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Abstract

Commit messages play a crucial role in un-
derstanding code change intent and tracking
software evolution, and automatically generat-
ing high-quality commit messages is important
for improving software maintenance efficiency.
Although existing methods have made prelimi-
nary attempts to capture the semantics of diff,
semantic associations across hunks and the se-
mantic alignment between the diff and its com-
mit message have not been further explored. In
this paper, we propose a change-aware model
for commit message generation called CAM-
CMG, which focuses on the hunk associations
in code change and alignment between code
change and commit message. Specifically, it
adopts a local attention mechanism based on
a sliding window to capture local contextual
information around hunks, a CMG-oriented
change attention mechanism to model semantic
associations across hunks, and a change align-
ment loss to optimize the model to enhance
the generation of change-aligned tokens dur-
ing the training phase. Experimental results
show that CAMCMG achieves an average im-
provement of 6.4% on automatic evaluation
metrics and 5.2% on human evaluation metrics
Ablation studies further demonstrate the effec-
tiveness of each component, where local atten-
tion, change attention, and change alignment
loss contribute average improvements of 5.1%,
9.6%, and 7.1%, respectively, on the automatic
evaluation metrics.

1 Introduction

Commit message summarizes the purpose and in-
tent of code change!, which plays an important
role in program comprehension, such as code re-
view (Caulo et al., 2020; Li et al., 2025), defect
localization (Wang et al., 2025; Li et al., 2021;
Schliiter et al., 2021) and software evolution anal-
ysis (Girba and Ducasse, 2006; Wei et al., 2025).

'In this paper, we use diff and code change exchangeably.

The toString() methods in GeoDistanceRangeQuery and
GeoPolygonQuery should invoke Query rather than Filter.
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Figure 1: Two hunks modify the code by

changing the suffix of GeoPolygonFilter and
GeoDistanceRangeFilter to Query. The commit
message summarizes the modified methods and classes
reflected in the diff.

High-quality commit messages can help develop-
ers quickly understand the context of changes and
improve the efficiency of team collaboration. How-
ever, there are many commit messages that are
vague or even blank in real-world projects (Maalej
and Happel, 2010), since writing commit messages
manually is time-consuming and tedious (Zhang
et al., 2024c). For example, approximately 14%
of the commit messages in over 23,000 Source-
Forge projects were completely empty (Dyer et al.,
2013); and this problem also existed in the Apache
Software Foundation projects (Imani et al., 2024).
Therefore, various automatic commit message gen-
eration (CMG) methods have been proposed to gen-
erate accurate, concise, and semantically logical
descriptions for code changes. Specifically, given
a code change dif f = {hy, ho, ..., hy,}, where h;
denotes the ¢-th hunk, CMG aims to transform diff
to a commit message.

Existing CMG methods can be broadly classifed
into template-based (Buse and Weimer, 2010; Shen
et al., 2016), retrieval-based (Huang et al., 2020;
Liu et al., 2018; Hoang et al., 2020), learning-
based (Dong et al., 2022; Liu et al., 2023; Nie



et al., 2021; Wang et al., 2024a) and hybrid meth-
ods (Liu et al., 2020; Shi et al., 2022; Zhang et al.,
2024b; He et al., 2023). Recently, with the rising of
pre-trained language models (PLMs), PLM-based
methods become dominant in learning-based meth-
ods. These methods are based on the Transformer
architecture, which adopts the standard full atten-
tion mechanism (Vaswani et al., 2017). However,
standard full attention mechanism computes the
attention scores among arbitrary tokens, resulting
in the attention being diffusely distributed (Correia
et al.,, 2019). Many studies attempt to leverage
a sparse attention mechanism to mitigate this is-
sue (Beltagy et al., 2020; Guo et al., 2023; Wang
et al., 2024b). Despite their efforts, there is still a
gap between the CMG scenario and the general sce-
nario. The following two key observations provide
an opportunity to design a CMG-oriented sparse
attention mechanism.

(01): Semantic associations among hunks. Even
if the different hunks in a diff are positionally sep-
arated, they are not completely semantically inde-
pendent. As shown in Figure 1, the diff modifies
the toString() method. Although the two hunks
are separate in location, they share the same intent,
i.e., calling class Query instead of Filter. There-
fore, modeling cross-hunk semantic associations is
necessary to capture the intent of code changes.
(02): Semantic alignment between diff and
commit message. Tokens in the commit mes-
sage often correspond to certain changes in the
diff (e.g., function calls, variable usage). As shown
in Figure 1, the commit message summarizes the
changes in diff, which involve the toString()
method in both the "GeoDistanceRangeQuery”
and "GeoPolygonQuery"” classes. It emphasizes
the importance of aligning the semantic content
between the diff and its commit message.

In summary, generating high-quality commit
messages requires modeling semantic associations
across multiple hunks and aligning the generated
message with the diff. However, to the best of our
knowledge, off-the-peg methods do not sufficiently
satisfy these desiderata. Therefore, this leads to
the major challenges: how to associate the seman-
tics across hunks and how to align the diff and its
corresponding commit message.

Motivated by this, we propose CAMCMG,
which is a Change-aware Model for Commit
Message Generation. First, context plays an im-
portant role in commit message generation be-
cause the effectiveness of the generated message de-

pends on the surrounding context, except for code
changes (Sillito et al., 2008). Therefore, we em-
ploy a sliding window to capture local contextual
information around each hunk. It allows each token
to pay attention to the neighboring tokens. Second,
we further introduce a CMG-oriented change atten-
tion mechanism to capture semantic associations
across hunks, which enables related tokens among
different hunks to establish attention connections.
Finally, we design a change alignment loss to op-
timize the model to enhance the generation of to-
kens in the commit message that correspond to the
changes of diff (denoted as change-aligned tokens)
during the training phase.

