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Abstract

Softwaredeveloperspenda significantamountof timemodify-
ing existingcode. Regressionesting(comparingpreviousbehav-
ior with currentbehavior)can be a powerfultechniqueto check
that modificationsdo not introduceunintendecchanges.This pa-
per introducesa techniqueto automaticallycreate class-specific
regressiorntestsfroma programrun. Thetechniquasimplemented
for the Java language in Palulu.

In order to testa class,it maybe necessaryo placethe class
andotherclasseghatit dependsiponin specificstates.To getto
thedesiredstate,methodsnaybe needto becalledin a particular
order andwith specificparameters Palulu usesinformationfrom
the programrun to accomplishthis. It builds a modelfor each
classand usesthe modelto explorethe possiblebehaviorsof the
classand build correspondingregressiontests. It usesobserver
methods (those that do not modify the stébejapture the result.

In our experimentsPalulu succeedeth building testsfor non-
trivial programsand performedas well as or better than hand
written tests.

1. Introduction

Testsfor a unit of coderequiretwo parts: testinputs (a se-
quenceof assignmenstatementandmethodcalls)to exercisehe
codeandan oracle to determinewhetheror not the resultis cor-
rect. An oraclecanbe difficult to obtain. Regressionestinguses
apreviousversionof the codeasan oracle,which allows a testto
find whenthe behaviorof the codehaschanged.Sincemuch of
softwaredevelopments spentmodifying code,regressiortesting
can be quite valuable.

Our goalis to automatethe creationof regressiortests—both
the creationof testinputs,andthe creationof regressiororacles.
The introduction consistsof three parts. To motivatethe prob-
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lem, wefirst describethe challengeshatautomatednput creation
techniquedace. Next, we describeour approacho creatingtest
inputsautomaticallyFinally, we describeourapproacho creating
regression oracles.

1.1 Creating Test Inputs is Difficult

Creatingtestinputs often requiresplacing an objectin a par-
ticular state. We definethe stateof an objectasthe valueof each
of its (transitively reachablefields. As the programprogresses,
mutableobjectstransitionthroughvarious states. Eachmutator
method(onethatchangeshevalueof fields)maychangehestate
of theobject. Thestateof theobjectcanthusalsobedefinedby the
sequencef mutatormethodcalls (includingtheir argumentsjhat
havebeenmadeon the object. Considerthe exampleJavaclasses
in Figure 1.The sequence of calls

Graph gl = new Graph();
gl.init();

Node nl = new Node("NYC");
nl.setOwner(gl);
gl.addNode(nl);

defines a state for g1 and n1l.

Not all possiblesequencesf methodcallsarevalid. Forexam-
ple,Graph.addNode isonly valid afterGraph.init hasbeen
called. Node.addEdge is only valid after Node.setOwner
hasbeencalled. Graph.addEdge is only valid whenGraph-
.addNode hasbeencalledon both of its arguments. A method
call is invalid whenit violatesthe (implicit or explicit) invariants
of the class.In all of the aboveexamplestheinvalid call throws
an exceptionConsider, however

nl.setOwner(g2)
gl.addNode(nl);

The call to gl.addNode is invalid becausenl’s owneris g2.
This doesnot throw an exceptionbut is clearly not desirable(be-
cause g1 now contains a node whose owner is not g1).

Additionally, not all of the possiblevaluesfor primitive and
string argumentswill be valid for a methodcall. For example,
strings often needto be in a particularformat (suchas a date,
methodsignature,or URL). Numericargumentanay needto be
in arangeor havea particularmathematicatelationshipto one
another.

A sequencef valid methodcallsis requiredto createatest. To
achievereasonable&overagea setof testinputs mustbe created



thatexploresthe valid states.lt is, however,challengingto create
valid testinputs,aswe haveshownon examplebefore. Specific
callsmustoccurin a specificorderwith specificarguments Spe-
cific relationshipsmust be maintainedbetweenarguments. The
searchspaceof possibletestinputs growsexponentiallywith the
numberof methods,possiblearguments,and the length of the
methodsequenceequired.For examplejf we presumeb possible
graphobjects,5 possiblenodeobjects,anda methodsequencd.0

elementsn length, thereare 235'° different possiblesequences.

An exhaustivesearchmay be prohibitively expensive. Random
explorationmaynotcreatenterestingvalid testinputsin areason-
able amountof time. Specificationanay limit the searchspace,
but specificationsare often not available. Of course,non-trivial
programscontaingroupsof inter-relatedclassesvith manymore
possibletestinputs and more complexconstraintsthan the ones
shownin the example. We discussa more complexexamplein
Section 3.2.

1.2 Creating Test Inputs by Example

Our approachbuildsvalid testinputsfor classesvith complex
rulesandinter-relationship®y usinginformationcollectedduring
an exampleprogramrun to guidethe constructionof testinputs.
A run of a programwill usethe classef the programin a nor-
mal fashion.Valid sequencesf methodcallswill be madeon the
variousinstanceof eachclass. Argumentsto thosecalls will be
valid aswell. Forexamplethemain methodin Figurel makes a
sequence of valid method calls on Graph and Node.

Usinginformationfrom the programrun, the techniquebuilds
aninvocationmodelfor eachclassof interest.An invocationmodel
describeghe sequencesf mutatormethodcalls and arguments
that occurredfor the class. For example,the model for Node
(shownin Figure4) indicatesthatsetOwner mustbe calledbe-
foreaddEdge. Thetechnigueusesthe modelto build testinputs.

1.3 Regression Oracles via Observer Methods

Onceavalid testinputis createdthetechniquecreatesanora-
cle usinga setof user-specifiedbservemmethods.Thetechnique
executeghe testinput (usingthe currentversionof the program)
andthencallseachobserverlt createsnassertiorusingtheresult
from the observerThoseassertiongrecombinedwith thetestin-
putto form a completetest. The completetestcanberun on later
versionsof theprogramto ensurehatthebehaviordid notchange.

Figure2 showstwo sampletestsgeneratedy animplementa-
tion of our technique Eachexecutes valid testinputandchecks
theresultusingthe getDegree observemethod.Thesearenot
thesameexecutionasin themain method.Theinvocationmodel
guidesthe constructionof testinputs, but doesnot limit themto
only the ones in the original trace.

