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Abstract

Among the tasks in soft w are testing, test data generation is particularly di�cult and costly . In

recen t y ears, sev eral approac hes that use metaheuristic searc h tec hniques to automatically obtain

the test inputs ha v e b een prop osed. Although w ork in this �eld is v ery activ e, little atten tion has

b een paid to the selection of an appropriate searc h space. The presen t w ork describ es an alternativ e

to this issue. More precisely , t w o approac hes whic h emplo y an Estimation of Distribution Algorithm

as the metaheuristic tec hnique are explained. In b oth cases, di�eren t regions are considered in the

searc h for the test inputs. Moreo v er, in order to depart from a region near to the one con taining

the optim um, the de�nition of the initial searc h space incorp orates static information extracted

from the source co de of the soft w are under test. If this information is not enough to complete

the de�nition, then a grid searc h metho d is used. A ccording to the results of the exp erimen ts

conducted, it is concluded that this is a promising option that can b e used to enhance the test

data generation pro cess.

Keyw ords: soft w are testing, ev olutionary algorithms, dynamic represen tations, estimation of distri-

bution algorithms, searc h based test data generation

1 In tro duction

T esting is the means used in practice to v erify the correctness of soft w are pro duced. Considering the

crucial role of soft w are no w ada ys, it is not di�cult to imagine the signi�cance of testing. In fact,

this phase from the soft w are's life cycle usually accoun ts for 50% of pro ject resources (Beizer, 1990;

Sommerville, 2001). A h uge amoun t of these resources is dedicated to the generation of the input

cases to b e applied to the program tested. This task is not trivial, as input cases m ust confom to the

test t yp e and its requiremen ts. Since most organizations p erform this step man ually , the automatic

generation of test data is w orth while and has turned in to one of the most c hallenging problems in the

area.

T est case generation approac hes ma y b e classi�ed as either statistical, functional or structural

testing metho ds. Statistical testing samples the input domain according to a probabilit y distribution

that is obtained from the program's op erational pro�le. Due to its simplicit y , a common approac h

is to automatically generate test cases sim ulating a uniform distribution (Duran and Ntafos, 1984).

On the other hand, functional testing is based on the program sp eci�cation. More precisely , inputs

are generated taking the functional prop erties of the program in to accoun t, and its automatization

demands a formal sp eci�cation. As an example, in Burton (2000), a framew ork orien ted to a p opular

sp eci�cation language named Z w as describ ed.

�
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Structural testing is based on the in ternal structure of the program. The source co de rev eals con trol

or data �o w en tities suc h as the branc hes that the �o w of con trol can tak e from a conditional statemen t

or the di�eren t p ossible usages of a v ariable. A ccording to these en tities, sev eral adequacy criteria are

de�ned. F or instance, branc h co v erage is a classical criterion stating that ev ery program branc h m ust

b e exercised. Other t ypical criteria are passing through ev ery co de statemen t (statemen t co v erage),

exercising ev ery sequence of branc hes from the program input to its output (path co v erage), or co v ering

all the de�nition-usage pairs for eac h v ariable (all-defs co v erage). Th us, a structural test data generator

tries to ful�ll an adequacy criterion b y pro ducing the appropriate inputs. In order to kno w the lev el

of completion attained b y the generator, a co v erage measuremen t indicates the p ercen tage of en tities

exercised b y a set of test cases for a giv en criterion. It should b e mark ed that, in practice, co v erage

measuremen ts and structural criteria ma y also b e used b y metho ds from other testing strategies and

vice v ersa.

The t w o most common strategies to deal with the automation of structural testing are static and

dynamic test data generation.

The main feature of the static strategy is that program execution is not required, since test cases

are obtained through a static analysis of the source co de. Most of the initial approac hes w ere based on

a tec hnique named sym b olic execution. This tec hnique consists of c ho osing an en tit y from the program

structure, and assigning a system of inequalities in terms of the input parameters. The system is built

b y substituting v ariables a�ecting the en tit y with sym b olic v alues while resp ecting the constrain ts

asso ciated with the conditions in the co de. A solution to the system is an input exercising the selected

en tit y . In Demillo and O�ut (1993), a w ork using this metho d can b e consulted.

On the other hand, dynamic approac hes execute the program in order to generate the test inputs.

More precisely , an instrumen ted v ersion of the program is constructed, that is, the source co de is

expanded with prob e instructions that will extract information concerning the execution of an input.

The information collected is used to guide the searc h for the test case exercising the desired en tit y .

In K orel (1990), the obtained information determined a function v alue assigned to eac h input. The

ob jectiv e w as to �nd an input minimizing its function v alue, whic h only o ccurred when reac hing the

target en tit y .

In recen t y ears, a n um b er of approac hes under the name of Searc h Based Soft w are T est Data

Generation (SBSTDG) has b een dev elop ed, o�ering in teresting results (McMinn, 2004). The aim of

SBSTDG is to seek test cases emplo ying metaheuristic searc h tec hniques during the pro cess. In other

w ords, during the test data generation, an optimization problem is form ulated. This problem is solv ed

through the ab o v e men tioned metaheuristic algorithms.

It is common to select an ob jectiv e en tit y and searc h for an input co v ering it. Ob viously , this searc h

is then carried out b y means of a metaheuristic, e.g. Genetic Algorithms (McGra w et al., 2001). In

consequence, the domain of eac h input parameter b ecomes an imp ortan t matter, since it de�nes the

space where the searc h is p erformed. In fact, the space de�ned b y the inputs and the ob jectiv e function

is often large and complex, making the co v erage of an en tit y a di�cult task. Most of the SBSTDG

w orks dealing with this issue to date ha v e concen trated on the optimization tec hnique and the ob jectiv e

function. Ho w ev er, little atten tion has b een paid to the selection of an appropriate searc h space. This

is an in teresting question, as fo cusing the searc h on a promising region could simplify the problem. On

the other hand, if an adequate region is not c hosen, an optimal solution (an input co v ering the en tit y)

ma y not ev en exist.

In the con text of Ev olutionary Computation, this matter can b e tac kled b y Self-A daptiv e Repre-

sen tation metho ds. These metho ds ma y b e classi�ed as a form of parameter con trol (Eib en et al.,

1999) that, according to the b eha vior of the execution, dynamically transforms an individual's repre-

sen tation and, th us, the searc h space. Although it dep ends on the metho d, generally , the purp ose of

the transformation is to direct the searc h to w ards the most promising region found so far and a v oid

getting stuc k in lo cal optima (Whitley et al., 1991).

The presen t w ork describ es an alternativ e to the searc h space selection issue in test data generation.

The t w o ma jor concepts whic h supp ort this alternativ e are the use of a-priori kno wledge on the problem

instance to c ho ose a searc h region, and mo difying this region through the solution's represen tation.

More precisely , these concepts are applied to a SBSTDG approac h for branc h co v erage of C/C++

programs. Initially , the metaheuristic seeks for in a region c hosen from the whole feasible searc h space.

In order to select a promising region, its de�nition is based on static information extracted from the
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program's source co de. In case this information is not useful to the de�nition, then a grid searc h

metho d is applied. A dditionally , during the pro cess, the size of the region is increasingly widened.

This w a y , if the ob jectiv e en tit y is not exercised, a new searc h is p erformed on a larger region. This

enlargemen t is applied to the approac h from t w o p oin ts of view, giving rise to t w o algorithms. In

b oth algorithms, the metaheuristic tec hnique emplo y ed to deal with the optimization problem is an

Estimation of Distribution Algorithm (ED A) (Larrañaga and Lozano, 2002)(Lozano et al., 2006).

ED As are a set of Ev olutionary Algorithms whic h, instead of creating new individuals through the

classical recom bination op erators, estimate the probabilit y distribution asso ciated with the selected

individuals and sample this distribution to create the next p opulation. This tec hnique has already

b een applied to the test data generation problem with great success (Sagarna and Lozano, 2005).

Therefore, it constitutes an adequate b enc hmark for comparison with the prop osed option.

Sev eral exp erimen ts w ere conducted in order to kno w whether the algorithms exp osed here ma y

help to enhance the test case generation pro cess. P erformance of b oth alternativ es is ev aluated and

compared with eac h other. Moreo v er, the results face those obtained with ED As, and in teresting

conclusions are obtained ab out the e�ect of searc h space size on the b eha vior of the test data generator.

The remaining sections are organized as follo ws. First, ED As are brie�y in tro duced, though a

little more atten tion is paid to the one used in the exp erimen ts: the TREE algorithm. After describing

SBSTDG and a few salien t references from this �eld, the alternativ e dev elop ed in this w ork is explained.

In the next section, the exp erimen ts and the analysis of their results are sho wn. Finally , a short

summary of the w ork and conclusions obtained are included.

2 In tro duction to Estimation of Distribution Algorithms

The term Estimation of Distribution Algorithm (ED A) (Larrañaga and Lozano, 2002; P elik an et al.,

2002; Mühlen b ein and P aaÿ, 1996) alludes to a family of Ev olutionary Algorithms whic h represen ts an

alternativ e to the classical optimization metho ds in the area. Algorithmically , a Genetic Algorithm and

an ED A only di�er in the pro cedure to generate new individuals. Instead of using the t ypical breeding

op erators, ED As p erform this task b y sampling a probabilit y distribution previously built from the set

of selected individuals. Indeed, this distribution is resp onsible for one of the main c haracteristics of

these algorithms, that is, the explicit description of the relationships b et w een the problem v ariables.

2.1 Abstract ED A

In order to simplify the discussion, only discrete domains are considered in the follo wing. F or a more

extended description, including con tin uous domains, refer to Larrañaga and Lozano (2002).

Giv en an n -dimensional random v ariable X = ( X 1; X 2; :::; X n ) and a p ossible instan tiation x =
(x1; x2; :::; xn ) , the join t probabilit y distribution of X will b e denoted b y p(x ) = p(X = x ) . In the

case of t w o unidimensional random v ariables X i ; X j and their resp ectiv e p ossible v alues x i ; x j , the

conditional probabilit y of X i giv en X j = x j will b e represen ted as p(x i jx j ) = p(X i = x i jX j = x j ) . In

the con text of Ev olutionary Algorithms, an individual of length n can b e considered an instan tiation

x = ( x1; x2; :::; xn ) of X = ( X 1; X 2; :::; X n ) . Let the p opulation of the l -th generation b e D l . The

individuals selected D Se
l constitute a dataset of N cases of X = ( X 1; X 2; :::; X n ) . ED As estimate p(x )

from D Se
l , therefore, the join t probabilit y distribution of the l -th generation will b e represen ted b y

pl (x ) = p(x jD Se
l � 1) . New individuals are then obtained sampling pl (x ) . A pseudo co de for the abstract

ED A is presen ted in Figure 1.

The k ey p oin t of ED As is ho w the probabilit y distribution is estimated at eac h generation. The

computation of all the parameters of pl (x ) is un viable since they are, at least, 2n � 1 (the case of

binary v ariables). Th us, it is factorized according to a probabilit y mo del that, in some cases, limits

the p ossible dep endencies among the v ariables X 1; X 2; :::; X n . This leads to sev eral appro ximations

assuming di�eren t lev els of complexit y in their mo dels. The alternativ es range from those where the

v ariables are m utually indep enden t to those with no restrictions on v ariable in terdep endencies. The

most restrictiv e mo dels a v oid the induction of probabilit y distributions with dep endencies. Ho w ev er,

they allo w for a fast and easy estimation that ma y con v ert them in to a suitable p ossibilit y to solv e a

problem. On the other hand, the least restrictiv e mo dels are able to sho w all the dep endencies b et w een
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D0  Generate M individuals (the initial p opulation) randomly

Rep eat for l = 1 ; 2; :::;un til stopping criterion is met

D Se
l � 1  Select N � M individuals from D l � 1

pl (x ) = p(x jD Se
l � 1)  Estimate the probabilit y distribution

of an individual b eing among the individuals selected

D l  Sample M individuals (the new p opulation) from pl (x )

Figure 1: Abstract ED A pseudo co de.

the v ariables in a problem ev en though their computational cost is exp ensiv e and, in some cases, can

result in an impractical c hoice.

