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Recently, deep learning-based techniques have shown promising performance on various tasks related to software engineering. For

these learning-based approaches to perform well, obtaining high-quality data is one fundamental and crucial issue. The comment

updating task is an emerging software engineering task aiming at automatically updating the corresponding comments based on

changes in source code. However, datasets for the comment updating tasks are usually crawled from committed versions in open

source software repositories such as GitHub, where there is lack of quality control of comments. In this paper, we focus on cleaning

existing comment updating datasets with considering some properties of the comment updating process in software development. We

propose a semantic and overlapping-aware approach named CupCleaner (Comment UPdating’s CLEANER) to achieve this purpose.

Specifically, we calculate a score based on semantics and overlapping information of the code and comments. Based on the distribution

of the scores, we filter out the data with low scores in the tail of the distribution to get rid of possible unclean data. We first conducted

a human evaluation on the noise data and high-quality data identified by CupCleaner. The results show that the human ratings of the

noise data identified by CupCleaner are significantly lower. Then, we applied our data cleaning approach to the training and validation

sets of three existing comment updating datasets while keeping the test set unchanged. Our experimental results show that even after

filtering out over 30% of the data using CupCleaner, there is still an improvement in all performance metrics. The experimental results

on the cleaned test set also suggest that CupCleaner may provide help for constructing datasets for updating-related tasks.

CCS Concepts: • Information systems → Data cleaning; • Software and its engineering → Software evolution.

Additional Key Words and Phrases: comment updating, data cleaning, software engineering
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1 INTRODUCTION

In recent years, an increasing number of artificial intelligence (AI) techniques, especially deep learning (DL) techniques,

are explored for research on software engineering (SE) tasks [7, 33, 36, 44]. High-quality data is a key factor in deep

learning-based approaches [42], and higher quality data often leads to more powerful models, while lower quality
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Fig. 1. An example of a nosing data sample in comment updating task.

data can have the opposite effect. This also applies to SE-related tasks, where more practical and realistic high-quality

datasets can help train models that better improve developer productivity [31].

Comment updating is an important SE task that can also be boosted with deep learning techniques [16, 21, 22, 43].

This task aims to automatically update the corresponding comments based on code changes made by developers.

On one hand, automatic comment updates can save the time and effort required for programmers to manually write

new comments. Unlike directly generating comments, comment updating can take into account more information,

such as code changes and old comments. Thus, this task is more practical and relevant to the daily development

scenarios of programmers. On the other hand, if comments are not updated in a timely manner, they may mislead

future development activities. For example, if obsolete TODO comments are not removed, they may introduce new

bugs in future development [6]. For the task of comment updating, the data we expect is to be able to meet the real

editing intention of developers and reflect the changes in code functionality.

However, due to the complex nature of the software development, it is difficult to avoid the introduction of noises

for software engineering tasks such as comment updating. Besides, comment updating datasets are often crawled from

online repositories, such as Github, by extracting commit history versions. This also makes it easier for noisy data to be

included in datasets for the comment updating task[19, 28, 34, 41]. Figure 1 shows an example of a noisy data sample in

the comment updating task. This sample includes old code and comment (top part of the figure), as well as new code

and comment (bottom part of the figure). We can see that a new code snippet is inserted in the new code compared to

the old code. The newly added code snippet mainly adds if-statements for conditional checking. In comparison to the

old comment, the new comment has changed ‘forwarded the value for’ to ‘the new location of’. From a code change

perspective, the comment modification does not reflect the changes in the code. Therefore, we can consider such data

as noise, because even humans would be confused with why the old comment is updated in this way when facing the

code change. If the dataset contains a large number of such noisy data, the results generated by a model trained with

the dataset would also be misleading.
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Fig. 2. Overview of our research procedure.

Figure 2 shows an overview of our research procedure. We first identified that there are two main types of noise in the

comment updating: weak correlation between old and new comments, and weak correlation between code changes and

comment changes. Then, in order to filter out noisy data and improve data quality in the comment updating dataset, we

propose CupCleaner
1
(Comment UPdating’s CLEANER), an automated data cleaning approach. A cup cleaner literally

means a machine that cleans cups, but here we use it as a metaphor for using cleaned data to train DL-based model, just

like using clean cups to serve coffee. CupCleaner consists of two steps. The first step is to design a criterion to calculate

the score of all data and map them to a distribution. The second step is to find a suitable point from this distribution to

determine which data to filter out. To identify noisy data, we first calculate the semantics within the comments or code.

Then we consider the diff information of the code changes and comment changes. We use the semantic and overlap of

the diff information to supplement the noise identification process. Finally, we consider all factors and summarize them

into one criterion to calculate the quality score of each data sample. As different datasets may have varying sources of

collection, in the second step, we design an anchor point search technique to adapt to different datasets. We are able to

adaptively trim the tail of the score distribution, i.e., filter out the noisy data.

To evaluate our approach, we first conduct a human evaluation by mixing the noise data and high-quality data

identified by CupCleaner. The evaluation results show that, with a maximum score of 5, the average score for the

noise data identified by CupCleaner is only 2.8, while the high-quality data received a score of 4. Then we conduct

experiments on three representative models: PLBART[1], UniXcoder[7], and CodeT5[36]. The experimental results

show that cleaning the training and validation sets with our approach can effectively improve the performance of the

models on the same test set. Specifically, for the dataset provided by Panthaplackel et al., 2020[22], we use CupCleaner

to filter out more than 30% of the data in the training set, and the prefromance of the model trained on the cleaned

dataset still improves on all performance metrics. For example, the token-level BLEU-4 score increases from 57.54 to

60.72, and the probability of generating identical comments increases from 19.97% to 21.6%. In addition, we also explore

the impact of the cleaned test set and the pure noise test set on the model evaluation. We find that the evaluation

performance on the cleaned test set is significantly better than that on the pure noise test set, regardless of whether the

training set is cleaned or not. The performance of the cleaned test set evaluation is also consistent with the trend of the

original test set, but higher than the original test set. This suggests that the cleaned test set alleviates the interference

of noise and reflects the true ability of the model. Therefore, CupCleaner can not only be used to clean the training set

1
Our code and data are publicly available at https://github.com/LIANGQINGYUAN/CupCleaner
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and improve the performance of multiple models, but also to help construct real-world datasets to evaluate the real

performance of a single model.

2 MOTIVATION

As depicted in Figure 2 (Sec.2), we analyze the types of noises in this section. The data sample for the comment updating

task typically contains four parts: old code, old comment, new code, and new comment. These data in the updating

scenarios are often more complex than individual code-comment pairs. Therefore, it is difficult to obtain large-scale

high-quality dataset for updating-related tasks, and the data samples are likely to contain more noises. In this paper, we

define “noise” in the dataset as data samples where the target output cannot be generated based on the existing input.

