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Abstract

Deep Learning-Based Fault Localization (DLFL) has achieved high accuracy performance in the field of
software debugging automation, particularly by maximizing diagnostic precision through the integration
of features from Mutation-Based Fault Localization (MBFL). However, the practical adoption of MBFL-
based DLFL is severely hindered by two major hurdles: (1) the prohibitive computational costs of
MBFL (exceeding 408 CPU-days) and (2) the critical absence of standardized, publicly available tools

for systematic dataset construction. These economic and technical barriers serve as primary bottlenecks



for real-world application.

To overcome these limitations, this research proposes a systematic methodology for optimizing
the mutation-based DLFL dataset construction process. Specifically, an Exploratory Study was first
conducted on the Defects4J open-source benchmark to ensure the viability of optimization techniques
for complex and high-cost military defense software. Through this exploratory study, foundational
guidelines were established by analyzing two key parameters that govern construction costs: (1) the
target line selection ratio and (2) the number of mutants per line. Furthermore, this thesis
introduces a novel (3) Stack Trace (ST) Relevance Feature, which quantifies the diagnostic intuition
of developers by modeling the context of runtime errors.

To efficiently conduct a systematic study of the dataset construction and enable practical applicabil-
ity on military defense SW, we developed a comprehensive automation tool consisting of approximately
6,000 lines of Python code. This tool was successfully deployed and integrated into the operational DLFL
infrastructure of Company L, a leading defense contractor. A practical case study was then conducted
on six mission-critical C/C++ middleware systems (utilized in aerospace, maritime, and guided weapon
systems) to validate the real-world applicability of the proposed methodology and the integrated infras-
tructure. In the actual military defense software environment, the proposed methodology achieved high
performance with a Top-5 accuracy of 85% and reduced overall dataset construction costs by
approximately 79% (from 9,081 to 1,907 CPU-hours). These findings prove that the proposed
dataset construction tool and optimization guidelines ensure the practical feasibility of DLFL while

significantly advancing its diagnostic precision in high-reliability software domains.

Keywords deep learning-based fault localization, mutation-based fault localization, spectrum-based

fault localization, debugging, software testing
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Chapter 1. Introduction

Fault Localization (FL) is the process of identifying the specific software elements, such as source
files, functions, or lines of code, responsible for observed program failures. This task is widely recog-
nized as one of the most resource-intensive and expensive phases of the software development life cycle.
Traditionally, developers have relied on manual inspection, navigating through complex codebases and
execution logs to pinpoint the root cause of a bug. This manual process is not only laborious and
time-consuming but also highly prone to human error, especially as modern software systems continue
to grow in size and complexity [3, 14]. The inherent difficulties of manual debugging have necessitated

the development of automated fault localization techniques to improve software maintenance efficiency.

1.1 Background of Automated Fault Localization

Automated fault localization techniques aim to rank code statements by their likelihood of being
faulty, allowing developers to prioritize their inspection efforts [41]. Early efforts led to the development
of Spectrum-Based Fault Localization (SBFL), which utilizes test coverage data from passing and
failing test cases to rank suspicious code elements [47]. While computationally efficient, SBFL often
lacks precision as it relies purely on coverage frequency. To address this, Mutation-Based Fault
Localization (MBFL) was proposed, which injects artificial bugs (mutants) into the source code to
observe how they affect test outcomes [25, 30]. Although MBFL captures deeper semantic relationships
and achieves higher accuracy, its application is limited by the high costs of mutant execution.

More recently, Deep Learning-Based Fault Localization (DLFL) has emerged as a state-of-
the-art solution. DLFL models utilize neural networks to learn complex patterns from various program
artifacts. Specifically, these models leverage input features derived from both SBFL and MBFL to
train the network. By integrating these disparate data sources, DLFL can capture intricate semantic
relationships between program behavior and code structure, enabling significantly higher precision in
locating faults compared to traditional heuristic-based methods [6, 52, 48, 34, 22, 9, 4, 51, 18]. However,
as the field shifts toward these data-driven models, the practical challenges associated with constructing

the requisite training datasets have become a primary concern for real-world deployment.

1.2 Problem Statement

Despite the high performance of DLFL in research settings, its practical adoption in industrial

environments is severely hindered by two major technical and economic barriers [24, 39, 49, 50, 42, 17, 29]:

1. High Computational Costs in Dataset Construction: The effectiveness of DLFL relies
heavily on MBFL features, which require an exhaustive mutation analysis phase. Generating and
executing thousands of mutants to extract features is computationally expensive. For instance,
building a dataset for a military middleware system with 61 KLoC can exceed 9,081 CPU-hours
(approximately 408 CPU-days), making it impractical under tight development schedules.

2. Lack of Standardized Public Dataset Construction Tools: There is a critical absence of

standardized, open-sourced tools for systematic DLFL dataset construction. Consequently, practi-



tioners are forced to rely on ad-hoc parameter settings, leading to unpredictable trade-offs between

construction time and model performance.

These barriers have historically prevented the deployment of DLFL in mission-critical environments
like Company L. Addressing these limitations through systematic optimization is essential to bridge the

gap between academic advancements and industrial applicability.

1.3 Thesis Statement and Contributions

1.3.1 Thesis Statement

Prior DLFL research has focused heavily on improving model architectures while overlooking the
systematic construction of training datasets. This thesis demonstrates that by optimizing dataset con-
struction parameters and introducing stack trace relevance feature (runtime context features), it is pos-
sible to achieve high-performance fault localization that is both economically and technically viable for

industrial defense software.

Thesis Statement

By systematically optimizing MBFL-based DLFL dataset construction and introducing a Stack
Trace (ST) Relevance feature, (exploratory study of Defects4J) shows that it is possible to (1)
reduce dataset construction time by 74.6% while maintaining accuracy equivalence and (2)
improve fault localization accuracy by up to 11.0%. (3) When applied to military
defense software, this methodology localized faults with high precision (Top-5 85.0%) while

achieving a 79.0% reduction in construction costs.
- v,

1.3.2 Key Contributions

The main contributions of this thesis are as follows:

1. Systematic DLFL Dataset Construction Methodology: This research conducts the first
comprehensive investigation into the trade-offs between dataset construction efficiency and
DLFL accuracy performance. Through an exploratory study on Defects4j, we establish empirical
guidelines (70% line selection threshold and 3 mutants per line) that reduce construction time from

by 74.6% (198.2 to 50.4 hours) without sacrificing localization accuracy.

2. Novel Stack Trace (ST) Relevance Feature: We propose a novel approach to leveraging
runtime stack trace information to capture the execution context of failures. By modeling the
relevance of each code line to the runtime stack trace, this feature improves DLFL accuracy by up

to 11.0% with negligible computational overhead.

3. Application to Military Defense SW: We developed a 6,000-line Python-based dataset
construction tool and successfully integrated it into Company L’s operational DLFL infras-
tructure. Case studies on six mission-critical C/C++ systems demonstrate a Top-5 accuracy of
85.0% and a cost reduction of 79.0% (from 9,081 to 1,907 CPU-hours), proving the practical
viability of the proposed methodology.



1.4 Structure of the Dissertation

The remainder of this dissertation is organized to reflect the transition from theoretical optimization
to industrial application.

Chapter 2 (Background) establishes the technical foundations of Mutation-Based DLFL. It de-
tails the extraction mechanisms for Spectrum-Based (SBFL) and Mutation-Based (MBFL) features and
describes the core deep learning model architecture, training protocols, and inference processes that serve
as the baseline for this research.

Chapter 3 (Proposed Approach) presents our systematic methodology for reducing the compu-
tational costs of dataset construction. Furthermore, it introduces the primary technical contributions of
this thesis: the mathematical formulation of the Stack Trace (ST) Relevance feature and the architecture
of the developed MBFL-based DLFL dataset construction tool.

Chapter 4 and 5 (Exploratory Study) presents the preliminary investigation conducted on the
Defects4J open-source benchmark. Since applying mutation analysis directly to military defense software
is prohibitively expensive without prior optimization, these chapters establish foundational guidelines and
identify optimal thresholds for line selection and mutant counts in a controlled environment.

Chapter 6 (Application to Military Defense Software) validates the proposed methodology
and the dataset construction tool on real-world military defense C/C++ systems at Company L, followed
by a discussion on its impact on the development process.

Chapter 7 (Related Work) reviews existing literature to position this study within the context
of current DLFL research.

Finally, Chapter 8 (Conclusion) summarizes the dissertation and suggests future research direc-

tions.



Table 2.1: Formal Definitions of SBFL, MBFL, and Stack Trace Features for Dataset Construction

Feature Group ‘ Feature Name ‘ List of Features

_ep(9)?
DStar [40] er(s)+ns(s) ]
GP13 [46] ef(8) + s e ®
SBEL Naish1 [26] —Lif 0 <ng(s), ny(s) if 0= ng(5)
Naish2 [26] es(s) = g2
Ochiai [27] —

V/(es(5)tnys(s))(es(s)tep(s)

Tarantula [11] er(s) + 2%(681)‘7%

(\mut(s)\—i—ll)(f2p+1) x Zmémut(s) (|fP(S> ﬂme

o (|mut(s)|+11)(p2f+1) x Zmemut(s) (‘pP(S) n fm‘)

where:
MUSE [25] . mut(s) is the number of mutants generated on s.
. fp(s) (or pp(s)) is the set of tests that cover s and fail (or pass)

on a target program P.
MBFL . fm (or pm) is the set of tests that fail (or pass) on a mutant m.
. f2p (or p2f) is the number of test results that change from

fail to pass (or pass to fail) for all mutants of P.

