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Abstract001

Commit messages are vital artifacts that sum-002
marize changes to facilitate software main-003
tenance, debugging, and evolution tracking.004
However, existing Commit Message Genera-005
tion (CMG) methods rely solely on code diffs006
and overlook higher-level architectural depen-007
dency diff information. To address this limita-008
tion, we propose HierDiff, a framework using009
architectural diffs to complement code diffs010
for improved commit generation. Through this011
framework, we further construct HierCMD, a012
new dataset that incorporates architectural diffs013
alongside much longer code diffs. Building014
on this resource, we develop HierDiff-6.7B, a015
lightweight CMG model trained via multi-stage016
hierarchical diff learning. To enable more rig-017
orous evaluation, we additionally extend the018
existing MCMD-New-Test benchmark by in-019
corporating architectural diff information, re-020
sulting in MCMD-New-TestX. Experimental021
results on MCMD-New-TestX and HierCMD022
demonstrate that HierDiff-6.7B achieves state-023
of-the-art performance in CMG, even surpass-024
ing the renowned closed-source model GPT-4o025
by 2.1% to 29.8% across four evaluation met-026
rics. We release the data and code at: https://027
anonymous.4open.science/r/HierDiff/.028

1 Introduction029

In modern software development, commit mes-030

sages serve as an essential communication medium031

between developers and the evolving codebase,032

helping practitioners quickly understand code033

changes without deeply inspecting modified files.034

Prior studies have shown that high-quality com-035

mit messages facilitate software maintenance, de-036

bugging, code comprehension, and code review037

(Mockus and Votta, 2000; Tao et al., 2012). How-038

ever, under rapid development cycles, manually039

writing concise and informative commit messages040

for large-scale changes remains challenging and041

time-consuming (Tao et al., 2021; Dyer et al., 2013;042

Commit SHA
7ec9d607fb1d1810bed2abaa199eeb5c9581d98e
Code Diff
- from ragas.experimental.dataset import Dataset
+ from ragas.dataset import Dataset
(Repeated Lines)
File-level Diff 
- ragas/dataset removed from rages/experimental folder
+ ragas/dataset contained in ragas folder
Commit Message
Move dataset module to main package and update imports.

Commit SHA
58c70264017bad22d48fb1f35d49875652c9f0e4
Code Diff
-434 lines changed
+565 lines changed
File-level Diff 
+ folder: {api, database, domain, external, jobs, services,
trade_execution} contained in modules/trading folder 
+ flie: __init__.py contained in all these folders
Commit Message
Migrate trading module to modular structure.

(A) vibrantlabsai/ragas (B) versatiles-org/versatiles-rs

Commit SHA
7b19cd5f4b749064c6452892a5e58a3758da1d1b
Code Diff
-100 lines changed
+92 lines changed
Module-level Diff 
- function: {port_or_default, is_https_redirect, 
same_origin} removed from _utils.py 
+ function: {port_or_default, is_https_redirect, 
same_origin} contained in _client.py 
Commit Message
Move utility functions from _utils.py to _client.py.

(C) encode/httpx

Commit SHA
2b178bec38a24664269ce92db4684abfee6eeb3c
Code Diff
-26 lines changed
+147 lines changed
Module-level Diff 
+ function: isUpdatePasswordPermission contained in 
NacosRoleServiceImpl.java 
+ function: {testParseResourceWithNonExistTypeException, 
testEnabledAuthWithPlugin, testEnabledAuthWithoutPlugin} 
contained in GrpcProtocolAuthServiceTest.java 
Commit Message
Refactor update password api auth check and add unit test.

(D) alibaba/nacos

Figure 1: Four real-world GitHub commit examples.

Tian et al., 2022). Poor commit messages not only 043

reduce documentation quality but are also associ- 044

ated with higher software defect proneness (Li and 045

Ahmed, 2023). Consequently, automated commit 046

message generation has attracted increasing atten- 047

tion. In recent years, researchers have developed a 048

wide range of commit message generation (CMG) 049

techniques, which can be broadly categorized into 050

retrieval-based (Liu et al., 2018; Huang et al., 2020, 051

2017), translation-based (Loyola et al., 2017a; Nie 052

et al., 2021; Xu et al., 2019; Dong et al., 2022; 053

Liu et al., 2019), and hybrid approaches (He et al., 054

2023; Liu et al., 2022; Shi et al., 2022; Wang et al., 055

2021). Although these methods can generate syn- 056

tactically plausible commit messages, they often 057

rely on shallow change patterns, leading to lim- 058

ited informativeness and poor readability. More 059

recent studies (Wu et al., 2025; Jiang et al., 2024) 060

have introduced Large Language Models (LLMs) 061

to improve generation quality. However, existing 062

LLM-based CMG approaches still depend primar- 063

ily on code diffs as input, while overlooking higher- 064

level architectural change information. In practice, 065

developers compose commit messages based on 066

a holistic understanding of the software system, 067
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including inter-file dependencies, module responsi-068

