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Commit messages are crucial to software development and maintenance, allowing developers to track code changes and
collaborate effectively. Automating commit message generation (CMG) reduces developers’ manual effort and facilitates
program comprehension and software maintenance. Previous approaches typically generate commit messages based solely on
code changes, overlooking the valuable context provided by commit history. Moreover, different developers have varying
background knowledge and work on different tasks, leading to diverse commit message styles. The commit history provides
important context when developers handle different software development tasks across different repositories, yet its potential
in CMG remains underexplored. To fill this gap, we propose a novel paradigm named HisRag, which retrieves relevant commit
messages from commit history and uses them to enhance existing CMG approaches, improving the quality and relevance of
generated commit messages. Extensive experiments showed that HisRag significantly enhances the performance of various
CMG approaches. The average improvements on the B-NORM, BLEU, ROUGE-L, METEOR, Log-MNEXT, and BRSA are 65%,
78%, 38%, 42%, 37%, and 12%, and the human evaluation results indicate that HisRag can improve CMG approaches in terms
of informativeness, conciseness, expressiveness, and acceptance rate, providing meaningful insights for future research on
history retrieval-augmented commit message generation and practical application.

CCS Concepts: • Software and its engineering → Search-based software engineering; Software development techniques;
Software maintenance tools.

Additional Key Words and Phrases: Commit Message Generation, Retrieval-Augmented Generation, LLMs, Commit Message
History, Code Change Representation Learning

1 Introduction
When developers submit code change in version control systems, they summarize their code change with a
simple comment, known as a commit message. Commit messages serve as critical documentation for software
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maintenance and evolution, because they can help developers understand the intent behind code changes without
delving into the source code [50]. However, writing commit messages is a time-consuming and tedious task
for developers. Existing works show that there are a significant number of commit messages lacking essential
information [59] or even being empty [19] in open-source projects. These low-quality or empty commit messages
can negatively impact software development and maintenance [34].

Developer A

Developer B

refactor(react): update batch actions test to use testing-library

feat(react): update subfolder exports for icons

feat(react): add ClassPrefix component

...

packages/react/src/components/Breadcrumb/__tests__/Breadcrumb-test.js

@@ -5,112 +5,75 @@

- import { cleanup, render } from '@testing-library/react';

import React from 'react';

- import { mount } from 'enzyme';

+ import { screen, render } from '@testing-library/react';

...

feat(date-picker): move styles to sass modules

feat(menu): add Menu to @carbon/styles

feat(tabs): make debounce wait configurable prop

...

packages/react/src/components/DataTable/__tests__/TableActionList-test.js

@@ -5,13 +5,18 @@

+ import { render } from '@testing-library/react';

import React from 'react';

- import { mount } from 'enzyme';

import { TableActionList } from '../';

...

HEAD

Commit history

Similar Code change Dissmilar Commit Message

Similar Commit Message

Task: UI Component development and maintenance

Task: React component development and maintenance

Commit message: refactor(react): update table tests to use testing-library 

Commit message: test(breadcrumb): refactor enzyme tests to react testing library 

Fig. 1. A motivating scenario in GitHub repository carbon 1. This highlights the variability in commit message styles based
on developers’ roles and tasks.

To reduce the manual effort required for writing commit messages, researchers have proposed various ap-
proaches for automatically generating appropriate commit messages. Given the fundamental differences be-
tween code changes (input) and natural language (output), existing approaches primarily treat CMG as a ma-
chine translation task. Mainstream commit message generation approaches can be categorized into five types:
template-based approaches [9, 39], retrieval-based approaches [26, 46], representation learning-based approaches
[16, 30, 36, 42, 45, 70], hybrid approaches [24, 43, 55, 62, 73] and LLM-based approaches [20, 29, 35, 61, 73]. Despite
achieving promising performance, these methods face significant practical adoption barriers [20]. A key limitation
lies in the tendency of existing approaches to generate commit messages that are often monotonous, meaningless,
or irrelevant [30, 46, 60]. Dong et al. [15] have found that the majority (˜90%) of commit messages generated
by representation learning-based approaches follow simple patterns (i.e., addition, removal, fix, or avoidance
patterns).
1https://github.com/carbon-design-system/carbon
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Recently, Retrieval-augmented generation (RAG) has become a popular paradigm in natural language processing
and is gradually being used in CMG tasks to improve generation performance [20, 73]. Although these CMG
approaches achieved significant improvements, they retrieved extensive knowledge from the overwhelming
dataset, which could potentially make it difficult for the model to capture the semantics of the original code
changes, causing it to get lost in the retrieved information, and decreasing the quality of the generatedmessage [75].
Existing study [75] has also highlighted that the commit message style and background knowledge vary by
project. This motivates us to investigate: Can we retrieve less but augment more to boost the efficacy of
CMG models?

Figure 1 shows a motivating scenario in the GitHub repository carbon. Developer A and Developer B work on
different tasks (Developer A primarily focuses on React component development and maintenance, and Developer
B handles UI Component development and maintenance), which leads to significant differences in their historical
commit message styles. At the same time, for a similar code change they made, they still have a different writing
style (refactor(react): update table tests to use testing-library vs. test(breadcrumb): refactor enzyme tests to react
testing library). Developer B’s commit history is not as useful as Developer A’s commit history. Existing study
[61] also found that for different domain repos, the writing style of commit messages may be different.

To address the limitations above, we first conduct a preliminary study to verify the importance of the commit
history from different retrieval sources. We define three retrieval sources: (1) Developer-level: retrieve from the
commit history of the developer who wrote the code change, (2) Repository-level: retrieve from the commit
history of the repository that the code change belongs to, and (3) Dataset-level: retrieve from all collected commits.
We use the retrieved commit messages as generated commit messages to evaluate the retrieval quality. The
experiment results show that the BRSA metric score can be improved by 37% on average at the developer-level
and 32% on average at the repository-level when compared to the dataset-level retrieval. Furthermore, the number
of retrieved instances is reduced by 144 times on average at the developer-level and 49 times on average at the
repository-level. These results indicate finer-grained retrieval sources (developer-level and repository-level) are
more valuable and effective than coarse-grained retrieval source (dataset-level).

Based on the preliminary study results, we propose a novelHistoryRetrieval-AugmentedGeneration paradigm
called HisRag for the CMG task. HisRag comprises three stages: history retrieval stage, augmentation stage, and
generation stage to enhance the generation performance of various existing state-of-the-art CMGmodels.
In the history retrieval stage, the primary objective is to retrieve Top-k similar code changes from the finer-grained
commit history for a given code change, which involves the lexical-based and semantic-based retrieval methods.
In the augmentation stage, the given code change and the commit messages of retrieved code changes construct
the augmented input to augment the generator, which typically are small pre-trained language models (SPLMs)
or large language models (LLMs). For SPLMs, the augmented inputs are input embeddings constructed by code
change tokens and Top-k commit messages from the commit history. For LLMs, the augmented inputs are
constructed by the prompt template, which contains the given code change and Top-k commit messages from the
commit history. Finally, in the generation stage, the generator uses the augmented input to generate the final
commit message. For SPLMs, the generator will be fine-tuned based on the augmented inputs. For LLMs, the
generator directly generates the commit message through a prompt without training.

We evaluate HisRag on a multi-language dataset from CommitChronicle [20]. The results show that HisRag
can significantly enhance the performance of existing SOTA CMG approaches. The average improvements on the
B-NORM, BLEU, ROUGE-L, METEOR, Log-MNEXT, and BRSA are 65%, 78%, 38%, 42%, 37%, and 12%. Compared
with the dataset-level retrieval source, HisRag achieved 92× and 75× query efficiency improvements by retrieving
from developer- and repository-level histories, respectively. Moreover, HisRag enables existing CMG approaches
to generate more personalized commit messages by incorporating developer- and project-specific historical
patterns. Further, the results of ablation experiments can demonstrate the effectiveness of each stage of HisRag.
We also delve into the impact of retrieval sources, retrieval methods, and retrieval numbers on generation
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performance, providing meaningful insights for future research on history retrieval-augmented commit message
generation and practical application. In summary, the main contributions of this paper are as follows:

• We proposed HisRag, a novel history retrieval-augmented generation paradigm for CMG, which consists
of a history-retrieval stage, an augmentation stage, and a generation stage. It is compatible with both
SPLMs and LLMs, which can enhance the performance of various existing CMG approaches and generate
personalized commit messages with historical preference.

• We conducted a systematic exploration of how different levels of retrieval granularity (developer, reposi-
tory, and dataset) affect CMG, which has not been explored in previous work. Our findings reveal that
retrieving from finer-grained commit history (developer-level and repository-level) consistently outper-
forms retrieval from coarse-grained source (dataset-level), while also significantly reducing retrieval
overhead. This investigation provides a strong empirical foundation for practical CMG tools deployments.

• We conducted extensive experiments to verify the effectiveness of HisRag from automatic and human
evaluation. The results show that HisRag can enhance 11 CMG approaches across multiple automatic
metrics (B-Norm, BLEU, ROUGE-L, METEOR, Log-MNEXT, and BRSA). And the human evaluation results
indicate that HisRag can improve existing CMG methods in terms of informativeness, conciseness, and
expressiveness. Moreover, the open-source model enhanced by HisRag is comparable to the proprietary
CMG tool (GitHub Copilot) on the acceptance rate, underscoring its potential for practical adoption.

