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Abstract

In software testing, executing large test suites is time and resource-consuming, some-
times impossible, and such test suites typically contain many redundant test cases that
(mostly) find the same faults. Hence, test suite minimization (T'SM) is used to remove re-
dundant test cases that are unlikely to detect new faults. However, most TSM techniques
rely on code coverage (white-box), model-based features, or requirements specifications,
which are not always (entirely) accessible by test engineers. Code coverage analysis also
leads to scalability issues, especially when applied to large industrial systems. Recently,
a set of novel techniques were proposed, called FAST-R, relying solely on test case code
for TSM, which appeared to be much more efficient than white-box techniques. However,
it achieved a comparably low fault detection capability for Java projects, thus making its
application challenging in practice. This thesis presents two contributions addressing the
key challenges in the TSM context, attempting to find better trade-offs between efficiency
and fault detection.

First, we propose ATM (AST-based Test case Minimizer), a similarity-based, search-
based TSM technique, taking a specific budget as input, that also relies exclusively on the
source code of test cases but attempts to achieve higher fault detection through finer-
grained similarity analysis and a dedicated search algorithm. The results show that
ATM achieved significantly higher fault detection rates (0.82 on average), compared to
FAST-R (0.61 on average) and random minimization (0.52 on average), when running only
50% of the test cases, within practically acceptable time (1.1 — 4.3 hours, on average, per
project version).

To further improve the scalability of ATM, we propose LTM (Language model-based
Test suite Minimization), a novel, scalable, and black-box similarity-based TSM approach
based on large language models (LLMs). Experimental results show that the best con-
figuration of LTM (UniXcoder/Cosine) outperforms ATM in three aspects: (a) achieving
a slightly greater saving rate of testing time (41.72% versus 41.02%, on average); (b) at-
taining a significantly higher fault detection rate (0.84 versus 0.81, on average); and, most
importantly, (¢) minimizing test suites nearly five times faster on average, with higher
gains for larger test suites and systems, thus achieving much higher scalability.
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Chapter 1

Introduction

1.1 Motivation

Software testing is a widely used verification mechanism to detect faults in software re-
leases. However, test suites tend to grow in size as software evolves, making the execution
of all test cases time and resource-consuming [69], if not infeasible. Such test suites are
prone to similar and redundant test cases that are unlikely to detect different faults and, if
not removed, are repeatedly executed many times on many versions, such as in continuous
integration contexts. This can lead to a massive waste of time and resources [69], especially
for large industrial systems, thus warranting systematic and automated strategies to elim-
inate redundant test cases, known as test suite minimization (TSM). In contrast to test
case selection [69], which selects a subset of test cases that are relevant to code changes,
and test case prioritization [69], which ranks test cases based on certain characteristics,
such as fault detection capability, the objective of TSM is to eliminate redundant or similar
test cases that are unlikely to detect different faults [36,69].

Though many TSM techniques exist [36], most of them rely on analyzing the test cov-
erage of the system production code (white-box), model-based features, or requirements
specifications. Despite their benefits in minimizing test suites, such information is not al-
ways (entirely) accessible or available to test engineers, making them not easy to apply in
practice. Further, analyzing production code entails many scalability and practicality is-
sues, especially when applied to large industrial systems [20,31]. One exception is the recent
and novel work of Cruciani et al. [15], called FAST-R, that relies solely on the source code
of test cases. Though much more efficient than white-box techniques, FAST-R achieved a
relatively low fault detection capability for Java test cases. Unlike test case selection and
prioritization, test suite minimization is typically performed on an occasional basis [48],
that is not for every code change but rather at certain milestones, such as major releases
when many new test cases are created.

Therefore, a technique that is more time-consuming than FAST-R but runs within
practical time and achieves higher fault detection rates would often be a better trade-off
in practice.



1.2 Thesis Objectives

This research aims to develop a black-box TSM technique that offers a better trade-off
between effectiveness and efficiency than the state-of-the-art (SOTA), i.e., FAST-R. More
specifically, we aim at the following two main thesis objectives (TO):

TO; (Improve the effectiveness of TSM): Improve the fault detection capability of
TSM, when compared to the SOTA, while ensuring it runs within a practical time.

TO2 (Improve the efficiency of TSM): Further improve the efficiency, i.e., minimiza-
tion time, of TSM, while maintaining its fault detection capability.

1.3 Contributions

The research contributions of this thesis include:

1. A black-box, AST-similarity- and search-based TSM technique, called ATM, that of-
fers a better trade-off between effectiveness and efficiency than existing work (FAST-
R), in many practical contexts. This includes (a) a finer-grained technique that
considers test cases to be Java test methods, pre-processes them, and transforms
their code into ASTSs; (b) a tree-based similarity measure that merges two comple-
mentary similarity measures that have not been used for test case similarity, thus
capturing more information about test case commonalities.

2. A large-scale TSM experiment on 16 projects with 661 versions comparing several
configurations of ATM and baseline techniques, taking approximately three months
of calendar time and 23 years of computation time on a cluster of 1,304 nodes with
80, 912 available CPU cores.

3. A novel black-box TSM approach (LTM) that relies, for the first time, on Large
Language Models (LLMs) and two distance functions based on the generated embed-
dings. We investigate and conduct a comprehensive comparison among five recent
language models with various model architectures, parameter sizes, inputs, and tasks
used for pre-training.

4. An optimized search process of LTM by utilizing a more efficient data structure for
fitness calculation, which in turn reduced the search time by 190 folds.

5. A thorough comparative analysis of efficiency and effectiveness, as well as the achieved
saving in testing time, of black-box TSM approaches (LTM and ATM) based on a
large-scale test suite minimization experiments involving 17 Java projects with 835
versions, thus yielding valuable insights into the relative performance of alternatives.
Overall, the experiments took around three months in calendar time corresponding
to 6 years of computation on a cluster with 83,216 available CPU cores.



6. A thorough analysis of the minimization time of LTM showing that it is much more
scalable than the SOTA approach (ATM) by running five times faster on average—
with even higher gains for larger systems and test suites typically encountered in
practice—while achieving significantly higher fault detection rates, as a result of
using LLMs for embeddings.

Contributions 1-2 address TO1, whereas contributions 3-6 address TO9. While the au-
thor of this thesis is the main author and contributor to all of the above contributions, they
also benefited from Taher A Ghaleb (postdoctoral fellow) in terms of coding, experimental
design, and writing. Furthermore, all the contributions above were discussed, supervised,
guided, and thoroughly reviewed by the supervisor of this thesis, Prof. Lionel Briand.

1.4 Publications

In addition to this thesis, the research results have been communicated to the public via
the following publications in top software engineering venues (best conference and best
journal):

1. Rongqi Pan, Taher. A. Ghaleb and Lionel C. Briand, ”ATM: Black-box Test
Case Minimization based on Test Code Similarity and Evolutionary Search,” 2023
IEEE/ACM 45th International Conference on Software Engineering (ICSE), Mel-
bourne, Australia, 2023, pp. 1700-1711, doi: 10.1109/ICSE48619.2023.00146.

2. Rongqi Pan, Taher. A. Ghaleb and Lionel C. Briand, " LTM: Scalable and Black-
box Similarity-based Test Suite Minimization based on Language Models,” in IEEE
Transactions on Software Engineering, doi: 10.1109/TSE.2024.3469582.

The detailed contributions of each publication are listed in Section 1.3, where contribu-
tions 1-2 correspond to publication 1; contributions 3-6 correspond to publication 2. We
have provided a detailed statement of contributions of each co-author of the publications
in Section 1.3.

1.5 Thesis Structure

The rest of this thesis is structured as follows:

e chapter 2 addresses TO; by providing:

— a background on the existing TSM techniques (Section 2.1),
— a proposed black-box TSM technique (Section 2.2),

— a thorough empirical evaluation of the proposed technique and discussions of its
practical implications (Section 2.3),

3



— a discussion of threats to validity (Section 2.4),

— areview of the related work and comparison with our proposed technique (Sec-
tion 2.5),

— a conclusion of the work (Section 2.6).
e chapter 3 addresses TO2 by providing:

— a background on existing black-box TSM techniques (Section 3.1),

— areview of the related work and comparison with our proposed technique (Sec-
tion 3.2),

— a proposed TSM technique that addresses the scalability issue (Section 3.3),

— a thorough empirical evaluation of the proposed technique and discussions of its
practical implications (Section 3.4),

— a discussion of threats to validity (Section 3.5),

— a conclusion of our work and suggestions for future work (Section 3.6).



Chapter 2

Improving the effectiveness of test
suite minimization

This chapter addresses TO71, i.e., Improving the effectiveness, i.e., fault detection capability,
of TSM technique, while making it run in a practical time. The content of this chapter has
been published in 2023 IEEE/ACM 45th International Conference on Software Engineering
(ICSE) [50].

2.1 Overview

As discussed in chapter 1, a TSM technique that achieves a better trade-off between ef-
fectiveness and efficiency, compared to FAST-R, will be a better option in practice. To
achieve this goal, we propose ATM (AST-based Test suite Minimizer), a TSM technique
based on tree-based test code similarity and evolutionary search. ATM is black-box as it
relies exclusively on test code, thus requiring no access to the production code of the system
under test. ATM achieves significantly higher fault detection rates than FAST-R and runs
within practical time through a finer-grained analysis of test cases and search-based opti-
mization. ATM pre-processes and normalizes test case code, transforms it into Abstract
Syntax Trees (AST), and then compares test case ASTs using four tree-based similarity
measures: top-down, bottom-up, combined (merging the first two), and tree edit distance.
Finally, ATM employs single-objective search, specifically Genetic Algorithm (GA) and its
multi-objective counterpart, Non-Dominated Sorting Genetic Algorithm IT (NSGA-II), to
minimize test suite using the above similarity measures as fitness, individually or combined.

We evaluated ATM compared to baseline techniques: FAST-R and random minimiza-
tion (a standard baseline). In contrast to Cruciani et al. [15], our evaluation was performed
on a large set of Java test cases, extracted from 16 Java projects with many versions, each
of which with a single real fault associated with one or more test case failures. Moreover,
while FAST-R was evaluated at the level of Java test classes, our evaluation is finer-grained
as it focuses on Java test methods, where each method is considered a test case. This was
motivated by the fact that a fault may be detected by only a subset of test methods rather



than a whole test class. Therefore, performing minimization at the method level enables
the removal of unnecessary test cases in a more precise manner [25, 63|, which has been
shown to achieve better results than those at the class level [16,44,71]. We used the Fault
Detection Rate (FDR) and total minimization time (M7T') as metrics to respectively eval-
uate the effectiveness and efficiency of ATM using three minimization budgets, ranging
from 25% to 75%, covering most of the practical budget range as test engineers usually
want to preserve significant test suite fault detection power. We compared the results of all
alternative ATM configurations among themselves and, by also accounting for the time of
similarity calculations, we identified the best one and compared it to baseline techniques.
Specifically, we addressed the following research questions.

RQ1: How does ATM perform under different configurations in terms of test suite
minimization?

For a 50% minimization budget, ATM achieved high fault detection rates (0.82 on
average) and ran within practically acceptable time (1.1—-4.3 hours on average across
configurations), with combined similarity using GA being the best configuration when
considering both effectiveness (0.80 FDR) and efficiency (1.2 hours). Such results
were consistent for other budgets (25% and 75%).

RQ2: How does ATM compare to state-of-the-art black-box test suite minimization
techniques?

The best configuration of ATM outperformed other techniques in terms of effective-
ness, by achieving significantly higher FDR results than FAST-R (+0.19 on average)
and random minimization (+0.28 on average), while running within practically ac-
ceptable (though longer) time (1.2 hours on average).

Contributions. Overall, this work makes the following contributions.

A black-box, AST-similarity- and search-based TSM technique, called ATM, that
offers a better trade-off between effectiveness and efficiency than existing work, in
many practical contexts. This includes (a) a finer-grained technique that considers
test cases to be Java test methods, pre-processes them, and transforms their code
into ASTs; (b) a tree-based similarity measure that merges two complementary sim-
ilarity measures that have not been used for test case similarity, thus capturing more
information about test case commonalities.

A large-scale TSM experiment on 16 projects with 661 versions comparing several
configurations of ATM and baseline techniques, taking approximately three months
of calendar time and 23 years of computation time on a cluster of 1,304 nodes with
80,912 available CPU cores. This is the largest TSM experiment to date in the
research literature.

Chapter Structure. The rest of this chapter is organized as follows. Section 2.2 presents
our proposed technique for TSM. Section 2.3 presents the experiment design, reports exper-
imental results, and discusses their practical implications. Section 2.4 discusses the validity
threats to our results. Section 2.5 reviews and contrasts our technique with related work.
Section 2.6 concludes the work.



2.2 ATM: Black-box Test Suite Minimization

This section describes our black-box technique, called ATM, for TSM relying on tree-
based test code similarity and evolutionary search. Figure 2.1 gives an overview of the
main steps of ATM. We first describe how we pre-process the source code of test cases
(Section 2.2.1) and transform them into ASTs (Section 2.2.2). Then, we describe the
algorithms we employed for measuring the similarity between these ASTs (Section 2.2.3).
Finally, we describe the search-based algorithms we used to minimize test suites using
similarity measures as fitness (Section 2.2.4).

GA &
NSGA-II

4 similarity
measures

- Measure
Pre-process Transform test Run search P
> > testcase [—¥ . Minimized
test code code to ASTs o algorithms .
similarity test suite

Figure 2.1: An overview of the main steps of ATM to perform TSM

2.2.1 Test Case Code Pre-processing

The source code of test cases, which is in our context Java test methods, may contain
information that is irrelevant to the testing rationale, such as comments and variable
names, and code statements that do not exercise the system under test, such as logging
statements and test oracles (assertions). Given that we aim to compare test cases with
respect to how they exercise the system, the information above is not only irrelevant but
could introduce noise in our analysis. Therefore, we pre-process the source code of test
cases as follows.

e We removed test case names from method declarations, since they are typically dif-
ferent among test cases.

e We removed Javadoc, single- and multi-line comments, since they are simply used to
document test case code.

e We removed logging or printing statements, since they are simply used to record test
case execution.

e We removed test oracles, i.e., assertions, similar to Silva et al. [59], since they do not
exercise the system under test but rather focus on verifying the test case outcome for
a given input. This includes all JUnit assertion methods!, including their parameters.

'https://junit.org/junit4/javadoc/4.13/org/junit/Assert.html
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e Similar or even identical test cases can use different identifiers. Therefore, we normal-
ized variable identifiers, rather than removing them, and retained their data types
to maintain the data flow and logic of test cases. This was done by keeping track of
variable and object identifiers according to their order of appearance in the test case
code and then normalizing them in the form of id_1, id_2, and so on. Listing 2.1 and
Listing 2.2 present the examples of two Java test cases, TC1 and TC2, respectively.
Listings 2.3 and 2.4 display the test code of TC1 and TC2 after normalizing their
variable identifiers. Although TC1 and TC2 are similar in terms of functionality, they
differ in their variable identifiers, that is, TC1 uses a and b, while TC2 uses x and y.
To normalize them, all instances of a and x are replaced with id_1, and all instances
of b and y are replaced with id_2.

Test cases before normalization

1public void TC1(int a) { 1public void TC2(int x) {
2 int b = foo(a); 2 int y = foo(x);
if (b > 0){ 3
1 b=ax* 2; 1 y =X * 2;
5 } 5
6} 6}
Listing 2.1: Test Case 1 Listing 2.2: Test Case 2

Test cases after normalization

1public void TC1(int id_1) { 1public void TC2(int id_1) {
2 int id_2 = foo(id_1); 2 int id_2 = foo(id_1);
if (dd_2 > 0){ 3
! id_2 = id_1 * 2; | id_2 = id_1 * 2;
5 } 5
6 } 6 }
Listing 2.3: Test Case 1 Listing 2.4: Test Case 2

2.2.2 Transforming Test Case Code into AST

Processing test case code as natural language using text-based or token-based techniques
does not capture its syntactical information [70], thus making similarity measurement less
accurate. To address this issue, we used Abstract Syntax Trees (AST) to preserve the
syntactic structure of test case code [49]. To do this, we used an AST parser, provided by
the Eclipse JDT library?, to statically traverse any given test case code and transform it into
a corresponding AST. Comparing the ASTs of test cases helps identify differences between
them more precisely, such as differences in method calls, their number of parameters, or
parameter values. AST is composed of labeled nodes, where the order of AST nodes is

’https://wuw.eclipse.org/jdt
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important as it represents the structure of test case code. Therefore, ASTs are considered
labeled, ordered trees. Figure 2.2 presents the AST representation of TC1. The AST
representation captures all the syntactical information of the test case, including control
structures (e.g., if statement), expressions (e.g., id2 > 0 and id_1 = 2 ), data types
(e.g., void and int ), method calls (e.g., foo(id_1) ), identifiers (e.g., id_2 and id_1),

and values (e.g., 0 and 2).
e

Figure 2.2: The AST representation of the test case TC1

2.2.3 Similarity Measures

We used different algorithms to perform tree-based similarity measurements of test cases.
Depending on the way trees are traversed, algorithms may capture different information
from each other. Given the variety of coding conventions and practices according to which
test cases are developed, a single similarity measure for TSM might perform inconsistently
across projects. Therefore, we employed four similarity measures, namely top-down simi-
larity (based on the top-down maximum ordered common subtree isomorphism algorithm),
bottom-up similarity (based on the bottom-up maximum ordered common subtree isomor-
phism algorithm), a combined measure (merging the first two), and tree edit distance (based
on the standard tree edit distance algorithm).

