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TextFileDriver d = new TextFileDriver();
Abstract Conn con = d.connect(“jdbc:tinySQL",r(w)uII);
Stmt s1 = con.createStmt();
A test input for an object-oriented program typically consists  sl.execute(
of a sequence of method calls that use the API defined by the pro- ~ "CREATE TABLE test (name char(25), id int)");
gram under test. Generating legal test inputs can be challenging ~ S1-€xecuteUpdate( _ I
because, for some programs, the set of legal method sequences is INSERT INTO test(name, id) VALUES(Bob’, 1)7);

. . sl.close();
much smaller than the set of all possible sequences; without a for- gyt 520_ con.createStmt();

mal specification of legal sequences, an input generator is bound sz.execut;("DROP TABLE test");
to produce mostly illegal sequences. s2.close();
We propose a scalable technique that combines dynamic analy-  con.close();

sis with random testing to help an input generator create legal test

inputs without a formal specification, even for programs in which Figure 1. Example of a manually written client code using the tinySQL

most sequences are illegal. The technique uses an example eXeClpapase engine. The client creates a driver, connection, and statements,
tion of the program to infer a model of legal call sequences, and all of which it uses to query the database.

uses the model to guide a random input generator towards legal
but behaviorally-diverse sequences.

We have implemented our technique for Java, in a tool called new List(): l.add(1); l.add(2) is a test input for a class
Palulu, and evaluated its effectiveness in creating legal inputs for that implements a list).
real programs. Our experimental results indicate that the tech- For many programs, most method sequences are illegal; for
nique is effective and scalable. Our preliminary evaluation indi- correct operation, calls must occur in a certain order with specific
cates that the technique can quickly generate legal sequences folarguments. Techniques that generate unconstrained sequences of
complex inputs: in a case study, Palulu created legal test inputs in method calls are bound to generate mostly illegal inputs. For
seconds for a set of complex classes, for which it took an expertexample, Figure 1 shows a test input for the tinySQL database
thirty minutes to generate a single legal input. servet. Before a query can be issued, a driver, a connection, and a

statement must be created, and the connection must be initialized
with a meaningful string (e.gjdbc:tinySQL" ). As another ex-
. ample, Figure 7 shows a test input for a more complex API.
1. Introduction Model-based testing [10, 14, 20, 6, 12, 19, 13, 18, 7, 15] of-

This paper addresses the challenge of automatically generatfers a solution. A model can specify legal method sequences (e.g.,
ing test inputs for unit testing object-oriented programs [23, 24, close() ~ cannot be called beforepen() , or connect()  must
16, 9, 21]. In this context, a test input is typically a sequence of be called with a string that starts witfgbc:* ). But as with
method calls that creates and mutates objects via the public interformal specifications, most programmers are not likely to write
face defined by the program under test (for exampis, | = models (except perhaps for critical components), and thus non-
critical code may not take advantage of model-based input gener-
ation techniques.

To overcome the problem of illegal inputs, we developed a
Permission to make digital or hard copies of all or part of this work for technique that combines dynamic analysis and random testing.
personal or classroom use is granted without fee provided that copies ar®ur technique creates a model of method sequences from an ex-
not made or distributed for profit or commercial advantage and that copiesamp|e execution of the program under test, and uses the model to
bear this notice and the full citation on the first page. To copy otherwise, toguide a random test input generator towards the creation of legal

