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TODO comments are widely used by developers to remind themselves or others about incomplete tasks. In
other words, TODO comments are usually associated with temporary or suboptimal solutions. In practice, all
the equivalent suboptimal implementations should be updated (e.g., adding TODOs) simultaneously. However,
due to various reasons (e.g., time constraints or carelessness), developers may forget or even are unaware of
adding TODO comments to all necessary places, which results in the TODO-missed methods. These “hidden”
suboptimal implementations in TODO-missed methods may hurt the software quality and maintainability in
the long-term. Therefore, in this article, we propose the novel task of TODO-missed methods detection and
patching and develop a novel model, namely TODO-comment Patcher (TDPATCHER), to automatically patch
TODO comments to the TODO-missed methods in software projects. Our model has two main stages: offline
learning and online inference. During the offline learning stage, TDPATCHER employs the GraphCodeBERT
and contrastive learning for encoding the TODO comment (natural language) and its suboptimal implemen-
tation (code fragment) into vector representations. For the online inference stage, we can identify the TODO-
missed methods and further determine their patching position by leveraging the offline trained model. We
built our dataset by collecting TODO-introduced methods from the top-10,000 Python GitHub repositories
and evaluated TDPATCHER on them. Extensive experimental results show the promising performance of our
model over a set of benchmarks. We further conduct an in-the-wild evaluation that successfully detects 26
TODO-missed methods from 50 GitHub repositories.
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1 Introduction

TODO comments are widely used by developers to describe valuable code changes that can im-
prove software quality and maintenance. In other words, the TODO comments pinpoint the current
suboptimal solutions that developers should pay attention to in future development. For example,
as shown in Example 1 of Figure 1, when a developer implemented the save_workbook method,
they added a TODO comment (Line 456, TODO: replace with path transformation functions) to re-
mind themselves or other developers for indicating the temporary path implementations (i.e., Line
457). Ideally, once a TODO comment is added for a method, all the methods with equivalent subop-
timal implementations should be updated (i.e., adding the same TODO comment) correspondingly.
Example 2 in Figure 1 shows such a situation, the method get_fullname contains similar subop-
timal implementations (i.e., Line 493) as method save_workbook. Therefore, the developers added
a TODO comment to the above two methods simultaneously in one commit. However, due to
the complexity of the ever-increasing software systems (e.g., hundreds of files with thousands of
methods) and frequent refactoring of the source code (e.g., taking over code from others), devel-
opers may forget or even are unaware of such suboptimal implementations somewhere else in the
project, resulting in TODO-missed methods.

In our work, the definition of TODO-missed method is as follows: Given a method pair (m;, m;)
that has equivalent suboptimal implementations I, if m; was added with a TODO comment T to
indicate I but m, was not, then we then define m, as a TODO-missed method and m; as a TODO-
introduced method. Methods with proper TODO comments can help developers understand the
source code context and prevent introducing mistakes when touching unfamiliar code. On the
contrary, the TODO-missed methods miss the TODO comment specification, resulting in the sub-
optimal implementations being ignored (for a long time) or never getting revisited unless causing
any damages. Take the above methods as an example: If the TODO comment is not specified clearly
in get_fullname, then the developers can easily forget this unfinished task, and the problem is
even worsened as software constantly evolves and developers frequently join and leave the devel-
opment team. It is thus helpful to notify developers of TODO-missed methods in software projects
before any unwanted side effects are caused.

In this article, we aim to identify TODO-missed methods when new TODO comments are added.
Manually checking TODO-missed methods is a time-consuming and error-prone process, this is
especially true for large software projects, usually with hundreds of files and thousands of lines of
code. It would cost a great amount of effort if developers inspect all methods line by line to identify
TODO-missed methods. Therefore, it is beneficial and desirable to have a tool for automating the
checking of TODO-missed methods in practice. To perform this task, the following two key issues
need to be handled properly:

(1) TODO-missed methods detection. Identifying TODO-missed methods first requires under-
standing the semantics of the TODO comment and its suboptimal implementation and the
relationship between them. The comment and source code are of different types (i.e., free-
form natural languages and formal programming languages), which causes naturally a gap
between them. As shown in Figure 1 examples, TODO comments and their suboptimal imple-
mentations are semantically related but lexically isolated. As a result, it is a non-trivial task
to determine whether a method should include a particular TODO comment or not. There-
fore, an effective tool for detecting TODO-missed methods requires capturing the semantic
mapping and implicit connections between the TODO comment and its corresponding sub-
optimal implementation(s).

(2) TODO-missed methods patching. After a TODO-missed method is detected, our next step aims
to locate the exact suboptimal positions (e.g., the source code lines) that the TODO comment
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COMMIT: 922096788127a1271b5c2b4e1544447c65b0f954
Ex1: TODO-introduced method: xlwings/xlwings/_xlmac.py

455  def save_workbook(xl_workbook, path):

456 # TODO: replace with path transformation functions
457 saved_path = x|_workbook.properties().get(kw.path)
458 if (saved_path !=“) and (path is None):

459 # Previously saved: Save under existing name
460 xI_workbook.save()

Ex2: TODO-introduced method: xlwings/xlwings/_xlmac.py

491 def get_fullname(x|_workbook):

492 # TODO: replace with path transformation functions
493 hfs_path = xI_workbook.properties().get(kw.full_name)
494 if hfs_path == xI_workbook.properties().get(kw.name):
495 return hfs_path

496 url = mactypes.covertpathtourl(hfs_path, 1)

497 return covertpathtourl(url, 1)

Fig. 1. Examples of TODO-introduced methods.

should be patched to, namely TODO-missed methods patching. Patching TODO comments
to the right location is also a non-trivial task with respect to the following reasons: It is
very difficult, if not possible, to determine where a TODO comment should be added by just
reading the method source code. For example, as shown in Example 2 in Figure 1, multiple
statements within get_fullname method are associated with “path” actions, one cannot
easily claim which code line is connected to the TODO comment. A more intuitive and
reliable way is to take the TODO-introduced method as a reference and check the equivalent
suboptimal positions by pairwise comparison.

To alleviate the above issues and help developers better maintain TODO comments, in this
work, we propose a novel framework named (TODO-comment Patcher (TDPATCHER) to
automatically patch the TODO comments to the TODO-missed methods. The main idea of our
approach is twofold: (i) Code Embeddings: Code patterns (e.g., the suboptimal implementations),
as well as code documentation (e.g., TODO comments), can be automatically encoded into
contextualized semantic vectors via the techniques adapted from the large-scale pre-trained
models (e.g., GraphCodeBERT). (ii) Contrastive Learning: Learning semantic representation for an
individual method alone is not sufficient, it is necessary to explore the correlations and implicit
differences between the TODO-introduced methods and TODO-missed methods. In this work, we
adopt the contrastive learning strategy to teach the model to pull positive samples together (i.e.,
methods with equivalent suboptimal implementations) while simultaneously pushing negative
samples (i.e., irrelevant methods) apart.

TDPATCHER consists of two stages: offline learning and online inference. During offline learning,
we collect TODO-introduced methods (a method that newly adds TODO comment) from the Top-
10,000 Python GitHub repositories. We then automatically establish (anchor, positive, negative)
triplet training samples in terms of whether the TODO-introduced method can be paired. TD-
PaTcHER first employs the GraphCodeBERT [19] model to embed anchor, positive, and negative
samples into contextualized vectors, respectively. TDPATCHER then applies contrastive learning
strategy [13, 21] to further learn the discriminative vector representations. The goal of our
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framework is that equivalent suboptimal implementations (i.e., positive pairs) should be as
close as possible in hidden vector space, while the irrelevant code patterns (i.e., negative pairs)
should be as far away as possible in the space. When it comes to online prediction, for a given
TODO-introduced method, TDPATCHER first transforms its suboptimal code implementations
into vectors, then locates the code fragments that have the nearest vectors to the suboptimal
implementations.

To verify the effectiveness of TDPatcher, we conducted extensive experiments on the Python
dataset. By comparing with several benchmarks, the superiority of our proposed TDPATCHER
model is demonstrated. In summary, this work makes the following main contributions:

(1) We propose a novel task of TODO-missed methods detection and patching, and we build a
large dataset for checking TODO-missed methods from top-10,000 Python Github reposito-
ries. To the best of our knowledge, it is the first large dataset for this task.

(2) We propose a novel model, TDPATCHER, to automatically detect and patch TODO-missed
methods when TODO comments are introduced. TDPATCHER can help developers to in-
crease the quality and maintainability of software and alleviate the error-prone code review
process.

(3) We extensively evaluate TDPATCHER using real-world popular open source projects in
Github. TDPATCHER is shown to outperform several baselines and reduce the developer’s
efforts in maintaining the TODO comments.

(4) We have released our replication package, including the dataset and the source code of TD-
PATcHER [1], to facilitate other researchers and practitioners to repeat our work and verify
their ideas.

The rest of the article is organized as follows. Section 2 presents the motivating examples and
user scenarios of our study. Section 3 presents the details of our approach and data preparation
for our approach. Section 4 presents the evaluation results. Section 5 presents the in-the-wild
evaluation. Section 6 presents the threats to validity. Section 7 presents the related work. Section 8
concludes the article with possible future work.

2 Motivation

In this section, we first show the motivating examples from real-world TODO-missed methods. We
then present user scenarios that employ our proposed TDPATCHER to address these problems.

