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ABSTRACT

of the given function, it can benefit many tasks in software engineering. As far as

I known, the existing research on comment generation can be summarized as the
template based approaches, the information retrieval based approaches and the deep
learning based approaches. Nowadays, based on the proposal and wide utilization of deep
learning, the research of neural machine translation has been introduced to the research
of code summarization. Based on my study, The existing deep learning based code sum-
marization approaches mainly utilize the seq2seq model in which the encoder translates
the source code into hidden representation of the program code and then the decoder
decodes the representation into comment. However, due to the special grammar and
syntax structure of programming languages and various shortcomings of different deep
neural networks, the accuracy of existing code summarization approaches is not good
enough. These approaches mainly suffer from three major drawbacks: a) they regard the
source code as plain text directly, which neglecting the syntax structure of the source code
that is quite important for the comprehension of source code; b) they only consider the
generation of the code’s intent, while ignore the information of parameters etc which is
also quite important for the understanding and usage of the source code; c) their adopted
CNN/RNN model usually cause long-distance dependency and excessive computation
cost problem. Considering these limitations, the main research work of this thesis are
as follows: (1) The first work proposes to adopt the hierarchical attention mechanism to
enable the code summarization framework to translate three representations of source
code to the hidden spce and then it injects them into a deep reinforcement learning model
to enhance the performance of code summarization. (2) While many existing approaches
exploit inadequate power of statement-wise semantic contributions for augmenting their
performance, the second work proposes the transformer-based generative adversarial
network framework for universal code summarization which constructs a cross-language
universal hierarchical semantic (UHS) model to classify statements according to their
positions in the source code. (3) Considering that almost all approaches only consider to
generate the general intent of the method without documenting their parameters, the
third work proposes to generate both the method comment and the parameter comment
to provide complete java documentation for the code snippets. Specifically, it designs a
programming-analysis-based component to extract UseSet of parameter and the KeySet
of the source code to obtain the main semantic information and discard the useless
noise information and utilizes the copy-attention-integrated transformer based NMT

3 bstract. Code summarization provides the main aim described in natural language
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framework. Thought the completion of this thesis, I conduct a few of experiments, and
the results of which prove that the proposed approaches can obtain better accuracy
compared with the baseline approaches.
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CHAPTER

INTRODUCTION

1.1 Research Background and Significance

In recent years, with the development of computer science, many aspects of people’s daily
life, such as transport, entertainment, healthcare, energy, social security, depend more
and more on software, while the development of software is a time and labor consuming
task. In fact, almost 90% labor and time is spend on the maintenance of software during
the software development life cycle (e.g., implementation, testing and maintenance).
Furthermore, much of the effort is spend on the comprehension of source code and the
target task [57]. Additionally, it is fact that meaningful source code comment can be
helpful for all kinds of research in the software engineering area [27, 123], e.g., software
testing [114, 121, 122], fault localization [56], program repair [29, 96].

Thus, it is quite important for the source code documentation to describe the intent of
the source code for further maintenance of the software. Although many techniques have
been developed to help developer for software implementation and testing, while writing
meaningful comment for the source code is still labour consuming [4, 16, 95]. While in the
real world projects, there are not plentiful code comment supplied for future maintenance
[24, 45]. In fact, it is quite time-consuming and challenging for the programmer to supply
enough good code comments when their time is tight. In general, The comments supplied
by the developer or generated by the automatic code summarization approach should
satisfy the following features: (1) Correctness. The comment must give the correct intent

of the source code and how to utilize it. (2) Fluency. The comment must be fluent natural
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CHAPTER 1. INTRODUCTION

language thus anyone reading it can comprehend them easily. In this way, the research on
code summarization target on designing a method that can comprehend the intent of the
program code and then produce the annotations directly according to the comprehension

of the program code automatically.

The rapid development of machine learning and deep learning has made it widely
used in all aspects of social life, especially in the area of natural language process-
ing (NLP) [21]. For example, natural language translation (NMT) [11] using the deep
learning technology has achieved great improvement in accuracy and precision. Re-
cently, researchers have applied NLP models to the research about Program Language
Processing (PLP). The focuses of PLP include automatic code summarization [71], se-
mantic analysis [81], code generation [115], function summary [43] etc. Among them

code summarization is a hot and crucial research direction.

Code summarization mainly generates the intent of a code snippet described by natu-
ral language performed by certain programming language (for example, Java, Python,
etc.). Code summarization is important for the research of all fields. What will you do
when you obtain a snippet of code and want to know its purpose? On the other hand, the
researcher from other research areas also want to know whether a snippet of source code
they obtain can achieve their special goals and they may also want to perform a simple
change to satisfy their specific requirement. All of these need them to learn the special
programming language which has its own grammar or syntactic and may be difficult
for the researcher who has little knowledge about computer science, especially about
computer programming. Assume that if the research of code summary generation can
make great breakthrough and results. Through a certain model to generate the code
annotation, we can easily obtain the description of the source code we obtained, and
then the corresponding software development process will greatly simplified. Besides,
the researcher from other research areas can understand their downloaded source code
and know how to use them easily. Thus, this research can not only reduce the workload
of software engineers but also help the researchers from other areas who want to use the

computer to process their data and so on.

At present, the research on comment generation can be summarized as template
[91, 92], information retrieval(IR) [35, 36, 108] to learning-based approaches [8, 43,
71]. One of the most common comment generation approaches is to design different
templates for certain source code type. Sridhara et al. create the rule-based model
according to software Word Usage Model (SWUM) to generate the description of the

Java method [91]. Moreno et al. grab the information and then produce annotations
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1.1. RESEARCH BACKGROUND AND SIGNIFICANCE

by the predefined heuristic rules and then combining them [68]. Besides, some special
information related to the source code, e.g., test cases [123] and code changes [19] are
also adopted for the comment generation task. These approaches mainly deduce the
annotations by grabbing important words from the supplied code snippets and filling in
the human designed templates. The information retrieval based approaches are widely
researched which usually grab the annotations from the similar program code or utilize
the information retrieval algorithms to obtain the words with high frequency to compose
the code intention. Fo instance, Haiduc et al. [36] combine different information retrieval
models, i.e., VSM (Vector Space Model) and LSI (Latent Semantic Indexing), to deduce
the comments of Java classes and functions. Eddy et al. replicate and exploit this work
by adopting the hierarchical topic model [26]. On the other hand, Wong et al. [108]
propose to utilize the code-annotation pairs to produce the description for the code
snippet grabbed from the open-source projects. At the same time, they also utilize code
clone to look for similar program code [107]. With the development of machine learning
and deep learning, applying the deep learning method to solve the code summarization
problem can be promising and effective. The deep learning based approaches mainly
consider the programming language as a special natural language with complex syntax
and grammar, and utilize the neural machine translation model, which follows the
framework of encoder—decoder, to generate the summary of the source code. For example,
Gu et al. [33] use the seq2seq neural network [94], which is followed for the statistical
machine translation, to produce the middle representations of the query written in
natural language which they used for the prediction of the API sequences.

Although source code summarization has achieved certain performance, it has not

been widely used in practice. The main reasons are as follows:

* The template-based approach and the information-retrieval-based approach can
only generate comment with limited word provided by the source code, thus, they

can not generate comment which need the comprehension of the source code.

¢ Applied the deep learning method to solve the code summarization problem can be
promising and effective, compared with natural language, program language has
stricter semantic model and grammatical structure, however, existing work has
not considered the intrinsic feature of source code, therefore, the representation of

the source is not accurate enough.

¢ Existing work only consider the generation of the source code intent, while ignore

the information of parameter etc which is also quite important for the understand-
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CHAPTER 1. INTRODUCTION

ing and usage of source code.

¢ In addition, the adopted CNN/RNN model usually cause long-distance dependency

and excessive computation cost problem.

Considering the limitations of the existing code summarization approaches described

above, this thesis proposes different solutions accordingly, which are presented as follows:

* For the source code representation, different code features are introduced, I first
utilize the sequenced abstract syntax tree and sequenced control flow graph of the

code to compose the representation together with the plain text form.

* To exploit the power of statement-wise semantic contributions for augmenting
their performance, this thesis constructs a cross-language universal hierarchical
semantic (UHS) model to classify statements according to their positions in the

source code.

* Consider the integrity of the generated comment, I propose to generate both
the general intent and the parameter comment of the source code, for which I
propose a statements selection approach to select the important statement and the
usage statement for the general intent and the parameter comment generation

respectively.

* For the limitation of the deep learning models, I propose to utilize different models

and modify them considering the feature of different source code representations.

1.2 Research Contents and Innovations

In this thesis, I focus on the deep-learning-based code summarization. The work of this
thesis mainly focus on the representation of the source code, the selection of statements
and the utilization of different neural networks and their improvement. The main
research contents of this thesis are as follows:

Research content 1: Different Source Code Representations and the Hier-
archical Structure for Code Summarization.

Existing research regards code summarization as a simple encode-decoder work,
and translates the representation of the program code and the comment written in
natural language into vector representation to train the network. However, compared

with the natural language, the grammatical structure of the programming language is
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1.2. RESEARCH CONTENTS AND INNOVATIONS

more complex, and most software engineering projects include many functions which
have strict dependency relations. Therefore, applying the neural machine translation
to code summarization simply is unreasonable. Most work regard the source code as
simple text, while some hidden information may existing for the syntax grammar of
the programming language. Therefore, apart from the simple plain source code, I will
add the static analysis information, such as, abstract syntax tree and control flow, to
excavate the hidden information and to obtain more comprehensive representation of
the source code. To grab the hierarchical structure of the source code effectively, the
hierarchical attention mechanism is introduced to encode these three representations
respectively. The main part of the model is the multi-layer attention mechanism: they
are at the token and statement levels respectively which enables the approach to pay
attention to the statements and tokens differently when forming the representation for

the program code.

To sum up, this work presents the code summarization approach which adopts the
hierarchical attention mechanism by utilizing three representations of the source code
(the plain code sequence, the sequenced abstract syntax tree and the sequenced control
flow). Then, the reinforcement learning framework is adopted to produce source code
annotation. When constructing the code representation, this approach pays “attention”
to the statements and tokens differently to obtain the hierarchical representation of the
source code according to different code features. The DRL enhances the code annotation

result.

Research content 2: Statement-wise Semantic Information for Code Sum-

marization.

Although some existing approaches attempt to exploit program semantics through
modeling them via abstract syntax tree (AST) [51] or control flows [39], such models fail
to establish straightforward statement-to-comment mappings for exploiting statement-
wise semantic contributions to facilitate comment generation. Moreover, their adopted
deep learning models tend to cause long-distance dependency issues which can seriously
compromise the encoding effectiveness of their modeled program semantics [102]. To
address such issues, my second work proposes the first transformer-based generative ad-
versarial network framework that integrates statement-wise semantic contributions for
universal code summarization. Specifically, it first constructs a cross-language universal
hierarchical semantic (UHS) model to splits code blocks within functions/methods upon
language-specific code block delimiters, e.g., “{ }” in Java, to classify statements for collect-

ing the underlying method/function-oriented hierarchical semantics, i.e., statement-wise
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CHAPTER 1. INTRODUCTION

semantic contributions. Next, by integrating the UHS model with the transformer fea-
tures, it proposes a tree-transformer-based generator for augmenting its generative
effectiveness. At last, the approach is further enhanced by injecting the tree-transformer-

based generator into the generative adversarial network.

Research content 3: Statements Selection for Integral Comment Genera-
tion

Although existing code summarization techniques show promising results in generat-
ing summary for a code snippet [43, 51, 91, 113], the automatically generated summaries
by these techniques have some limitations that may reduce their usefulness for de-
velopers in code understanding. Firstly, the generated summaries may be redundant
comments [60] that do not add much value to code understanding. For example, most
of the code comment generation techniques only produce one sentence as a description
for a given method. Such method summaries may be incomplete as they only explain
the general intent of the methods without documenting their parameters. A complete
comment should not only contain the method comment which shows its intent but also
the parameter comment which indicates its usage. Besides, to grab the semantic infor-
mation of this code snippet, not all statements in the code snippet contribute equally
to the comment generation as some statements do not include the words in the com-
ment at all. To generate complete API documentation for Java programs, prior work
suggested augmenting method summaries with parameter comments [92]. However, as
the parameter comments are only loosely integrated with the corresponding method
summaries, the entire generated code comment may not precisely capture the semantics
of the method. Besides, the information-retrieval-based approaches are argued to be
data dependent, while the deep-neural-network-based approaches tend to be restrained
from long-distance dependency, excessive computation cost, and/or inadequate semantic

delivery.

To address such issues, in this work, I propose the transformer-based neural network
model for the tasks of method comment and parameter comment generation. Specifically,
it first designs a programming-analysis-based component to extract usage statements
set of parameter and the important statements set in the code snippet to obtain the main
semantic information and discard the useless noise information for the dual tasks. Next,
the copy-attention-integrated transformer based NMT (Neural Machine Translation)
framework is utilized for both the method comment and parameter comment generation

to provide complete java documentation for the code snippets.

To evaluate the effectiveness of the proposed approaches, a few of experiments upon
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1.3. THESIS STRUCTURE

the collected dataset are performed. The results prove that the designed approach can

achieve better performance compared with the baseline approaches.

1.3 Thesis Structure

The organizational structure of this thesis is as follows:

Chapter 1: This chapter first introduces the research background and significance
of code summarization, then illustrates the research contents and innovations.

Chapter 2: This chapter first demonstrates the literature review of code summa-
rization approaches by categorising them and analysing the mainly advantages and
disadvantages of different categories. Then, this chapter describes the techniques related
to the research, such as code representation, deep learning.

Chapter 3: This chapter proposes a code summarization approach utilizing the
hierarchical attention by merging three code representations. Then to generate the code
annotations, the vector deduced from the three code representations is input to the
reinforcement learning framework.

Chapter 4: Considering that many existing approaches exploit inadequate power of
statement-wise semantic contributions for augmenting their performance, this chapter
proposes the first transformer-based generative adversarial network framework that
integrates statement-wise semantic contributions for universal code summarization.
It mainly constructs a cross-language universal hierarchical semantic (UHS) model to
classify statements according to their positions in source code and integrates it with the
transformer features to augment its generative effectiveness.

Chapter 5: This chapter proposes a transformer-based neural network model for
the dual tasks of method comment and parameter comment generation. Specifically, it
first designs a programming-analysis-based component to extract usage statements set
of parameter and the important statements set in the code snippet to obtain the main
semantic information and discard the useless noise information for the dual tasks. Then
the copy-attention-integrated transformer based NMT (Neural Machine Translation)
framework is utilized for both the method comment and parameter comment generation
to provide complete documentation for the code snippets.

Chapter 6: This chapter summarizes the main work of this thesis, and presents the
prospect of future work.

Finally, the acknowledgement and the main research achievements are given.






CHAPTER

RELATED WORK

he research on code summary generation has always been. According to the

investigation into the existing code summarization approaches, they vary from

manually-crafted-template-based approach[91], IR-based approach[71] to the
deep-learning-based approach [8, 37, 41]. The template-based approaches usually design
a template for certain type of the source code, and then extract keywords from the code
to synthesize the corresponding comment. The information-retrieval-based approaches
mainly utilize the information retrieval model [44] to obtain the word with high frequency
to compose the code intention. The deep-learning-based approaches often regard the
programming language as a special language and then the neural machine translation
(NMT) model is adopted to produce the code annotation. With the development of deep
learning technique, there are more and more research focus on the direction of the
deep-learning-based code summarization. The main research of this direction focus
on the representation of the source code and the improvement of the neural machine
translation model. This chapter will first categorize the existing code summarization
approaches in Section 2.1, and then Section 2.2 presents the technique related to the

deep-learning-based approach as my research is focus on this direction.

2.1 Literature Review of Code Summarization

In recent years, code summarization has been proposed to generated code annotation

automatically to realize the developer’s labour and great attention has been paid to this
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CHAPTER 2. RELATED WORK

research topic recently. The existing research of comment generation can be summa-
rized as template based [91], information retrieval based [71] and deep learning based
approaches [8, 37, 41]. For the template based approaches, template for each type of
function is usually designed and then pad it with the keywords extracted from the source
code to obtain the code comment. In the information retrieval based approaches, the
information retrieval algorithms [44] are often utilized to obtain the more important
word (usually the word with high frequency) in the source code to form the corresponding
code annotation. The deep-learning-based approaches often utilize the neural machine
translation (NMT) model and take the programming language as a language with specif-
ical syntax/grammar to generate the code comment. This section mainly gives a detailed
literature review of existing code summariztion approaches by different categories and

analyzes the advantages and disadvantages of them.

2.1.1 Template-based approaches

In the template-based approaches, the researchers often design a template for certain
type of source code, and then extract keywords to fill it to generate the code annotation.
Sridhara et al. [91] design heuristic rules to select important statements from the code
snippet, and use the Software Word Usage Model (SWUM) to identify keywords from
those statements and create summaries through manually-crafted templates. Combined
with this work, they proposed to generate parameter description and integrate with
function comment in [92]. Moreno et al. [68] first determine the stereotypes of the
class which is used to select the information and then generates the class summary
by following a set of predefined rules. To generate the commit messages, Cortes-Coy
propose ChangeScribe [22] which utilize method stereotypes to identify the method
responsibilities in a class, and use template-based summarization to generate the commit
message. To automatic generate summarization of c++ methods, two steps are performed:
identification of method stereotype and template generation for documentation purposed
[3]. Wang et al. [104] Utilize high-quality source code projects to train templates for
learning the behavior of related objects, and automatically generated a summarization
for the related objects with the source code method. To generate the release notes, Moreno
et al. propose ARENA [69], which extracts changes from the source code, summarizes
them according to the pre-designed templates and integrates them with informatiom
from versioning systems and issue trackers. Dawood et al. [23] and Hammad et al. [38]
both fill in the predefined template with program structural information such as the

number of interfaces in a package or what kind of parameter does a method use. Rai
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et al. [83] identify methods’ or classes’ stereotype based on their property and choose
templates accordingly to generate code summary by filling them with messages such as
method signature and return type. To generate the abstractive summaries, Badihi et al
[10] propose CrowdSummarizer which utilizes crowdsourcing, gamification and natural
language processing to learn a set of weights and sentence templates for summaries
genenration. Zhai et al. [119] propose CPC which first classifies comments based on
different perspectives and code entities based on which each comment is attributed to a
code element and becomes a first-class object just like other classic objects in program
analysis. Then it leverages program analysis techniques to propagate comments from one

code entity to another and to update, infer, and associate comments with code entities.

