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ABSTRACT

Code review is effective, but human-intensive (e.g., developers need
to manually modify source code until it is approved). Recently, prior
work proposed a Neural Machine Translation (NMT) approach to
automatically transform source code to the version that is reviewed
and approved (i.e., the after version). Yet, its performance is still
suboptimal when the after version has new identifiers or liter-
als (e.g., renamed variables) or has many code tokens. To address
these limitations, we propose AUTOTRANSFORM which leverages
a Byte-Pair Encoding (BPE) approach to handle new tokens and a
Transformer-based NMT architecture to handle long sequences. We
evaluate our approach based on 14,750 changed methods with and
without new tokens for both small and medium sizes. The results
show that when generating one candidate for the after version (i.e.,
beam width = 1), our AUTOTRANSFORM can correctly transform
1,413 changed methods, which is 567% higher than the prior work,
highlighting the substantial improvement of our approach for code
transformation in the context of code review. This work contributes
towards automated code transformation for code reviews, which
could help developers reduce their effort in modifying source code
during the code review process.
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1 INTRODUCTION

Code review is one of the important quality assurance practices
in a software development process. One of the main goals of code
review is to ensure that the quality of newly developed code meets
a standard before integrating into the main software repository [11,
37]. Hence, in the code review process, new source code written by
a code author has to be examined and revised until reviewers (i.e.,
developers other than a code author) agree that this source code is of
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sufficient quality to be integrated (i.e., the code is approved). Several
studies also showed that during the code review process, source
code is revised not only to remove functional defects [15, 17, 40, 47],
but also to improve design quality [41], maintainability [50], and
readability [16, 50, 57].

Despite the benefits of code review, the code review process
is still human-intensive where developers have to manually re-
view and revise code. To support reviewing activities, prior studies
proposed approaches to save the reviewers’ effort (e.g., review pri-
oritization [14, 23, 55]). However, the revising activities still require
manual effort from code authors. Indeed, given a large number of
reviews (e.g., 3K reviews per month at Microsoft Bing [47]), prior
studies found that it is challenging for code authors to revise their
code without introducing new defects, while switching contexts
and keeping track of other reviews [21, 32]. Thus, automated code
transformation would be beneficial to augment code authors and to
save their effort by automatically applying the common revisions
during code reviews in the past to the newly-written code, while
allowing code authors to focus on revising more complex code.

To the best of our knowledge, the work of Tufano et al. [60] is
the most recent work that proposed an approach to automatically
transform code to the version that is reviewed and approved. In the
prior work, they leveraged code abstraction and a Recurrent Neural
Network (RNN) architecture. They have shown that their NMT
approach can correctly transform code by applying a wide range
of meaningful code changes including refactoring and bug-fixing.
While the results of the prior work [60] highlighted the potential of
using NMT to help code authors automatically modify code during
the code review process, the applicability of their approach is still
limited. Specifically, their code abstraction hinders the Tufano et
al. approach in transforming source code when new identifiers or
literals appear in the version that has been approved. In addition,
due to the nature of the RNN architecture, the Tufano et al. approach
may be suboptimal when the size of source code is longer (i.e.,
source code has many tokens).

In this paper, we propose a new framework called AUTOTRANS-
FORM, which leverages Byte-Pair Encoding (BPE) subword tokeniza-
tion [52] and Transformer [62] to address the limitations of the prior
approach [60]. We evaluated our AUTOTRANSFORM based on two
types of changed methods: (1) the changed methods without newly-
introduced identifiers/literals (i.e., changed methods w/o new to-
kens); and (2) the changed methods with newly-introduced identi-
fiers/literals (i.e., the changed methods w/ new tokens). Through
a case study of 147,553 changed methods extracted from three
Gerrit code review repositories of Android, Google, and Ovirt, we
addressed the following research questions:
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(RQ1) Can AUTOTRANSFORM transform code better than
Tufano et al. approach?
Results. When generating one candidate of the after version for
14,750 changed methods in the testing datasets, our AUTOTRANS-
FORM can correctly transform source code for 1,413 changed meth-
ods which is 567% higher than the Tufano et al. approach. Specif-
ically, for the changed methods w/ new tokens, our AUTOTRANS-
FORM can correctly transform 1,060 methods, while the Tufano et
al. approach could not correctly transform any of the changed meth-
ods w/ new tokens. For the changed methods w/o new tokens, our
AUTOTRANSFORM can correctly transform 353 changed methods,
while the Tufano et al. approach can correctly transform only 212
changed methods.

(RQ2) What are the contributions of AUTOTRANSFORM’s
components?
Results. Using subword tokenization by BPE enables our AuTo-
TRANSFORM to achieve perfect predictions 284% higher than using
code abstraction like the Tufano et al. approach. Furthermore, using
the Transformer architecture can increase perfect predictions at
least by 17%, compared to using the RNN architecture. In particular,
we found that the percentage improvement in perfect predictions
is much higher for the medium methods (i.e., 183% - 507%).

Significance & Contributions. The results of our work high-
light the substantial improvement of our approach for code trans-
formation in the context of code review. More specifically, our
AUTOTRANSFORM can transform a wider range of changed methods
(i.e., methods with new tokens and methods with long sequences)
than the state-of-the-art approach [60]. The proposed approach,
results, and insights presented in this paper contribute towards
automated code transformation for code reviews, which could help
developers reduce their effort in modifying source code and expe-
dite the code review process.

Novelty. This paper is the first to present:

o AUTOTRANSFORM, i.e., a Transformer-based NMT approach
to transform source code from the version before the imple-
mentation of code changes to the version that is reviewed
and eventually merged.

e The use of Byte-Pair Encoding (BPE) subword tokenization
to address the limitation of transforming changed methods
that have newly-introduced identifiers/literals.

e An empirical evaluation of our AUTOTRANSFORM and the
Tufano et al. approach [60] based on a large-scale dataset
with two types of changed methods.

e An ablation study to quantify the contributions of the two
components (i.e., BPE and Transformer) in our proposed
approach.

Open Science. To facilitate future work, the datasets of 147,553
extracted changed methods, scripts of our AUTOTRANSFORM, and
experimental results (e.g., raw predictions) are available online [4].

Paper Organization. Section 2 presents and discusses the limi-
tations of the state-of-the-art approach [60]. Section 3 presents our
AUTOTRANSFORM. Section 4 describes our case study design. Section
5 presents the results, while Section 6 discusses the results. Section
7 discusses related work. Section 8 discusses possible threats to the
validity. Section 9 draws the conclusions.