To evaluate the effectiveness of CAMCMG, we
conduct extensive experiments on MCMD, one
of the most widely used datasets for CMG, and
compare it with ten state-of-the-art (SOTA) meth-
ods. Experimental results show that CAMCMG
achieves the best overall performance, with an av-
erage improvement of 6.4% on automatic evalua-
tion metrics and 5.2% on human evaluation metrics
compared with baseline models except for GPT-
4. Ablation studies further confirm the effective-
ness of each component. Specifically, local atten-
tion, change attention, and change alignment loss
contribute average improvements of 5.1%, 9.6%,
and 7.1%, respectively, on the automatic evaluation
metrics. The main contributions of our paper can
be summarized as follows:

* We propose CAMCMG, which includes local
attention and change attention. Specifically,
local attention focuses on capturing the lo-
cal contextual information around each hunk,
while change attention is designed specifically
for the CMG task to model the semantic asso-
ciations across hunks.

* We design a change alignment loss to opti-
mize the model to enhance the generation
of change-aligned tokens during the training
phase, which directs the model to pay more
attention to the semantic alignment tokens,
thus improving the relevance and accuracy of
commit messages.

Extensive experiments demonstrate that
CAMCMG outperforms the state-of-the-
art methods on multiple evaluation metrics,
which show its effectiveness and superiority.



2 Related Work

2.1 Commit Message Generation

Researchers have proposed various methods to
generate commit messages. Specifically, it can
be categorized as templated-based, retrieval-based,
learning-based, hybrid and LLM-based methods.
Early work generated commit messages based on
predefined templates (Buse and Weimer, 2010;
Shen et al., 2016). For example, Buse et al. (Buse
and Weimer, 2010) leveraged control flow patterns
to generete commit messages. Retrieval-based
methods retrieved similar commits from the train-
ing set and reused their commit messages (Liu
et al., 2018; Huang et al., 2020; Hoang et al., 2020).
For example, Liu et al. (Liu et al., 2018) used co-
sine similarity to retrieve similar code changes.
Learning-based methods adopted neural network
models to translate diffs into commit messages. For
example, Dong et al. (Dong et al., 2022) proposed
FIRA, which builds fine-grained graphs by combin-
ing sub-tokens nodes with edit operation nodes to
capture small differences in code changes. Liu et
al. (Liu et al., 2023) proposed CCRep, which uses a
pre-trained model with a query-back mechanism to
model interactions between code changes and their
contexts. Hybrid methods leverage both retrieval-
based and learning-based approaches to generate
commit messages. For example, ATOM (Liu et al.,
2020) extracts semantic information from code
changes using ASTs and combines retrieval and
generation through hybrid ranking. RACE (Shi
et al., 2022) retrieves similar code—message pairs
to guide generation. COME (He et al., 2023)
learns contextualized code change representations
via modification embeddings and a self-supervised
objective, and integrates retrieval and generation
through a decision algorithm. Recent work has ex-
plored LLMs for commit message generation. Wu
et al. (Wu et al., 2025) empirically validated the
effectiveness and generalizability of LLMs through
in-context learning.

Although the above methods have achieved
promising performance, the semantic alignment be-
tween diffs and commit messages is rarely modeled
explicitly, which potentially affects the accuracy
and expressiveness of the resulting messages.

2.2 Sparse Attention Mechanisms

The self-attention mechanism allows each token to
attend to all others (Zaheer et al., 2020). In long
code sequences, this indiscriminate attention can

dilute focus on semantically related tokens across
distant hunks, reducing the model’s ability to cap-
ture code semantics. To mitigate this, prior work
has explored sparse attention mechanisms. For ex-
ample, Wang et al. (Wang et al., 2024b) proposed
SparseCoder, which modeled short-term dependen-
cies using a sliding-window mechanism and in-
troduced global attention and identifier attention
to capture long-range dependencies among source
code identifiers. Guo et al. (Guo et al., 2023) pro-
posed LongCoder, which introduced bridge atten-
tion and global attention, effectively captured long-
range dependency while maintaining fine-grained
local semantic representations. Zhang et al. (Zhang
et al., 2024a) proposed VulAdvisor, which incorpo-
rated local attention that used TF-IDF weights to
emphasize locally important code elements and in-
troduced repair action loss that prioritized semanti-
cally meaningful tokens during training, improving
the actionability and precision of the suggestions.

Although existing sparse attention methods ef-
fectively address the challenges of long sequences
and capture long-range dependencies in code, they
generally lack explicit modeling of the semantic
relationships among different hunks within a diff.
Consequently, cross-hunk associations that are cru-
cial for representing the overall semantics of code
changes cannot be adequately captured.

3 Methodology

The overall framework of CAMCMG is illustrated
in Figure 2. Given a diff as input, the first step is
to construct specialized mask matrices for local at-
tention and change attention. These mask matrices
serve to indicate the key regions the model should
focus on, enabling the model to focus on both the
local context of each hunk and the semantic as-
sociations across multiple hunks. Once the mask
matrices are prepared, they are fused by taking the
element-wise maximum of them. Subsequently, it
is integrated into the Transformer’s self-attention
mechanism. This allows the model to capture the
local contextual information around hunks and as-
sociations among hunks. Formally, the standard
self-attention is computed as:

Attention(Q, K, V) ft (LKT)V (1)
ention 5 s = sojtmax 5
Vi,
Q=XWe K=xwEK v=xw", @

where X is the embedded representation of the
input sequence, and W®, WX and WV are learn-



Sparse Attention local attention

diff

public void setBanner(Banner banner)

* Sets if the Spring banner should be displayed when

[the application runs.Defaults
+ * to {@code true}

* @param showBanner if the banner should be shown @
- * @see #printDefaultBanner ()
*/

public void setShowBanner(boolean showBanner) {

this.showBanner = showBanner ;

][] was not prevented from attending

— Data flow
----» Grad flow

change attention

fused attention

Encoder Layer x N

Add & Norm
Feed Forward

Add & Norm
Sparse Attention
i Transfor

— Decoder La”)lfelr 1

Transformer Tt Fp————
Emh M Change Alignment Loss
Transformer
Decoder Layer N

A-Lea+(1-A) - Le
standard Loss

Figure 2: The overall workflow of CAMCMG.

able weight matrices. With the mask matrix incor-
porated, the attention computation is modified as
follows:

T
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k
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where M denotes the mask matrix, which restricts
the range of attention computation, thereby control-
ling the positions each token can attend to when
constructing contextual representations. If the ¢-
th token is allowed to attend to the j-th token,
M;; = 0; otherwise M;; = —oo. When M;; is
set to —oo, the attention score from the ¢-th to j-th
token will be zero after using the softmax function.