Both top-down and bottom-up similarity measures focus on identifying the longest
common branch of the code of test cases, but in two distinct ways. Specifically, top-down



similarity is structure-oriented, thus starting the analysis at the high-level structure of test
case code, e.g., iterative or conditional blocks, followed by lower-level details in a step-by-
step manner. Hence, structural differences in the code of test cases can significantly impact
top-down similarity. Bottom-up similarity, on the other hand, is detail-oriented, in which
low-level details of the test case code, e.g., parameters to method calls, are analyzed first,
thus making it less impacted by structural differences. Given that bottom-up complements
top-down, we further considered merging the information obtained by both of them into
a new, combined similarity measure to capture both structural and detailed aspects of
test cases. Different from the above the similarity measures, tree edit distance focuses on
scattered code differences between test cases rather than a common code branch and aims
to capture all code changes that can make one test case similar to another. We describe
below each of the similarity measures and point to the book of Valiente [62] for more
details.

Top-down similarity measure Figure 2.3 shows the ASTs of TC1 and TC2, denoted as
AST; and AST3, respectively, and highlights the top-down maximum common subtree be-
tween the two ASTs. The top-down similarity measure is based on the top-down maximum
common subtree isomorphism algorithm [62]. Tree isomorphism determines whether the
nodes of one tree have a bijective correspondence with the nodes of another tree. Given that
AST represents structured source code, in which the order and type of code statements
is important, we considered labeled, ordered tree isomorphism. A top-down maximum
common subtree isomorphism between two labeled, ordered trees is obtained by traversing
them simultaneously using preorder traversal. Preorder traversal ensures that the parent
of each node is included in the subtree, since they are visited first, thus resulting in a
top-down subtree. Top-down similarity does not capture similar subtrees with different
parent nodes. Typical examples include the same block of code but with a different loop,
such as for and while, or calls to two different methods with the same parameters.

Bottom-Up similarity measure Figure 2.4 shows the ASTs of TC1 and TC2, denoted
as AST; and ASTy, respectively, and highlights the bottom-up maximum ordered com-
mon subtree between them. The bottom-up similarity measure is based on the bottom-up
maximum common subtree isomorphism algorithm [62]. A bottom-up maximum ordered
common subtree isomorphism between two labeled, ordered trees is obtained by first parti-
tioning tree nodes into equivalence classes, and then finding nodes in both trees belonging
to the same equivalence class with the largest size. The size of an equivalence class is equal
to the size of the bottom-up subtree rooted at a specific node. Two nodes belong to the
same equivalence class if and only if the bottom-up ordered subtrees rooted at them are
isomorphic [62]. A postorder traversal is then performed on T} and T» to partition children
nodes into equivalence classes, starting with one tree to populate a dictionary of equiva-
lence classes, followed by the second tree with the same dictionary shared. The equivalence
class of a visited node is obtained from the dictionary if its label and the equivalence classes
of its children nodes already exist. Once equivalence classes are assigned to all nodes of the
two trees, the maximum bottom-up common subtree is obtained based on the nodes shar-
ing the same equivalence class and having the largest bottom-up subtree rooted at them.
The bottom-up similarity measure can capture information that the top-down maximum
common subtree algorithm might not. For example, in contrast to top-down similarity, if
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Figure 2.3: A top-down maximum common subtree of two ASTs: AST; and AST>. The
nodes are numbered according to the preorder traversal. The common subtree is repre-
sented by the highlighted nodes in both ASTs.

two test cases call two different methods with the same parameters, then the matching pa-
rameters of method calls are included in the bottom-up maximum common subtree. Also,
if some children of the nodes in the bottom-up ordered subtrees do not match, then these
nodes are not included as part of the common subtree.

Combined similarity measure (top-down+bottom-up) Given that top-down and
bottom-up common subtrees capture different and complementary information in the test
case code, we also considered merging their resulting subtrees into a single, combined
common subtree. Combining top-down and bottom-up maximum common subtrees was
performed by taking the union of nodes in both subtrees, while eliminating overlapping
nodes. For each node of one subtree, we checked whether it is present in the other subtree
by considering its label and the labels of its parent, siblings, and children nodes. If there
is a match, then an overlap is identified and thus not included as part of the combined
common subtree. The size of the combined common subtree is equal to the sum of the size
of the unique nodes of the top-down and bottom-up common subtrees, where overlapping
nodes are discarded. As shown in Figure 2.5, the size of the top-down and bottom-up
common subtrees is 13 and 11, respectively. There are three overlapping node, i.e., if ,
EXPR, >. Hence, the size of the combined common tree is 13 + 11 - 3 = 23.

Tree edit distance similarity measure This measure is based on the edit distance
algorithm, which calculates the total number of elementary edit operations, i.e., insertion,
deletion, and substitution of nodes, required to convert one tree into another tree [62],
which is commonly used for tree comparison. To do this, a sequence of elementary edit
operations is applied to one tree until the other tree is obtained. Tree edit distance is not
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Figure 2.4: A bottom-up maximum common subtree of two ASTs: AST; and AST>. Nodes
are numbered according to the postorder traversal as well as their equivalent classes. The
common subtree of AST; and AST; is represented by the highlighted nodes in both ASTs.
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Figure 2.5: The combined common subtree that merges the top-down common subtree and
bottom-up common subtree of two ASTSs.

expected to be efficient when compared to previous similarity measures, especially for large
ASTs, but is nevertheless an option. An simple example is shown in Figure 2.6, where the
AST, is transformed into ASTs by applying a sequence of deletion and insertion operations.
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Figure 2.6: An example of a conversion between AST; and AST».

Similarity score calculation Similarity scores for the top-down, bottom-up, and com-
bined similarity measures were calculated the same way, but differently from tree edit
distance, as described below.

e For top-down, bottom-up, and combined similarity measures, after identifying their
maximum ordered common subtrees, a similarity score was calculated as follows.

2% |Vl
V1] + V2]

where T} and T» are two trees with a total number of |V;| and |V5| nodes, respectively.
V,, is the number of nodes included in the maximum ordered common subtree.

SimpaxCommonSubtree (Tl, T2) = (2'1)

e For tree edit distance, the similarity score was calculated as follows.
Vil + Vo] —d

Vil + V2|
where T and T» are two trees with a total number of |V;| and |Vs| nodes, respectively,
and d is the number of tree edit operations.

SiMTyreeEditDistance (Tl, T2) = (2'2)

Similarity measurement implementation We used an open-source library, called sim-
pack® for implementing the algorithms for top-down and bottom-up maximum ordered

3https://files.ifi.uzh.ch/ddis/oldweb/ddis/research/simpack
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common subtree isomorphism and tree edit distance. However, for the bottom-up maxi-
mum ordered common subtree isomorphism, we extended the library to support labeled
trees [62] (available in our replication package [1]). We did so by assigning unique inte-
gers to node labels, which are then used to assign equivalence classes for identifying the
maximum bottom-up common subtree of two labeled, ordered trees.

2.2.4 Search-based Test Suite Minimization

Considering that TSM is an NP-hard problem, we employed meta-heuristic search algo-
rithms to help find near-optimal, feasible solutions for this problem. Meta-heuristic tech-
niques enable us to efficiently explore the search space of minimized test suites. Given that
ATM relies on test case similarity, a search algorithm can help identify and eliminate most
redundant test cases, thus producing a more diverse subset of the test suite for a given bud-
get. We employed two search algorithms: Genetic Algorithm (GA) and its multi-objective
counterpart, namely Non-Dominated Sorting Genetic Algorithm II (NSGA-II) [17].

Genetic Algorithm (GA) This is the most widely used search algorithm in search-based
software testing, inspired by evolutionary theory. Applying GA requires properly defining
(a) individuals or chromosomes referring to the possible solutions, which are minimized
test suites in our context, and (b) a fitness or objective function to assess the quality of
each individual with respect to an optimization problem, which is TSM in our context,
where test cases with higher similarity values are eliminated. To tailor GA to our prob-
lem, we re-formulated the optimization problem as a fixed-size subset selection problem.
To do this, we represented a minimized test suite as a binary vector whose length equals
the total number of test cases before minimization, where 1 means a test case is included
and 0 means otherwise. We selected the following three genetic operators: (1) selection,
for which we used a binary tournament selection to select the test subset with the lower
fitness among two subsets; (2) crossover, for which we used a customized crossover opera-
tor [8] that keeps only test cases belonging to both parent test subsets, then proceeds with
the remaining test cases, and repeats this process until a certain number of test cases is
reached; and (3) mutation, for which we used a permutation operator to randomly select
a segment of the individual and rearrange the test cases, which are represented by 1s and
0Os, within the segment through the permutation operation [8]. This operator preserves
the number of selected test cases in the individual, thus ensuring the fixed-size offspring.
The parameters used for our GA are consistent with what is recommended in published
guidelines?. Specifically, we used a population size of 100, a mutation rate of 0.01, and a
crossover rate of 0.90. The GA evolution process is repeated until a termination criterion
is satisfied, which is in our case when the fitness value improves by less than 0.0025 with a
minimum of 30 generations. Once the termination criterion is reached, minimization stops
and the final minimized test suite is expected to contain diverse test cases.

Non-Dominated Sorting Genetic Algorithm IT (NSGA-II) This is a multi-objective
alternative of GA that is based on the Pareto dominance theory [17]. We used NSGA-II to

‘https://www.obitko.com/tutorials/genetic-algorithms/recommendations.php
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consider two similarity measures at once in our test subset selection, where each objective
consists in minimizing a distinct similarity measure. Individual A Pareto dominates indi-
vidual B if individual A is at least as good as individual B in all objectives, and superior
to individual B in at least one objective [42]. To do this, all individuals are sorted into
several Pareto non-dominated fronts and a Pareto front rank is assigned to each individual.
We used a binary tournament selection operator, which selects test cases based on (a) the
Pareto non-domination front ranks of individuals, and (b) the crowding distance measuring
the density of individuals around a particular individual. When two individuals have the
same Pareto front rank, the one with the highest crowding distance is selected. We used
the same operators and termination criterion as for GA. We considered two alternative
pairs of similarity measures as fitness: (1) top-down & bottom-up, to determine whether
considering them as independent fitness functions leads to better results than combining
their subtrees into a single similarity score (combined), and (2) combined & tree edit dis-
tance to assess whether the latter complements the longest common subtrees in identifying
test case similarity.

2.3 Validation

This section reports on the experiments we conducted to evaluate the effectiveness and
efficiency of ATM. As mentioned in the introduction, the focus here is on Java projects
given the unsatisfactory results obtained by previous work, as discussed in related work.
We discuss below the research questions we addressed, the experimental design and dataset,
and the results achieved with their practical implications.

2.3.1 Research Questions

RQ1: How does ATM perform under different configurations in terms of test
sutte minimization?

TSM aims to remove redundant test cases with a minimal fault detection loss within
practically reasonable time. However, its performance can be influenced by the similarity
measure used to compare test cases to each other. In this RQ, we assess the performance, in
terms of both effectiveness and efficiency, of ATM under various configurations, each with
a different combination of similarity measures, either individually (using GA) or together
(using NSGA-II). We evaluated the alternative ATM configurations on each Java project
using three minimization budgets (25%, 50%, and 75%) widely covering the minimization
range. In addition, we analyzed the trade-off between effectiveness and efficiency of the
alternative ATM configurations. Specifically, we addressed the following sub-RQs.

e RQ1.1: How effectively can ATM minimize test suites?

A similarity measure determines what information about test cases should be used to
compare them. However, such information varies widely from one similarity measure
to another, which can in turn affect the fault detection capability of a TSM technique.
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In this RQ, we assess the effectiveness of ATM in terms of fault detection capability
for the tree minimization budgets.

e RQ1.2: How efficiently can ATM minimize test suites?

TSM should be practically scalable to projects with large test suites. However, given
that similarity algorithms traverse test case ASTs differently, their execution time
can vary, thus affecting the overall time required to minimize test suites. In this RQ,
we assess the efficiency of ATM in terms of preparation time (taken for transforming
the code of test cases into ASTs and calculating similarity scores) and search time
(taken for running search algorithms).

RQ2: How does ATM compare to state-of-the-art black-box test suite mini-
mization techniques?

Selecting test cases arbitrarily can indeed reduce test suites, but is not a viable option
as it does not take test case similarity and fault detection capability into consideration.
To address this issue, many TSM techniques [36], both white-box and black-box, were
proposed to remove redundant test cases that are likely to detect the same faults. However,
white-box techniques rely on production code, which is not always (entirely) accessible or
available to test engineers and entails scalability and practicality issues in many contexts.
Further, as described in Section 2.5, despite the high efficiency of some existing black-
box techniques, their fault detection loss was observed to be relatively high for Java test
cases, thus making them ineffective in practice. In this R(Q, we assess the performance of
ATM compared to two baseline techniques: (a) random test suite minimization, a standard
baseline, and (b) FAST-R, a set of of novel black-box techniques, whose efficiency was
shown to be much higher than white-box techniques while achieving a comparable low
fault detection capability for Java test cases. Further, given that both efficiency and
effectiveness are important factors in selecting minimization techniques in practice, we
discuss the trade-offs between fault detection rate and minimization time.

2.3.2 Experimental Design and Dataset

We performed a series of experiments to evaluate the performance of ATM and assess the
most effective and efficient configurations across various combinations of similarity mea-
sures and search algorithms, and compared the best configuration to baseline techniques.
Each technique was applied to each project version, independently, and was thus run 6, 610
times (661 projects’ versions X 10 runs). We considered all projects’ versions to increase
the number of instances in our experimental evaluation. However, in practice, minimiza-
tion is expected to be applied only when required, i.e., many new test cases are created.
All experiments were performed on a cluster of 1,304 nodes with 80,912 available CPU
cores, each with a 2x AMD Rome 7532 with 2.40 GHz CPU, 256M cache L3, 249GB RAM,
running CentOS 7. Overall, our experiments took approximately three months of calendar
time and 23 years of computation time. Moreover, to mitigate randomness in the obtained
results, we ran each experiment 10 times, each with a different random number generator
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seed, ranging from 1 to 10, to enable the reproduction of our results. The reported results
are summarized for all runs using descriptive statistics.

Minimization budgets

For experimental purposes, the minimization budgets were set at 25%, 50%, and 75% of
the test suites. Our choice of minimization budgets was constrained by both the very
large computation time of our experiments and the fact that test engineers, according to
our discussion with industry partners, usually want to preserve significant fault detection
power, knowing that prioritization and selection techniques can ultimately be used to
further reduce testing time. We focus our analysis and discussion on the results obtained
for the 50% minimization budget as such a percentage is sufficiently large to challenge the
minimization algorithms and to show the practical significance of ATM compared to other
techniques. Results for the other two minimization budgets were consistent in terms of
observations and conclusions, and can be found in our replication package [1].

Baseline techniques

Random minimization. We used random minimization of test suites as a standard
baseline in our evaluation. It is considered the simplest technique and is commonly used as
a baseline of comparison for more sophisticated search algorithms [3]. It randomly generates
subsets of test cases for any given minimization budget. Similar to other techniques, we
ran random minimization 10 times, using fixed seeds ranging from 1 to 10 to enable the
reproduction of results. We then calculated the average fault detection rate (FDR) across
projects’ versions.

FAST-R. We compared ATM to FAST-R, a set of four novel black-box TSM techniques
proposed by Cruciani et al. [15], namely FAST++, FAST-CS, FAST-pw, and FAST-all. All
FAST-R alternatives rely solely on the code of test cases. FAST++ and FAST-CS convert
test case code into vectors using term frequency [61], and based on these vectors, test cases
are then clustered using k-means++ [6] (FAST++) and constructed coresets [7] (FAST-
CS). FAST-pw and FAST-all, however, use minhashing and locality-sensitive hashing [54]
to identify diverse test cases based on Jaccard distance and random sampling, respectively.

While FAST-R performed very efficiently, it achieved relatively low median FDR results
when evaluated on Java projects, ranging from 0% to 22% for minimization budgets from
1% to 30%. This motivated us to compare the performance of ATM to FAST-R on test
cases collected from a larger set of Java projects with many versions. Though ATM uses
finer-grained information from test case code, which is likely to require longer time to exe-
cute, we aim to investigate whether it can achieve significantly higher FDR results within
practical minimization time. We compared ATM to FAST-R using the three minimiza-
tion budgets indicated above and the same evaluation procedures and metrics. We relied
on the publicly available implementation of FAST-R® provided by its authors. Though

Shttps://github.com/ICSE19-FAST-R/FAST-R
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FAST-R was originally evaluated on Java test classes, it could easily be adapted to Java
test methods, since it takes as input (a) test code, regardless of its granularity, and (b) a
mapping of faults and test cases, the former being easily mapped to test methods rather
than test classes.

Note that we did not compare with white-box techniques, since analyzing code cover-
age for all test cases of all project versions would be computationally challenging and is
unnecessary given that the FDR results of FAST-R have been shown to be comparable to
white-box techniques.