2 Background

2.1 Diverse Commit Message Styles Across Developers and Projects
In collaborative software projects, commit history serves as the fundamental record of incremental changes
made to the code base over time. It provides critical context for code evolution, enabling developers to track
changes, identify the origins of particular functionalities, and understand the progression of software projects
from conception to deployment [25]. However, the variety of tasks and contexts developers encounter creates an
inherent diversity in commit messages [75]. Depending on the developer’s background, the nature of the project,
and the specific task being performed, commit messages may differ significantly in form, content, and level of
detail [8].

Existing research has explored that software projects have contributors with diverse skill sets, and the style of
commit messages is different [10, 34, 61]. This diversity, while reflective of the specific needs of each task, poses a
challenge for maintaining a coherent and usable commit history.

2.2 Commit message generation with commit history
To further enhance the performance of CMG approaches, there are two approaches (HACMG [20] and REACT
[73]) to use commit history to add to the input of the model recently. Eliseeva et al.[20] proposed a history-aware
commit message generation method (HACMG) that uses all the commit message history from a developer as
an additional input to enhance the performance of CMG models. Zhang et al. proposed REACT to use the most
similar commit from a database to enhance the performance of CMG models. The database can be regarded
as the other repositories’ commit history. Although the two approaches achieved significant improvements in
the CMG task, there are some limitations. For HACMG, it indiscriminately utilizes all commit messages from
the developer’s history. Due to the long commit history of developers in the actual development process, it is
unrealistic to use the commit message history of all developers as input to the model. In addition, a long commit
message history can make it difficult for the generated model to capture the semantics of the original code
changes in the model input, causing it to get lost in the long commit message history and decreasing the quality
of the generated messages. For REACT, the commit history considered comes entirely from other repositories,
which can result in generated commit messages lacking historical preferences.
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Considering the difference in developers’ domain-specific expertise and the divergence of commit message
styles across developers (as shown in Figure 1), we are motivated to study the impact of the retrieval sources and
explore methods to efficiently use commit history to enhance the performance of commit message generation.

3 Preliminary Study
The purpose of our preliminary study is to investigate the importance of the historical information from the
commits of developers and repositories.

3.1 Motivation
As we introduced in Section 2.2, there are two ways to use commit history in the CMG task. One way is to use all
commit message history from the developer (HACMG [20]), and the other is to retrieve the most similar commit
from a database (REACT [73]). Naturally, we wonder if retrieving from finer-grained commit history would also
improve the efficacy of CMG tasks. Therefore, we want to explore the quality of commit messages retrieved using
different retrieval sources through a preliminary study.

3.2 Approach
Based on the idea of NNGen [46] (a classic retrieval-based approach, and even outperforms some learning-based
approaches): Similar code changes are more likely to have similar commit messages, we use the retrieved commit
messages as generated commit messages to evaluate the retrieval quality. For a given code change that requires
generating a commit message, it must belong to a certain developer or repository. We define three retrieval
sources: (1) Developer-level: retrieve from the commit history of the developer who wrote the code change, (2)
Repository-level: retrieve from the commit history of the repository to which the code change belongs, and (3)
Dataset-level: retrieve from all collected commits. For retrieval methods, we leverage both lexical-based and
semantic-based retrieval methods. Previous work [46] has demonstrated the effectiveness of bag-of-words-based
retrieval methods for the CMG task. By measuring the similarity of code change based on lexical, we can retrieve
textually similar code changes. We employ the BM25 [51] algorithm, which uses a sparse vector representation
for lexical matching, which has demonstrated effectiveness in multiple downstream tasks in software engineering
[5, 65]. BM25 converts each code change as bag-of-words representation and computes a lexical similarity score
𝐵𝑀25(𝒞𝑖,𝒞𝑗) between the given code change 𝒞𝑖 and a candidate code change 𝒞𝑗, where 𝒞𝑗 is from the commit
history. Since the lexical-based retrieval method relies on lexical matching, the semantic-based retrieval methods
are better suited for capturing the deeper semantic information of code changes. We use embedding models to
embed code changes and then calculate the cosine similarity between given code changes and code changes in
the retrieval commits. Specifically, we compute the semantic similarity score 𝐶𝑜𝑠𝑖𝑛𝑒(𝑢𝑖, 𝑢𝑗), where 𝑢𝑖 and 𝑢𝑗 are
the embeddings of the given code change 𝒞𝑖 and a candidate code change 𝒞𝑗. We use all-MiniLM-L6-v2 [1] as the
embedding model, which is efficient and provides competitive performance [66].

3.3 Dataset
CommitChronicle [20] is a large-scale multilingual CMG dataset. This dataset comprises 10.7 million commits in
20 programming languages and preserves necessary information for utilizing commit history, which is better
adapted to real-world software development scenarios. To the best of our knowledge, CommitChronicle is the
only dataset that contains the commit history while preserving the chronological order of information when we
write this paper. Due to the large total number of commits in the dataset, training and evaluating the performance
of models requires an implausible time overhead.

To mitigate this issue, we would like to collect samples from the test set of CommitChronicle, which is not
used when training HACMG [20]. Specifically, following prior studies [22, 64] to keep a comparable scale of
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Table 1. The statistical characteristics of the dataset.

Split Number Min Max Average

train

Tokens in code change 1 3290 271.06
Tokens in message 1 59 8.65

Retrived instances from developer-level 0 2385 276.38
Retrived instances from repository-level 0 3188 809.34
Retrived instances from dataset-level 86042 86042 86042

validation

Tokens in code change 1 3132 315.3
Tokens in message 2 51 8.19

Retrived instances from developer-level 0 2534 423.67
Retrived instances from repository-level 90 3263 1285.23
Retrived instances from dataset-level 86043 86043 86043

test

Tokens in code change 5 2970 272.74
Tokens in message 2 56 8.48

Retrived instances from developer-level 0 3104 611.05
Retrived instances from repository-level 718 3423 1756.57
Retrived instances from dataset-level 86043 86043 86043

datasets and ensure the representativeness of real-world settings, where they consider repositories with more
than 1,000 commits as active/popular repositories, we select the repositories with more than 1,000 commits.
Finally, we obtained 107,554 commits scattered in 65 repositories with 4,336 developers across 17 programming
languages. This sample size is similar to prior studies [31, 43, 58, 70], e.g., CoDiSum [70], where they collected
90,661 commits from the top 1,000 popular Java projects on GitHub. We split these commits according to the
commit timeline and finally obtained the training set, validation set, and test set by 80%/10%/10%. The test set
contains 10,756 commits, and all of them have repository history. The number of commits with developer history
is 10,216, and for a minority of cases when there is no developer history, we will fall back to considering the
whole repository history. Besides, this sample size supports an extensive evaluation to explore the effectiveness
of LLMs (the test set covers approximately 10,000 instances). For the retrieval source of dataset-level, we use the
training set as the source database.

Table 1 summarizes the statistical characteristics of the dataset. For each split, we report the number of tokens
(split by space) in the code change and commit message, as well as the number of retrieved instances from
three retrieval sources: developer-level, repository-level, and dataset-level. As shown, the average number of
tokens in code change ranges from 271 to 315 across splits, while messages are concise with around 8 tokens
on average. The number of retrieved commits varies significantly across different retrieval sources, with the
developer level requiring the least retrieval, followed by the repository level. Notably, retrieving from developer
and repository history requires calculating a smaller and more variable number of commits, whereas retrieving
from a database always involves a fixed and relatively large number of commits. For lexical-based retrieval,
the number of retrieved instances is reduced by 144 times on average at the developer-level and 49 times on
average at the repository-level. This makes retrieval from the developer and repository history more efficient
than retrieving from the database. The dataset-level retrieval yields a constant number of instances due to global
retrieval over the entire training corpus. Notably, the dataset-level retrieval count for the training split is slightly
smaller (86,042) than that of validation and test (86,043). Each training example is retrieved from all other training
instances, excluding itself, whereas validation and test examples are retrieved from the entire training set without
such constraints.
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Figure 2 shows the distributions of code change token count and commit message token count across all
samples in the dataset. The average code change token count is 275.65, and the average commit message token
count is 8.58. The token count of code change and message in the dataset is appropriate for evaluating the most
CMG approaches [20, 24, 36, 55, 67, 73]. These methods typically adopt the CodeT5 architecture, which commonly
uses an input token length of 512 and an output token length of 50.

0 500 1000 1500 2000 2500 3000
Token Count of Code change

(a) The distribution of code change token count

0

5000

10000

15000

20000

25000

30000

35000

40000

Co
un

t

0 10 20 30 40 50 60
Token Count of Commit Message

(b) The distribution of commit message token count

0

5000

10000

15000

20000

25000

Fig. 2. The token count of the code change and commit message(split by space). The curves show the kernel density estimate
(KDE).

3.4 Evaluation Metrics
We employ six automatic metrics commonly used to evaluate the quality of retrieved commit messages:
• BLEU [49] measures the precision of the generated sequence, which is the average of the modified n-gram
precision. The modified n-gram precision refers to the ratio of matched n-grams to the n-grams in the generated
sequence. In this paper, we used the BLEU-4 metric with a smoothing function.
• B-Norm is a version of BLEU that was shown to be the most in line with human judgment on the quality of
commit messages by Tao et al [58].
• Log-MNEXT is a novel metric on the commit message generation task, and it is based on METEOR-NEXT
[13]. In this paper, we used the implementation in Dey’s work [14].
• ROUGE-L [37] calculates the F-score of precision and recall based on the longest common sub-sequences
(LCS) between the generated sequence and the ground truth [38]. A longer LCS indicates a higher similarity
between two sentences.
• METEOR [7] calculates the harmonic mean of 1-gram precision and 1-gram recall of the generated sequence
against the ground truth [7]. It takes into account not only exact word matches but also partial matches, which
makes it a more robust evaluation metric compared to BLEU or ROUGE.
• BRSA [33] utilizes a semantic model to measure semantic similarities between the generated sequence and
the ground truth. Specifically, it utilizes a sentence transformer (MPNet [56]) to embed commit messages into
fixed-width semantic vectors and calculate their cosine similarity as SEMSIM scores. Then, the BRSA metric score
is calculated by combining ROUGE, BLEU, and SEMSIM (weighed at 0.25, 0.25, and 0.5, respectively) [33].