2.1.2 Information-retrieval-based approaches

The information-retrieval-based approaches mainly utilize special information retrieval
algorithm to abstract the key words from the code snippet to generate the intent of the
program. Considering the generation of code fragment summaries, Ying [116] proposed
a supervised machine learning approach which selects lines contained syntactic features
or related to the given query. McBurney et al. [62] represent the software as a call
graph and then process it for the topic model to extract the key information to generate
the summary. Besides, they want to generate not only the method behavior but also
why the method exists or what role it plays [63], they utilize PageRank to explore the
importance of the methods and then use SWUM [91] to extract the keywords to generate
the summarization. Wang et al. [101] use part-of-speech tagging to identify keywords
that best represented the features of the source code. Through noise reduction, a number
of keywords with the highest weights are selected to form the code summarizaation.
Rigby et al. [85] adopt three feature decision tree classifiers to extract the code elements
for StackOverflow Site Discussions. A heuristic-based technique is proposed for mining
insightful comments in [82], which utilizes topic model and PageRank algorithm to collect
five heuristics and combines them for ranking, then selects the top ranked comments as
the insightful comments. Similarly, Latifa et al. generate the code element summary from
StackOverflow site discussions by extracting the natural language text from developer’s
discussions [34]. In [117], latent semantic indexing and hierarchical clustering are
utilized to derive artifacts from source code and group source files sharing similar
vocabulary to summarize the Java packages. SVM and Naive Bayesian classifiers are
adopted in [73] to create code fragment summaries from online FAQs. Fowkes et al. [28]

propose TASSAL, in which the Topic Model is utilized for autofolding source code that is
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less informative code areas considering on the file specific tokens. Then the summary of
the source code is generated based on the file-specific tokens. Considering the summary
generation of Java classes, Malhotra et al. [61] propose to tag different micro patterns
utilize micro patterns which helps identifying various design structures employed in
the class. Wong et al. [108] propose to utilize the code-annotation pairs to produce the
description for the code snippet grabbed from the open-source projects. At the same time,
they also utilize code clone to look for similar program code [107]. Movshovitz-Attias
et al. [71] produce code annotations according to the topic model and n-grams from the
Java projects. Haiduc et al. [36] combine different information retrieval models, i.e., VSM
(Vector Space Model) and LSI (Latent Semantic Indexing), to deduce the comments of
Java classes and functions. The functions are regarded as documents and they search on
the resulted documents by LSI and VSM, then they compute the cosine distances among
them and the most similar fragments are chosen as the code annotation. Rodeghero et al.
[86] improve the process of selecting fragments by eye-tracking and adjust the weights

of VSM for better comment generation.

2.1.3 Deep-learning-based approaches

Typically, the programming language are taken as a special natural language and the
neural machine machine translation model, which is a encoder-decoder model, is utilized
to produce code annotation in the deep learning based comment generation approach.
These type of comment generation approaches mainly combine leverage Convolution
neural networks (CNNs) or Recurrent Neural Networks (RNNs) with the attention
mechanism. For example, RNN with the attention mechanism is proposed to utilized
in [43] to produce annotations for C# code snippets and SQL queries. An attentional
CNN is adopted to translate the input tokens to detect the topical attention features in
long range to sketch program code to short name-like summaries. Comment generation
is also taken as machine translation, and the models Seq2Seq [94] and Seq2Seq with
attention [11] are employed to realize this task. Based on the abstract syntax tree
structure of the source code, Alon et al. propose to utilize the compositional paths to
represent the source code and then in the decoding process, the attention mechanism is
utilized to select the relevant paths for comment generation [9]. Liu et al. [59] propose
Nearest Neighbor Generator (NNGen), in which the di f fs information of the code is
utilized to generate concise commit messages. Hu et al. [42] propose to grabbing the
semantic of the source code to produce code annotations with the assistance of API
knowledge. In [20], the author propose to utilize C-VAE and L-VAE for source code and

12
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natural language encoding respectively, based on which the semantic representations
of both the program code and description can be deduced by the framework and which
can help to generate completely annotations for the source code. In addition to such
seq2seq based comment generation approaches, the reinforcement learning model is
adopted in [100] to ease the exposure bias issue. Hu et al. [41] propose to traverse the
abstract syntax tree of the source code and which is input to the NMT model for comment
generation. Leclair et al. [51] propose the learn code structure independently from the
text in source code by combining words in source code with code structure in the abstract
syntax tree. CoaCor [113] adopts the plain sequence of the program code and realizes
code summarization by using the seq2seq framework based on LSTM. Consider both
NMT-based and retrieval-based approaches, Rencos [120] is proposed. Given the program
code, Rencos first retrieves the dataset to find the most similar code, then the input and
the two source code retrieved are encoded, and eventually fuses them during decoding to
generate the summary. In [50], a graph-based neural architecture is proposed to better
matches the default structure of the AST, together with source code sequence as separate
inputs to better matches present a new neural model architecture that utilizes a sequence
of source code tokens along with ConvGNNSs to encode the AST of a Java method and
generate natural language summaries. Considering project-level code summarization,
Bansal et al. [13] propose the related source code files, such as the word, subroutine,
file, and project embedding as the input the encoder-decoder framework for comment
generation. Li et al. propose that code summaries are composed of patternized words
and keywords [54], thus propose EDITSUM which retrieve the summary of the similar
code snippet as the templates and then generate the comment based on the source code,
the similar code snippet and their summaries. Different from these approaches, Moore et
al. [67] propose a character-based approach which takes all the characters of the source
code as input of the encoder-decoder framework and introduces a vocabulary creation

method that allows the model to overcome the long-tailed nature of terms.

Although these code summarization approaches have achieved certain performance,
while they still have all kinds of limitations which result in their low accuracy, thus these
approaches still have not been widely used in practice. Firstly, thought the template-
based approaches and the information-retrieval-based approaches is quite simple and the
implementation of them is very easy, while they can only generate comment with limited
words provided by the source code. Therefore, they cannot generate comment which
need the comprehension of the source code. Besides, the template-based approaches

may can only be effective in certain source code type, and the predefined template
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or rules may be invalid for other types, which make them with low scalability. The
deep-learning-based approaches solve these problems, while the existing approaches
still have different disadvantages. Firstly, compared with natural language, program
language has stricter semantic model and grammatical structure, but existing work has
not considered the intrinsic feature of source code, therefore, the representation of the
source is not accurate enough. Secondly, existing work only consider the generation of the
source code intent, while ignore the information of parameter etc which is also important
for the understanding and usage of the source code. Last but not least, the existing
researches mainly adopt the CNN/RNN-based neural machine translation framework,
while the CNN/RNN usually cause long-distance dependency and excessive computation
cost problem which result in that the encoded source code is not accurate enough and

the encoding of the input is time consuming.

2.2 Deep Learning Technique

2.2.1 Deep learning network

Recently, with the development of neural network, it has been widely used for its
performance in capturing the hidden information inside the data. For the sequence
information process task, RNN (Recurrent Neural Network) is proposed [32], which is
recurrent network that keeps the history information of all the previous input sequences
to the current state. Fig 2.1 presents the structure of RNN, at the current time #, it takes
both the outputted hidden state in previous time step £ — 1 namely s;—1 and the current
input x; as inputs and outputs the current state s;, namely, s; = tanh(Ux; + Ws;_1 + b),
where W, U, and b are the parameters of the network and are updated while training and
tanh is the activation function. However, when the input sequence is very long, RNN will
cause the long distance dependency problem which is resulted by gradient vanishing and
gradient exploding. The gradient vanishing caused by small error gradients accumulate
and they shrink exponentially until they vanish and make it impossible for the model to
learn, while the gradient exploding is caused by large error gradients and result in very
large updates in the norm of the gradient during the back propagation. Therefore, RNN
is argued that it is unable to grasp the nonlinear relationship over a long sequence span.

To ease the long distance dependency problem, the LSTM (Long short-term Memory)
technology [40] is designed and it realizes the function by adding a gate mechanism to

ascertain which tokens’ information to be keep in the result. Three gates, namely the
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Xt-1 Xt Xt+1

Figure 2.1: The structure of RNN unit.

input gate, forget gate and output gate, compose the gate mechanism which control the
information in the input sequence to contain in the final output through weights and
activation function. In this way, compared to vanilla RNN, LSTM can handle the long
span dependency more effectively, which make it widely utilized to solve semantically
related tasks and it has also obtained promising results. However, as the state of step
t —1 is used in the computing of the current step ¢, thus the calculation must conduct
step by step which may causing the excessive compute time problem.

To solve the above long-distance dependency problem and the excessive computing
problem, Transformer [98] is proposed to obtain better representation of the sequence
by adopting the self-attention mechanism which calculates the relationships among the
tokens in the input sequence to obtain the intermediate representation of the input
sequence. There are N identical layers in transformer, and each layer includes two
sub-layers. The mechanism of self-attention is realized in the first sub-layer, and the

second sub-layer is just a straightforward feed-forward neural network.

2.2.2 Neural machine translation

NMT (Neural Machine Translation) [48] relays on the encoder-decoder framework in
which the encoder encodes the input into a hidden space to obtain the vector represen-
tation of the input sequence and the decoder decodes the vector to the target language
space to generate the output. Fig. 2.2 shows the main framework of NMT. According
to the figure we can see that the framework mainly include two parts: encoder and
decoder. Given the input tokens x1,x;,...,x,,, the encoder, a neural network, encodes
the embedded input tokens into hidden space one by one and obtains the hidden states
$1,89,...,8y; wWhich compose the hidden representation of the input sequence. Then, an-
other neural network, namely the decoder, decodes the hidden states into the target
space to obtain the target sequence y1,y2,...,y,. Besides, it is often accompanied by the

attention mechanism that aligns target with the source tokens [11]. Compared with those
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Figure 2.2: The Neural Machine Translation framework.

of phrase-based approaches, NMT has shown impression performance as the previous
need hand engineered features.

NMT can effectively bridge the gap between different natural languages. As code
summarization is also a variant of machine translation problem in which the code snippet
are written in special programming language, thus we can utilize the neural machine
translation framework to tackle the code summarization task and the research focus
on the representation of the source code as the programming languages have stricter

semantic/syntax structure compared to the natural language.

2.3 Conclusion

This chapter mainly gives a literature review of code summarization by classifying them
into three categories: template-based code summarization, information-retrieval-based
code summarization and deep-learning-based code summarization and then analyzes the
advantages and disadvantages of different categories. Besides, the related techniques
utilized in the research such as deep learning, neural machine translation are also

described simply in this chapter.
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CHAPTER

THE COMMENT GENERATION BASED ON DRL AND
HIERARCHICAL ATTENTION

ode summariztion provides the main aim of the source code described in natural

language, which can benefit the development and maintenance of software. As

far as I know, the existing deep learning based comment generation approaches
mainly utilize the seq2seq model in which the program code is encoded into hidden
space first and then decode it to produce the target comment. However, these kind of
approaches have the following drawbacks: (1) they mainly take the source code as plain
text and ignore the hierarchical structure of the source code; (2) most of the approaches
only consider simple features, such as, tokens, which overlooking the hidden information
that can help grab the relationships between source code and comments; (3) they typically
train the decoder to produce the code annotation by calculating and maximizing the odds
based on the subsequent natural language words, however in fact, they mainly produce
the code annotation from scratch. Therefore, these drawbacks result in inferior comment

generation accuracy and inconsistent of the generated comment.

To solve the limitations described above, this chapter proposes to utilize the hierarchi-
cal attention mechanism to combine several source code features for code summarization.
The representation of these features are input to the deep reinforcement learning frame-
work for the comment generation task. To present the hierarchical structure of the
source code under different contexts considering the code features, the proposed ap-

proach allocate weights to different statements and tokens respectively when forming
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the representation of the source code. Furthermore, the reinforcement learning model
improves the generated comment through the actor and critic network, in which given
the present state the actor furnishes the confidence of generating the next words, and
then the critic network calculates the reward values of the potential next word to provide
clues for the generation explorations. At last, I train the framework based on the reward
and perform experiments bases on the dataset collected from real projects in github.
This chapter is organized as follows. The introduction of this work is given in Section
3.1. The background preliminary is presented in Section 3.2. Section 3.3 demonstrates
the detailed information of the proposed approach. The experimental results and analysis
are elaborated in Section 3.4. Section 3.5 presents the threats to validity. At last, Section

3.6 concludes the main contribution of this work.

3.1 Introduction

In recent years, the research on automatic code summarization has made great progress
to generate natural language descriptions of software. According to my observation,
statistical language models is the mostly adopted approach to learn the semantic repre-
sentation of the source code in the most of the existing comment generation approaches
[71, 76], and then the templates/rules [91] or information retrieval models [107, 108] are
utilized to generate comments. Nowadays, with the research progress of deep learning,
researchers propose to introduced the neural machine translation models for the com-
ment generation task [8, 37, 43], in which the encoder-decoder framework is utilized.
In these approaches, two recurrent neural networks (RNNs) [88] are included, the first
RNN encodes the input source code into a hidden space and another RNN decodes the
result to generate the targeted comment. According to the generated words and the
ground truth, the likelihood of the next words is typically maximized by these models.
According to my investigation, there are three shortcomings in the most existing code
summarization approaches: (1) The input source code are regarded as plain sequences
which are composed of tokens, such as character, symbol etc. directly which has ignored
the hierarchical structure of the source code (for example, the tokens making up the
statements and the function is consisted of different statements) by which more compre-
hensive information can be provided for the generation of comment. (2) Most of these
approaches [8, 42, 71] only consider the token sequence to obtain the representation of
the source code, while some hidden code information contained in the other features,

such as Abstract Syntax Tree and control flow graphs which can grab the relationships
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between the code snippet and comments are not explored well. (3) The “teacher-forcing”
model adopted by the training of most existing approaches has the exposure bias problem
which caused by the fact that the ground truth is unreachable during the testing state
and the next work is produced according to the words generated previously [84], therefore

the model is trained according to the sequence in the ground truth [106].

In this work, I aim to address these three mentioned issues. To effectively capture
the hierarchical structure information, I adopt the hierarchical attention mechanism to
encode these three representations respectively. As shown in 3.4, the attention network
includes two layer compose the main model, and the two layer attentions are at the
token and statement level respectively, and the details will be described in section 3.3.2.
This hierarchical attention mechanism allow the model to allocate different attention
to each token and statement differently when building the code snippet representation.
Finally, a hybrid attention layer is adopted to combine these three code representations

for further process to generate the target comment.

To represent the the structural (or syntactic) information of source code, three com-
prehensive representations of the source code are utilized. The first one takes the source
code as plain text which is just as most existing research do. The second one sequences
the abstract syntax tree (AST), which is a data structure that is widely utilized in com-
pilers, to a sequence by traversing the tree to represent the structure of program code.
The third representation of the source code is the sequenced control flow graph of the
code snippet which is also quite pivotal for the comprehension of the source code. The
three representations of an Python source code example is shown in Figure 3.1 (a-c), the
function of this code snippet is to obtain the factorial of an integer through the recursive
method. The source code snippet and the corresponding comment is presented in Figure
3.1 (a), the plain text representation read the code line by line to obtain the sequence.
The abstract syntax tree is shown in Figure 3.1 (b), and its sequence representation is
obtained based on the module of ast for Python. The control flow of the code snippet is
demonstrated in Figure 3.1 (c). The control flow can represent the execution order of
the source code. For example, when we get the factorial of integer 3, the code execute
“else: return i*fact(i-1)” in lines 4&5 instead of “if i ==0: return 1” in lines 2&3 when we
want to get the factorial of integer 1. Three LSTM models are utilized to encode the three
sequential information of code: plain source code sequence, sequenced abstract syntax

tree, and sequenced control flow.

To surmount the exposure bias problem, I introduce the deep reinforcement learning

framework, in which the exploration and exploitation are all included in one framework.
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def fact(i

# Get the factorial of an integer
. . name bod args
by multiplying all integer from 1 I I i
to it via the recursive method. ‘ fact H IfExp ‘ ﬁ 02
1==07
m
1.def fact(i): ‘ test H body H orelse ‘ T
2 if 1 == 0:
3. return 1 = ‘ return H return ‘ return 1 F
4. else: Il 1
> return i*fact(i-1) return i*fact(i-1) —

(a) The code & summary (b) Abstract syntax tree (c) Control flow

Figure 3.1: The example of different representations of the source code.

Rather than looking for the subsequent correct word greedily by learning a sequential
recurrent model, I adopt the reinforcement learning (actor-critic network) to define the
best next word at every step. The actor network plays the part of local guidance to supply
the probability of generating the next word to form the comment. While the critic network
acts as the global guidance to calculate the award value of the potential words based on
the present state. Through these mechanism, the better words with lower possibility
can also be included for generating comment. To train the framework more efficiently,
the standard supervised learning with cross entropy loss is adopted to train the actor
network, and then mean square loss is utilized to train the critic network. At last, based
on the BLEU value the framework is trained simultaneously via policy gradient.

The framework of the proposed code summarization approach is illustrated in Fig-
ure 3.2, which is mainly based on the two-layer attention network. The dataset which
is consisted of a corpus of < code,comment > pairs is prepared first. In specific, I first
represent the source code consider both the structural and the unstructured information

TXT7 xAST and xCFG

by three sequences: x , as shown in Figure 3.2(a); then, these three
representations of the source code are encoded by the hierarchical attention network
and then integrate them. Finally, the obtained information is injected into the proposed
deep reinforcement learning framework for further training, as shown in Figure 3.2(c).
At last, given the trained actor network and a source code whose comment we want to
generate, we can just obtain the target comment by injecting the code snippet to the
trained network.

The contributions in this work can be mainly summarized as follows:

* To represent the granularity information of the source code, a LSTM-based hierar-
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Figure 3.2: The overview framework of the proposed code summarization approach.

chical attention mechanism is introduced, and two layers are included which are at
the token level and the statement level respectively. This mechanism enables the
approach to pay different attention to statements and tokens differentially when

structuring the representation of the source code.

* three comprehensive representations of the input code snippet: plain source code
sequence, the sequenced abstract syntax tree and the sequenced control flow are

utilized.

¢ To estimate the performance of the proposed approach, a few of experiments are
performed based on a dataset collected from real projects in github which contains
about 108,000 Python source code. The results indicate the effectiveness of the

proposed approach comparing to the existing approaches.

