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Abstract001

Commit messages play a crucial role in un-002
derstanding code change intent and tracking003
software evolution, and automatically generat-004
ing high-quality commit messages is important005
for improving software maintenance efficiency.006
Although existing methods have made prelimi-007
nary attempts to capture the semantics of diff,008
semantic associations across hunks and the se-009
mantic alignment between the diff and its com-010
mit message have not been further explored. In011
this paper, we propose a change-aware model012
for commit message generation called CAM-013
CMG, which focuses on the hunk associations014
in code change and alignment between code015
change and commit message. Specifically, it016
adopts a local attention mechanism based on017
a sliding window to capture local contextual018
information around hunks, a CMG-oriented019
change attention mechanism to model semantic020
associations across hunks, and a change align-021
ment loss to optimize the model to enhance022
the generation of change-aligned tokens dur-023
ing the training phase. Experimental results024
show that CAMCMG achieves an average im-025
provement of 6.4% on automatic evaluation026
metrics and 5.2% on human evaluation metrics027
Ablation studies further demonstrate the effec-028
tiveness of each component, where local atten-029
tion, change attention, and change alignment030
loss contribute average improvements of 5.1%,031
9.6%, and 7.1%, respectively, on the automatic032
evaluation metrics.033

1 Introduction034

Commit message summarizes the purpose and in-035

tent of code change1, which plays an important036

role in program comprehension, such as code re-037

view (Caulo et al., 2020; Li et al., 2025), defect038

localization (Wang et al., 2025; Li et al., 2021;039

Schlüter et al., 2021) and software evolution anal-040

ysis (Gîrba and Ducasse, 2006; Wei et al., 2025).041

1In this paper, we use diff and code change exchangeably.

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- 042

ers quickly understand the context of changes and 043

improve the efficiency of team collaboration. How- 044

ever, there are many commit messages that are 045

vague or even blank in real-world projects (Maalej 046

and Happel, 2010), since writing commit messages 047

manually is time-consuming and tedious (Zhang 048

et al., 2024c). For example, approximately 14% 049

of the commit messages in over 23,000 Source- 050

Forge projects were completely empty (Dyer et al., 051

2013); and this problem also existed in the Apache 052

Software Foundation projects (Imani et al., 2024). 053

Therefore, various automatic commit message gen- 054

eration (CMG) methods have been proposed to gen- 055

erate accurate, concise, and semantically logical 056

descriptions for code changes. Specifically, given 057

a code change diff = {h1, h2, . . . , hn}, where hi 058

denotes the i-th hunk, CMG aims to transform diff 059

to a commit message. 060

Existing CMG methods can be broadly classifed 061

into template-based (Buse and Weimer, 2010; Shen 062

et al., 2016), retrieval-based (Huang et al., 2020; 063

Liu et al., 2018; Hoang et al., 2020), learning- 064

based (Dong et al., 2022; Liu et al., 2023; Nie 065
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et al., 2021; Wang et al., 2024a) and hybrid meth-066