3.5 Preliminary Study Results
The results of the commit messages retrieved using different retrieval sources and retrieval methods are shown in
Table 2. Firstly, using the same retrieval method, retrieving using a dataset-level source performs worse than
retrieving using a developer-level source or repository-level source. For lexical-based retrieval, the results show
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Table 2. Performance Comparison of Retrieval Strategies (Retrieval methods and Retrieval sources) and CMG approaches.

Approach B-NORM BLEU ROUGE-L METEOR Log-MNEXT BRSA

Lexical-based
Retrieval

w/ Developer 13.56 4.24 17.41 17.67 12.81 21.33
w/ Repository 12.96 3.80 17.19 16.77 12.41 22.18
w/ Dataset 7.63 1.46 10.58 10.67 7.64 16.16

Semantic-based
Retrieval

w/ Developer 12.70 3.76 15.93 16.48 11.61 20.08
w/ Repository 11.80 3.28 15.32 15.13 10.87 20.51
w/ Dataset 7.42 1.34 10.00 10.07 7.09 15.42

NNGen [46] 7.50 1.50 10.43 10.18 7.47 15.42
HACMG [20] 9.44 1.71 14.79 8.64 7.96 20.73
REACT [73] 15.70 7.84 21.94 19.57 16.28 27.61
CodeT5 [67] 19.00 8.81 27.41 22.03 18.45 33.73

that the BRSA metric score can be improved by 37% on average at the developer-level and 32% on average at
the repository-level when compared to the dataset-level retrieval. This indicates the potential of finer-grained
sources that the history of the developer and repository contains richer information, and a finer-grained retrieval
can obtain more useful information. Moreover, using the same retrieval sources, the lexical-based retrieval
method outperforms the semantic-based method across six metrics (i.e., B-NORM, BLEU, ROUGE-L, METEOR,
Log-MNEXT, and BRSA). One possible reason is that current embedding models have not captured deeper
associations of code changes. Using lexical-based methods such as BM25 is still a more effective choice.

We also present the results of four CMG approaches (NNGen [46], HACMG [20], REACT [73], and CodeT5
[67]). NNGen [46] is a classic retrieval-based approach that only uses the retrieved commit message as generated
results. Specifically, it retrieves the top-𝑘 code changes with the highest lexical similarity from the training set,
and its retrieval strategy can be regarded as from the dataset source with a lexical-based retrieval method. The
results indicate that the performance of NNGen is comparable to that of dataset-level retrieval, but inferior to
fine-grained retrieval.

HACMG [20] and REACT [73] are typical CMG approaches that utilize commit history from different perspec-
tives. HACMG [20] utilizes all the commit message history of the developer. REACT [73] utilizes the retrieved
diff and commit message at the dataset-level. We directly apply the original training and evaluation settings from
their replication packages. And we set the training set as the retrieval corpus of REACT [73] for fair comparison.
CodeT5 [67] is a pre-trained programming language model that shows comparable performance on the CMG
task [24, 36, 55], and it only utilizes code change as the input of the model. For their implementations, we apply
the same settings according to the public code sources.

Surprisingly, HACMG [20] and REACT [73] perform worse than CodeT5. This illustrates that the use of commit
history in HACMG [20] and REACT [73] does not enhance the performance of the model. In addition, retrieving
using developer-level sources and retrieving using repository-level sources outperform two CMG approaches:
NNGen [46] and HACMG [20]. This motivates us to explore how to effectively incorporate the finer-grained
commit history.

The retrieval sources are important, and different retrieval sources will bring different retrieval results. Finer-
grained sources (developer-level and repository-level) are more valuable and effective than coarse-grained
retrieval source (dataset-level). Our findings inspire us to leverage finer-grained history information to enhance
the efficiency of existing CMG approaches.
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4 Proposed Approach

Stage 1: History Retrieval Stage 2: Augmentation Stage 3: Generation

CodeT5

Generated Commit MessageCode Change

Input for LLMs

Write a commit message for a given code change. Pay

attention to the sequential pattern of history messages of

similar code changes. 

History messages: {History messages}

Diff: {Diff}

Commit message:

Large Language models

Small Pre-trained Models

Input for Small PLMs

CCT5

Llama 3 DeepSeek

Repository R1

Repository Rn

Commit of Developer D2

...

Commit of Developer D3

Commit History

Commit of Developer D1

Commit of Developer D1

commit message

commit message

commit message

...

...

code change tokens

code change tokens

code change tokens

Similar Commits From History

Lexical-based

Semantic-based

Repository-level

...

Developer-level

...

Retrieval sources
Retrieval method

<diff> <message>
rearranged

tokens

tagged tokens

Modification embedding

Fig. 3. Overview of HisRag paradigm.

Based on the results of the preliminary study, we introduce a novel paradigm called HisRag (History
Retrieval-Augmented Generation), which retrieves less but augments more on commit message generation.
Compared with the existing RAG approach [73] on the CMG task, the novelty of HisRag lies in three aspects: 1)
Personalized preferences. Unlike existing coarse-grained retrieval methods [55, 73], HisRag mainly focuses on
developer-level and repository-level historical information, which makes generating commit messages more in
line with developer preferences. 2) Fast Retrieval. Different from existing studies [46, 55, 73] that use a large
corpus, HisRag retrieve less but augment the performance of CMG more. 3) Broader applicability. HisRag can
support both SPLMs and LLMs, which can adapt to various existing CMG methods. The overview of HisRag
is illustrated in Figure 3. It is noteworthy that HisRag is not a simple model that takes code changes as input
and generates commit messages as output. Instead, it is a pipeline that integrates the relevant historical infor-
mation from commit history into existing CMG models (SPLMs or LLMs) to generate commit messages with
historical preference. The entire paradigm consists of three stages: history retrieval stage, augmentation stage,
and generation stage.

During the first stage, we retrieve the most relevant commits based on lexical or semantic information from the
developer’s or repository’s commit history. Then, during the augmentation stage, we utilize the commit messages
of retrieved commits as additional input to provide the retrieved content to the language model. For SPLMs, we
employ an edit distance algorithm to construct a specific input format that contains code change tokens and
relevant commit message tokens. We employ a sequence-to-sequence task to fine-tune the existing CMG model
𝐹. Notably, 𝐹 can be an existing learning-based or hybrid CMG model that uses code change sequences as input.
For LLMs, we combine the given code change and the relevant commit messages into the specific input prompt.
Finally, during the generation stage, the augmented input is fed into SPLMs or LLMs, which generate a commit
message under the guidance of the retrieved commit messages from the commit history.
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4.1 History Retrieval Stage
The history retrieval stage in HisRag aims to retrieve Top-k similar code changes from commit history and then
use the commit messages corresponding to these code changes to guide the generation process. The setting
of the retrieval source and retrieval method is consistent with the preliminary study. The retrieval source has
two settings: repository-level and developer-level. And the retrieval method has two settings: lexical-based
and semantic-based. We use the BM25 [51] algorithm as the lexical-based retrieval method for its effectiveness
in multiple software engineering tasks [5, 65]. For the semantic-based retrieval method, due to limitations in
computing resources, we choose all-MiniLM-L6-v2 [1] as the embedding model, which is fast and provides
competitive performance [66].

4.2 Augmentation Stage
In this stage, the commit messages of retrieved code changes from history will construct the specific input with
the given code change. We consider SPLMs and LLMs, respectively, in this paper.

4.2.1 The input augmentation for SPLMs. SPLMs require a specific input format to serve as the generator in
HisRag. Following an existing study [24], modification embedding that rearranges the added and deleted code
according to the edit distance algorithm can highlight edit operations and represent code changes concisely.
Therefore, we reused the edit distance algorithm in [24] to transform code changes into rearranged tokens and
tagged tokens. The tag of the unchanged token is set to 0, the deleted token is set to 1, and the added token
is set to 2. For the retrieved commit message history, we use the same tokenizer to get rearranged tokens and
set the tagged tokens to 3. We add two special tokens (<diff> and <msg>) to the code change and the retrieved
commit message history, respectively, and concatenate them. Then, rearranged tokens and tagged tokens will
be embedded through the rearranged token embedding layer and tagged token embedding layer, respectively,
to obtain rearranged token embedding 𝐸𝑟𝑒𝑎𝑟𝑟𝑎𝑛𝑔𝑒𝑑 and tagged token embedding 𝐸𝑡𝑎𝑔. Finally, we get the input
embedding 𝐸𝑖𝑛𝑝𝑢𝑡, which is the sum of 𝐸𝑟𝑒𝑎𝑟𝑟𝑎𝑛𝑔𝑒𝑑 and 𝐸𝑡𝑎𝑔. Figure 4 indicates the construct method of input
embedding of HisRag for SPLMs. Specifically, we represent each rearranged token 𝑟 and tagged token 𝑡 as one-hot
vectors, then the encoder of input embedding 𝐸𝑖𝑛𝑝𝑢𝑡 can be obtained:

𝐸𝑟𝑒𝑎𝑟𝑟𝑎𝑛𝑔𝑒𝑑 = 𝑟𝑊𝑟 (1)

𝐸𝑡𝑎𝑔 = 𝑡𝑊𝑡 (2)
𝐸𝑖𝑛𝑝𝑢𝑡 = 𝐸𝑟𝑒𝑎𝑟𝑟𝑎𝑛𝑔𝑒𝑑 + 𝐸𝑡𝑎𝑔 (3)

where 𝑊𝑟 ∈ ℝ𝑣1×𝑑 and 𝑊𝑡 ∈ ℝ𝑣2×𝑑 are two trainable matrices, 𝑣1 denotes to the vocabulary size and 𝑣2 denotes to
the number of different tag, and 𝑑 denotes to the dimension of the input embedding.