2.1 Motivating Examples

Due to the large scale of modern software projects, developers may forget or even be unaware
of adding TODO comments to the methods that are supposed to, leading to the introduction of
TODO-missed methods. Figures 2 and 3 show two examples of TODO-missed methods in real-world
GitHub repositories. From these examples we can see the following:

(1) TODO-missed methods can decrease the software quality and maintainability and induce
potential problems and/or bugs in subsequent development. An example is shown in Fig-
ure 2, the developer added a TODO comment to yolo_predict_mnn method, noting that
“TODO: currently MNN python binding have mem leak when creating MNN, ... so we con-
vert input image to tuple” To address this memory leak issue, the developer modified the
image_data to a tuple. Unfortunately, the developer neglected the same suboptimal imple-
mentation in another method (i.e., validate_yolo_model_mnn), leading to the latter be-
coming a TODO-missed method. As a result, the same problem could be caused when the
validate_yolo_model_mnn method is triggered. Upon manual inspection of the project’s
commit history, we found that the developer eventually added the missing TODO comment
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Repo: keras-YOLOv3-model-set (629 Stars) TODO-introduced Commit: f007ff1f6214d91e22bc51eda6f25e7048492022
Commit Message: support MNN model evaluation in eval.py

TODO-introduced method: eval.py —> yolo_predict_mnn

def yolo_predict_mnn(interpreter, session, image, anchors, num_classes, ..., v5_decode):

# use a temp tensor to copy data
+ # TODO: currently MNN python binding have mem leak when creating MNN. Tensor
+ # from numpy array, only from tuple is good, so we convert input image to tuple
+ input_elementsize = reduce(mul, input_shape)
tmp_input = MNN.Tensor( input_shape, input_tensor.getDataType(), \
- image_data, input_tensor.getDimensionType())
+ tuple(image_data.reshape(input_elementsize, -1), input_tensor.getDimensionType())

TODO-dropped method: validate_yolo_mnn.py —> validate_yolo_model_mnn

def validate_yolo_model_mnn(model_path, image_file, anchors, class_names, loop_count):

# use a temp tensor to copy data
tmp_input = MNN.Tensor( input_shape, input_tensor.getDataType(), \
image_data, input_tensor.getDimensionType())

Repo: keras-YOLOv3-model-set (629 Stars) TODO-patching Commit: bbd7a393546399f5dbaf19e12e4b1079726bb6a8
Commit Message: fix MNN input tensor copy issue

def validate_yolo_model_mnn(model_path, image_file, anchors, class_names, loop_count):

- # use a temp tensor to copy data
tmp_input = MNN.Tensor( input_shape, input_tensor.getDataType(), \
image_data, input_tensor.getDimensionType())
# create a temp tensor to copy data
# use TF NHWC layout to align with image data array
# TODO: currently MNN python binding have mem leak when creating MNN. Tensor
# from numpy array, only from tuple is good, so we convert input image to tuple
tmp_input_shape = (batch, height, width, channel)
input_elementsize = reduce(mul, tmp_input_shape)
tmp_input = MNN.Tensor( tmp_input_shape, input_tensor.getDataType(), \
tuple(image_data.reshape(input_elementsize, -1), MNN.Tensor_DimensionType_Tensorflow)

+ o+ F

Fig. 2. Motivating Example 1.

back to validate_yolo_model_mnn and fixed the problem within the TODO-missed method
using the same way as the TODO-introduced method. The commit message (“fix MNN input
tensor copy issue”) further confirms our assumption that the problem was caused by over-
looking the suboptimal implementation within the TODO-missed method.

(2) Identifying TODO-missed methods is a non-trivial task, given diverse forms of equivalent
suboptimal implementations. Figure 3 shows another example of TODO-missed method in
the galaxy project. As can be seen, the TODO-introduced method (i.e., _check_files) and
the TODO-missed method (i.e., get_current_branch) have the same encoding problem re-
lated to the subprocess output. Despite sharing the same problem, the suboptimal code
patterns within the TODO-introduced method (i.e., yield line.strip()) and the TODO-
missed method (i.e., return subprocess.check_out().strip()) differ significantly. The
developer can easily ignore such suboptimal code implementations due to time constraints
and/or carelessness, and has to spend extra time and effort for debugging when problems
are eventually exposed. Regarding this particular case, the developer fixed the encoding is-
sue in the TODO-missed method after a week when the TODO comment was initially added.
During this time, other team members may revise the code without noticing the subopti-
mal code patterns in the source code, therefore any code refactoring related to this TODO-
missed method can be influenced, posing potential threats to software maintenance and
evolution.

In summary, the TODO-missed methods can be easily ignored by developers and introduce poten-
tial problems and/or bugs in subsequent development. Therefore, we propose TDPATCHER in this
work, which aims to make the hidden suboptimal implementations observable by adding TODO
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Repo: galaxy (839 Stars) TODO-introduced Commit: 4c9280c2c782ffd98828bd3a67f9f44502765d6¢

Commit Message: Decode output of external process calls. Since Python 3.x subprocess use byte streams by default for stdout
and stderr, ... to keep compatibility with Python 2 wu use ".decode(‘utf-8’)" instead, until Python 2 support is dropped.

TODO-introduced method: __init__.py —> _check_files

def _check files(self, paths):

proc = subprocess.Popen(cmd, cwd=self.root, stdout=subprocess.PIPE)
for line in proc.stdout:

yield line.strip()

# TODO(cutwater): Replace ".decode('utf-8')" call with subprocess

A

+ # parameter “encoding” after dropping Python 2.7 support.
+ yield line.decode(‘utf-8’).strip()
proc.wait()

TODO-dropped method: git.py —> get_current_branch

def get_current_branch(directory=None):
cmd = ['git’, ‘rev-parse’, ‘—abbrev-ref’, ‘HEAD’]
return subprocess.check_out(cmd, cwd=directory).strip()
Repo: galaxy (839 Stars) TODO-patching Commit: c49e3080fbd5f41fae78e8e31bd4d670ef91a104
Commit Message: Python 3: Fix subprocess output encoding

def get_current_branch(directory=None):

cmd = ['git’, ‘rev-parse’, ‘—abbrev-ref’, ‘HEAD’]
return subprocess.check_out(cmd, cwd=directory)..strip()
+ # TODO(cutwater): Replace “.decode('utf-8')" call with subprocess
+ # parameter “encoding’ after dropping Python 2.7 support.
return subprocess.check_out(cmd, cwd=directory).decode(‘utf-8’).strip()

Fig. 3. Motivating Example 2.

comments to the TODO-missed methods. With the help of TDPATCHER, developers will be reminded
of the ignored suboptimal implementations just-in-time, such immediate feedback ensures the
context is still fresh in the minds of developers. This fresh context can help developers to be aware
of their suboptimal code and thus avoid the introduction of the TODO-missed methods.

2.2 User Scenarios

We illustrate a usage scenario of TDPATCHER as follows.

Without Our Tool: Consider Bob is a developer. One day, when Bob implemented a method
to add a new feature, he realized that the current solution was suboptimal. He then adds a TODO
comment to indicate the features that are currently not supported or the optimizations that need to
be implemented. Besides the current method, there are multiple methods with the equivalent sub-
optimal implementation that are supposed to be handled correspondingly. However, due to time
constraints or unfamiliarity with the software system, Bob is not aware of other suboptimal posi-
tions and thus introduces the TODO-missed methods unconsciously. These TODO-missed methods
may negatively impact program quality and maintenance. Furthermore, when other developers
take over the code from Bob, they have no idea that the method is suboptimal, the new updates
on this method are risky and may introduce bugs in the future.

With Our Tool: Now consider Bob adopts our tool, TDPATCHER. After introducing TODO com-
ments and their suboptimal solutions, Bob can use our tool to automatically identify the presence of
the TODO-missed methods, and such immediate feedback can ensure the code context is still fresh
in the developer’s mind. Moreover, TDPATCHER can locate the specific source code line where the
TODO comments are supposed to be added, thus helping developers to locate the suboptimal posi-
tions with less inspection effort. With the help of our tool, Bob successfully finds and patches the
TODO-missed methods in the current software repository efficiently, which increases the reliability
and maintenance of the system and decreases the likelihood of introducing bugs.
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3 Approach

In this section, we first define the task of TODO-missed methods detection and patching for our
study. We then present the details of our data preparation and proposed approach.

3.1 Task Definition

Our tool aims to automatically detect and patch TODO-missed methods in software projects. For-
mally, given a method pair (m;, m,), let my be the TODO-introduced method and T be the TODO
comment associated with mq, and let m, be the candidate method to be checked. Our first task is
to find a function detect so that

1 for m; = my

detect(my, my, T) :{ 0 for otherwise ’

(1)
where m; = m; denotes that the m; and m;, contains the equivalent suboptimal implementations.
Our second task is to add the TODO comment T to the right position of mj if detect(my, m,, T) = 1.
Let p be the desired adding position of T in my. Our second task is to find a function patch so that

patch(my, my, T) = p. (2

3.2 Data Collection

We first present the details of our data collection process. We build our dataset by collecting data
from the top 10,000 Python repositories (ordered by the number of stars) in GitHub until December
25, 2022. We have to mention that while this study utilizes Python for investigation, our approach
could be applied to source code written in any programming language.

3.2.1 Identifying TODO-introducing Commits. We first collected and cloned the top-10K Python
repositories from GitHub until December 2022. The git repository stores software update history,
each update comprises a diff file that shows the differences between the current and previous ver-
sions of the affected files. For each cloned repository, we first checkout all the commits from the
repository history. Following that, for each commit, if “TODO” appears within added lines of the
diff, then we consider this commit as a TODO-introducing commit. Among the top-10K Python
repositories, we discovered that 6,519 of them contained TODO-introducing commits. Finally, we
have collected 148,675 TODO-introducing commits (including 196,945 TODOs, since there are com-
mits containing more than one TODO) from these 6,519 Python repositories. Considering the forks
of an original repository could introduce noise data samples and contaminate the training and test-
ing dateset, we further checked that all 6,519 Python repositories are original repositories and not
forks from other repositories.

