(m:Methodi:Method)representthepredicatehatmethod
callsmdirectly andreadsthereturnvalueof m.
Mread,Mwrite(m:Method,o:AbstctNodef:Field) represent
the predicateghatm may readfrom or write to the abstract
memoryregiono.f, respectiely. Thetwo predicatesreused
to calculateintermethodsemanticdependencelue to side
effects(Seebelav for moredetails).



CentryM(c:Class,
CreachM(c:Class,
call*(m:Method, i:Method) input
MretM(m:Method,  i:Method) input
Mread(m:Method,  o: AbstractNode,

m:Method) input
m:Method) input

f:Field) input

Mwrite(m:Method, o: AbstractNode, f:Field) input
CdepseM(c:Class, m:Method)
CdepM(c:Class, m:Method) output

(0)CdepM(c,m):-
(1)CdepM(c,m):-
(2)CdepM(c,m):-
(3.1)CdepseM(c,m):-

CentryM(c,m).
CentryM(c,i),CreachM(c,m),call*(m,i).
CdepM(c,i),MretM(m;,ji).
CdepM(c,i),CreachM(c,m),
Mread(i,o0,f),Mwrite(m,o,f).
CdepseM(c,m).
CdepseM(c,i),CreachM(c,m),call*(m,i).

(3.2)CdepM(c,m):-
(3.3)CdepM(c,m):-

Figure5: A Datalog Program to Compute CdepM

CdepseM(C:Clasan:Method)representshe predicatethat
classC is dependenbn methodm dueto side effects (See
below for moredetails).

A classis dependenbn all the methodsexercisableon its in-
stancessoCdepMis initially equalto CentryM asshavnin rule 0.
In rules1-3,thedependencda CdepMpropagatéo othermethods

becauseof the existenceof inter-methodsemanticdependences.

Therearethreecausedor inter-methodsemanticdependencegne
dueto sideeffectsandthe othertwo dueto call relations:from the
callerto the calleeandfrom the calleeto the caller

Rule 1: From CalleeTo Caller. Thecalleeis consideredo bese-

manticallydependenonthe caller, becausét is controldependent
on the call sitein the caller ConsequentlyCdepMalso contains

thosemethodswhich may call C's entry method(s)andarereach-

ablefrom C.

Rule 2: From Caller To Callee. Becauselazais call by valug
ignoring the existenceof sideeffectsthe calleris consideredo be
semanticallydependenbn the calleeonly if it readsthe valuere-
turnedby the callee(i.e., MretM(calleecaller)). If sideeffectsex-
ist, rules3.1-3.3areapplied.

Rules 3.1-3.3: Side Effects. Thereare inter-methodseman-
tic dependencedueto sideeffectsbecausalifferentmethodsmnay
accesshe samememoryregion on the heap(i.e., the sameobject
elds, arrayitemsor global variables) In our approximational-
gorithm,methodmais consideredo be semanticallydependenon
mbif mareadsrom amemoryregionthatmbmaywrite to. Thisis
a o w-insensitve approximatiorbecausét disregardsthe orderof
thereadsandwrites. As shavn in rule 3.1, if methodi is semanti-
cally dependenon m dueto sideeffects,andclassC canreachm,
thenthe dependencef C oni resultsin adependencef C onm.

The dependencef classC on methodm dueto side effectsis
storedin CdepseMrst, andpropagatedo CdepMatrule 3.2.1f C
is dependenbn m dueto sideeffects,C is alsodependentnthose
methodgeachabldrom C thatcall mdirectly or indirectly. There-
fore, we useCdepseMo calculatethesedependencessshavn in
rule 3.3.

ClassC is alsodependentn methodmif mis reachabldrom C
andchangeoneof C's static elds or a C objects elds. Thisis
handledn thesameway assideeffects. Theruleis notshavn here
for brevity.

“Thereis alsoa semantidependencéom methodmato mbif ma
calls mb directly or indirectly and mb changeshe program o w
viewableby ma(e.g. mbcalls System>dt(int) or throws anexcep-
tion viewableby ma). This semantiadependence modelledand
dealtwith in asimilar way asthatdueto sideeffects.

Algorithm. Thealgorithmis parameterizetly theprogramanaly-
sisusedto calculatethe call graphandsideeffects.More detailson
call graphprecisionarepresentedh Sectiond.3. Points-toanalysis
approximateshe memoryregionson the heapa methodaccesses
(Mread Mwrite) in orderto evaluatethe inter-methodsemantiade-
pendencesausedy sideeffects. A memoryregionis represented
as a (AbstractNode Field) pair. AbstiactNodeis determinedby
the resultsof points-toanalysis;its representatiorcan be, but is
not limited to, an allocationsite, a classor an array Field cor
responddo the eld of the classor the index of the array which
canbeignoredif eld-insensitive analysisis usedto propagatese-
manticdependencen ourimplementationpecausef the lack of
an appropriatestaticanalysisalgorithm, the arrayindex is always
ignoredandall itemsof anarrayareregardedasa singleunit.