3.2 Preliminaries

This section describes some background techniques that adopted in my work, for example,
language model, reinforcement learning and so on. Assume that the sequence of one
function is signed as x = (x1,%9,...,Xs,...,Xx|), Where x; means the tokens in the source
code, such as, “def”, “fact”, and “i” in the Python statement “def fact(i):”. The list of
sequence for the generated comments is presented as y = (y1,y2,...,|y|), Where ly| is
the tokens number in the sequence. The max number decoding step in the framework
is signed as T'. y;._,, denotes y;,...,yn is the comment subsequence and 2 = {(xy,yn)}

denotes the dataset, and N means the training set size.
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3.2.1 Language model

Given a certain sequence, the language model calculate the occurrence probability of the
words sequence [31]. Assume a sequence containing 7' words y1._7, let p(y1.7) represent
its occurrence probability, which is calculated according to the conditional probability
by the sequence of n words before, aka n-gram [103], and the calculation is shown in

Equation 3.1.

1=T 1=T
(3.1) p(yir) =[] pilyii-0) = [] pGilyi-n-1y:i-1)
i=1 i=1

This kind of n-gram approach has obvious problems [66, 87]. For instance, the n-gram
model counts the frequency of different fragments in the sequence which results in poor
performance when the sequence contains many words that have not appeared before.

As only a certain number of predecessor words are utilized to predict the current
word in the n-gram model which is quite limited, the neural language model enable
all the generated words to be referred to predict the present word. The neural network
mainly contains three layers, namely, the input layer takes the input sequence x; and
generates the corresponding vector, the recurrent hidden layer calculates and renews
the present hidden state A; by adding the input token x;, and based on the present
hidden state, the output layer calculates the odds of the next word. According to this
structure, the network takes the tokens in the input sequence successively, and then
produce the potential word one by one. p(y;+1ly1.t), namely the odds of the next word,
is calculated according to the following steps: (1) firstly, the the input layer maps the
present input token y; to a vector; (2) then, based on the previous hidden state h;_1 and
the present input x;, the hidden state h; is calculated according to h; = f(h;_1,w(x;)),
where w means the parameters of the networks; (3) the probability of the comment
p(y:+1ly1.¢) 1s calculated based on the present hidden state h;: p(yv:+1ly1.:) = g(hy), and g

is the stochastic output layer by which the target words can be generated.

3.2.2 RNN encoder-decoder model

Figure 3.3 presents the framework of encoder-decoder based on Recurrent Neural Net-
work (RNN), in which two recurrent neural networks are included. Given the input
source code x, the encoder transforms its sequence into the hidden states (hy,hs,... hy),
while the decoder decodes these results to obtain the target comment by generating one

word y; in each time step.
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Figure 3.3: The framework of encoder-decoder based on RNN.

3.2.2.1 Encoder

As shown in Figure 3.3 (a), the hidden state of the encoder is a fixed-dimension vector.

At time step ¢, h;, namely the hidden state, is calculated according to Equation 3.2.

(8.2) h; = f(h;_1,w(x;))

where h;_; means the state in time step ¢ — 1, x; represents the token input at step
t, and the hidden layer is signed as f. The last input token < eos >, namely the symbol
indicating the end of the input sequence to the encoder and generate the hidden state hr,
which is the final vector representation of the input sequence x;.7. However, RNN suffers
from two problems: gradient vanishing and gradient exploding when the input sequence
is very long. The gradient vanishing caused by small error gradients accumulate and
they shrink exponentially until they vanish and make it impossible for the model to learn,
while the gradient exploding is caused by large error gradients and result in very large
updates in the gradient during the back propagation. To solve this issue, researchers
propose long short-term Memory (LSTM) [40] which tries to ascertain the information
accumulation by a gate mechanism, where three gates, namely the input gate, forget
gate and output gate, compose the gate mechanism which control the information in the

input sequence to contain in the final output through weights and activation function.
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At a certain time step £, the hidden state is calculated according to the Equation 3.3:
ii = o(WY%+U%h,;+b?)
f, = o(WPx,+UPh, ;1 +p")
a; = tanh(W@x;+U®h;_;+b®)

C; = itGat+ft®ct_1
o, = o(W%+Uh,_;+b?)
3.3) h; = o;otanh(c;)

where i;, f;, and o; represent the input gate, forget gate, and output gate respectively
for the update of memory cell c;. The weight matrices are signed as W and U, and
b means the bias vector, and x; is the vector representation of the ¢th input node. ®
means the operation of element-wise multiplication between vectors and o(-) denotes the

logistic function.

3.2.2.2 Decoder

The structure of RNN-based decoder is shown in Figure 3.3 (b), and the output compose
the demanded sequence, namely y = (y1,---,y;). Firstly, it is initialized by the start
symbol of the input sequence which indicates the beginning of the aimed sequence. At
the certain time ¢, given the present hidden state h;, the conditional distribution of the

next token y;,1 is calculated according to p(y;+1ly:) = g(hy).

3.2.2.3 Training Goal

During the training process, the encoder and decoder are trained simultaneously to

optimize the below objective,

3.4 Z0) = E 1 ;0
(3.4) max.Z(6) max F og p(yIx;0)

where 0 represents the parameter set in the model.

3.2.3 Reinforcement learning

Reinforcement learning [97] enables the framework to obtain the optimal policy from
the reward signal by interacting with the true environment, by which the exposure bias

problem can be potentially solved. In specific, during the generation, the next word are
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Figure 3.4: The hierarchical attention network.

produced by the RNN model iteratively according to all the produced tokens previously
that may have not been occurred in the training data [118]. While when the approach
adopts reinforcement learning, it computes the reward value by interacting with the
environment to supply guidance to train the model for solving this problem. As presented
in Equation 4.7, the target of the sequence generation task is to obtain a policy that can

optimize the reward of the generated sequence sampled from the model’s policy.

(3.5) maxfé’(@) meax[E x~9 [R(¥,x)]

y~Py(1x)

here 6 denotes the parameter set of policy, 2 represents the set to be trained, ¥y means
actions/words that target to be generated, and the reward function is signed as R.

Therefore, the comment generation problem can be formulated as:

¢ Assume that the sequence x = (x1,x2,...,x|x|) represents the program code, I aim to
find a policy based on which the target comment sequence y = (y1,y2,...,¥|y) can

be generated.
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Figure 3.5: The overview of the proposed code summarization via hierarchical attention

mechanism: (a) the three representations of source code are signed as x?;X T x‘é.s T and
xSF G where i and j represent the jth token in the ith statement; (b) d?X T df“s T and

dtCF G denote the vectors encoded of the three code representations by the hierarchical
attention mechanism respectively; (c) the annotation of the source code is produced by
the LSTM-based decoder; (d) Given the state s;, the critic network estimates its value
according to |baseline —reward)|.

3.3 The Comment Generation Based on DRL and

Hierarchical Attention

Figure 3.5 presents the overview framework of the proposed comment generation ap-
proach through the hierarchical attention mechanism, which mainly follows the actor-
critic framework [49]. In specific, four submodules are included in the proposed frame-
work, namely (a) the representation module of the source code which is used to explain
the structural and unstructured syntax of the code snippet; (b) the module of hierarchical
attention is utilized to translate the representations of the source code into vectors; (c)
the LSTM-based text generation module which used to generate the next word according

to the words before; and (d) the critic module is adopted to estimate the accuracy of the
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generated annotation and supply feedback the the above modules.

3.3.1 Representations of the source code

Considering the characteristic of the source code, I adopt a set of symbols, i.e., {.,"’ _(){
} :1-(space) } to tokenize and split the code into different identifiers and then translate
them to lowercase letter. Next, the gotten words are embedded into vectors according to
the module genism in Python. The tokens have not appeared are regarded as unknown
words which is similar to [9, 43, 113].

In this chapter, I utilize the following three representations of source code: Plain text

sequence, the sequenced abstract syntax tree, and the sequenced control flow graph.

3.3.1.1 Plain Text representation

Consider that the comments are usually generated by choosing the lexical tokens of
the program code, for example the function name, operator name etc., thus one main

representation of the source code is the plain text.

3.3.1.2 structural representation

When executing the program, the compiler transforms the source code into intermediate
code by constructing the abstract syntax tree [6] and then translating to control flow
graph which reflects the vital information of the source code. Therefore, the abstract
syntax tree and control flow graph are also adopted as the structural representations of
the source code. Based on the ast module [1] in Python, the sequenced abstract syntax
tree can be obtained. For the control flow graph representation of the source code, each
node includes a sequence of tokens which composes the statement and each edge which
connects two nodes represents the flow of statements in the source code. Following the
ast module [1] and [72], the control flow graph can be obtained and then it is transformed

to get the control flow sequence in depth-first order.

3.3.2 Hybrid hierarchical attention network

Different part of the source code contributes differently to the final output of the com-
ment. In specific, in different code snippet, the same token or statement is differentially
important. Besides, the source code has the hierarchical structure essentially, for exam-

ple statements are consisted of tokens and the functions are consisted of statements

27



CHAPTER 3. THE COMMENT GENERATION BASED ON DRL AND HIERARCHICAL
ATTENTION

respectively. Thus, I introduce the hierarchical attention mechanism [112], which is
proposed in natural language processing, to enable the proposed comment generation
approach to pay attention differentially to different statements and tokens respectively
when forming the representations of the source code.

As shown in Figure 3.5 (b), a two-layer attention network are utilized in the proposed
approach, they are ate the token layer and the statement layer respectively. The utilized
network is consisted of four parts: the token encoder, the token-level attention, the
statement encoder, and the statement-level attention. Assumed that the vectors of the

dTXT JAST dCFG respectively.

the three code representations are represented as , and
Then, they are integrated into one vector d to obtain the final representation of the
source code. The detailed information of this network are described as follows.

The Token Level encoding. Assuming that a sequence of tokens x;q,...,x;7,-1
consists a statement s;, and T; means the length of the tokens in the statement sequence.
Firstly, the tokens are embedded into vectors by the embedding matrix W;, namely,
vit = W;xi;. Then, as shown in Equation 3.6, the LSTM model is utilized to encode the

tokens from x;o to x;7,—1 in the statement.

W;x;:,t€[0,T;)
Istm(v;),t€[0,T;)

Vit

(3.6) h;;

Consider that different tokens in the statement supply different semantic information
and contribute differently to the generated comment. For example, in Figure 3.6 which
shows the representation of the source code in the editor, as the words “numbers” and
“string” are contained in the given comment, thus the tokens “number” and “str” can
supply more information than token “def” in statement “def check_number_exist(str):”
essentially. Therefore, the attention mechanism is adopted by the proposed approach
to collect the tokens that are more important for the generating of the comment and
the extracted words are merged to generate the representation of the corresponding

statement as shown in Equation 3.7.

u; = tanh(W,;h;;+b,)
exp(u;f';ux)
@it = S 1.~
Zrexp(u;,uy)
(3.7 si = Zra;hi
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# Check if there are numbers in a string.

.def check number exist (str):
. has number = False

. for ¢ in str:

. if c.isnumeric():

. has number = True

. break

1
2
3
4
5
6
7 return has number

Figure 3.6: The source code example that tokens supply information differently for
comment generation.

W, represents the weight matrix, b, denotes the bias vector, the attention from token
x;; to the statement s; is signed as «;;, and u, means the sequence vector in the token
level. Particularly, u, is initialized randomly and optimized during the training process
gradually.

The Statement Level Encoding. As the statement vector s; has been obtained,
similar to the encoding of the tokens, the function vector can be generated. Firstly, the

statements are encoded by LSTM according to Equation 3.8.

(3.8) h;, = Istm(s;),i€[0,L)

where L means the statements number contained in the code snippet.

To extract the statements which contain more important information to the corre-
sponding code snippet for the comment generation task, the attention mechanism is
adopted again to generate the function vector u, in the statement level which enables

the framework to estimate the importance of different statements.

u; = tanh(Wgh; +by)
exp(uiTus)
a; = - T
Zrexp(u; uy)
(3.9) dc = ZLaihi

Where, the weight matrix is signed as W;, b represents the bias vector, and the

attention from each statement s; to the final representation vector d€ is signed «;.

29



CHAPTER 3. THE COMMENT GENERATION BASED ON DRL AND HIERARCHICAL
ATTENTION

As the vectors of the three representations of the source code, namely the vector
of the plain text sequence, the vector of the sequenced abstract syntax tree and the
vector of the sequenced control flow graph have been generated, they are concatenated

firstly and then are feed into the linear network: d = Wq[d7XT;d45T;d¢FC] + bg, where
d denotes the final representation of the source code, [dTX T.gAST. qCFG represents
the concatenation of the three representations of the source code. At last, an additional
hidden layer is utilized for the comment generation: s; = tanh(W_.s; + by), where s; is

hidden state and s is initialled as d.

3.3.3 Text generation

As the representation of the source code has been deduced, then then comment can
be generated by a softmax function. Assume that the policy 7 defined from the actor
network is signed as p,, and the distribution of the probability of the ¢th word y; is

signed as p,(y:|s;), we can get the comment generation equation:

(3.10) DPa(ytlsy) = softmax(Ws; +bys)

3.3.4 Critic network

Unlike the traditional code summarization approaches which generate comments by
optimizing the probability of next words based on the ground truth, while the comments
are produced by optimizing the reward iteratively in the proposed approach which
is realized by reinforcement learning. In specific, the critic network is introduced to
calculate the reward of the summary action to supply a feedback to train the network

iteratively.

3.4 Experiments and Analysis

To estimate the performance of the proposed approach, sufficient experiments based on
real-world dataset is performed. The following research questions are designed for the

estimation in the experiment.

¢ RQ1. What is the performance of different components in the proposed model? For
instance, whether the representations of the source code, the hierarchical attention

network and the reinforcement learning can improve the performance respectively?
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Figure 3.8: The statistic analyses of the program code.

* RQ2. What is the performance of the proposed code summarization approaches

considering different code or comment length?

* RQ3. What is the time consumption of different parts?

The research question 1 aims to estimate the performance of each component in the

proposed approach compared with the state-of-the-art baselines. The research question

2 aims to estimate the proposed approach consider the range of the code and comment

length. The research question 3 is proposed to estimate the time complexity of the

proposed approach.

3.4.1 Dataset preparation

To estimate the performance of the proposed approach, the dataset collected in [14],

which is collected from GitHub [2] which is the most popular open source projects hosting
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platform, is utilized and it is a commonly used dataset these years. There are mainly
about 108,700 <code, comment> pairs included in the dataset, and about 50,400 code
tokens and 31,300 comment tokens are contained respectively in the datset. The dataset
is split into different part in a random way, the first part contains 60% for training, the
second part contains 20% for validation and the last 20% is used for testing. Firstly,
to learn the characters the adopted source code and comments, statistics analysis is
performed and the results are shown in Figures 3.7 and 3.8. Figure 3.7 (a) and (b) present
the distributions of the code and comment length respectively. According to Figure 3.7
(a), we can observe that the lengths of the source code range from 10 to 80. Figure 3.7 (b)
shows that the tokens in each comment ranges from 5 to 40. This result suggests that
the comment target to generate is not too long. Besides, Figure 3.8 (a) and (b) present the
distributions of the number of tokens and statements in each source code respectively.
The results show that the lengths of the statement are located between 1 to 15 tokens
and the lengths of the function are between 2 and 25.

3.4.2 Evaluation metrics

In this work, similar as [8, 100, 113? ], I estimate the accuracy of the produced annota-
tions from the aspect of their similarity with the corresponding ground-truth comments.
In specific, the three widely-used evaluation metrics adopted in NLP area particularly
in the the NMT task are utilized: BLEU [77], METEOR [12], and ROUGE [58]. These
metrics mainly calculate the similarity degree between the generated natural language
text and the ground-truth by measuring the frequency of the tokens occurrence in both
of them from different aspects. As comment generation is also a text generation task in
which the natural language words composed the out put, thus they are adopted to assess

the accuracy of the produced annotations.

Particularly, BLEU is the most common evaluate metric adopted in the natural
language generation task [46, 55, 74, 78-80, 90] which estimates the n-gram accuracy
by comparing with a few reference sentences. It is computed according to the following

equation:

N
1
BLEU - N =BP xexp()_ — *logpy)
n:lN
3.11
( ) 1, len(c)>len(r)
BP =

e(1=Len@)ien(©)  1on(c) < len(r)
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Yoo count.i,(n—gram)
where p, = =-&an« ctl(” s € denotes the generated comment, r denotes the
/ercoun n—gram

n—gram

ground truth, and N denotes the gram number of the associated phrase. It first computes
the n-gram match level and sums the clipped n-gram counts to prevent the repeated
calculation of the multiple n-gram occurrences. Next, it divides the collected clipped count
by the number of reference n-grams to compute a modified precision score p,. At last, it
derives and multiplies an brevity penalty factor BP to prevent the length penalization
when the generated comment length exceeds the ground-truth comment length. Note
that I adopt a BLEU-N family, i.e., BLEU1 to BLEU4, to approach convincing evaluations
in terms of the BLEU metrics.

METEOR, on the other hand, considers the stemming and synonymy matching and
estimates the extent to which the results grab the content based on the references. In
particular, recall is computed as the proportion of the matched n-grams out of the total
number of n-grams in the reference comment to reflect to what degree the translation
covers the entire content of the translated sentence. Accordingly, METEOR is derived
upon a combination of unigram-precision, unigram-recall, and a measure of fragmen-
tation that is designed to directly capture how well-ordered the matched words in the

machine translation are compared to the reference comment. It is computed as:
(3.12) METEOR =(1—-Pen)Feqn,

where Pen = y(%)g, Frean = %, ¥, ch means the token number, m represents
the matched tokens number, P,, denotes the unigram precision which is the ratio of the
number of matched unigrams to the total unigram number, and R;, denotes the unigram
recall which is calculated as as the ratio of the matched unigram number in the system
translation to the total unigram number in the reference translation.

ROUGE-L calculates the similarity in the sentence-level structure and recognizes

the longest co-occurrence consider the sequential n-grams. It is calculated as:

2
ROUGE - I, = P BiesPes
Rlcs + ﬁ Plcs
(3.13) Ry, = LESEY)
m
LCS(X,Y)
PlCS = T

where R;.; and P, ., are the recall rate and accuracy rate respectively, and LCS(X,Y)
is the length of the longest common subsequence, m and n represent the length of the

reference sentence and the generated sentence respectively.
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Table 3.1: Performance of different code representations.

