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Many-objective evolutionary algorithms (MOEAs) have been used extensively
in literature for automatically generating test cases [2,11,20,23]. These algo-
rithms optimize multiple objectives (testing criteria) simultaneously, such as
code coverage criteria (e.g., lines, branches) and quality metrics (e.g., mutation
score). Previous studies have shown that MOEAs outperform single-objective
algorithms in terms of both code coverage and fault detection [6,20,23]. MOEAs
have led to various advancements in automated test case generation, such as (1)

Higher Fault Detection Through Novel
Density Estimators in Unit Test
Generation

Annibale Panichella®)@® and Mitchell Olsthoorn

Delft University of Technology, Delft, The Netherlands
{a.panichella,m.j.g.olsthoorn}@tudelft.nl
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been applied in the software testing literature to automate the gener-
ation of test cases. While previous studies confirmed the superiority of
MOEAs over other algorithms, one of the open challenges is maintaining
a strong selective pressure considering the large number of objectives
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mators as a substitute for the traditional crowding distance. In particu-
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achieving high code coverage [16,23] and (2) having fewer smells [22] compared
to manually-written test cases, and (3) detecting unknown bugs [1,15].

One of the open challenges in applying MOEAs to test case generation is
maintaining a strong selective pressure [19]. Selective pressure is crucial to guide
the search towards the Pareto front, where the best solutions are located. The
higher the selective pressure, the more likely the algorithm is to find high-quality
solutions [19]. However, maintaining selective pressure is challenging when opti-
mizing a large number of objectives as the search space becomes more complex.

One of the key components in MOEAs that increases the selective pres-
sure is the density estimator. Density estimators are used to measure the den-
sity /distributions of solutions in the objective space [18]. These estimators intro-
duce innovative methods for comparing and selecting solutions that would other-
wise be non-comparable based solely on dominance criteria [18,19]. The crowding
distance (CD) is a widely used density estimator in MOEAs [18] and the default
density estimator used in NSGA-II [8] and by extension DYNAMOSA [23].

In this paper, we propose two novel density estimators as an alternative to
the classical CD, namely the token-based density estimator (TDE) and the path-
based density estimator (PDE). The TDE and PDE are designed to increase
the selective pressure within the domain of test case generation as they measure
features that are specific to tests. The token-based density estimator measures
the semantic distance between test cases using the CodeBERT model tokenizer,
i.e., if two tests share similar tokens/keywords. We hypothesize that semanti-
cally similar test cases are likely to cover similar parts of the code with similar
execution states. Conversely, the path-based density estimator considers the dis-
tance between the different source-code paths executed by the test cases. We
hypothesize that test cases that took a different path through the code to reach
a node may result in different internal code states.

To evaluate the proposed density estimators, we conducted an empirical
study on 100 non-trivial Java classes from the SF110 benchmark [13,23]. We
compared the proposed density estimators with two theoretical state-of-the-art
density estimators from the evolutionary computation community for many-
objective problems, namely the subvector-dominance assignment (SD) and the
epsilon-dominance assignment (ED) [18], and the classical crowding distance
(CD) [8] w.r.t. their ability to generate test suites with higher mutation score,
used as a measure for the fault detection capability.

Our results show that the path-based density estimator (PDE) outperforms
all other density estimators in enhancing mutation scores. It increases mutation
scores by 4.26 % on average (with a max of over 60%) to the traditional crowding
distance. The classical crowding distance performed the second best in terms of
mutation score. The structural coverage of the different density estimators did
not show significant differences.

In summary, we make the following contributions:

1. Two novel density estimators designed for automated test case generation.
2. An empirical evaluation of the proposed density estimators on 100 non-trivial
Java classes from the SF110 benchmark.
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3. A comparison of the proposed density estimators with two state-of-the-art
density estimators from the evolutionary computation community and the
classical crowding distance.

4. A full replication package containing the results and the analysis scripts [25].

The structure of the paper is as follows: Section 2 provides background infor-
mation on many-objective test generation and density estimators. Section 3
describes the proposed density estimators while Sect.4 describes the experi-
mental setup. Section 5 presents the results of the empirical study, and Sect. 6
discusses the threats to validity. Finally, Sect. 7 concludes the paper and outlines
future work.