Patanamon Thongtanunam, Chanathip Pornprasit, and Chakkrit Tantithamthavorn

2 THE STATE-OF-THE-ART CODE
TRANSFORMATION FOR CODE REVIEWS

Recently, Tufano et al. [60] proposed a Neural Machine Translation
(NMT) approach to automatically transform the source code of the
before version of a method (i.e., the version before the implemen-
tation of code changes) to its after version (i.e., the version after
the code changes are reviewed and merged). Broadly speaking, Tu-
fano et al. (1) performed code abstraction to reduce vocabulary
size by replacing actual identifier/literals with reusable IDs and
(2) built an NMT model based on a Recurrent Neural Network
(RNN) architecture to transform the token sequence of the before
version to the token sequence of the after version. Their approach
was evaluated based on the changed methods that were extracted
from three Gerrit code review repositories, namely Android [3],
Google [6], and Ovirt [7]. We briefly describe their approach below.

(Step 1) Code Abstraction: Since NMT models are likely to be
inaccurate and slow when dealing with a large vocabulary size [26],
Tufano et al. proposed to abstract code tokens into reusable IDs
to reduce the vocabulary size. More specifically, for both before
and after versions (my, m,) of each changed method, Tufano et
al. replaced identifiers (i.e., type, method, and variable names) and
literals (i.e., int, double, char, string values) with a reusable ID. A
reusable ID means that an ID is allowed to be reused across different
changed methods (e.g., the first variable appearing in a changed
method will be always replaced with VAR_1). At the end of this step,
from the original source code of (my, mg), the abstracted code
sequences (amp, amg,) were obtained. In addition, for each changed
method, a map M(amy) was also generated, which will be used to
map the IDs back to the actual identifiers/literals.

(Step 2) Build an NMT model: To build an NMT model, Tufano et
al. used a Recurrent Neural Network (RNN) Encoder-Decoder ar-
chitecture with the attention mechanism [12, 18, 36, 53]. Given
the abstracted code sequences (amy, am,) from Step 1, an RNN
Encoder will learn these sequences by estimating the conditional
probability p(yi, ..., yp|x1, ..., xt), where x1, ..., x; is the sequence
of amy, and yy, ..., yy is the sequence of am, while the sequence
lengths ¢ and ¢’ may differ. A bi-directional RNN Encoder [18] was
used to learn the abstracted code sequence of the before version
amy, from left-to-right and right-to-left when creating sequence
representations. An RNN Decoder was then used to estimate the
probability for each token y; in the abstracted code sequence of
the after version am, based on the recurrent state s;, the previous
tokens y;_;, and a context vector c;. The vector c; is the attention
vector which is computed as a weighted average of the hidden
states, allowing the RNN model to pay attention to particular parts
of amy,, when predicting token y; for am,.

(Step 3) Generate predictions: Given the abstracted code sequence
of the before version of an unseen method (i.e., a testing instance)
ami, the RNN model in the Tufano et al. approach generated the
abstracted code sequence of the after version am’,. A beam search
strategy was used to obtain k sequence candidates for am?,. Since
the generated output sequences are the abstracted code sequences,
Tufano et al. replaced the IDs found in am? back to the actual
identifier/literals based on the map M (ami).

Limitations. Although the study of Tufano et al. sheds light that
their NMT approach can transform source code with meaningful
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Before version Original code
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After version Original code

public void onSuccess ( final com.google.gwtjsonrpc.client.VoidResult result )

createCommentEditor ( suggestRow , column , line, side ) ;

public void onSuccess ( final com.google.gwtjsonrpc.client.VoidResult result )

createCommentEditor ( suggestRow , column , line , sidePanel ) ;

{ Reusable IDs
E public void onSuccess ( final TYPE_1 result ) { METHOD_1 ( VAR_1 , VAR_2 ,
1 line, VAR.3 ) ; }

{'Byte-Pair-Encoding (BPE,
public void on@@ Success ( final com.google.@@ gwtjsonrpc.@@ client.@@
_p: VoidResult result ) { create@@ Comment@@ Editor ( suggest@@ Row , col@@ umn ,
line , side ) ; }

Generated Sequence from RNN
public void onSuccess ( final TYPE_1 result ) { METHOD_1 ( VAR_1 , VAR_2 , line
, VARZ4 ) ; 3

Generated Sequence from Transformer

public void on@@ Success ( final com.google.@@ gwtjsonrpc.@@ client.@@
VoidResult result ) { create@@ Comment@@ Editor ( suggest@@ Row , col@@ umn ,
line , side@@ Panel ) ; }

Figure 1: A motivating example for an unknown identifier/literal for the newly-introduced abstracted token (Limitation 1).

Table 1: The number of changed methods with and without
new tokens in the after version.

Dataset Method size w/o New Tokens w/ New Tokens
Android Small 4,437 (18%) 20,640 (82%)
Medium 4,593 (16%) 24,547 (84%)
Google  Small 2,289 (20%) 9,070 (80%)
Medium 2,833 (20%) 11,624 (80%)
Ovirt Small 4,734 (17%) 23,282 (83%)
Medium 6,229 (16%) 33,275 (84%)

The detail of data preparation is provided in Section 4.2.

code changes (e.g., bug-fix, refactoring) [60], their approach still
has the following limitations.

Limitation 1: Unknown identifiers/literals for the new to-
kens appearing in the after version. We hypothesize that the
Tufano et al. approach may not be able to correctly transform code
when new tokens appear in the after version but did not appear in
the before version. For such a case, the code abstraction approach
with ReusableIDs of Tufano et al. cannot map the ID of a new token
back to the actual identifiers or actual literals.

Indeed, it is possible that developers introduced new tokens that
did not appear in the before version. Figure 1 illustrates a motivating
example for Limitation 1. As shown in the example, the side variable
is changed to sidePanel. Thus, the sidePanel variable is a new
token appearing in the after version. By the code abstraction with
ReusablelID of Tufano et al, a new ID will be assigned to sidePanel,
i.e., VAR_4 = sidePanel. Note that this limitation is different from
the Out-Of-Vocabulary (OOV) problem [31] since the Tufano et
al. approach may still be able to predict the correct ID (i.e., VAR_4)
for the after version am, instead of assigning a special tokens (e.g.,
<UNK>). However, this VAR_4 cannot be realistically mapped back to
the actual identifier (i.e., sidePanel) since it does not appear in the
before version my, nor its mapping M(amy,).

Moreover, when we analyze the changed methods in the datasets
of Tufano et al. [60], we find that as much as 80%-84% of the changed
method have new tokens appearing in the after version (see Table 1).
However, Tufano et al. exclude these changed methods with new
tokens, while using only the remaining 16% - 20% of the changed
methods without new tokens for their experiment [60]. Thus, the
Tufano et al. approach may be applicable to only a small set of
changed methods, limiting its applicability in real-world contexts.