Approaches | BLEU-1 | BLEU-2 | BLEU-3 | BLEU-4 | METEOR | ROUGE-L
TXT 19.51 2.45 0.95 0.65 5.65 31.56
AST 18.97 3.95 1.87 0.89 5.97 31.23
CFG 19.20 2.45 1.12 0.67 5.12 31.46
TXT&AST 26.56 3.96 1.89 1.32 6.21 37.68
TXT&CFG 27.66 4.25 1.97 1.12 6.38 38.24
AST&CFG 26.35 2.65 0.96 0.97 5.87 38.13
All 33.16 12.39 6.21 5.10 9.43 46.23

Table 3.2: Performance of the hierarchical attention network.

Attention type | BLEU-1 | BLEU-2 | BLEU-3 | BLEU-4 | METEOR | ROUGE-L
no atten 18.76 8.21 4.98 3.46 8.24 35.28
1-layer atten 25.79 8.45 5.73 4.67 8.79 38.49
2-layer atten 33.16 12.39 6.21 5.10 9.43 46.23
Table 3.3: Performance of deep reinforcement learning.

Approach | BLEU-1 | BLEU-2 | BLEU-3 | BLEU-4 | METEOR | ROUGE-L

No DRL 26.89 7.21 3.76 2.31 8.21 35.78

With DRL | 33.16 12.39 6.21 5.10 9.43 46.23

3.4.3 Experimental settings

In the experiment, I set vector size of the hidden layers of LSTM to be 512 for both
encoder and decoder. The mini-batch size is initialized to 32, and the learning rate is
initialized to 0.001. Firstly, the the actor and critic network are pretrained by 10 epochs
respectively, and then the whole framework is trained by 10 epochs simultaneously.

Python 3.6 is All the experiments are implemented based on Python 3.6.
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3.4.4 RQ1: The performance analysis of different components

3.4.4.1 The performance considering different code representations

I estimate the proposed approach by different settings considering different components.

The three different code representations are signed as TXT, AST and CFG respectively.

The hierarchical attention mechanism is denoted as HAN and DRL refers to deep

reinforcement learning.

TXT+HAN+DRL. This baseline regards the source code as plain text and which
is encoded by the LSTM-based hierarchical attention network and then train the
model by DRL.

AST+HAN+DRL. This approach takes the sequenced abstract syntax tree as
the representation of the source code and then encodes it by the LSTM-based
hierarchical attention network.

CFG+HAN+DRL. This approach utilizes the sequenced control flow as the source
code representation and then use the same framework.

TXT&AST+HAN+DRL. In this approach, the plain text sequence and the se-
quenced abstract syntax tree as the representations of the source code and the
framework concatenates their encoded vectors to obtain the hybrid code represen-
tation for the comment generation.

TXT& CFG+HAN+DRL. As the same, the plain text sequence and the sequenced
control flow are adopted as the representations of the source code and then follows
the same framework.

AST&CFG+HAN+DRL. In this approach, the sequenced abstract syntax tree and
the sequenced control flow are utilized as the representations of the source code
and then follows the same framework.

The proposed approach: TXT&AST&CFG+HAN+DRL. This is the proposed
approach in which the plain text sequence, the sequenced abstract syntax and the
sequenced control flow are adopted as the representations of the source code. Then,
the LSTM-based hierarchical network is utilized to encode them into vectors and

then a hybrid layer is utilized to concatenated them into vector.

The experimental results compared between the proposed approach and the baselines

described above is shown in Table 3.1. From the results we can see that the proposed

approach can outperform almost all baselines considering most estimation metrics. In

specific, the accuracy of generated comment by the proposed approach can outperform the

baselines which use the plain text, the sequenced abstract syntax tree or the sequenced
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control flow by 29.46% to 31.42% in terms of BLEU-1. Besides, the propose approach
improves the generated comments accuracy by 16.58% to 20.53% in terms of BLEU-
1 compared with approaches in which two source code representations are adopted.
Furthermore, similar result trends are obtained considering the other estimation metrics.
To sum up, better performance can be performed by the proposed approach according to

the finer-grained code representations for code summarization.

3.4.4.2 The performance of hierarchical attention mechanism

To estimate the performance of the hierarchical attention mechanism, I design the base-
lines by encoding the code representations with no attention, with 1-layer attention and
with 2-layer attention respectively. In the no attention baseline, the code representations
are encoded by normal LSTM without attention. While the code representations of the
source code are encoded from tokens to function directly in the 1-layer attention base-
line. In the proposed approach, the hierarchical structure of the code representations is

adopted and the 2-layer attention mechanism is utilized.

The results is presented in Table 3.2, from which wen can observe that the baseline
performed by 1-layer attention can achieve better performance by 2.92% to 37.47%
consider the estimation metrics. While the proposed approach can improve the baseline
with 1-layer attention by 4.36% to 49.59% considering different estimation metrics. These
results demonstrate that the adopted hierarchical attention can improve the performance

dramatically.

3.4.4.3 The performance of deep reinforcement learning

To estimate the performance of the proposed reinforcement learning component, I train
the model by withing and without the component of reinforcement learning, and they are
signed as “approach with DRL” and “approach without DRL". The corresponding results
are shown in Table 3.3, from which we can see that the proposed approach can achieve
better values by 14.13% to 130.30% compared with the baseline without reinforcement
learning. These results can prove that the proposed approach can improve the comment

generation performance significantly.
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Figure 3.10: The results trend vs. the comment length.

3.4.5 RQ2: Performance considering different code and

comment length

To measure the influence on the code summarization performance considering different
code and comment lengths, I vary the split of the dataset by the lengths of code and
comment respectively. Figures 3.9 and 3.10 demonstrate the results, and from which we
can see that the best performance can be achieved by the proposed approach compared
with the baselines from the aspect of all the utilized metrics. From the aspect of BLEU,
the proposed approach improves the baselines that adopted different representations
of source code by 35.74%, 43.31%, 41.13%, 17.04%, 116.97%, and 12.66% respectively
when the source code contains 40 tokens. In specific, the baselines that adopted two
representations of the source code can all achieve better performance than the baselines
which adopts only one representation of the source code. Furthermore, the proposed
approach can always improve the performance compared with the baselines which
adopted two representations of the source code. For other estimation metrics, the similar

results can be achieved. These phenomenons can prove the effectiveness of the proposed
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Table 3.4: The time cost to train different models (mins).
TXT | AST | CFG | TXT&AST | TXT&CFG | AST&CFG | All
Actor | 20 24 23 32 31 33 39
Critic | 27 30 29 41 40 41 50
A2C 36 41 43 50 51 53 58

code representation component.

The code summarization result considering different comment lengths is presented
in Figure 3.10, from which we can find that the proposed approach performs better
compared with the baselines considering different lengths of comment. In specific, when
the length of the comment is 20, the performance of the proposed approach improves
107.61%, 100.31%, 200.59%, 51.77%, 42.64%, and 47.77% respectively. We can observe
that the performance tends to be worse when the length of the comment increased which

is similar to the results in the neural machine translation task [55, 94].

3.4.6 RQ3: Time consumption analysis

To estimate the time complexity of the proposed approach, the average training time of
each epoch considering different representations of the source code are recorded. The
result is given in Table 3.4, from which we can find that for all the three stages in the
proposed approach, each epoch costs less than 1 hour for training. This result shows that
the time complexity of the proposed approach is low and the approach is reasonable for

practical usage.

3.4.7 Case study

We demonstrate four real-world code examples for generating their comments using our
approach in Table 3.5. In this table, we first show the code snippet in the second line
and then give the ground truth comment which is the code comment that is collected
together with the code snippet from GitHub. Next, the generated comments by different
approaches are given. For our approach, shown as 2-layer+DRL, we have highlighted the
words that are closer to the ground truth. It can be observed that the generated comments
by our approach are the closest to the ground truth. Although the approaches with DRL
(1-layer+DRL) can generate some tokens which are also in the ground truth, they cannot

predict those tokens which do not frequently appear in the training data, i.e., object in

38



3.5. THREATS TO VALIDITY

Table 3.5: Case study of code summary generated by each approach.

Case example

def Pool (processes=None, initializer=None,
initargs=(), maxtasksperchild=None) :

Code snippet from multiprocessing.pool import Pool
return Pool (processes, initializer,

initargs, maxtasksperchild)

Ground truth returns a process pool object.

1-layer+DRL | returns a process object with the given id.

0

% no attention | returns a list of all available vm sizes on the cloud provider.
g

g 1-layer returns the total number of cpus in the system.
O

:?_% 2-layer return a list of all elements in te given order.

o

[}

=

[}

&

2-layer+DRL | returns a process | object |.

the case example. On the contrary, the deep-reinforcement-learning-based approach can
generate some tokens which are closer to the ground truth, such as process. This can
be illustrated by the fact that our approach has a more comprehensive exploration on

the word space and optimizes the BLEU score directly.

3.5 Threats to Validity

The threat to validity is that I evaluate the proposed approach only based on the
dataset which is consisted of Python code and comment pairs, therefore it may be
unrepresentative of code summarization considering other programming languages.
However, as the components in the proposed approach are all general models which
can be adopted to realize the code annotation regarding other programming language.
Besides, this approach is based on static analysis which could be a barrier to adopt the
proposed approach, for example, to obtain the effective static analysis results, significant
effort should be made.
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3.6 Conclusion

In this chapter, I propose to utilize three representations of the source code considering
both the unstructured and structural features, namely, the plain text, the sequenced ab-
stract syntax tree and the sequenced control flow to represent the hierarchical structure
of the source code. And the two-layer hierarchical attention mechanism is adopted to
encode the source code representations. To estimate the effectiveness of the proposed
approach, a few of experiments based on the dataset grabbed from real world projects

are performed. The results prove the high quality of the generated comment.
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CHAPTER

A TRANSFORMER-BASED GENERATIVE ADVERSARIAL
NETWORK FRAMEWORK FOR UNIVERSAL CODE
SUMMARIZATION

hile code summarization has been widely studied for enhancing software devel-

opment and maintenance, many existing approaches exploit inadequate power

of statement-wise semantic contributions for augmenting their performance.
To solve such problem, in this chapter, I propose Tr(AN)?, the first transformer-based
generative adversarial network framework that integrates statement-wise semantic
contributions for universal code summarization. Specifically, it first constructs a cross-
language universal hierarchical semantic (UHS) model to classify statements according
to their positions in the source code. Next, by integrating the UHS model with the
transformer features, it proposes a tree-transformer-based generator for augmenting its
generative effectiveness. At last, it is further enhanced by injecting the tree-transformer-
based generator into the generative adversarial network. To evaluate the effectiveness
of the proposed approach, a set of experimental studies and case studies are conducted
upon the collected real-world dataset on multiple mainstream programming languages.
The results suggest that the proposed approach can outperform most existing approaches
significantly and the results of the case study further prove the information of Tr(AN)>?

from the developers’ angle.

The reminder of this chapter is organized as follows. Section 4.1 gives a general

introduction of this chapter. The background techniques are given in Section 4.2. Section
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4.3 elaborates the detailed information of the designed approach. Section 4.4 demon-
strates the information and results of the experimental study and case study. Section 4.6

concludes this chapter.

4.1 Introduction

As most of the effort on software development and maintenance is taken to the un-
derstanding of the tasks and the related source code [57], it is quite important for the
documentation to provide their corresponding descriptions. Moreover, code documents
have been widely adopted to benefit various software engineering techniques [27], e.g.
software testing [124], fault localization [56], program repair [29]. To this end, by auto-
matically generating comments for documenting code snippets [70], code summarization
has been increasingly adopted and studied in both industry and academia [51, 71].

The recent research of code summarization progress towards deep-learning-based
code summarization mainly utilize the machine translation models to generate comments,
i.e., apply the deep neural network to encode the code snippet tokens into a hidden space
and further decode them to natural language space [7, 20, 42, 113] for constructing
the comment generation models. However, many of such approaches hardly exploit the
power of statement-wise semantic contributions, which can potentially advance the code
summarization process upon their proper usage. For instance, Figure 4.1 presents a
code snippet with its ground-truth comment displayed in line 1. It can be observed that
its comment can be generally constituted by the hierarchical semantics delivered from
different statements. Since obviously line 10 contributes more semantics to summarizing
the code snippet (i.e., forming partial comment “Return a copy of this month-day”) than
any individual line from lines 6 to 9, we can further infer that the statement-wise
contributions to constructing/summarizing program semantics can be distinguished
based on the associated code block distributions, e.g., basic block statements (e.g., line
10) usually reflect more significant program semantics than other statements (e.g., line
6).

Although some existing approaches attempt to exploit program semantics through
modeling them via abstract syntax tree (AST) [51? ] or control flows [39], such models fail
to establish straightforward statement-to-comment mappings for exploiting statement-
wise semantic contributions to facilitate comment generation. Moreover, their adopted
deep learning models tend to cause long-distance dependency issues which can seriously

compromise the encoding effectiveness of their modeled program semantics [102]. To
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1 «Return 1 f h month—-day with the specified

2 public MonthDay withPeriodAdded (ReadablePeriod period,

int scalar) |

3 if (period == null || scalar == 0) { return this;

4 int[] newValues = getValues();

5 for (int i = 0; i < period.size(); i++) {

6 DurationFieldType fieldType = period.
getFieldType (i) ;

7 int index = indexOf (fieldType);

8 if (index >= 0) {

9 newValues = getField(index) .add(this, index,
newValues, FieldUtils.safeMultiply (period.getValue (
i), scalar)); } }

10 return new MonthDay (this, newValues);

11 }
12

Figure 4.1: One motivating example of statements making different contributions to
summarizing programs. The statement in line 10 can contribute more information for
the generation of the comment as it contains more tokens in the given comment.

address such issues, in this work, I propose Tr(AN)?, the first transformer-based gener-
ative adversarial network framework (GAN) that integrates statement-wise semantic
contributions for universal code summarization. Specifically, Tr(AN)? first develops a
universal hierarchical semantic (UHS) model that splits code blocks within function-
s/methods upon language-specific code block delimiters, e.g., “{ }” in Java, to classify
statements for collecting the underlying method/function-oriented hierarchical seman-
tics, i.e., statement-wise semantic contributions. Next, by combining the UHS model
with a transformer-based encoder, Tr(AN)? develops a tree-transformer generator for
exploiting the collected statement-wise semantic contributions to generate comments. At
last, Tr(AN)? injects the tree-transformer generator in SeqGAN [118] for further aug-
menting the effectiveness of universal code summarization. As a result, after collecting
the dataset which contains the < code;comment > pairs, i.e., the source code and the
their comments written by developers, Tr(AN)? can train a semantic-resourceful com-
ment generator for summarizing code for various programming languages, i.e., universal
code summarization.

Unlike most deep-learning-based approaches restrained from long-distance depen-
dency issue [102], the adopted transformer in Tr(AN)? is advanced as it applies the
self-attention mechanism which can compute in parallel and preserve the integral textual
weights for encoding to enhance the text representation accuracy and effectiveness [98].
Moreover, such advantage can be even strengthened for encoding the classified state-

ments to approach fine-grained program semantic representation. At last, the utilized
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GAN framework can be used to solve the exposure bias issue for further optimizing the
performance of the code summarization model.

To evaluate the effectiveness of Tr(AN)?, a set of experiments based on the real-world
data collections of three mainstream programming language (Python, Java, and C#) are
conducted . The experimental results suggest that the proposed approach can outperform
multiple recent approaches, e.g., Tr(AN)? can significantly improve the accuracy up to
40.64% from the aspect of BLEU1 compared with the mentioned baseline approaches
of all the three languages. Additionally, case study is also conducted to further verify
the effectiveness of the proposed proposed approach. Specifically, I issue 100 comments
generated by the proposed approach to the related developers to ask for their feedback.
As a result, I receive 24 responses where none of them are negative and 16 developers
acknowledge the correctness of the generated source code annotations.

In short, the innovations in this research are as following:

¢ As far as I know, I design the first transformer-based generative adversarial

network framework that integrates statement-wise semantic contributions.

* To obtain the representation of the source code precisely with its hierarchical
semantics, I propose the tree-transformer-based encoder upon a universal hierar-
chical semantics (UHS) model for injecting the impact from the statement-wise

semantic contributions to the encoding process.

* To evaluate Tr(AN)?, based on the real-world benchmarks, a few of experiments
are performed. The results show that the proposed approach can outperform most
state-of-the-art existing approaches consider the accuracy. Besides, the results of
the case study with the developer demonstrate also the quality of the generated

comments.

4.2 Background

The background techniques utilized in the proposed approach, such as language model,

transformer, and GAN are described in this section.

4.2.1 Language model

Usually, the language model of decoder combined with machine translation is constructed

as the odds distribution based on a natural language words sequence. Assumed that there

44



4.2. BACKGROUND

is a sequence of length T', language model usually computes its occurrence probability
according to the conditional probability of the n words, which is signed as n-gram [103].

The definition of n-gram language model is calculated in according to Equation 4.1.

1=T t=T
(4.1) p(yir) =[] pPOely1e-1) = [ | pOelyi-tn-1):4-1)
t=1 t=1

As definition of n-gram model, only a certain number of natural language words can
be referred to forecast the target word, while the language model according to neural
network can utilize the information of more predecessor words to predict the aim word.
There are three layers included in the deep neural network: the input layer maps the
words x; to vectors, the hidden layer recurrently computes and updates the hidden
state h; by reading the current input word vectorx;, and the output layer computes the
probability distributions of the subsequent words. For certain word y;, its next word y;,1

can be predicted according to the probability p(ys+1|y1:+) which is estimated according to:

4.2) P(yi+1ly1e) = g(hy)

here g means the stochastic function in the output layer which predict the target words

based on the hidden state h; which is calculated according to Equation 4.3:

4.3) h; = f(h;_1,w(x;))

where the weight of token x; is signed as w(x;).

4.2.2 Transformer

Transformer [98] is proposed to improve the representation of the sequence effectively by
utilizing the self-attention mechanism. In these two years, many research work focus on
transformer, such as BERT [25], ERNIE [93], and XLNET [111], are proposed to improve
the performance of all kinds of the NLP tasks, e.g., text classification [110], natural
language inference [18], retrieval question answering [99] and so on.

There are N identical layers in transformer, and each layer includes two sub-layers.
as shown in Figure 5.5, the mechanism of self-attention is realized in the first sub-layer,

and the second sub-layer is just a straightforward feed-forward neural network.
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Figure 4.2: The transformer model architecture.

