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Abstract—Search-based software testing has achieved great
attention recently, but the efficiency is still the bottleneck of it.
This paper focuses on improving the efficiency of generating
test data for multiple paths. Genetic algorithms are chosen as
the heuristic algorithms in search-based software testing in this
paper. First, we propose an improved grouping strategy of target
paths to balance the load of each calculation resource. This work
makes a contribution to the parallel execution in search-based
software testing. Then, common constraints of the target paths
in the same group are collected to reduce the search space of test
data. Symbolic execution technique is used in this phase. Based
on the reduced search space, we can accelerate the convergence
of search process and improve the efficiency of search-based
software testing. Finally, our method is applied to some study
cases to compare with other methods.

Keywords—Search-based software testing; multiple paths; genet-
ic algorithms; symbolic execution

I. INTRODUCTION

Software testing is an important method to guarantee the
software quality [1]. In order to detect the faults in the
software, the best way is to generate test data to cover each
executable path so as to make sure that every executable path
is in safe. Sometimes, we only need to cover several target
paths which are particularly concerned by us in practice.

There are many methods of generating test data which are
classified as static and dynamic ones. Static methods do not
need to execute the software while dynamic methods need to
execute the software under test when generating test data [2].

Search-based software testing (SBST) is one of dynamic
methods which converts the software testing into an optimizing
problem to generate the test data by using heuristic algorithms.
Among these meta-heuristic algorithms, genetic algorithms
are the most widely used [3], [4]. The first use of genetic
algorithms for generation of test data was in [5]. As to the
branch coverage criterion, genetic algorithms were employed
to search for test data for covering the target path in [6], [7].
The influences of the genetic parameters in SBST such as
mutation probability, crossover probability, and fitness were
further investigated in [8]. Except for the branch coverage
criterion, condition-decision coverage criterion is also an im-
portant measurement in software testing. SBST was employed
in this area in [9] in 2001. With the development of SBST,

different tools for SBST in popular languages were proposed
recently. AUSTIN is an open source SBST tool for C language
[10] and Evosuite was proposed for Java [11]. In addition,
SBST has been applied to industrial application recent years
[12].

Previous SBST methods can cover only one target path dur-
ing one search process. However, real-world software always
contains multiple target paths. It is obvious that generating test
data covering multiple paths in one search process can improve
the efficiency of SBST. Researches about the multi-objective
evolutionary optimization used in software testing have been
proposed recent years [13], [14], [15], [16], [17], [18], [19].
However, the multi-objective evolutionary algorithms cannot
handle well when the number of objectives increases, see
[14], [15]. When a large number of target paths have to
be covered in software, it will become a complicated multi-
objective optimization problem. To this end, [16] converted
the complicated optimization problem into several simpler
optimization sub-problems by grouping the target paths.

Since [16] does not take the parallel execution into consid-
eration, the big difference of the number of target paths in each
group makes the execution in parallel inefficient. In 2012, [17]
improved the method by balancing the number of target paths
in each group. Due to the similar number of target paths in
each group, SBST can make sure that each calculation resource
is in balance. However, [17] only paid attention to the number
of target paths in each group. The difficulty of the search
process of each group was overlooked. Generally, the more
similar the target paths are, the more easily we can generate
the corresponding test data. Thus, there are some deficiencies
in the method of grouping target paths in [17]. Moreover, since
the grouping strategy is based on the similarity between target
paths, the common constraints of the target paths in each group
can be utilized to cut down the search space of the test data
during the search process.

We propose an approach that can improve the efficiency of
the evolutionary generation of test data for multiple paths by
reducing the search space of the test data. The approach uses
symbolic execution tools to collect the common constraints of
each group to restrict the initial population and their offspring
to the range of the given area.
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We improve the existing grouping strategies according to
the difficulty of the search process of each group. More target
paths are assigned in the higher similarity group instead of
balancing the number of target paths in each group equally.

The rest of the paper is organized as follows. The next
section introduces the basic knowledge of SBST with genetic
algorithms. The improved grouping strategy is introduced in
Section III. Section IV elaborates our approach that uses the
common constraints of each group to improve the efficiency of
the search process. The case studies are presented in Section
V and Section VI concludes the paper.

II. SEARCH-BASED SOFTWARE TESTING WITH GENETIC
ALGORITHMS

In this section, we will introduce how genetic algorithms
work in SBST.