ods (Liu et al., 2020; Shi et al., 2022; Zhang et al.,067

2024b; He et al., 2023). Recently, with the rising of068

pre-trained language models (PLMs), PLM-based069

methods become dominant in learning-based meth-070

ods. These methods are based on the Transformer071

architecture, which adopts the standard full atten-072

tion mechanism (Vaswani et al., 2017). However,073

standard full attention mechanism computes the074

attention scores among arbitrary tokens, resulting075

in the attention being diffusely distributed (Correia076

et al., 2019). Many studies attempt to leverage077

a sparse attention mechanism to mitigate this is-078

sue (Beltagy et al., 2020; Guo et al., 2023; Wang079

et al., 2024b). Despite their efforts, there is still a080

gap between the CMG scenario and the general sce-081

nario. The following two key observations provide082

an opportunity to design a CMG-oriented sparse083

attention mechanism.084

(O1): Semantic associations among hunks. Even085

if the different hunks in a diff are positionally sep-086

arated, they are not completely semantically inde-087

pendent. As shown in Figure 1, the diff modifies088

the toString() method. Although the two hunks089

are separate in location, they share the same intent,090

i.e., calling class Query instead of Filter. There-091

fore, modeling cross-hunk semantic associations is092

necessary to capture the intent of code changes.093

(O2): Semantic alignment between diff and094

commit message. Tokens in the commit mes-095

sage often correspond to certain changes in the096

diff (e.g., function calls, variable usage). As shown097

in Figure 1, the commit message summarizes the098

changes in diff, which involve the toString()099

method in both the "GeoDistanceRangeQuery"100

and "GeoPolygonQuery" classes. It emphasizes101

the importance of aligning the semantic content102

between the diff and its commit message.103

In summary, generating high-quality commit104

messages requires modeling semantic associations105

across multiple hunks and aligning the generated106

message with the diff. However, to the best of our107

knowledge, off-the-peg methods do not sufficiently108

satisfy these desiderata. Therefore, this leads to109

the major challenges: how to associate the seman-110

tics across hunks and how to align the diff and its111

corresponding commit message.112

Motivated by this, we propose CAMCMG,113

which is a Change-aware Model for Commit114

Message Generation. First, context plays an im-115

portant role in commit message generation be-116

cause the effectiveness of the generated message de-117

pends on the surrounding context, except for code 118

changes (Sillito et al., 2008). Therefore, we em- 119

ploy a sliding window to capture local contextual 120

information around each hunk. It allows each token 121

to pay attention to the neighboring tokens. Second, 122

we further introduce a CMG-oriented change atten- 123

tion mechanism to capture semantic associations 124

across hunks, which enables related tokens among 125

different hunks to establish attention connections. 126

Finally, we design a change alignment loss to op- 127

timize the model to enhance the generation of to- 128

kens in the commit message that correspond to the 129

changes of diff (denoted as change-aligned tokens) 130

during the training phase. 131

To evaluate the effectiveness of CAMCMG, we 132

conduct extensive experiments on MCMD, one 133

of the most widely used datasets for CMG, and 134

compare it with ten state-of-the-art (SOTA) meth- 135

ods. Experimental results show that CAMCMG 136

achieves the best overall performance, with an av- 137

erage improvement of 6.4% on automatic evalua- 138

tion metrics and 5.2% on human evaluation metrics 139

compared with baseline models except for GPT- 140

4. Ablation studies further confirm the effective- 141

ness of each component. Specifically, local atten- 142

tion, change attention, and change alignment loss 143

contribute average improvements of 5.1%, 9.6%, 144

and 7.1%, respectively, on the automatic evaluation 145

metrics. The main contributions of our paper can 146

be summarized as follows: 147

• We propose CAMCMG, which includes local 148

attention and change attention. Specifically, 149

local attention focuses on capturing the lo- 150

cal contextual information around each hunk, 151

while change attention is designed specifically 152

for the CMG task to model the semantic asso- 153

ciations across hunks. 154

• We design a change alignment loss to opti- 155

mize the model to enhance the generation 156

of change-aligned tokens during the training 157

phase, which directs the model to pay more 158

attention to the semantic alignment tokens, 159

thus improving the relevance and accuracy of 160

commit messages. 161

• Extensive experiments demonstrate that 162

CAMCMG outperforms the state-of-the- 163

art methods on multiple evaluation metrics, 164

which show its effectiveness and superiority. 165
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2 Related Work166