2.2 ED A instances

The problem of mo del induction has b een tac kled b y separate scien ti�c �elds, suc h as statistical ph ysics

or probabilistic reasoning. ED As b ene�t from this kno wledge through in terdisciplinary researc h. T ak-

ing probabilistic mo del complexit y in to accoun t, they ma y b e classi�ed as univ ariate, biv ariate and

m ultiv ariate.

Univ ariate ED As assume that the n -dimensional join t probabilit y distribution is decomp osed as a

pro duct of n univ ariate probabilit y distributions, that is:

pl (x ) =
nY

i =1

pl (x i ):

F or example, the Univ ariate Marginal Distribution Algorithm (Mühlen b ein, 1998) is an instance

b elonging to this category , whic h estimates pl (x i ) as the relativ e frequencies of x i in dataset D Se
l � 1 .

A w eakness of this kind of ED As arises if dep endencies b et w een the problem v ariables exist since,

ob viously , the factorization of pl (x ) cannot represen t them. T o a certain exten t, this dra wbac k is

o v ercomed b y biv ariate ED As. These appro ximations mak e use of second order statistics to estimate

the probabilit y distribution. Hence, apart from the probabilit y v alues, a structure that re�ects the

dep endencies among the v ariables m ust b e giv en. The factorization carried out b y the mo dels in this

category can b e expressed as follo ws:

pl (x ) =
nY

i =1

pl (x i jx j ( i ) )

where X j ( i ) is the v ariable, if an y , on whic h X i dep ends.

Biv ariate ED As restrict to order one dep endencies. Ho w ev er, with the mo dels from m ultiv ariate

ED As, it is p ossible to express all the v ariable in terdep endencies existing in a problem. In this last

category , the probabilit y distribution is estimated b y means of probabilistic graphical mo dels (Castillo

et al., 1997), whic h use a graph to represen t the detected dep endencies b et w een the v ariables. Th us,

the factorization asso ciated with this t yp e of ED As is as follo ws:

pl (x ) =
nY

i =1

pl (x i jpa i )

where pa i are the instan tiations of P a i , the set of v ariables on whic h X i dep ends.

In the Estimation of Ba y esian Net w ork Algorithm (EBNA) (Larrañaga et al., 2000), the factoriza-

tion of the join t probabilit y distribution is giv en b y a Ba y esian net w ork learned from D Se
l � 1 . A Ba y esian

net w ork is a pair (S; � ) where S is a directed acyclic graph represen ting the (in)dep endencies b et w een

the v ariables and � is the set of conditional probabilit y v alues needed to de�ne the join t probabilit y

distribution. The metho d used to learn S leads to di�eren t EBNA instan tiations, e.g. EBNA

BIC

.
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2.2.1 TREE

A biv ariate ED A is TREE (Larrañaga and Lozano, 2002), the algorithm used for the exp erimen ts

conducted to ev aluate the approac h in this pap er.

TREE refers to an adaptation of the Com bining Optimizers with Mutual Information T rees

(COMIT) algorithm (Baluja and Da vies, 1997).

In COMIT, pl (x ) is estimated through the Maxim um W eigh t Spanning T ree algorithm (Cho w

and Liu, 1968). The ob jectiv e of Cho w and Liu w as to �nd the �rst order dep endence probabilit y

distribution pt (x ) =
Q n

i =1 p(x i jx j ( i ) ) whic h b est appro ximates p(x ) . As a discrepancy measure, the

Kullbac k-Leibler cross-en trop y from pt
to p ( KL (pjpt ) ) w as c hosen (Kullbac k and Leibler, 1951). More

precisely , the authors decomp osed KL (pjpt ) as follo ws:

KL (pjpt ) = �
nX

i =1

I (X i ; X j ( i ) ) +
nX

i =1

H (X i ) � H (X )

where I (X i ; X j ( i ) ) is the m utual information measure b et w een X i and X j ( i ) , and H (X i ) and H (X )
denote the en trop y of p with regard to X i and X , resp ectiv ely . Since the v alues of H (X ) and H (X i )
for all i are not in�uenced b y the dep endencies in pt

, minimizing KL (pjpt ) is equiv alen t to maximizingP n
i =1 I (X i ; X j ( i ) ) . In order to obtain the b est appro ximation, the algorithm considers the set of tree

structures where eac h edge is w eigh ted with the m utual information b et w een the v ariables in v olv ed.

Then, they prop ose a simple metho d to obtain the structure with the maxim um sum of w eigh ts, whic h

is the structure of the pt
minimizing KL (pjpt ) .

Once an estimation of pl (x ) is obtained, COMIT samples a n um b er of individuals from pl (x ) and

selects the b est as the initial solutions of a lo cal searc h. The resulting individuals are then used to

create a new p opulation. In TREE, this lo cal searc h step is eliminated and, th us, the next p opulation

is obtained directly from pl (x ) .

3 Searc h Based Soft w are T est Data Generation

Searc h Based Soft w are T est Data Generation (SBSTDG) is an emerging �eld whic h refers to the

selection of soft w are test cases making use of metaheuristic searc h tec hniques.

A n um b er of approac hes ha v e b een already prop osed for di�eren t testing t yp es, e.g. functional

testing (T racey , 2000). Ho w ev er, the presen t w ork deals with branc h co v erage, so these other approac hes

are out of the scop e of this pap er and, in the follo wing, only structural testing is discussed. A w ell

crafted and extensiv e review of SBSTDG can b e consulted in McMinn (2004).

3.1 The General Sc heme

Most of the w orks dev elop ed for structural testing to date are based on a dynamic test data generation

strategy . Moreo v er, a h uge amoun t of these w orks consist of c ho osing the en tities to b e exercised and,

then, searc hing for the inputs co v ering them via a metaheuristic. Th us, it is common to more or less

follo w the general sc heme in Figure 2. This sc heme is an iterativ e t w o-step pro cess where, �rstly , a

previously iden ti�ed structural en tit y is selected (a branc h, for instance) and mark ed as an ob jectiv e.

In the second step, the ob jectiv e en tit y is assigned a function dep enden t on the program input, and

its optimization is sough t. This ob jectiv e function is form ulated in suc h a w a y that, if an executed

input exercises the ob jectiv e, the v alue is optim um. Otherwise, the v alue is prop ortional to ho w close

the input is to the ob jectiv e co v erage. Consequen tly , in order to obtain the function v alue of an input

it m ust b e previously executed on an instrumen ted v ersion of the program whic h will pro vide the

information necessary .

This w a y , the test case generation is tac kled as the resolution of a n um b er of function optimization

problems, one for eac h ob jectiv e en tit y .

Despite the di�eren t selection options, the most common practice is to determine the ob jectiv e

en tit y with the help of a graph that re�ects the structural c haracteristics of the program. In the case

of branc h co v erage, a con trol �o w graph (F en ton, 1985) is t ypically emplo y ed. In suc h a graph, eac h

v ertex represen ts a basic blo c k in the co de, i.e. a maximal sequence of co de statemen ts suc h that if one
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Rep eat un til stopping criterion met

E  Select ob jectiv e en tit y to exercise

Obtain input optimizing function for E

Figure 2: General sc heme for test case generation.

is executed, then all of them are. There is an arc (x; y) if the con trol of the program can b e transferred

from blo c k x to y without crossing an y other blo c k. Hence, in this kind of graph, a program branc h is

de�ned b y ev ery v ertex x with outdegree(x) > 1.

The next step of the sc heme in Figure 2 tac kles an optimization problem. F ormally , giv en the

searc h space 
 formed b y the program inputs and a function h : 
 �! I R, �nd x � 2 
 suc h that

h(x � ) � h(x ) 8x 2 
 .

F or branc h co v erage, a classical strategy to create the ob jectiv e function is the follo wing. Giv en an

ob jectiv e branc h b and an expression A OP B of the conditional statemen t COND asso ciated with b
in the co de, with OP denoting a comparison op erator, the v alue for an input x is determined b y:

h(x ) =

8
<

:

M if COND not reac hed

d(Ax ; Bx ) + K if COND reac hed and b not attained

0 otherwise

(1)

where M is the largest computable v alue, Ax and Bx are appropriate represen tations of the v alues tak en

b y A and B in the execution, d is a distance measuremen t, and K > 0 is a previously de�ned constan t.

T ypically , if A and B are n umerical, then Ax and Bx are their v alues and d(Ax ; Bx ) = jA x � B x j . In

the case of more complex data t yp es, a binary represen tation of the v alues for A and B can b e obtained

and, for instance, let d(Ax ; Bx ) b e the Hamming distance (Sthamer, 1996).

In case COND in v olv es a comp ound expression, the o v erall ob jectiv e function is constructed from

the partial functions for eac h sub expression. Giv en t w o sub expressions C1 and C2 with their resp ectiv e

functions h1 and h2 , and an input x , the v alue for the logical expression C1 _ C2 is min f h1(x ); h2(x )g,

the logical expression C1 ^ C2 is calculated as h1(x ) + h2(x ) , and for : C1 the v alue is kno wn b y prop-

agating the negation inside C1 . By applying the asso ciativ e and comm utativ e prop erties to di�eren t

logical expressions, the o v erall v alue for h is obtained.

3.2 Impro ving the Ob jectiv e F unction

The previous t yp e of ob jectiv e function su�ers from w ell-kno wn dra wbac ks, some of whic h ha v e no clear

solution y et. F or example, if the comparison op erator in the conditional expression is 6= , the function

only tak es three v alues and b ecomes plateau shap ed. In order to solv e this �a w, sev eral p ossibilities

based on co de transformations are describ ed in Harman et al. (2002(b)) and Baresel and Sthamer

(2003). In Bottaci (2003), other w eaknesses are iden ti�ed and a n um b er of alternativ es are prop osed

to o v ercome them.

T o a certain exten t, these limitations ma y b e alleviated with the ob jectiv e function presen ted in

W egener et al. (2001). In addition to the distance in the conditional statemen t COND of the ob jectiv e

branc h, a c ondition distanc e is used for the inputs not reac hing COND . This distance considers the

path in the con trol �o w graph tak en b y an input during execution. The v alue is calculated in terms

of the n um b er of branc hing v ertices stra ying from the subpath b et w een COND and its nearest v ertex

in the execution path. Therefore, the function in equation 1 is extended, main taining the notation, as

follo ws:

h(x ) =

8
<

:

dc(vc; vn ) if COND not reac hed

d(A x ;Bx )+ K
L +( d(A x ;Bx )+ K ) if COND reac hed and b not attained

0 otherwise

(2)

where vc is the v ertex in the con trol �o w graph represen ting COND , vn is the nearest v ertex to

COND in the path follo w ed b y x , dc is the condition distance, and L > 0 is a previously de�ned

constan t. Notice that L is emplo y ed to ensure that the function v alue when COND is not reac hed

surpasses the v alue when COND is reac hed but b is not attained.
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In this manner, if an input w as unable to reac h the condition, instead of assigning it the w orst v alue

( M ), the pro ximit y to the condition is tak en in to accoun t and the ob jectiv e function is smo othed with

regard to equation 1.

3.3 Applied Metaheuristics and Extensions

Aprop os the metaheuristic emplo y ed to solv e the optimization problem, the most prev alen t c hoice has

b een the Genetic Algorithm. This tec hnique w as applied for branc h co v erage in Sthamer (1996) and

W egener et al. (2001). The former compared binary and gra y co ded represen tations for the program

inputs. Ho w ev er, no clear conclusion could b e dra wn as to whic h of them w as sup erior. In the latter

w ork, excellen t co v erage results where obtained with a parallel Genetic Algorithm using a function of

the form of equation 2 to calculate the �tness of the individuals. In con trast, in the w ork b y P argas et al.

(1999), �tness is only the condition distance describ ed ab o v e. Genetic Algorithms ha v e also b een c hosen

for other testing criteria lik e, for instance, path co v erage (Lin and Y eh, 2001) and condition/decision

co v erage (McGra w et al., 2001). Metaheuristics prop osed in other w orks include Sim ulated Annealing

(T racey et al., 1998), T abu Searc h (Díaz et al., 2003) and, more recen tly , ED As (Sagarna and Lozano,

2005); all tac kling branc h co v erage with the classical ob jectiv e function. In Sagarna and Lozano

(2006), an emerging metho d kno wn as Scatter Searc h w as selected for the optimization step. Besides,

a collab orativ e sc heme b et w een this metho d and ED As w as dev elop ed, o�ering promising results.