republish, to post on servers or to redistribute to lists, requires prior specific ) S
permission and/or a fee. method sequences. Because the model’s sole purpose is aiding a
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random input generator, our model inference technique is differentthat summarizes the sequences of method calls (and their input ar-
from previous techniques [8, 22, 1, 25] which are designed primar- guments) observed during the example execution. Section 2.1 de-
ily to create small models for program understanding. Our models scribes model inference. Second, the technique uses the inferred
must contain information useful for input generation, and must models to guide random input generation. Section 2.2 describes
handle complexities inherent in realistic programs (for example, test input generation.
nested method calls) that have not been previously considered. At
j[he same t?me, our models .need not con.tain any information that?.l Model Inference
is useless in the context of input generation such as methods tha
do not mutate state. For each class observed during execution, our technique con-
A random generator uses the modebtadeits input genera- structs a model calledall sequence graptCall sequence graphs
tion strategy. The emphasis on “guide” is key: to create behav- are rooted, directed, and acyclic. The edges represent method calls
iorally diverse inputs, the input generator may diverge from the and their primitive and string arguments. Each node in the graph
model, which means that the generated sequences are similar tojepresents a collection of object states, each of which may be ob-
but not identical to, the sequences used to infer the model. Genertained by executing the method calls along some path from the
ating such sequences is desirable because it permits our test gerroot to the node. In other words, a node describes the history of
eration technique to construct new behaviors rather than merelycalls. Each path starting at the root corresponds to a sequence of
repeating the observed ones. Our technique creates diverse inealls that operate on a specific object—the first method constructs
puts by (i) generalizing observed sequences (inferred models maythe object, while the rest of the methods mutate the object (possi-
contain paths not observed during execution), (ii) omitting certain bly as one of their parameters). Note that when two edges point
details from models (e.g., values of non-primitive, non-string pa- to the same node, it does not necessarily mean that the underlying
rameters), and (iii) diverging from models by randomly inserting state of the program is the same.
calls to methods not observed during execution. (Some of the gen-  For each class, the model inference algorithm constructs a model
erated inputs may be illegal—our technique uses heuristics thatin two steps. First, it constructs a call sequence graph for each ob-
discard inputs that appear to be illegal based on the result of theirject of the class, observed during execution (Section 2.1.1). Sec-

execution [17].) ond, it creates the model for the class by merging all call sequence
graphs of objects of the class (Section 2.1.2). Thus, the call se-
In this paper, we make the following contributions: guence graph for the class is a summary of call sequence graphs

for all instances of the class.

e We present a dynamic model-inference technique thatinfers ~ For example, part (b) of Figure 2 shows the call sequence for
call sequence models suitable for test input generation. Thesl, an object of class oftmt in the program of Figure 1. Part
technique handles complexities present in real programs suckic) of Figure 2 shows the call sequence graph corresponding to the
as nested method calls, multiple input parameters, accesscall sequence in part (b). The graph in part (c) indicates, for exam-
modifiers, and values of primitives and strings. ple, that it is possible to convert state A to state C either by calling

sl.execute() or by callingTS.parse(s1, DR)  and then call-

e We present a random test-input generation technique thating s1.setStmt(SQLStmt)
uses the inferred models, as well as feedback obtained from  Figure 3 shows merging of call sequence graphs. The left and
executing the sequences, to guide generation towards legalcenter parts show the graphs fir ands2, while the right part
non-trivial sequences. shows the graph that merges #ieands2 graphs.

e We present Palulu, a tool that implements both techniques 2.1.1 Constructing the Call Sequence Graph

for Java. The input to palulu is a program under test and A call sequenceof an object contains all the calls in which

an example execution. Palulu uses the example execution toyhe opject participated as the receiver or a parameter, with the

infer a r_nodel, then uses th(_e model to guide ranplom INPUt method nesting information for sub-calls. Figure 2(b) shows a call

generation. Palulu’s output is a collection of test inputs for sequence. Aall sequence grapbf an object is a graph repre-

the program under test. sentation of the object’s call sequence—each call in the sequence

L ) has a corresponding edge between some nodes, and calls nested

o We evaluate Palulu on a set of real applications with con- j, yhe call correspond to additional paths between the same nodes.

strained interfaces, showing that the inferred models assistgygaq are annotated with primitive and string arguments of the

in generating inputs for these programs. Our technique achieYggs collected during tracing. (Palulu records method calls, in-

better coverage than purely random test generation. cluding arguments and return values, and field/array writes in a

. . ) ) trace file created during the example execution of the program un-
The remainder of the paper is organized as follows. Section 2 4a, test.)

pre;ents the techn!que. Sect.ion 3 describes an experimental eval-  1he algorithm for constructing an object’s call sequence graph

uation of the technique. Section 4 surveys related work, and Sec-y 5 three steps. First, the algorithm removes state-preserving calls

tion 5 concludes. from the call sequence. Second, the algorithm creates a call se-
quence graph from the call sequence. For nested calls, the algo-

2 Technique rithm creates alter_native paths in the graph. Third, the algorithm
removes non-public calls from the graph.

The input to our technique is an example execution of the pro- 1. Removing state-preserving callsThe algorithm removes
gram under test. The output is a set of test inputs for the programfrom the call sequence all calls that do not modify the state of the
under test. The technique has two steps. First, it infers a model(Java) object.