2.1 Commit Message Generation167

Researchers have proposed various methods to168

generate commit messages. Specifically, it can169

be categorized as templated-based, retrieval-based,170

learning-based, hybrid and LLM-based methods.171

Early work generated commit messages based on172

predefined templates (Buse and Weimer, 2010;173

Shen et al., 2016). For example, Buse et al. (Buse174

and Weimer, 2010) leveraged control flow patterns175

to generete commit messages. Retrieval-based176

methods retrieved similar commits from the train-177

ing set and reused their commit messages (Liu178

et al., 2018; Huang et al., 2020; Hoang et al., 2020).179

For example, Liu et al. (Liu et al., 2018) used co-180

sine similarity to retrieve similar code changes.181

Learning-based methods adopted neural network182

models to translate diffs into commit messages. For183

example, Dong et al. (Dong et al., 2022) proposed184

FIRA, which builds fine-grained graphs by combin-185

ing sub-tokens nodes with edit operation nodes to186

capture small differences in code changes. Liu et187

al. (Liu et al., 2023) proposed CCRep, which uses a188

pre-trained model with a query-back mechanism to189

model interactions between code changes and their190

contexts. Hybrid methods leverage both retrieval-191

based and learning-based approaches to generate192

commit messages. For example, ATOM (Liu et al.,193

2020) extracts semantic information from code194

changes using ASTs and combines retrieval and195

generation through hybrid ranking. RACE (Shi196

et al., 2022) retrieves similar code–message pairs197

to guide generation. COME (He et al., 2023)198

learns contextualized code change representations199

via modification embeddings and a self-supervised200

objective, and integrates retrieval and generation201

through a decision algorithm. Recent work has ex-202

plored LLMs for commit message generation. Wu203

et al. (Wu et al., 2025) empirically validated the204

effectiveness and generalizability of LLMs through205

in-context learning.206

Although the above methods have achieved207

promising performance, the semantic alignment be-208

tween diffs and commit messages is rarely modeled209

explicitly, which potentially affects the accuracy210

and expressiveness of the resulting messages.211

2.2 Sparse Attention Mechanisms212

The self-attention mechanism allows each token to213

attend to all others (Zaheer et al., 2020). In long214

code sequences, this indiscriminate attention can215

dilute focus on semantically related tokens across 216

distant hunks, reducing the model’s ability to cap- 217

ture code semantics. To mitigate this, prior work 218

has explored sparse attention mechanisms. For ex- 219

ample, Wang et al. (Wang et al., 2024b) proposed 220

SparseCoder, which modeled short-term dependen- 221

cies using a sliding-window mechanism and in- 222

troduced global attention and identifier attention 223

to capture long-range dependencies among source 224

code identifiers. Guo et al. (Guo et al., 2023) pro- 225

posed LongCoder, which introduced bridge atten- 226

tion and global attention, effectively captured long- 227

range dependency while maintaining fine-grained 228

local semantic representations. Zhang et al. (Zhang 229

et al., 2024a) proposed VulAdvisor, which incorpo- 230

rated local attention that used TF-IDF weights to 231

emphasize locally important code elements and in- 232

troduced repair action loss that prioritized semanti- 233

cally meaningful tokens during training, improving 234

the actionability and precision of the suggestions. 235

Although existing sparse attention methods ef- 236

fectively address the challenges of long sequences 237

and capture long-range dependencies in code, they 238

generally lack explicit modeling of the semantic 239

relationships among different hunks within a diff. 240

Consequently, cross-hunk associations that are cru- 241

cial for representing the overall semantics of code 242

changes cannot be adequately captured. 243

3 Methodology 244

The overall framework of CAMCMG is illustrated 245

in Figure 2. Given a diff as input, the first step is 246

to construct specialized mask matrices for local at- 247

tention and change attention. These mask matrices 248

serve to indicate the key regions the model should 249

focus on, enabling the model to focus on both the 250

local context of each hunk and the semantic as- 251

sociations across multiple hunks. Once the mask 252

matrices are prepared, they are fused by taking the 253

element-wise maximum of them. Subsequently, it 254

is integrated into the Transformer’s self-attention 255

mechanism. This allows the model to capture the 256

local contextual information around hunks and as- 257

sociations among hunks. Formally, the standard 258

self-attention is computed as: 259

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V, (1) 260

261
Q = XWQ K = XWK V = XW V , (2) 262

where X is the embedded representation of the 263

input sequence, and WQ, WK , and W V are learn- 264
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Figure 2: The overall workflow of CAMCMG.

able weight matrices. With the mask matrix incor-265

porated, the attention computation is modified as266

follows:267

Attention(Q,K, V ) = softmax

(
QKT

√
dk

+M

)
V

(3)268

where M denotes the mask matrix, which restricts269

the range of attention computation, thereby control-270

ling the positions each token can attend to when271

constructing contextual representations. If the i-272

th token is allowed to attend to the j-th token,273

Mij = 0; otherwise Mij = −∞. When Mij is274

set to −∞, the attention score from the i-th to j-th275

token will be zero after using the softmax function.276

During the training phase, the model is further277

optimized with a change alignment loss, which278

encourages the generated message to semantically279

align with the key areas captured in the diff.280

3.1 Local Attention281

To enable the model to effectively capture the lo-282

cal contextual information around each hunk, we283

introduce a local attention mechanism. Unlike the284

self-attention mechanism in Transformers, local285

attention does not allow each token to attend to286

all others; instead, it restricts the attention scope287

to a limited neighborhood. This design enables288

the model to learn fine-grained contextual depen-289

dencies while reducing the influence of irrelevant290

regions. Given a local window size ω, we define a291

range of local attention for each token in the diff,292

which only includes ⌊ω/2⌋ tokens before and after293

the current token. The local attention mask M local294

is thus constructed as:295

M local
ij =

0 if |i− j| ≤ ⌊ω/2⌋

−∞ otherwise,
(4)296

where i and j denote the positions of tokens in the 297

diff sequence. 298

3.2 Change Attention 299

The diff typically consists of multiple hunks, each 300

describing a localized semantic modification. How- 301

ever, real-world commits often involve multiple 302

interrelated changes that may occur in different 303

functions, classes, or modules, leading to semantic 304

associations that span across hunks. Although local 305

attention can effectively capture contextual infor- 306

mation around a hunk, it fails to model the seman- 307

tic linkages across hunks, which are essential for 308

understanding the overall intent of a code change. 309

For example, as shown in Figure 1, the toString() 310

methods in two different files were modified, where 311

the class names in the output strings were changed 312

from "GeoDistanceRangeFilter" and "GeoPolygon- 313

Filter" to their corresponding "GeoDistanceRange- 314

Query" and "GeoPolygonQuery". 315

Therefore, we introduce change attention, which 316

explicitly captures semantic relations across dif- 317

ferent hunks. We identify all hunks in the diff 318

and represent their token position sets as C. To- 319

kens from different hunks can attend to each other 320

within C, allowing semantic information to flow 321

across hunks. This enables the model to aggregate 322

related modification cues and form a unified under- 323

standing of the overall code change. The change 324

attention mask M change is thus constructed as: 325

M
change
ij =

{
0, if i, j ∈ C
−∞, otherwise.