2 Background and Related Work

Previous research has introduced search-based software test generation (SBST)
methods that employ meta-heuristics—and genetic algorithms among others—
to create tests at various testing levels, including unit [13], integration [9], and
system-level testing [3]. Search-based unit test generation is a particularly active
area of study in this field, where iterative optimization algorithms evolve tests
towards satisfying multiple criteria (e.g., structural coverage, mutation score) for
a given class under test (CUT). Prior research indicates that these techniques
effectively achieve high code coverage, enhance fault detection [1], and outper-
form non-SBST-based approaches [16]. Among others, evolutionary algorithms
show better performance than large-language models when generating tests for
code not available on GitHub [28] (i.e., the training set) and are not impacted
by data leakage issues [26]. SBST techniques have proven successful in testing
complex systems [17] and for different programming languages [11,13].

Dynamic Many-Objective Sorting Algorithm (DynaMOSA). The state-
of-the-art algorithm for unit test generation is a many-objective evolutionary
algorithm called DYNAMOSA [23]. Algorithm1 outlines the pseudo-code of
DyNAMOSA [23]. This approach targets multiple coverage elements (e.g., lines,
branches, mutants) simultaneously as search objectives. To achieve high scal-
ability, DYNAMOSA utilizes the hierarchy of dependencies between different
coverage targets to update the list of objectives dynamically (lines 5 and 10
in Algorithm 1). The list of objectives is updated at each generation by (1)
removing already covered targets and (2) adding new targets that are not cov-
ered yet but that are structurally depended on the covered ones. This dynamic
approach allows to focus the search on the uncovered targets, thus reducing
the search space and improving the search efficiency. Recent independent stud-
ies [6,20,24] have shown that DYNAMOSA outperforms single-objective and
other many-objective evolutionary algorithms w.r.t. structural and mutation
coverage. Therefore, DYNAMOSA currently is the default algorithm in Evo-
SUITE.
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Algorithm 1: DynaMOSA

Input:

U = {u1,...,un} the set of coverage targets of a program.
Population size M

G = (N, E, s): control dependency graph of the program
¢ : E — U: partial map between edges and targets
Result: A test suite T’

begin

U* «— targets in U with not control dependencies
t «— 0 // current generation

P, — RANDOM-POPULATION(M)

archive «— UPDATE-ARCHIVE(P;, 0)

U* «——UPDATE-TARGETS(U™, G, ¢)

while not (search_budget_consumed) do

Q¢ «—— GENERATE-OFFSPRING(FP;)

archive «— UPDATE-ARCHIVE(Q:, archive)
U* «——UPDATE-TARGETS(U™, G, ¢)

Ry «— P U Q:

F «—— PREFERENCE-SORTING(R:,U™)
Pii1+— 0

d«—20

while | Piy1 |+ |Fqg| < M do

L CROWDING-DISTANCE-ASSIGNMENT (Fy,U™)
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Pyy1 —— Pry1 UFq
d+«——d+1

o
]

[
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Sort(Fg4) //according to the crowding distance
Pry1 —— Pepr U Fall: (M~ | Py |)]
t—1=t+1

N
o

M
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T «—— archive

N
N

2.1 Density Estimator for Many-Objective Optimization

A key feature in DYNAMOSA, as in any many-objective algorithms, is the
density-estimation method used to increase the selection pressure towards the
Pareto front. Selective pressure is achieved by (1) sorting the test cases in the
population based on the preference criterion (line 12 in Algorithm 1) and (2)
selecting the best tests based on their crowding distance (line 16 in Algorithm 1).
The former promotes the test cases closer to each objective (coverage target),
and the latter promotes the test cases more diverse in the objective space. More
specifically, the crowding distance is calculated as the sum of the differences in
the objective values of the two neighboring test cases [8]. However, as pointed out
by Képpen and Yoshida [18], the crowding distance does not scale well with the
number of objectives, as it may assign the maximum distance (infinite) to all test
cases in the first non-dominated front. To address this limitation, they proposed
alternative methods to calculate the crowding distance, such as the sub-vector
dominance and epsilon dominance assignment. We elaborate on these methods
in the following sections.