3.22 Cleaning TODO-introducing Commits. Although we have gathered TODO-introducing
commits from Python repositories, it is not guaranteed that all TODO comments are added to
Python methods. In this step, we only preserve TODO-introducing commits if they contain TODO
comments added to Python source files and remove any other unrelated commits. To achieve this,
we apply Pydriller [51] (a framework for analyzing Git repositories) to extract modified files of
each TODO-introducing commit, and only retain commits when their associated modified files are
Python source files (ending up with .py). As a result, we retain a total of 112,951 verified TODO-
introducing commits (including 152,724 TODOs) from 5,888 Python repositories.

3.2.3  Extracting TODO-introduced Methods. In this step, We extract methods that are associated
with the TODO comments. Particularly, for a given verified TODO-introducing commit, we first
check out affected files from this commit. We then pinpoint the line number of the TODO comment
and automatically extract the TODO-introduced method if the method’s code range covers the line
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of the TODO comment. During this process, we apply the following rules: (i) Rule1: The TODO
comments that consist of less than three words are excluded. These TODOs are often too short to carry
meaningful code indications. As a result, we removed 9,660 TODO-introducing commits (including
15,957 TODOs), leaving us with 136,767 TODOs for this step. (ii) Rule2: The TODO comments
that are not located within a method are excluded. Since our focus is on addressing TODO-missed
methods in this study, we disregard TODO comments that are not associated with any methods.
By doing so, we removed 39,354 TODOs that were outside of methods and retained 97,413 within
method TODOs. (iii) Rule3: The methods that failed to parse are excluded. To extract method-level
information for downstream tasks, we use Python 2.7/3.7 standard library ast to produce the file-
level Abstract Syntax Tree (AST) for Python 2 and Python 3 projects, respectively. We then
extract every individual method and class method source code via inspecting the method related
AST node (e.g., the FunctionDef and AsyncFunctionDef). We use the autopep8 to overcome the
issues of different styles and white space or tab conventions. Finally, 1,451 methods failed to parse
due to syntax error, 95,962 TODO-introduced methods are successfully parsed and extracted for
downstream tasks.

3.24  Grouping TODO-introduced Methods. This step is responsible for grouping methods with
the same TODO comments together. Different methods may contain the same TODO comments,
which indicates the same suboptimal code implementations. In this step, for a given project, we
automatically check each TODO-introduced method within this project. Methods with the same
TODO comment will be grouped together, while methods with unique TODO comment will be ex-
cluded. As a result, each TODO comment will be paired with a set of methods (e.g., different meth-
ods or the same method of different TODO locations). Finally, the TODO-introduced method groups,
G = {(Ti, my,, m,, . . ., mi“)}ig=l are constructed, where m;,, ..., m; are a group of methods with
the same TODO comment Tj. Each group of methods is regarded as methods with equivalent
suboptimal code implementations. Among the 95,962 TODO-introduced methods, 18,126 of them
are grouped into 6,855 TODO-introduced method groups, while the other 77,386 TODO-introduced
methods are excluded.

3.2.5 Manual Validation. Since we automatically built our dataset of TODO-introduced meth-
ods from Top-10K Python repositories, we cannot ensure that there are no outlier cases, or noisy
data, during the data preparation process. Therefore, we further performed a manual checking step
to validate the quality of our constructed dataset. Specifically, we randomly sampled 100 TODO-
introduced method groups from our dataset. Then the first author manually examined whether
TODO-introduced methods within each group contains equivalent suboptimal implementations. Fi-
nally, 96 groups of methods are marked as methods with equivalent suboptimal implementations.
Thus, we are confident with the quality of our constructed dataset.

3.2.6 Empirical Findings. We have gathered the following insights from our data collection pro-
cess: (i) TODOs are widely used by developers in open source projects. As shown in Section 3.2.1,
among the top-10K Python repositories, 6,519 of them incorporate TODOs during the software
development. This confirms the significant role of TODO comments in managing and coordinat-
ing diverse programming tasks. (ii) The majority of TODOs are added within methods. As demon-
strated in our preliminary investigation in Section 3.2.3, among the 136,767 introduced TODOs,
approximately 71% (97,413 TODOs) are inserted within methods, which verifies the importance
and necessity of targeting our objectives, i.e., TODO-missed methods. (iii) We have identified 6,855
TODO-introduced method groups in Section 3.2.4. Ideally, methods within the same group should be
updated (i.e., adding TODOs) simultaneously. However, after our investigation, 3,436 groups (i.e.,
50.1%) of methods added TODOs within the same commit, while the remaining 3,419 (i.e., 49.9%)
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Anchor Method — Anchor Code Block Positive Method —» Negative Method —» Negative Code Block
511 def _collect_namemap(subdirs, ...): 540 def _warn_on_ambiguous_namekeys(subdirs, ...): [172 def_download_channeldata(channel_url):
173 with TemporaryDirectory() as td:
521 for sub_dir in sub_dirs: 555 for sub_dir in sub_dirs: 174 tf = os.path.join(td, "channeldata.json”)
522 repodata = patched_repodata[dir] 556 repodata = patched_repodata[dir] 175 download(channel_url, tf)
TODO-introduced |523 #TODO: should use package.conda here 557 # TODO: should use package.conda here 176 try:
Method 524 for info in repodatal‘packages’].values():  |558 for fn, info in repodatal'packages’litems(): 177 with open(tf) as f:
525 namespace, name_in_channel, name = 559 if info["name™] in ambiguous_namekeys: 178 data = json.load(f)
values_determine_namespace(info) 560 abe_info[["nameJ|[info["namespace™]]. |179 except JSONDecodeError:
526 namekey = namespace + "' + name append(sub_dir + /" + fn) 180 data = {}
181 return data
(Topo :)Immenl) T: # TODO: should use package.conda here # TODO: should use package.conda here T: # TODO: should use package.conda here
</> CEN e . . i L . . . .
(TODO centerpiece) | CENA: for info in repodatal packagesT values(): for fn, info in repodata[‘packages’].items(): CENN: download(channel_url, tf)
</>CON CONa: for sub_dir in sub_dirs : <nl> repodata = for sub_dir in sub_dirs : <nl> repodata = CONN : with TemporaryDirectory() as td: <nl> tf = os.path
(TODO context) |patched_data patched_data ... try: <nl> with open(tf) as f:
Tdir] name_in_channel, ... "7 + name i info[ name T in T
Code Block Anchor Code Block: A = [T+SEP]+CENA+{SEP]+CONa] Negative Code Block: N = [T+[SEP]+CENN+[SEP]+CONN]

Fig. 4. Code block generation examples.
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Fig. 5. Overall framework of our TDPATCHER.

groups added TODOs across different commits. This phenomenon signals that a large number of
TODOs are not added in time by developers, leading to the introduction of TODO-missed methods.
It is thus highly desirable to have a tool that provides just-in-time automatic detection of TODO-
missed methods and add them before they mislead developers and/or cause any unwanted side
effects. This automated process of detecting and patching TODO-missed methods can substantially
increase the quality and reliability of the software system.

3.3 Approach Details

In this section, we first present the details of constructing triplets model inputs, as shown
in Figure 4. We then describe the overall framework of our approach, named TDPATCHER, as
illustrated in Figure 5. The approach details are as follows:

3.3.1 Model Inputs Construction. To capture semantic correlations between equivalent code
implementations, we adopt the idea of contrastive learning. Different from traditional software
engineering tasks such as defect prediction [55, 58], contrastive learning requires triplets as in-
puts [6, 13, 61]. Therefore, we need to prepare the data as triplets for model inputs. Each triplet is
composed of three code blocks, namely anchor code block (denoted as A), positive code block (de-
noted as P), and negative code block (denoted as N), respectively. Each code block consists of three
parts: T, CEN, and CON, where T represents the TODO comment, CEN represents the TODO cen-
trepiece, and CON represents the TODO context, respectively. Figure 4 demonstrates the code block
generation process. The detailed definitions of TODO centrepiece and TODO context are explained
as follows:
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— Anchor Code Block Generation. After data collection, we obtain the TODO-introduced method
groups G, for a given group (T, my, my, ..., m,) in G, we randomly select a method my(1 <
k < n) as the anchor method. We construct the anchor code block for my as follows: we
identify the code line following the TODO comment as the TODO centrepiece; We consider
the two code lines before and after the TODO comment (excluding the TODO centrepiece) as
the TODO context. Finally, the TODO comment, the TODO centrepiece, and the TODO context
make an anchor code block. In summary, the anchor code block A = [T, CEN4, CON,4],
where CENj and CONy are the TODO centrepiece and TODO context of the anchor method.

— Positive Code Block Generation. The positive code block refers to the code fragment that
shares equivalent suboptimal implementations with the anchor code block. For a given
TODO-introduced method group (T, my, ..., my), once the method my is selected as the an-
chor method, each of the rest methods mj(1 < j < n,j # k) will serve as a candidate positive
method. Given the positive method mj, we generate the positive code block exactly the same
as making the anchor code block. Similarly, the positive code block P = [T, CENp, CONp]
can be constructed, where CENp and CONp are the TODO centrepiece and TODO context of
the positive method m;.

— Negative Code Block Generation. The negative code block refers to the irrelevant code frag-
ment in terms of the anchor code block. The negative code block also includes three seg-
ments. The TODO comment is the same comment with the anchor/positive code block. Re-
garding the TODO centrepiece, we randomly select a source code line from a non-TODO
method as the negative TODO centrepiece, the two code lines before and after the centre-
piece are regarded as the negative TODO context. Likewise, a negative code block N =
[T, CENy, CONy, where CENy and CONy represents the negative TODO centrepiece and
negative TODO context, respectively.