4.2.2.1 The self-attention mechanism

The self-attention mechanism of transformer can also be described as the intermediate
attention among the tokens in the input sequence. It is calculated as follows: given the
input, based on which the queries, keys and values that are with the same dimension dj,
are calculated by multiplying a matrix. Then the dot products of the query with all keys
is calculated and then the results is divided by /d},. At last, the softmax function is
applied on the results to get the weights, namely attention, on the given values. Actually,
the attention function on all the queries which are packed into a matrix @ is computed
simultaneously, thus the calculation cost can be reduced. Additionally, matrices K and
V represent the packed keys and values, thus the output of the attention matrix is

calculated as:

T

4.4) Attention(Q,K,V) = softmax(QK

Vi

The self-attention mechanism of transformer can obtain the relationships among

)%

all the tokens of the input sequence. By taking the advantage of weights among the
integral tokens, such mechanism can substantially mitigate the long distance dependency
problem which is resulted by CNN, i.e., the contributions of the input tokens that from
the long range are compromised. Furthermore, the multi-head attention enables the
model to estimate in parallel which can dramatically reduce the calculating expense

which is resulted by RNN that teh tokens are encoded sequentially.

4.2.2.2 The feed-forward neural layer

Except from the multi-head attention layer, a fully connected feed-forward network is
also contained in each layer, and which is applied to each position respectively. As there
is no recurrence or convolution contained in transformer, to present the sequence order,

it shoots “positional encodings” to the input embedding.

46



4.3. ATRANSFORMER-BASED GENERATIVE ADVERSARIAL NETWORK
FRAMEWORK FOR UNIVERSAL CODE SUMMARIZATION

4.2.3 Generative adversarial network

Generation Adversarial Net (GAN) [30] advances in learning over large (unlabeled) data
by combining a generative model G and a discriminative model D. In particular, the
generative model G captures the data distribution and trains them to maximize the
probability of D such that D can determine whether the output of G is the ground-truth
training data.

The GAN framework aims to learn the generator’s distribution p over the data set
x. In particular, the generator presents a mapping to data space as G(y;0), where G is
a differentiable function with a parameter set 6. The discriminator D(x;0) computes
the probability that x being part of the ground-truth training data other than the
generator. We train D to maximize the probability of assigning the correct labels to both
training examples and generated samples from G. I simultaneously train G to minimize
log(1—-D(G(y))). Therefore, D and G play the following two-player minimax game with
the value function V(D,G):
minmaxV(D,G)=E,p) [logD(x)]

(4.5) ¢ Db
+Ey~p(y) [Log(1-D(Gy))]

In order to apply GAN to text generation, we can denote a text generation task as a
Markov Decision Process (MDP) under GAN with policy gradient, as presented in Figure
4.3. Specifically, given the dataset of text sequence, a generative model Gy is trained
to produce a sequence Y;.7 = (y1,...y7) where 0 refers to the policy and % refers to a
dictionary where the words are drawn, i.e., y;¢% . Next, a O-parameterized discriminative
model Dy is further trained to provide a guidance for improving generator Gy with the
odds which indicates the likelihood that sequence Yi.7 is a piece of ground-truth training
data.

4.3 A Transformer-based Generative Adversarial
Network Framework for Universal Code

Summarization

In this section, I present Tr(AN)?, the first transformer-based generative adversarial
network framework for universal code summarization. Specifically, first, Tr(AN )2 de-
velops a universal hierarchical semantic (UHS) model. For any method/function-level

code snippet, its corresponding UHS model is applied to extract its statement-wise
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Ture data
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Figure 4.3: The illustration of generative adversarial network for text generation by
policy gradient. (Firstly, I train the discriminative model D based on the real data and
the data produced by the generator G. Then, wen train the generator G based on policy
gradient.)
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Figure 4.4: The overview of Tr(AN)?.

hierarchy via the code block delimiters. Next, Tr(AN)? develops a tree-transformer
to encode the UHS-derived statement hierarchy into vectors. At last, Tr(AN)? injects
the tree-transformer to the GAN framework for augmenting the effectiveness of code

summarization. The framework of Tr(AN)? is demonstrated in Figure 5.3.

4.3.1 Constructing the universal hierarchical semantic (UHS)

model

In this work, I propose a Universal Hierarchical Semantic (UHS) model to exploit the
statement-wise semantic contributions to comment generation directly. In particular,
UHS constructs a tree by modeling each source code statement as a node and distributing
all the nodes to different levels based on their associated code block delimiters, e.g., “{
}” in Java and indents in Python. Intuitively, such delimiters can reflect the source
code semantic hierarchy. For instance, in a Java method, a statement in the basic block
under no “{ }” is executed whenever its associated method is called. Such statement
thus can reflect an essential piece of semantics of the method, i.e., the methods cannot

be correctly executed without it. On the other hand, a statement under “{ }” possibly
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indicates that (1) its executions are optional, e.g., under nested “if” block. Therefore, it
can be inferred that such statement can reflect an optional piece of semantics, i.e., the
method can be correctly executed under certain circumstances where such statement
is not executed; or (2) it delivers limited semantic on its own. Specifically under a loop,
usually all its contained statements together can deliver complete semantics while an
individual statement only delivers a limited semantic scope. Therefore, we can infer
that code blocks split by their delimiters can reflect the underlying program semantic
hierarchy, i.e., statement-wise semantic contributions. To this end, I determine to adopt
code block delimiters for constructing the cross-language source code semantic hierarchy,
i.e., the UHS model, which can be represented as a tree. In this chapter, I want to explore
the contribution of statement-level semantic for source code summarization, thus the
AST structure cannot satisfy the requirement. Instead, each statement is considered as

a whole, and the block delimiters are utilized to construct the semantic hierarchy.

After modeling individual source code statement as a node, for any given program-
ming language, its delimiter set B with all its code block delimiters is extracted. Note
that normally statements are “wrapped” under pairwise delimiters. In particular, a level
index for the tree level corresponding to each statement is defined. Accordingly, for each
statement, its level index is determined by counting the number of its “wrapping” code
block delimiters. More specifically, first, given a method/function, its header is extracted
as the root node. Next, all its statements are sequentially read till the end of the method.
When the left delimiter is encountered, the level index increments by 1; otherwise when
the right delimiter is encountered, the level index decrements by 1. At last, the UHS
tree are constructed by laying and connecting the method header and all the statements

according to the resulting level indices.

The details of how to construct a UHS tree is demonstrated in Algorithm 1. Specif-
ically, first, all the statements along with their level indices are initialized and stored
(lines 1 to 5). Next, by identifying the method/function header as the root node (line 7),
the remainder of the tree is constructed based on iterating the statements and updating
their respective level indices (lines 9 to 25). In particular, when reading the statements
in turn, there are a total of three cases of determining level indices. Firstly, if the level
index of the present statement equals the level index of its preceding statement plus
1 (line 11, where e[0] denotes the level index and e[1:] stores the associated statement
tokens), the present statement is constructed as the child node of its preceding state-
ment. Secondly, if the level index of the present statement equals the level index of its

preceding statement (line 16), the present statement is constructed as the sibling node
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Algorithm 1 UHS Tree Construction

Input : source code

Output: tree representation of code

1: function CONSTRUCTTREE
2 statement — level_index + statement
3 Initialize queue @
4 for each statement in code do
5: s < [level_index, statement]
6 EnQueue(Q, s)
7 end for
8 level_index — 0
9: root — GetHead(Q)
10: while 'Empty(Q) do
11: e — GetHead(Q)
12: if e[0] == level_index +1 then
13: root’s child — e[1]
14: root — e[1]
15: level index ++
16: else
17: if e[0] = level_index then
18: root’s sibling — e[1]
19: else
20: if level index - e[0] == i then
21: i-th generation ancestor’s sibling of root — e[1:]
22: level_index = level_index - i
23: end if
24: end if
25: end if

26: end while
27: end function

of its preceding statement. Lastly, if the level index of the present statement equals
the level index of its preceding statement minus i (line 19), the present statement is
constructed as the i-th generation ancestor’s sibling of its preceding statement.

We apply a Java code snippet as demonstrated in Figure 4.5 to illustrate the UHS
tree constructions process. In particular, Figure 4.5 (a) demonstrates an example of Java
code snippet. Firstly, the level indices of statements 1-7 are labeled as: 0, 1, 1, 1, 2, 2,
and 1 respectively. Accordingly, statement 1 is constructed as the root of the tree while

statements 2, 3, and 4 are constructed as its child nodes because their level indices are
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Java Code Snippet: [public static void]

1. public static void main(String[] args) { main(Stringl] args)

2 int sum = 0;

3 int 1 = 1;

4. while (i<10){ ([int sum=0;]int i=1;]while (i<10))System.out.]
5 sum = sum + 1i;

6 i++;}

7 System.out.print (sum) ;}

(2)An example Java code snippet. (1) The tree structure of the Java code snippet.

Figure 4.5: An example of code snippet and its tree structure.

one away from the root node. Next, statements 5 and 6 are constructed as the child nodes
of statement 4, because statement 4 is their recent preceding node with level index 1. At
last, statement 7 is constructed as the child node of statement 1 and the sibling node
of statement 4. As a result, the UHS tree of the code snippet in Figure 4.5 (a) can be
constructed in Figure 4.5 (b).

4.3.2 Constructing the tree-transformer encoder

In order to construct the tree-transformer encoder, a primitive transformer encoder is
built to obtain the encoding of the comment and the program statements. Accordingly,
the tree-transformer encoder is further constructed that integrates the UHS tree of the
executing code snippet and the transformer encoder to enhance the encoding of the code

accuracy.

4.3.2.1 Transformer Encoder.

As in Section 4.2.2, transformer consists of N identical layers where at each layer,
the multi-head attention employs A attention heads and performs the self-attention
mechanism. In each attention head, the sequence of input vectors X = (x1,%92,...,Xm),
which is the embedding of a piece of source code based on word2vec [65], is transformed

into the sequence of output vectors, S =(s1,s9,...,,) as Equation 4.6:

Wax,(Wkx )T
A

exp ejj
&;;=————
(4.6) V=S exp en

m
S; = Z Oéij(vaj)
j=1
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Figure 4.6: An example of transformer encoder.

where W9, W* and W? are the parameters that are unique per layer and attention head.
More specifically, for vector x; which is the representation of each token, I then calculate
its representation based on the self-attention mechanism: (1) to derive ¢;, k; and v;,
namely the vectors of query, key and value which are marked as W9, W* and W, I first
multiply the input token vector x; with a initialized matrix, (2) then by using the dot
product of g; -k, the contributions of x; from the vectors of all the input tokens are
calculated, where je[1,n] and n means the input token number, (3) next, I compute the
scores e;; of x; by \/@ and dj, is k;’s dimension number and normalize the results by
softmax to derive the weights of all the input tokens «;;, (4) then an interim vector
space v is computed by calculating the product of these weights and their related value
vectors, and (5) at last, z; which is the final vector representation of x; is obtained,
through calculating the summation of the vectors contained in v Finally, to get the final
vector representation of the input tokens, namely s;, the feed-forward neural network

are adopted to further process the obtained token vectors.

Figure 4.6 presents how does the transformer encode the input sequences. Firstly,
the natural language words “Software” and “Engineering” are translated to vectors x;
and x9 respectively. For the input vector x1, its realted query vector ¢1, key vector &1,
and value vector v are calculated at begin. Then, its “attention” scores paid from other
input tokens, i.e., x1 and x9, is calculated based on q1-%1 (112) and q1 - k2 (96). Assume
that the value of d}, is 64, by dividing and normalizing the resulted dot products by \/T ,
the “attentions” from x; and x9 is 0.88 and 0.12. Finally, the value of z; can be calculated
according to 0.88%v; + 0.12%vs.
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Algorithm 2 Tree-Transformer Encoding

Input : ordered tree

Output: vector representation of the tree

1: function POSTORDERTRAVERSE

2 i — root node

3 node_list — {}

4 if isLeaf(i) then

5: return i;

6 else

7 for i’s child; do

8 if isLeaf(child;) then

9 node_list.append(child ;)
10: else
11: PostorderTraverse(i’s child nodes)
12: end if
13: end for
14: 1 — transformer(node_list)
15: end if

16: end function

4.3.2.2 Tree-Transformer Encoder.

In order to construct the tree-transformer encoder to incorporate the UHS tree of code
snippets for encoding, first, an ordered UHS tree is obtained by applying the UHS model
on the given code snippets. Next, the UHS tree is traversed and each of its nodes, namely

each statement, is encoded into a vector by the transformer.

Consider the special structure, I traverse the tree obtained based on UHS in a post-
order manner. Additionally, I also develop a transformer-merger strategy during the tree
traversal. In particular, assume node n; and its parent node n; in the tree structure. If
node n; is the leaf node, I update it by the transformer-produced vector of n j, namely V, ,
and concatenating their respective vectors as {V;;, V,, .} and then process n;’s other child
nodes and update its vector with them; on the other hand, I traverse n;’s child nodes.
In this way, I capture the underlying low-level code blocks and concatenate them with
their high-level code blocks as a whole to update their overall weights in the network.
As a result, the representation of the input sequence can be obtained by encoding the
tree derived from UHS using the tree-transformer, and Algorithm 2 describe the detailed

information of the the tree-transformer encoding process.
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The example in Figures 4.5 (a) and 4.5 (b) is utilized to show how does the tree-
transformer encoder work. Concretely as shown in Figure 4.5 (a), nodes “int sum = 07,
“inti=1", “while(i<10)” and “System.out.print(sum);” are constructed as siblings because
they are assigned with the same level index 1. Their preceding statement “public static
void main(String[] args)” are constructed as the parent (root) node. Next, by utilizing
transformer, all the statements of the program code are encoded into vectors respectively.
Then, as the child nodes of the root “int sum = 0;” and “int i = 1;” are all leaf nodes,
the root’s vector is updated by injecting the concatenated vectors of its two child nodes.
At the same time, as the child node of the root “while(i<10)” is not leaf node, its child
nodes “sum = sum + i;” is encoded with “i++;” by transformer, followed by encoding the
resulting vectors with “while(i<10)”. Finally, the root with all the derived vectors of its
child nodes are encoded to obtain the final vector representation of the tree structure
for this code snippet. Figure 4.7 further illustrates the transformer-merger process for
encoding a code snippet block composed of statements s4, s5 and sg of the code snippet
example shown in Figure 4.5. Specifically, assuming that v; represents the vector of
token j and statement s4 can be vectorized as <vyp;ie, Vi, V<, V10>, firstly, the vectors
of statements “while (i<10)”, “sum = sum + i;” and “i++;” are encoded by transformer
with their respective resulting vectors vg4, Vg5, and vgg, where vg4 is derived by applying
transformer on <vy,p;i7., Vi, V<, V10> (namely the tokens of statement 4), v5 is derived
by applying transformer on <vg,;,, V=, Vsum, V+, V;> (namely the tokens of statement 5),
and v is derived by applying transformer on vector <v;, v, v.> (namely the tokens of
statement 6). Next, as vg5 and vsg are the child nodes of vs4, then they are represented
as a sequence, namely, <vg4, Vg5, Vs> and transformer is utilized to encode this sequence,

i.e., the resulting vector v is derived by further applying transformer on <vgq4, Vg5, vsg>.

3)

Figure 4.7: An example of the encoding process of a code block by tree-transformer. (1)
Embedding the tokens in each statement into vectors. (2) Encoding each statement by
transformer. (3) Encoding the vector of the statements in the same block by transformer.
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4.3.3 SeqGAN for code summarization

By adopting the tree-transformer as the generative model of the proposed framework,
the SeqGAN [118] is adopted for the comment generation task because SeqGAN extends
GAN to generate sequences in turn under a reward signal provided by the RL-based
discriminative model. In particular, I characterize a comment generation task as a
Markov Decision Process (MDP), i.e., given a dataset of real-world code and comments,
the generator Gy is trained to produce a sequence Yi.7 = (¥1,...y7). More specifically,
0 refers to the policy parameters to be learned and the action space is signed as a
dictionary % from which the words are drawn, i.e., y;¢% . Accordingly, at certain time ¢,
state s is calculated by encoding the produced tokens (y1,...,y;—1) and the next selected
token y; refers to the action a. As shown in Equation 4.7, the generator aims to obtain
the policy that can get the maximal reward of the produced natural language sequence,

4.7) meaxjf(e) = m@ax[E x~a [R(¥,x)]

9~Pg(-1x)

here 2 refers to the dataset, ¥ means the actions/words produced, and the reward
function is signed as R.

Next, a -parameterized discriminative model Dy can be further trained to provide
a guidance for improving generator Gg under a probability indicating the likelihood a
sequence Y7.7 being a piece of ground-truth training data. As Figure 4.3 illustrated, the
positive examples from the dataset and the negative examples produced by generator
Gy are adopted to train the discriminative model Dg. Simultaneously, the generator
Gy is renewed by adopted policy gradient according to the reward calculated by the

discriminative model. The input sequence x1,...,x7 is signed as:
(4.8) O1.7=x1®x90...0xT,

here x;eR* is the embedding of of the input sequence and @ denotes the concatenation
operator. Then to generate the new features, a window size of [ words is operated by the

kernel weR'**, namely:
(4.9) ci=p(w®0;;41-1+b),

here ® means the summation operator of element-wise production, and p denotes the
non-linear function. Then, the pooling operator is applied over the feature maps obtained
by applying various kernels. At last, the probability of output is computed by applying a

layer with sigmoid activation function to act as the reward to feed back to the generator.
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Figure 4.9: Statistic analyses of the source code.

4.4 Evaluation

To estimate the accuracy of the proposed approach, a few of studies including experimen-

tal study and case study are conducted.

4.4.1 Experimental studies
4.4.1.1 Benchmark construction

Dataset. To prove the effectiveness and the universality of the proposed Tr(AN)?, three
mainstream high-level programming languages (Python, Java, and C#) are utilized for
the proposed experiments. For Python, the dataset given in [15] is utilized, in which about
120,000 pairs of code and comment are included that are grabbed from real projects
in Github [2]. There are about 50,400 program tokens and 31,300 natural language
words included in this dataset. For Java, I adopt 120,000 <code; comment> pairs of the
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dataset presented in [5] which includes about 50,000 program tokens and 32,000 natural
language tokens. For C#, I adopt the dataset collected in [43] which is composed with
about 65,000 <code; comment> pairs and these dataset includes 40,000 code tokens and
25,000 comment tokens. These three datasets are commonly utilized in which the rare
word are regarded as unknown words and the repetitive source code are removed. Each

dataset is split into 60%, 20% and 20% for training, validation, and testing respectively.