TS=tinySQL Conn=Connection
Stmt=Statement

DR="DROP TABLE test"
CR="CREATE TABLE test (name
char(25), id int)"

DR="DROP TABLE test"

IB="INSERT INTO test (name, id) TS.parse(s1,DR)
VALUES(Bob’, 1) ) '

s1=Conn.createStmt() s1=new Stmt(Conn) s1=Conn.createStmt() 51=new Stmt(Conn)

TS.parse(sl,DR)

(a) Class and string literal abbreviations

s1 = Conn.createStmt()
— s1 = new Stmt(Conn)
. sl.execute(DR)
— TS.parse(sl, DR)
> TSParser.DropTable(s1)
——— new DropTableStmt(s1)
. — sl.setStmt(SQLStmt)
. sl.close()

s1.setStmt(SQL Stmt)

s51.close()

ONoOR~ONE

\ (b) Call sequence for objest (c) Call sequence graph fet (d) Public-call sequence graph fer

Figure 2. Constructing a call sequence graph for an object. (a) Abbreviations used in Figures 2 and 3. (b) Call sequence involgngdrotijeatode

from Figure 1. Indented lines (marked with arrows) represent nested calls, shaded lines represent state-preserving calls, and lines in bold face represent
non-public calls. (c) Call sequence graph $arinferred by the model inference phase; it omits state-preserving calls. The path A-B-C represents two calls
(lines 4 and 7) nested in the call in line 3. (d) Public call sequence graph, after removing from (b) an edges corresponding to a non-public call.

s2=Conn.createStmt() s2=new Stmt(Conn)

s=Conn.createStmt() 5= new Stmt(Conn)

s2.execute(CR) T S.parse(s2,CR) T S.parse(s, DR|CR)

Figure 3. Call sequence graphs tdr(from Figure 2(c)),s2 (not presented elsewhere), and the merged graph for slasment .

State-preserving calls are of no use in constructing inputs, and 2. Constructing call sequence graph. The call sequence
omitting them reduces model size and search space without ex-graph construction algorithm is recursive and is parameterized by
cluding any object states. Use of a smaller model containing only the call sequence, a starting node, and an ending node. The top-
state-changing calls makes test generation more likely to explorelevel invocation (for the whole history of an object) uses the root
many object states (which is one goal of test generation) and aidsas the starting node and a dummy as the ending“hode
in exposing errors. State-preserving calls can, however, be useful Figure 4 shows a pseudo-code implementation of the algorithm.
as oracles for generated inputs, which is another motivation for The algorithm processes the call sequence call by call, while keep-
identifying them. For example, the call sequence graph construc-ing track of the last node it reached. When a call is processed, a
tion algorithm ignores the calls in lines 5 and 6 in Figure 2(b). new edge and node are created and the newly created node be-

To discover state-preserving calls, the technique performs acomes the last node. The algorithm annotates the new edge with
dynamic immutability analysis [3] on the example execution. A primitive and string arguments of the call.
method parameter (including the receiver) is considered immutable  Nested calls are handled by recursive invocations of the con-
if no execution of the method changes the state of the object passedtruction algorithm and give rise to alternative paths in the call
to the method as the actual parameter. The “state of the object” issequence graph. After a call to methods processed (i.e., an
the part of the heap that is reachable from the object by following edge between nodes andn. is added to the graph), the algo-
field references.

2Dummy nodes are not shown in Figures 2 and 3.



