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Abstract

Automatic localization of buggy files can speed up the process of bug fixing to
improve the efficiency and productivity of software quality assurance teams. The
challenge of locating bugs in mostly large-scale software systems has led to the
development of bug localization techniques. Most prevalent approaches based on
information retrieval, machine learning and deep learning techniques achieve en-
couraging results. However, several challenges still lie in the field of bug localiza-
tion given bug reports. First, bug reports are written in natural languages, while
source files are written in code tokens. The lexical mismatch between bug reports
and source codes degrades the performances of existing information retrieval or
machine learning-based approaches. Furthermore, both bug reports and source
files are written in words by humans, where useful semantic information is avail-
able, but it is usually underutilized by existing bug localization approaches. On
the other hand, compared to natural languages, programs contain more stringent
structural information. Correctly localizing buggy files for bug reports together
with their semantic and structural information is a crucial task, which would es-

sentially improve the accuracy of bug localization techniques.

In this thesis, we introduce several models to address the aforementioned prob-
lems. First, to bridge the lexical gap and improve the effectiveness of localizing
buggy files by leveraging the extracted semantic information from bug reports and

source code, we present BugTranslator, a novel deep learning-based machine trans-



lation technique composed of an attention-based recurrent neural network (RNN)
Encoder-Decoder with long short-term memory cells. One RNN encodes bug re-
ports into several context vectors that are decoded by another RNN into code
tokens of buggy files. The technique studies and adopts the relevance between the
extracted semantic information from bug reports and source files. An enhanced
version using character-level convolutional neural network (CNN) is then discussed
to improve the accuracy of bug localization for bug reports by expressing them in
character and analyzing them with a language model. The proposed model is com-
posed of two main parts: character-level CNN and RNN language model. Both
bug reports and source files are expressed in a character level and then input into
a CNN, whose output is given to an RNN encoder-decoder architecture. Bug-
Translator and the enhanced version distinguish bug reports and source code into
different symbolic classes and then extracts deep semantic similarity and relevance
between bug reports and the corresponding buggy files to bridge the lexical gap

at its source, thereby further improving the accuracy of bug localization.

Second, to preserve semantic information, we adapt word embedding techniques
to transform words in bug reports and source files into word vectors. Meanwhile,
to parse semantics from word vectors, we enhance CNN by making use of the
important bug-fixing experience (bug-fixing recency and frequency) besides the
semantic information that can be extracted by conventional CNN from bug reports
and source files. Based on these, DeepLocator and DeepLoc, two deep learning-
based models are proposed to improve the accuracy of bug localization by making
full use of semantic information. DeepLoc is capable of automatically connecting
bug reports to the corresponding buggy files and achieves better performance than
four other existing approaches based on a deep understanding of semantics in bug

reports and source code.
Third, to empirically evaluate and demonstrate the effects of both semantic and
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structural information in bug reports and source files on improving the accuracy of
bug localization, CNN Forest is proposed, which involves CNN and an ensemble
of random forests that have excellent performance in the tasks of semantic parsing
and structural information extraction. CNN Forest uses CNN with multiple filters
and an ensemble of random forests with multi-grained scanning to extract semantic
and structural features from the word vectors derived from bug reports and source
files. And a subsequent cascade forest (a cascade of ensembles of random forests)
is used to further extract deeper features and observe the correlated relationships
between bug reports and source files. CNN _Forest is capable of defining the
correlated relationships between bug reports and source files, and we empirically
show that semantic and structural information in bug reports and source files are
crucial in improving bug localization.

Our experiments indicate that the proposed models can increase the accuracy
of bug localization and empirically demonstrate the significance of including both
semantic and structural information in bug localization and bridging the lexical
gap between bug reports and source files. We hope that the promising results
will interest and encourage more in-depth research in these problems to further

improve the accuracy of bug localization.
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Chapter 1

Introduction

1.1 Background

Software bugs are coding mistakes that tend to induce unexpected or abnormal
behaviors in a software project [I3]. Once discovered, these bugs are described
in bug reports or issue reports submitted by developers, testers, or users of the
project system. A bug report provides information about the scenarios in which
the software does not behave as expected and how to reproduce this abnormal
behavior [58]. Bug reports are the main source of information for developers to
understand and analyze bugs. When a bug report is received and assigned to a
developer for fixing, the developer needs to investigate the contents in the bug
report and then search through the source files to locate the potential buggy files
that are relevant to the bug. This process is called bug localization [84].

Bug localization is a significant task during software maintenance. To locate
a newly reported bug, developers must carefully analyze the bug report and re-
view numerous source code files. Thus, bug resolution activity usually requires
considerable time and effort [58] to improve software quality and ensure software

integrity [13]. However, manually localizing buggy files is painstaking for devel-
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CHAPTER 1. INTRODUCTION

opers if there are tens of thousands of source files. To reduce maintenance costs
and substantially improve the efficiency and productivity of the whole software
team, researchers have proposed several automated bug localization approaches
and tools for localization of potential buggy files, especially when the project is

large and complex and involves thousands of source files.

The existing bug localization techniques can be categorized into four main
groups. The first group comprises approaches that use traditional features related
to program analysis information [46], such as passing or failing execution infor-
mation with test cases. Spectrum-based fault localization techniques [67, ] are
typical examples of these approaches. These methods extract static features from
the source code or execution information, which is a time-consuming process. The
second group comprises the information retrieval (IR)-based approaches, which
search and rank buggy files for a given bug report. These approaches measure
the textual similarity between bug reports and the names of classes or methods
in source code files. This kind of similarity focuses mainly on the term weights as
used in the IR field [I33]. In addition, machine learning (ML)-based approaches
have been proposed. These approaches adopt ML models that are trained to match
the topics of bug reports with those of source files [84] or classify source files into
multiple classes using formerly fixed files [50]. The last group is based on deep
learning techniques [56, 57]. However, the recently proposed deep learning based
model for bug localization combines deep neural networks (DNNs) and IR tech-
niques. The final results are influenced by the performance of IR to some extent.
Their experiments showed that only using DNN achieved poor performance and
most improvements still benefited from IR techniques, which implied that DNN in

their model was a subsidiary.



1.2. PROBLEM STATEMENT

1.2 Problem Statement

1.2.1 Lexical Mismatch Problem

The lexical mismatch problem lies in the different expressions with similar or
even same meanings. Significantly, a machine translation-based technique trained
on the pairs of API annotations and corresponding API sequences is able to gener-
ate API sequences given a natural language query similar to the annotations [32].
A natural language model is applied in this paper to recognize deep semantics of
the API sequences and natural language queries by considering sequences of words
and APIs instead of bags-of-words used in existing information retrieval models
[12, O1].

Bug reports are written in natural language, whereas source files are represented
by code tokens. The differences between them in expression and representation
lead to a lexical mismatch problem, which stifles the effectiveness and accuracy
of existing bug localization techniques in detecting buggy files [57, 133, 134]. To
explicitly show the mismatch degree between natural languages in bug reports
and code tokens in source files, the following formulation is used to calculate the

percentage of same words:
Nsame

NB + NS - Nsame

(1.1)

where Ngume represents the number of same words that are in both bug reports
and source files, Ng denotes the number of words in bug reports and Ng stands for
the number of words in source files. As shown in Table[I.T] the average percentage
of the same words is 5.1% - 6.9%, which indicates that bug reports and source files
share few words with each other. Even though the maximum percentages of same
words are 45.0% - 69.0% that seem very high, there are only 2 pairs of bug reports
and corresponding buggy files in Project Eclipse UI whose percentages are higher

than 40.0%, similarly, 3 in Project JDT whose percentages are higher than 50.0%
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and only 1 in Project SWT whose percentages are higher than 40.0%. Significantly,
there are 113 - 654 pairs whose percentage is 0.0%, which is a really high number.
This numeric evidence indicates the importance of bridging the lexical gap for bug

localization.

Table 1.1: Percentage of same words between bug reports and source files in subject

projects.

. . Min % of Max % of | Avg. % of
Project Time Range
Same words | Same words | Same words
Eclipse UT | 10/2001-01/2014 0.0% 45.0% 6.3%
JDT 10/2001-01,/2014 0.0% 69.0% 6.9%
SWT 02/2002-01/2014 0.0% 49.0% 51%

To improve the accuracy of bug localization, recent techniques [57, 133] include
the similarity between bug reports and application programming interface (API)
entities (class and interface names) to bridge the lexical gap. Ye et al. [134]
applied word embedding to obtain word vectors of bug reports and source code
in a shared representation space. The existing approaches regard the code tokens
in source files as the same natural languages used in bug reports, which fails
to effectively suppress the effects of lexical mismatch on bug localization. We
thus propose approaches to distinguish bug reports and source code into different
symbolic classes and then extract deep semantic similarity and relevance between

bug reports and the corresponding buggy files to bridge the lexical gap at its

source, thereby further improving the performance of bug localization.

1.2.2 Semantic Information Omission

The approaches in the aforementioned second and third groups (Section [1.1])
focus on the term weights of natural language texts and do not consider source code

semantics during the bug localization process. These bug localization techniques
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1.2. PROBLEM STATEMENT

transform the terms in bug reports and source files into textual representations and
adopt some models to measure the textual similarity between them. For example,
Latent Dirichlet Allocation (LDA)-based techniques [10} [69] were used to represent
bug reports and source files, and BugLocator proposed by Zhou et al. [145] applied
revised Vector Space Model (VSM) [2§] to calculate the textual similarity. These
techniques focused more on textual similarity than the semantics of the terms in
bug reports and source files.

According to prior research, semantic information is important for code sug-
gestion [83] and code completion [35] and is also useful for bug localization [134].
To bridge the semantic gap and the lexical gap, deep learning has been introduced
into the domain of bug localization for semantic parsing. Deep learning is known
to have excellent performance in natural language processing (NLP) and image
processing [21], 55]. The recently proposed deep learning-based model for bug lo-
calization combines deep neural networks (DNNs) and IR techniques [56, 57]. Its
results are influenced to some extent by the performance of IR techniques. Most
importantly, many DNN models are used together, which makes it very complex
and difficult to accurately adjust the parameters of the model. Therefore, this
thesis introduces new approaches to extract the underlying semantic information

from bug reports and source code.

1.2.3 Structural Information Omission

Current state-of-the-art techniques have acknowledged the lexical mismatch
problem between the texts in bug reports and code tokens in source files caused by
the ignorance of the semantic information in them. Several studies [56], 57, 133, 134]
try to bridge the lexical gap by including semantic information of the bug reports
and source files. Ye et al. [134] applied word embedding techniques to obtain

vectors of words in bug reports and source files and measured the similarity between
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them. Lam et al. [56],57] employed deep neural networks to correlate the frequently
occurred terms in bug reports and source files. These techniques considered the
semantics but inadvertently ignored the structural information of both bug reports
and source files. NP-CNN proposed by Huo et al. [39] employed convolutional
neural networks (CNNs) to extract structural features from both bug reports and
source files and used a fully-connected network to fuse features. However, the
model did not consider the semantic information in the bug reports and source
files.

The existing challenge is not only how to make effective use of the semantic in-
formation but also how to extract the structural information from bug reports and
source files. Additionally, there are obvious differences between natural languages
and programming languages [88] and these differences can stifle the localization
process. Compared to natural languages, programs contain more stringent struc-
tural information [35] [8T]. Therefore, we propose to use the techniques based on
tree-structure that have shown excellent performance on extracting the structural

and syntactic information in dealing with source code [65, 81, [83], T21].

1.3 Thesis Contributions

In this thesis, we investigate three problems lying in the field of bug localization
as described in Section [L2l Several models are built to solve the aforementioned
problems and corresponding evaluations are conducted to analyze the problems as
well as the performance of proposed models. We provide several contributions to

the field of bug localization. The key contributions are highlighted as follows:

e We investigate the impact of three main problems on the performance of bug
localization. Firstly, how to bridge the lexical gap caused by the different

expressions of bug reports and source files? Secondly, how to preserve the

6



1.4. THESIS ORGANIZATION

semantic information of both bug reports and source files? Thirdly, besides

semantics, how to extract structural information in source code?

e We introduce a machine translation-based technique to the area of bug local-
ization. BugTranslator and an enhanced version based on recurrent neural
network encoder-decoder architectures are proposed to bridge the lexical gap

between bug reports and source files.

e We empirically demonstrate that the word embedding techniques can help
preserve the semantic information and CNN is good at semantic parsing in
bug reports and source files. An enhanced CNN is proposed to include the
important bug-fixing experience (bug-fixing recency and frequency) besides
the semantic information that can be extracted by conventional CNN from
bug reports and source files. Meanwhile, two novel deep learning models
(DeepLocator and DeepLoc) based on the proposed enhanced CNN are built

for bug localization.

e We leverage the ensemble of random forests to detect the structural infor-
mation from the source code. Two different techniques (CNN with multiple
filters and an ensemble of random forests with multi-grained scanning) are
applied to extract features respectively from bug reports and source files
according to the differences between natural languages and programming

languages.

1.4 Thesis Organization

The thesis is structured as follows. Chapter [2]summarizes several related works
of bug localization, the lexical mismatch problem, deep learning in software engi-

neering, and other related techniques, and extracts main problems with existing
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CHAPTER 1. INTRODUCTION

studies. The lexical mismatch problem in bug localization is discussed in Chapter
, along with two models (BugTranslator and an enhanced version) proposed to
bridge the lexical gap between bug reports and source files. In Chapter [4, an en-
hanced CNN is proposed to include the important bug-fixing experience to further
strengthen the ability of CNN for bug localization. Two models (DeepLocator and
DeepLoc) are then described to extract semantic information from bug reports and
source files, and the corresponding experimental results and discussions are pre-
sented. Chapter |5 discusses CNN _Forest to extract both semantic and structural
information from bug reports and source files, along with the experimental results
and discussions. We conclude the thesis in Chapter [f] with a discussion of findings
from all the experiments conducted from the previous chapters and highlight some

promising future directions of localizing bugs.



Chapter 2

Literature Review

In this chapter, we first review the existing bug localization techniques given
bug reports and then conclude other related information, including code structure,
similar bug reports, code version history, stack traces, and so on, used in the
existing techniques. The lexical mismatch problem, especially in bug localization,
is subsequently discussed in Section We also survey several deep learning
techniques used in software engineering and other studies related to the main

techniques used in this thesis.

2.1 Bug Localization

Software systems are often plagued with bugs, which are a serious concern for
developers and maintainers [I15]. To improve the reliability and stability of sys-
tems, developers often allow testers or users to submit bug reports to bug tracking
systems. For each of these reports, developers need to locate the code units that
need to be modified to fix bugs, which is called the bug localization that can be
a tedious task in large-scale software projects having a large code base with thou-

sands or even millions of files [69]. Bug localization task is a crucial process in
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the development of software systems, while it is time- and effort-consuming. It
is widely known that the later a failure is detected, the higher the cost to fix it.
Therefore, effective methods for automatically locating bugs from bug reports are
highly desirable, as they would shorten the bug-fixing time, consequently reduc-
ing software maintenance costs. Given the ever-increasing size and complexity
of software projects, manual bug localization is a lengthy and challenging task,
which motivates the research for automated bug localization techniques There are
several automated bug localization techniques proposed in the literature to help
developers localize buggy files given bug reports. In this section, we review the
existing automated bug localization techniques. The commonly used techniques
are either based on spectrum methods, information retrieval (IR) methods, ma-
chine learning (ML) methods, or deep learning (DL) methods. Additional related

information besides bug reports is concluded subsequently.

2.1.1 Spectrum-based Techniques

Spectrum-based bug localization techniques analyze passed and failed runtime
execution traces of source code files mostly given test cases. These approaches
instrument source code to record the execution information when running source
files. The counts of each program element (e.g., statements, branches, methods or
classes) are then used to formulate different suspiciousness scores, such as Taran-
tula [46], Ample [23], Ochiai 2], and MULTRIC [I31]. Their basic idea is that a
program element is considered to be more suspicious if it appears more frequently
in failed executions than in passed ones. Given that spectrum-based techniques
are costly and lack scalability [IT13], most researchers recently combine spectrum-
based methods with other techniques, such as IR-based techniques, to overcome
the limitation of each individual method (e.g., lack of test cases or bug reports)

and further improve the accuracy of bug localization [60, 36]. In this thesis, we
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mainly focus on how to improve the accuracy of bug localization given bug reports.

2.1.2 IR-based Techniques

IR-based techniques formulate information tokens extracted from a given re-
quirement (e.g., feature description, bug report, etc.) as a query to be matched
in a document search space built from the collections of source files and indexed
through code tokens (e.g., files, classes, functions, or methods) extracted from
source code artifacts to retrieve a list of code documents relevant to the query.
The IR-based techniques then rank the source code documents based on the rel-
evance to a query that is measured as a textual similarity score. The higher the
similarity score, the more likely the document is to contain the buggy code.

The following studies focused on the IR techniques themselves on the task
of bug localization. Chaparro et al. [15] reformulated queries that contain only
terms describing observed behaviors by manually reducing noisy and ineffective
queries, and empirically demonstrated that combining the bug report title and the
observed behavior perform best across various IR-based techniques. Khatiwada et
al. [49] proposed a new paradigm of information-theoretic IR methods, including
Pointwise Mutual Information and Normalized Google Distance, and investigated
their performance in bug localization tasks.

We then discuss several methods frequently-used in the IR domain for the
bug localization tasks. Gay et al. [28] transformed bug reports and source files
into feature vectors based on Vector Space Model (VSM) and then measured the
similarity between them. Zhou et al. [I45] proposed BugLocator, which was
based on a revised Vector Space Model (rVSM), to measure the textural similarity
between bug reports and source files using information from similar bugs that had
previously been fixed. The weighted sum of two rankings (ranking based on source

code and ranking based on similar bugs) was used to locate the relevant files for a
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bug.

Scanniello et al. [96], 97] and Zhang et al. [142] [143] used both textual informa-
tion from source code and bug reports and syntactic information from source code
for concept location. Since BugLocator was a famous technique that attempted to
rank relevant source files for bug reports, Wong et al. [124] proposed segmenta-
tion and stack-trace analysis techniques, namely Brtracer, on top of BugLocator
[145], to boost fault localization. They divided a source code file into a series
of code snippets and used the code snippet that was most similar to the bug re-
port to represent the source code file. They then analyzed the similarity between
the stack traces in the bug report and the source code file. Saha et al. [95] re-
garded the summary and description of bug reports as two different query fields,
combined respectively with classes, methods, variables, and comments extracted
from source files. However, these eight features were considered equally important.
Moreover, they used the fixed version of the project in the evaluation, which led

to inconsistency when considering future bug-fixing information.

To address the issues mentioned above, Ye et al. [I33] developed an adaptive
ranking model supported by a learning-to-rank (LR) technique to rank relevant
files for bug reports. Six features were used in this paper: surface lexical similarity,
application programming interface (API)-enriched lexical similarity, collaborative
filtering score, class name similarity, bug-fixing recency, and bug-fixing frequency.
In the literature [134], LR+WE was proposed to enhance LR, in which bug reports
and source code were represented by word embeddings (WE) and the similarities
between them were added as additional features. The weight of each feature was
then trained using the LR technique based on the previously fixed bugs. However,
this model used a hill-climbing algorithm with a linear weighted sum of features,
which might ignore nonlinear relationships. These IR-based techniques rely on the

textual similarities between bug reports and source files, which do not bridge the
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semantic gap.

Amalgam [114] put together version history, similar bug reports, and code
structure by integrating bug prediction algorithm of Google [63] to analyze source
code version history, BugLocator proposed by Zhou et al. [145] to analyze similar
bug reports that had previously been fixed in the bug reports system, and BLUiR
proposed by Saha et al. [95] to analyze the structured information of the source
code. Version history information used in Amalgam was built on the intuition
that bugs are likely to occur again in source files that have been fixed many times.
On top of the aforementioned three features (source code version history, similar
bug reports, and structured information), two additional information including
stack traces and reporter information was included by Amalgam+ [115] for bug
localization, which gained 6% improvement. However, these sources of information
were composed by a weighted sum that didn’t consider non-linear relationships

between them.