A. Genetic Algorithms

SBST uses meta-heuristic algorithms to automate the gen-
eration of test data that meet a test adequacy criterion. Genetic
algorithms are the most widely used meta-heuristic algorithms
in SBST [3], [4].

Genetic algorithms learn from the nature that animals which
are not adapted to the environment are eliminated and others
survive. So, each test data in the search space currently
under consideration is referred to as an “individual”. The
set of individuals currently under consideration is collectively
referred to as the current “population”. The main loop of a
genetic algorithm can be seen in Fig. 1.

First, we choose several individuals to compose the initial
population randomly. Each individual is evaluated by the
fitness function which guides the search to promising areas
of the search space. The fitness function is problem-specific
and needs to be defined for different problems.

Then, individuals are selected to generate offspring by the
crossover operator. In the selection phase, the higher fitness
value the individuals have, the more probability the individuals
will survive. During crossover, elements of each individual are
recombined to form two offspring individuals that embody
characteristics of their parents.

Subsequently, elements of the newly-created chromosomes
are mutated at random, with the aim of diversifying the search
into new areas of the search space.

Finally, the next generation of the population is chosen in
the “reinsertion” phase, and the new individuals are evaluated
for fitness. This cycle continues, until the genetic algorithms
find a solution or the resources allocated to the search are
exhausted. The detailed description of genetic algorithms can
be found in [20].

The fitness function used in this paper is the standard fitness
function which is computed by combining the branch distance
and approach level. The branch distance is normalized to a
value between [0,1].

Fig. 1. Overview of the main steps of a genetic algorithm

B. Search-based Software Testing

SBST converts the problem of test data generation for many
paths into a multi-objective optimization problem.

We denote the program under test as P , the number of target
paths is m, m ∈ N+ and the m target paths are represented
as p1, p2, · · · , pm. For every program under test, we first get
the control flow graph (CFG). A CFG G consists of a finite
set N of nodes and a finite set E of edges. An edge eij
connects the nodes ni and nj . The nodes in the CFG represent
two types of structures. One is basic block which consists of
a sequence of consecutive statements, and the other is the
condition of a select statement. The path of the program is a
sequence of consecutive nodes p = (n1, n2, · · · , nk) or edges
p = (e1, e2, · · · , ek). So, we denote the nodes which the path
pi traverses as ni1, ni2, · · · , ni|pi|, where |pi| is the path length
of pi.

To convert the generation of test data into a multi-objective
optimization problem, we regard the m target paths as m
objectives in the multi-objective optimization problem. In
order to generate the test data to cover target paths, every
objective needs a fitness function for evaluating the fitness
of the test data. We denote fi(x) as the fitness function for
the target path pi, where x represents the input data of the
program. When the value of the fitness function fi(x) equals
zero, the test data x will traverse the target path pi. Then,
the problem of generating the test data to cover pi can be
converted into searching the optimal solution of minimizing
fi(x).

So, we can formulate the multi-objective optimization prob-
lem as:

min{f1(x), f2(x), · · · , fm(x)}.

As we can see, if we generate a test data that covers one of
the m target paths, the corresponding objective can be elim-
inated. Then, we can transform the m-objective optimization
problem into an (m− 1)-objective optimization problem. So,
with the search proceeding, more and more target paths will be
covered, the number of objectives will be smaller and smaller
so that the multi-objective optimization problem will become
simpler and transform into a one-objective optimization prob-
lem in the end.
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The process of the generation of test data for covering
multiple paths is as above. The key of the search process is the
meta-heuristic algorithms. Here, we choose the most widely
used algorithms: genetic algorithms in this paper.

In the previous sub-section, we introduced the genetic
algorithms briefly. So, in the SBST, we regard all the test data
as the individuals in genetic algorithms. In the initialization
phase, we choose several test data randomly from the search
space. The search space is the value range of the test data.
Then, each test data will be evaluated by the fitness function.
The selection, crossover and mutation action will be operated
according to the fitness value of each individual. Finally, we
will generate the optimal solution to cover the target paths
with genetic algorithms.

III. THE IMPROVED GROUPING STRATEGY

As we can see, the generation of test data for covering
multiple paths problem can be converted into multi-objective
optimization problem. However, real-world software programs
usually have a large number of target paths. When the number
of target paths increases, the number of objectives will increase
as well. This will cause the optimization problem to be too
complex to be solved. To this end, some grouping strategies
are proposed to divide target paths into different groups. As
a result, the complicated multi-objective problem is converted
into several simpler multi-objective sub-problems. However,
traditional grouping strategies have its disadvantages. In this
section, we point out the drawback of them and proposed our
improved grouping strategy.