1.4 Contributions
In summary, we make the following contributions:

1 public class Main {

2 public static void main(String[] args) {
3 Graph gl = Graph.generateGraph();

4 Node n1 = new Node("NYC");

5 nl.setOwner(gl);

6 Node n2 = new Node("Boston");

7 n2.setOwner(gl);

8 gl.addNode(nl);

9 gl.addNode(n2);

10 nl.addEdge(n2);

11 nl.getDegree();

12}

13 }

14

15 public  class Graph {

16 private Map<Node, Set<Node>> adjMap;
17

18 public  static Graph generateGraph() {
19 Graph g = new Graph();

20 g.init();

21 return  g;

22

23 public  void init() {

24 adjMap = new HashMap<Node, Set<Node>>();
s}

26

27 public void addNode(Node n) {

28 adjMap.put(n, new HashSet<Node>());
}

a1 public void addEdge(Node nl,
32 addToNode(n1,n2);
33 addToNode(n2,nl);

Node n2) {

au  }

35

36 private  void addToNode(Node source, Node target)
a7 Set<Node> succ = adjMap.get(source);
38 succ.add(target);

9}

40

41 public int getDegree(Node n) {
42 return  adjMap.get(n).size();
3}

e

45

s public  class Node {

47 private  Graph owner;

48 private String  name;

49

so  public  Node(String name) {

51 this.name = name;

52

s3  public void setOwner(Graph a) {
54 this.owner = a;

55

s6  public void addEdge(Node n) {
57 owner.addEdge(this, n);

58
59 public int
60 return
61}

62 }

getDegree() {
owner.getDegree(this);

e Wepreseninvocationmodelswhichdescribevalid sequences Figurel. Exampleprogram.Thefollowing implicit rulesmustbefollowed

of methodcalls andtheir parametersand a techniquethat
dynamicallyinfersthemby trackingmethodcallsin a pro-
gram run.

e We useobservemethodgo createan oraclefor regression
testing.

to createa valid Graph: Graph.init() mustbe calledbeforeany of
theothermethod=f Graph; Node.setOwner()  mustbecalledbefore
any of the othermethodsof Node; Graph.addNode() = mustbe called

for a node before Graph.addEdge() is called for that node.




public  void test13() {
Node var327 = new Node("NYC");
Graph var328 = new Graph();
var327.setOwner(var328);
var328.init();
var328.addNode(var327);
var327.addEdge(var327);

assertEquals(1, var327.getDegree());
}
public  void test22() {
Graph var494 = Graph.generateGraph();
Node var496 = new Node("Boston");
Graph var497 = new Graph();
var496.setOwner(var497);
var497.init();
var494.addNode(var496);
var494.addNode(var496);
var497.addNode(var496);
var494.addEdge(var496, var496);
assertEquals(0, var496.getDegree());
}

Figure2. Two testcasedrom theregressiorsuitegeneratedy Palulufor
theclassesn Figurel. Eachof thesefollows theimplicit rulesfor Graph
and Node.
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Figure 3. Techniqueoverview. The inputsto the technique(left) are (1)
a programundertestand (2) a concreteexecutionof the program. The
output (right) is a regression suite.

e \We evaluatethe effectivenes®of our techniqueby compar-
ing the regressiortestsit generatesvith (1) randominput
generatiorthat doesnot usean invocationmodel, and (2)
manually-written regression tests.

e We performacaseof studyof ourtechnique’sbility to gen-
erate complex test inputs.

The remainderof the paperis organizedasfollows. Section2
describesour technique. Section3 containsthe descriptionand
resultof theexperimentsve performedo evaluatePalulu.Finally,
Section 5 surveys related work.

2. Technique

Figure 3 showsa high-levelview of the technique.Giventhe
programandan examplerun, the techniqueautomaticallycreates
regression unitests for selected classestive programThe tech-
nique has four steps.

1. Trace method calls. Executeaninstrumentedersionof the
programthattraces thenethodcalls (andparameters/return
valuesto the calls) thatoccurduringthe execution.Tracing
is described in Section 2.1.

2. Infer a model. Usethetraceto generatea modelthat ab-
stractghe properusesof theprogram’scomponentsModel
inference is described in Section 2.2.

1 Graph.generateGraph() > gl

2 new Graph() -> gl

3 gl.init()

4 edges = new HashMap()

s new Node("NYC":String) > nl
6 n1l.setOwner(Graph)

7 new Node("Boston":String) -> n2
8 n2.setOwner(Graph)

9 gl.addNode(n1)

10 new HashSet() -> hsl

11 edges.put(nl,hsl) > null
12 gl.addNode(n2)

13 new HashSet() -> hsl

14 edges.put(n2,hs2) -=>  null
15 nl.addEdge(n2)

16 gl.addEdge(nl,n2)

17 gl.addToNode(nl,n2)

18 edges.get(nl) > hsl
19 hsl.add(n2) ->  true
20 gl.addToNode(n2,n1)

21 edges.get(n2) >  hs2
22 hsl.add(n1) ->  true
23 hl.getDegree() > 1

24 gl.getDegree(nl) > 1

25 edges.get(nl) ->  hsl

26 hs1.size() > 1

Figure 5. The simplified trace createdby running the example’smain
method(line 2 in Figure 1) using our tracingtool. The right handside
of the arrow refers to the return value.

3. Generatetest inputs. Usethe modelto generatemethod
call sequencesepresentingestinputs. This stepis described
in Section 2.3.1.

4. Create aregressionoracle. Executetheinputsandcreatea
regressionestoraclethat capturegheir behavior. We cap-
ture the behaviorof eachmethodinvocationby recording
its returnvalue, aswell asthe stateof the receiverand pa-
rameters before and aftdre method is invokedlo capture
an object’s state,we call its observermethodsand record
their returnvalues. Regressiororaclecreationis described
in Section 2.3.2.

The outputof the techniqueis a testsuite,in which eachtest
caseconsistof amethodsequencétestinput) andassertionsbout
the stateof the objectsat eachpoint during execution(regression
oracle).

2.1 Tracing

Tracing collectsthe history of methodinvocations. Figure 5
showsthetraceobtainedwvhenrunningthe exampleprogramfrom
Figurel. Tracingis implementedby dynamicallyinstrumenting
classfiles asthey areloaded. Eachmethodcall is instrumented
atthe call site, which allows calls to the JDK to be instrumented
without instrumentingthe JDK itself. An entryis written imme-
diately beforeandafterthe call sothatit canbe determinechow
callsarenested.Thereceivereachargumentandthereturnvalue
for thecall arelogged.Primitivesandstringsareloggedwith their
value.Objects are logged with a unique ID.

