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ial Intelligen
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tAmong the tasks in software testing, test data generation is parti
ularly di�
ult and 
ostly. Inre
ent years, several approa
hes that use metaheuristi
 sear
h te
hniques to automati
ally obtainthe test inputs have been proposed. Although work in this �eld is very a
tive, little attention hasbeen paid to the sele
tion of an appropriate sear
h spa
e. The present work des
ribes an alternativeto this issue. More pre
isely, two approa
hes whi
h employ an Estimation of Distribution Algorithmas the metaheuristi
 te
hnique are explained. In both 
ases, di�erent regions are 
onsidered in thesear
h for the test inputs. Moreover, in order to depart from a region near to the one 
ontainingthe optimum, the de�nition of the initial sear
h spa
e in
orporates stati
 information extra
tedfrom the sour
e 
ode of the software under test. If this information is not enough to 
ompletethe de�nition, then a grid sear
h method is used. A

ording to the results of the experiments
ondu
ted, it is 
on
luded that this is a promising option that 
an be used to enhan
e the testdata generation pro
ess.Keywords: software testing, evolutionary algorithms, dynami
 representations, estimation of distri-bution algorithms, sear
h based test data generation1 Introdu
tionTesting is the means used in pra
ti
e to verify the 
orre
tness of software produ
ed. Considering the
ru
ial role of software nowadays, it is not di�
ult to imagine the signi�
an
e of testing. In fa
t,this phase from the software's life 
y
le usually a

ounts for 50% of proje
t resour
es (Beizer, 1990;Sommerville, 2001). A huge amount of these resour
es is dedi
ated to the generation of the input
ases to be applied to the program tested. This task is not trivial, as input 
ases must 
onfom to thetest type and its requirements. Sin
e most organizations perform this step manually, the automati
generation of test data is worthwhile and has turned into one of the most 
hallenging problems in thearea.Test 
ase generation approa
hes may be 
lassi�ed as either statisti
al, fun
tional or stru
turaltesting methods. Statisti
al testing samples the input domain a

ording to a probability distributionthat is obtained from the program's operational pro�le. Due to its simpli
ity, a 
ommon approa
his to automati
ally generate test 
ases simulating a uniform distribution (Duran and Ntafos, 1984).On the other hand, fun
tional testing is based on the program spe
i�
ation. More pre
isely, inputsare generated taking the fun
tional properties of the program into a

ount, and its automatizationdemands a formal spe
i�
ation. As an example, in Burton (2000), a framework oriented to a popularspe
i�
ation language named Z was des
ribed.
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Stru
tural testing is based on the internal stru
ture of the program. The sour
e 
ode reveals 
ontrolor data �ow entities su
h as the bran
hes that the �ow of 
ontrol 
an take from a 
onditional statementor the di�erent possible usages of a variable. A

ording to these entities, several adequa
y 
riteria arede�ned. For instan
e, bran
h 
overage is a 
lassi
al 
riterion stating that every program bran
h mustbe exer
ised. Other typi
al 
riteria are passing through every 
ode statement (statement 
overage),exer
ising every sequen
e of bran
hes from the program input to its output (path 
overage), or 
overingall the de�nition-usage pairs for ea
h variable (all-defs 
overage). Thus, a stru
tural test data generatortries to ful�ll an adequa
y 
riterion by produ
ing the appropriate inputs. In order to know the levelof 
ompletion attained by the generator, a 
overage measurement indi
ates the per
entage of entitiesexer
ised by a set of test 
ases for a given 
riterion. It should be marked that, in pra
ti
e, 
overagemeasurements and stru
tural 
riteria may also be used by methods from other testing strategies andvi
e versa.The two most 
ommon strategies to deal with the automation of stru
tural testing are stati
 anddynami
 test data generation.The main feature of the stati
 strategy is that program exe
ution is not required, sin
e test 
asesare obtained through a stati
 analysis of the sour
e 
ode. Most of the initial approa
hes were based ona te
hnique named symboli
 exe
ution. This te
hnique 
onsists of 
hoosing an entity from the programstru
ture, and assigning a system of inequalities in terms of the input parameters. The system is builtby substituting variables a�e
ting the entity with symboli
 values while respe
ting the 
onstraintsasso
iated with the 
onditions in the 
ode. A solution to the system is an input exer
ising the sele
tedentity. In Demillo and O�ut (1993), a work using this method 
an be 
onsulted.On the other hand, dynami
 approa
hes exe
ute the program in order to generate the test inputs.More pre
isely, an instrumented version of the program is 
onstru
ted, that is, the sour
e 
ode isexpanded with probe instru
tions that will extra
t information 
on
erning the exe
ution of an input.The information 
olle
ted is used to guide the sear
h for the test 
ase exer
ising the desired entity.In Korel (1990), the obtained information determined a fun
tion value assigned to ea
h input. Theobje
tive was to �nd an input minimizing its fun
tion value, whi
h only o

urred when rea
hing thetarget entity.In re
ent years, a number of approa
hes under the name of Sear
h Based Software Test DataGeneration (SBSTDG) has been developed, o�ering interesting results (M
Minn, 2004). The aim ofSBSTDG is to seek test 
ases employing metaheuristi
 sear
h te
hniques during the pro
ess. In otherwords, during the test data generation, an optimization problem is formulated. This problem is solvedthrough the above mentioned metaheuristi
 algorithms.It is 
ommon to sele
t an obje
tive entity and sear
h for an input 
overing it. Obviously, this sear
his then 
arried out by means of a metaheuristi
, e.g. Geneti
 Algorithms (M
Graw et al., 2001). In
onsequen
e, the domain of ea
h input parameter be
omes an important matter, sin
e it de�nes thespa
e where the sear
h is performed. In fa
t, the spa
e de�ned by the inputs and the obje
tive fun
tionis often large and 
omplex, making the 
overage of an entity a di�
ult task. Most of the SBSTDGworks dealing with this issue to date have 
on
entrated on the optimization te
hnique and the obje
tivefun
tion. However, little attention has been paid to the sele
tion of an appropriate sear
h spa
e. Thisis an interesting question, as fo
using the sear
h on a promising region 
ould simplify the problem. Onthe other hand, if an adequate region is not 
hosen, an optimal solution (an input 
overing the entity)may not even exist.In the 
ontext of Evolutionary Computation, this matter 
an be ta
kled by Self-Adaptive Repre-sentation methods. These methods may be 
lassi�ed as a form of parameter 
ontrol (Eiben et al.,1999) that, a

ording to the behavior of the exe
ution, dynami
ally transforms an individual's repre-sentation and, thus, the sear
h spa
e. Although it depends on the method, generally, the purpose ofthe transformation is to dire
t the sear
h towards the most promising region found so far and avoidgetting stu
k in lo
al optima (Whitley et al., 1991).The present work des
ribes an alternative to the sear
h spa
e sele
tion issue in test data generation.The two major 
on
epts whi
h support this alternative are the use of a-priori knowledge on the probleminstan
e to 
hoose a sear
h region, and modifying this region through the solution's representation.More pre
isely, these 
on
epts are applied to a SBSTDG approa
h for bran
h 
overage of C/C++programs. Initially, the metaheuristi
 seeks for in a region 
hosen from the whole feasible sear
h spa
e.In order to sele
t a promising region, its de�nition is based on stati
 information extra
ted from the2



program's sour
e 
ode. In 
ase this information is not useful to the de�nition, then a grid sear
hmethod is applied. Additionally, during the pro
ess, the size of the region is in
reasingly widened.This way, if the obje
tive entity is not exer
ised, a new sear
h is performed on a larger region. Thisenlargement is applied to the approa
h from two points of view, giving rise to two algorithms. Inboth algorithms, the metaheuristi
 te
hnique employed to deal with the optimization problem is anEstimation of Distribution Algorithm (EDA) (Larrañaga and Lozano, 2002)(Lozano et al., 2006).EDAs are a set of Evolutionary Algorithms whi
h, instead of 
reating new individuals through the
lassi
al re
ombination operators, estimate the probability distribution asso
iated with the sele
tedindividuals and sample this distribution to 
reate the next population. This te
hnique has alreadybeen applied to the test data generation problem with great su

ess (Sagarna and Lozano, 2005).Therefore, it 
onstitutes an adequate ben
hmark for 
omparison with the proposed option.Several experiments were 
ondu
ted in order to know whether the algorithms exposed here mayhelp to enhan
e the test 
ase generation pro
ess. Performan
e of both alternatives is evaluated and
ompared with ea
h other. Moreover, the results fa
e those obtained with EDAs, and interesting
on
lusions are obtained about the e�e
t of sear
h spa
e size on the behavior of the test data generator.The remaining se
tions are organized as follows. First, EDAs are brie�y introdu
ed, though alittle more attention is paid to the one used in the experiments: the TREE algorithm. After des
ribingSBSTDG and a few salient referen
es from this �eld, the alternative developed in this work is explained.In the next se
tion, the experiments and the analysis of their results are shown. Finally, a shortsummary of the work and 
on
lusions obtained are in
luded.2 Introdu
tion to Estimation of Distribution AlgorithmsThe term Estimation of Distribution Algorithm (EDA) (Larrañaga and Lozano, 2002; Pelikan et al.,2002; Mühlenbein and Paaÿ, 1996) alludes to a family of Evolutionary Algorithms whi
h represents analternative to the 
lassi
al optimization methods in the area. Algorithmi
ally, a Geneti
 Algorithm andan EDA only di�er in the pro
edure to generate new individuals. Instead of using the typi
al breedingoperators, EDAs perform this task by sampling a probability distribution previously built from the setof sele
ted individuals. Indeed, this distribution is responsible for one of the main 
hara
teristi
s ofthese algorithms, that is, the expli
it des
ription of the relationships between the problem variables.2.1 Abstra
t EDAIn order to simplify the dis
ussion, only dis
rete domains are 
onsidered in the following. For a moreextended des
ription, in
luding 
ontinuous domains, refer to Larrañaga and Lozano (2002).Given an n-dimensional random variable X = (X1, X2, ..., Xn) and a possible instantiation x =
(x1, x2, ..., xn), the joint probability distribution of X will be denoted by p(x) = p(X = x). In the
ase of two unidimensional random variables Xi, Xj and their respe
tive possible values xi, xj , the
onditional probability of Xi given Xj = xj will be represented as p(xi|xj) = p(Xi = xi|Xj = xj). Inthe 
ontext of Evolutionary Algorithms, an individual of length n 
an be 
onsidered an instantiation
x = (x1, x2, ..., xn) of X = (X1, X2, ..., Xn). Let the population of the l-th generation be Dl. Theindividuals sele
ted DSe

l 
onstitute a dataset of N 
ases of X = (X1, X2, ..., Xn). EDAs estimate p(x)from DSe
l , therefore, the joint probability distribution of the l-th generation will be represented by

pl(x) = p(x|DSe
l−1). New individuals are then obtained sampling pl(x). A pseudo
ode for the abstra
tEDA is presented in Figure 1.The key point of EDAs is how the probability distribution is estimated at ea
h generation. The
omputation of all the parameters of pl(x) is unviable sin
e they are, at least, 2n − 1 (the 
ase ofbinary variables). Thus, it is fa
torized a

ording to a probability model that, in some 
ases, limitsthe possible dependen
ies among the variables X1, X2, ..., Xn. This leads to several approximationsassuming di�erent levels of 
omplexity in their models. The alternatives range from those where thevariables are mutually independent to those with no restri
tions on variable interdependen
ies. Themost restri
tive models avoid the indu
tion of probability distributions with dependen
ies. However,they allow for a fast and easy estimation that may 
onvert them into a suitable possibility to solve aproblem. On the other hand, the least restri
tive models are able to show all the dependen
ies between3