Limitation 2: Suboptimal performance when the sequences
become longer. Prior studies have raised a concern that the perfor-
mance of the RNN architecture will be suboptimal when sequences
become longer [12, 36]. Although Tufano et al. leveraged the at-
tention mechanism to handle changed methods that have long
sequences, a recent study by Ding et al. [22] noted that such atten-
tion mechanism for the RNN architecture still has difficulties in re-
membering long-term dependencies between tokens in a sequence.
In particular, the attention mechanism only computes attention
weights based on the final hidden states of the RNN architecture,
instead of using any given intermediate states from the encoder,
causing the RNN model to forget tokens seen long ago. Thus, we
hypothesize that the performance of the Tufano et al. approach
which is based on the RNN architecture may be suboptimal for the
changed methods with long sequences.

3 AUTOTRANSFORM

In this section, we present our AUTOTRANSFORM, a Neural Machine
Translation (NMT) approach that can transform code (1) when new
tokens appear in the after version; and (2) when code sequences
become longer. AUTOTRANSFORM leverages a Byte-Pair-Encoding
(BPE) approach [52] to handle new tokens that may appear in
the after version; and leverages a novel NMT architecture called
Transformer [62] to address the suboptimal performance of the
RNN architecture used in the Tufano et al. approach.

Overview. Figure 2 provides an overview of our AUTOTRANS-
FORM approach, which consists of two stages: training and inference.
During the training stage, our AUTOTRANSFORM performs two main
steps. In Step @, we perform subword tokenization on the original
source code of the before and after versions of a changed method
(myp, mg) using BPE, which produces subword sequences (smy, smg).
In Step (@), we use these subword sequences (smp, smg) to train a
Transformer model. The inference stage is for transforming the
before version (mltj) of given methods (i.e., testing data) to the after
version (ml). To do so, we perform subword-tokenization on the
before version in Step to produce a subword sequences smi.
Then, in Step ®), we use the Transformer NMT model to generate
a prediction for the source code of the after version mfl. Below, we
provide details for each step in our approach.
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Figure 2: An overview of our AUTOTRANSFORM.

3.1 Subword Tokenization

To reduce the vocabulary size and handle new tokens that may
appear in the after version, we perform subword tokenization using
Byte-Pair-Encoding (BPE) [52]. BPE is a tokenization approach
that splits a word (i.e., a code token) into a sequence of frequently
occurring subwords. For example, a code token column in Figure
1 will be split into a sequence of colee and umn, where @e is a
subword separator. When using BPE, the vocabulary will mainly
contain subwords which are more frequently occurring than the
whole code tokens. Prior studies also have shown that BPE can
effectively address the large vocabulary size than other tokenization
approaches (e.g., camel-case splitting) [31]. Moreover, BPE will
enable our approach to address the new token by allowing the
NMT model to generate a new code token based on a combination
of subwords existing across all methods in the training data. For
example, the code token sidePanel which is introduced in the after
version (see Figure 1) can be constructed based on a combination of
side@@ and Panel if these two subwords exist in the training data.

The subword tokenization consists of two main steps (see Figure
2). Step (1a) is for generating merge operations which are used to
determine how a code token should be split. To generate merge
operations, BPE will first split all code tokens into characters se-
quences. Then, BPE generates a merge operation by identifying
the most frequent symbol pair (e.g., the pair of two consecutive
characters) that should be merged into a new symbol. For example,
given that (‘c’, ‘0’) is the most frequent symbol pair in the corpus,
the merge operation will be (‘c’, ‘0’) — ‘co’. Then, BPE replaces all
of the co-occurrence of (‘c’, ‘0’) with ‘co’ without removing ‘c’ or
‘0’ (which may still appear alone). After the previous merge opera-
tion is applied, BPE generates a new merge operation based on the
frequency of current symbol pairs, e.g., (‘co’, ‘1) — ‘col’. This step
is repeated until it reaches a given number of merge operations.

To ensure the consistency of subword tokenization between the
before and after versions of a changed method, we use joint BPE
to generate merge operations based on the union of code tokens
from both before and after versions. Note that we generated merge
operations based on the training data.

In Step , we apply merge operations to split code tokens
into subwords. To do so, BPE will first split all code tokens into
sequences of characters. Then, the generated merge operations are
applied to the before and after versions in the training data. Note

that the lower the number of merge operations applied, the smaller
the size of vocabulary is. We also apply the same list of merge
operations to the before version in the testing data. Note that we
did not split Java keywords since they are commonly used across
changed methods.

3.2 Learning Code Transformation

To learn code transformation, we train a Transformer-based NMT
model using the subword sequences (smy, smg) of the before and
after versions. Unlike the RNN architecture, the Transformer archi-
tecture entirely relies on an attention mechanism without using
the sequence-aligned RNNs or convolution networks [62], which
allows the Transformer model to better pay attention to any set of
tokens across arbitrarily long distances. Transformer uses a self-
attention function to compute attention weights based on all tokens
in a sequence, where attention weights indicate how each token
is relevant to all other tokens in the sequence. This self-attention
function enables the Transformer model to capture the contextual
relationship between all tokens in the whole sequence instead of re-
lying on the limited number of the final hidden states like the RNN
architecture. In addition, instead of using a single self-attention,
the Transformer architecture employs a multi-head self-attention,
which calculates attention weights h times (where h is the number
of heads) based on the different parts of input data.

The Transformer architecture consists of two major components:
an Encoder block which encodes a subword sequence into a vector
representation, and a Decoder block which decodes the represen-
tation into another subword sequence. The Transformer performs
the following four main steps (see Figure 2). First, in Step , given
a subword sequence of the before version smy = (si,...,st), the
Transformer embeds the tokens into vectors and uses positional
encoding to add information about the token position of the se-
quence into the embedding vectors. Second, the embedding vectors
are then fed into the encoder block , which is composed of a
stack of multiple Encoder layers (where N, is the number of En-
coder layers). Each layer consists of two sub-layers: a multi-head
self-attention and a fully-connected feed forward network (FFN)
which computes attention weights and generates attention vectors.
The attention vectors will be used to inform the Decoder block
about which tokens that should be paid attention.
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The subword sequence of the after version smg = (uy, ..., uy)
is used as an input of the Decoder block. Similarly, in Step @),
the subword sequence of sm, is embeded into vectors with the
position information. Then, the embedding vectors are fed into the
Decoder block (2d) to generate an encoded representation of the
target sequence. The Decoder block is also composed of a stack of
multiple Decoder layers (where N is the number of Decoder layers).
Each Decoder layer also consists of multi-head self-attention and
FFN sub-layers. However, before the embedding vectors are fed
into the multi-head self-attention sub-layer, the masked multi-head
self-attention layer is used to ensure that only previous tokens
(i.e., uq, ..., uj—1) are used in decoding for a current token u;. After
that, the multi-head self-attention with subsequent FFN generates
an encoded representation of the target sequence. The encoded
representation are converted into word probabilities and the final
output sequence using the linear and softmax functions. Finally,
the loss function will compare this output sequence with the target
sequence to estimate an error.