Dataset

We evaluated ATM compared to the baseline techniques on 16 Java projects collected from
a public dataset, called DEFECTS4JS, the same source of Java projects used to evaluate
FAST-R. Only one project from DEFECTS4J was left out as it was far too large to consider
for running our experiments, which already undertook months of computations. While
FAST-R was evaluated on five Java and five C projects, each with a single version, it
achieved relatively lower fault detection rates on Java projects compared to C projects,
where Java test cases are test classes and C test cases are command lines. Therefore, in this
chapter, we focused the implementation of ATM on Java projects and assessed it on a much
larger dataset of Java projects and versions. Each project has multiple (faulty) versions,
ranging from 4 to 112, with many test cases each, ranging from 152 to 3,916. Each project
version contains a single real fault associated with one or more test case failures, and was
fixed by modifying the production code. We acknowledge that minimization should ideally
be evaluated on project versions with multiple faults to achieve higher realism, but there
exist no such public datasets with real faults. Further, with multiple faults per version,
some faults may mask other faults and it becomes very hard to determine which test case
detects which fault, thus making experiments rather complicated. Though our dataset is
much larger in terms of systems and test cases than any previous TSM experiment, we
fully realize that industrial systems can be much larger. They would, however, be unusable
in our experiment as they would take far too much time. The scalability issue is further
discussed in Section 2.3.4. It is therefore easy to determine whether a test suite detects
a particular fault in a given version: at least one test case fails. We used this dataset to
evaluate ATM and baseline techniques.

Different from the FAST-R’s original study, we performed our evaluation on all faulty
project versions. In addition, the evaluation of FAST-R on Java projects was performed
at the class level where test cases are Java test classes, each of which group test meth-
ods exercising similar functionalities. This makes it impossible to identify redundant test
methods within the same test class. Further, removing a whole test class can be misleading
as one fault may be detected by only a subset of test methods in the test class. Thus TSM
at the method level helps remove unnecessary test cases in a more precise manner [25,63],
which has been shown to achieve better results than those at the class level [16,44, 71].

Shttps://github.com/rjust/Defects4]
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Therefore, our evaluation of ATM is finer-grained as each test case is considered to be a
Java test method.

We extracted the source code of test methods for each version of the projects and
mapped each fault to its corresponding failing test method(s). Then, we transformed the
test case code into ASTS, which were saved in XML format. After that, we calculated
the similarity scores for each pair of test cases using the similarity measures described in
Section 2.2.3. To reduce the time required for similarity calculation in each version during
our computationally intensive experiments, we calculated the similarity scores for all test
cases in the first version of each project. Then, for subsequent versions, we calculated
similarity scores for only test cases in changed or newly added test files, whereas similarity
scores for unchanged ones were obtained from previous versions.

Evaluation metrics

Fault Detection Rate (FDR). TSM aims to remove redundant test cases for a given
budget while maintaining high FDR. Therefore, we used FDR to assess the effectiveness
of ATM. Given that each project version contains a single fault, the corresponding fault
detection rate per version can either be 1 (fault detected) or 0 (fault undetected). There-
fore, we calculate the fault detection rate for each project by considering all its versions,
as follows:

FDR = (2.3)

i1 fi

m
where m denotes the total number of versions of the project. For a project version i, f; is
equal to 1 if at least one failing test case is included in the minimized test suite, indicating

the detection of the fault of that version, or 0 otherwise.

For example, in the Chart project, which has a total of 26 faulty versions, if the
minimized test suites detected the faults in 21 versions but did not in 5 versions, F'DR would
be calculated as 21/26, resulting in an FDR of 0.81. Note that we ran our experiments for
each version a total of 10 times to mitigate randomness. Hence, the final FDR for each
project is obtained by taking the average FDR results across the 10 runs.

Fisher’s exact test. We used Fisher’s exact test [55], a non-parametric statistical hy-
pothesis test, to assess how significant is the difference in proportions of detected faults
between the alternative ATM configurations.

Table 2.1 presents the contingency table for the Fisher’s exact test. For each ATM
configuration, there are 6610 samples (661 project versions X 10 runs per version). The
first row indicates the number of samples that detected the fault after minimization, while
the second row shows the number of samples that did not detect the fault. A p-value is
then computed using Fisher’s exact test based on the data in this contingency table to
assess the significance of differences in proportions across configurations.

Odds ratio. We used the odds ratio [4] as an effect size measure of the magnitude of
improvement of one ATM configuration over another. An odds ratio of 1 indicates no
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Config.1 Config.2 Total

Fault Detected 5395 5232 10627
Fault Not Detected 1215 1378 2593
Total 6610 6610 13220

Table 2.1: An example of a contingency table for Fisher’s exact test. The columns represent
two configurations of ATM, each with 6,610 samples (661 project versions x 10 runs). The
first row shows the number of faults detected, and the second row shows the number of
faults not detected.

difference between two techniques, whereas an odds ratio of > 1 indicates a higher chance
for one technique to perform better than the other.

Total minimization time (MT). Minimization time has significant practical implica-
tions for large systems and test suites. Therefore, we assessed the efficiency of ATM by
computing (1) the preparation time, taken to transform the code of test cases into ASTs
and calculate similarity between all pairs of test cases, and (2) the search time, taken to
run search algorithms. Note that, when reporting MT results, we did not consider the
savings in MT that can be achieved by only calculating similarity between new pairs of
test cases but rather accounted for all test cases in each project version independently from
other versions. This, of course, makes ATM look worse in terms of MT.

For each ATM configuration, we computed the average MT for each project version.

We also computed the MT's taken by the baseline techniques.

Similarity measures as fitness

Our fitness functions add up similarity scores for all test case pairs, normalize the sum-
mation by the number of test case pairs in a [0 — 1] range, and thus quantify how similar
overall test cases are in a given test suite regardless of its size. However, we could consider
a test case to be redundant if it is highly similar to at least one other test case, thus
making it unnecessary to consider the other test cases. Therefore, taking the pair with
the maximum similarity score for each test case as a fitness value could better distinguish
highly redundant test cases. Moreover, in a similar vein, we could consider that only very
high similarity scores truly matter in terms of test cases being redundant and that simply
summing up similarity scores among pairs is not the best measurement for minimization.
Therefore, we could give more weight to test cases with higher similarity scores by squar-
ing or exponentiating such scores. For example, though 0.9 and 0.8 scores have the same
difference (0.1) as 0.4 and 0.3 scores, their relative difference significantly increases after
taking their squares (0.17 vs. 0.07) or exponentials (0.23 vs. 0.14). As a result, removing
a test case with a higher similarity score leads to a greater reduction in fitness. Finally,
for the reasons invoked above, we could also take into account, for each test case, only
the pair with the maximum squared or exponentiated similarity score, thus focusing on
highly redundant test cases. In our experiments, we considered all the above alternatives
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Table 2.2: Descriptive statistics of FDR and MT (in minutes) of LTM across project ver-
sions for the 50% minimization budget. The highest FDR and shortest M T are highlighted
in bold

GA NSGA-II
Statistic Jochmane Top-Down Bottom-Up Combined ‘ :B:ﬁtg)((hut %g{gt:r\l\_%éc Trcg%gli)tugit%ncc
FDR MT FDR MT FDR MT FDR MT FDR MT FDR MT
Min 0.53 0.42 0.56 0.28 0.58 0.46 0.70 0.66 0.60 1.11 0.70 1.38
25% Quantile 0.75 1.95 0.68 1.33 0.75 2.18 0.76 3.79 0.74 5.67 0.78 7.12
Mean 0.78 70.87 0.74 67.05 0.80 72.75 0.81 82.23 0.78 235.41 0.82 258.44
Median 0.79 12.53 0.72 7.76 0.79 13.86 0.82 16.61 0.79 37.01 0.82 37.15
75% Quantile 0.84 57.88 0.81 40.27 0.88 63.01 0.88 777 0.82 187.74 0.88 208.38
Max 0.93 642.31 0.90 706.31 0.97 641.42 0.93 491.52 0.97 2295.20 0.92 2384.56

for fitness and results showed that using the maximum of squared similarity scores, shown
below, achieves the highest FDR.

H 2
Diniem, MAXij 1, 1,em,izj Sim(ti,t})

n

Fitness = (2.4)

where M, is a minimized test suite of n test cases, and Sim(t;,1;) is the similarity score for
each pair of test cases t; and ¢;.

2.3.3 Results

We focus our discussion on the results achieved using the maximum of squared similarity
scores as fitness for the 50% minimization budget (results for other budgets lead to identical
conclusions and are available in our replication package [1]).

RQ1 results

Table 2.2 reports the FDR and MT (in minutes) for ATM using GA and NSGA-II using
the four similarity measures, individually and combined, for the 50% minimization budget.

RQ1.1 results. Table 2.2 shows that all ATM configurations achieved high FDR results
(mean > 0.74 and median > 0.72 across projects, for a 50% minimization budget). The
highest average FDR was achieved by NSGA-IT with combined & tree edit distance (mean
and median = 0.82), and ranging from 0.70 to 0.92 across projects. The difference in
FDR between projects needs further investigation, as it may be attributed to variability in
numbers of faults, test suite sizes, or test coding conventions, tentative explanations that
remain to be confirmed. Overall, detecting over 80% of faults when executing 50% of test

cases is encouraging and, as discussed below, significantly outperforms baseline techniques.

Moreover, ATM using GA achieved a higher FDR with top-down (+0.04 on average)
than bottom-up across projects’ versions, except for the JacksonXml project where the
former achieved 0.25 lower average FFDR than the latter. One possible explanation is that,
unlike other projects, failing test cases in JacksonXml have higher maximum top-down
similarity scores than other test cases, which indicates high redundancy among them, thus
leading to the removal of some of them. Our results also show that ATM using GA with
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combined similarity yielded an even higher FDR (mean = 0.80, median = 0.79) than with
top-down, only 0.01 and 0.02 lower than GA with tree edit distance and NSGA-II with
combined & tree edit distance, respectively. This suggests that taking the union of the
top-down and bottom-up common subtrees helped capture additional, relevant informa-
tion about test case commonalities. Further, ATM using GA with combined similarity
achieved a higher FDR than NSGA-IT with top-down & bottom-up (0.78), thus suggesting
that a simpler minimization algorithm (GA) with a single similarity measure (combined
similarity) outperforms a more sophisticated and expensive algorithm (NSGA-II) relying
on two similarity measures.

Fisher’s exact test results revealed no significant FDR differences between ATM using
GA with combined similarity and both GA with tree edit distance and NSGA-II with
combined & tree edit distance (p—value > 0.05). More details about the results of Fisher’s
exact test can be found in our replication package [1]. In other words, even though GA
with combined similarity yielded a slightly lower (0.01 — 0.02 less) FDR on average, there
is no evidence that this difference is statistically significant as results vary across projects’
versions. Compared to GA with tree edit distance, GA with combined similarity achieved
a higher FDR for four projects (Collections, Csv, JacksonDatabind, and Time) and the
same FDR for four projects (Cli, Compress, Jsoup, and JxPath). Overall, our results
suggest that, when accounting only for FDR, ATM alternatives using either GA or NSGA-
I1, with tree edit distance and/or combined similarity as fitness, are roughly equivalent for
all minimization budgets.

RQ1.2 results. The MT results in Table 2.2 combine both preparation time and search
time for each project version (see detailed results in our replication package [1]). We observe
that the average MT for the whole ATM process using GA, with all configurations, ranges
from 1.1 to 1.4 hours on average per project version (with a much lower median of 7.8—-16.6
minutes due to two relatively larger projects). Given the application context of TSM, where
redundant test cases are removed on an occasional basis when many new test cases are
created for major releases, such MT are acceptable in practice, as further discussed below.
However, the MT of ATM using NSGA-II was nearly three times longer than that of GA
(mean = 3.9 — 4.3 hours and median = 37 minutes). This result suggests that ATM using
NSGA-II with two similarity measures fares much worse in terms of M T, while offering no
significant improvement in terms of FDR.

Preparation Time. We found that the time ATM took for transforming test case code
into ASTs was negligible (< 1% of total time), whereas the time for calculating similarity
scores was much longer. Specifically, the average preparation time for calculating top-
down, bottom-up, and combined similarity scores for each pair of test cases across project
versions was 3.42¢7%s, 4.93¢ %5, and 1.75¢7%s, respectively. In sharp contrast, though
achieving the highest FFDR when using GA, we found that tree edit distance, as expected,
took at least an order of magnitude longer to calculate than other similarity measures
(an average of 35 minutes per each project version, compared to 3 minutes for combined
similarity). Therefore, on larger projects with much larger test suites and ASTs, such as
those commonly found in the industry, the absolute computation time difference between
tree edit distance and other similarity measures is expected to be large and probably
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Table 2.3: Descriptive statistics of FDR and MT (in seconds) for the 50% minimization
budget, across projects’ versions, of ATM using GA with combined similarity compared to
FAST-R and random minimization. The highest FDR and shortest MT are highlighted in
bold

o Technique aA /éoTliIbined FAST++ FAST-CS FAST-pw FAST-all iandom
atstic FDR MT FDR — MT FDR — MT FDR ~— MT FDR — MT FDR MT
Min 0.58 7758 | 051 0.06 | 0.48 0.06 | 0.25 045 | 038 042 | 017  0.0012
25% Quantile 0.75 130.83 | 057 010 | 057 0.08 | 0.38 097 | 054 090 | 044  0.0013
Mean 0.80 436476 | 0.61 044 | 0.60 0.20 | 047 414 | 059 278 | 052 0.0021
Median 0.79 83171 | 0.60 0.19 | 0.60 0.14 | 047 221 | 0.62 182 | 050  0.0017
75% Quantile 0.88 3,780.37 | 0.65 0.63 | 0.64 029 | 0.54 6.37 | 0.66 427 | 057  0.0025
Max 0.97 3848515 | 0.72 217 | 071 063 | 072 1711 | 0.0 910 | 100  0.0056

crucial in terms of applicability. Hence, in terms of preparation time, ATM with combined
similarity is more scalable and a better alternative than tree edit distance in practice.

Search Time. We found that the search time ATM took for finding the optimal
minimized test suites using NSGA-II with both top-down & bottom-up and with combined
& tree edit distance (mean = 3.7—3.9 hours and median = 31-37 minutes) was about three
times longer than that of GA with combined similarity. In addition, we found that, though
took much longer to calculate similarity, tree edit distance took less search time, since it
converged faster, than combined similarity using GA. However, when considering the total
MT for the whole process, ATM ran faster when using GA with combined similarity for all
projects, except for Time. As a result, ATM using GA with combined similarity is more
scalable than with tree edit distance and far more efficient than using NSGA-II, while
achieving comparable FDR results, thus making it the best configuration. This can be
particularly important on large projects and test suites.

RQ1 summary. ATM achieved high FDR results (0.82 on average) and ran within
practically acceptable time (1.1-4.3 hours on average) when running 50% of test cases,
with combined similarity using GA being the best configuration when considering both
effectiveness (0.80 FDR on average) and efficiency (1.2 hours on average). Results were
consistent for other minimization budgets (25% and 75%).

RQ2 results

Table 2.3 compares, in terms of FDR and MT for the 50% minimization budget, the best
ATM configuration (GA with combined similarity) to the baseline techniques: FAST-R (
FAST++, FAST-CS, FAST-pw, and FAST-all) and random minimization.

FDR results. We observe that ATM using GA with combined similarity system-
atically outperformed random minimization with a significantly higher FDR (+0.28 on
average). In addition, all FAST-R alternatives, except FAST-pw, outperformed random
minimization, with FAST++ being the best FAST-R alternative (0.61 on average), followed
by FAST-CS (0.60 on average). However, compared to ATM (GA with combined similar-
ity), all FAST-R alternatives achieved significantly lower FDR results across projects, with
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an average F'DR difference of —0.19 between FAST++ and ATM, thus making ATM much
more effective in practice.

MT results. We observe that all FAST-R alternatives ran much faster than ATM,
in terms of both preparation and search time, with an average MT of 0.20 — 4.14 seconds
across projects’ versions (FAST-CS was the fastest technique, with 0.20 seconds). However,
given its considerably low FDR, i.e., missing about 40% of faults when executing 50% of
test cases, FAST-R is not a practically viable option in many contexts.” TSM is typically
performed on an occasional basis [48], usually at certain milestones, such as new major
releases when many new test cases are created. Therefore, given that ATM achieves much
higher FDR and runs within practically acceptable (though longer) time, it is the most
advantageous choice in many practical contexts.

RQ2 summary. ATM outperformed baseline techniques by achieving significantly
higher FDR results than FAST-R (+0.19 on average) and random minimization (+0.28
on average), while running within practically acceptable (though longer) time (1.2
hours on average) given the application context.

2.3.4 Discussion

Effective test suite minimaization with easily accessible information. Our results
showed that ATM performs significantly better than baseline techniques, thus enabling test
engineers to run test suites for a desired budget while being more likely to maintain an
acceptable FDR. This is done without requiring production code analysis, a significant
practical advantage in many contexts. While ATM achieved high FDR result using sim-
ilarity measures, both individually and combined, there is still room for improvement in
terms of F'DR, which could be achieved by considering additional similarity measures, thus
capturing various and complementary aspects relevant to test case commonalities. Also,
similarity measurement in ATM considered a variety of potentially relevant information
in test case code. For example, similarity between method calls considers their names,
number of parameters, and parameter values. Disregarding some of these details could
result in a higher similarity and better results. The importance of these details may also
differ from one project to another, which suggests that test engineers might need to tailor
the definition of similarity to their needs and context.