(5) 326

The above two attention mechanisms enable 327

CAMCMG to capture and integrate semantic as- 328

sociations around and across hunks, constructing 329

a more comprehensive representation of the entire 330

code change. 331

4



The mask matrix M in Eq.(1) is defined as:332

M = max
(
M local

ij , M
change
ij

)
, (6)333

where max(·, ·) is the element-wise maximum334

function.335

3.3 Change Alignment Loss336

In practice, certain tokens in the diff (such as vari-337

able names, function names, or class names) often338

carry crucial semantic information that is explic-339

itly reflected in the commit message. For example,340

when developers rename a function or variable, or341

add a new method, the commit message typically342

describes these specific changes. This indicates that343

there exists a semantic alignment between tokens344

in the diff and the commit message, which is im-345

portant for accurately generating commit messages.346

Therefore, during model optimization, we intro-347

duce a change alignment loss, which builds upon348

the standard cross-entropy loss to further enhance349

the model’s focus on the actual modifications in350

the diff. The model is able to more accurately cap-351

ture the core modification information and achieve352

semantic alignment between the diff and its com-353

mit message by applying additional optimization354

constraints to the change-aligned tokens.355

Algorithm 1: Change Alignment Mask
Generation

Input: Change code diff , target commit
message cmt, generated message
tokens tcmg

Output: Change aligment mask
ca_mask.

1 Wdiff ← tokenize diff by spaces and
lemmatize them

2 Wcmt ← tokenize cmt by spaces and
lemmatize them

3 Wco ←Wdiff ∩Wcmt

4 cmg = decode(tcmg) ▷ decode tokens to
word sequence

5 ca_mask ← [0]× |tcmg |
6 for w in cmg do
7 w ← lemmatize w
8 if w ∈Wco then
9 set the elements in ca_mask

whose index is equal to the index
of w in tcmg to 1

10 Return ca_mask

Algorithm 1 outlines the process of identifying 356

the change-aligned tokens and creating their masks. 357

The algorithm first tokenizes and lemmatizes both 358

the diff and the target commit message to obtain 359

their respective word sets (Lines 1–2). In Line 3, it 360

identifies the words that appear in both the changed 361

regions of the diff and the target commit message, 362

extracting their intersection. Subsequently, the gen- 363

erated message is decoded into a complete word 364

sequence, and a zero mask matrix with the same 365

expected length is initialized (Lines 4–5). Then, for 366

each word in the generated message, the algorithm 367

checks whether its lemmatized form exists in the 368

intersection set. If the word appears in the inter- 369

section, the corresponding position in the mask is 370

set to 1, indicating the parts of the generated mes- 371

sage that are semantically aligned with the change 372

regions (Lines 6–9). Through this process, the al- 373

gorithm creates a mask (’ca_mask’) that highlights 374

the alignment positions between the generated mes- 375

sage and the changed code. 376

Next, we incorporate the change alignment mask 377

into the loss function, guiding the model to focus 378

on generating these important tokens correctly. The 379

change alignment loss is computed as 380

LCA = −
L∑
i=1

ca_maski logP (yi | y<i), (7) 381

where L denotes the length of the generated se- 382

quence, and ca_maski is the value of the change 383

alignment mask for the i-th token, corresponding 384

to the probability of generating the i-th token in the 385

sequence. 386

The final loss Lfinal is defined as the weighted 387

sum of the change-aligned loss (LCA) and the stan- 388

dard cross-entropy loss (LCE): 389

Lfinal = λ · LCA + (1− λ) · LCE , (8) 390

where λ is a hyperparameter controlling the balance 391

between the two losses. 392

4 Evaluation 393

In this section, we conduct comprehensive experi- 394

ments to evaluate the effectiveness of CAMCMG, 395

aiming to address the following research questions. 396

• RQ1: Overall performance. How does 397

CAMCMG perform compared to the state-of- 398

the-art commit message generation methods? 399
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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) 19.41 12.40 25.15 1.23 29.40 20.93 13.52 25.14 1.43 29.42 12.72 8.48 16.85 0.67 21.71 15.62 10.42 20.97 0.88 25.46 17.96 11.88 23.47 1.15 27.78
RACE (Shi et al., 2022) 25.66 15.46 32.02 1.76 37.98 26.33 16.37 31.31 1.84 36.81 19.13 12.55 24.52 1.14 31.07 21.79 14.68 28.35 1.40 34.45 25.55 16.31 31.79 1.84 37.34
COME (He et al., 2023) 27.17 16.91 34.59 1.90 41.13 27.29 17.77 33.33 1.91 38.96 20.80 14.55 27.01 1.25 33.93 23.17 16.46 30.48 1.50 37.06 26.91 17.84 34.44 1.92 39.93