2.2 Invocation Model Inference

The tracecontainsmanylegal sequencesf calls. In fact the
callsinvolving eachobjectcontainlegalcall sequencesninstances



ss12 n.addEdge(Node)

§59 n = new Node(N'YC|Boston)

ss13 Graph.addEdge(n,Node)

£510 n.setOwner(Graph)
3511 Graph.addNode(n)
ss14 Node.addEdge(n)

ss15 Graph.addEdge(N ode,n)

Figure 4. Invocation models for the Graph (left) and Node (right) from Figure 1.

of the object’sclass.We usethe term objecthistory to denotethe
sub-traceof calls that involve an object. Objecthistoriesfollow
theimplicit rulesof the classesOur techniqueusedthoserulesto
createtestcases For objectsof a givenclass,manyhistoriesmay
exist. However,manyof themarelikely to shareprefixesof calls.
Our techniguesummarieobjecthistoriesinto invocationmodels,
to use this sharing.

Eachinvocationmodelis a directedgraph. Onemodelis cre-
atedfor eachclassfor whichinstancesrefoundin thetracé. The
nodesin eachgraphare methodsignaturesandan edgebetween
two nodesindicatethatthe sourcemethodshouldbe calledbefore
the target method on an instance of the class.

Figure 4 showsinvocationmodelsfor the Graph andNode
classedrom the examplein Figurel. The modelscapturemany
of theimplicit rulesof thoseclassesFor examplewe notedin the
introductionthat Graph.init mustbe calledbeforea nodecan
beaddedo thegraphby Graph.addNode. Thisis visible from
the modelof classGraph on the left-hand-sidein Figure4: the
nodefor Graph.init precedeshenodefor Graph.addNode
in the graph.

The algorithm for inferring invocation models has three steps:

1. Extract object histories from the trace (Section 2.2.1).
2. Filter calls from the histories (Section 2.2.2)

3. Createamodelfor eachclassby mergingall the historiesof
instances of this class (Section 2.2.3).

2.2.1 Extracting Object Histories

Thefirst stepin thealgorithmfor inferringinvocationmodelsis
to extractobjecthistoriesfor all the objectsobservedn thetrace.
An object’shistory consistsof all invocationsin the tracethatin-
cludesthe object as a receiver, parameteror returnvalue. An

1The user can specify a subset of those classes.

object’s history describesghe sequencef observableoperations
performedon an object. An objectcantake partin an operation
withoutbeingexplicitly passedsa parameterpurtechniquedoes
not currently track this information.

Figure6 showsthe historiesof theGraph andNode instances
derivedfrom theexampletrace. Theindentatiorservego indicate
method call nesting.

2.2.2 Filtering Calls from Object Histories

Thesecondstepof thealgorithmthatinfersinvocationmodels
is applying the following three filters on eaohject’s history:

e Non-Mutators Filter Since non-mutatormethodcalls do
not changethe object’s statethey arelessimportantin test
case<reation. This filter removesall calls to non-mutator
methodsaswell asanycall nestednsidethem(whichshould
alsobe a non-mutator). The techniqueusesargumentspe-
cific non-mutatorinformation. A methodis non-mutator
over an argument/receiveif it doesnot modify any (tran-
sitively reachablefields in that argument/receiverlt is a
non-mutatorover a returnvalueif the returnvalue is not
createdwithin themethodor if it hasno nestechon-mutator
methodcalls. Non-mutatorscan eitherbe suppliedby the
useror computedvia staticanalysig12, 10]. Figure7 con-
tainsthe list of non-mutatorgn the exampleclassedrom
Figure 1.

An additionalreasorfor removingcallsto non-mutatometh-
ods is optimization. We found out in one of our experi-
ment¢ thatfiltering non-mutatorsemoved73%of all calls.
This filtering helps creating more manageamiedels.

e Return Value Filter This filter removesa call from anob-
jecthistoryif the objectis only thereturnvalueof the call.

2This observationwvasmadein the experimentdescribedn Sec-
tion 3.1.



History for the Graph instances:

1 Graph.generateGraph() > gl
2 new Graph() -> gl

3 gl.init()

4 nl.setOwner(gl)

5 n2.setOwner(gl)

6 gl.addNode(nl)

7 gl.addNode(n2)

8 gl.addEdge(n1,n2)

9 gl.addToNode(n1,n2)

10 gl.addToNode(n2,nl)

11 gl.getDegree(nl) > 2

History for one of the Node instances:

1 new Node("NYC") -> nl
2 nl.setOwner(gl)
3 gl.addNode(n1)
4 edges.put(nl, hs1)

s nl.addEdge(n2)
6 gl.addEdge(n1,n2)

7 gl.addToNode(n1,n2)

8 edges.get(nl) -> hsl
9 gl.addToNode(n2,n1)

10 hsl.add(nl)

11 nl.getDegree() > 1

12 gl.getDegree(nl) > 1

13 edges.get(nl) -> hsl

Figure 6. Simplified object historiesfor instancesf Graph and Node
obtained from the trace.

Node.getDegree() receiver
Map.put(Object,Object) parameters
Map.get(Object) receiver, parameters
Set.add(Object) parameters

Figure 7. List of non-mutatormethodsin the classesn Figure1l. Each
method is followed by a list of arguments that it does not mutate.

Theonly exceptiorto thisfilter isif theobjectis constructed
insidethe call. Thosecalls are eitherconstructorsr static
factorymethodike theGraph.generateGraph() (first
line in Figure 6) that can be used to create instances.

e Non-Public Filter This filter removescalls to non-public
methods Thisfilter is applied ,becaus@on-publicmethods
cannot be called from a test.

Ourtechnigueassumethatmethodgperformingfield-writes
donotcall othermethodsThis canbeeasilyachievedy re-
placing all field-writes with set methods.

If anon-publicset- methodis nestedn afilteredcall, then
filtering out non-publicmethodcalls canleavethe objectis
anunknownstate.In this case thetechniquefilters all calls
after the call to the set- method (in the same method).

Figure8 showsthefiltered objecthistoriesfor the instanceof
class Node.