Although the metaheuristic tec hnique deals with one optimization problem at a time, the real goal

of test case generation is to solv e a set of problems. Sev eral approac hes in the literature ha v e tak en

this in to consideration to impro v e the pro cess. The alternativ e suggested b y some w orks is to pro�t

from the go o d solutions found b y not only ev aluating an input for the curren t ob jectiv e en tit y , but also

with regard to all the others. Eac h en tit y is assigned a set con taining the b est inputs so far whic h are

used to seed the initial phase of the metaheuristic (W egener et al., 2001; Sagarna and Lozano, 2005).

Similarly , in McGra w et al. (2001), the set of an en tit y is comp osed of the inputs just reac hing the

condition asso ciated with the en tit y . Moreo v er, this t yp e of strategy is emplo y ed for di�eren t testing

criteria. F or instance, the w ork b y Bueno and Jino (2002) deals with path co v erage, and a set of inputs

exercising a selected path is sough t at eac h step; th us, the initial p opulation of a Genetic Algorithm

is seeded with the closest sets of inputs to co v ering the path from those stored in a base p o ol. In

con trast, in the approac h for path co v erage describ ed in Hermadi and Ahmed (2003), a m ultiob jectiv e

optimization view is adopted. This system uses a Genetic Algorithm where an individual represen ts

an input and the �tness v alue is obtained from a w eigh ted sum of the pro ximities to the co v erage of

eac h path.

Indeed, it should b e mark ed that there are other strategies for structural test data generation, aside

from the one outlined in Figure 2. F or example, in Smith and F ogart y (1996), a Genetic Algorithm

is used once again. Ho w ev er, in this case, an individual corresp onds to a set of test inputs, and the

�tness is the co v erage reac hed b y the set after execution. This w a y , the problem of generating a set of

test cases to ful�ll an adequacy criterion is faced from a pure Ev olutionary Computation view, where

an individual represen ts a solution to the whole problem.

3.4 An Example of the General Sc heme

T o sum up, the prepro cessing required to automate the generation of test data for branc h co v erage

follo wing the general sc heme in Figure 2 should b e noticed. Figure 3 illustrates this b y sho wing an

example program and the elemen ts to b e induced from it: the con trol �o w graph and the instrumen ted

program v ersion. The reduced b o x on the righ t represen ts the information supplied b y a h yp othetical

execution of the instrumen ted program.

The graph is used to select the next ob jectiv e branc h whose co v erage will b e pursued, for example,

branc h (2; 3). A Genetic Algorithm could b e used in the optimization phase. Th us, an individual is

a represen tation of the program input, i.e. three in tegers. If the inputs set strategy describ ed ab o v e

is applied, the initial p opulation of the Genetic Algorithm could b e seeded with the set asso ciated to

branc h (2; 3).

Eac h input generated during the searc h is executed on the instrumen ted program v ersion in order

to elicit its ob jectiv e function v alue. The instrumen tation results sho wn in the reduced b o x of Figure 3
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{
 double d,x;

int quad (int a, int b, int c)

 if (a!=0)
  if ((b*b)-(4*a*c)<0) x=0;
  else {
   d=(b*b)-(4*a*c);
   x=(-b+(int)sqrt(d))/(2*a); }
 else
  x=(-c)/b;
 if ((a*x*x+b*x+c)==0)
  printf("integer solution: %d",x);
 else
  printf("no integral solution");
}

1

3 4

5

2

7

6

8 9

10

int quad_instr (int a, int b, int c)
{
 probe_init();
 probe_out(1);
 probe_dist(0,a,0);
 double d,x;
 if (a!=0) {
  probe_out(2);
  probe_dist(0,((b*b)-(4*a*c)),0);
  if ((b*b)-(4*a*c)<0) {
   probe_out(3);
   x=0; }
  else {
   probe_out(4);
   d=(b*b)-(4*a*c);
   x=(-b+(int)sqrt(d))/(2*a); }
  probe_out(5);
 else {
  probe_out(6);
  x=(-c)/b; }
 probe_out(7);
 probe_dist(0,(a*x*x+b*x+c),0);
 if ((a*x*x+b*x+c)==0) {
  probe_out(8);
  printf("integer solution: %d",x); }
 else {
  probe_out(9);
  printf("no integral solution"); }
 probe_out(10);
}

1
2 1
4 276
5
7

10
9 5

Figure 3: Example of source co de, con trol �o w graph, instrumen ted v ersion, and output information.

corresp ond to input (1; 20; 31). Eac h line of the b o x con tains the tra v ersed basic blo c k (n um b ered as in

the graph) and, if the previous blo c k had a condition with an expression A OP B , the v alue of jA�Bj in

the execution. Using this information, the v alue of the condition distance ( dc ) sho wn in equation 2 can

b e obtained. Ho w ev er, this is not necessary , as input (1; 20; 31) reac hes the condition of branc h (2; 3).

Hence, according to equation 2 and taking K = 1 and L = 1000, h(1; 20; 31) = 276+1
1000+276+1 = 0 :2169.

Although the input is already ev aluated for the Genetic Algorithm, the instrumen tation results are

used to calculate h(1; 20; 31) with regard to the rest of the branc hes. This w a y , if (1; 20; 31) is a high

qualit y input, it is stored in the set of the corresp onding branc h.

Once the searc h �nishes, a new round of the sc heme in Figure 2 is p erformed un til, for instance,

ev ery branc h has b een selected as an ob jectiv e.

4 The Dynamic Searc h Space Approac h to Soft w are T est Data

Generation

If a test data generation system deals with the problem as the pro cess of solving a set of function

optimizations, the searc h space b ecomes an imp ortan t elemen t. The presen t w ork describ es an alter-

nativ e whic h tak es this in to consideration in the con text of a SBSTDG approac h for branc h co v erage

of C/C++ programs. More precisely , the region where the metaheuristic seeks for is initially de�ned

with heuristic information obtained from the program's source co de. During the pro cess, the size of

the region is increasingly widened so that, if the optim um w as not found in the curren t space, a new

searc h is p erformed in a larger one. T w o w a ys of tac kling this region expansion are prop osed, giving

rise to t w o algorithms.

4.1 Motiv ation

In a SBSTDG approac h follo wing the sc heme in Figure 2, the co v erage of a branc h ma y result in a

highly di�cult task, since the space de�ned b y the inputs and the ob jectiv e function is usually large

and complex.

Most of the e�orts to address this issue ha v e concen trated on the ob jectiv e function and the op-

timization tec hnique. A ttempts on the former relate to the concepts in Section 3.2, while, on the
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other hand, a clear case concerning the tec hniques is the general confron tation of lo cal with global

optimization pro cedures.

Surprisingly , so far little atten tion has b een paid to the selection of an appropriate searc h space.

This is an in teresting matter, as fo cusing the searc h on a promising region could simplify the problem,

while making an inadequate c hoice an optimal solution ma y not ev en exist.

An alternativ e facing this question is suggested in Harman et al. (2002(a)). Here, a dep endence

analysis is applied to the v ariables in the source co de to iden tify the input parameters that cannot

a�ect the co v erage of a giv en branc h. This w a y , a n um b er of problem v ariables can b e eliminated and

the searc h space, reduced.

The presen t pap er describ es t w o approac hes for the searc h space selection issue that follo w the same

line. Both extend the metho d explained in Sagarna and Lozano (2005(a)), so this w ork is outlined

next.

4.2 Basic Approac h

The system dev elop ed b y Sagarna and Lozano conforms to the general sc heme in Figure 2. Eac h co de

branc h is asso ciated with three p ossible states: co v ered, treated but unco v ered, or un treated. Initially ,

all the branc hes are in the un treated state. After tac kling the optimization problem of a branc h, if the

optim um w as reac hed, the branc h is mark ed as co v ered. Otherwise, its state is mark ed as treated but

unco v ered.

The stopping criterion of the sc heme is full co v erage ac hiev emen t (all branc hes in the co v ered state)

or unsuccessful treatmen t of ev ery unexercised ob jectiv e branc h (treated but unco v ered state).

A dditionally , the input sets strategy discussed in Section 3.3 is applied. That is, for eac h branc h,

a set with the b est inputs found so far is k ept at ev ery momen t during the pro cess. The qualit y of an

input set is tak en as the a v erage ob jectiv e function v alue of the elemen ts in the set. Th us, the ob jectiv e

selection step consists of c ho osing the branc h with the highest qualit y set.

The optimization step seeks inputs co v ering the ob jectiv e branc h through an ED A. An individual

in the ED A is a bit string represen ting an input and the initial p opulation is comp osed of the inputs

in the set of the branc h.

Figure 4 illustrates a sc hema of the whole pro cess. A t eac h iteration, a branc h, together with its

set of b est inputs, is selected as the ob jectiv e, and its co v erage is sough t through an ED A.

In the ED A, eac h individual (input) is ev aluated not only for the ob jectiv e branc h, but with regard

to ev ery other unco v ered branc h. This w a y , if the individual impro v es the qualit y of the set of the

branc h, then the w orst input in the set is replaced b y the one represen ted b y the individual. In this

case, the qualit y of the set has b een increased, so it ma y result in a promising p opulation seed. Hence, if

the branc h had previously b een treated, its state is mark ed as un treated and b ecomes a new candidate

ob jectiv e in the selection step.

4.3 The Self-A daptiv e Approac h

The Self-A daptiv e alternativ e to test data generation exp osed here consists of selecting an initial searc h

space and mo difying its size for eac h unco v ered branc h. The space of an ob jectiv e branc h is de�ned b y

the in terv al of v alues that eac h input parameter of a program can tak e. T o b e precise, for eac h branc h

and eac h parameter, a v alue is c hosen to b e the cen ter of the in terv al, and a maxim um incremen t o v er

the cen ter de�nes the amplitude. The pro cess departs from a small range of v alues for eac h parameter

and, as branc hes remain unco v ered, the range is increasingly augmen ted. Cen ters of the in terv als

are �xed for the whole pro cess, th us, in order to start seeking on a promising region, static heuristic

information from the program is used to lo cate these p oin ts. In case this information is not useful to

iden tify a cen ter, a grid searc h metho d is applied.

T w o approac hes follo wing this line ha v e b een dev elop ed. One of them adapts the size of the searc h

space for all the unco v ered branc hes at a time. In the other approac h, eac h region enlargemen t in v olv es

a single ob jectiv e branc h.
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Figure 4: Sc hema of the basic approac h.

(1) Assign initial searc h region to eac h branc h

(2) Rep eat un til stopping criterion is met

(3) Rep eat un til stopping criterion is met

(4) O  Select ob jectiv e branc h

(5) Apply ED A to co v er O
(6) Enlarge region

(1) Assign initial searc h region to eac h branc h

(2) Rep eat un til stopping criterion is met

(3) O  Select ob jectiv e branc h

(4) Rep eat un til stopping criterion is met

(5) Apply ED A to co v er O
(6) Enlarge region

Figure 5: Algorithms for the MO A (left) and SO A (righ t) approac hes.

Multiple Ob jectiv e A daptation (MO A)

The idea b ehind this metho d can b e clearly stated: to use the general sc heme in Figure 2 o v er widening

regions. This leads to the left side algorithm in Figure 5. Therefore, the basic approac h is applied

initially with a reduced in terv al of v alues for an input parameter and, once it is �nished, if unco v ered

branc hes exist, it is applied again with a larger in terv al. The left side of Figure 6 depicts an illustration

of this idea.

Single Ob jectiv e A daptation (SO A)

This alternativ e is similar to the basic approac h except for the optimization step. Starting from a small

searc h space, the ED A executes sev eral times o v er increasingly augmen ted regions while the co v erage

of the ob jectiv e branc h is not attained. The righ t side of Figures 5 and 6 represen t the algorithm

asso ciated with this metho d and a sc hema of the pro cess, resp ectiv ely .