Hoang et al. [36] proposed a multi-modal technique considering both bug
reports and methods to localize bugs by tuning various weights learned from a
set of training bug reports relevant to the new report and program spectra. This
study also incorporated the network Lasso regularization on both bug report and
method similarity networks to enforce similar bug reports (and methods) to have
similar (or even identical) model parameters. Their approach created a bug-specific
model to map a particular bug to its possible location and introduced the concept
of suspicious words associated with a specific bug. A method level bug localization
using minimized search space (MBuM) proposed by Rahman et al [93] identified
buggy locations by discarding irrelevant source code. It extracted the relevant
search space for a bug by using the execution trace of the source code and then used
the modified VSM to measure the textual similarity between the bug report and

the source code methods. However, in most cases, it is very difficult to reproduce
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the bug and trace all the executed methods by running the whole software system,
which might not be commonly-used at any stage of software development and
maintenance.

Zhang et al. [I43] proposed a method called MULAB for multi-abstraction
concern localization, which represented a code unit and a textual description at
multiple abstraction levels. The MULAB approach leveraged multiple topic models
to capture representations of documents at different abstraction levels by employ-
ing an adaptive LDA with genetic algorithm (LDA-GA) to infer semi-optimal topic
model configuration. These representations were then used to compute the simi-
larity between bug reports and source code units by VSM at multiple abstraction
levels. Afterward, a data fusion method called COMBMNZ-DEF was applied to
fuse the data from the bug tracking system and the source code version control
system. Youm et al. [I36] proposed BLIA for file-level and method-level software
bug localization. The BLIA approach integrated the information from texts, stack
traces, and comments in bug reports, structured information of source files, and
the source code change history. The ranked suspicious files were obtained from
the weighted sum of the above integrated information, whose scores were combined
with the similarity between methods in the files and bug reports to rank the suspi-
cious methods. This paper also used structural parts to improve the method-level

bug location, which is of limited capacity to improve the performance.

2.1.3 ML-based Techniques

Kim et al. [50] applied a Naive Bayes classifier to build a two-phase recom-
mendation model. Phase 1 was used to decide whether the bug was predictable
or not. If not, there was no further prediction behavior. If it was predictable,
Phase 2 applied a Bayes model to recommend a set of files to fix. However, the

model mainly focused on the names of the fixed files. Thus, it was difficult for
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the model to recommend a file that had never been fixed before. Moser et al. [80]
built a model based on three common machine learners to find defective files from
Eclipse projects considering code changes. Thomas et al. [107] empirically studied
the impact of classifier configurations, including bug report representation, source
code entity representations, preprocessing steps, IR model parameters and entity
metrics, in bug localization task to investigate the performance of the underlying
IR~based methods and showed that the classifier combination could help improve
bug localization performance. Markov logic was used in [139] by combining state-

ment coverage, static program structure information, and prior bug information.

Topic-based models were used to extract topics for many tasks in the field of
software engineering [85] [130]. Poshyvanyk et al. [90] applied Latent Semantic In-
dexing (LSI) to represent code and queries as vectors, and estimated the similarity
between their vector representations using the cosine similarity. Their experiments
on Morzilla Firefox project demonstrated that PROMESIR could significantly im-
prove the performance of bug localization in comparison with the methods using
either LST or probability retrieval model independently. Lukins et al. [69] proposed
a Latent Dirichlet Allocation (LDA)-based approach that measured the similarity
between the descriptions of bug reports and the topics of source files estimated by
LDA. The STMLocator [I17] was built on top of LDA for supervised topic model-
ing considering word co-occurrence and the phenomenon of longer source files tend
to contain more bugs. However, these approaches were not automatic because of
the tuning process of the right number of topics. BugSout, a topic-based machine
learning model proposed by Nguyen et al. [84], used an extended LDA [10]. The
bugs were related to their corresponding buggy files by their shared topics. How-
ever, a tuning process was needed to find the right number of topics for different
projects, which meant that the model was not automated. In addition, there was

a strong assumption in this paper that the textual contents of bug reports shared
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some technical aspects with the textual contents of the corresponding buggy files.
However, natural language texts used in bug reports likely differ from code tokens
in the source code files of real-world projects, which implies that this assumption
is insufficient. Moreover, LSI and LDA-based techniques have been experimentally

validated worse than the Vector Space Model-based techniques [10, [69].

2.1.4 DL-based Techniques

Deep learning is a relatively new concept, and there is little prior work about
deep learning-based bug localization. Lam et al. [56, 57| built a model named
HyLoc that combined deep learning with the IR technique. About six deep neural
networks (DNNs) were used in this model: two for feature extraction, two for pro-
jection, one for relevancy estimation, and one for feature combination. However,
using so many kinds of DNNs posed a risk of complex weight adjustment and high
training and learning costs. Their experiments showed that using DNNs alone
achieved poor performance and that most improvements still benefited from IR
techniques, which implied that DNNs in their model was a subsidiary. Moreover,
the approach did not consider the structural information of the bug reports and
source files. Huo et al. [39] proposed NP-CNN;, a convolutional neural network
(CNN)-based model, to learn the unified features from bug reports and source
files written in natural and programming languages. In their work, CNN was
employed to extract features from both bug reports and source files. Different
from their model, our proposed CNN Forest that will be discussed in Chapter
adopted CNN with multiple filters and the ensemble of random forests with
multi-grained scanning to respectively extract structural information from bug
reports and source files. The experimental results validated that this different
feature extraction strategies for bug reports and source files indeed make sense.

Furthermore, we employed word embedding techniques to preserve the semantics
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of feature vectors before feeding them into the CNN and random forests, which
was not included in NP-CNN.

Previous studies have proposed several features to represent the program source
code. However, few methods try to extract both semantic and structural infor-

mation from bug reports and source files. Deep learning can help to bridge this

gap.

2.1.5 Additional Information Used in Bug Localization

In existing bug localization techniques, there is additional information related
to bug reports and source code that is leveraged to adjust the ranking of relevant
code files, including stack traces [79, [124] 1T5], 136}, 1T01], code structure [114} 115,
95, 136, 13, [L06], code version history [102} [114], 115 136, 120], similar bug reports
[145], 114, 115, ©5] 136l 25, 124] ©04], or combinations of the above [114] 136}, 95,
1241, 99] 24].

Stack traces as promising information in bug localization are sometimes in-
cluded in bug reports, which are also used to alter the text-based ranking. Wong
et al. [124] proposed a Brtracer which further considered stack traces in addition
to SimiScore [145]. Moreno et al. [79] proposed Lobster to combine the stack
traces and textual contents in bug reports to match code elements in source code
files for bug localization using the system’s call graph. A traceability information
graph [94] was built to calculate trace score incorporating requirements artifacts.
These techniques are mainly based on an assumption that the stack traces may
directly reference the classes or methods of buggy code files [79] 124) 1T5], 136, [10T].
The set of suspicious classes/files is expanded by identifying artifacts (in)directly
referenced in the code of the ones found in the stack trace.

The information of code structure is often combined with other features to

boost the bug localization process. Youm et al. [136] combined code structural
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information with other scores to improve the accuracy of bug localization. Taka-
hashi et al. [106] presented a preliminary study using code smells to improve bug
localization performance. Code smells were detected along with their severity to
form a severity score that was combined with the textual similarity while ranking

code documents.

Software history information is used to enhance the accuracy of bug local-
ization mainly based on the version control records. Two main history informa-
tion leveraged in the existing bug localization techniques is bug-fixing recency
[102, 115, 136, 120] and frequency [102, 114, 120]. They imply that source files
fixed recently are more likely to be buggy than those fixed long ago (bug-fixing re-
cency) and that source files that have been fixed many times are more likely to still
contain bugs than those seldom fixed or even never fixed (bug-fixing frequency).
The bug fixing history is also used to complement the textual similarity. A set of
previously-fixed bug reports is kept, along with its corresponding fixed buggy-set:
the set of code documents that were modified in order to fix each bug. Given a
bug report, it is compared to each previously-fixed bug report. The documents in
each fixed buggy-set are boosted according to the textual similarity of the fixed
bug with the bug report [145], 114, 115l 95] 136, 25, 124], 133] [134].

In addition, several approaches use the combination of the above information or
even existing techniques to improve the performance of bug localization. Amalgam
[114] took advantage of the bug prediction algorithm of Google [63] to analyze
source code version history, BugLocator [145] to analyze similar bug reports that
had previously been fixed in the bug reports system, and BLUiR, [95] to analyze the
structured information of the source code. BILA [I35] put together source code
entities [95], SimiScore [145], stack trace score [124], and version history score
to improve bug localization performance. Locus [120] incorporated token, code

entity, and history scores to compute the final similarity score by using commit
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logs as well as change hunks in revision history to improve similarity measures.
FineLocator [140] expanded query scores by semantic similarity score, temporal
proximity score and call dependency score to localize bugs in method-level. The
representation of a method with short length was augmented by elements of its
neighboring methods with query expansion. FineLocator retrieved the methods in
source code by similarity ranking on the bug report and the augmented methods

for bug localization.

2.2 Lexical Mismatch Problem

The lexical mismatch means that a similar meaning can be expressed by dif-
ferent vocabulary or languages. The lexical gap exists in several areas, such as
machine translation [76], community question answering [138, [144] and so on. To
solve the lexical mismatch problem, several techniques have been proposed, such as
topic-based model [I38], continuous word embedding representations-based meth-
ods [76], and translation-based models [144].

In the field of community question answering, probabilistic topic models have
been proposed to learn the latent topics aligned across the question-answer pairs
to bridge the lexical gap, on the assumption that question and its answer should
share a similar topic distribution [14] [44]. However, questions and answers are
heterogeneous in many aspects, they do not share the same topic distribution in
practice. The word embedding-based methods have been proved to be efficient
and simple against other remaining methods. However, they still suffer from the
polysemous problem that means a same word has different semantic meanings and
word order problem. Recently, some methods have been proposed to handle the
polysemous problem [82, [16]. Neelakantan et al. [82] focused on the creation of

sense specific embedding. Cheng et al. [16] introduced the concept information to
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handle this problem, which obtained better results against other methods. Besides,
other methods [37, 59, O8] have been proposed to obtain the sentence or query
embedding representation directly so that the syntactic information can be kept.
Much importance has been attached to statistical translation in the literature. The
IBM translation model was used [43, [132] to learn the translation probabilities
between question and answer words. Apart from word-level translation, phrase-
level translation for question and answer retrieval has also achieved promising
results [14]. Experimental results show that translation models obtain state-of-

the-art performance for question retrieval in community question answering.

2.2.1 Lexical Mismatch Problem in Bug Localization

In the field of bug localization, bug reports and source code represent similar
operations with different expressions. This lexical mismatch challenge also limits
the performance of existing bug localization techniques [57, [133].

Lam et al. [56] attempted to bridge the lexical gap by combining deep neural
networks (DNNs) with IR technique to localize buggy files for bug reports. They
trained DNNs to relate the terms in bug reports and tokens in source files if they
appeared frequently enough in pairs during training phrase. DNNs in their model
were regarded as black boxes and they didn’t extract semantic information from
bug reports and source files. What’s more, their experimental results showed that
DNNs without the combination of IR techniques gained very poor performance.
Word embeddings were used by Ye et al. [I34] to obtain document similarities as
two new features added into their previously proposed linear ranking model [I33].
The natural language in bug reports and code snippets in source files were pro-
jected by word embeddings into vectors based on the hypothesis [34] that words
prone to have similar meanings if they appear in the same context. Their model

contained the semantic similarity between the two bags-of-words of bug reports
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and source code. But the model only considered the information of API documen-
tations that supported more general tasks without fully utilizing the information
of the project itself. And if the pairs of words never appear in same context, word
embeddings have low possibility to give them similar word vectors, which also
limited the performance of the model.

Significantly, the approaches that attempted to bridge the lexical gap were
experimentally validated to outperform those that ignored the lexical mismatch,

which also revealed the existing challenge caused by lexical mismatch.

2.3 Deep Learning in Software Engineering

In recent years, many deep learning techniques have been introduced to soft-
ware engineering research, such as code suggestion [122, 83|, code summarization
[4, [41], code generation [66], API suggestion [32], defect prediction [116], effort es-
timation [I8], test deep learning systems [108] [70, 33|, program classification [81],
bug localization [128, [126], and so on.

White et al. [122] proposed a deep architecture to model software language spe-
cific to sequential data and suggested many avenues for future work, especially for
code suggestion. Besides, GraLan [83] was proposed to develop an API suggestion
engine, which was a graph-based statistical language model learned from a source
code corpus that computed the appearance probabilities of usage graphs given the
observed (sub)graphs. A convolutional attention network employing convolution
on the input tokens to detect local time-invariant and long-range topical attention
features in a context-dependent way [4], and CODE-NN using long short-term
memory (LSTM) networks with attention to produce sentences that describe C#
and SQL code snippets [41] were built to summarize source code.

A latent prediction network was proposed as a generative model for code gen-
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eration [66]. It combined a character level softmax to generate language-specific
tokens and multiple pointer networks to copy keywords from the input, along with
attention-based neural models to attend over structured inputs and a code com-
pression method to reduce the size of the code. A novel tree-based convolutional
neural network (TBCNN) was built by Mou et al. [81] for programming language
processing. Wang et al. [I16] used a deep belief network to detect features from
tokens extracted from an AST of source code to find defective files, but it was

insufficient for mapping the tokens to continuous integers.

There are several studies on testing deep neural network. Tian et al. pro-
posed DeepTest [108], a systematic testing tool specific for deep neural network
(DNN)-driven vehicles to detect errors. It leveraged real-world changes in driving
conditions to automatically generate test cases that maximized the numbers of
activated neurons. The authors demonstrated that different realistic image trans-
formations (e.g., scaling, shearing, and rotation) are useful to detect defects in
DNN-driven autonomous cars. Ma et al. [70] proposed DeepGauge, a set of cover-
age criteria for DNNs to effectively measure testing adequacy. The testing criteria
lie in two main levels: neuron-level and layer-level. More specifically, they defined
neuron-level coverage criteria for k-multisection neuron coverage, neuron boundary
coverage and strong neuron activation coverage, and layer-level coverage criteria
for top-k neuron coverage and top-k neuron patterns. These criteria monitor and
gauge the neuron activities and intrinsic network connectivity at various levels of
granularity, which is a tremendous process considering the large number of neurons
and huge layers in most DNNs. DLFuzz proposed by Guo et al. [33] used differ-
ential fuzz testing to maximize neuron coverage by continually minutely mutating
the input, and generating more adversarial inputs for a given DL system. To cover
more logic, DLFuzz needs to iteratively select neurons worthy to activate. Besides

communicating with thousands of neurons, it applied minute perturbations on the
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test inputs and kept the mutated inputs that increased the neuron coverage for
subsequent fuzzing. The prediction results before and after the mutation were
ensured to be the same by the minute perturbation. If the prediction result of the

mutated input was not the same as the original input, then an error triggered.

Choetkiertikul et al. [I8] proposed a deep learning-based prediction system
for estimating story points based on Long Short-Term Memory (to learn a vec-
tor representation for issue reports) and Recurrent Highway Network (to build a
deep representation). DeepAPI was proposed by Gu et al. [32] to find APT us-
age sequences given an API-related natural language query. The model adopted
the attention-based recurrent neural network (RNN) Encoder-Decoder model con-
sidering API importance by using inverse document frequency-based weighting to
train API usage sequences and their corresponding annotations. The training time
of this model was very long, which is also a drawback of RNN. Gu et al. [3I] built
an embedding neural network to jointly transform code snippets and natural lan-
guage descriptions into vectors. With the vector representations, the code snippets

could be searched out based on similarity given a natural language query.

In the software engineering field, many files are written in natural languages,
such as bug reports, API descriptions, and annotations. Even source codes them-
selves are similar to natural language to some extent. Thus, many mature tech-
niques used in natural language processing can be applied to some issues in software

engineering to extract semantic information.

In the next subsections, we will discuss in detail the literature of the main deep
learning-related techniques used in this thesis, including recurrent neural network,

convolutional neural network, and cascade forest.
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2.3.1 Recurrent Neural Network

Deep learning has shown great success in the area of machine translation. Re-
current neural network (RNN) language model proposed by Mikolov et al. [77]
re-scored the n-best lists given by previous statistical machine translation (SMT)
system to improve the quality of translation. Cho et al. [I7] proposed an RNN
Encoder-Decoder model consisting of two RNNs to encode sentences into vectors
and then decode. The conditional probabilities of a target phrase given a source
phrase computed by RNN Encoder-Decoder were integrated into the existing SMT
system. Sutskever et al. [104] used RNN with long short-term memory (LSTM)
units for machine translation and achieved comparable results with the conven-
tional SMT system. Moreover, the LSTM learned different sentence representa-
tions that were sensitive to the order of words. Aforementioned Encoder-Decoders
encoded the source sentences into a fixed-length vector and then decoded this vec-
tor into the target sentences, which was experimentally revealed by Bahdanau et
al. [6] to be a limitation of basic RNN Encoder-Decoder model. Their proposed
enhanced architecture could especially improve the performance on long sentences,

which will be adopted in Chapter [3]

2.3.2 Convolutional Neural Network

Convolutional neural network (CNN) has excellent performance in the field of
image processing [54], [105] and natural language processing [20, 21]. Kim [51] con-
ducted a series of experiments for sentence classification tasks using CNN with the
pre-trained word vectors obtained by the word embedding technique and achieved
excellent results on several benchmarks. Johnson et al. [45] studied CNN on
text categorization (sentiment classification and topic classification) to make use

of the internal structure of text data. Besides NP-CNN discussed previously for
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bug localization, Mou et al. [81] proposed a CNN over tree structures for pro-
gramming language processing in the field of software engineering. This model
contained vector representation layer, coding layer, tree-based convolutional layer
whose convolution kernel was designed over programs’ abstract syntax tree and dy-
namic pooling layer, as well as a fully-connected hidden layer to detect structural
information from programs. It was superior in terms of program classification and

code pattern detection.

2.3.3 Cascade Forest

The cascade forest is a cascade of ensembles of random forests that are the
ensemble of decision trees. The ensemble methods combine multiple learners and
are powerful on many tasks [146]. The cascade procedure is able to automatically
determine the number of cascade levels and thus have a control on its model
complexity, which is related to boosting procedure |26} 119, 112]. Zhou et al. [147]
proposed deep forest based on the cascade structure for many tasks including image
categorization, face recognition, sentence classification, and achieved comparable
or even better results. They analyzed that this cascade structure behaved like the
layer structure in deep learning. Inspired by their work, we adopted the cascade
forest in Chapter [5| to further extract the structural information from bug reports

and source files, and learn the correlated relationships between them.

25






Chapter 3

Bridging Lexical Gap for Bug

Localization

The high cost of manual bug localization, especially for large software systems,
has instigated the design of automated techniques to help developers prioritize and
focus on potentially buggy files based on bug reports. However, bug reports are
written in natural language, whereas source files are represented by code tokens.
The differences between them in expression and representation lead to a lexical
mismatch problem, which stifles the effectiveness and accuracy of proposed bug
localization techniques in detecting buggy files [57), 133], 134].

To improve the accuracy of bug localization, recent techniques [57, 133] include
the similarity between bug reports and application programming interface (API)
entities (class and interface names) to bridge the lexical gap. Ye et al. [134] applied
word embedding (WE) to obtain word vectors of bug reports and source code in
a shared representation space. These approaches regard the code tokens in source
files as the same natural languages used in bug reports, which fails to effectively

suppress the effects of lexical mismatch on bug localization.

To address the above issue of lexical mismatch and thereby further improve
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the performance of bug localization, we distinguish bug reports and source files
into different symbolic classes and formulate the bug localization problem as a ma-
chine translation problem. For example, during the machine translation process
of an English sentence into a French sentence, the two sentences are represented
in different languages (symbols), but they represent similar meaning. Likewise,
the pairs of API description and API sequence denote similar operations by differ-
ent representations. Significantly, a machine translation technique achieves out-
standing performance in the generation of API sequences given a natural language
query [32]. Motivated by this, we propose two novel bug localization models, Bug-
Translator and a enhanced version, based on a recurrent neural network (RNN)
Encoder-Decoder with long short-term memory (LSTM) cells by absorbing useful

modules from famous machine translation models [6, 17, 104].