So far, given a TODO-introduced method group (T, my, my, . .., my), once the anchor method is
determined, the remaining method within the group is considered a positive method. Then each
positive method will be paired with the anchor method and a negative method to establish a triplet
sample. In other words, the TODO-introduced method group (T, my, my, . . ., my) can generate n—1
triplet samples. From each triplet sample, the anchor code block A, positive code block P, and
negative code block N are extracted automatically for model inputs, denoted as (A,P,N). The
positive code block P paired with the anchor code block A makes a positive pair (i.e., (A, P)), while
the negative code block N paired with the anchor code block A makes a negative pair (i.e., (A, N)).
In this work, the positive pairs are code blocks with equivalent suboptimal implementations, while
the negative pairs are code blocks with irrelevant implementations. Since our code block consists
of three parts (i.e., TODO comment, TODO centrepiece and TODO context), we add a special token
[SEP] between different parts to further separate the natural language (TODO comment) and
code implementations (i.e., TODO centrepiece and TODO context), which has been proven to be
effective for bridging the gap between heterogeneous data. Finally, we constructed 10,775 triplet
samples from 6,855 TODO-introduced method groups.

3.3.2  Code Embedding Networks. Due to the lexical gap between the TODO comments (i.e., nat-
ural language) and their suboptimal implementations (i.e., source code), it is difficult for traditional
embedding techniques such as Bag-of-words, TF-IDF, and word2vec to embed both source code
and natural language as vectors. To capture the semantic correlation between the TODO comment
and its suboptimal solutions, we employ the large-scale pretrained model, GraphCodeBERT [19], as
the encoder component for our model. GraphCodeBERT has several advantages as compared with
other code embedding techniques: First, different from traditional embedding techniques that pro-
duce context-independent embeddings, GraphCodeBERT generates contextual embeddings based
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on local code implementations. Moreover, instead of regarding the code snippet as a sequence
of tokens, GraphCodeBERT uses dataflow in pre-training stage, which captures the semantic-level
code structure and encodes the intricate relationship between variables. GraphCodeBERT has been
proven to be effective in many code-related tasks [19, 57].

Because our model inputs are triplets, TDPATCHER adopts three encoders based on GraphCode-
BERT, i.e., Anchor Code-block Encoder, Positive Code-block Encoder, and Negative Code-block Encoder.
These three encoders share weights of a single GraphCodeBERT as shown in Figure 5. The Graph-
CodeBERT encoder contains 12 layers of transformers. The hidden size of each layer is 768. Each
layer has a self-attention sub-layer that is composed of 12 attention heads. After feeding the code
block sequence into the encoder, we extract the final hidden states h of the special token [CLS]
as the code block embedding vector. As a result, the three encoders map triplet inputs, i.e., an-
chor code block A, positive code block P, negative code block N, into their corresponding code
embeddings ha, hp, and hy;, respectively.

3.3.3 Contrastive Learning. Now we present how to train TDPATCHER to distinguish equivalent
code implementations from irrelevant implementations. The goal of our contrastive learning is that
the positive pairs (e.g., equivalent code blocks) should be as close as possible in higher-dimensional
vector space, and the negative pairs should be as far away as possible in the space. In this step, we
introduce a triplet network to further learn the discriminative features among different inputs. The
triplet network is a contrastive loss function based on the cosine distance operator [10, 22, 61].
The purpose of this function is to minimize the distances between the embeddings of similar code
blocks (i.e., hy and hp) and maximize the distances between the embeddings of irrelevant code
blocks (i.e., hy and hy). Formally, the training objective is to minimize the following loss function:

max(|[ha —hp|| — [[ha — ]| +€,0), ®)

where € is the margin of the distance between A and N. Intuitively, the triplet loss encourages the
cosine similarity between two equivalent code implementations to go up, and the cosine similarity
between two irrelevant code blocks to go down.

3.3.4 TODO-missed Methods Detection and Patching. Based on the code embedding and con-
trastive learning techniques, we are able to apply our approach to solve the TODO-missed methods
detection and patching tasks.

— Regarding the TODO-missed methods detection task, for a codebase, we first extract all possi-
ble code blocks for each method, in this study, every consecutive five code lines is regarded
as a code block (see the code block definition in Section 3.3.1). After that, we encode each
code block into a vector by using our TDPATCHER. When a new TODO comment is intro-
duced, TDPATCHER first computes the vector representation for the suboptimal code block
regarding the TODO comment, we then search code blocks in our codebase that are “sim-
ilar” to the suboptimal code fragment. Particularly, given vector representations of a code
block and the suboptimal code fragment, if their cosine similarity score is over a pre-defined
threshold, then we determine the code block as a suboptimal code block. The methods con-
taining suboptimal code block(s) will be identified as TODO-missed methods. We set the pre-
defined threshold to 0.9 in this study. The threshold is a key parameter that governs whether
a method will be predicted as a TODO-missed method. Grid search is employed to select the
optimal threshold between 0.6 and 1.0 with a step size of 0.01. We carefully tune the thresh-
old on our validation set, the threshold to the best performance (i.e., F1-score) is selected as
the optimal threshold (0.9 in this study) and used to evaluate our testing set.

— Regarding the TODO-missed methods patching task, we aim to find the exact patching po-
sition for the TODO comment. After identifying the TODO-missed method, we divide the
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method into a list of code blocks (every consecutive five code lines) sequentially and choose
the code block with the highest similarity score as the patching code block. The central code
line of the patching code block (i.e., the third code line within each code block) is regarded
as the patching position for the TODO-missed method.

4 Evaluations

In this section, we evaluate how well our approach for the task of TODO-missed methods detection
and patching. In particular, we first introduce the experimental setup for our work, and we then
aim to answer the following three key research questions:

— RQ-1: How effective is TDPATCHER for TODO-missed methods detection?

— RQ-2: How effective is TDPATCHER for TODO-missed methods patching?

— RQ-3: How effective is TDPATCHER for using GraphCodeBERT and contrastive learning tech-
niques?

— RQ-4: How effective is TDPATCHER under different code block configurations?

4.1 Evaluation Setup

In this study, we constructed 10,775 triplet samples from 1,793 GitHub projects for training and
evaluation. We split the constructed triplet samples into three chunks by projects: Eighty percent
of projects’ (i.e., 1,443 projects) triplet samples are used for training, 10% (i.e., 175 projects) are used
for validation, and the rest (i.e., 175 projects) are held-out for testing. As a result, our final training,
validation and test sets consist of 8,531, 1,114, and 1,130 triplet samples, respectively. It is worth
mentioning that we split our dataset projectwise instead of timewise. In other words, we performed
the cross-project evaluation settings [41, 47, 64, 71] for this study, which ensures our training
samples, validation samples, and testing samples come from different projects. The training set
was used to fit the model for our task, while the validation set was used to find and optimize the
best model under different hyperparameters. The testing set was used for testing the final solution
to confirm the actual predictive power of our model with optimal parameters.

4.2 RQ-1. How Effective Is TDPATCHER for TODO-missed Methods Detection?

4.2.1 Experimental Setup. In this research question, we want to determine the effectiveness of
our approach for identifying the TODO-missed methods. The testing set contains 1,130 triplet sam-
ples. Each triplet relates to an anchor method my,, a positive method my, and a negative method
my,. One way to evaluate our approach is to see whether it can correctly predict (m,, m;) as posi-
tive and (m,, my,) as negative. To make the testing environment similar to the real-world working
environment, we construct a candidate method pool P for evaluation. Theoretically, £ should in-
volve all methods within this project. However, it is too expensive to do so due to the huge number
of methods for large software projects. In our preliminary study, # is constructed by gathering
all methods associated with the TODO-introduced files (more than 70% TODO-introduced methods
are added within the same file). In other words, the candidate method pool P for testing anchor
method m, contains N methods, one of which is my, where N is the total number of extracted
methods. For evaluation, we pair m, with each candidate method in # and feed them into TD-
PATCHER to calculate a matching score; if the matching score is over a pre-defined threshold, then
the candidate method is regarded as a TODO-missed method.

4.2.2  Evaluation Metrics and Baselines. The TODO-missed methods detection is a binary classi-
fication problem, we thus adopt the Precision, Recall, and FI-score to measure the performance of
our approach. To demonstrate the effectiveness of our proposed model, TDPATCHER, we compared
it with the following chosen baselines:
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— Random Guess: Random-Guess (RG) is usually selected as a baseline when the previous
work is lacking [64]. For each candidate method, we randomly determine whether it is a
TODO-missed method or not.

— Centrepiece-Exact-Match: Centrepiece-Exact-Match (CEM) is a heuristic baseline to iden-
tify TODO-missed method. Since the TODO centrepiece is closely related to the TODO com-
ment, we compare the TODO centrepiece with each line of the candidate method; if any lines
match the TODO centrepiece exactly, then we declare this candidate method as a TODO-
missed method.

— Centrepiece-Soft-Match: Centrepiece-Soft-Match (CSM) modifies CEM by looking at the
overlapping words between the TODO-centrepiece and the target line. If the text similar-
ity (proportion of the overlapped words) is above a threshold, then we claim the candidate
method as a TODO-missed method.