2.2.3 Merging Objects Histories into Models

The last stepof the modelinferencealgorithm combinesthe
historiesof all instance®f a classto createthe class’smodel. For
eachclass,the algorithm startsfrom an empty modelandincre-
mentallyincorporateshe historiesof all instance®f thatclassto
the class’s model.

1 new Node("NYC")
2 nl.setOwner(gl)
3 gl.addNode(n1)
4 nl.addEdge(n2)
5 gl.addEdge(n1,n2)

-> nl

1 new Node("Boston") -> n2
2 n2.setOwner(gl)
3 gl.addNode(n2)
4 nl.addEdge(n2)

5 gl.addEdge(n1,n2)

Figure 8. Object histories for instances of the Node, after filtering.

Figure 4 containsthe modelsinferred from the trace of Fig-
ure 5. The modelfor eachclassis a directedgraphwherenodes
aremethodcallsandedgedefinepermittedorderof methodcalls.
Nodesalsocontainthepositionof theobjectin thecall. Thesource
nodes(nodeswith no incomingedges)are methodsthatareused
to create new instances (constructors and static factories).

Whenit addsa historyto themodel,thealgorithmreusesiodes
andedgesfrom an existing prefix of calls (up to variablerenam-
ing) and createsnew nodesand edgesif no sharedprefix exists.
Whensearchingor an existing prefix, nodes(methodcalls) and
objectpositionsarecompared.In addition,whenevera primitive
or a String parametelis encounteredits valueis stored. Thus,
primitive values are directly embedded on a per-parameter basis.

Assumingall field writesaredonethroughsetterdmethodthat
donotcallanyothermethods)thesequencef methodcallsnested
in eachmethodcall is analternative legal sequencédor the same
object. Thealgorithmis concerneavith legalcall sequencesThere-
fore, it adds,asalternativepathsto eachcall, all the pathsthatare
createdrom consideringhecallsnestedn it (if anyexist). Forex-
ample,considerthe methodGraph.generateGraph (line 18
in Figure1). This methodcalls two othermethods:Graph con-
structorand the Graph.init method. The modelfor Graph
(left in Figure4 containstwo pathsfrom the sourcenodesto the
Graph.addNode method.Onepathis throughthemethodGraph.generateGraph
and the second path is through its nested events.

2.3 Generating Test Cases
The test case generator takes as input:

a. An invocation model for the classes in the tested program P

b. A list of testedclassesa subsebdf theclassesn P to generate
test cases for.

c. Foreachtestedclass.alist of observemethods;puremethods
thatreturnavalue[12, 10]. As examplesmethoddNode.getDegree
andGraph.getDegree  (in lines41 and59 of Figurel, re-
spectively)areobservemethods Thelist canbeasubsebf the
purity list providedto the modelinferencer.(Our implementa-
tion restrictsobservermethodsto be parameter-lessethods
thatreturna primitive, which avoidsthe difficulties of provid-
ing parameterso the observemethodsandof recordingare-
turn valuewhich is an object. Addressingthesedifficulties is
future work.)

d. Atime limit.

Thetestcasegeneratoiiteratesthroughthe testedclasses.At
eachiteration, it triesto createa testcasefor the currentlytested



classC'. Theprocesstopswhenthetimelimit is exhaustedA test
caseconsistof atestinputandanoracle;Section2.3.1describes
testinputscreation,and Section2.3.2describesegressiororacle
creation.

2.3.1 Generating Test Inputs

In the contextof this paper,a testinput for classC' is a se-
quenceof methodcallsthatcreate andpossiblymutate anobject.
of classC. For eachtestinput, we alsokeeptrack of the list of
objectscontainedn thetestinput, andthe currentstate(from the
invocationmodel)of eachobject. Figure9 showsa testinputand
the state of each of its objects.

The testinput generatomaintainsa databaseof previously-
creatednputs(i.e., methodsequences)The databases initially
empty. To createa new testinput, the generatorretrievesfrom
thedatabaseniformly atrandomanexistinginputthatcontainsat
leastoneobjecto of type C' (thebasecasds theemptysequence).

Next,thegeneratoextendshetestinputby appendingamethod
call allowedby the modelfor objecto. If thereareseveralpossi-
ble methodcalls,thegeneratocreateseverahewinputs,oneper
call.

As Figure4 shows,the model specifieswhat someof the pa-
rametergo the methodcall are. For the parametershatthe model
doesnot specify, the generatoffinds parameterso the call using
the following algorithm.

1. If the parameteis a primitive, randomlyselecta primitive
value from the possible values specified in the model.

2. If the parameters of type G,, an instancef that type must
be found. If thereis alreadyan instanceof C}, in the se-
guencepsethatinstancelf not,onemustbecreatedlf Cj,
appearsnorethanoncein the parametetist, do not reuse
the same instance.

3. If thereis no applicablereferenceselectoneof two actions
(at random):

a. recursively try to create an input for type,Cor

b. retrievean existinginput from the databasehat creates
anobjectof thedesiredparametetype. Call thisahelper
input.

4. Appendthe helperinputto the endof the sequencef calls;
the sequenc@ow containsanobjectof type C,. Goto step
3.

Whenall parameterarefilled, the testinput is executed. If
executionleadsto an exceptionthe inputis discarded.Our tech-
nigue conservativelyassumeshatexceptionabehavioris indica-
tive of anillegal state,and doesnot attemptto createregression
testsout of suchstates(recall thatthe modelis incomplete;this
incompletenessanleadto creatingillegal inputs,evenwhenthe
model is followed).

If thetestinputexecutesiormally,aregressiomracleis created
for it, asdescribedn the next section. In addition, the input is
addedo thedatabasewhereit canlaterbeselectedo beextended,
or used as a helper input.

2.3.2 Creating a Regression Oracle

The regressiororaclecreationtakesasinput a sequenceand
therun-timeobjectsresultingfrom its execution.For eachobject,
it calls all observemethodsspecifiedfor the classof the object,
and recordstheir return values. Eachinvocationof an observer
methodcanbeconvertednto anassertionn astraighforwardvay.
The sequencéogethemwith the assertiongomprisea unit regres-
siontest. Figure 2 containsexamplef testunit regressiortests
for classes in Figure 1.

3. Evaluation
In this Section, we present the empirical evaluation of:

¢ the effectivenes®f usingobservemethodsin creatingre-
gressiororaclegtheexperiments describedn Section3.1),
and

o the effectivenes®f our techniquein creatingcomplextest
inputs (the experiment is described in Section 3.2).