During the training phase, the model is further
optimized with a change alignment loss, which
encourages the generated message to semantically
align with the key areas captured in the diff.

Attention(Q, K, V') = softmax

3.1 Local Attention

To enable the model to effectively capture the lo-
cal contextual information around each hunk, we
introduce a local attention mechanism. Unlike the
self-attention mechanism in Transformers, local
attention does not allow each token to attend to
all others; instead, it restricts the attention scope
to a limited neighborhood. This design enables
the model to learn fine-grained contextual depen-
dencies while reducing the influence of irrelevant
regions. Given a local window size w, we define a
range of local attention for each token in the diff,
which only includes |w/2 | tokens before and after
the current token. The local attention mask M/‘ec®
is thus constructed as:

0 if [i — j| < |w/2]
Mg = . “
—oo otherwise,

where ¢ and j denote the positions of tokens in the
diff sequence.

3.2 Change Attention

The diff typically consists of multiple hunks, each
describing a localized semantic modification. How-
ever, real-world commits often involve multiple
interrelated changes that may occur in different
functions, classes, or modules, leading to semantic
associations that span across hunks. Although local
attention can effectively capture contextual infor-
mation around a hunk, it fails to model the seman-
tic linkages across hunks, which are essential for
understanding the overall intent of a code change.
For example, as shown in Figure 1, the toString()
methods in two different files were modified, where
the class names in the output strings were changed
from "GeoDistanceRangeFilter" and "GeoPolygon-
Filter" to their corresponding "GeoDistanceRange-
Query" and "GeoPolygonQuery".

Therefore, we introduce change attention, which
explicitly captures semantic relations across dif-
ferent hunks. We identify all hunks in the diff
and represent their token position sets as C. To-
kens from different hunks can attend to each other
within C, allowing semantic information to flow
across hunks. This enables the model to aggregate
related modification cues and form a unified under-
standing of the overall code change. The change
attention mask A/ ¢"*"9€ is thus constructed as:
Mf;lange _ 0, if 3,7 6 C )

—00, otherwise.

The above two attention mechanisms enable
CAMCMG to capture and integrate semantic as-
sociations around and across hunks, constructing
a more comprehensive representation of the entire
code change.



The mask matrix M in Eq.(1) is defined as:
M = max (M};-’C"ﬂ, ijha“ge) , (6)

where max(-,-) is the element-wise maximum
function.

3.3 Change Alignment Loss

In practice, certain tokens in the diff (such as vari-
able names, function names, or class names) often
carry crucial semantic information that is explic-
itly reflected in the commit message. For example,
when developers rename a function or variable, or
add a new method, the commit message typically
describes these specific changes. This indicates that
there exists a semantic alignment between tokens
in the diff and the commit message, which is im-
portant for accurately generating commit messages.
Therefore, during model optimization, we intro-
duce a change alignment loss, which builds upon
the standard cross-entropy loss to further enhance
the model’s focus on the actual modifications in
the diff. The model is able to more accurately cap-
ture the core modification information and achieve
semantic alignment between the diff and its com-
mit message by applying additional optimization
constraints to the change-aligned tokens.

Algorithm 1: Change Alignment Mask
Generation
Input: Change code dif f, target commit
message cm;, generated message
tokens t .,
Output: Change aligment mask
ca_mask.
Waipr < tokenize dif f by spaces and
lemmatize them
Wem, ¢ tokenize cm; by spaces and
lemmatize them
Wco < Wdiff N Wcmt
cmy = decode(tem, )
word sequence
s ca_mask < [0] X |tem,|
¢ for win cmg, do
7 w < lemmatize w
8
9

—

[

w

> decode tokens to

-

if w € W, then
set the elements in ca_mask
whose index is equal to the index
of win tepm, to 1

10 Return ca_mask

Algorithm 1 outlines the process of identifying
the change-aligned tokens and creating their masks.
The algorithm first tokenizes and lemmatizes both
the diff and the target commit message to obtain
their respective word sets (Lines 1-2). In Line 3, it
identifies the words that appear in both the changed
regions of the diff and the target commit message,
extracting their intersection. Subsequently, the gen-
erated message is decoded into a complete word
sequence, and a zero mask matrix with the same
expected length is initialized (Lines 4-5). Then, for
each word in the generated message, the algorithm
checks whether its lemmatized form exists in the
intersection set. If the word appears in the inter-
section, the corresponding position in the mask is
set to 1, indicating the parts of the generated mes-
sage that are semantically aligned with the change
regions (Lines 6-9). Through this process, the al-
gorithm creates a mask (’ca_mask’) that highlights
the alignment positions between the generated mes-
sage and the changed code.

Next, we incorporate the change alignment mask
into the loss function, guiding the model to focus
on generating these important tokens correctly. The
change alignment loss is computed as

L
Loa=—)  camask; log P(yi | y<i), (7)

=1

where L denotes the length of the generated se-
quence, and ca_mask; is the value of the change
alignment mask for the -th token, corresponding
to the probability of generating the i-th token in the
sequence.