The main contributions of this chapter are:

e To the best of our knowledge, we are the first to introduce the machine
translation technique to the area of bug localization and to propose a novel

method of bridging the lexical gap radically.

e Empirically validate the effectiveness of BugTranslator and the enhanced
version using character-level Convolutional Neural Network in overcoming

the lexical mismatch challenge.

BugTranslator [126] and the enhanced version [125] have been published in
Information & Software Technology and APSEC 2018 respectively. The remainder
of the chapter is structured as follows. Section discusses preliminaries for this
chapter. Two models based on RNN Encoder-Decoder architecture are presented

in Section [3.2) and [3.3] Finally, this chapter is summarized in the last section.
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3.1 Preliminaries

3.1.1 Recurrent Neural Network (RNN)

In practice, when predicting the content of the next frames in the video, it
is obvious that the former input content is correlated with the prediction out-
put. For these scenarios with context features, the used net must have memory
capacity. Compared with the feed-forward neural network, there is a closed loop
added in the hidden layers of RNN [74] that enables it have memory capacity, just
as Figure 3.1l Given an input sequence i, ..., Ty_1, Tt, Tey1, ..., Tr, I0 a language
model, z; represents a word, the entire sequence means a sentence, the hidden
state is hi, ..., hy, ..., hp, the output sequence is y1, .., Y, ..., yr. Wha, Wi, Wy, rep-
resent the weight matrices between input layer and hidden layer, hidden layer and

hidden layer, output layer and hidden layer.

@ G G

Wyh Wyh Wyh
[ %@Whh@Whh@Wmﬁ
Whx Whx Whx

OFOEte

RO

Figure 3.1: Vanilla architecture of RNN.

There are four main types of RNN architectures that are one-to-one, one-to-
many, many-to-one and many-to-many respectively. The blank boxes in Figure|3.2
represent different cells (e.g., Long Short-Term Memory (LSTM) [29] and Gated
Recurrent Unit (GRU) [19]) used in RNNs. This thesis designed a variant of
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the many-to-many type for bug localization. The details will be introduced in

subsequent sections.

Y1 | Y1 Y2 Y1y } y
¢ ¢+ 4
ho-» i ho-» : L i ho B B B
i A | A .
X1 : X1 : X1 X2 XTx
One-to-one ! One-to-many ! Many-to-one
Y1 Y2 Yy | Y1 Y1y
LI ¢ $ ¢
ho-» > F e = " hop L = T T .
|
£ - s
X1 X XTx | X1 XTx
|

Many-to-many Many-to-many

Figure 3.2: Four main types of RNN architectures. 7, and 7T, denote the length
of the input and output.

3.1.1.1 Long Short-Term Memory

More recently, deep RNNs using LSTM cells (which we will consistently refer
to as LSTMs) have been empirically showed to outperform the conventional RNNs
especially in the field of machine translation [0, [104] and speech recognition [75].
LSTMs are effective in modeling long-term temporal dependency without suffering
from the optimization hurdles that plague conventional RNNs [§].

At the time step ¢, the vector formulas of the computation can be described as
follows:

LSTM first updates the information in the input gate 7;:

it = Q(Vvi[ht—la ZL't] + bz) (31)

It secondly decides which information should be deleted from the cell state. This
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decision is controlled by the forget gate f;:

Je = O0(Wglhi—1, 2] + by) (3.2)

Thirdly, LSTM determines which parts of new information should be stored in the

memory cell ¢;. A new candidate ¢; is added into the memory cell ¢;:

ét = tCth(Wc[ht,h .',Ut] + bc) (33)

Ct = it * ét + ft * Ci—1 (34)

Finally, the output gate will choose the output information:

0p = O(W,[hy_r, 2] + by) (3.5)

hy = oy * tanh(c;) (3.6)

Where i, f, and o respectively represent the input gate, forget gate, and output
gate. The weight matrices (W;, Wy, W,, and W,,) are learned during training. The
operation |, | concatenates hy_; and x; and the operation * represents elementwise

multiplication of vectors. The functions 6 is the logistic sigmoid function.

Furthermore, the LSTM can be enriched with peephole connections [29] that
link the memory cells to the gates to learn the precise timing of the outputs. It
means that the gate values may depend not just on h;_; and on x;, but also on
the previous memory cell value ¢;_1, and the peephole connection can go into all

three of these gates’ computations that are i;, f;, and o;.
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3.2 BugTranslator

In this section, we describe the proposed model BugTranslator in detail. It
adopts attention-based RNN Encoder-Decoder with LSTM cells for the task of
bug localization. Two RNNs are used in BugTranslator, one for encoding and the
other one for decoding [I7]. This translation model is designed to learn how to
translate natural languages to code tokens based on the deep understanding of

semantics.

3.2.1 Model Design

3.2.1.1 Generating Training Instances

We first prepare the training set for BugTranslator: API documents, project-
specific documents, and older bug reports with corresponding buggy files. We
attempt to translate bug reports into corresponding buggy files based on the deep
semantic similarity and relevance between them. Thus, the first training instances
are the pairs of older bug reports and abstract syntax tree (AST) nodes parsed
from corresponding buggy files. During testing, some out-of-vocabulary words
never appear in older bug reports and their corresponding buggy files, and this
is known to decrease the accuracy of most translation models [I7]. In addition
to older bug reports and corresponding buggy files, API documents and project-
specific documents are included in the training set to enrich the vocabulary and
detect some comprehensive information.

The API annotations and corresponding API sequences from API documents
in Java SE 7 are extracted as noted in the literature [32]. The source code is
parsed into AST nodes that include field declarations and type bindings of all
classes and methods. In addition, the method-level code summaries are extracted

as corresponding annotations. The project-specific documents are also included in
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addition to the API documents that are generally invoked by all projects. Paired
with annotations of classes, methods, and fields, the source code is parsed into

AST nodes of declarations, method invocations, and class instance creations.

3.2.1.2 Attention-Based RNN Encoder-Decoder with LSTM Cells

To learn how to translate natural languages into code tokens, we build an
attention-based RNN Encoder-Decoder model with LSTM cells. The workflow is
shown in Figure [3.3] which illustrates an example of translating the natural lan-
guage term audio file player into a sequence of code tokens. The source sentences
are first encoded into several context vectors from which the decoder generates
target sentences. The context vectors are the bridge between the source sentences

and the target sentences.

i Decoder |
| |
} hdo LSTM hat LSTM ha2 LSTM hds LSTM hda LSTM hds }
| |
| |
| l
1 y y v |
| l
|y >y >y > Y > Y >y |
| |
i<START> InputStream AudioStream  ContinuousAudio  AudioPlayer. <EOS> i
| |
| |

.new .new DataStream.new player.start()

Figure 3.3: Overall workflow of attention-based RNN Encoder-Decoder with
LSTM cells.
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Encoder RNN The source sentences and target sentences are first embedded
into 1-of-K (K is the vocabulary size)-coded word vectors [0], X = (z1, ..., 2, ..., Tg)
and Y = (y1, ..., Y, ..., yr) respectively, where S and T represent the lengths of the
source and target sentences. The Encoder first reads the coded word vector z;
embedded by the first word audio and then computes the current hidden state h.;
by heo and x; according to equation . The initial hidden state h.y is set to
0. The second hidden state h.o is then updated by h.; and word vector x5 of the
second word. This process continues until the last hidden state h.3 is updated by

(3.7). At each time t, the hidden state is updated by:
het = LSTM(he(t_l), SCt) (37)

It has been shown empirically that LSTM works well on machine translation
of long sentences [104]. Because bug reports tend to include long sentences, we
use RNN with LSTM cells.

In practice, each word in the source sentences has different importance to the
word in the target sentences. It is inappropriate to encode the entire source sen-
tence into only one context vector, which has also been verified experimentally in
the literature [6]. Therefore, in this section, the context vector v; at each step is

expressed by the weighted sum of the hidden states of the encoder as discussed in

[6].

Decoder RNN The Decoder is another RNN that is trained to generate the
target sentence sequentially based on the context vectors obtained from the encoder
RNN. The first word yq is set as < START >, and the initial hidden state hgy
is calculated by hgo = tanh(Wgahe1), where Wy is the weight that can be learned
during training and h,; is computed by equation (3.7). The Decoder then computes
the hidden state hg; using hgo, yo, and the context vector v; by equation ,
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followed by prediction of the first word InputStream.new.

The hidden state hg at time t is computed by:
hdt = LSTM(hd(tfl), Yi—1, Ut) (38)

The conditional probability of 1, given the previous predicted words and con-

text vector is defined as:

p(yt’ytfla Yt—2, -+, Y1, Ut) = g<h‘dt7 Yi—1, vt) (39)

where ¢ is a softmax activation function.
This process continues until the end-of-sentence word < EOS > is predicted.

The Decoder defines a probability over the target sentence Y as:

T

p(Y) = Hp(ytlyt_hyt_z, o Y1, V) (3.10)

t=1

The two RNNs are then trained jointly to maximize the following conditional

likelihood: N
1
L(0) = nz:; 10g(ps(Yl X)) (3.11)

where (X,,,Y,,) is each pair (a source sentence and a target sentence) in each batch

of the training set, and 6 is the set of parameters learned during training.

3.2.1.3 Translation and Generation of Scores

After creating BugTranslator, the minibatch stochastic gradient descent algo-
rithm [64] is adopted to train the model to maximize the likelihood in equation
. Given a new bug report, the trained BugTranslator can be used to score
the pairs of the bug report and each source file using the probability pg(Y,|X,)
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from equations (3.10]) (3.11)).

3.2.2 Experiments

3.2.2.1 Preparation of Experiments

Experimental Settings: When creating the BugTranslator model, the num-
ber of hidden cells in both RNNs is set as 1000. To accelerate the training phase,

we limit the vocabulary size of the source and target to 20,000.

Datasets: We use the before-fixed version of three open-source Java projects
(Eclipse UI, JDT, and SWT) to evaluate the performance of BugTranslator. To
make the comparison with existing techniques easier, a strategy similar to that
in [134] is adopted. The oldest 1,500 bug reports of each project are used for
tuning the model while the older 500 bug reports are for training the model and
the remaining newest bug reports (1,656, 632, 817 bug reports respectively for
Project Eclipse UI, JDT, SWT) are for testing the model. In addition to the
aforementioned bug reports, we also collect corpus from Java SE 7 API Reference

and project-specific documents.

Evaluation Metrics: The Accuracy@k, mean average precision (MAP) and
mean reciprocal rank (MRR) are used to evaluate the performance of BugTrans-

lator [57, 133 134].

Competitors: Ye et al. [134] enhanced their previously proposed LR [133]
with WE, and their results were comparable with the DNNLOC model [57], which
outperformed other models [50] 133], 145]. Therefore, this section compares the

performance of BugTranslator with WE and LR+WE.
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3.2.2.2 Experimental Results and Discussions

Table [3.1|shows the MAP and MRR results of four models, as well as the values
of Accuracy@5. It can be observed that the average Accuracy@b of BugTranslator
is about 56.6%. That is to say, BugTranslator can correctly locate buggy files for
about 56.6% of the bug reports when recommending five source files to developers.
We observe that BugTranslator achieves higher MAP and MRR values than the
WE method. The WE method learns the semantic information from bug reports
and the source code based on word embedding and calculates the similarity be-
tween them. However, if some word pairs never appear in the same context but
are relevant to each other, word embedding has a lower probability of assigning
them as close vectors, which limits the performance of WE. Moreover, because
word embedding focuses on words more than sentences, it is difficult for WE to
learn the relative positions between words, which can be learned by BugTranslator
by benefiting from the two RNNs with memory capacity. In other words, Bug-
Translator learns the semantic information from not only words but also the full
sentence. It can thus alleviate the effect of lexical mismatch based on the deeper
understanding of semantics between bug reports and source code by benefiting

from the context vectors between the two RNNs.

Table 3.1: Results of four models.

Project Metrics WE | LR+WE | BugTranslator | LR-+BugTranslator
Eclipse MAP 0.26 0.40 0.36 0.41
Ul MRR 0.31 0.46 0.42 0.48
Accuracy@5 | 47.6 60.2 58.1 61.4
MAP 0.22 0.42 0.34 0.45
JDT MRR 0.27 0.51 0.41 0.52
Accuracy@5 | 45.6 62.3 55.4 63.1
MAP 0.25 0.38 0.34 0.38
SWT MRR 0.30 0.45 0.40 0.46
Accuracy@5b | 46.2 59.1 56.2 59.9
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According to Table 3.1 both WE and BugTranslator perform worse than
LR+WE. In addition to the semantic similarity calculated by the WE method,
LR+WE also considers factors such as bug-fixing recency, frequency, and the ob-
servation that a previously fixed file may be responsible for similar bugs. These
factors are concluded based on the experience of many developers, which is not
learned by BugTranslator directly. We also combine BugTranslator with LR in em-
ulation of the approach LR+WE [134]. The observed results of LR+BugTranslator
are comparable to those of LR+WE, indicating the effectiveness of BugTranslator.
Then we talk about two examples about the ranking results. There are two bug
reports in Project SWT: “Bug 369228 Kill pre GTK 2.4 leftovers from Tree (buggy
files: T'ree.java, Table.java, List.java, Display.java, and Wi — dget.java)” and
“Bug 369227 Kill pre GTK 2.4 leftovers from List (buggy files: List.java)”. For
Bug 369228, the buggy file Tree.java was ranked the first by BugTranslator be-
cause of related AST nodes (e.g., the method name). However, it did not give
the other buggy files (T'able.java, List.java, Display.java, and Widget.java)
very high ran-ks (4th, 6th, 11th and 25th), whereas LR+ BugTranslator gave these
buggy files higher ranks (5th, 3rd, 7th and 20th). It seems that LR+BugTranslator
outperformed BugTranslator. However, for Bug 369227, LR+BugTransl-ator lo-
cated and ranked List.java 3rd. Display.java and Table.java were ranked 1st
and 2nd because of their greater frequency and earlier recency considered in LR,
which instead had a negative effect on the results. But BugTranslator located the

buggy file List.java and ranked it first, which outperformed LR-+BugTranslator.

3.2.3 Discussion

Lexical mismatch is caused by the difference in the expressions of bug reports
and source code files. Existing techniques [133] 134] 57| regard both in the same

language expression. These techniques measure their similarities, which does not
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solve the root cause of the lexical mismatch problem. Unlike existing approaches,
our proposed BugTranslator makes a distinction between bug reports and source
code based on the RNN Encoder-Decoder model. The bug reports are encoded
into the context vectors from which the source code files are decoded. They are
placed in different language platforms, and context vectors are used to bridge them
based on the semantic relevance between them. As observed from our experimental
results, we argue that BugTranslator can handle and alleviate the issue of lexical

mismatch in a radical way.

3.3 Character-level Convolutional Neural Network

and Recurrent Neural Network

The code tokens in source files are similar to English words in natural languages
while the difference is obvious. Some code tokens, especially the class or method
names, are not actual words that are commonly used in natural languages. Al-
though they are very important in bug localization, most existing studies regarded
them as unknown words [134], 128 [126]. However, both bug reports and source
files are composed of characters. They share same expressions in character level.
Therefore, this section proposes a bug localization technique based on a language
model in character-level. The proposed model first obtains the character embed-
dings of the preprocessed bug reports and source files. Two CNNs with multiple
filters are then applied to extract features respectively from the vectors of bug
reports and source files, whose outputs are fed into the subsequent RNN encoder-
decoder architecture. The experiments on three open-source Java projects show

the feasibility and effectiveness of the proposed model.
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3.3.1 The Proposed Model

This section describes the proposed model whose overview is illustrated in

Figure [3.4

Bug Report Source Code
Bug 360872 Remove GtkCombo and friends. Gtk combo box remove text

k dimensional
character embeddings

convolutional layer
with multiple filters

’ }max pooling

Decoder

|

k dimensional
character embeddings) [
T

convolutional layer
with multiple filters

max pooling{

score

Figure 3.4: The overview of the proposed model.

3.3.1.1 Data Preprocessing

A bug report usually contains summary, meta data (status, version, severity,
reporter information and so on), description, comments. Summary and descrip-
tion are the main source for developers to localize bugs, which are also commonly
used in the existing bug localization techniques. We first combine summary and
description in bug reports to be a new document. Revised term frequency-user
focused inverse document frequency (TF-IDuF) is then applied to filter some com-
mon words in the new bug reports for the purpose of redundancy reduction [128].
We also extract two types of Abstract Syntax Tree nodes from each source file as

[126].
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3.3.1.2 Character-level CNN

After preprocessing bug reports and source code, convolutional operations are
applied in each word of them respectively. Each character in a word is transformed
into a k-dimensional character embeddings, which are then convolved by multiple
filters with different sizes (2 x k and 3 x k in Figure [3.4). The subsequent max-
pooling layer is used to conclude the features, whose outputs are given to encoder

and decoder respectively.

3.3.1.3 RNN Encoder-Decoder

Encoder The output features extracted from a word in bug reports by the
character-level CNN are given to one long short-term memory (LSTM) cell. For
example, the feature vectors of the fourth word in a bug report are fed into the
fourth LSTM in the encoder as shown in Figure [3.4] The context vector c is the
final state of the encoder, which is the conclusion of the features of bug reports

that will be one part of input in the decoder.

Decoder Similar to the encoder, the features extracted from each word in source
code by the character-level CNN are one part of the input to each LSTM cell.
Besides, the context vector is concatenated with output features of each word to

be fed into each LSTM.

3.3.2 The Preliminary Results

In order to validate the feasibility and effectiveness of the proposed model, we
conduct several preliminary experiments on the before-fixed version of three open-
source Java projects EI similar to [126]. 3656, 2632, 2817 bug reports respectively
for Project Eclipse UI, JDT, SWT are used. Mean average precision (MAP) and

Thttps://github.com /yanxiao6 /BugLocalization-dataset
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mean reciprocal rank (MRR) are used to evaluate the performance of the proposed

model and the competitor BugTranslator [126].

Table 3.2: Results of two models.

Project | Metrics | BugTranslator | Proposed model
Eclipse Ul MAP 0.36 0.35
MRR 0.42 0.40
IDT MAP 0.34 0.35
MRR 0.41 0.42
SWT MAP 0.34 0.37
MRR 0.40 0.42

The preliminary results are shown in Table 3.2l The MAP and MRR values of
the proposed model are better than BugTranslator in Project JDT and SWT. The
performance of BugTranslator is limited since it analyzes bug reports and source
files in word level where many out-of-vocabulary words exist. But BugTranslator
gives more emphases on the related words in buggy files with those in bug reports
using an attention mechanism. It is much important when there are large amounts
of source files. In Project Eclipse UI, the number of source files is 6228 that is
about five times the number in Project SWT. The performance of BugTranslator

is thus better than our proposed model in Project Eclipse UI.

3.4 Chapter Summary

The lexical mismatch between source code files and bug reports degrades the
performance of the existing bug localization techniques [134]. This chapter presents
two new translation models, BugTranslator and an enhanced version using character-
level CNN, for bug localization, which differs from existing techniques to al-
leviate the effect of lexical mismatch in a fundamental manner based on the

attention-based RNN Encoder-Decoder with LSTM cells. The experimental re-
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sults show that BugTranslator performs better than the existing single model.
When combined with existing models, as with other combined models, BugTrans-
lator achieves comparable results. In the enhanced version, bug reports and source
files are analyzed in character-level instead of word-level to suppress the effect of
different expressions on the accuracy of bug localization. The number of unknown
words is also reduced. The proposed model applies character-level CNN to extract
features from bug reports and source files, whose output is fed into the subse-
quent RNN encoder-decoder. The preliminary results indicate the feasibility and
effectiveness of the proposed model.