CodeT5-base (Wang et al., 2021b) 22.76 14.57 30.23 1.43 36.42 22.21 14.51 29.08 1.33 34.22 16.73 11.69 22.86 0.85 29.85 17.99 12.74 25.27 0.96 31.67 22.87 15.12 29.81 1.50 34.76
CCT5 (Lin et al., 2023) 26.46 16.58 33.95 1.81 40.81 26.89 17.20 32.67 1.86 38.84 19.80 13.82 26.11 1.15 33.37 22.54 15.77 29.92 1.44 36.57 26.16 17.17 33.44 1.86 39.12

Claude3 (The) 7.69 5.47 9.33 0.21 21.97 7.01 4.92 8.49 0.19 19.99 7.23 5.78 8.52 0.19 20.79 7.56 6.14 8.61 0.19 20.85 7.65 5.29 8.96 0.19 20.34
DeepSeekV2 (Liu et al., 2024) 6.56 4.88 7.96 0.21 21.47 5.94 4.25 6.96 0.18 19.03 6.47 5.13 7.27 0.19 19.95 6.84 5.45 7.41 0.20 20.05 6.41 4.65 7.24 0.19 19.34
Llama3 (Dubey et al., 2024) 7.88 6.29 9.63 0.25 24.13 7.25 5.69 8.58 0.21 21.58 7.97 7.08 8.95 0.24 22.86 8.43 7.43 9.15 0.25 22.71 7.64 5.97 8.99 0.23 21.78

CodeQwen1.5 (Bai et al., 2023) 7.37 6.49 8.93 0.21 22.54 7.09 5.81 7.99 0.17 20.51 7.56 6.74 8.34 0.19 21.38 7.93 7.01 8.18 0.20 21.11 6.87 6.08 8.01 0.18 20.06
GPT-4 (Achiam et al., 2023) 9.41 7.32 12.03 0.35 25.35 8.50 7.33 11.66 0.28 23.83 8.84 8.48 10.82 0.27 25.79 9.85 8.94 11.18 0.31 24.86 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-400