bilities, and cross-module interaction semantics.069

Moreover, when code changes are large in scale,070

such as during major refactoring or module mi-071

gration, statement-level code diffs often become072

excessively verbose. In these scenarios, the essence073

of the change is usually more clearly reflected in074

file-level or module-level dependency evolution.075

Prior studies have shown that commits involving076

architectural changes are often described based on077

module-level or even file-level dependency diffs078

rather than purely relying on fine-grained code diffs079

(Motta et al., 2018; Cui et al., 2021). Figure 1080

illustrates four real-world commits from GitHub081

where architectural changes are explicitly reflected082

in commit messages. Examples (A) and (B) illus-083

trate file-level diffs, while (C) and (D) illustrate084

module-level diffs.085

To address this, we propose HierDiff, a frame-086

work spanning the entire pipeline from data con-087

struction to model training. HierDiff introduces a088

Hierarchical Dependency Graph (HDG) to model089

the dependency architecture of a codebase at each090

revision and extracts hierarchical diffs by tracking091

HDG evolution across commits. These diffs com-092

pactly capture architectural dependency changes.093

To bridge the semantic gap between architectural094

and code diffs, we further propose Staged Diff095

Learning, a multi-stage fine-tuning strategy that096

progressively guides the model from architectural097

diffs to code diffs and finally to their combina-098

tion, enabling more effective joint representation099

learning and substantially improving commit mes-100

sage generation quality. Since CMG inherently101

involves source code modifications, directly invok-102

ing external LLM APIs raises privacy concerns103

for both individual developers and enterprises. To104

support privacy-preserving local deployment, we105

construct HierCMD, a new dataset containing both106

architectural-level diffs and substantially longer107

code diffs. Based on this dataset, we develop108

HierDiff-6.7B, a local LLM for CMG trained with109

the staged diff learning paradigm, enabling privacy-110

preserving commit message generation.111

To enable more rigorous evaluation, we aug-112

ment the public MCMD-New test set with architec-113

tural diffs, yielding MCMD-New-TestX. Extensive114

experiments on both MCMD-New-TestX and Hi-115

erCMD demonstrate that HierDiff-6.7B achieves116

state-of-the-art performance on the CMG task, even117

outperforming strong closed-source LLMs such as118

GPT-4o and Gemini 2.5 Flash. In summary, our119

contributions are as follows. 120

• We are the first to incorporate architectural 121

change information into the CMG task. We pro- 122

pose HierDiff, a framework that models architec- 123

tural changes through a Hierarchical Dependency 124

Graph and introduces Staged Diff Learning to 125

effectively learn from architectural diffs across 126

the full pipeline from data construction to model 127

training. 128

• We construct HierCMD, a new CMG dataset 129

containing architectural diffs and larger-scale 130

code diffs that better reflect real-world commits. 131

We also augment the public MCMD-New test 132

set with architectural diff information, yielding 133

MCMD-New-TestX, to support future CMG re- 134

search on architectural changes. 135

• We develop HierDiff-6.7B, a local LLM special- 136

ized for commit message generation. HierDiff- 137

6.7B outperforms existing open-source code 138

LLMs and achieves state-of-the-art results, sur- 139

passing strong closed-source models such as 140

GPT-4o and Gemini-2.5. 141

2 Background & Related Work 142

2.1 Architectural diffs in Commit Messages 143

Recent empirical studies underscore the prevalence 144

and significance of architectural changes in com- 145

mits (Motta et al., 2018; Cui et al., 2021). A sub- 146

stantial portion of commits involves architectural 147

modifications such as module decomposition and 148

migration, dependency restructuring, and cross- 149

component interaction changes. In these cases, 150

developers tend to describe changes at the archi- 151

tectural or module level rather than through fine- 152

grained, statement-level code modifications. More- 153

over, empirical evidence (Cui et al., 2021) suggests 154

that neglecting architectural changes during code 155

review and evolution analysis can lead to archi- 156

tectural erosion and long-term design degradation. 157

These findings indicate that architectural changes 158

encode critical semantic signals about developer in- 159

tent that low-level code diffs alone cannot fully cap- 160

ture. Therefore, effectively modeling architectural 161

information is essential for both empirical software 162

engineering research and automated commit mes- 163

sage generation. Ignoring architectural changes 164

yields an incomplete representation of change in- 165

tent, which in turn limits the effectiveness and prac- 166

tical applicability of existing CMG approaches. 167
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2.2 Commit Message Generation168