The final loss Lgny is defined as the weighted
sum of the change-aligned loss (L 4) and the stan-
dard cross-entropy loss (Lo g):

Ling =A-Loa+ (1 =X)Lk, (8)

where A is a hyperparameter controlling the balance
between the two losses.

4 Evaluation

In this section, we conduct comprehensive experi-
ments to evaluate the effectiveness of CAMCMG,
aiming to address the following research questions.

* RQI1: Overall performance. How does
CAMCMG perform compared to the state-of-
the-art commit message generation methods?



Method

Java

C#

C++

Python

JavaScript

BLEU Met. Rou. Cid. BRSA

BLEU Met. Rou. Cid. BRSA

BLEU Met. Rou. Cid. BRSA

BLEU Met. Rou. Cid. BRSA

BLEU Met. Rou. Cid. BRSA

NNGen (Liu et al., 2018)
RACE (Shi et al., 2022)
COME (He et al., 2023)

CodeT5-base (Wang et al., 2021b)

CCTS5 (Lin et al., 2023)

19.41 12.40 25.15 1.23 29.40
25.66 15.46 32.02 1.76 37.98
27.17 16.91 34.59 1.90 41.13

22.76 14.57 30.23 1.43 36.42
26.46 16.58 33.95 1.81 40.81

2093 13.5225.14 143 29.42
2633 16.37 31.31 1.84 36.81
27.29 17.77 33.33 1.91 38.96
2221 14.5129.08 1.33 34.22
26.89 17.20 32.67 1.86 38.84

12.72 8.48 16.85 0.67 21.71
19.13 12.55 24.52 1.14 31.07
20.80 14.5527.01 1.25 33.93

16.73 11.69 22.86 0.85 29.85
19.80 13.8226.11 1.15 33.37

15.62 1042 20.97 0.88 25.46
21.79 14.68 28.35 1.40 3445
23.17 16.46 30.48 1.50 37.06
17.99 12.74 25.27 0.96 31.67
2254 1577 29.92 1.44 36.57

17.96 11.88 23.47 1.15 27.78
25.55 16.31 31.79 1.84 37.34
2691 17.84 34.44 1.92 39.93
22.87 15.1229.81 1.50 34.76
26.16

17.17 33.44 1.86 39.12

Claude3 (The)
DeepSeekV2 (Liu et al., 2024)
Llama3 (Dubey et al., 2024)
CodeQwenl.5 (Bai et al., 2023)
GPT-4 (Achiam et al., 2023)

7.69 547 933 0.21 21.97
6.56 4.88 7.96 0.21 21.47
7.88 629 9.63 0.25 24.13
737 6.49 893 021 22.54
9.41 7.32 12.03 0.35 25.35

7.01 492 8.49 0.19 19.99
594 425 6.96 0.18 19.03
725 569 8.58 0.21 21.58
7.09 581 7.99 0.17 20.51
8.50 7.33 11.66 0.28 23.83

723 578 8.52 0.19 20.79
6.47 513 7.27 0.19 19.95
797 7.08 895 0.24 22.86
7.56 6.74 834 0.19 21.38
8.84 8.48 10.820.27 25.79

756 6.14 8.61 0.19 20.85
6.84 545 7.41 0.20 20.05
843 743 9.15 0.25 22.71
7.93 7.01 8.18 0.20 21.11
9.85 8.94 11.18 0.31 24.86

7.65
6.41
7.64

529 8.96 0.19 20.34
4.65 7.24 0.19 19.34
597 8.99 0.23 21.78
6.87 6.08 8.01 0.18 20.06
8.94 7.98 12.41 0.32 26.03

CAMCMG (Ours) 27.10 17.63 38.30 2.06 41.90 | 25.38 17.17 35.70 1.88 39.31

20.91 14.83 31.50 1.57 35.07 | 21.31 16.87 35.54 1.59 37.93 | 29.02 20.68 41.13 2.28 43.84

Table 1: The overall performance of CAMCMG. The best score is highlighted in bold and the second best score is

underlined.

¢ RQ2: Ablation study. How does each com-
ponent of CAMCMG contribute to the effec-
tiveness?

¢ RQ3: Human evaluation. How does CAM-
CMG perform from the perspective of devel-
opers?

4.1 Evaluation Criteria

We evaluate the quality of the generated mes-
sages using five metrics: BLEU (Papineni et al.,
2002)(the BLEU results reported in this paper are
B-Norm), ROUGE (Lin, 2004), METEOR (Baner-
jee and Lavie, 2005), CIDEr (Vedantam et al.,
2015) and BRSA (Li et al., 2024). The detailed
metrics calculation can be found in Appendix A.

4.2 Dataset

The MCMD dataset, collected by Tao et al. (Tao
et al., 2022), includes five programming languages:
Java, C++, C#, Python, and JavaScript, and has
been widely used in recent years for commit mes-
sage generation (He et al., 2023; Shi et al., 2022;
Tao et al., 2024). In this paper, we use the same
version of the dataset as that used in COME (He
et al., 2023) for our experiments.

4.3 Evaluation Models

We compare CAMCMG with one retrieval
method (NNGen (Liu et al., 2018)), two learning-
based methods (CodeT5 (Wang et al., 2021b),
CCT5 (Lin et al., 2023)), two hybrid meth-
ods (COME (He et al., 2023), RACE (Shi et al.,
2022)) and five LLM-based methods (Claude3-
Haiku (The), DeepSeek-V2-16B (Liu et al., 2024),
Llama3.1-8B (Dubey et al., 2024), CodeQwen1.5-
7B (Bai et al., 2023), GPT-4 (Achiam et al., 2023)).

