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Abstract

In this thesis we discuss the applicability of Al-based natural language process-
ing (NLP) to the prediction of source code changes. The NLP is a promising
research area in which the AI technology can be applied. In particular, BERT
(bidirectional encoder representations from transformers) is one of the most suc-
cessful NLP models, is based on the concept of embedding in which tokens are
mapped into a vector space. For a variety of NLP tasks such as language transla-
tion, the embedding-based approach has offered the good performance compared
to the conventional approach without embedding. In this thesis, we consider
how to use the embedding-based model in the analysis of software repository.
Specifically, as training data, we will prepare source code written in the Java
language collected from Github and a mapping of the number of changes per
token that make up the source code. It will be divided into training data and
verification data. Then, the source code for the training data is trained to pre-
dict the number of changes per token in the source code using CuBERT, BERT,
and the conventional model as input. Predictions are made on the validation
data and a comparison of prediction accuracy shows that CuBERT outperforms
the prediction accuracy of the other models. the task of predicting the number
of source code changes, and conducts experiments to get answers for the fol-
lowing three questions: (i) the effect of pre-training of the embedding models,
(ii) fine-turning vs. transfer learning in the embedding models, and (iii) how to

extend the limit of input token lengths in the embedding models.
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Chapter 1

Introduction

Recently, agile development has been much popular in software development.
The agile development is the development style in which software is developed
with small cycle consisting of building and testing phases. In the agile devel-
opment, refactoring is one of the most important activities to develop the high
quality software. The refactoring is a technique for restructuring and rewriting
software codes without any change on their interfaces. Therefore, we observe
the frequent changes of source codes on the agile development.

On the other hand, the frequency of source code changes is available as the
metric to check the health condition of software development. As is well known,
such changes frequently occur in the early phase of software development, be-
cause user requirements and associated software architectures are not stable in
the early phase. Also, it can be seen that the frequency of source code changes
gradually decreases as the software is matured. This phenomenon is similar to
the software reliability growth, i.e., the phenomenon that the number of detected
bugs decreases as the software testing is elapsed in the traditional water-fall-
type software development. In the traditional software reliability engineering,
researchers have discussed on the trends of the number of bugs detected in
testing process with statistical models [1, 2], and have evaluated the quality of
software products statistically. This implies that, even in the agile development,
we obtain statistical information on the quality of software products from the

empirical data of the number of source code changes.

Popular analyses on the number of bugs are the fault-prone module predic-

tion [3] and the bug prediction [4]. The fault-prone module prediction is the
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problem to determine a software module that is expected to involve software
bugs, and the bug prediction is to estimate the number of software bugs involved
in the software. The fault-prone module prediction and the bug prediction
belong to the discriminant and regression problems in statistics, respectively,
whose input variables are given by software metrics. The software metrics are
quantitative values to summarize the characteristics of software such as the lines
of code and complexity. However, in practice, it is difficult to determine the best
software metrics for bug analyses. In addition, there is no good practice on what
metrics should be measured to improve prediction accuracy.

Apart from programming languages, in the area of natural language pro-
cessing (NLP), there have been drastic improvements with machine learning
techniques. In particular, BERT (bidirectional encoder representations from
transformers) is one of the most successful NLP models in a variety of tasks
such as language translation. A key point of BERT is the technique of em-
bedding in which tokens are embedded into the vector space numerically. This
concept enables us to skip the procedure of extracting and choosing good met-
rics, and is expected to be useful to analyze programming languages. In fact,
Kanade et al. [5] discussed the embedding-based NLP model, called CuBERT,
which is BERT whose pre-training used program source codes. CuBERT out-
performed the previous models in five classification tasks and one modification
task for source codes. This implies that it is effective to use the data collected
from the target domain in pre-training. However, there still remains a question
this is always to be effective.

This thesis attempts to discuss the applicability of NLP models for the bug
prediction task, i.e., BERT and CuBERT can be applied to predict the number
of bugs from source codes directly. This thesis considers the following research

questions:

1. How effective is the embedding approach for the bug prediction
task?
First of all, we reveal how effective are BERT and CuBERT for the pre-
diction of the number of bugs compared to the conventional metrics-based
regression approach. In addition, by comparing BERT and CuBERT in

terms of prediction accuracy, we discuss how effect the pre-training data



is improved.

2. Which is the best approach for the re-training; fine-turning or
transfer learning?
Second, we investigate the difference between fine-turning and transfer
learning. Both approaches are commonly used for the model to fit the
specific task from the pre-trained model. However, the best practice to
choose the appropriate approach is still unknown. Through the bug pre-

diction task, we try to get an answer for this question.

3. Which is the appropriate model; linear regression or Poison re-
gression?
Traditionally, the bug prediction has two different models; linear regres-
sion and Poisson regression. Empirically, Poisson regression is known to
be superior to linear regression in the task of bug prediction. However, we

do not know whether it still holds in the embedding-based model.

4. How to extend the limit of input tokens?
The weakness of BERT-like model is a limitation for the size of input
tokens. That is, we have to consider some modifications to handle the long
sentences. In particular, compared to the sentence with natural language,
programs have long-range dependency that a token is affected from a far
token. Therefore, it is more meaningful to discuss how to extend the

limitation of input tokens.

Experimental results showed that the NLP model outperformed the Conven-
tional Model. The results also showed that the NLP model outperformed the
Conventional Model in the task of predicting the number of changes per token
in the source code, with CuBERT as the model, Fine-Tuning as the training
method, and Poison Regression as the Regression method. The results also show
that CuBERT can perform the regression and classification tasks with the same
accuracy as when similar experiments were performed on methods for both the
regression and classification tasks.