According to the experimental results obtained from BugTranslator and the
enhanced version, the out-of-vocabulary words have more effect on the bug local-
ization accuracy when the projects have a small number of bug reports, saying less
than one thousand. Therefore, it is necessary to balance the overhead between
the accuracy improvement and the consumption of time and memory since the en-
hanced version adding CNN on top of BugTranslator that makes the model more
complex. More empirical experiments are needed to obtain more comprehensive
investigations about how to balance the overhead. Significantly, we would like to
explore how to add the bug-fixing history into the model itself instead of simply

combined with other models as the existing work did.
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Chapter 4

Semantic Information Extraction for

Bug Localization

In this chapter, we first discuss preliminaries and then describe the proposed
enhanced CNN for bug localization including the important bug-fixing experience
(bug-fixing recency and frequency) besides the semantic information that can be
extracted by conventional CNN from bug reports and source files. To extract
the underlying semantic information from bug reports and source code, this chap-
ter propose two CNN-based models for bug localization, namely DeepLocator and
DeepLoc. CNN can extract local features by convolving filters and performs well in
semantic parsing-related natural language processing (NLP) problems [51]. Thus,
CNN is adopted to extract features from vectors of bug reports and source files
converted by word-embedding techniques. Moreover, DeepLoc learns to correlate
bug reports to the corresponding buggy files using an enhanced CNN, rather than
textual similarity, which is used in IR-based approaches. Finally, we summarize
this chapter. The proposed DeepLocator [128| and DeepLoc [127] have been pub-
lished in APSEC 2017 and Information & Software Technology respectively.
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4.1 Preliminaries

4.1.1 Term Frequency-Inverse Document Frequency (TF-
IDF)

The Term Frequency-Inverse Document Frequency (TF-IDF) technique is widely
used in text mining and information retrieval (IR). TF represents the frequency
with which a term appears in a document, and IDF denotes the inverse of the
number of documents in which the term appears in the entire corpus. TF-IDF can
filter some common terms in documents in specified repositories. The formulas for

TF-IDF are as follows [133]:

. N
tft,d = ft,d det,d = log(d_ﬂ>

Wif—iaf = tfr,a X idfyq (4.1)

where f; 4 is the frequency of term ¢ that appears in document d, N refers to the
total number of documents in the document collections, and df; reflects the number
of documents in the corpus containing term t. However, this kind of general corpus
is not always available in practice or for research, and the equations represent
general behaviors that ignore some important individual information.

To address the aforementioned problems, Beel et al. [7] presented term frequency-
user focused inverse document frequency (TF-IDuF) using personal document

repositories instead of a general corpus. TF-IDuF is defined as follows [7]:

. N,
tfra = fra idfia = log(—)
nt,u
Wef—iar = tfea X tdfiq (4.2)

where N, refers to the total number of documents in the user collections and n,,

46



4.1. PRELIMINARIES

reflects the number of documents in the collections that incorporate term t.

Equations and are fundamental for term weights. When large dif-
ferences in frequencies are present, the term weights computed by and
do not achieve good performance in practice [22]. Therefore, it is necessary to
dampen the effects of large differences in frequencies, which is further discussed

below.

The logarithm variant of TF can improve the performance of TF-IDF in prac-
tice, as demonstrated in Croft’s experiments [22]. Specifically, it can dampen the

effects of large differences in frequencies:

tfia=1log(fra) +1 (4.3)

Inspired by Croft’s work [22], we propose an rTF-IDuF to further improve the

model’s performance:

wigiqr = (log(fua) + 1) x log(—2) (1.4)

nt,u

where f; 4 is the frequency of term ¢ appearing in document d, NN, refers to the
total number of documents in user collections, and n,, reflects the number of

documents in user collections that contain term ¢.

In reality, a complete corpus is not always available. In addition, the bug
reports for different projects usually differ in their writing style and contexts.
Therefore, it is convenient and reasonable to apply rTF-IDuF, which focuses on
personal collections (different corpora for different projects) and is used in this

thesis.

47



CHAPTER 4. SEMANTIC INFORMATION EXTRACTION FOR BUG
LOCALIZATION

4.1.2 Word Embedding

Word embedding refers to the distributed representations of words in a vector
space in which similar words are close to each other [78]. After performing word
embedding, words are represented by vectors of real values instead of text, which
enables text analysis using various statistical models. Mikolov et al. [76] proposed
word2vec techniques for efficient learning of high-quality distributed vector repre-
sentations. Furthermore, this model can capture precise syntactic and semantic

word similarities.

Positive training examples (P(w)) Negative training examples (N(w))

Classifier ---

Projection

Input

Figure 4.1: The architecture of the Skip-gram model.

Figure [4.1] illustrates the architecture of the Skip-gram model, which uses one
of the word2vec techniques. The objective of the Skip-gram model is to learn word
representations that maximize the classification of the surrounding words based
on a current word in the same sentence. Formally, given a sequence of T' training
words w1, ..., wy, ..., wr, each current word w; is used as the input to predict its
context words wy,, within a certain range. The Skip-gram model is trained to

maximize the average log probability:

=S togplunilw) (45)

t=1 —c<r<c
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where c is the size of the training context centered at the current word w; and
r # 0.

Because the cost of computing the derivative of each log probability in Equation
is proportional to the number of words in large vocabulary, Mikolov et al.
[78] introduced a negative sampling technique to accelerate the Skip-gram model.
Using this technique, its optimization objective is defined as:

T
t=

%Z( Z lOga(wz‘th) + Z log 0(—ijwt)) (4.6)
)

1 wieP(w w;i €N (w)

where o(x) = 1/(1 + exp(—x)), P(w) is the positive training examples and N (w)

is the randomly sampled negative training examples of wy.

Output
Input ‘ WI»Z‘ ‘Wt-l‘ ‘Wm ‘sz VS ‘ nu ‘ ‘ Nk ‘
The entire sentence where wtis Negative training examples (N(w))

Figure 4.2: The architecture of Sen2Vec [87].

Another word2vec technique proposed by Mikolov et al. [76] is the continuous
bag-of-words (CBOW) model, which is similar to the Skip-gram model. However,
instead of predicting context words based on the current word, CBOW tries to
maximize the classification of the current word based on the context words in the
same sentence. Pagliardini et al. proposed Sent2Vec [87], which is an extension of
CBOW [76], to compose sentence embedding. Unlike in CBOW, the context words
running over the corpus in Sent2Vec are entire sentences instead of fixed-length

context words, whose architecture is shown in Figure . w, in formula (4.6) is
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now changed into the entire sentence where w; is, but w; is excluded.

4.1.3 Convolutional Neural Network (CNN)

CNN, inspired by biological processes and multilayer perceptron, is the first
learning algorithm based on neocognitron [27] and receptive fields [38]. CNN
contains several convolutional layers that are often combined with pooling steps
and then followed by a fully-connected layer similar to a standard multilayer neural

network [54].

Filter (W) Offset (b)

S
L] ] S
s 00— C
IS “[>JCn
o Input Convolutional layer (C) Subsampling layer (S)

Figure 4.3: The process of convolution and subsampling of a CNN.

The process of convolution and pooling (subsampling) [111] is shown in Figure
[4.3] In the process of convolution C, the input is convoluted with a trainable filter
W and an added offset b. Later, a nonlinear function is used to obtain a reduced
feature map c¢;, followed by is the subsampling procedure S. A mean-over-time
polling or max-over-time pooling operation [2I] is frequently used in this layer,
which takes the mean (¢ = mean(c¢;)) or maximum value (¢ = max(c;)) as the
feature corresponding to this particular filter. The convolutional layer is used to
detect features that are then subsampled in the pooling layer to reduce the number
of parameters. The process also alleviates the over-fitting problem [ITT].

The basic structure of a CNN [55] is shown in Figure .4l C layers are used to

capture features. The input of every neuron in C' layers is linked with the local
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Figure 4.4: The net structure of a CNN.

receptive field of the former layer, and the local feature is extracted using convo-
lutional operations. Once the local feature is extracted, its positional relationship
with other features is known. S layers are feature mapping layers. Each compu-
tational layer has several feature maps, and every feature map is a two-dimension
surface. The weight of each neuron in this surface is the same, which follows the
well-known parameter sharing scheme. The Rectified Linear Units (ReLU) [54]

function is used to increase the network’s nonlinear properties.

4.1.4 Batch Normalization

Batch normalization was proposed by Ioffe et al. [40] to reduce internal co-
variate shift for deep networks. It allows the network to be trained at a much
faster learning rate and reduces its sensitivity to initialization. Thus, the use of
batch normalization can accelerate the training process more than tenfold while
retaining the same or much greater accuracy [40]. Given a mini-batch with m

values (1, ..., Tj, ..., T ), the transforming procedure is as follows:

O ey
T, = —\/m (4-7>
BN(z;) =& + (4.8)
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where g and o are the mean (= = > | z;) and variance (0 = = 37" (z;—p)?) of
the mini-batch, € is a constant (e.g., le-3) added to the variance for the numerical

purpose, and v and [ are additional parameters to be learned during training.

4.2 Enhanced CNN

Although the conventional CNN has good performance in semantic parsing-
related NLP problems [51], it cannot learn bug-fixing experience by itself. There-
fore, this section discusses a novel technique to enhance the CNN for bug localiza-
tion.

The conventional CNN is trained to minimize the following mean cross-entropy

error function [32]:

(4.9)

where N is the number of samples in a batch and 7T is the number of classes. cost;
is the cost function of sample . t;; is the true value of class j of sample ¢ and y;;
is the output probability of class j of sample 1.

Apart from the semantic information, the conventional CNN model contains
no other important information related to bug localization, especially the fixing
history of source files. Furthermore, bug-fixing recency and frequency have been
verified as useful for bug localization by [56] and [133]. The change history of
source files for bugs contains useful information for identification of fault-prone
files [92]. This implies that source files fixed recently are more likely to be buggy
than those fixed long ago (bug-fixing recency) and that source files that have been
fixed many times are more likely to still contain bugs than those seldom fixed or

even never fixed (bug-fixing frequency).

o2



4.2. ENHANCED CNN

We use equations similar to those in Ye’s work [133] to identify the source file’s
bug-fixing recency and frequency. For a sample ¢ with source file s and new bug

report r, the bug-fixing recency is defined as follows:

1
r.month — s.month + 1 ( )

where r.month represents the month in which bug report r was generated and
s.month denotes the month in which source file s was last fixed before bug report
r was created. r.month and s.month take the year into account. For example,
if r.month is January this year and s.month is December last year, R; is 0.5.
Therefore, the bug-fixing recency R; is the inverse of the time interval between the

creation of the bug report and the last time the source file was fixed.

The bug-fixing frequency F; is expressed by the number of times source file s

was fixed before bug report r was submitted [133].

R; and F; may have wide value ranges that make them incomparable, which
may result in detrimental effects [I33]. In both the training and testing sets, R;

and F; are scaled as follows:

(

TZ - Ri;;fgz:zn Zf len S RZ S Rmacc
1 'lf Rz > Rmaz
; (4.11)
fi - Fr};;;f?‘m Zf me < E < Fma:t
1 Zf Fz > Fmax
\

where R (Finin) and Rygse (Fnee) are the minimum and maximum values of R;
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(F;) in the training set. During testing, R; (F;) may be larger than R0 (Finas)
or smaller than R,,;, (Fy.,) obtained in the training phase, so the first and last
judgments, i.e., R;(F;) < Ruin(Finin) and R;(F;) > Rpaz(Finaz), are necessary for
testing set.

To improve the bug localization performance, we enhance the conventional
CNN by adding bug-fixing recency and frequency to the cost function in the fully
connected layer as two penalty terms. The new cost function that considers bug-

fixing recency (r;) and bug-fixing frequency (f;) is defined as follows:

T
COSti = — Z tzglog(yw) — wr; — w2fi (412)

j=1
where w; and w, are initialized by random values from a truncated normal distri-
bution and tuned in the training phase similarly to other weights. r; and f; are

the scaled values of bug-fixing recency and frequency, respectively.

4.3 DeepLocator

Localizing buggy files automatically speeds up the process of bug fixing so
as to improve the efficiency and productivity of software quality teams. There
are other useful semantic information available in bug reports and source code,
but are mostly underutilized by existing bug localization approaches. We propose
DeepLocator, a novel deep learning based model to improve the performance of
bug localization by making full use of semantic information. DeepLocator is com-
posed of an enhanced CNN (Convolutional Neural Network) proposed in this study
considering bug-fixing experience, together with a new rTF-IDuF method and pre-
trained word2vec technique. DeepLocator is then evaluated on over 18,500 bug

reports extracted from AspectJ, Eclipse, JDT, SWT and Tomcat projects. The
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experimental results show that DeepLocator achieves 9.77% to 26.65% higher F-
measure than the conventional CNN and 3.8% higher MAP than a state-of-the-art
method HyLoc using less computation time. DeepLocator is capable of automat-
ically connecting bug reports to the corresponding buggy files and successfully
achieves better performance based on a deep understanding of semantics in bug
reports and source code.

The main contributions of this section are listed as follows:

e We develop DeepLocator that consists of a new rTF-IDuF method, word2vec
and a proposed enhanced CNN. The enhanced CNN makes use of the im-
portant bug-fixing experience (bug-fixing recency and frequency) besides the
semantic information that can be extracted by conventional CNN from bug

reports and source files.

e A set of experiments is conducted to validate the feasibility and effectiveness
of DeepLocator. We make our dataset publicly a,vailableE] and provide the

tool used to construct the dataset.

4.3.1 Model Design

In this section, we describe DeepLocator, a deep learning based model that
localizes the buggy files for bug reports automatically. DeepLocator adapts an
enhanced CNN proposed in Section [4.2] for the task of bug localization. Figure
provides the overall workflow of DeepLocator. In the training phase, bug reports
and source files are firstly pre-treated by rTF-IDuF as discussed in Section [£.1.1]
and Abstract Syntax Tree (AST) detection respectively. Word embedding is then
applied to transform the words into vectors. The mappings between bug reports

and source files, as well as corresponding labels (buggy or not buggy), are obtained

Thttps://github.com /yanxiao6 /BugLocalization-dataset
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to train the enhanced CNN. The training stage can be done offline. When we
receive new bug reports, the already-trained enhanced CNN will efficiently utilize
the bug reports to obtain the location of buggy files. The details of DeepLocator

are discussed in the following sections.

Training Stage
(offline)
Bug
Training Set Report
—» ITF-IDuF » Word2vec
Bug Reports
(BR i
Word BR-SF Enhanced | Trained
Embedding Mappings CNN CNN
A
— Extract Word2vec l
AST ) Bug-fixing
i| source Corresponding Recency and
Files Labels Frequency Buggy
(SF) Files

Figure 4.5: The overall workflow of DeepLocator.

4.3.1.1 Data Preprocessing

Typically, there are summaries and descriptions for each bug in the bug reports.
Because most of the summaries are very short or sometimes even vacant, we first
combine the summary and description of each bug into one document. Next, we
apply proposed rTF-IDuF to filter some common words (such as I, the, to) to
shorten the length of each sentence, which is a standard data preprocessing to
eliminate redundant words [133][145] [50].

The well-defined programming syntax can be represented by AST [35] that
has been successfully used to extract the programming patterns of source code
[86]. The two main AST nodes we extract from the source code are [116]: a)
nodes of method invocations and class instance creations, e.g., method names. b)
declaration nodes, e.g., method declarations.

All words are further preprocessed because developers most often combine
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words to create a new "word" when defining the classes or methods in the source
code, which is also possible to be mentioned in bug reports. According to Camel-
Case Naming Convention [9], combined words can be split into separated real
words based on capital letters. For example, "WorkbenchActionBuilder" is split
into "Workbench", "Action" and "Builder". Besides, we pay attention to some
special capital words, such as URI, IDE and so on, which should not be separated.
Lastly, we change all the capital letters into lower cases to meet the rules of word

embedding.

4.3.1.2 Word Vectors Obtained by word2vec

Words themselves cannot be the input of CNN directly. Thus the pre-treated
words should be embedded into vectors. We first find the maximum sentence
lengths from bug reports and preprocessed AST nodes respectively. Then they
are padded by <PAD> tokens to be separately same with their maximum sen-
tence lengths. In this section, word2vec with Skip-gram model [76] is applied to
transform the preprocessed bug reports and AST nodes into vectors. There may
be some words absent in the set of pre-trained words of word2vec. These words
are initialized randomly and fine-tuned during training [51]. Ye et al. [134] veri-
fied that word embeddings trained on Wiki corpus and project (Eclipse and Java)
specific corpus had similar performance. But Wiki corpus has a larger size of
vocabulary and words (96 times and 548 times the size of project specific corpus
respectively). So the pre-trained word2vec used in our model is based on Wiki

corpus.

4.3.1.3 Enhanced CNN Training and Prediction

Now we begin building the enhanced CNN. Firstly, we construct the training
dataset. Besides the real corresponding buggy files, we only select the files that
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were ever buggy files as the negative samples due to the imbalanced dataset. We
consider them as potential buggy files.

As we discussed in[4.2] an enhanced CNN is adopted for the main training part,
which contains one convolutional layer followed by a max pooling layer. We also
add a dropout layer that is frequently used to regularize CNN. The dropout layer
only enables a fraction of the neurons randomly, which prevents neurons from co-
adapting and at the same time forces neurons to learn useful features individually.
The following Figure[4.6]is the structure of CNN used in this section. The sentence

contains pre-treated bug reports and AST nodes of source code.

convolutional layer

with multiple filters M2 Pooling

Al
r A N B

k dimension

word vectors )
r A N\ ///f/:////

nwords < H

fully connected
layer with
dropout and
softmax

Figure 4.6: The architecture of CNN for a sentence. n is the number of words in the

sentence and k is the vector dimension of each word that is tuned experimentally
(details are shown in Figure |4.7)).

This model is trained by gradient descent algorithm together with Adam (Adap-
tive Moment Estimation) optimizer, which uses an adaptive learning algorithm.
Compared to Adadelta [I37] that keeps an exponentially decaying average of past

squared gradients, Adam can also store the exponentially decaying average of past
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gradients. What’s more, Adam has shown better performance than other algo-
rithms that automatically adjust learning rates [53].

After the trained CNN is available, the bug reports have been related to buggy
files instead of matching them by textual similarity. When a new bug report comes,
it is paired with each source file and then input into the trained CNN to classify
buggy files. The probability of being the buggy file is used to give priority to more
buggy-prone files.

4.3.2 Experiments

Several experiments are conducted to evaluate the performance of DeepLocator.
We describe the datasets used, the experimental setup and performance metrics
in Section [4.3.2.1] The research questions are listed in Section [4.3.2.2] followed by
the results in Section 4.3.2.3

4.3.2.1 Experimental Settings and Evaluation Metrics

As some source files may be modified or even deleted, for an old bug, we may
fail to find the original mapped source files without before-fix versions. So we
collect dataset (Table with before-fix versions and relate them to each bug
based on the publicly available mappings of bug reports and the corresponding
commit history provided by [133]. We use tensorflow to construct the model and
all experiments are run on a server with CPU Intel Xeon CPU E5-4620 2.20GHz
(32 cores), 128 GB RAM.

The chronologically sorted bug reports of each project are split into 70% as the
training set (older bugs) and 30% as the testing set (newer bugs). This splitting
strategy is adopted by many previous studies [50, 4] and we further validate the
effect of different training sizes on performance in RQ4. In order to evaluate the

performance of DeepLocator, three metrics are adopted: Precision rate (P), Recall
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Table 4.1: Subject projects. [133]
Project | Time # of # of Avg. # of | Max. # of | Avg. # of
Range Bug Fixed Buggy Words per | Words per
Reports Buggy Files per Bug Bug
Files Bug Report Report
AspectJ| 03/02- 593 1,151 4.0 4,068 188.5
01/14
Eclipse | 10/01- 6,495 6,228 2.7 4,468 124.6
Ul 01/14
JDT | 10/01- 6,274 5,002 2.6 5,233 137.4
01/14
SWT | 02/02- 4,151 1,415 2.1 5,125 125.0
01/14
Tomcat | 07/02- 1,056 1,038 24 2,320 87.5
01/14

rate (R) and F-measure (F), which are widely used in classification tasks [50].