3.1 Observer Methods Experiment

In this experimentwe evaluatechow the usageof testoracles
basedon observermethodsaffectsthe error-detectioreffective-
nessof generatedestsuites. We usedRatPoly, an assignment
givenin the MIT’s softwareengineeringclass(6.170). RatPoly
has the following salient characteristics:

¢ It hasmanydifferentversionsgachimplementingthe same
interface.

e Oneof theversionsof theprogramis areferencémplemen-
tation,to which we cancompareall the otherversions.We
makethe simplifying assumptiorthat the referencample-
mentationcontainsno errors. It is justified by our goal of
creatingregressiorerrors,which revealinconsistenciebe-
tween versions of the program.

e Someof theotherversionscontainerrors. Thisis knownbe-
causea manually-writtentestsuitethatrevealsthoseerrors
is available.

The studentswere given a set of interfacesdefining a one-
variablerational-numberedaoefficientpolynomial library, and a
testsuitewritten usingthoseinterfaces.Their taskwasto submit
animplementatiorof theinterfaceghatpassedhetestsuite.(Not
all studentgurnedin assignmentthatpassedhetestsuite,despite
the fact thatthey were given the suiteas part of the assignment.)
Thereferencamplementatior(to which the studentglid not have
access)and the manually-writtentest suite were written by the
course staff.

We createdthe suite that we usedin our experimentswhich
we call in this paperthe Gold suite,by enhancinghe staff-written
suitewith teststhatweregeneratedby our techniquesindthatwe
havemanuallyverifiedto be fault-revealing.We alsopresentfor
referencetheresultsof runningtheoriginal, staff-writtentestsuite
and comparethemto testssuitesgeneratecautomaticallyby our
techniques.

Recallthatourtechniquesequireanexampleexecutiorto cre-
atetestsuites. In this experimentwe useda 3-line programthat
performsa sequencef 9 simple operationson polynomials. We

%In Palulu, we use Java’s reflection mechanism to execute inputs. intentionallyuseda shortexampleprogramto seeif ourtechnique



| objects and states after each life

[ line | sequence
1 Node varl = new Node("NYC");
2 Graph var2 = new Graph();
3 varl.setOwner(var2);
4 var2.init();

varl (state ss6)

varl (state ss6lar2 (state ss4)
varl (state ss7)var2 (state ss4)
varl (state ss7)ar2 (state ssb)

Figure9. A testinput derivedfrom modelsin Figure4. Theinputhas4 linesandcreateswo objects,a graphanda node. The graphandnodego through
different states of the modeThe state names refer to node labels in the graphs in Figure 4.

could createuseful testsevenwith a small amountof run-time
data.Thetracecollectedwasoverthis smallexampleandtheref-
erence (staff-provided) implementation.

We usedandcomparedb differenttestgeneratiortechniques.
They were a combinationof 3 input generationstrategiesand 2
oracle creation strategiehe input generatiostrategies were:

a. Unconstrained: strategythatallowsinvocationof any method
at any time with any parameter (of a valid type).

b. Primitive constraints: strategythat allows invocationof any
methodat any time but the constrainghe argumentgo those
seen in the example execution.

c. Primitive and methodsequencingconstraints: strategybased
on a modelthat usesmethodsequencingonstraints suchas
those discussed in Section 2.3.1.

The oracle creation strategies were:

a. Exceptions: atestsuitefails if executingatestcasein it leads
to anexceptiorbeingthrown(recallfrom Section2.3.1thatwe
do not usetestsinputs that lead to exceptionsin the original
program).

b. Exceptions+observersatestsuitefails if executingatestcase
in it leadsto anexceptiorbeingthrown. Additionally, the suite
fails if a call to anobservemethodreturnsa valuethatis dif-
ferentthanin the referenceprogram(when run on the same
input).

We repeatedhefollowing experimentaprocesgor eachof the
test generation techniques:

1. Executetheexampleprogramonthereferencémplementa-
tionto createhetrace(asdescribedn Sectior2.1). TheUn-
constrainednput generatiorstrategydoesnot requiretrac-
ing.

2. Create the model required for test input generation.

3. Generatghetestsuiteusingthemodelandthereferencem-
plementation We boundedhe executiontime of this phase
to 7 seconds.

4. Runthe testsuiteon eachof the 143 studentprogramsfor
RatPoly andrecordthe result. The resultis eitherpassor
fail. Thepassresultis givenonly wheneachtestcasein the
test suite succeeds.

5. Comparetheresultto thoseof the Gold suite,for eachstu-
dentprogram. Thereare four possibleoutcomegsumma-
rized in Figure 10):

a. Both the generateduiteandthe Gold suitefail. In this
casethe generatedsuite correctly identifiesan error in
the program.

| [[ Goldpasses| Gold fails |
generated passgs OK Pass False Negative
generated fails || False Positive OK Fail

Figure 10. Four possibleoutcomesof running a generatedest suite and
Gold test suite on a program.

b. Both the generatedhe Gold suitepass.In this case the
generateduite correctlyidentifiesa non-erroneougro-
gram.

c. The generatedsuite passesbut the Gold suitefails. In
this case the generatedguitemissesanerror (i.e., it is a
false negative).

d. The generatedsuitefails, but the Gold suite passes.In
this casethereportedafalseerror(i.e.,it is afalseposi-
tive).

3.1.1 Results

Figures11 and 12 presentthe resultsof the RatPoly experi-
ment. The experimentwas performedon a Pentium4 machine,
running DebianLinux, with 3.6 GHz CPU; the heapspacewas
limited to 1 GB. Rowsin thetablescontainresultsfor the 6 differ-
entgeneratedestssuites.Additionally, we include,for reference,
results for the original, staff-written test suite.

Columnsin Figurellindicate,in order:thesuite’'sname trac-
ing time, modellingtime, testgeneratiortime, numberof created
sequences and test running time (averagest all students).

The first 4 columnsin Figure 12 showthe resultsof execut-
ing the test suiteson studentprograms. Let 7' denotethe test
suite. Then, OK Pass(T) is the numberof studentsfor which
both T and the Gold testsuite pass. Similarly, OK Fail(T) is
the numberof studentprogramsfor which both test suitesfail
andFalsePositives(T') is thenumberof programdor whichthe
GoldsuitepassesindT fails. Finally, FalseNegatives(T) isthe
number of programs for which the Gaddite fails and Tpasses.