To analysis the features of the datset, I have also done statistics analysis and the
results are shown in Figures 4.8 and 4.9. Figure 4.8 shows the distributions of code
and comment length. As shown in Figure 4.8 (a), there are more shorter code snippets
than longer ones among all the programming languages; from Figure 4.8 (b), we can
find that most comments of the Python code contain from 0 to 25 words, the length of
most comments of the Java code are between 5 and 20 words, and the length of most
comments of the C# code are between 0 and 20 words. Besides, Figure 4.9 presents the
number distribution of the token and statement in the proposed adopted datasets. The
distribution of the token number in each statement is shown in Figure 4.9 (a) and Figure
4.9 (b) presents the number distribution of the statement. According to these results, we
can know that each statement includes 0 to 20 tokens, fand each function includes 0 to

40 statements fro these three datasets.

Baselines. I select several existing approaches, i.e., CodeNN [43], CoaCor [113], and
Rencos [120] for performance comparison with Tr(AN)?. In particular, CodeNN [43] is
the first comment generation approach of source code via neural network. It first encodes
the program code to sequence vectors and then decodes them to produce annotations
based on the seq2seq model realized by LSTM. CoaCor [113] adopts the plain sequence
of the program code and realizes code summarization by using the seq2seq framework
based on LSTM. Rencos [120] is recently proposed to integrate the powers of retrieval-
based and NMT-based approaches and can be considered as state of the art. Given the
program code, Rencos first retrieves the dataset to find the most similar code, then the
input and the two source code retrieved are encoded, and eventually fuses them during

decoding to generate the summary.

In addition, I also evaluate the variant techniques of Tr(AN)? to explore the per-
formance of its components. Specifically, Tr(AN)?pqs. adopts the transformer encoder
with the OpenNMT framework [48]; Tr(AN)?gan integrates the transformer encoder
with GAN; Tr(AN)?;.. adopts the tree-transformer encoder with the OpenNMT frame-
work; and Tr(AN)?; ce+can refers to the complete Tr(AN)? which integrates the tree-

transformer encoder with code snippet and GAN-based reinforcement learning.
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4.4.1.2 Experimental setups

In the experiments, I set the word embedding size, the batch size, the layer size and the
head number to 1280, 2048, 6, and 8 respectively. I pretrain both the generative model
and the discriminative model with 20000 steps each, and then I train the generative
adversarial framework with 100000 steps concurrently. Python 3.5 is utilized to conduct

all the experiments.

4.4.1.3 Implementation

I implement the proposed approach based on SeqGAN [118]. After obtaining the dataset,
they are split to 60%, 20% and 20% for training, validation and testing respectively.
Then, the tree structure of the code snippet is assembled respectively. Next, the code
and corresponding comment pairs are inputted to the SeqGAN framework for training
according to the settings in Section 4.4.1.2. Then, the trained model is obtained for
the code summarization task and conduct testing based on the model. To evaluate
the performance, similar as previous work, I evaluate the quality of the generated
comments in terms of their similarity with the corresponding ground-truth comments.
There are three commonly utilized estimation metrics adopted in the research area of
natural language processing particularly in the the neural machine translation task are
utilized: BLEU [77], METEOR [12], and ROUGE [58]. These metrics mainly calculate the
similarity degree between the generated natural language text and the ground-truth by
measuring the frequency of the tokens occurrence in both of them from different aspects.
As comment generation is also a text generation task in which the natural language
words composed the output, thus these metrics are utilized to assess the accuracy of
the produced annotation. Particularly, the most common metric-BLEU adopted in the
natural language generation task which estimates the n-gram accurateness based on a
set of reference sentences. METEOR considers the stemming and synonymy matching
and estimates to what extent the generated outputs grab the input information based on
the references according to recall. ROUGE-L calculates the similarity in sentence level

by matching the longest common sequence between two text sequence.

4.4.1.4 Result analysis

For the Python and C# Datasets Table 4.1 and 4.3 demonstrate the results of code
summarization obtained from all the approaches consider of the metrics described
above for the dataset of Python and C#. For the results of dataset Python, while the
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Table 4.1: The result of comment generation with different metrics for the Python dataset.

Approaches || BLEU1 | BLEU2 | BLEU3S | BLEU4 | ROUGE-L | METEOR
CodeNN 23.47 8.77 5.16 3.64 31.00 9.42
CoaCor 30.56 | 14.98 | 11.06 8.57 34.27 12.06
Rencos 24.02 7.33 3.71 2.47 28.28 10.82
Tr(AN)?pese | 24.84 | 1269 | 10.35 9.67 28.92 10.33
Tr(AN2gan | 2453 | 1373 | 11.57 | 10.04 28.74 10.17
Tr(AN)2ree 31.05 | 17.62 | 17.03 | 14.13 43.92 10.74
TrH(AN)24eerGAN38.10 | 2020 | 17.70 | 16.30 50.74 12.98

compared approaches achieve the performances from 23.47% to 30.56% in terms of
BLEU1, Tr(AN)? can achieve 38.10%. Particularly, we can observe the detailed phe-
nomenon described blow. Firstly, we can see that Tr(AN)? can outperform the compared
approaches significantly consider the estimation metrics. For instance, Tr(AN)?, i.e.,
Tr(AN)?ree+can can achieve better performance from 19.79% to 38.40% from the as-
pect of BLEU compared with baseline. Such advantages of performance can prove the
outstanding of the proposed proposed Tr(AN)? which can be illustrated as follows: (1)
the adopted transformer-enabled self-attention mechanism outperforms the regular
attention mechanism, it is because the adopted self-attention mechanism can grab the
intermediate attention among the token contained in the input sequence effectively to
better reflect their semantics and therefore can optimize the weights of the language
model globally; (2) the proposed adopted discriminative model from the GAN frame-
work can extend the performance advantage by providing a reward to the generative
model to enhance the accuracy of the produced comments. In addition, we can observe
that each component of Tr(AN)? can contribute to improving the results. For example,
through adopting the tree-transformer encoder, Tr(AN)?;.. can dramatically outper-
form Tr(AN)?pqse which only adopts the transformer encoder by 20.00% consider BLEU.
Besides, we can also see that the tree transformer which leverages the UHS model can
enhance the the language model by augmenting the hierarchical semantics for tokens
effectively. Moreover, by applying GAN, Tr(AN)?;ce+can outperforms Tr(AN)? ;. by
18.50% from the aspect of BLEU, by which the strength of GAN can be further validated.

The result of C# demonstrates about the similar performance.

For the Java Dataset The results of the Java dataset for all the approaches from
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Table 4.2: Code summarization results with different metrics for the Java dataset. (Best
scores are in boldface.)

Approaches || BLEU1 | BLEU2 | BLEU3 | BLEU4 | ROUGE-L | METEOR
CodeNN 3320 | 21.87 | 17.71 | 15.03 38.24 16.13
CoaCor 3325 | 19.71 | 14.83 | 12.19 36.03 14.85
Rencos 3298 | 2142 | 17.19 | 14.80 36.00 17.26
Tr(AN)?pese | 3524 | 1756 | 13.96 | 13.01 38.51 17.96
Tr(AN)2gan | 8495 | 17.31 | 13.12 | 12.98 38.00 17.86
Tr(AN)2 ree 3623 | 18.70 | 1550 | 14.30 39.25 17.41
TrAN)2 4 eercAN37.80 | 2060 | 16.40 | 14.30 43.42 18.37

Table 4.3: Code summarization results with different metrics for the C# dataset. (Best
scores are in boldface.)

Approaches || BLEU1 | BLEU2 | BLEU3 | BLEU4 | ROUGE-L | METEOR
CodeNN 2251 9.76 5.95 4.78 25.58 8.94
CoaCor 20.13 8.25 5.34 4.21 25.16 10.46
Rencos 24.96 | 12.25 7.01 5.28 28.64 10.89
Tr(AN2pase || 22.17 9.23 5.98 4.16 25.48 8.66
Tr(AN)2gan | 22.59 8.38 5.03 3.66 25.54 9.03
Tr(AN)2ree 23.13 9.79 5.34 3.14 26.74 10.65
Tr(AN) reesGAN 26.65 | 12.44 | 6.91 4.13 30.46 11.57

the aspect of the metrics described above is presented in Tables 4.2. We can observe that
similar to the Python evaluations, Tr(AN)? can achieve better performance compared
with the baseline approaches from the aspect of the most evaluated metrics. We can
see from the results that although some approaches can outperform Tr(AN)? consider
BLEUN (N > 2), the BLEU1 result of Tr(AN)? still outperform the compared approaches.
This indicates that Tr(AN)? can generate more correct comment tokens while the order
of the tokens may be wrong. In some cases, more comment tokens can still be helpful for
the understanding of the source code in different order.

To summarize, while the compared approaches incur evident performance variance
that result in different performance rankings under different programming languages,

Tr(AN)? can significantly and consistently outperform them all under all the selected
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Table 4.4: Sample issues for code summarization case study

Example H example 1 ‘ example 2
def ValidateXsrfToken (token,action) def add_callers(target, source):
usr_str = _MakeUserStr () new_callers = {}
token_obj = memcache.get (token, for func,caller in target.iteritems() :
namespace=MEMCACHE_NAMESPACE) new_callers[func] = caller
if not token_obj: for func,caller in source.iteritems{() :
Code return False if func in new_callers:
snippet token_str, token_action=token_obj new_callers[func] = caller +
if usr_str != token_str or action new_callers[func]
!= token_action: else:
return False new_callers[func] = caller
return True return new_callers
Ground- Validate a given XSRF token by retrieving it | Combine two caller lists in a single list.
truth from memecache.
Generated|| Validate a given xsrf token by retrieving it. Combine two lists in a list.
com-
ment
Feedback || “Yes, this is correct. Validate a retrieved XSRF | “The pstats package is used for creating re-
from the memory cache and then with the token | ports from data generated by the Profiles class.
perform an associated action.” The add _callers function is supposed to take
a source list, and a target list, and return
new_callers by combining the call results of both
target and source by adding the call time.”

programming languages.

4.4.2 Case studies

To further estimate the effectiveness of Tr(AN)? from the practical point of view, wen
then conduct some case studies. In particular, similar to [120], I first randomly collect
100 code snippets from the testing set and generate their comments by the trained
Tr(AN)? model. Then, the produced natural language annotations are issued to the
related developers and I ask them to estimate if the annotations can describe their source
code correctly, where each issue is formalized as “Hi there, I was reading the code of
the function <function name> in <the function path>. My understanding is <generated
comment>. Do I understand that right?” As a result, I received a total of 24 responses,
among which 16 developers issued positive feedback to the generated comments. More
specifically, 11 developers thought that the generated comments can summarize the main
intent of their source code directly and 5 developers described the detailed intent of their
corresponding source code. The remaining have not judge the quality of the generated
summary, e.g., some developers questioned if the issue was sent by robot.

Table 4.4 demonstrates the selected examples which present the source code, the

comments given by the developer, the generated comments, and the feedback from the
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developers. The first case demonstrates that the developer affirm that the generate
annotations by the proposed approach is correct. From the examples we can observe that
the comment given by the developer is that “Validate a given XSRF token by retrieving
it from memcache”, and Tr(AN)? generates “Validate a given xsrf token by retrieving it”.
The proposed approach can generate the important words given by the original comments
that indicate the major features accomplished by the code snippet, e.g., “validate” and
“retrieving”. Developers from the second case have not confirm that the generated code
summary can describe their aim directly, while they are still supportive to the generated
summary. The original comment of the second code snippet is “Combine two caller lists in
a single list”, and the proposed approach generates “Combine two lists in a list”. Although
the developer has not directly confirmed the correctness of the generated comments,
his feedback that explains the usage of this code snippet can be extended for implying
that the generated comments conforms to his program logic. Moreover, it can be simply
inferred by comparing the generated and original comments that they are semantically

close to each other.

4.5 Threats to Validity

There are two main threats to validity. Firstly, deep-learning-based approaches usually
are sensitive to datasets. To reduce this threat, multiple datasets widely-used in different
programming languages (Java, Python, and C#) [41, 43, 100] are utilized to evaluate
the effectiveness of the proposed approach respectively. The results that the proposed
approach obtains a consistent performance around 40% can indicate that Tr(AN)? does
not tend to be sensitive on datasets. Secondly, it can be inadequate to only rely on the
limited number of token-counting-based metrics to fully evaluate the effectiveness of
Tr(AN)2. To reduce this threat, I first adopt multiple evaluation metrics, i.e., BLEU,
METEOR, and ROUGE to estimate the quality of the generated code comments. Next, I
also conduct several case studies by issuing the generated code comments to the related
developers to ask for their feedback. The results that Tr(AN)? significantly outperforms
other compared approaches under all the selected metrics and none of the feedback are

negative indicate that Tr(AN)? is able to generate high-quality code comments.
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4.6 Conclusion

In this work, I propose a transformer-based generative adversarial network framework
for universal code summarization by injecting the syntactic structure of the source
code. Specifically, it first builds a universal hierarchical semantic (UHS) model for re-
flecting the hierarchical semantics of the source for multiple programming languages.
Accordingly, it then further constructs a tree-transformer for encoding the derived source
code representation. Furthermore, the generative adversarial network framework is
constructed by adopting the tree-transformer as its generative model. We conduct a set
of experimental studies under multiple mainstream high-level programming language
datasets (Python, Java and C#) to estimate the effectiveness of the proposed approach,
where the experimental results suggest that the proposed approach significantly outper-
forms multiple baselines. Besides, a set of case studies are also conducted by issuing the
annotations generated by the proposed approach to the related developers and ask for

their feedback. As a result, none of the feedback are negative.
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CHAPTER

ON SEMANTIC-RICH CODE SUMMARIZATION BY VITAL
CODE AND TRANSFORMER-BASED MODEL

hile code summarization has been widely studied for enhancing software

development and maintenance, the existing approaches nevertheless incur

evident issues. Specifically, almost all approaches only consider to generate
the general intent of the method without documenting their parameters. Besides, the
information-retrieval-based approaches are argued to be data dependent, while the deep-
neural-network-based approaches tend to be restrained from long-distance dependency,
excessive computation cost, and/or inadequate semantic delivery. To address such issues,
in this work, I propose the first neural network model for the dual tasks of method com-
ment and parameter comment generation. Specifically, a programming-analysis-based
component is designed to extract the important statements set and the usage state-
ments set of the parameter in the code snippet to obtain the main semantic information
and discard the useless noise information for the dual tasks. Next, the copy-attention-
integrated transformer based the Neural Machine Translation framework is utilized for
both the method comment and the parameter comment generation to provide complete
java documentation for the code snippets. To evaluate the effectiveness of the proposed
approach, a set of experimental studies are conducted based on the collected dataset
grabbed from github. The results prove that the proposed approach can outperform
multiple state-of-the-art approach significantly.

The organization of this chapter is shown as follows. Section 5.1 gives a general
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introduction of this chapter. A motivating example is illustrated in Section 5.2. Section 5.3
elaborates the detailed information of the proposed approach. The results and analysis of
the experiments are described in Section 5.4. Threats to validity are indicated in Section

5.5. Section 5.6 concludes this chapter.

5.1 Introduction

Since understanding the tasks and the related code snippet cost much of the effort
during the software development and maintenance [57], thus it is quite necessary for
effective documentation to provide their corresponding descriptions. To this end, code
summarization has been increasingly adopted and studied in both industry and academia
to generate high-level natural language comments to document source code automatically
[51, 113].

Although existing code summarization techniques show promising results in generat-
ing summary for a code snippet [43, 51, 91, 113], the automatically generated summaries
by these techniques have some limitations that may reduce their usefulness for de-
velopers in code understanding. Firstly, the generated summaries may be redundant
comments [60] that do not add much value to code understanding. For example, Fig-
ure 5.1 shows an example of method summary for the method setPort that simply
repeats the method name without any additional information. On the other hand, several
widely-adopted commenting guidelines [64, 109] indicate that developers should avoid
writing code comments that merely repeat what the code does. Secondly, most of the code
comment generation techniques only produce one sentence as a description for a given
method. Such method summaries may be incomplete as they only explain the general
intent of the methods without documenting their parameters. To generate complete API
documentation for Java programs, prior work suggested augmenting method summaries
with parameter comments [92]. However, as the parameter comments are only loosely in-
tegrated with the corresponding method summaries, the entire generated code comment
may not precisely capture the semantics of the method.

While many existing approaches integrate deep learning [8, 42, 53, 91] or information
retrieval [36, 71, 108, 120] techniques to approach the correctness of the generated
comments, i.e., enhance the word-level mappings between the code summary and the
ground truth, their generated function/method-level comments can incur the following
two challenges to result in inadequate semantics.

First, generating only function/method-level comments often hardly deliver sufficient
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public ClusterServerModifyRequest setPort (Integer port
) A

this.port = port;

return this;

}

(§]

SN AW

Figure 5.1: A method summary that simply restates the method name

semantics for developers to fully leverage the corresponding source code. For instance, for
complex (large-scale) functions/methods, it is quite essential for developers to understand
the semantics behind parameters/variables rather than only the function/method-level
comments prior to invoking them. Though some existing approaches [68, 91, 92] attempt
to construct templates to generate comments for function/method parameters, such

templates are argued to cause limited scalability [41, 52, 105].

Second, even the generated function/method-level comments themselves cannot fully
capture the essential semantics of their associated functions/methods. In particular, many
existing deep-learning/information-retrieval-based approaches adopt (code,comment)
pairs as the ground truth which the overall comment generation process is subject to.
In their training stages, the adopted function/method-level comments essentially guide
the comment generation model training such that the resulting model can approach
the quality of the ground truth, i.e., the quality of the generated comments is strongly
bounded by the quality of the ground truth. Hence, the existing approaches are likely to
deliver inferior semantics compared with the ground truth in the model training stage
where the resulting model can generate function comments with inferior semantics.
Moreover, particularly for simple (small-scale) functions/methods, since their semantics
can be easily understood or simply reflected by their names, the contributions of deliv-
ering program semantics of such generated inferior-semantic comments can be further

restrained.