Their definitions are expressed as follows.

p_ ?fr-uepositive _ (4.13)
true positive + false positive
true positive
R= — . (4.14)
true positive + falsenegative
o 2 % Precision x Recall (4.15)

Precision + Recall

where true positive represents the number of predicted buggy files that are truly
buggy files, while true negative denotes the number of predicted non-buggy files
that are truly buggy-free files. False positive represents the number of predicted
buggy files that are actually non-buggy files, while false negative denotes the num-
ber of predicted buggy-free files that are actually buggy files. A good classification
model desires to obtain higher P and R. As a comprehensive measurement, F is a

trade-off between P and R.
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4.3.2.2 Research Questions

Specifically, we aim to answer the following questions:

RQ1: What is the effect of pre-trained word2vec on DeepLocator?
Iyyer et al. [42] reported that word vectors initialized by unsupervised neural lan-
guage models had better performance than those randomly initialized in Natural
Language Processing (NLP). In order to validate the effectiveness of pre-trained
word2vec in our model, we compare the accuracy of word vectors obtained by
pre-trained word2vec and random initialization respectively. We also analyze the
influence of the dimension of word embedding on accuracy.

RQ2: What is the effect of model settings on DeepLocator? Before
building DeepLocator, we need to analyze two main settings: the size of filters and
the number of convolutional layers.

RQ3: What is the performance of DeepLocator? Our evaluation can be
divided into two steps. First, we compare the conventional CNN with two classi-
fication models (i.e., SVM classifier [I00] and Naive Bayes classifier [50]). Then,
we evaluate whether the enhanced CNN improves the accuracy of DeepLocator
against the conventional CNN. The only difference between the two CNNs is that
the enhanced CNN considers bug-fixing recency and frequency but the conven-
tional CNN does not.

RQ4: What is the effect of larger dataset on accuracy of DeepLo-
cator? Some related works of bug localization, such as [56] and [133], split the
datasets into 10 folders. Ye et al. [133] claimed that the increase of training
datasets had little effect on the accuracy. But most deep learning models require
more data to obtain the features hidden deeply in the datasets. In order to evaluate
the impact of different sizes of training dataset on DeepLocator, the chronologi-
cally sorted bug reports of the large projects (Eclipse UI and JDT) are split into

10 folders. fold; consists of oldest bug reports and fold;y contains newest bug
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reports. We keep foldyg as the unchanged testing dataset. The 9 training datasets
are used incrementally. To begin, only one folder (foldy) is used as training dataset
and then two folders (foldy U foldg), and so forth, until all 9 folders ( foldy U folds
U ...U foldy U fold; ) are used as training datasets.

4.3.2.3 Results and Analyses

RQ1: Impacts of Pre-trained Word2vec on Accuracy.

We only show the results of Project AspectJ. Note we also experiment with
other projects; the results are qualitatively similar. As shown in Figure [£.7] the
accuracy by using pre-trained word2vec is always higher than using random initial-
ization, which indicates that word vectors initialized by the unsupervised neural
language model (word2vec) perform better than those initialized randomly in bug

localization.

85 - - - T T 90
80 //_/—

Average F (%)
Average F (%)

55 : | 65 e—e Aspect] [
— Pre-trained Word2vec — SWT

- - Random Initialization

o—a Tomcat

50
50 100 150 200 250 300 350 593 26 57 o8 511 12
Dimension of Word Embedding (k) Filter Sizes

Figure 4.7: Performance of word2vec and Figure 4.8: Performance of different fil-
random initialization along the dimen- ter sizes.
sion of word embedding (k).

Moreover, according to Figure [£.7] the word embedding dimension of woed2vec
has little effect on the accuracy, while the increasing dimension of word vectors

randomly initialized can improve the accuracy at the beginning. Compared to
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word2vec, word vectors randomly initialized contain fewer characteristics. So more
vectors are needed to represent and distinguish words. But if more dimensions of
word vectors are used, the dimension of input will increase dramatically, which
augments the training and predicting time. Therefore, the word vector dimension

in our experiments is set as 100.
RQ2: Accuracy Under Different Model Settings.

We first evaluate how to choose the size of filters. According to [48], when
the size of n-gram is from 4 to 8, there are more possibilities to improve the
performance of expression. To make the figure distinct, the accuracy of three
projects (AspectJ, SWT and Tomcat) along different filter sizes are showed in
Figure 4.8l Although the accuracies of these three projects fluctuate when the
filter size is between 4 and 8, they are still higher than the accuracy when the
filter size is from 1 to 3 and from 9 to 12. If the filter size is very small, e.g. 1-3,
the model fails to extract the semantic features because each sentence is split into
one or two words that have less semantic information. On the other hand, if larger
filter size is used, in other words, more words are in a group, it is harder for the
model to extract semantic features from a large group. So in our experiments, the

filter size is chosen from 4 to 6 whose accuracies are relatively high.

Next, we compare the average F and the average time consumption for each
batch of CNN by using one convolutional layer and two convolutional layers. When
using a two-layer CNN, the features between words are convolved again. So a
deeper semantic information is extracted. In Table [4.2] it can be observed that
the performance of the two-layer CNN is a bit better than the one-layer CNN;, yet

the cost time is much higher. So DeepLocator uses a one-layer CNN.
RQ3: Performance of DeepLocator.

We compare conventional CNN with other techniques. We report the highest
F of the two classifiers (SVM and Naive Bayes) that are 46.71% and 53.57% re-
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Table 4.2: Accuracy and time consumption on different number of layers.
One-layer Two-layer

F (%) | Time (s) | F (%) | Time (s)
AspectJ | 79.92 8.69 81.16 | 692.26
Eclipse UT | 84.13 8.83 85.58 | 689.83
JDT 82.28 8.78 83.21 702.18
SWT 83.61 7.93 84.71 | 682.61
Tomcat | 85.04 7.69 85.73 | 696.67

Project

spectively, which is lower than the average F of CNN (66.61%). Then Table
reports the average values of Precision, Recall, and F-measure for each bug paired
with all source files, maximum F and minimum F of DeepLocator and CNN. We
find that the P, R and F of DeepLocator are all higher than CNN. In compar-
ison with CNN, DeepLocator achieves from 9.77% to 26.65% higher average F.
Because CNN does not have the long-term memory, it cannot learn the features
about bug-fixing recency and frequency, which are included in DeepLocator. Fur-
thermore, the relative interval between F max and F min of CNN is larger than
DeepLocator, which shows the standard deviation of CNN’s accuracy is larger
than DeepLocator. Based on the above results, DeepLocator is more robust and

performs better.

If we analyze the results, we observe that some buggy files given low scores by
HyLoc can be predicted by DeepLocator. For example, HyLoc gives one buggy file
of Bug 54450 in Project Tomcat Rank 50, which is a relatively low score. However,
DeepLocator predicts it as a buggy file because "resource" in bug reports is paired
with "context" related words (getContext, configureContext, processContextCon-
fig) in source files many times. Another example is Bug 399401 in Project Eclipse
UL The rank of its buggy file is 38. However, "perspective" is paired with "view"
and "visible" related words (getViewLayout, isPartVisible), so DeepLocator can

relate them by training on older bug reports if these pairs have ever appeared.
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Table 4.3: Accuracy of two models.

Project Model P (%) | R (%) |F (%) | F_max (%) | F_min (%)
AspectJ | DeepLocator | 77.37 | 80.23 | 79.92 81.21 77.94
CNN 57.83 | 53.49 | 55.57 60.42 52.79
Eclipse UI | DeepLocator | 82.37 | 84.58 | 84.13 85.96 79.19
CNN 55.35 | 61.62 | 59.29 67.17 49.22
JDT DeepLocator | 83.43 | 79.92 | 82.28 85.41 78.48
CNN 58.79 | 61.46 | 60.85 65.49 54.23
SWT DeepLocator | 82.33 | 84.98 | 83.61 84.92 79.95
CNN 73.37 | 75.49 | 73.84 76.39 69.98
Tomcat | DeepLocator | 83.35 | 87.21 | 85.04 86.29 83.13
CNN 58.01 | 58.62 | 58.39 63.59 52.81

Therefore, even tokens in source files are mismatched with words used in bug re-
ports, DeepLocator can also relate them, which indicates that DeepLocator can
learn correlations between them if they appear frequently as pairs.

RQ4: Impact of the Size of Training Dataset on Accuracy.

Figure shows the average F of both projects (Project Eclipse UI and JDT)
by using different training sets. We observe that initially adding more training
data improves the F values. But when more data is involved, especially when
more older bug reports are used, the accuracy decreases. This is because older
bugs introduce more interference to the model, which also confirms the necessity

of using bug-fixing recency as important features.

4.3.3 Discussion
4.3.3.1 Effectiveness of rTF-IDuF

In this section, we analyze the difference between TF-IDF and rTF-IDuF.
Some common words may have special meanings in different collections. And bug

reports for different projects are usually different in terms of writing style and
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Figure 4.9: Performance of different training set sizes.

content. It is therefore not appropriate to consider them in the same perspective.
For example, "aspect" exists in both Project AspectJ and Eclipse Ul. There are
many "aspect" in AspectJ and most of them represent the name of this project.
But there are few "aspect" in Eclipse UI and they denote important information
just as shown on the right of Figure [£.10] In other words, "aspect" in Bug 201616
of Project Eclipse UI should be more important than in Bug 415266 of Project
AspectJ, which implies the term weight of "aspect" in Bug 201616 should be larger
than in Bug 415266.

We calculate the term weights of "aspect" using TF-IDF and rTF-IDuF. TF-
IDF uses the whole corpus of available bug reports, while rTF-IDuF just considers
the bug reports from the same project. The term weights of "aspect" computed by
TF-IDF is 7.36 and 3.09 respectively for Bug 415266 in AspectJ and Bug 201616 in
Eclipse UI, while rTF-IDuF is 1.48 and 6.99 respectively. They are different, which

validates that the word "aspect" has different importance in different projects.
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AspectJ

Bug ID: 415266

Summary: Bug 415266 LTW not
working when JMX is enabled.
Description: When | enable JMX
remote management on a JVM
along with Aspect) load-time

Eclipse Ul

Bug ID: 201616

Summary: Bug 201616
[Min.Max] Need to be able to
change the orientation of a
minimized stack.

Description: We currently use the

weaving (LTW), our |Aspect

aspect| ratio of the existing view

doesn't appear to get woven in.
This are the JVM arguments ...

stack to set the orientation to be
used when showing the view as

fast views. While this works in
most cases there are enough ...

Figure 4.10: Bug reports that contain "aspect" in Project AspectJ and Project
Eclipse UL

When considering the whole corpus using TF-IDF, the term weight of "aspect"
in Bug 201616 (3.09) is less than in Bug 415266 (7.36), which is not consistent
with above observations. Actually, there are many words like "aspect" that have
different meanings in different collections. Therefore, r'TF-IDuF which considers
the "user" collection and not the entire corpus is appropriate, practically feasible

and effective.

4.3.3.2 Why does DeepLocator work?

The major challenge of bug localization is the semantic gap between bug re-
ports and source code files. Textual similarity used in most existing techniques
[133][56] [145] [50] is based on the term frequency rather than semantic information
of words and phrases. Unlike textual similarity, DeepLocator correlates bug reports
to the corresponding buggy files based on a deep understanding of semantics.

Abstract Syntax Tree (AST) is applied to represent syntax and extract pro-
gramming patterns of source code, which makes the best of the information in
source code. Then DeepLocator uses word embedding to map words into semantic

vector space where similar words are close to each other. So embedded word vec-
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tors containing the information of semantic similarities benefit DeepLocator a lot.
What’s more, unlike the studies in [133][134] using a linear weighted sum of fea-
tures, DeepLocator uses an enhanced CNN proposed in this study to correlate bug
reports to buggy files including both linear and nonlinear relationships. Besides,
CNN model performs well in the semantic parsing field because of the convolv-
ing filters [51], which helps DeepLocator to extract hidden semantic information

between bug reports and source files.

4.3.3.3 Threats to Validity

The experimental results demonstrate the feasibility of DeepLocator, however,
we do acknowledge there are still some potential threats to validity of our approach
and experiments. Firstly, the proposed approach could be affected by stemming
and removal of stop words process, which will be investigated in future. Secondly,
the analysis on the choice of filter size (RQ1) is related to the writing style of
developers. For example, if developers in a project team prefer to use very long
phrases to express bug reports, the filter size should also be longer. We analyze
the results of the dataset and provide a general conclusion. This conclusion may
be inadequate. Thirdly, we implement HyLoc according to the algorithm provided
by [56] and obtain similar results. But the results are not perfectly the same.
Therefore, we choose the best ranked results to compare with our results during
the results analysis. Finally, all dataset used are obtained from Java projects.
The results may not generalize to other projects written in other languages. In
the future, we intend to improve the model and use this model in other projects

written in different languages.
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4.4 DeepLoc

To further improve the performance of bug localization, we propose DeepLoc,
a novel deep learning-based model that makes full use of semantic information.
DeepLoc is composed of an enhanced convolutional neural network (CNN) that
considers bug-fixing recency and frequency, together with word-embedding and
feature-detecting techniques. DeepLoc uses word embeddings to represent the
words in bug reports and source files that retain their semantic information, and
different CNNs to detect features from them. We conduct empirical experiments
on five project datasets to show the effect of the enhanced CNN on DeepLoc
and evaluate DeepLoc’s performance by comparing it to four state-of-the-art bug
localization approaches: DeepLocator, HyLoc, LR+WE, and BuglLocator. All
these competitors were proposed to localize buggy files for bug reports, which were
based on the textual similarity rather than semantic information of the words and
phrases.

The main contributions of this section are the following:

e We transform all code tokens from source files into vectors using word-

embedding techniques for bug localization.

e We develop DeepLoc, which consists of word embedding, feature detection,
and a proposed enhanced CNN. The enhanced CNN uses important bug-
fixing experience (bug-fixing recency and frequency) and semantic informa-
tion that can be extracted by a conventional CNN from bug reports and

source files.

e A set of experiments are conducted to validate DeepLoc’s feasibility and
effectiveness. We make our dataset publicly available and provide the tool

used to construct the dataset?]

https://github.com /yanxiao6 /BugLocalization-dataset
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In this work, we enhance our previous model, DeepLocator, presented in Section
4.3l DeepLocator first pre-treats bug reports and source files using revised TF-
IDuF and Abstract Syntax Tree (AST) detection, respectively. The same word-
embedding technique (word2vec) is then applied to transform the preprocessed
words from bug reports and source files into vectors. Later, the features of these
vectors are extracted by one CNN. However, the use of the same word-embedding
technique and CNN to deal with bug reports and source files ignored the differences
between them and thus limited the performance of DeepLocator.

Although the motivation for this work is somewhat derived from Section
the fundamental differences between the two studies are as follows. 1) This section
uses two different word-embedding techniques (Sent2Vec and combined word2vec)
to convert bug reports and source files, respectively, into vectors. 2) All code
tokens are transformed in this section, instead of some AST nodes parsed from
the source files in [128] discussed in last section. 3) Two CNNs are used to extract
features from the vectors of bug reports and source files before they are supplied
to the proposed enhanced CNN. 4) We report better results and new analyses and
show the visualization of the learned vectors to demonstrate the effectiveness of
the word-embedding techniques for bug localization.

The remainder of this section is structured as follows. Section gives a
detailed description of the proposed model. The experimental results are presented
in Section and the discussion is presented in Section [4.4.3] The threats to
validity are discussed in Section [.4.4]

4.4.1 Model Design

In this section, we describe DeepLoc, a deep learning-based model that au-
tomatically localizes buggy files for bug reports. DeepLoc uses two conventional

CNNs to separately detect features from the vectors of bug reports and source
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code files converted using two different word-embedding techniques and an en-
hanced CNN for bug localization. Figure provides the overall workflow of
DeepLoc. In the training phase, bug reports and source files are first transformed
into vectors using two different word-embedding techniques (Sent2Vec [87] and
weighted average word2vec [47]). The corresponding vectors are then fed into two
conventional CNNs to detect their features. Finally, the features of the bug re-
ports and source files are concatenated as the input to the enhanced CNN, along
with corresponding labels (buggy or not buggy) and the bug-fixing histories. The
training stage is conducted offline. When we receive new bug reports, the trained
model will efficiently utilize the bug reports to obtain the locations of buggy files.

The details of DeepLoc are discussed in the following sections.

Training Stage
(offline) §
Bug
. Report
—»{ Sent2Vec » CNN Feature Corresponding
Vectors Labels
Bug Reports
(BR ‘ ¢
Word Fealure Enhanced Trained
Embedding Detecting CNN ! DeepLoc
i Bug-fixing
Sv?)r::jt;c:g > CNN Recency and J
Source Frequency
Files Buggy
(SF) Files

Figure 4.11: The overall workflow of DeepLoc.

4.4.1.1 Data Pre-processing

Developers often combine words to create a new “word” when defining classes or
methods in source code files, which can also be mentioned in bug reports. Thus, we
preprocess combined words in both bug reports and source files. According to the
CamelCase Naming Convention [9], combined words can be split into separate real

words based on capital letters. For example, “WorkbenchActionBuilder” is split
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into “Workbench”, “Action” and “Builder”. Note that some special capital words,
such as URI (Uniform Resource Identifier [73]), IDE (Integrated Development
Environment [109]), etc., should not be separated. Finally, we change all capital

letters to lowercase letters, to adhere to the rules of word embedding.

4.4.1.2 Word Vectors Generation

Words themselves cannot be directly input into a CNN [I41]. Thus, the pre-
treated words must be embedded into vectors. Two variants of word-embedding
techniques are adopted in this section to transform words in bug reports and source
files into vectors that retain the words’ semantics.

As shown in Table [4.1], bug reports usually contain summaries and descriptions
that comprise many words. If all words are transformed into vectors as input for
CNNs, the model will be difficult to train due to the redundant input. In addition,
a large amount of memory is needed to store these vectors. Fortunately, bug re-
ports are written in natural languages and consist of sentences, so we can convert
each sentence in bug reports into a vector instead of transforming each word into
a vector. Summaries are always written as one sentence containing condensed and
abbreviated information. It is difficult to retain important information if sum-
maries are regarded as sentences. However, descriptions usually contain many
sentences and some redundant information. So, to distinguish summaries and de-
scriptions, we convert summaries into vectors based on words using a word2vec
technique with the Skip-gram model [76] and transform descriptions into vectors
based on sentences using Sent2Vec [87]. Figure[1.12]illustrates an example of trans-
forming descriptions in bug reports into vectors using Sent2Vec. Each sentence in
a description is transformed into a k-dimensional vector. The dimension of word
vectors of each description in a bug report is ng x k, where ng is the number of sen-

tences in each description and k is the dimension of word embeddings. Sent2Vec is
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an extension of CBOW [76] to compose sentence embeddings. Unlike in CBOW,
the context words running over the corpus in Sent2Vec are entire sentences rather
than fixed-length context words, which meets the requirements of our model. For
experimentation purpose, we have evaluated that the adopted strategy has a simi-
lar or even better performance with less memory and computation cost than other

kinds of strategies (e.g., only word2vec).

Sent2Vec
k dimension word
vectors
(" [ rhave... ACTION_PROPERTY. 0.602672 ... 0.0546233 ... 0.473353
B.rg...swt.SWT.error(SWT.java:4168) 6:537709 ... -0.322579 ... 0.0361022
;)“rg...Progresslnfoltem ..... java:832) l.(.J.906823 .. -0.26779 ... 0.221334
ns sentences < ;)li’g...runUI(Workbench.java:ZGGO) |:> 6:0616843 ...0.0977483 ... -0.0831604
6rg...start(|DEAppIication.java:123) ;6..0544379 ... -0.189406 ... -0.493847
arg...runtime...EcIipseAppLauncher..4 ;6.645194 ... 0.0323099 ... 0.35039
L ;)“rg...equinox...Main.main... ;6.312867 ... 0.0911251 ... -0.0898358
Description of a bug report Word vector of a bug report

Figure 4.12: An example of transforming descriptions in bug reports into vectors
using Sent2Vec.