Thelasttwo columnsindicateprecisionandrecallandarecal-
culated as follows:

e Error DetectionRecall measure$iow oftenthe generated
test suite was successful in detecting an error.

B OKFail(T)
" FalseNegatives(T) + OK Fail(T)

Recall(T)

e Error Detection Precision measuresiow often errorsre-
ported by the generated test suite were actual errors.

B OK Fail(T)
"~ FalsePositives(T) + OK Fail(T)

Precision(T)



Test Suite Tracing time | Modelling time | Testgen time | # sequenceg Test run time avg
Unconstrained n/a n/a 7 2016 7.00
Unconstrained + observers n/a n/a 7 2016 10.90
Primitive constraints 2.9 2.6 7 1753 5.39
Primitive constraints + observers 2.9 2.6 7 1753 5.95
Method seq constraints 29 2.6 7 1465 8.25
Method seq constraints + observefs 29 2.6 7 1465 9.51
Original Manual n/a n/a n/a 190 0.08

Figure 11. Time characteristics of the RatPoly experimé@mhes are in seconds.

Test Suite OKPass | OKFail | FalsePositives| FalseNegatives|| Precision | Recall
Unconstrained 74 21 1 a7 0.95 0.31
Unconstrained + observers 74 41 1 27 0.98 0.60
Primitive constraints 66 31 9 37 0.78 0.46
Primitive constraints + observers a7 57 28 11 0.67 0.84
Method seq constraints 75 32 0 36 1.00 0.47
Method seq constraints + observers 74 63 1 5 0.98 0.93
Original Manual 75 14 0 54 1.00 0.21

Figure 12. Results of the RatPoly experimeFiie 4 middle columns refer to the possible outcomes of running a test suite, as described in Figure 10.

3.1.2 Discussion of the results Class Description References
- . . VarinfoName | Variable Name
Results presented in Figure 12 show thathis experiment, Varinfo Variable Description VarinfoName
. . PptTopLevel
e Usingobservemethoddgo createtestoracleswaseffective. PpiSiice2 Two variablesfrom a pro- | Varinfo
Error detectionrecall was almost2 times higherwhen ob- gram point PptTopLevel
servermethodswereused(0.31 vs. 0.6, 0.46 vs.0.84 and Invariant
0.47 vs. 0.93). At the sametime, using observergdid not PptTopLevel | Program point PptSlice2
resultin a significantlossof precision(0.95 vs. 0.98, 0.78 CrearBinary | Cinear TaTant 6var o \I;?)rtlsnlfigez
vs. 067 and 100 vs. 098). scalar variables
e Generatedestssuitesoutperformedthe manually-written BinaryCore | Linear helper class LinearBinary
testsuitein error detectionrecall (i.e., revealedmore er- Figure 13. Someof the classesneededto createa valid test input for
rors). The best-performingyeneratedest suite had recall Daikon’s BinaryCore class
0.93/0.21 = 4.43 timeshigherthanthe manualtestsuite.
By manualinspection,we verified that many of the errors .
that the staff-written test suite missedwere due to incor- 3.2 Complex Inputs Experiment
recthandlingof speciakcasege.g.,thezeropolynomial)and To evaluateour technique’seffectivenessn creatinglegaland
unexpectednutationof objects(The specificationrequired structurallycomplexinputs, we appliedit to the BinaryCore
the classego be immutable. Somestudentprogramsfailed classwithin Daikon[5], atool thatinfers programinvariants. Bi-
to meetthat requirement—ougeneratedest suitesfound naryCores ahelperclassthatcalculatesvhetheror notthepoints
some of those errors.) passedo it form aline. Daikon maintainsa complexdatastruc-
ture involving many classegseeFigure 13) to keeptrack of the
e Using methodsequencingconstraintswas of only limited valid invariantsat eachprogrampoint. Someof the constraintsn
effectiveness.This is visible by comparingthe resultsfor creating a valid BinaryCore instance are:
‘Primitive constraints+ observers'and ‘Method seqcon-
straints+ observers’.Method sequencingonstraintsvere e Theconstructotto aBinaryCore  takesanobjectof type
notnecessaryo createtestsfor this experimentpecaus¢he Invariant, ~ whichhasto beof run-timetypeLinearBinary
objects were intended to be immutable. or PairwiseLinearBinary, subclassesf Invariant.
Daikoncontaingdozenof classeshatextendnvariant,
e Using primitive valuesfoundin the executionincreasedhe sothe statespaceof incorrectbut type-compatiblgossibil-
effectivenessf generatedestsuites,bothin recallandpre- ities is very large.

cision. Thisis visible by comparinghefirst 2 rowsof theta-
ble (i.e., ‘Unconstrained’and‘Unconstrained+ observers’)
with thenext2 rows(i.e., ‘Primitive constraintsand‘Prim-
itive constraintst observers’).To understandavhy this was

e To createa legal LinearBinary, onemustfirst createa
legal PptTopLevel anda legal PptSlice2. Both of
theseclassesequireanarrayof Varinfo  objects.In addi-
tion, theconstructorffor PptTopLevel requiresastringin

effective,considetheRatPoly.parse(String) method. - ” i . o -

A valid argumentfor this methodmustrepresent polyno- ?‘Spec.'f":forma" in Daikon, this stringis readfrom aline
mial, e.g.,"1/2*x"2-2*x+1". Randomexplorationof in the input file.

stringsis unlikely to quickly find manyvalid inputsfor this e Theconstructotto Varinfo  takesfive objectsof different
method. Using the string valuesobservedn the tracenar- types.Similarto PptTopLevel, theseobjectscomefrom

rows the search space. constructors that take specially-formatted strings.



e Noneof theparameterswolvedin creatingaBinaryCore
or any of its helper classes can be null.

4. BinaryCore: Manual vs. Generated

Figure 14 showsa testinput that createsa BinaryCore  ob-
ject. Thistestwaswritten by a Daikondeveloperywho spentabout
30 minutes writing the test input.

We usedourtechniqudo generateestinputsfor BinaryCore.

We gavethe input generatora time limit of 10 seconds.Dur-
ing this time, it generate® sequencethat createBinaryCore
objects, and about 150 helper sequences.