/I Insert sequence cs between nodes start and end.
createCallSequenceGraph(CallSequence cs,
Node start, Node end) {
Node last = start;
for (Call c : cs.topLevelCalls()) {
Node next = addNewNode();
addEdge(c, last, next); // add "last --c--> next"
CallSequence nestedCalls = cs.getNestedCalls(c);
createCallSequenceGraph(nestedCalls, next, last);
last = next;

of previously-generated method sequences, and creates new se-
quences by extending sequences from the component set with new
method calls.

Generating test inputs works in two phases, each using a spec-
ified fraction of the overall time limit. In the first phase, the gen-
erator does not use the models and creates test inputs in a random
way. The purpose of this phase is initializing the component set

with sequences that can be used during model-based generation.

replaceNode(last, end); // replace last by end

This phase may create sequences that do not follow the models,

which allows for creation of more diverse test inputs. In the sec-
Figure 4. The call sequence graph construction algorithm written in Java- ©Nd phase, the generator uses the models to guide the creation of
like pseudo-code. The algorithm is recursive, creating alternative paths in N€W test inputs.

the graph for nested calls.

An important challenge in our approach is creating tests that
differ sufficiently from observed execution. Our technique achieves

this goal by (i) generalizing observed sequences (inferred models

rithm creates a path in the graph starting fremand ending in
nz, containing all calls invoked by.

may contain paths not observed during execution), (ii) omitting
certain details from models (e.g., values of non-primitive, non-

For example, part (c) of Figure 2 contains two paths from state String parameters), and (iii) diverging from models by randomly

Ato state C. This alternative path containing parse(sl, DR)
and s1.setStmt(SQLStmt)
sl.execute() (line 3) in part (b) of Figure 2 invokes those two
calls (lines 4 and 7).

3. Removing non-public calls.After constructing the object’s
call sequence graph, the algorithm removes from the graph each

inserting calls to methods not observed during execution (such se-
was added because the call to guences are created in the first, random, phase of generation and
may be inserted in the second, model-based, phase).

2.2.1 Phase 1: Random generation
In this phase, the generator executes the following three steps

edge that corresponds to a non-public method. Thus, each pathn a loop, until the time limit expires [17].

through the graph represents a sequence of method calls that a
client (such as a test case) could make on the class. Ignoring non-
public calls in the same way as state-preserving calls would not
yield a graph with the desired properties.

For example, in part (c) of Figure 2, the edge corresponding
to the non-public methosi.setStmt(SQLStmt) gets removed,
which results in the graph presented in part (d) of Figure 2.

2.1.2 Merging Call Sequence Graphs

After the algorithm creates call sequence graphs for all ob-
served objects of a class, it merges them into the class’s model
as follows. First, merge their root nodes. Whenever two nodes are
merged, merge any pair of outgoing edges (and their target nodes)
if (i) the edges record the same method, and (ii) the object appears
in the same parameter positions (if the object is the receiver of
the first method it must be the receiver of the second, similarly for
the parameters); other parameters, including primitives and strings
may differ. When two edges are merged, the new edge stores their
combined set of primitives and strings.

For example, the call graphs fet ands2 can be found in
left and center parts of Figure 3, while the combined model is
on the right. The edges correspondingsicexecute(DR)  and
s2.execute(CR)  are merged to create the edgexecute(DR|CR)

2.2 Generating Test Inputs

The input generator uses the inferred call sequence models to 3.

guide generation towards legal sequences. The generator has three
arguments: (1) a set of classes for which to generate inputs, (2)
call sequence models for a subset of the classes (those for which
the user wants test inputs generated using the models), and (3) a
time limit. The result of the generation is a set of test inputs for
the classes under test.

The input generator works by mixing pure random generation
and model-based generation, as we explain below. The genera-
tor is incremental: it maintains an (initially emptgdmponent set

1. Select a method.Select a methodn (75, . .

., Tx) at ran-
dom from among the public methods declared in the classes
under testT is the type of the receiver). The new sequence
will have this method as its last call.