Commit message generation aims to automatically169

generate concise descriptions of code changes. Ex-170

isting methods mainly fall into four categories.171

Template-based methods (Buse and Weimer, 2010;172

Linares-Vásquez et al., 2015; Shen et al., 2016)173

rely on predefined structures but struggle with com-174

plex changes and high-level intent. Retrieval-based175

methods (Liu et al., 2018; Huang et al., 2020, 2017),176

such as NNGen (Liu et al., 2018), reuse messages177

from similar historical commits, yet their perfor-178

mance drops when similar examples are unavail-179

able or noisy. Translation-based methods (Jiang180

et al., 2017; Loyola et al., 2017a; Nie et al., 2021;181

Dong et al., 2022) formulate CMG as a sequence-182

to-sequence task; for instance, PtrGNCMsg (Liu183

et al., 2019) employs a pointer-generator mecha-184

nism to address OOV identifiers, though generated185

messages often lack readability and diversity. Hy-186

brid methods (He et al., 2023; Liu et al., 2022;187

Shi et al., 2022) combine retrieval and generation,188

but insufficient integration between the two can189

limit performance. Recently, LLMs have further190

improved CMG through stronger reasoning and191

in-context learning capabilities (Wu et al., 2025;192

Jiang et al., 2024). However, existing methods still193

rely mainly on code diffs and local statement-level194

context, overlooking higher-level architectural diff195

information. Our work addresses this limitation by196

incorporating architectural diff signals into LLM-197

based commit message generation.198

3 Methodology199

In this section, we propose HierDiff, a framework200

based on hierarchical diffs that effectively leverages201

architectural diffs as complementary knowledge to202

code diffs, covering the entire pipeline from data203

collection to model training. The overall frame-204

work of HierDiff is shown in Figure 2.205

3.1 Hierarchical Dependency Graph206

3.1.1 Graph Definition207

As the codebase architecture continuously evolves208

along with commits, we first design a Hierarchical209

Dependency Graph (HDG) to explicitly model the210

dependency structure of the codebase at each revi-211

sion. The HDG is formulated as a heterogeneous212

directed graph G = (V,E), where V = {vi}ni=1213

denotes the node set and E ⊆ V × V denotes the214

edge set. Each node v ∈ V is associated with a215

node-type mapping function τ(v) : V → A, where216

A = {folder, file, class, function} represents differ- 217

ent types of architectural entities. Similarly, each 218

directed edge e ∈ E is associated with a relation- 219

type mapping function ϕ(e) : E → R, where 220

R = {contain, import, invoke, inherit} character- 221

izes the dependency relationships between entities. 222

Based on the granularity of the involved entities, 223

we further categorize dependencies into two levels 224

to facilitate analysis: file-level and module-level. 225

Dependencies that involve file-system entities, such 226

as folders or files, are classified as file-level depen- 227

dencies, whereas dependencies that only involve 228

code entities, such as classes and functions, are 229

regarded as module-level dependencies. 230

3.1.2 Graph Evolution 231

The initial HDG is built using the static parser Tree- 232

Sitter (Brunsfeld et al., 2025) to extract structural 233

information such as module definitions and inter- 234

file or inter-module dependencies. However, in 235

continuously evolving projects, the codebase is 236

updated incrementally through commits. As the 237

project scales, repeatedly reanalyzing the entire 238

codebase from scratch after each update becomes 239

increasingly time-consuming and impractical. To 240

address this, we propose a commit-based update 241

algorithm for HDG maintenance, with pseudocode 242

given in Algorithm 1. Rather than reconstructing 243

the HDG after each commit, our approach incre- 244

mentally updates the graph by confining static anal- 245

ysis to only the files affected by the commit. 246

Given a commit C that modifies a set of files 247

{f1, f2, . . . , fn}, the update proceeds as follows. 248

First, for each modified file f , we handle file- 249

system-level changes such as file addition, dele- 250

tion, renaming, and movement. These operations 251

directly affect node existence and identity in the 252

HDG, and we update the graph accordingly to 253

reflect newly introduced nodes, removed nodes, 254

or updated file paths. Second, for files that are 255

modified, we process code-level changes via static 256

analysis. Specifically, we apply the static parser 257

to the pre-commit and post-commit versions of 258

file f , extracting the corresponding sets of mod- 259

ules and their dependency relations, denoted as 260

(nodesold, edgesold) and (nodesnew, edgesnew), 261

respectively. By comparing these two represen- 262

tations, we explicitly identify both node-level and 263

dependency-level changes. 264

Notably, every node in the HDG is uniquely iden- 265

tified by a tuple of attributes comprising its name, 266

type, and relative file path. These attributes en- 267
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Figure 2: The overall framework of HierDiff.

able reliable indexing and matching across com-268

mits, allowing all affected dependencies to be ac-269

curately captured through static analysis restricted270

solely to the modified files. Consequently, the pro-271

posed dynamic update algorithm avoids redundant272

global analysis while preserving correctness, en-273

abling efficient HDG maintenance in evolving soft-274

ware projects.275

Algorithm 1: Update algorithm for HDG
Input: HDG G = (V,E), commit C with

modified files {f1, f2, . . . , fn}
Output: Updated HDG G

foreach f ∈ C do
// FileSys-level update
cf ← FILESYSDIFF(f);
UPDATE(G, cf );
// Code-level update
// N,E denote nodes and edges
if f is modified then

(Nold, Eold)← EXTRACT(fold);
(Nnew, Enew)← EXTRACT(fnew);
cc ←

CODEDIFF(Nold, Nnew, Eold, Enew);

UPDATE(G, cc);

return G;

3.2 Hierarchical Diff Construction276

When the HDG is updated, we compare its states277

before and after the update to derive a dependency278

change graph ∆G that explicitly captures all archi-279

tectural diffs introduced by a commit. Formally,280

∆G consists of all added and removed nodes, and 281

all added and removed edges with their source and 282

target nodes. Each node and edge is annotated with 283

its edit operation (ADD or DEL), yielding an unam- 284

biguous representation of architectural evolution. 285

Although ∆G precisely characterizes architec- 286

tural changes, LLMs are pretrained on sequen- 287

tial text and struggle to directly consume struc- 288

tured graph representations. To bridge this gap, 289

inspired by prior work on graph-to-text encod- 290

ing (Fatemi et al., 2023; He et al., 2025), we trans- 291

form ∆G into textual representations that preserve 292

structural semantics while remaining compatible 293

with LLM processing. As illustrated in Figure 2, 294

we adopt distinct encoding strategies for file-level 295

and module-level diffs. For file-level diffs, we 296

assign unique identifiers to all nodes in ∆G and 297

serialize added and removed nodes and edges us- 298

ing a predefined textual format that records node 299

identities, dependency directions, and edit opera- 300

tions. For module-level diffs, we generate node- 301

centric textual descriptions that separately summa- 302

rize the added and removed dependency edges as- 303

sociated with each module. This localized repre- 304

sentation allows module-level diff texts to be nat- 305

urally inserted into relevant code contexts without 306

disrupting code structure. Following this encod- 307

ing, the graph edits are transformed into natural 308

language descriptions that retain dependency se- 309

mantics. Prior work (Fatemi et al., 2023; He et al., 310

2025) has shown that such representations substan- 311

tially improve LLMs’ ability to comprehend and 312

leverage structured information. 313

Since module-level dependencies are tightly cou- 314

pled with code changes, for each module-level node 315
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in ∆G, HierDiff identifies the corresponding func-316