[fp(s)Pm | )

\/totalFailinchS X((|fp(s)Npm|)+(pr(s)Nfm]))

mMaXy, emutiiiea (s) (
Metallaxis [30] where:

. mutyilled (s): numbers of kill mutants on line s
° mut(s): set of mutants on line s
1 —|distance(s,f)|?
maxX festackTrace(P,s) (position(f)+l xe
where:
. P: the faulty program version
ST Relevance . stackTrace(P, s): set of all stack frames f where line s appears
Stack Trace(ST) ’
(proposed method) from stack traces of failing tests on P
. position(f): 0-based position of stack frame f in stack trace

(0 = top of stack, closest to failure)

. distance(s, f): difference between line number of s and

line number in stack frame f

Chapter 2. Background

This chapter establishes the technical foundations of Mutation-Based Deep Learning-Based Fault
Localization (MBFL-based DLFL). We provide a comprehensive overview of the DLFL pipeline, ranging
from the structural components of the training dataset to the architecture of the neural networks used
for localization. Specifically, we detail the extraction mechanisms of Spectrum-Based Fault Localization
(SBFL) and Mutation-Based Fault Localization (MBFL) features, which represent the program’s dy-
namic execution behavior. Finally, we describe the deep learning model training and inference process,
providing the baseline configuration against which our proposed optimizations and novel feature are

evaluated.



Code line ID 6 SBFL 2 MBFL s Faulty line?

1 * ——

libxml2 MBFL-based
* #codeFiles: 30

¢ #lines: 152.7K
* #TCs:100

function line No. dstar naish1 naish? gp13 ochiai tarantula MUSE Metall. isFault?
buf.c|xmlBufGrowlnternal(x{  376[12.00| 88.00| 12.00[13.00| 1.00]  0.98] 0.32| 0.23] FALSE
DLFL Dataset buf.c|xmiBufGrowlnternal(xi __380|12.00| 88.00] 12.00[13.00] 1.00 _ 0.98] 0.67| 0.43] TRUE

. buf.c|xmIBufGrowlInternal(xi 381] 0.08] -1.00] 1.00] 2.00| 0.28 0.98| -0.23| 0.23| FALSE
Construction Tool buf.c|xmiBufGrowinternal(x{ __ 383| 0.08] —1.00] 1.00] 2.00] 0.28]  0.98] -0.12] 0.23[ FALSE

Figure 2.1: Overview of the MBFL-based DLFL dataset construction process and the resulting struc-

tured records used for model training.

2.1 Components of MBFL-based DLFL Dataset

In past frameworks of MBFL-based DLFL, the training dataset is structured as a collection of
records, where each record represents a single source code line. Each record typically consists of 8
dynamic features, comprising 6 SBFL metrics and 2 MBFL metrics. These features serve as the primary
input for the neural network to differentiate between faulty and non-faulty statements.

As illustrated in Figure 2.1, the construction process yields a dataset where each row corresponds
to a specific code line executed by at least one failing test case. For every line, the 8 features provide
quantitative suspiciousness scores (e.g., Ochiai, MUSE). Each record is further annotated with a ground-
truth label (1 for faulty, 0 for benign). This structured format allows the model to perform a line-by-
line classification or ranking task. The following sections describe how these fundamental features are

calculated through dynamic program analysis.

2.1.1 Spectrum-Based Fault Localization (SBFL) Features

Spectrum-Based Fault Localization (SBFL) ranks suspicious code elements by analyzing the corre-
lation between statement execution and test outcomes [41, 40, 47, 37, 15, 8]. To calculate SBFL features,

we collect four fundamental spectral elements for each code line s:

ep(s): The number of passing test cases executing the line s.

n,(s): The number of passing test cases not executing the line s.

* ¢;(s): The number of failing test cases executing the line s.

ny(s): The number of failing test cases not executing the line s.

By substituting these spectra into various formulas such as DStar [40], GP13 [46], Naishl [26],
Naish2 [26], Ochiai [27], and Tarantula [11], we generate the first 6 features of our dataset.

Figure 2.2 provides a concrete example illustrating this extraction. In this scenario, test case tco,
which fails, uniquely covers line 5. Because line 5 is distinctly executed by a failing test and is not
executed by any passing tests, it receives a high suspiciousness score according to metrics like Naish2.
This highlights how SBFL leverages the statistical imbalance between failing and passing executions to
isolate suspect code.

However, SBFL relies on the assumption of a direct correlation between execution frequency and
faultiness. This assumed heuristic can be misled by coincidentally correct test cases or shared code
blocks like initialization routines. These inherent limitations in precision necessitate the use of more

semantic-aware techniques like Mutation-Based Fault Localization (MBFL).



void abs(int a, int b) C?:r?i;c’f Test C:e;(:) 1 e | nps) | e | npes) N;;zzz

1. if (a>b) . . 1 0 1 0 0.5

2:  return a-b; 0 1 0 1 0.0

3: else if (a<b) . . 1 0 1 0 0.5

4:  return b-a; . 1 0 0 1 -0.5

5: return 1; // fault . 0 1 1 0 1.0
Test Results Pass Fail

Figure 2.2: Concrete example of SBFL feature extraction based on coverage matrices.

2.1.2 Mutation-Based Fault Localization (MBFL) Features

Mutation-Based Fault Localization (MBFL) extends coverage-based analysis by evaluating the be-
havioral impact of artificial code changes, known as mutants. By observing how syntactic alterations
affect the pass/fail status of tests, MBFL captures deep latent relationships between code elements and
failures [25, 30].

The extraction of MBFL features involves a multi-stage process: first, target source code lines are
selected; second, a set of mutants is generated for each selected line; and third, the entire test suite
is executed for every individual mutant. During this testing phase, we track two critical test outcome

transitions for each mutated line s:

e Failing-to-Passing (f2p): The number of tests that failed on the original program but pass on
the mutant. A high f2p count strongly suggests that the mutation partially corrected a fault at

line s.

e Passing-to-Failing (p2f): The number of tests that passed on the original program but fail on

the mutant. A high p2f count indicates that the mutation broke a correct logic at line s.

These raw transition counts are then substituted into specific MBFL formulas, such as MUSE [25]
and Metallaxis [30], to calculate the final 2 features of the dataset. For instance, the MUSE formula
weighs f2p transitions against p2f transitions to normalize the suspiciousness score.

As shown in Figure 2.3, the granularity of MBFL provides superior diagnostic power. However,
the requirement to generate and test numerous mutants for a wide range of selected lines introduces a
massive computational burden. In large-scale systems, this exhaustive extraction process becomes the

primary bottleneck for practical DLFL adoption.

2.2 Deep Learning Model Training and Inference

After constructing the DLFL dataset, deep learning models are trained with the extracted 8 dynamic
features. This enables the model to distinguish between faulty and non-faulty lines effectively based on
the combined signals of 6 SBFL- and 2 MBFL-based feaure values. In the inference phase, the trained
model calculates suspiciousness scores (at a range of [0.0,1.0]) for each code line, facilitating accurate

fault localization by ranking lines from most to least suspicious.
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Figure 2.3: The MBFL process involving mutant generation and tracking of outcome changes for feature

calculation.

2.2.1 Model Choice and Architecture

Following the CodeHealer [49] methodology, current state-of-the-art method on MBFL-based DLFL,
a Multi-Layer Perceptron (MLP) is adopted as the core model for this study. This choice is motivated
by the MLP’s proven success in handling structured tabular input and its relative simplicity compared
to more complex architectures. The model consists of one hidden layer with the same number of nodes
as the input layer, utilizing fully connected layers followed by non-linear activation functions to learn the
non-linear relationship between features and faultiness.

As shown in Figure 2.4, for each code line in the dataset, the input to the model is a 8-dimensional
vector representing the features extracted from dynamic analysis. The model’s input and output can be

summarized as follows:

e Input: A 8-dimensional feature vector for each code line, composed of 6 SBFL formulas and 2
MBFL formulas.

e Output: A real-valued probability in the range [0.0,1.0], which is interpreted as the suspiciousness

score of the corresponding code line.

During training, ground truth labels are assigned as 1 for faulty lines and 0 for benign lines. The
model is optimized to maximize its ability to discriminate between these two classes. This MLP-based
approach provides a straightforward and computationally efficient baseline for evaluating the impact of

dataset construction decisions on overall DLFL performance.

2.3 Summary

In this chapter, we have reviewed the dataset components, extraction methods, and the deep learning
model architecture established in DLFL research. We described how 8 dynamic features provide comple-
mentary signals by substituting raw execution data into well-defined formulas. Crucially, we highlighted
how the exhaustive nature of MBFL extraction creates a significant computational bottleneck (specif-

ically the selection of lines and the generation of mutants). In the following chapter, we present our
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Figure 2.4: Architecture of the DLFL model and the mapping from dynamic features to suspiciousness

scores.

proposed approach, which introduces a systematic methodology to optimize these MBFL parameters

and a novel Stack Trace Relevance feature to further enhance localization accuracy.
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Figure 3.1: Overall workflow of MBFL-based DLFL dataset construction, including bug synthesis and

feature extraction.

Chapter 3. Approach

This chapter presents a systematic methodology designed to transition Deep Learning-Based Fault
Localization (DLFL) from a theoretical technique to a practically viable industrial solution. Our ap-
proach is driven by two major research objectives: (1) drastically reducing the prohibitive computational
costs of mutation-based dataset construction and (2) significantly enhancing the fault localization accu-
racy of DLFL models through runtime error (stack trace) context analysis.

To achieve these goals, we first describe the end-to-end DLFL dataset construction workflow, ac-
counting for the unique data accessibility constraints inherent in the defense industry. We then provide
a granular analysis of the mutation phase to identify and optimize the key parameters governing con-
struction time. Finally, we introduce the formal definition and motivation of the novel Stack Trace (ST)
Relevance feature. All proposed strategies were implemented and validated using a custom-developed

automation tool consisting of approximately 6,000 lines of Python code.

3.1 DLFL Dataset Construction Workflow Overview

The construction of a robust DLFL dataset involves transforming raw program artifacts into struc-
tured numerical records. As illustrated in Figure 3.1, the process proceeds through the insertion of

artificial bugs followed by a comprehensive dynamic feature extraction phase.

3.1.1 Artificial Bug Generation

The performance of a DLFL model is highly contingent upon its exposure to diverse and represen-
tative fault patterns during the training phase. While the use of historical bug databases is ideal for
research purposes, our collaboration with Company L revealed a critical practical barrier. Due to strict
defense security protocols and the confidential nature of military software development, direct access to
historical fault versions or actual defect logs was restricted.