— NiCad: NiCad [48] is a widely used traditional clone detection tool that handles a range of
programming languages (e.g., C, Java, Python, C#, PHP, Ruby, Swift) in terms of different
granularities (i.e., method-level and block-level). Given two methods are code clones, these
two methods are likely to introduce TODO comments at the same time. It is thus reasonable
to adopt a clone detection method as a baseline. For a given a TODO-introduced method,
the clone method will be regarded as its TODO-missed method. In this study, we thus adopt
NiCad as a tool to detect code clones.

— Neural Code Search (NCS): Another thread of similar research that is relevant to our work
is code search. Identifying the TODO-missed method can be viewed as searching code snip-
pets related to TODO-introduced method. A plethora of approaches have been investigated
for code search in software repositories [16, 18, 49, 70], and the key idea of these studies is
mapping code to vectors and matching data in high-dimensional vector space. In this study,
we choose NCS model proposed by Facebook [49] as the code search method baseline. NCS
encoded the code to vectors by combining FastText embeddings and TF-IDF weightings de-
rived from the code corpus. We can easily search for code “similar” to the TODO-introduced
method in their vector space.

— Large Pre-trained Models: Recently, the large pre-trained models, such as the CodeBERT [12],
PLBART [2], and CodeT5 [59], have proven to be effective for many downstream tasks, in-
cluding code generation, code summarization, code translation, code clone detection [2, 26,
33, 54, 56, 65]. In this study, two large pre-trained models, i.e., CodeBERT and PLBART are
chosen for our study. We use CodeBERT and PLBART to encode code and detect code clones
on method-level, denoted as CodeBERT) and PLBART)y, respectively. Since TDPATCHER
detects the TODO-missed methods at the block-level (i.e., every consecutive five code lines
of a method is regarded as a code block). For a fairer comparison, we also use CodeBERT
and PLBART to detect code clones at the same block-level, denoted as CodeBERTg and
PLBARTS}. If any code blocks of a method are identified as code clones of a TODO-introduced
method, then we claim this method as a TODO-missed method.

4.2.3 Experimental Results. The experimental results of our TDPATCHER and baselines are
summarized in Table 1. For each method mentioned above, the involved parameters were carefully
tuned and the parameters with the best performance are used to report the final comparison
results. From this table, we can observe the following points: RG achieves the worst performance
regarding Precision, this is because our candidate method pool £ has more than 16 methods
on average, which shows the data imbalance problem in real scenarios. In general, the methods
based on textual similarity, i.e., CEM and CSM, can achieve a relatively high precision score but
low recall and F1 score. It is a little surprising that CEM achieves 65.2% precision by naively
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Table 1. TODO-missed Methods Detection
Evaluation

Approach ‘ Precision ‘ Recall ‘ F1 ‘

RG 6.6% 49.7% | 11.5%
CEM 65.2% 39.2% | 49.0%
CSM 60.5% 46.1% | 52.3%
NiCad 71.5% 35.4% | 47.3%
NCS 55.3% 54.2% | 54.8%
PLBART 49.3% 47.6% | 48.4%
CodeBERTy 36.8% 56.5% | 44.6%
PLBART} 70.2% 68.8% | 69.5%
CodeBERTg 73.1% 68.3% | 70.6%
TDPATCHER 83.7% 77.3% | 80.4%

checking the exact match with the TODO centrepiece statement, which indicates the TODO
comments are closely related to the TODO centrepiece statements. CSM performs better than
CEM in terms of F1-score and Recall, this is because CSM modifies the exact matching strategy
with the soft matching by allowing a small proportion of different tokens, which also causes
a performance drop regarding the Precision score. However, both CEM and CSM are based on
bag-of-words matching, which can only capture the lexical level features, while the suboptimal
implementations of TODO-missed methods may be semantically related but lexically independent,
which also explains their overall poor performance on Recall and F1 score.

The traditional clone-detection tool NiCad and code search tool NCS achieve a relatively high
precision but low recall, which explains its overall unsatisfactory performance. Both NiCad and
NCS can be viewed as variants of the problem of finding “similar” code. In other words, NiCad and
NCS search for code in a code base “similar” to a given piece of code (i.e., TODO-missed method).
The evaluation results show that even NiCad and NCS can accurately identify TODO-missed meth-
ods, but they miss a large number of actual positive instances. NCS outperforms NiCad in terms
of all evaluation metrics, this is because NiCad also shares the disadvantage of CEM/CSM, it de-
tects code clones based on text similarities, which is unable to capture the semantics of TODO
comments. Compared with NiCad, NCS encodes the code snippets into vector representations by
using traditional word embedding techniques (i.e., FastText), which verifies the effectiveness of
the idea of using code embeddings for this study.

It is obvious that the large pre-trained models perform better on the block level (i.e., CodeBERTg
and PLBARTg) than the method level (i.e., CodeBERT) and PLBARTy) by a large margin. Method-
level approaches achieve a poor performance regarding the Precision and F1-score, the possible
reason may be that the TODO comments are often associated with local suboptimal implementa-
tions, while the large pre-trained models encode the complete methods into vector representations,
which brings a higher level of noise due to the very large size of method bodies. The block-level pre-
trained models, i.e., PLBARTp and CodeBERTjp, have their advantages as compared to the textual
clone detection-based method (i.e., NiCad) and code search—based method (i.e., NCS). We attribute
this to the following reasons: (i) First, compared with NiCad, which treats words as discrete sym-
bols and ignores the words’ semantics, the code semantic features can be automatically encoded
into numerical vectors by pre-trained models. (ii) Second, compared with NCS, which uses tradi-
tional word embedding techniques, the large pre-trained models generate contextual embeddings.
Specifically, the traditional word embedding techniques (e.g., word2vec, FastText) are context-
independent, while the embeddings of pre-trained models are context-dependent. For example,
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regarding NCS model, for a given print statement (e.g., print(‘ip:’+internet.address)),
the same embeddings will be used for all instances of the same code pattern. However, even
the commonly used print statement can serve as suboptimal implementations (e.g., TODO: re-
move this debug statement before releasing) depending on its context. In contrast, CodeBERT and
PLBART generate different embeddings for the commonly used print statement based on its code
context.

Our proposed model, TDPATCHER, outperforms all the baseline methods by a large margin in
terms of all evaluation metrics. We attribute the superiority of our model to the following rea-
sons: (i) We employ GraphCodeBERT to encode the inputs (including TODO comment and local
code implementations) into contextual vectors. Similarly to CodeBERT and PLBART, GraphCode-
BERT takes advantage of large pre-trained models to generate contextual embeddings. (ii) Graph-
CodeBERT has its own advantage as compared to other large pre-trained models (e.g., CodeBERT
and PLBART) by leveraging dataflow graphs to learn code representations. The use of dataflow in
GraphCodeBERT brings the following benefits to our task: (a) Dataflow represents the dependency
relation between variables; in other words, dataflow represents the relation of “where-the-value-
comes-from” between variables. This code structure provides crucial code semantic information
for code understanding [19], especially in the context of our local code implementations. For ex-
ample, as illustrated in _check_files() in Figure 3, linking the suboptimal variable 1ine with
subprocess directly is challenging, dataflow provides a better way to understand the variable
line comes from proc, while the value of proc comes from subprocess. (b) Compared with AST,
dataflow is less complex and does not bring an unnecessarily deep hierarchy, which can bring
performance boosts on varying sequence lengths. (iii) Moreover, by incorporating the contrastive
learning strategy, TDPATCHER can better align equivalent suboptimal implementations across dif-
ferent code blocks. The semantic and discriminative features learned from the triplet inputs assist
TDPATcHER in detecting TODO-missed methods. The aforementioned techniques collectively con-
tribute to the remarkable performance of our proposed model.

Answer to RQ-1: How effective is TDPATCHER for TODO-missed methods detection? We
conclude that our approach is highly effective for the task of detecting TODO-missed methods
in software projects.

4.3 RQ-2. How Effective Is TDPATCHER for TODO-missed Methods Patching?

4.3.1 Experimental Setup. In this research question, we want to evaluate the effectiveness of
our approach for patching the TODO-missed methods. In other words, if a TODO-missed method
needs to be updated (i.e., adding the TODO comment), whether TDPATCHER can patch the TODO
comment to the right position. In particular, for each testing triplet sample (m,, m,, m,), since
the anchor method m, and the positive method m,;, contain the same TODO comment, we take
the anchor method m, as the TODO-introduced method and the positive method mj, as our ground
truth (i.e., TODO-introduced method). Given the TODO-introduced method m,, we evaluate our
approach by checking how often the expected patching position of the TODO-missed method m,,
can be accurately found and recommended. To be more specific, we first divide the positive method
my,, into a list of code blocks sequentially. We then pair the anchor code block of m, with each
divided code block of m; and estimate a similarity score by applying our model. The divided code
blocks are ranked by their similarity scores for recommendation. If the expected patching position
lies within the recommended code block, then we consider TDPATCHER patches the TODO-missed
method m,, successfully. Notably, we ignore the +2 lines differences for the task of TODO-missed

ACM Trans. Softw. Eng. Methodol., Vol. 00, No. JA, Article 00. Publication date: November 2024.



00:16 Z. Gao et al.

Table 2. TODO-missed Methods Patching Evaluation

H Measure\ NCS \ CBg \ Ours H Measure\ NCS \ CBg \ Ours H

P@1 50.4% | 60.8% | 71.0% || DCG@1 | 50.4% | 60.8% | 71.0%
P@2 60.0% | 71.3% | 81.1% || DCG@2 | 56.4% | 67.4% | 77.3%
P@3 66.3% | 76.5% | 86.8% || DCG@3 | 59.6% | 70.0% | 80.2%
P@4 70.5% | 79.3% | 90.3% || DCG@4 | 61.4% | 71.2% | 81.7%
P@5 74.0% | 82.7% | 92.5% || DCG@5 | 62.8% | 72.6% | 82.6%

method patching, because we easily determine the exact TODO patching position once the target
code block is accurately suggested.