ponent of CAMCMG contribute to the effec-401

tiveness?402

• RQ3: Human evaluation. How does CAM-403

CMG perform from the perspective of devel-404

opers?405

4.1 Evaluation Criteria406

We evaluate the quality of the generated mes-407

sages using five metrics: BLEU (Papineni et al.,408

2002)(the BLEU results reported in this paper are409

B-Norm), ROUGE (Lin, 2004), METEOR (Baner-410

jee and Lavie, 2005), CIDEr (Vedantam et al.,411

2015) and BRSA (Li et al., 2024). The detailed412

metrics calculation can be found in Appendix A.413

4.2 Dataset414

The MCMD dataset, collected by Tao et al. (Tao415

et al., 2022), includes five programming languages:416

Java, C++, C#, Python, and JavaScript, and has417

been widely used in recent years for commit mes-418

sage generation (He et al., 2023; Shi et al., 2022;419

Tao et al., 2024). In this paper, we use the same420

version of the dataset as that used in COME (He421

et al., 2023) for our experiments.422

4.3 Evaluation Models423

We compare CAMCMG with one retrieval424

method (NNGen (Liu et al., 2018)), two learning-425

based methods (CodeT5 (Wang et al., 2021b),426

CCT5 (Lin et al., 2023)), two hybrid meth-427

ods (COME (He et al., 2023), RACE (Shi et al.,428

2022)) and five LLM-based methods (Claude3-429

Haiku (The), DeepSeek-V2-16B (Liu et al., 2024),430

Llama3.1-8B (Dubey et al., 2024), CodeQwen1.5-431

7B (Bai et al., 2023), GPT-4 (Achiam et al., 2023)).432

4.4 Experimental Setting433

For the dataset, we set the maximum sequence434

length of diff to 512 tokens and commit messages435

to 50 tokens. We initialize our model using 436

the pre-trained CodeT5-base while training the 437

encoder-decoder neural network. The original 438

CodeT5 vocabulary contains 32,100 tokens, and 439

following Shi et al. (Shi et al., 2022), we extend 440

it with nine special tokens (<INSERT>, <IN- 441

SERT_OLD>, <DELETE>, <DELETE_END>, 442

<KEEP>, <KEEP_END>,<REPLACE_OLD>, 443

<REPLACE_OLD>, <REPLACE_END>), result- 444

ing in a vocabulary size of 32,109. We use the 445

AdamW optimizer with a learning rate of 5e-5, 446

and the batch size is 16. The maximum number of 447

epochs is set to 10. All experiments are conducted 448

on an NVIDIA GeForce RTX 4090 GPU. For 449

GPT-4, following prior works (Lopes et al., 2024; 450

Wu et al., 2025), we randomly select 200 samples 451

from the test set to reduce the number of API calls. 452

5 Results And Aanlysis 453

In this section, we first present the overall perfor- 454

mance of CAMCMG (RQ1) in Section 5.1, fol- 455

lowed by the results of the ablation study (RQ2) in 456

Section 5.2, and then discuss the results of human 457

evaluation (RQ3) in Section 5.3. 458

5.1 RQ1: Overall Performance 459

Table 1 presents the experimental results of dif- 460

ferent models on the MCMD dataset. As shown 461

in Table 1, CAMCMG achieves the best perfor- 462

mance, with an average improvement of 6.4% over 463

the baselines. Specifically, METEOR improves by 464

4.2% on average, ROUGE-L by 14.1%, CIDEr by 465

11.4%, and BRSA by 3.7%. However, the BLEU 466

score decreases by 1.4% on average. This is be- 467

cause BLEU relies on n-gram precision, so outputs 468

that are semantically correct but lexically differ- 469

ent may receive low scores (Wieting et al., 2019). 470

In contrast, BRSA which measures semantic simi- 471

larity remains higher, showing that the generated 472
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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

- LA 24.72 17.10 36.94 1.92 41.04 23.75 16.25 33.87 1.62 37.56 19.07 14.63 29.78 1.32 33.46 19.92 15.96 33.70 1.52 37.37 28.60 20.02 40.54 2.17 42.91
- CA 24.06 15.88 34.44 1.73 37.72 22.57 15.02 32.17 1.57 35.41 19.44 13.42 28.46 1.38 31.90 19.96 14.54 31.51 1.43 34.92 27.93 19.23 39.15 2.13 42.24

- 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 29.26 1.41 32.77 20.98 15.34 32.91 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 the473

low BLEU.474

It is worth noting that although LLM-based475

methods achieve relatively lower scores on auto-476

matic evaluation metrics, this does not necessarily477

indicate poor generation quality. Automatic evalu-478

ation metrics can measure the textual differences479

between generated messages and reference mes-480

sages, but they are limited in capturing semantic481

consistency. Commit messages often have multiple482

expressions, and a generated message may use dif-483

ferent words from the reference while conveying484

the same meaning, which can lead to underesti-485

mation by automatic metrics (Wang et al., 2024a).486

Therefore, to more accurately assess the quality487

of generated commit messages, we conducted a488

human evaluation in Section 5.3.489

5.2 RQ2: Ablation Study490

We conducted additional experiments to analyze491

the impact of different components in CAMCMG492

on the overall performance. Table 2 presents the493

performance comparison between the complete494

CAMCMG model and its ablated variants across495

different programming languages.496

First, to investigate the impact of different atten-497

tion mechanisms on the overall performance, we498

remove the local attention and the change atten-499

tion separately. As shown in Table 2, when local500

and change attention are removed, the model’s av-501

erage performance drops by approximately 5.3%502

and 9.6%, respectively. This indicates that both503

attention mechanisms positively contribute to the504

model’s performance, and the change attention has505

a more pronounced impact.506

We further conduct experiments to explore the507

impact of the change alignment loss on the over-508

all performance of CAMCMG. As shown in the509

last row of Table 2, removing this component leads510

to an average performance drop of approximately511

7.1%. Specifically, BLEU decreases by 5.0%, ME-512

TEOR by 8.0%, ROUGE-L by 6.9%, CIDEr by513

9.1%, and BRSA by 6.5%. It indicates that the514

change alignment loss plays a positive role in im- 515

proving model performance. 516

In summary, the results clearly show that remov- 517

ing any of these components leads to a performance 518

drop, indicating that each part contributes mean- 519

ingfully to the model’s overall performance. In 520

particular, the change attention mechanism yields 521

the most substantial improvement, highlighting its 522

importance in capturing cross-hunk semantic asso- 523

ciations critical for commit message generation. 524

5.3 RQ3: Human Evaluation 525

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
CodeQwen1.5 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 526

et al., 2021a), we randomly select 100 commits 527

from the testing set and design a questionnaire for 528

manual evaluation. Each question in the question- 529

naire consisted of a code change, the corresponding 530

reference message, and messages generated by vari- 531

ous baseline models (The example of questionnaire 532

can be seen in Appendix C). The study invited 2 533

PhD students and 3 Master students from the com- 534

puter laboratories to participate in the survey, all 535

of whom have at least 3 years of programming ex- 536

perience. Participants were asked to score each 537

generated message on a scale of 1-5 across three 538

dimensions: Informativeness (the extent to which 539

the message reflects important information about 540

the diff ), Conciseness (the brevity and focus of 541

the message), and Expressiveness (the clarity and 542

naturalness in conveying the intent of the diff ). The 543
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performance of each model was measured by the544

average scores across all generated messages.545

Table 3 presents the results of human evaluation.546

The results show that CAMCMG achieves the547

second-best overall performance, ranking slightly548

below GPT-4, while outperforming the best non-549

GPT baseline by 5.2%. Although GPT-4 attains550

higher scores, it incurs substantially higher costs551

in practical applications. Overall, CAMCMG552

can generate high-quality commit messages while553

maintaining lower usage costs. In addition, we con-554

ducted Wilcoxon signed-rank tests (Wilcoxon et al.,555

1963) on the human evaluation results to examine556

the significance of the differences between CAM-557

CMG and other baselines. The results indicate that558

the performance differences are statistically signifi-559

cant, with all p-values smaller than 0.05 at the 95%560

confidence level.561

6 Case Study562

To further demonstrate the performance of our563

model in real scenarios, we analyze two cases564

and compare the generated messages with base-565

line methods.566

Figure 3: Example of removing redundant null checks.