tions or classes in the code diffs and inserts the317

encoded diff text as annotations at the relevant lo-318

cations. These annotations enable the LLM to map319

local code diffs to higher-level architectural diffs.320

Notably, each encoded module-level diff text con-321

tains complete bidirectional dependency change322

information, so inserting it at either the source or323

target node incurs no information loss.324

3.3 Staged Diff Learning325

Despite the necessity of local LLM deployment for326

data confidentiality (Rabin et al., 2025; Shanmu-327

garasa et al., 2025), we propose Staged Diff Learn-328

ing, a progressive fine-tuning strategy inspired by329

curriculum learning (Soviany et al., 2022).330

The core intuition is twofold. First, architec-331

tural diffs provide abstract, high-level semantic sig-332

nals with relatively low noise, while code diffs are333

information-dense and noisy, naturally motivating334

a curriculum-style progression from coarse-grained335

structural understanding to fine-grained implemen-336

tation details. Second, developers typically pos-337

sess prior architectural knowledge when compos-338

ing commit messages; to mimic this process, we339

enable LLMs to internalize architectural semantics340

before reasoning over code-level changes. Accord-341

ingly, HierDiff performs multi-stage LoRA-based342

fine-tuning (Hu et al., 2021) on DeepSeek-Coder-343

6.7B-Instruct to obtain HierDiff-6.7B. Staged Diff344

Learning consists of three stages, each targeting345

a distinct granularity of change information with346

stage-specific prompts, which are provided in Ap-347

pendix C. Specifically, the model is first trained on348

architectural diffs to capture high-level structural349

modifications and their motivations, then on code350

diffs to learn precise implementation-level seman-351

tics such as logic updates and bug fixes, and finally352

on hierarchical diffs combining both information353

sources, allowing the model to align architectural354

evolution with code-level changes and generate355

commit messages that are both structurally infor-356

mative and semantically precise.357

4 HierCMD Dataset358

Since existing datasets lack architectural change359

information, we construct HierCMD, a new dataset360

tailored for our task. This section details the con-361

struction process and provides a comparative anal-362

ysis with prior datasets.363

Table 1: Statistics of commit diff length and tokens.

Metric Range Java Python

Diff Length
≤100 15,343 (25.6%) 29,321 (42.2%)
>100 44,542 (74.4%) 40,160 (57.8%)

Tokens
≤2048 53,707 (89.7%) 65,093 (93.7%)
>2048 6,178 (10.3%) 4,388 (6.3%)

4.1 Dataset Construction 364

Following prior work (Liu et al., 2018; Xu et al., 365

2019; Liu et al., 2019, 2022; Tao et al., 2021; Jiang 366

et al., 2024), we use PyDriller (Spadini et al., 2018) 367

to collect popular Java and Python repositories 368

from GitHub, each with at least 1,000 stars. We se- 369

lect 60 projects of varying sizes. For each commit, 370

in addition to code diffs, we extract a diff graph via 371

the HierDiff framework to represent architectural 372

diffs. In total, the dataset comprises approximately 373

59.9K Java commits and 69.5K Python commits. 374

We strictly follow the filtering steps in prior work 375

to mitigate low-quality commits (Liu et al., 2018; 376

Xu et al., 2019; Liu et al., 2022; Tao et al., 2021; 377

Jiang et al., 2024; Wu et al., 2025), including ba- 378

sic message quality control and linguistic pattern- 379

based filtering, ensuring the overall reliability of 380

reference commit messages. A key distinction from 381

existing datasets is that all existing CMG datasets 382

were originally built for NMT-based approaches 383

and retain only very short code diffs, with most lim- 384

iting diff length to 100 tokens. This restriction no 385

longer reflects real-world development scenarios. 386

As shown in Table 1, the majority of commits in our 387

collected data exhibit code diffs longer than 100 388

tokens. Moreover, with the expanded context win- 389

dows of modern LLMs (Wang et al., 2024), larger 390

diffs can be effectively utilized. We therefore adopt 391

a 2K token threshold and retain all commits whose 392

code diffs fall below this limit. 393

After filtering and deduplication, HierCMD re- 394

tains 7.8K Java commits and 7.2K Python commits. 395

Following prior splitting conventions (Liu et al., 396

2018; Xu et al., 2019; Liu et al., 2019, 2022; Tao 397

et al., 2021; Jiang et al., 2024), we randomly par- 398

tition HierCMD into training, validation, and test 399

sets with an 80%, 10%, and 10% ratio, respectively. 400

4.2 Comparison 401

We compare HierCMD with several existing com- 402

mit message generation datasets (Jiang et al., 2017; 403

Liu et al., 2018; Xu et al., 2019; Liu et al., 2019; 404

Loyola et al., 2017b; Liu et al., 2022; Tao et al., 405
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Table 2: Comparison of HierCMD with exsting datasets.

Dataset #Commits Availability Reproducible Deduplicated Filtered Code Diff Architectural Diff

NNGen 27,144 ✗ ✗ ✓ ✓ length ≤ 100 ✗
CoDiSum 90,661 ✗ ✗ ✗ ✗ length ≤ 200 ✗
PtrGNCMsg 32,663 ✗ ✗ ✓ ✓ length ≤ 100 ✗
MultiLang 153,444 ✓ ✗ ✓ ✗ length ≤ 100 ✗
ATOM 197,968 ✗ ✗ ✓ ✓ length ≤ 100 ✗
MCMD 2,250,000 ✓ ✗ ✓ ✓ length ≤ 100 ✗
CODEC 17,169 ✓ ✗ ✓ ✓ lines ≤ 20 ✗
MCMD-New 229,492 ✗ ✗ ✓ ✓ length ≤ 100 ✗