In the next pages, these t w o approac hes are discussed in detail b y �rst explaining the steps of their

algorithms, and later, ho w the set of inputs is managed.

4.3.1 Algorithm Steps Description

The description applies to b oth MO A and SO A, since the same steps for eac h algorithm implemen t

the same concepts.
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Figure 6: Sc hemas of the MO A (left) and SO A (righ t) approac hes.

Region Initialization - step 1 (MO A, SO A)

Eac h branc h is assigned an initial searc h region whic h will ha v e the smallest size. A reduced region

allo ws for a fast searc h, although the c hances of con taining the global optim um ma y b e few. Hence,

in order to reac h a high degree of e�ciency , it is imp ortan t to obtain an initial region that is near the

optimal input. Ob viously , this is a di�cult task, since the top ology of the space should b e kno wn in

adv ance (and no searc h w ould b e required then).

Instead, it is p ossible to appro ximate the problem b y using static heuristic information from the

program's source co de. Although di�eren t source co de asp ects could b e regarded, in the presen t w ork,

this information is obtained from the expression in the conditional statemen t corresp onding to a branc h.

Assuming, with no loss of generalit y , that an input is comp osed of three parameters (a; b; c) , then, the

cen ter of the initial region ma y b e elicited through the follo wing t w o heuristic rules:

� If an expression follo ws the form F (a; b; c) OP K , where F is a kno wn function of the input

parameters, K is a constan t and OP is a comparison op erator, then the region is cen tered at

p oin t (Ca ; Cb; Cc) suc h that F (Ca ; Cb; Cc) = K .

� If an expression follo ws the form F (a; b; c) OP F 0(a; b; c) , where F and F 0
are kno wn functions

of the input parameters, and OP is a comparison op erator, then the region is cen tered at p oin t

(Ca ; Cb; Cc) suc h that F (Ca ; Cb; Cc) = F 0(Ca ; Cb; Cc) .

Notice that the ab o v e rules refer to sp eci�c t yp es of expressions. Man y p ossibilities exist for the

form of functions F and F 0
in an expression. F or instance, it could dep end on a n um b er of source co de

v ariables or it migh t include calls to other programs. These rules constitute a �rst appro ximation to

the problem b y restricting F and F 0
to dep end only on the input parameters, e.g. F (a; b; c) = 7 a+25c.

F urthermore, eac h p oin t (Ca ; Cb; Cc) w as calculated man ually for the exp erimen tal programs emplo y ed

to ev aluate the presen t w ork. In order to reac h complete automation of this step, a n umerical calculus

to ol could b e emplo y ed, for example, Mathematica

1

.

In case none of the ab o v e rules can b e applied, the cen ter of the initial region for a branc h is

obtained through a heuristic strategy based on the program's dynamic information; to b e exact, a grid

searc h metho d is emplo y ed. F or eac h input parameter, the complete range of v alues is partitioned

in to � in terv als. The cen ter of eac h of these in terv als is tak en as a reference v alue. Then, the inputs

resulting from the com bination of the reference v alues of all the parameters are ev aluated with regard

to the branc h. The b est input is selected as the cen ter of the initial region. Notice that the gran ularit y

of the strategy ma y b e tuned with the n um b er of in terv als � , since the n um b er of inputs generated

1

Mathematica is a soft w are pac k age that solv es equations sym b olically . W eb site:

http://www.wolfram.com/ math ema tica /
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P1

P2

Figure 7: Sc hema of the grid searc h metho d.

is � p
for a program with p parameters. The idea b ehind a grid searc h is to explore a n um b er of

equally distan t p oin ts from the whole searc h space. As � gro ws, the n um b er of p oin ts b eing considered

approac hes the complete n um b er of p oin ts and, hence, the qualit y of the solution found migh t increase.

On the other hand, reac hing a certain v alue of � ma y result in an una v oidable n um b er of p oin ts. As

a consequence, � is regarded as a parameter of the approac h. Figure 7 illustrates the strategy for the

case of t w o parameters and � = 6 ; among the 62
p oin ts, the one inside the circle represen ts the input

h yp othetically c hosen as the cen ter.

Once the cen ter is obtained using whic hev er of the strategies ab o v e, the sp eci�cation of the initial

searc h region of the branc h is completed b y de�ning an amplitude. This is ac hiev ed b y setting, for

eac h input parameter, an incremen t o v er the cen ter. These initial incremen ts are giv en as parameters

to the test data generation system.

Th us, in essence, there are t w o t yp es of branc hes. On one hand, those with the region cen tered at

a p oin t obtained through static heuristic information and, on the other hand, the branc hes with the

region cen ter c hosen b y means of a grid searc h, i.e. using dynamic information.

Stopping Criteria - steps 2 and 3 (MO A), steps 2 and 4 (SO A)

The stopping criterion at step 3, for MO A, and step 2, for SO A, refers to the general sc heme (Figure 2).

It is de�ned in the same w a y as in the basic approac h, that is, full co v erage ac hiev emen t or unsuccessful

treatmen t of ev ery unco v ered branc h.

In con trast, the criterion in step 2, for MO A, and step 4, for SO A, alludes to the Self-A daptiv e

approac h. Therefore, it states the p oin t where the searc h space stops b eing enlarged. T o obtain this

p oin t, a limit to the size of the region is giv en as a parameter to the system. A ccordingly , in the case

of MO A, the stopping criterion is to obtain full branc h co v erage or reac h the size limit, while in SO A,

the searc h stops when the ob jectiv e branc h is co v ered or the space attains its size limit.

Branc h Selection - step 4 (MO A), step 3 (SO A)

The ob jectiv e branc h is selected follo wing the strategy of the basic approac h. Hence, the branc h with

the highest qualit y set of inputs at the momen t is c hosen, that is, the branc h with the highest a v erage

ob jectiv e function v alue o v er the inputs in the set.
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ED A - step 5 (MO A, SO A)

The ED A seeks the optimal input in a searc h region cen tered at a �xed p oin t. Therefore, an individual is

a bit string represen ting an incremen t on the cen ter of the curren t region. T o b e precise, the individual

consists of a bit substring for eac h input parameter. Eac h substring represen ts an incremen t on the

cen ter of the in terv al of the corresp onding parameter.

In the ev aluation, the incremen t represen ted b y the individual is added to the cen ter of the region,

resulting in the input for the ob jectiv e function. In the curren t implemen tation of the approac h,

three parameter t yp es are considered: in tegers, reals and c haracters. In the case of an in teger, the

bit substring represen ts the incremen t follo wing a sign-magnitude co di�cation. F or real n um b ers, the

IEEE �oating p oin t co di�cation is used instead. In b oth cases, the input parameter v alue is obtained

b y summing the incremen t to the cen ter. Finally , for a c haracter t yp e, a sign-magnitude co di�cation is

emplo y ed again in the substring. Then, the incremen t is summed to the cen ter of the parameter, and the

v alue obtained results in a c haracter, according to the ASCI I co de table. Similarly , for more complex

parameter t yp es, an appropriate transformation could b e de�ned to obtain the input parameter v alue.

As in the basic approac h, the input is ev aluated with regard to all the other unco v ered branc hes

and the sets of b est inputs are up dated accordingly .

The length of the individuals ma y v ary b et w een di�eren t ED A executions and, in consequence, it is

not advisable to k eep the same parameter v alues for the whole pro cess. This is o v ercomed b y making

some of the parameters adaptiv e (Eib en et al., 1999).

A common practice in Ev olutionary Algorithms is to �x the p opulation size prop ortionally to the

n um b er of v ariables. F or instance, in Mühlen b ein and Mahnig (2001), sev eral rules of th um b are

suggested for a n um b er of ED As under sp eci�c conditions. In the presen t w ork, the p opulation size is

set at t wice the length of the individual.

On the other hand, it w ould b e desirable to halt the searc h when no impro v emen t can b e obtained.

This is a relativ ely unexplored matter in the �eld of ED As, although a few recen t w orks are emerging

(Ocenasek, 2006). Here, a no v el strategy has b een dev elop ed. The problem is appro ximated b y

iden tifying the generation where the estimated probabilit y distribution pl (x ) is similar to the empirical

distribution of the selected individuals. Th us, the criterion adopted is to stop the ED A when the

Kullbac k-Leibler cross-en trop y from pl (x ) to p(x ) falls b elo w a v alue � giv en as a parameter to the

system.

Region Enlargemen t - step 6 (MO A, SO A)

The size of a searc h region is determined b y the amplitude of the in terv al asso ciated to eac h input

parameter. In other w ords, this size is de�ned b y a maxim um incremen t on the cen ter of the in terv al

of eac h parameter. In the ED A, an incremen t for eac h parameter is represen ted as a substring of bits.

Therefore, the n um b er of bits in eac h substring sp eci�es the size of the region.

The searc h region is enlarged b y augmen ting the amplitude of the in terv al asso ciated with a c hosen

input parameter. A bit is added to the substring represen ting the next parameter in the order giv en

b y the input, from left to righ t.

4.3.2 Managemen t of the Set of Inputs

The con trol of the set of inputs of eac h branc h in tro duces disparities b et w een the approac hes whic h

require a separate explanation.

Op er ation in MO A

In the MO A alternativ e, during the ED A execution, it is p ossible that an input b eing ev aluated for a

branc h distinct from the ob jectiv e falls outside the curren t searc h space. Therefore, when the branc h is

selected as the new ob jectiv e and the ED A is to b e initialized with the inputs in the set of the branc h,

some of these inputs migh t b e out of the region.

Hence, instead of using only one set of inputs, t w o sets are asso ciated with eac h branc h. One of

them k eeps the b est inputs inside the curren t searc h region - inside set - and the other one, those

falling outside - outside set . This implies that, during the ev aluation in the ED A, the input is stored
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in the required set and, this w a y , the initialization is directly p erformed from the inside set. More

precisely , for eac h input in the set, the corresp onding incremen t on the cen ter is obtained (in its binary

form) and added to the p opulation.

In order to main tain the sets, b efore starting a new run of the general sc heme (step 3), the inside

set is up dated with the inputs in the outside set whic h b elong to the new region.

Op er ation in SO A

Regarding the SO A approac h, eac h time the ED A executes the searc h region is di�eren t from the

previous. In this situation no adv an tage is obtained with t w o sets, so just one con taining all the inputs

is used.

T o initialize the ED A, �rstly , the incremen ts asso ciated with the inputs in the set are calculated.

Then, the incremen ts inside the curren t region are included in the p opulation. Those falling outside are

truncated to �t in to the region and, then, are added to the p opulation. A p ossible disadv an tage of this

strategy is that, as the p opulation con v erges to similar individuals, if these are high qualit y solutions,

they will b e included in the set. Th us, initialization for the next region migh t cause a lo w div ersit y

b et w een individuals and result in a p o or searc h. With the in ten tion of alleviating this phenomenon,

half of the ED A's initial p opulation is randomly generated.

An other problem in SO A concerns the retriev al of the initial searc h region for the ED A. If the

ob jectiv e branc h is selected for the �rst time, the initial region is giv en b y its cen ter and the initial

incremen t. Ho w ev er, it can so happ en that, in the ED A ev aluation, the input en ters the set of a branc h

already treated and, therefore, mak es this branc h a candidate ob jectiv e once again. Supp osing that the

branc h is selected for a second time, the initial searc h region should not b e tak en as b efore, since the

new inputs in the set could b e in a larger space and, hence, w ould not b e used to seed the p opulation.

The solution adopted here has b een to obtain the initial region size of the smallest new input in the

set.

4.4 An Execution Example

As an illustration of the approac h, some steps of an h yp othetical execution of MO A and SO A are

explained next. The example of Figure 3 will b e used once again. Hence, test cases are to b e generated

for a program where an input is comp osed of three in tegers a, b and c.

First of all, b oth algorithms require the assignmen t of an initial searc h region to eac h branc h (step

1). Th us, for eac h branc h and input parameter, an initial in terv al of v alues m ust b e de�ned. This is

attained b y �xing the cen ter of the in terv al and an incremen t on the cen ter.