Figure 3 presents a real-world case (the full diff567

can be found on Appendix E), which includes the568

code changes, the reference commit message, as569

well as the commit messages generated by CAM-570

CMG and other baseline models. In this case, the571

developers refactored the Source class by remov-572

ing redundant null checks related to the content()573

method. The manually written commit message574

accurately captures the developers’ intent. The diff575

snippet shown in the figure contains multiple hunks576

across different functions, all aimed at removing577

unnecessary null checks for content(). From the578

generated results, only CAMCMG and Llama3579

produce commit messages that are largely consis-580

tent with the reference message. In contrast, the 581

outputs from other baseline models show varying 582

degrees of deviation from the expected results. 583

Figure 4: Example of instance reuse in deserialization.

To further verify the model’s capability in un- 584

derstanding semantic changes in code, we con- 585

ducted a case study on a real-world commit re- 586

lated to "protobuf message deserialization opti- 587

mization". As shown in Figure 4, this commit re- 588

places the invocation of protoBuilder.build() 589

with getDefaultInstance(), thereby avoiding re- 590

peated construction of temporary prototype objects 591

during deserialization and improving execution ef- 592

ficiency. In this case, our model successfully links 593

the two hunks, accurately identifying their seman- 594

tic association and generating a commit message 595

that better reflects the developer’s actual intent. In 596

contrast, baseline models only capture partial in- 597

formation, resulting in incomplete semantic under- 598

standing in their generated commit messages. 599

7 Conclusion 600

In this paper, we propose CAMCMG, a change- 601

aware model for commit message generation that 602

consists of three core components. First, a local 603

attention mechanism is designed to capture local 604

contextual information. Second, a change-aware 605

attention mechanism is introduced to model se- 606

mantic associations across different hunks. Third, 607

a change alignment loss is employed to explic- 608

itly align the diff with its commit message. In 609

addition, we conduct a human evaluation to as- 610

sess the quality of the generated commit mes- 611

sages, demonstrating the effectiveness of CAM- 612

CMG. Our code and data are publicly available at 613

https://anonymous.4open.science/r/CAMCMG/. 614
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Limitations615

We have identified the following main limitations:616

Generalizability to other programming lan-617

guages: Our experiments are conducted on a lim-618

ited set of programming languages. The generaliz-619

ability of the proposed approach to other program-620

ming languages remains an open question.621

Metrics: The model may generate commit mes-622

sages that are semantically correct but lexically623

diverse, resulting in relatively low scores on the624

automatic metrics. Although BRSA can capture625

semantic similarity, the limitations of automatic626

metrics remain an issue for evaluation.627

Change Alignment Loss: The change alignment628

loss relies on the presence of tokens in the diff that629

correspond to tokens in the commit message. If no630

such tokens exists, its effectiveness may be limited.631
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A Evaluation Metrics892

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.

BLEU −N = BP · exp

(
N∑

n=1

wn · log(pn)

)
,

where BP denotes the length penalty, which penal-
izes predictions that are too short. pn 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 =

{
1 if c > 0

e(1−r/c) if c ≤ 0
,

where c and r denote the lengths of the generated893

text and the reference text, respectively.894

ROUGE (Lin, 2004): A metric focuses on recall895

rather than precision. It measures how much infor-896

mation in the reference text is covered by the gen-897

erated text. ROUGE-L calculates the score based898

on the precision and recall of the Longest Common899

Subsequence (LCS) between the generated and ref-900

erence texts. The score is calculated as follows:901

ROUGE-L =
(1 + β2)RlcsPlcs

Rlcs + β2Plcs
902

where Rlcs and Plcs represent the recall and pre-903

cision, respectively. In DUC, β is set to a very large904

value, so only Rlcs is effectively considered.905

The recall and precision are defined as:906

Rlcs =
LCS(X,Y )

m
, Plcs =

LCS(X,Y )

n
907

where LCS(X,Y ) denotes the length of the908

longest common subsequence between X and Y ,909

and m and n are the lengths of the reference text910

and the generated text, respectively.911

METEOR (Banerjee and Lavie, 2005): A word-
based metric used to measure the extent to which