Effective versus efficient test suite minimization. Our results showed that GA
with combined similarity is the best configuration for ATM, given its effectiveness and
efficiency compared to other configurations. Specifically, it achieved a high FDR that is
comparable to GA with tree edit distance and NSGA-II alternatives, while taking much
less time to calculate. However, despite the considerably longer time taken to calculate
tree edit distance compared to combined similarity, it took relatively less time to search

"As a side note, though out of the scope of this work, FAST-R achieved lower average FDR results (up
to 0.56, achieved by FAST++) and took slightly longer (0.23 — 5.75 seconds) when evaluated at the class
level (Java test classes), as in the original FAST-R study.
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for the optimal test suite as it converges faster on all projects. Still, when accounting
for the total minimization time, ATM using GA with combined similarity ran faster than
tree edit distance on the majority of the projects, thus making it the best configuration.
Moreover, though very efficient, random minimization and FAST-R alternatives performed
significantly worse than ATM in terms FDR. Given that TSM is typically performed on an
occasional basis, such as major releases with many new test cases, even if ATM takes much
longer than FAST-R due to its finer-grained similarity measures and search algorithms, it
still runs in practical time (1.2 hours on average) and achieves much higher FDR, thus
making it a better choice in many practical contexts.

Scalability. On the largest project in our dataset, Time, which has nearly 4k test cases,
ATM took more than 10 hours, on average, per version, largely due to the search producing
an optimal minimized test suite. Though our TSM experiment is the largest to date,
industrial systems can be much larger than the ones in our dataset. Overall, we observed
that the search time of the search algorithm increases quadratically with the number of test
cases, regardless of the similarity measure. As a result, there is obviously a limit, in terms
of system and test suite sizes, to any minimization technique. Therefore, future research
should devise ways of pushing the scalability boundary of ATM further while preserving
high FDR results. For instance, similarity and search fitness computations can be easily
parallelized to significantly improve scalability. Indeed, all similarity computations of test
case pairs and fitness values of minimized sets in a population are independent and can be
run on different cores [9,35]. Other search algorithms [42] should also be investigated to
identify better trade-offs between efficiency and effectiveness.

Application of minimization in practice. In practice, when there is a major release
with many new test cases created and a testing budget is set, similarity values of new test
case pairs are calculated. Then, search is performed to find a subset of the test suite that
minimizes the similarity between test cases within the given test budget. This minimized
test suite is later used for regression testing in the subsequent code versions.

2.4 Threats to validity

Construct Validity Construct threats to validity are concerned with the degree to which
our analyses measure what we claim to analyze. Test cases may contain information that is
irrelevant to the testing rationale, which could introduce noise when measuring similarity
between test cases. To mitigate this threat, ATM pre-processed test cases and transformed
their code into ASTs.

Internal Validity Internal threats to validity are concerned with the ability to draw
conclusions from our experimental results. Compared to FAST-R, ATM was evaluated
on finer-grained data: test cases were considered to be Java test methods instead of test
classes. However, given that FAST-R was originally evaluated based on Java test classes,
its performance on test methods could be inconsistent in our experiments. To mitigate
this threat, we evaluated all techniques, ATM, FAST-R, and random minimization, on
the same finer-grained data. We observe that FAST-R’s performance was consistent with
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what was originally reported [15], in terms of both effectiveness and efficiency, and even
worse when evaluated at the class level. Moreover, to mitigate randomness in the obtained
results, we ran each experiment 10 times, with fixed seeds to enable the reproduction of our
results. Finally, we removed all assertions, including their parameters as we assume they
do not include any method calls that exercise the system under test (with side effects) as
their main goal is to verify the test case outcome. Calling methods with side effects inside
assertions is not considered a good testing practice. Test cases may become similar in
our context when assertions are removed, meaning they exercise the same behavior of the
system, resulting in excluding one of them. However, assertions might still contain relevant
information regarding test case similarity and retaining them might increase FDR. Future
research should further investigate this point.

External Validity External threats are concerned with the ability to generalize our re-
sults. Our evaluation was performed on a large dataset extracted from 16 Java projects
collected from DEFECTS4J, including 661 faulty versions. However, unlike FAST-R, we
did not evaluate ATM on C projects, though it can a priori be applied to test cases written
in other languages provided the availability of tools for transforming test case code into
ASTs. Future research should assess ATM’s performance on test cases written in other
programming languages to devise more general conclusions.

2.5 Related Work

TSM is an NP-hard problem, hence there are many techniques that have been proposed [36,
69] to find near-optimal, feasible solutions to address it. Such techniques can be classified
into three categories: greedy heuristics-based, clustering-based, and search-based.

Greedy heuristics-based test suite minimization. Miranda et al. [46] used greedy
heuristics [12] to perform TSM that iteratively selects test cases based on their code cov-
erage until all the target program entities, e.g., statements, for a given testing input are
covered. This technique achieved fault detection rates ranging from 0.52 to 0.69 for running
2.6% to 11.3% of test cases. Noemmer et al. [48] also used greedy heuristics to perform
TSM using statement coverage. Mutation testing was used to evaluate this technique,
which obtained a loss in mutation scores ranging from 3.5% to 21% for running 7% to 50%
of test cases. However, these techniques require to analyze production code, i.e., white-
box, and do not enable targeting specific minimization budgets, thus having scalability and
applicability issues in practice.

Clustering-based test suite minimization. Cruciani et al. [15] recently proposed
a novel technique, called FAST-R, to perform TSM by relying solely on test case code
(black-box), which is converted into vectors using a term frequency model [61]. Based on
these vectors, clustering was used to partition test cases into clusters, where the centroids
of the clusters were selected as the minimized set of test cases. It was evaluated on
five Java and five C projects, each with a single version. Though it was more efficient
than white-box techniques, it achieved relatively low median fault detection rates on Java
projects, ranging from 0.18 to 0.22 for minimization budgets ranging from 1% to 30%. In
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addition, the experiment considered Java test classes to be test cases, where test methods
exercising similar functionalities are grouped together, thus making it impossible to identify
redundant test methods within the same test class. Similarly, Coviello et al. [14] and
Viggiato et al. [65] proposed clustering-based TSM techniques relying on code coverage or
test cases written in natural language, thus making them not easy to apply in practice as
such information are not always accessible by test engineers.

Search-based test suite minimization. Hemmati et al. [30] used a search algorithm
that relies on test case similarity calculated using model-based features to perform TSM.
This technique was evaluated on two relatively small industrial systems and achieved av-
erage fault detection rates ranging from 0.60 to 1.00 for running 4% to 14% of test cases.
Similarly, Zhang et al. [72] and Wang et al. [67] proposed model-based TSM techniques
relying on multi-objective search algorithms, such as NSGA-II, MOCell [47], SPEA2 [73].
However, the information required by the above techniques is not always available to test
engineers.

Summary. In contrast to the above techniques, except for FAST-R, ATM relies ex-
clusively on test case code and can help test engineers target any pre-set minimization
budget, thus making it more applicable in practice. Compared to FAST-R, ATM achieved
significantly higher (+0.19) fault detection rates within practically acceptable (though sig-
nificantly longer) MT. Moreover, ATM was evaluated on a larger, finer-grained dataset of
16 Java projects with 661 faulty versions, thus making it by far the largest experiment to
date for TSM.

2.6 Conclusion

In this chapter, we proposed ATM, a black-box test suite minimization (TSM) technique
based on the Abstract Syntax Tree (AST) similarity of test code and evolutionary search al-
gorithms. We investigated four tree-based similarity measures, namely top-down, bottom-
up, combined (merging the first two), and tree edit distance. We employed Genetic Al-
gorithms (GA) and its multi-objective counterpart (NSGA-II), to perform TSM using the
above similarity measures to define alternative fitness functions. We evaluated various
configurations of ATM on a large dataset of 16 Java projects with 661 (faulty) versions
collected from DEFECTS4J. We used the Fault Detection Rate (FDR) and Total Minimiza-
tion Time (MT') evaluation metrics to respectively assess the effectiveness and efficiency of
ATM, using three practical minimization budgets ranging from 25% to 75%. We identified
the best ATM configuration and compared it to FAST-R, a recently proposed set of black-
box TSM techniques, and random minimization, a standard baseline. For a minimization
budget of 50%, we observed that all ATM configurations achieved significantly higher FDR
results (0.82 on average) compared to FAST-R (0.61 on average) and random minimization
(0.52 on average). In addition, all ATM configurations ran within practically acceptable
time (1.1—4.3 hours on average), with combined similarity using GA being the best config-
uration when considering both effectiveness and efficiency (1.2 hours on average). Results
were consistent for other budgets (25% and 75%).
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Chapter 3

Improving the efficiency of test suite
minimization

This chapter addresses TOa, i.e., improving the efficiency, i.e., minimization time, of TSM
technique. The contents of this chapter have been published in the Journal of Transactions
on Software Engineering (TSE) [51].

3.1 Overview

As discussed in chapter 2, we proposed ATM, which is a TSM technique that achieves
better trade-off between effectiveness (i.e., FDR) and efficiency (i.e., MT) than the SOTA
approach, FAST-R. However, ATM still presents scalability issues for very large software
systems, since its total minimization time (the sum of preparation time and search time)
increases rapidly with test suite size, represented by the number of test cases per project
version. Our analysis of the total minimization time of ATM reveals that similarity mea-
sures play a major role in limiting its scalability, due to the fact that (1) computing
tree-based similarity is expensive, taking up to 41.20% of the total minimization time, and
(2) similarity measures impact the search convergence and speed. This motivated us to in-
vestigate similarity measures that are both more efficient to calculate and more informative
to guide the search.

Language models pre-trained on programming languages convert test code into vector-
based embeddings. This enables vector-based similarity measurement, which facilitates
implementation optimizations and results in much higher computational efficiency than
tree-based similarity measurement that relies on traversing AST trees. Moreover, these lan-
guage models are pre-trained on large source code corpora with various code understanding
and generation tasks, thus generating embeddings that capture informative syntactic and
contextual details from test code. This suggests that such embeddings with vector-based
similarity might be potentially more informative than tree-based similarity in guiding evo-
lutionary search. Therefore, in this chapter, we propose LTM (Language model-based Test
suite Minimization), a scalable, black-box similarity-based TSM approach that is based on
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pre-trained Large Language Models (LLMs) and vector-based similarity measures, mak-
ing it the first application of LLMs in the context of TSM, to the best of our knowledge.
LTM uses the source code of test cases (Java test methods), without requiring any prepro-
cessing, as input to five alternative pre-trained language models, namely CodeBERT [23],
GraphCode BERT [28],UniXcoder [27], StarEncoder [39], and CodeLlama [57], in order to
extract test method embeddings. Considering that test suite diversity was reported to have
a positive correlation with fault detection [2,29,30], LTM employs two similarity measures:
Cosine similarity and Euclidean distance, to calculate the similarity between the extracted
embeddings. Using the calculated similarity values, LTM employs a Genetic Algorithm
(GA) to minimize test suites, which searches for the most optimal subset of a test suite,
for a given testing budget. We evaluated LTM with the same dataset used to evaluate
ATM (DerECTS4J), followed a similar experimental design, and used the same evaluation
metrics of effectiveness and efficiency: Fault Detection Rate (FDR) and Minimization Time
(MT), respectively. In addition, considering the potential variation in test case execution
times, assessing minimized test suites based on their number of test cases only might not
always be accurate [36]. Therefore, we extended our evaluation of minimized test suites
using an additional metric: Time Saving Rate (T'SR). Moreover, we optimized GA by
utilizing a more efficient data structure to accelerate fitness calculation and enhance mem-
ory usage, which led to a 190-fold reduction in minimization time, without requiring any
additional computation resources. Then, we identified the best configuration of LTM by
considering both effectiveness and efficiency, among all its alternatives, and compared it
to the two best ATM configurations. Finally, we expanded our experiments by running
LTM on a much larger project that ATM could not handle, to further assess the scalability
of our approach.

Specifically, we address the following research questions.

e RQ1: How does LTM perform for test suite minimization under different configu-
rations? LTM achieves high FDR results (an overall average FDR of 0.79 across
configurations) for a 50% minimization budget (i.e., the percentage of test cases re-
tained in the minimized test suite). The best configuration of LTM is UniXcoder
using Cosine similarity when considering both effectiveness (0.84 FDR on average)
and efficiency (0.82 min on average), which also achieves a greater time saving rate
(an average TSR of 41.72%). For the large project, Closure, UniXcoder using Cosine
Similarity takes only 17.80 min in terms of MT and achieves an FDR of 0.79, while
saving 52.55% of testing time.

e RQ2: How does LTM compare to ATM? The best configuration of LTM outperforms
ATM by achieving significantly better FDR (0.84 versus 0.81, on average), and more
importantly, running much faster than ATM (0.82 min versus 4.06 min, on average),
in terms of both preparation time (up to two orders of magnitude faster) and search
time (up to one order of magnitude faster). The latter is particularly important on
typically large industrial systems and test suites where such differences practically
matter.

To summarize, the contributions of this work are as follows:
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e We propose a novel black-box TSM approach (LTM) that relies, for the first time, on
LLMs and two distance functions based on the generated embeddings. We investigate
and conduct a comprehensive comparison among five recent language models with
various model architectures, parameter sizes, inputs, and tasks used for pre-training.

e We optimize the search process of LTM by utilizing a more efficient data structure
for fitness calculation, which in turn reduced the search time by 190 folds.

e We conduct a thorough comparative analysis of the efficiency and effectiveness, as
well as the achieved saving in testing time, of black-box T'SM approaches based on a
large-scale test suite minimization experiments involving 17 Java projects with 835
versions, thus yielding valuable insights into the relative performance of alternatives.
Overall, the experiments took around three months in calendar time corresponding
to 6 years of computation on a cluster with 83,216 available CPU cores.

e We analyze the minimization time of LTM and show that it is much more scal-
able than the state-of-the-art (SOTA) approaches by running five times faster on
average—with even higher gains for larger systems and test suites typically encoun-
tered in practice—while achieving significantly higher fault detection rates, as a result
of using LLMs for embeddings.

Chapter Structure The rest of this chapter is organized as follows. Section 3.2 reviews
related work and motivates our research for this chapter. Section 3.3 describes our test
suite minimization approach. Section 3.4 validates our approach, reports the experimental
design and results, and discusses the implications in practice. Section 3.5 discusses the
validity threats to our results. Section 3.6 draws conclusions and suggests future work.

3.2 Related Work

Test suite minimization (TSM) aims at improving the efficiency of software testing by re-
moving redundant test cases, thus reducing testing time and resources while maintaining
the effectiveness of the test suite (i.e., fault detection capability) [36]. There are various
approaches that have been proposed to address TSM, including (a) greedy heuristics-based
approaches [46, 48], which select test cases iteratively based on code coverage information,
(b) clustering-based approaches [14,40], which group test cases based on the similarity of
their coverage information, and (c) search-based approaches [30,72], which employ evolu-
tionary search to find an optimal subset of the test suite using model-based features. Most
of these approaches utilize code coverage information (white-box) [69] (i.e., requires access
to the system production code) or model-based features, which are not always available to
test engineers [5,50]. Moreover, collecting code coverage information can result in up to
30% time overhead [15,31], making it not scalable for large test suites and systems.

Viggiato et al. [65] investigate the similarity of test cases that are written in natural
language. Though their objective is to identify redundancy among test cases, as opposed
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to TSM within a budget, their similarity measures can priori be further used for this pur-
pose. They convert test cases into vector-based representations using five text embedding
techniques (i.e., Word2Vec [45], BERT [18], Sentence-BERT [56], Universal Sentence En-
coder [10], and TF-IDF (Term Frequency-Inverse Document Frequency) [33]). They then
identify similar test cases utilizing clustering algorithms to group similar test steps based
on two different similarity metrics (Word Mover’s Distance (WMD) [38] and Cosine Simi-
larity). The results show that their approach achieves an F-Score of 83.47% for identifying
similar test cases. In summary, different from our work, their focus is on identifying re-
dundant test cases written in natural language, as opposed to code, and they do not aim
to optimize a test suite within a budget.

Philip et al. [53] proposed a black-box approach, called FastLane, which relies on test
and commit logs containing historical information, to predict test case outcomes (i.e., pass
or fail) using logistic regression to skip their execution. Using such information, FastLane
reduces testing time and resources by running only a subset of test cases instead of the
whole test suite. Results showed that FastLane reached 99.99% in terms of test outcome
accuracy and saved up to 18.04% of testing time. However, it requires historical information
about multiple runs of test cases, thus making FastLane inapplicable for new or recent test
cases. Moreover, FastLane cannot be easily adapted to given minimization budgets (i.e.,
a predefined percentage of test cases to be executed). Arrieta et al. [5] relied on test case
inputs and outputs for simulation-based testing and employed Non-Dominated Sorting
Genetic Algorithm 1T (NSGA-II) [17] to find an optimal subset of test cases as a minimized
test suite. Chang et al. [11] detected redundancy in test cases written in natural language
using word embedding techniques and Cosine similarity. However, such information is not
accessible in many contexts, thus rendering such black-box approaches not applicable.