In other words, these are data samples where there is a significant semantic gap between the input and the output

after an update. Even for humans, it is challenging to understand why such an output is generated. The noises in the

updating-related datasets mainly come from the weak correlation between information before and after the updates.

In comment updating datasets, weak correlations are mainly coming from two aspects. The first weak correlation is

within the old and new comments or code. The second weak correlation is between the comments changes and code

changes. Below we discuss specific situations of these two types of weak correlations.

Fig. 3. Examples of noising data including invalid data.

On one hand, the correlation between some new and old comments may be weak, and even invalid comments

can be found among them. If either the old comment or the new comment is invalid, then for the comment updating

task, the data is not expected as of high quality. For example, comments that consist of purely invalid characters

and comments that only contain a single unrelated word do not fit the scenario of real updates. In this type of noise,

there are often purely disruptive contents that the model cannot reference, and learning from these data can typically
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affect the accuracy of the results generated from the learned model. Figure 3 shows two examples of this noising type.

Subfigure (a) shows an example of a new comment indicating that new code has been deprecated. However, the model

cannot know whether new code means that the code has been deprecated, so it can mislead the model’s generation

process. Subfigure (b) shows an example where the new comment contains pure non-literal characters, which also is

obviously noisy and could mislead the model.

On the other hand, the correlation between the code changes and the corresponding comment updating may also be

weak. Specifically, if the code is significantly modified but the comments barely change, it belongs to this type of noise.

These data may mislead the model to believe that comments do not need to be changed when code is modified in such a

way. Similarly, if the code barely changes while the comments need to be significantly modified, this can also mislead

the model. Additionally, noise can exist in data where both comments and code undergo changes but their changes are

not related to each other. The data examples in Figure 1 illustrate this type of noise.

In summary, weak correlations between comments and code, as well as weak correlations between comment changes

and code changes, are typical reasons for data noise in datasets for comment updating. These noisy data can mislead

the model’s generation process, thus reducing the overall performance. Therefore, we may need a criteria to evaluate

the quality of individual data samples and filter out noises based on their data quality scores.

3 APPROACH

To evaluate the data quality and clean comment updating datasets, we consider the real requirements in comment

updating task and design the CupCleaner to automate the data cleaning process. The overall framework of our approach

is shown in Figure 2 (Sec.3). Our data cleaning process consists of two steps: calculating the quality score for all data

samples, and searching for an anchor to filter out the noising data. This section describes the details of our data cleaning

approach.

3.1 Score Calculation

To identify the noises caused by the two weak correlations mentioned above, we designed a criterion to calculate

the quality scores for each data sample. The first type of weak correlation exists between comments or code within

each data sample. We evaluate their correlation by calculating their internal semantic similarity. The second type of

weak correlation exists between comment changes and code changes and we evaluate this correlation based on diff

information. Below we discuss the detail of how to calculate the score.

Weak correlations existing between comments and code (Type I). This type of noises is a common data quality issue,

mainly caused by invalid data. We evaluate this correlation by calculating their internal semantic similarity. To

determine whether there is invalid data within the comments or code, we use the pre-trained models to convert them

into embedding vectors to represent semantics. Currently, there are many pre-trained models used to represent the

semantics of text [4, 5, 15]. We choose the state-of-the-art model pre-trained on code-related datasets, GraphCodeBert [8],

to calculate the semantics of comments or code. It is worth noting that the semantic representation mentioned above is at

the token level. As comments of source code typically consist of one or a few short sentences, we also use sentence-level

embedding vectors [27] to represent the semantics of comments. We use the cosine similarity of semantic embeddings

to describe the correlation between old and new comments, and between old and new code, respectively. We use

multiplication to combine the token-level semantic representations of comments and code, as well as the sentence-level

semantic representations of comments, in order to calculate the overall similarity score. If there are comments that are
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not reasonable, their similarity will be lower, thus reducing the final score. Below we present the specific calculation

details.

𝐶𝑖
𝑡𝑜𝑘𝑒𝑛

= 𝐶𝑜𝑠 (𝑀𝑔𝑐𝑏 (𝑐𝑖𝑜𝑙𝑑 ), 𝑀𝑔𝑐𝑏 (𝑐𝑖𝑛𝑒𝑤)) (1)

𝐶𝑖
𝑠𝑒𝑛𝑡 = 𝐶𝑜𝑠 (𝑀𝑠𝑒𝑛𝑡 (𝑐𝑖𝑜𝑙𝑑 ), 𝑀𝑠𝑒𝑛𝑡 (𝑐𝑖𝑛𝑒𝑤)) (2)

𝑆𝑖
𝑡𝑜𝑘𝑒𝑛

= 𝐶𝑜𝑠 (𝑀𝑔𝑐𝑏 (𝑠𝑖𝑜𝑙𝑑 ), 𝑀𝑔𝑐𝑏 (𝑠𝑖𝑛𝑒𝑤)) (3)

𝑆𝑖
1
= 𝐶𝑖

𝑡𝑜𝑘𝑒𝑛
∗𝐶𝑖

𝑠𝑒𝑛𝑡 ∗ 𝑆𝑖𝑡𝑜𝑘𝑒𝑛 (4)

Where 𝑐𝑖 represents the i-th comment, 𝑠𝑖 represents the i-th snippet of code,𝑀 represents the pre-trained model, and

𝐶𝑜𝑠 represents cosine similarity. We use two pre-trained models, GraphCodeBert and Sentence-BERT, denoted as 𝑀𝑔𝑐𝑏

and𝑀𝑠𝑒𝑛𝑡 , respectively, to compute semantic embeddings. Due to the fact that code comments contain not only code

information but also pure natural language descriptions, in order to consider the semantic aspects of code comments,

we additionally utilized Sentence-BERT alongside GraphCodeBert. Sentence-BERT helps in capturing natural language

semantic information to enhance the overall performance and robustness of the evaluation. Finally, we compute the

evaluation score 𝑆1 for identifying noise in type I.

Weak correlation existing between comment changes and code changes (Type II). This type of noises is unique to the

comment update task, mainly caused by inconsistencies between comment changes and code changes. We use the

word-level diff information as the basic information for calculate the semantics and overlapping, and use them to

evaluate the data quality score. We follow the approach proposed by [22] to get the basic diff information between

comments and code. For the semantics of diff information, we concatenate the changed words in the diff into a string

and use GraphCodeBert to calculate the semantic embeddings. However, the semantic in diff information alone is not

sufficient to describe the similarity between changes, as it does not consider the evolutionary relationship between

comments or code. Thus we combine the diff semantics with the semantics between code and comments. We utilize the

following formula to calculate the score for the semantic of diff information.