4.3.2  Evaluation Metrics and Baselines. The TODO-missed method patching task is a ranking
problem, we thus adopted the widely-accepted metric, P@K [31] and DCG@K [25] to measure
the ranking performance of our model. P@K is the precision of the expected patching position in
top-K recommended locations. Different from P@K, DCG@K gives a higher reward for ranking
the correct element at a higher position. To demonstrate the effectiveness of our TDPATCHER for
TODO-missed method patching task, we compare it with the CodeBERTjp baseline (denoted as CBg
for short in Table 2) and NCS baseline due to their superiority among large pre-trained models and
similarity matching—based models in RQ-1, respectively.

4.3.3 Experimental Results. The evaluation results of our approach TDPATCHER and baseliens
(including NCS and CodeBERTjg) for RQ-2 are summarized in Table 2. From the table, we can
see that (i) NCS achieves the worst performance regarding P@K and DCG@K. For similarity
matching-based approaches, they heavily rely on whether similar code snippets can be found
and how similar the code snippets are. Since equivalent suboptimal implementations may have
different contexts, it is difficult to identify the corresponding suboptimal locations by simply mea-
suring text similarities. (ii) TDPATCHER can patch the TODO comment to the TODO-missed method
effectively. For example, for a given TODO-missed method, TDPATCHER can successfully retrieve
the right patching position in the first place with a probability of 71%, this score increases up to
92.5% when we enlarge the number of recommendations from 1 to 5, which shows the advan-
tage of our approach for identifying the suboptimal code implementations. (iii) As can be seen,
our model TDPATCHER is stably and substantially better than the CodeBERT}y baseline in terms of
P@K and DCG@K. Both the baseline method, i.e., CodeBERTp, and our approach can be viewed as
variants of embedding algorithm(s), which map code blocks into vectors of a high-dimensional vec-
tor space and calculate the similarity scores between vectors. Therefore, the key of TODO-missed
methods patching relies on how good the generated embeddings are for learning the implicit se-
mantic features. TDPATCHER has its advantage over CodeBERTg with respect to the following two
aspects: First, the embeddings generated by GraphCodeBERT are more suitable than CodeBERT
by incorporating the dataflow to capture the inherent structure of code; Moreover, the contrastive
learning further adjusts the embeddings for learning equivalent code implementations. The supe-
rior performance also verifies the embeddings generated by our approach convey a lot of valuable
information.

Answer to RQ-2: How effective is TDPATCHER for TODO-missed methods patching? We
conclude that our approach is effective for pinpointing the exact code lines where TODO com-
ments need to be added, which verifies the effectiveness of our approach for the task of TODO-
missed methods patching.
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Table 3. Ablation Evaluation on RQ-1

Measure H CLO \ GCBO \ TDPATCHER ‘

Precision || 55.0% | 75.0% 83.7%
Recall 65.3% | 74.0% 77.3%
F1 59.7% | 74.4% 80.4%

Table 4. Ablation Evaluation on RQ-2

| Measure | CLO | GCBO | TDParcHER || Measure | CLO | GCBO | TDPATCHER

P@1 56.2% | 63.1% 71.0% DCG@1 | 56.2% | 63.1% 71.0%
P@2 65.5% | 74.4% 81.1% DCG@2 | 62.0% | 70.2% 77.3%
P@3 68.8% | 80.2% 86.8% DCG@3 | 63.7% | 73.1% 80.2%
P@4 74.1% | 82.3% 90.3% DCG@4 | 66.0% | 74.0% 81.7%
P@5 76.9% | 85.0% 92.5% DCG@5 | 67.1% | 75.1% 82.6%

4.4 RQ-3. How Effective Is TDPATCHER for Using GraphCodeBERT and Contrastive
Learning?

4.4.1 Experimental Setup. To better capture the semantic correlations between code blocks and
TODO comments, we employ the GraphCodeBERT as encoders and contrastive learning for acquir-
ing suitable vector representations. In this research question, we conduct experiments to verify
their effectiveness one by one.

4.4.2  Evaluation Metrics and Baselines. To verify the effectiveness of using GraphCodeBERT
and contrastive learning, we compare TDPATCHER with the following two baselines on TODO-
missed method detection (RQ-1) and patching (RQ-2) tasks, respectively, we use the same evalua-
tion metrics for RQ-1 and RQ-2.

— Contrastive Learning Only (CLO) removes GraphCodeBERT from our model and only
retains contrastive learning. We replace GraphCodeBERT embedding with traditional word
embedding techniques (i.e., Glove word vectors). The CLO is then trained with the triplet
samples with contrastive learning.

— GraphCodeBERT only (GCBO) removes contrastive learning from our model and only
keeps the GraphCodeBERT as encoders, the generated vectors of code blocks are used to
calculate the similarity score directly without going through the contrastive learning layer.
GCBO is similar to CodeBERTp baseline except its code embeddings are generated by Graph-
CodeBERT instead of CodeBERT.

4.4.3 Experimental Results. The experimental results of the ablation analysis on RQ-1 and RQ-2
are summarized in Tables 3 and 4, respectively. It can be seen that (i) No matter which component
we removed, it hurts the overall performance of our model, which verifies the usefulness and neces-
sity of using GraphCodeBERT and contrastive learning. (ii) CLO achieves the worst performance.
There is a significant drop overall in every evaluation metric after removing the GraphCodeBERT.
This signals that the embeddings generated by GraphCodeBERT have a major influence on the
overall performance. (iii) The only difference between GCBO and CodeBERTjp is their code em-
bedding generation model (e.g., GCBO uses GraphCodeBERT while CodeBERTg uses CodeBERT).
Even though GCBO does not get top results as TDPATCHER, it still achieves a considerable perfor-
mance on RQ-1and RQ-2 (better than CodeBERTp baseline), which further confirms the advantage
of GraphCodeBERT embeddings over CodeBERT. (vi) By comparing the performance of GCBO
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with our TDPATCHER, we can measure the performance improvement achieved by employing the
contrastive learning. It is notable that the advantage of our model is more obvious on RQ-2, which
shows the benefits of contrastive learning for separating suboptimal code implementations from
irrelevant ones.

Answer to RQ-3: How effective is TDPATCHER for for using GraphCodeBERT and con-
trastive learning? We conclude that both GraphCodeBERT and contrastive learning are effec-
tive and helpful to enhance the performance of our model.

4.5 RQ-4. How Effective Is TDPAaTCHER under Different Code Block Configurations?

4.5.1 Experimental Setup. In our study, TDPATCHER encodes the TODO comment and its associ-
ated suboptimal implementations by using code blocks. Each code block is constructed with three
segments: namely TDOO comment, TODO centrepiece, and TODO context. Particularly, we choose
the code line after the TODO comment as the TODO centrepiece, and choose two code lines before
and after TODO comment (excluding the TODO centrepiece) as the TODO context. Our choice of
TODO centrepiece and TODO context is based on empirical observations. There is no assurance that
the current configuration of code blocks is definitive and/or optimal. In this research question, we
aim to investigate the TDPATCHER’s performance across various code block configurations.

4.5.2  Evaluation Metrics and Baselines. We estimate TDPATCHER’s performance by adjusting
code block configurations using different TODO centrepiece and TODO context settings. Specifically,
to evaluate the impact of different TODO centrepiece choices, we keep the TODO context settings
consistent with the previous configuration. We then compare the TDPATCHER against the following
variants on TODO-missed method detection (RQ-1) and patching tasks (RQ-2), respectively. The
evaluation metrics employed for both RQ-1 and RQ-2 remain the same for a fair comparison.

— CEN-1: For this baseline, we use the code line before the TODO comment as the TODO
centrepiece. The TODO context remains consistent with the settings used in TDPatcher. This
baseline is denoted as CEN-1.

— CEN+1: For this baseline, we use the second code line after the TODO comment as the TODO
centrepiece. The TODO context remains the same settings with TDPAaTcHER. This baseline is
denoted as CEN+1.

Similarly, to assess different configurations of TODO context, we keep TODO centrepiece the same
as previous settings (i.e., the code line following the TODO comment) and compare TDPATCHER
with the following TODO context variants.

— CON_1: We use one code line before and code one line after the TODO comment (excluding
the TODO centrepiece) as TODO context, this baseline is denoted as CON_1.

— CON_3: We use three code lines before and three code lines after the TODO comment (ex-
cluding the TODO centrepiece) as TODO context, this baseline is denoted as CON_3.