Cruciani et al. [15] proposed a black-box approach, called FAST-R, that relies solely
on the source code of test cases. FAST-R converts test code into vectors using a term
frequency model [61] and then employs a random projection technique [34] to reduce the
dimensionality of vectors. Based on these vectors, clustering-based algorithms were per-
formed with the centroids of clusters selected as a minimized test suite. Results showed
that, compared to white-box approaches, FAST-R was much more efficient in terms of
total minimization time while achieving comparable effectiveness in terms of fault detec-
tion capability. However, FAST-R achieved relatively lower fault detection capability for
Java projects, with median fault detection rates ranging from 0.18 to 0.22 for minimization
budgets ranging from 1% to 30%. With such low effectiveness, FAST-R is therefore not a
viable option in many practical contexts.

To achieve a better trade-off between the effectiveness and efficiency of test suite min-
imization, Pan et al. [50] proposed a black-box test suite minimization approach, called
ATM, which relies on test code similarity and evolutionary search. ATM preprocessed
test code by removing the information that is irrelevant to the testing rationale and then
converted it into Abstract Syntax Trees (ASTs). Then, four different tree-based similar-
ity measures (i.e., top-down, bottom-up, combined, and tree edit distance) were used to
calculate similarity values between these ASTs. Finally, evolutionary search (i.e., GA and
NSGA-II) was employed using the similarity values as fitness to find, for a given test bud-
get, an optimal subset of the test suite that contains diverse test cases. Results showed
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that the best configuration of ATM (i.e., GA with combined similarity) achieved a better
trade-off in terms of effectiveness and efficiency of test suite minimization than FAST-R by
achieving a significantly higher average fault detection rate (+19%) while running within
practically acceptable time (1.2 hours on average), thus making it a better option in many
contexts compared to FAST-R.

However, ATM suffers from limitations regarding its scalability for very large projects in
the dataset, such as Time, which consists of 30k lines of code in its most recent version with
large test suites (nearly 4k test cases per version), as minimization took more than 10 hours
per project version as compared to FAST-R (2.17 seconds) and random minimization (0.006
seconds). The similarity measures used by ATM had a direct impact on its scalability.
First, the similarity calculation time took up to 41.20% (using tree edit distance) of the
overall minimization time of ATM, which is due to the fact that converting test code into
ASTs and calculating tree-based similarity based on ASTs are both time- and resource-
consuming. Second, the search time, which was influenced by the employed similarity
measures and the number of test cases per version, increased rapidly with the test suite
size. Interestingly, though tree edit distance took much longer to calculate than other
ATM similarity measures, it enabled GA search to converge faster towards the termination
criterion (a fitness improvement of less than 0.0025 across generations). Although GA
with combined similarity was identified as the best ATM configuration based on the average
minimization time across projects (1.2 hours), it is important to note that it was 2.5 hours
slower than GA with tree edit distance for the largest test suite with nearly 4k test cases.
Therefore, when dealing with large test suites, adopting a more informative similarity
measure that facilitates faster search convergence can result in a notable reduction in
minimization time, regardless of the computational cost associated with the similarity
calculation.

In contrast to the above TSM approaches, LTM relies on test code without requir-
ing any preprocessing, and employs large pre-trained language models (i.e., CodeBERT,
GraphCodeBERT, UniXcoder, StarEncoder, and CodeLlama) and commonly used vector-
based similarity measures (i.e., Cosine similarity and Euclidean distance) [66] to generate
more informative similarity values between test case pairs. The goal is to both calculate
similarity more efficiently and better guide the search algorithm (GA) to converge faster
to a better fault detection capability.

3.3 LTM: Language Model-based Test Suite Mini-
mization

This section describes our approach for test suite minimization, called LTM, relying on
language models to compute test code similarity and enable the use of evolutionary search
for minimization. Our goal is to find a black-box solution that achieves a better trade-off,
in terms of scalability and effectiveness, than the latest state-of-the-art (SOTA) approach,
namely ATM [50]. Despite the higher fault detection rates achieved by ATM, it has limi-
tations in terms of scalability, which are due to the transformation of test cases into ASTs
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and the time-consuming calculation of tree-based similarity, making it difficult to apply
for very large software systems. Similar to ATM, LTM is also a similarity-based approach
operating under the assumption that there exists a positive correlation between test suite
diversity and its fault detection capability [30]. We aim to find a similarity measure that is
not only more computationally efficient but also provides better guidance for the search to
converge faster to a higher fault detection capability and thus result in less search time. To
achieve this, we employed pre-trained language models to generate code embeddings and
used them as the basis to measure the vector-based similarity between test case pairs. The
computation of vector-based similarity is much more efficient than tree-based similarity re-
quiring tree traversal. Moreover, language models have the capability to capture patterns
based on the syntax and semantics of test case code without requiring preprocessing or
feature extraction, making them a more suitable alternative in our context.
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UniXcoder est Method
StarEncoder Embedding
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Figure 3.1: Main steps of LTM to perform test suite minimization

Figure 3.1 outlines the main steps of LTM to minimize test suites. Regarding the
first two steps, we describe how we tokenized the source code of test cases (Section 3.3.1)
and then extracted embeddings using language models (Section 3.3.1). Then, we describe
the algorithms (Cosine Similarity and Euclidean Distance) we employed for measuring
the similarity between these embeddings (Section 3.3.2). Finally, we describe the search
algorithm (Genetic Algorithm) we employed to minimize test suites using the similarity
measures as fitness.

3.3.1 Language Models for Test Method Representation

ATM used ASTs (represented in XML format) to preserve the syntactic structure of test
case code and calculated tree-based similarity between the ASTs of test case pairs, which
we observed to be time- and resource-consuming due to the need for tree traversal, thus
leading to scalability issues. In addition, we found that among all tree-based similarity
measures, ATM using tree edit distance achieved the highest FDR and required the least
search time across all project versions, since it made the search algorithm converge faster
towards the termination criterion, that is fitness improvement is less than 0.0025 across
generations. This suggests that, regardless of the computational cost associated with its
calculation, tree edit distance is a more informative similarity measure as it can be more
effective in guiding the search to converge faster towards a higher fault detection rate.
Therefore, we aim to develop a solution that overcomes the scalability issues of ATM
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by finding similarity measures that (1) do not require test code preprocessing, (2) are
computationally efficient, and (3) are more informative, offering better guidance to the
search algorithm and accelerating its convergence, thus reducing search time.

In this chapter, we employ five pre-trained language models, namely CodeBERT [23],
GraphCodeBERT [28], UniXcoder [27], StarEncoder [39], and CodeLlama [57]. We select
these models for the following reasons:

e CodeBERT, GraphCodeBERT, and UniXcoder are open-source publicly available
language models that are specifically designed for programming languages and pre-
trained on a large source code corpus. These language models surpassed the perfor-
mance of other SOTA models in code clone detection tasks [23,27,28,41], relying on
the similarity between pairs of code fragments [27], thus making them viable options
for similarity-based test suite minimization.

e Similar to CodeBERT and its follow-up models, StarEncoder is a language model
designed for understanding and analyzing code. Though it was not assessed for code
clone detection tasks, StarEncoder is more recent and was pre-trained on a dataset
encompassing more diverse (86) programming languages, enabling it to recognize test
case patterns written in different coding styles.

e Unlike the above models that are pre-trained for code understanding tasks, Codel-
lama is specialized for code generation and infilling tasks (i.e., filling a missing part
of a code snippet). It has billions of parameters, which is significantly higher than
the parameter size (125Million) of the above models, and was pre-trained on a larger
dataset, making it potentially able to distinguish test code more precisely.

In our context, these language models take the source code of test cases as input,
without requiring any preprocessing or transformation into other formats, and generate
embeddings that capture both semantic and contextual information from test case code.
The output of these language models is represented as numeric vectors, which offer the
opportunity to employ a variety of vector-based algorithms to measure similarities between
test cases. The process starts by passing the source code of a test case (a Java test method
in our context) as input to the language models, which is then converted to a list of tokens,
each of which is assigned an individual numerical vector representation. The final output
is a vector representation (embedding) generated for the test method, which aggregates
the information from all individual vector representations, which is called a test method
embedding in our context.

Tokenizing Test Methods

Language models deal with a test code fragment (method) as a sequence of tokens and split
it using byte-pair-encoding (BPE) [58], which is a subword segmentation algorithm that
splits words into a sequence of sub-words. This enables language models to better handle
out-of-vocabulary words, such as method and variable names. For example, the tokenizer
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splits the method name testCloning into Gtest (where G denotes a space), Cl and oning,
since the testCloning word does not exist in the vocabulary and is thus separated into these
three sub-words. The generated tokens are then processed as follows.

e CodeBERT, GraphCodeBERT, and StarEncoder add two special tokens, namely
[CLS] and [SEP], to the beginning and end of each sequence of tokens, respectively.
The CLS token is a special token that represents the whole input sequence, whereas
the [SEP] token is a separator token that denotes the end of the sequence [18]. In
summary, each test method is represented as [CLS], c1,ca, ..., Ccm, [SEP], where ¢;
denotes the i code token and m is the total number of code tokens.

e For UniXcoder, besides the [CLS] and [SEP] tokens, an additional special token
([Enc], [Dec], or [E2D]) is added to the beginning of the input indicating the
pre-training mode of the model as encoder-only, decoder-only, or encoder-decoder
mode, respectively. These modes differ in terms of model architectures and training
tasks during pre-training, thus supporting various downstream tasks. We used the
encoder-only mode for producing contextualized code embeddings, as decoder-related
modes are used for code generation [27]. Therefore, the final input for UniXcoder is
represented as [CLS], [Enc], [SEP],c1,c2,....,Cm, [SEP].

e CodeLlama uses <s> and </s> tokens denoting the beginning and end of each token
sequence, respectively: (<s>,c1,€2, ..., Cm,</5>).

During pre-training, each token is then mapped to a 768-dimensional vector represen-
tation that contains the semantic and contextual information of this token for all language
models above, except for CodeLlama where the vector size is 4,096. We set the token
length to 512 for all language models during the tokenization process.

Generating Test Method Embeddings

A test method embedding is a numerical vector representation of a test method that
captures semantic and contextual information from the source code. It is based on how
and on what data a model was pre-trained, as follows.

e CodeBERT pre-trained code representations are based on a large corpus called Code-
SearchNet [32], which contains both natural language (e.g., code comments) and
source code across six programming languages. Its follow-up models (GraphCode-
BERT and UniXcoder) leveraged data flow information during pre-training, which
captures relationships between variables in the input code fragments and ASTs of
the source code, respectively, to enhance the code representation.

e StarEncoder was pre-trained on a large dataset encompassing 86 programming lan-
guages collected from The Stack [37], which is specifically crawled from GitHub
repositories for pre-training code LLMs.
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e CodeLlama was pre-trained on a massive dataset (500Billion tokens) containing both
source code and natural language. CodeLlama has multiple variations and model
sizes, depending on the type of training data and parameter size. In this chapter,
considering the importance of scalability, we used the smallest version of CodeLlama
(i.e., CodeLlama-7b), which has seven billion parameters.

In terms of model architecture:

e CodeBERT and StarEncoder employ a multi-layer bidirectional self-attentive Trans-
former [64] as model architecture to help the model capture contextual and positional
information for each token from the entire input sequence.

e GraphCodeBERT extends such architecture using a graph-guided masked attention
function to help the model encode graph-based data flow information.

e UniXcoder, on the other hand, is based on a multi-layer Transformer with a prefix
denoting the pre-training mode of the model. The model architecture for the encoder-
only mode, which is employed by LTM, allows the model to learn, for each token,
the contextual information from the entire input sequence.

e CodelLlama uses an optimized auto-regressive transformer, enabling the model to
efficiently predict missing parts within code sequences. Despite being a decoder-only
model, CodeLlama exhibits the capability to understand the test code context and
generate missing parts accurately.

During pre-training;:

e CodeBERT employs Masked Language Modeling (MLM) [18], which allows the model
to predict the masked tokens from the input sequence and whether a token was
randomly replaced in a given sequence [13]. These two tasks help the model generate
code embeddings that contain more accurate contextual information, accounting for
the position of the tokens in the source code input.

e GraphCodeBERT also employs MLM with two additional tasks: Edge Prediction [28]
and Node Alignment [28]. Edge Prediction allows the model to predict which edges,
which denote dependencies between variables, have been masked for a given variable
in the data flow graph. Node Alignment allows the model to predict which code
token is related to a given variable in the data flow graph. These two tasks further
enhance the code representation using data flow information.

e UniXcoder also uses the MLLM task for the encoder-only mode, and further learns the
test method embedding, which is first generated by taking the average (i.e., mean
pooling) of all token embeddings and then further trained by utilizing multi-modal
contrastive learning [24] and cross-modal generation [27], which both leverage AST
and code comments to further enhance test method embeddings. Multi-modal con-
trastive learning generates different embeddings for the same input but with different
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dropout masks, which allows the model to predict the original embedding using the
other generated embeddings. This task helps the model to better distinguish be-
tween different method embeddings and thus can better deal with downstream tasks,
such as test method similarity analysis [24]. Cross-modal generation generates code
comments for the input test method. This helps the model to fuse the semantic
information from the code comments, which describe the function of the code, to the
test method embeddings.

e StarEncoder also employs MLM in addition to Next Sentence Prediction (NSP) [18],
which helps the model learn the relationship between test code segments by predicting
whether segments follow other segments.

e Unlike the above models, CodeLlama employs the code infilling task, which allows
the model to generate the missing part of a code snippet while comprehending the
entire context. This enables the model to understand the logical structure of the test
code and the relationships between test code segments.

For LTM using CodeBERT, GraphCodeBERT, and StarEncoder, we use the embedding
that corresponds to the [CLS] token as a test method embedding, since it aggregates
the information from all tokens of that method. For LTM using UniXcoder, we use the
pre-trained test method embedding corresponding to each test method. For LTM using
CodeLlama, we rely on the mean pooling of the last hidden states (i.e., the average of
all token embeddings extracted from the last hidden layer of the model), which is also an
effective strategy that aggregates the information from all code tokens [43].

3.3.2 Similarity Measurement of Test Method Embeddings

LTM employs two similarity measures for calculating the similarity between test method
embeddings: Cosine Similarity and Euclidean Distance. They measure the similarity be-
tween test method embeddings from different aspects: Cosine similarity measures the angle
between two vectors, whereas Euclidean distance calculates the straight-line distance be-
tween them.

Cosine similarity. This is a measure of similarity between two vectors based on the
cosine of the angle between them [26], which is the dot product of the vectors divided by
the product of their lengths, and is calculated as follows:

Ty - Ty
T[Tzl
where Ty and Ty denote the embeddings of test case T; and T», respectively.

(3.1)

Cosine Similarity =

The value of Cosine similarity ranges from —1 to 1. The higher the value of Cosine
similarity, the more similar the two test cases are. In order to bound the value of Cosine
similarity between 0 and 1, we normalized it as follows:
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Euclidean distance. This is a measure of similarity between two vectors based on the
square root of the sum of squared differences between corresponding elements of the two
vectors [26], which is calculated as follows:

Euclidean Distance = (Z (t1; — tgi)z)l/2 (3.3)

where #1; and f9; is the i'" element of embedding 7} and T, respectively. m is the total
number of elements in each embedding (4, 096 for CodeLlama and 768 for the other models).

The value of Euclidean Distance ranges from 0 to co. The higher the value of Euclidean
distance, the less similar the two test cases. In order to bound the Euclidean distance
between 0 and 1, and obtain a similarity measure, we normalized the distance as follows [19]:

1
Norm. Euclidean Dist. = (3.4)

L+ (X7 (11 — 19,)%) 112

We used the ‘pdist’ function! from the Scipy Python library, which performs pairwise
calculations for large datasets. The ‘pdist’ employs highly optimized C code to improve
the efficiency of similarity calculation on vector-based data, and stores the output in a
condensed matrix, which further reduces the required memory resources.

3.3.3 Search-based Test Suite Minimization

Given that test suite minimization is an NP-hard problem [30], it can be addressed effi-
ciently using meta-heuristic search algorithms [50] to find feasible, near-optimal solutions,
a minimized test suite containing diverse test cases for a given budget in our context. Like
ATM, we relied on a Genetic Algorithm (GA) since it has shown, in the context of TSM,
to achieve a better trade-off between effectiveness and efficiency than its multi-objective
alternative, namely Non-Dominated Sorting Genetic Algorithm II (NSGA-II) [50]. The
optimization problem addressed by the GA is defined as a fixed-size subset selection prob-
lem [8]. Each solution (chromosome) is a subset and is represented as a binary vector where
1 denotes the selection of the test case and 0 otherwise. The vector length equals the total
number of test cases in the test suite before minimization. Given specified minimization
budgets (25%, 50%, and 75%), the percentage of selected test cases in each solution is set
to equal to the budget. For the fitness function, we used the summation of the maximum
squared similarity values (i.e., Normalized Cosine Similarity and Normalized Euclidean
Distance), shown below:

https://docs.scipy.org/doc/scipy/reference/generated/scipy.spatial.distance.pdist.
html
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Sisiem, (Maxij i em,izj Sim(1i,17))?

n

Fitness = (3.5)
where M,, is a minimized test suite of size n, and Sim(t;,t;) is the normalized similarity
score of test cases pair t; and ¢ I

To select hyperparameter values, we followed the same published guidelines? as ATM
for GA search, by using a population size of 100, a mutation rate of 0.01, and a crossover
rate of 0.90. The GA process maximizes the diversity of the subset by iteratively evolving
the population using crossover and mutation operators while evaluating each subset using
the predefined fitness function. For each generation, the size of each solution (subset)
remains fixed and equal to the minimization budget. This process is repeated until the
fitness value improvement across generations is less than 0.0025.