Note that modification embedding is an optional component of the HisRag paradigm. It is enabled only for
models with compatible architectures that allow tagged token embeddings (e.g., COME [24]). For CMG approaches
that do not contain this component, HisRag augment them according to their original model architecture designs.
For example, for models that contain retrieval modules (e.g., HACMG [20], RACE [55], and REACT [73]), the
history retrieval modules will substitute their retrieval modules; for models that do not contain retrieval modules
(e.g., CodeT5 [67] and CCT5 [36]), their original model inputs are replaced with the combination of code change
and commit message history through special tokens (i.e., <diff> and <msg>). Section 5.2 explains the detailed
settings of each enhanced approach.

4.2.2 The input augmentation for LLMs. For LLMs, we combine the given code change and the retrieved commit
message history into specific formats to augment the inputs. We manually construct a prompt template for
LLMs, as Figure 3 shows, enabling them to generate commit messages by referencing the writing styles of similar
commit history. The design of the prompt template strictly follows the design specifications of existing research
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[6, 20], which indicates that the prompt can include four types of elements: instruction, context, input data,
and output indicator. The given code change and retrieved commit message history will be filled in the prompt
template and then input into the LLMs for generation, as shown in Table 4.

Code Change
...

- target.Status.Phase = v1alpha1.IntegrationPlatformPhaseCreating

+ platform.Status.Phase = v1alpha1.IntegrationPlatformPhaseCreating

...

<diff> target platform . Status . Phase = ...

4 1 2 0 0 0 0 0 ...

Input embedding

Edit distance algorithm

<msg> refactor ( controller ) : simplify integration ...

4 3 3 3 3 3 3 3 3

+

Adding Probes to Knative services

refactor(controller): simplify integration controller

chore(travis): disable e2e

Rearranged Token Embedding Layer

Tagged Token Embedding Layer

tagged tokens embedding

rearranged token embedding

concat

concat

Top-k Commits Messages From History

...

E
n

c
o

d
e
r 

In
p

u
t

Fig. 4. The input format for SPLMs in HisRag

4.3 Generation Stage
In the generation stage, we use the augmented input from the augmentation stage and generate the final commit
message under the guidance of the retrieved commit messages from the commit history. In our framework, both
SPLMs and LLMs can be used as the generators.

4.3.1 SPLMs. SPLMs (i.e., CodeT5 [67]) were pre-trained on a large amount of source code with source code-
specific pertaining objectives and have shown impressive code understanding capabilities, and were used in prior
studies related to CMG. To incorporate SPLMs in HisRag, we fine-tuned a small pre-trained model to learn how
to generate better commit messages with the help of the historical information provided by the retrieval stage.
Specifically, the model is fine-tuned to predict the commit message sequences 𝑌̂ by the input sequences 𝐶 + 𝑇.
The log-likelihood function is used as the objective function:
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ℒ = −
1
|𝕏|

|𝕏|
∑
𝑖=1

∑
𝑗
log𝒫 (𝑌𝑖𝑗 ∣ 𝐶𝑖 + 𝑇𝑖; 𝜃) (4)

where 𝐶𝑖 is concatenated by rearranged code token sequences and similar message tokens, 𝑇𝑖 denotes the
tagged token sequences of 𝐶𝑖, 𝑌𝑖𝑗 denotes the 𝑗th token of the 𝑖th commit message to be generated in the dataset
𝕏, and 𝜃 denotes the model parameters.

4.3.2 LLMs. Given the plug-and-play nature, LLMs can serve as the generator without the need for additional
training, leveraging their powerful generalization capabilities. The input from the augmentation stage is directly
used to generate the final commit message, guided by the retrieved commit message history.

5 Experimental Setup

5.1 Research Questions
Our experiments aim to address the following research questions.
RQ1: To what extent can HisRag enhance the performance of existing CMG approaches?
RQ2: How do different retrieval sources and retrieval methods affect the performance of the HisRag?
RQ3: How do the number of commit messages from history and modification embedding affect the performance
of the HisRag?
RQ4: How do human evaluation and manual case analysis reveal the quality and characteristics of the commit
messages generated by HisRag?
RQ5: Is HisRag computationally efficient in real-world usage settings?

5.2 Enhanced Approaches
Because our experimental dataset covers various programming languages instead of focusing on a single one,
we didn’t consider the methods relying on code structure [16, 43]. In addition, we didn’t compare HisRag with
recent CMG approaches like OMG [35] and OMEGA [29], which utilize multiple additional context information
(i.e., PR title, issue title, and commit type). The primary reason is that their datasets are significantly smaller in
scale and include types of contextual metadata that are not considered in existing CMG methods like RACE [55],
COME [24], and CCT5 [36]. Due to the disparity in dataset scale and contextual information, a direct comparison
would require extensive adaptation for all existing CMG methods, which is beyond the scope of this paper. Since
our work focuses on modeling commit message history without relying on extra contextual information, we
leave a thorough comparison with such context-aware methods to future work. We use HisRag to enhance a
total 11 state-of-the-art CMG approaches across 4 types as follows:
• Retrieval-based approach

(1) NNGen [46] is the representative retrieval-based method, which is the first work to apply IR techniques
to the CMG task. For applying HisRag, we change its retrieval sources to the developer’s commit history.

• Learning-based approach
(2) CodeT5 [67] is a variation of the sequence-to-sequence language model T5 that was pre-trained on a

large amount of source code with source code-specific pertaining objectives.
(3) CCT5 [36] is a code-change-oriented pre-trained models. It is pre-trained with the code data from

CodeChangeNet [36].
• Hybrid approach

(4) RACE [55] is a hybrid CMG approach that utilizes similar commit messages and code changes to improve
the performance of CMG models.
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(5) REACT [73] is a RAG-enhanced framework for CMG.
(6) HACMG [20] is the only state-of-the-art method using commit history when we write this paper (March

15, 2025). It uses the commit message history of the developer as additional information to construct the
input with the code change.

(7) COME [24] is the state-of-the-art representation-based method. It first proposes modification embeddings
to represent code changes in a fine-grained way.

• LLM-based approach
We mainly consider four LLMs for comparison: CodeLlama-7B [52], Llama-3-8B [2], Deepseek V3 [40] and
DeepSeek-R1-Distill-Llama-8B [23].

For original implementation, we implement it strictly following the open-source code or paper. Due to the
different design of existing CMG methods, we use different settings when adapting HisRag to enhance them.
There are four main settings that need to be set up: 1) Whether to use the retrieved code change. 2) Whether to
use the retrieved message. 3) Retrieved number. 4) Whether to use modification embedding.

Table 3 shows the specific settings of different CMG approaches enhanced by HisRag. The motivation of
HisRag is to learn the style of commit messages rather than code semantics from the retrieved code change.
However, some approaches (i.e., NNGen [46], RACE [55], and REACT [73]) are originally designed to require
both the retrieved code change and message as the input of the model. To preserve the original design of these
approaches and make a fair comparison, we use the retrieved code change and message from the history retrieval
stage. For approaches that didn’t consider the retrieved code change in their original implementations, we keep
the same setting of only retrieved commit messages, just like the existing approach (HACMG [20]) did.

For the retrieved number, we set its default value to three for both SPLMs and LLMs. This setting is based on
the observation that each retrieved message contains a maximum of approximately 60 tokens, and 3 is a relatively
appropriate value based on the input limit of the model. There are some special cases for some CMG approaches.
Specifically, NNGen [46] is a representative retrieval-based approach that does not require training, and we set
the retrieved number to 5 according to its original implementation. For RACE [55] and REACT [73], due to the
limit of model input (The average retrieved code change contains about 270 tokens, making it impractical to
include multiple retrieved instances without exceeding the input budget), we set the retrieved number to 1 for
these two approaches.

For modification embedding, we apply it only to the COME [24], as its model architecture is explicitly
designed to contain this component. COME utilizes edit distance algorithm that distinguishes added, deleted,
and unchanged code tokens, allowing it to capture fine-grained information through tagged representations. In
contrast, other CMG approaches (i.e. CCT5 [36], RACE [55], and REACT [73]) considered in this paper do not
include components that support modification embedding. Therefore, to maintain architectural consistency and
ensure a fair comparison, we don’t apply modification embedding to these CMG approaches except COME [24].

5.3 Experimental Settings
We employ BLEU, B-Norm, Log-MNEXT, ROUGE-L, METEOR, and BRSA mentioned in Section 3.4 as automatic
evaluation metrics.