. Create a new sequenceFor typeT; of each parameter of

methodm, attempt to find, in the component set, an argu-
ment of typeT; for methodm. The argument may be either
a primitive value or a sequenegthat creates a value of type
T;. There are two cases:

e If T} is a primitive (or string) type, then select a prim-
itive value at random from a pool of primitive inputs
(our implementation seeds the pool with inputs like
1,-1,'a ,true ,false ,™ ,etc.).

e If T; is a reference type, then usell as the argu-
ment, or select arandom sequenca the component
set that creates a value of tyfig, and use that value
as the argument. If no such sequence exists, go back
to step 1.

Create a new sequence by concatenatingsthg&equences
and appending the call f, (with the chosen parameters) to
the end.

Add the sequence to the component seExecute the new
sequence (our implementation uses reflection to execute se-
guences). If executing the sequence does not throw an ex-
ception, then add the sequence to the component set. Other-
wise, discard the sequence. Sequences that throw exceptions
are not useful for further input generation. For example, if
the one-method input = sqrt(-1); throws an exception
because the input argument must be non-negative, then there
is no sense in building upon it to create the two-method in-
puta = sqrt(-1); b = log(a);



Example. We illustrate random input generation using thesQL that edgeF represents (analogously to Action 1). If a pa-
classes. In this example, the generator creates test inputs for classes ~ rameter ofn is of a primitive or string type, randomly select

Driver andConn. In the first iteration, the generator selects the a value from among those that decorate edjeExecute
static methodConn.create(Stmt) . There are no sequences in s’ and add it to the component set if it terminates without
the component set that create a value of tgpet , so the gener- throwing an exception. Create theo mapping fors'—
ator goes back to step 1. In the second iteration, the generator se- the s’ sequenceno-maps to the same value as sequesice
lects the constructddriver()  and creates the sequerever This means that’ models an object of the same typesas

d = new Driver() . The generator executes the sequence, which Finally, create then mapping fors’—the s’ sequencen-

throws no exceptions. The generator adds the sequence to the maps to the target node of tiieedge.
component set. In the third iteration, the generator selects the
methodDriver.connect(String) . This method requires two
arguments: the receiver or typeiver and the argument of type
String . For the receiver, the generator uses the sequeinae

d = new Driver(); from the component set. For the argument,
the generator randomly sele¢tsfrom the pool of primitives. The
new sequence Briver d = new Driver(); d.connect(") .
The generator executes the sequence, which throws an exceptio
(i.e., the string™ is not valid a valid argument). The generator
discards the sequence.

Example. We usetinySQL classes to show an example of how
the model-based generator works. The generator in this exam-
ple uses the model presented in the right-hand side of Figure 3.
In the first iteration, the generator selects Action 1, and method
createStmt . The method requires a receiver, and the generator
finds one in the component set populated in the random genera-
tion phase (Section 2.2.1). The method executes with no excep-
flon thrown and the generator adds it to the component set. The
following shows the newly created sequence together witivthe
andcn mappings.

2.2.2 Phase 2: Model-based generation sequence mo(s) | cn(s)

Model-based generation is similar to random generation, but , )
. . Driver d = new Driver();

the generator uses the model to guide the creation of new se-| cony ¢ = d.connect(dbe:tingSQLY):
quences. We call the sequences that the model-based generatar statement st = c.createStmt();
createsnodeled sequenceshich are distinct from the sequences
generated by the random generator. The model-based generator
keeps two (initially empty) mappings. Once established, the map-
pings never change for a given modeled sequencenidhémod-
eled object) mapping maps each modeled sequence to the objec
for which the sequence is being constructed. dihécurrent node)
mapping maps each modeled sequence to the node in the mod
that represents the current state of the sequemncesmapped ob-
ject.

Similarly to the random generator from Phase 1 (Section 2.2.1), sequence mo(s) | cn(s)
the model-based generator attempts to create a new sequences hy
repeatedly extending (modeled) sequences from the component Driver d = new Driver(); .
set. The component set is initially populated with the sequences| S © = gtc‘__)”zec‘;g;gbsct%sm )
created in the random generation phase. The model-based gen- St_execute('-CREAfE TABLE test name\ st c
erator repeatedly performs one of the following two actions (ran- char(25), id int)");
domly selected), until the time limit expires.