𝐷𝑖 = 𝐶𝑜𝑠 (𝑀𝑔𝑐𝑏 (𝑑𝑐𝑖 ), 𝑀𝑔𝑐𝑏 (𝑑𝑠𝑖 )) (5)

𝑆𝑖
2
= 𝐷𝑖 ∗𝑀𝑎𝑥 (𝐶𝑖

𝑡𝑜𝑘𝑒𝑛
, 𝑆𝑖

𝑡𝑜𝑘𝑒𝑛
) (6)

Where 𝑑𝑐𝑖 denotes the diff information among comments in the 𝑖-th data sample, while 𝑑𝑠𝑖 denotes the diff information

among source code in the 𝑖-th data sample. We use 𝑀𝑎𝑥 to represent that the semantics of the diff only needs to be

combined with the maximum value of the semantic similarity between comments and code. This is actually intuitive, as

once the semantic of changes is similar, and if there is a high similarity between the comments or code, then it is highly

likely to be a data sample that fits the update scenario. For the overlapping perspective, we consider the overlap of

words at the token level as the similarity. The basic calculation process remains the same as above.

𝑂𝑖 = 𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑝𝑖𝑛𝑔(𝑑𝑐𝑖 , 𝑑𝑠𝑖 ) (7)

𝑆𝑖
3
= 𝑂𝑖 ∗𝑀𝑎𝑥 (𝐶𝑖

𝑡𝑜𝑘𝑒𝑛
, 𝑆𝑖

𝑡𝑜𝑘𝑒𝑛
) (8)

In the specific overlapping calculation, we use the longest common subsequence (LCS) to determine whether the

changed words in the comments and the changed contents in the code are similar. Due to the differences in syntax and

vocabulary between comments and code, we employ LCS to consider the similarity of the letter compositions within

different words. For each word 𝑑𝑐𝑖
𝑗
in the 𝑖-th comment change 𝑑𝑐𝑖 , we calculate the length of the LCS between 𝑑𝑐𝑖

𝑗
and

6
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each word in the code change 𝑑𝑠𝑖
𝑘
, denoted as 𝑙𝑖

𝑗𝑘
. The similarity score of overlapping is then defined as the ratio of 𝑙𝑖

𝑗𝑘

to the length of 𝑑𝑐𝑖
𝑗
. We select the 𝑘-th word in 𝑑𝑠𝑖 that is most similar to 𝑑𝑐𝑖

𝑗
as the final score of 𝑑𝑐𝑖

𝑗
and denoted as

𝐿𝑖
𝑗𝑘
. We use 𝐿𝑖

𝑗𝑘
as the score for the 𝑗𝑡ℎ word in the comment. Then, we take the average of the scores of all words in

𝑑𝑐𝑖 as the overlapping score for the 𝑖𝑡ℎ comment.

Finally, we take into account the above-mentioned factors and calculate a unified score to measure the data quality

of comment updating.

𝑆𝑖 = 𝑀𝑎𝑥 (𝑆𝑖
1
, 𝑆𝑖

2
, 𝑆𝑖

3
) (9)

We take the maximum score among 𝑆𝑖
1
, 𝑆𝑖

2
, and 𝑆𝑖

3
as the final score for the 𝑖-th sample. If a sample performs well in one

of the scores, we usually consider it as a good comment updating data. CupCleaner maps all the scores obtained from

the entire dataset to a distribution. The horizontal axis of the distribution represents the scores, and the vertical axis

represents the number of data samples that obtained that score. The final score distribution is similar to the distribution

in step 2 of Figure 2 (Sec.3), where most of the high-quality data are located on the right side, while low-quality data

are distributed on the left side.

3.2 Anchor Search

The second step of CupCleaner is to search for an anchor to determine where to trim the tail of the distribution.

However, the comment updating data in different datasets come from different open source projects and have different

distributions. To better adapt to the characteristics of different datasets, we design a simple search approach to find the

anchor point for trimming in the score distribution.

The distribution of scores is such that the majority of high-score data is on the right, and a small portion of low-score

data is on the left. Step 2 of Figure 2 (Sec.3) demonstrates the basic process of searching for an anchor point. Whenever

we select an anchor point in the distribution, the data to its left is filtered out. The area of the distribution to the left of

the anchor point represents the proportion of data that is being filtered out. The basic idea of searching for an anchor

point involves two steps. First, we select an initial position on the left side of the distribution. Then, we continuously

move this position to the right and compare the difference in area changed. The point is selected as a potential anchor

point only after the data changes beyond a certain threshold. Step 2 of Figure 2 (Sec.3) also shows three anchor points

at different thresholds.

Algorithm 1 describes the details of search process. We select the initial position in the distribution as the point

located at the 𝜇 − 2 ∗ 𝛿 , where 𝜇 and 𝛿 represents the mean and the variance respectively. In a normal distribution,

the area to the left of this point represents 5% of the entire distribution, making it a representative choice. Since there

are more scores on the right-hand side of the distribution of data quality scores, the initial point is likely to fall into a

region with plenty of noisy data. That satisfies the condition for searching towards the right. Therefore, we initialize 𝜆

to 2 (line 1), where 𝜆 represents a search parameter that reflects the movement of the search. For example, a decrease in

𝜆 means that the selected point is moving to the right. We set the area change threshold to be between 0.01 and 0.1,

and the change in 𝜆 per iteration to be 0.01 (line 2-4). We compare the change in area generated before and after the

change in 𝜆. If the change in area exceeds the set threshold, we stop and record the anchor point generated at that

threshold (line 5-6). Function AreaChanged in Algorithm 1 is used to calculate the specific area change. This function

first calculates the position of the point generated using the old 𝜆 (line 12-15), then calculates the position of the point

using the new 𝜆 (line 16-18), and finally returns the change in area before and after the change and the specific point

(line 19-21). If a point is moved all the way to the right and the area change caused by lambda does not exceed the

7

Page 7 of 21 Transactions on Software Engineering and Methodology

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For Peer Review

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

Conference acronym ’XX, June 03–05, 2018, Woodstock, NY Trovato and Tobin, et al.

Algorithm 1 Search an anchor to filter out noising data

Input: A set of quality scores 𝑆 , including 𝑠0, 𝑠1, ..., 𝑠𝑛 .

Output: A set of anchor points 𝑃 .