A. Traditional Grouping Strategy

In general, similar paths usually have similar inputs. We
will explain it in Example 1. TABEL I is the source code of
Example 1 and Fig. 2 shows its corresponding CFG. The nodes
n0 and n10 are the starting and ending nodes in Fig. 2.

Now, we choose four executable paths in the example:
p1 = (n0, n1, n2, n10), p2 = (n0, n1, n3, n5, n6, n10), p3 =
(n0, n1, n3, n5, n7, n8, n10), p4 = (n0, n1, n3, n5, n7, n9, n10)
and regard the path p4 as the basic path. Intuitively, p3 is
the most similar path to p4 and p1 is the least similar to it.
We generate a test data for each path randomly. The test data
t1 = (a = 12, b = 5, c = 7, d = 11), t2 = (a = 1, b =
2, c = 12, d = 8), t3 = (a = 0, b = 2, c = 3, d = 9) and
t4 = (a = 2, b = 4, c = 4, d = 1) are the test data traverse
the target path p1, p2, p3 and p4, respectively. As we can
see, the test data for p3 and p4 must satisfy the condition that
{a 6 5 ∧ b 6 5 ∧ c 6 5} while the test data for p2 and
p4 only need to satisfy the condition that {a 6 5 ∧ b 6 5}.
As for the test data for p1 and p4, no common constraint
needs to be satisfied in this example. So, the test data for p3
are the most similar to test data for p4 while the test data
for p1 are the least similar to them. We can conclude that
generally, the more similar two paths are, the more similar
two corresponding inputs are. When two paths are similar, a
little change in the test data which traverse one path may help
us to get the other path’s test data.

TABLE I
THE SOURCE CODE OF EXAMPLE 1

int exam(int a, int b, int c, int d){
1 if a > 5
2 {cout<<"Target 1";}
3 else if b > 5
4 {cout<<"Target 2";}
5 else if c > 5
6 {count<<"Target 3";}
7 else if d > 5
8 {cout<<"Target 4";}
9 else {count<<"Target 5";}
}

Fig. 2. The CFG of Example 1

Based on the conclusion above, traditional grouping strate-
gies group the target paths according to the similarity in order
to improve the efficiency of generation of test data.

For the program under test P , the paths pi and pj
are denoted as pi = (ni1, ni2, · · · , ni|pi|) and pj =
(nj1, nj2, · · · , nj|pj |), where |pi| and |pj | are the path
length of pi and pj . The nodes ni1, ni2, · · · , ni|pi| and
nj1, nj2, · · · , nj|pj | are the nodes that paths pi and pj traverse,
respectively. Compare pj and pi from their first node. If the
nodes are the same, then compare the next until the nodes are
different. Find the number of the successively same nodes from
the beginning and denote it as |pi∩pj |. The similarity between
pi and pj is defined as the ratio of the number of successively
same nodes to the larger path length, and denoted as s(pi, pj),
whose expression is as follow:

s(pi, pj) =
|pi ∩ pj |

max{|pi|, |pj |}
.

According to the similarity between each pair of paths, we
can construct a similarity matrix S of target paths as follow:

S =


s(p1, p1) s(p1, p2) · · · s(p1, pm)
s(p2, p1) s(p2, p2) · · · s(p2, pm)

...
...

. . .
...

s(pm, p1) s(pm, p2) · · · s(pm, pm)

 ,

where m is the number of the target paths.
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The sum of all elements in the ith row of the matrix above
is calculated to reflect the similarity between the path pi
denoted as si and the others. To maximize the similarity in
the same group between target paths. We choose the biggest
si’s corresponding target path as the basic path of the first
group g1 denoted as gb1. Then, the similarities between gb1
and all paths (including gb1) are sorted in a descending order,
and the target paths corresponding to the first |g1| similarities
are selected to form g1 where |g1| represents the number of
target paths in g1.