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)Fmean

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

Pen = γ ∗
(
ch

m

)β

The values of β and γ parameters are set to 912

0.20 and 0.60, respectively, following the prior 913

work (Denkowski and Lavie, 2014). 914

CIDEr (Vedantam et al., 2015): It measures 915

the similarity between the generated text and refer- 916

ence texts by computing TF-IDF weighted n-gram 917

similarities, and then averages the scores across dif- 918

ferent n-grams to obtain the final evaluation result. 919

The score is calculated as follows: 920

CIDErn(ci, si) =
⟨gn(ci), gn(si)⟩
∥gn(ci)∥∥gn(si)∥

, 921

where gn(si) is the vector formed by gk(si), 922

containing all n-grams (n ranges from 1 to 4). ci 923

denotes the i-th generated sentence. Finally, the 924

overall CIDEr score is computed by combining the 925

scores from different n-grams, as follows: 926

CIDEr(ci, si) =

N∑
n=1

ωnCIDErn(ci, si) 927

BRSA (Li et al., 2024): This metric utilizes MP- 928

Net (Song et al., 2020), specifically all-mpnet-base- 929

v2 to compute the semantic similarity between the 930

reference and generated texts, denoted as SEMSIM. 931

To mitigate the limitations imposed by BLEU and 932

ROUGE-L, Song et al. (Song et al., 2020) apply a 933

double weighting on SEMSIM and combine it with 934

ROUGE-L and BLEU using weights of 0.25, 0.25, 935

and 0.5, respectively, to calculate the BRSA score. 936

BRSA = 0.25×BLEU + 0.25×ROUGE-L 937

+ 0.5× SEMSIM 938

B Dataset 939

Table 4 presents the statistics of commits and their 940

corresponding hunks across five programming lan- 941

guages and three dataset splits (Training, Valid, 942
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and Test). It can be observed that, on average,943

each commit contains approximately 3 to 5 hunks.944

These statistics provide a foundational basis for the945

subsequent analysis and modeling in this study.

Language Phase Commits Hunks Avg

Java
Training 160,018 591,633 3.70

Valid 19,825 74,294 3.75
Test 20,159 78,714 3.90

C#
Training 149,907 677,062 4.52

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

C++
Training 160,948 739,925 4.60

Valid 20,000 95,139 4.76
Test 20,141 87,922 4.37

Python
Training 206,777 953,388 4.61

Valid 25,912 128,373 4.95
Test 25,837 117,231 4.54

JavaScript
Training 197,529 806,673 4.08

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

Table 4: Statistics of the dataset.

946

C Questionnaire of Human Evaluation947

We designed a survey for human evaluation in948

which each participant was asked to score the com-949

mit messages generated by each model with respect950

to a given code change across three dimensions:951

informativeness, conciseness, and expressiveness.952

Scores ranged from 1 to 5, with higher values indi-953

cating better quality. Figure 5 illustrates an exam-954

ple question from the survey, where the order of the955

commit messages generated by different models956

was randomized to avoid bias.

Figure 5: The example of questionnaire.

957

D Hyperparameter Experiments 958

In addition, we further conducted experiments on 959

two key hyperparameters, namely the window size 960

and the weighting factor λ, to investigate their ef- 961

fects on model performance. For the window size 962

parameter, we set the values to 32, 64, 128, and 963

256 to analyze how different local context ranges 964

influence the effectiveness of the sparse attention 965

mechanism. As shown in Figure 6(a), the model 966

achieves its best performance when the window 967

size is set to 64. When the window size is too small, 968

the model lacks sufficient contextual information 969

to understand a code change. Conversely, an exces- 970

sively large window introduces redundant context 971

and increases attention noise, thereby diluting the 972

model’s focus on essential regions. 973

Figure 6: The results of hyperparameter experiments.

For the parameter λ, we vary its value from 0.1 974

to 0.9 with a step size of 0.2 to examine its role in 975

balancing the change alignment loss and the stan- 976

dard cross-entropy loss (Equation 8). A smaller λ 977

causes the model to rely more on the standard cross- 978

entropy loss, which tends to optimize the overall 979

linguistic quality of the generated messages, while 980

a larger λ emphasizes the change alignment loss, 981

thus enhancing the semantic alignment between 982

the diff and its commit messages. As shown in 983

Figure 6(b), the model performs best at λ = 0.5, 984

suggesting that assigning a moderate weight to the 985

change alignment loss can effectively improve the 986

semantic consistency between code changes and 987

commit messages. 988

989
Answering to hyperparameter experiments:
We conducted hyperparameter experiments on
the window size and λ, and the results show that
the model achieves its best performance when
λ = 0.5 and the window size is set to 64.

990

E Full Case 991

In Section 6, due to the excessive length of the 992

diff, only a partial diff is shown in the case1. The 993

complete diff can be found in the Figure 7. 994
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Figure 7: The complete diff of case1.
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