Source files are composed of code tokens that are similar, but not identical, to
natural languages [126]. Some keywords (e.g., int, public) are frequently presented
in source code that may dampen the performance of Sent2Vec. In addition, it
is difficult to represent source code in sentences. Thus, Sent2Vec is not good for
converting source files into vectors. Importantly, the average word embeddings
of words in a sentence have been proven to be efficient for obtaining sentence
embeddings [47]. To dampen the effect of frequent keywords in the source code,
this section adopts weighted average word embeddings based on the revised TF-

IDuF discussed in Section [4.1.1] to obtain the vectors of each line in source code

73



CHAPTER 4. SEMANTIC INFORMATION EXTRACTION FOR BUG
LOCALIZATION

as shown in the following equation:
SRR "
| = — W;V; = — WU .
ny —1 n;

where in the [, line in a source file, V; € R'*¥ is the vector of the l;;, line of code, w;
(w € R™™) is the rTF-IDuF term weight of the 7, word in the Iy, line of code, and
v; (v € R™*k) is the word vector of the 44 word in the Iy, line of code, in which n;
and k are the number of words in the [, line and the dimension of the word vector,
respectively. It is better to use the right vectorized form during implementation,
to accelerate the computational process. The word vector (v) is obtained using the
word2vec technique with the Skip-gram model [76]. Some words may be absent
in the set of pretrained words in word2vec. These words are initialized randomly
and fine-tuned during training [51]. Ye et al. [134] verified that word embeddings
trained on a Wiki corpus and a project-specific corpus (Eclipse and Java) had
similar performance. However, a Wiki corpus has a greater vocabulary and more
words (96 times and 548 times the size of a project-specific corpus, respectively),
which is beneficial for deep learning models [147]. Thus, the pretrained word2vec

used in our model is based on a Wiki corpus.

4.4.1.3 Feature Detecting

After converting bug reports and source files into a set of vectors, the CNN
model is applied to extract their features. Max-over-time pooling [52] is used
when constructing a CNN. We first find the maximum number (ng) of sentences
from each bug report and the maximum number (ny) of lines from each source
file. They are then padded by zeros to be separately same with their maximum
lengths [61]. Figure illustrates the process of feature detection from bug re-

ports and source files using a CNN, in which £ is the vector dimension of each
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sentence/line. The two CNNs have similar architecture, containing one convolu-
tional layer with multiple filters followed by a max pooling layer [52]. We will
evaluate how to choose the size of filters, the number of filters, and the number
of convolutional layers when answering RQ1 in Section [4.4.2.3] The size of filters
in the max pooling layer is (ng — the height of the filter size + 1) x 1 for bug
reports and (ny — the height of the filter size + 1) x 1 for source files. The size
of the feature vectors extracted from a bug report is the number of filter sizes x
the number of filters for each filter size. The size of the feature vectors ex-
tracted from a source file is also the number of filter sizesxthe number of filters
for each filter size. We use different filter size in the max pooling layer to ensure
that the final feature vectors extracted from a bug report and source file have
the same size so that they can be concatenated in parallel as the input to the

subsequent enhanced CNN.

4.4.1.4 Enhanced CNN Training and Prediction

Now we use the enhanced CNN proposed in to learn the relationship be-
tween bug reports and corresponding buggy files. The feature vectors extracted
from bug reports and those from source files are concatenated in parallel into 2-
dimensional feature vectors as the input to the enhanced CNN. The concatenation
process is shown in Figure [£.14. The convolutional layer in the enhanced CNN
uses filters with the size of 2 x 2 to learn the correlated relationships between bug
reports and source files by convolving the input of the enhanced CNN that is a
concatenation of the feature vectors extracted from bug reports and source files.
The size of filters in the max pooling layer is 2 x (the number of filter sizes *
the number of filters for each filter size). The enhanced CNN was used to
correlate bug reports to buggy files including both linear and nonlinear relation-

ships because of its convolutional operation and fully connected layer. Other fac-

75



CHAPTER 4. SEMANTIC INFORMATION EXTRACTION FOR BUG
LOCALIZATION

Convolutional layer

Sent2Vec with multiple filters

—

Max pooling

k dimension
word vectors

Currently Eclipse uses the text editor ..
I don't see a use case for this

Can we change it to use System editor
Bug 410904 Use System editor for png ..

nssentences < | =

Bug report Word vectors of
bug report

(a) Detecting features from bug reports

Weighted average Convolutional layer M r
word2vec with multiple filters ax pooling
/—)%

k dimension
word vectors

public void addModifyListener (...) {
checkWidget ();
if (listener == null) error (...);
TypedListener typedListener = new ...;
addListener (...);

. }
n. lines —

Source file Word vectors of
source file

(b) Detecting features from source files

Figure 4.13: The architecture of feature detection.

tors (bug-fixing recency and frequency) are included in the enhanced CNN using

Equation (4.12]).

All three CNNs use max-over-time pooling and are regularized by batch nor-

malization to speed up the training process. DeepLoc is trained using the Adam
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the number of filter sizes the number of filter sizes
* the number of filters * the number of filters

Feature vectors extracted T T[T
from a bug report l

— HH:HH }e

Feature vectors ext_racted (T ][ T 1] T New feature vectors as the
from a source file input of the enhanced CNN

Figure 4.14: The concatenation process.

(Adaptive Moment Estimation) Optimizer [53], which uses an adaptive learning
algorithm. Compared to Adadelta [137], which retains an exponentially decaying
average of past squared gradients, Adam can also store the exponentially decay-
ing average of past gradients. In addition, Adam has shown better performance
in large empirical investigations than other algorithms that automatically adjust
learning rates [53].

After training, the bug reports are related to buggy files rather than matched
by textual similarity. When a new bug report appears, it is paired with each source

file and then input into the trained DeepLoc to predict buggy files.

4.4.2 Experiments

Several experiments are conducted to evaluate DeepLoc’s performance. We
describe the datasets used, the experimental setup and the performance metrics
in the first part, followed by the listed research questions, and the results in the

last part.

4.4.2.1 Experimental Settings and Evaluation Metrics

Because some source files may have been modified or even deleted, we may fail

to find the original mapped source files for an old bug without before-fix versions.
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Thus, we collect a dataset (Table with before-fix versions of source files and
relate them to each bug based on publicly available mappings of bug reports and

the corresponding commit history provided by [133].

The chronologically sorted bug reports for each project are split into 60% as
the training set (oldest bugs), 20% as the validation/development set, and 20%
as the test set (newest bugs). Large numbers of source files exist for a given bug
report, and it is infeasible to involve them all in the training set because of the
necessary training time and memory. For fair comparison with other state-of-the-
art techniques, we use a procedure similar to that in [56 133]. In training, for
each bug report, we rank the cosine similarity of the word vectors between the
bug report and all of the source files and then select the top 300 irrelevant files as
the negative samples, which implies that the actual buggy files and other 300 least
similar files are together with each bug report to be set as the training set. In the
validation and testing set, each bug report is paired with all source files. We use
tensorflow to construct the model, and all experiments are run on a server with

CPU Intel Xeon CPU E5-4620 2.20 GHz (32 cores), 128 GB RAM.

To evaluate DeepLoc’s performance, three metrics are adopted: Accuracy@k,
Mean Reciprocal Rank (MRR) and Mean Average Precision (MAP). These metrics
have been widely used in existing bug localization studies [56], [133] 134], [145]. Their

definitions are expressed as follows.

o Accuracy@k measures the percentage of bug reports for which at least one

real buggy file is located within the top k& rank.

e MRR is the mean of the Reciprocal Rank that accumulates the inverse of

the position of the first correctly-located buggy file for each bug. For a set
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of @ bug reports, the MRR in this thesis is computed as follows:

MRR = - EQ: ! (4.17)
S Q “— first; '

where first; denotes the position of the first correctly-located buggy file for
the 7, bug report.

e MAP can measure performance when a query has multiple relevant docu-
ments. It is more suitable in the field of bug localization because a bug
report may have more than two buggy files on average (as shown in Table
[1.1). MAP is the mean of the Average Precision (AvgP) values of @ bug
reports, each of which is the average of the precision values for a bug report.

The formulation of MAP for bug localization is as follows:

Q
MAP = % > AvgP(i) (4.18)
=1

AvgP(i) = i (T(j)/jB)J) ind(j) (4.19)

j=1
where M is the maximum position of correct buggy files for the 7;, bug report
located using the bug localization technique, ind(j) indicates whether the file
located in rank j is the correct buggy file (ind(j) = 1) or not (ind(j) = 0),
B(i) stands for the number of buggy files for the i, bug report, and 7(j)

denotes the number of buggy files in the top j.

The higher the Accuracy@k, MRR, and MAP values, the better the perfor-

mance of the bug localization technique.
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4.4.2.2 Research Questions

Specifically, we aim to answer the following questions.

RQ1: What effect do the model settings have on DeepLoc? Before
building DeepLoc, we need to analyze three settings using the validation set: the
size of filters, the number of filters, and the number of convolutional layers.

RQ2: What effect does the enhanced CNN have on DeepLoc? We
then evaluate whether the enhanced CNN improves DeeplLoc’s accuracy against
the conventional CNN. The only difference between the two CNNs is that the
enhanced CNN considers bug-fixing recency and frequency, but the conventional
CNN does not. Furthermore, we examine their time overheads for prediction.

RQ3: How good is DeepLoc’s performance compared to state-of-
the-art techniques? To validate DeeplLoc’s effectiveness and efficiency, four

state-of-the-art approaches are used as competitors:

e DeepLocator proposed in our previous work [128] uses CNN to extract fea-

tures from bug reports and source files that are pre-treated using rTF-IDuF

and AST.

e HyLoc proposed by Lam et al. [56] combines deep learning with information

retrieval (IR) technique.

e LR+WE proposed by Ye et al. [134] enhances the previously proposed
learning-to-rank (LR) model [I33] with word embedding (WE).

e BugLocator proposed by Zhou et al. [145] uses a revised Vector Space Model
(rVSM) to measure the textural similarity between bug reports and source

files.

Both RQ2 and RQ3 use a testing set for evaluation. There are 50 instances in
each batch.
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4.4.2.3 Results and Analyses

RQ1: Model Performance Under Different Model Settings.

We first evaluate how to choose the size of filters using the validation set. The
number of filters is set as constant (100) as a control variable. Figure reports
the MAP values of each dataset with the filter size ranging from 1 x k to 10 x k
(where k is the width of word vectors). The results show that the best filter size
for the five datasets is 3 x k (Aspect]), 6 x k (Eclipse UI), 4 x k& (JDT), 3 x k
(SWT), and 4 x k (Tomcat) respectively. According to the empirical analysis of
Zhang et al. [T41], using multiple filter sizes near the best single size produces the
best results. So in our experiments, the filter sizes are set as (2 x k, 3 x k, 4 X k),
(5bxk,6xk Txk),3xk, 4xk 5xk),(2xk, 3xk, 4xk),and (3xk,4xk,
5 X k) for the five datasets (AspectJ, Eclipse UI, JDT, SWT, and Tomcat). We
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Figure 4.15: Performance of different fil- Figure 4.16: Performance of number of
ter sizes. filters.

fine-tune the number of filters for each dataset given the formerly determined filter
size. We consider values {50, 100, 200, 300, 400, 500}. Figure represents the
MAP values (line chart) and the number of filters for the five datasets. We also

provide the average training time per batch (bar chart) for the five datasets to
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help us choose the appropriate number of filters balanced between the results and
the time consumption. The results show that the greater the number of filters, the
higher the computation time. However, the MAP values do not always increase
because more filters may lead to overfitting. After weighing the trade-offs, we set
the number of filters as 100 for the whole dataset.

Next, we compare the MAP values and the average time consumption for each
batch of the CNN, using one convolutional layer and two convolutional layers.
When using a two-layer CNN, the features between words are convolved again,
which is able to extract deeper semantic information. Table [4.4] demonstrates that
the performance of the two-layer CNN is slightly better than that of the one-layer
CNN,; but the time consumption is much higher. Thus, DeepLoc uses a one-layer

CNN.

Table 4.4: MAP and time consumption for different numbers of layers.

One-layer Two-layer
MAP | Time (s) | MAP | Time (s)
AspectJ 0.55 6.36 0.58 212.18
Eclipse UI | 0.56 6.92 0.57 217.15
JDT 0.48 6.38 0.49 212.86
SWT 0.49 6.65 0.48 | 213.56
Tomecat 0.57 6.74 0.59 213.91

Project

RQ2: The enhanced CNN'’s effects on DeepLoc.

In this section, we use the testing set to compare DeeplLoc’s performance using
enhanced CNN and conventional CNN. We find that both the MAP and MRR
of the enhanced CNN are higher than those of the conventional CNN, with a
10.87% to 13.4% higher MAP (as shown in Figure [£.17). Because CNN does not
have long-term memory, it cannot learn the features of bug-fixing recency and
frequency, which are included in the enhanced CNN.

We report the time overhead of DeeplLoc using the enhanced CNN and the
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Figure 4.17: MAP and MRR of conventional CNN and enhanced CNN for five

projects.

conventional CNN. Because more weights in DeepLoc must be adjusted in the

training phase than in the CNN, DeepLoc’s average time consumption per batch in

training is slightly higher (about 0.03 seconds) than the CNN’s. Table [4.5|presents

the average prediction time for one bug report by DeeplLoc using the enhanced

CNN and the conventional CNN, and the existing deep learning-related model

(HyLoc) [56]. The first two rows demonstrate that DeepLoc’s average prediction

times using the enhanced CNN and the conventional CNN are very similar.

Table 4.5: Prediction time (seconds) per bug report for three models.

Prediction Time | AspectJ | Eclipse Ul | JDT | SWT | Tomcat
DeepLoc 127.9 93.5 152.0 | 51.0 36.5
CNN 123.3 95.3 152.3 | 53.2 36.3
HyLoc 144.0 126.0 198.0 | 108.0 | 60.0

RQ3: DeepLoc’s Performance.

Figure m presents the Accuracy@k results for the four models (DeepLoc,

HyLoc, LR+WE, and BuglLocator) on Project SWT, with k£ ranging from 1 to

20. The results show that BuglLocator has the worst performance. The difference
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between HyLoc and LR+WE is not clear. DeepLoc shows evident improvements,
especially from Top 1 to 11, which is more significant for bug localization because
developers prefer to search only a few source files to find buggy files. For exam-
ple, DeepLoc achieves Accuracy@k of 39.0%, 65.7%, and 77.1% for k = 1,5, 10,
respectively. That is to say, it can correctly locate buggy files for 39.0% of bug re-
ports when recommending only one source file to developers, and it can fix 77.1%
of bug reports when ten source files are recommended. In comparison, HyLoc
achieves Accuracy@k 33.4%, 71.1%, LR+WE achieves 34.0%, 71.0%, and BugLo-
cator achieves 22.3%, 51.7% for k = 1,10, respectively. Using a Mann-Whitney-
U-Test [71], the Accuracy@k results of HyLoc and LR+WE are not significantly
different, but DeepLoc significantly (p < 0.05) outperforms both of them.
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Figure 4.18: Accuracy@k of the four models on Project SWT.

Table [4.6] lists the Accuracy@1,5,10, MAP, and MRR values of the five models
using the test set for five projects. Again, DeepLoc outperforms the other four

models for all five projects.

Compared to DeepLocator, DeepLoc achieves 2% to 5% higher Accuracy@1
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Table 4.6: Performance comparison.

Project Model Accuracy | Accuracy | Accuracy | MAP | MRR
Q1 @5 @10

AspectJ DeepLoc 0.45 0.71 0.80 0.42 | 0.51

DeepLocator 0.40 0.66 0.78 0.34 | 0.49

HyLoc 0.38 0.65 0.75 0.32 | 048

LR+WE 0.29 0.58 0.74 0.30 | 0.45

BuglLocator 0.22 0.46 0.58 0.28 | 0.36

Eclipse UI DeepLoc 0.45 0.70 0.79 0.43 | 0.53

DeepLocator 0.43 0.66 0.74 0.42 | 0.51

HyLoc 0.40 0.64 0.73 0.41 | 0.51

LR+WE 0.39 0.60 0.71 0.40 | 0.46

BuglLocator 0.29 0.50 0.60 0.33 | 0.38

JDT DeepLoc 0.43 0.65 0.77 0.44 | 0.53

DeepLocator 0.40 0.64 0.73 0.39 | 047

HyLoc 0.33 0.59 0.69 0.34 | 0.45

LR+WE 0.41 0.65 0.75 0.42 | 0.52

BuglLocator 0.19 0.40 0.51 0.29 | 0.37

SWT DeepLoc 0.39 0.66 0.77 0.40 | 0.49

DeepLocator 0.36 0.60 0.75 0.39 | 048

HyLoc 0.33 0.58 0.71 0.37 | 0.45

LR+WE 0.34 0.57 0.71 0.38 | 0.45

BuglLocator 0.22 0.39 0.52 0.27 | 0.31

Tomcat DeepLoc 0.54 0.72 0.81 0.56 | 0.62

DeepLocator 0.52 0.72 0.80 0.54 | 0.60

HyLoc 0.52 0.71 0.78 0.52 | 0.60

LR+WE 0.49 0.70 0.76 0.50 | 0.56

BugLocator 0.36 0.62 0.71 0.43 | 0.48

and 1% to 5% higher Accuracy@10. DeepLoc distinguishes bug reports and source
files using two different word-embedding techniques and CNNs. All information
in bug reports and source files is included and deeper networks are used to further
improve the bug localization performance.

In addition, DeepLoc achieves 16% to 24% greater Accuracy@1 than BugLo-
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cator. Unlike BugLocator, whose performance for unseen bug reports is unclear
due to the only parameter a being tuned on the same dataset for both training
and evaluation [145], all of the weights for DeepLoc are learned on the training
set, tuned on the validation set, and then used to predict the testing set, whose
performance is scalable. At the same time, LR+WE achieves 2% to 16% lower
Accuracy@1 than DeepLoc. LR+WE may be limited by the linear weighted sum
of features, but DeepLoc does not suffer this problem because of the convolutional

networks.

Finally, DeepLoc achieves 2% to 10% higher Accuracy@]1 than HyLoc. Because
Lam et al. [56] validated HyLoc’s comparable or superior performance against
existing approaches [84], [133], 134], 145], we use HyLoc as the main competitor and
analyze the results. When analyzing the ranking results, we observe that some
buggy files given low scores by HyLoc can be located more precisely by DeepLoc.
For example, HyLoc gives one buggy file for Bug 54450 in Project Tomcat Rank
50, which is a relatively low score. However, DeepLoc predicts it as a buggy file
by ranking it in fourth place because "resource" in bug reports is paired with
words related to "context" (getContext, configureContext, processContextConfig)
in source files many times. Another example is Bug 399401 in Project Eclipse
UL The rank for its buggy file given by HyLoc is 38. However, "perspective" is
paired with words related to "view" and "visible" (getViewLayout, isPartVisible),
so DeepLoc can relate them if these pairs have ever appeared in older bug reports
and corresponding buggy files used in its training. Therefore, even when tokens
in source files are mismatched with the words used in bug reports, DeepLoc can
relate them, which indicates that DeeplLoc can learn correlations if they frequently
appear as pairs. In particular, DeepLoc’s prediction time, shown in Table [4.5] for
one bug report is much lower than HyLoc’s, which indicates that DeepLoc is more

suitable in practice.
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4.4.3 Discussion

The major challenge for bug localization is the semantic gap between bug
reports and source code files. Textual similarity, which is used in most existing

techniques [133], 56}, 145] [50], is based on the term frequency rather than semantic
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Figure 4.19: Visualization of the learned embeddings of 500 bug reports from
Project SWT using t-SNE.
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information of the words and phrases. Unlike textual similarity, DeepLoc correlates
bug reports to the corresponding buggy files based on a deep understanding of

semantics.