4.5.3 Experimental Results. The experimental results of TDPATCHER under different code block
settings are shown in Tables 5 and 6 for RQ1 and RQ2, respectively. From the table, several points
stand out: (i) Regarding the TODO centerpiece, we notice that our framework achieves its best
performance when the TODO centerpiece is set to the code line following the TODO comment. This
is reasonable, because putting comments before the code implementations is a common practice
for software development. CEN+1 outperforms CEN-1 for both RQ1 and RQ2 also confirms our
assumption that the code lines after the TODO comment are more closely related to the suboptimal
implementations. (ii) Regarding the TODO context, TDPATCHER has its advantage as compared to
CON_1 and CON_3. CON_1 only includes one code line before and after the TODO comment as
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Table 5. Different Code Block Evaluation on

RQ-1
Approach ‘ Precision ‘ Recall ‘ F1 ‘
CEN-1 78.2% 74.1% | 76.1%
CEN+1 78.2% 73.6% | 75.7%
CON_1 77.4% 70.6% | 73.6%
CON_3 71.4% 74.8% | 73.1%
TDPATCHER | 83.7% 77.3% | 80.4%

Table 6. Different Code Block Evaluation on RQ-2

] Measure \ CEN-1 | CEN+1 | CON_1 | CON_3 \ TDPATCHER

P@1 60.7% | 64.5% 65.3% 64.0% 71.0%
P@2 68.8% | 76.8% 76.0% 75.1% 81.1%
P@3 74.5% | 81.2% 81.1% 80.1% 86.8%
P@4 78.2% | 84.3% 84.5% 83.5% 90.3%
P@5 80.7% | 87.3% 88.2% 86.9% 92.5%
DCG@1 | 60.7% | 64.5% 65.3% 64.0% 71.0%
DCG@2 | 65.8% | 72.2% 72.1% 71.0% 77.3%
DCG@3 | 68.7% | 74.4% 74.6% 73.5% 80.2%
DCG@4 | 70.3% | 75.8% 76.1% 75.0% 81.7%
DCG@5 | 71.2% | 77.0% 77.5% 76.3% 82.6%

its TODO context, in other words, each code block of CON_1 only contains three code lines. The
poor performance of CON_1 shows that it is not sufficient to cover the suboptimal implementations
associated with the TODO comment. CON_3 contains three code lines before and after the TODO
comment as its TODO context. The overall performance decreases when we increase the code block
from 5 code lines to 7 code lines. This suggests that larger code block settings bring more noise
into the code block in the form of irrelevant code lines, and it thus incurs bigger challenges and
difficulties for our task of TODO-missed Methods detection and patching.

Answer to RQ-4: How effective is TDPATCHER under different code block configura-
tions? We conclude that TDPATCHER achieves its optimal performance when we set the TODO
centerpiece as the code line following the TODO comment, and the TODO context as two code
lines surrounding the TODO centerpiece.

4.6 Manual Analysis

To better understand the strengths and limitations of our approach, we manually inspect a number
of test results. Example 1 in Figure 6 shows an example where TDPATCHER makes correct predic-
tions while other baselines fail. From this example, we can observe that TDPATCHER successfully
learns to capture the semantic-level features between TODO comments and code implementations,
while the textual similarity-based models rely on lexical-level features and are hard to model such
correlations. Moreover, contrastive learning further enables our TDPATCHER to learn implicit con-
nections among similar code patterns.

We summarize two aspects that cause TDPATCHER to experience difficulties. First, one common
failed situation is that some suboptimal implementations are too general to be matched, it is very
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Example 1 (True Positive— Successful Case)

def surname(self):
# TODO: : Give users the ability to specify this via their profile
return self.fullname.split(* ’)[-1]

def given_name_initial(self):
# TODO: : Give users the ability to specify this via their profile
return self.given_name[0]

Example 2 (False Negative — Failed Case)

# TODO: complete this method
def get_matvec(self, kshift, inds=None, left= False, “*kwargs):
return None

# TODO: complete this method
def amplitudes_to_vector (self, r1, r2, kshift, kconserv=None):
return amplitudes_to_vector_ee (r1, r2, kshift, kconserv)

Example 3 (False Positive — Failed Case)

def _config_root_Linux():
key = ‘XDG_DATA_HOME’ # TODO: use XDG_CONFIG_HOME, ref #99
root = os.environ.get(key, None) or fallback
return os.path.join(root, ‘python_keyring’)

def _data_root_Linux():
root = o0s.environ.get('’XDG_DATA_HOME’, None) or fallback
return os.path.join(root, ‘python_keyring’)

Fig. 6. Manual analysis examples.

difficult, if not possible, for TDPATCHER to correctly infer such test samples. For example, as shown
in Example 2 of Figure 6, the developer added a TODO comment “TODO: complete this method”
to different unfinished methods at the same time (i.e., get_matvec and amplitudes_to_vector),
which reminds the developer to work on these two methods when time permits. TDPATCHER failed
to detect amplitudes_to_vector missing the above TODO comment, this is because it is not easy
to claim this method is completed or not under the current code context.

Another bad situation is that the suboptimal implementations do not provide sufficient in-
formation for TODO-missed methods identification. Example 3 in Figure 6 shows such a test
sample, the developers added a TODO comment, i.e., “TODO: use XDG_CONFIG_HOME” to
_config_root_Linux method to indicate the temporary implementation for the key variable.
However, this code implementation is suboptimal for the method _config_root_Linux while
complete for the method _data_root_Linux. Considering our approach lacks the contextual
information regarding method names, TDPATCHER thus mispatched this TODO comment to
_data_root_Linux method. Addressing these challenges will remarkably boost the learning per-
formance of our model, we will focus on this research direction in the future.

Why does TDPATCHER succeed/fail? TDPATCHER successfully learns to capture the semantical
features between TODO comments and their suboptimal implementations, however, it fails to
handle if the suboptimal implementations are too general or lacking sufficient information, we
will try to address these limitations in our future work.
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Ex.1 True Sample: explosion/spaCy

76 # TODO: Not sure what's wrong here. Possible bug?
77 @pytest.mark.xfail
78 def test_matcher_match_zero(self):

101 # TODO: Not sure what's wrong here. Possible bug?
102 @pytest.mark.xfail
103 def test_matcher_match_one_plus(self): ...

66 @pytest.mark.xfail
67 def test_matcher_phrase_match(en_vocab): ...

Ex.2 Unsure Sample: cms-dev/cms

264 def evaluation_finished(self, success, submission_id): ...

279 self.queue.lock()

280 # TODO: - should check the original priority of the job

281 self.queue.push((EvaluationServer.JOB_TYPE_EVALUATION, submission),
282 EvaluationServer.JOB_PRIORITY_LOW)

283 self.queue.unlock()

237 def compilation_finished(self, success, submission_id): ...

247 self.queue.lock()

248 self.queue.push((EvaluationServer.JOB_TYPE_EVALUATION, submission),
249 priority)

250 self.queue.unlock()

Ex.3 False Sample: sunpy/sunpy
65 def esp_test_ts():

66 # ToDo: return sunpy.timeseries.TimeSeries(os.path.join(testpath, filename), source='"ESP")
67 return sunpy.timeseries. TimeSeries(esp_filepath, source="ESP’)

88 def lyra_test_ts():

89 # ToDo: return sunpy.timeseries.TimeSeries(os.path.join(testpath, filename), source='LYRA')
90 return sunpy.timeseries. TimeSeries(lyra_filepath, source="LYRA)

Fig. 7. In-the-wild evaluation examples.

5 In-the-wild Evaluation

Besides the automatic evaluation, we further conduct an in-the-wild evaluation to evaluate the ef-
fectiveness of TDPATCHER in real-world software projects. To do so, we randomly select 50 Python
repositories from our testing dataset, then for each GitHub repository, we checkout all the TODO-
introducing commits and extract their associated TODO-introduced methods. Note that for building
our dataset, we only use paired TODO-introduced methods and excluded the unpaired ones. For this
in-the-wild evaluation, both paired and unpaired TODO-introduced methods are utilized. We then
apply TDPATCHER to pinpoint if any methods’ code blocks regarding this snapshot missed the in-
troduced TODO comment. As a result, TDPATCHER reports 41 TODO-missed methods in total, each
TODO-missed method and its original TODO-introduced method pair are provided to three experts
(all of which have Python programming experience for more than 5 years) for evaluation indepen-
dently. Each expert manually labels the reported method as True or False or Unsure independently.
The final results are determined by the majority rule of voting (if three different scores are ob-
tained, the sample will be regarded as Unsure). Finally, after the manual checking, 26 methods are
labeled as True (i.e., TODO-missed methods), 10 methods are labeled as False, and 5 methods are
labeled as Unsure. We have published the in-the-wild evaluation results in our replication package
for verification [1].

We demonstrated three TODO-missed methods detected by our TDPATCHER in Figure 7. The Ex-
ample 1 shows a True sample. In particular, after the developer ran the test case, several test meth-
ods failed (e.g., test_matcher_match_zero and test_matcher_match_one_plus). To achieve
short-term benefits (e.g., higher productivity or shorter release time), the developer marked these
methods with the xfail marker (e.g., line 77/78, @pytest.mark.xfail). As a result, the details of
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these tests will not be printed even if they fail. The developers added TODO comments here (e.g.,
Line 76/101) to remind themselves of these markers. Later, when they figured out the tests failed
reasons, these markers can be removed. However, the same situation also applied to the method
test_matcher_phrase_match, but the corresponding TODO comment was forgotten to be added,
which may cause the test method to be neglected.

The Example 2 demonstrates an Unsure sample. The developer added a TODO comment ( “TODO:
- should check the original priority of the job”) to evluation_finished method. Our approach
identified another compilation_finished as a TODO-missed method because of their similar lo-
cal code implementations. Due to unfamiliarity with the code, it is challenging, even for human
experts, to annotate such samples. For such cases, we still need developers to double-check the
results. However, we argue that it is still beneficial to prompt the developers to be aware of such
potential suboptimal places in time after they introduce any new TODOs.

Example 3 demonstrates a common False sample in our in-the-wild evaluation. Given the
TODO-introduced method esp_test_ts with its added TODO comment (i.e., Line 66), TDPATCHER
wrongly predicted this TODO comment should also be added to the lyra_test_ts method. The
failed reason behind this sample is that the TODO comments within these two methods are slightly
“different”, while our approach can only handle methods missing the exactly same TODO com-
ment. This sample also points out an interesting improvement for our approach, i.e., after patch-
ing the TODO comment to TODO-missed methods, it is necessary to further update the TODO
comment according to a different method context, which could be handled by incorporating the
comment updating tools [29, 32, 43]. We will explore this research direction in our future work.