4.4 Experimental Setting

For the dataset, we set the maximum sequence
length of diff to 512 tokens and commit messages

to 50 tokens. We initialize our model using
the pre-trained CodeT5-base while training the
encoder-decoder neural network. The original
CodeT5 vocabulary contains 32,100 tokens, and
following Shi et al. (Shi et al., 2022), we extend
it with nine special tokens (<INSERT>, <IN-
SERT_OLD>, <DELETE>, <DELETE_END>,
<KEEP>, <KEEP_END>,<REPLACE_OLD>,
<REPLACE_OLD>, <REPLACE_END>), result-
ing in a vocabulary size of 32,109. We use the
AdamW optimizer with a learning rate of 5e-5,
and the batch size is 16. The maximum number of
epochs is set to 10. All experiments are conducted
on an NVIDIA GeForce RTX 4090 GPU. For
GPT-4, following prior works (Lopes et al., 2024;
Wu et al., 2025), we randomly select 200 samples
from the test set to reduce the number of API calls.

S5 Results And Aanlysis

In this section, we first present the overall perfor-
mance of CAMCMG (RQ1) in Section 5.1, fol-
lowed by the results of the ablation study (RQ2) in
Section 5.2, and then discuss the results of human
evaluation (RQ3) in Section 5.3.

5.1 RQ1: Overall Performance

Table 1 presents the experimental results of dif-
ferent models on the MCMD dataset. As shown
in Table 1, CAMCMG achieves the best perfor-
mance, with an average improvement of 6.4% over
the baselines. Specifically, METEOR improves by
4.2% on average, ROUGE-L by 14.1%, CIDEr by
11.4%, and BRSA by 3.7%. However, the BLEU
score decreases by 1.4% on average. This is be-
cause BLEU relies on n-gram precision, so outputs
that are semantically correct but lexically differ-
ent may receive low scores (Wieting et al., 2019).
In contrast, BRSA which measures semantic simi-
larity remains higher, showing that the generated



Java C#

C++ Python JavaScript

Method

BLEU Met. Rou. Cid. BRSA |BLEU Met.

Rou. Cid. BRSA |BLEU Met.

Rou. Cid. BRSA |BLEU Met. Rou. Cid. BRSA |BLEU Met. Rou. Cid. BRSA

-LA | 2472 17.10 36.94 192 41.04 | 23.75 1625 33.87 1.62 37.56 | 19.07 14.63
-CA | 2406 1588 34.44 173 37.72 | 22.57 15.02 32.17 1.57 3541 | 19.44 1342
-CAL | 26.04 16.44 36.39 1.89 39.81 | 22.68 15.12 32.19 1.58 35.70 | 19.79 13.96

29.78 1.32 3346 | 19.92 15.96 3370 1.52 37.37 | 28.60 20.02 40.54 2.17 4291
2846 138 31.90 | 19.96 14.54 31.51 143 3492 | 2793 19.23 39.15 2.13 4224
29.26 1.41 32.77 | 20.98 15.34 3291 1.50 34.80 | 28.03 19.38 38.96 2.16 42.20

Table 2: Results of the ablation study across different programming languages. LA, CA, and CAL denote Local
Attention, Change Attention, and Change Alignment Loss, respectively.Like “-LA” indicate that the corresponding

component has been removed in the ablation study.

messages are still semantically accurate despite the
low BLEU.

It is worth noting that although LLM-based
methods achieve relatively lower scores on auto-
matic evaluation metrics, this does not necessarily
indicate poor generation quality. Automatic evalu-
ation metrics can measure the textual differences
between generated messages and reference mes-
sages, but they are limited in capturing semantic
consistency. Commit messages often have multiple
expressions, and a generated message may use dif-
ferent words from the reference while conveying
the same meaning, which can lead to underesti-
mation by automatic metrics (Wang et al., 2024a).
Therefore, to more accurately assess the quality
of generated commit messages, we conducted a
human evaluation in Section 5.3.

5.2 RQ2: Ablation Study

We conducted additional experiments to analyze
the impact of different components in CAMCMG
on the overall performance. Table 2 presents the
performance comparison between the complete
CAMCMG model and its ablated variants across
different programming languages.

First, to investigate the impact of different atten-
tion mechanisms on the overall performance, we
remove the local attention and the change atten-
tion separately. As shown in Table 2, when local
and change attention are removed, the model’s av-
erage performance drops by approximately 5.3%
and 9.6%, respectively. This indicates that both
attention mechanisms positively contribute to the
model’s performance, and the change attention has
a more pronounced impact.

We further conduct experiments to explore the
impact of the change alignment loss on the over-
all performance of CAMCMG. As shown in the
last row of Table 2, removing this component leads
to an average performance drop of approximately
7.1%. Specifically, BLEU decreases by 5.0%, ME-
TEOR by 8.0%, ROUGE-L by 6.9%, CIDEr by
9.1%, and BRSA by 6.5%. It indicates that the

change alignment loss plays a positive role in im-
proving model performance.

In summary, the results clearly show that remov-
ing any of these components leads to a performance
drop, indicating that each part contributes mean-
ingfully to the model’s overall performance. In
particular, the change attention mechanism yields
the most substantial improvement, highlighting its
importance in capturing cross-hunk semantic asso-
ciations critical for commit message generation.

5.3 RQ3: Human Evaluation

Method Informativeness Conciseness Expressiveness
NNGen 2.72 2.26 2.68
RACE 2.85 2.46 2.76
COME 2.87 2.59 2.83
CodeT5-base 2.85 2.54 2.84
CCT5 2.92 2.67 2.82
Claude3 3.17 3.03 3.01
DeepSeekV2 3.02 3.14 3.07
Llama3 3.10 2.98 3.12
CodeQwenl.5 2.99 3.05 3.14
GPT-4 3.34 3.29 3.38
CAMCMG (Ours) 3.28 3.24 3.19

Table 3: The result of human evaluation.