3.3 Generating Predictions

The inference stage aims to generate the after version for a given
method based on the before version mi in the testing data. Starting
from the before version mi we perform subword tokenization by
applying the list of the merge operations generated in the training

stage to produce a subword sequence (smi) for the before version

in Step . Then, in Step 3), we use our Transformer model to gen-
erate the target sequence, i.e., the after version mfz, In particular, in
Step , given the subword sequence smi, the Transformer model
will estimate a probability of each subword in the vocabulary at
each position in the output sequence. Then, based on the gener-
ated subword probabilities, in Step , we use the beam search
approach [53] to generate the target sequence.

Broadly speaking, beam search generates the target sequence by
selecting the best subword for each position in the output sequence
based on the generated subword probabilities. In particular, beam
search selects a subword for a current position based on the selected
subwords in the previous positions. The beam width k is used to
specify the number of previous positions that should be considered
and the number of sequence candidates that will be generated. In
other words, the selection of a subword for a position i is based on
the conditional probabilities of selected subwords in the positions
i —k to i — 1. Finally, the beam search generates the best k sequence
candidates for the target sequence.

The sequence candidates generated in Step (3b) are the subword
sequences. Hence, in Step @ we convert these subword sequences
back to the code sequences. This step is simply performed by con-
catenating the subwords ending with ‘@@’ with the subsequent
subword. For example, the subwords [‘colee’, ‘umn’] are con-
verted back to column.

4 CASE STUDY DESIGN

In this section, we present the motivation of our research questions,
data preparation, and experimental setup for our case study.
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4.1 Research Questions

To evaluate our AUTOTRANSFORM, we formulate the following two
research questions.

(RQ1) Can AUTOTRANSFORM transform code better than
Tufano et al. approach?
Motivation. In this work, we proposed our AUTOTRANSFORM to
address the limitations of the state-of-the-art approach [60]. In
particular, the goal of our AUTOTRANSFORM is to allow an NMT
model to better transform code (1) when new tokens appear in
the after version; and (2) when the code sequence become longer.
Hence, we set out this RQ to evaluate our AUTOTRANSFORM based
on the two aforementioned aspects.

(RQ2) What are the contributions of AUTOTRANSFORM’s
components?
Motivation. To address the limitations of the state-of-the-art ap-
proach [60], we used two different techniques in our AUTOTRANS-
FORM, i.e., (1) BPE [52] to reduce the vocabulary size and handle
new tokens appearing in the after version and (2) Transformer [62]
to learn code transformation. In this RQ, we set out to empirically
evaluate the contribution of each technique to the performance of
our AUTOTRANSFORM, compared against the techniques used in the
Tufano et al. approach.

4.2 Datasets

In this work, we obtain the datasets from the work of Tufano et
al. [5]. The datasets consist of 630,858 changed methods which
were extracted from 58,728 reviews across three Gerrit code review
repositories, namely Android [3], Google [6], and Ovirt [7]. For
each changed method, the datasets consist of the source code of
the before and after versions, i.e., (mp, mg). For our experiment, we
perform data preparation on these obtained datasets to classify and
select the changed methods. Note that we did not use the filtered
datasets that were used in the experiment of Tufano et al. [60], since
their filtered datasets do not include the changed methods of which
the after version contains a new token (which is considered in this
work). Table 1 provides an overview of the studied datasets after
the data preparation, which we describe in details below.

Data Preparation. We first classify the changed methods into
two types of changed methods: (1) the changed methods of which
the after version does not contain new identifiers/literals addition-
ally from the before version (i.e., changed methods without new
tokens) and (2) the changed methods of which the after version con-
tains new identifiers/literals additionally from the before version
(i.e., changed methods with new tokens). The changed methods
without new tokens were used to fairly evaluate our AUTOTRANS-
FORM against the Tufano et al. approach under the same condition
as in the prior experiment [60], while the changed methods with
new tokens were used to evaluate whether our AUTOTRANSFORM
can transform source code when a new token appears in the after
version (i.e., evaluating the hypothesis discussed in Limitation 1).

For the changed methods without new tokens, we used the same
selection approach as in the prior work [60]. More specifically, the
changed methods without new tokens are those methods of which
the after version m, contains only (1) Java keywords; (2) Top-300 fre-
quent identifiers/literals [2]; and (3) identifiers and literals that are
already available in the before version my,. The remaining changed
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Table 2: Vocabulary size for the original, subword tokenized,
and abstracted methods in the training datasets.

Dataset Subword Tokenized
(Method size) | Change Type | Original | BPE2K BPE5K | Abs
Android | w/o new tokens 12,052 2,702 4,230 | 356
(Small) | w/ new tokens 43,795 7,448 9,247 | 408
Google | w/o new tokens 5,012 1,719 2,751 | 333
(Small) | w/ new tokens 13,737 3,417 4,884 | 383
Ovirt | w/o new tokens 9,772 1,992 3,575 | 306
(Small) | w/o new tokens 30,562 4,243 6,042 | 355
Android | w/o new tokens 22,296 5,165 6,860 | 447
(Medium) w/ new tokens 76,264 | 15,585 17,874 | 496
Google | w/o new tokens 9,340 2,831 4,046 | 371
(Medium) w/ new tokens 22,140 6,334 8,052 | 422
Ovirt | w/o new tokens 17,680 3,231 4,958 | 353
(Medium) | w/o new tokens 44,317 7,528 9,674 | 422

*The w/ and w/o new tokens change types are mutually exclusive sets.

methods of which the after version contains tokens not listed in the
aforementioned token categories are classified as the changed meth-
ods with new tokens. Note that we exclude the changed methods
that were completely added or deleted (i.e., mp = 0 or m, = 0) and
the changed methods of which before and after versions appear the
same (i.e., mp = mg) since NMT models would not be able to learn
any code transformation patterns from these methods. In addition,
we remove the duplicate changed methods (i.e., the methods whose
(mp, mp) are exactly same) to ensure that none of the duplicate
methods in testing will appear in training.

After selecting and classifying the changed methods, we sepa-
rate the datasets into two method sizes, i.e., small and medium to
evaluate the hypothesis discussed in Limitation 2 (see Section 2).
The small methods are those methods of which before and after
versions have a sequence length no longer than 50 tokens. The
medium methods are those methods of which before and after
versions have a sequence length between 50-100 tokens. Similar
to prior work [60], we disregard the changed methods that have
a sequence longer than 100 tokens because large methods have
a long tail distribution of sequence lengths with a high variance,
which might be problematic when training an NMT model.

In total, we conduct an experiment based on 12 datasets, i.e.,
3 repositories (Android, Google, Ovirt) X 2 method sizes (small,
medium) X 2 change types (w/o and w/ new tokens). Each of the
datasets is then partitioned into training (80%), validation (10%),
and testing (10%).

4.3 Experimental Setup

This section provides setup details for our experiment.