The rulesin Figure5 de ne the problemby a setof recursve
equations.In Datalog,a x ed-pointiterationis usedto solve the
setof rules(e.g.,achangeo CdepMatrules2, 3.2 or 3.3causes
re-evaluationof rules2 and3.1; similarly, achangeo CdepseMat
rule3.1causese-evaluationof rules3.2and3.3). Rulesareapplied
until a x edpointis reachedThe nal resultfor CdepMis usedto
calculateinterclasgestdependencaccordingto De nition 3.

Notethatintermethodsemanticdependencis notsimplyatran-
sitive closureof the relationsexpressedn theserules. In Figure6,
methodsmaandmb both call mc. mareadsthe valuereturnedby
mcandthusis consideredo be semanticallydependenbnmc. mb
callsmcandthusmcis consideredo besemanticallyjdependenon
mb. Barringtheexistenceof ary otherrelations(i.e.,call or sideef-

’ma%mb‘

a—»b aissemantic dependent on

a—>b a allsb

Figure6: An example

fects)amongthethreemethodsphviously nosemantiaependence
existsfrom mato mh.

4.3 PrecisionOf Call Graph

Thecall graphdetermineghe precisionof mary predicatesised
in Figure5 (e.g., CreadiM, Call*). We implementedan object-
sensitve points-toanalysig25] to constructanobject-sensitie call
graph. We further improved the precisionof call graphby im-
plementinga datareachabilityanalysis[9] to resol\e library call-
backs.

Context-Insensitive vs. Object-Sensitive Call Graph. In previ-

ouswork, 0-CFA [33, 30, 21] wasthe mostprecisepoints-toanal-
ysis we usedto computeinterclasstestdependenc§45]. 0-CFA

generates contet-insensitve call graph,in which thereis atmost
onenodefor eachmethod.Useof 0-CFA resultsin mary spurious
interclasstestdependencessillustratedin the examplefrom the
specjbbbenchmarkshavn in Figure?.

AsciiMetricsis asubclas®f Metricsandoverridesmethodwrap
(String) Methodoutputproperly(String)is invoked both on Met-
ricsandAsciiMetricsinstancessoin acontet-insensitve call graph
bothAsciiMetrics:wap (String)andMetrics:wrap (String)appears
asits callee andthepredicateCreachiM(Metrics,AsciiMetrics:wrap
(String)) will be true, as shavn in Figure 8. Also becauseout-
put.properly(String)callsandreadsthereturnvalueof wrap, there
will beinterclasgestdependencérom Metricsto AsciiMetricsac-
cordingto therulesO and2 in Figure5.

Ohviously, outputproperly(String)invoked on ary Metrics in-



class Metrics{
public  void output_properly(String s)
{buf.append(this.wrap(s)); }
public  String  wrap(String S)
{ retun  ("<h1>" + s + "</h1>"); }
}
public class AsciiMetrics extends Metrics{
public  String  wrap(String S)
{ return s + "\n";}
}
Figure7: Impr ecisionof context-insensitive call graph
ethod; Methot
reachgble reachable
from NMetrics from iiMetic from Metrics from AsciiMetrics
Metrics: [m,Metrics: [am,Metrics:
output_propely output_propely] output_propaly]
Metrics: || AsciiMetrics
wrap wrap . .
[m,Metricswrap] [am,A\;ch;g‘l\]/]lemcs
Figure 8: Context- Figure 9: Object-

Insensitive Call Graph Sensitive Call Graph

stancewill call Metrics:wrap (String)insteadof AsciiMetrics:wiap
(String), andin this case the correspondindgnterclasstestdepen-
dencefrom Metrics to AsciiMetricsis spurious. We usedobject-
sensitve points-toanalysisto eliminatethis spuriousdependence.