HierCMD 15,008 ✓ ✓ ✓ ✓ tokens ≤ 2,048 ✓

2021; Jiang et al., 2024; Wu et al., 2025) in Ta-406

ble 2 and highlight three main contributions of our407

dataset. First, it captures previously overlooked408

architectural diff information in the form of diff409

graphs via HDG modeling, laying the foundation410

for CMG research that leverages architectural in-411

formation. Second, it expands the code diff scale412

from a maximum of 100 tokens to 2K tokens, ac-413

commodating the context windows of most modern414

LLMs. As shown in Table 1, this expansion in-415

creases the coverage of real-world code diffs from416

less than half to approximately 90%, demonstrating417

HierCMD’s comprehensive coverage and practical418

utility. Third, we observed that none of the existing419

datasets provides source code for data collection420

and filtering, forcing researchers to analyze filtered421

data on a case-by-case basis when extending these422

datasets. To address this, we have open-sourced423

the full pipeline for automated dataset construction,424

allowing extensions to be integrated at any stage of425

collection or filtering, which substantially enhances426

the extensibility of HierCMD. Further introduction427

of these datasets is provided in the Appendix D.428

5 Experiments429

5.1 Datasets430

We conducted experiments on the widely used pub-431

lic CMG dataset MCMD-New (Wu et al., 2025)432

and HierCMD to evaluate the effectiveness of433

HierDiff-6.7B. Since all existing datasets, includ-434

ing MCMD-New, lack architectural diff informa-435

tion and thus cannot support our approach, we436

applied the HierDiff framework to augment the437

MCMD-New test set. Specifically, based on com-438

mit SHA information, we used static tools (Spadini439

et al., 2018; Brunsfeld et al., 2025) to analyze the440

current and previous codebases of each commit441

in the dataset, extracting the HDG and comparing442

them to obtain the diff graph. Commits for which443

the codebase could not be found were omitted. This444

process produced a test set with architectural diff 445

information, which we refer to as MCMD-New- 446

TestX, containing a total of 3,457 commits. 447

5.2 Metrics 448

We adopt four evaluation metrics that are widely 449

used in prior studies (Liu et al., 2022; Shi et al., 450

2022; He et al., 2023; Wu et al., 2025), including 451

BLEU (Papineni et al., 2002), METEOR (Baner- 452

jee and Lavie, 2005), ROUGE-L (Lin, 2004), and 453

CIDEr (Vedantam et al., 2015). These metrics are 454

prevalent metrics in machine translation, text sum- 455

marization, and image captioning. In addition, to 456

enable more comprehensive evaluation, we further 457

conduct both human and LLM-based evaluation on 458

the what and why dimensions. Detailed descrip- 459

tions of all metrics are provided in Appendix B. 460

5.3 Baselines 461

Since we extend the code diff length to up to 2K 462

tokens to better accommodate LLMs, traditional 463

CMG models with limited input capacities are no 464

longer applicable. Therefore, we select only RACE 465

(Shi et al., 2022) and COMMIT (Jiang et al., 2024), 466

which are built upon pretrained language model 467

encoders, as baselines. Furthermore, the state-of- 468

the-art CMG method, OMG (Li et al., 2024), re- 469

quires costly expert annotations for all data (only 470

381 commits were sampled for evaluation in their 471

work), and is thus excluded from our baselines. 472

Following related works (Wu et al., 2025; He 473

et al., 2025), to assess the effectiveness of HierDiff- 474

6.7B, we finally compare it against state-of-the- 475

art LLMs. Specifically, we adopt three advanced 476

closed-source models as baselines, including GPT- 477

3.5-Turbo, GPT-4o, and Gemini-2.5-Flash (Brown 478

et al., 2020; OpenAI et al., 2024; Comanici et al., 479

2025). In addition, we select five representative 480

open-source code summarization LLMs as base- 481

lines: DeepSeek-Coder-6.7B-Instruct (DeepSeek- 482
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AI et al., 2024), CodeLlama-7B (Rozière et al.,483