To circumvent this limitation, we employ Artificial Bug Generation via mutation [36, 33]. The
systematic process of bug insertion is illustrated in Figure 3.2. For the target defense software middleware,

we generated fault versions by injecting one mutant per code line across the entire project P. Each
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Figure 3.2: Process of artificial bug insertion to construct faulty program versions.

resulting mutant program is then validated against the existing test suite 7. We retain only those
mutants that cause at least one test failure while allowing other tests to pass. This strict selection
criterion ensures that each artificial bug provides a clear ground truth for the faulty line, enabling robust

supervised learning even in environments where real-world failure data is unavailable [31].

3.1.2 Dynamic Feature Extraction Phase

Once a set of artificial buggy programs P is established, the construction tool enters the dynamic
extraction phase. For every code line exercised by a failing test case, the tool extracts a comprehensive
set of 9 dynamic features. This marks an evolution from traditional DLFL datasets, which typically rely
on 8 features (6 SBFL and 2 MBFL) as described in Chapter 2. By incorporating the newly proposed
Stack Trace Relevance feature as the 9th component, we provide the model with critical runtime context.

The full feature set comprises:

e SBFL Features: 6 suspiciousness values (DStar, GP13, Naishl, Naish2, Ochiai, Tarantula) are

calculated based on test coverage patterns (ep,es,n,,ns), as detailed in Section 2.1.1.

e MBFL Features: 2 suspiciousness values (MUSE, Metallaxis) are derived from subsequent mu-

tation analysis (f2p, p2f) of the faulty program, as detailed in Section 2.1.2,.

e ST Relevance Feature: A novel feature proposed in this study that quantifies the proximity of

each line to the runtime error context (stack trace).

The dynamic feature extraction phase represents the most computationally intensive stage of the
entire lifecycle. While SBFL features are lightweight, the exhaustive nature of MBFL feature extrac-
tion introduces a massive temporal bottleneck that threatens the feasibility of the overall system. The

following sections provide a detailed analysis of this cost-heavy phase to identify optimization points.

3.2 Systematic Optimization of MBFL Construction Cost

Mutation-Based Fault Localization (MBFL) features are essential for capturing latent semantic
signals, yet their extraction is the primary driver of computational overhead. To address this, we formalize

the extraction process to identify and optimize the key parameters that dictate construction time.

3.2.1 Identification of Key Parameters via MBFL Feature Extraction Pro-

cess Analysis

The MBFL feature extraction process is a nested operation as illustrated in Figure 3.3. This phase
captures how subtle code changes affect test outcomes, providing the deep diagnostic information required

for high-precision models.
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The extraction workflow follows a rigid sequence of operations. First, Target Line Selection
determines which suspicious code lines, ranked by initial SBFL scores, will undergo further analysis.
Second, a specific number of Mutant Programs are Generated for each selected line to create
semantic variations. Third, Mutation Testing is performed by executing the test suite against every
mutant to capture transition signals such as Failing-to-Passing (2p) and Passing-to-Failing (p2f). Finally,
these signals are substituted into formulas such as MUSE and Metallaxis to calculate the final features.

Numerous studies have sought to reduce the computational cost of MBFL [38, 23, 19], proposing
techniques like DMES [21] or SMBFL [2]. However, these methods have not been extensively explored in
the context of large-scale MBFL-based DLFL dataset construction, where the goal is to build a training
set rather than localize a single bug. By formalizing this workflow in Algorithm 1, we identify two primary
parameters that control this complexity: the Target Line Selection Ratio () and the Mutant Count
Per Line (m). The systematic optimization of these parameters, which will be described in more detail

in the following section, is the key to making DLFL viable for industrial systems.

3.2.2 Systematic Optimization Approach

Our strategy involves a systematic investigation into the trade-off between reduction and accuracy
to find the optimal parameter configurations where computational cost is minimized while DLFL model
performance remains statistically equivalent to the baseline configurations (r = 100, m = 10).

Optimization of Target Line Selection Ratio (r): Determining the precise percentage of
suspicious lines to select is critical for scalability. While mutating all executed lines ensures maximum
data availability, it leads to an explosion of redundant test executions. We evaluate the impact of
restricting r to the top r-percent of lines ranked by Ochiai scores. By identifying a threshold that
discards clearly benign lines while retaining all faulty statements for the mutation phase, we can prune
the search space by orders of magnitude without affecting the final model quality.

Optimization of Mutant Count Per Line (m): Once target lines are prioritized, we must
determine the minimum number of mutants (m) required per line. While a higher m provides more
diverse transition data, it directly scales the compilation and test execution time. We systematically
reduce m from an exhaustive set (e.g., 10 mutants) down to a minimal set to find the smallest sample
size that allows the DLFL model to maintain statistical equivalence in localization performance. This

density reduction is vital for environments with limited CPU resources.

11



Algorithm 1: MBFL Feature Extraction with optimization parameters r and m.

Input: P : target program, T : set of test cases, S : SBFL metric (e.g., Naish2), r : line
selection ratio, m : number of mutants per line
Output: MBFL dataset

=

failing_tcs < get_failing_tes(T)

N

candidate lines < get_lines_covered( failing_tcs)
3 suspicious_lines « order_by_sbfl score(candidate_lines, S)
target_lines < select_top_r_percent(suspicious_lines, r) ; // Decision Parameter 1:

target line ratio

4 foreach line € target_lines do

5 mutants < generate_mutants(line, m) ; // Decision Parameter 2: number of
mutants per line

6 foreach mutant € mutants do

7 covering_tcs < get_covering_test_cases(T', line)

8 foreach tc € covering_tcs do

9 outcome <+ execute_test_case(mutant, tc)

10 L save_result(line, mutant, tc, outcome)

2.c. Extract Stack Trace Feature

Execute tests for each artificial bug

ST
Feature

=

Figure 3.4: Process for extracting and formulating the Stack Trace Relevance feature.

Artificial
Buggy Program P’

Artificial Bug p; ST ST Score

Capture Parse Relevance ]

3.3 Improving Localization Precision via Stack Trace Relevance

Feature

The second major objective of this thesis is to enhance the fault localization accuracy of DLFL
models. To achieve this, we propose the Stack Trace (ST) Relevance feature, a novel technical
contribution that quantifies the structural and hierarchical relationship between source code lines and

observed failures.

3.3.1 Motivation: Emulating Developer Diagnostic Heuristics

The ST Relevance feature is designed to formalize the fundamental debugging habits of human
developers. When a program crashes, developers instinctively prioritize the stack trace, operating under
the heuristic that code elements residing in the upper frames (closest to the point of program termination)
are most likely to contain the root cause. Our proposed feature provides a diagnostic signal by directing
the model’s attention to the narrow, active path of the crash. By providing this runtime failure context,

we enable the deep learning model to differentiate between lines that are merely executed and those that

12



are structurally relevant to the failure.

Example Scenario: Defects4J Lang-37b To illustrate this diagnostic approach, consider the Lang-37b
defect. The actual bug is located at line 2962 in ArrayUtils.java. When a failing test is executed, it

generates the following stack trace:

Listing 3.1: Stack trace generated by the failing test for Lang-37b.

at java.base/java.lang.System.arraycopy(Native Method)
at org.apache.commons.lang3.ArrayUtils.addAll (ArrayUtils. java:2962)
at org.apache.commons.lang3.ArrayUtilsAddTest.testJirab67 (ArrayUtilsAddTest.java:40)

at junit.framework.TestCase.runTest (TestCase.java:176)

In this scenario, a human developer would immediately scrutinize the code positioned near line
2962 of ArrayUtils.java because it appears in the top-most non-native frame. While an SBFL model
would assign the same ”covered” status to line residing in covered blocks of addAll method, our ST
Relevance feature quantifies this ”closeness to crash” intuition of developers. This provides the DLFL
model with a sharp numerical gradient, allowing it to isolate the faulty statement from its benign neigh-
bors. To operationalize this insight, we developed the following structured extraction and mathematical

formulation.

3.3.2 Feature Formulation and Extraction Process

The process of calculating the ST Relevance feature, as illustrated in Figure 3.4, follows three distinct
stages executed by our automation tool: (1) Failure Capture, where full stack traces are recorded for
every failing test; (2) Trace Parsing, where each frame f is mapped to its function and line number
with a positional index; and (3) Relevance Scoring, where these components are integrated into a
single value based upload proposed decay-based formula.

For each source code line s, the Stack Trace Relevance is formally defined as:

1

ST Relevance(s) = max —_—
festackTrace(P) \ position(f) + 1

« e—distance(s,f)2> (31)

The specific components of this formulation are defined as follows:

e stackTrace(P): This represents the aggregate set of all stack frames f extracted from all failing
test cases of the faulty program P. It provides a comprehensive map of the failure-inducing call

hierarchy.

» position(f): This is the zero-based index of frame f within its respective stack trace. A value of 0
denotes the top-most (most proximal) frame where the crash was detected. As the value increases,
the frame’s relevance decreases, reflecting the depth of the call stack toward the program entry

point.

e distance(s, f): This denotes the structural distance, measured in lines of code, between the target
source line s and the specific line number referenced in frame f. To maintain context integrity,
the distance is only calculated if s and f reside within the same method; otherwise, the distance is

treated as infinite, resulting in a score of zero.

The formulation utilizes two primary decay mechanisms to reflect the likelihood of a fault:

13



e Stack Depth Weighting (Rational Decay): The term m prioritizes frames at the
top of the stack, effectively modeling the developer’s focus on the immediate ”crash site” within

the source code.

—distance(s,f)?

e Spatial Distance Penalty (Gaussian Decay): The term e penalizes lines as
their physical distance from the referenced frame increases. This Gaussian decay captures the
”neighborhood effect” of a fault, where the exact line in the frame receives the maximum score,
while adjacent lines—which may contribute to the state corruption leading to the crash—receive a

decayed but non-trivial score.

A critical aspect of this formulation is the use of the maximum (max) operator. Since a specific
code line s may be associated with multiple frames across several failing test cases (e.g., recursive calls
or different failing paths), we take the maximum value to capture the line’s strongest signal of relevance.
By taking the maximum value, we capture the line’s strongest signal of relevance to any failure
point. This ensures that a code element is characterized by its most proximal relationship to a crash,
preventing its diagnostic significance from being diluted or averaged out by less relevant appearances in

deeper stack frames or distant test scenarios.