D0 ←Generate M individuals (the initial population) randomlyRepeat for l = 1, 2, ...,until stopping 
riterion is met
DSe

l−1 ← Sele
t N ≤M individuals from Dl−1

pl(x) = p(x|DSe
l−1) ←Estimate the probability distributionof an individual being among the individuals sele
ted

Dl ← Sample M individuals (the new population) from pl(x)Figure 1: Abstra
t EDA pseudo
ode.the variables in a problem even though their 
omputational 
ost is expensive and, in some 
ases, 
anresult in an impra
ti
al 
hoi
e.2.2 EDA instan
esThe problem of model indu
tion has been ta
kled by separate s
ienti�
 �elds, su
h as statisti
al physi
sor probabilisti
 reasoning. EDAs bene�t from this knowledge through interdis
iplinary resear
h. Tak-ing probabilisti
 model 
omplexity into a

ount, they may be 
lassi�ed as univariate, bivariate andmultivariate.Univariate EDAs assume that the n-dimensional joint probability distribution is de
omposed as aprodu
t of n univariate probability distributions, that is:
pl(x) =

n
∏

i=1

pl(xi).For example, the Univariate Marginal Distribution Algorithm (Mühlenbein, 1998) is an instan
ebelonging to this 
ategory, whi
h estimates pl(xi) as the relative frequen
ies of xi in dataset DSe
l−1.A weakness of this kind of EDAs arises if dependen
ies between the problem variables exist sin
e,obviously, the fa
torization of pl(x) 
annot represent them. To a 
ertain extent, this drawba
k isover
omed by bivariate EDAs. These approximations make use of se
ond order statisti
s to estimatethe probability distribution. Hen
e, apart from the probability values, a stru
ture that re�e
ts thedependen
ies among the variables must be given. The fa
torization 
arried out by the models in this
ategory 
an be expressed as follows:

pl(x) =

n
∏

i=1

pl(xi|xj(i))where Xj(i) is the variable, if any, on whi
h Xi depends.Bivariate EDAs restri
t to order one dependen
ies. However, with the models from multivariateEDAs, it is possible to express all the variable interdependen
ies existing in a problem. In this last
ategory, the probability distribution is estimated by means of probabilisti
 graphi
al models (Castilloet al., 1997), whi
h use a graph to represent the dete
ted dependen
ies between the variables. Thus,the fa
torization asso
iated with this type of EDAs is as follows:
pl(x) =

n
∏

i=1

pl(xi|pai)where pai are the instantiations of Pai, the set of variables on whi
h Xi depends.In the Estimation of Bayesian Network Algorithm (EBNA) (Larrañaga et al., 2000), the fa
toriza-tion of the joint probability distribution is given by a Bayesian network learned from DSe
l−1. A Bayesiannetwork is a pair (S, θ) where S is a dire
ted a
y
li
 graph representing the (in)dependen
ies betweenthe variables and θ is the set of 
onditional probability values needed to de�ne the joint probabilitydistribution. The method used to learn S leads to di�erent EBNA instantiations, e.g. EBNABIC.4



2.2.1 TREEA bivariate EDA is TREE (Larrañaga and Lozano, 2002), the algorithm used for the experiments
ondu
ted to evaluate the approa
h in this paper.TREE refers to an adaptation of the Combining Optimizers with Mutual Information Trees(COMIT) algorithm (Baluja and Davies, 1997).In COMIT, pl(x) is estimated through the Maximum Weight Spanning Tree algorithm (Chowand Liu, 1968). The obje
tive of Chow and Liu was to �nd the �rst order dependen
e probabilitydistribution pt(x) =
∏n

i=1 p(xi|xj(i)) whi
h best approximates p(x). As a dis
repan
y measure, theKullba
k-Leibler 
ross-entropy from pt to p (KL(p|pt)) was 
hosen (Kullba
k and Leibler, 1951). Morepre
isely, the authors de
omposed KL(p|pt) as follows:
KL(p|pt) = −

n
∑

i=1

I(Xi, Xj(i)) +

n
∑

i=1

H(Xi)−H(X)where I(Xi, Xj(i)) is the mutual information measure between Xi and Xj(i), and H(Xi) and H(X)denote the entropy of p with regard to Xi and X, respe
tively. Sin
e the values of H(X) and H(Xi)for all i are not in�uen
ed by the dependen
ies in pt, minimizing KL(p|pt) is equivalent to maximizing
∑n

i=1 I(Xi, Xj(i)). In order to obtain the best approximation, the algorithm 
onsiders the set of treestru
tures where ea
h edge is weighted with the mutual information between the variables involved.Then, they propose a simple method to obtain the stru
ture with the maximum sum of weights, whi
his the stru
ture of the pt minimizing KL(p|pt).On
e an estimation of pl(x) is obtained, COMIT samples a number of individuals from pl(x) andsele
ts the best as the initial solutions of a lo
al sear
h. The resulting individuals are then used to
reate a new population. In TREE, this lo
al sear
h step is eliminated and, thus, the next populationis obtained dire
tly from pl(x).3 Sear
h Based Software Test Data GenerationSear
h Based Software Test Data Generation (SBSTDG) is an emerging �eld whi
h refers to thesele
tion of software test 
ases making use of metaheuristi
 sear
h te
hniques.A number of approa
hes have been already proposed for di�erent testing types, e.g. fun
tionaltesting (Tra
ey, 2000). However, the present work deals with bran
h 
overage, so these other approa
hesare out of the s
ope of this paper and, in the following, only stru
tural testing is dis
ussed. A well
rafted and extensive review of SBSTDG 
an be 
onsulted in M
Minn (2004).3.1 The General S
hemeMost of the works developed for stru
tural testing to date are based on a dynami
 test data generationstrategy. Moreover, a huge amount of these works 
onsist of 
hoosing the entities to be exer
ised and,then, sear
hing for the inputs 
overing them via a metaheuristi
. Thus, it is 
ommon to more or lessfollow the general s
heme in Figure 2. This s
heme is an iterative two-step pro
ess where, �rstly, apreviously identi�ed stru
tural entity is sele
ted (a bran
h, for instan
e) and marked as an obje
tive.In the se
ond step, the obje
tive entity is assigned a fun
tion dependent on the program input, andits optimization is sought. This obje
tive fun
tion is formulated in su
h a way that, if an exe
utedinput exer
ises the obje
tive, the value is optimum. Otherwise, the value is proportional to how 
losethe input is to the obje
tive 
overage. Consequently, in order to obtain the fun
tion value of an inputit must be previously exe
uted on an instrumented version of the program whi
h will provide theinformation ne
essary.This way, the test 
ase generation is ta
kled as the resolution of a number of fun
tion optimizationproblems, one for ea
h obje
tive entity.Despite the di�erent sele
tion options, the most 
ommon pra
ti
e is to determine the obje
tiveentity with the help of a graph that re�e
ts the stru
tural 
hara
teristi
s of the program. In the 
aseof bran
h 
overage, a 
ontrol �ow graph (Fenton, 1985) is typi
ally employed. In su
h a graph, ea
hvertex represents a basi
 blo
k in the 
ode, i.e. a maximal sequen
e of 
ode statements su
h that if one5



Repeat until stopping 
riterion met
E ← Sele
t obje
tive entity to exer
iseObtain input optimizing fun
tion for EFigure 2: General s
heme for test 
ase generation.is exe
uted, then all of them are. There is an ar
 (x, y) if the 
ontrol of the program 
an be transferredfrom blo
k x to y without 
rossing any other blo
k. Hen
e, in this kind of graph, a program bran
h isde�ned by every vertex x with outdegree(x) > 1.The next step of the s
heme in Figure 2 ta
kles an optimization problem. Formally, given thesear
h spa
e Ω formed by the program inputs and a fun
tion h : Ω −→ IR, �nd x∗ ∈ Ω su
h that

h(x∗) ≤ h(x) ∀x ∈ Ω.For bran
h 
overage, a 
lassi
al strategy to 
reate the obje
tive fun
tion is the following. Given anobje
tive bran
h b and an expression AOPB of the 
onditional statement COND asso
iated with bin the 
ode, with OP denoting a 
omparison operator, the value for an input x is determined by:
h(x) =







M if COND not rea
hed
d(Ax,Bx) + K if COND rea
hed and b not attained
0 otherwise(1)whereM is the largest 
omputable value, Ax and Bx are appropriate representations of the values takenby A and B in the exe
ution, d is a distan
e measurement, and K > 0 is a previously de�ned 
onstant.Typi
ally, if A and B are numeri
al, then Ax and Bx are their values and d(Ax,Bx) = |Ax−Bx|. Inthe 
ase of more 
omplex data types, a binary representation of the values for A and B 
an be obtainedand, for instan
e, let d(Ax,Bx) be the Hamming distan
e (Sthamer, 1996).In 
ase COND involves a 
ompound expression, the overall obje
tive fun
tion is 
onstru
ted fromthe partial fun
tions for ea
h subexpression. Given two subexpressions C1 and C2 with their respe
tivefun
tions h1 and h2, and an input x, the value for the logi
al expression C1 ∨ C2 is min{h1(x), h2(x)},the logi
al expression C1 ∧ C2 is 
al
ulated as h1(x)+h2(x), and for ¬C1 the value is known by prop-agating the negation inside C1. By applying the asso
iative and 
ommutative properties to di�erentlogi
al expressions, the overall value for h is obtained.3.2 Improving the Obje
tive Fun
tionThe previous type of obje
tive fun
tion su�ers from well-known drawba
ks, some of whi
h have no 
learsolution yet. For example, if the 
omparison operator in the 
onditional expression is 6=, the fun
tiononly takes three values and be
omes plateau shaped. In order to solve this �aw, several possibilitiesbased on 
ode transformations are des
ribed in Harman et al. (2002(b)) and Baresel and Sthamer(2003). In Botta
i (2003), other weaknesses are identi�ed and a number of alternatives are proposedto over
ome them.To a 
ertain extent, these limitations may be alleviated with the obje
tive fun
tion presented inWegener et al. (2001). In addition to the distan
e in the 
onditional statement COND of the obje
tivebran
h, a 
ondition distan
e is used for the inputs not rea
hing COND. This distan
e 
onsiders thepath in the 
ontrol �ow graph taken by an input during exe
ution. The value is 
al
ulated in termsof the number of bran
hing verti
es straying from the subpath between COND and its nearest vertexin the exe
ution path. Therefore, the fun
tion in equation 1 is extended, maintaining the notation, asfollows:

h(x) =







dc(vc, vn) if COND not rea
hed
d(Ax,Bx)+K

L+(d(Ax,Bx)+K) if COND rea
hed and b not attained
0 otherwise(2)where vc is the vertex in the 
ontrol �ow graph representing COND, vn is the nearest vertex to

COND in the path followed by x, dc is the 
ondition distan
e, and L > 0 is a previously de�ned
onstant. Noti
e that L is employed to ensure that the fun
tion value when COND is not rea
hedsurpasses the value when COND is rea
hed but b is not attained.6