2024), Magicoder-S-DS-6.7B (Wei et al., 2024),484

Qwen2.5-Coder-7B-Instruct (Hui et al., 2024), and485

WaveCoder-Ultra-6.7B (Yu et al., 2024).486

5.4 Implementation Details487

To ensure reproducibility, all experiments were488

conducted on a server with 32 CPU cores, 240489

GB RAM, and two RTX 4090 GPUs. Detailed490

implementation settings and hyperparameters are491

provided in Appendix B.492

5.5 Evaluation Results493

5.5.1 RQ1: How effective is HierDiff-6.7B?494

We evaluate HierDiff-6.7B and all baselines on the495

HierCMD and MCMD-New-TestX datasets, with496

results shown in Table 3. Overall, HierDiff-6.7B497

consistently achieves the best or highly competi-498

tive performance across both datasets, significantly499

outperforming existing open-source CMG mod-500

els and code LLMs. Compared with the strongest501

open-source baseline, HierDiff-6.7B improves all502

four evaluation metrics, demonstrating its supe-503

rior ability to generate accurate and informative504

commit messages. Moreover, HierDiff-6.7B out-505

performs strong closed-source models like GPT-506

4o and Gemini-2.5 on several key metrics. For507

instance, on HierCMD, it achieves the best over-508

all performance, beating GPT-4o by 2.1%–29.8%509

across four metrics, and on MCMD-New-TestX, it510

obtains the highest ROUGE-L and CIDEr scores.511

These consistent gains show that HierDiff-6.7B bet-512

ter captures both semantic fidelity and structural513

relevance in commit message generation.514

5.5.2 RQ2: How effective is Staged Diff515

Learning?516

To comprehensively evaluate Staged Diff Learning,517

we conduct two sets of experiments: (1) analyz-518

ing model performance across different training519

stages, and (2) comparing staged training with di-520

rect fine-tuning under diff ablation settings. The521

results are shown in Figure 3 and Figure 4. Over-522

all, Stage 1 already provides clear improvements523

over the base model, indicating that architectural524

diffs offer useful high-level semantic guidance. In-525

troducing code diffs in Stage 2 brings the largest526

performance gains, showing that fine-grained im-527

plementation details are the primary source of im-528

provement. Stage 3 further yields consistent in-529

cremental benefits by jointly aligning architectural530

and code-level information. In the ablation study,531

Staged Diff Learning consistently outperforms di- 532

rect fine-tuning on hierarchical diffs across both 533

datasets, while direct fine-tuning with hierarchi- 534

cal diffs also performs better than using only code 535

diffs. These results demonstrate that progressively 536

learning from architectural diffs, code diffs, and 537

their joint representations enables more effective 538

alignment and superior commit message generation 539

quality. 540

Figure 3: Performance across different training stages.

Figure 4: Performance compared to direct fine-tuning.

5.6 RQ3: Can HierDiff-6.7B generate commit 541

messages with only architectural diff? 542

In real-world software development, some com- 543

mits either contain code diffs exceeding the model 544

input limit or involve only file-level changes with- 545

out explicit code modifications, making existing 546

CMG approaches inapplicable. By introducing ar- 547

chitectural diffs, our framework naturally handles 548

these scenarios. To further evaluate their effective- 549

ness, we conduct experiments using only architec- 550

tural diffs as input on HierCMD and MCMD-New- 551

TestX, comparing HierDiff-6.7B with advanced 552

general LLMs. As shown in Table 4 and Table 5, 553

HierDiff-6.7B consistently outperforms all base- 554

lines across both datasets. On HierCMD, HierDiff- 555

6.7B improves the strongest baseline by 62.6% in 556

BLEU and 220.0% in CIDEr, while on MCMD- 557

New-TestX it achieves gains of 46.6% in BLEU 558

and 255.9% in ROUGE-L. These results demon- 559

strate that HierDiff-6.7B can effectively capture 560

high-level semantic intent from coarse-grained ar- 561

chitectural changes, even without code-level in- 562

formation. More importantly, the performance of 563
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Table 3: Performance comparison on MCMD-New-TestX and HierCMD.

Type Model MCMD-New-TestX HierCMD

BLEU METEOR ROUGE-L CIDEr BLEU METEOR ROUGE-L CIDEr

CMG Models
RACE 5.14 7.12 7.01 0.13 5.25 7.27 9.22 0.18
COMMIT 10.21 9.66 10.91 0.31 10.87 9.02 11.53 0.35

Code PLMs

CodeLlama 5.38 7.45 7.91 0.12 4.36 6.46 9.38 0.11
WaveCoder 7.74 7.03 9.49 0.21 6.52 7.13 10.63 0.17
Magicoder 8.81 9.03 9.55 0.24 7.48 7.84 11.01 0.23
DeepSeek-Coder 8.20 7.68 8.27 0.21 7.08 6.74 9.90 0.22
Qwen-2.5-Coder 7.28 7.51 10.18 0.21 9.23 10.08 15.94 0.34

General LLMs
GPT-3.5-Turbo 11.47 9.52 13.48 0.38 10.89 8.64 15.22 0.40
GPT-4o 11.85 10.57 15.78 0.45 12.62 11.09 19.96 0.57
Gemini-2.5 14.04 11.48 16.04 0.48 14.36 11.29 18.22 0.51

Ours HierDiff-6.7B 13.22 10.41 18.61 0.56 16.01 11.32 23.36 0.74

Table 4: Performance comparison on MCMD-New-
TestX using only architectural diffs.

Model BLEU METEOR ROUGE-L CIDEr

GPT-3.5-Turbo 3.95 0.79 1.84 0.01
GPT-4o 2.36 2.01 2.22 0.04
Gemini-2.5 4.01 1.53 2.18 0.03

HierDiff-6.7B 5.88 3.60 7.90 0.08

Table 5: Performance comparison on HierCMD using
only architectural diffs.

Model BLEU METEOR ROUGE-L CIDEr

GPT-3.5-Turbo 4.05 0.84 2.11 0.01
GPT-4o 3.32 2.14 3.50 0.05
Gemini-2.5 4.39 2.24 3.28 0.05

HierDiff-6.7B 7.14 3.91 9.85 0.16

HierDiff-6.7B using only architectural diffs is al-564

ready competitive with CodeLlama using full code565

diffs, highlighting the practical value of architec-566

tural diffs for commits where code changes are567

empty or exceed the model’s input length limit.568

5.7 RQ4: How does HierDiff-6.7B perform569

under human and LLM-based evaluation?570

Following prior work (Zeng et al., 2025), we con-571

duct human and LLM-based evaluations on the572

what and why dimensions using a 5-point Likert573

scale, complementing automatic metrics. The over-574

all score is the equally weighted average of the two575

dimensions. Detailed settings are in Appendix B.576

Due to high annotation cost, we randomly sam-577

ple 300 cases from MCMD-New-TestX. Results in578

Figure 5 show that although HierDiff-6.7B outper-579

forms GPT-4o, it falls behind Gemini-2.5, as the580

outputs of general LLMs tend to be more detailed581

but less concise (Briakou et al., 2024). Neverthe-582

less, these results still demonstrate that messages 583

generated by HierDiff-6.7B better align with hu- 584

man judgment and practical expectations, validat- 585

ing its real-world effectiveness. 586

Figure 5: Performance across different training stages.