The key ideaof object-sensitie points-toanalysisis to analyze
a methodseparatelyfor eachof the object namesthat represent
differentrun-time objectson which this methodmay be invoked.
In our implementation,an objectis namedby its allocationsite.
In the generatedbject-sensitie call graph,eachmethodmay be
representetby multiple nodeswith differentallocationsitesasits
calling contets (i.e., differentrecever objects).Eachnodehasthe
form of [allocation site methodsignatue]. Backto theexamplein
Figure7, supposan andamaretwo allocationsiteswith type Met-
rics and AsciiMetricsrespectiely, and outputproperly (String) is
invoked on both of them. The correspondingbject-sensitie call
graphis shawvn in Figure9, from which we canseethatthe pred-
icate CreadiM (Metrics,AsciiMetrics:wap (String)) will be false,
andtherewill notbeaninterclasgestdependencéom Metricsto
AsciiMetrics

Theprogrammingdiom hereis very typicalin OO applications.
In ourexperimentalndings, afterapplyingobject-sensitie points-
to analysisthe classtestdependenceyclescanbedeterminedac-
curatelyin four morebenchmarkshanwith the context-insensitve
analysis. Thereare other call-site-basedontet-sensitve points-
to analysesuchask-CFA andcloning-basednethod[10, 31,43];
however, becausef the existenceof truly polymorphiccall sites,
theinaccurag encountereth thisexamplecannotefully resohed
by thoseanalysesvithout usingobjectsensitvity.

Data Reachability Analysis Resole Library Call-backs Al-

thoughwe are only interestedn dependencebetweenthe appli-

cation classesthe effects of the Java library have to be consid-
ered: (i) two applicationmethodscalling relatedlibrary methods
may be semanticallydependenbn eachotherdueto side effects
in thelibrary; (ii) oneapplicationmethodcalling a library method
mayreachandsemanticallydependn anotherapplicationmethod

becauseof library call-backs. The library call-backsmay intro-
duceinaccurayg becausén boththe contet-insensitve andobject-
sensitve call graphs,informationfrom differentcall sitesmay be
megedin the Java library. For examplein Figure 10, at runtime
methodX:appendA(pnly reached\:toString()throughthelibrary.
In acontet-insensitve call graph,String:valueOf(Objectgallsboth
toString() methods;consequentlyX:appendA()is seento reach
B:toString()mistalenly. Thisinaccurag alsoexistsin object-sensitie
call graphbecausestring: valueOf(Object)s a static method,and
it cannotbe analyzedseparatelyaccordingto differentobjectsas
calling contexts. ®

X: appendA(){
Ay
SringBuffer:append(Object)(a);

Y: appendB(){
Bb;

SringBuffer:append(Object)(b);
}

StringBuffer:append(Object;

Java Library

String:valueOf(Object)

Figure 10: Call Graph For StringBuffer:append(Object)

A:toString()

We solvedthis problemusingdatareachabilityanalysiq9]. Data
reachabilityanalysiscalculateshe methodsreachabldrom a call
site. We designedand implementeda variation of V-DataReab
presentedn [9]. In ourimplementationdatareachabilityanalysis
hasaccesdo the resultof a (global) points-toanalysis. At each
call site from an applicationmethodcalling a library method,a
call-site-speci cpoints-toanalysisis performed. In this analysis,
we calculatea setof local objectsthat are createdduring the call
anddestryed afterthe call returns. As with ary datareachability
analysisasub-callgraphreachabldrom thecall siteis constructed
onthe y . Thelocal objects'points-toinformationis computedoy
apoints-toanalysighatuseshesub-callgraphunderconstruction;
(nondocal) objects' points-toinformation comesfrom the global
points-toanalysis Eventually datareachabilityanalysiscalculates
the possiblecall-backsto applicationmethodgor eachsite calling
alibrary method.

5. EXPERIMENTS

We implementedan object-sensitie points-toanalysis,a data
reachabilityanalysisandthe algorithmto calculateinterclasstest
dependenceWe experimentedon nine benchmarksincluding all
eightbenchmarksrom SPECjvm9& and SPECjbb2000. All ex-
perimentswere run on 2.8GHz Pentium-1V 1.5GB-memoryPC
with Linux 2.4.20-13.9andSUN JVM 1.4.103-b02.

5.1 Experimental Setup

The implementationframevork hastwo separatemodules,as
shawvn in Figure11. The rst moduleusesthe Java analysisand
transformatiorframenork, Soot[32] version2.2.1;thesecondises
a BDD basedsolver, bddbddb[43, 16]. Thereis alsosomepost-
processindor evaluation.