Experiments are conducted using different sets of hyperparameters to optimize HisRag’s performance on the
dataset. We use lexical-based retrieval at the developer level as the default evaluation setting. We use the weight
of the CodeT5-base [67] to initialize the CMG model. The original vocabulary size of CodeT5 is 32,100. We adopt
the AdamW optimizer [32] with a 5e-5 learning rate. The batch size is 12, and the max epoch is 10. All experiments
are performed on a single 24G GPU of NVIDIA RTX 4090. To ensure a consistent and fair comparison, all CMG
approaches and their variants enhanced by HisRag were evaluated under the same data splits.
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Table 3. The settings of CMG approaches enhanced by HisRag. We use BM25 as the default retrieval method.

Approach Retrieved code change Retrieved message Retrieved number Modification

NNGen [46] ! ! 5 #

CodeT5 [67] # ! 3 #

CCT5 [36] # ! 3 #

RACE [55] ! ! 1 #

REACT [73] ! ! 1 #

HACMG [20] # ! 3 #

COME [24] # ! 3 !

CodeLlama-7B [52] # ! 3 #

LLama3-8B [2] # ! 3 #

Deepseek V3 [40] # ! 3 #

DeepSeek-R1-Distill-Llama-8B [23] # ! 3 #

Table 4. The prompt template of LLM-based approaches and HisRag-enhanced approaches.

Approach Input design

LLM-based

Write a commit message for a given diff.
Only output commit message.
Diff: {Diff}
Commit message:

HisRag

Write a commit message for a given code change.
Pay attention to the sequential pattern of history
messages of similar code changes.
History messages: {History messages}
Diff: {Diff}
Commit message:

6 Results
In this section, we present the overall effectiveness of HisRag-enhanced CMG approaches (RQ1) , the performance
of the history retrieval stage (RQ2) , the contribution of the augmentation stage (RQ3) , the human evaluation
results (RQ4), and the computational efficiency (RQ5).

6.1 RQ1: To what extent can HisRag enhance the performance of existing CMG approaches?
To verify the overall effectiveness of HisRag, considering the length of the commit message may impact the
evaluation results, we investigate the effectiveness of HisRag under scenarios of short and long commit messages.
Since the lengths of commit messages vary in our dataset, we partition the test set into six quantile-based
(approximately equal frequency) groups according to the number of tokens in the ground truth message. We
index these groups from Group 1 to 6, where Group 1 contains the shortest messages, and Group 6 contains the
longest ones. This stratification allows us to verify the effectiveness of HisRag under scenarios of short and long
messages.

The overall effectiveness of HisRag is presented in Table 5.The experimental results show that HisRag enhances
the performance of different existing approaches significantly across evaluation metrics (p-value < 0.05). Among
them, the retrieval-based method NNGen [46] achieved significant improvements in all evaluation metrics, such as
B-Norm increasing from 7.5 to 13.56 (81% ↑), BLEU increasing from 1.5 to 4.24 (183% ↑), and ROUGE-L increasing
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Table 5. Generation performance for HisRag-enhanced commit message generation models. “Ori.” means Original; “Enh. ” is
Enhanced; “Imp.” indicates Improvement.

B-Norm BLEU ROUGE-L METEOR Log-MNEXT BRSAType Approach Ori. Enh. Imp. Ori. Enh. Imp. Ori. Enh. Imp. Ori. Enh. Imp. Ori. Enh. Imp. Ori. Enh. Imp.
Retrieval-based NNGen [46] 7.50 13.56 81% 1.50 4.24 183% 10.43 17.41 67% 10.18 17.67 74% 7.47 12.81 71% 15.42 21.33 38%

CodeT5 [67] 19.00 20.52 8% 8.81 11.09 26% 27.41 28.90 5% 22.03 26.31 19% 18.45 21.61 17% 33.73 35.81 6%Learning-based CCT5 [36] 19.29 22.43 16% 8.83 10.47 19% 27.84 30.69 10% 22.51 26.73 19% 18.99 21.94 16% 33.28 35.47 7%
RACE [55] 18.90 20.24 7% 8.62 9.32 8% 27.07 27.86 3% 21.63 24.2 12% 18.85 20.09 7% 32.45 32.97 2%
REACT [73] 15.70 20.86 33% 7.84 10.34 32% 21.94 29.70 35% 19.57 25.41 30% 16.28 21.66 33% 27.61 35.40 28%
HACMG [20] 9.44 10.79 14% 1.71 2.28 33% 14.79 15.82 7% 8.64 9.56 11% 7.96 8.94 12% 20.73 21.31 3%Hybrid

COME [24] 19.39 22.93 18% 8.73 11.00 26% 28.08 30.82 10% 22.66 26.69 18% 19.29 21.95 14% 33.76 35.83 6%
CodeLlama-7B [52] 7.00 10.21 46% 1.52 1.88 24% 14.36 16.38 14% 15.60 18.12 16% 13.64 15.26 12% 24.16 26.83 11%

LLama3-8B [2] 12.13 18.82 55% 5.31 9.26 74% 20.77 26.56 28% 16.50 24.40 48% 16.06 20.46 27% 29.32 32.43 11%
Deepseek V3 [40] 5.73 15.43 169% 1.37 3.65 166% 15.05 25.73 71% 18.63 29.74 60% 16.22 24.32 50% 29.61 35.09 19%LLM-based

Deepseek-R1 [23] 5.55 13.03 269% 1.04 2.30 266% 13.08 21.64 171% 15.59 24.03 160% 13.53 19.39 150% 26.37 30.54 16%

from 10.43 to 17.41 (67% ↑). This indicates that the performance of the retrieval-based approach can be effectively
improved by considering the commit message history. In addition, hybrid methods such as RACE [55], REACT
[73], HACMG [20], and COME [24] also showed good improvements in most evaluation metrics, with REACT
[73] showing particularly outstanding improvements in B-Norm and BLEU, reaching 33% and 32% respectively,
while COME showed improvements of over 10% in key metrics such as ROUGE-L, METEOR, and Log-MNEXT.

In terms of LLMs, CodeLlama-7B, Llama-3-8B, Deepseek V3, and Deepseek-R1 all exhibit varying degrees of
performance enhancement. Especially the Deepseeker series models have achieved significant improvements in
all metrics, such as the B-Norm of DeepSeek-R1-Distill-Llama-8B increasing from 5.55 to 13.03 (269% ↑), BLEU
increasing from 1.04 to 2.3 (266% ↑), ROUGE-L increasing from 13.08 to 21.64 (171% ↑), METEOR increasing from
15.59 to 24.03 (160% ↑), Log-MNEXT increasing from 13.53 to 19.39 (150% ↑), and BRSA increasing from 26.37 to
30.54 (16% ↑). This result indicates that LLM-based models have strong modeling capabilities in commit message
generation tasks, especially when applied HisRag, the quality of the generated commit messages is significantly
improved.

Figure 5 shows the relative improvements in commit message generation performance for HisRag-enhanced
CMG approaches across the six groups, where a darker color indicates a larger improvement. To better illustrate
the improvement of our approach, we add one additional row, Average, that shows the average improvements for
all 11 CMG approaches. HisRag improves their performance across metrics in all groups, which demonstrates
the effectiveness of HisRag. The results also show that the average improvements tend to be larger for shorter
commit messages than for longer ones. From Group 1 (shortest messages) to Group 6 (longest messages), the
average improvements in ROUGE-L, METEOR, Log-MNEXT, and BRSA gradually decrease. One possible reason
is that generating longer commit messages is more challenging than generating shorter commit messages, which
is consistent with the existing study [61].

Overall, the experimental results indicate that existing state-of-the-art CMG approaches have better perfor-
mance when applied to the HisRag paradigm, providing further optimization of this task in the future.

The results show that HisRag improves the performance of existing SOTA CMG approaches. The average
improvements on the B-NORM, BLEU, ROUGE-L, METEOR, Log-MNEXT, and BRSA are 65%, 78%, 38%, 42%,
37%, and 12%. This highlights its effectiveness in enhancing commit message generation.

6.2 RQ2: How do different retrieval sources and retrieval methods affect the performance of the
HisRag?

As shown in Table 6, we examine the effectiveness of different retrieval sources and methods in enhancing the
performance of HisRag for commit message generation. The results of our experiments show that retrieval
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(a) Group 1

NNgen

CodeT5
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RACE

REACT

HACMG

COME

CodeLlama-7B

LLama3-8B

Deepseek V3

Deepseek-R1

Average
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96.96 279.27 82.77 86.66 79.42 52.12

17.85 36.77 11.36 23.43 20.75 12.10

19.79 38.33 11.83 23.22 19.56 12.80

9.24 6.79 4.55 16.48 8.60 5.07

36.97 70.67 41.56 38.08 41.80 35.54

10.84 -2.65 5.03 7.96 9.36 1.03

15.76 37.08 9.59 18.35 13.99 9.36

44.38 38.69 14.51 21.94 13.72 -4.28

70.51 166.52 36.08 57.85 35.56 19.28

199.28 205.70 99.58 94.52 86.92 25.89

170.43 221.74 96.95 88.61 75.46 21.03
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B-NORM
BLEU

ROUGE-L

MET
EO

R

Log
-M

NEX
T

BRSA

(b) Group 2

NNgen

CodeT5

CCT5

RACE

REACT

HACMG

COME

CodeLlama-7B

LLama3-8B

Deepseek V3

Deepseek-R1
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9.79 12.21 2.26 13.94 6.91 1.89

39.89 62.06 45.66 34.95 40.46 34.93

15.24 14.36 6.73 9.10 8.31 3.67

22.62 44.90 13.35 24.51 20.29 11.15

65.63 65.44 26.87 29.57 22.08 -0.42

67.25 192.89 33.75 63.06 32.74 20.87
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7.07 13.61 2.45 9.87 6.28 2.87

28.31 66.71 33.32 27.31 29.93 28.53

10.47 19.49 3.49 0.22 -1.46 1.54

10.58 14.45 5.35 13.28 9.87 5.95

103.82 83.78 37.15 35.71 33.28 2.10
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7.61 18.79 2.56 12.14 5.69 2.93

28.63 30.04 32.62 27.34 30.98 25.84

24.12 61.33 11.98 23.96 23.22 8.37

13.66 20.39 6.60 13.26 9.37 5.29
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Fig. 5. Improvements (%) for HisRag-enhanced CMG approaches in six groups, where the group is split by the token count
of the ground truth message according to the frequency.

sources and retrieval methods both play significant roles in determining the quality of generated commit
messages. Specifically, when comparing developer-level versus repository-level retrieval, the former consistently
outperforms the latter across all evaluation metrics, including B-NORM, BLEU, ROUGE-L, METEOR, Log-MNEXT,
and BRSA. This suggests that a finer granularity level of history retrieval, which takes into account individual
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Table 6. The generation performance of the HisRag under different retrieval sources and retrieval methods.