Source Code Pre-processing. Before we perform subword
tokenization (for our AUTOTRANSFORM) and code abstraction (for
Tufano et al. approach), we perform word-level tokenization to
convert the formatted code into a sequence of code tokens. To do
so, for each version of each changed method, we simply separate
code lines, identifiers, literals, Java keywords, and Java reserved
characters (e.g., ; O{}) by a space. We do not convert code tokens
to lower cases because the programming language (i.e., Java) of the
studied datasets is case-sensitive. We also do not split code tokens
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Table 3: Hyper-parameter settings for the Transformer and
RNN models.

Hyper-Parameter | Transformer Model | RNN Model
#Encoder Layers (Ng) {1, 2} {1, 2}
#Decoder Layers (Ny) {2, 4 {2,4

Cell Types n/a | {GRU, LSTM}

#Cells n/a {256, 512}

Embedding Size n/a {256, 512}
Attention Size n/a {256, 512}
#Attention Heads (h) {8, 16} n/a
Hidden Size (hs) {256, 512} n/a
Total #Settings 8 10

with compound words (e.g., camel-case) since our AUTOTRANSFORM
already performs subword tokenization and such compound-word
splitting is not performed in Tufano et al. approach.

For our AUTOTRANSFORM, we use the implementation of Sen-
nrich et al. [52] to perform subword tokenization using Byte-Pair
Encoding (BPE) [1]. In this work, we experiment with two encoding
sizes, i.e., the number of merge operations: 2,000 (BPE2K) and 5,000
(BPE5K), which substantially reduce the vocabulary size (at least
approximately by 50%; see Table 2). For Tufano et al. approach, we
use SRC2ABS [9] to abstract tokens with reusable IDs (Abs) and gen-
erate a map M for each changed method. Similar to prior work [60],
we do not abstract Java keywords and the top-300 frequent iden-
tifier/literals [2]. To ensure that the identifier/literal appearing in
both versions has the same ID, we use a pair mode of src2aBss for
the training and validation data, while a single mode is used for the
before version in the testing data.

NMT Models & Hyper-Parameter Settings. To build a Trans-
former model in our AUTOTRANSFORM, we use the implementation
of the TENSOR2TENSOR library [10]. To build an RNN model in
Tufano et al. approach, we use the implementation of the SEQ2SEQ
library [8] which is also used in the prior work [60]. To ensure a
fair comparison, we use similar combinations of hyper-parameters
(where applicable) for both Transformer and RNN models (see Table
3). Therefore, we experiment with eight hyper-parameter settings
for our Transformer model in AuTOTRANSFORM. For the RNN mod-
els, we use ten hyper-parameter settings which are originally used
in the experiment of the prior work [60].

When training the models for both approaches, we set the maxi-
mum number of epochs similar as in the prior work [60].! To avoid
the overfitting of our models to the training data, we select the
model checkpoint (i.e., the model that was trained until a particular
number of epochs) that achieves the lowest loss value computed
based on the validation data (not the testing data).

Evaluation Measure. To evaluate the performance of our Au-
TOoTRANSFORM and Tufano et al. approach, we measure the number
of methods for which an approach achieves a perfect prediction, i.e.,
the generated after version exactly matches the ground-truth (i.e.,
the actual after version). Note that we convert the generated after
version (i.e., the subword sequence of our AUTOTRANSFORM, and

!Note that #epochs are calculated based on the size of training data, batch size
and #train steps which are calculated differently for the TENSOR2TENSOR and SEQ2SEQ
libraries. The details are provided in the Supplementary Materials [4].
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Table 4: Perfect predictions (#PP) of our AuTOTRANSFORM and Tufano et al. approach approach for the small and medium
changed method with and without new tokens in the after version. The percentage value in the parenthesis indicates the

percentage improvement of our AUTOTRANSFORM.

Beam width = 1 Beam width = 5 Beam width = 10
Dataset AUTOTRANSFORM Tufano et al. | AUTOTRANSFORM Tufano et al. | AuToTRANSFORM Tufano et al.
(Method Size)  Change Type #Test #PP #PP #PP #PP #PP #PP
Android w/o new tokens 443 84 53 125 83 130 107
(Small)  w/new tokens 2,064 108 0 206 0 233 0
Google w/o new tokens 228 11 14 22 36 29 42
(Small)  w/ new tokens 907 40 0 81 0 97 0
Ovirt w/o new tokens 473 73 86 132 173 145 200
(Small)  w/ new tokens 2,328 352 0 618 0 715 0
Android w/o new tokens 459 58 32 85 67 89 78
(Medium)  w/ new tokens 2,454 124 0 247 0 289 0
Google w/o new tokens 283 16 9 28 18 33 22
(Medium)  w/ new tokens 1,162 18 0 46 0 63 0
Ovirt w/o new tokens 622 111 18 179 49 199 62
(Medium)  w/ new tokens 3,327 415 0 833 0 992 0
Total w/o new tokens 2,508 353 212 571 426 625 511
w/ new tokens 12,242 1,060 0 2,031 0 2,389 0
Both 14,750 1,413 (+567%) 212 2,602 (+511%) 426 3,014 (+490%) 511

the abstracted code sequence of the Tufano et al. approach) back to
the code sequence before matching it with the ground-truth.

In our experiment, we use three different beam widths (i.e., k =
{1,5,10}) when generating the after version. Thus, if one of the k
sequence candidates exactly matches the ground-truth, we consider
that the NMT approach achieves a perfect prediction, i.e., the code
is correctly transformed. We do not use other metrics, e.g., BLEU
which measures the overlap (or similarity) between the generated
and ground-truth sequences, since similarity cannot imply that the
generated sequences are viable for code implementation. Ding et
al. also argue that BLEU should not be used to evaluate the code
transformation since the sequences that are similar (i.e., few code
tokens are different between the two sequences) may have largely-
different intentions or semantics [22].

5 RESULTS

RQ1: Can AUTOTRANSFORM transform code
better than Tufano et al. approach?

Approach. To address our RQ1, we evaluate how well our AuTo-
TRANSFORM can transform the source code of the before version
my, to the after version m, of given methods (in the testing data),
compare against the approach of Tufano et al. [60]. Therefore, we
build an NMT model for each of the 12 datasets, i.e., small and
medium methods with and without new tokens across three repos-
itories (see Table 1). For this RQ, we use the maximum number of
merge operations of 2,000 (i.e., BPE2K) in our AUTOTRANSFORM. In
total, we train 96 Transformer models for our AUTOTRANSFORM (i.e.,
12 datasets X 8 hyper-parameter settings); and 120 RNN models
for Tufano et al. approach (i.e., 12 datasets X 10 hyper-parameter
settings). Then, for each approach and for each dataset, we select
the model with the best hyper-parameter setting that achieves the
lowest loss value computed based on the validation data. Finally,
we measure perfect predictions based on the testing data. To quan-
tify the magnitude of improvement for our AUTOTRANSFORM, We

compute a percentage improvement of perfect predictions using a
calculation of —(#PP"“‘ —#PPrufany) X100%

Results. Table 4 shov&Tfsfatnfle results of perfect predictions of our
AuTtoTraNsFOrRM and Tufano et al. approach of 14,750 changed
methods across the 12 datasets. The results are based on three beam
widths, k = {1, 5, 10}, where k is the number of sequence candidates
for a given method.