6 Conclusion 587

We propose HierDiff, a framework that models ar- 588

chitectural changes via a Hierarchical Dependency 589

Graph and employs a Staged Diff Learning strat- 590

egy to capture architectural diffs throughout the 591

pipeline. Using this framework, we construct Hier- 592

CMD, a new CMG dataset that includes previously 593

overlooked architectural diffs and retains commits 594

with large-scale code diffs. Based on this, we de- 595

velop HierDiff-6.7B, a large language model for 596

commit message generation that achieves state-of- 597

the-art performance, significantly outperforming 598

all existing open-source code LLMs. Notably, it 599

surpasses GPT-4o by 2.1%–29.8% across four met- 600

rics and outperforms Gemini-2.5-Flash by 16.0% 601

and 16.7% on two key metrics. These results show 602

that architectural diffs serve as powerful comple- 603

mentary knowledge, substantially improving com- 604

mit message generation. Moreover, HierDiff-6.7B 605

performs acceptably using only architectural infor- 606

mation, providing a viable solution when code diffs 607

are empty or exceed input limits. 608
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Limitations609

We summarize the limitations of this paper as fol-610

lows. First, our HierCMD dataset only includes611

Python and Java, with no training or evaluation612

conducted on other programming languages. As a613

result, the generalizability of our proposed method614

to other languages remains unvalidated. Second,615

while we incorporate architectural information to616

improve commit message generation, our analysis617

largely stays at the data level, lacking an in-depth618

investigation into its unique contribution within619

the model. Finally, we only provide a preliminary620

exploration of using architectural diff alone for gen-621

eration. Although its performance is acceptable,622

it falls considerably behind state-of-the-art mod-623

els that leverage both architectural and code diffs,624

leaving this direction for future exploration.625
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Privacy Concern. Since CMG inherently re-941