st A

In the second iteration, the generator selects Action 2 and method
execute . The method requires a string parameter and the model
{'s decorated with two values for this call (denotedd®andCRin

the right-most graph of Figure 3). The generator randomly selects
&R The method executes with no exception thrown and the gener-
ator adds it to the component set. The following shows the newly
created sequence together with the andcn mappings.

e Action 1: create a new modele_d sequenceSelect a clasg 3. Evaluation
C and an edger that is outgoing from the root node in ) ] . ) )
the model ofC' (select both class and edge at random). Let This section presents an _emplrlcal evaluation of Pa!ulu’s abil-
m(To, ..., Ty) be the method that edgé represents. Cre- ity to create test mpyts. Section 3.1 shows that Palulu.ylelds bgtter
ate a new sequencéthat ends with a call tan, in the same coverage than undirected random generation. Section 3.2 illus-
manner as random generation (Section 2.2.1)—concatenaterates how Palulu can create a test input for a complex data struc-
sequences from the component set to create the argument$Ure-
for the call, then append the call ta at the end. Execute
' and add it to the component set if it terminates without 3.1 Coverage
throwing an exception. Create theo mapping fors'— We compared using our call sequence models to using univer-
the s’ sequenceno-maps to the return value of the call sal models (that allow any method sequence and any parameters)
to m (model inference ensures that does have a return  to guide test input generation in creating inputs for programs that
value). Finally, create the initialn mapping fors’—the s’ define constrained APIs. Our hypothesis is that tests generated by
sequencen-maps to the target node of tiieedge. following the call sequence models will be more effective, since

the test generator is able to follow method sequences and use in-

e Action 2: extend an existing modeled sequence&elect a put arguments that emulate those seen in an example input. We
modeledsequence from the component set and an edge measure effectiveness via block and class coverage, since a test
outgoing from the noden(s) (i.e., from the node to which  suite with greater coverage is generally believed to find more er-
s maps byen). These selections are done at random. Create rors. (In the future, we plan to extend our analysis to include an
a new sequence€ by extendings with a call to the method  evaluation of error detection.)



classes for which technique block coverage
tested generated at least one input
Program classes|| Universal model| Call sequence mode| Universal model| Call sequence model
tinySQL 32 19 30 19% 32%
HTMLParser 22 22 22 34% 38%
SAT4] 22 22 22 27% 36%
Eclipse 70 46 46 8.0% 8.5%

Figure 5. Classes for which inputs were successfully created, and coverage achieved, by using following call sequence models and universal models.

311 Subject programs Class Description Requires
. . VarinfoName Variable name
We used four Java programs each of which contains a few —nfo variable description VarinfoName
classes with constrained APIs, requiring specific method calls and PptTopLevel
input arguments to create legal input. PptSlice2 Two variables from a pro{ Varinfo
gram point PptTopLevel
e tinySQL® (27 kLOC) is a minimal SQL engine. We used : Invariant
the program’s test suite as an example input. PptTopLevel Program point Sg:lsr:'fgez
e HTMLParser* (51 kLOC) is real-time parser for HTML_. LinearBinary Linear invaniant PpiSice?
We used our research group’s webpage as an example input. (y = az + b) over two
e SAT4J (11 kLOC) is a SAT solver. We used a file with a scalar variables
non-satisfiable formula, taken from DIMAGSas an exam- BinaryCore Helper class LinearBinary
ple input.

e Eclipse Compiler7 (98 KLOC) is the Java compiler supplied Figure 6. Some of the classes needed to create a valid test input for

. . . . Daikon’sBinaryCore class. For each class, tregjuires column contains
with the Eclipse project. We wrote a Z_I.O line program for the the types of all valid objects one needs to construct to create an object of
compiler to process, as an example input. that class.