With the help of grouping the target paths, the efficiency
of the search process is improved. However, with the devel-
opment of parallel processing, the efficiency of this problem
can be improved further by parallel execution. Each multi-
objective sub-problem can be solved by different calculation
resources separately. Due to the similarity-based grouping
strategy, there are always huge differences between different
groups. This has caused load imbalance problem in parallel
execution. Researchers improved the grouping strategy by
balancing the number of target paths in each group [17].
However, the difficulty of generating test data in different
groups was ignored. Load imbalance problem still exists in
some cases.

B. Our Grouping Strategy

We take the difficulty of generating test data in different
groups into consideration and improve the grouping strategy
further to balance the load of different calculation resources.

Our grouping strategy is also based on the similarity of
target paths. The difference is that we assign more target paths
in the early generated groups instead of balancing the number
of paths in all groups.

From the conclusion above, we can see that the more similar
two paths are, the more similar two corresponding inputs are.
When two paths are similar, a little change in the test data
which traverse one path may help us to get the other path’s
test data. That is to say, similar paths’ test data have some
common information. If we get the test data of one of the
similar paths, we also get the common information of the
similar paths. With this common information, test data of other
similar paths can be obtained more easily. So, we can assume
that the more similar the target paths in the same group are,
the more easily we can generate the test data for the target
paths in this group. According to the grouping strategy in [17],
the basic path of the early generated groups is much more
similar to other target paths compared to the basic path of the
groups generated later. Besides, the early generated groups
have the priority to choose the more similar paths to form
themselves so that the groups generated later have less paths
options. Moreover, the last group has no chance to choose the
similar paths, all the remains form it. So, the target paths in
the later generated groups usually share few similarities which
makes the difficulty of generating the test data for the target
paths increase. From the examples in [17], we can see this
phenomenon.

TABLE II
THE SOURCE CODE OF THE INSERT SORT PROGRAM

void insert(int a[6]){
int i, j;
int temp;

1 for(i = 1; i < 6; i++){
2 temp = a[i];

j = i-1;
3 while(j >= 0 && temp < a[j]){
4 a[j+1] = a[j];

j = j-1;
}

5 a[j+1] = temp;
}

}

The source code of the insert sort program in [17] is
provided, as shown in TABEL II, where 1, 2, 3, 4 and 5 are
nodes in its CFG. Groups obtained by the grouping strategy
in [17] are shown in the Fig. 3. According to Fig. 3, we can
see that the number of the four groups is nearly the same
(|g1| = 10, |g2| = 10, |g3| = 10, |g4| = 9) due to the grouping
method proposed in [17]. Let us consider the similarity be-
tween the target paths in these 4 groups. The common prefix-
path of the target paths in g1 is 〈1, 2, 4, 3, 5, 1, 2, 4, 3〉, and the
prefix-paths of the target paths in the other 3 groups (g2, g3,
g4) are 〈1, 2, 5, 1, 2, 4, 3〉, 〈1, 2, 4, 3, 5, 1, 2〉 and 〈1, 2, 5, 1, 2〉,
respectively.

As we assumed before, the length of the common prefix-
path of the target paths in the early generated groups is longer
than that of the groups generated later, as well as the similarity
between the target paths in them.

Then, let us see the experimental results of the six programs
in Fig. 4. Ltc(s) means the longest time spent among all
calculation resources. Td(s) is the difference between the
longest and the shortest time consumption. We pay attention to
the value of Td(s) in the make program labeled by a red circle.
In general, the method proposed in [17] in 2012 performs
better than it proposed in [16] in 2011. However, the results
are just the opposite in the red circle. The reason is that the
difficulty of generating test data for target paths is different,
but the number of target paths in each group is almost the
same in the method in [17].

In the worst case, if the paths in the last group are totally
different from each other, the test data of one of the paths of
them will not help in generating test data for other paths.

The difficulty of generating test data for target paths in the
early generated groups is relatively less than it of the later
generated groups. So, we should assign relatively more target
paths to the early generated groups instead of balancing the
number of paths in all groups. The specific difference between
the numbers of target paths in each group should depend
on specific programs and specific similarity in each group.
Generally, we can first assign a constant to be the difference
between the numbers of target paths in each group. Based on
the results of our experiments, the biggest number of the paths
in the group should not be more than two times of the smallest
one. In this circumstance, the results are relatively good.
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Fig. 3. Groups obtained by methods in [17]

Fig. 4. Value of indicators for industrial programs in [17]

An ideal difference between the number of paths in different
groups will let all the calculation resources finish their work
in almost the same time. The differences between the number
of paths in different groups may not be the same. But the cost
to get the ideal value is higher because various factors can
influence the results. We will continue our work to research
the optimal group size in the future.