In this manner, if an input was unable to rea
h the 
ondition, instead of assigning it the worst value(M), the proximity to the 
ondition is taken into a

ount and the obje
tive fun
tion is smoothed withregard to equation 1.3.3 Applied Metaheuristi
s and ExtensionsApropos the metaheuristi
 employed to solve the optimization problem, the most prevalent 
hoi
e hasbeen the Geneti
 Algorithm. This te
hnique was applied for bran
h 
overage in Sthamer (1996) andWegener et al. (2001). The former 
ompared binary and gray 
oded representations for the programinputs. However, no 
lear 
on
lusion 
ould be drawn as to whi
h of them was superior. In the latterwork, ex
ellent 
overage results where obtained with a parallel Geneti
 Algorithm using a fun
tion ofthe form of equation 2 to 
al
ulate the �tness of the individuals. In 
ontrast, in the work by Pargas et al.(1999), �tness is only the 
ondition distan
e des
ribed above. Geneti
 Algorithms have also been 
hosenfor other testing 
riteria like, for instan
e, path 
overage (Lin and Yeh, 2001) and 
ondition/de
ision
overage (M
Graw et al., 2001). Metaheuristi
s proposed in other works in
lude Simulated Annealing(Tra
ey et al., 1998), Tabu Sear
h (Díaz et al., 2003) and, more re
ently, EDAs (Sagarna and Lozano,2005); all ta
kling bran
h 
overage with the 
lassi
al obje
tive fun
tion. In Sagarna and Lozano(2006), an emerging method known as S
atter Sear
h was sele
ted for the optimization step. Besides,a 
ollaborative s
heme between this method and EDAs was developed, o�ering promising results.Although the metaheuristi
 te
hnique deals with one optimization problem at a time, the real goalof test 
ase generation is to solve a set of problems. Several approa
hes in the literature have takenthis into 
onsideration to improve the pro
ess. The alternative suggested by some works is to pro�tfrom the good solutions found by not only evaluating an input for the 
urrent obje
tive entity, but alsowith regard to all the others. Ea
h entity is assigned a set 
ontaining the best inputs so far whi
h areused to seed the initial phase of the metaheuristi
 (Wegener et al., 2001; Sagarna and Lozano, 2005).Similarly, in M
Graw et al. (2001), the set of an entity is 
omposed of the inputs just rea
hing the
ondition asso
iated with the entity. Moreover, this type of strategy is employed for di�erent testing
riteria. For instan
e, the work by Bueno and Jino (2002) deals with path 
overage, and a set of inputsexer
ising a sele
ted path is sought at ea
h step; thus, the initial population of a Geneti
 Algorithmis seeded with the 
losest sets of inputs to 
overing the path from those stored in a base pool. In
ontrast, in the approa
h for path 
overage des
ribed in Hermadi and Ahmed (2003), a multiobje
tiveoptimization view is adopted. This system uses a Geneti
 Algorithm where an individual representsan input and the �tness value is obtained from a weighted sum of the proximities to the 
overage ofea
h path.Indeed, it should be marked that there are other strategies for stru
tural test data generation, asidefrom the one outlined in Figure 2. For example, in Smith and Fogarty (1996), a Geneti
 Algorithmis used on
e again. However, in this 
ase, an individual 
orresponds to a set of test inputs, and the�tness is the 
overage rea
hed by the set after exe
ution. This way, the problem of generating a set oftest 
ases to ful�ll an adequa
y 
riterion is fa
ed from a pure Evolutionary Computation view, wherean individual represents a solution to the whole problem.3.4 An Example of the General S
hemeTo sum up, the prepro
essing required to automate the generation of test data for bran
h 
overagefollowing the general s
heme in Figure 2 should be noti
ed. Figure 3 illustrates this by showing anexample program and the elements to be indu
ed from it: the 
ontrol �ow graph and the instrumentedprogram version. The redu
ed box on the right represents the information supplied by a hypotheti
alexe
ution of the instrumented program.The graph is used to sele
t the next obje
tive bran
h whose 
overage will be pursued, for example,bran
h (2, 3). A Geneti
 Algorithm 
ould be used in the optimization phase. Thus, an individual isa representation of the program input, i.e. three integers. If the inputs set strategy des
ribed aboveis applied, the initial population of the Geneti
 Algorithm 
ould be seeded with the set asso
iated tobran
h (2, 3).Ea
h input generated during the sear
h is exe
uted on the instrumented program version in orderto eli
it its obje
tive fun
tion value. The instrumentation results shown in the redu
ed box of Figure 37



{
 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 5Figure 3: Example of sour
e 
ode, 
ontrol �ow graph, instrumented version, and output information.
orrespond to input (1, 20, 31). Ea
h line of the box 
ontains the traversed basi
 blo
k (numbered as inthe graph) and, if the previous blo
k had a 
ondition with an expression AOPB, the value of |A−B| inthe exe
ution. Using this information, the value of the 
ondition distan
e (dc) shown in equation 2 
anbe obtained. However, this is not ne
essary, as input (1, 20, 31) rea
hes the 
ondition of bran
h (2, 3).Hen
e, a

ording 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 evaluated for the Geneti
 Algorithm, the instrumentation results areused to 
al
ulate h(1, 20, 31) with regard to the rest of the bran
hes. This way, if (1, 20, 31) is a highquality input, it is stored in the set of the 
orresponding bran
h.On
e the sear
h �nishes, a new round of the s
heme in Figure 2 is performed until, for instan
e,every bran
h has been sele
ted as an obje
tive.4 The Dynami
 Sear
h Spa
e Approa
h to Software Test DataGenerationIf a test data generation system deals with the problem as the pro
ess of solving a set of fun
tionoptimizations, the sear
h spa
e be
omes an important element. The present work des
ribes an alter-native whi
h takes this into 
onsideration in the 
ontext of a SBSTDG approa
h for bran
h 
overageof C/C++ programs. More pre
isely, the region where the metaheuristi
 seeks for is initially de�nedwith heuristi
 information obtained from the program's sour
e 
ode. During the pro
ess, the size ofthe region is in
reasingly widened so that, if the optimum was not found in the 
urrent spa
e, a newsear
h is performed in a larger one. Two ways of ta
kling this region expansion are proposed, givingrise to two algorithms.4.1 MotivationIn a SBSTDG approa
h following the s
heme in Figure 2, the 
overage of a bran
h may result in ahighly di�
ult task, sin
e the spa
e de�ned by the inputs and the obje
tive fun
tion is usually largeand 
omplex.Most of the e�orts to address this issue have 
on
entrated on the obje
tive fun
tion and the op-timization te
hnique. Attempts on the former relate to the 
on
epts in Se
tion 3.2, while, on the8



other hand, a 
lear 
ase 
on
erning the te
hniques is the general 
onfrontation of lo
al with globaloptimization pro
edures.Surprisingly, so far little attention has been paid to the sele
tion of an appropriate sear
h spa
e.This is an interesting matter, as fo
using the sear
h on a promising region 
ould simplify the problem,while making an inadequate 
hoi
e an optimal solution may not even exist.An alternative fa
ing this question is suggested in Harman et al. (2002(a)). Here, a dependen
eanalysis is applied to the variables in the sour
e 
ode to identify the input parameters that 
annota�e
t the 
overage of a given bran
h. This way, a number of problem variables 
an be eliminated andthe sear
h spa
e, redu
ed.The present paper des
ribes two approa
hes for the sear
h spa
e sele
tion issue that follow the sameline. Both extend the method explained in Sagarna and Lozano (2005(a)), so this work is outlinednext.4.2 Basi
 Approa
hThe system developed by Sagarna and Lozano 
onforms to the general s
heme in Figure 2. Ea
h 
odebran
h is asso
iated with three possible states: 
overed, treated but un
overed, or untreated. Initially,all the bran
hes are in the untreated state. After ta
kling the optimization problem of a bran
h, if theoptimum was rea
hed, the bran
h is marked as 
overed. Otherwise, its state is marked as treated butun
overed.The stopping 
riterion of the s
heme is full 
overage a
hievement (all bran
hes in the 
overed state)or unsu

essful treatment of every unexer
ised obje
tive bran
h (treated but un
overed state).Additionally, the input sets strategy dis
ussed in Se
tion 3.3 is applied. That is, for ea
h bran
h,a set with the best inputs found so far is kept at every moment during the pro
ess. The quality of aninput set is taken as the average obje
tive fun
tion value of the elements in the set. Thus, the obje
tivesele
tion step 
onsists of 
hoosing the bran
h with the highest quality set.The optimization step seeks inputs 
overing the obje
tive bran
h through an EDA. An individualin the EDA is a bit string representing an input and the initial population is 
omposed of the inputsin the set of the bran
h.Figure 4 illustrates a s
hema of the whole pro
ess. At ea
h iteration, a bran
h, together with itsset of best inputs, is sele
ted as the obje
tive, and its 
overage is sought through an EDA.In the EDA, ea
h individual (input) is evaluated not only for the obje
tive bran
h, but with regardto every other un
overed bran
h. This way, if the individual improves the quality of the set of thebran
h, then the worst input in the set is repla
ed by the one represented by the individual. In this
ase, the quality of the set has been in
reased, so it may result in a promising population seed. Hen
e, ifthe bran
h had previously been treated, its state is marked as untreated and be
omes a new 
andidateobje
tive in the sele
tion step.4.3 The Self-Adaptive Approa
hThe Self-Adaptive alternative to test data generation exposed here 
onsists of sele
ting an initial sear
hspa
e and modifying its size for ea
h un
overed bran
h. The spa
e of an obje
tive bran
h is de�ned bythe interval of values that ea
h input parameter of a program 
an take. To be pre
ise, for ea
h bran
hand ea
h parameter, a value is 
hosen to be the 
enter of the interval, and a maximum in
rement overthe 
enter de�nes the amplitude. The pro
ess departs from a small range of values for ea
h parameterand, as bran
hes remain un
overed, the range is in
reasingly augmented. Centers of the intervalsare �xed for the whole pro
ess, thus, in order to start seeking on a promising region, stati
 heuristi
information from the program is used to lo
ate these points. In 
ase this information is not useful toidentify a 
enter, a grid sear
h method is applied.Two approa
hes following this line have been developed. One of them adapts the size of the sear
hspa
e for all the un
overed bran
hes at a time. In the other approa
h, ea
h region enlargement involvesa single obje
tive bran
h.
9
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Figure 4: S
hema of the basi
 approa
h.(1) Assign initial sear
h region to ea
h bran
h(2) Repeat until stopping 
riterion is met(3) Repeat until stopping 
riterion is met(4) O ←Sele
t obje
tive bran
h(5) Apply EDA to 
over O(6) Enlarge region (1) Assign initial sear
h region to ea
h bran
h(2) Repeat until stopping 
riterion is met(3) O ←Sele
t obje
tive bran
h(4) Repeat until stopping 
riterion is met(5) Apply EDA to 
over O(6) Enlarge regionFigure 5: Algorithms for the MOA (left) and SOA (right) approa
hes.Multiple Obje
tive Adaptation (MOA)The idea behind this method 
an be 
learly stated: to use the general s
heme in Figure 2 over wideningregions. This leads to the left side algorithm in Figure 5. Therefore, the basi
 approa
h is appliedinitially with a redu
ed interval of values for an input parameter and, on
e it is �nished, if un
overedbran
hes exist, it is applied again with a larger interval. The left side of Figure 6 depi
ts an illustrationof this idea.Single Obje
tive Adaptation (SOA)This alternative is similar to the basi
 approa
h ex
ept for the optimization step. Starting from a smallsear
h spa
e, the EDA exe
utes several times over in
reasingly augmented regions while the 
overageof the obje
tive bran
h is not attained. The right side of Figures 5 and 6 represent the algorithmasso
iated with this method and a s
hema of the pro
ess, respe
tively.In the next pages, these two approa
hes are dis
ussed in detail by �rst explaining the steps of theiralgorithms, and later, how the set of inputs is managed.4.3.1 Algorithm Steps Des
riptionThe des
ription applies to both MOA and SOA, sin
e the same steps for ea
h algorithm implementthe same 
on
epts. 10
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Figure 6: S
hemas of the MOA (left) and SOA (right) approa
hes.Region Initialization - step 1 (MOA, SOA)Ea
h bran
h is assigned an initial sear
h region whi
h will have the smallest size. A redu
ed regionallows for a fast sear
h, although the 
han
es of 
ontaining the global optimum may be few. Hen
e,in order to rea
h a high degree of e�
ien
y, it is important to obtain an initial region that is near theoptimal input. Obviously, this is a di�
ult task, sin
e the topology of the spa
e should be known inadvan
e (and no sear
h would be required then).Instead, it is possible to approximate the problem by using stati
 heuristi
 information from theprogram's sour
e 
ode. Although di�erent sour
e 
ode aspe
ts 
ould be regarded, in the present work,this information is obtained from the expression in the 
onditional statement 
orresponding to a bran
h.Assuming, with no loss of generality, that an input is 
omposed of three parameters (a, b, c), then, the
enter of the initial region may be eli
ited through the following two heuristi
 rules:
• If an expression follows the form F (a, b, c) OP K, where F is a known fun
tion of the inputparameters, K is a 
onstant and OP is a 
omparison operator, then the region is 
entered atpoint (Ca, Cb, Cc) su
h that F (Ca, Cb, Cc) = K.
• If an expression follows the form F (a, b, c) OP F ′(a, b, c), where F and F ′ are known fun
tionsof the input parameters, and OP is a 
omparison operator, then the region is 
entered at point