3.1.2 Methodology
As the set of classes to test. we selected from the program'sther in order to characterize the programs for which the technique
public non-abstract classes, those classes that were touched durinyOrks best, or to improve its performance on other programs.
the sample execution. For classes not present in the execution, call 1ne results are not dependent on the particular time bound cho-
sequence models are not created and therefore the input generatetf"- For example, generation using the universal models for 100
by the two techniques will be the same. seconds achieved less coverage than generation using the call se-
The test generation was run in two phases. In the first phase, duénce models for 10 seconds.
seeding, it generated components for 20 seconds using universal )
models for all the classes in the application. In the second phase3.2 Constructing a Complex Input
test input creation, it generated test inputs for 20 seconds for the  To evaluate the technique’s ability to create structurally com-
classes under test using either the call sequence models or the unpjex inputs, we applied it to theinaryCore ~ class within Daikon

versal models. [11], atool that infers program invarian®inaryCore  is a helper
Using the generated tests, we collected block and class coveriass that calculates whether or not the points passed to it form a
age information with emnfa line. Daikon maintains a complex data structure involving many

classes to keep track of the valid invariants at each program point.

3.1.3 Results An undirected input generation technique (whether random or
Figure 5 shows the results. The test inputs created by follow- systematic) would have little chance of generating a valid Binary-

ing the call sequence models achieve better coverage than thos€ore instance. Some of its constraints are (see Figure 6):

created by following the universal model.

The class coverage results differ only for tinySQL. For exam- ~ ® The constructor to aBinaryCore  takes an argument
ple, without the call sequence models, a valid connection or a of type Invariant , which has to be of run-time type
properly-initialized database are never constructed, because of the LinearBinary ~ or PairwiseLinearBinary , subclasses
required initialization methods and specific input strings. of Invariant . Daikon contains 299 classes that extend

The block coverage improvements are modest for Eclipse (6%, Invariant , so the state space of type-compatible but in-

representing 8.5/8.0) and HTMLParser (12%). SAT4J shows a correct possibilities is very large. _
33% improvement, and tinySQL, 68%. We speculate that pro- e To create a legdlinearBinary , one must first create a le-

grams with more constrained interfaces, or in which those inter- gal PptTopLevel and a legaPptSlice2 . Both of these
faces play a more important role, are more amenable to the tech- classes require an array @hrinfo  objects. Thevarinfo
nique. Future research should investigate these differences fur- objects passed teptSlice2 must be a subset of those
passed tPptTopLevel . In addition, the constructor for
*http://sourceforge.net/projects/tinysg PptTopLevel requires a string in a specific format; in

gNtp://tmiparser.sourceforge.net Daikon, this string is read from a line in the input file.
http://www.sat4j.org

Sitp-//dimacs.rutgers.edu e The constructor to/arinfo  takes five objects of different
"hitp://www.eclipse.org types. Similar toPptTopLevel , these objects come from
8http://emma.sourceforge.net constructors that take specially-formatted strings.



Manually-written test input (written by an expert) Palulu-generated test input

VarlnfoName namex = VarlnfoName.parse("x"); VarinfoName namel = VarlnfoName.parse('return®);
VarinfoName namey = VarinfoName.parse("y"); VarinfoName name2 = VarlnfoName.parse("return®);
VarinfoName namez = VarInfoName.parse("z");

ProglangType inttype = ProglangType.parse("int"); ProglangType typel = ProglangType.parse("int");
ProglangType filereptype = ProglangType.parse("int"); ProglangType type2 = ProglangType.parse('int");
ProglangType reptype = filereptype.fileToRepType();

VarinfoAux aux = VarlnfoAux.parse(™); VarinfoAux auxl =

VarlnfoAux.parse(" declaringClassPackageName=, ");
VarlnfoAux aux2 =

VarlnfoAux.parse(" declaringClassPackageName=, ");
VarComparability comp = VarComparability compl =

VarComparability.parse(0, "22", inttype); VarComparability.parse(0, "22", typel);
VarComparability comp2 =

VarComparability.parse(0, "22", type2);

Varinfo vl = Varinfo vl =

new Varinfo(hnamex, inttype, reptype, comp, aux); new Varinfo(namel, typel, typel, compl, auxl);
Varinfo v2 = Varinfo v2 =

new Varlnfo(namey, inttype, reptype, comp, aux); new Varinfo(name2, type2, type2, comp2, aux2);
Varlnfo v3 =

new Varinfo(namez, inttype, reptype, comp, aux);