1: Initialize 𝜆 to 2.

2: for 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.01 to 0.1 step 0.01 do
3: for 𝑖 = 1 to 201 step 1 do
4: 𝑥 = 𝑖 ∗ 0.01
5: 𝑅𝑐 , 𝑝 = AreaChanged(𝑆 , 𝜆, 𝑥 )

6: if 𝑅𝑐 > 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 then Add 𝑝 to 𝑃 .

7: end if
8: end for
9: end for
10: return 𝑃

11: function AreaChanged(𝑆 , 𝜆, 𝑥 )

12: 𝜇 = average score of 𝑆

13: 𝛿 = standard deviation of 𝑆

14: 𝑆𝑜 = a set of scores where 𝑠𝑖 lower than 𝜇 − 𝜆 ∗ 𝛿
15: 𝑅𝑜 = The ratio of the number of scores in 𝑆𝑜 to the number of scores in 𝑆 .

16: 𝜆′ = 𝜆 − 𝑥

17: 𝑆𝑛 = a set of scores where 𝑠𝑖 lower than 𝜇 − 𝜆′ ∗ 𝛿
18: 𝑅𝑛 = The ratio of the number of scores in 𝑆𝑛 to the number of scores in 𝑆 .

19: 𝑅𝑐 = The gap between 𝑅𝑜 and 𝑅𝑛 .

20: 𝑝 = 𝜇 − 𝜆 ∗ 𝛿
21: return 𝑅𝑐 , 𝑝

22: end function

threshold, no point is selected as the anchor point. In general, the area change caused by lambda does not exceed 5% of

the entire distribution, which is also intuitive. In CupCleaner, we adopt an aggressive cleaning strategy to select the

final anchor points with the highest possible threshold. Just like in step 2 of Figure 2 (Sec.3), where there are three

potential anchor points, we choose the last anchor point to filter out more data.

4 EXPERIMENTAL SETUP

In this section, we first introduce the research questions (RQs). Then we describe the three datasets for comment

updating task and the metrics for evaluating the effectiveness of updated comment. Finally we present baselines and

experiment settings.

4.1 ResearchQuestions

To evaluate the effectiveness and the efficiency of CupCleaner, we aim to answer the following questions:

RQ1: Whether CupCleaner can filter out true noise data? To evaluate CupCleaner’s ability to remove noise data, we

first record the changes in the number of data. Then we provide examples that CupCleaner identifies as noisy and

high-quality data, respectively. Finally, we conducte human evaluation on the noisy and high-quality data identified by

CupCleaner to explore whether the filtered data are truly noise.

RQ2: How effective is the training data cleaned by CupCleaner? To evaluate the effectiveness of our data cleaning

approach, we conduct experiments on three representative models, namely PLBART, UniXcoder, and CodeT5. During
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Table 1. Table of dataset statistics.

Name Panthaplackel et al., 2020 Liu et al., 2020 Panthaplackel et al., 2021

Year 2020 2020 2021

Published ACL
1

ASE
2

AAAI
3

Language Java Java Java

#Pairs 7239 104805 20344

Train/Valid/Test 5791/712/736 85657/9475/9673 16494/1878/1972

the experiment, we keep the test set unchanged and use CupCleaner to clean only the training and validation sets. We

evaluate the effectiveness of CupCleaner by comparing the performance of the models trained on the cleaned dataset

with the models trained on the original dataset .

RQ3: How effective is the use of CupCleaner-cleaned data for evaluating models? To further investigate whether the data

cleaned by CupCleaner can lead to more reasonable model evaluation, we conduct experiments on different versions

of the test set using the best-performing model from the previous research question. We divide the test set into two

versions, cleaned and noise, based on the anchor points searched on the non-test set, and analyze the effectiveness of

using the cleaned test set to evaluate the model.

RQ4: How efficient is CupCleaner? The calculation of quality scores for each data sample involved the use of the

pre-trained models. This also brings a potential risk that the time required to compute the scores for all data samples

may be unacceptable. To answer this question, we calculate the time consumption for cleaning the entire dataset,

including the time required to compute scores and filter out the data. We chose the time it takes to train a model for

one epoch as a baseline for comparing the time required to clean the data.

4.2 Datasets

In order to evaluate the effectiveness of our data cleaning approach, we conduct experiments on three datasets:

Panthaplackel et al., 2020 [22], Liu et al., 2020 [16], Panthaplackel et al., 2021 [21]. Table 1 describes the basic statistics of

these three datasets. These datasets contain both old and new comment-code pairs that are considered to have potential

update relationships. The inputs for these datasets include old comment, old code, and new code, while the output is

the updated new comment.

Specifically, the Panthaplackel et al., 2020 dataset collects 7.2k data samples from the commit history of open-source

Java projects on Github. The Liu et al., 2020 dataset is constructed from 1,063K method-doc co-change instances from

Github, resulting in 104k data samples. The Panthaplackel et al., 2021 dataset is originally designed for comment

consistency detection, but some of the data can also be used for the comment updating task. We extract the data with

comment changes from this dataset to construct a new comment updating dataset, and discard the data with no changes

in the comments. The processed dataset contains around 20k data samples that can be used for research on comment

updating. These datasets are constructed using simple cleaning approaches to select data with potential comment

1
Association for Computational Linguistics.

2
International Conference on Automated Software Engineering

3
Association for the Advancement of Artificial Intelligence
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updating relationships. For example, the Panthaplackel et al., 2020 dataset filtered out comment changes that are purely

stylistic, such as spelling corrections, re-formatting. The Liu et al., 2020 dataset, on the other hand, excluded samples

containing special tags and those with excessively long edit distances. As for Panthaplackel et al., 2021 dataset, they

removed samples where comment changes are minor and samples where the code couldn’t be parsed into an AST.

However, due to a lack of exploration into the characteristics of comment updating, the constructed datasets still contain

a significant amount of noisy data.

4.3 Metrics

To evaluate the performance of the models, we select six representative evaluation metrics in the field of text generation

and updating, including XMatch, BLEU at the token level (BLEU4-T), BLEU at the sentence level (BLEU4-S), METEOR,

SARI, and GLEU.

4.3.1 XMatch. The first metric represents exact match, i.e, the percentage of generated comments that are identical to

the ground truth at the string level.

4.3.2 BLEU4-T. The second metric we use is the token-level BLEU score. BLEU[23] is originally used to evaluate the

performance of machine translation. BLEU [23] is commonly used to evaluate the similarity of generated code from a

lexical perspective [14, 31]. The token-level BLEU matches and calculates the generated results and reference texts on a

word-by-word basis, so it can capture word-level similarity and accuracy.