Source Method Metric Score(%)

B-NORM BLEU ROUGE-L METEOR Log-MNEXT BRSA

Developer Lexical 22.93 11.00 30.82 26.69 21.95 35.83
Developer Semantic 22.31 10.54 30.11 26.04 21.27 35.32
Repository Lexical 21.42 10.35 29.39 25.22 20.69 34.78
Repository Semantic 21.07 10.00 28.76 24.31 19.78 34.14

developer contributions, leads to more relevant and precise commit message suggestions, ultimately improving
the quality of the generated messages.

Further analysis of retrieval methods reveals a noticeable performance gap between lexical-based and semantic-
based retrieval methods. Lexical-based retrieval generally provides superior results across all metrics, with
higher B-NORM, BLEU, and ROUGE-L scores compared to semantic-based retrieval. The experimental results are
consistent with the preliminary experimental results in Section 3.5. This means that the retrieved results and
generated results maintain a consistent trend, which suggests whether we can further enhance the quality of
generated results by improving the quality of retrieval. Due to limited space, this will leave to future work.

Overall, combining developer-level sources with lexical-based retrieval methods can achieve the best perfor-
mance on all evaluation metrics. The retrieved results and generated results maintain a consistent trend, and
the results emphasize the importance of selecting appropriate retrieval sources and retrieval methods when
optimizing HisRag.

6.3 RQ3: How do the number of commit messages from history and modification embedding affect
the performance of the HisRag?

We conducted experiments to compare the enhancement effects of retrieved Top-k (𝑘 = 1, 3, 5, 7, 9, 11) similar
history commits to augment the generation performance of SPLMs and LLMs. For SPLMs, we use HisRag-
enhanced COME. For LLMs, we use Llama-3-8B as the foundation model.The experimental results of HisRag𝐶𝑂𝑀𝐸
and HisRag𝐿𝑙𝑎𝑚𝑎3−8𝐵 are shown in Figure 6, and it can be seen that the performance increases slightly when
𝑘 increases. This suggests that retrieving more similar history commits can help the model generate better
results. But the count of similar messages from history is not necessarily the bigger the better. For HisRag𝐶𝑂𝑀𝐸,
the performance begins to decline when 𝑘 is greater than 5. For HisRag𝐿𝑙𝑎𝑚𝑎3−8𝐵, there is a slow decline in
performance when 𝑘 is greater than 7.

Figure 6 also shows the impact of using modification embedding. HisRag𝐶𝑂𝑀𝐸 w/o modification means remov-
ing the tagged token embedding layer and only using the rearranged token embedding layer for HisRag𝐶𝑂𝑀𝐸.
The results show that not using modification embedding will lead to a decrease in performance at different k
values, which indicates the effectiveness of modification embedding. This improvement can be attributed to
the modification embedding explicitly encodes the structural semantics of code changes and natural language
patterns in retrieved historical messages.

HisRag_𝑅𝑎𝑛𝑑𝑜𝑚𝐿𝑙𝑎𝑚𝑎3−8𝐵 retrieves random historical messages from the same developer’s commit history.
Compared with HisRag𝐿𝑙𝑎𝑚𝑎3−8𝐵, the results show that using random history performsworse at different numbers
of retrieved instances, which indicates the effectiveness of the retrieved history.
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Fig. 6. Performances of HisRag𝐶𝑂𝑀𝐸 and HisRag𝐿𝑙𝑎𝑚𝑎−3−8𝐵 augmented with k retrieved relevant commits in history.

The results indicate that the number of commit messages can enhance the performance, but not necessarily
the larger the better. This suggests that a few highly relevant history commits are more effective than a large
number.

6.4 RQ4: How do the human evaluation and manual case analysis reveal the quality and
characteristics of the commit messages generated by HisRag?

Automatic evaluationmetrics calculate text similarity between the generated text and the reference texts. However,
they do not consider the syntax, grammar, and sentence structures of the generated text. To better understand
the usefulness of our approach in real-world scenarios, we conduct a human evaluation to further evaluate the
usefulness of HisRag in practice.

We invited six experienced developers who were not authors but had a major in computer science and industrial
experience in programming (1-4 years) to participate in our survey. Following the existing studies [24, 55], we
created a questionnaire containing 50 questions, as shown in Figure 7 (full details are provided in our replication
package [3]). We randomly sampled 50 commits from the test set to form the questions. The sampled commit
messages range from 1 to 40 tokens (mean: 7.76, median: 7), while the corresponding code changes range from
5 to 1,637 tokens (mean: 283.62, median: 98.5). The observed token length distribution of sampled commits is
broadly consistent with that of commits in the full dataset. In the questionnaire, each question contained a
code change for a commit, a reference message (Ground Truth), and the messages generated by different CMG
approaches. Each participant is required to evaluate the quality of the generated commit messages compared to
the reference message. To ensure fair and unbiased evaluations, we shuffle the commit messages generated by
different approaches so that the participants do not know which approach each commit message comes from.
Following a prior study [55], each participant is asked to score the commit messages considering three aspects:
Informativeness, Conciseness, and Expressiveness. Informativeness refers to the amount of important information
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about the code change reflected in the commit message. Conciseness refers to the extent of extraneous information
included in the commit message. Expressiveness refers to grammaticality and fluency. Scores range from 0 to 4,
with higher scores suggesting better informativeness, conciseness, and expressiveness.

Questionnaire

For each Question, it contains a code change, ground truth message, and several commit messages are generated by different CMG approaches.

Please rate the each commit message on the following three aspects using 0-4 scale. Higher scores suggesting better performance on each aspect. Note that the
value of the score can only be taken as 0, 1, 2, 3, 4.

Informativeness refers to the amount of important information about the code change reflected in the commit message. 

Conciseness refers to the extent of extraneous information included in the commit message. 

Expressiveness refers to grammaticality and fluency. 

In addition, please indicate whether you would accept each generated commit message as the final commit message. And Accpetance=1 indicates accepted, 0
indicates not accepted.

Question 1

Code change:

@@ -1,10 +1,8 @@

## Using Helm Registry Plug-in with a self-signed certificate

+  This document assumes you have deployed [Quay Enterprise with a self-signed certificate.][self-signed]

-   This document assumes you have deployed Quay Enterprise with a self-signed certificate.

-    [Appr](https://github.com/app-registry/appr) makes use of the python requests library, which by default only trusts a standard set of certificates. This prevents helm

from interacting with a Quay Enterprise instance that is using a self-signed certificate.

+    [Appr](https://github.com/app-registry/appr) uses a [Python Requests library][python-requests], which trusts only a standard set of certificates by default. This

prevents Helm from interacting with a Quay Enterprise instance that is using a self-signed certificate.
...

Ground Truth Message: quay-enterprise: fixes for custom-cert-kube-apps.md

Approach Generated Commit message Informativeness(0,1,2,3,4) Conciseness(0,1,2,3,4) Expressiveness(0,1,2,3,4) Acceptance(0/1)

Approach 1 quay-enterprise: update custom-cert-kube-apps.md

Approach 2 Quay Enterprise: update custom-cert-kube-apps.md

Approach 3 Update custom-cert-kube-apps.md to include instructions for using Helm with

Approach 4 Quay Enterprise: update custom-cert-kube-apps.md

Approach 5 qe: add doc on using helm registry plug-in with a self-signed certificate

Question 2

...

Question 50

...

Fig. 7. The questionnaire of human evaluation.

Furthermore, we use the Acceptance rate to measure whether a commit message is accepted by the developer
in practice. Specifically, a commit message that is accepted means it is committed without any revision. It is
worth noting that the commit messages generated by different approaches may be the same, but as long as the
participants believe that the generated message can be used as the final commit message, then it is accepted. The
final acceptance rate of different approaches is the proportion of accepted commit messages among all evaluated
commits. The participants are required to evaluate whether commit messages generated by different approaches
can be accepted (0/1).