Sub-vector Dominance Assignment. The first alternative estimator intro-
duced by Képpen and Yoshida [18] for many-objective numerical problems is the
sub-vector dominance. This estimator is applied to each non-dominated front,
and therefore, it is used to calculate the solution density for all solutions (test
cases in our context) within the same front. The algorithm first assigns an
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infinite distance to single-member fronts, suggesting that an individual inher-
ently exhibits maximum diversity. For fronts containing multiple solutions, it
sets each test case’s distance to the highest possible value, indicating that their
dominance still needs to be evaluated. Then, this estimator processes each pair
of test cases within the same front. For every pair (p1, p2), it assesses their
effectiveness against each objective in the set using the corresponding objective
values/scores. Two counters dominatel and dominate2 are used to count the
number of objectives where pl performs better than p2 and vice versa. These
counters determine how much (the strength) each test case is dominated by the
other across all objectives.

After evaluating the dominance of the test cases, the distance for each test
case is adjusted. The new distance is the smaller value between its current dis-
tance and the number of goals where it is found to be inferior. Essentially, this
means that the more a test case is dominated by others, the smaller its dis-
tance becomes, reflecting its relative performance deficit across the objectives.
Hence, this estimator favors test cases demonstrating superior performance over
a broader range of objectives, fostering a varied pool of solutions throughout the
evolutionary cycle.

Epsilon-Dominace Assignment. The epsilon-dominance assignment provides
a more detailed comparison between solutions than sub-vector dominance.
Instead of simply counting how many objectives a solution falls short on, it
measures how much worse a solution is in each objective. Similarly, to the other
density estimators, this method is applied to each non-dominated front.

For each non-dominated solution p1, this estimators first calculates all e-
dominance scores of p1 compared to all other solutions in the same fronts. For
each pair of solutions (p1, p2), this metric considers all objective values of p2
that are worse than the corresponding objectives of p1. The epsilon dominance
of pl over p2 is the smallest value e that, if subtracted from all objectives
of p2, makes p2 Pareto-dominating p1. This concept is often called additive e-
dominance in the related literature [18]. Finally, the density measure of a solution
is computed as the smallest of all its epsilon dominance calculated w.r.t. to all
other solutions in the same non-dominated front. The larger the distance for a
solution p1, the higher the “effort” or the epsilon value needed to make the other
solutions dominate p1.

3 Density Estimators for Test Cases

In this section, we present two novel density estimators for test cases as alterna-
tive to the crowding distance, i.e., line 16 of Algorithm 1. These estimators are
designed to measure (and thus promote) the diversity of the test cases gener-
ated by DYNAMOSA. The first estimator is based on the semantic content of
the test cases (or genotype) related to the keywords/tokens that form the test
cases. The second estimator works in the objective space (also called phenotype)
and measures the diversity of the execution paths covered by the test cases. We
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describe the two estimators in detail and discuss their integration into the main
loop of the DYNAMOSA algorithm.

3.1 Token-Based Distance Assignment

We introduce this novel distance assignment with the idea of using natural lan-
guage processing (NLP) methods to measure the semantic diversity of test cases.
Our intuition is that at the same level of dominance, test cases that are seman-
tically more diverse should be assigned a higher probability of mating since they
may cover different paths in the CUT or use more diverse input values.

To measure the semantic content of the test cases, we rely on the tokenizers
of large language models (LLMs), particularly the CodeBERT pre-trained model
by Microsoft [12] and publicly available on HuggingFace!. The CodeBERT tok-
enizer is designed to understand both programming and natural languages as
it operates similarly to the tokenization process of BERT model [10] but with
customization to handle code syntax and semantics.