4.3.3 BLEU4-S. To consider both token-level and sentence-level similarities, we use sentence-level BLEU [16, 23] as

the third metric. The calculation of sentence-level BLEU is based on matching and calculating the whole sentence, thus

it focuses more on the fluency and readability at the sentence level. We use BLEU-4 as the BLEU score at both the token

level and the sentence level.

4.3.4 METEOR. Our fourth metric is METEOR [3]. METEOR utilizes word alignment to align the model-generated

results with the reference texts and evaluate the generated results. Compared to BLEU, METEOR does not rely on

n-gram matching, but instead places more emphasis on the syntax, word order, and semantics of the generated results.

4.3.5 SARI. SARI [40] (System for Automatic Evaluation of Text Simplification) is an evaluation metric based on edit

distance, originally designed to assess the overall quality of text simplification. SARI compares the generated results

with the reference in terms of edit distance, as well as the matching of words, phrases, and sentences at various levels,

to provide an overall assessment of the quality of the generated results.

4.3.6 GLEU. Our last metric is GLEU [20] (Generalized Language Evaluation Understanding). GLEU is a variant of

the BLEU metric originally designed for evaluating grammatical correction systems. By rewarding correct edits and

penalizing ungrammatical ones, GLEU is closer to human-level judgment than BLEU and is more suitable for tasks

involving edits.

4.4 Baselines

Data and models are both important factors that can significantly affect experimental results. To evaluate our data

cleaning approach more fairly, we use some general baseline models instead of one designed specifically for a particular

dataset. We select three general and widely used models, namely PLBART [1], UniXcoder [7], and CodeT5 [36], as
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baselines to evaluate our data cleaning approach. These models are recently proposed and achieved state-of-the-art

results on multiple code-related tasks, making them both representative and advanced for our purpose.

4.4.1 PLBART. PLBART is a pre-trained model based on the BART[12] architecture and pre-trained on programming

language data. The used pre-training data include Java and Python code collected fromGithub, as well as natural language

descriptions collected from StackOverflow. PLBART’s pre-training uses denoising sequence-to-sequence techniques,

including three types of noising strategies: token masking, token deletion, and token infilling. The experimental results

demonstrate that PLBART outperforms CodeGPT[18] and CodeBERT[5] in multiple code understanding and code

generation tasks.

4.4.2 UniXcoder. UniXcoder is a unified cross-modal pre-trained model designed for programming language, based on

the Transformer[35] framework. UniXcoder incorporates semantic information from code comments and syntactic

information from AST, enabling it to support both code-related understanding and generation tasks. UniXcoder was

pre-trained on two datasets: C4[25] and CodeSearchNet[10]. The pre-training objectives include masked language

modeling[4], unidirectional language modeling[24], and denoising objective[26]. The experimental results show that

UniXcoder achieves improvements on multiple code-related tasks.

4.4.3 CodeT5. CodeT5 is a pre-trained model based on the encoder-decoder structure of T5[26]. CodeT5 considers the

identifier in the code in addition to T5’s denoising sequence-to-sequence pre-training. During the pre-training process,

CodeT5 applies four pre-training objectives, namely masked span prediction, identifier tagging, masked identifier

prediction, and bimodal dual generation. Identifier tagging is used to label whether a token is a code identifier, while the

masked identifier prediction task is used to generate the masked identifier content. Experimental results demonstrate

that CodeT5 can better capture semantic of code, and outperforms other approaches significantly on tasks related to

code.

4.5 Implementation Settings

The main experimental environment is an Ubuntu OS with two Intel Xeon CPUs, 188GB RAM, and a NVIDIA TITAN

RTX GPU with 24GB of memory. To save training time and resources, we set the maximum number of epochs for

training to 20 and implement an early stopping strategy. Specifically, we implement a common strategy during the

training process, where we terminate the training process if the experimental performance on the validation set does

not improve within three consecutive epochs. For each dataset, the model settings we use are exactly the same across

all variants of that dataset. In addition, to make the experimental process more generalizable, we simply concatenate

the inputs into a long sequence without performing any special processing.

5 RESULTS

In this section, we present the experimental results and answer each research question.

5.1 Noise data identified by CupCleaner (RQ1)

To answer this question, we explore the data filtered out by CupCleaner. First, we present the statistical information

of data cleaning, then we analyze some samples of high-quality and low-quality data that CupCleaner identifies, and

finally we conduct a human evaluation for the identified clean data and noisy data.
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Fig. 4. The score distribution of the three datasets.

Table 2. Table of dataset statistics after data cleaning.

Dataset Name Preprocess #Train #Valid #noising threshold anchor delete rate

Panthaplackel
et al, 2020

Original 5,791 712 - - - -

Random 3899 471 - - - -

Cleaned 3899 471 2127 0.04 0.7836 32.7%

Liu et al,
2020

Original 85,657 9,475 - - - -

Random 74975 8403 - - - -

Cleaned 74975 8403 11754 0.03 0.7605 12.36%

Panthaplackel
et al, 2021

Original 16,494 1,878 - - - -

Random 13556 1523 - - - -

Cleaned 13556 1523 3293 0.02 0.7703 17.92%

The final scores of the three datasets are shown in Figure 4, and the overall shape of the distribution is consistent with

the schematic in Figure 2 (Sec.3). The red dashed line in the second step of Figure 2 (Sec.3) corresponds approximately to

0.65, and the green solid line corresponds to 0.8 in the score distribution. We can observe from the distribution that the

part below 0.65 is certainly the tail of the distribution and the part above 0.8 is unlikely to be the tail of the distribution.

In other words, scores below 0.65 may likely be noisy data, while scores above 0.8 are unlikely to be noisy data. Table 2

shows the basic statistical information of the filtered dataset on the training and validation sets. It is worth noting that

if the anchor points we search for exceed the green line in the second step of Figure 2 (Sec.3) (i.e., if they exceed 0.8),

we choose to use the anchor of the previous search. Furthermore, it can be seen from Figure 4 that the majority of data

is located on the right of 0.8, which is not in line with our initial intention of trimming the tail of the score distribution.

As shown in Table 2, we filter out approximately 33%, 12%, and 18% of the data in the three datasets, respectively.

To demonstrate the discriminating ability of CupCleaner on high-quality and noisy data, we provide a data sample

analysis. Previously presented Figures 1 and 3 are both data that CupCleaner can recognize as noisy. In addition,

Figure 5 (a) illustrates the case where the comments are insufficient to describe the code and the comment changes are

inconsistent with the code changes. Figure 5 (b) illustrates the case where the comment remains almost unchanged

after the code change, where the new comment adds label-like content that cannot be captured from code changes.