3.4 Automated MBFL-based DLFL Dataset Construction Tool

To implement these strategies, we developed a comprehensive automation tool consisting of approx-
imately 6,000 lines of Python code. This infrastructure modularizes mutation management, automates
feature extraction, and synthesizes the final dataset.

A key technical contribution of this tool is its integration with an enhanced version of the MU-
SIC++ [32] (for C/C++ programs) mutation engine to selectively generate mutants based on the op-
timized target line selection ratio r and mutant count per line m parameters. The tool implements an
automatic pipeline that manages program builds, test executions, and the extraction of all 9 features (6
SBFL, 2 MBFL, and 1 ST Relevance). To ensure reliability and ease of use, the tool is well-documented
in Appendix A, covering detailed setup procedures, parameter configuration, and troubleshooting proto-
cols. This infrastructure was essential for bridging the gap between theoretical optimization and practical

deployment in Company L’s C/C++ environments.

3.5 Summary

In this chapter, we presented a systematic methodology to address the cost and accuracy challenges of
DLFL. By identifying and optimizing key MBFL parameters (target line selection ratio r, mutant count
per line m) and introducing the ST Relevance feature, we establish a robust framework for practical
fault localization. Our 6,000-line automation tool serves as the backbone for this methodology, enabling
automatic dataset construction from raw source code and its test suite. The following chapter describe
the exploratory study conducted to determine the optimal values for target line selection ratio and

mutant count per line before applying them to military defense software.

14



Table 4.1: Technical Specifications and Fault Distribution of the Defects4J Projects utilized for the
Exploratory Study.

Identifier Project Name 7# of faults Avg. # Tests LOC
Chart JFreeChart 26 2201 96K
Lang Apache commons-lang 61 2291 22K
Math Apache commons-math 106 4379 84K
Mockito Mockito 38 1379 12K
Time Joda-Time 26 4041 28K

Chapter 4. Exploratory Study Setup

This chapter establishes the experimental framework designed to evaluate the systematic DLFL
dataset construction methodology proposed in this thesis. Before applying the localization techniques
to complex, high-reliability military defense software, it is essential to identify the optimal parameter
configuration that provides a balance between computational efficiency and diagnostic precision in a
controlled environment.

The exploratory study serves two primary purposes: (1) to identify the optimal inflection points for
the target line selection ratio (r) and mutant count per line (m) to minimize construction costs, and (2)
to empirically validate the accuracy gains provided by the novel Stack Trace (ST) Relevance feature. We
utilize the Defects4J open-source benchmark to conduct these investigations, supported by a large-scale

parallelized infrastructure and rigorous statistical validation.

4.1 Research Questions

The primary objective of this study is to establish a standardized, cost-effective guideline for con-
structing DLFL datasets. We address the following three research questions (RQs) to evaluate the

trade-offs between cost and performance:

* RQ1 (Target Line Selection Ratio): What is the impact of varying the selection ratio r (from
10% to 100%) on the overall dataset construction cost and the resulting DLFL model accuracy?

e RQ2 (Mutant Count Per Line): How does reducing the mutant density m (from 10 down to
1) influence the computational overhead and the model’s ability to precisly localize the faulty code

line?

* RQ3 (ST Relevance Feature Effectiveness): To what extent does the incorporation of the
proposed Stack Trace Relevance feature improve the fault localization precision of the DLFL model

compared to traditional features (use of only SBFL and MBFL features)?
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4.2 Subject Programs: Defects4J Benchmark

The exploratory study employs Defects4J (v1.2.0) [12], the standard benchmark for evaluating
automated fault localization. As shown in Table 4.1, Defects4J provides a curated collection of real-world
faults extracted from mature open-source Java projects.

For this study, we selected five representative projects: Chart (a visualization library), Lang (Apache
Commons utility library), Math (mathematical computation library), Mockito (a mocking framework),
and Time (Joda-Time date/time library). These projects collectively encompass 257 real-world faults,
each accompanied by a comprehensive test suite and a confirmed ground-truth fix. Utilizing this bench-
mark allows for an objective and reproducible assessment of how our optimization parameters and

context-aware features generalize across different software structures and logic types.

4.3 DLFL Dataset Construction Infrastructure

To manage the high processing demands of mutation analysis and feature extraction across 257

faults, we utilized our 6,000-line Python dataset construction tool within a parallelized environment.

4.3.1 Distributed Computing Environment

Building MBFL-based datasets is prohibitively expensive on single-node systems. Consequently, we
deployed a distributed infrastructure consisting of 30 independent Linux-based machines. Each node is
equipped with an AMD Ryzen 7 3800XT 8-core CPU and 32GB of RAM. This parallelized setup enabled
the simultaneous execution of mutation generation and test suites, drastically scaling the MBFL pipeline

which requires thousands of test runs for each mutant.

4.3.2 Feature Extraction Tools

Feature extraction was managed automatically by our tool, integrating with PITest [5] for mutation
analysis in Java. The tool collected coverage matrices for SBFL, performed transition analysis (f2p,
p2f) for MBFL, and parsed failing test logs to compute the ST Relevance scores for every record in the

257 fault instances.

4.4 Model Training and Evaluation Protocol

The DLFL models were trained and evaluated on a workstation featuring an AMD Ryzen 9 5950X
16-core CPU and an NVIDIA GeForce RTX 4090 GPU.

To ensure the reliability of our findings and mitigate the risk of overfitting, we employed a 10-
fold cross-validation protocol repeated 10 times. In each iteration, the 257 faults were randomly
partitioned into ten folds; the model was trained on nine folds and evaluated on the held-out fold.
This 10x10 repetition (100 total iterations) provides statistically robust estimates of fault localization

performance, accounting for the inherent variability in neural network training and data partitioning.
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4.5 Evaluation Metrics and Statistical Analysis

We evaluate the proposed methodology across two dimensions: computational efficiency and local-

ization accuracy.

4.5.1 Computational Efficiency

Efficiency is measured as the elapsed time (CPU-hours) required for each stage of the construc-
tion process, including bug synthesis, feature extraction (SBFL, MBFL, and ST), and model training.
This allows us to quantify the cost-reduction impact of the strategies investigated in RQ1 and RQ2.

4.5.2 Fault Localization Accuracy

Accuracy is evaluated at the statement level, aligning with practical debugging workflows where

developers inspect code line-by-line. We employ two primary metrics:

e Top-N: The number of faults where at least one faulty line appears within the top N positions of

the ranked list. Higher Top-N values indicate a higher success rate in practical settings.

e Mean First Rank (MFR): The average rank assigned to the first faulty statement of a bug. This
serves as a direct proxy for the debugging effort, as it represents the number of lines a developer

must inspect before finding the root cause (lower value is better).

4.5.3 Statistical Significance Testing

To determine whether the performance differences between various parameter configurations are
statistically significant, we use the Mann-Whitney U Test [1]. This non-parametric test is used to
compare the suspiciousness rankings produced by different models (e.g., 70% vs. 100% selection). We
apply a significance level of @ = 0.05; a p-value below this threshold indicates that the observed opti-
mization is statistically sound, ensuring that our cost-reduction guidelines do not compromise diagnostic

integrity.
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Chapter 5. Exploratory Study Results

This chapter presents the empirical results of the exploratory study conducted on the Defects4J
benchmark. The primary objective of this analysis is to discover the optimized parameter configurations
that minimize the computational cost of mutation-based dataset construction while preserving diagnostic
integrity and verify the effectiveness of the proposed Stack Trace (ST) Relevance feature before its
application to military defense software systems.

By interpreting the experimental data, we address the three research questions established in Chapter
4. We specifically focus on finding the optimal parameter configurations for the target line selection
ratio (r) and mutant count (m) (parameters identified in Section 3.2) as the primary drivers of the
construction bottleneck, while simultaneously validating the accuracy gains provided by the Stack Trace
(ST) Relevance feature. The findings presented here provide the empirical foundation and standardized

guidelines necessary for scalable Deep Learning-Based Fault Localization (DLFL) deployment.

5.1 RQ1: Impact of Target Line Selection Ratio (r)

As detailed in the MBFL process analysis in Section 3.2, the number of lines selected for mutation (r)
directly dictates the scope of the dynamic feature extraction phase. Traditional exhaustive approaches
analyze 100% of executed lines, which leads to the prohibitive computation costs. This section evaluates
how reducing r through SBFL-based ranking (Ochiai) impacts localization accuracy and construction
efficiency.

We varied r from 100% down to 10%. The results, summarized in Table 5.1, show a near-linear
correlation between the selection ratio and processing time. However, our goal was to identify the
minimum ratio that maintains statistical equivalence to the full baseline. Our analysis confirms that a
70% selection ratio serves as the optimal threshold.

By limiting mutation to the top 70% of suspicious lines, we reduced the dataset construction time
by 29.8% (from 198.2 to 139.1 CPU-hours). While Top-5 accuracy saw a minor decrease from 48.0% to
45.7%, the Mann-Whitney U test yielded a p-value of 0.0750. Since p > 0.05, we fail to reject the null
hypothesis, concluding that the performance loss is not statistically significant. Reducing r below this
threshold, however, led to sharp declines in accuracy, indicating that 70% is the inflection point where

efficiency is maximized without compromising the diagnostic signals.

Key Finding (RQ1)

Mutation analysis can be restricted to the top 70% of suspicious lines, reducing individ-
ual extraction costs by 29.8% while maintaining a diagnostic performance that is statistically

equivalent (p = 0.0750) to the exhaustive baseline.

5.2 RQ2: Impact of Mutant Count Per Line (m)

Following the optimization of the selection scope in RQ1, we investigated the second key cost-driving

parameter identified in Section 3.2: the density of mutants generated per line (m). Building on the 70%
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Table 5.3: Ablation Study of Feature Groups on Defects4J (RQ3). The table shows the Top-N accuracy
for different feature combinations. All A % values represent the percentage change in accuracy compared
to the SBFL-+MBFL baseline.

. Top-1 Top-3 Top-5
Technique
Acc.(%) A% Acc.(%) A% Acc.(%) A%
SBFL+MBFL 17.7 0.0 33.2 0.0 41.5 0.0
SBFL+MBFL+ST 18.9 6.8 36.2 9.3 46.0 11.0

selection ratio established in the previous section, we systematically reduced m from 10 down to 1.