SA variationof the object-sensitie analysiscanactuallysolve this
particularproblem: a staticmethodis analyzedseparatelyaccord-
ing to eachof its caller's calling context(s). But this variationwill
slow down the object-sensitie analysisgreatly andcannotresohe
theinaccurayg asgenerallyasdatareachabilityanalysis.
Shttp:/ivww.spec.og/jvm98/

"http:/ww.spec.og/job2000/



Thetaskof the rst moduleis to generateconstraintausingthe
resultsof somefundamentaprogramanalysesTheconstraintsare

Java
Program III
(bytecode) Il

BytecodeAnalyss &
Condraint Generation
(Soo}

congtraints as|
relations iL { AVA

Points-to Analysis&
Dependence Rehutiol
(bddbddb)
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(SCC countert)

Figure 11: Framework

representedsrelations,andbasicallyincludethe following infor-
mation:

Staticinformationfor the class:its inheritancerelations;the
elds andmethodst declaresetc.
Pointerassignmenedges:assignmentstore,load andallo-
cationedges.

Side-efectinformation:the elds of referencevariablesand
theglobalvariablessachmethodreadsfrom or writesto.
Thecall relationbetweermethodsthe CHA (classhierarchy
analysis)call graph[8], andwhetherthecallereverreadsand
useshereturnvalueof callee.

Basedon the constraintsthe secondmoduleperformsthe anal-
yses(points-toanalysisanddatareachabilityanalysis)to generate
thecall graphandtheconcreteside-efectinformation:thememory
regionson the heapeachmethodmayaccesgreador write). Then,
interclasgestdependences calculated.

Theframework is parameterizethy the choiceof analysesand
differentanalysesanbe appliedto balancethe trade-of between
ef ciency andprecision.In our experimentswe usethe following
four analysiscon gurations,in orderof increasingprecision:

VTA: variabletype analysis. The tamget nodesin the pointer
assignmengraphareclasstypes,notallocationsites[35]. In
Sooft thecall graphis notconstructecdbnthe y for VTA;
OCFA: a eld-sensitive, 0 w-insensitve andcontet-insensitve
points-toanalysigaform of 0-CFA) [33, 30, 21]. In Soot the
call graphis constructedbnthe y for OCFA;

OB: a eld-sensitive, o w-insensitve and contet-sensitve
points-toanalysis. Eachmethodis analyzedseparatelyfor
the objectnameson which this methodis invoked [25], and
eachobjectis namedby its allocationsite;

OBR object-sensitie points-toanalysisis usedto construct
theinitial call graphandcalculatesideeffects. Then,thedata
reachabilityanalysis[9] presentedn Section4.3 is applied
in orderto resole library call-backs.The points-toresultsof
the object-sensitie analysisare alsousedasa lter during
thecall-site-speci cpoints-toanalysis.

5.2 Results

Threesetsof questionsieedto beansweredn orderto evaluate
theresultsfor the semantics-basetk nition computed:
How mary spuriousdependenceare eliminatedaccording
to the given algorithm, and how do theseresultsvary with
differentanalysiscon gurations?

How dotheresultsvary in termsof cyclesin thedependence
graph?This questionis importantbecauset is dependence
cycles that complicatethe issuesof determiningclasstest
orderanddesigninganef cient integrationtestplan.

How canwe effectively evaluatethe improvementin thein-
tegrationtestplan?

The experimentswere designedio answerthe above questions
andthe correspondingndings areshawn in this section.

Spurious Dependenced-igure 12 shavs the normalizeddatafor
the numberof computednterclasgestdependences hey-axisis
the percentag®f the numberof dependencesomputedaccording
to the given algorithm, divided by the numbercomputedaccord-
ing to the ORD-basedde nition. As expected,the VTA con g-
urationresultsin the largestnumberof dependencefn average
56.70%o0f the dependencein the ORD-basedle nition), i.e., the
leastnumberof spuriousdependencesliminated. 0OCFA, OB and
OBRamountto, on average 32.17%,25.09%and24.46% respec-
tively.

DependenceCycles Table 1 shows the size of eachcycle in the
testdependencgraph. Eachbox containsa sequencef decreas-
ing numberghatcorrespondo thesizeof all cyclesfor eachbench-
mark computedwith a particularalgorithmcon guration. We also
computeddependenceyclesaccordingto the ORD-basedle ni-
tion andthe resultsare shavn in column ORD. If the computed
resultis accurateaccordingto manualinspection,the numberis
shavn in underlinedbold font. The numberof total application
classess alsoshavn in parenthesesext to the benchmarkname.
Takingtheraytracebenchmarkasanexample,it has41 application
classes. Thereare threedependenceycles accordingthe ORD-
basedde nition, containingl8, 4 and2 classesespectiely. Ac-
cordingto the given algorithmwith the VTA con guration, the 4-
classand2-classcyclesdo not exist, andthe 18-classcycle shrinks
tothesizeof 16. Accordingto the OCFA con guration,the 16-class
cycle breaksinto one8-classcycle, one4-classcycle andwith the
four remainingclassesiotin ary cycle. Accordingto the OB and
OBR con gurations, the 8-classcycle further shrinksto the size
of 7, andthe 4-classcycle no longerexists, which is accurateby
manualinspection.