When considering both change types (i.e., w/o and w/ new
tokens), our AUTOTRANSFORM achieves a perfect prediction
for 1,413 methods which is 567% higher than the perfect pre-
dictions achieved by the Tufano et al. approach. Table 4 shows
that when a beam width is 1 and both change types are considered,
our AUTOTRANSFORM achieves a perfect prediction for 34 - 526

methods which accounted for 2% (%; for Google Medium) - 13%

3 949, for Ovirt Medium) of the methods in testing data. On the
other hand, Tufano et al. approach achieves a perfect prediction for
9 - 86 methods which accounted for only 0.62% (1 15> for Google

Medium) - 3% (2 o7 for Ovirt Small). In total across the 12 datasets,
our AUTOTRANSFORM can correctly transform 1,413 methods, which
is 567% higher than the perfect predictions achieved by Tufano et
al. approach.

Even when we increase the beam width to 5 and 10, our AuTo-
TRANSFORM can achieve higher perfect predictions, i.e., 5% (% for

Google Medlum) 28% ( ; 102 £or Ovirt Medium) at beam width = 5

949
and 7% (28= I 4 35 for Google Medium) - 30% (; éié for Ovirt Medium) at
beam width = 10. The perfect predictions are improved by 511% for
the beam width of 5 (and 490% for the beam width of 10) when com-
pared to the perfect predictions achieved by Tufano et al. approach.
These results indicate that the number of methods for which our
AuTOTRANSFORM can achieve a perfect prediction is substantially
higher than Tufano et al. approach.

For the changed methods with new tokens appearing in
the after version, our AUTOTRANSFORM achieve a perfect pre-
diction for 18 - 415 methods. At beam width is 1, Table 4 shows
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that our AuTOTRANSFORM achieves a perfect prediction for 18 -
415 methods which accounted for 2% (1!11%) - 12% (%) of the
changed methods with new tokens in the testing data. In total, our
AuTOTRANSFORM achieves a perfect prediction for 1,060 methods.
Similarly, our AuUTOTRANSFORM achieves higher perfect predictions
when the beam width is increased to 5 and 10, i.e., 4% (%) -25%

($557) at the beam width of 5; and 5% (1$33) - 30% (35z;) at the
beam width of 10. On the other hand, Table 4 shows that Tufano et
al. approach could not achieve a perfect prediction for any of the
changed methods with new tokens appearing in the after version.
This is because the IDs of the new tokens cannot be mapped back
the actual identifiers/literals as they did not exist in the before ver-
sion (see Limitation 1 in Section 2). These results highlight that
our AUTOTRANSFORM can transform source code even when new
tokens appear in the after version.

For the changed methods without new tokens in the after
version, our AUTOTRANSFORM achieves a perfect prediction
for 11 - 111 methods, while Tufano et al. approach achieves
a perfect prediction for 9 - 86 methods. At the beam width
of 1, Table 4 shows that our AUTOTRANSFORM achieves a perfect
prediction for 11 - 111 methods which accounted for 5% (%) - 18%
(ééé) of the changed methods without new tokens in the testing
data. On the other hand, Tufano et al. approach achieves a perfect
prediction for 9 - 86 methods which accounted for 3% (229;3) -18%

(%). For the small methods, our AUTOTRANSFORM achieves more
perfect predictions in the Android dataset, but fewer in the Google
and Ovirt datasets. We will further discuss this result in Section 6.
Nevertheless, it is worth noting that for the medium methods, our

AUTOTRANSFORM achieves perfect predictions 78% (16_9) -517%
( 111 18 )

higher than the perfect predictions achieved by Tufano et
al. approach The results are similar when the beam width is 5 and
10. These results suggest that when a sequence becomes longer,
our AUTOTRANSFORM transforms code better than the Tufano et
al. approach, highlighting that our AUTOTRANSFORM can address
Limitation 2 discussed in Section 2.

RQ2: What are the contributions of
AUTOTRANSFORM’s components?

Approach. To address our RQ2, we examine perfect predictions
when a component in our AUTOTRANSFORM is varied. Specifically,
we examine the percentage difference of perfect predictions when
subword tokenization is changed to code abstraction (BPE — Abs);
and when the NMT architecture is changed from Transformer to
RNN (Transformer — RNN). We also investigate the case when
the maximum number of merge operations is changed from 2,000
to 5,000 (BPE2K — BPE5K), i.e., the vocabulary size increases.
Thus, we evaluate the perfect predictions of four additional com-
binations: BPE5K+Transformer, Abs+Transformer, BPE2K+RNN,
BPE5K+RNN. We build an NMT model using each combination
for each of the 12 datasets. In total, for RQ2, we further build 192
Transformer models (i.e., 2 Transformer-based combinations x 12
datasets X 8 hyper-parameter settings); and 240 RNN models (i.e.,
2 RNN-based combinations X 12 datasets X 10 hyper-parameter
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settings). Similar to RQ1, we select the model with the best hyper-
parameter setting based on the validation data; and measure perfect
predictions based on the testing data.

Results. Figure 3 shows the perfect predictions of our AuTto-
TransForM (BPE2K+Transformer), Tufano et al. approach (Abs+RNN),
and the four additional combinations.

Using subword tokenization by BPE can increase perfect
predictions at least by 284%, compared to the code abstrac-
tion with reusable IDs. Figure 3 shows that at beam width of 1, the
perfect predictions of our AuToTRANSFORM (BPE2K+Transformer)
is 284% (=455 192 20 for Android Small) - 2,290% (526 22 for Ovirt Medium)
higher than Abs+Transformer. Considering the cases when the RNN
architecture is used with BPE (i.e., BPE2K+RNN and BPE5K+RNN),
the perfect predictions are also higher than Tufano et al. approach
(Abs+RNN). For example, for the small methods, Figure 3 shows
that BPE2K+RNN achieves perfect predictions 29% (M) 323%
(36§686) higher than Tufano et al. approach. Figure 3 also shows
similar results when the beam width was increased to 5 and 10.
These results indicate that regardless of the NMT architecture, sub-
word tokenization by BPE largely contributes to the performance
in transforming code of our AUTOTRANSFORM.

