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ABSTRACT
This paper proposes an adaptive strategy for enhancing Ge-
netic Programming-based approaches to automatic test case
generation. The main contribution of this study is that of
proposing an adaptive Evolutionary Testing methodology
for promoting the introduction of relevant instructions into
the generated test cases by means of mutation; the instruc-
tions from which the algorithm can choose are ranked, with
their rankings being updated every generation in accordance
to the feedback obtained from the individuals evaluated in
the preceding generation. The experimental studies devel-
oped show that the adaptive strategy proposed improves the
algorithm’s efficiency considerably, while introducing a neg-
ligible computational overhead.

Categories and Subject Descriptors
D.2.5 [Software Engineering]: Testing and Debugging—
Testing tools (e.g., data generators, coverage testing)

General Terms
Verification
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1. INTRODUCTION
Evolutionary Algorithms (EAs) are general – yet powerful

– methods for search and optimization. However, if knowl-
edge about a problem is available, a bias can be introduced
directly into the problem so as to remove (or penalize) un-
desirable candidate solutions and improve the efficiency of
the search. Unfortunately, a priori knowledge about the in-
tricacies of the problem is frequently unavailable, but this
does not necessarily prevent introducing an appropriate spe-
cific bias into an evolutionary problem; for many tasks, it
is possible to dynamically adapt aspects to anticipate the
regularities of the environment and improve solution opti-
mization or acquisition speed [1]. Adaptive Evolutionary
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Algorithms (AEAs) are distinguished by their dynamic ma-
nipulation of selected parameters or operators during the
course of evolving a problem solution [2].

The focus of our on-going research is on generating test
data for the unit-testing of Object-Oriented (OO) programs
using EAs. Our approach to Evolutionary Testing (ET) in-
volves representing and evolving test cases using the Strongly-
Typed Genetic Programming (STGP) paradigm. Test case
quality evaluation involves instrumenting the object under
test, and executing it using the generated test cases – with
the intention of collecting trace information with which to
derive coverage metrics. The goal is that of finding a test
set that achieves full structural coverage of the test object
[4]. The main contribution of this study is that of proposing
a novel adaptive approach to ET.

2. AN ADAPTIVE STRATEGY TO ET
In STGP-based ET approaches the Method Call Sequences

(MCSs) that compose test cases are encoded as STGP trees.
Each tree subscribes to a Function Set, which must be spec-
ified beforehand and defines the STGP nodes legally per-
mitted in the tree; the Function Set thus contains the set
of instructions from which the algorithm can choose, and
defines the constraints involved in MCS construction. The
Function Set definition process is, however, heavily problem-
specific and usually falls on the users’ hands; there are good
reasons to suppose that there is no one strategy that will be
optimal for all ET problem domains.

The novel strategy proposed is based on the concept of dy-
namically adapting the Function Set’s constraints selection
probabilities. During an evolutionary run, it is possible to
perceive that the introduction of certain instructions should
be favoured, e.g. because they had been less prone to throw
runtime exceptions and their introduction will likely con-
tribute to test case feasibility [5], or simply because they
had been used less frequently and their inclusion would pro-
mote diversity and allow trying out different objects and
states in the search for full structural coverage.

The main process by which new genetic material is intro-
duced during the evolutionary search is by means of the mu-
tation operator. Whenever mutation occurs, a new (sub)tree
must be created; we propose employing Luke’s Strongly-
typed Probabilistic Tree Creation 2 (PTC2) algorithm [3]
to perform this task, so as to take advantage of the built-in
feature that allows assigning probabilities to the selection of
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Table 1: Percentage of runs to attain full coverage.
Test Object adaptive static

Vector 80% 77%
BitSet 56% 45%

constraints. What’s more, we have modified this algorithm
in order to be able to dynamically update the constraints’
probabilities during the evolutionary run. Namely, the con-
straints’ selection probabilities are recalculated every gener-
ation as detailed in the following Section.

3. TECHNICAL APPROACH
Let the constraint selection ranking of constraint c in gen-

eration g be identified as ρg
c . Then, ρg

c is updated, at the
beginning of each generation, as follows.

ρg
c = ρg−1

c − λg−1
c − σg−1

c − γg−1
c (1)

The runtime exceptions caused factor λ is equal to the
number of runtime exceptions thrown by instructions cor-
responding to constraint c dividing by the total number of
trees (i.e., MCSs). This factor’s main purpose is that of pe-
nalizing the ranking of constraints corresponding to instruc-
tions that have caused runtime exceptions to be thrown in
the preceding generation.

The runtime exceptions caused by ancestors factor σ is
equal to the sum of the inverses of the ancestry levels (2 =
parent, 3 = grandparent, ...) of the ancestors of constraint c
that threw runtime exceptions. This factor’s main purpose
is that of penalizing the ranking of constraints which have
participated in the composition of sub-trees (i.e., sub-MCSs)
that have caused runtime exceptions to be thrown in the
preceding generation.

The constraint diversity factor γ is equal to the deviation
between the number of times constraint c was used and the
average number of times all constraints were selected for in-
clusion in the MCSs of the preceding generation, dividing by
the deviation range (i.e., the maximum deviation minus the
minimum deviation). This factor’s main purposes are those
of allowing constraints to recover their ranking if they have
been being used infrequently, and penalizing the ranking of
constraints which have been selected too often.

The constraints’ selection probabilities correspond to the
normalized values of the ρ factors.

4. EXPERIMENTAL STUDIES
The adaptive technique described in the previous Sections

was embedded in eCrash tool [4], and a series of empirical
studies were executed with the objective of assessing its con-
tribution to enhance the test case generation procedure. The
Java Vector and BitSet classes (JDK 1.4.2) were used as
test objects, and 20 runs were executed for each of the 67
public methods of these classes; half of these runs were per-
formed employing the adaptive strategy, and half using a
“static” approach for comparison purposes.

The results clearly indicated that the test case generation
procedure’s success rate was improved by the inclusion of
the adaptive methodology. Regarding the overall average
number of runs attaining full structural coverage, the adap-
tive strategy enhanced results by 3% for the Vector class
and by 11% for the BitSet class (Table 1). In terms of

the percentage of runs to attain full structural coverage per
method, the adaptive strategy outperformed the static ap-
proach in 28.4% of the methods tested, whereas the latter
only surpassed the former in 5.9% of the situations. What’s
more, the adaptive strategy allowed attaining full structural
coverage for 4 methods in which the success rate had been of
0% using the non-adaptive strategy – which indicates that
this strategy is specially suited for overcoming some difficult
state problems. In terms of speed, the overhead introduced
by embedding the adaptive strategy into the evolutionary
algorithm was a mere 0.19%.

5. CONCLUSIONS
The main contribution of this work is that of proposing

a dynamic adaptation strategy for promoting the introduc-
tion of relevant instructions into the generated test cases by
means of mutation. The adaptive ET strategy proposed ob-
tains feedback from the individuals produced and evaluated
in the preceding generation, and dynamically updates the
selection probability of the constraints defined in the Func-
tion Set so as to encourage the selection of interesting genetic
material while promoting diversity and test case feasibility.
This methodology allows mitigating the negative effects of
including a large number of entries into the Function Set;
also, it allows a higher degree of freedom when defining it, by
minimizing the impact of redundant, irrelevant or erroneous
choices. The experimental studies implemented indicate a
considerable improvement in the algorithm’s efficiency when
compared to its static counterpart, while introducing a neg-
ligible overhead. Future work involves developing strategies
for dynamically adapting other aspects of our EA, such as
the operators’ selection probabilities.
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