Figure 5 (c) shows a data sample that CupCleaner considers to be of high quality, where the update logic is clear and
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Fig. 5. Examples of noising data with weak correlation between code changes and comment changes.

meets the requirements of the update scenario. These data samples all demonstrate that CupCleaner can distinguish

whether they are noisy data.

To further investigate whether the data filtered out by CupCleaner is truly noisy, we conduct a small-scale human

evaluation, where three Ph.D students majoring in computer science participate in a human evaluation process. Each

Ph.D student has over 4 years of development experience and do the study independently. We first randomly select

50 samples from the high-quality data and 50 samples from the noisy data identified by CupCleaner in the dataset

of Panthaplackel et al., 2020. Then, we make sure that the evaluators understand the context and the intention of the

comment updating task and ask them the question “Would you accept this data sample into the comment updating

dataset?" This question means that the annotators need to judge whether the comment update process of each data is

reasonable and understandable to humans. The label for each data sample ranges from 1 to 5, representing reject, weak

reject, weak accept, accept, and strong accept, indicating the willingness to accept the data. If annotators encounter

difficulties in determining whether a data sample can be used for the comment updating task, they may assign a rating

after conducting discussions. Finally, the average score of data that CupCleaner considers to be retained is 4.0, while

the average score of data filtered out by CupCleaner is 2.8. This indicates that the majority of the data filtered out by

CupCleaner belong to noisy data, while the data retained is predominantly in line with the intent of the comment

updating task.
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Table 3. Table of experimental results.

Dataset Name Models Preprocess XMatch BLEU4-T BLEU4-S Meteor SARI GLEU

Panthaplackel, 2020

PLBART

Original 13.72 22.32 44.59 39.42 42.96 38.54

Random 14.4 35.79 46.21 41.56 43.12 40.84

Cleaned 15.9 42.55 49.73 44.1 45.12 43.8

UniXcoder

Original 20.52 55.52 49.92 46.15 45.14 45.89

Random 18.07 55.63 49.47 44.39 43.92 45.32

Cleaned 19.57 57.76 51.11 46.21 45.8 47.45

CodeT5

Original

19.97

(25.46 / 4.64)

57.54

(64.81 / 36.17)

52.95

(59.95 / 33.38)

47.15

(52.8 / 31.37)

46.88

(48.57 / 38.3)

47.44

(54.2 / 28.44)

Random

20.52

(25.65 / 6.19)

58.79

(65.21 / 38.42)

53.22

(60.29 / 33.46)

47.63

(53.19 / 32.09)

46.93

(48.7 / 38.64)

48.16

(54.86 / 29.33)

Cleaned

21.6
(27.49 / 5.15)

60.72
(67.4 / 39.7)

53.9
(61.23 / 33.41)

48.21
(54.18 / 31.52)

47.34
(49.21 / 38.03)

49.11
(56.15 / 29.32)

Liu, 2020

PLBART

Original 23.48 65.01 65.88 58.67 48.34 56.93

Random 23.41 69.21 66.42 59.05 48.59 56.98

Cleaned 24.5 73.58 69.12 61.57 49.46 58.42

UniXcoder

Original 30.64 72.63 68.54 62.57 50.87 61.15

Random 31.77 72.08 68.68 62.73 50.47 62.3

Cleaned 32.52 73.63 70.2 63.94 51.44 63.25

CodeT5

Original

32.54

(35.36 / 7.87)

76.06

(77.7 / 57.01)

71.57

(73.95 / 50.73)

65.36

(67.91 / 43.02)

52.03

(55.59 / 42.17)

63.79

(66.15 / 43.03)

Random

32.99
(35.67 / 9.49)

75.69

(77.22 / 58.0)

71.34

(73.61 / 51.42)

64.94

(67.32 / 44.03)

51.86

(55.44 / 43.16)

64.06

(66.29 / 44.45)

Cleaned

32.97

(35.73 / 8.78)

76.1
(77.7 / 57.26)

71.91
(74.27 / 51.3)

65.42
(67.89 / 43.8)

52.16
(55.57 / 42.95)

64.06
(66.37 / 43.71)

Panthaplackel, 2021

PLBART

Original 22.67 54.3 53.53 51.34 48.24 48.72
Random 20.94 50.86 52.75 50.17 47.68 47.77

Cleaned 22.62 56.33 54.38 51.67 48.49 48.42

UniXcoder

Original 25.86 55.4 54.09 52.87 48.85 49.9

Random 26.62 55.59 54.66 53.6 48.98 50.2

Cleaned 26.88 57.58 56.29 54.1 49.44 51.17

CodeT5

Original

27.54

(31.64 / 6.27)

59.02

(64.08 / 30.72)

57.99

(62.64 / 33.89)

55.8

(59.75 / 35.33)

50.66

(52.73 / 39.57)

51.82

(56.48 / 27.53)

Random

27.69

(32.12 / 4.7)

59.02

(64.16 / 30.39)

58.23

(62.97 / 33.74)

55.7

(59.98 / 33.55)

50.73

(52.95 / 39.62)

52.34

(56.97 / 28.28)

Cleaned

28.25
(32.55 / 5.96)

59.58
(64.74 / 30.66)

58.51
(63.21 / 34.17)

56.28
(60.32 / 35.38)

50.90
(53.26 / 39.48)

52.34
(57.02 / 28.0)

Answer to RQ1: We filter out approximately 33%, 12%, and 18% of the data in three datasets, respectively. The

results of the human evaluation show that the average score of the data filtered out by CupCleaner is only 2.8/5,

while the average score of the high-quality data identified by CupCleaner as high-quality is 4.0/5. This indicates

that CupCleaner can distinguish noisy data from high-quality data in comment updating datasets.

5.2 Effectiveness of training using cleaned data (RQ2)

To answer RQ2, we conduct experiments on three representative architectures, namely PLBART, UniXcoder, and CodeT5.

For each dataset, while keeping the test set unchanged, we organize the remaining data (i.e., training data and validation
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data) into three versions: original, random, and cleaned. The original version refers to the raw data, while the cleaned

version is the data cleaned by CupCleaner. The random version is a subset of the original data with the same size as the

cleaned data. Our experimental settings ensure that the same settings are used for different versions of the same dataset.

In each experiment on each dataset, we also ensure that the original test set remained unchanged and we process only

the training and validation sets.