When using a different number of merge operations (BPE2K —
BPES5K), we find that perfect predictions were slightly different. For
example, for the small methods (at beam width of 1), the percentage
difference of perfect prediction between our AUTOTRANSFORM and
BPE5K+Transformer is 7% (555_151) - 19% (1921;2156 ). Figure 3 also
shows that the results are similar for the RNN-based approaches
(i.e., BPE2K+RNN and BPE5SK+RNN). These results suggest that the
number of merge operations has an impact (but relatively small)
on the performance of our AUTOTRANSFORM.

Using the Transformer architecture can increase perfect
predictions at least by 17%, compared to the RNN architec-
ture. Figure 3 shows that at the beam width of 1 and for small meth-
ods, our AUTOTRANSFORM achieves perfect predictions 17% (%
for Ovirt) - 183% (2 11818 for Google) higher than BPE2K+RNN. It is
also worth noting that the percentage difference is much higher for
the medium methods, i.e., 183% (341_212 for Google) - 507% (%
for Android). Figure 3 also shows a large difference of perfect pre-
dictions between our AuTOTRANSFORM and BPE2K+RNN when
the beam width is increased to 5 and 10. The results are also
similar when comparing the perfect predictions between BPE5K+
Transformer and BPE5K+RNN, i.e., the Transfomer models tend
to achieve higher perfect predictions than the RNN models. These
results suggest that the Transformer architecture also contributes
to the performance of our AUTOTRANSFORM in transforming code,
especially for the methods with a relatively long sequence like
medium methods.

6 DISCUSSION

In this section, we discuss our AUTOTRANSFORM in several aspects
including its advantage, performance, and practicality.
Advantage: Why does our AUTOTRANSFORM work for the changed
methods with new tokens? Table 4 shows that in total, our AuTo-
TRANSFORM can correctly transform the methods that have new
tokens appearing in the after version. We further analyze these
methods to better understand the characteristics of the new code
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Figure 3: The perfect prediction of our AUTOTRANSFORM when a component is varied. The y-axis shows the total number of
perfect predictions of changed methods with and without new tokens.

tokens appearing in the after version. We find that 43% ( 1?66§9) of the
new code tokens are the identifiers/literals that already exist in the
training data (i.e., known code tokens), suggesting that our AuTo-
TRANSFORM can reuse the code tokens existing across all methods
that AUTOTRANSFORM have learnt. On the other hand, the Tufano et
al. approach cannot generate these new code tokens because their
approach is restricted by the code abstraction with reusable IDs to
use only the identifiers/literals that exist in the before version; or
that are the top-300 frequent identifiers/literals.

Furthermore, the other 57% of the new code tokens appear-
ing in the after version are new identifiers/literals that do not
exist in the training data, suggesting that our AUTOTRANSFORM
can generate these new code tokens based on a combination of
known subwords in the training data. We observe that these new
code tokens are related to changing a Java package/library (e.g.,
org.junit.Assert— org.hamcrest.MatcherAssert), changing iden-
tifier (e.g., getlog_type_name— getLogTypeName, d— dt.mID), or even
adding new statements (e.g., instantiating a new object).

Limitation: Why does our AUTOTRANSFORM achieve fewer perfect
predictions than Tufano et al. approach for small methods without
new tokens in the Google and Ovirt datasets? Table 4 shows that, for
the small methods without new tokens in the after version, our Au-
TOTRANSFORM achieves fewer perfect predictions than the Tufano et
al. approach in the Google and Ovirt datasets. To better understand
the methods for which our AUTOTRANSFORM cannot achieve a per-
fect prediction, we manually examine 9 of the 14 methods (Google)
and 54 of the 86 methods (Ovirt) for which our AUTOTRANSFORM
cannot achieve a perfect prediction but the Tufano et al. approach
could. We find that there are only 2 (out of 9) and 5 (out of 54)
methods that are incorrectly predicted by our AUTOTRANSFORM.

On the other hand, for the remaining 7 (out of 9) and 49 (out of
54) methods, we find that our AUTOTRANSFORM almost achieves a
perfect prediction, i.e., the generated sequence is very similar to

the ground-truth with minor errors. Broadly speaking, we observe
that for most of these methods, our approach transforms some code
tokens that should remain unchanged in the after version. One
possible reason is that these code tokens are a rare token and BPE
splits them into many subwords, i.e., one rare token becomes a long
subword sequence. Then, due to the large search space of subwords,
our approach may unnecessarily generate a new combination of
subwords. For example, we observe that FixturesTool.DATA_CENTER
is split into 9 subwords (i.e., FixturesTool.e@, DAee, ..., TEee,
R). Then, our approach inserts a subword Ae, resulting in a new
token FixturesTool.ADATA_CENTER. Based on this observation, an ap-
proach to reduce the length of subword sequences (e.g., fine-tuning
the number of merge operations) may improve the performance.

Hyper-Parameter Sensitivity: How sensitive the hyper-parameter
setting is in our AUTOTRANSFORM? Deep learning models are known
for being sensitive to hyper-parameter settings. While we select the
best hyper-parameter setting based on the validation data for our
experiment, we are interested in examining the impact of hyper-
parameter settings on the performance of our AUTOTRANSFORM.
Hence, we analyze the perfect predictions of our AUTOTRANSFORM
when each of the eight hyper-parameter settings in Table 3 is used.
We find that a setting of (N, = 2, Ny = 4, h = 8, hs = 512,) allows
our AUTOTRANSFORM achieves the highest perfect predictions for
7 out of 12 datasets, while a setting of (N, =1, Ny =2, h =8, hs =
512) allows our AUTOTRANSFORM to achieve the highest perfect
predictions for 4 out of 12 datasets. Nevertheless, we observe that
the perfect predictions is decreased by only 1 - 3 percentage points
when using the other hyper-parameter settings instead of the best
setting.

Performance: How long does our AUTOTRANSFORM take to train
and infer? Model training and inference time can be one of the
important factors when considering the adoption of our approach
in practice. Hence, we measure the training and inference time for
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the Transformer models in our AuToTRANSFORM. We find that the
training time for each Transformer model in our AUTOTRANSFORM
used in RQ1 is ranging from 30 minutes to 2 hours depending on
the size of the datasets and the number of epochs. The average
inference time of AUTOTRANSFORM per method is ranging from 15
to 60 milliseconds for generating one sequence candidate (i.e., Beam
width = 1). Similarly, when generating 5 and 10 sequence candidates
per method (i.e., Beam width = {5, 10}), the average inference time
per input sequence is ranging from 42 to 200 milliseconds. Note
that the training and inference time is based on a computer with
an Nvidia GeForce RTX 3090 graphic card.