DeepLoc uses word-embedding techniques to map bug reports and source files
into semantic vector spaces where similar words are close to each other. According
to their characteristics, DeepLoc uses two different word embedding-based tech-
niques for bug reports and source files. Figure visualizes the learned embed-
dings of 500 bug reports from Project SWT using t-SNE [I10], where a number
represents a bug report. Each bug report is transformed into a word vector as
discussed in Section [4.4.1.2] These vectors are then projected into 2-D dimension
by t-SNE to make the vectors visible as shown in Figure [£.19] The closer two
bug reports are in the vector space, the greater the similarity between them. In
Example I, the three bug reports are "Unused and breaks compilation on GTK
3.x. Bug 391413 Remove GdkGCValues_sizeof", "Remove GdkVisual sizeof -
not used at all and breaks compilation on GTK 3.x. Bug 391408 Remove GdkVi-
sual _sizeof", and "Method is not used anywhere and breaks compilation on GTK
3.x. Bug 391404 Remove Gdklmage sizeof". They are all related to GTK and
the "sizeof" operation. Most importantly, these three bug reports point to a same
buggy file, namely OS.java, but the first bug report still contains other buggy files.
The contents of the bug reports in Example II, "Bug 369228 Kill pre GTK 2.4
leftovers from Tree", "Bug 369227 Kill pre GTK 2.4 leftovers from List", "Bug
369226 Cleanup pre GTK 2.4 leftovers in Table", and "Bug 369225 Cleanup pre
GTK 2.4 leftovers", also share similar operations. In addition, the first three bug
reports share the same buggy files. The bug reports in Example III also share
the same or similar words like "widget", "unused 2.10 version guard" and so on.
The aggregation of some points in Figure indicates that these bug reports

may share similar meanings or even point to the same buggy files. Therefore, the
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word-embedding technique is useful for converting text into vectors that retain
semantic information, and can help to localize buggy files. However, it is still in-
sufficient, which is why it requires consequent models to detect features and learn
correlations between bug reports and source files.

The embedded vectors that contain information about semantic similarities
greatly benefit DeepLoc. The CNN model performs well in the semantic parsing
field because of the convolving filters [51], which helps DeepLoc to extract hidden
semantic information from bug reports and source files. DeepLoc applies two CNNs
to extract features from bug reports and source files and then uses an enhanced
CNN to correlate bug reports and buggy files including both linear and nonlinear
relationships, which makes it different from the studies in [133] [134], which use a
linear weighted sum of features. Bug-fixing history is also included in DeepLoc, to

make it more powerful.

4.4.4 Threats to Validity

The experimental results demonstrate DeeplLoc’s feasibility, however, we ac-
knowledge some potential threats to the validity of our approach and experiments.
Following the suggestions of Wohlin et al. [123], we discuss threats to internal

validity, construct validity, external validity, and statistical conclusion validity.

4.4.4.1 Internal Validity

The proposed approach converts each sentence in a bug report into a vector,
which could be affected by stemming and removal of stop words process. This
potential will be investigated in a future study. Both bug reports and source
files are transformed into vectors based on word-embedding techniques. These
techniques make texts from bug reports and source files into adequate input for

CNNs, retaining their semantic information and saving memory space. However,
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the performance of the proposed approach relies to some extent on the ability
of word-embedding techniques. It would be best to test these techniques before
adding to the proposed model. Improving these techniques will also help to en-
hance our model. We leave this for future studies. Finally, the analysis on the
choice of filter size (RQ1) is related to the writing style of the developers. For
example, if the developers in a project team prefer to use very long phrases to
express bug reports, the filter size should also be long. We analyze the results of

the dataset and provide a general conclusion, which may not be adequate.

4.4.4.2 Construct Validity

As shown in Table [4.1] the dataset for bug localization is imbalanced. Because
the focus of this section is not a data imbalance problem, we selected a simple
sampling strategy. A better technique for solving a data imbalance is important
for bug localization, which will be investigated in detail in a future study. On the
other hand, we split the dataset into a training set (60%), a validation set (20%),
and a testing set (20%). This approach is adopted in most machine learning-
related papers [I8], [89) [81] but not in bug localization-related papers [50, 145} 133].
The effects of various splitting strategies on deep learning-related bug localization

techniques is still unknown and is worthy of investigation in further studies.

4.4.4.3 External Validity

Because the codes for HyLoc, LR+WE, and BugLocator are not published,
we implemented them according to the algorithms provided by [56, [134] 145] and
obtained similar results. However, the results are not identical. Fortunately, Ye
et al. [I33] and Lam et al. [56] provided their results for the same datasets. We
choose the best results for each project comparing our results to theirs. Finally,

the datasets used were obtained from Java projects. The results may not be
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generalizable to other projects written in other programming languages. In the
future, we intend to improve the model for use in other projects written in different

programming languages.

4.4.4.4 Statistical Conclusion Validity

In this study, we used a Mann-Whitney-U-Test for the Accuracy@k analyses.
We provided Accuracy@k results of the four models (DeepLoc, HyLoc, LR+WE,
BuglLocator) with k ranging from 1 to 20 and applied a Mann-Whitney-U-Test for
comparison. However, the sample size is close to the minimum required number of
observations in a standard statistical test. We thus admit the experimental results

might be subject to a threat to validity.

4.5 Chapter Summary

This chapter first discusses DeepLocator, a deep learning based model that
consisted of an enhanced CNN, together with a new rTF-IDuF method and the
pre-trained word2vec technique, is proposed to improve the performance of bug
localization. The experimental results show that DeepLocator performs better
than existing classification models. DeepLocator bridges the semantic gap using
Abstract Syntax Tree to parse the syntax of source code, word embedding to obtain
semantic similarities and the enhanced CNN to learn the correlations between bug
reports and source code.

Secondly, DeepLoc, a deep learning-based model that consists of an enhanced
CNN, together with word-embedding techniques and two CNNs for detecting fea-
tures from bug reports and source files, is proposed to address these challenges
and improve the performance of bug localization. Unlike the existing approaches,

word-embedding techniques are adapted to convert each sentence of bug reports

91



CHAPTER 4. SEMANTIC INFORMATION EXTRACTION FOR BUG
LOCALIZATION

and each line of source code into vectors, retaining their semantics in vector space.
These vectors are then fed into the CNNs to extract their hidden semantics and
features. An enhanced CNN is used to detect the correlation between the feature
vectors extracted from bug reports and source code considering the bug-fixing ex-
perience (bug-fixing recency and frequency). We provide empirical suggestions
on how to construct the model and evaluate DeeplLoc’s performance against four
state-of-the-art bug localization techniques (DeepLocator, HyLoc, LR+WE, and
BuglLocator) using more than 18,500 bug reports extracted from five projects. The
experimental results show that DeepLoc performed better than conventional CNN
(10.87% to 13.4% MAP improvements), which indicates the importance of bug-
fixing experience for bug localization. Compared to the other four approaches,
DeepLoc achieved higher Accuracy@k, MAP, and MRR, using less computation
time. DeepLoc bridges the semantic gap by adapting word embedding to retain
the semantics of bug reports and source code, CNNs to parse their syntax, and
the enhanced CNN to learn the correlations between bug reports and source code
considering bug-fixing experience.

DeepLocator and DeepLoc both use word embedding techniques to retain the
semantics of bug reports and source files, CNN to learn the semantic parsing
and an enhanced CNN to learn the correlation between bug reports and source
files considering bug-fixing experience. The experimental results comparing their
performance demonstrate the importance of processing bug reports and source
files respectively. On the other hand, the higher Accuracy@k, MAP, and MRR
compared with the state-of-the-art bug localization techniques that did not retain
semantics and extract semantic parsing information has revealed the importance

of semantic information.
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Chapter 5

Structural Information Extraction

for Bug Localization

Correctly localizing buggy files for bug reports together with their semantic and
structural information is a crucial task, which would essentially improve the accu-
racy of bug localization techniques. To empirically evaluate and demonstrate the
effects of both semantic and structural information in bug reports and source files
on improving the accuracy of bug localization, this chapter discusses CNN _Forest
[129], which has been published in EASE 2018, involving convolutional neural net-
work and ensemble of random forests that have excellent performance in the tasks

of semantic parsing and structural information extraction.

5.1 Preliminaries

5.1.1 Random Forest

Random Forest (RF) is an ensemble learning method based on multiple de-

cision trees [II]. As shown in Figure 5.1} RF first extends the original training
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set {D1, Do, ..., D,} into k sub-training sets {Suby, Subs, ..., Suby} using random
sampling with replacement. The dimension of the extended training set is the
same as that of the original training set. Then a decision tree is trained on each
sub-training set and a total of k decision trees {Decision Tree 1, Decision Tree 2,
..., Decision Tree k} is obtained. The final output is determined by combining the

results of the k decision trees, e.g., averaging or voting.

Origin Samples
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Figure 5.1: The illustration of random forest.

RF introduces randomness into decision trees, so as to obtain the integrated
learners with more powerful ability of generalization. The property of random-
ness is shown in two aspects. Firstly, based on simple random sampling with
replacement, the original training set is divided into multiple sub-training sets,
which usually contain different duplicate samples. Secondly, during the process
of feature selection in decision trees, a subset of all the current features is ran-

domly selected. Then the optimal feature is selected from the sub-feature set as
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the root node. By adding these two random properties, the generalization of RF
(predictive ability on new data) is significantly improved. However, RF usually
converges slowly at a very early stage where there are a few numbers of decision
trees. Fortunately, as the number of decision tree increases, RF can converge to
lower generalization error (a measure of how accurately an algorithm is able to
predict outcome values for previously unseen data). Moreover, RF is simple with
low cost and easy to implement, and it has achieved good performance in many

practical tasks.

5.2 CNN _Forest

This section discusses CNN _Forest based on CNN and random forest for bug
localization. The proposed model first converts the bug reports and source files
into word vectors by the word embedding technique to preserve the semantics of
them. Due to the differences between natural languages and programming lan-
guages, we then employ different techniques to extract features from bug reports
and source files. CNN with multiple filters is applied to parse the semantics and
extract features from bug reports by adopting the procedure leveraged by the natu-
ral language processing techniques [30, 51]. Since source files are composed of code
tokens, an ensemble of random forests involving various decision trees is used to ex-
tract the structural information from them. After the feature extraction, cascade
forest is adopted to extract further features, and the correlated relationships be-
tween bug reports and source files are learned benefiting from the alternate cascade
structure that is similar to the layer-structure in deep learning. In bug reports, the
structural information means the contextual information within each sentence ex-
tracted by CNN and that between sentences extracted by the subsequent cascade

forest. In source files, the structural information means the contextual informa-
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tion within each statement extracted by the ensemble of random forest and the
interactions between statements extracted by the subsequent cascade forest.

The main contributions of this section are listed as follows:

e We leverage two different techniques to extract features respectively from
bug reports and source files according to the differences between natural

languages and programming languages.

e Both semantic and structural information of bug reports and source files are
extracted. The ensemble of random forests is applied to detect the structural
information from the source code. The alternate cascade forest works as the
layer-structure in deep learning to learn the correlated relationships between

bug reports and source files.

e A set of experiments is conducted to validate the feasibility and effective-
ness of CNN Forest. The experimental results confirm the significance of
applying different techniques to extract features from bug reports and source

code.

The remainder of this section is structured as follows. Section provides a
detailed description of the proposed model. Section presents the experimental
preparations and results, followed by the discussion in Section

5.2.1 Model Design

In this section, we will describe the proposed model, CNN Forest, a convolu-
tional neural network (CNN) and random forest-based approach for bug localiza-
tion. Figure presents the overall workflow of the proposed approach. As shown
in Figure the words in bug reports and source files are first transformed into

vectors by the word embedding technique to preserve the semantic information.
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Due to the different characteristics of bug reports and source files, their vectors
are then processed respectively by CNN with multiple filters and the ensemble of
random forests with multi-grained scanning to extract the features and reduce di-
mensions. After that, these feature vectors are fed into the cascade forest to learn
the correlated relationships between bug reports and source files, and to further
extract features to obtain the class vectors, whose average values are the final class

vectors (output).

Bug CNN with -
Reports —»{ word2vec >  Multiple Features Corresponding
Filters Labels
3 3 ¢ Average
word Feature Pooling
Embedding Extraction Cascade Forest »  Output

Source Forests with
Files —» word2vec » Multi-grained
Scanning

Figure 5.2: The overall workflow of CNN _Forest.

5.2.1.1 Data Preprocessing

Bug reports usually consist of summaries and descriptions but one of them
may be vacant. We thus first combine them into one document as the new bug
reports. Each text in bug reports and source files is then filtered for punctuation
(e.g., transform gtk widget get window into gtk widget get window) using the
Natural Language Toolkit (NLTK) [103] packagd] In addition, some texts are
combinations of multiple words, which are also needed to be split into the single
word based on the CamelCase Naming Convention [9]. For example, “Workbench-
WindowConfigurer" can be split into “Workbench", “Window" and “Configurer".

Finally, all texts are cast to lower case.

Thttp: //www.nltk.org/
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5.2.1.2 Word Embedding

After pre-processing, all the words in bug reports and source files are converted
into word vectors by a word embedding technique (word2vec [70]). As reported in
the literature [I34], the word vectors obtained by word2vec from project-specific
and Wikipedia corpus have similar performance for bug localization. Therefore,
we use the Skip-gram model pre-trained on the Wikipedia corpus to obtain the

word vectors. For words not present in the corpus, we randomly initialize them

51,

5.2.1.3 Feature Extraction

Given bug reports B = {by, ..., b;, ...} and source code files C' = {c4, ..., ¢}, ...},
each bug report b, € R™s*mw*k and each source file ¢; € RMexmewxk are 3-
dimensional vectors after word embedding, where £ is the dimension of the word
vectors, nys denotes the maximum number of sentences in bug reports, and 74,
denotes the maximum number of words in each sentence, while n. denotes the
maximum number of lines in source files, and n.,, denotes the maximum number
of words in each line. Next, we will describe how to respectively extract features
based on these 3-dimensional vectors from bug reports and source files and simul-
taneously reduce the dimensions.

The reason of using different strategies to extract features from bug reports and
source files are discussed in the following. For example, path = get NewPath();
Filef = File.open(path);, the path is used in the next line. The interactions
between each statement are very common and can be linked by the same word.
This kind of relationship can be represented well by tree-based architecture using
the nodes and links between them in the decision tree.

But there are less same words to link such interactions between each sentence

in bug reports. It is common in bug reports or natural languages that using some
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pronouns to replace same words. Thus the CNN model with semantic parsing
properties is a good choice for bug reports.

CNN with Multiple Filters for Bug Reports

Bug reports are written in natural languages and transforming them into word
vectors will still contain the semantic information of bug reports. However, this
kind of 3-dimensional vectors for each bug report will cause high memory over-
head if directly fed into the following cascade forest. In addition, CNN performs
excellently in the semantic parsing field of natural language processing because
of the convolving filters that can extract local features. Therefore, we adopt the

CNN with multiple filters to extract the features of bug reports and reduce the
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Figure 5.3: The feature extraction of bug reports using CNN.

Figure [5.3|illustrates how to extract features from bug reports using CNN with
two kinds of filter sizes, which are the sliding windows with the size of 2 x k and
3 x k. The convolutional layer employs a filter w € R¥>*¥*ns (4 = 2,3 in Figure
to convolve the vectors of each bug report. The Rectified Linear Units (ReLU) [54]
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function is then used to extract more nonlinear features from the vectors. After the
convolutional layer, the dimension of each bug report is reduced from ny, X ng, X k
to Nps X Npy, followed by the pooling layer to further reduce the dimension of the
features into nps x 1. In Figure [5.3] the CNN has two kinds of filter sizes in each
of which there is only one filter. To preserve the integrity of the features in bug
reports, we implement the CNN with not only more kinds of filter sizes but also
more kinds of filters for each filter size. For example, if we adopt two kinds of
filter sizes and each filter size contains 100 kinds of filters, then the dimension of
the features is 200m;,s X 1 after the pooling layer. The size and number of filters
can be fine-tuned during training.

Ensemble of Random Forests with Multi-grained Scanning for Source
Files

Source files are composed of code tokens that are similar to the texts in natural
languages, but the programming languages contain more structural information
than natural languages. We will adopt the ensemble of random forests involving

multiple decision trees to extract the structural features from the source files.

Complete-random tree forest
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Figure 5.4: The feature extraction of source files using ensemble of random forests.

Figure |5.4] illustrates how to extract features from source files using the en-
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semble of random forests with multi-grained scanning. Firstly, different sliding
windows with the size of d X k (d = 2,3 in Figure are employed to scan the
word vectors of the source files. The new instance vectors with the dimension of
Ner(New —d+1) X k are then generated from the original features (the dimension is
Ney X New X k) by the multi-grained scanning process. These new instances obtained
from the same sliding window are further fed to train the completely-random tree
forest (CRF) [68] and random forest (RF) [11]. Two types of forests are used to en-
courage diversity that is crucial for ensemble models [146]. For each kind of sliding
window, the new feature vectors generated from each forest have the dimension of
2 X ng(new — d+ 1), suppose there are 2 classes, and then these feature vectors
are concatenated as the transformed features. As shown in Figure [5.4] the final
4ne(new — d+ 1) x 1 dimensional feature vectors are generated from the original

Ne X New X k dimensional input for each kind of sliding window with the size of

dx k.

5.2.1.4 Cascade Forest

The deep in deep learning is beneficial from the layer-by-layer processing of the
input to extract deep features from them. Similar to this, the cascade structure in
cascade forest performs as the layer structure in the deep learning model. In order
to extract deeper features from the bug reports and source files, and learn the
correlated relationships between them, cascade forest is employed to process their
feature vectors obtained respectively from the CNN with multiple filters and the
ensemble of random forests with multi-grained scanning. Similar to the method
in the literature [I47], two completely-random tree forests (CRF) and two random
forests (RF) are leveraged to constitute one ensemble in the cascade forest, where
there are several such ensembles. This kind of ensemble structure of ensembles is

able to extract deeper features from the bug reports and source files.
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Figure 5.5: Cascade forest to further extract features and learn the correlated
relationships between bug reports and source files.

Figure depicts how the cascade forest deals with the feature vectors (200n; X
1) extracted from the bug reports and those (4ny(new —d + 1) x 1) from source
files. The 200n,s x 1 dimensional feature vectors of bug reports are first fed into
the first level of cascade forest with two CRFs and two RFs to generate the first
four class vectors. These class vectors are then concatenated with the original
200n,s x 1 dimensional feature vectors to be fed into the second level. Likewise,
the second class vectors are concatenated with the original 4n4(ne, —1) X 1 dimen-
sional feature vectors extracted from the source files using the first type of sliding
window to be the input of the third level. Similarly, the third class vectors are
concatenated with the 4ng(n., —2) x 1 dimensional vectors extracted from the
second type of sliding window. These cascade procedures will continue until there
are no significant improvements during training. This alternate cascade structure
is used to learn the correlated relationships between bug reports and source files.

The final class vectors are the average values of the last four class vectors.
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5.2.2 Experiments

Several experiments are conducted to evaluate the performance of our model
CNN _Forest. We will first describe the experimental preparations in Section
[5.2.2.1] The experimental results and the corresponding analyses will be presented
in Section [£.2.2.2]

5.2.2.1 Experimental Preparations

This section will present the experimental preparations including datasets, ex-
perimental settings, evaluation metrics, and competitors.

Datasets

In this section, we use five open-source Java projects (AspectJEL Eclipse U]ﬂ,
JDTEL SWTH and Tomcatﬂ) to evaluate the performance of CNN _Forest. The
before-fixed version of the source code [I33] in each project is obtained to perform
the experiments. We make the before-fixed version [133] of the source code in each
project publicly availablem and provide the tool used to construct the dataset. To
make the comparison with existing techniques easier, a splitting strategy similar
to that in [134] is adopted. The oldest bug reports of each project are used for
tuning the model (validation set) while the older bug reports are for training the
model (training set) and the newest bug reports are for testing the model (testing
set). Table provides more details about the number of bug reports in each set.