Table 3 shows the performance statistics for each dataset and each model. We can see from Table 3 that among all

models, CodeT5 has the best performance, followed by UniXcoder and PLBART. We can see from each model that simply

cleaning the training and validation sets can improve multiple evaluation metrics. Specifically, for the Panthaplackel et

al., 2020 dataset, using the cleaned data for training and validation significantly improves the model’s BLEU-related

metrics. For example, the PLBART model improves the BLEU4-T metric from 22.32 to 42.55, an improvement of almost

100%, UniXcoder improves the BLEU4-T metric from 55.52 to 57.76, and CodeT5 improves the BLEU4-T metric from

57.54 to 60.72. It can be seen that regardless of whether the model itself performs well on the original dataset, the

cleaned data can further improve their performance. Additionally, training on the dataset cleaned by CupCleaner

outperforms using randomly sampled data of the same size, further demonstrating the effectiveness of CupCleaner.

It can be observed that the dataset of Panthaplackel et al., 2020 is most affected by noisy data. Because this dataset

has the highest proportion of filtered data, indicating that there are a large number of low-scored data samples.

Correspondingly, training on the cleaned data results in the greatest performance improvement for this dataset.

Compared to that, the impact of noisy data on dataset Liu et al., 2020 and Panthaplackel et al., 2021 is relatively small,

but cleaning the data can still lead to improvements in almost all metrics.

Answer to RQ2: We conduct experiments with the three models on the three comment updating datasets. The

experimental results show that using the cleaned data for training without changing the test set can improve almost

all the metrics on all models. For example, CodeT5 trained on the cleaned dataset improved the BLEU4-T from 57.54

to 60.72 on the first dataset. CupCleaner shows its effectiveness regardless of whether the model performs well on

the original dataset or whether the original data is heavily contaminated with noises.

5.3 Effectiveness of evaluating models using cleaned data. (RQ3)

To answer RQ3, we design a experiment on the test sets of both identified noises and cleaned versions. We filter test set

based on the anchor searched on the non-test set of each dataset. The data with scores higher than the anchor point are

assigned to the cleaned version of the test set, while the rest are assigned to the noisy version of the test set. As the

answer to RQ2 has revealed that the CodeT5 performed the best, we select CodeT5 to conduct this experiment.

We summarize the experimental results of CodeT5 in Table 3, where the results in the format of (number1 / number2)

represent the evaluation results on the cleaned and noisy test sets, respectively. For example, in the Panthaplackel et al.,

2020 dataset, the XMatch metric (27.49 / 5.15) for CodeT5 trained on cleaned data indicates that 27.49% of the predicted

outputs perfectly match the reference on the cleaned test set, while only 5.15% on the noise test set. It is worth noting

that the number of samples in the noisy version of the test set is significantly less than that in the cleaned version of the

test set. Therefore, the 5% corresponding to the noisy version represents a much smaller number of samples compared

to the 27% corresponding to the cleaned version.

The experimental results on different test sets in Table 3 led to two main findings:

The first finding is that evaluation results on the cleaned test set significantly outperform the results on the noisy

test set. For example, in the Panthaplackel et al., 2021 dataset, when comparing the evaluation results on the cleaned test
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set and the noise test set, the XMatch metric is on average 400% higher and the BLEU4-T metric is on average over

100% higher on the cleaned test set. In addition, the evaluation results on the noisy test set are not only worse but also

inconsistent across different training data, with different models showing varying performance. This suggests that

the test data filtered out by CupCleaner deviates significantly from the intended comment updating, resulting in poor

performance regardless of whether the original training set or the cleaned training set is used.

The second finding is that evaluating the model on the cleaned test set shows a similar trend as evaluating it on the

original test set, but with improved performance compared to the original. When evaluating the model on the clean test

set of the Panthaplackel et al., 2021 dataset, the model trained on the cleaned training set outperforms the models trained

on other dataset variants on all metrics, and the XMatch score improved from 28.25 to 32.55. This finding indicates that

the cleaned test set may provide a more reasonable evaluation of the model’s performance. That is to say, the cleaned

test set, by removing data that deviates from the intent of the comment updating task, better reflects the true ability

of the model. Thus, during the construction of comment updating-related datasets, CupCleaner may provide help for

producing datasets that reflect the real capabilities of the model.

Answer to RQ3: We compare the performance of different models on the cleaned test set and the noisy test set.

First, we find that the performance on the cleaned test set is significantly better than that on the noisy test set, with

an improvement of 400% in XMatch on the Panthaplackel et al., 2021 dataset. This indicates that we filter out data

that do not match the intention of comment updating. Second, we find that the evaluation results on the cleaned

test set are higher than those on the original test set in all metrics, but with the same trend. This indicates that

the cleaned test set may better reflect the model’s real performance, and also shows that CupCleaner may help in

constructing datasets for accurate measurement of model abilities.

5.4 Time consumption of data cleaning process (RQ4)

Table 4. Table of the time consumption.

Panthaplackel et al,
2020

Liu et al,
2020

Panthaplackel et al,
2021

Training one epoch 6 minutes

1 hour and

40 minutes

23 minutes

Compute semantics 3 minutes

1 hour and

19 minutes

11 minutes

Compute scores &

Search anchor

30 seconds 6 minutes 2 minutes

To answer RQ4, we examine the time required to clean the dataset and compare it to training one epoch of the model

on the raw dataset. An epoch means that the model goes through all the training data once and adjusts its weights

based on the loss function during the training process. We select CodeT5 as the baseline model to calculate the time

required to train one epoch, as it has exhibited relatively high performance in previous experiments. In one epoch of

model training, we calculate the time spent on the training set and the time it spent on validation set after one epoch.

During the data cleaning process, we calculate the total time spent on semantic analysis, final score calculation, and

searching for anchor points.
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Table 4 shows the basic statistics of time consumption. We can see from the table that the time consumption of our

data cleaning approach is less than the time required for the model to train one epoch on all three datasets. Specifically,

on datasets Panthaplackel et al., 2020 and Panthaplackel et al., 2021, the time required for data cleaning is roughly half

of the time required for training one epoch of the model. Even on the dataset Liu et al., 2020, which contains almost

100k examples, the time required for data cleaning is still less than the time required for training one epoch. It is worth

noting that we have not intentionally optimized or reduced the time required for data cleaning. This indicates that our

data cleaning approach can produce cleaned data within an acceptable time. In addition, using common early stopping

strategies can significantly reduce the number of epochs required for training. For example, the model is trained until the

performance on the validation set stops improving for 3 consecutive times, then the training is terminated. Therefore,

using the time equivalent to training one epoch to clean better data may a reasonable choice.