CodeBERT uses the Byte-Pair Encoding (BPE) algorithm for its tokeniza-
tion [12], which combines both character- and word-level tokenization. BPE
builds an initial vocabulary of individual characters and gradually builds up a
vocabulary of more frequent and longer sub-word units (byte pairs) by combining
pairs of symbols (or characters) that frequently occur together. BPE iteratively
counts the frequency of pairs of adjacent symbols in the corpus and merges the
most frequent pair to create a new symbol (iterative learning). This process is
repeated for a predefined number of merge operations, leading to a final vocab-
ulary that includes a mix of characters, common sub-words, and full words. The
tokenization of new text (test cases in our case) is applied by splitting it into
individual characters and then applying the merge rules learned during train-
ing. The merging procedure combines characters and sub-words into the tokens
present in its final vocabulary.

At the end of the tokenization process, each test case (here considered as
text) is tokenized into different tokens, grouped in special and non-special tokens.
The former tokens are essential for the model to understand code structure. For
instance, the [SEP] tokens delimit different segments within the input sequence,
such as demarcating the end of a code snippet and the beginning of a natural
language comment or vice versa. Instead, non-special tokens are the regular
tokens representing the input text’s content (tests in our case).

Token-Based Density Estimator. Algorithm 2 outlines the pseudo-code of
the distance assignment metric based on the token frequency. The algorithm
takes in input the current set of objectives U*, and a list of non-dominated test
cases ;. The algorithm starts by initializing two maps: (1) a mapping of test
cases to their respective token sets (TokenMap in line 2), and (2) a mapping of

! https://huggingface.co/microsoft/codebert-base.
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Algorithm 2: Token-based Distance Assignment

Input:
U™: current set of objectives
F; list of non-dominated test cases
Output: Updated test cases with distance values
begin
TokenMap +— empty map // mapping test cases to tokens
TokenFrequency «— empty map // mapping tokens to their frequencies
foreach 7 € F; do
text «—— TO-TEXT(7)
tokens «— TOKENIZER(text) // Applying CodeBERT tokenizers
TokenMap|r] «— tokens
/* Update tokens frequencies */
foreach token € tokens do
if token € TokenFrequency then
| TokenFrequency[token] «— TokenFrequency|[token] + 1
else
‘ TokenFrequency[token] «— 1
end
end

o
H O © Koo oM wNH

BB R R
[S R V)

end
foreach 7 € F; do
tokens «— TokenMap[7]
frequency «— oo
foreach token € tokens do
‘ frequency «— MIN(TokenFrequency[token], frequency)
end
SET-DIVERSITY(7) = 1.0 / frequency

NNNN R
WNKH OO LN

end

N
>

end

N
o

tokens to their occurrence frequencies across all test cases (TokenFrequency in
line 3). Then, the algorithm tokenizes the test and updates the token frequencies
among all test cases.

Each test case T is converted into its list of tokens using the CodeBERT tok-
enizer (function TOKENIZER in line 6). The resulting tokens are stored in the
TokenMap and associated with 7 in the mapping. Subsequently, the algorithm
updates token frequencies stored in TokenFrequency by iterating over each token
in the tokens set of 7. The token frequencies calculated in lines 9-14 of Algo-
rithm 2 are used to compute a diversity value for each test case with the loop in
lines 17-24. Specifically, the algorithm calculates the minimum token frequency
for all tokens of a test case 7 (lines 19-22). Finally, the assigned distance for 7
is calculated as the inverse of this minimum token frequency (line 23).

This token-based metric prioritizes test cases containing rarer tokens, assum-
ing such tests may explore paths or scenarios in the software under test that are
less frequently executed. We rely on the CodeBERT tokenizer as it allows us to
capture nuances in the code that textual-based methods might miss.

3.2 Path-Based Density Estimator

We proposed a new substitute distance assignment tailored for test case gener-
ation and based on dynamic information from the test execution results. Our
intuition is that test cases that reach the coverage frontier (i.e., the yet uncov-
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Algorithm 3: Path-based Distance Assignment

Input:

U™: current set of objectives

F; list of non-dominated test cases

Output: Updated test cases with distance values

1 begin

2 foreach 7; € F; do

3 L; = COVERED-LINES(7;) // set of lines covered by T;

a foreach 7; € F; do

5 L; = COVERED-LINES(7;) // set of lines covered by T7;

6 distances(7;, 7;) «— JACCARD-DISTANCE(L;, L;)

7 distances(71;, 7;) «— distance(7;, 7;)