The experimental results in Table 5.2 demonstrate that construction cost is highly sensitive to
mutant density. By restricting the analysis to 3 mutants per line, the total processing time was
drastically reduced to 50.4 hours (representing a 74.6% cumulative reduction) compared to the
exhaustive baseline (100% lines, 10 mutants).

Statistical validation confirms the viability of this reduction. The comparison between the baseline
and the 3-mutant configuration resulted in a p-value of 0.0792 (p > 0.05), proving that 3 mutants
provide sufficient semantic variety for the DLFL model to learn fault patterns. Reducing the count to 1
or 2 mutants resulted in a significant degradation of Top-N metrics. These findings allow us to finalize
the cost-efficient guideline: mutation analysis should be targeted at the top 70% of lines with a density

of 3 mutants per line.

Key Finding (RQ2)

A density of 3 mutants per line achieves a cumulative 74.6% reduction in dataset con-
struction time (from 198.2 to 50.4 hours) while preserving statistically identical localization

effectiveness (p = 0.0792) compared to computationally expensive exhaustive configurations.

5.3 RQ3: Effectiveness of the ST Relevance Feature

The final component of this study validates the core technical contribution proposed in Section 3.3:
the Stack Trace (ST) Relevance feature.

Using the optimized configuration (r = 70%, m = 3), we conducted an ablation study to quantify
the accuracy gains. As shown in Table 5.3, the inclusion of ST Relevance (9 features, SBFL+MBFL+ST)
provided a consistent boost over the traditional model (8 features, SBFL+MBFL).

Specifically, Top-1 accuracy improved by a relative 6.8% (rising from 17.7% to 18.9%), while Top-3
and Top-5 accuracy saw substantial relative gains of 9.3% (33.2% — 36.2%) and 11.0% (41.5% — 46.0%),
respectively.

Furthermore, the model exhibited a marked improvement in the Mean First Rank (MFR) metric,
which decreased by 14.4% (from 36.2 to 31.0). This reduction indicates that the ST Relevance feature
significantly lowers the manual effort required for debugging by ranking faulty elements more precisely

within the suspiciousness list, allowing the DLFL model to isolate faulty statements with higher precision.

21



Key Finding (RQ3)

The proposed ST Relevance feature yields a robust diagnostic boost, improving Top-N accuracy
by up to 11.0% and reducing manual debugging effort (MFR) by 14.4%. This accuracy gain is
achieved with negligible computational overhead, proving the high utility of runtime failure

context.

5.4 Summary

The exploratory study on Defects4J successfully discovered the optimal parameter set for efficient
DLFL: a 70% target line selection ratio and 3 mutants per line. Combined with the novel
ST Relevance feature, this methodology achieves high-precision (improvement at most 11.0%) fault
localization with only a fraction of the traditional computational cost (74.6% reduction).

By validating these strategies in a controlled open-source environment, we have established a robust
methodological blueprint. In the following chapter, we transfer these optimized guidelines and our 6,000~
line automatic dataset construction tool to the C/C++ middleware systems of Company L to evaluate

their performance in a real-world military defense domain.
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Table 6.1: Target Subjects (Company L). Subject names are anonymized to protect proprietary infor-
mation. AB: Artificial Bugs, FTs: Failing Tests, PTs: Passing Tests

Avg. #FTs Avg. #PT
Subjects Language Size (LoC) Line Coverage vg. #FTs vg. #PTs

(on AB) (on AB)
System_A C 18,854 57.58% 2.52 74.38
System_B C 4,870 55.78% 1.38 11.58
System_C C 6,217 66.93% 3.60 7.10
System_D C++ 10,788 60.92% 3.62 3.18
System_E C++ 8,333 68.36% 3.24 31.88
System_F C++ 12,021 45.78% 5.40 20.88

Chapter 6. Application to Military Defense Software: Case
Study with Company L

In this chapter, we validate the practical applicability of the systematic DLFL dataset construc-
tion methodology proposed in this thesis, through a comprehensive collaborative research project was
conducted with Company L, a leading defense electronics company in South Korea. Building upon the
optimized parameters (r = 70%,m = 3) and the novel Stack Trace (ST) Relevance feature discovered in
the exploratory study, we transition from controlled benchmarks to real-world military defense software.

The objective of this chapter is threefold: (1) to validate the practical applicability of our cost-
reduction strategies on C/C++ military defense SW systems, (2) to detail the technology transfer process
including the delivery of an integrated automation tool, and (3) to discuss the operational impact of this
research on the industrial partner’s software quality assurance workflow. This collaboration demonstrates
how theoretical optimization can be transformed into a robust, deployed solution for high-reliability

software domains.

6.1 Validation on Military Defense Software

To verify that the guidelines derived from Java-based open-source projects generalize to complex
defense systems, we applied the optimized DLFL pipeline to six middleware softwrares provided by

Company L.

6.1.1 Subject Systems and Experimental Setup

The validation was conducted on three C programs and three C++ programs, totaling approximately
61,000 lines of code. These systems are currently deployed in aerospace, maritime, and guided weapon
applications. Due to strict defense security protocols prohibiting access to historical defect logs, we
constructed a validation dataset using 300 artificially injected faults (50 per system) generated via the
automation tool’s mutation engine (as detailed in Section 3.1). The detailed characteristics of these

systems are provided in Table 6.1.
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Table 6.2: Fault Localization Accuracy on Company L Defense Software (Configuration: 70% Lines, 3
Mutants, with ST Feature)

Metric Top-1 Top-3 Top-5 MFR
Accuracy (%) | 62.7% 82.6% 85.0% 18

6.1.2 Performance and Efficiency Analysis

Applying the 70% target line selection ratio and 3-mutant limit alongside the ST Relevance feature
yielded high localization results. As summarized in Table 6.2, the optimized DLFL model achieved a Top-
1 accuracy of 62.7%, Top-3 accuracy of 82.6%, and a Top-5 accuracy of 85.0%. Furthermore,
the Mean First Rank (MFR) was recorded at 18, indicating that a developer would need to inspect fewer
than 20 lines of code on average to locate a root cause in a system spanning tens of thousands of lines.

In terms of efficiency, the use of optimized parameters allowed us to circumvent the prohibitive costs
typically associated with exhaustive mutation analysis. This approach, theoretically, achieved a cumula-
tive 79.0% reduction (from 9,081 to 1,907 CPU-hours) in dataset construction time compared
to the exhaustive baseline. These results confirm that the strategies identified in the exploratory study
(Chapter 5) are not only robust but also highly transferable to C/C++ environments of military defense

software, providing high precision at a fraction of the traditional cost.

6.2 Technology Transfer and Delivered Artifacts

The collaboration resulted in the formal handover of three major artifacts, which have been inte-

grated into Company L’s internal research and development infrastructure.

6.2.1 MBFL-based DLFL Dataset Construction Automation Tool

The primary vehicle for technology transfer was the 6,000-line Python-based automation tool.
This comprehensive software package automates the entire DLFL lifecycle: from bug synthesis via an
enhanced version of MUSIC++ [32] engine to the extraction of 9 dynamic features (SBFL, MBFL, and
ST Relevance). To ensure long-term maintainability, the tool includes exhaustive documentation in

Appendix A, covering setup, parameter configuration, and troubleshooting protocols.

6.2.2 Comprehensive MBFL-based DLFL Dataset

Utilizing the tool, we synthesized a large-scale fault localization dataset derived directly from Com-
pany L’s proprietary code. This artifact comprises over 1.3 million rows of feature data, providing

the company with a unique ground truth baseline for training future autonomous diagnostic models.

6.2.3 MBFL-based DLFL Dataset Construction Configuration Guidelines

We delivered a set of empirically validated guidelines that mandate a 70% selection ratio and a
3-mutant limit. By providing these pre-optimized parameters, we eliminated the need for Company L to
perform expensive parameter sweep experiments for every software iteration, establishing a ”plug-and-

play” framework for efficient DLFL construction.
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6.3 Collaboration and Technique Adoption

The research collaboration spanned from December 2023 to September 2025, marked by deep tech-

nical integration and knowledge exchange.

6.3.1 On-site Research Integration

A critical phase of the project was an on-site research dispatch from June 2024 to August
2024. During this period, the proposed dataset construction tool was integrated directly into Company
L’s secure development environment. This allowed for real-time validation against evolving software
baselines and ensured that the tool was compatible with the company’s specific build systems and

security constraints.

6.3.2 Technical Seminar and Knowledge Transfer

To ensure the sustainability of the provided capabilities, a technical seminar titled ”Dynamic Meth-
ods of Fault Localization (SBFL, MBFL, DLFL)” was conducted for Company L’s research division.
This knowledge transfer empowered the internal engineering team to independently operate and extend
the DLFL infrastructure, transforming it from a static delivery into a continuous research platform for

their next-generation weapon systems.

6.4 Summary

In this chapter, we validated the proposed methodology on real-world military software and detailed
its successful deployment at Company L. The results demonstrate that the optimized DLFL approach
is both highly accurate (85.0% Top-5) with viable computation cost (79.0% reduction, from
9,081 to 1,907 CPU-hours). The delivery of the 6,000-line dataset construction tool and optimized
guidelines ensures that the diagnostic capabilities established in this thesis provide a lasting impact on

the reliability and maintenance efficiency of military defense software.
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Chapter 7. Related Works

Fault localization (FL) has undergone a significant evolution over the past two decades, transitioning
from simple statistical heuristics to sophisticated machine learning models. This chapter provides a com-
prehensive review of the existing fault localization literature, organized into four primary domains: tra-
ditional and hybrid localization techniques, deep learning architectures for debugging, strategies for mit-
igating mutation-based computational costs, and the current research gap regarding systematic dataset
construction methodologies. By situating this thesis within the broader academic context, we highlight
how our proposed optimization strategies and runtime stack trace relevance features address the critical

limitations that currently hinder the adoption of deep learning-based diagnostics to military defense SW.