The organization of this thesis is as follows: Chapter 2 describes BERT and
CuBERT. In Chapter 3, we compare the accuracy with the NLP model on the

task of predicting the number of changes per token in the source code and show
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the superiority of the NLP model. In Chapter 4, we examine how CuBERT
handles source code with a number of tokens that exceeds the input limit, and
perform regression and classification tasks to see how well it works. Chapter 5

summarizes this thesis and discusses future issues.



Chapter 2

Related Work

2.1 BERT

Natural language processing (NLP) is one of the most developed research fields
in recent years. In fact, a well-known NLP model, BERT (Bidirectional Encoder
Representations from Transformers), uses deep learning techniques to extract
important features from raw text data. In particular, an important feature in
NLP models is what is called attention, which is the part of understanding the
meaning of text.

Because BERT’s architecture is based on Transformer[6], which is different
from time series models such as recurrent neural networks (RNNs), BERT es-
sentially generates a fixed-size vector sequence from a fixed-size input sentence
BERT basically generates a fixed-size vector sequence from a fixed-size input
sentence.

The training of BERT consists of the following two tasks:

e The masked language model (MLM): First some works on an input sen-
tence are replaced by the special token [MASK]. BERT trains to predict
what are the original words for the masked ones from the context of sen-

tence. For instance, consider the following sentence:

This morning he had breakfast.

The training data is generated by replacing randomly selected words with

[MASK], e.g.,
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This morning he [MASK] breakfast.

BERT trains to guess the original words only from the words before and
after the masked words. In MLM task, for a selected word, it is replaced by
[MASK] with the probability 0.8 and is replaced by a another randomly
selected word with the probability 0.1. Otherwise, it remains with the
probability 0.1.

e The next-sentence prediction (NSP): Consider two sentences which are
separated by the special token [SEP]. BERT predicts whether there is a
semantic connection between the two sentences or not from the context of

two sentences. For example, consider the following sentences:

[CLS] I [MASK] to a bookstore.
[SEP] There I bought three books.

There is a semantic connection between the above two sentences. On the
other hand, it is clear that there is not a semantic connection between the

following two sentences:

[CLS] I [MASK] to a bookstore.

[SEP] People are mammals.

BERT learns to predict the semantic connection between them as the
discriminant problem. The training data are organized in which 50% are
positive examples, i.e., two sentences have a semantic connection, and
the remaining 50% are negative examples, i.e., there is not a semantic
connection. Also, [CLS] is the special token to express the beginning of

sentence.

Pre-trained with MLM and NSP tasks, BERT achieves text embedding.
Text embedding is a technique that converts the meaning of each text into a
vector representation, and by performing operations, it is possible to compute
the semantic similarity between two sentences. In addition, these tasks can be
fine-tuned for downstream supervised tasks and can produce high accuracy in

many natural language processing tasks.
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2.2 CuBERT

CuBERT is a natural language processing model based on BERT. As with
BERT, the pre-training tasks are MLM and NSP as described above; while
BERT learns a large natural language corpus, CuBERT learns a large source
code corpus. Therefore, we can say that CuBERT achieves source code embed-
ding. In this thesis, we use this pre-trained CuBERT. Within the CuBERT[5],
CuBERT is trained on a large amount of source code to achieve high accuracy in
source code embedding; to evaluate CuBERT’s accuracy, five classification tasks
and one program modification task are performed and the results are compared
to other models. The comparison shows that CuBERT outperforms all models
even with short training time and few labeled problems.CuBERT is a 24-layered
model with 16 attention heads and 1024 hidden units.






Chapter 3

Experiments on Methods

Until now, the number of lines of code and complexity of source code have
been mainly used as software metrics for bug prediction, such as predicting the
number of changes to source code. However, it is difficult to determine the
best software metrics for bug prediction. In addition, there is no good practice
on what metrics should be measured to improve prediction accuracy. On the
other hand, in recent years, there has been a lot of research on understanding
and improving source code based on machine learning techniques developed
in natural languages. Among them, BERT is a very popular NLP (natural
language processing) model that has achieved good results in various natural
language processing tasks; CuBERT has been shown to have excellent accuracy
in various classification tasks in CuBERTI[5]. Therefore, in this chapter, we
perform the task of predicting the number of changes per token in source code
using NLP models (BERT and CuBERT). We compare the results with those
obtained using the number of lines of code and the number of if statements
in the source code, which are used in conventional prediction, and show the
superiority of CuBERT. In doing so, we will also compare several CuBERT
training methods and loss functions to identify the optimal combination for this

task.

3.1 The Task of Predicting The Number of Changes
Per Token of Source Code

This section describes the task of predicting the number of changes per token

of source code. The smallest unit of a string in a source code that cannot be

9
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further divided is called a token. A method is modified for reasons such as
modification, addition, or deletion of source code. The number of changes is
divided by the number of tokens constituting the method to obtain the number
of changes per token for the method. This prediction per token is performed in
this task. Methods here include not only instance methods and class methods

within a class, but also a series of processes. An example of a method is shown

CHAPTER 3. EXPERIMENTS ON METHODS

in 3.1. The details of the data are described in A.

method

public abstract class AbstractCoapClaimJsonDeviceTest extends AbstractCoapClaimDeviceTest {

@Before

public void beforeTest() throws Exception {
super.processBeforeTest("Test Claim device Json", CoapDeviceType.DEFAULT, TransportPayloadType.JSON);

createCustomerAndUser () ;
1

QAfter

public void afterTest() throws Exception {
super.afterTest();
i

@Test

public void testClaimingDevice() throws Exception {
super.testClaimingDevice();
i

@Test

public void testClaimingDeviceWithoutSecretAndDuration() throws Exception {
super. testClaimingDeviceWithoutSecretAndDuration();

Figure 3.1: Example of method
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3.2 Code Corpus for Source Code Change Count
Prediction Task

The task of predicting the number of changes per token of source code uses Java
files on Github, where classes must be defined and code is written within those
classes. The 200 methods that make up each Java file are used in the source
code change count prediction task. Of these, 150 are used as training data and

50 as validation data.