(Ca, Cb, Cc) su
h that F (Ca, Cb, Cc) = F ′(Ca, Cb, Cc).Noti
e that the above rules refer to spe
i�
 types of expressions. Many possibilities exist for theform of fun
tions F and F ′ in an expression. For instan
e, it 
ould depend on a number of sour
e 
odevariables or it might in
lude 
alls to other programs. These rules 
onstitute a �rst approximation tothe problem by restri
ting F and F ′ to depend only on the input parameters, e.g. F (a, b, c) = 7a+25c.Furthermore, ea
h point (Ca, Cb, Cc) was 
al
ulated manually for the experimental programs employedto evaluate the present work. In order to rea
h 
omplete automation of this step, a numeri
al 
al
ulustool 
ould be employed, for example, Mathemati
a1.In 
ase none of the above rules 
an be applied, the 
enter of the initial region for a bran
h isobtained through a heuristi
 strategy based on the program's dynami
 information; to be exa
t, a gridsear
h method is employed. For ea
h input parameter, the 
omplete range of values is partitionedinto τ intervals. The 
enter of ea
h of these intervals is taken as a referen
e value. Then, the inputsresulting from the 
ombination of the referen
e values of all the parameters are evaluated with regardto the bran
h. The best input is sele
ted as the 
enter of the initial region. Noti
e that the granularityof the strategy may be tuned with the number of intervals τ , sin
e the number of inputs generated1Mathemati
a is a software pa
kage that solves equations symboli
ally. Web site:http://www.wolfram.
om/mathemati
a/ 11



P1

P2

Figure 7: S
hema of the grid sear
h method.is τp for a program with p parameters. The idea behind a grid sear
h is to explore a number ofequally distant points from the whole sear
h spa
e. As τ grows, the number of points being 
onsideredapproa
hes the 
omplete number of points and, hen
e, the quality of the solution found might in
rease.On the other hand, rea
hing a 
ertain value of τ may result in an unavoidable number of points. Asa 
onsequen
e, τ is regarded as a parameter of the approa
h. Figure 7 illustrates the strategy for the
ase of two parameters and τ = 6; among the 62 points, the one inside the 
ir
le represents the inputhypotheti
ally 
hosen as the 
enter.On
e the 
enter is obtained using whi
hever of the strategies above, the spe
i�
ation of the initialsear
h region of the bran
h is 
ompleted by de�ning an amplitude. This is a
hieved by setting, forea
h input parameter, an in
rement over the 
enter. These initial in
rements are given as parametersto the test data generation system.Thus, in essen
e, there are two types of bran
hes. On one hand, those with the region 
entered ata point obtained through stati
 heuristi
 information and, on the other hand, the bran
hes with theregion 
enter 
hosen by means of a grid sear
h, i.e. using dynami
 information.Stopping Criteria - steps 2 and 3 (MOA), steps 2 and 4 (SOA)The stopping 
riterion at step 3, for MOA, and step 2, for SOA, refers to the general s
heme (Figure 2).It is de�ned in the same way as in the basi
 approa
h, that is, full 
overage a
hievement or unsu

essfultreatment of every un
overed bran
h.In 
ontrast, the 
riterion in step 2, for MOA, and step 4, for SOA, alludes to the Self-Adaptiveapproa
h. Therefore, it states the point where the sear
h spa
e stops being enlarged. To obtain thispoint, a limit to the size of the region is given as a parameter to the system. A

ordingly, in the 
aseof MOA, the stopping 
riterion is to obtain full bran
h 
overage or rea
h the size limit, while in SOA,the sear
h stops when the obje
tive bran
h is 
overed or the spa
e attains its size limit.Bran
h Sele
tion - step 4 (MOA), step 3 (SOA)The obje
tive bran
h is sele
ted following the strategy of the basi
 approa
h. Hen
e, the bran
h withthe highest quality set of inputs at the moment is 
hosen, that is, the bran
h with the highest averageobje
tive fun
tion value over the inputs in the set.
12



EDA - step 5 (MOA, SOA)The EDA seeks the optimal input in a sear
h region 
entered at a �xed point. Therefore, an individual isa bit string representing an in
rement on the 
enter of the 
urrent region. To be pre
ise, the individual
onsists of a bit substring for ea
h input parameter. Ea
h substring represents an in
rement on the
enter of the interval of the 
orresponding parameter.In the evaluation, the in
rement represented by the individual is added to the 
enter of the region,resulting in the input for the obje
tive fun
tion. In the 
urrent implementation of the approa
h,three parameter types are 
onsidered: integers, reals and 
hara
ters. In the 
ase of an integer, thebit substring represents the in
rement following a sign-magnitude 
odi�
ation. For real numbers, theIEEE �oating point 
odi�
ation is used instead. In both 
ases, the input parameter value is obtainedby summing the in
rement to the 
enter. Finally, for a 
hara
ter type, a sign-magnitude 
odi�
ation isemployed again in the substring. Then, the in
rement is summed to the 
enter of the parameter, and thevalue obtained results in a 
hara
ter, a

ording to the ASCII 
ode table. Similarly, for more 
omplexparameter types, an appropriate transformation 
ould be de�ned to obtain the input parameter value.As in the basi
 approa
h, the input is evaluated with regard to all the other un
overed bran
hesand the sets of best inputs are updated a

ordingly.The length of the individuals may vary between di�erent EDA exe
utions and, in 
onsequen
e, it isnot advisable to keep the same parameter values for the whole pro
ess. This is over
omed by makingsome of the parameters adaptive (Eiben et al., 1999).A 
ommon pra
ti
e in Evolutionary Algorithms is to �x the population size proportionally to thenumber of variables. For instan
e, in Mühlenbein and Mahnig (2001), several rules of thumb aresuggested for a number of EDAs under spe
i�
 
onditions. In the present work, the population size isset at twi
e the length of the individual.On the other hand, it would be desirable to halt the sear
h when no improvement 
an be obtained.This is a relatively unexplored matter in the �eld of EDAs, although a few re
ent works are emerging(O
enasek, 2006). Here, a novel strategy has been developed. The problem is approximated byidentifying the generation where the estimated probability distribution pl(x) is similar to the empiri
aldistribution of the sele
ted individuals. Thus, the 
riterion adopted is to stop the EDA when theKullba
k-Leibler 
ross-entropy from pl(x) to p(x) falls below a value α given as a parameter to thesystem.Region Enlargement - step 6 (MOA, SOA)The size of a sear
h region is determined by the amplitude of the interval asso
iated to ea
h inputparameter. In other words, this size is de�ned by a maximum in
rement on the 
enter of the intervalof ea
h parameter. In the EDA, an in
rement for ea
h parameter is represented as a substring of bits.Therefore, the number of bits in ea
h substring spe
i�es the size of the region.The sear
h region is enlarged by augmenting the amplitude of the interval asso
iated with a 
hoseninput parameter. A bit is added to the substring representing the next parameter in the order givenby the input, from left to right.4.3.2 Management of the Set of InputsThe 
ontrol of the set of inputs of ea
h bran
h introdu
es disparities between the approa
hes whi
hrequire a separate explanation.Operation in MOAIn the MOA alternative, during the EDA exe
ution, it is possible that an input being evaluated for abran
h distin
t from the obje
tive falls outside the 
urrent sear
h spa
e. Therefore, when the bran
h issele
ted as the new obje
tive and the EDA is to be initialized with the inputs in the set of the bran
h,some of these inputs might be out of the region.Hen
e, instead of using only one set of inputs, two sets are asso
iated with ea
h bran
h. One ofthem keeps the best inputs inside the 
urrent sear
h region - inside set - and the other one, thosefalling outside - outside set. This implies that, during the evaluation in the EDA, the input is stored13