T w o strategies are prop osed for the cen ter elicitation: static information and dynamic in-

formation based. The branc h represen ted b y arc (2; 3) in the graph is asso ciated to condition

if((b*b)-(4*a*c)< 0) , so the static atrategy is used. A p oin t satisfying b2 � 4ac = 0 is c hosen as the

cen ter, for instance, (0; 0; 0). In con trast, the condition of branc h (7; 8) is if((a*x*x+b*x+c) ==0 ) , so

the grid searc h metho d m ust b e emplo y ed. If an in teger is co di�ed with 15 bits in t w o's complemen t

represen tation, the complete in terv al of v alues of eac h parameter is [� 32768; 32767]. With � = 8 ,

83 = 512 p oin ts are generated and ev aluated. The b est is (4095; 4095; � 20480), whic h is tak en as the

cen ter of the region.

Once the cen ter of eac h branc h is �xed for a, b and c, the initial region is obtained with an incremen t

on eac h cen ter. T o k eep the example simple, 5 bits are giv en to represen t an incremen t for eac h input

parameter, resulting in a maxim um incremen t of � 31. Th us, the initial region for branc h (2; 3) is

[� 31; 31]� [� 31; 31]� [� 31; 31] and for branc h (7; 8) it is [4064; 4126]� [4064; 4126]� [� 20511; � 20449].

MO A Example

MO A applies the basic approac h (steps 3 to 5) o v er increasing searc h regions un til a maxim um size is

ac hiev ed (step 2). Using a maxim um of 10 bits to represen t an incremen t for eac h input parameter,

the maxim um region for branc h (2; 3) is [� 1023; 1023]� [� 1023; 1023]� [� 1023; 1023] and for branc h

(7; 8) it is [3072; 5118]� [3072; 5118]� [� 21503; � 19457].
No w, assume that the size of the region in the curren t round is de�ned with 7 bits for a and b, and

6 bits for c. This implies that, in the previous region, 6 bits w ere used for b.
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Remem b er that t w o sets of inputs are asso ciated to eac h branc h: the inside set and the outside

set. The selection strategy (step 4) c ho oses the branc h with the highest qualit y inside set. If branc h

(2; 3) w as selected, the initial p opulation of the ED A (step 5) is seeded with the inside set of this

branc h. In this particular case, an individual represen ting the incremen t (98; � 34; 15) w ould result

in input (98; � 34; 15), as the region cen ter is (0; 0; 0). Aside from calculating the ob jectiv e function

v alue of this input, it is also ev aluated for the rest of the branc hes. F or instance, ev aluating the input

for branc h (7; 8) implies that its asso ciated incremen t m ust b e induced. Th us, input (98; � 34; 15)
results in incremen t (� 3997; � 4129; 20495) for branc h (7; 8). T o represen t suc h an incremen t, 12 bits

w ould b e necessary for parameters a and b, and 15 bits for c, so it falls outside the curren t region. In

consequence, the outside set is up dated if its qualit y is impro v ed with this input.

Once the basic approac h �nishes without co v ering all the branc hes, the curren t region is enlarged.

In the previous region the in terv al of b w as increased, so no w c is augmen ted to 7 bits, resulting in a

searc h region where a, b and c represen t an incremen t with 7 bits.

SO A Example

In SO A, the optimization phase is applied o v er increasing regions (steps 4 to 6). The rest of steps are

those in the basic approac h, so they are not illustrated here. No w on, the follo wing is assumed. Branc h

(2; 3) is selected as the ob jectiv e and the curren t region of the optimization phase is de�ned with 7

bits for a and b, and 6 bits for c.

In this algorithm, only one set of inputs is main tained for eac h branc h during the pro cess. Half of

the ED A's initial p opulation is randomly created and the other half is seeded from the inputs in the

set. F or instance, in order to seed the p opulation with input (509; � 11; 35), the incremen t asso ciated

to branc h (2; 3) m ust b e induced �rst. The result is incremen t (509; � 11; 35). This incremen t falls

outside the curren t region b ecause 9 bits are needed to co dify the 509. Therefore, the bit substring

represen ting the 509 is truncated to 7 bits to �t in a's in terv al. In con trast, an input (45; 117; � 21)
w ould result in the incremen t (45; 117; � 21), whic h is inside the curren t region and is to en ter directly

in the initial p opulation.

As in the basic approac h, once the v alue of an input is obtained for branc h (2; 3), it is ev aluated

for the remaining branc hes. If the qualit y of the set of the branc h is impro v ed, then the input en ters

the set.

After the ED A �nishes, the curren t region is enlarged in the w a y describ ed ab o v e for MO A.

5 P erformance Ev aluation

In order to observ e the p erformance of the presen ted approac hes, test cases w ere generated for a

n um b er of programs tak en from the literature. The goal of the ev aluation w as threefold: analyzing

the b eha vior of the approac hes, comparing their results with those attained b y other alternativ es, and

c hec king whether they constitute a solid alternativ e in the real w orld. Regarding the former goal,

p erformance of eac h algorithm, MO A and SO A, w as studied in isolation. In the second goal, three

topics w ere considered. Firstly , MO A w as compared to SO A. Then, the static information based

heuristic emplo y ed to de�ne the initial searc h region w as compared to the dynamic one. Finally , MO A

and SO A's results w ere faced to those b y the basic test data generator. F or the later goal, MO A and

SO A w ere ev aluated o v er a n um b er of �real-w orld� programs.

5.1 Exp erimen tal Setting

The exp erimen ts comprised nine test programs whic h are commonly used for v alidation in the �eld.

Although most of these programs implemen t relativ ely simple algorithms, their source co des include

a n um b er of c hallenging branc hes for a test data generator. An yho w, di�cultness of branc h co v erage

dep ends on the source co de, so the implemen tations used here w ere those used for exp erimen tation in

other w orks. Programs are outlined next.

ClassifyTriangle This is a p opular program where an input is comp osed of three n umerical param-

eters, eac h represen ting the length of a segmen t. The aim is to detect the triangle t yp e, if an y ,
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asso ciated with the input. Fiv e di�eren t v ersions w ere used. The Triangle1 program (W egener

et al., 2001) o wns three in teger-v alued parameters and 26 branc hes (ob jectiv es) to b e co v ered.

Triangle2 (W egener et al., 2001) is the same as Triangle1 with �oating p oin t parameters in-

stead. On the other hand, Triangle3 (McGra w et al., 2001), Triangle4 (Sthamer, 1996) and

Triangle5 (Bueno and Jino, 2002) are di�eren t implemen tations with in teger-v alued parameters

and 20, 26 and 14 branc hes resp ectiv ely .

Atof Giv en a string of c haracters as input, Atof (W egener et al., 2001) transforms it in to a �oating

p oin t n um b er if p ossible. F or the exp erimen ts, the input string length w as 10 c haracters; the

n um b er of branc hes is 30.

Remainder This function (Sthamer, 1996) calculates the remainder of the division of t w o in tegers,

therefore an input is comp osed of t w o in teger-v alued parameters; the source co de rev eals 18

branc hes.

Complexbranch In this case, there is no sp eci�c functionalit y as it is a function arti�cially created for

testing purp oses (W egener et al., 2001). Its main c haracteristic is the existence of sev eral hard-

to-co v er branc hes in the co de. An input is formed b y six in tegers and the n um b er of branc hes is

22.

Quotient Giv en t w o in tegers, the Quotient program (Bueno and Jino, 2002) calculates the quotien t

and the remainder of their division. An input consists of t w o in teger-v alued parameters and 10

branc hes exist in the source co de.

In Sagarna and Lozano (2005(a)), sev eral ED As w ere ev aluated for test data generation using the

basic approac h. After analyzing the results, it w as concluded that the TREE algorithm sho w ed the

b est p erformance o v erall. In consequence, TREE w as the ED A c hosen here for the optimization step

in b oth MO A and SO A approac hes. A t eac h generation, half of the p opulation w as selected according

to a rank-based strategy . New individuals w ere sim ulated b y means of Probabilistic Logic Sampling

(Henrion, 1988), and the p opulation w as created in an elitist w a y . The ob jectiv e function emplo y ed in

the exp erimen ts w as form ulated according to equation 2. Notice that the stopping criterion adopted

for the ED A seems to b e sp ecially suitable for TREE. This algorithm obtains the tree dep enden t

factorization minimizing the Kullbac k-Leibler div ergence to the empirical distribution. Since the ED A

stops when this div ergence v alue is lo w er than � , the v alue of the optimal mo del is directly b eing

considered. F or the exp erimen ts, � w as determined after a n um b er of preliminary executions.

Other system parameters that need to b e �xed are the size of the initial and the largest p ossible

region. Giv en a program, this is ac hiev ed b y setting, for eac h input parameter, the minim um and

maxim um p ossible amplitude of its asso ciated in terv al of v alues. Ob viously , a di�eren t amplitude ma y

b e link ed to eac h input parameter and, th us, the shap e of searc h regions could b e con troled. Ho w ev er,

for the exp erimen ts, no a priori kno wledge is assumed and, therefore, amplitude v alues w ere k ept

constan t for all the input parameters of a program.

T able 1 presen ts, for eac h program, the v alues selected for the system parameters, i.e. n um b er of

bits for the incremen t on the initial region (minim um), n um b er of bits for the incremen t on the largest

allo w ed region (maxim um), and � v alue.

Also sho wn in T able 1 is the n um b er of branc hes, and for ho w man y of them the cen ters of eac h input

parameter w ere obtained through the static information based (static) and the dynamic information

based heuristic (dynamic). As it can b e seen, in all the programs but three, most of the branc hes

are static. Remainder and Quotient are relativ ely balanced in this sense, while in Atof , outstanding

branc hes are dynamic.

Remem b er that the dynamic information based strategy consisted of a grid searc h. In this metho d,

the v alue of parameter � de�nes the n um b er of inputs b eing considered candidate cen ters. More

precisely , for a program with p parameters, � p
inputs are created for ev aluation. On the other hand,

the larger the � , the �ner the gran ularit y of the strategy and, hence, the c hances of �nding a high

qualit y initial searc h region increase. In the exp erimen ts, � w as set from 1 up to 5 for all the programs

excepting Atof , whic h used � up to 3.

A dditionally , in order to a v oid to o long executions, a limit of 150000 inputs generated w as estab-

lished. As so on as this limit w as detected, the exp erimen t w as forced to terminate.
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program c haracteristics parameters

branc hes static dynamic minim um maxim um �
Triangle1 26 24 2 5 15 2

Triangle2 26 24 2 5 7 2

Triangle3 20 16 4 5 10 2

Triangle4 26 20 6 5 10 2

Triangle5 14 10 4 5 10 5

Atof 30 2 28 5 7 25

Remainder 18 10 8 5 16 5

Complexbranch 22 18 4 5 10 15

Quotient 10 4 6 5 10 2

T able 1: Exp erimen tal programs c haracteristics and parameters in the exp erimen ts.

� T riangle1 T riangle2 T riangle3 T riangle4 T riangle5 A tof Remainder Complexbranc h Quotien t

% # % # % # % # % # % # % # % # % #

1 100 212 99.62 579 100 302 100 2223 100 1476 98.33 68936 99.44 629 95 y 149952 100 25

2 100 282 99.62 995 100 338 100 1967 96.43 5062 z 43.33 y 150062 98.89 1628 100 1856 100 121 z
3 100 190 99.23 1143 100 311 100 2436 96.43 8807 z 96.33 134849 z 100 186 95.45 y 102711 100 131 z
4 100 440 z 99.23 880 100 285 100 1922 96.43 4306 z - - 100 84 100 16096 z 100 115 z
5 100 381 z 100 990 100 330 100 1738 97.14 6163 z - - 100 57 95.91 y 117213 100 44 z

T able 2: Results of the MO A approac h.

5.2 MO A P erformance

T able 2 presen ts the results of the exp erimen ts conducted. F or eac h v alue of � and eac h program, the

table collects the a v erage v alues in ten executions for the p ercen tage of co v ered branc hes (%) and the

n um b er of inputs generated during the pro cess (#).

The co v erage v alue is a main gauge of the p erformance of a test data generator. Ho w ev er, the

n um b er of inputs obtained re�ects the e�ort made during the pro cess. Therefore, it is imp ortan t for a

generator to obtain a co v erage v alue with the lo w est cost, that is, pro ducing as few inputs as p ossible.