Sim TC1 TC2 TC3

TC1 0 0.8 0.3
TC2 0 0 0.6
TC3 0 0 0

Figure 3.2: An example of how similarity values of pairs of test cases are represented using
a matrix. Values on and below the diagonal are set to 0 as they are either useless or
duplicates.

In terms of implementation, LTM optimizes GA search by changing the data structure
of the input (i.e., similarity values) to (1) accelerate the fitness calculations and (2) en-
hance memory usage. The data structure employed by ATM for storing similarity values
is a data frame 3, which has a complex indexing and labeling mechanism, thus making
fitness calculation computationally expensive. Therefore, we use matrices ¢ instead, since
they facilitate faster numerical calculations due to the fact that (1) it is a simpler data
structure without complex indexing and labeling and (2) the matrix operations are im-
plemented using highly optimized C code that ensures efficient computation and memory
management. As shown in Figure 3.2, we stored the similarity values for all pairs of test
cases in a matrix format without any duplicate and useless values (the similarity values on
and below the diagonal of the matrix were set to 0). To save memory and further accelerate
calculations, we employed a sparse matrix format °, which exclusively preserves the value
and position (indicating for which pair of test cases a given similarity value represents)
of non-zero similarity values. Note that we did not parallelize the fitness calculation as it
significantly increases the memory required by the matrix, which must contain similarity
values for all considered subsets, making it less scalable. Although fitness calculations can
be parallelized in other ways, such as multiprocessing, which utilizes multiple CPUs to

’https://www.obitko.com/tutorials/genetic-algorithms/recommendations.php
3https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.html
4https://numpy.org/doc/stable/reference/generated /numpy.array.html
Shttps://docs.scipy.org/doc/scipy /reference /sparse.html
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parallelize fitness calculation, or distributed computing [8], which distributes the fitness
calculation to various devices or nodes, they require additional computational resources,
which contradicts our goal of improving scalability.

3.4 Validation

This section reports on the experiments we conducted to assess the effectiveness and effi-
ciency of LTM.

3.4.1 Research Questions

RQ1: How does LTM perform for test suite minimization under different
configurations? Test suite minimization aims to reduce the number of test cases in a

test suite by removing redundant test cases while maintaining its fault detection power,
thus achieving higher testing efficiency and effectiveness. In particular, the performance
of LTM can be influenced by (a) the language models used for extracting test method
embeddings and (b) the distance functions used for measuring the similarity between test
method embeddings. In this RQ, we assess the performance, in terms of effectiveness
and efficiency, of LTM under different configurations, each with a different combination
of language model and distance function. We evaluated LTM using three minimization
budgets (i.e., 25%, 50%, and 75%).

e RQ1.1: How effectively can LTM minimize test suites? The language
models used for LTM (i.e., CodeBERT, GraphCodeBERT, UniXcoder, StarEncoder,
and Codellama-7b) vary in terms of architectures and training data, thus generating
embeddings that capture different information about test case code. The distance
functions we used to measure the similarity or distance between test method embed-
dings differently, which can lead to different comparison results. Therefore, the com-
bination of language models and distance functions can affect the ability of LTM to
remove redundant test cases, which can in turn affect its fault detection capability.
In this RQ, we assess the effectiveness of LTM in terms of fault detection capabil-
ity under different configurations. In addition, we calculated the execution time of
minimized test suites to quantify the achieved time savings resulting from test suite
minimization.

e RQ1.2: How efficiently can LTM minimize test suites? Test suite min-
imization should run within practical time. The use of different combinations of
language models and distance functions can impact the preparation time, and the
resulting similarity values can guide the GA search to varying degrees of efficiency,
thus resulting in different search time. In this RQ, we assess the efficiency of LTM in
terms of preparation time (taken for test code tokenization, embeddings extraction,
and similarity calculation) and search time (taken for GA search).
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RQ2: How does LTM compare to ATM? ATM was developed as a black-box test

suite minimization approach that achieved a better trade-off, in terms of effectiveness
and efficiency, than the SOTA approach (FAST-R [15]). However, the minimization time
of ATM increased rapidly with test suite size, making it less scalable for large projects
with large test suites. For example, ATM required more than 10 hours, in terms of total
minimization time, to minimize a large project in the dataset used for its evaluation, thus
indicating scalability issues. In this RQ, we assess the performance of LTM compared to
the two best configurations of ATM, specifically ATM using GA with combined and tree
edit distance similarity measures, in terms of both effectiveness and efficiency.

e RQ2.1: How effectively can LTM minimize test suites compared to
ATM? We aim to find an informative similarity measure that can better capture
similarities between test cases, thus achieving higher FDR. In this RQ, we compare
the best configuration of LTM to the two best configurations of ATM in terms of
fault detection capability.

e RQ2.2: How efficiently can LTM minimize test suites compared to ATM?
To achieve better scalability compared to ATM, we aim to reduce (a) preparation
time, by investigating a similarity measure that is more efficient to calculate, and (b)
search time, by investigating a more informative similarity measure that can better
guide the search, thus resulting in faster convergence. In this RQ, we compare the
efficiency of LTM to the two best configurations of ATM in terms of both prepara-
tion time and search time. Further, to better assess scalability for both LTM and
ATM, we fit a regression model to investigate how minimization time (the sum of
preparation time and search time) increases with the size of a test suite.

3.4.2 Experimental Design and Dataset

We conducted experiments to evaluate the performance of alternative LTM configurations,
each with a different combination of language model and similarity measure, resulting in
ten configurations in total (five different language models and two similarity measures),
using the same experimental design and dataset as ATM. We conducted our experiments
on a cluster of 1,340 nodes with 83,216 available CPU cores, each with a 2x AMD Rome
7532 with 2.40 GHz CPU, 256M cache L3, 249GB RAM, running CentOS 7. We considered
each Java project version as an independent subject and conducted our experiments on all
Java project versions (835 in total) in the dataset to increase the number of instances for
experimental evaluation and, therefore, enhance the soundness of our conclusions. Each
TSM approach was performed on every project version and ran 10 times to account for ran-
domness and draw statistically valid conclusions, using three minimization budgets (25%,
50%, and 75%), which is the percentage of test cases that retained in the minimized test
suite). There is a total of 25,050 runs (835 Java project versions x 10 runs per version X
3 minimization budgets) for each configuration. Overall, the experiments, including simi-
larity calculations, GA search, as well as executing all test suites 10 times, took more than
three months in calendar time corresponding to 6 years of computation. We identified the
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best configuration of LTM considering both the effectiveness and efficiency and compared
it to the two best configurations of ATM. Our data, scripts, and raw results can be found
in our replication package [52]

Baseline approach (ATM)

We compared LTM to ATM [50], a similarity-based, search-based test suite minimization
approach that relies solely on the source code of test cases. ATM preprocesses test code by
removing information that is irrelevant to testing logic from the test code, then converts
test code into ASTs. ATM calculates four different tree-based similarity measurements
between test case ASTs: top-down, bottom-up, combined and tree edit distance similarity.
Note that ATM does not use the full code (i.e., the source code of test cases without
preprocessing) as it would make the already-long preparation phase of ATM much longer
and impractical in realistic settings. This is due to the fact that (1) the XML files used by
ATM to store Abstract Syntax Trees (ASTs) of test cases would require substantial storage
space and (2) it would take longer time to traverse the ASTSs of test cases when calculating
similarity, thus yielding much longer preparation time for transforming the test case code
into ASTs and calculating similarity values. As a result, ATM’s preparation time can take
up to 41.2% of the total minimization time, and using the full code in ATM would make
matters much worse.

After the preprocessing step, search algorithms (i.e., GA and NSGA-II) were then
employed based on similarity values to find an optimal subset of test cases by removing
redundant test cases. Using GA with combined similarity, ATM achieved a better trade-
off in terms of effectiveness and efficiency compared to a SOTA test suite minimization
approach, FAST-R [15]. However, it suffered from scalability issues as, for example, it took
more than 10 hours to minimize 4k test cases for the largest test suite. This motivated us
to compare LTM to ATM, in terms of fault detection capability and, more importantly,
minimization time. We aim to assess whether LTM can be more scalable than ATM while
achieving comparable or even higher fault detection capability. We compared LTM to the
two best configurations of ATM, using GA with combined similarity (ATM/Combined)
and tree edit distance (ATM/TreeEditDistance). The former was the best configuration
considering the trade-off between effectiveness and efficiency, whereas the latter achieved
higher fault detection capability but was more time-consuming than the former in terms
of total minimization time. We further evaluated the achieved saving in testing time for
every minimized test suite for both LTM and ATM. We relied on the publicly available
replication package of ATMS provided by its authors.

Dataset

To facilitate comparisons, we ran our experiments using the same dataset as ATM to
evaluate the effectiveness and, more importantly, the scalability of LTM. The dataset
consists of 16 Java projects collected from DEFECTS4J, a well-known dataset that offers

Shttps://doi.org/10.5281/zenodo. 7455766
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real and reproducible faults extracted from real-world, open-source Java projects to support
software testing research. There is no publicly available industrial system or open source
system that contains information to automatically trace test failures to system faults,
a key requirement for our experiments. To further validate the performance of LTM,
we included an additional large project from DefectsdJ, called Closure, which was not
part of the dataset used to evaluate ATM due to scalability issues. Each project has
numerous faulty versions, each of which contains a single real fault that is present in the
production code and leads to the failures of one or more test cases. It is worth noting that
there is currently no publicly available dataset that offers multiple real faults per version,
as automatically establishing a clear link between faults and test case failures would be
challenging. Table 3.1 presents the characteristics of all 17 projects. Overall, the project
sizes in terms of KLoc range from 2 to 179 KLoc, with the corresponding tests sizes ranging
from 4 to 253 KLoc. The number of faulty versions ranges from 4 to 174 across projects,
with the average number of test cases per version ranging from 152 to 7, 308 across projects.
Project sizes and tests sizes (i.e., lines of code) were extracted by analyzing the most recent
version of each project using the CLOCT tool. In summary, we evaluated LTM using a total
of 835 versions from 17 projects. However, given the scalability limitations of ATM [50],
we compared our results to ATM using only the 661 versions from the original 16 projects,
excluding the Closure project.

Table 3.1: Summary of the 17 Java projects

Project Project Size # of versions Average # of test cases Tests Size
’ (KLoC) (faults) (methods) per version (KLoC)

Chart 92 26 1,817 41
Cli 2 39 256 4
Codec 9 18 413 15
Collections 30 4 1,040 38
Compress 45 47 404 29
Csv 2 16 193 7
Gson 9 18 984 20
JacksonCore 31 26 356 45
JacksonDatabind 74 112 1,814 72
JacksonXml 6 6 152 10
Jsoup 14 93 494 13
JxPath 20 22 250 6
Lang 30 64 1,796 61
Math 71 106 2,078 73
Mockito 21 38 1,182 36
Time 30 26 3,918 56
Closure 179 174 7,308 253

Evaluation metrics

We used the same evaluation metrics as ATM, specifically fault detection rate and total
minimization time, in addition to the achieved saving in testing time of minimized test
suites.

"https://github.com/AlDanial/cloc
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Fault Detection Rate (FDR). We use FDR to assess the effectiveness of LTM compared
to ATM. The FDR was calculated for each project as follows:

_Zin fi
m

FDR (3.6)

where m refers to the total number of versions (system faults). For each version i, f; equals
to 1 if at least one failing (or fault-triggering) test case is included in the minimized test
suite, or 0 otherwise.

Total Minimization Time (MT). We assess the efficiency of LTM compared to ATM
by computing (1) the preparation time, which includes the time required for loading the
language models, tokenizing test case code, extracting test method embeddings, and cal-
culating similarity values between all pairs of test cases, and (2) the search time, which is
the time required for running the GA.

Time Saving Rate (TSR). We use TSR to quantify the achieved testing time savings
resulting from test suite minimization. It is important to note that the reduction in test
execution time may not be directly proportional to the reduction in the test suite size, as the
time required to execute individual test methods may vary [36]. Using the DEFECTS4J
infrastructure, we ran the test suite for each project version (835 versions in total) 10
times and collected the average execution time for each test method in a clean, stable
environment, a cluster with many available CPU cores. This ensures that each run runs
independently and is not impacted by external interferences and fluctuations in memory
or CPU performance. Then, we calculate the TSR for each minimized test suite as follows:

test execution time after TSM

TSR =(1- ) * 100 (3.7)

test execution time be fore TSM

Fisher’s exact test. We use Fisher’s exact test [55], a non-parametric statistical hy-
pothesis test, to assess whether the difference in proportions of detected faults between the
alternative LTM and ATM configurations is significant.

3.4.3 Results

In this section, given space constraints, we only report results for a minimization budget of
50% (the percentage of test cases retained in the minimized test suite) as trends and con-
clusions are similar for other budgets (25% and 75%), which are available in our replication
package [52].

Using full test code versus preprocessed test code in LTM

One important question is whether the source code of test cases requires preprocessing,
such as removing test case names, logging statements, comments, and test assertions.
Though such preprocessing was performed by ATM [50], due to necessity (Section 3.4.2),
this information may still convey relevant information about test case similarity, thus
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retaining them can potentially improve fault detection capability. This information can
also help language models better learn about semantic and contextual information about
test cases and thus generate more informative test method embeddings. For example,
code comment ‘Tests the equals method’ describes the functionality of the test code, thus
providing potentially important semantic information [27]. Therefore, we conducted a
preliminary study to compare the FDR results of LTM using full code (i.e., the source
code of test cases without preprocessing) and preprocessed code on a sample of 10 smaller
projects from the DEFECTS4J dataset. We observed that LTM achieved higher FDR results
using full code than using prepossessed code (+0.02 on average) across all configurations,
thus making the former a better choice for our experiments. We summarize the results
and provide further details in our replication package [52].

Improvement using optimized GA.

As discussed in Section 3.3.3, we optimized GA to accelerate the search process. Our
results revealed that, compared to MT before optimization, the search time of ATM/Com-
bined and ATM /TreeEditDistance is 224.66 and 203.02 times faster per project version,
respectively. For LTM, the search time is 190.48 times faster per project version, across all
configurations, which is a significant improvement in scalability. Note that the following
comparisons between LTM and ATM are based on applying this optimized GA to both
approaches.

RQ1 results

Tables 3.2, 3.3, and 3.4 provide the results of LTM in terms of FDR, MT (in min), and
TSR (in percentage), respectively, when using CodeBERT, GraphCodeBERT, UniXcoder,
StarEncoder, and CodeLlama-7b with Cosine and Euclidean similarity measures, for a 50%
minimization budget.

RQ1.1 results. Table 3.2 shows that all LTM configurations achieved a high FDR,
ranging from 0.65 to 0.95 across projects, with both the mean and median ranging from
0.75 to 0.84 for all configurations, for a 50% minimization budget. The highest overall
average F'DR was achieved using UniXcoder/Cosine (mean = 0.84, median = 0.82), ranging
from 0.75 to 0.95 across projects. However, LTM using CodeBERT /Euclidean also yielded
a high FDR (mean = 0.82, median = 0.84). CodeBERT /Euclidean and UniXcoder/Cosine
showed standard deviations of 0.06 and 0.07, respectively. In addition, Fisher’s exact test
results reveal that LTM using UniXcoder/Cosine achieved significantly better FDR results
than all other configurations, with @ = 0.01.

Figure 3.3 depicts the average FDR for all projects across generations, for all configura-
tions of LTM. Compared to other configurations, LTM using UniXcoder/Cosine converges
faster to a higher FDR (0.84 across projects), suggesting that it offers better guidance for
the GA search, making it more effective at removing redundant test cases and thus leading
to a better fault detection rate.
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We observed that, for each language model, there seems to be a significant difference in
FDR between using Cosine Similarity and Euclidean Distance, which is further confirmed
by Fisher’s exact test with @ = 0.01. This suggests that F'DR results are influenced by
the combination of language models and distance functions. The embeddings generated by
UniXcoder and GraphCodeBERT are enriched with detailed information about the nodes
and edges within test code ASTs. This could be the reason that Cosine Similarity, as a
directional similarity, is more informative in distinguishing such test method embeddings
than Euclidean Distance, a magnitude similarity. For CodelLlama-7b, the embedding di-
mensionality is 4,096, compared to 768 for other language models, which can explain its
better performance with Cosine Similarity over Euclidean Distance, since the latter is less
effective in high-dimensional spaces [68].

In certain projects (Cli, Codec, Csv, and Time), UniXcoder/Cosine yielded a 5% to
10% lower FDR than other configurations. However, Fisher’s Exact Test revealed that
those differences are not significant. Nevertheless, we provide some tentative explana-
tions regarding these projects: (1) A larger training data set covering a greater variety
of programming languages (StarEncoder) and a substantially greater number of param-
eters (CodeLlama) might be beneficial for understanding test code from these projects,
and (2) using ASTs as input for pre-training might introduce unnecessary details into test
method embeddings, if test cases in these projects are similar in terms of code structure
but rather differ regarding low-level details (e.g., complex string manipulation or domain-
specific character strings), thus making UniXcoder less effective in understanding their test
code.