ORD | VTA OCFA | OB OBR
compress(28)| 6,4,4 | 5,3 3 3 3
jess(163) 147,4 | 139 96 94 90

raytrace(41) | 18,4,2 | 16 8,4 7 7
db(20) 10 6 5 0 0

javac(184) 169 161 161 142 134
mpegaudio(60)| 44 37 6,32 |0 0
mtrt(41) 18,42 | 16 8,4 7 7
jack(69) 44 762274227 7
jbb(104) 79 49 3,3,2 2,2 2

Table 1: Sizeof Dependencecycles(bold meansaccurateresult)

The sourcecodefor javacandjack is not available,sowe could
not manually determinethe accuratesolutions. Out of the other
seven benchmarkswe found that the OBR con guration deter
minesthe classesn the cycle accuratelyin six benchmarkgi.e.,
all exceptjesy.

As for the jessbenchmarka lot of inaccuraciesverefoundto
resultfrom the useof java.util.Hashtable Hashtableelementsare
internally storedin anarray In our implementationan objectis
namedby its allocationsite. Thus, differentHashtableinstances
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Figure 12: Number of Inter classTest Dependenceg:axisis the percentageof #(dependencesccording to the given algorithm) divided by #(dependences

according to the ORD de nition)

sharethe sameallocationsite for the array andall theinformation
passinghroughit will be meged. The presentediatareachability
analysiscannotsolve the problemeither becausehe arrayis not
a local objectfor the call-site-speci c points-toanalysis,and its

points-toinformationcomesfrom the global points-toanalysis.A

more precisenamingschemefor objects(e.g.,a contet-sensitve

namingschemeto distinguishthe different objectscreatedat the
sameallocationsite) may solve the problem.

ComparingTable1 to Figure12, the improvementfrom OCFA
to OB is modestin the numberof dependencedyut it is interest-
ing to seethat OB accuratelycan nd cyclesin ve benchmarks,
while OCFA doessoin only one. Thisis mainly because context-
insensitve call graph may causespuriousdependencebetween
closely relatedclassesand elimination of thosespuriousdepen-
dencewusuallycausegyclesto shrink. Recallthe examplein Fig-
ure 7, classAsciiMetricsis a subclasf Metrics and overridesa
methodin Metrics causinga spurioustestdependencérom the
parentclass(e.qg., Metrics) to the child class(e.g., AsciiMetric9.
Thechild is oftenfoundto be dependenon the parent,sodeletion
of thespuriousdependencéom the parentto thechild by usingan
object-sensitie call graphusually breaksthe cycle andimproves
precision.

Maximum Path Weight By eliminating spuriousdependences,
moreclassesnaybetestedn parallelto speedup thetestprocess.
Testingis often doneon a very tight timetable,so we estimated
theminimumtime spanneededor classintegrationtestto evaluate
the possibleimprovementin the testplan. We usedthe following
considerationsndassumptions:

If adependenceycle exists, the classesn the cycle arein-

tegratedtogetheiin onestepandtestedasa cluster As men-

tionedin Sectionl, therearetwo approacheso handlede-

pendenceycles,oneis to testclassesn acycle asa cluster
andthe otheris to breakcyclesby constructingtest stubs.
We assuméheformeroccursbecauseisuallyit is preferable
notto constructeststubsto simulateclasseshatarealready
implemented.

For simpli cation, we assumea uniform time costfor each
classdenotecasoneunit of cost.
Basedntheconsiderationhatthetime costto testall classes
in acycle (i.e., clustertest)increasessthesizeof thecycle

2R,

Figure 14: DAG with
WeightedNode

Figure 13: Class De-
pendenceGraph

increaseswe assumehatthe costis alinear function of the
siz€, i.e., it costn units to testa n-classD cycle. Conse-

8Actually,the costto testa cycle usually increasesnore quickly
thanthe size doesbecausef the broadenedestfocus; howvever,
the linear assumptionalbeit simple, is safeand good enoughto
illustratetheimprovementin theintegrationtestplan.



quently givenaclassdependencgraph by condensingach
strongly connecteccomponeninto a single node,the time
costfor testingeachclassandclustercanbeshavn in aDAG
with weightednodes.Take Figurel3asanexample.ltisa7-
classdependencgraph,with eachnodelabeledby the class
name.Figure 14 is the correspondingveightedDAG. Each
nodecorrespond#o aclassor acycle andits weightis shavn
in the parenthesige.g.,nodeBCD correspondso the cycle
containingclasse®, C andD, andits weightis three).