Figure 14 alsoshowsone of the threeinputsthat Palulugen-
eratedfor BinaryCore.  For easeof comparisonwe renamed
variables(Paluluassignechamedike var4722 to all variables),
reorderedmethodcalls whenthe reorderingdid not affectthe re-
sults,andaddedsomewhitespacesPalulusuccessfullygenerated
all thehelperclassesnvolved. It generatedomeobjectsin away
slightly differentfrom the manualinput; for example to generate
aSlice, it usedthereturnvalueof amethodin PptTopLevel
instead of the class’s constructor.

Without an invocation model, an input generationtechnique
would havelittle chanceof generatinghis sequencethe specific
primitive parametershefactthatasinarycore  requiresaLinearsinary
not just any Invariant, are all crucial piecesof information
withoutwhich asearchthroughthe spaceof possibilitieswould be
infeasible. Moreover,the pathto alegal BinaryCore is highly
constrainedthereis notaneasiewayto obtainaBinaryCore.

5. Related Work

Thereis alargeliteratureonautomatidestgenerationthemost
relevantto our work centersaroundwhat we call the methodse-
guenceggeneratiorproblem:generatingequencesf methodcalls
that createand mutateobjectsfor useastestinputs. Our survey
centersaroundthreetopics: (1) modelinglegalmethodsequences,
(2) generatingnethodsequenceom themodels and(3) creating
regression oracles for the sequences.

5.1 Modeling Legal Method Sequences

In this sectionwe surveytechniqueshatautomaticallyextract
finite statemachinegFSMs)from a programtrace[3, 14, 9]. In
thesetechniquesasin ours,nodesrepresentnethodcalls, anda
transitionfrom nodem; to nodems, meanghata call of m; can
be followed by a call of m.

CookandWolf [3] generaté-SMsfor softwareprocessesThey
consideronly linear tracesof atomic, parameter-fre@vents(an
eventis just a label), which allows themto directly apply andex-
tend existing grammar-inferencenethods[1]. Their focusis on
evaluatingheeffectivenessf differentinferencemethodsn lead-
ing to amodelthatahumandeemgeasonabléfor examplepneof
their casestudiescharacterizeslifferencesn the modelsinferred
for a correctandanincorrectmodificationto a softwareartifact).
The grammar-inferencéechniqueghat they useare not directly
applicableto object-orientedorograms which producenested—
not linear—tracesand wherean eventrepresents methodcall,
which takesmultiple parameterandaffectsmorethanoneobject.

Our modeling techniqueaddresseshe more complextraces
that arisefrom modelingobject-orientedsystems. We deal with
nestedcalls by creatingalternatepathsin an FSM and cutting off

eventsfor nestedprivate calls. We dealwith multiple-parameter
eventsby inferring an FSM over a setof single-objecthistories,
which consistof callsthataffecteda single objecto, ignoringthe
identity of all other objects participating in the calls.

Whaleyet al. [14] and Meghaniet al. [9] alsoinfer method-
sequencé&SMsfor object-orientedsystemsthey alsoignoreim-
portant modeling issuessuch as parametergother than the re-
ceiver)andnestectalls,whichwe addressWhaleyandLam [14]
useadynamicanalysisof a programrunto recordsobservedegal
methodsequencesanda staticanalysisthatinfers pairsof meth-
odsthat cannotbe called consecutively. Meghaniand Ernst [9]
improve on Whaley’stechniqueby usinga programtraceto dy-
namicallyinfer pre/postconditionsn methodsandcreatea tran-
sitionfrom m, to ms2 whentheprecondition®f m. areconsistent
with the postcondition®f m. The main motivation(andevalua-
tion) in bothworksis a betterunderstandingf the systembeing
modeledtheydo not usetheir modelsto generateestinputs.Our
maingoalin derivingamodelis to generataestinputs;thisled us
to augmenbur modelswith additionalinformationsuchasprimi-
tive parameters.

5.2 Generating Test Inputs

Previouswork on generatingnputsfrom a specificatiorof le-
galmethodsequences[&, 8, 13] expectthe userto write amodel
by hand. Thesetechniquesavebeentestedargely on toy exam-
ples, suchaslinked lists, stacks,etc. that, in additionto testing
smallstructureshavefew or no methodghattakeotherobjectsas
parametersThis makesinput generatioreasier—therarefewer
decisionsto make, suchas how to createan objectto passasa
parameter.

Sincewe usean automatically-generatetiodelandapply our
techniqueto realistic applications,our testinput generatormust
accountfor any lack of informationin the generatiormodeland
still be ableto generatenputsfor complexdatastructures.Ran-
domizationhelpshere: wheneverthe generatorfacesa decision
(typically due to under-specificatiorin the generatednodel), a
randomchoiceis made.As our evaluationshows therandomized
approacheadsto legalinputs.Of coursethis processanalsolead
to illegal structuresbeingcreated.In future work, we would like
to investigatetechniqueghat canhelp us detectillegal structures

resulting from generating inputs using an under-specified model.

5.3 Capturing Behavior

Severaltechniquediavebeenproposedo capturea program’s
intendedbehaviorfrom an executiontrace, rangingfrom deriv-
ing operationakbstractiong5, 6], to algebraicspecificationg7].
Thesetechniquesaim to generalizethe traceinto propertiesthat
are (with reasonableconfidence)invariant acrossdifferent pro-
gramruns. Daikon [5], for example,infers programinvariants
from a program trace.

Ourtechniquediffersin thatit doesnot attemptto derivegen-
eralizablepropertiesput simply recordsspecificobservedvalues
for eachinput, usinga predefinedsetof observermethodgwe do
notaddresshe problemof finding observemethodsputwe could
usedevelopedstaticanalyses[12, 10]). Thedangerin capturing
observationspecificto oneinput is that they may reflectimple-
mentationdetailsthat are not importantfor correctnessLooking
attheobservationsreatedor bothRatPolyandDaikon,we found
themto be closeto whata programmemvould havewritten asan
oracle. Augmentingour input-specificoracleswith dynamically-



inferred invariantsmay lead to betteroracles,and is a topic of
future work.

5.4 Creating Unit Tests from System Tests

As mentionedn thelastsectionour techniquecapturesexhib-
ited behavioratthe unit level. Ourtechniquecanbe usedto create
a setof unit testsfrom a large (potentially long-running)system
test. Anotherway to think of this processs asarefactoringof the
system test into a set of smaller unit tests.