quires processing sensitive or proprietary code, the942

reliance on external LLM APIs poses inherent pri-943

vacy risks, especially when handling proprietary944

or sensitive source code in real-world development945

settings. To eliminate such risks, our approach946

is built entirely around a local LLM that operates947

within a self-contained environment without trans-948

mitting any code data to external servers.949

Reproducibility and Settings. Our experimen-950

tal results may be influenced by design choices951

such as prompt templates, decoding strategies, and952

hyperparameter settings. To reduce this threat, we953

apply identical generation settings and prompt tem-954

plates across all baseline methods. Furthermore,955

the temperature is set to 0 for all experiments to956

eliminate stochasticity in the output and ensure re-957

producibility. Finally, we provide the reproduction958

scripts for all open-source and closed-source mod-959

els in our source code.960

B Experiments Supplement961

B.1 Metrics962

BLEU measures the n-gram precision between the963

generated text and the reference text. ROUGE-L is964

a recall-oriented metric that evaluates the longest965

common subsequence between the generated text966

and the reference text. METEOR assesses the967

alignment between generated and reference texts968

by considering exact matches, stemmed matches,969

and synonym matches. CIDEr treats each sentence970

as a document and computes the cosine similarity971

between the TF-IDF vectors of n-grams, thereby972

measuring the similarity between the generated text973

and the reference text. In addition to these auto-974

matic metrics, we further conduct human evalua-975

tion to provide a more comprehensive assessment976

of commit message quality. For human evalua-977

tion, experienced developers are invited to evaluate978

the generated messages, allowing us to better cap-979

ture the semantic correctness and practical useful-980

ness that may not be fully reflected by automatic981

metrics alone. For LLM-based evaluation, we em-982

ployed zero-shot in-context learning on deepseek-983

v4-flash (DeepSeek-AI, 2026), assessing the What984

and Why dimensions using a 5-point Likert scale.985

The prompt provided to the LLM is: "You are an986

experienced software engineer. Your task is to eval-987

uate the commit message based on the correspond-988

ing git commit diff, focusing on two dimensions:989

<dimensional definitions> + <scoring criteria> +990

<commit to be evaluated>." 991

B.2 Implementation Details 992

We adopt DeepSeek-Coder-6.7B-Instruct as the 993

base model for fine-tuning. The model is trained 994

using supervised fine-tuning with a maximum se- 995

quence length of 2048 tokens. The effective batch 996

size is set to 16, achieved via a per-device batch 997

size of 2 and gradient accumulation over 4 steps. 998

We train the model for multiple epochs using the 999

AdamW optimizer with an initial learning rate of 1000

2e-4, together with a cosine learning rate sched- 1001

uler. Mixed-precision training with FP16 is applied 1002

to improve training efficiency and reduce memory 1003

consumption. During training, model checkpoints 1004

are saved at the end of each epoch, with at most two 1005

checkpoints retained. Model selection is based on 1006

the validation loss, and the best-performing check- 1007

point is loaded for evaluation. 1008

C Prompt Designs 1009

Staged Diff Learning consists of three stages, each 1010

targeting a distinct granularity of change informa- 1011

tion and guided by stage-specific prompts (summa- 1012

rized in Table 6). 1013

D Datasets Supplement 1014

D.1 Dataset Format 1015

Figure 7 illustrates a case from HierCMD to demon- 1016

strate the specific data format. Specifically, the 1017

code diff is encapsulated within the changed files 1018

field, while the arch_diff_graph field captures the 1019

architectural change information. 1020

D.2 Dataset Comparison 1021

Several datasets have been developed for the com- 1022

mit message generation task (Jiang et al., 2017; 1023

Liu et al., 2018; Xu et al., 2019; Liu et al., 2019; 1024

Loyola et al., 2017b; Liu et al., 2022; Tao et al., 1025

2021; Jiang et al., 2024; Wu et al., 2025). A brief 1026

overview of these datasets is provided below: 1027

• NNGen (Liu et al., 2018): A cleaned-up ver- 1028

sion of CmtGen, NNGen removes trivial or bot- 1029

generated commit messages to improve data qual- 1030

ity. 1031

• CoDiSum (Xu et al., 2019): Based on the top 1032

1,000 Java repositories, CoDiSum employs a file- 1033

level programming language filter to select rele- 1034

vant commits. 1035
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{
    'commit_hash': '8ea070f483c623678e1c642ae0b9b4c70c5222c2', 
    'commit_msg': 'Disable two assertions for j2kt that are only passing by accident', 
    'date': '2025-02-10 10:30:38-08:00', 
    'changed_files': [{'filename': 'ContiguousSetTest.java', 'old_path': 'android/guava-
tests/test/com/google/common/collect/ContiguousSetTest.java', 'new_path': 'android/guava-
tests/test/com/google/common/collect/ContiguousSetTest.java', 'added_lines': 12, 
'deleted_lines': 0, 'diff': '......'}, ......], 
    'arch_diff_graph': {'added_nodes': [], 'removed_nodes': [], 'modified_nodes': [], 
'added_edges': [{'src': 'file::android/guava-
tests/test/com/google/common/collect/ContiguousSetTest.java', 'dst': 'class::android/guava-
testlib/src/com/google/common/collect/testing/google/SetGenerators.java::ContiguousSetD
escendingGenerator', 'type': 'import'}, {'src': 'file::guava-
tests/test/com/google/common/collect/ContiguousSetTest.java', 'dst': 'class::android/guava-
testlib/src/com/google/common/collect/testing/google/SetGenerators.java::ContiguousSetD
escendingGenerator', 'type': 'import'}], 'removed_edges': [], 'modified_files': ['guava-
tests/test/com/google/common/collect/ContiguousSetTest.java', 'android/guava-
tests/test/com/google/common/collect/ContiguousSetTest.java']}}

Repository: google/guava

Figure 6: An example of the data format in the HierCMD.

{
    'commit_hash': '3485654cbe00e3094970ef08b9c5d5e6098df780', 
    'commit_msg': 'Only collect init-time and eval-time if the metric is time.', 
    'date': '2022-06-20T08:15:12Z', 
    'diff': "diff --git a/vm/mx.vm/mx_vm_benchmark.py 
b/vm/mx.vm/mx_vm_benchmark.py\nindex 7af9ad266f33..3d5b65b5e03a 100644\n--- 
a/vm/mx.vm/mx_vm_benchmark.py\n+++ b/vm/mx.vm/mx_vm_benchmark.py\n@@ -
1245,28 +1245,6 @@ def polybenchmark_rules(benchmark, metric_name, mode):\n ...", 
    'arch_diff_graph': 
{"added_nodes":[],"removed_nodes":[],"modified_nodes":[],"added_edges":[],"remove
d_edges":[{"src":"func::vm/mx.vm/mx_vm.py::mx_post_parse_cmd_line","dst":"func::
vm/mx.vm/mx_vm_benchmark.py::register_graalvm_vms","type":"invoke"},{"src":"fu
nc::vm/mx.vm/mx_vm_gate.py::_jdk_has_ForceTranslateFailure_jvmci_option","dst":"
func::vm/mx.vm/mx_vm_benchmark.py::run","type":"invoke"},{"src":"func::vm/mx.v
m/mx_vm_gate.py::_test_libgraal_basic","dst":"func::vm/mx.vm/mx_vm_benchmark.p
y::run","type":"invoke"},{"src":"func::vm/mx.vm/mx_vm_gate.py::gate_svm_sl_tck","
dst":"func::vm/mx.vm/mx_vm_benchmark.py::run","type":"invoke"}],"modified_files":
["vm/mx.vm/mx_vm_benchmark.py"]}}

Repository: oracle/graal

Figure 7: An example of the data format in the MCMD-New-TestX.
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Table 6: Prompts used for different input types.

Input Prompt

Architectural Diff The repository diff contains both code changes and architectural changes. Only
architectural changes are provided below. File-level architectural diffs are enclosed
between <File Diff> and </File Diff> tags. Output a concise commit message
with no additional text.

Code Diff The repository diff contains both code changes and architectural changes. Code
diffs are enclosed between <Code Diff> and </Code Diff> tags, with module-
level architectural diffs provided as inline comments within the code diffs. Output
a concise commit message with no additional text.

Hierarchical Diff The repository diff contains both code changes and architectural changes. Architec-
tural diffs include file-level and module-level diffs. File-level architectural diffs are
enclosed between <File Diff> and </File Diff> tags. Code diffs are enclosed
between <Code Diff> and </Code Diff> tags, with module-level architectural
diffs provided as inline comments within the code diffs. Output a concise commit
message with no additional text.

• PtrGNCMsg (Liu et al., 2019): This dataset fol-1036

lows the same preprocessing pipeline as CmtGen1037

but expands the repository coverage to the top1038

2,000 Java projects.1039

• MultiLang (Loyola et al., 2017b): While it con-1040

tains three programming languages from 12 hand-1041

selected repositories, it is not open-source.1042

• ATOM (Liu et al., 2022): Collected from the1043

56 most-starred Java projects, ATOM filters out1044

commits with noisy content or those that do not1045

modify source code. It provides not only the1046

original commit messages but also the specific1047

functions affected by each commit.1048

• MCMD (Tao et al., 2021): A large dataset with-1049

out filtering, MCMD includes programs in five1050

programming languages drawn from the top 5001051

GitHub repositories.1052

• CODEC (Jiang et al., 2024): This dataset gathers1053

Java repositories on GitHub with at least 1,0001054

stars and includes context lines to provide richer1055

information.1056

• MCMD-New (Wu et al., 2025): Containing1057

229,492 commits from 367 repositories that also1058

appear in MCMD, this dataset focuses on com-1059

mits collected after January 1, 2022.1060
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