IV. CONSTRAINT-BASED SEARCH FOR TEST DATA
GENERATION

SBST suffers a lot from the large search space of test data.
So, we want to reduce the state space of test data by adding
constraints to the search process to improve the efficiency of
SBST.

A. Integrate the Symbolic Execution Technique

The performance of SBST depends on the size of search
space, the diversity of the initial populations, and the effective-
ness of the fitness functions. It is inefficient to use evolutionary
testing in a large search space without a diversified population
or without sufficient guidance. In this paper, we focus on
the size of search space. We hope to add some constraints
to reduce the size of the search space of test data. Symbolic
execution technique is integrated with SBST in our paper. The
search space is a subset of the original one after adding the
constraints to it. The search process will be definitely more
efficient on the constrained search space.

Symbolic execution is another important software testing
method and has shown great promise in automatically gen-
erating test cases that achieve high code coverage [21], [22],
[23]. Symbolic execution uses the symbolic instead of concrete
inputs to execute the programs and maintains a path condition
(PC). The PC is a path condition represented by a union of
constraints that the target path’s corresponding test data must
satisfy. After symbolic execution, all the executable path will
get the corresponding PC. Test data generation is performed
by solving the collected constraints of PC, using an off-the-
shelf decision procedure or constraint solver. So, if the test
data traverse the specific path, they must satisfy the PC of the
path.

Since we group the target paths according to the similarity,
and the similarity is defined as the ratio of the number of
successively same nodes to the larger path length, all the target
paths in the same group share the same prefix-path. The PC
of the prefix-path is the common constraints that all these
target path’s corresponding test data must satisfy. Adding these
constraints to the search of the multiple paths in the same
group will cut down the size of the search space and improve
the efficiency of the search process.

The general process of the improved generation of test data
for multiple paths proposed in this paper is as follows:

(1) Group the target paths according to similarity. The
grouping strategy was described in Section III.

(2) Find the common prefix-path of each group generated
in Step 1.
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(3) Collect the PC of the prefix-path of each group by the
off-the-shelf symbolic execution tools.

(4) Add the constraints to the search space of the test data
to reduce the size of it.

B. Relax the Constraints

However, when we utilize the symbolic execution technique
to improve the efficiency of our method, we also face the
challenges in symbolic execution. Constraint solving continues
to be one of the key bottlenecks in symbolic execution, where
it often dominates runtime. We must figure out that the main
purpose of using symbolic execution technique is to improve
the efficiency of the search process in SBST. Expending too
much time in constraint solving will make us lose more than
gain. So, when the PC of the prefix-paths contains complex
constraints or external function call that the constraint solver
cannot handle or need to cost a lot of time, we should get
a relaxed version of the PC by ignoring the difficult part of
them.

The following rules help us to generate the relaxed version
of PC:
• Any complex constraint that will cost much time will be

relaxed: a new variable will replace the constraints.
• For PC which contains loops, we can set a constant k to

limit the number of the loop iterations. That is to say we
force all the loops to stop at most after k iterations. Then,
the PC we get is the relaxed version of the original PC.

Since the relaxed version of PC relaxes the constraints of
the original PC, this operation will not break the condition
that the corresponding test data satisfy.

The search space constrained by the unrelaxed constraints
is a subset of that constrained by the relaxed ones. The search
space constrained by the relaxed constraints is a subset of
the original one. The search process on the smallest size of
the search space constrained by the unrelaxed constraints can
be definitely the fastest. But we should face the problem of
how to solve all the consuming complex constraints. So, with
the relaxed version of PC, we can improve the efficiency of
the search process without facing the challenges of symbolic
execution.

V. CASE STUDY

In order to validate the proposed method in this paper, we
apply our method to four kinds of sort programs.