3.3 Source-Code Tokenize

The smallest unit of a string in a source code that cannot be further divided is
called a token, and the process of dividing a source code into tokens is called
tokenizing. The tokenization rules used in this study are based on the standard

Java tokenizer.

Using the SubwordTextEncoder from the Tensor2Tensor project[7], the pro-
gram vocabulary is compressed with the subword vocabulary [8]. Every word
in the program vocabulary can be encoded using one or more subword tokens.
Encoding refers to the conversion of each token into a vector representation. As
mentioned above, we first tokenize the source code into tokens and then encode
those tokens one by one into the subword vocabulary. The purpose of encoding
in subword tokens is to account for the syntactically meaningful bounds of the

token.

3.4 CuBERT for Predicting the Number of Source
Code Changes

The model created to perform the task of predicting the number of changes per
token in the source code by CuBERT is a model with 24 layers with 16 attention
heads and 1024 hidden units, CuBERT, and an additional Linear layer in the
output layer. The value passed to the Linear layer is the value of the [CLS]

token.
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public void addGroup(String groupname) {
User user = (User) this.resource;
if (user == null) {
return;
+
Group group = user.getUserDatabase().findGroup(groupname);
if (group == null) {
throw new IllegalArgumentException(sm.getString(*'userMBean.invalidGroup", groupname));

user.addGroup(group);

‘<—— Tokenize

‘void add"Gréup (Stringgroupname) {Useruser=(User)this.resource;if(user==null){return;}Groupgroup=user.get~UserD
atabase().find"Group(groupname); if (group==null) {thrownew~Illegal~Argument~Exception(sm.get~String("~user"M*Bean".”
invalid~Group~",groupname));}user.add~Group(group);} ___EOS__ ',

‘4-— Encode

[51,16,89,281,16,19,7907,6570,113,20,16,25,8327,491,27,...,0,0,0,0,0,0]

Figure 3.2: A sequence of tokenize and encode

3.5 Baselines

3.5.1 BERT

The structure of the model created for the task of predicting the number of
changes per token in the source code by BERT is the same as the CuBERT
model described above: BERT, a model with 24 layers with 16 attention heads
and 768 hidden units, and a Linear layer added to the output layer. The value
passed from BERT to the Linear layer is the value of the [CLS] token. In this

thesis, we use BERT, which has been pre-trained with English documents.

3.5.2 Conventional model

The conventional model uses four explanatory variables to predict the number
of changes per token in the source code. Specifically, they are the number of
tokens comprising a method, the number of if statements, the number of loops,
and 1. 1 is a parameter for adjustment. The structure of the model is one

Linear layer.

3.6 Learning Method

In this experiment, CuBERT and BERT use pre-trained models. Therefore,

we will compare and verify whether Fine-Tuning or Transfer Learning is more
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suitable for the task of predicting the number of changes per token of source

code.

3.6.1 Fine-Tuning

Fine tuning is a method of adding new layers to a pre-trained model and re-
training the entire model. Because Fine-Tuning is a method of reusing a pre-
trained model, it does not require training from scratch, thus reducing compu-
tation time. In the task of predicting the number of changes per token in the
source code using Fine-Tuning as the learning method in this thesis, a linear
layer is added to the pre-trained CuBERT and BERT, and the entire model is

trained by Fine-Tuning.

Retraining the parameters of the entire model

|

pre-trained model
(Output layer has been
removed)

Y [
CuBERT or BERT Linear

Figure 3.3: Schematic of Fine-Tuning

3.6.2 Transfer Learning

Transfer learning is a method in which the parameters of a previously trained
model are not relearned, but only the parameters of the added layer are learned.
By using a model that has already been trained with a large amount of high-
quality data, Transfer Learning can create a highly accurate model with only
a small amount of data. In the task of predicting the number of changes per
token of source code using Transfer Learning as the learning method in this

thesis, the Linear layer is added to the pre-trained CuBERT and BERT as in
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Retraining parameters for the Linear layer only

(\

pre-trained model
(Output layer has been
removed)

[ [
CuBERT or BERT Linear

Figure 3.4: Schematic of transfer learning

the Fine-Tuning model above, and the parameters of CuBERT and BERT are
The parameters of CuBERT and BERT are not updated during training, but

only the parameters of the Linear layer are updated.
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3.7 Loss Function

In this thesis, we compare two loss functions for the task of predicting the
number of changes per token of source code, MSE (Mean Squared Error) and
the negative value of the log-likelihood function of Poison regression (hereinafter

called Poison Loss), and evaluate which is more suitable for this task.

3.7.1 MSE(Mean Squared Error)

MSE (Mean Squared Error) is a basic loss function that is often used to make
regression predictions using machine learning models. MSE is a function that
calculates the square value of the ”difference between the predicted value and
the correct value (=error)” for each data, and outputs the value (=average
value) obtained by dividing the sum by the number of data, which is expressed

by the following formula
1 m—1
MSE=— 3% (yi —)° (3.1)
i=0

where y; is the number of actual source code changes and y; is the model’s
prediction. The smaller this value, the smaller the model is, the smaller the

error. The MSE was used as the evaluation function for the experiment.