In addition, we observed that UniXcoder/Cosine achieved a higher average FDR than
CodeLlama-7b/Cosine (mean = 0.80, median = 0.81) and CodeLlama-7b/Euclidean (mean = 0.76,
median = 0.76). This suggests that language models with fewer parameters (125Million
for UniXcoder) can outperform much larger language models (7Billion for CodelLlama-7b)
for our minimization problem. This can be attributed to the fact that CodeLlama-7b,
like most large language models, is a decoder-only model that was pre-trained for code
generation tasks, while UniXcoder employs code understanding tasks that are more effec-

tive in analyzing and comprehending the contextual semantic information from the source
code [21].

Recall that the GA terminates when the fitness value improves by less than 0.0025,
thus resulting in different numbers of generations for each configuration across project
versions. The overall average number of generations of all configurations across versions
is 47.73, with UniXcoder/Cosine having a higher average (63.10 generations). However,
if a fixed number of generations had been used, say 40 generations, UniXcoder/Cosine
would still yield the highest FDR (0.81) among all configurations. This clearly makes
UniXcoder/Cosine the best LTM alternative, in terms of FDR.

Achieved Saving in Testing Time. Table 3.4 shows that, for the 50% minimization
budget, LTM achieved an average TSR ranging from 41.15% to 43.37%, across configura-
tions. The average TSR achieved by UniXcoder/Cosine was 41.72%. This indicates that,
reducing the number of test cases by 50% results in a 41.72% reduction in testing time.

RQ1.2 results. Table 3.3 shows that the average MT of all LTM configurations ranges
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Figure 3.3: FDR across projects for each generation of LTM and ATM

Table 3.5: Results of FDR (in percentage), MT (in min) and TSR (in percentage) of
LTM for the Closure project and a 50% minimization budget. The highest FDR and TSR
as well as the shortest MT are highlighted in bold.

x Approach CodeBERT GraphCodeBERT UniXcoder StarEncoder CodeLlama-7b
Metric Cosine Euclidean Cosine Euclidean Cosine Euclidean Cosine Euclidean Cosine Euclidean
FDR 0.77 0.77 0.78 0.78 0.79 0.74 0.73 0.76 0.77 0.76
MT 15.02 30.53 19.73 25.98 17.80 27.61 16.45 34.17 54.87 66.84
TSR 53.18% 51.98% 53.75% 52.53% 52.55% 54.27% 54.40% 52.51% 53.81% 53.70%

from 0.61 to 14.74 min per project version. The MT of LTM using UniXcoder/Co-
sine, which achieved the highest average FDR (0.84), also appears to be efficient with
mean = 0.82 min and median = 0.35 min.

Preparation Time. The average preparation time ranges from 0.26 to 17.71 min per
project version, across configurations. We observed that the preparation time of UniX-
coder/Cosine is 65.43 times shorter than CodeLlama-7b. This is because (1) larger lan-
guage models require much longer model loading time (12.07 min for CodeLlama-7b, com-
pared to UniXcoder for 0.04 min, on average) and significantly larger memory (13.10GB
for CodeLlama-7b compared to 504M B for UniXcoder) and (2) the embeddings generation
time of larger language models is significantly longer (5.15 min for CodeLlama-7b compared
to 0.16 min for UniXcoder, on average) as they have more complex architectures and a
larger number of parameters, making the generation of embeddings more time-consuming.

Search Time. The average search time of LTM ranges from 0.46 to 1.90 min per
project version, across configurations. LTM using CodeBERT with Cosine similarity was
the fastest in terms of search time, ranging from 0.04 to 3.86 min, across project versions.
Not only LTM using UniXcoder/Cosine took a shorter search time (0.78 min) than the
average search time across configurations (1.03 min), it also achieved the highest FDR
among all configurations, thus making it the best option for LTM.
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Results for the Closure project. We further evaluated LTM on the Closure
project, which has 174 versions with an average of 7,308 test cases per version. Though
this project is part of the DEFECTS4J dataset, it was previously excluded from the ATM
evaluation due to its scalability limitations [50] and the large size of our experiments.
However, evaluating the effectiveness and efficiency of LTM on this project, considering
its larger scale and test suite, can be informative. Table 3.5 presents the results regarding
FDR, MT (in min), and TSR (in percentage), respectively. We can see that UniXcoder /-
Cosine achieves once again the highest F'DR of 0.79 and an MT of only 17.80 min, while
saving 52.55% testing time, which indicates that LTM can be effective and scalable for
larger projects and test suites.

RQ1 summary. LTM achieved high FDR results (0.79, on average, across configu-
rations) for a 50% minimization budget. UniXcoder/Cosine is the best LTM configu-
ration when considering both effectiveness (0.84 FDR on average) and efficiency (0.82
min on average), with an average TSR of 41.72%.

RQ2 results

RQ2.1 results. For a 50% minimization budget, Tables 3.2, 3.3, and 3.4 report FDR,
MT, and TSR, respectively, for the best configuration of LTM (i.e., UniXcoder/Cosine)
and the two best configurations of the baseline approach: ATM with combined similarity
and tree edit distance similarity.

We observe that LTM significantly outperforms ATM /Combined, the best ATM alter-
native, and ATM /TreeEditDistance in terms of FDR, with @ = 0.01. Compared to ATM,
LTM achieves higher average FDR (0.84) with lower standard deviation (0.06 compared
to 0.10 for ATM/Combined and 0.08 for ATM/TreeEditDistance).

Figure 3.3 shows that UniXcoder/Cosine converges faster to a higher F'DR (0.84 across
projects), compared to ATM /Combined (0.80 across projects) and ATM/TreeEditDistance
(0.81 across projects). This may be explained by the fact that (1) UniXcoder can handle
full code (i.e., the source code of test cases without preprocessing), whereas ATM uses
preprocessed code; and (2) UniXcoder was pre-trained on various code understanding
tasks, enabling the model to learn contextual information for each token and the meaning
of each code element (e.g., method, variable names, and string characters) in the input
test code. In contrast, ATM relies on tree-based similarity based on ASTs, which lack
information regarding the syntactic context and certain details of the test code.

For some projects, ATM achieved higher FDR than LTM. However, a Fisher’s Ex-
act Test suggests that, for these projects, there is no significant difference between the
FDR results of ATM and LTM. Nevertheless, a possible explanation for such performance
difference could be that the percentage of test code exceeding the token limits of lan-
guage models on these projects (5.72%, 3.21%, 3.25%, and 7.25% for Chart, Compress,
Collections, and Math, respectively) is higher than the average of 2.98% across projects,
and that the truncated parts are important for distinguishing test cases. Another possible
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explanation could be due to variability across test cases in some projects (e.g., Cli and
Time), regarding their low-level code elements such as complex string manipulation and
domain-specific character strings, rather than structural information. This makes tree-
based similarity better at capturing these differences, by comparing AST node labels, than
using the Cosine Similarity of embeddings.

Note that the way ATM preprocessed test cases, by removing all the comments and
assertions, may also influence its performance. For example, for the Codec project, 26.18%
of the test methods contain comments, which is higher than the average percentage across
projects (14.85%). Such comments may convey rich information about test code, such as
test case descriptions and expected results. Therefore, due to such loss of information in
code comments, ATM may not efficiently achieve higher FDR for this project.

The average number of generations required by LTM was 63.10 across project ver-
sions (maximum = 100), which is lower than ATM/Combined (mean = 85.60 and max-
imum = 130) and ATM/TreeEditDistance (mean = 74.88 and maximum = 115). This
indicates that LTM converges faster across generations than ATM, in terms of fitness
value, which is the sum of the maximum squared similarity values for all test case pairs per
version. Related to this, if due to time constraints a fixed number of generations is used as
the termination criterion for search, say 40 generations, it is clear based on Figure 3.3 that
UniXcoder/Cosine would yield the highest FDR. This indicates that LTM offers better
guidance for the GA search, making it more effective at removing redundant test cases
while maintaining a higher fault detection rate, thus explaining the results in Table 3.2
and why LTM is a better option than ATM for test suite minimization in practice.

Achieved Saving in Testing Time. The average time saving rate of the best
configuration of LTM ranges from 18.13% to 58.03% across projects, with a mean of 41.72%
across projects. We observe that this time saving rate is slightly higher than, but not
significantly different from, that of ATM/Combined (40.30%) and ATM /TreeEditDistance
(41.02%), as shown by the Wilcoxon signed-rank test.

Comparing LTM and ATM wusing preprocessed code. As discussed in Sec-
tion 3.4.2, ATM cannot handle full code due to scalability issues. However, the prepro-
cessing step might remove useful information from the test code and thus impact the
effectiveness of ATM. Therefore, in order to explain the LTM FDR results when compared
to ATM, we want to determine how the use of full code and the LTM test method embed-
dings individually affect FDR. For this, we conducted an additional experiment to assess
LTM with UniXcoder/Cosine, the best LTM configuration, using preprocessed code, on
all 16 projects. Tables 3.2 and 3.4 report the FDR and TSR results, respectively, for this
configuration using preprocessed code (UniXcoder-p) and the two best configurations of
ATM (using GA with combined and tree edit distance similarity measures), for a 50% min-
imization budget. We observe that, using the same input as ATM (preprocessed test code),
LTM with UniXcoder/Cosine still yields a higher average FDR (0.83) than ATM (0.81).
Still, it is lower than what we achieved using LTM with full code (0.84). The average
TSR result for LTM with preprocessed code is however slightly lower than that of ATM
(38.84% versus 41.02%), though the difference is not statistically significant, as resulted
by the Wilcoxon signed-rank test. These results therefore suggest that the small improve-

52



ments in FDR observed with LTM are due to both LTM’s test method embeddings and its
capacity to handle full code in a scalable way. TSR remains similar for LTM and ATM,
with or without preprocessing. We report the results for LTM with UniXcoder/Cosine
using preprocessed code on all 16 projects in our replication package [52].

RQ2.2 results.

Figure 3.4 depicts M T, preparation time, and search time—the first one including the
last two—as a function of the number of test cases per version, for the 661 versions of the 16
projects. This is done for the best configuration of LTM (i.e., UniXcoder/Cosine) and com-
pared to the best configurations of ATM (ATM/Combined and ATM/TreeEditDistance)
for the 50% minimization budget.
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Figure 3.4: Scatter plots of the number of test cases and M T, preparation time, and search
time (in min), for LTM (UniXcoder/Cosine) and ATM, across all the 661 project versions
for the 50% minimization budget

We observe that LTM ran much faster than ATM in terms of MT (79.80% and 97.72%
faster than ATM/Combined and ATM/TreeEditDistance on average, respectively) with
both much less preparation time (92.70% and 99.35% less than ATM/Combined and AT-
M/TreeEditDistance on average, respectively) and search time (35.16% and 7.81% less
than ATM/Combined and ATM /TreeEditDistance on average, respectively). In addition,
we observe that the observations in Figure 3.4 follow a quadratic relationship rather than
a linear one. Therefore, a quadratic regression model is fitted for the preparation time,
search time, and MT as a function of the number of test cases per version, respectively, to
quantify and compare relationships across approaches.

The equation of the quadratic regression model is as follows.

Time =a*n*+bxn+c (3.8)
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where n denotes the number of test cases per project version, a and b are regression
coefficients, and ¢ denotes the intercept of the quadratic regression model.

The results of quadratic regression confirmed that the MT and the number of test
cases, for both LTM and ATM, follow a quadratic relationship as the coefficients on the
quadratic term were statistically significant with @ = 0.01. This is, as expected, due to
the fact that (1) similarity values are measured between test case pairs, which increases
quadratically with the number of test cases, and (2) the search space for GA increases
rapidly with the number of test cases. The R? values for the regression model of LTM and
ATM/Combined were 98.89% and 89.51%, respectively. This indicates that a high per-
centage of the variation in MT can be explained by the number of test cases. However,
the R? value for ATM/TreeEditDistance was only 50.36%, indicating that a much smaller
proportion of the variation in MT can be explained by the number of test cases in this
case. This is because the preparation time of ATM/TreeEditDistance, which is part of its
MT, was also largely influenced by AST sizes. More discussions will be provided in the
following section.

Moreover, a comparison of regression coefficients indicates that the MT of LTM in-
creases up to two orders of magnitude slower than ATM with the squared number of test
cases per project version: 8.255¢7%6 for LTM versus 9.314e™% and 4.446e~%* for ATM /-
Combined and ATM /TreeEditDistance, respectively. For large industry projects with large
test suites, LTM is thus much more scalable in terms of M T, and therefore a better option
than ATM in practice.

Preparation Time. We found that LTM is much more efficient, in terms of prepara-
tion time across project versions (mean = 0.23 min and median = 0.14 min), compared to
ATM/Combined (mean = 3.15 min and median = 0.74 min) and ATM/TreeEditDistance
(mean = 35.31 min and median = 6.10 min). Moreover, the preparation time of LTM takes
only 35.75% of the M T per version, which is much less than ATM/Combined (71.22%) and
ATM /TreeEditDistance (93.74%). Quadratic regression shows that the coefficient on the
quadratic term for LTM (1.241e7%0) is one order of magnitude smaller than the coefficients
for ATM/Combined (6.634e~%°) and two orders of magnitude smaller than ATM /TreeEd-
itDistance (4.3680e™%), with all coefficients statistically significant with @ = 0.01. This
indicates that, on larger industry projects with much larger test suites, the absolute cal-
culation time difference between LTM and ATM is expected to be extremely large, thus
making LTM a better option regarding scalability in preparation time.

The R? values for the regression model of LTM and ATM/Combined are 97.70% and
87.86%, respectively. This indicates that more than 87% of the variation in preparation
time can be explained by the number of test cases. However, the R? value for ATM /TreeEd-
itDistance is 49.96%, which is mainly due to its preparation time as it is highly influenced
by test code length. For instance, as shown in Figure 3.4, there are project versions with
nearly 4k test cases from the Time project, which have less preparation time than project
versions with around 3k test case from the Math project. This is due to the fact that the
average test code for the Math project is longer than that for the Time project, resulting
in its AST tree size being twice as long. Therefore, although the test suite size of the
Math project is smaller, its preparation time is significantly longer than that of the Time
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project. In contrast, the preparation time for LTM is not affected by the length of the test
code, which further supports our claims regarding its scalability.

Search Time. We observe that the time LTM takes for searching the optimal test
suite (mean = 0.59 min and median = 0.21 min across projects) is also shorter than that for
ATM/Combined (mean = 0.91 min and median = 0.29 min) and ATM/TreeEditDistance
(mean = 0.64 min and median = 0.23).

Moreover, quadratic regression reveals that, while quadratically increasing with the
number of test cases per version, the search time of LTM increases more slowly with
the squared number of test cases per version (a coefficient on the quadratic term equal
to 7.013e70) than ATM/TreeEditDistance (7.844¢%) and one order of magnitude more
slowly than ATM/Combined (2.680e~%%), with more than 79% (R?) of the variation in MT
being explained by the number of test cases.

Note that the search time not only depends on the number of test cases per version but is
also impacted by the number of generations required by the GA to converge. For instance,
as shown in Figure 3.4, though the number of test cases per version for the Math project
(2,078) is less than that for the Time project (3,918), GA needed more generations to
converge for Math, thus resulting in longer search time. Test cases of the Math project are
more diverse than that of the Time project, with a higher standard deviation of similarity
values (0.13 compared to 0.09), thus leading to more generations and longer convergence
time for the GA search.

In conclusion, in addition to being more efficient than ATM in terms of preparation
time, the similarity measure employed by LTM provides better guidance and thus helps
the search algorithm converge faster than ATM, thus resulting in less search time.

Cost Analysis To demonstrate the cost-effectiveness of LTM, we performed a cost
analysis and identified the conditions under which the best configuration of LTM, UniX-
coder/Cosine, becomes beneficial.

The costs associated with minimization and test execution are defined as follows:

e Minimization Cost: The cost of applying the LTM to a test suite containing m
test cases, under r minimization budget, is formulated as:

C =axm? (3.9)

where a is a constant derived from the quadratic regression model.

e Execution Cost Before Minimization: The cost of executing the test suite with
m test cases is denoted as Cost(m). Before minimization, the total execution cost of
the test suite that is executed across N versions is:

Total Execution Cost (before minimization) = N - Cost(m) (3.10)
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e Execution Cost After Minimization: With a minimization budget r, the min-
imized test suite contains r - m test cases. The execution cost after minimization
becomes:

Total Execution Cost (after minimization) = C +r - Cost(m) - N (3.11)
The difference in cost between before and after minimization is:
AC=(1-r)-Cost(m)-N-C. (3.12)
For the LTM to be cost-effective, it must satisfy AC > 0, leading to:

(1-7r)-Cost(m)-N>C (3.13)

Rearranging for N, the minimum number of test suite executions required for cost-
effectiveness is shown as follows:

C

N> (1=r)-Cost(m)

(3.14)

This implies that if N is sufficiently large—meaning the minimized test suite is executed
a sufficient number of times—the cost after minimization will be lower than the cost before
minimization.

For example, for the largest test suite from the Time project, the cost analysis is as
follows:

e m = 3918 test cases,

e Minimization cost C = 8.255- 1070 - m? = 126.72s,

e Execution cost of m test cases Cost(m) = 78.4s,

e Minimization budget r = 0.5 (50%).
The minimum number of executions N is:

N 126.72  126.72
(1-0.5)-784 0.5-784

Thus, if the minimized test suite is executed more than 4 times (N > 4), LTM is cost-
effective.