7.1 Traditional and Learn-to-Rank Techniques

Spectrum-Based Fault Localization (SBFL) represents the foundational paradigm of automated de-
bugging. It operates by analyzing program spectra (summaries of code coverage and test outcomes) to
assign suspiciousness scores to individual code elements [41]. Early groundbreaking formulas such as
Tarantula [11], Ochiai [27], and DStar [40] established that statistical imbalances between passing and
failing executions provide a strong signal for defect location. Later, advanced SBFL methods began
incorporating genetic programming to automatically evolve more effective formulas (GP13 [47]) or in-
tegrated static code complexity metrics to refine coverage-based signals (FLUCCS [37]). Despite their
computational efficiency, SBFL techniques are inherently limited by their reliance on execution frequency,
which often fails to capture the semantic nuance required for complex software faults.

To overcome the limitations of SBFL, Mutation-Based Fault Localization (MBFL) was introduced
to evaluate the behavioral impact of specific code changes. Pioneer techniques such as MUSE [25] and
Metallaxis [30] established the intuition that a faulty statement’s signature is best captured through test
outcome transitions, specifically Failing-to-Passing (F2P) and Passing-to-Failing (P2F). While MBFL
offers significantly higher precision, its practical application is often restricted by the massive computa-
tional overhead required to generate and execute mutants. This trade-off between precision and efficiency
eventually led to the development of Learn-to-Rank approaches like PRINCE [16]. These models demon-
strated that fusing multiple signals (including SBFL, MBFL, and structural metrics) through supervised
learning could outperform any single heuristic, laying the conceptual groundwork for the deep learning

models used today.

7.2 Deep Learning-Based Fault Localization (DLFL)

The application of deep learning to fault localization has shifted the focus from manual heuristic
design to automated representation learning. This evolution is characterized by diverse architectural
paradigms designed to capture different aspects of program behavior. Convolutional Neural Networks
(CNNs), such as CNN-FL [51] and DeepRLAFL [18], treat coverage matrices as spatial patterns akin
to image pixels, effectively identifying localized fault signatures within large matrices. Simultaneously,
Graph Neural Networks (GNNs), exemplified by GRACE [22] and GNet4FL [34], have been employed
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to exploit the structural dependencies inherent in abstract syntax trees and dependency graphs. These
models emphasize that the physical and logical structure of code is as important as its execution path.

Beyond architectural diversity, the focus of DLFL research has increasingly moved toward feature
engineering and fusion. Models like DeepFL [17] and FusionFL [50] have proven that localization accuracy
is maximized when a model integrates disparate data sources, such as textual similarity from information
retrieval and semantic features from code representation learning. Advanced frameworks like MTL-
TRANSFER [39] and CodeHealer [49] have further pushed the state-of-the-art by leveraging multi-task
and transfer learning to generalize bug patterns across different software projects. However, a consistent
trend in these high-performance studies is a focus on model complexity and feature depth, often at the

expense of ignoring the underlying efficiency of the data construction process itself.

7.3 Mutation Cost Reduction Strategies

Given the computational burden of MBFL features, a significant body of research has focused
on reducing mutation analysis costs while attempting to preserve diagnostic power. These strategies
generally target different stages of the mutation pipeline. At the target line selection stage, techniques like
HMER [19] and Statement-Oriented Reduction [20] use lightweight SBFL scores or statistical sampling
to prioritize which mutants should be executed. Other researchers have explored predictive analysis,
where models like Neural-MBFL [7] or Predictive MBFL [44] attempt to guess whether a mutant will be
7killed” by a test suite without performing the actual execution, thereby avoiding unnecessary builds.

Further optimizations have targeted the test execution phase itself [28]. IETCR [38] and FTMES [23]
reduce overhead by identifying redundant test cases or prioritizing those most likely to fail, while
DMES [21] established the theoretical bounds for minimal mutation execution. Additionally, scope
reduction via dynamic program slicing, as seen in SMBFL [2], limits mutation to only the code elements
residing on the active failure path. While these techniques offer impressive reductions in execution time,
they are typically designed for localizing single bugs within a fixed configuration. They do not address
the broader challenge of systematically determining the optimal parameter settings (such as selection
ratios and mutant counts) for the large-scale dataset construction required to train robust deep learning

models.

7.4 The Critical Research Gap: Dataset Construction

Despite the maturity of DLFL architectures and mutation reduction strategies, a significant gap
remains in the systematic methodology for constructing the training datasets themselves. Most leading
DLFL research treats dataset construction as a secondary task, often resulting in the adoption of arbi-
trary or exhaustive default settings. For instance, state-of-the-art models like CodeHealer [49] provide
extensive details on attention mechanisms and co-teaching strategies but offer little to no rationale for
the parameters used to generate their underlying mutation data. This lack of transparency leads to
reproducibility challenges and creates a barrier for industrial practitioners who must balance limited
computational budgets with high-reliability requirements.

Furthermore, existing studies are predominantly confined to Java-based open-source benchmarks
like DefectsdJ, leaving the generalizability of these techniques to large-scale industrial C/C++ systems
largely unverified. Traditional features also remain focused on statistical execution paths, frequently

overlooking the rich, context-aware information available in runtime artifacts like stack traces. By failing
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to optimize the ”what to generate” aspect of data construction and ignoring runtime error context, prior
work has left a vacuum that this thesis aims to fill. We address these gaps by conducting the first
rigorous investigation into the cost-accuracy trade-offs of construction parameters and by introducing

the ST Relevance feature to provide the context that statistical metrics lack.

7.5 Summary

In summary, the field of fault localization has progressed from manual heuristics to automated deep
learning pipelines that synthesize diverse program artifacts. However, the prohibitive cost of building
MBFL-based datasets and the absence of failure context-aware runtime features remain significant obsta-
cles. By systematically optimizing the construction parameters and incorporating the debugging intuition
of developers, this thesis builds upon the foundations of SBFL and MBFL to provide a practical and scal-
able framework for the application to military defense SW. The methodologies and tools described in this

research represent a necessary transition from theoretical accuracy to real-world operational viability.
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Chapter 8. Conclusion

The development of Deep Learning-Based Fault location (DLFL) has long been hindered by the
prohibitive computational costs of constructing mutation-based datasets and the absence of a standard
open-sourced tool for dataset construction. These challenges serve as a barrier to its practical adoption
in military defense software, where reliability is paramount but resources for exhaustive analysis are
constrained. This thesis has proposed, implemented, and validated a systematic methodology for DLFL
dataset construction that effectively resolves the conflict between computational efficiency and fault

localization accuracy.

8.1 Summary of Research Contributions

Through a two-phase empirical study involving both open-source benchmarks and military defense

systems, this research has achieved three primary technical and practical contributions:

1. Discovery of the Optimal Parameter for Efficiency: This study established the first evidence-
based configuration for cost-effective dataset construction. By targeting the top 70% of suspicious
lines and restricting mutant density to 3 mutants per line, we demonstrated that it is possible
to reduce construction time by 74.6% (from 198.2 to 50.4 CPU-hours) on the DefectsdJ
benchmark. Crucially, statistical validation via the Mann-Whitney U test confirmed that this
reduction maintains accuracy equivalence (p > 0.05), proving that the optimized parameters

preserve the essential semantic signals required for model training.

2. Innovation of the Stack Trace (ST) Relevance Feature: This novel metric quantifies the
relevance of source code to the runtime failure context (stack trace). Ablation studies revealed that
this feature provides a robust accuracy boost of +6.8% to +11.0% across standard metrics,

confirming that the proposed feature improves the FL accuracy of DLFL.

3. Validation on Military Defense SW of Company L: A major practical contribution of this
work is the development of a 6,000-line Python-based dataset construction tool that enables sys-
tematic DLFL dataset construction in real-world environments. The methodology was rigorously
validated through a case study with Company L using this tool. When applied to six C/C++ mid-
dleware systems, the technique achieved a Top-5 accuracy of 85.0% with a 79.0% theoretical
cost reduction, drastically decreasing the construction time from 9,081 to 1,907 CPU-hours.
These results confirm that the developed tool and optimized methodology are robust, generalizable,

and capable of making DLFL scalable for high-stakes defense applications.

8.2 Technical Impact: Collaboration with Company L

The practical viability of this research was cemented through its direct integration into the DLFL

system of Company L. The collaboration resulted in several high-value artifacts:

e MBFL-based DLFL Dataset Construction Tool: Delivery of a robust 6,000-line Python-
based MBFL-based DLFL dasaset construction tool that manages the entire DLFL process
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for C/C++ environments, integrated into the DLFL infrastructure of Company L.

e Comprehensive MBFL-based DLFL Dataset: Synthesis of a dataset comprising over 1.3
million rows of feature data derived from proprietary 6 C/C++ defense software utilized in

aerospace, maritime, and guided weapon systems.

* Knowledge Internalization: The technology transfer ensured that the partner’s internal re-
search team is empowered to independently conduct future model training and extend diagnostic

capabilities.

8.3 Future Directions: Hybridizing DLFL with LLMs

While this thesis establishes a rigorous framework for MBFL-based DLFL, the next frontier lies in
the synergy between dynamic analysis and semantic modeling. Current Large Language Model (LLM)-
based fault localization approaches excel at code comprehension but often ignore the nuances of runtime
behavior [13, 14, 43, 45, 35, 10]. Conversely, the DLFL approach presented here captures rich execution
patterns but lacks deep linguistic understanding.

Future work should investigate that combine the systematically constructed execution features from
this work with the semantic reasoning of an LLM. Integrating these complementary strengths—dynamic
signals and static comprehension—holds the potential to create a truly comprehensive diagnostic system

that surpasses the limits of either approach in isolation.

8.4 Closing Remarks

This thesis demonstrates that systematic attention to the data construction process of MBFL-
based DLFL is a foundational yet often overlooked pillar of Deep Learning-Based Fault Localization.
By identifying optimized parameters and introducing the novel Stack Trace Relevance feature, this
work transforms DLFL from a computationally prohibitive theory into a practical, viable, and high-
performance methodology. The successful deployment at Company L provides compelling evidence that
our approach is a significant step toward making advanced Al-driven diagnostics accessible for real-world,

military defense software engineering.
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Chapter A. ZARAA%A dolHA A4 =7

The instructions provided in this appendix were prepared specifically for engineers at Company
L to enable them to independently construct their own MBFL-based DLFL datasets using the tools
developed in this study. This documentation is intended as a practical guide for configuring, executing,
and troubleshooting the dataset construction process. The datiled technical explanation of the DLFL

dataset construction process is found in Chapter 3.