3.7.2 Poison Loss

Here we introduce the bug prediction model with software metrics based on the
Poisson regression [9]. They assumed that the probability mass function of the

number of bugs in the software follows

P(y =) = L exp(-g(a) (32

where x is a vector of software metrics and £(-) is called a link function. Gen-
erally, in the context of Poisson regression, the link function is given by an

exponential function, namely,

log§(x) = fo + B, (3-3)

where (8y, 3) are regression coefficients that are the parameters to be estimated
from data. Let (y;, ;) be observed data, i.e., a tuple of the number of bugs

and the software metrics of corresponding software. Based on the maximum
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likelihood (ML) estimation, the coefficients can be determined by maximizing

the log-likelihood function:
m
L(Bo,B) = (yilog&(m:) — yi! — &(m1)) - (34)
i=1
Alternatively, we find the parameters minimizing the following loss function:

L(Bo, B Z yilog&(x;) — &(x;)) - (3.5)
1=1

3.8 Trainig Details

This thesis examines which of three items, machine learning model (CuBERT,
BERT, Conventional model), its learning method (Fine-Tuning, Transfer Lean-
ing), and loss function (MSE, Poison Loss), respectively, are suitable for the
task of predicting the number of changes per token of source code.

This section describes the task of predicting the number of changes per token
in the source code with CuBERT as the model and Fine-Tuning as the learning
method.The model consists of CuBERT and two Linear layers. CuBERT is used
as the feature extractor to extract the value of the [CLS] token.The number
of hidden units in the two Linear layers is (1024,50).When the loss function is
Poison Loss, the output value is calculated by exp(exponential) and the value is
returned.The output dropout probability between Linear layers is 0.1 and the
learning rate is 2 x 1075.AdamW was used as the optimizer throughout. The
batch size was 2 and the number of epochs was 10 and 20. This configuration
is the same whether the loss function is MSE or Poison Loss.

Describe the task of predicting the number of changes per token in the
source code with CuBERT as the model and Transfer Learning as the learning
method.The model consists of CuBERT and two Linear layers. CuBERT is used
as the feature extractor to extract the value of the [CLS] token.The number
of hidden units in the two Linear layers is (1024,5). When the loss function is
Poison Loss, the output value is calculated by exp(exponential) and the value is
returned.The output dropout probability between Linear layers is 0.1 and the
learning rate is 2 x 107°. AdamW was used as the end-to-end optimizer. The
batch size was set to 2 and the number of epochs was set to 10 and 20. This

configuration is the same whether the loss function is MSE or Poison Loss.
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This section describes the task of predicting the number of changes per token
in the source code with BERT as the model and Fine-Tuning as the learning
method. The model consists of BERT and two Linear layers. BERT is the
default configuration of the BERT Large model, which has 512 tokens that can
be input. CuBERT is a 24-layer model with 16 attention heads and 768 hidden
units, and and returns the value of the [CLS] token as output. It has 768
dimensions. Therefore, the number of hidden units in the two Linear layers is
(768,50). When the loss function is Poison Loss, the output value is computed
exp(exponential) and the value is returned. the output dropout probability
between Linear layers is 0.1 and the learning rate is 2 x 107%. AdamW is used
as the optimizer throughout. The batch size was set to 2 and the number of
epochs was set to 10 and 20. This configuration is the same whether the loss

function is MSE or Poison Loss.

This section describes the task of predicting the number of changes per
token in the source code with BERT as the model and Transfer Learning as the
learning method. The model consists of BERT and two Linear layers. CuBERT
is used as the feature extractor to extract the [CLS] vector, and the number
of hidden units in the two Linear layers is (768,5). When the loss function is
Poison Loss, the output value is computed exp(exponential) and its value is
returned. the output dropout probability between Linear layers is 0.1 and the
learning rate is 2 x 107°. AdamW is used as an optimizer throughout. The
batch size was set to 2 and the number of epochs was set to 10 and 20. This

configuration is the same whether the loss function is MSE or Poison Loss.

This section describes the task of predicting the number of changes per token
in the source code using the Conventional model. The model consists of one
Linear layer. Regression is performed with the number of tokens in the source
code, the number of if statements, the number of loops, and the adjustment
parameter 1 as explanatory variables. When the loss function is Poison Loss,
the output value is calculated by exp(exponential) and the value is returned.
The learning rate is set to 2x107°. AdamW is used as the optimizer throughout.
The batch size was set to 2 and the number of epochs was set to 10 and 20.

This configuration is the same whether the loss function is MSE or Poison Loss.
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3.9 Experimental Results

The following experimental results show that for the task of predicting the
number of changes per token of source code, the best accuracy is achieved when
the model is CuBERT, the learning method is Fine-Tuning, and the loss function

is Poison Loss.

3.9.1 NLP vs. Conventional Model

The purpose of this analysis is to determine if NLP is useful in the task of
predicting the number of changes per token of source code. The results are
shown in Table 4.2.

The results show that CuBERT outperforms BERT’s MSE score of 0.874 and
the Conventional model’s MSE score of 0.877 in this task. Thus, experiments
show that CuBERT is more effective than BERT and the Conventional model
in the task of predicting the number of changes per token of source code.

When focusing on the number of epochs in each model, we see that even 10
epochs of forecasting using CuBERT is as good as or better than 20 epochs of

the other models.