Following previous work (Liu et al., 2020; Wang
et al., 2021a), we randomly select 100 commits
from the testing set and design a questionnaire for
manual evaluation. Each question in the question-
naire consisted of a code change, the corresponding
reference message, and messages generated by vari-
ous baseline models (The example of questionnaire
can be seen in Appendix C). The study invited 2
PhD students and 3 Master students from the com-
puter laboratories to participate in the survey, all
of whom have at least 3 years of programming ex-
perience. Participants were asked to score each
generated message on a scale of 1-5 across three
dimensions: Informativeness (the extent to which
the message reflects important information about
the diff), Conciseness (the brevity and focus of
the message), and Expressiveness (the clarity and
naturalness in conveying the intent of the diff). The



performance of each model was measured by the
average scores across all generated messages.

Table 3 presents the results of human evaluation.
The results show that CAMCMG achieves the
second-best overall performance, ranking slightly
below GPT-4, while outperforming the best non-
GPT baseline by 5.2%. Although GPT-4 attains
higher scores, it incurs substantially higher costs
in practical applications. Overall, CAMCMG
can generate high-quality commit messages while
maintaining lower usage costs. In addition, we con-
ducted Wilcoxon signed-rank tests (Wilcoxon et al.,
1963) on the human evaluation results to examine
the significance of the differences between CAM-
CMG and other baselines. The results indicate that
the performance differences are statistically signifi-
cant, with all p-values smaller than 0.05 at the 95%
confidence level.

6 Case Study

To further demonstrate the performance of our
model in real scenarios, we analyze two cases
and compare the generated messages with base-
line methods.

@@ -521,7 +521,7 @@ public String getCode() {

final int getCodeLength() {
- return content() == null ? getCode().length() : content().getCodeLength();
+ return content().getCodeLength();

@@ -748,7 +748,7 @@ public final LineLocation createlinelocation(int lineNumber) {
* different source types.

Object getHashKey() {
return content() == null ? getName() : content().getHashKey();
+ return content().getHashKey();

}
final TextMap getTextMap() {

Commit message:

Reference:  Always delegate to content() as it has to be always non-null

NNGen: Source . newFromTest is supported
RACE : merge pull request in g / truffle from ~ michael . van . de . vanter_oracle . com
COME: merge pull request in g / truffle from paw / fix - source - equals to master

CodeTs-base: Merge pull request in G / truffle from bugfix / SourceImpl to master
ccTs: each instances of source needs its content ( ) .
Refactor Source class to delegate equals and hashCode to Content

DeepSeekv2:  Updated getCode and getHashKey methods to use newContent method
Llama3: Refactor Source.java to use content().equals() and content().hashCode()
CodeQuen: Refactor and optimize Source class for better performance and readability.

GPT-4: Simplify Source methods by removing unnecessary null handling for content()
CAMCMG: remove redundant null checks for content() in Source.equals() and hashCode()

Figure 3: Example of removing redundant null checks.

Figure 3 presents a real-world case (the full diff
can be found on Appendix E), which includes the
code changes, the reference commit message, as
well as the commit messages generated by CAM-
CMG and other baseline models. In this case, the
developers refactored the Source class by remov-
ing redundant null checks related to the content ()
method. The manually written commit message
accurately captures the developers’ intent. The diff
snippet shown in the figure contains multiple hunks
across different functions, all aimed at removing
unnecessary null checks for content (). From the
generated results, only CAMCMG and Llama3
produce commit messages that are largely consis-

tent with the reference message. In contrast, the
outputs from other baseline models show varying
degrees of deviation from the expected results.

@@ -263,6 +263,9 @@ public Message deserialize(JsonElement json, Type typeOfT,
Message.Builder protoBuilder =
(Message.Builder) getCachedMethod(protoClass, “newBuilder").invoke(null);

+ Message defaultInstance =
+ (Message) getCachedMethod(protoClass, "getDefaultInstance").invoke(null);

Descriptor protoDescriptor =
(Descriptor) getCachedMethod(protoClass, "getDescriptor").invoke(null);
// Call setters on all of the available fields
©@ -300,8 +303,7 @@ public Message deserialize(JsonElement json, Type typeOfT,
fieldValue = context.deserialize(jsonElement, protoArrayFieldType);
protoBuilder.setField(fieldDescriptor, fieldValue);
} else {
Message prototype = protoBuilder.build();
- Object field = prototype.getField(fieldDescriptor);
+ Object field = defaultInstance.getField(fieldDescriptor);
fieldValue = context.deserialize(jsonElement, field.getClass());
protoBuilder.setField(fieldDescriptor, fieldvalue);

Commit message:

Reference:  avoid repeated calls to build() during deserialization by obtaining field types
from the Message's defaultInstance

NNGen : APT Change : Implemented various getAs methods to return null .

RACE: allow subclasses to provide their own default instance .

COME: use a cached default instance of the proto type adapter .

CodeTs-base: Use getDefaultInstance ( ) instead of newsuilder () .

ccTs: fix deserialization of default instance messages .

Claude3: Add support for Message.setField with default instance and prototype

DeepSeekv2:  Update ProtoTypeAdapter to use getDefaultInstance and setters for deserialization

L1ama3: Improved ProtoTypeAdapter to handle null fields and default instances

CodeQuen: Implement a custom Gson type adapter for Protobuf messages.

GPT-4: optimize deserialization by using defaultInstance instead of building a prototype
instance for field access

CAMCMG: Use defaultInstance instead of building a new prototype in deserialization

Figure 4: Example of instance reuse in deserialization.

To further verify the model’s capability in un-
derstanding semantic changes in code, we con-
ducted a case study on a real-world commit re-
lated to "protobuf message deserialization opti-
mization". As shown in Figure 4, this commit re-
places the invocation of protoBuilder.build()
with getDefaultInstance(), thereby avoiding re-
peated construction of temporary prototype objects
during deserialization and improving execution ef-
ficiency. In this case, our model successfully links
the two hunks, accurately identifying their seman-
tic association and generating a commit message
that better reflects the developer’s actual intent. In
contrast, baseline models only capture partial in-
formation, resulting in incomplete semantic under-
standing in their generated commit messages.