We improve the method to generate test data for multiple
paths by improving the grouping strategy and employing
symbolic execution technique. Separate results on the effect of
using 1) the group size balancing, 2) the common constraint
extraction, and 3) the combined overall approach, may be
expected to be seen. However, the improved grouping strategy
can help to balance the load of each calculation resource while
symbolic execution technique can improve the efficiency of the
search process. These two methods used in our paper improve
the traditional method in two aspects. It may not be necessary
to do the extra experiments. Due to the space limitation and

TABLE III
THE AVERAGE NUMBER OF ITERATIONS REQUIRED TO COVER ALL THE

TARGET PATHS IN EACH GROUP

Programs Method in This Paper
g1 g2 g3 g4

Bubble Sort 9.3 21.4 100(92.4%) 100(81.3%)
Insert Sort 8.6 17.2 38.2 59.1
Select Sort 19.0 100(82.8%) 52.3 65.2
Shell Sort 22.1 50.6 100(89.3%) 100(69.8%)

Programs Method in [17]
g1 g2 g3 g4

Bubble Sort 19.7 49.9 100(60.2%) 100(49.4%)
Insert Sort 18.9 100(90.3%) 100(80.0%) 100(39.5%)
Select Sort 30.1 100(57.6%) 100(74.2%) 100(26.1%)
Shell Sort 28.1 100(89.8%) 100(70.4%) 100(30.2%)

the reason we mentioned above, we only test the combined
overall approach in this paper to compare with other methods.

Among the methods for generating test data for multiple
paths in SBST, the method in [17] performs best to the best
of our knowledge. So, we focus on comparing the performance
of our method with that of the method in [17] in this section.

These four kinds of sort programs are bubble sort pro-
gram, insert sort program, select sort program and
shell sort program. The reason for choosing these four
programs is that the test data are arrays, so we can easily get
the inherent information of different test data without encoding
the input data. Among these four programs, the insert
sort program was also chosen to verify the performance
of different methods of generating test data in [17]. Due to
the different experimental environment from [17], we will
execute the method proposed by [17] in our experimental
environment again in order to compare the performance fairly.
The hardware configuration in our experiment is as follows:
2*Intel i5 3230M CPU, 8GB memory and the operating
system is 64-bit Windows 7.

As to the parameters in genetic algorithms, the population
size is set to 20, the genetic operations are roulette-wheel
selection, one-point crossover, and one-point mutation with
their probabilities of 0.9 and 0.3, respectively. Besides, the
maximum of the number of generations is set to 100 and the
input values (the value of each element in the array) were
constrained in [0,1000]. In order to compare the load balancing
in different calculation resources, the number of calculation
resources is set to four in this paper (This number is the same
as that in the case study in [17]). That is to say, all the target
paths have to be divided in to four groups in our experiments.

We randomly choose 22 paths as target paths for each
four programs. Then, the grouping method in Section III is
employed to group the target paths. Since the number of target
paths is 22 and the number of groups is 4, we assign the
difference value between the numbers of target paths in each
group to one to make sure that the number of paths in g1
is not more than two times of the number of paths in g4.
According to the method proposed in our paper, target paths
are divided into 4 groups, g1, g2, g3, g4, which contains 7,
6, 5, 4 paths, respectively. Based on the method proposed in
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[17], target paths in each program are divided into 4 groups,
g1, g2, g3, g4, which contains 6, 5, 6, 5 paths, respectively.

After grouping the target paths, the next step is to find the
common prefix-path of each group. Because the programs are
small and the prefix-paths are short, we can get the common
constraints manually. When the industrial programs are tested,
program instrumentation can be used to collect the traces of the
target paths and find the common prefix-path of each group.
Then, the genetic algorithms are employed on the constrained
search space with the constraints collected before.

We execute each method 100 times in every programs and
compute the average value of the results to draw the graphs
as follows. The experimental results for the four programs are
shown in Fig. 5, Fig. 6, Fig. 7 and Fig. 8, respectively.

We also collect the information of the experimental results
in TABEL III. It is worth noting that the values in TABLE III
represent the average number of iterations required to cover all
the target paths in each group in different methods. However,
there are some values with percent signs in it. These values
with percent signs indicate that the method cannot cover all
the target paths in this group in 100 iterations (The maximum
number of iterations is set to 100 in our experiment). The
value of them in parentheses represent the average of the rate
of coverage in the 100th iteration. Apparently, when neither
of the methods can cover all the target paths in one hundred
iterations, the method with larger value performs better.