Varinfo[] slicevis = new Varlnfol] {v1, v2 }; Varinfo[] vs = new Varinfol] {v1, v2 };
Varinfo[] pptvis = new Varlnfo[] {v1, v2, v3 };

PptTopLevel ppt = PptTopLevel pptl =

new PptTopLevel("StackAr.StackAr(int):::EXIT33", new PptTopLevel("StackAr.push(Object):::EXIT", vs);
pptvis);

PptSlice2 slice = new PptSlice2(ppt, slicevis); PptSlice slicel = pptl.gettempslice(vl, v2);
Invariant proto = LinearBinary.getproto(); Invariant invl = LinearBinary.getproto();

Invariant inv = proto.instantiate(slice); Invariant inv2 = invl.instantiate(slicel);

BinaryCore core = new BinaryCore(inv); BinaryCore Ibcl = new BinaryCore(inv2);

Figure 7. The first code listing is a test input written by an expert developer of Daikon. It required about 30 minutes to write. The second listing is a test input
generated by the model-based test generator when following the call sequence models created by a sample execution of Daikon. For ease of comparison, we
renamed automatically-generated variable names and grouped method calls related to each class (but we preserved any ordering that affects the results).

e None of the parameters involved in creatinBisaryCore Lam [22] combine dynamic analysis of a program run and static
or any of its helper classes may hdl . analysis of the program’s source to infer pairs of methods that can-

] ] not be called consecutively. Ammons et al. [1] use machine learn-

We used our technique to generate test input8ifarryCore . ing to generate the graph; like our technique, Ammon’s is inexact

To create the model, we used a trace from an example supplied e, the inferred state machine allows more behaviors than those
with the Daikon distribution. We gave the input generator a time gpserved in the trace).
limit of 10 seconds. During this time, it generated 3 sequences that |, all the above techniques, the intended consumer of the in-
createBinaryCore  objects, and about 150 helper sequences. ferred graphs is a person wanting to gain program understanding.
Figure 7 (left) shows a test input that createBiwaryCore Our end goal is generating test inputs for object-oriented APIs;
object. This test was written by a Daikon developer, who spent the consumer of our graphs is a mechanical test input generator,
apout 30 minutes vyrltlhg the test input. We are not aware of a 53nd the model is only as good as it is helpful in generating in-
simpler way to obtain 8inaryCore . _ puts. This fact imposes special requirements that our inference
Figure 7 (right) shows one of the three inputs that Palulu gener- echnique addresses. To be useful for real programs, our call se-
ated forBinaryCore . For ease of comparison between the inputs quence graph inference technique must handle program traces that
generated manually and automatically, we renamed automatically-jnclude methods with multiple input parameters, nested calls, pri-
named variables and reordered method calls when the reordering,gte calls primitive parameters, etc. On the other hand, the size
did not affect the results. Palulu successfully generated all the of the graph is less crucial to us. In addition, the models of the

helper classes involved. Palulu generated some objects in @ Wayapove techniques mostly discover rules affecting one object (for
slightly different from the manual input; for example, to generate a jnstance, opening a connection before using it). In contrast, our

Slice , Palulu used the return value of a metho@mTopLevel model inference discovers rules consisting of many objects and
instead of the class’s constructor. method calls.

Another related project is Terracotta [25], which dynamically
4. Related Work infers temporal properties from traces, such as “eventlways

. . ) . happens beforé’,.” Our call sequence graphs encode specific
P'alulu combmc_as dyna.\mlc cgll sequence graph |nferenc_e With ayent sequences, but do not generalize the observations. Using
test input generation. This section discusses related work in eachpserred temporal properties could provide even more guidance to

area in more detail. a test input generator.
. After we publicized our algorithm and experimental results [4],
4.1 Dynamic Call Sequence Graph Inference Yuan and Xie [26] presented a very similar algorithm that creates

There is a large literature on call sequence graph inference; weper-object state machines, then combines them. However, they do
discuss some techniques most closely related to our work. Cooknot present any experimental results.
and Wolf [8] generate a FSM from a linear trace of atomic, parameter-
less events using grammar-inference algorithms [2]. Whaley and
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