3.9.2 Fine-Tuning vs. Transfer Learning

Here we discuss the learning method from table 4.2. In the prediction results
using CuBERT in this task, the best score was 0.044 as a result of learning by
Fine-Tuning, and the best score was 0.821 as a result of learning by Transfer
Learning. Therefore, we can say that Fine-Tuning is a better learning method
than Transfer Learning for prediction using CuBERT in this task. On the other
hand, the prediction results using BERT showed a best score of 2.063 as a result
of learning by Fine-Tuning and a best score of 0.749 as a result of learning by
Transfer Learning. Therefore, we can say that Transfer Learning is a better

learning method than Fine-Tuning for prediction using BERT in this task.

3.9.3 MSE vs. Poison Loss

In this section, the loss functions are discussed. Figure 3.5 - Figure3.9 shows the
train loss per epoch for each model. The horizontal axis shows the number of

epochs and the vertical axis shows the value of loss for the train data; the value
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Table 3.1: Results of each model’s prediction of the number of changes per token of
source code.

Model Setting MSE
10 epochs | 2.833
MSE
. ) 20 epochs | 0.617
Fine-Tuning
) 10 epochs | 0.611
Poison
20 epochs | 0.044
CuBERT
10 epochs | 0.907
MSE
20 epochs | 0.888
Transfer Learing
. 10 epochs | 0.866
Poison
20 epochs | 0.821
10 epochs | 2.063
MSE
20 epochs | 2.175
Fine-Tuning
i 10 epochs | 2.428
Poison
20 epochs | 2.247
BERT
10 epochs | 0.918
MSE
) 20 epochs | 0.749
Transfer Learing
i 10 epochs | 1.643
Poison
20 epochs | 0.873
10 epochs | 0.958
MSE
20 epocs 1.159
Conventional Model
. 10 epochs | 0.921
Poison
20 epocs 1.124
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of loss is the value of MSE when MSE is used as the loss function and the value of
Poison when Poison Loss is used as the loss function. Figure3.5 shows the train
loss when CuBERT is trained by Fine-Tuning in the prediction of this task, and
Figure3.6 shows the train loss when it is trained by Transfer Learning. Figure3.5
shows the train loss when BERT is trained by Fine-Tuning, and Figure3.6 shows
the train loss when it is trained by Transfer Learning. Figure3.9 shows the train
loss of the Conventional model.

In this task, the accuracy of prediction using CuBERT is better when Poison
Loss is used as the loss function than when MSE is used as the loss function,
regardless of whether Fine-Tuning or transfer learning is used, as Table 4.2 shows
that the accuracy is better when Poison Loss is used as the loss function than
when MSE is used as the loss function. In addition, the train loss progress in
Fig.3.5 shows that when the learning method is Fine-Tuning, the convergence
of loss is stable as the number of epochs increases when Poison Loss is used
as the loss function. On the other hand, when the loss function is MSE, the
convergence of loss is not stable. When the learning method is Transfer Learing,
the loss convergence is not stable for both MSE and Poison loss functions, as
shown in 3.6.

In the prediction using BERT, it can be seen from the table 4.2 that the
accuracy is better when MSE is used as the loss function than when Poison
Loss is used as the loss function, regardless of whether Fine-Tuning or Transfer
Learning is used as the learning method. In addition, when Fine-Tuning is used
as the learning method, the loss does not converge stably regardless of whether
MSE or Poison Loss is used as the loss function, as shown in Fig.3.7. On the
other hand, when transfer learning is used as the learning method, the loss value
decreases as the number of epochs increases for both MSE and Poison Loss.

Table 4.2 shows that the accuracy is better when the Poison Loss is used
as the loss function than when the MSE is used as the loss function in the
prediction using the Conventional model. It can also be seen from Figure3.7
that the loss is stable and converges regardless of whether MSE or Poison is

used as the loss function.
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Chapter 4

Experiments on Class

In the thesis 3, the task of predicting the number of changes per token in the
source code that makes up the method was performed for various settings, and it
was found that the best model for this task was CuBERT), the training method
was fine-tuning, and the loss function was Poison Loss. The thesis CuBERT[5]
also performs various classification tasks on methods and shows that CuBERT
has superior accuracy compared to other models. The reason for using methods
as the target in these experiments is that CuBERT has a limit on the number
of tokens that can be entered. At the time of this writing, CuBERT is available
as open source software with input limits of 512, 1024, and 2048 tokens. No
attempts have yet been made to release source code with a number of tokens
that exceeds these input limits. Therefore, this chapter discusses how CuBERT
handles tokens that exceed the input limit. Specifically, we will apply methods
for handling sentences that exceed the token count limit in the field of natural
language processing, and verify through experiments whether these methods are
also effective for CuBERT, which handles programming languages.In general,
when preparing source code for CuBERT experiments, source code data is often
collected from Github. In addition, Github repositories often manage software
in units of files or classes. These files or classes generally consist of a number of
tokens that exceeds the input limit. Therefore, it is useful for CuBERT to be

able to handle source code with a large number of tokens.

25
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4.1 Consideration of how to handle classes using
CuBERT

CuBERT has a limit on the number of tokens that can be entered. However,
there is no standard approach for handling data with more tokens than the
limit. Therefore, we apply a method for handling sentences that exceed the
token limit in the field of natural language processing, and experimentally verify
whether the method is also effective for CuBERT for programming languages.
Two methods are commonly used in the field of natural language processing to
handle sentences that exceed the token count limit: The first method uses only
a portion of the sentence for the task. The second method is to split sentences.
Since this chapter performs tasks on source code, rather than natural language
sentences, these methods are applied to source code. First, consider which

method is more appropriate for this task.