A classor clustercanbetestedwhenall classesndclusters
it is dependenon have beentested.
Differentclassesandclusterscanbetestedn parallelif there
is no dependencbetweerthemsothatthe time spanfor in-
tegrationtestcanbereduced Of coursejt requireghatthere
aresufcient resourceso do so. For examplein Figure14,
cycle BCD andclasskE canbetestedin parallelaftertesting
A. Accordingto our assumptionstestingE nishes earlier
thantestingcycle BCD, thenF will betestedn parallelwith

thecycle.
ORD OBR
Max Path | Unit | Max Path | Unit | Gain
compress | (6)+(4)+(4)| 14 3+(3) 6 57.1%
jess (147)+(4) | 151 | 4+(90) 94 | 37.7%
raytrace | 1+(18)+(4)| 23 6+(7) 13 | 43.5%
db 1+(10) 11 6 6 45.5%
javac 1+(169) 170 | 4+(134) | 138 | 18.8%
mpegaudio 2+(44) 46 17 17 | 63.0%
mtrt 1+(18)+(4) | 23 6+(7) 13 | 43.5%
jack 2+(44) 46 6+(7) 13 | 71.7%
jbb 3+(79) 82 7+(2) 9 | 89.0%
average| 52.2%

Table 2: Maximum Weighted Path

Basedon the abave assumptionsthe maximumpathweightin
the DAG correspondgo the minimum time spanneededfor the
classintegrationtest. We usedthis metricto illustratethe possible
improvementin thetestplan. In Table2, themaximumpathweight
for interclasstestdependenceomputedwith the OBR con gura-
tion is comparedagainsthatwith the ORD-basedle nition. Col-
umn Max Path describeshe maximumweightedpath;the number
in the parentheseepresentshe sizeof cycle onthe path. Column
Unit is the total weightfor the pathin units. For example,in Fig-
ure 14, the maximumweightedpathis A-BCD-G, soit will bede-
scribedas2+(3), meaningherearetwo singleclassesnda 3-class
cycle on the path, whoseweightis 5 units. Column Gain illus-
tratesthe possibleimprovementin the classintegrationtestplanin
termsof minimumtime spanneededthatis, the percentagef the
differencebetweerthe two pathweightsdivided by the maximum
pathweightin the ORD-basedjraph. The averageimprovementis
52.2%.

5.3 Time Costs

Table3 shavs thetime costsfor theanalyse®nall benchmarks.

Points-toanalysedor VTA and OCFA werebasedon Soot all the
other analyseswere implementedand run in bddbddb We also
implementeda OCFA in bddbddb andits time costwassimilar to
the Sootimplementation.

Ouranalysisalways nishesin lessthan35 minutes.We believe
thatthe costof automaticdependencanalysiscanbejusti ed by
theresultingimprovementin theintegrationtestplan. For example,

thereis a 44-classcycle in the mpgaudiobenchmarlaccordingto
the ORD-basedle nition. After runningour analysiswith the OB
or OBR con guration in minutes,the whole cycle is found to be
spurious.Thus,therewill beno extra costto handlethatcycle. In
theimprovedtestplan, the reversetopologicalorderin the depen-
dencegraphgeneratedhy the OB or OBRcon gurationcanbeused
directly asthe classtestorder The analysisis ef cient, in thatthe
averagetime our analysitakesto decreas¢heminimumtime span
neededy oneunitis lessthan50 secondsn theworstcasegjavac).

Mor e Details. In Java, java.langStringBufer is usedwidely to
handlemostStringoperationsandall informationpassinghrough
it will be melgedin a contet-insensitve analysisasillustratedin
Figure 10. Consequentlywe choseto groupall StringBufer al-
locationsitesasa singleobjectin OCFA, becausét decreasethe
computationtime without decreasinghe precision. This inaccu-
rag is resohedin OBR sothegroupingwasnot performed.

Thepoints-toanalysisn OBandOBRis thesameobject-sensitie
analysis.It constructsan object-sensitie call graphonthe y and
costsmore than OCFA. The order of magnitudehigher cost for
object-sensitie points-toanalysisis justi ed. becauséOB deter
minescyclesaccuratelyin four morebenchmarkshanOCFA, Data
reachabilityanalysigs relatively time consumingtoo. Its time cost
is relatedto thenumberof callsto theJavalibrary. For example jbb
hasthemostcallsto thelibrary, 2513,while compesshastheleast,
822,andthecorrespondingime costsfor thetwo benchmarkstiata
reachabilityanalysisarethe largestandthe smallest,respectiely.
In the currentimplementationall callsto thelibrary areanalyzed.
As futurework, wewill try toimprove ef ciency by only analyzing
suspiciougalls (e.g.,the callsmay causdibrary call-backs).