This implies that, giv en t w o generators ac hieving the same co v erage, the one yielding the few est inputs

is preferred. A ccording to this, T able 2 highligh ts in gra y the b est v alues of � for eac h of these t w o

measures and eac h program.

As can b e noticed, in all programs except Atof , full co v erage is reac hed. Atof seems to b e the

hardest, since the lo w est co v erage and the largest n um b er of inputs are attained in this program. By

con trast, Quotient obtains 100% co v erage with the smallest n um b er of inputs, so it app ears to b e the

easiest program.

Over al l Performanc e A nalysis

Regarding at T able 2, no apparen t relation exists b et w een � and the b est results, since these are

obtained with alternativ e v alues of � , ranging from the lo w est to the largest v alue.

In order to v alidate the b est p erformance v alues in MO A, an analysis based on statistical tests

w as conducted. Since co v erage is a primary measuremen t, for eac h program and eac h v alue of � , the

Mann-Whitney test with regard to the b est � v alue (in gra y) w as applied to the co v erage results.

Then, for the cases where no di�erence w as found, the test w as again used o v er the n um b er of inputs

generated. T able 2 presen ts the outcomes of these tests; sym b ol ` y' denotes the cases where co v erage

dissimilarities ( p < 0:01) w ere found, while ` z' refers to the n um b er of inputs.

In less than half the cases, the b est v alues of � constitute an impro v emen t with statistical evidence.

It can b e seen that statistically signi�can t di�erences w ere obtained for the co v erage reac hed in Atof

and Complexbranch for a few v alues of � . In con trast, in the n um b er of inputs generated, dissimilarities

w ere observ ed in Triangle1 , Triangle5 , Atof , Complexbranch and Quotient . Hence, according to

these results, it ma y b e concluded that, in general, � has no signi�can t e�ect on the b est co v erage.

This implies that the measure that migh t de�ne the b est � for a program is the n um b er of inputs.

In fact, the bulk of the di�erences found corresp ond to this measure. Ho w ev er, the n um b er of these
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T riangle1 T riangle2 T riangle3 T riangle4 T riangle5 A tof Remainder Complexbranc h Quotien t

# o # i # o # i # o # i # o # i # o # i # o # i # o # i # o # i # o # i
static 2 26 2 26 1 20 1 26 2 14 1 30 1 18 10 22 1 10

dynamic, � = 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1

dynamic, � = 2 1 8 0 8 2 8 3 8 0 8 0 1024 7 4 2 64 5 4

dynamic, � = 3 0 27 0 27 2 27 3 27 0 27 0 59049 7 9 2 729 5 9

dynamic, � = 4 1 64 0 64 3 64 6 59 0 64 - - 8 14 2 4096 5 16

dynamic, � = 5 1 125 0 125 3 125 6 119 0 125 - - 8 22 2 15625 6 24

T able 3: Results of the initial region obtainmen t heuristics.

dissimilarities is 12 from up to 30 p ossibilities, so it cannot b e concluded whether the b est � mak es a

di�erence for the n um b er of inputs.

Initial R e gion Heuristics Performanc e

A ccording to the previous analysis, no clear conclusion can b e stated on the most suitable � v alue for

a program. In order to b etter understand the relev ance of � in the results, it could b e in teresting to

examine the in�uence of the initial heuristics used to elicit the initial regions.

T able 3 sho ws, for eac h program, the n um b er of branc hes co v ered ( # o ) and n um b er of inputs

generated ( # i ) b y the static and dynamic heuristics from the region initialization phase. The �rst

ro w presen ts the v alues of the static heuristic, while the rest corresp ond to the dynamic heuristic (grid

searc h) with the di�eren t v alues of � . Notice that the o v erall con tribution of these heuristics consists

of the sum of the static and the dynamic results for a c hosen � . F or instance, in Triangle1 with

� = 2 , after applying the static and dynamic strategies, 2+1=3 branc hes w ere co v ered (whic h implies

a 11.54% co v erage) and 26+8=32 inputs w ere generated.

It can b e seen that, regarding the static strategy , a n um b er of branc hes are co v ered in all the

programs just b y the application of the t w o heuristic rules. Moreo v er, in some cases this is a signi�can t

n um b er. In Complexbranch , 10 out of the 18 static branc hes are co v ered, and in Atof , one of the t w o

static branc hes are attained. An yho w, considering that most of the branc hes are static in the main

b o dy of the programs and that 100% co v erage w as obtained in almost all of them, the heuristic rules

app ear to b e e�ectiv e.

The dynamic heuristic is a grid searc h metho d. In suc h a metho d, giv en a problem, as � increases,

more p oin ts are generated and the qualit y of the b est solution found is exp ected to gro w. In the

con text of the test data generator, this implies that the n um b er of branc hes co v ered is exp ected to

increase with gro wing v alues of � . Ho w ev er, a main dra wbac k of a grid searc h is that the v alue of �
needed to reac h an outstanding solution ma y b e large, pro ducing a prohibitiv e n um b er of solutions.

This could b e the case ev en for small v alues of � , if the n um b er of problem v ariables is relativ ely big

(Bäc k, 1996). A ccordingly , T able 3 sho ws alternating b eha viors. In Triangle3 , Triangle4 , Remainder

and Quotient , the co v erage increases as � gro ws, while, for the rest of the programs, this is not held.

Moreo v er, comparing the v alues in T able 2 and T able 3 for Triangle1 and Triangle3 , it can b e

observ ed that, with � = 5 , a signi�can t part of the inputs are generated b y the grid metho d; the same

o ccurs in Atof with � = 3 . In consequence, results do not necessarily impro v e b y increasing the v alue

of � .

This observ ation can also b e extrap olated to the b est o v erall results in T able 2, since these are

obtained with di�eren t v alues of � . F urthermore, recall that, in the previous statistical analysis, no

signi�can t in�uence of � on the b est co v erage v alues w as found, excepting a few cases. Th us, these

results suggest that the e�ect of the grid searc h is neutralized b y the rest of the phases in MO A.

R e gion Enlar gment Performanc e

An other factor that con tributes to the p erformance of the generator is the n um b er of region enlarge-

men ts. New regions ma y include unco v ered ob jectiv es. Instead, as more incremen ts are carried out,

the n um b er of inputs created is exp ected to gro w, since more searc h steps are executed.

During the exp erimen ts, eac h run w as recorded with the purp ose of studying ho w the system

op erates. Using this information, giv en a searc h region and an ob jectiv e branc h, the n um b er of inputs

generated and whether the ob jectiv e w as co v ered or not can b e elicited. This is sho wn in Figure 8.

The graphics ab o v e relate to the n um b er of branc hes co v ered in eac h region. More sp eci�cally , they
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� T riangle1(26) T riangle2(26) T riangle3(20) T riangle4(26) T riangle5(14) A tof(30) Remainder(18) Complexbranc h(22) Quotien t(10)

1 2.2 2.3 2.7 5.1 4.6 15.2 0.7 2.5 0.1

2 2 3.4 1.9 5.3 3.5 17 0.8 1.9 0.1

3 1.7 3 2.1 4.9 3.6 15.5 0.5 1.5 0.1

4 2.4 2.5 2.4 4 3.2 - 0.6 2.1 0.2

5 1.9 2.8 2.1 4.7 2.9 - 0.4 1.6 0

T able 4: A v erage n um b er of branc hes sough t in the MO A approac h.

only consider the branc hes whic h w ere co v ered b y the initial region heuristics or those selected as

ob jectiv es and co v ered b y the ED A. Notice that not all the branc hes need to b e explicitly searc hed,

b ecause during the �tness ev aluation in the ED A, branc hes distinct from the ob jectiv e ma y ev en tually

b e co v ered. Th us, in eac h graphic ahead of Figure 8, the x-axis tak es v alues in the range of p ossible

regions, while the y-axis concerns the n um b er of branc hes co v ered b y the initial heuristics or b y the

ED A. The p oin ts depicted corresp ond to the results (a v eraged o v er the ten executions) in eac h region,

for eac h v alue of � . T o �nish with the sp eci�cation, T able 4 sho ws the a v erage total n um b er of branc hes

searc hed b y the ED A; aside from a program name, the n um b er of branc hes in the program is pro vided

in brac k ets. Analogously , the b ottom part of Figure 8 presen ts the accum ulated a v erage n um b er of

inputs generated (y-axis) for eac h region (x-axis), giv en a v alue of � and a program.

As can b e observ ed in the upp er half, with the exception of Atof , almost all the branc hes w ere

attained in the v ery �rst searc h regions. T o some exten t, this is not surprising, since the �rst region

includes the co v erage of the initial heuristics and the ED A, while the rest of regions only in v olv e the

ED A con tribution. In the bulk of the programs, the n um b er of static ob jectiv es is high (see T able 1),

so the graphics suggest that the static information based heuristic used to elicit the initial region is

an adequate strategy . Indeed, this could b e the cause of the p o or b eha vior of Atof , since it con tains a

reduced n um b er of static branc hes. Moreo v er, o wing to the quite large set of parameters of an input

in this program, � only tak es v alues up to 3, whic h seems to b e insu�cien t for the grid searc h to

obtain a promising initial cen ter. Other programs with a relev an t n um b er of dynamic branc hes are

Remainder and Quotient . In these cases, b oth the dynamic and the static heuristics app ear to b eha v e

successfully , as all the dynamic branc hes w ere co v ered directly b y the grid metho d (see also commen ts

on T able 3) and most of the static ones w ere attained in the initial region. An yho w, the e�ect of the

di�eren t searc h spaces should not b e underestimated. It can b e noticed that, in 7 of the 9 programs,

a few ob jectiv es are still co v ered in adv anced regions and, therefore, the co v erage measuremen t gro ws.

As for the inputs generated, Figure 8 b elo w sho ws that their n um b er sta ys relativ ely lo w at the

initial stages, although it increases as branc hes remain unco v ered. If complete co v erage is attained,

the curv e stabilizes, in other case, it k eeps gro wing. More esp eci�cally , the curv e gro ws smo othly in

a n um b er of cases (e.g. Triangle2 ), although for other instances it augmen ts rapidly with certain

v alues of � ( Complexbranch and � = 1 , for example). In these last cases, the latter regions o�er more

promising solutions than in the previous stages and the searc h in tensi�es. This means that the ED A

op erates for a larger n um b er of generations and, th us, more solutions are generated. This can b e clearly

remark ed in the Triangle5 , Remainder and Complexbranch programs. The lo w co v erage reac hed b y

Atof for � = 2 can b e understo o d b y observing the n um b er of inputs generated. The �gure rev eals

that the limit of 150000 inputs w as attained in the early regions, so the generator stopp ed prematurely

and no more ob jectiv es could b e co v ered (see Atof ab o v e).

T o summarize, it could b e deduced that, on one side, the searc h o v er di�eren t regions allo ws the

MO A generator to obtain the highest co v erage (e�ectiv eness). On the other side, the answ er of the

dynamic heuristic seems to b e more unstable than for the static information based strategy . In fact, the

high qualit y v alues of the early spaces suggest that the static heuristic is useful to ac hiev e ob jectiv es

so on and, therefore, generate a reduced n um b er of inputs (increase e�ciency). In order to shed more

ligh t on this matter, this will b e further studied in a follo wing analysis in Section 5.4.

5.3 SO A P erformance

Aprop os the SO A algorithm, T able 5 sho ws the results of the exp erimen ts for the programs. The cell

format is the same as in T able 2. Similarly to the MO A approac h, the most di�cult program for the

test case generator is Atof . Ho w ev er, in this case, 100% co v erage could not b e obtained for Triangle4

or Triangle5 , either. Once again, the easiest program seems to b e Quotient .
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Figure 8: A v erage n um b er of branc hes co v ered (ab o v e) and inputs generated (b elo w) for eac h region

in MO A.
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� T riangle1 T riangle2 T riangle3 T riangle4 T riangle5 A tof Remainder Complexbranc h Quotien t

% # % # % # % # % # % # % # % # % #

1 100 401 100 333 100 250 99.23 3630 97.86 1697 96 65078 100 58 z 95.91 y 122813 100 21

2 100 282 100 374 100 237 98.46 5476 97.86 4746 z 49.33 y 150049 100 33 100 18406 100 24 z
3 100 246 100 293 100 222 99.23 6003 z 95.71 5886 z 95 133649 z 100 30 98.18 107144 z 100 123 z
4 100 391 100 266 100 297 98.46 2663 97.14 4334 z - - 100 59 z 98.18 68485 100 79 z
5 100 399 z 100 765 z 100 314 z 99.23 2546 97.14 3850 z - - 100 91 z 97.73 106698 z 100 44 z

T able 5: Results of the SO A approac h.