To address the aforementioned challenges, in this work, I propose TranS?, a semantic-
rich code summarization framework that automatically generates function comments and
parameter comments via constructing one neural network model. Specifically, TranS? is
launched by identifying and collecting multiple statement groups, including UseSet ex-
tracted by analyzing the use of the associated function parameters and KeySet extracted
certain statements with major contributions to structuring the overall function seman-

tics. Next, TranS? adopts a transformer layer and a copy attention layer to encode the
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collected corpus of the (UseSet, parameter comment) and (KeySet, function comment)
pairs respectively and enables their corresponding decoding process to construct the
neural network model. As a result, given any function/method, the resulting transformer-
based neural machine translation model can deliver its function comment and parameter
comment.

TranS?3 advances in generating semantic-rich comments due to the following rea-
sons. For the first challenge, for training the comment generator, the selected statement
groups can better represent the overall semantics of the associated functions by re-
ducing the noise caused by retaining all the statements in the traditional approaches.
In addition, the adopted copy attention mechanism can not only effectively capture
the semantic connections between source code and natural language but also gener-
ate rare words from the source code that are not included in the original vocabulary.
For the second challenge, TranS® expands the original function comments to the
function parameter comments to inject more semantics to the training stage. Ac-
cordingly, the function comments generated by the resulting model out of TranS? are
expected to deliver more semantics as well.

To evaluate the effectiveness of TranS?, several experiments are performed according
to the collected real-world data collections. From which the results demonstrate that the
proposed approach can achieve better performance compared with the recent published
approaches, e.g., compared with the selected baselines, the proposed approach can
enhance the code summarization accuracy from 20.80% to 40.64% from the aspect of
BLEU.

To sum up, the following give the major contributions of this work:

¢ As far as I know, this is the first framework for generating scalable semantic-rich

comments, i.e., function comments and parameter comments.

e I propose TranS? to realize the dual tasks (generating function comments and pa-
rameter comments simultaneously) based on a transformer-based neural network
model, which is constructed by integrating multiple statement groups extracted
after program analysis with the transformer model and the copy attention mecha-

nism.

e To evaluate TranS?3, I establish a dataset which includes around 110k (UseSet,
parameter comment) and (KeySet, function comment ) pairs extracted from real-
world influential projects. Such dataset can also be used for future relevant re-

search.
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¢ To evaluate the performance of TranS?, a few experiments are performed based on
the collected dataset and real-world benchmarks. Form which the results demon-
strate that the proposed approach can achieve better performance compared with

the baselines.

5.2 Motivating Example

In this section, I use the code snippet and its corresponding comments in Figure 5.2,
which are extracted from the Java project “JodaOrg/ joda-t ime”, as an illustrative
example. From this example, we can observe that the code snippet aims to determine the
month-day with a specified period added, and its function comment is “returns a copy
of this month-day with the specified period added”. Most existing comment generation
approaches only consider the method comment, which is incomplete to comprehend
the intent and the usage of the method under analysis. A complete comment should
not only contain the method comment which shows its intent but also the parameter
comment which indicates its usage. Besides, to grab the semantic information of this
code snippet, not all statements in the code snippet contribute equally to the comment
generation as some statements do not include the words in the comment at all. Thus,
to grab the main semantic information of the code snippet and remove noise to the
model, I propose to select the important statements (KeySet) according to several rules
as described in Section 5.3.1 for the method comment generation. Furthermore, I also
propose to generate the parameter comment to enrich the method documentation. Since
the parameter comment is mainly provides the information of the parameter, i.e., its type
and usage, only statements where the parameter appears can contribute to the parameter
comment generation. Thus, for the parameter comment generation, I refer to the use
of variable in data flow analysis and propose to select the UseSet of the parameter. For
example, in Figure 5.2, the method intents to return a new month day with a period
added. Thus statement 13 “return new MonthDay (this, newValues)” tends to
provide more semantic information as it contains tokens “return”, “month” and “day”.
The parameter “period” appears in statements 6, 8, 9 and 12, while the parameter “scalar”
appears in statements 6 and 12, thus each parameter together with their signature
are selected to construct their UseSet, respectively. Namely, the UseSet of “period” is
{s5,s6,58,59,512} and the UseSet of “scalar” is {s5,sg,s12} where s; is the statement at

the i-th line in the code snippet.
By utilizing program analysis which selects the KeySet and UseSet, the proposed
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3

4

5 public MonthDay withPeriodAdded (ReadablePeriod period,
int scalar) {

6 if (period == null || scalar == 0) { return this; }

7 int[] newValues = getValues();

8 for (int i = 0; i < period.size(); i++) |

9 DurationFieldType fieldType = period.
getFieldType (1) ;

10 int index = indexOf (fieldType);

11 if (index >= 0) {

12 newValues = getField(index) .add (this, index,
newValues, FieldUtils.safeMultiply(period.getValue (
i), scalar)); } }

13 return new MonthDay (this, newValues);

14 }

15

Figure 5.2: Motivating example

approach constructs the (UseSet, parameter comment) and (KeySet, function comment)
pairs as an input to the the proposed transformer-based model for method comment and
parameter comment generation respectively, which is used to obtain the documentation

for the code snippet.

5.3 On Semantic-rich Code Summarization by Vital

Code and Transformer-based Model

This section presents TranS3, a semantic-rich code summarization framework that
simultaneously generates function comments and parameter comments as a dual task
as demonstrated in Figure 5.3. Initially, TranS? identifies and selects statement groups
to construct training data for each task respectively. In particular, for each function,
TranS? constructs a UseSet by collecting statements out of the usage analysis of func-
tion parameters and a KeySet out of the statements that can contribute to structuring
the overall program semantics. Next, TranS? forms and inputs the (UseSet, parame-
ter comment) and (KeySet, function comment) pairs out of the collected functions, which
are further encoded via a transformer layer, respectively. Moreover, to enhance the scal-

ability of TranS?, an identical layer with the copy attention mechanism is injected on
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Figure 5.3: The framework overview of the proposed approach TranS3.

top of the transformer layer for generating rare words from the source code. Meanwhile,
TranS? also enables a decoding process for the encoded pairs, i.e., generating their
corresponding comments. Such encoding and decoding processes are iterated until the
model converges, i.e., the completion of the neural translation modeling. From Figure
5.3, we can know that apart from the the hidden state s from the input source code, the
state of the rare word is also obtained by integrating the embedding vectors of the special
vocabulary v, and s. At last, for each task, TranS? computes the distribution A form the
encoded code representation and the distribution A" from the rare word vocabulary to

obtain the final parameter comments or function comments.

5.3.1 Constructing KeySet and UseSet

While many existing approaches adopt all statements of a function for training the
comment generator, my insight, on the other hand, is that different statements enable
different contributions to code summarization. For example, in Figure 5.4, statements
4,5,10, 12, 16, 14 and 18 can contribute more than other statements to constructing
program semantics since they contain the main tokens in the method name (“factory”,
“delete”) which indicate the intent of the code snippet, thus these statements would
contribute more to code summarization. More specifically, I infer that a proper selection
of statements to form the training data can facilitate a more precise representation
of program semantics and the resulting model can further approach the ground truth
compared with the traditional code representations. On the other hand, discarding
statements that contribute less to program semantics can potentially remove noise for
model training and thus enhance its quality. To this end, for generating parameter

comments, I propose to select the statements that are semantically relevant to the
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parameters, namely UseSet. For generating function comments, I propose to select the
statements that can significantly contribute to structuring the overall function-level

semantics, namely KeySet.

5.3.1.1 UseSet selection

Intuitively, the statements that are semantically relevant to parameters are the ones
where parameters are used (e.g., assigned, parameterized in other functions). For any
parameter, such statements together can indicate its major semantic intent. Thus, in
TranS3, such statements are selected and put in the UseSet of a function, which can
be extracted by applying the parameter usage analysis. The example shown in Figure
5.4 are utilized to explain the rationale behind UseSet selection. To be specific, as
statements 4, 10, 16, and 18 contain the usage to parameter “name”, namely, use(name)
= {4, 10, 16, 18}, thus they are collected to constitute the UseSet of parameter “name”.
In contrast, other statements do not contain “name”, therefore they are excluded from
UseSet. From statement 4, we can observe that the operations to parameter “name” is
that find factory according to “name”, while from statements 10, 16 and 18 which include
“factory with name =..., name, ...” or “Factory name =..., name)”,
we can infer that parameter “name” is the name of a factory. Thus, the statements in
UseSet can provide rich semantic information for the parameter description generation.
Different from [92] which only selects partial statements from UseSet, TranS? uses all
the statements in UseSet to avoid losing semantic information. To train a deep learning
model for accurate parameter comment generation, all the semantic information about

the use of parameters should be provided to the model.

5.3.1.2 KeySet selection

The following types of statements are selected for the KeySet.

Ending statement. As a function often takes a sequence of statements to accomplish
a task, its ending statement is likely to indicate the main intent of the function. Take the
code snippet in Figure 5.2 as an example, each statement performs a certain operation,
while the last statement returns the new MonthDay, which provides the main
information of the comment: return month day. Therefore, the ending statement tends to
be the core operation in most methods and is the key statement for deducing the intent.

Method call statement. Method call statements play a vital role in constructing
function semantics. Usually they can be categorized by whether they are associated with

return values. Typically, a method call statement without a return value represents
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public void deleteFactory(String name) ({

1

2 List<FactoryDto> factories;

3 try {

4 factories = findFactory (name) ;

5 if (factories.isEmpty()) {

6 return; }

7 } catch (NotFoundException e) {

8 return;

9 } catch (ApiException | IOException e) {

10 LOG.error (format ("Error of getting info about
factory with name=’%s’: %s", name, e.getMessage()),
e);

11 return; }

12 FactoryDto factory = factories.get (0);

13 try {

14 requestFactory.fromUrl (factoryApiEndpoint +
factory.getId()) .useDeleteMethod () .request();

15 } catch (IOException | ApiException e) {

16 LOG.error (format ("Error of deletion of factory
with name=’'%s’: %s", name, e.getMessage()), e);

17 return; }

I8 LOG.info ("Factory name=’'{}’' removed", name);}

19

Figure 5.4: Example of KeySet and UseSet selection.

an essential set of actions for the associated function, which is likely to be literally
represented by its name. On the other hand, a called method with a return value is
likely to be assigned to a variable or parameterized in another method, where in either
way, such method call statement can facilitate the overall task of the function and thus
reflects the semantics for the function intent. For example, in Figure 5.4, lines 4, 5, 12
and 14 are method call statements. Line 4 is a method call returning a value, which
assigns the returned value to variable factories, and this method call statement
provides the source of the factories. Line 14 is a method call that does not return a
value, where the obtained value is added to the requestFactory, and this method
call statement is also main action of this function. Therefore, they are added to KeySet.
Furthermore, if a statement has a method call that has the same action with the function,
it is more likely to conduct main action, thus it is an important statement. As an example,
Line 14 of deleteFactory has the same action with the function, and it is an very
important statement in achieving the intended functionality of delete. Therefore, such
statements are collected to construct KeySet.

Assignment statement. An assignment statement assigns data to variables. Such
statement usually reflects the variable conversion within a function which constructs

its semantic flow. For example, consider the statement on line 12 in deleteFactory.
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Although this statement is selected by the function call statement rule, little information
is known about the variable factory. Thus, its data facilitator on line 12, FactoryDto
factory = factories.get (0) is selected.

Control statement. A control statement (i.e., an statement with one of the if, while,
for or switch keywords) controls the execution flow of a function and thus constructs its
high-level semantics. For example, consider the method deleteFactory in Figure 5.4.
Line 6 contains a return statement that is control dependent on line 5, making line 5 an
important control statement. The summary content would be inadequate without the
control statement.

After collecting the UseSet and KeySet of each function, I further form the (UseSet,
function comment) and the (UseSet+KeySet, function comment+parameter comment)

pairs for training the transformer-based neural network model in TranS3.

5.3.2 Encoding UseSet and KeySet

TranS? enables a transformer-based neural machine translation model to encode the
collected (UseSet, parameter comment) and the (KeySet, function comment) pairs to a
hidden space as the code representation. In particular, Is adopt two layers—a transformer
layer as a basic encoder and a copy attention layer to alleviate the out-of-vocabulary
issue.

In TranS3, although the selected UseSet and KeySet both are associated with hi-
erarchical semantics, they are represented as plain-text sequences of their associated
pairs instead of any hierarchical representations for inputting them to the encoder.
To illustrate, in general, the selected statements cannot reflect the complete associ-
ated function hierarchies where enabling hierarchical representation can easily lead to
the misconception of the hierarchical semantics and further compromise the encoding
effectiveness.

Based on the input which is composed of three matrices with the same dimension dp:

queries, keys and values, transformer first calculates the dot products of the query vector
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with all the key vectors, then the results is divided by \/d— , and at last softmax is adopted
to calculate the values of weight on the given values. Actually, the matrix @ which is the
packing of the attention function on all the queries is computed simultaneously, thus the
calculation cost can be reduced. Additionally, matrices K and V represent the packed

keys and values, thus the output of the attention matrix is calculated as:

T
1%

(5.1) Attention(Q,K,V):softmax(?/li_
k

The self-attention mechanism of transformer can obtain the relationships among
all the tokens of the input sequence. By taking the advantage of weights among the
integral tokens, such mechanism can substantially mitigate the long distance dependency
problem which is resulted by CNN, i.e., the contributions of the input tokens that from
the long range are compromised. Furthermore, the multi-head attention enables the
model to estimate in parallel which can dramatically reduce the calculating expense

which is resulted by RNN that teh tokens are encoded sequentially.

5.3.2.1 The transformer layer

To improve the representation of the input, Transformer [98] is proposed by adopting
the mechanism of self-attention which measures the relevance between one input token
and the other tokens in the the input sequence to derive the its vector representation
for the ultimate representation of the input sequence. There are N identical layers
in transformer, and each layer includes two sub-layers. As shown in Figure 5.5, the
mechanism of self-attention is realized in the first sub-layer, and the second sub-layer
is just a straightforward feed-forward neural network. At each layer, the multi-head
attention mechanism utilizes 2 attention heads and performs self-attention. Given
the embedding of a piece of source code based on word2vec [65], which is signed as
X = (x1,x9,...,xn,), each attention head transforms them into the sequence of output

vectors S =(s1,S89,...,S,) according to:

Wax,(Wkx )T
oii= 0 T
12} ,_‘dk
5.9 exp ejj
: ij =
(5.2) VX exp e

m
S; = Z Oéij(vaj)
j=1
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where W7, W* and W? are the the parameters that are unique per layer and attention
head. More specifically, for vector x; which is the representation of each token, then its
representation is calculated based on the self-attention mechanism: (1) to derive ¢;, &;
and v;, namely the vectors of query, key and value which are marked as W9, W* and
W?, it first multiplies the input token vector x; with a initialized matrix, (2) then by
using the dot product of q; - £, it calculates the contributions of x; from the vectors of
all the input tokens, where je[1,n] and n means the input token number, (3) next, it
computes the scores e;; of x; by \/E and dj, is k;’s dimension number and normalize the
results by softmax to derive the weights of all the input tokens «a;;, (4) then it computes
an interim vector space v by calculating the product of these weights and their related
value vectors, and (5) at last, it obtains z; which is the final vector representation of x;,
through calculating the summation of the vectors contained in v Finally, to get the final
vector representation of the input tokens, namely s;, the feed-forward neural network
are adopted to further process the obtained token vectors.

Transformer is adopted to represent (encode) UseSet and KeySet because unlike
other approaches [20, 37, 41, 43, 70, 113] where their commonly adopted CNN/RNN
can cause long-distance dependency problem and the excessive computing problem, the
adopted self-attention in transformer can result in efficient sequence representation. In
particular, the multi-head attention mechanism is introduced by transformer to enable
the framework to collectively pay attention to different information. Thus the final input
representation can be determined by deriving the relevance among the present input
token and other tokens in the input sequence by such mechanism. Thus this mechanism
can significantly mitigate the long-distance dependency issue, i.e., the contributions
of the tokens with long-distance are compromised. Furthermore, the multi-head self-
attention mechanism enables the computation in parallel which can dramatically reduce
the excessive computational expense resulted in by RNN in which the tokens are encoded

sequentially.

5.3.2.2 The copy attention layer

In the encoding process, it is likely that the vocabulary mainly consists of the tokens
which appear frequently in the adopted code snippets, while the other rare tokens are
left out of the vocabulary and thus compromise the encoding effectiveness. To cope with
the out-of-vocabulary issue, it incorporates the copy attention mechanism [89] with
transformer to enable the framework to produce words both from the vocabulary and

copy from the semantic-relevant rare word in the code snippet. In particular, it uses an
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additional attention layer to learn the copy distribution on top of the decoder stack [75].

Let the special vocabulary, V,., be the union of the rare words which all appear in the
source code while not in the common vocabulary. The copy attention layer takes s; as the
query, word embedding v” from V;, as the input and outputs a’ as the attention weights

and sg as the context vectors:

o Wai W)t
e.. =—
12) /_‘dk
,
(5.3) o BP

1A = m r
Y-1€xDp e},

r_ . r.r
si—aie

where W®, W™ and b, are learnable parameters. As a result, p” is the copy distribution

over the rare words vocabulary:

(5.4) p'yw= ) aj
Jixj=yt
Now, given a code snippet, it can obtain its code representation and its associated
attention, and its out-of-vocabulary word representation and its associated attention

respectively.

5.3.3 The decoding process

)

After the transformer and copy attention layers map the selected statement groups
embedding (x1,%2,...x,) into the sequence of hidden states s; and s} respectively, it
further adopts the softmax function z to produce the output token based on the hidden
states s;, i.e., at time step ¢, the conditional probability of y;, namely the ¢-th word in the

generated comment, according to the language model [17] is:
(5.5) pye) = p(yelyi,...yi—1) = softmax(Ws; + ¢)

where the bias vector ¢ and weight matrix W are the learnable parameters.
As a result, the final distribution of the generated comment word y; is defined by

combining the two distributions, i.e., Equations 5.5 and 5.4, as:

P(y:)=A"p"(y:) + Ap(yy)
ALA" =softmax(W"[s;;st]+b™)

(5.6)
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where W™ and b" are learnable parameters.
Based on the adopted encoding-decoding framework, given the inputs (UseSet, pa-
rameter comment) and the (KeySet, function comment) pairs, the loss function of the

model in TranS? to generate parameter and function comments is designed as:

LOp) = - log(Ps(ys))
t

(5.7)
L(0y)=—) 1og(Pp(yp)
t

where Pr(ys;) and P,(y,;) are the probability distributions to generate the function
comment yr and parameter comment y, at time step ¢ respectively, 0, and 0 are the set

of all learnable parameters.