Thecomputatiorto solve for interclassestdependencis rather
inexpensve. Basically the moreprecisethe points-toanalysesthe
lesstime thedependenceesolutionprocessakes,becausé¢hecall
graphis smallerandmoreprecise.

6. RELATED WORK

6.1 Class Integration Test & Interclass Test
Dependence

Therehave beenmary algorithmson computingoptimal class
testorderbasedon interclassestdependencen orderfor anef-
cientintegrationtestplan[18, 19, 36, 39, 7, 6, 5, 12]. The algo-
rithmswere mainly designedo reducethe numberof constructed
teststubsin orderto resole the complicationsintroducedby de-
pendencecycles. They differ in how to choosedependenceto
eliminateto breakcycles.

Bottom-upintegrationis assumecdy all the abose papersand
alsothis paper:thetamgetclass/clusteof thedependences always
testedbeforethe source.Cornversely top-davn integrationoccurs
whenanearlyteston the sourceclass/clusteis performed put the
target hasnot yet beenimplemented26]. Top-dawvn integration
incursagreatercost,to constructeststubs soit is usuallynot pre-
ferred, especiallywhenan implementatiorfor the tagetis avail-
able. As for clustertest, Big Bangand Backboneintegration [2]
canbe usedto testcloselyrelatedcomponent®n dependencey-
cles.lt is beyondthescopeof this paperto discussn detailhow to
constructeestsuitesfor clusters.

To date,all theapproachefor classintegrationtestusedsimilar
ORD-basedle nitions for interclasstestdependence Our work
cangreatlyimprove testplan designandtestorderingalgorithms
by pruningoutspuriousdependencessshavn in ourexperiments.

Ourworkis closelyrelatedto Milanova's andRyders[24], which
usedpoints-toanalysido generat&ExtORD anextendedORD. The
ExtORDincorporatepolymorphisminto the ORD by addingclass



VTA OCFA OB OBR

points-to | dependence| points-to | dependence| points-to | dependence| points-to | reachability| dependence

compress 203.6 57.4 86.6 15.1 359.7 9.0 359.7 455.3 35
jess 242.5 107.9 88.8 25.4 1176.4 15.3 1176.4 536.5 14.9
raytrace 225.3 55.0 80.8 19.3 371.1 9.6 371.1 509.7 4.9
db 208.4 56.1 79.5 16.9 357.8 13.6 357.8 476.0 5.3
javac 267.4 40.0 97.6 49.9 696.1 255 696.1 836.4 29.3
mpegaudio 223.1 59.4 103.5 22.2 810.7 11.6 810.7 477.5 6.9
mtrt 210.4 53.9 94.8 19.1 366.4 14.1 366.4 497.5 55
jack 289.8 72.7 93.6 21.6 442.5 12.1 4425 568.6 11.9
jbb 242.2 82.7 96.0 38.9 445.9 16.4 445.9 1512.6 25.7

Table 3: Time Costs(in seconds)

associationascalculatedby points-toanalysis.Usingthe ExXtORD
ratherthanthe ORD asa basisfor a de nition of dependencenm-
provesprecisiondueto there ned binaryrelationshipsalculated.
The main differencewith our work is thatan ExtORD-basedlef-
inition of classtestdependenceoesnot capturethe sameseman-
tic dependenceasdoesour de nition. As illustratedin Figure 3,
interclassestdependences not necessarilymplied by the binary
relationshipsn the ORD or ExtORD.An ExtORD-basedle nition
of classdependenceannoteliminatethe spuriousdependenceis
Cased.2,1.3,1.4and2 summarizedn Sectior2.3. Referencé24]
usedthereductionratein averageclass r ewall ([18]) sizeto mea-
sureimprovementover the ORD. A class re wall for ClassAis a
setthatcontainsall classe®nwhich A is testdependentTo com-
parewith the ExtORD results,we calculatedhe reductionratefor
the two commonbenchmarksjavac and mpeyaudia The reduc-
tion ratesare 15.1%and 42.1%in [24], while our corresponding
ratesare23.0%and67.0%for the OCFA con gurationand37.3%
and 78.3%for the bestcon guration (OBR. We usedthe ORD-
basedle nition asthebaselindor comparisonbecausé hasbeen
widely usedn classintegrationtest. As futurework, we will empir
ically investigateourimprovementover [24] on morebenchmarks.