in the required set and, this way, the initialization is dire
tly performed from the inside set. Morepre
isely, for ea
h input in the set, the 
orresponding in
rement on the 
enter is obtained (in its binaryform) and added to the population.In order to maintain the sets, before starting a new run of the general s
heme (step 3), the insideset is updated with the inputs in the outside set whi
h belong to the new region.Operation in SOARegarding the SOA approa
h, ea
h time the EDA exe
utes the sear
h region is di�erent from theprevious. In this situation no advantage is obtained with two sets, so just one 
ontaining all the inputsis used.To initialize the EDA, �rstly, the in
rements asso
iated with the inputs in the set are 
al
ulated.Then, the in
rements inside the 
urrent region are in
luded in the population. Those falling outside aretrun
ated to �t into the region and, then, are added to the population. A possible disadvantage of thisstrategy is that, as the population 
onverges to similar individuals, if these are high quality solutions,they will be in
luded in the set. Thus, initialization for the next region might 
ause a low diversitybetween individuals and result in a poor sear
h. With the intention of alleviating this phenomenon,half of the EDA's initial population is randomly generated.An other problem in SOA 
on
erns the retrieval of the initial sear
h region for the EDA. If theobje
tive bran
h is sele
ted for the �rst time, the initial region is given by its 
enter and the initialin
rement. However, it 
an so happen that, in the EDA evaluation, the input enters the set of a bran
halready treated and, therefore, makes this bran
h a 
andidate obje
tive on
e again. Supposing that thebran
h is sele
ted for a se
ond time, the initial sear
h region should not be taken as before, sin
e thenew inputs in the set 
ould be in a larger spa
e and, hen
e, would not be used to seed the population.The solution adopted here has been to obtain the initial region size of the smallest new input in theset.4.4 An Exe
ution ExampleAs an illustration of the approa
h, some steps of an hypotheti
al exe
ution of MOA and SOA areexplained next. The example of Figure 3 will be used on
e again. Hen
e, test 
ases are to be generatedfor a program where an input is 
omposed of three integers a, b and c.First of all, both algorithms require the assignment of an initial sear
h region to ea
h bran
h (step1). Thus, for ea
h bran
h and input parameter, an initial interval of values must be de�ned. This isattained by �xing the 
enter of the interval and an in
rement on the 
enter.Two strategies are proposed for the 
enter eli
itation: stati
 information and dynami
 in-formation based. The bran
h represented by ar
 (2, 3) in the graph is asso
iated to 
onditionif((b*b)-(4*a*
)<0), so the stati
 atrategy is used. A point satisfying b2 − 4ac = 0 is 
hosen as the
enter, for instan
e, (0, 0, 0). In 
ontrast, the 
ondition of bran
h (7, 8) is if((a*x*x+b*x+
)==0), sothe grid sear
h method must be employed. If an integer is 
odi�ed with 15 bits in two's 
omplementrepresentation, the 
omplete interval of values of ea
h parameter is [−32768, 32767]. With τ = 8,
83 = 512 points are generated and evaluated. The best is (4095, 4095,−20480), whi
h is taken as the
enter of the region.On
e the 
enter of ea
h bran
h is �xed for a, b and c, the initial region is obtained with an in
rementon ea
h 
enter. To keep the example simple, 5 bits are given to represent an in
rement for ea
h inputparameter, resulting in a maximum in
rement of ±31. Thus, the initial region for bran
h (2, 3) is
[−31, 31]× [−31, 31]× [−31, 31] and for bran
h (7, 8) it is [4064, 4126]× [4064, 4126]× [−20511,−20449].MOA ExampleMOA applies the basi
 approa
h (steps 3 to 5) over in
reasing sear
h regions until a maximum size isa
hieved (step 2). Using a maximum of 10 bits to represent an in
rement for ea
h input parameter,the maximum region for bran
h (2, 3) is [−1023, 1023]× [−1023, 1023]× [−1023, 1023] and for bran
h
(7, 8) it is [3072, 5118]× [3072, 5118]× [−21503,−19457].Now, assume that the size of the region in the 
urrent round is de�ned with 7 bits for a and b, and6 bits for c. This implies that, in the previous region, 6 bits were used for b.14



Remember that two sets of inputs are asso
iated to ea
h bran
h: the inside set and the outsideset. The sele
tion strategy (step 4) 
hooses the bran
h with the highest quality inside set. If bran
h
(2, 3) was sele
ted, the initial population of the EDA (step 5) is seeded with the inside set of thisbran
h. In this parti
ular 
ase, an individual representing the in
rement (98,−34, 15) would resultin input (98,−34, 15), as the region 
enter is (0, 0, 0). Aside from 
al
ulating the obje
tive fun
tionvalue of this input, it is also evaluated for the rest of the bran
hes. For instan
e, evaluating the inputfor bran
h (7, 8) implies that its asso
iated in
rement must be indu
ed. Thus, input (98,−34, 15)results in in
rement (−3997,−4129, 20495) for bran
h (7, 8). To represent su
h an in
rement, 12 bitswould be ne
essary for parameters a and b, and 15 bits for c, so it falls outside the 
urrent region. In
onsequen
e, the outside set is updated if its quality is improved with this input.On
e the basi
 approa
h �nishes without 
overing all the bran
hes, the 
urrent region is enlarged.In the previous region the interval of b was in
reased, so now c is augmented to 7 bits, resulting in asear
h region where a, b and c represent an in
rement with 7 bits.SOA ExampleIn SOA, the optimization phase is applied over in
reasing regions (steps 4 to 6). The rest of steps arethose in the basi
 approa
h, so they are not illustrated here. Nowon, the following is assumed. Bran
h
(2, 3) is sele
ted as the obje
tive and the 
urrent region of the optimization phase is de�ned with 7bits for a and b, and 6 bits for c.In this algorithm, only one set of inputs is maintained for ea
h bran
h during the pro
ess. Half ofthe EDA's initial population is randomly 
reated and the other half is seeded from the inputs in theset. For instan
e, in order to seed the population with input (509,−11, 35), the in
rement asso
iatedto bran
h (2, 3) must be indu
ed �rst. The result is in
rement (509,−11, 35). This in
rement fallsoutside the 
urrent region be
ause 9 bits are needed to 
odify the 509. Therefore, the bit substringrepresenting the 509 is trun
ated to 7 bits to �t in a's interval. In 
ontrast, an input (45, 117,−21)would result in the in
rement (45, 117,−21), whi
h is inside the 
urrent region and is to enter dire
tlyin the initial population.As in the basi
 approa
h, on
e the value of an input is obtained for bran
h (2, 3), it is evaluatedfor the remaining bran
hes. If the quality of the set of the bran
h is improved, then the input entersthe set.After the EDA �nishes, the 
urrent region is enlarged in the way des
ribed above for MOA.5 Performan
e EvaluationIn order to observe the performan
e of the presented approa
hes, test 
ases were generated for anumber of programs taken from the literature. The goal of the evaluation was threefold: analyzingthe behavior of the approa
hes, 
omparing their results with those attained by other alternatives, and
he
king whether they 
onstitute a solid alternative in the real world. Regarding the former goal,performan
e of ea
h algorithm, MOA and SOA, was studied in isolation. In the se
ond goal, threetopi
s were 
onsidered. Firstly, MOA was 
ompared to SOA. Then, the stati
 information basedheuristi
 employed to de�ne the initial sear
h region was 
ompared to the dynami
 one. Finally, MOAand SOA's results were fa
ed to those by the basi
 test data generator. For the later goal, MOA andSOA were evaluated over a number of �real-world� programs.5.1 Experimental SettingThe experiments 
omprised nine test programs whi
h are 
ommonly used for validation in the �eld.Although most of these programs implement relatively simple algorithms, their sour
e 
odes in
ludea number of 
hallenging bran
hes for a test data generator. Anyhow, di�
ultness of bran
h 
overagedepends on the sour
e 
ode, so the implementations used here were those used for experimentation inother works. Programs are outlined next.ClassifyTriangle This is a popular program where an input is 
omposed of three numeri
al param-eters, ea
h representing the length of a segment. The aim is to dete
t the triangle type, if any,15



asso
iated with the input. Five di�erent versions were used. The Triangle1 program (Wegeneret al., 2001) owns three integer-valued parameters and 26 bran
hes (obje
tives) to be 
overed.Triangle2 (Wegener et al., 2001) is the same as Triangle1 with �oating point parameters in-stead. On the other hand, Triangle3 (M
Graw et al., 2001), Triangle4 (Sthamer, 1996) andTriangle5 (Bueno and Jino, 2002) are di�erent implementations with integer-valued parametersand 20, 26 and 14 bran
hes respe
tively.Atof Given a string of 
hara
ters as input, Atof (Wegener et al., 2001) transforms it into a �oatingpoint number if possible. For the experiments, the input string length was 10 
hara
ters; thenumber of bran
hes is 30.Remainder This fun
tion (Sthamer, 1996) 
al
ulates the remainder of the division of two integers,therefore an input is 
omposed of two integer-valued parameters; the sour
e 
ode reveals 18bran
hes.Complexbran
h In this 
ase, there is no spe
i�
 fun
tionality as it is a fun
tion arti�
ially 
reated fortesting purposes (Wegener et al., 2001). Its main 
hara
teristi
 is the existen
e of several hard-to-
over bran
hes in the 
ode. An input is formed by six integers and the number of bran
hes is22.Quotient Given two integers, the Quotient program (Bueno and Jino, 2002) 
al
ulates the quotientand the remainder of their division. An input 
onsists of two integer-valued parameters and 10bran
hes exist in the sour
e 
ode.In Sagarna and Lozano (2005(a)), several EDAs were evaluated for test data generation using thebasi
 approa
h. After analyzing the results, it was 
on
luded that the TREE algorithm showed thebest performan
e overall. In 
onsequen
e, TREE was the EDA 
hosen here for the optimization stepin both MOA and SOA approa
hes. At ea
h generation, half of the population was sele
ted a

ordingto a rank-based strategy. New individuals were simulated by means of Probabilisti
 Logi
 Sampling(Henrion, 1988), and the population was 
reated in an elitist way. The obje
tive fun
tion employed inthe experiments was formulated a

ording to equation 2. Noti
e that the stopping 
riterion adoptedfor the EDA seems to be spe
ially suitable for TREE. This algorithm obtains the tree dependentfa
torization minimizing the Kullba
k-Leibler divergen
e to the empiri
al distribution. Sin
e the EDAstops when this divergen
e value is lower than α, the value of the optimal model is dire
tly being
onsidered. For the experiments, α was determined after a number of preliminary exe
utions.Other system parameters that need to be �xed are the size of the initial and the largest possibleregion. Given a program, this is a
hieved by setting, for ea
h input parameter, the minimum andmaximum possible amplitude of its asso
iated interval of values. Obviously, a di�erent amplitude maybe linked to ea
h input parameter and, thus, the shape of sear
h regions 
ould be 
ontroled. However,for the experiments, no a priori knowledge is assumed and, therefore, amplitude values were kept
onstant for all the input parameters of a program.Table 1 presents, for ea
h program, the values sele
ted for the system parameters, i.e. number ofbits for the in
rement on the initial region (minimum), number of bits for the in
rement on the largestallowed region (maximum), and α value.Also shown in Table 1 is the number of bran
hes, and for how many of them the 
enters of ea
h inputparameter were obtained through the stati
 information based (stati
) and the dynami
 informationbased heuristi
 (dynami
). As it 
an be seen, in all the programs but three, most of the bran
hesare stati
. Remainder and Quotient are relatively balan
ed in this sense, while in Atof, outstandingbran
hes are dynami
.Remember that the dynami
 information based strategy 
onsisted of a grid sear
h. In this method,the value of parameter τ de�nes the number of inputs being 
onsidered 
andidate 
enters. Morepre
isely, for a program with p parameters, τp inputs are 
reated for evaluation. On the other hand,the larger the τ , the �ner the granularity of the strategy and, hen
e, the 
han
es of �nding a highquality initial sear
h region in
rease. In the experiments, τ was set from 1 up to 5 for all the programsex
epting Atof, whi
h used τ up to 3.Additionally, in order to avoid too long exe
utions, a limit of 150000 inputs generated was estab-lished. As soon as this limit was dete
ted, the experiment was for
ed to terminate.16