2. ¥ ¥ ARS 7hs o A
3. |2 WA HA (SBFLY ST E F%)
4. W7 w7e] Wel gl (MBFLE  %&)
5. 2% AWAAFA dlolE Al 244

A BAE 28N dolEs 44 70 AU AP A BAGIA «/0] A=
“cpp_difl_feature_extractor* t]& 2oJm|gic}.

2 9ELA
* 3 s Ay
— 3.1 “MUSICUP* H1 =

— 3.2 “extractor“ Y1 &
4 A 48

e 5. configuration 4% "'

— 6.1 [15HA]] Hol 7|8t v 1 v Ay

— 6.2 [29HA]] ¥ HH AHE 7Hs AR A

— 6.3 [3A] HL HA H| (SBFL®} ST &  2%)
— 6.4 [49A] W1 WA WHol A  (MBFLE £%)
— 6.5 [55HA|] 2F A4 dlolEl Al &4
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2. 9 £7
e LLVM 13.0.1

— HZ: 13.0.1 (o] 21 WA AR 271
— Ax] T B https://apt.llvm.org/

- 4% Bgol:

$ wget https:/apt.llvm.org/llvm.sh
$ chmod +x 1llvm.sh
$ sudo ./1llvm.sh 13 all

e python 3.8
e Python Modules

- A9 9ol

$ pip install -r requirements.txt

* postgresql 16.10

e bear 2.3.11

* GNU make 4.1

e cmake 3.10.2

e rsync version 3.1.2 protocol version 31
 diff (GNU diffutils) 3.6

e GNU patch 2.7.6

3. =4 9t 3H
3.1 MUSICUP ¥

MUSICUP2 C/C++ &2 TE  dof tisto] Ho] 22 TE  d& A% 2154 Hlol
H =

Al Ao s MUSICUPS 8884 tiA ABAES AA TE Qo] tiste] BHo] 2A T dS
gtk o]gA AAdE HHol AATE  dS U ABAES AEsto] HIAE  o|A5S Adsto] 1
TAQ1 Hol 7|t B w1 At 4T A1 WolZ[Et glo]5Al &) A] 78514 S8t

- “MUSICUP* %79 W gejoli the} gk

$ cd ./tools/MUSICUP/
$ make LLVM_BUILD_PATH=/usr/lib/1llvm-13 -3j20
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3.2 extractor Y1E

extractor C/C+ 22 TE Qo4 2gl-gt4 vji ARE F2Ea5E Zrolth. 15 A9
27 HolEAlS 4 w9l Fhsllel eel-gha ARt Wag Hlelth

= “extractor® o] HE Wgol= th3i}t Zrh:
$ cd ./tools/extractor/
$ make -3j20

4. 4 od AL
4.1 AFAAFA dolgA B 43 =t

AAAAFA dolg M B == H A3 L(./sre/main.py) 2 A-sottt. (AL
de Jsre/  Holl 3lom s AR AT 5

- ARNAFA HolE M AL AT A L ==

>

olt
=
é&
ofl
1l
o2

L 19A: JEAES] 22 TES] HolE 4o] #o] ¥ M
2. 227 A/ o] M MAS| AR Thedt e d

3. 3THAl: M1 WA Bl AEE APt SBFLEE ST § =& F&7t
4. 4A: W2 w7dof Ho] H 2 =T
5. 584 F2H SAHE 24

EW

usage: main.py [--help] [--verbose] [--debug] --experiment-label
<> EXPERIMENT_LABEL [--subject SUBJECT] [--engine-type ENGINE_TYPE]

C++ Deep-Learning-Based FL Feature Extractor

options:
-v, --verbose Increase output verbosity
-d, --debug Enable debug mode
-el EXPERIMENT_LABEL, --experiment-label EXPERIMENT_LABEL

Label for the experiment (used in logging and output
< directories)
-s SUBJECT, --subject SUBJECT
Specify the subject for the experiment

191727 HolE Al A4 27] 44 L 47t B w7k Wasi

./.machine settings: Al AHof tigt AR

./configs/experiment_setup.json: Al  Zta|E] (target line selection amount, mutants per line)

a4 %

e ../cpp_research_data/subjects/<subject-name>/: T4} A B Eo| tfst AA]
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5.1 A gt 712 43 Ty
5.1.1 “./.env* u}d AA

Jeny e A@o] that § W4 HuE APt Qolo] tha L FA o2 AT

# .env file for configuration

# POSTGRESQL CONFIGURATION
DB_HOST=db_host
DB_PORT=db_port
DB_USER=db_user
DB_PASSWORD=db_password
DB=db_name

SERVER_HOME=home_directory_path
RESEARCH_DATA=/absolute_path_to_cpp_research_datassd_home

GCOVR_EXEC=/absolute_path_to_gcovr
GCOVR_VERSION=6.0

5.1.2 “./.env+9] AA gt (H4) A7
- POSTGRESQL DB 4%

— DB_HOST: d|o|&] A% & postgresql DBS] SAE FA4
DB_PORT: H|o|& #% & postgresql DBS] E H3§

DB_USER: g|o|& A% & postgresql DB2] A-&-2} ID

DB_PASSWORD: do]€] A& & postgresql DBS] A&7} B UH T
— DB: HloJE] A% & postgresql DBO] |5

SERVER_HOME: AF8511 gl A8 9] & T E g

RESEARCH_DATA: A3 534 dlo|HAl &= Ao A2 (YA EE] B2, cpp_research_data)

GCOVR_EXEC: gecovr7} Yx|5l= v E e A A=

GCOVR_VERSION: gcovre] 7

5.1.3 “./.machine_settings* o} 43

/-machine_settings A& Ao|A ARG S| e HHE AHsHE  doln] ket 2L
Ao gt

{
"server_address": {
"cores": 128,
"homedirectory": "/absolute_path_to_homedirectory"
}
}
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5.1.4 “./.machine_settings“2] A& Fk (H4) A9
e “server_address“: A|H Q] 0|5 .2 ip F4.
* “core”: AW 9] FHHED].
e “homedirectory“: A¥ 2] & tJHE].

(B3 AF) F71H0% @A 4§ 2 A (main server) £ 2

15l EZ—Tpublic key)7} &+=]f lofoF gtrt.

5.1.5 “./configs/experiment_setup.json* I A

./configs/experiment_setup.json G2 A3 9]
M) 7 A

A4 epele (g el

{
"num_repeats": 10,
"line_selection_formula": "ochiai",
"target_lines": [100],
"mutation_cnt": [10],

}

5.1.6 “./configs/experiment_setup.json“2] AA ZF (H4) A9

e “num_repeats“: A (Ho|E|Al F&) vHE 74 7k

e “line_selection_formula®: thAF 2kl A WFH (4: ochiai).

= “target lines“: i} 2}l A H]& (%).

e “mutaiton_cnt*: HF WHolH| 7|4

5.2 ABAE Y3t configurations A W (o A] 7]F: libxml2 A HAE)

NEBAE sgEs BE K (HEAHE g Eg], A BAE configurations)=
../cpp_research_data/subjects/ t]HE 2|0 %] Alatt. AEHAE] tgt configuration 47 5H= HH

5.2.1% 2] ZAoHA Aw gt (AL libxml2 AHAE 7]

rlo

o2 oE Helt}).
5.2.1 ABAEQ] 713 A9 td e 43

1. “./cpp-research_data/subjects/“ Tl E|E 2] A4

$ cd ../cpp_research_data/
$ mkdir -p

./subjects

1. JBEAE] g EgE “./cppresearch_data/subjects/libxml2/“ t] 2 E 2] £]x]of E-A} clone, &
o pemTar (HuAE 2

e ge] feEao o5 ARAE 4 49 teEe ol o
SUsH e wth).

$ cd ./subjects/

$ git clone <libxml2-link> libxml2
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5.2.2 A BHAE S AA| "1 (real-world bug) WA AA Hhy
1. “../cpp-research_data/subjects/libxml2/“ £]Z]o] “real_world_buggy_versions“ ©]&2] fIAEZE
et o] fElEY = AA M1 HHES HEAELRE FAH ZF A dd e} ofF &
= HA et AR E Tt

cd ../cpp_research_data/subjects/libxml2/
mkdir real_world_buggy_versions

cd real_world_buggy_versions

$
$
$
$

mkdir HTMLparser.issue318.c

o ZF AA W HASY AR FE= s HEEeof ofg JHE H=th:
— “ /real_world_buggy _versions/<® 1-H#Z> /buggy_code_file/ <source-file>*“: H 1 2=
ot JEAATE A
— “ /real_world_buggy _versions/ <™ I1-H 7> /testsuite_info/“: S|F T E 2]of|= t}-23} 7
2ol dg @ Amck
[Hailing_tes.txt“: S 1 HANA A (Gl= *HAE o|AEQ BE=2*,
[Ipassing_tcs.txt“: s W1 HA A (A= *HAE  o|AES BEEF,

LI AY) *HAE o]0 842 7b Ao A3 AN HE PA(“<tc-id>.sh*) 2
B ettt 4 A3 ANYHEE SIHO HAE  o|AE Adste WHo e

As) olet.

TC1.sh
TC2.sh

TC<N>.sh

— ¢ /real_world_buggy versions/ <™ 1-H > /bug_info.csv*: T csv  Lofl= T H 1 H
Aol Tl 37 feature YRS The 3} TE A2 Tk

target_code_file ,buggy_code_file,buggy_lineno
libxml2/HTMLparser.c,HTMLparser.issue318.c,3034

[Ttarget code file“: JBAES] 2]  E2 tHERE 7] 2ATE 4o A 4
2 (ex. “libxml2/HTMLparser.c®)

[¥buggy_code_file“: “./real_world_buggy _versions/buggy_code_file/“o]] &g} “<source-
file>“9] o] 5.

[Ibuggy_lineno*: “<source-file>“of] ¥ 7] 2telo] Y=}511 9= el HS.
- inferenceE 915+ Hlol8 A/JA], “buggy lineno“ Fh= “1“= Y=o tf. o]= AA

HI1o AL9AE & EsH7| wiwolt
- ABHES] A BT MEES ARAANFA doleAl TR Qo] B BaT Agol

ohrt.