5.4 Evaluation

In this section, to extensively demonstrate the effectiveness and efficiency of the proposed
TranS3, a set experimental study is conducted. In particular, a dataset based on real-
world representative projects is constructed for conducting experiments and select state-

of-the-art approaches for performance comparison.

5.4.1 Experimental studies

5.4.1.1 Benchmark construction

Dataset. It is essential to collect a set of (UseSet, parameter comment) and the
(KeySet, function comment) pairs as the training data and ground truth prior to launch-
ing a convincing experimental study. To this end, I propose to construct the dataset
from influential projects in GitHub. Specifically, to ensure the quality of the dataset, I
first collect the Java repositories with more than 5000 stars and obtain a total of 379
projects. To avoid the duplication of the dataset items, only one item is utilized for the
source code with the same function header. Then, among the selected projects, I select
their methods with parameters, and extract the first sentences of their Javadocs as
the function comment and the sentences beginning with “@param” as the parameter
comments. As a result, around 110k function and parameter comments are collected.

Table 5.1 presents the statistic analyses of the dataset, which includes the statement
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number in each method, the token number in each statement, the token number in
each function comment and the token number of parameter comment in each function
considering the three part of the dataset respectively. From the first part of the table
we can observe that each method includes 1 to 20 statement in all splits of the dataset.
The second part of the table demonstrates the distribution of the token number in each
statement which shows that most statements contain 1 to 40 tokens. The distribution of
the token number of each code comment is shown in the third part, and from which we
can know that most function comments include 1 to 20 words. Moreover, the fourth part

shows that most parameter comments contain 1 to 30 tokens.

Baseline. To estimate the effectiveness of the proposed approach, some existing
code summarization approaches are collected. They include CodeNN [43], CoaCor [113],
Rencos [120] and TL_CodeSum [42], among which CodeNN In particular, CodeNN [43] is
the first comment generation approach of source code via neural network. It is a LSTM-
based encoder-decoder framework that encodes source code to context vectors with the
attention mechanism and decode them to produce summaries. CoaCor [113] adopts the
plain sequence of the program code and realizes code summarization by using the seq2seq
framework based on LSTM. Consider both NMT-based and retrieval-based approaches,
Rencos [120] is proposed. Given the program code, Rencos first retrieves the dataset to
find the most similar code, then the input and the two source code retrieved are encoded,
and eventually fuses them during decoding to generate the summary. TL_CodeSum [42]
realizes comment generation based on a multi-encoder which encodes the API sequences
together with the sequences of program and then the annotation is produced based on
the transferred API knowledge.

In addition, I also design the evaluation to explore the performance of its components.
For the baseline, they are combined with program analysis to explore the efficiency of
program analysis adopted in the proposed approach, and they are marked as CodeNNp4,
CoaCorpa and TL_CodeSumpy respectively.

For the proposed approach TranS32, I utilize different components. Specifically,
TranS3,,s. adopts the transformer encoder with the OpenNMT framework [47]; TranS3p4
add the program analysis component to TranS3y,..; TranS 3copy adopts the copy at-
tention mechanism with TranS3,,s.; and the complete TranS? which integrates the

program analysis component and the copy attention mechanism.
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Table 5.1: The statistics of dataset.

training data | validation data | testing data

(1, 10) 88762 9760 9736
Statement (10, 20) 1323 130 146
number

20, 30 201 18 24
distributio ( )
in each (30, 40) 56 6 7
method (40, 50) 21 1 4

>50 28 4 2

(2, 20) 53722 5943 6056
Token (20, 40) 16240 1786 1707
number 45 g 7286 751 781
distributio
in each (60, 80) 3754 434 402
statement | (80, 150) 5459 578 562

>150 3930 427 369
Token (1, 5) 25895 2811 2843
number (5, 10) 37176 4052 4173
distributior
) (10, 20) 26805 3006 2849
in each
function (20, 30) 508 50 52
comment >30 7 0 2

(1, 10) 49516 5445 5554
Token
number (10, 20) 24808 2717 2701
distribution (20, 30) 10107 1070 1053
in each (30, 40) 3543 413 365
parameter [~/ “r 1519 175 161
comment

>50 898 99 85

5.4.1.2 Experimental Setups

In the experiments, I set the word embedding size to 1280, set the the batch size to 2048,
set the layer size to 6, and set the head number to 8. I choose the Python 3.5 to conduct

all the experiments.
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5.4.1.3 Implementation

I implement the proposed approach based on OpenNMT [47]. After obtaining the dataset,
it is split to 80%, 10% and 10% for training, validation and testing respectively. Then,
the KeySet and UseSet are selected respectively. Next, the code and corresponding
comment pairs are inputted to the transformer-based model for training according to the
settings in Section 5.4.1.2. Subsequently, the trained model is obtained for the comment
generation task and conduct testing based on the model. Three widely-adopted estimation
metrics in the research area of natural language processing are utilized: BLEU [77],
METEOR [12], and ROUGE [58]. These metrics mainly calculate the similarity degree
between the generated natural language text and the ground-truth by measuring the
frequency of the tokens occurrence in both of them from different aspects. As comment
generation is also a text generation task in which the natural language words composed
the output, thus these metrics are adopted to assess the accuracy of the generated code
annotation. Particularly, the most famous famous evaluate metric adopted in the natural
language generation task, BLEU, estimates the n-gram accuracy by comparing with a
few reference sentences. METEOR considers the stemming and synonymy matching
and estimates the extent to which the results grab the content based on the references.
ROUGE-L calculates the similarity in sentence level by matching the longest common

sequence between two text sequence.

5.4.2 Analysis of the Result

In this section, the experimental results is presented in Table 5.2 and then I analysis
the results through the following research questions. Table 5.2 demonstrates the results
of method and parameter comment generation of all the pre-described approaches in
terms of the selected metrics. Note that to evaluate the parameter comment generating
performance, I also use the pairs of ( code snippet, parameter comment ) as the input of
the sate-of-the-art approaches to train their model to generate parameter comment for
comparison. Besides, as the parameter comment begins with “@param”, to evaluate the
performance of the actual content about the generated parameter comment, I calculate
the value of the selected metrics by discarding “@param”.

RQ1: What’s the effectiveness of the proposed approach compared to the
state-of-the-art approaches? From the result shown in Table 5.2 we can observe that
while the compared approaches achieve the performances from 9.0% to 39.2% for the

method comment generation and 7.0% to 19.5% for the parameter comment generation
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Table 5.2: Code summarization results comparison with Baselines.

Approaches BLEU | ROUGE-L | METEOR | Precision
Method comment
CodeNN 13.5 40.17 15.12 55.23
CoaCor 13.1 41.5 16.09 50.92
TL_CodeSum 17.7 40.31 16.89 45.73
Rencos 32.1 50.26 24.15 54.97
CodeNNpy 16.3 36.05 15.65 49.31
CoaCorpy 19.9 40.9 18.9 48.37
TL_CodeSumpy | 28.7 42.432 21.64 46.27
Rencospy 414 54.78 29.76 58.81
TranS3yqse 38.83 44.42 23.89 47.81
TranS3.opy 38.86 44.14 23.58 48.05
TranS3py 47.31 54.77 30.64 59.18
TranS3 47.12 54.69 30.49 58.80

Parameter comment

CodeNN 8.01 28.00 11.62 40.43
CoaCor 11.3 34.28 14.39 40.77
TL_CodeSum 16.8 33.69 15.71 36.74
Rencos 19.5 34.48 16.83 37.25
CodeNNp4 14.6 35.55 14.74 52.37
CoaCorpa 19.8 46.05 19.79 52.65
TL_CodeSumpy | 32.3 49.37 25.12 51.83
Rencospa 36.8 49.83 27.17 51.00
TranS3pqse 4335 | 56.65 34.58 72.33
TranS?,.p, 46.73 | 58.23 36.58 74.05
TranS3pa 55.38 | 68.63 41.47 78.12
TranS3 56.59 |  69.74 42.62 77.23
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from the aspect of BLEU, TranS? can approximate 47.12% and 56.59% respectively. In
particular, consider the method comment generation, TranS? can surpass the existing
state-of-the-art approaches from 20.20% to 80.90% from the aspect of BLEU. This re-
sult can determine the outstanding of TranS?. First, the programming-analysis-based
UseSet and KeySet selection can obtain the main semantic information of the parame-
ter usage and the code snippet intent and discard the unimportant information which
may add noise to the comment generation model. Second, the self-attention mechanism
that adopted in transformer can also contribute to the performance improvement because
the adopted self-attention mechanism can grab the influences of overall sequence on
all the tokens of the selected UseSet and KeySet for better showing the semantics of
the inputs and thus can optimize the language model weights. Besides, for the param-
eter comment generation, TranS? can achieve better performance compared with the
baselines from 65.54% to 85.86% from the aspect of BLEU, which further prove the

effectiveness of the proposed approach.

RQ2: What is the effectiveness of the main components of the proposed ap-
proach? Two main components of the proposed approach are (1) programming-analysis-
based UseSet and KeySet selection and (2) copy-attention-integrated transformer. To
explore the effectiveness of them, different experiments are designed. First, the proposed
approach with different components are based copy-attention-integrated transformer,
while in the state-of-the-art RNN/LSTM-based approaches, RNN or LSTM is utilized.
From the results we can observe that except Rencos which is not a simple RNN/LSTM-
based approach for it retrieves the similar code snippets that can provide more infor-
mation for comment generation, the proposed approach with different components can
always outperform the RNN/LSTM-based approaches consider both method comment
and parameter comment generation. This result comparison proves that the adopted
copy-attention-integrated transformer is a effective component for comment generation.
To verify the effectiveness of the proposed programming-analysis-based UseSet and
KeySet selection component, it is first integrated with the sate-of-the-art deep-learning-
based approaches, i.e. CodeNNpa, CoaCorpa, TL_CodeSumps and Rencosp, in Table
5.2. From the results we can observe that the performance of TL_CodeSump and Ren-
cospa can be improved consider method comment generation and the performance of all
the approaches can be improved observably consider the parameter comment generation.
On the other hand, the proposed complete approach, i.e., TranS?® and TranS3p4 who
also utilizes the programming-analysis-based selection component also outperform the

approach without the programming-analysis-based selection component dramatically
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for both method comment and parameter comment generation. These results verify that
the proposed programming-analysis-based UseSet and KeySet selection component can
really retain the main semantic information of the code snippets for comment generation
and filter the useless information to avoid add noise to the comment generation model
that will influence the performance. It is mainly because that the statement selection
component can choose the most important statements which include more semantic
information about the intent of the source code, and it discards the useless statements
which may be noise information for comment generation. On the other hand, the copy-
attention-integrated transformer can learn the semantic information of the source code
as the self-attention mechanism can learn the input information (the source code) better

and the copy mechanism can help generate the words that is rare.

5.5 Threat to Validity

For the proposed approach and the results, there are several threats to validity, which are
described as below. The first threat to validity is that I only consider the dataset of java
source code to estimate the proposed framework. Although Java is not representative
of all other programming languages, the adopted java dataset is large enough to prove
the effectiveness of the proposed model. Besides, TranS? can be used to the generation
of comment for other programming languages easily. Secondly, it can be inadequate
to only rely on the limited number of token-counting-based metrics to fully evaluate
the effectiveness of TranS3. To reduce this threat, I first adopt multiple evaluation
metrics, i.e., BLEU, METEOR, ROUGE, and Precision to estimate the quality of the
generated code comments. The result that TranS? significantly outperforms other
compared approaches under all the selected metrics indicate that TranS? is able to

generate high-quality code comments.

5.6 Conclusion

In this work, I propose a transformer-based neural network model which combines
programming analysis and transformer-based neural machine translation model for both
method comment and parameter comment generation. Specifically, to abstract the main
semantic information and discard the useless noise information for the dual tasks, it
first designs a programming-analysis-based component to extract use statement set of

the parameter (UseSet) and the important statement set in the code snippet (KeySet)
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for code representation. Next, the copy-attention-integrated transformer based NMT
(Neural Machine Translation) framework is utilized for both the method comment and
parameter comment generation to provide complete java documentation for the code
snippets. To estimate the performance of the the proposed approach, a set of experimental
studies are performed, where the results prove that the proposed approach can achieve

better performance significantly compared with the baseline approaches.
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6.1 Conclusion

Code summarization generate the annotation of source code automatically by utilizing
different techniques, such as, information retrieval, deep learning. Recently, with the
development of deep learning and its widely utilization in different areas, neural ma-
chine translation structure has been introduced to the research of code summarization.
However, due to the special grammar and syntax structure of the programming language
and various shortcomings of different deep neural networks, the accuracy of the existing
code summarization approaches is not high enough for practical application. Thus, the
research on the representation of the source code and the improvement of the neural net-
work have attracted more and more attention. Considering this status, this paper mainly
propose three code summarization approaches: 1) The DRL-guided code summarization
via hierarchical attention; 2) A Transformer-based Generative Adversarial Network
framework for universal code summarization; 3) On semantic-rich code summarization
by vital code and Transformer-based model. The main research work of this paper are as
follows.

The comment generation based on DRL and hierarchical attention.

Through introducing different representations of the source code which includes the
plain text, the sequenced abstract syntax tree and the sequenced control flow graph, this
work proposes the first hierarchical-attention-based approach to show the hierarchical

structure of source code by utilizing the attention mechanism at the statement level
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and token level respectively. When constructing the code representation, this approach
pays “attention” to tokens and statements to obtain the hierarchical structure of the
source code. To estimate the effectiveness of the proposed approach, comprehensive
experiments are conducted based on the collected real-world java dataset, and the results
prove that the proposed approach can outperform competitive baselines according to

multiple commonly utilized metrics.

A Transformer-based Generative Adversarial Network framework for uni-
versal code summarization. It proposes to utilize the generative adversarial network
framework based on transformer for universal code summarization by injecting the
syntactic structure of the source code in this work. Specifically,it first builds a univer-
sal hierarchical semantic (UHS) model for reflecting the hierarchical semantics of the
source code for multiple programming languages. Accordingly, it further constructs a
tree-transformer for encoding the derived source code representation. Furthermore, it
utilizes the GAN framework by adopting the tree-transformer based neural machine
translation model as its generative model. The discriminator model is utilized to feed
back a reward to the generative model iteratively to tune the generator to improve the
accuracy of the generated comment. We conduct a set of experimental studies under
multiple mainstream high-level programming language datasets (Python, Java and C#)
to estimate the performance of the proposed approach, and the results suggest that the
proposed approach can achieve better result compared with several existing approaches.
Besides, a few of case studies are performed by issuing the comment generated by the
proposed approach to the developers to ask for their feedback. As a result, none of the

feedback are negative.

On semantic-rich code summarization by vital code and Transformer-based
model. This work proposes a transformer-based neural network model which combines
programming analysis and transformer-based neural machine translation model for both
method comment and parameter comment generation. Specifically, to abstract the main
semantic information and discard the useless noise information for the dual tasks, the
proposed approach first designs a programming-analysis-based component to extract use
set of parameter (UseSet) and the important statements in the code snippet (KeySet)
for code representation. Next, the copy-attention-integrated transformer based NMT
(Neural Machine Translation) framework is utilized for both the method comment and
parameter comment generation to provide integrity java documentation for the code
snippets. A few of experimental studies are conducted to estimate the performance of the

proposed approach, where the obtained results prove that the proposed approach can
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achieve better performance compared with the existing approaches dramatically.

6.2 Future Work

With the development of Deep Learning technique, the research focus on deep-learning-
based code summarization will still be a research hotpot in the future. This paper
only proposes three code summarization approaches considering different features for
different special scenes. Although some achievements have been obtained, there is still
room for future improvement, which need more comprehensive research in the future.
The main research focus in the future are concluded as follows.

The accuracy. Till now, the accuracy of the existing code summarization approaches
is still very low for practical application. Thus, more attention should be paid to this
issue.

Explainability. As the deep-learning-based approaches have shown high accuracy
compared to the template-based approaches and the information-retrieval-based ap-
proaches, thus more attention will be paid to this direction. However, as I know, the
deep neural network is just like a black box, the working mechanism inside it is still
unexplainable. Therefore, more attention should be paid to the research about the ex-
plainability of code summarization, which is also a research hotpot in the deep learning
area. Besides, the solving of this problem can help us explore more effective approach for
code summarization.

Domain specific language. Considering the particularity of programming language
and the syntax diversities of different programming languages, thus in the future, a
universal code summariztion approach can be researched by introducing a domain
specific language (DSL), which can translate source code in different programming
languages to the defined DSL, and then a code summarization model can be used to
obtain the source code comment. This DSL can be explored as the bridge between natural
language and different programming languages, based on which the universal code
summarization approach can be obtained for different programming languages.

The evaluation metric. As the generated comment is natural language sentence,
all research utilize the natural language process evaluation metrics (like BLEU, METER,
ROUGE) to evaluate the accuracy of the results. However, as the particularity of the
code summariztion task, the generated comment obtained low BLEU score may also
can describe the intent of the source code completely. For example, some projects or

programmer may have their own comment styles by which some special words are
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added which may be useless for the understanding of the source code, while the general
comment generation approach cannot generate these words for special style.

Analyse the incorrectness for better solution. Another research direction can
pay attention to the analysis of the incorrectness of the generated comment. I have
conducted some analysis and categorised the incorrectness into four types: 1) Inconsistent,
2) Missing phrases, 3) Redundant (duplicated words), 4) Grammar mistakes (broken
sentences). Then, I try to identify the root causes of different incorrectness by examining
the source code, which will be helpful for looking for solutions to different problems.

Applying to other topics in software engineering. As code summarization has
achieve certain performance, we could apply the results and technique for more further
research in the software engineering area. For example, code search, code generation. For
code search, we can utilize the generated code comment as auxiliary information of the
code snippet for retrieval. Besides, the research about different code representations can
be utilized directly. For the code generation task, as it is the dual task of the comment
generation task, we can utilize the explored comment generation framework to solve the
code generation problem.

These are the future research direction according to my thought according to my
research experience on code summarization. Furthermore, with the development of
different techniques and more in-depth research on code summarization, the future

research direction and focus will become clearer and clearer.
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