program 
hara
teristi
s parametersbran
hes stati
 dynami
 minimum maximum αTriangle1 26 24 2 5 15 2Triangle2 26 24 2 5 7 2Triangle3 20 16 4 5 10 2Triangle4 26 20 6 5 10 2Triangle5 14 10 4 5 10 5Atof 30 2 28 5 7 25Remainder 18 10 8 5 16 5Complexbran
h 22 18 4 5 10 15Quotient 10 4 6 5 10 2Table 1: Experimental programs 
hara
teristi
s and parameters in the experiments.
τ Triangle1 Triangle2 Triangle3 Triangle4 Triangle5 Atof Remainder Complexbran
h Quotient% # % # % # % # % # % # % # % # % #1 100 212 99.62 579 100 302 100 2223 100 1476 98.33 68936 99.44 629 95† 149952 100 252 100 282 99.62 995 100 338 100 1967 96.43 5062‡ 43.33† 150062 98.89 1628 100 1856 100 121‡3 100 190 99.23 1143 100 311 100 2436 96.43 8807‡ 96.33 134849‡ 100 186 95.45† 102711 100 131‡4 100 440‡ 99.23 880 100 285 100 1922 96.43 4306‡ - - 100 84 100 16096‡ 100 115‡5 100 381‡ 100 990 100 330 100 1738 97.14 6163‡ - - 100 57 95.91† 117213 100 44‡Table 2: Results of the MOA approa
h.5.2 MOA Performan
eTable 2 presents the results of the experiments 
ondu
ted. For ea
h value of τ and ea
h program, thetable 
olle
ts the average values in ten exe
utions for the per
entage of 
overed bran
hes (%) and thenumber of inputs generated during the pro
ess (#).The 
overage value is a main gauge of the performan
e of a test data generator. However, thenumber of inputs obtained re�e
ts the e�ort made during the pro
ess. Therefore, it is important for agenerator to obtain a 
overage value with the lowest 
ost, that is, produ
ing as few inputs as possible.This implies that, given two generators a
hieving the same 
overage, the one yielding the fewest inputsis preferred. A

ording to this, Table 2 highlights in gray the best values of τ for ea
h of these twomeasures and ea
h program.As 
an be noti
ed, in all programs ex
ept Atof, full 
overage is rea
hed. Atof seems to be thehardest, sin
e the lowest 
overage and the largest number of inputs are attained in this program. By
ontrast, Quotient obtains 100% 
overage with the smallest number of inputs, so it appears to be theeasiest program.Overall Performan
e AnalysisRegarding at Table 2, no apparent relation exists between τ and the best results, sin
e these areobtained with alternative values of τ , ranging from the lowest to the largest value.In order to validate the best performan
e values in MOA, an analysis based on statisti
al testswas 
ondu
ted. Sin
e 
overage is a primary measurement, for ea
h program and ea
h value of τ , theMann-Whitney test with regard to the best τ value (in gray) was applied to the 
overage results.Then, for the 
ases where no di�eren
e was found, the test was again used over the number of inputsgenerated. Table 2 presents the out
omes of these tests; symbol `†' denotes the 
ases where 
overagedissimilarities (p < 0.01) were found, while `‡' refers to the number of inputs.In less than half the 
ases, the best values of τ 
onstitute an improvement with statisti
al eviden
e.It 
an be seen that statisti
ally signi�
ant di�eren
es were obtained for the 
overage rea
hed in Atofand Complexbran
h for a few values of τ . In 
ontrast, in the number of inputs generated, dissimilaritieswere observed in Triangle1, Triangle5, Atof, Complexbran
h and Quotient. Hen
e, a

ording tothese results, it may be 
on
luded that, in general, τ has no signi�
ant e�e
t on the best 
overage.This implies that the measure that might de�ne the best τ for a program is the number of inputs.In fa
t, the bulk of the di�eren
es found 
orrespond to this measure. However, the number of these17



Triangle1 Triangle2 Triangle3 Triangle4 Triangle5 Atof Remainder Complexbran
h Quotient
#o #i #o #i #o #i #o #i #o #i #o #i #o #i #o #i #o #istati
 2 26 2 26 1 20 1 26 2 14 1 30 1 18 10 22 1 10dynami
, τ = 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1dynami
, τ = 2 1 8 0 8 2 8 3 8 0 8 0 1024 7 4 2 64 5 4dynami
, τ = 3 0 27 0 27 2 27 3 27 0 27 0 59049 7 9 2 729 5 9dynami
, τ = 4 1 64 0 64 3 64 6 59 0 64 - - 8 14 2 4096 5 16dynami
, τ = 5 1 125 0 125 3 125 6 119 0 125 - - 8 22 2 15625 6 24Table 3: Results of the initial region obtainment heuristi
s.dissimilarities is 12 from up to 30 possibilities, so it 
annot be 
on
luded whether the best τ makes adi�eren
e for the number of inputs.Initial Region Heuristi
s Performan
eA

ording to the previous analysis, no 
lear 
on
lusion 
an be stated on the most suitable τ value fora program. In order to better understand the relevan
e of τ in the results, it 
ould be interesting toexamine the in�uen
e of the initial heuristi
s used to eli
it the initial regions.Table 3 shows, for ea
h program, the number of bran
hes 
overed (#o) and number of inputsgenerated (#i) by the stati
 and dynami
 heuristi
s from the region initialization phase. The �rstrow presents the values of the stati
 heuristi
, while the rest 
orrespond to the dynami
 heuristi
 (gridsear
h) with the di�erent values of τ . Noti
e that the overall 
ontribution of these heuristi
s 
onsistsof the sum of the stati
 and the dynami
 results for a 
hosen τ . For instan
e, in Triangle1 with

τ = 2, after applying the stati
 and dynami
 strategies, 2+1=3 bran
hes were 
overed (whi
h impliesa 11.54% 
overage) and 26+8=32 inputs were generated.It 
an be seen that, regarding the stati
 strategy, a number of bran
hes are 
overed in all theprograms just by the appli
ation of the two heuristi
 rules. Moreover, in some 
ases this is a signi�
antnumber. In Complexbran
h, 10 out of the 18 stati
 bran
hes are 
overed, and in Atof, one of the twostati
 bran
hes are attained. Anyhow, 
onsidering that most of the bran
hes are stati
 in the mainbody of the programs and that 100% 
overage was obtained in almost all of them, the heuristi
 rulesappear to be e�e
tive.The dynami
 heuristi
 is a grid sear
h method. In su
h a method, given a problem, as τ in
reases,more points are generated and the quality of the best solution found is expe
ted to grow. In the
ontext of the test data generator, this implies that the number of bran
hes 
overed is expe
ted toin
rease with growing values of τ . However, a main drawba
k of a grid sear
h is that the value of τneeded to rea
h an outstanding solution may be large, produ
ing a prohibitive number of solutions.This 
ould be the 
ase even for small values of τ , if the number of problem variables is relatively big(Bä
k, 1996). A

ordingly, Table 3 shows alternating behaviors. In Triangle3, Triangle4, Remainderand Quotient, the 
overage in
reases as τ grows, while, for the rest of the programs, this is not held.Moreover, 
omparing the values in Table 2 and Table 3 for Triangle1 and Triangle3, it 
an beobserved that, with τ = 5, a signi�
ant part of the inputs are generated by the grid method; the sameo

urs in Atof with τ = 3. In 
onsequen
e, results do not ne
essarily improve by in
reasing the valueof τ .This observation 
an also be extrapolated to the best overall results in Table 2, sin
e these areobtained with di�erent values of τ . Furthermore, re
all that, in the previous statisti
al analysis, nosigni�
ant in�uen
e of τ on the best 
overage values was found, ex
epting a few 
ases. Thus, theseresults suggest that the e�e
t of the grid sear
h is neutralized by the rest of the phases in MOA.Region Enlargment Performan
eAn other fa
tor that 
ontributes to the performan
e of the generator is the number of region enlarge-ments. New regions may in
lude un
overed obje
tives. Instead, as more in
rements are 
arried out,the number of inputs 
reated is expe
ted to grow, sin
e more sear
h steps are exe
uted.During the experiments, ea
h run was re
orded with the purpose of studying how the systemoperates. Using this information, given a sear
h region and an obje
tive bran
h, the number of inputsgenerated and whether the obje
tive was 
overed or not 
an be eli
ited. This is shown in Figure 8.The graphi
s above relate to the number of bran
hes 
overed in ea
h region. More spe
i�
ally, they18



τ Triangle1(26) Triangle2(26) Triangle3(20) Triangle4(26) Triangle5(14) Atof(30) Remainder(18) Complexbran
h(22) Quotient(10)1 2.2 2.3 2.7 5.1 4.6 15.2 0.7 2.5 0.12 2 3.4 1.9 5.3 3.5 17 0.8 1.9 0.13 1.7 3 2.1 4.9 3.6 15.5 0.5 1.5 0.14 2.4 2.5 2.4 4 3.2 - 0.6 2.1 0.25 1.9 2.8 2.1 4.7 2.9 - 0.4 1.6 0Table 4: Average number of bran
hes sought in the MOA approa
h.only 
onsider the bran
hes whi
h were 
overed by the initial region heuristi
s or those sele
ted asobje
tives and 
overed by the EDA. Noti
e that not all the bran
hes need to be expli
itly sear
hed,be
ause during the �tness evaluation in the EDA, bran
hes distin
t from the obje
tive may eventuallybe 
overed. Thus, in ea
h graphi
 ahead of Figure 8, the x-axis takes values in the range of possibleregions, while the y-axis 
on
erns the number of bran
hes 
overed by the initial heuristi
s or by theEDA. The points depi
ted 
orrespond to the results (averaged over the ten exe
utions) in ea
h region,for ea
h value of τ . To �nish with the spe
i�
ation, Table 4 shows the average total number of bran
hessear
hed by the EDA; aside from a program name, the number of bran
hes in the program is providedin bra
kets. Analogously, the bottom part of Figure 8 presents the a

umulated average number ofinputs generated (y-axis) for ea
h region (x-axis), given a value of τ and a program.As 
an be observed in the upper half, with the ex
eption of Atof, almost all the bran
hes wereattained in the very �rst sear
h regions. To some extent, this is not surprising, sin
e the �rst regionin
ludes the 
overage of the initial heuristi
s and the EDA, while the rest of regions only involve theEDA 
ontribution. In the bulk of the programs, the number of stati
 obje
tives is high (see Table 1),so the graphi
s suggest that the stati
 information based heuristi
 used to eli
it the initial region isan adequate strategy. Indeed, this 
ould be the 
ause of the poor behavior of Atof, sin
e it 
ontains aredu
ed number of stati
 bran
hes. Moreover, owing to the quite large set of parameters of an inputin this program, τ only takes values up to 3, whi
h seems to be insu�
ient for the grid sear
h toobtain a promising initial 
enter. Other programs with a relevant number of dynami
 bran
hes areRemainder and Quotient. In these 
ases, both the dynami
 and the stati
 heuristi
s appear to behavesu