Experimental settings

The hyper-parameters of CNN _Forest include the dimension of word vectors

(k), the size and the number of filters used in CNN; the size of sliding windows in

2http:/ /eclipse.org/aspectj/
3http://projects.eclipse.org/projects/eclipse.platform.ui
4http:/ /www.eclipse.org/jdt/
Shttp://www.eclipse.org/swt/
Shttp://tomcat.apache.org

Thttps://github.com /yanxiao6 /BugLocalization-dataset
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Table 5.1: Subject projects.
Project Time # of Bug # of Bug # of Bug # of Bug
Range Reports for | Reports for | Reports for | Reports for
Evaluation Tuning Training Testing
AspectJ | 03/2002- 593 100 400 93
01/2014
Eclipse | 10/2001- 3,656 1,500 500 1,656
Ul 01/2014
JDT | 10/2001- 2,632 1,500 500 632
01/2014
SWT | 02/2002- 2,817 1,500 500 817
01/2014
Tomcat | 07/2002- 1,056 400 500 156
01/2014

the ensemble of random forests for scanning, and the number of trees in each forest.
According to the work [12§], the dimension of word vectors k& = 100 can achieve
comparable performance and consume relatively less time. The filter size ranging
from 4 to 6 and the number of filters equal to 100 performs well in bug localization,
which implies that the size of sliding windows in CNN can be chosen from 4 x k,
5 x k, and 6 x k. The size of sliding windows in the ensemble of random forests to
scan the source files is set to 2 and 3 as suggested in the literature [39] considering
the characteristics of the statements in source code. In order to evaluate the
generalized effects of the forest ensemble and cascade forest on bug localization,

the default number (500) of the trees in each forest as recommended by [147] is

used in this section.
Evaluation metrics

The mean average precision (MAP) and mean reciprocal rank (MRR) are used
to evaluate the performance of CNN _Forest, which are frequently used in existing
studies of bug localization [133], 134, 57]. The higher the values of MRR and MAP,

the better the performance of the bug localization technique.
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Competitors
In order to exhibit the importance of applying different strategies to extract
features from bug reports and source files, we will first compare CNN _Forest with

the following two models on the validation set:

e CNN_CNN uses the same strategy (CNN) to extract features from bug

reports and source files.

e Forest Forest applies the same ensemble of random forests to extract fea-

tures of bug reports and source files.

All CNNs and random forests use same parameters, as well as the subsequent
cascade forest.
CNN _Forest is then compared to the following four state-of-the-art techniques

on the testing set:

e NP-CNN proposed by Huo et al. [39] applied CNN to learn unified features

from natural and programming languages.

e LR+ WE [134] enhanced their previously-proposed learn-ing-to-rank model
(LR) by adding new features obtained by word embedding (WE) techniques.

e DNNLOC proposed by Lam et al. [57] combined deep learning techniques
with the information retrieval techniques to localize the buggy files for bug

reports.

e BugLocator [145] measured the textural similarity between the texts in bug

reports and source files using the revised Vector Space Model (rVSM).

Since the original implementations of the four models are not released, we tried
our best to implement our own versions of these four models. We strictly followed

the steps given by [39, 134 57, 145], but all the detailed implementations might
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not be all the same. We used the same dataset to test their performance and got

similar results. Thus, we are confident to argue that the comparisons are fair.

5.2.2.2 Results and Analyses

In this section, we report the results of CNN Forest and competitors on the
intrinsic and extrinsic evaluation, and analyze the results.

Intrinsic Evaluation

The intrinsic evaluation is conducted on the validation set to show the improve-
ments achieved by CNN _Forest compared to CNN _CNN and Forest Forest. The
MAP and MRR values of these models are presented in Table [5.2] and the best
MAP and MRR values for each project has been highlighted in bold. It can be
observed from the results that CNN _Forest is able to achieve the best MAP and
MRR except that Forest Forest obtains 0.005 higher MAP than CNN _Forest on
the Project Eclipse UI, which is not a big loss. The highest improvement on MAP
achieved by CNN _Forest compared to the best result of the other two models is
0.023, that is about 5% relative improvement.

Thus, we can conclude that it is important to adopt different strategies to ex-
tract features from bug reports and source files. The different results also validate
that the characteristics of the texts and code tokens in bug reports and source
files are different even though they are both written by humans. Bug reports are
written in natural languages and CNN performs well in semantic parsing in the
field of natural language processing because of the convolving filters. Therefore,
CNN Forest performs better than Forest Forest. On the other hand, source files
are written in programming languages that contain rich and explicit structural
information. The source code could be parsed into abstract syntax tree and also
reverted. Moreover, tree-structure is good at extracting the structural information

from source code [65], 8], 83|, 121]. CNN Forest thus has better performance than

106



5.2. CNN_FOREST

Table 5.2: Performance comparison for intrinsic evaluation.
Project Model MAP | MRR

AspectJ CNN _Forest | 0.458 | 0.563
CNN_ CNN | 0.449 | 0.560
Forest Forest | 0.430 | 0.549
Eclipse Ul | CNN _Forest | 0.460 | 0.590
CNN_CNN | 0.441 | 0.561
Forest Forest | 0.465 | 0.588
JDT CNN _Forest | 0.448 | 0.517
CNN_ CNN | 0.448 | 0.502
Forest Forest | 0.435 | 0.492
SWT CNN _Forest | 0.462 | 0.530
CNN_CNN | 0.415 | 0.507
Forest Forest | 0.439 | 0.512
Tomcat CNN _Forest | 0.627 | 0.681
CNN CNN | 0.623 | 0.669
Forest Forest | 0.604 | 0.647

CNN_CNN.

Extrinsic Evaluation

The CNN Forest is then compared to other four current state-of-the-art tech-
niques (NP-CNN [39], LR+WE [134], DNNLOC [57|, and BugLocator [145]) in
the field of bug localization on the testing set. Their performances on five open-
source projects are shown in Table [5.3] The best MAP and MRR results are also
highlighted in bold. As we can observe from the table, CNN Forest always per-
forms better than the four competitors except for the MRR in Project JDT, but
the loss is negligible. The improvements on MAP of CNN Forest compared to
the best results of the four competitors range from 0.003 to 0.034. Moreover, the
improvements are more obvious when evaluating on the small dataset, i.e. Project

AspectJ and Tomcat.

NP-CNN applied CNN to extract features from both bug reports and source
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Table 5.3: Performance comparison with the state-of-the-art techniques.

Project Model MAP | MRR
AspectJ | CNN_Forest | 0.436 | 0.519
NP-CNN 0.402 | 0.487

LR+WE 0.302 | 0.454

DNNLOC 0.323 | 0.475

BugLocator | 0.278 | 0.364

Eclipse UI | CNN _Forest | 0.432 | 0.534
NP-CNN 0.429 | 0.529

LR+WE 0.398 | 0.461

DNNLOC 0.413 | 0.514

BuglLocator | 0.332 | 0.383

JDT CNN _Forest | 0.423 | 0.514
NP-CNN 0.405 | 0.463

LR+WE 0.417 | 0.516

DNNLOC 0.342 | 0.452

BuglLocator | 0.290 | 0.367

SWT CNN _Forest | 0.394 | 0.482
NP-CNN 0.371 | 0.466

LR+WE 0.381 | 0.446

DNNLOC 0.369 | 0.445

BuglLocator | 0.269 | 0.312

Tomcat | CNN _Forest | 0.550 | 0.614
NP-CNN 0.529 | 0.585

LR+WE 0.503 | 0.556

DNNLOC 0.523 | 0.604

BugLocator | 0.425 | 0.481

files. The performance is limited because the characteristics of the texts in bug

reports and the code tokens in source files are different just as we observed in the

intrinsic evaluation. The structural information of the source files extracted by

NP-CNN is subject to each code line, however, the programming syntactic informa-

tion inside the program blocks is not extracted. Our proposed model CNN _Forest
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considers both the structural information and programming syntactic information
benefiting from the ensemble of random forests with multi-grained scanning. More-
over, the texts and code tokens are processed by word embedding techniques before
fed into the feature extraction part. The semantic information is therefore pre-
served, which is lost in NP-CNN without word embedding techniques. That’s why
CNN _Forest has better performance than NP-CNN. On the other hand, com-
pared to CNN _Forest and NP-CNN, LR+WE and DNNLOC tried to add the
semantic information into their models but did not take the program structure
related information into consideration. Thus, their performances are worse than
CNN _Forest. BuglLocator was based on textural similarity and did not involve
the semantic and structural features of bug reports and source files. Therefore,

BuglLocator’s performance is much worse than the other techniques.

5.2.3 Discussion

5.2.3.1 Why does CNN Forest Work?

CNN _Forest tries to extract both semantic information and programming
structural information from source files, which is different from the ones in bug re-
ports written in natural languages. This kind of information is seldom considered
by existing techniques.

The word embedding technique is first applied to convert the texts in bug
reports and source files into word vectors. Similar words are close to each other
in the vector space, which preserves the semantic information. Different strategies
are then used to extract the features from bug reports and source files. Bug
reports are written in natural languages where CNN has performed excellently
because of convolving filters. On the other hand, source files are composed of code

tokens that involve more stringent structural information. They can be parsed into
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abstract syntax tree and also be reverted from the abstract syntax tree. Thus,
we leverage the ensemble of random forests involving many trees with multiple
sliding windows to extract the programming structural information. Therefore,
CNN _Forest not only preserves the semantics but also leverages the structural
information of lexical terms in bug reports and the programming code tokens in
source files. Finally, unlike the linear combination of the extracted features used
in the literature [133] 134 39], the cascade forest is used to further extract features
from both bug reports and source files, and the correlated relationships between
them are learned by the alternate cascade structure that is similar to the layer-

structure in deep learning.

5.2.3.2 Threats to Validity

The experimental results demonstrate the feasibility and effectiveness of CNN
Forest, however, we do acknowledge that there are still some potential threats to
validity of our study. Following the recommendations of Wohlin et al. [123], we
discuss the threats to internal validity, construct validity and external validity of
this study.

Internal Validity

The performance of our proposed model may be somewhat dependent on the
performance of the word embedding techniques. We have checked the property
of the adopted word embedding techniques before adopting them in our model.
It is important to do so before implementing our model. Secondly, the hyper-
parameters configuration set could introduce some bias in the experimental results.
However, we set the parameters according to the suggestions of the existing studies,
which enabled our choices to be reasonable. For instance, the size and number of
the filters used in CNN and the size of the sliding windows used in the ensemble

of random forests were set as the suggestions given in the literature [128], 39]. And
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in order to examine the intrinsic property of the forest structures, we used the
default number of trees in each forest as recommended by Zhou et al. [147]. More

fine-tunes might be needed for our model. We leave this for future studies.

Construct Validity

When conducting experiments, we split the dataset in each project into val-
idation set (oldest bug reports), training set(older bug reports) and testing set
(newest bug reports) similar to the strategy used in the literature [134]. How-
ever, the splitting percentage is different from that used in most machine learning
techniques [18], 81, 89]. It would be interesting to examine the effects of different
splitting percentages on our proposed model, which is worth to be explored in
further studies. In this section, we used two measures (MAP and MRR) that are
widely used in most bug localization studies [56} [134) [145]. In future work, we will
consider other evaluation metrics, such as Accuracy@k [I33] and Area Under the
receiver operator characteristic Curve (AUC) [62]. Besides, other validations (e.g.,
statistical significance and effect size of the results) will be considered in future

when there are more project dataset used to evaluate the proposed model.

External Validity

We evaluated our model on five dataset from Java projects as many bug local-
ization studies [56} [133], 134] did and tried to report the general results. However,
the selection of only five projects may have potentially limited representativeness.
On the other hand, the performance of our model on other projects written in
other programming languages is still unknown. We intend to examine our model
on more projects, especially the ones written in, for example, C++, in a future

study.
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5.3 Chapter Summary

This chapter proposes CNN _Forest, a new CNN and random forest-based
model for bug localization. After pre-processing the texts in bug reports and
source files, CNN _Forest first employs the word embedding technique to convert
the words into vectors with the preservation of the semantic information in them.
The CNN with multiple filters and the ensemble of random forests with multi-
grained scanning are then used to extract both semantic and structural features
from the word vectors of bug reports and source files. Finally, the cascade forest
is used to further conclude features from the feature vectors extracted by CNN
and the ensemble of random forests, and learn the correlated relationships between
bug reports and source files benefiting from the alternate cascade structure. Our
evaluation on five open-source projects showed that the separately learned fea-
tures do improve the performance of the model. Moreover, CNN Forest achieved
higher MAP (at most 0.034) and MRR (at most 0.032) than the best results of
the four current state-of-the-art techniques (NP-CNN, LR+WE, DNNLOC, and
BugLocator).
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Chapter 6

Conclusions and Future Work

This thesis has been devoted to the study of bug localization on the lexical
mismatch analysis together with extracting both semantic and structural features
from bug reports and source code files. This chapter summarizes this thesis in
concluding the study on the three problems, and discusses some promising future
directions including the way of enhancing the studied techniques in this thesis as

well as future researches on bug localization.

6.1 Conclusions

With the increase of the number of software systems, especially those of the
open source software, automatically localizing bugs given bug reports submitted by
developers, testers or users becomes much more important in recent years. Accord-
ing to the analysis in this thesis, there are three main problems in the existing bug
localization studies, i.e., lexical mismatch problem, semantic information omission
and structural information omission. Meanwhile, we propose specific techniques
to solve these problems.

The detailed summaries are as follows. Firstly, BugTranslator and the en-

113



CHAPTER 6. CONCLUSIONS AND FUTURE WORK

hanced version distinguishes bug reports and source code into different symbolic
classes and then extract deep semantic similarity and relevance between bug re-
ports and the corresponding buggy files to bridge the lexical gap at its source,
thereby further improving the performance of bug localization. Even though it
hasn’t beat all the existing techniques especially some combined models, there is
a lot of room to improve this model since it is a new research direction for bug
localization. Secondly, DeepLocator and DeepLoc, deep learning-based models
that consist of an enhanced CNN, together with word-embedding techniques and
CNNs for detecting features from bug reports and source files, are proposed to
include the semantic information hidden in them and improve the performance
of bug localization. Thirdly, CNN Forest, a new CNN and random forest-based
model, is proposed for bug localization to extract both the semantic and structural

information in bug reports and source files.

Table shows the performance comparison between proposed models and the
state-of-the-art techniques. Compared with HyLoc that does not include semantic
and structural information, all other models that consider either of them achieve
improvements. DeepLocator and NP-CNN consider semantic and structural infor-
mation respectively. Either of them cannot always beat the other one, but both of
them have lower accuracy than CNN Forest that includes both the semantic and
structural information. Thus the word embedding techniques that retain seman-
tics and tree-based architectures that extract structural information are important
for bug localization. Different from DeepLocator, DeepLoc uses two different word
embedding techniques and CNNs to process bug reports and source files. Even
though DeepLoc does not use tree-based architecture for source files, it can also
achieve comparable accuracies with CNN _Forest that uses a same word technique
for bug reports and source files. Thus the different word embedding techniques

are also important.
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Table 6.1: Performance Comparison between proposed models and the State-of-
the-art Techniques.

Project Model MAP | MRR
AspectJ DeepLoc 0.42 0.51
CNN_ Forest | 0.436 | 0.519
DeepLocator | 0.34 0.49
NP-CNN 0.402 | 0.487
HyLoc 0.32 0.48
Eclipse UI DeepLoc 0.43 0.53
CNN _Forest | 0.432 | 0.534
DeepLocator | 0.42 0.51
NP-CNN 0.429 | 0.529
HyLoc 0.41 0.51
JDT DeepLoc 0.44 | 0.53
CNN_Forest | 0.423 | 0.514
DeepLocator | 0.39 0.47
NP-CNN 0.405 | 0.463
HyLoc 0.34 0.45
SWT DeepLoc 0.40 | 0.49
CNN _Forest | 0.394 | 0.482
DeepLocator | 0.39 0.48
NP-CNN 0.371 | 0.466
HyLoc 0.37 0.45
Tomcat DeepLoc 0.56 | 0.62
CNN Forest | 0.550 | 0.614
DeepLocator | 0.54 0.60
NP-CNN 0.529 | 0.585
HyLoc 0.52 0.60

6.2 Future Work

There are several directions for future research on improving the accuracy of
bug localization. We first present a summary of the likely future research areas re-

garding our approaches. Furthermore, we discuss other research directions towards
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bug localization.

6.2.1 Future Work towards Proposed Techniques

To further bridge the lexical gap and improve the accuracy of bug localization,
we will enhance and automate BugTranslator by adding the missing factors, in-
cluding bug-fixing recency, frequency, and the observation that a previously fixed
file may be responsible for similar bugs. Furthermore, RNN with LSTM cells
has been noted to be sensitive to word order. Localizing buggy classes or meth-
ods instead of buggy files may produce more benefit to our model. We will also

investigate this in a future study.

The existing learning-based models, including our models, seldom consider the
orders of buggy files during training, which may limit their performance when us-
ing metrics such as MAP and MRR to test their ability. In the future, we intend
to improve DeepLoc’s sensitivity to buggy file orders. We will also investigate
DeepLoc’s performance using other TF-IDF weight schemes [133], [72]. Few pa-
pers have studied the effect of imbalanced data on bug localization and relevant

techniques, which we leave for future work.

For the proposed CNN _Forest, we would like to fine-tune it to further improve
its performance, such as more different kinds of random forests (e.g., extra-trees) to
enhance diversity. Moreover, few existing studies focused on the projects written
in other programming languages, e.g., C/C++. We intend to extend our model
to these projects for bug localization and use more measures (Accuracy@k, Area
Under the receiver operator characteristic Curve, and statistical significance) to
evaluate their performances. In addition, it would be interesting to examine the
performance of our model in other applications of software engineering, such as

defect prediction.
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6.2.2 Future Research towards Bug Localization

As discussed in Chapter [2| of literature review, several kinds of related informa-
tion (code structure, part-of-speech tags, similar bug reports, code version history,
stack traces) besides bug reports have been used to improve the accuracy of bug
localization. However, there are such many choices that might confuse researchers.
Whether all of them are necessary and should be included when localizing buggy
files, or the subset of them are enough, or even considering too much information
might confuse the proposed models? A comprehensive empirical study regarding
the additional information should be put on the agenda.

According to our preliminary analysis on the results, we find that for our model,
it is better to provide clear descriptions instead of only submitting summaries and
it is important to ensure the described observed behavior is correct. But the
comprehensive guidelines of writing good bug reports still need more empirical
experiments and analyses. We will spend more time in future.

Currently, the most influential factor that hinders the improvements of bug lo-
calization techniques is the quality of bug report. There are no strict writing rules
for bug reports. The summary and description in bug reports are usually used
in bug localization techniques. However, many bug reports are lack of descrip-
tion. The summary with a few words challenges the automated bug localization
techniques and even developers. The software requirements document that is pro-
fessional and rigorous written in natural languages can be taken into consideration
as a subsidiary [5].

There might be two sources of further improvements for bug localization.
Firstly, some bug reports include stack traces in the description. But not all
the files or methods in the traces contain bugs. Or even there are no buggy files
in it. Few approaches try to distinguish them. Secondly, we find that there exist

two or more buggy files that always appear simultaneously. Once one of the buggy
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files is located, the probability of other corresponding files can also be increased,
which will help improve the accuracy of bug localization.

In addition, there are several studies to localize bugs in method-level [136], [140].
However, their accuracies are too low to broadcast to industry. There are still many
challenges remaining to be solved in the method-level bug localization. Firstly,
most of the existing dataset is collected for the file-level bug localization. Thus,
the dataset with low quality and noise for method-level bug localization challenges
its development. Secondly, there is still room for improvements of the bug local-
ization accuracy in file-level, which also hinder the improvement of method-level
bug localization. Thirdly, other important information besides call dependency of
methods (cyclomatic complexity [I18], lines of code, version history of method)
needs more effort to explore for improving the accuracy of the method-level bug

localization.
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