5.2.3 A BAE 9] configurations A%

1. “../cpp-research_data/subjects/libxml2/configurations.json* @2 A BAEof thgt configuration

& 4gots dolul thawt e PHoE 4%,
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"subject_name": "libxml2",

"configure_script_working_directory": "libxzml2/",
"build_script_working_directory": "libxml2/",
"compile_command_path": "libxml2/compile_commands.json",
"test_case_directory": "libxml2/testcases/",
"subject_language": "C",

"target_files": [

"libxml2/parser.c",
"libxml2/HTMLparser.c",
"libxml2/relaxng.c",
"libxml2/xmlregexp.c",

"libxml2/xmlschemas.c"

1,

"target_preprocessed_files": [
"libxml2/parser.i",
"libxml2/HTMLparser.i",
"libxml2/relaxng.i",
"libxml2/xmlregexp.i",
"libxml2/xmlschemas.i"

1,

"real_world_buggy_versions": true,

"environment_setting": {
"needed": true,

"variables": {
"LD_LIBRARY_PATH": "1libxml2/.libs"
}

1,

"cov_compiled_with_clang": true,

"gcovr_source_root": "None",

"gcovr_object_root": "None",

"test_initialization": {
"status": false,

"init_cmd": "None",
"execution_path": "None"
}

“subject_name®: A BAE 9] o]&,

— (F3 AFY) 5.2.1% 9] 3142 4~5Y5}], “configurations.json® A& Ao “ /subjects/<subject-

name>“ C]HE S HA YA S| oFstct.

“configuration_script_working_directory“: 4 EAE configure H4 A) AN HE
(“configure_no_cov_script.sh“®?} “configure_yes_cov_script.sh“) 2] A3l Q2] & A EHAE g
EZ2RE Y A H=E 243
“build_script_working_directory“: A/ BAE O] Wit Wl Ay A 0 HE(“build_script.sh®)2] A
P AXE MEAE & EEREH A 7
“compile_command_path“: A BAE HE & AJA
EAEAE g EIZFHO AU Az dAg)
“test_case_directory“: |G A BAES HAE o|A AP A D YEEO| A4 U] E 2] (“test-
cases/“)9] AEE ABAE g EZ 2R A =22 AA3drt

“compile_commands.json“ 9] 9]%]
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H o7 “esteases/* OB 07 UelEelE AHAE 2] B
AE9 A ADPE(“<te-id>.sh“)E “TCl.sh® “TC2.sh* ...
“TO<N>sh* G402 5ol dd Hesalel 917 4] of gk,

* “subject_language: S A/ BAES] T2 TJv] o] & ("« T2 “CPP” « gto 2 A3t

- (R A g B
E o

=

- “target fles's ZFNAZY Ol Aol Ao ofz 44 TE o 2% (HEAE
g ERRE 4Y A22\).

e “target_preprocessed_files“: A& x|EA o] Al AAlo] ZOoR = AA TE 59
Ade] ool B (MEAE @ Ezig 4l 422 \J).

e “real_world_buggy_versions*: A A ¥ 1 WA 0] Q- A] “true®, AA| ¥ 1 WA o| §l-& A] “false“=
A,

e ‘“environment_settings“: A/ BAE HAE o|AE A5 5}7] otA Q15 = &
]_

o,
rE
N
i)
A,
N

— “needed“: 34 W4 AA " Q A] “true, 1
— “variables“: H|AE  o]A Al Q3

ARG GA 0 47

olftt
o

e A “false“z AR T,

B3 W5 44 ¢l BE (<AEE> <

~—

e “cov_compiled_with_clang*: A HAE ¥lE o] “clang“ 7 UTE AFE & A] “true”, “gec”
SEEEERE R ARER
e “gcovr_source_root“: “cov_compiled_with_clang® H471 “false“d W] A~ TE o] A&
A A28 A A2 2 AAFH, “cov_compiled_with_clang“0| “true“d wj= “’None” “©.
= A4
e “gcovr_object_root“: “cov_compiled_with_clang® B2} “false“d W] A4 TE 9] object
do] AL = A& A A2E A5, “cov_compiled_with_clang“o] “true“d wj=
“’None” “© & A 5tct.
e “test_initialization“: HAE Q] RE {IAE o|A5o| ZTEOZ A5t *% 7|5} TE ghel*
o] A= Al sl TE 2HRIE= AlQstr] flsf o HEE v Zo] 44tk
~ status'; ABAES] REHAE o] AFo] 02 A #2715 TE selve] U
Al “true, 18 9FS A] “false* ZrORE X
— “init_emd“: *Z2 7|8} TE 2}Q1*& FE517] Slofl 179 H]lAE o]~ A AR HE ] A
PR APIAHAMBEAES 8  E F2REHJ A A H=
— “execution_path®: “init_cmd“#H4=9] HIAE o)A AP ADHEL A A& ABAE

9 Eelzvee 4o B2 4yach

M
o
sk
aw

~—

5.2.4 A HAE ] Wl (build), & (clean), configure W o] AP AFHE u}

1. “../cpp_research_data/subjects/libxml2/build_script.sh® o] 50 &2 MBEAE QL WaolE T 4
FYAIHE A= AR

# build_script.sh

bear make -j20 runtest

2. “../cpp-research_data/subjects/libxml2/clean_script.sh® o]5 02 AHAE H= g o]
e ~lgE 9= AT,

il
EY

# clean_script.sh

make clean
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3. “../cpp_research_data/subjects/libxml2/configure_yes_cov_script.sh® ©]5© & coverage®} 7
T 442 o configure Y| E F2 AW ANHE A= AP4drt. o], configureo]

A 07ke, ACE A 17k wae) 446 .

# configure_yes_cov_script.sh

./make_tc_scripts.py

./autogen.sh CFLAGS=’-00 -fprofile-arcs -ftest-coverage --save-temps’ \
CC=’clang-13’ \
CXX_FLAGS=’-00 -fprofile-arcs -ftest-coverage -g --save-temps’ \
CXX=’clang++’ --with-threads=no

# Check if failed

if [ $? -ne 0 ]1; then
exit 1

fi

4. “../cpp.research_data/subjects/libxml2/configure no_cov_script.sh“ 0|50 & coverage?} 73

= o - -
2 A4S T configure YFOJE F2 AP 2HE  d=2 AT

< DB

# configure_no_cov_script.sh

./make_tc_scripts.py

./autogen.sh CC=’clang-13’ CFLAGS=’-03’ \
CXX=’clang++’ CXX_FLAGS=’-00 \
--with-threads=no

# Check if failed

if [ $? -ne 0 ]; then
exit 1

fi

6. AR dHolgAl AQ dAE 4 T

6.1 [19-A)] Hol7|yt ¥ vjd A
6.1.1 1] A 9y
- A3 gFol;

< name> --engine-type mutant_bug_generator

$ time python3 main.py --experiment-label <experiment-label> --subject <subject-

6.1.2 [1RHAJIA SaB=E 2
1. "ol A4:

e “./cpp-research_data/subjects/<subject-name>/configuration.json“ 2% 9] “target_files*

Ao A" 2 259 dis) HolsS B4

2. Wo] M{A HAE:

e “../cpp-research_data/subjects/<subject-name>/configuration.json“ 2% 9] “test_case_directory"

Haol] A4 g 2o AFE HAE  o|X AP ANYPESS 77 Ho] HHo] U}

g,
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3. Wo] W1 WA A%
e 7} Ho| B A HAE o|AE Adsto] 17] o]Ate] A (Gl= HAE  0]A%} 17 o]Ake]
CYshe H2E  o)l27h £Ashe 49, 89 1 4i DB 7| S8k
2 [224)] W2 WA A 7 o AS
6.2.1 [294] 4% 33
- A9 gFol;

$ time python3 main.py --experiment-label <experiment-label> --subject <subject>

<~ --engine-type usable_bug_selector

6.2.2 (281014 $BEE 2]
1. Wo] B W A
- 1504 AAE Ho] M WASe] AR Tbs ofig shelgith.
2. A HAE o]~ A%
- d Bz ol 1w M A HAE olA5E ddste] AW ARE 2Ed
3. A% W1 WA A%

< ZF ®lo] ¥ ¥ ”(5}b HAE  olAge 7iMe]  AHHE FRIste] A7 o 57t

A =W DB 7} o BE Foa 7|23t
- A% 242 23} Ak
- BEACGH: HAE  o|AE HY] gle Adit
— o] W1 WAL 17 o]Ae] AGH= HAE o] A9} 17] o]Ae] (A8t HAE 0]
2

3 (394 W1 WA Hl29 (SBFLS} ST 54 £2)
6.3.1 [39HA]] A3 vy
- A FFof:

$ time python3 main.py --experiment-label <experiment-label> --subject <subject>

— --engine-type prerequisite_data_extractor

6.3.2 3EAA +A=H= ZY
L W2 it 712 FH (2S¢l HIAE) 3H DB A%
2. g AE A9 (SBFL$} ST EA &=

« ZFHIAES] el Al JHE DB A%

« A(Sl= HIAE oA A EdolA AH DBe| A&
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6.4 [4%A] ®11 WA Wo] HlAY (MBFL £4 %%)

6.4.1 [45HA] A9 W
- A9 gegol:

$ time python3 main.py --experiment-label <experiment-label> --subject <subject>

<> --engine-type mutant_mutant_generator
$ time python3 main.py --experiment-label <experiment-label> --subject <subject>

<~ --engine-type mutation_testing_result_extractor

6.4.2 [ARAIIANA S A= 2]
1. Z} ¥ 10o] ol BA:

2. Ho|7|t HAH:

= 77 ¥ wdof BAE wolo] HAE
3. Wol7]dt glo]f DB A%
6.5 [52A] 2F AN HolHA A4
6.5.1 [52A] 4% T

- 4% ¥3el:
$ time python3 main.py --experiment-label <experiment-label> --subject <subject>
<~ --engine-type dataset_constructor

6.5.2 [SEA)IA $BEE Y
L #F ARNAEA Fol A &4:

- SBFL, MBFL, J2]3 ST & 52 DB Washe] 2% 291057 dolgie A4ac
AAAH glo]HAl (CSV ¥-8) “../cppresearch_data/<experiment-label>/<subject-name>/“

HE 2ol A
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