8 end

9 end

10 visited «— 0 // Set of already-visited test cases

11 for index — 0 to | F; | do

12 bestTest «—— 0 // test case to select

13 maxDiversity «— —oco // diversity of the test case to select

14 foreach 7 € F; do

15 if 7 ¢ visited then

16 distance «— AVERAGE-DISTANCE(index, visited, distances)

17 /* Select the case with the largest distance to the already considered
ones */

18 if distance ; maxDiversity then

19 maxDiversity «— distance

20 bestTest «— T

21 end

22 end

23 end

24 visited «— visited + {7}

25 SET-DIVERSITY (1) = maxDiversity

26 end

27 end

ered targets/branches) passing through different/diverse execution paths of the
software under test are more likely to lead to more diverse execution states (e.g.,
class attributes and internal variable values).

The new assignment procedure is outlined in Algorithm 3. It leverages line
coverage data from previously executed tests in DynaMOSA’s early stages, thus
avoiding re-execution. For any two test cases, 7; and 7;, we compute their Jaccard
distance based on the sets of lines covered by each, as follows:

| LN Lj|

JaCCQTd(TZ‘7Tj) =1- m

(1)
where L; and L; represent the lines covered by 7; and 7;, respectively. This metric
quantifies the dissimilarity in code coverage between test cases, accounting for
all lines covered during execution, including those outside the class under test
(e.g., the lines covered for input objects). The pairwise distances are stored in
the distances matrix in lines 67 of Algorithm 3.

Subsequently, our algorithm adopts a greedy strategy to select test cases that
maximize diversity iteratively (lines 11-24 in Algorithm 3). Initially, it selects
the test case with the highest Jaccard distance from the pre-computed distances
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matrix distances. The selected test is added to the set of visited tests (visited)
and assigned a distance equal to its maximum Jaccard distance. In each following
iteration, the greedy strategy calculates the average Jaccard distance for all
test cases that have not been selected yet (if-condition in line 15) using the
AVERAGE-DISTANCE function (line 16). This function calculates the average
distance of a test case 7 to all other previously chosen ones and stored in visited.
Among the yet-to-select test cases, the algorithm greedily chooses the one with
the largest average Jaccard distance (lines 18-21). The diversity of the selected
test case (bestTest) is then updated to reflect this maximum value (line 25); it
is marked as visited (line 24). This process repeats until all test cases are selected
and assigned a diversity value, reflecting their contribution to covering diverse
execution paths within the software under test.

Code Optimization. To speed up the calculation of the pairwise distances (for
our estimators), we pre-allocate a square matrix to store the distances between all
test cases, whose dimension (number of columns/rows) is equal to the size of the
front. In the worst-case scenario, the font size corresponds to the population size.
However, DYNAMOSA can increase the population size if, during the preference
criterion calculation, the first front is larger than the population size. In this case,
the population size is increased to the first font size, which requires increasing
the size of the distance matrix. In case the population size is smaller than the
matrix dimension, the latter is not scaled but kept at the largest values in case
the population size increases again in subsequent search iterations.
Pre-allocating a matrix of fixed size was critical to (1) speed up the search,
as allocating many large matrices incurs a high computational cost, and (2)
avoid the overhead of dynamically resizing the matrix during the search. This
is also critical to avoid memory exhaustion since creating a new matrix for each
iteration will consume more significant memory and at a pace that is too fast
for the garbage collector to free the memory. We did experience indeed many
memory-related crushes and issues when we did not pre-allocate the matrix.

4 Empirical Study

To investigate the performance of the proposed density estimators within the
context of test case generation, we perform an empirical evaluation to answer
the following research question:

RQ How do the proposed density estimators compare to the classical crowding
distance w.r.t. mutation score?