Practicality: To what extent AUTOTRANSFORM can support the
modern code review process? Our RQ1 has shown that AUTOTRANS-
FORM can correctly transform 1,413 methods, which is substantially
better than the prior work. This result highlights a great potential of
AUTOTRANSFORM to augment code authors by recommending the
common revisions that occurred during the code reviews in the past
to apply to the newly-written code without waiting for reviewers’
feedback. Nevertheless, at this stage of the work, AUTOTRANSFORM
may be suitable for code changes of software components that
tolerate false positives as AUTOTRANSFORM will provide a recom-
mendation for every changed method which is subject to produce
many false positives compared to humans. Indeed, prior work [51]
reported that developers may decide to not use a supporting tool if
its false positive rate is above 25%. Furthermore, similar to the prior
work [60], the applicability of AUTOTRANSFORM is still limited to
small and medium method sizes. Thus, to broaden the practicality of
AUTOTRANSFORM, future work should aim to develop an approach
that is more selective to achieve higher accuracy (e.g., below 25% of
false positive rate) for any method sizes (including large methods).

7 RELATED WORK

Automated Code Review. Code review is effective, but still human-
intensive and time-consuming [11, 37, 50]. Thus, recent work lever-
aged machine learning techniques to support various activities
throughout the code review process, for example, reviewer recom-
mendation [13, 43, 46, 49, 56, 59], review task prioritization based
on code change characteristics [23, 38, 58] and defect-proneness [30,
39, 44, 45, 65]. Several studies also proposed approaches to support
reviewers when reading and examining code [14, 27, 55, 63, 64]. Al-
though these approaches can reduce the manual effort of reviewers,
code authors still need to manually modify the source code until
it is approved by reviewers. Yet, few studies focus on developing
an approach to automatically transform source code to help code
authors reduce their effort in the code review context.

To the best of our knowledge, only two recent approaches [60, 61]
are proposed to automatically transform the source code to the
version that is approved by reviewers (i.e., the after version). How-
ever, both recent approaches use code abstraction (ABS+ RNN [60],
ABS+Transformer [61]) to reduce the vocabulary size, where our
results show that code abstraction hinders the NMT approaches in
correctly transforming code if the after version has a new token
(e.g., renamed variables). Thus, these recent approaches still have a
limited usage to automatically transform code in the code review
process. Different from prior work, we leverage BPE to address this
limitation of prior work. Importantly, our RQ2 shows that using
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BPE (BPE+Transformer, BPE+RNN) achieves perfect predictions at
least by 284% higher than using the code abstraction with reusable
IDs (ABS+Transformer, ABS+RNN), highlighting the important
contribution of this paper to the automated code transformation
for code review.

Neural Machine Translation (NMT) in Software Engineer-
ing. NMT approaches have been developed to support various
software engineering tasks, which can be categorized into four
types of transformation: (1) Text—Text (e.g., language transla-
tion of code documentation [35], query reformulation [19]); (2)
Text—Code (e.g., code search [24, 42]); (3) Code—Text (e.g., code
summarization [25], commit message generation [29, 34]); and (4)
Code—Code (e.g., automated program repair [20, 28, 33], program-
ming language translation [48], code completion [54]). Although
automated program repair (APR) approaches and our AUTOTRANS-
FORM share a similar concept of using NMT for a Code—Code task,
APR approaches [20, 28, 33] only aim to automatically transform
buggy code to clean code for bug-fixing purposes, which may not
be related to other types of code changes in code review. Different
from APR, our AUTOTRANSFORM aims to automatically transform
source code that is changed during the code review process (e.g.,
refactoring) to improve readability, maintainability, and design
quality [16, 41, 50, 57].

8 THREATS TO VALIDITY

Construct Validity. The source code granularity used in this work
is at the method level. The results may be varied if the changed
source code is extracted at a different granularity (e.g., changed
lines). However, prior work pointed out that an NMT model requires
code context and using only changed lines may lead the NMT model
to suffer from the Out-Of-Vocabulary problem, even though BPE
is used [22]. Hence, we believe that training an NMT model at a
method level would provide a reasonable range of code context
than changed lines.

We define the method size based on the number of tokens (i.e.,
1 - 50 tokens for small and 51 - 100 tokens for medium). This size
definition may not reflect the actual method sizes in practices, e.g.,
a method with 100 tokens may actually have few lines of code. The
performance of AUTOTRANSFORM may differ if other definitions of
method size are used. Nevertheless, for the sake of fair comparison
in our experiment, we opt to use the same definition of method size
as used in the prior work [60]. Moreover, from the aspect of the
NMT algorithm, transforming long sequences are not trivial as it
requires higher memory and computation power [66].

Internal Validity. We experiment with only two settings of
merge operations (i.e., BPE2K and BPE5K); and 8 hyper-parameter
settings which are based on a combinations of four hyper-parameters.
The results may be varied if the number of merge operations and
the hyper-parameter settings of both approaches are optimized.
However, finding an optimal setting can be very computationally
expensive given a large search space of the number of merge op-
erations and all available hyper-parameters. In addition, the goal
of our work is not to find the best setting, but to fairly compare
the performance of our approach with the prior approach based on
similar settings as used in the prior work [60]. Nevertheless, our
analyses in Sections 5 and 6 have shown that the number of merge
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operations and hyper-parameter settings have a small impact on
the performance of our approach.

External Validity. We evaluate our AUTOTRANSFORM based on
the changed methods that were extracted from three Gerrit code
repositories. In addition, we only experimented with Java programs.
Our results may not be generalized to other code review reposi-
tories or other programming languages. However, our approach
is based on the techniques (i.e., BPE and Transformer) that are
language-independent. In addition, we provided a replication pack-
age to facilitate future work to replicate our approach on different
repositories and programming languages.

9 CONCLUSION

Prior work [60] proposed an NMT approach to automatically trans-
form a given method from the before version (i.e., the version before
the implementation of code changes) to the after version (i.e., the
version that is reviewed and merged). Yet, its performance is still
suboptiomal when the after version has new identifiers or literals,
or when the sequence becomes longer. Hence, in this paper, we pro-
pose AUTOTRANSFORM which leverages BPE to handle new tokens
and a Transformer to handle long sequences.

Through an empirical evaluation based on 14,750 changed meth-
ods that are extracted from three Gerrit code review repositories,
we find that (1) our AUTOTRANSFORM can correctly transform 1,060
methods of which the after version has new tokens while the prior
work can not correctly transform any of these methods; and (2) for
the changed methods of which the after version do not have new
tokens, our AUTOTRANSFORM can correctly transform 353 meth-
ods, which is 67% higher than the prior work. Furthermore, our
ablation study also shows that BPE and Transformer substantially
contribute to the performance improvement of our AUTOTRANS-
FORM, when compared to the components used in the prior work.
These results highlight that our AuTOTRANSFORM effectively ad-
dress the limitations of the prior work, allowing the NMT approach
to be applied to a wider range of changed methods (i.e., methods
with new tokens and methods with long sequences). The proposed
approach and the results of this paper contribute toward automated
code transformation for code reviews, which could help developers
to reduce their effort on modifying source code during the code
review process.
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