4.1.1 Use part of the source code

A portion of the tokens that make up the source code should be input to Cu-
BERT so that they fall within the limit. As an example, this section describes a
method in which the number of tokens that can be input to CuBERT is counted
from the beginning of the source code and the number of tokens up to the limit

is used as input.

e How to use the tokens from the beginning to the limit as input:

Of the source code written with the number of tokens exceeding the limit,
the tokens from the beginning of the source code to the limit are considered
as input. An example is given in the following source code, where the input
limit for CuBERT is 512 tokens. If the end of the first 10 lines (or ; in the
following code) is the 512th token, then the first 10 lines are input and

the remaining 11 lines and beyond are not input.

Program 4.1: samplel.java

1 public abstract class AbstractCoapClaimJsonDeviceTest extends
AbstractCoapClaimDeviceTest {

2

3 @Before

4 public void beforeTest() throws Exception{



4.1. CONSIDERATION OF HOW TO HANDLE CLASSES USING CUBERT27

5 super .processBeforeTest ("Test Claim device Json",
CoapDeviceType.DEFAULT, TransportPayloadType.
JSON) ;

6 createCustomerAndUser () ;

7 }

8 OAfter

9 public void afterTest() throws Exception{

10 super.afterTest () ;

11 }

12 QTest

13 public void testClaimingDevice() throws Exception{

14 super . testClaimingDevice () ;

15

16 QTest

17 public void testClaimingDeviceSecretAnd() throws

Exception {

18 super.testClaimingDeviceSecretAnd();

19 }

20 }

This is the simplest method, but since only tokens from the beginning to
the limit can be entered into CuBERT, the source code beyond the limit

is not considered.

4.1.2 How to use the entire source code

This section introduces the method of splitting source code.

e Use each method as an input

The methods in the source code basically consist of a small number of
tokens. Therefore, the number of tokens constituting a method is within
the input limit of CuBERT. Therefore, the class is divided by the methods
that make up the class, and these are used as input to CuBERT.

For example, in the following source code, lines 4 to 7, 9 to 11, 13 to 15,
and 17 to 19 are methods, respectively. Enter each of these methods in

CuBERT.

Program 4.2: samplel.java

1 public abstract class AbstractCoapClaimJsonDeviceTest extends
AbstractCoapClaimDeviceTest {

©@Before
public void beforeTest() throws Exception{
super .processBeforeTest ("Test Claim device Json",
CoapDeviceType.DEFAULT, TransportPayloadType.
JSON) ;
6 createCustomerAndUser () ;

=W N

ot
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7 }

8 OAfter

9 public void afterTest() throws Exception{

10 super.afterTest () ;

11

12 Q@Test

13 public void testClaimingDevice() throws Exception{

14 super . testClaimingDevice () ;

15 }

16 QTest

17 public void testClaimingDeviceSecretAnd() throws
Exception {

18 super.testClaimingDeviceSecretAnd();

19 }

20 }

This method can consider the entire source code. However, CuBERT takes
a vector of Encoded tokens as input and outputs a vector of the result of
that calculation. Since these vectors correspond to each other on a one-to-
one basis, inputting CuBERT for each method will output a vector for the
number of methods. Therefore, it is necessary to consider how to handle

the resulting output.

In 4.1.1, we introduced a method to input and handle a part of the source
code into CuBERT. The method in 4.1.1 does not take into account the part of
the source code beyond the limit. Therefore, this method may not be suitable
for tasks that require information on tokens in the entire source code. On the
other hand, the method 4.1.2 can be used for many tasks because it can use
tokens of the entire source code. Therefore, this task uses the method of 4.1.2
to handle source codes with the number of tokens exceeding the input limit in
CuBERT. Classes are used as source code with the number of tokens exceeding
the input limit. Apply this method to classes and use CuBERT to perform
regression and classification tasks. Perform regression and classification tasks
using CuBERT on the methods as a baseline. Compare the results of each
task for classes and each task for methods, and confirm the effectiveness of the
method we have applied here, 4.1.2, as a method for handling source code with

a number of tokens that exceeds the input limit.
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4.2 Regression Task

In order to check the validity of the method of 4.1.2 to treat classes with Cu-
BERT, we perform the task of predicting the number of changes per token in
the source code of 3 chapters. Changes are made to a class because of source
code modifications, additions, deletions, etc. This number of changes is divided
by the number of tokens constituting the class to obtain the number of changes

per token for the class. This prediction per token is performed in this task.

4.3 Classification Task

To check the effectiveness of the 4.1.2 method of treating classes with CuBERT,
a Swapped Operand task is performed as a classification prediction task. The
Swapped Operand task is a task that recognizes the swapping of operands be-
fore and after a noncommutative binary operator. For example, consider the

following source code as a positive example.
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Program 4.3: sample2.java

1 public abstract class sample2 {

2 public static void main(String[] args){
3 double a=0.0;

4 double b=2.0;

5 System.out.println(a/b) ;

6
7

}

Operands refer to a and b in the above source code. As a negative example,
the following is a source code in which the operands a and b are replaced with

/ as a border.

Program 4.4: sample2Swap.java

1 public abstract class sample2Swap {

2 public static void main(String[] args){
3 double a=0.0;

4 double b=2.0;

5 System.out.println(b/a);

6 }

7

3

As shown in the example above, the Swapped Operand task prepares positive

and negative examples for a single source code and identifies them.

4.4 Code Corpus for A Method To Handle Per-
Class Source Code that Exceeds The Limit
of The Number of Tokens Using CuBERT

4.4.1 Code Corpus for Regression Task

The Regression Task uses Java files on Github as in Chapter 3.1. 74 Java classes
are used in this task. Of these, 52 are used as training data and 22 as validation
data. An example class is shown in 4.1. In addition, the source code is tokenized

using the same procedure as in chapter 3.2.