More specifically, we look at the performance of (i) two state-of-the-art
density estimators from the evolutionary computation community, namely the
subvector-dominance assignment (SD) and the epsilon-dominance assignment
(ED), when applied to the context of test case generation and (ii) two novel
density estimators created specifically for test case generation introduced in this
work, namely the token-based density estimator (TDE) and the path-based den-
sity estimator (PDE).
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4.1 Benchmark

We performed the evaluation on a subset of the SF110 benchmark [14], which
is a widely used benchmark in the literature for evaluating test case genera-
tion techniques for Java [14,21,23,24]. We do not consider the whole SF110
corpus as many classes are trivial [27] and the total number of classes in the cor-
pus (23,886 Java classes) would take too long to run. Specifically, we randomly
selected 100 classes from the SF110 corpus with non-trivial complexity (Cyclo-
matic Complexity (CC) > 3). This same selection procedure has been used in
related literature [21,23,24].

4.2 Parameter Settings

For the parameter settings, we adopted the defaults used by EVOSUITE [13] (test
case generation tool used in our experiment). These settings have been widely
used in literature and previous studies have shown that although parameter tun-
ing impacts the performance of search algorithms, the default parameter values
provide reasonable and acceptable results [5]. Therefore, we used DYNAMOSA
[23] using a single point crossover with a crossover probability of 0.75, muta-
tion with a probability of 1/n (n = number of statements in the test case),
tournament selection, and a population size of 50. As we are focussing on fault
detection, we set branches and strong mutation as the objectives to optimize.
The search budget per unit under test is 300s.

4.3 Experimental Protocol

To answer the research question, we ran EVOSUITE with the four density estima-
tors (SD, ED, TDE, and PDE) and the crowding distance (CD) as a baseline on
the 100 classes from the SF110 benchmark and recorded the final branch cover-
age and mutation score achieved by the generated test cases. To account for the
stochastic nature of search-based test case generation, each unit under test was
run 20 times. In total, we performed 10 000 runs, consisting of 20 repetitions of 5
configurations on 100 units under test. This required (10000 runs x 3005s)/(60 s x
60 minx24h) =~ 35d of consecutive computation time. The experiment was per-
formed on a system with an AMD Ryzen Threadripper PRO 3995WX (64 cores
2.7 GHz) with 256 GB of RAM.

After the experiment, we compared the mutation score achieved by the test
cases generated using the different density estimators and performed statistical
analysis. We applied the unpaired Wilcoxon signed-rank test [7] with a threshold
of 0.05. This non-parametric statistical test determines if two data distributions
are significantly different enough to reject the null hypothesis that the two dis-
tributions are equal. In addition, we apply the Vargha-Delaney A, statistic [29]
to determine the effect size of the result, which determines the magnitude of the
difference between the two data distributions.
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Fig. 1. Difference in achieved mutation score across the classes in the benchmark using
the different density estimators compared to the crowding distance

5 Results

This section presents the results of our empirical study. All differences in results
are presented in absolute differences (percentage points).

Figure1 shows the difference in the mutation score achieved by the test
cases generated using the different density estimators compared to the classi-
cal crowding distance. The datapoints in the boxplot represent the difference in
the median mutation score for each class in the benchmark. The results show
that the path-based density estimator (PDE) achieves the highest mean muta-
tion score (53.90 %) across the classes in the benchmark and improves the most
over crowding distance. The crowding distance (CD) achieves a mean mutation
score of 49.64 %. The token-based density estimator (TDE) has a mean muta-
tion score of 49.17 %, which is slightly lower than the crowding distance. The
epsilon-dominance assignment (ED) and the subvector-dominance assignment
(SD) achieve mean mutation scores of 48.83 % and 48.64 %, respectively.

We, additionally, performed a statistical analysis to determine the signifi-
cance of the differences in the mutation score achieved by the test cases gen-
erated using the different density estimators. Table 1 shows the results of this
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Table 1. Results of the statistical analysis of the achieved mutation score using Vargha-
Delaney Ai2 statistic

Comparison #Win #No diff. | #Lose
Large | Medium | Small | Negl Small | Medium | Large