essfully, as all the dynami
 bran
hes were 
overed dire
tly by the grid method (see also 
ommentson Table 3) and most of the stati
 ones were attained in the initial region. Anyhow, the e�e
t of thedi�erent sear
h spa
es should not be underestimated. It 
an be noti
ed that, in 7 of the 9 programs,a few obje
tives are still 
overed in advan
ed regions and, therefore, the 
overage measurement grows.As for the inputs generated, Figure 8 below shows that their number stays relatively low at theinitial stages, although it in
reases as bran
hes remain un
overed. If 
omplete 
overage is attained,the 
urve stabilizes, in other 
ase, it keeps growing. More espe
i�
ally, the 
urve grows smoothly ina number of 
ases (e.g. Triangle2), although for other instan
es it augments rapidly with 
ertainvalues of τ (Complexbran
h and τ = 1, for example). In these last 
ases, the latter regions o�er morepromising solutions than in the previous stages and the sear
h intensi�es. This means that the EDAoperates for a larger number of generations and, thus, more solutions are generated. This 
an be 
learlyremarked in the Triangle5, Remainder and Complexbran
h programs. The low 
overage rea
hed byAtof for τ = 2 
an be understood by observing the number of inputs generated. The �gure revealsthat the limit of 150000 inputs was attained in the early regions, so the generator stopped prematurelyand no more obje
tives 
ould be 
overed (see Atof above).To summarize, it 
ould be dedu
ed that, on one side, the sear
h over di�erent regions allows theMOA generator to obtain the highest 
overage (e�e
tiveness). On the other side, the answer of thedynami
 heuristi
 seems to be more unstable than for the stati
 information based strategy. In fa
t, thehigh quality values of the early spa
es suggest that the stati
 heuristi
 is useful to a
hieve obje
tivessoon and, therefore, generate a redu
ed number of inputs (in
rease e�
ien
y). In order to shed morelight on this matter, this will be further studied in a following analysis in Se
tion 5.4.5.3 SOA Performan
eApropos the SOA algorithm, Table 5 shows the results of the experiments for the programs. The 
ellformat is the same as in Table 2. Similarly to the MOA approa
h, the most di�
ult program for thetest 
ase generator is Atof. However, in this 
ase, 100% 
overage 
ould not be obtained for Triangle4or Triangle5, either. On
e again, the easiest program seems to be Quotient.19
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τ Triangle1 Triangle2 Triangle3 Triangle4 Triangle5 Atof Remainder Complexbran
h Quotient% # % # % # % # % # % # % # % # % #1 100 401 100 333 100 250 99.23 3630 97.86 1697 96 65078 100 58‡ 95.91† 122813 100 212 100 282 100 374 100 237 98.46 5476 97.86 4746‡ 49.33† 150049 100 33 100 18406 100 24‡3 100 246 100 293 100 222 99.23 6003‡ 95.71 5886‡ 95 133649‡ 100 30 98.18 107144‡ 100 123‡4 100 391 100 266 100 297 98.46 2663 97.14 4334‡ - - 100 59‡ 98.18 68485 100 79‡5 100 399‡ 100 765‡ 100 314‡ 99.23 2546 97.14 3850‡ - - 100 91‡ 97.73 106698‡ 100 44‡Table 5: Results of the SOA approa
h.
τ Triangle1(26) Triangle2(26) Triangle3(20) Triangle4(26) Triangle5(14) Atof(30) Remainder(18) Complexbran
h(22) Quotient(10)1 3.4 2.6 2.7 5.1 3.4 6.7 1 1 02 3.3 2.6 2.7 4.9 3.2 1.9 0.7 2.6 03 2.9 2 2 4 3.3 6.6 0 1 0.14 3.3 2.3 2.4 4.4 3.5 - 0.5 2.5 0.15 3.6 2.5 2.4 3.8 3.6 - 0.5 1 0Table 6: Average number of bran
hes sought in the SOA approa
h.Overall Performan
e AnalysisStatisti
al tests were used to identify the best performan
e values. Thus, the null hypothesis of equaldistribution densities between the best τ values and the others was evaluated in the manner explainedin the previous se
tion.Di�eren
es were statisti
ally signi�
ant (p < 0.01) with regard to the 
overage measurement ina pair of 
ases (Atof with τ = 2 and Complexbran
h with τ = 1). In 
ontrast, for the number ofinputs generated, the 18 di�eren
es obtained (p < 0.01), from up to 32 possibilities, spread over all theprograms. The out
omes from this analysis reinfor
e the 
on
lusions of the MOA approa
h. Takingthe programs used here into a

ount and respe
ting the best results, the τ value has no signi�
antin�uen
e regarding the 
overage measure. On the other hand, for the number inputs, not enoughdissimilarities to make a reliable 
on
lusion were found.Initial Region Heuristi
s Performan
eMOA and SOA share the same initial region eli
itation step. Therefore, results in Table 3 also applyhere, as well as the 
omments on the behavior of the stati
 and dynami
 heuristi
s.Con
erning the la
k of in�uen
e of τ on the best 
overage results, the out
omes of SOA are almostequal to those in MOA. In 
onsequen
e, here, the 
orresponding reason is suggested, that is, theremaining steps of SOA 
an
el the e�e
t of the grid sear
h.Region Enlargment Performan
eA

ordingly to the MOA alternative, the experiment exe
utions were monitored and the values raisedby a sear
h step were stored. Figure 9 reveals, for ea
h possible sear
h region, the average numberof obje
tives 
overed by the initial heuristi
s and the EDA (above), and the inputs generated (below)during the pro
ess. The �gure format is the same as in the previous se
tion. Table 6 assists in theunderstanding of the �gure by presenting the average total number of bran
hes sear
hed by the EDAand, in bra
kets, the number of bran
hes in a program.Drawing a rough 
omparison of Figure 9 and Figure 8, it 
an be noti
ed that, in general, thebehavior of both approa
hes is similar. Although di�eren
es appear with some programs (Remainderin the number of inputs), the remarks on the MOA algorithm 
an also be applied to SOA.5.4 MOA vs. SOA vs. Other Approa
hesNext, ea
h Self-Adaptive algorithm is 
ompared to other approa
hes to evaluate its performan
e andknow if it represents a 
ompetitive alternative.MOA vs. SOAIn the MOA approa
h, ea
h region enlargement 
on
entrates on the test 
ase generator as a whole. In
ontrast, ea
h in
rement of the SOA alternative refers to an independent EDA sear
h phase. Therefore,21
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τ Triangle1 Triangle2 Triangle3 Triangle4 Triangle5 Atof Remainder Complexbran
h Quotient% # % # % # % # % # % # % # % # % #1 96.15† 150032‡ 100 1688‡ 100 453 100 1497 97.86 2368 99 89230 99.44 838 95.45 145272 100 71‡2 76.92† 150024‡ 11.54† 150024‡ 100 5324‡ 94.62† 64131‡ 92.86 4949 43.33 150050 99.44 7825‡ 90.91† 150047‡ 100 2576‡3 11.54† 150020‡ 11.54† 150017‡ 99 7829‡ 88.85† 44311‡ 92.86 5950 92.67 138653 100 49 95.45 112269 100 1232‡4 100 61916‡ 11.54† 150018‡ 100 154‡ 93.85† 29048‡ 93.57 3723 - - 100 6726‡ 97.73 114918‡ 100 1806‡5 100 74577‡ 11.54† 150024‡ 100 185‡ 91.54† 37602‡ 95.71 5340 - - 100 42‡ 95.45 134630 100 44Table 7: Results of the MOA approa
h with no stati
 information based initial 
enters.
τ Triangle1 Triangle2 Triangle3 Triangle4 Triangle5 Atof Remainder Complexbran
h Quotient% # % # % # % # % # % # % # % # % #1 94.62† 150026‡ 100 2314‡ 100 376‡ 98.46 3778 97.86 2107 95 91148 100 71 98.18 87891 100 51‡2 76.92† 150023‡ 23.08† 150024‡ 100 3691‡ 89.62† 28819‡ 92.86† 3855 47.33 150064 100 9931‡ 93.64† 128868‡ 100 1304‡3 56.15† 150028‡ 34.62† 150020‡ 99 4442‡ 89.23† 28566‡ 93.57 3626 95.67 125487 100 33 97.27 111895 100 956‡4 100 25031‡ 65† 145067‡ 100 125‡ 89.23† 24322‡ 93.57 3645 - - 100 8377‡ 96.36 113230 100 938‡5 100 30808‡ 23.08† 150014‡ 100 185‡ 90† 25134‡ 95 3676 - - 100 42‡ 98.18 116060 100 44Table 8: Results of the SOA approa
h with no stati
 information based initial 
enters.a formal 
omparison of both algorithms in terms distin
t from the 
overage and inputs generatedbe
omes a di�
ult task. However, it might be suspe
ted from the 
ommon 
on
lusions raised inSe
tions 5.2 and 5.3, and from the mat
hing behavior shown in Figures 8 and 9, that importantsimilarities exist between them.In order to know whether MOA and SOA o�er a similar behavior in terms of 
overage and inputs
reated, Table 2 and Table 5 were used to �nd statisti
ally signi�
ant di�eren
es between the results.To be pre
ise, the Mann-Whitney non-parametri
 test was applied to ea
h approa
h and value of τ .Considering 
overage, the null hypothesis of equal distributions was reje
ted (p < 0.01) only for Atofwith τ = 2 and Complexbran
h with τ = 3. For the number of inputs generated, di�eren
es (p < 0.01)were obtained in six 
ases: Triangle1 with τ = 1, Triangle2 with τ = 3, Triangle3 with τ = 3,Triangle4 with τ = 2 and τ = 3, and Remainder with τ = 3. Sin
e half of the best result values inthese 
ases 
orresponded to ea
h approa
h, it 
annot be stated whi
h one behaves better.A

ording to the tests, it may be 
on
luded that, ex
epting a few 
ases, the performan
e of MOAand SOA algorithms is similar in terms of 
overage and number of inputs generated.Stati
 vs. Dynami
 Information CentersAn element whi
h appears to be important in the Self-Adaptive approa
h is the initial sear
h spa
e. Ifthis is lo
ated in an adequate region, the e�ort in �nding the optimal solution may be low. On the otherhand, if the EDA departs from an unsuitable region, a huge number of interval in
rements 
ould bene
essary to rea
h the optimum, or it 
ould not even be attained. In the present work, the de�nition ofthe initial spa
e of ea
h bran
h is based on stati
 or dynami
 heuristi
 information. In order to 
omparethese two strategies, the previous experiments were repeated 
hanging stati
 information based 
entersto be dynami
 information based. Tables 7 and 8 show the results for the MOA and SOA algorithms,respe
tively.The di�eren
es between the stati
 and dynami
 strategies for the 
overage and number of inputswere studied through statisti
al tests. In other words, the Mann-Whitney test was employed to evaluatethe equality between the distribution densities of the algorithms with and without stati
 strategy.Similarly to previous tables, the symbols `†' and `‡' beside a 
ell in Table 7 denote a statisti
allysigni�
ant di�eren
e (p < 0.01) between the experiments in the 
ell and the 
orresponding values inTable 2. Analogously, the same applies to Table 8 and Table 5.As 
an be observed, in MOA, the di�eren
es asso
iated with the 
overage 
on
entrate on three pro-grams: Triangle1, Triangle2 and Triangle4. However, 
on
erning the number of inputs generated,from up to 43 tests, dissimilarities were obtained in 27 
ases. All in all, the programs with a largeproportion of stati
 to dynami
 bran
hes (see Table 1) o�ered di�eren
es, ex
epting Complexbran
hfor a few values of τ whi
h shown an inferior performan
e in Table 2. In 
ontrast, the programs witha more signi�
ant number of dynami
 bran
hes, revealed, in general, fewer dissimilarities.In the SOA algorithm, 
overage di�eren
es were found not only in Triangle1, Triangle2, andTriangle4, but also in Triangle5 with τ = 2. Similarly, for the number of inputs 
reated, the samedi�eren
es as in MOA were observed, removing Complexbran
h with τ = 4, and adding Triangle3with τ = 1. 23