Answer to RQ4: We compare the time required to train an epoch with the time required to clean the dataset. The

experimental results indicate that the total time required to clean the dataset is often less than the time required to

train an epoch. Thus, the time to clean the dataset may not be a burden for training.

6 THREATS TO VALIDITY

Threats to internal validity may arise from two factors. The first threat relates to human evaluation. In the human

evaluation, we presented annotators with only one question and asked them to provide ratings based on their responses

to this question. A comprehensive assessment of a data sample may require analysis from multiple perspectives.

However, the annotators we invited are all Ph.D students with relevant development experience. To ensure their

understanding of comment updating task, we also engaged in discussions during the annotation process to mitigate the

potential impact of this threat. The second threat is that while filtering out noisy data, we might inadvertently exclude

normal data as well. This is easily understand because defining whether a data sample is noise can be challenging. On

the one hand, programmers have different ideas and styles when coding, and on the other hand, many data samples

require in-depth understanding to determine their appropriateness. However, our experimental results indicate that

regardless of whether the test set is cleaned or not, our cleaned training set leads to improvements. In addition, the

results of human evaluation also demonstrate that our cleaned data aligns better with the scenarios and intentions of

the comment updating tasks.

Threat to external validitymight come from the choose of the baseline models. In our experiments, we exclusively

chose pre-trained models and did not include non-pre-trained models, which could potentially introduce bias into the

final experimental results. We assume that pre-trained models possess a broader base of knowledge, making them more

capable of understanding downstream tasks compared to training from scratch. Actually, pre-trained models typically

exhibit better performance and also being employed in various generative tasks.

7 RELATEDWORK

Below we discuss the two most related work of our paper: editing/updating-related tasks and data cleaning techniques.

7.1 Editing/Updating-Related Tasks

Editing and updating are fundamental nature to the software development process, and many software software

development tasks are closely associated with these activities. For example, automatic program repair involves updating

code containing bugs to correct bugs[11, 17, 37–39, 44], code review involves editing old code based on review
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comments[2, 13, 29], and comment updating involves automatically updating old comments based on code changes[16,

21, 22, 43].

These types of tasks are often more closely related to the daily development scenarios of developers. Recently, there

is also a large amount of deep learning research focused on tasks related to editing or updating. Zhu et al. [44] proposed

Recoder, a syntax-guided edit decoder for the Automated Program Repair (APR) task. Recoder efficiently represents

minor code changes by generating edits instead of the entire modified code. In the design of Recoder, the authors use a

novel provider/decider architecture to ensure syntactic correctness and provides a placeholder generation mechanism

to generate specific program identifiers. Experimental results indicate that Recoder achieves a 26% improvement over

Defects4J v1.2 dataset and become the first deep learning-based approach that outperforms traditional APR approaches.

Li et al. [13] collect a large-scale dataset of code changes and code reviews to pre-train model, CodeReviewer, to fit the

tasks in the code review scenario. CodeReviewer applies three pre-training tasks, namely code change quality estimation,

code review generation and code refinement. Specifically, code change quality estimation task aims to predict whether

a code change is high-quality and can be accepted by reviewer. Code review generation task is to generate the review

comment and code refinement task is to generate revised code based on review comments. Experimental results shows

that CodeReviewer outperforms other models in the code review scenario. Liu et al. [16] proposed CUP, a comment

updating approach that can be used to assist developers automatic updating comments and avoid bad comments.

The authors collect a dataset with comment-code co-change samples for support comment updating task and utilize

sequence-to-sequence model to generate updated comment. The evaluation results indicate that CUP outperforms

baselines.

However, datasets supporting such tasks are often mined from the commit versions of open-source repositories.

Due to the complexity of version iterations and the diversity of update intentions, such datasets are more prone to

incorporating noisy data[19, 28, 34, 41]. To evaluate the quality of updating-related datasets and remove noises from

them, we consider the need for updating scenarios and propose CupCleaner. The experimental results show that

CupCleaner is effective in removing noises from comment updating datasets.

7.2 Data Cleaning

Data quality is crucial for deep learning models, as only high-quality datasets can comprehensively evaluate the

capabilities of deep learning techniques. In recent years, researchers in the field of AI for SE also gradually focus on how

to improve the quality of code-related data. Sun et al. [32] conduct an empirical study on the dataset for code search task

and find that more than one-third of the queries contain noises. To improve the quality of code search datasets, they

propose a data cleaning framework by combining syntactic and semantic filters. The experimental results show that

the performance of code search is significantly improved with the cleaned dataset. Shi et al. [30] focus on evaluation

and data issues in code summarization tasks, and find that the pre-processing choices of the data have a significant

impact on the experimental results. Huang et al.[9] analyze the issue of whether code needs to be commented or not.

They find that the percentage of methods with both header or internal comments in software systems is low. Then they

design an approach to determining whether code needs to be commented by considering structural features, syntactic

features, and textual features. Shi et al. [31] subsequently analyze the noisy data in code comments and improve the

quality of code comments. They propose an automatic code-comment cleaning tool and conduct experiments on four

code summarization datasets. Different from this approach that focus on cleaning individual comment or code, our

proposed CupCleaner focuses on the changes between old and new comments/code and filters out data that deviates

from the updating intention. CupCleaner leverages the semantic and diff information of code and comments, rather
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than relying on statistical analysis of basic textual information. Additionally, CupCleaner and approaches that solely

focus on cleaning code or comments are complementary, as the latter can still benefit from applying our approach.

8 CONCLUSION

In this paper, we propose CupCleaner, a data cleaning approach for comment updating datasets. The data cleaning

strategy of CupCleaner mainly consists of two steps. First, we design a criterion to calculate the quality scores for

all data samples, and then we remove the tail of the score distribution. During the scoring process, we consider the

correlations within the comments or code, as well as the correlation between code changes and comment changes. In

the experiments to evaluate CupCleaner, we first conduct human evaluation, and statistic results suggest that the data

identified as noise by CupCleaner received generally low scores. Then, we conduct experiments on three comment

updating datasets and three representative code-related models to evaluate the effectiveness of the CupCleaner. The

experimental results show that CupCleaner can effectively filter out noisy data and improve the performance of the

models without changing the test set. Additionally, we also explore whether the cleaned test set can be used to evaluate

models. We find that the trend of the evaluation results on the cleaned test set is consistent with that of the original test

set and there is an improvement in performance. Therefore, it may reflect the true ability of the model and be helpful in

constructing a more reasonable dataset. We also find that the time consumption of CupCleaner for data cleaning is

generally acceptable compared with the time for training.

In future work, we plan to explore other datasets for various software engineering tasks, and expand our data

cleaning approach.
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