4.4.2 Code Corpus for Classification Task

The Classification Task uses Java files on Github as in Chapter 3.1. 130 Java
classes are used in this task. Of these, 97 are used as training data and 33 as
validation data. An example class is shown in 4.1. In addition, the source code

is tokenized using the same procedure as in chapter 3.2.
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class

31

public abstract class AbstractCoapClaimJsonDeviceTest extends AbstractCoapClaimDeviceTest {

@Before

public void beforeTest() throws Exception {
super.processBeforeTest("Test Claim device Json", CoapDeviceType.DEFAULT, TransportPayloadType.JSON);
createCustomerAndUser();

}

@After

public void afterTest() throws Exception {
super.afterTest();

@Test

public void testClaimingDevice() throws Exception {
super. testClaimingDevice();

}

@Test

public void testClaimingDeviceWithoutSecretAndDuration() throws Exception {
super.testClaimingDeviceWithoutSecretAndDuration();

}

Figure 4.1: Example of class

4.5 Model for Task
4.5.1 Model for Regression Task

This section describes the model created to perform the regression forecasting

task for the class. The created model consists of CuBERT and two Linear layers.

The following is a description of the series of processes performed by the model

created in this task. First, the class is divided into methods. Tokenize and

encode each method using the same rules as in3.3. CuBERT outputs a vector of

the number of methods, which is the result of the calculation. This is pooled by

max pooling and then the result is passed to the Linear layer. The number of

hidden units in the Linear layer is (1024,50). AdamW was used as the optimizer

from beginning to end. The batch size was set to 2 and the number of epochs

was set to 10. An image diagram of the series of processes is shown in Figure4.2.
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CuBERT
Max Pooling

Figure 4.2: Diagram of a series of processes performed by the model in the regression
task

4.5.2 Model for Classification Task

This section describes the model created to perform the classification task for
the class. The created model consists of CuBERT, one linear layer and one log
softmax layer. The series of processes performed by the model in this task are
the same as in the case of 4.5.1. The number of hidden units in the linear layer
is 1024, the output dropout probability between the linear layers is 0.1, and the
learning rate is 2'imes107°. AdamW was used as the optimizer throughout.
The batch size was set to 2 and the number of epochs was set to 30. An image

diagram of the series of processes is shown in Figure4.3.
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\ \

Log Softmax

Figure 4.3: Diagram of a series of processes performed by the model in the classifi-
cation and task

4.6 Baselines

4.6.1 Regression Task

In Chapter 3, the best accuracy in the task of predicting the number of changes
per token of the source code was obtained when the model was CuBERT, the
learning method was fine-tuning, and the loss function was Poison Loss, with an
MSE score of 0.044. The results of the task of predicting the number of changes
per token in the source code for this score and class using the Conventional
model were used as the baseline. To perform this task with CuBERT, we use
fine-tuning and Poison Loss as the learning method and the loss function, as

these were the most accurate in the experiments in chapter 3.

4.6.2 Classification Task

Perform a Swapped Operand task on a method. The results will be compared
with the results of the Swapped Operand task on the class. To perform this
task with CuBERT, the learning method is fine-tuning. The results of the
Swapped Operand task for methods using CuBERT showed an accuracy of
87.4371%. This score is used as the baseline when the Swapped Operand task is

performed on classes. In this experiment with methods, 794 Java files were used
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as experimental data, of which 595 were training data and 199 were validation
data. Also, the batch size is set to 4. Note that the number of experimental
data and batch size are different compared to the Swapped Operand task for

the class.

4.7 Experimental Results

The purpose of this experiment is to clarify whether CuBERT can handle source
code with a number of tokens that exceeds the input limit, such as classes, using
the 4.1.2 method. The following are the results of experiments on regression and
classification tasks that were conducted to confirm the effectiveness of the 4.1.2

method.

4.7.1 Regression Task

The MSE score was 0.054 after performing the task of predicting the number
of changes per token in the source code for the class using the method of 4.1.2.
The MSE score was 0.117 when this task was performed using the Conventional
model. The result of this task with the method of 4.1.2 is 0.01 lower than the
MSE score when the task of predicting the number of changes per token of the
source code was performed for the method, and is 0.063 higher than the MSE
score when this task was performed with the Conventional model. It is 0.063
higher than the MSE score when this task was performed with the Conventional
model. Thus, although the results of the 4.1.2 method are inferior to the results
of the task of predicting the number of changes per token of the source code for
the method, the experiments show that it is more effective than the conventional

model, which uses the conventional prediction method.
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Table 4.1: MSE score on the change prediction task per token of source code for
Classes and Methods.

Setting MSE
CuBERT
Fine-Tuning
Method 0.044
Poison
20 epochs

The Way of 4.1.2 0.054
Class

Conventional model | 0.117

Looking at the progress of train loss in Fig. 4.4, we can see that loss de-
creases with each increase in the number of epochs in both cases when this task
is performed for a class and when forecasting is performed using the method
described in 4.2.1 and the conventional model. Also, in both cases, the conver-
gence of loss begins to stabilize at approximately the same timing, and from the

third epoch onward, loss is stable and no longer decreases.