6.2 Program Dependence& Slicing

PodgurskiandClarke presented formal, generaimodelof pro-
gram dependence[29].Two generalizationgor control and data
ow dependencecalled weak and strong syntacticdependence,
wereintroducedandrelatedto the semanticdependencéetween
statementsWeak syntacticdependencwas shavn to be a neces-
saryconditionfor semanticdependence.

Program Slicing. A programslice consistsof a setof program
statementthatpotentiallyaffectthevaluescomputedatsomepoint
of interest,referredto asa slicing criterion. Programslicing was
originally presentedy Weiserin 1979[42]. Several approaches
have beenproposedo computethe slicesstatically [37, 44]. Ot-
tensteinand Ottensteinrestatecthe problemin termsof a reach-
ability problemon a program dependencgraph [27]. Horwitz,
RepsandBinkley introducedthe SDG(systemdependencgraph)
for interproceduralslicing [15], and designeda two-passtraver-
sal algorithm. SDGhasbeenwidely usedin slicing andimproved
in variousaspects:to representarbitrary inter-proceduralcontrol
o w [34]; to handlemulti-threadedorogramg14]; to improve the
precisionon programswith pointersusingequialenceanalysig23],
etc.

OO0 Slicing. LarsenandHarroldinitially extendedthe SDGto
supportobject-orientegprogramg20]; the representatiomasim-
provedby LiangandHarroldin termsof precisiomandef ciency [22].
Tonellaet al. introducedthe resultsof points-toanalysisto help
dependencanalysishandlepointersand polymorphiccalls [38].

Hammerand Sneltingimplementedan improved slicer to handle
the casein which nestedbjectsareusedasactualparametergl1].

Issue of Practicality. Onemajor differencebetweenthe abore
staticslicing algorithmsandthe semanticddependenceomputation
in ouralgorithmis theissueof practicality They computedseman-
tic dependenceat statement-heel granularity whereaswe com-
pute semanticdependencat method-leel granularity The cost
for the statement-heel approachess substantiallyhigherin terms
of bothtime andspace.In addition,sincewe analyzethe Java li-
brary method-leel granularityseemsmorepractical. Considering
the Java 1.4 library, even the smallestbenchmarkin our experi-
mentshasmorethan 600 classesand 3000 methodsin the 0-CFA
call graph. To the bestof our knowledge, therehasnot beenan
ef cient slicingimplementatiorfor awhole Jasa programwith the
Java 1.4 or newer library. Also, we usedthe object-sensitie call
graphto improve our analysistherehasnot beenanef cient slic-
ing implementatiorusinga contet-sensitve call graph.

Our approachto tradeoff precisionfor practicality appeargso
be feasiblefrom our empiricalresults. Also, becausef the o w-
insensitve approximationour approactcanbe directly appliedto
multi-threadedrogramswhile mary slicing algorithmscannot.

6.3 Points-to & Data Reachability Analysis

Thereis awide variety of referenceandpoints-toanalysesvhich
differ in termsof costand precision. An in-depthdiscussionon
the dimensionsof referenceand points-toanalysiscan be found
in [31, 13]. In our currentexperiment,we mainly usedvariable
type analysis[35], a form of 0-CFA [33, 30, 21] and an object-
sensitve points-toanalysig25].

Datareachabilityanalysiscalculategshe methodsor call chains
reachabldrom a call site. Referencq9] presented detaileddis-
cussionon datareachabilityanalysisfor Java. We designedand
implementeda variationof V-DataReah. Theimprovementin our
approachs thatwe calculatedhe setof local objectsfor eachcall
site, whosepoints-toinformation comesfrom a call-site-speci c
points-toanalysis.

7. CONCLUSION

We have presentedh nev semantics-basede nition for inter
classtestdependenceWe have designedandimplementeca safe
approximatelgorithmto propagatsemanticlependencatmethod-
level granularity We have experimentedwith four analysiscon g-
urationsandnine benchmarksThe empiricalresultsshaw thatthe
algorithmis not only practical,but alsoratheraccurate.In three
benchmarksthe algorithmwith the mostprecisecon gurationim-
provesovertheaccurag of theORD-basedlependencky anorder
of magnitudeanddeterminesheclassesn cyclesaccuratelyin six
outofthesevenbenchmarkamenabldéor manuainspection Also,



the algorithmuncoversopportunitiesfor concurrentesting. Over
all, by usingour analysisamoreef cient classintegrationtestplan
canbeachieved.
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