3.23. (3.15)

For the test suite from the representative project, Collections, which has approximately
the average number of test cases across all projects (i.e., 1040), the cost analysis is as
follows:
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M = 1040 test cases,

Minimization cost C = 8.255 - 1076 - m? = 8.93 s,

Execution cost of m test cases Cost(m) = 33.07s,

Minimization budget r = 0.5 (50%).
The minimum number of executions N is:

8.93 8.93

N -
7 (1=05)-33.07  05-33.07

= 0.54. (3.16)

Therefore, for the representative test suite with the average number of test cases across
projects, the minimized test suite only needs to be executed more than once (N > 1) to
make LTM cost-effective.

RQ2 summary. LTM outperforms ATM by achieving significantly higher FDR (0.84
versus (.81, on average). However, the main benefit of LTM is that it is running
much faster than ATM (0.82 min versus 4.06 min, on average), in terms of both
preparation time (up to two orders of magnitude faster) and search time (up to one
order of magnitude faster). Given the acute scalability issues met in industrial contexts
regarding minimization for large test suites and systems, this result is of high practical
importance.

3.4.4 Discussion

Scalable test suite minimization with much less preparation time than the
SOTA.

Our results show that LTM runs up to two orders of magnitude faster than the SOTA ap-
proach (i.e., ATM) while achieving a statistically significantly higher fault detection rate.
We should note that, according to the average MT across projects, LTM runs five times
faster than ATM/Combined and 44 times faster than ATM/TreeEditDistance. These dif-
ferences tend to increase significantly as the test suite size grows. For example, for the
Math project with 2078 test cases, LTM runs 6 and 102 times faster than ATM/Com-
bined and ATM/TreeEditDistance, respectively. This suggests that LTM, while achieving
higher effectiveness, can save enormous time and resources for minimizing test suites of
the much larger software systems and test suites encountered in practice. The prepara-
tion phase plays a crucial role in the scalability of LTM. Since we employed pre-trained
language models to extract vector-based test method embeddings and used a highly opti-
mized function to compute similarity between them, we managed to achieve much shorter
preparation times compared to ATM. In addition, since we used the test code as input
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without preprocessing it and converting it into other formats, such as ASTs for ATM, we
saved substantial memory space as well.

Unlike coverage-based techniques, the size of a project (i.e., source lines of code) has no
impact on the minimization time of black-box TSM approaches, including LTM and ATM,
as minimization time mostly depends on the number of test cases per project version. In
addition, we optimize the search process by changing the data structure for input similarity
values and accelerating the fitness calculation, which reduced the search time by 190.48
times. The Closure project—the largest by far, comprising 179 KLoC and 174 versions,
with 7,308 test cases per version—took only 17.80 min in terms of MT and achieved a
FDR of 0.79, for a 50% minimization budget. Note that for ATM, Closure was far too
large to even run our experiments, thus further illustrating the scalability gains with LTM.

Though LTM uses the same search termination criterion as ATM, which is defined as a
fitness improvement of less than 0.0025 across generations, we observed that FDR reaches
a plateau after a certain number of generations (e.g., about an average of 65 generations
across project versions using LTM with UniXcoder/Cosine). However, the GA search
continues as long as there is sufficient improvement in fitness (e.g., LTM with UniXcoder/-
Cosine reached a maximum of 100 generations). This suggests that the search termination
criterion unnecessarily prolongs the search and thus needs further investigation. For ex-
ample, using a fixed number of generations, determined based on experience with past
versions, could save time and resources while achieving high FDR values.

Effective test suite minimization reduces testing cost.

Further, LTM achieves an average saving of 41.72% in test execution time with a 50% test
suite minimization budget. However, though this is due to the relatively modest size of
the systems we experiment with, one might point out that the average execution time of
test suites in our dataset is smaller than LTM minimization time. Nevertheless, LTM still
offers significant advantages as testing is performed frequently, especially in CI contexts,
while minimization is occasional, unlike test case selection and prioritization. It can thus
achieve substantial savings in time and resources over time, particularly in CI environments,
where numerous builds are tested for every code change, thus warranting the elimination
of redundant or unnecessary test cases to significantly reduce the overall test execution
time and required testing resources (e.g., memory, CPU). According to our cost analysis,
after minimization with a 50% budget, the largest test suite only needs to be executed
more than 4 times to provide a payoff in execution time. Additionally, test execution times
tend to be significantly larger in industrial systems, thus making minimization even more
beneficial.

More informative similarity measures that better guide the search.
Our results show that the similarity measures LTM employed better guide the GA to

converge faster to a higher FDR, when compared to ATM, confirming the usefulness of
using pre-trained language models for extracting test method embeddings.
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Results also suggest that the FDR results are influenced by multiple factors including
the language models, distance functions, and test code characteristics. Language models
differ in the types of input used for pre-training, the model architectures employed, and
the kinds of tasks they were pre-trained for, thus generating embeddings with various char-
acteristics. While Cosine Similarity captures directional similarity by measuring the angle
between embeddings [60], Euclidean Distance captures magnitude similarity by measuring
the straight-line distance between embeddings in a multidimensional space [19]. Therefore,
using different combinations of language models and distance functions is expected to yield
varying F'DR results.

In addition, the test code characteristic (e.g., domain-specific character strings or com-
plex string manipulations) of certain projects may also impact FDR performance, depend-
ing on the input (test code or ASTs) and dataset (size and diversity of programming
languages ) used for pre-training the language models. In conclusion, the performance of
LTM in terms of FDR may be affected by several confounding factors. Future research
should explore the effects of these factors through deeper analyses of test code structures
and controlled experiments.

Language models with fewer parameters may offer a better trade-off than those
with many more parameters in TSM contexts.

The results show that UniXcoder (125Million parameter size) outperforms CodeLlama-7b
(7Billion parameter size) in terms of both effectiveness and efficiency. This suggests that
larger language models, though comprising substantially more parameters and being pre-
trained on larger datasets, may not necessarily perform better for certain downstream tasks
such as TSM. CodeLlama-7b, as a decoder-only model, was pre-trained for code generation
tasks, such as code infilling. While generating (infilling) the next token, the structure of the
decoder makes each token only learn information from preceding tokens, thereby potentially
making its embedding less informative due to the absence of information from subsequent
tokens. In contrast, code understanding tasks (e.g., MLM) allow the model to learn the
information before and after each token, thus making it more effective in learning the
contextual semantic information from the source code. Furthermore, UniXcoder enhanced
the code representation by utilizing AST as input, which further enables the model to
understand the source code structure and grammar, thus resulting in better FDR.

Note that, to the best of our knowledge, there is no publicly available open-source
language model that outperforms UniXcoder on the code clone detection task, which is
similar in some ways to our minimization task. More importantly, given that scalability is
crucial for LTM, larger language models may require much more memory, computational
resources, and time when generating embeddings due to their substantially higher number
of parameters and complex model architectures. Therefore, for a downstream task, such as
TSM, that requires assessing test code similarity, relatively smaller language models can
be a better option than larger ones.
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Using full code versus preprocessed code.

We recommend that LTM be used with the source code of test cases without prepro-
cessing, since it yielded better results than when using preprocessed code, as reported in
Section 3.4.3. However, some aspects of preprocessing, such as normalizing variable iden-
tifiers, may be beneficial, since they do not have an impact on the data flow in the source
code. Therefore, using such techniques may potentially help language models generate
embeddings that are more generalizable and suitable for code similarity calculation across
projects, thus improving the fault detection power of LTM.

3.5 Threats to validity

Internal Validity Internal threats to validity are concerned with the ability to draw
conclusions from our experimental results. To make fair comparisons and draw valid con-
clusions, we conducted our experiments using the same experimental design and dataset
used to evaluate ATM [50]. We evaluated the alternative LTM configurations and com-
pared the best configuration to the two best configurations of ATM. For minimizing test
suites, we used the same fitness function and parameter settings as ATM, but we further
optimized GA by utilizing a more efficient data structure for storing the input similar-
ity values and accelerating the fitness calculation. We compared the performance using
optimized GA for both LTM and ATM.

ATM used preprocessed code as input because of its very long preparation time. In
contrast, LTM used full source code, raising the question of whether differences in FDR
between LTM and ATM are due to differences in test representation (test method embed-
dings or ASTSs) or code input (full code or preprocessed code). To answer that question, we
conducted an additional experiment to assess the best configuration of LTM (i.e., UniX-
coder/Cosine) using preprocessed code, which showed that LTM with preprocessed code
still fares better than ATM in terms of FDR.

Another threat is related to the token length limit of language models, which might
truncate the source code of some test cases [22], thus resulting in information loss that
might in turn negatively impact the performance of LTM. However, we observed that, for
each version, the percentage of test methods with the token length exceeding the limit is
only 2.98% across projects, which can be considered negligible. Nevertheless, some projects
have a relatively higher percentage of test methods exceeding that limit (e.g., 7.25% for
Math), which might explain the slightly lower FDR of LTM compared to ATM on these
projects. Future research should further investigate the use of additional language models
with longer token length limits, though they might greatly impact efficiency.

External Validity External threats are concerned with the ability to generalize our re-
sults. We assessed both the performance of ATM and LTM on a large dataset consisting
of 16 Java projects with a total of 661 versions collected from DEFECTS4J for which we
could trace failures to faults. We further validated the performance of LTM using an addi-
tional larger project from Defects4J, called Closure, consisting of 174 versions, for which
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we could not evaluate ATM. Though we did not evaluate LTM on projects written in other
programming languages, LTM can be easily adapted to other programming languages as
the language models we used were pre-trained on multiple programming languages and
have been demonstrated to yield good performance in various downstream tasks in other
programming languages [23,27,28,41]. Future research should extend our study to inves-
tigate LTM on projects with other programming languages to further generalize our con-
clusions. In addition, test method execution time may vary from run to run. To measure
the achieved time-saving in test execution time more precisely, we used the DEFECTS4J
infrastructure to run test suites 10 times and collect the average execution time for each
test method in a clean, stable environment, which ensures we run each test suite without
interference and fluctuations in memory or CPU usage (e.g., exclusive access to a node).
8 However, we found many test cases (24.14% across projects) with 0 execution time as
they took less than 0.0001 seconds to run. ? Future research should consider evaluating
TSM approaches on much larger industrial systems.

3.6 Conclusion

In this chapter, we proposed LTM, a scalable and black-box similarity-based test suite min-
imization (TSM) approach based on pre-trained language models. We investigated five al-
ternative language models—CodeBERT, GraphCodeBERT, UniXcoder, StarEncoder, and
CodeLlama—to extract test method embeddings and two similarity measures (i.e., Cosine
Similarity and Euclidean Distance) for similarity calculation based on these embeddings.
We employed an optimized version of the Genetic Algorithm (GA) by utilizing an efficient
data structure for handling similarity values to improve fitness calculation and find optimal
subsets of test suites. We assessed the performance of alternative LTM configurations on
a large dataset consisting of 17 Java projects with a total of 835 versions collected from
DEFECTS4J. We used the Fault Detection Rate (FDR), Minimization Time (MT), and
Time Saving Rate (TSR) as evaluation metrics to assess the effectiveness and efficiency
of LTM. We identified the best configuration of LTM and compared it to ATM, a recent
black-box TSM approach that achieved better trade-off in terms of effectiveness and effi-
ciency than the alternative SOTA TSM approach (FAST-R). Results indicate that the best
LTM configuration (i.e., UniXcoder/Cosine) outperformed the two best configurations of
ATM by achieving significantly higher FDR results (0.84 versus 0.81, on average) and more
importantly, running much faster (0.82 min versus 4.06 min, on average) than ATM, in
terms of both preparation time (up to two orders of magnitude faster) and search time (up
to one order of magnitude faster), which is particularly important on much larger industrial

8We further collected the minimum and maximum execution times for each test method across the 10
runs. The results show that the difference in TSR, based on minimum and maximum execution times,
ranges from 0.05% to 1.38% across all configurations, which indicates that the variation in test method
execution times across runs is small and does not impact our conclusions regarding TSR.

9To ensure this did not impact our results, we investigated the effect of these test cases on the Time
Saving Rate by assuming their execution times to be 0.0001—their maximum possible value—and re-
calculating the Time Saving Rate. We found that the average Time Saving Rate of all configurations
slightly increased by 0.08% to 0.09% only, which is negligible and thus does not invalidate our conclusions.
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systems and test suites, while achieving a saving of 41.72% in test execution time for a
50% test minimization budget.

Future work. We plan to assess the performance of LTM in practice using large industrial
software systems and projects in other programming languages to further generalize our
conclusions. The main challenge is the ability to automatically trace test failures to system
faults.

3.7 Data Availability

The replication package of our experiments, including the data, code, results for other
minimization budgets, and detailed FDR, MT, and TSR results of LTM and baseline
approaches, is available on Zenodo [52].

62



Chapter 4

Conclusion

In this chapter, we summarize the contributions of this thesis, discuss its limitations, and
identify future work directions.

4.1 Summary of Contributions
In summary, this thesis provides the following contributions:

1. ATM, a black-box test suite minimization technique based on tree-based test code
similarity and evolutionary search. Our contributions related to ATM include:

(a) ATM achieves a better trade-off between effectiveness (i.e., fault detection rate)
and efficiency (i.e., minimization time) than the state-of-the-art (FAST-R) through
finer-grained similarity analysis and a dedicated search algorithm.

(b) An evaluation of the effectiveness and efficiency of ATM on a large dataset of
16 Java projects with 661 faulty versions using three budgets ranging from 25%
to 75% of test suites.

2. LTM, a novel, scalable, and black-box similarity-based test suite minimization tech-
nique based on large language models. Contributions related to LTM are:

(a) A black-box test suite minimization technique that attains a significantly higher
fault detection rate and is much more scalable than the state-of-the-art (i.e.,
ATM) by minimizing test suites nearly five times faster on average.

(b) An comprehensive comparison of five recent language models, varying in archi-
tecture, parameter size, input, and pre-training tasks.

(¢) An optimized search process using a sparse matrix for fitness calculation, which
largely reduces the minimization time and memory usage.

(d) A large-scale empirical evaluation of the effectiveness and efficiency of LTM and
its comparison with ATM.
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4.2 Limitations
The limitations of the results can be summarized as follows:

e Scalability Our results show that LTM runs five times faster than ATM on average,
with higher gains for larger test suites and systems, thus achieving much higher
scalability. However, LTM still presents limitations in scalability as the minimization
time increases quadratically with the number of test cases. This can be improved by
parallelizing the similarity and fitness calculation process, though it requires more
resources (GPU and CPU cores).

e Dataset Both LTM and ATM are evaluated on the DEFECTS4J dataset, which con-
tains test cases that are exclusively written in Java. The conclusions regarding LTM’s
performance may be specific to the characteristics of Java code and thus cannot be
generalized to software systems in other languages. Moreover, the largest test suite
size in DEFECTS4J is 7308, which is still relatively small compared to test suites in
many real-world software systems. This limits our ability to generalize our conclu-
sions regarding the scalability of LTM for much larger test suites in practice. We need
to adapt and evaluate our work using much larger test sets in other programming
languages to further generalize our conclusions.

e Test code input length For each project version, there are an average of 2.98% of
the test cases that exceed the token length limit (512) of the language models, which
can cause information loss and impact the performance of our work. Other language
models with longer token length limits should be investigated, though they might
impact the efficiency of test minimization.

e Test code preprocessing Our work LTM can be used with the test code without
preprocessing and yields better results than using preprocessed test code as input.
However, the test cases in many industrial systems contain duplicate and redundant
information that can introduce noise to the similarity values. Moreover, preprocessing
can also help in reducing the length of the test code inputs when they exceed the
token length limit.

4.3 Future Work

Improve the scalability of TSM techniques.  Though we have utilized language
models, a highly optimized function for similarity calculation and an optimized search
algorithm to accelerate the minimization process, there is still room for improvement in
terms of the scalability of TSM. The similarity and fitness computation can be parallelized
using multiple cores, thus significantly improving scalability. Although the parallelizing
step requires additional computational resources (e.g., multiple CPU cores or GPUs), the
cost can be offset when the test suite is extremely large, e.g., millions of test cases, because
of the significant reduction in computation time. Moreover, the required memory is another
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key factor that affects the scalability of TSM as it also increases rapidly with the test
suite size, parallelizing the similarity calculation using GPUs largely reduces the memory
required for each computation core, thus increasing memory usage efficiency.

Assessing the performance of our work on industrial systems. While DE-
FECTS4J is based on real faults that were extracted from open-source Java projects, thus
enabling advanced and reproducible software testing research, it still has certain limitations
that affect the generalizability of conclusions regarding the performance of our work. We
plan to assess the performance of LTM in practice using large industrial software systems
and projects in other programming languages to further generalize our conclusions. The
key challenge is to automatically trace test failures to system faults, which is crucial for
evaluation.

Investigating approaches to handle longer test code inputs. Our analysis
indicates that some projects in our dataset have a higher percentage of test cases where
the source code length exceeds the token length limits. This can impact the effectiveness of
the similarity calculation and thus affect the fault detection capability of LTM. We plan to
investigate the use of language models with longer token limits, though this comes at the
cost of increased computational resources and longer running times. Moreover, we plan to
investigate the use of certain preprocessing steps, such as normalizing variable identifiers,
as they do not affect the data flow within the source code and thus can potentially reduce
the test code length without impacting the effectiveness of similarity calculation.
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