7 Conclusion

In this paper, we propose CAMCMG, a change-
aware model for commit message generation that
consists of three core components. First, a local
attention mechanism is designed to capture local
contextual information. Second, a change-aware
attention mechanism is introduced to model se-
mantic associations across different hunks. Third,
a change alignment loss is employed to explic-
itly align the diff with its commit message. In
addition, we conduct a human evaluation to as-
sess the quality of the generated commit mes-
sages, demonstrating the effectiveness of CAM-
CMG. Our code and data are publicly available at
https://anonymous.4open.science/r/CAMCMG/.



Limitations

We have identified the following main limitations:

Generalizability to other programming lan-
guages: Our experiments are conducted on a lim-
ited set of programming languages. The generaliz-
ability of the proposed approach to other program-
ming languages remains an open question.

Metrics: The model may generate commit mes-
sages that are semantically correct but lexically
diverse, resulting in relatively low scores on the
automatic metrics. Although BRSA can capture
semantic similarity, the limitations of automatic
metrics remain an issue for evaluation.

Change Alignment Loss: The change alignment
loss relies on the presence of tokens in the diff that
correspond to tokens in the commit message. If no
such tokens exists, its effectiveness may be limited.
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A Evaluation Metrics

BLEU (Papineni et al., 2002): BLEU is an eval-
uation metric based on n-gram precision. It cal-
culates a score by comparing the overlap of n-
grams between the generated text and the refer-
ence text. Traditional BLEU performs poorly on
short texts. Therefore, in this paper, we adopt a
variant of BLEU, B-NORM (Tao et al., 2021) (the
BLEU results reported in this paper are B-Norm),
which introduces a normalization strategy suitable
for short texts such as commit messages, allowing
a more reasonable reflection of the model’s actual
performance.

N
BLEU — N = BP - exp (Z Wy, - log(}%)) ,

n=1

where B P denotes the length penalty, which penal-
izes predictions that are too short. p,, represents the
empirically chosen weight for each n-gram, cor-
responding to the matching score of the n-grams.
The score is calculated as follows:

Bp:{

where c and r denote the lengths of the generated
text and the reference text, respectively.

ROUGE (Lin, 2004): A metric focuses on recall
rather than precision. It measures how much infor-
mation in the reference text is covered by the gen-
erated text. ROUGE-L calculates the score based
on the precision and recall of the Longest Common
Subsequence (LCS) between the generated and ref-
erence texts. The score is calculated as follows:

(1 + ﬁz)RlcsPlcs
Rlcs + 62Plcs

1

el

ife>0

I=r/e) ifc <0’

ROUGE-L =

where R;.s and P, represent the recall and pre-
cision, respectively. In DUC, j3 is set to a very large
value, so only Ry, is effectively considered.

The recall and precision are defined as:

L X, Y
Rlcs = CS( : )7
m

_ LCS(X,Y)
- n

les

where LC'S(X,Y) denotes the length of the
longest common subsequence between X and Y,
and m and n are the lengths of the reference text
and the generated text, respectively.

METEOR (Banerjee and Lavie, 2005): A word-
based metric used to measure the extent to which
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the generated text covers the reference text. It cal-
culates a score by matching words between the
generated and reference texts. Higher scores indi-
cate greater similarity between the generated and
reference texts, and hence better quality. The score
is calculated as follows:

METEOR = (1 — Pen)Fyean

where Pen is calculated according to the number
of chunks (ch) and the number of matches (m):

B
Pen =~ <0h>
m

The values of 5 and v parameters are set to
0.20 and 0.60, respectively, following the prior
work (Denkowski and Lavie, 2014).

CIDEr (Vedantam et al., 2015): It measures
the similarity between the generated text and refer-
ence texts by computing TF-IDF weighted n-gram
similarities, and then averages the scores across dif-
ferent n-grams to obtain the final evaluation result.
The score is calculated as follows:

(e, 9" ()
lo(eolllg" (o)l

where ¢"(s;) is the vector formed by gi(s;),
containing all n-grams (n ranges from 1 to 4). ¢;
denotes the i-th generated sentence. Finally, the
overall CIDEr score is computed by combining the
scores from different n-grams, as follows:

CIDEr,(ci, sqi)

N
CIDEr(ci, s;) = Z wp, CIDEr, (¢, ;)

n=1

BRSA (Li et al., 2024): This metric utilizes MP-
Net (Song et al., 2020), specifically all-mpnet-base-
v2 to compute the semantic similarity between the
reference and generated texts, denoted as SEMSIM.
To mitigate the limitations imposed by BLEU and
ROUGE-L, Song et al. (Song et al., 2020) apply a
double weighting on SEMSIM and combine it with
ROUGE-L and BLEU using weights of 0.25, 0.25,
and 0.5, respectively, to calculate the BRSA score.

BRSA =0.25 x BLEU + 0.25 x ROUGE-L
+05x SEMSIM

B Dataset

Table 4 presents the statistics of commits and their
corresponding hunks across five programming lan-
guages and three dataset splits (Training, Valid,



and Test). It can be observed that, on average,
each commit contains approximately 3 to 5 hunks.
These statistics provide a foundational basis for the
subsequent analysis and modeling in this study.

Language Phase Commits Hunks Avg
Training 160,018 591,633 3.70

Java Valid 19,825 74,294 375
Test 20,159 78,714 3.90

Training 149,907 677,062 4.52

C# Valid 18,688 87,777 4.70
Test 18,702 81,009 4.33

Training 160,948 739,925 4.60

C++ Valid 20,000 95,139 4.76
Test 20,141 87,922 437

Training 206,777 953,388 4.61

Python Valid 25912 128,373 4.95
Test 25,837 117,231 4.54

Training 197,529 806,673 4.08

JavaScript Valid 24,899 120,697 4.85
Test 24,773 92,523 3.73

Table 4: Statistics of the dataset.