As shown in Fig. 5, Fig. 6, Fig. 7 and Fig. 8, the results of
our proposed method are on the right side, while the graphs on
the left side show the rate of the coverage by using the method
in [17]. In most cases, our method can get the value of the rate
of coverage up to 100% in 100 iterations, while the method in
[17] can only cover all the target paths in no more than half
of the cases. As we can see in Fig. 5, Fig. 6, Fig. 7 and Fig. 8,
the rate of the coverage in each group with our method grows
much faster than that with the method in [17]. According to
TABLE III, most of the number of iterations required to cover
all the target paths in each group with our method is smaller
than that with the method in [17]. For example, to cover all
the target paths in group g1, the average iterations required by
our proposed method are 9.3, 8.6, 19.0 and 22.1 in the four
programs, respectively. When using the method in [17], the
corresponding number of iterations are 19.7, 18.9, 30.1 and
28.1, respectively. When neither of the methods can achieve
100% of the coverage in 100 iterations, most of the values of
the coverage achieved by our method are much more than that
achieved by the method in [17].

These results show that our method outperforms the method
in [17] in most cases. We have improved the efficiency of
SBST for covering multiple paths obviously by cutting down
the search space of genetic algorithms.

Except for the efficiency, we focus on the load balancing
between different calculation resources for each group. As we
can see in Fig. 5, Fig. 6, Fig. 7 and Fig. 8, in both of the two
methods, the rate of coverage of g1 grows faster than that of
the other 3 groups while g4’s value grows the slowest in most
situations (An abnormal situation is shown in the select

sort in Fig. 7, the reason is that the test data for covering
the target paths in g2 are few in the search space. This problem
will be mentioned in the next section in our future work). This
phenomenon indicates the assumption we proposed in Section
III.

The difficulty of generating test data for target paths in the
early generated groups is relatively less than that of the later
generated groups. So, in our improved grouping strategy, g1
has the most target paths while the number of target paths in
g4 is the smallest. With the improved grouping strategy in our
method, the difference between the numbers of iterations of
four groups is smaller than that with the method in [17]. Let’s
take the results of insert sort program as an example.
From the information in TABLE III, the largest number of
iterations required to cover all the target paths in the same
group with our method is 59.1 while the smallest is 8.6.
The difference between them is 50.5. However, the smallest
number of that with the method in [17] is 18.9 and the other
three groups cannot cover all the target paths within 100
iterations. From the tendency of the curve of the other three
groups, a large number of additional iterations are needed to
cover all the target paths with the method in [17]. So, the
difference between the numbers of iterations required to cover
all the target paths with the method in [17] is at least 91.1,
much more than that of our method. Similar conditions are
shown in other three programs in Fig. 5, Fig. 7 and Fig. 8.

It is obvious that our method can balance the load of
different calculation resources better than the other method.

From all the results above, we can get the conclusions as
follows:
• Our method in this paper can improve the efficiency of

SBST for generating test data for multiple paths.
• Our method in this paper can balance the load of different

calculation resources better.

VI. CONCLUSION AND FUTURE WORK

With the development of SBST, generating test data for
target paths by heuristic algorithms has become more and more
important. Generating a set of test data for multiple paths in
one search process is meaningful in practice.

In this paper, we propose a novel method to improve the
efficiency of generating a set of test data for multiple paths
in SBST. Furthermore, we improve the traditional grouping
strategy to balance the load of different calculation resources.
Symbolic execution technique is utilized for collecting the
constraints to reduce the search space of test data. In order to
avoid the challenges in symbolic execution, the relaxed version
of constraints are proposed to optimize the method. The results
of case studies show good performance of our method in both
efficiency and load balancing.

For future work, we will apply our method to more program-
s and seek the way to optimize the group sizes to improve
our method. Besides, we will improve the method further
by taking the inherent difficulty of covering the target paths
into consideration. The inherent difficulty is not equal to
the difficulty we mentioned before in this paper. The paths
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Fig. 5. The average coverage rate against the number of iterations in the bubble sort programs
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Fig. 6. The average coverage rate against the number of iterations in the insert sort programs
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Fig. 7. The average coverage rate against the number of iterations in the select sort programs
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Fig. 8. The average coverage rate against the number of iterations in the shell sort programs

with much inherent difficulty refers to the paths that can be
covered by few test data. The inherent difficulty is also an
important factor which affects the load balancing. More work
about the symbolic execution is also needed in the future. The
relation between the proportion and/or the number of common
constraints and the execution time of the symbolic execution
needed in our method should be researched further. We will
also focus on some specific encoding methods to encode the
ordinary test data so that more inherent information can be
shown in SBST and our method can work much better in
more areas.
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