Saff etal. proposetestsfactoring[11] asa differenttechnique
to createunit testsfrom a systemtest. Testfactoringcaptureghe
interactionsbetweentestedand untestedcomponentsn the sys-
tem, andcreatesmock objectsfor the untestedhortionsof the in-
teraction,yielding a unit testwherethe environmentis simulated
via mocks. Testfactoringaccuratelyreproduceshe executionof
the entiresystemtest. Our technique on the otherhand,usesthe
systemtestasonly asa guideto createnew sequencesf method
calls. Both techniquesharethe goal of creatingfocusedfastunit
tests where there were none.

Testfactoringcreates testthatexactlymimic theoriginal exe-
cution,soit nevercreatesllegal methodsequencegjueto thein-
completenesm themodel,ourtechniquecancreatellegal method
sequencesOn the otherhand, our techniquehasseveraladvan-
tages over test factoring:

e Testsare self-contained. The endresultof our technique
is acompilableJUnittestsuite. Testfactoringcreatesnock
objectsandrequiresa specialinfrastructureto reruna fac-
tored test.

e The techniquecreatesa regressionoracle; testfactoring
must be provided one. Testfactoringtakesa systemtest
thatalreadyhasanoracle,andmakesa unit testcaseout of
it, wherethe oracleis the sameasthe original. Our tech-
nigue creates a regression oracle automatically.

e Thetechniqueexploresbehavior beyondthe systemtest.
Our modellosesmuchof the informationcontainedn the
systentest,which leadsto generatingbjectsthatarelikely
to differ from thoseseenin the systemtest. Testfactoring
exactlymimicsthe systemtest,soit will catchno more(or
less)thanthe errorscaughtby the original test. Our tech-
nigue’sability to createteststhatexplorebehaviorsnot ex-
ploredin the systemtestmeansthat our techniquecande-
tecterrorsthatthe systemtestmissed.On theflip side,our
techniquemayalsomisserrorsthatthe original testcaught;
an experimentalevaluationis necessaryo determinehow
manyerrorswe missthatthe original testcatchesandvice-
versa.

6. Conclusion

We havepresentea@techniquehatautomaticallygeneratese-
gressiontestsuitesat the unit level. To generateestinputs,the
techniquecreatesan invocation model from an examplerun of
the program,and usesthe modelto generatdegal, structurally-
complexinputs that would be difficult to createwithout knowl-
edgeof the program’soperation. For eachtestinput, it createsa
regressiororacleby capturingthe stateof objectsusingobserver
methods. Our experimentssuggesthat the resultingregression
testsare capableof revealingerrors,including errorsnot caught

by an extensivetestsuite. Our experimentslsodemonstratehe
ability of the techniqueto generatestructurally-complexnputs
for real applications.
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Manually-written test input (written by an expert)

g

1 VarInfoName namex = VarinfoName.parse ("x");

2 VarlnfoName namey = VarInfoName.parse 'y");

3 VarinfoName namez = VarlnfoName.parse "z");

4

5 ProglangType inttype = ProglangType.parse ("int");

6 ProglangType filereptype = ProglangType.repparse ("int");

7 ProglangType reptype = filereptype.fileTypeToRepType();

8

9 VarlnfoAux  aux = VarInfoAux.parse ";

L0

11 VarComparability comp = VarComparability.parse (0, "22", inttype);
12

13 Varinfo vl = new Varinfo (namex, inttype, reptype, comp, aux);
h4 Varinfo v2 = new Varinfo (namey, inttype, reptype, comp, aux);
L5 Varinfo v3 = new Varinfo (namez, inttype, reptype, comp, aux);
16

L7 Varlnfo[] slicevis = new Varinfol] {v1, v2}

L8 Varlnfo[] pptvis = new Varlnfo[] {v1, v2, v3}

ike]

) PptTopLevel ppt = new PptTopLevel

b1 ("DataStructures.StackAr.StackAr(int):::EXIT33", pptvis);

P2

b3 PptSlice2  slice = new PptSlice2  (ppt, slicevis);

ba Invariant proto = LinearBinary.getproto();

b5 Invariant inv = proto.instantiate (slice);

P6

p7 BinaryCore core = new BinaryCore  (inv);

P8

b9 core.addmodified a, 1, 1)

Bo core.addmodified 2, 2, 1)

B1 core.addmodified 3, 3, 1)

B2 core.addmodified 4, 4, 1)

B3 core.addmodified (5, 5 1)

Palulu-generated test input (formatted for ease of comparison)

1 VarinfoName namel = VarinfoName.parse("return");

2 VarinfoName name2 = VarlnfoName.parse("return®);

3

4 ProglangType typel = ProglangType.parse('int");

5 ProglangType type2 = ProglangType.parse(“int");

6

7 VarinfoAux auxl = VarinfoAux.parse(" _declaringClassPackageName=DataStructures,
8 VarinfoAux  aux2 = VarinfoAux.parse(" _declaringClassPackageName=DataStructures,
9

Lo VarComparability comparability1 = VarComparability.parse(0, "22",  typel);
11 VarComparability comparability2 = VarComparability.parse(0, "22",  type2);
12

13 Varinfo  infol = new Varlnfo(namel, typel, typel, comparabilityl, auxl);
L4 Varlnfo info2 = new Varlnfo(hame2, type2, type2, comparability2, aux2);
15 Varinfo info3 = new Varlnfo(info2);

16 Varinfo info4 = Varlnfo.origVarinfo(info3);

L7 Varlnfo info5 = Varlnfo.origVarinfo(info2);

L8 Varlnfo info6 = Varlnfo.origVarinfo(info3);

19

bo Varlnfo[] infos = new Varlnfo[] { infol, info2};

p1

b2 PptTopLevel pptl = new PptTopLevel("DataStructures.StackAr.push(java.lang.Object):::EXIT",
p3

b4 PptSlice  slicel = pptl.gettempslice(infol, info2);

R5

b6 Invariant invl = LinearBinary.getproto();

b7 Invariant inv2 = invl.instantiate(slicel);

P8

P9 BinaryCore Ibcl = new BinaryCore(inv2);

infos);

Figure 14. Thefirst codelisting is a testinput written by a developerof Daikon. It requiredabout30 minutesto write. The secondisting is a testinput
generatedy our technigue.For easeof comparisonwe renamedautomatically-generatechriablenamesand groupedmethodcalls relatedto eachclass
(but we preserved any ordering that affects the results).