C Questionnaire of Human Evaluation

We designed a survey for human evaluation in
which each participant was asked to score the com-
mit messages generated by each model with respect
to a given code change across three dimensions:
informativeness, conciseness, and expressiveness.
Scores ranged from 1 to 5, with higher values indi-
cating better quality. Figure 5 illustrates an exam-
ple question from the survey, where the order of the
commit messages generated by different models
was randomized to avoid bias.

Raw Diff
@@ -521,7 +521,7 @@ public String getCode() {
final int getCodeLength() {
- return content() == null ? getCode().length() : content().getCodeLength();
+ return content().getCodeLength();
}
@@ -748,7 +748,7 @@ public final LineLocation createLineLocation(int lineNumber) {
* different source types.
*

Object getHashKey() {
- return content() == null ? getName() : content().getHashKey();
+ return content().getHashKey();

}
final TextMap getTextMap() {

Commit message:
Reference: Always delegate to content() as it has to be always non-null
Generate Messagel: Source . newFromTest is supported

infornativeness D @D QD ©) conciseness D D D@D @) ewressiveness DD DD B

NAAIIANY)
Generate Message2: remove redundant null checks for content() in Source.equals() and hashCode()

infornativeness D D D@ (B conciseness@ @ D@ ©) ewressiveness DD DD B

Generate Message3: merge pull request in g / truffle from paw / fix - source - equals to master
informativeness (D) (2) (3)(@) (5) conciseness (1) (2) (@) 3) expressiveness (D) (2) ) @) )
Generate Message4: Merge pull request in G / truffle from bugfix / SourceImpl to master

= DDO@ @) conctsesss DOODE swressveres: DO ODE
Generate Message5: each instances of source needs its content ( ) .

OO wrcsseness D@ OD® swressivencss DD OD G

informativens

‘ @
informativeness &)

Figure 5: The example of questionnaire.
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D Hyperparameter Experiments

In addition, we further conducted experiments on
two key hyperparameters, namely the window size
and the weighting factor ), to investigate their ef-
fects on model performance. For the window size
parameter, we set the values to 32, 64, 128, and
256 to analyze how different local context ranges
influence the effectiveness of the sparse attention
mechanism. As shown in Figure 6(a), the model
achieves its best performance when the window
size is set to 64. When the window size is too small,
the model lacks sufficient contextual information
to understand a code change. Conversely, an exces-
sively large window introduces redundant context
and increases attention noise, thereby diluting the
model’s focus on essential regions.
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Figure 6: The results of hyperparameter experiments.

For the parameter A\, we vary its value from 0.1
to 0.9 with a step size of 0.2 to examine its role in
balancing the change alignment loss and the stan-
dard cross-entropy loss (Equation 8). A smaller A
causes the model to rely more on the standard cross-
entropy loss, which tends to optimize the overall
linguistic quality of the generated messages, while
a larger A emphasizes the change alignment loss,
thus enhancing the semantic alignment between
the diff and its commit messages. As shown in
Figure 6(b), the model performs best at A = 0.5,
suggesting that assigning a moderate weight to the
change alignment loss can effectively improve the
semantic consistency between code changes and
commit messages.

Answering to hyperparameter experiments:
We conducted hyperparameter experiments on
the window size and )\, and the results show that
the model achieves its best performance when
A = 0.5 and the window size is set to 64.

E Full Case

In Section 6, due to the excessive length of the
diff, only a partial diff is shown in the casel. The
complete diff can be found in the Figure 7.



@@ -521,7 +521,7 @@ public String getCode() {

final int getCodeLength() {
= return content() == null ? getCode().length() : content().getCodeLength();
o return content().getCodeLength();

@@ -748,7 +748,7 @@ public final Linelocation createlinelocation(int lineNumber) {
* different source types.
*/

Object getHashey() {
- return content() == null ? getName() : content().getHashKey();
+ return content().getHashKey();

final TextMap getTextMap() {
@@ -815,29 +815,23 @@ final boolean equalMime(Source other) {
return mimeType.equals(other.mimeType);

- @override

- public boolean equals(Object obj) {
- if (obj instanceof Source) {

- Source other = (Source) obj;
- if (content() == null) {

- return super.equals(obj);

return content ().equals(other.content()) && equalMime(other);
private static class Inpl extends Source implements Cloneable {
Impl(Content content) {
super(content);

T

return false;

- @0verride

- if (content() == null) {

- return super.hashCode();

. @verride

+ public boolean equals(Object obj) {

+ if (obj instanceof Source) {

+ Source other = (Source) obj;

+ return content().equals(other.content()) & equalMime(other);
+

.

return false;

= return content().hashCode();

-}

- private static class Impl extends Source implements Cloneable {
- Impl(Content content) {

- super(content);
+ @verride
+ public int hashCode() {
+ return content().hashCode();
}

}
}
Commit message:
Reference:  Always delegate to content() as it has to be always non-null
NNGen: Source . newFromTest is supported
RACE: merge pull request in g / truffle from ~ michael . van . de . vanter_oracle . com
COME: merge pull request in g / truffle from paw / fix - source - equals to master
CodeTs-base: Merge pull request in G / truffle from bugfix / SourceImpl to master
ccrs: each instances of source needs its content () .
Claude3: Refactor Source class to delegate equals and hashCode to Content
DeepSeekv2:  Updated getCode and getHashKey methods to use newContent method
Llama3: Refactor Source.java to use content().equals() and content().hashCode()

Refactor and optimize Source class for better performance and readability.
simplify Source methods by removing unnecessary null handling for content()
remove redundant null checks for content() in Source.equals() and hashCode()

Figure 7: The complete diff of casel.
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