� T riangle1(26) T riangle2(26) T riangle3(20) T riangle4(26) T riangle5(14) A tof(30) Remainder(18) Complexbranc h(22) Quotien t(10)

1 3.4 2.6 2.7 5.1 3.4 6.7 1 1 0

2 3.3 2.6 2.7 4.9 3.2 1.9 0.7 2.6 0

3 2.9 2 2 4 3.3 6.6 0 1 0.1

4 3.3 2.3 2.4 4.4 3.5 - 0.5 2.5 0.1

5 3.6 2.5 2.4 3.8 3.6 - 0.5 1 0

T able 6: A v erage n um b er of branc hes sough t in the SO A approac h.

Over al l Performanc e A nalysis

Statistical tests w ere used to iden tify the b est p erformance v alues. Th us, the n ull h yp othesis of equal

distribution densities b et w een the b est � v alues and the others w as ev aluated in the manner explained

in the previous section.

Di�erences w ere statistically signi�can t ( p < 0:01) with regard to the co v erage measuremen t in

a pair of cases ( Atof with � = 2 and Complexbranch with � = 1 ). In con trast, for the n um b er of

inputs generated, the 18 di�erences obtained ( p < 0:01), from up to 32 p ossibilities, spread o v er all the

programs. The outcomes from this analysis reinforce the conclusions of the MO A approac h. T aking

the programs used here in to accoun t and resp ecting the b est results, the � v alue has no signi�can t

in�uence regarding the co v erage measure. On the other hand, for the n um b er inputs, not enough

dissimilarities to mak e a reliable conclusion w ere found.

Initial R e gion Heuristics Performanc e

MO A and SO A share the same initial region elicitation step. Therefore, results in T able 3 also apply

here, as w ell as the commen ts on the b eha vior of the static and dynamic heuristics.

Concerning the lac k of in�uence of � on the b est co v erage results, the outcomes of SO A are almost

equal to those in MO A. In consequence, here, the corresp onding reason is suggested, that is, the

remaining steps of SO A cancel the e�ect of the grid searc h.

R e gion Enlar gment Performanc e

A ccordingly to the MO A alternativ e, the exp erimen t executions w ere monitored and the v alues raised

b y a searc h step w ere stored. Figure 9 rev eals, for eac h p ossible searc h region, the a v erage n um b er

of ob jectiv es co v ered b y the initial heuristics and the ED A (ab o v e), and the inputs generated (b elo w)

during the pro cess. The �gure format is the same as in the previous section. T able 6 assists in the

understanding of the �gure b y presen ting the a v erage total n um b er of branc hes searc hed b y the ED A

and, in brac k ets, the n um b er of branc hes in a program.

Dra wing a rough comparison of Figure 9 and Figure 8, it can b e noticed that, in general, the

b eha vior of b oth approac hes is similar. Although di�erences app ear with some programs ( Remainder

in the n um b er of inputs), the remarks on the MO A algorithm can also b e applied to SO A.

5.4 MO A vs. SO A vs. Other Approac hes

Next, eac h Self-A daptiv e algorithm is compared to other approac hes to ev aluate its p erformance and

kno w if it represen ts a comp etitiv e alternativ e.

MO A vs. SO A

In the MO A approac h, eac h region enlargemen t concen trates on the test case generator as a whole. In

con trast, eac h incremen t of the SO A alternativ e refers to an indep enden t ED A searc h phase. Therefore,

21



0 10 20 30
0

2

4

6

Triangle1

region
nu

m
. b

ra
nc

he
s

0 2 4 6
0

2

4

6
Triangle2

0 5 10 15
0

2

4

6

Triangle3

0 5 10 15
0

5

10

Triangle4

0 5 10 15
0

2

4

6
Triangle5

0 10 20
0

5

10

15

Atof

0 10 20
0

5

10
Remainder

0 10 20 30
0

5

10

15
Complexbranch

0 5 10
0

2

4

6

8
Quotient

t =1 t =2 t =3 t =4 t =5

0 10 20 30
0

200

400

Triangle1

region

nu
m

. i
np

ut
s

0 2 4 6
0

200

400

600

800
Triangle2

0 5 10 15
0

100

200

300

400
Triangle3

0 5 10 15
0

2000

4000

6000

Triangle4

0 5 10 15
0

2000

4000

6000
Triangle5

0 10 20
0

5

10

15
x 10

4 Atof

0 10 20
0

50

100
Remainder

0 10 20 30
0

5

10

x 10
4Complexbranch

0 5 10
0

50

100

Quotient

t =1 t =2 t =3 t =4 t =5

Figure 9: A v erage n um b er of branc hes co v ered (ab o v e) and inputs generated (b elo w) for eac h region

in SO A.
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� T riangle1 T riangle2 T riangle3 T riangle4 T riangle5 A tof Remainder Complexbranc h Quotien t

% # % # % # % # % # % # % # % # % #

1 96.15 y 150032 z 100 1688 z 100 453 100 1497 97.86 2368 99 89230 99.44 838 95.45 145272 100 71 z
2 76.92 y 150024 z 11.54 y 150024 z 100 5324 z 94.62 y 64131 z 92.86 4949 43.33 150050 99.44 7825 z 90.91 y 150047 z 100 2576 z
3 11.54 y 150020 z 11.54 y 150017 z 99 7829 z 88.85 y 44311 z 92.86 5950 92.67 138653 100 49 95.45 112269 100 1232 z
4 100 61916 z 11.54 y 150018 z 100 154 z 93.85 y 29048 z 93.57 3723 - - 100 6726 z 97.73 114918 z 100 1806 z
5 100 74577 z 11.54 y 150024 z 100 185 z 91.54 y 37602 z 95.71 5340 - - 100 42 z 95.45 134630 100 44

T able 7: Results of the MO A approac h with no static information based initial cen ters.

� T riangle1 T riangle2 T riangle3 T riangle4 T riangle5 A tof Remainder Complexbranc h Quotien t

% # % # % # % # % # % # % # % # % #

1 94.62 y 150026 z 100 2314 z 100 376 z 98.46 3778 97.86 2107 95 91148 100 71 98.18 87891 100 51 z
2 76.92 y 150023 z 23.08 y 150024 z 100 3691 z 89.62 y 28819 z 92.86 y 3855 47.33 150064 100 9931 z 93.64 y 128868 z 100 1304 z
3 56.15 y 150028 z 34.62 y 150020 z 99 4442 z 89.23 y 28566 z 93.57 3626 95.67 125487 100 33 97.27 111895 100 956 z
4 100 25031 z 65 y 145067 z 100 125 z 89.23 y 24322 z 93.57 3645 - - 100 8377 z 96.36 113230 100 938 z
5 100 30808 z 23.08 y 150014 z 100 185 z 90 y 25134 z 95 3676 - - 100 42 z 98.18 116060 100 44

T able 8: Results of the SO A approac h with no static information based initial cen ters.

a formal comparison of b oth algorithms in terms distinct from the co v erage and inputs generated

b ecomes a di�cult task. Ho w ev er, it migh t b e susp ected from the common conclusions raised in

Sections 5.2 and 5.3, and from the matc hing b eha vior sho wn in Figures 8 and 9, that imp ortan t

similarities exist b et w een them.

In order to kno w whether MO A and SO A o�er a similar b eha vior in terms of co v erage and inputs

created, T able 2 and T able 5 w ere used to �nd statistically signi�can t di�erences b et w een the results.

T o b e precise, the Mann-Whitney non-parametric test w as applied to eac h approac h and v alue of � .

Considering co v erage, the n ull h yp othesis of equal distributions w as rejected ( p < 0:01) only for Atof

with � = 2 and Complexbranch with � = 3 . F or the n um b er of inputs generated, di�erences ( p < 0:01)

w ere obtained in six cases: Triangle1 with � = 1 , Triangle2 with � = 3 , Triangle3 with � = 3 ,

Triangle4 with � = 2 and � = 3 , and Remainder with � = 3 . Since half of the b est result v alues in

these cases corresp onded to eac h approac h, it cannot b e stated whic h one b eha v es b etter.

A ccording to the tests, it ma y b e concluded that, excepting a few cases, the p erformance of MO A

and SO A algorithms is similar in terms of co v erage and n um b er of inputs generated.

Static vs. Dynamic Information Centers

An elemen t whic h app ears to b e imp ortan t in the Self-A daptiv e approac h is the initial searc h space. If

this is lo cated in an adequate region, the e�ort in �nding the optimal solution ma y b e lo w. On the other

hand, if the ED A departs from an unsuitable region, a h uge n um b er of in terv al incremen ts could b e

necessary to reac h the optim um, or it could not ev en b e attained. In the presen t w ork, the de�nition of

the initial space of eac h branc h is based on static or dynamic heuristic information. In order to compare

these t w o strategies, the previous exp erimen ts w ere rep eated c hanging static information based cen ters

to b e dynamic information based. T ables 7 and 8 sho w the results for the MO A and SO A algorithms,

resp ectiv ely .

The di�erences b et w een the static and dynamic strategies for the co v erage and n um b er of inputs

w ere studied through statistical tests. In other w ords, the Mann-Whitney test w as emplo y ed to ev aluate

the equalit y b et w een the distribution densities of the algorithms with and without static strategy .

Similarly to previous tables, the sym b ols ` y' and ` z' b eside a cell in T able 7 denote a statistically

signi�can t di�erence ( p < 0:01) b et w een the exp erimen ts in the cell and the corresp onding v alues in

T able 2. Analogously , the same applies to T able 8 and T able 5.

As can b e observ ed, in MO A, the di�erences asso ciated with the co v erage concen trate on three pro-

grams: Triangle1 , Triangle2 and Triangle4 . Ho w ev er, concerning the n um b er of inputs generated,

from up to 43 tests, dissimilarities w ere obtained in 27 cases. All in all, the programs with a large

prop ortion of static to dynamic branc hes (see T able 1) o�ered di�erences, excepting Complexbranch

for a few v alues of � whic h sho wn an inferior p erformance in T able 2. In con trast, the programs with

a more signi�can t n um b er of dynamic branc hes, rev ealed, in general, few er dissimilarities.

In the SO A algorithm, co v erage di�erences w ere found not only in Triangle1 , Triangle2 , and

Triangle4 , but also in Triangle5 with � = 2 . Similarly , for the n um b er of inputs created, the same

di�erences as in MO A w ere observ ed, remo ving Complexbranch with � = 4 , and adding Triangle3

with � = 1 .
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approac h T riangle1 T riangle2 T riangle3 T riangle4 T riangle5 A tof Remainder Complexbranc h Quotien t

% # % # % # % # % # % # % # % # % #

basic 99.62 9940 z 100 5880 z 100 4180 z 99.62 51560 z 99.29 47160 z 100 3475 100 1240 z 98.64 21420 z 100 520 z
MO A 100 190 100 990 z 100 285 100 1738 100 1476 98.33 68936 z 100 57 z 100 1856 100 25

SO A 100 246 100 266 100 222 99.23 2546 97.86 1697 96 y 65078 100 30 100 18406 100 21

T able 9: Best results of the basic, MO A and SO A approac hes.

Regarding these signi�can tly di�eren t instances in T ables 2 to 8, it can b e noticed that in almost

all of them, the b est results corresp ond to the approac h using the static strategy . The only exceptions

are Triangle3 with � = 4 and � = 5 , and Remainder with � = 5 for b oth MO A and SO A, in the

n um b er of inputs generated.