Path-based vs. Token-based | 18 11 4 63 - 2 2
Path-based vs. Epsilon 16 10 7 62 1 3 1
Path-based vs. Sub-Vector |17 12 2 66 - 3 -
Path-based vs. Crowding 12 12 3 71 1 1 -
Token-based vs. Epsilon 2 7 3 73 3 8 4
Token-based vs. Sub-Vector | 7 8 - 76 1 5 3
Token-based vs. Crowding | 2 2 - 85 2 4 5
Epsilon vs. Sub-Vector 3 2 2 90 - 2 1
Epsilon vs. Crowding 4 1 4 79 3 6 3
Sub-Vector vs. Crowding 3 2 - 82 1 5 7

statistical analysis based on a p-value < 0.05. In this table, the #Win columns
indicate the number of times that the left density estimator has a statistically
significant improvement over the right one, the #No diff. column indicates the
number of times that there is no evidence that the two competing density esti-
mators are different, and the #Lose columns indicate the number of times that
the left density estimator has statistically worse results than the right one. The
#Win and #Lose columns also include the A1 effect size, classified into Small,
Medium, and Large.

The results show that the path-based density estimator (PDE) outperforms
the other density estimators in most comparisons. In particular, PDE outper-
forms the epsilon-dominance assignment (ED) in 33 out of 100 comparisons,
the token-based density estimator (TDE) in 33 out of 100 comparisons, the
subvector-dominance assignment (SD) in 31 out of 100 comparisons, and the
crowding distance (CD) in 27 out of 100 comparisons. The epsilon-dominance
assignment (ED) outperforms the token-based density estimator (TDE) in 15
out of 100 comparisons, the subvector-dominance assignment (SD) in 7 out of
100 comparisons, and the crowding distance (CD) in 9 out of 100 comparisons.
The token-based density estimator (TDE) outperforms the subvector-dominance
assignment (Sub-Vector) in 15 out of 100 comparisons and the crowding distance
(CD) in 4 out of 100 comparisons. Lastly, the subvector-dominance assignment
(SD) outperforms the crowding distance (CD) in 5 out of 100 comparisons. Inter-
estingly, the classical crowding distance (CD) performs better in more cases than
the subvector-dominance assignment (SD), the epsilon-dominance assignment
(ED), and the token-based density estimator (TDE). However, in the majority
of the classes in the benchmarks, there is no significant difference between the
density estimators.
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In addition to the mutation score, we also looked at the branch coverage
achieved by the generated test cases. We observed that the branch coverage
achieved by the test cases generated using the different density estimators is
identical. This indicates that the difference in mutation score is not due to dif-
ferences in branch coverage but rather due to the improvement in the density
estimators.

6 Threats to Validity

This section discusses the potential threats to the validity of our study.

External Validity: One of the threats to the external validity of our study
is the selection of the benchmark. The selection of the benchmark impacts the
generalizability of the results. To address this threat, we used a subset of the
SF110 benchmark, which is a widely used benchmark in the literature for eval-
uating test case generation techniques for Java. The subset of the benchmark
was selected based on the complexity of the classes to ensure that the results are
not biased by trivial classes. However, the results may not generalize to other
benchmarks or programming languages.

Conclusion Validity: The stochastic nature of search-based test case genera-
tion introduces a threat to the conclusion validity of our study. To mitigate this
threat, we ran each configuration 20 times with different random seeds. This
allows us to draw statistically significant conclusions from the results. We have
followed the best practices for running experiments with randomized algorithms
as laid out in well-established guidelines [4]. Additionally, we used the unpaired
Wilcoxon signed-rank test and the Vargha-Delaney Ay effect size to assess the
significance and magnitude of our results.

7 Conclusions and Future Work

In this paper, we have presented two novel density estimators for automated
test case generation to increase the selective pressure within the search front.
We compared the proposed density estimators with two state-of-the-art den-
sity estimators from the evolutionary computation community and the classical
crowding distance. Our results show that our proposed path-based density esti-
mator (PDE) is the most effective in promoting the diversity of the solutions
in the population, leading to a better spread of the solutions in the objective
space and a higher mutation score. The classical crowding distance performed
the second best in terms of mutation score.

In future work, we will evaluate the proposed density estimators on other test
generation problem—e.g., system-level test case generation—and other software
testing problems, diversity-based test case prioritization. We also plan to (1) use
different tokenizers as well as (2) different LLMs for the test case embeddings
as alternatives to CodeBERT. Finally, we plan to analyze the relation between
the diversity of the test cases and the fault detection capability of the generated
test suites.
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