approa
h Triangle1 Triangle2 Triangle3 Triangle4 Triangle5 Atof Remainder Complexbran
h Quotient% # % # % # % # % # % # % # % # % #basi
 99.62 9940‡ 100 5880‡ 100 4180‡ 99.62 51560‡ 99.29 47160‡ 100 3475 100 1240‡ 98.64 21420‡ 100 520‡MOA 100 190 100 990‡ 100 285 100 1738 100 1476 98.33 68936‡ 100 57‡ 100 1856 100 25SOA 100 246 100 266 100 222 99.23 2546 97.86 1697 96† 65078 100 30 100 18406 100 21Table 9: Best results of the basi
, MOA and SOA approa
hes.Regarding these signi�
antly di�erent instan
es in Tables 2 to 8, it 
an be noti
ed that in almostall of them, the best results 
orrespond to the approa
h using the stati
 strategy. The only ex
eptionsare Triangle3 with τ = 4 and τ = 5, and Remainder with τ = 5 for both MOA and SOA, in thenumber of inputs generated.The remarks from these tests are 
aptured by Figures 10 and 11 for MOA and SOA, respe
tively.In ea
h graphi
, the di�erent obje
tives are represented in the x-axis, while the y-axis takes values inthe range of possible region enlargements. Thus, given a program, the graphi
 in the upper half in a�gure shows the number of in
rements performed for ea
h stati
 (labeled with a 
ross) and dynami
(labeled with a 
ir
le) obje
tive. To be exa
t, the average and the standard deviation over τ and theten exe
utions are depi
ted for ea
h obje
tive. Analogously, in the bottom part of a �gure, the valuesasso
iated with the variant using only dynami
 obje
tives are presented.Both �gures show 
lear disparities between the stati
-dynami
 and the dynami
 approa
hes in pro-grams where the bulk of the statisti
al tests observed di�eren
es (Triangle1, Triangle2, Triangle4).In 
ontrast, in programs with no signi�
ant dissimilarity (Triangle5, Atof), behavior is allmost thesame. Remaining programs fall somewhere in between; they respond di�erently for a few obje
tives,although, in most of them, response is alike.The signi�
ant di�eren
es obtained in the number of inputs generated are also re�e
ted by the�gures. In all the statisti
ally distin
t programs, the sum of the average number of in
rements in thedynami
 approa
h is larger than in the stati
-dynami
 one. Indeed, it 
an be noti
ed that the mainbody of the obje
tives where 
hanges o

ur between both approa
hes 
orresponds to stati
 
ases whi
hhad turned out to be dynami
.Thus, it may be 
on
luded that the suggestions raised in Se
tion 5.2 on the stati
 information basedstrategy are 
on�rmed. This strategy 
an make a di�eren
e in the 
overage rea
hed but, most of all,in the number of region enlargements and, 
onsequently, in the number of inputs 
reated. Moreover,the stati
 heuristi
 improves or equals the dynami
 one, with the ex
eption of a few 
ases.Self-Adaptive vs. Basi
 Approa
hIn order to have an idea of the quality of the results of the Self-Adaptive alternative, they were 
omparedwith those obtained by the basi
 test data generator.The range of input parameter values for the basi
 approa
h was obtained 
entering the interval in 0and adding the maximum in
rement shown in Table 1. To make the 
omparison as fair as possible, theEDA 
hosen was TREE and its parameters were the same as in Se
tion 5.1, apart from two of them. Forthe Triangle5 and Quotient programs, the population size and the maximum number of generationswere determined after preliminary experimentation; the values sele
ted were 600 individuals and 200generations in the former, and 200 individuals and 50 generations in the latter. For the rest of theprograms, these parameters were �xed with the values in Sagarna and Lozano (2005(a)) o�ering thebest performan
e for TREE.Table 9 shows the best values (with priority to 
overage) of the MOA, SOA and basi
 approa
hes.The outstanding results are highlighted in gray.It 
an be observed that the Self-Adaptive alternative outperforms the basi
 approa
h in the 
overagerea
hed as well as the number of generated inputs in all the programs ex
ept Atof. In fa
t, the poorbehavior shown in the results of previous tables for this program be
omes evident here, mostly withregard to the number of inputs. In Atof, a number of obje
tives 
an only be 
overed when the largestsear
h region is rea
hed. Sin
e the Self-Adaptive approa
h departs from a redu
ed region and the gridsear
h method seems to provide an unsuitable initial 
enter, performan
e is worse than for the basi
alternative, whi
h operates over the largest region dire
tly.The purpose of the 
urrent 
omparison is to identify the approa
h o�ering the best performan
e.Hen
e, the statisti
al analysis explained in Se
tion 5.2 was used to validate these results. Similarly to24
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Figure 10: Average number of region enlargements per obje
tive in MOA (above) and MOA with nostati
 obje
tive (below). 25
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the previous table, Table 9 provides the out
omes of the analysis.Signi�
ant di�eren
es (p < 0.01) in the 
overage values were noti
ed just for Atof, between thebasi
 approa
h and SOA. In 
ontrast, MOA revealed a di�eren
e in this program for the number ofinputs generated. Thus, it 
an be dedu
ed that the basi
 generator improves SOA and MOA withstatisti
al eviden
e in Atof. In spite of this, for the rest of the programs, the basi
 approa
h presentsdissimilarities (p < 0.01) in the number of inputs 
reated with regard to the best result.Therefore, it 
an be inferred that in almost all the programs the Self-Adaptive approa
h outperformsthe basi
 one.5.5 Evaluation with Real-World ProgramsThe experiments 
ondu
ted in the previous se
tions involve typi
al programs whi
h are known toin
lude several 
hallenging bran
hes. Obviously, test data generation for �real-world� programs may beas di�
ult, although it 
ould result in a simple task as well. In order to verify whether the Self-Adaptivealgorithms 
onstitute a solid option in the �real world�, they were 
ompared to the basi
 approa
h fora number of non-a
ademi
 programs. In Sagarna and Lozano (submitted), test 
ases were generatedwith the basi
 approa
h for several programs taken from the book �Numeri
al Re
ipes in C. The Artof S
ienti�
 Computing.� (Press et al., 1988). Thus, the Self-Adaptive alternative was applied on 16instan
es randomly 
hosen from this study.Apropos the parameters for the basi
 approa
h in Sagarna and Lozano (submitted), the EDAapplied was TREE. The population 
onsisted of 100 individuals, and the stopping 
riterion was rea
hinga maximum of 100 generations. The rest of the parameters in the EDA were the same as in Se
tion5.1. Additionaly, the test 
ase generation was halted as soon as a limit of 100000 inputs was dete
ted.In the experiments with the Self-Adaptive approa
h, the EDA took the parameter values previouslydes
ribed, with two ex
eptions. As explained in Se
tion 4.3.1, the EDA's population size is �xed tobe twi
e the length of the individual. Moreover, in order to make a fair 
omparison, instead of usingthe Kullba
k-Leibler divergen
e based stopping 
riterion, a maximum number of generations equal tothe population size was set. Again, the whole pro
ess was for
ed to terminate when the generationof 100000 inputs was dete
ted. In all the programs, the parameters of an input were integers or realnumbers. Tentative values were adopted for the number of bits used to represent the initial and the�nal sear
h regions, i.e. 5 and 10 bits for integers, and 5 and 7 bits for real parameters.The experiments were 
ondu
ted for MOA and SOA, with τ ranging from 1 to 5. Table 10 presentsthe results of the best τ for ea
h algorithm, together with the values of the basi
 approa
h. Theoutstanding values are highlighted in gray.program basi
 MOA SOA% # % # % #bessj 100 220 100 21 100 45bnldev 80.77 54100 84.62 100007 84.72 100018
aldat 75 20100 87.5 1550 87.5 1481
yfun 75 40100 75 100009 75 100011fa
tln 87.5 10330 87.5 1543 87.5 1477fit 100 3760 100 101 100 101flmoon 98.33 2530 100 29 100 29gasdev 75 10100 75 1541 75 1476 program basi
 MOA SOA% # % # % #irbit2 50 10100 50 1511 50 1476kendl1 100 100 100 61 100 61laguer 100 3590 100 2149 100 2185ran1 66.67 20100 66.67 4730 66.67 3649ratint 100 330 100 163 100 74sn
ndn 93.75 10100 93.75 3089 93.75 3021tred2 100 240 100 61 100 61tridag 91.25 10790 100 157 100 157Table 10: Results of the basi
 approa
h, MOA and SOA on real world programs.In all the programs but one, MOA or SOA improve the out
omes of the basi
 approa
h. In thisex
eption (
yfyn), the basi
 generator obtained a 75% 
overage and stopped at 40100 inputs. The Self-Adaptive algorithms were unable to attain a better 
overage, but they 
ontinued the sear
h over largerregions until the maximum limit of inputs was rea
hed. Athough this behavior results undesirable inthis 
ase, it 
an also be very suitable. For instan
e, in bnldev, the 
overage of the basi
 approa
h isaugmented and the limit of 100000 is attained on
e again. The other programs where the 
overage isoutperformed are 
aldat, flmoon and tridag. For the rest of the 
ases, the enha
ement 
orrespondsto the number of inputs generated.Thus, these out
omes present the Self-Adaptive approa
h as a viable alternative for appli
ation inthe real world. Furthermore, the results 
learly support the 
on
lusion from the previous se
tion: theSelf-Adaptive algorithms perform better than the basi
 approa
h, mainly with regard to the numberof inputs generated. 27



6 Con
lusionsIn this paper, two new Sear
h Based Software Test Data Generation approa
hes for bran
h 
overagewere des
ribed, namely, MOA and SOA. In order to enhan
e the test 
ase generation pro
ess, theoptimization step of both alternatives departs from an initial small region whi
h is in
reasingly enlargedas bran
hes remain un
overed. The starting sear
h spa
e is de�ned upon heuristi
 information fromthe program. More pre
isely, two options 
ould be adopted: the appli
ation of a set of rules 
on
erningthe sour
e 
ode's stati
 information, or using a heuristi
 pro
edure based on dynami
 information,whi
h 
onsisted of a grid sear
h method.The analysis of the experiments 
ondu
ted revealed promising results for both approa
hes. First ofall, the sear
h over di�erent regions allows for the a
hievement of the highest 
overage values, whi
his a primary performan
e measurement in test data generation. Apropos the two heuristi
 strategiesto obtain the initial region, it was 
on
luded that the stati
 option makes a di�eren
e and 
an at leastimprove the e�
ien
y of the approa
h in terms of the number of inputs generated. On the other hand,the dynami
 heuristi
 showed to be more unstable. The τ parameter of the method did not providea relevant in�uen
e on the best 
overage values, in general. Instead, it 
an make a di�eren
e for thenumber of inputs, although no de�nitive 
on
lusion 
ould be stated on this.Comparing the performan
e of the MOA and SOA algorithms, in general terms, no signi�
antdi�eren
e was found between them. Additionally, the algorithms were 
ompared to the basi
 approa
h.With the ex
eption of the poor results in one test program, the formers outperformed the latter withstatisti
al eviden
e. Moreover, this improvement over the basi
 generator repeated for a number of�real world� programs, presenting the Self-Adaptive strategy as a solid alternative.By the way, several elements of the approa
h need to be further studied. For instan
e, in thedissapointing experimental results, almost all the initial regions where 
reated in a dynami
 way. Sin
ethe stati
 strategy behaves superiorly, a way to enhan
e the response of the Self-Adaptive approa
h
ould be to expand the set of heuristi
 rules. In order to make the approa
h more �exible, anotherinteresting line of future work is the eli
itation of an α value for the stopping 
riterion of the EDA,whi
h takes into a

ount the size of the sear
h spa
e.A
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