The remarks from these tests are captured b y Figures 10 and 11 for MO A and SO A, resp ectiv ely .

In eac h graphic, the di�eren t ob jectiv es are represen ted in the x-axis, while the y-axis tak es v alues in

the range of p ossible region enlargemen ts. Th us, giv en a program, the graphic in the upp er half in a

�gure sho ws the n um b er of incremen ts p erformed for eac h static (lab eled with a cross) and dynamic

(lab eled with a circle) ob jectiv e. T o b e exact, the a v erage and the standard deviation o v er � and the

ten executions are depicted for eac h ob jectiv e. Analogously , in the b ottom part of a �gure, the v alues

asso ciated with the v arian t using only dynamic ob jectiv es are presen ted.

Both �gures sho w clear disparities b et w een the static-dynamic and the dynamic approac hes in pro-

grams where the bulk of the statistical tests observ ed di�erences ( Triangle1 , Triangle2 , Triangle4 ).

In con trast, in programs with no signi�can t dissimilarit y ( Triangle5 , Atof ), b eha vior is allmost the

same. Remaining programs fall somewhere in b et w een; they resp ond di�eren tly for a few ob jectiv es,

although, in most of them, resp onse is alik e.

The signi�can t di�erences obtained in the n um b er of inputs generated are also re�ected b y the

�gures. In all the statistically distinct programs, the sum of the a v erage n um b er of incremen ts in the

dynamic approac h is larger than in the static-dynamic one. Indeed, it can b e noticed that the main

b o dy of the ob jectiv es where c hanges o ccur b et w een b oth approac hes corresp onds to static cases whic h

had turned out to b e dynamic.

Th us, it ma y b e concluded that the suggestions raised in Section 5.2 on the static information based

strategy are con�rmed. This strategy can mak e a di�erence in the co v erage reac hed but, most of all,

in the n um b er of region enlargemen ts and, consequen tly , in the n um b er of inputs created. Moreo v er,

the static heuristic impro v es or equals the dynamic one, with the exception of a few cases.

Self-A daptive vs. Basic Appr o ach

In order to ha v e an idea of the qualit y of the results of the Self-A daptiv e alternativ e, they w ere compared

with those obtained b y the basic test data generator.

The range of input parameter v alues for the basic approac h w as obtained cen tering the in terv al in 0

and adding the maxim um incremen t sho wn in T able 1. T o mak e the comparison as fair as p ossible, the

ED A c hosen w as TREE and its parameters w ere the same as in Section 5.1, apart from t w o of them. F or

the Triangle5 and Quotient programs, the p opulation size and the maxim um n um b er of generations

w ere determined after preliminary exp erimen tation; the v alues selected w ere 600 individuals and 200

generations in the former, and 200 individuals and 50 generations in the latter. F or the rest of the

programs, these parameters w ere �xed with the v alues in Sagarna and Lozano (2005(a)) o�ering the

b est p erformance for TREE.

T able 9 sho ws the b est v alues (with priorit y to co v erage) of the MO A, SO A and basic approac hes.

The outstanding results are highligh ted in gra y .

It can b e observ ed that the Self-A daptiv e alternativ e outp erforms the basic approac h in the co v erage

reac hed as w ell as the n um b er of generated inputs in all the programs except Atof . In fact, the p o or

b eha vior sho wn in the results of previous tables for this program b ecomes eviden t here, mostly with

regard to the n um b er of inputs. In Atof , a n um b er of ob jectiv es can only b e co v ered when the largest

searc h region is reac hed. Since the Self-A daptiv e approac h departs from a reduced region and the grid

searc h metho d seems to pro vide an unsuitable initial cen ter, p erformance is w orse than for the basic

alternativ e, whic h op erates o v er the largest region directly .

The purp ose of the curren t comparison is to iden tify the approac h o�ering the b est p erformance.

Hence, the statistical analysis explained in Section 5.2 w as used to v alidate these results. Similarly to

24



0 10 20
0

10

20

30
Triangle1

objective
re

gi
on

0 10 20

0

2

4

6
Triangle2

0 10 20

0

5

10

15
Triangle3

0 10 20
0

5

10

15
Triangle4

0 5 10
0

5

10

15
Triangle5

0 10 20 30
0

10

20
Atof

0 5 10 15
0

10

20

Remainder

0 10 20
0

10

20

30
Complexbranch

0 5 10

0

5

10
Quotient

static dynamic

0 10 20
0

10

20

30
Triangle1

objective

re
gi

on

0 10 20

0

2

4

6
Triangle2

0 10 20

0

5

10

15
Triangle3

0 10 20
0

5

10

15
Triangle4

0 5 10
0

5

10

15
Triangle5

0 10 20 30
0

10

20
Atof

0 5 10 15
0

10

20

Remainder

0 10 20
0

10

20

30
Complexbranch

0 5 10

0

5

10
Quotient

Figure 10: A v erage n um b er of region enlargemen ts p er ob jectiv e in MO A (ab o v e) and MO A with no

static ob jectiv e (b elo w).
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Figure 11: A v erage n um b er of region enlargemen ts p er ob jectiv e in SO A (ab o v e) and SO A with no

static ob jectiv e (b elo w).
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the previous table, T able 9 pro vides the outcomes of the analysis.

Signi�can t di�erences ( p < 0:01) in the co v erage v alues w ere noticed just for Atof , b et w een the

basic approac h and SO A. In con trast, MO A rev ealed a di�erence in this program for the n um b er of

inputs generated. Th us, it can b e deduced that the basic generator impro v es SO A and MO A with

statistical evidence in Atof . In spite of this, for the rest of the programs, the basic approac h presen ts

dissimilarities ( p < 0:01) in the n um b er of inputs created with regard to the b est result.

Therefore, it can b e inferred that in almost all the programs the Self-A daptiv e approac h outp erforms

the basic one.

5.5 Ev aluation with Real-W orld Programs

The exp erimen ts conducted in the previous sections in v olv e t ypical programs whic h are kno wn to

include sev eral c hallenging branc hes. Ob viously , test data generation for �real-w orld� programs ma y b e

as di�cult, although it could result in a simple task as w ell. In order to v erify whether the Self-A daptiv e

algorithms constitute a solid option in the �real w orld�, they w ere compared to the basic approac h for

a n um b er of non-academic programs. In Sagarna and Lozano (submitted), test cases w ere generated

with the basic approac h for sev eral programs tak en from the b o ok �Numerical Recip es in C. The Art

of Scien ti�c Computing.� (Press et al., 1988). Th us, the Self-A daptiv e alternativ e w as applied on 16

instances randomly c hosen from this study .

Aprop os the parameters for the basic approac h in Sagarna and Lozano (submitted), the ED A

applied w as TREE. The p opulation consisted of 100 individuals, and the stopping criterion w as reac hing

a maxim um of 100 generations. The rest of the parameters in the ED A w ere the same as in Section

5.1. A dditionaly , the test case generation w as halted as so on as a limit of 100000 inputs w as detected.

In the exp erimen ts with the Self-A daptiv e approac h, the ED A to ok the parameter v alues previously

describ ed, with t w o exceptions. As explained in Section 4.3.1, the ED A's p opulation size is �xed to

b e t wice the length of the individual. Moreo v er, in order to mak e a fair comparison, instead of using

the Kullbac k-Leibler div ergence based stopping criterion, a maxim um n um b er of generations equal to

the p opulation size w as set. Again, the whole pro cess w as forced to terminate when the generation

of 100000 inputs w as detected. In all the programs, the parameters of an input w ere in tegers or real

n um b ers. T en tativ e v alues w ere adopted for the n um b er of bits used to represen t the initial and the

�nal searc h regions, i.e. 5 and 10 bits for in tegers, and 5 and 7 bits for real parameters.

The exp erimen ts w ere conducted for MO A and SO A, with � ranging from 1 to 5. T able 10 presen ts

the results of the b est � for eac h algorithm, together with the v alues of the basic approac h. The

outstanding v alues are highligh ted in gra y .

program basic MO A SO A

% # % # % #

bessj 100 220 100 21 100 45

bnldev 80.77 54100 84.62 100007 84.72 100018

caldat 75 20100 87.5 1550 87.5 1481

cyfun 75 40100 75 100009 75 100011

factln 87.5 10330 87.5 1543 87.5 1477

fit 100 3760 100 101 100 101

flmoon 98.33 2530 100 29 100 29

gasdev 75 10100 75 1541 75 1476

program basic MO A SO A

% # % # % #

irbit2 50 10100 50 1511 50 1476

kendl1 100 100 100 61 100 61

laguer 100 3590 100 2149 100 2185

ran1 66.67 20100 66.67 4730 66.67 3649

ratint 100 330 100 163 100 74

sncndn 93.75 10100 93.75 3089 93.75 3021

tred2 100 240 100 61 100 61

tridag 91.25 10790 100 157 100 157

T able 10: Results of the basic approac h, MO A and SO A on real w orld programs.

In all the programs but one, MO A or SO A impro v e the outcomes of the basic approac h. In this

exception ( cyfyn ), the basic generator obtained a 75% co v erage and stopp ed at 40100 inputs. The Self-

A daptiv e algorithms w ere unable to attain a b etter co v erage, but they con tin ued the searc h o v er larger

regions un til the maxim um limit of inputs w as reac hed. A though this b eha vior results undesirable in

this case, it can also b e v ery suitable. F or instance, in bnldev , the co v erage of the basic approac h is

augmen ted and the limit of 100000 is attained once again. The other programs where the co v erage is

outp erformed are caldat , flmoon and tridag . F or the rest of the cases, the enhacemen t corresp onds

to the n um b er of inputs generated.

Th us, these outcomes presen t the Self-A daptiv e approac h as a viable alternativ e for application in

the real w orld. F urthermore, the results clearly supp ort the conclusion from the previous section: the

Self-A daptiv e algorithms p erform b etter than the basic approac h, mainly with regard to the n um b er

of inputs generated.
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6 Conclusions

In this pap er, t w o new Searc h Based Soft w are T est Data Generation approac hes for branc h co v erage

w ere describ ed, namely , MO A and SO A. In order to enhance the test case generation pro cess, the

optimization step of b oth alternativ es departs from an initial small region whic h is increasingly enlarged

as branc hes remain unco v ered. The starting searc h space is de�ned up on heuristic information from

the program. More precisely , t w o options could b e adopted: the application of a set of rules concerning

the source co de's static information, or using a heuristic pro cedure based on dynamic information,

whic h consisted of a grid searc h metho d.

The analysis of the exp erimen ts conducted rev ealed promising results for b oth approac hes. First of

all, the searc h o v er di�eren t regions allo ws for the ac hiev emen t of the highest co v erage v alues, whic h

is a primary p erformance measuremen t in test data generation. Aprop os the t w o heuristic strategies

to obtain the initial region, it w as concluded that the static option mak es a di�erence and can at least

impro v e the e�ciency of the approac h in terms of the n um b er of inputs generated. On the other hand,

the dynamic heuristic sho w ed to b e more unstable. The � parameter of the metho d did not pro vide

a relev an t in�uence on the b est co v erage v alues, in general. Instead, it can mak e a di�erence for the

n um b er of inputs, although no de�nitiv e conclusion could b e stated on this.

Comparing the p erformance of the MO A and SO A algorithms, in general terms, no signi�can t

di�erence w as found b et w een them. A dditionally , the algorithms w ere compared to the basic approac h.

With the exception of the p o or results in one test program, the formers outp erformed the latter with

statistical evidence. Moreo v er, this impro v emen t o v er the basic generator rep eated for a n um b er of

�real w orld� programs, presen ting the Self-A daptiv e strategy as a solid alternativ e.

By the w a y , sev eral elemen ts of the approac h need to b e further studied. F or instance, in the

dissap oin ting exp erimen tal results, almost all the initial regions where created in a dynamic w a y . Since

the static strategy b eha v es sup eriorly , a w a y to enhance the resp onse of the Self-A daptiv e approac h

could b e to expand the set of heuristic rules. In order to mak e the approac h more �exible, another

in teresting line of future w ork is the elicitation of an � v alue for the stopping criterion of the ED A,

whic h tak es in to accoun t the size of the searc h space.
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