We selected the generated results of the four CMG approaches and an industrial CMG tool for human evaluation.
For CMG approaches, we choose two representative approaches (Llama-3-8B and COME) and their enhanced
versions (HisRag𝐿𝑙𝑎𝑚𝑎−3−8𝐵 and HisRag𝐶𝑂𝑀𝐸) by HisRag for the following reasons. First, as shown in Table 5,
these two approaches have better performance across all CMG approaches. Second, including all 11 baselines in
human evaluation would introduce significant overhead and participant fatigue, leading to potential biases or
reduced evaluation quality. Therefore, we only select these four approaches for human evaluation.
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For the industrial CMG tool, we selected GitHub Copilot [4] (version 1.388.0), a VSCode extension that supports
commit message generation, to compare our approach with the State-of-Practice commercial tool. To do so, we
implemented a script to generate a commit message given a specific commit by using GitHub Copilot. Figure 8
shows the process of generating a commit message for using the GitHub Copilot extension in our experiments.
For each sampled commit, we first clone its corresponding repository locally. Then we restore the code changes
of this commit with the command ”git restore”. Finally, we open the repository folder with VSCode and use the
GitHub Copilot extension to generate the commit message. The generated commit message is recorded for human
evaluation.

git switch -c new-branch 51a0b^

git restore --source=51a0b --staged --worktree -- .

Collect the name of repositories from sampled commit

Download the repository according to the repository

name

Create a new branch based on the previous commit

Restore the workspace to the state it was in when the

commit was pending

Open the repository folder with VSCode

Generate commit message by GitHub Copilot extension 

git clone git@github.com:ReactiveX/rxjs.git

ReactiveX/rxjs

51a0bc16dafd5cda9786c3f9a40a63b4f8772494

Fig. 8. The process of generating a commit message for using the GitHub Copilot extension

Table 7 shows the result of the human evaluation. The performance of each approach is measured by the
average score of all its generated commit messages from four aspects: Informativeness, Conciseness, Expressiveness,
and Acceptance rate. We also reported inter-annotator agreement using Kendall’s coefficient of concordance. The
agreement is weak to moderate across dimensions, suggesting that the subjective ratings should be interpreted
with caution. We also apply the Friedman test [21] across all approaches. The results indicate statistically
significant overall differences for all five evaluation dimensions.

Overall, HisRag consistently enhances all three dimensions with a higher acceptance rate over its paired
baselines (HisRag𝐶𝑂𝑀𝐸 vs COME and HisRag𝐿𝑙𝑎𝑚𝑎−3−8𝐵 vs Llama-3-8B). To confirm our observations, we further
conduct pairwise comparisons using the Wilcoxon signed-rank test [48] with Holm correction [27], and report
the results in Table 8. Although HisRag variants are not best across all approaches, the post-hoc analysis shows
that HisRag significantly improves Conciseness compared to Llama-3-8B, and improves Informativeness and
Acceptance rate compared to COME. These results suggest that HisRag can generate higher-quality commit
messages in specific dimensions, and indicate its potential practical usability when compared to the GitHub
Copilot.

To make a deep analysis, we also give an example of commit messages generated by different CMG approaches
and GitHub Copilot. As shown in Figure 9, it can be seen that HisRag effectively enhances the performance of
existing CMG approaches by improving both the relevance and style consistency of the generated messages.
Figure 9 also shows the metrics scores (B-Norm, BLEU, ROUGE-L, METEOR, Log-MNEXT, and BRSA) associated
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Table 7. Results of human evaluation. Inter-rate agreement is measured using Kendall’s coefficient of concordance (𝛼 = 0.05).
Overall statistical differences among approaches are assessed using the Friedman test (𝛼 = 0.05).

Approach Informativeness Conciseness Expressiveness Acceptance rate (%)

GitHub Copilot 3.25 2.54 3.07 62.33
Llama3-8B 2.81 2.74 2.74 53.33
COME 2.68 3.15 2.75 57.67

HisRag𝐿𝑙𝑎𝑚𝑎−3−8𝐵 2.83 3.03 2.8 56.33
HisRag𝐶𝑂𝑀𝐸 2.8 3.18 2.83 65.33

Kendall’s coefficient 5.04 × 10−1 2.293 × 10−1 2.133 × 10−1 3.044 × 10−1
p-value (Kendall’s coefficient) <0.05 <0.05 <0.05 <0.05

Friedman 𝜒 2 94.67 169.03 56.16 16.18
p-value (Friedman) <0.05 <0.05 <0.05 <0.05

Table 8. Pairwise statistical significance of human evaluation results. Adjusted p-values from pairwise Wilcoxon signed-rank
tests with Holm correction (𝛼 = 0.05).

Approach vs Approach Informativeness Conciseness Expressiveness Acceptance rate

GitHub Copilot vs Llama3-8B <0.05 <0.05 <0.05 0.60
GitHub Copilot vs HisRag𝐿𝑙𝑎𝑚𝑎−3−8𝐵 <0.05 <0.05 <0.05 0.50

GitHub Copilot vs COME <0.05 <0.05 <0.05 0.93
GitHub Copilot vs HisRag𝐶𝑂𝑀𝐸 <0.05 <0.05 <0.05 1

HisRag𝐶𝑂𝑀𝐸 vs COME <0.05 0.57 0.56 <0.05
HisRag𝐶𝑂𝑀𝐸 vs HisRag𝐿𝑙𝑎𝑚𝑎−3−8𝐵 1.00 <0.05 1.00 <0.05

HisRag𝐶𝑂𝑀𝐸 vs Llama3-8B 1.00 <0.05 0.72 <0.05
HisRag𝐿𝑙𝑎𝑚𝑎−3−8𝐵 vs Llama3 1.00 <0.05 1.00 1.00
HisRag𝐿𝑙𝑎𝑚𝑎−3−8𝐵 vs COME <0.05 <0.05 1.00 1.00

COME vs Llama3-8B 0.12 <0.05 1.00 0.93

with the generated results. Compared with the baseline CMG approaches, the metric scores of HisRag enhanced
approaches have relatively higher metric scores, which is consistent with the manual analysis.

Notably, HisRag-generated messages closely align with the ground truth in terms of structure and content,
reflecting a better understanding of developer-specific tasks. Specifically, none of the baseline CMG approaches
correctly include the commit type (feat) or scope (cli). For GitHub Copilot, although it successfully generates
the correct type ”feat”, it fails in generating the correct scope ”cli” and ignores the semantics of ”uploading
artifacts”. However, these elements are essential and can be acquired from the retrieved commit message history
of the developer and repository. In contrast, the variants enhanced by HisRag successfully include these key
elements, closely aligning with the ground truth. This enhancement stems from retrieving relevant historical
messages at the developer and repository levels, which preserve a consistent writing style that is often absent
from coarse-grained, dataset-level retrieval.

2https://github.com/apache/camel-k/commit/f5e39aaa4dcf97ce9ef9fd4e0d8517ca0a35f61f
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Code Change

pkg/cmd/run.go

@@ -925,10 +929,14 @@ func (o *runCmdOptions) uploadPomFromJar(gav maven.Dependency, path string, plat

}

}

if pomExtracted {

+ if o.skipPom() {

+ o.PrintfVerboseOutf(cmd, "Skipping uploading extracted POM from %s \n", path)

+ } else {

gav.Type = "pom"

// Swallow error as this is not a mandatory step

o.uploadAsMavenArtifact(gav, pomPath, platform, ns, options, cmd)

}

+ }

return nil

})

gav.Type = "jar"

...

Commit Historydeveloper

feat(cli): Add option to specify registry url when uploading artifacts

feat(cli): Add option to skip checksum files when uploading artifacts

fix(ci): update last released version to 1.9.2

...

Commit Historyrepository

feat(cli): Add option to skip checksum files when uploading artifacts

Fix Update command line option

Fix Let's make the default targetpath relative to it's parent directory

...

CommitDatabase

feat(run/property): new file format as build-property

chore(cli): Improve run command --dependency option description

feat(cmd): modeline properties support

...

Ground Truth feat(cli): Add option to skip uploading POM from JAR when uploading artifacts to the image registry

B-Norm BLEU ROUGE-L METEOR Log-MNEXT BRSA

COME chore(e2e): Add skipPOM flag 0.08 0.07 0.09 0.20 0.04 0.26

Llama-3-8B Update Maven wagon to skip POM for local files 0.06 0.06 0.23 0.08 0.11 0.30

DeepSeeker V3 Add `skipPOM` option for local file dependencies and update test case 0.06 0.06 0.14 0.05 0.07 0.24

DeepSeek-R1-Distill-Llama-8B Add support for skipping POM when adding dependencies 0.05 0.04 0.24 0.11 0.14 0.28

GitHub Copilot feat(cmd): Add skipPOM option for local file dependencies in run command 0.14 0.14 0.21 0.29 0.07 0.37

HisRagCOME feat(cli): Add option to skip pom files when uploading artifacts 0.49 0.48 0.71 0.65 0.53 0.71

HisRagLlama-3-8B feat(cli): Add option to skip POM files when uploading local files 0.47 0.46 0.62 0.59 0.45 0.63

HisRagDeepSeeker V3 feat(cli): Add `skipPOM` option for local file dependencies 0.27 0.27 0.31 0.36 0.17 0.44

HisRagDeepSeek-R1-Distill-Llama-8B feat(cli): Add option to skip POM files when adding dependencies 0.44 0.43 0.57 0.54 0.37 0.56

Fig. 9. An example of generated commit messages 2. Ground truth is the commit message written by the developer.

Table 9. The computational cost of retrieving from different sources with different methods.