1812

0 2 4 3 8 0 5 10 15 0 5 0
(a) Train Loss of The Way of 4.1.2 (b) Train Loss of Conventional model

Figure 4.4: Graph of Train Loss in the task of predicting the number of changes per
token of source code for the class



36 CHAPTER 4. EXPERIMENTS ON CLASS

4.7.2 Classification Task

As a result of performing the Swapped Operand task on the class using the
method of 4.1.2, the Accuracy was 87.879%. In addition, as a result of per-
forming this task with the method as the target, Accuracy was 87.437%. The
result of this task using the method 4.1.2 is 0.342 higher than the Accuracy
obtained by performing the task of predicting the number of changes per token
in the source code for the methods. Note, however, that the number of epochs
was 10 when this task was performed for classes, whereas the number of epochs
was 1 when this task was performed for methods. Although it is necessary to
increase the number of training cycles to achieve the same level of accuracy as
Accuracy for the method-based task, the application of the 4.1.2 method to the

class-based task was found to be very effective in this task.

Table 4.2: Accuracy of the Swapped Operand task.

Setting Accuracy
CuBERT
Method Fine-Tuning 87.437%
1 epochs
The Way of 4.1.2
Class 87.879%
10 epochs

The train loss in Figure 4.2.1 shows that the loss decreases with the number
of epochs when this task is performed for the class. After the 16th epoch, the
loss is stable and does not decrease.

Below is a mixed matrix of the classification results in this task. In this task,
the Swapped Operand label is assigned to source code that includes operand
swapping, and the None label is assigned to source code that does not include
operand swapping. The mixed matrix shows that the task is able to classify
both methods and classes fairly well. Table4.3 shows the mixture matrix of the
classification results for this task for methods, and Table4.4 shows the mixture

matrix of the classification results for this task for classes.



4.7. EXPERIMENTAL RESULTS 37

35

5

20

Figure 4.5: Graph of Train Loss in this task for class

Table 4.3: Mixed matrix of classification results in the Swapped Operand task for
methods. Swapped Operand in table4.3 means the label of the source
code that includes operand swapping, and None means the label of the
source code that does not include operand swapping.

Swapped Operand | None

Swapped Operand 75 25
None 0 99

Table 4.4: Mixed matrix of classification results in the Swapped Operand task for

classes.
Swapped Operand | None
Swapped Operand 17 3
None 1 12







Chapter 5

Conclusion

In Chapter 1 of this thesis, we explained the importance of predicting the num-
ber of changes to source code and introduced the fact that until now it has not
been clear which software metrics should be used in such predictions. There-
fore, this thesis briefly introduces the recent use of CuBERT, a model based
on natural language processing models, for prediction, and how its accuracy
outperforms that of conventional models.

In Chapter 2, we briefly introduced the architecture and learning tasks for
BERT and CuBERT, the base of CuBERT.

In Chapter 3, we performed the task of predicting the number of changes per
token in the source code using CuBERT and compared its accuracy with that
of other models. In doing so, we also examined the learning method and loss
function to see which combination of model, learning method, and loss function
would be optimal for this task. From the experimental results, we confirmed
that the most suitable combination of CuBERT as the model, fine-tuning as the
learning method, and Poison Loss as the loss function for this task in terms of
accuracy and learning stability.

In Chapter 4, we explained that it is not clear how CuBERT handles source
code with a number of tokens that exceeds the input limit, and examined the
possibility of applying a method commonly used in natural language processing
models as a solution to this problem. We performed regression and classification
tasks using this method, and found that the accuracy of both tasks exceeded
the predictions of the baseline conventional method, or were nearly as accurate

as the experimental results of this task for the method.

39
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Future work will examine whether predictions can be made with high ac-
curacy for time-series data as well. As mentioned in chapter 1, changes in the
source code will transition over time. In the early stages of development, many
changes are made, but in the later stages, the frequency of changes decreases
as the software matures. In this thesis, the source code change frequency pre-
diction is based on the number of times changes are made to the source code,
and this behavior is not taken into account in the learning process. Therefore,
it is our future task to create a model that takes this behavior into account by

using time-series data for training.



Appendix A

Task Datasets

In this chapter, we describe in detail how we generated the experimental datasets

used in the Chapter3 and Chapter4 tasks.

A.1 Task Datasets of Chapter3

This section describes the method used to generate the data used in the ex-
periments in Chapter 3. The task required to generate the data for the ex-
periments in chapter 3 is to split the Java class into separate Java classes for
each method. This task is done using ANTLER, ANTLR (ANother Tool for
Language Recognition)! is a parser generator based on LL syntax rules. Ac-
cording to the grammar rules, it automatically generates a lexer that performs
lexical analysis, a parser that performs syntactic analysis, a tree parser that is
a traverser of abstract syntax trees (ASTs), and an event listener that searches
ASTs and processes when nodes are switched. In this task, Java classes are
divided using ANTLER, and those that exclude access modifiers are treated as
methods. An example of a method is shown below in FigureA.1.

'void ensureCapacity (longmaximumSize) {super.ensureCapacity(maximumSize);
if(period<=0){period=Integer.MAX_VALUE;}eventsToCount=period;} '

Figure A.1: Example of method

For the experimental data for the task of predicting the number of changes

per token of source code, only methods with a change count of 10 or less were

Thttps://www.antlr.org/

41
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used in the experiments.

A.2 Task Datasets of Chapter4

In the regression task, Java classes are used as experimental data. Note that
the access modifiers are excluded as in A.1. The class has multiple methods.
In the regression task, classes with less than 10 methods out of the classes were
used as experimental data in order to reduce the computation process. Also, in
this task, only classes with a source code modification count of 250 or less were
used in the experiments.

The classification task also uses Java classes as experimental data, exclud-
ing access modifiers, and the Swapped Operand task determines whether the
operands before and after a noncommutative binary operator are swapped. In
this task, noncommutative binary operators are defined as 7 >" .7 <” 7 >=""7<="".7
and "%”. In order to reduce the computational complexity of the classification

task for classes, classes with 4 or fewer methods were used as experimental data.
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