How effective is TDPATCHER for detecting and patching TODO-missed methods in the
wild? TDPATCHER successfully detects 26 TODO-missed methods from 50 Github repositories,
which shows the effectiveness for detecting and patching TODO-missed methods in real-world
Github repositories.

6 Threats to Validity
Several threats to validity are related to our research:

Internal Validity. Threats to internal validity relate to the potential errors in our code imple-
mentation and study settings. Regarding the data preparation process, to ensure the quality of our
constructed dataset, we only consider code snippets with the same TODO comments as equiva-
lent suboptimal implementations, we removed TODO comments if they do not contain exactly
the same words. In practice, similar TODO comments could also be associated with equivalent
suboptimal implementations (as shown in Figure 7 Example 3). These instances are missed by our
data collection process. Detecting and adding such missed cases can enlarge our dataset and boost
our model performance, we will focus on this direction in the future. We choose Python 2.7 and
3.7 standard library ast for parsing Python2 and Python3 projects, there may exist methods with
new syntax that our parser cannot handle. Only 1.5% (1,451 of 97,413) methods failed to parse due
to syntax errors, the potential threats of syntax errors are limited. Since we collected our dataset
from top-10K Python projects that may contain noise, we further performed a manual validation,
ensuring the quality of our constructed dataset. Regarding the evaluation settings, we evaluate
our approach by extracting methods only from TODO-introduced files, which is simpler than real-
world situations. We consider this simplification as a tradeoff to estimate our model’s effectiveness
and simulate real-world working environments, since more than 70% TODO-introduced methods
are added within the same file. Expanding our approach to other files could introduce new chal-
lenges (i.e., data imbalance) and will be our future research direction. To reduce errors in automatic
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evaluation, we have double-checked the source code, we have carefully tuned the parameters of
the baseline approaches and used the highest-performing settings for each approach. Considering
there may still exist errors that we did not note or neglect, we have published our source code to
facilitate other researchers to replicate and extend our work.

External Validity. Threats to external validity are concerned with the generalizability of our
study. One of the external validities is the dataset, our dataset is constructed from Python projects
in GitHub. This is because Python is one of the most popular programming languages widely used
by developers in GitHub. Considering that our approach is language-independent, we believe that
our approach can be easily adapted to other programming languages. Another external validity is
that our work focused on TODO comment, which is a special case of Self-Admitted Technical
Debt (SATD) [46]. Our preliminary study focuses on TODOs as opposed to other SATD (e.g.,
HACK, FIXME, and NOTE). This is because TODO comments construct the major proportion of
SATD. We will try to extend our work to other programming languages as well as other types of
SATD to benefit more developers in the future.

Model Validity. Threats to model validity relate to model structure that could affect the learn-
ing performance of our approach. In this study, we choose the state-of-the-art code embedding
pre-trained model, GraphCodeBERT, for our approach. GraphCodeBERT was pretrained on the
CodeSearchNet dataset, which includes 2.3M functions of six programming languages paired with
natural language documents. Our study focuses on methods related to TODOs, which means these
methods’ implementations are temporarily suboptimal. We believe that the potential threats of
data leakage associated with employing GraphCodeBERT for our specific tasks are minimal. Re-
cent research has proposed new models, such as codet5 [59], copilot [5], and alphacode [27] for
different advanced programming tasks (e.g., code generation, competitive programming, etc). Our
approach does not shed light on the effectiveness of employing other advanced pre-trained models
with respect to new structures and new features. We will explore other advanced models in future
work.

7 Related Work
7.1 TODO Comments in Software Engineering

TODO comments are extensively used by developers as reminders to describe the temporary code
solutions that should be revisited in future. Despite the fact that TODO comments are widely
adopted, the research works focus on TODO comments are still very limited. Previous studies
have investigated the TODO comments usage in software development and maintenance [17, 42,
43,52, 53].

Storey et al. [53] performed an empirical study among developers to investigate how TODO com-
ments are used and managed in software engineering. They found that the use of task annotations
varies from individuals to teams, and if incorrectly managed, then they could negatively impact
the maintenance of the system. Sridhara et al. [52] developed a technique to check the status of
the TODO comments, their approach automatically checks if a TODO comment is up to date by
using the information retrieval, linguistics and semantics methods. Nie et al. [42] investigated sev-
eral techniques based on natural language processing and program analysis techniques that have
the potential to substantially simplify software maintenance and increase software reliability. Fol-
lowing that, they proposed a framework, Triglt, to encode trigger action comments as executable
statements [43]. Experimental results show that Triglt has the potential to enforce more discipline
in writing and maintaining TODO comments in large code repositories. Gao et al. [17] proposed
a deep-learning-based approach TDCleaner to detect and remove obsolete TODO comments just-
in-time by mining the commit histories of the software repositories.
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Different from the previous research, in this work we propose a novel task of TODO-missed meth-
ods detection and patching. We build the first large dataset for this task and explore the possibility
of automatically adding TODO comments to the TODO-missed methods.

7.2 Self-admitted Technical Debt in Software Engineering

TODO comment is a common type of SATD. SATD was first proposed by Potdar and Shihab [46] in
2014, which refers to the technical debt (i.e., code that is incomplete, defective, temporary and/or
suboptimal) consciously introduced by developers and documented in the form of comments they
self-admit it. In recent years, various studies have investigated SATD from different aspects [50],
i.e., SATD detection, SATD comprehension and SATD repayment [3, 7-9, 11, 20, 23, 24, 28, 30, 36—
38, 40, 44-46, 60, 62, 63, 66—69].

Regarding SATD detection, Potdar et al. [7] extracted 101,762 code comments from m 4 large
open source systems, and manually identified 62 patterns that indicate SATD. Maldonado et al. [8]
presented an Natural Language Processing— (NLP) based method to automatically identify
design and requirement self-admitted technical debt. Huang et al. [23] used text-mining-based
methods to predict whether a comment contains SATD or not. Yan et al. [64] first proposed the
change-level SATD determination model by extracting 25 change features, their model can de-
termine whether or not a software change introduces TD when it is submitted. Regarding SATD
comprehension, different studies have been conducted to understand the SATD in software de-
velopment life cycles. For example, Maldonado et al. [36] manually analyzed 33,093 comments
and classified them into five types (i.e., design debt, defect debt, documentation debt, requirement
debt and test debt). Bavota et al. [4] studied the introduced, removed, and unaddressed SATDs in
projects’ change history. Wehaibi et al. [60] empirically studied how technical debt relates to soft-
ware quality from five large open source software projects. Xiao et al. [63] conducted a qualitative
analysis of 500 SATD comments in the Maven build system to better understand the character-
istics of SATD in build systems. Regarding the SATD repayment, prior works study the removal
of SATD from software systems, i.e., repaying the SATDs. Zampetti et al. [69] conducted an in-
depth study on the removal of SATD. They found that 25% to 60% SATD were removed due to full
class or method removal, and 33% to 63% SATD were removed as the partial change in their cor-
responding method. Most recently, Rungroj et al. [35] introduced the concept of “on-hold” SATD
and proposed a tool [34] to identify and remove the “on-hold” SATD automatically. Mastropaolo
et al. [37] empirically investigated the extent to which technical debt can be automatically paid
back by neural-based generative models. Alhefdhi et al. [3] proposed a deep learning model, named
DLRepay, for automated SATD repayment.

Different from the aforementioned research, our work focuses on TODO-related methods. This
is because the TODO comments are regarded as the most common type of SATD, which are widely
used by developers across different software projects. Moreover, TDPATCHER can be easily trans-
ferred to other types of STAD (e.g., FIXME, HACK), we plan to adapt our model to other SATD in
our future work.

7.3 Code Embeddings in Software Engineering

Embedding is a technique from NLP that learns distributed vector representation for different
entities (e.g., words and sentences). One of the typical embedding techniques is word2vec [39],
which encodes each word as a fixed-size vector, where similar words are close to each other in
vector space. Recently, an attractive research direction in software engineering is to learn vector
representations of source code [5, 12, 14, 15, 19, 59] via large pre-trained models.

Feng et al. [12] proposed CodeBERT, which learns the vector representation from program-
ming languages (PL) and natural language (NL) for downstream code-related tasks, e.g., code
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search and code documentation generation tasks. Different from the existing pre-trained models
regard a code snippet as a sequence of tokens, Guo et al. [19] presented GraphCodeBERT, which
uses dataflow in the pre-training stage and learns the inherent structure of code. The GraphCode-
BERT has shown its effectiveness on four code-related tasks, including code search, clone detection,
code translation, and code refinement. Wang et al. [59] proposed CodeT5, which employs a uni-
fied framework to seamlessly support both code understanding and generation tasks (i.e., PL-NL,
NL-PL, and PL-PL).

In this research, we first adopt the GraphCodeBERT for the task of TODO-missed methods
detection and patching, which provides contextualized embeddings for TODO comments and their
associated suboptimal implementations.

8 Conclusion and Future Work

This research first propose the task of automatically detecting and patching TODO-missed methods
in software projects. To solve this task, we collect TODO-introduced methods from the top-10,000
GitHub repositories. To the best of our knowledge, this is the first large dataset for TODO-missed
methods detection. We propose an approach named TDPATCHER, which leverage a neural network
model to learn the semantic features and correlations between TODO comments and their subop-
timal implementations. Extensive experiments on the real-world GitHub repositories have demon-
strated effectiveness and promising performance of our TDPATCHER. In the future, we plan to in-
vestigate the effectiveness of TDPATCHER with respect to other programming languages. We also
plan to adapt TDPATCHER to other types of task comments, such as FIXME, HACK.
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