Method Source Average preparation time (s) Average query time (s)

Lexical-based
Developer-level 0.00182 0.074
Repository-level 0.00182 0.09
Dataset-level 0.00182 13.05

Semantic-based
Developer-level 0.107 0.032
Repository-level 0.107 0.057
Dataset-level 0.107 0.264

Human evaluation indicates that HisRag improves the quality of commit messages compared to its corre-
sponding baselines across all evaluation dimensions, with statistically significant gains observed in specific
aspects. When compared with industry CMG tools, HisRag shows comparable ability on the acceptance rate.
Overall, the results suggest the promising practical usability of HisRag.
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6.5 RQ5: Is HisRag computationally efficient in real-world usage settings?
To verify the practical feasibility of HisRag in deployment scenarios such as CI/CD pipelines, we evaluate
the computational cost of retrieving from different sources with different methods. We measure two metrics
for each instance in the test set: (1) the preparation time, including embedding generation (for semantic-based
retrieval methods) or index construction (for lexical-based retrieval methods); and (2) the query time, i.e., the
latency to compute the similarity score with candidate instances. We consider both lexical-based and semantic-
based retrieval methods across three retrieval sources: developer-level, repository-level, and dataset-level. The
implementations of retrieval methods remain the same with Section 3.2. Notably, we didn’t utilize approximate
retrieval tools for fair comparison. Since the embeddings and corpus are processed in advance, the average
preparation time of retrieval sources under the same retrieval method (lexical-based or semantic-based) is the
same.

Table 9 presents the computational cost of retrieving from different sources with different methods. First,
although the average preparation time of the lexical-based retrieval methods is shorter than that of the semantic-
based retrieval methods, their average query time is longer compared to semantic-based methods. Therefore, the
type of retrieval method to be used in practical applications should depend on the specific needs. Semantic-based
retrieval methods offer faster querying, but require more preparation time.

Second, developer-level and repository-level retrieval sources exhibit low latency for query time under both
lexical- and semantic-based retrieval methods. Compared with the dataset-level retrieval source, they achieved
92× and 75× improvements in query efficiency, respectively. This indicates the advantage of retrieving less and
the promise of applying to the real-world development process.

Fine-grained retrieval (developer-level and repository-level) yields substantial query-time savings, supporting
HisRag is computationally viable for deployment in real-world usage settings.

7 Discussion

7.1 Threats to Validity
Internal validity. A potential threat to internal validity is the implementation of different approaches. To
mitigate this threat, if the replication packages of the related approaches are available and executable (NNGen [46],
CCT5 [36], RACE [55], REACT [73], HACMG [20], and COME [24]), we directly reuse them and strictly follow their
parameter settings in their original implementations; if the approaches lack replication packages (CodeT5 [67],
CodeLlama-7B [52], Llama3-8B [2], Deepseek V3 [40], Deepseek-R1 [23]), we re-implement the techniques strictly
following the prompt used in the study of Eliseeva et.al [20], where they constructed zero-shot prompting for
LLM-based commit message generation. The presence of bugs in the source code implemented for this study
poses a potential threat to validity. To mitigate this threat, we thoroughly tested the code and followed software
engineering best practices to ensure that it was written in a clear and organized manner.
Construct validity. A potential threat to construct validity is the evaluation metrics used in the automatic
evaluation. To mitigate this threat, we adopted lexical-overlap metrics (BLEU, B-Norm, METEOR, ROUGE-L, and
Log-MNEXT) and a semantic-based metric (BRSA) widely used in previous work on commit message generation
[14, 16, 20, 26]. Following existing studies [24, 55], we also performed human evaluation considering three aspects
(informativeness, conciseness, expressiveness) to further mitigate this threat.
External validity. A potential threat to external validity is generalizability. To mitigate this threat, we conducted
our study on 11 CMG approaches across four types (retrieval-based, learning-based, hybrid, and LLM-based)
and used a multilingual CMG dataset CommitChronicle to verify the effectiveness of HisRag. Another potential
threat to external validity is the generalizability to different programming languages. To mitigate this threat,
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we follow prior studies [22, 64] and select the repositories across 17 different programming languages to ensure
generalization.

7.2 Implications
This study provides meaningful implications for future research on history retrieval-augmented CMG and
practical application. Our research findings show that retrieving from commit message history can significantly
help developers in automated commit message generation tasks and enhance the quality of commit messages.
Compared with industrial CMG tools such as GitHub Copilot [4], HisRag provides more personalization by
leveraging historical commit patterns. Without the commit history retrieval, commit messages may be less
aligned with the writing style of the developer or the repository. With our approach, developers can benefit from
personalized commit suggestions that reflect their historical writing style.

HisRag can be easily integrated into pipelines of existing CMG tools. At the same time, developers or companies
can deploy their own models enhanced by HisRag to avoid potential privacy and sustainability concerns using
proprietary models (i.e., GPT-4).

7.3 Limitations and Future Work
AlthoughHisRag can further enhance the performance of existing CMG approaches by retrieving commit message
history, we have found that this paradigm may still have some potential limitations. One of the limitations is that
HisRag can only enhance the performance of commits with commit message history, and it is ineffective for
commits without commit message history or when commit message history is sparse. This can be seen as a cold
start problem, and it may occur in less active repositories. However, this limitation can be alleviated by adding an
external retrieval database [73]. In this paper, we focus on the scenario with commit history and will delve into
scenarios without historical data in the future.

The second limitation of HisRag is the impact of the retrieval method. The retrieved commit message from
history may not always be relevant, and in some cases, it could negatively impact generation performance. When
the generation model relies on historical data, incorrect or irrelevant retrievals may lead to misunderstandings or
information redundancy, ultimately affecting the quality of the generated messages. Moreover, this study does
not consider more complex settings such as selective retrieval [68] or iterative retrieval [72], which may limit
adaptability to specific contexts or tasks. Future research could explore more sophisticated retrieval mechanisms
to further enhance the performance and flexibility of the generation model.

The third limitation of HisRag is that the efficiency of the retrieval process in practical deployment depends
on the size of the commit history. In real-world scenarios, a large amount of commit history can make retrieval
less efficient. This situation is similar to the scenarios where approaches need a large amount of history [41, 57],
and we believe that existing search strategies [11, 57] can help mitigate this issue.

In future work, we plan to develop a CMG extension that implements HisRag as a local history-aware retrieval
module, providing personalized commit message recommendations.

8 Related Work
Existing work on CMG can be categorized into template-based approaches, retrieval-based approaches, learning-
based approaches, hybrid approaches, and LLM-based approaches [75].

Template-based approaches [9, 12, 17, 18, 54] analyze code changes and generate commit messages with
predefined patterns. Generally, template-based techniques are only effective when the situation fully conforms to
predefined rules, making them less applicable as a universal method due to the diversity of commit messages.

Retrieval-based approaches [26, 28, 46, 63] utilize information retrieval techniques to adopt existing commit
messages from similar code changes. For instance, given a code change as a query, Liu et al. [46] selected the
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most similar code changes from the training set using cosine similarity and BLEU. Similarly, Huang et al. [28]
used syntactic similarity and semantic similarity as similarity measures.

Learning-based approaches treat CMG as a translation problem and use neural machine translation models
to transform code changes into commit messages [16, 30, 36, 42, 44, 45, 53, 70, 75]. Dong et al. [16] proposed
FIRA which does not directly input old and new versions of code into the translation model but represents code
changes as abstract syntax trees and graphs by considering editing operations and subtokens in code changes. Lin
et al. [36] proposed a pre-trained model called CCT5, which can both leverage the domain knowledge hidden in
the large amount of unlabelled data and ensure the learned knowledge is adequately exploited during fine-tuning
on code-change-related tasks. Liu et al. [45] proposed a novel approach named CCRep, which uses a query
back to highlight the changed code and adaptively capture related context information to learn code change
representations.

Hybrid approaches combine the previous approaches to generate commit messages. Liu et al. [43] proposed
using an abstract syntax tree to represent code changes and integrating both retrieved and generated messages
through a hybrid ranking system. Wang et al. [62] proposed a model that combines the advantages of retrieval and
learning-based approaches for CMG. Shi et al. [55] proposed a novel exemplar-based neural CMG model, which
uses similar commits as examples to guide the neural network to generate informative and readable commit
messages.

LLM-based approaches utilize the powerful generative ability of LLMs to generate the commit message.
Zhang et al. [74] conducted a preliminary study to evaluate the performance of LLMs. Lopes et al. [47] evaluated
the performance of ChatGPT with the automated CMG models. Eliseeva et al.[20] used GPT-3.5-turbo to generate
commit messages with the commit message history of the developer. In addition, there are several studies
[61, 69, 71, 73] that have utilized In-Context learning (ICL) to enhance the performance of LLMs on the CMG
task. Although these approaches have shown promising results, it is still unexplored whether the commit history
will affect the commit message generation. This paper presents a comprehensive empirical study exploring LLMs’
capabilities augmented with commit message history in the commit message generation task.

9 Conclusion
The commit history provides important context when developers handle different software development tasks in
different repositories. The history retrieval-augmented commit message generation has not been fully explored
yet. To fill this gap, we propose HisRag, a novel paradigm to use commit history for commit message generation.
HisRag contains three stages: history retrieval stage, augmentation stage, and generation stage. The extensive
experiments show that HisRag can significantly boost the performance of existing CMG approaches whether
the model is based on SPLMs or LLMs. The ablation study shows the effectiveness of each stage. Our package is
available at [3], which contains the dataset, artifacts, and scripts for reproduction.
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