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Abstract

Commit Messages are crucial for software maintenance, as they
serve both as a means of communication between developers and
as a way to document software evolution. However, writing good
commit messages is time-consuming and non-trivial. Solutions that
employ Large Language Models (LLMs) have been proposed to
assist developers in this task, demonstrating good performance
in automatically generating commit messages. However, bench-
marking these models remains a significant challenge. Research
has demonstrated that developer-written commit messages in liter-
ature datasets vary in quality and often contain low-quality mes-
sages. Furthermore, traditional evaluation metrics, such as BLEU
and ROUGE, which compare a generated message to a developer-
written message, fail to capture the quality that developers perceive
as important. To address this gap, we propose an evaluation frame-
work based on the Elo Rating system that measures commit quality
through direct pairwise comparisons, reflecting genuine developer
preferences. In our empirical study, we evaluated commit messages
written by developers and also three automated solutions: OMG
(LLM-based), FIRA (traditional Neural Network-based), and NNGen
(Retrieval-Based). Our analysis revealed a significant misalignment
between developer preferences and traditional metrics: developers
preferred the LLM-based solution, while traditional metrics favored
the Neural Network solution (RQ1). The Elo scores offered valuable
insights into developers’ preferences, revealing not only a strong
inclination towards the detailed messages generated by OMG over
developers’, but also predicting that OMG would be preferred over
80% of the time against developer messages in certain criteria (RQ2).
Our findings indicate that developer-centric frameworks, such as
our Elo-based approach, are essential for more accurate benchmark-
ing of Large Language Models (LLMs) in code-related tasks.
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1 Introduction

Modern software systems are characterized by immense complex-
ity, making code comprehension a dominant activity in developers’
workflows, accounting for approximately 58% of their time [27].
Automatic code summarization, which generates natural language
descriptions of source code [11], has emerged as a key technique
to alleviate this burden [23]. These summaries benefit developers
during development, including facilitating cooperation and modifi-
cation of others’ code [31], accelerating code comprehension for
developers [12], automatically generating documentation [20], and,
most importantly for this work, generating summaries about source
code changes [7].

High-quality commit messages are crucial for software mainte-
nance and evolution [13, 28]. They are concise summaries of code
changes that serve as a documentation of software evolution [28]
and as a means of communication between developers [13]. Studies
have shown that a good commit message should include an explana-
tion of the changes, the “Why”, and a summary of the changes, the
“What” [7, 21, 26]. In addition, commit messages should be brief and
grammatically correct [14]. However, developers often overlook
commit messages, which frequently lack essential information due
to various factors, such as time constraints or lack of motivation
[10, 13, 16, 17, 19].

This scenario has spurred significant research into Automatic
Commit Message Generation (ACMG) solutions, including retrieval-
based models, traditional machine learning models, and, more re-
cently, Large Language Models (LLMs) [14, 23]. However, evalu-
ating the quality of these solutions presents a major hurdle [29].
The field has historically relied on automated metrics from ma-
chine translation [18, 29], such as BLEU [22], ROUGE [15], and
METEOR [4], which measure n-gram overlap, or simply lexical
similarity, between a generated message and a reference, in this
case, a developer-written commit message.


https://orcid.org/0009-0002-2405-046X
https://orcid.org/0009-0007-6980-5834
https://orcid.org/0000-0002-1775-7259
https://orcid.org/0000-0002-5080-1688
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3786181.3788728
https://doi.org/10.1145/3786181.3788728
https://doi.org/10.1145/3786181.3788728

LLM4Code ’26, April 12-18, 2026, Rio de Janeiro, Brazil

The core problem with this approach is twofold. First, the “ground
truth” is often flawed. Studies indicate that a large percentage of
developer-written commit messages are of poor quality [26]. Con-
sequently, a model that generates a genuinely superior message
may be penalized for deviating from a suboptimal reference [14, 30].
Second, these metrics fail to capture the semantic and structural
qualities that developers deem essential, such as the quality of the
explanation for a change (“Why”) or the quality of the summary of
changes (“What”) [14].

This misalignment was highlighted in the paper that introduced
the OMG model [14]. In their work, developers were asked to eval-
uate the quality of commit messages on a scale from 0 (poor) to 4
(excellent). The data analysis showed that the LLM-based approach
scored higher than developer and Neural Network solution mes-
sages, but performed the worst on automated metrics because its
messages were more detailed than the developer references. This
discrepancy highlights the pressing need for more effective methods
to benchmark LLMs on ACMG tasks.

This paper addresses this challenge by proposing and validating
an evaluation framework for ACMG based on the Elo Rating system.
We expand on the Likert scale evaluation employed by Li et al. [14]
by reducing the burden on the evaluator. Instead of relying on
a subjective number, we adopt a more direct approach: pairwise
preference selection with Elo ratings for each solution.

Popularized in chess, the Elo Rating is a method for calculating
the relative skill of players through direct pairwise comparisons.
This paradigm has gained new relevance for evaluating generative
models [3, 5]. Platforms like Chatbot Arena [8] demonstrate the
effectiveness of this type of rating by creating a public leaderboard!
for general-purpose LLMs based on thousands of human preference
votes. By adapting this proven methodology, we frame ACMG eval-
uation as a “competition”. We select four commit message sources to
have “matches” against each other, and a developer judge decides
the winner based on established quality criteria. This approach
provides a more faithful proxy for genuine developer preference.

In this study, we seek to answer the following research questions:

e RQ1: How does the ranking of ACMG methods produced by
the Elo-based framework compare to rankings produced by
traditional automated metrics?

e RQ2: What is the difference in Elo Rankings for different
commit message quality criteria?

The main contribution of this work is a validated, reference-free
evaluation methodology for ACMG solutions that more accurately
reflects developers’ preferences. By adopting this approach, we shift
away from lexical-similarity metrics that penalize ACMG solutions
generated by LLMs, as their messages are more detailed than those
of humans [30]. This way, we provide the foundation for an empir-
ical analysis that demonstrates how automated metrics for ACMG
are misaligned with what developers find useful.

This paper is structured as follows: Section 2 outlines the funda-
mental concepts necessary for understanding the work; Section 3
details the methodology employed in this study; Section 4 presents
the results obtained from the methodology; Section 5 discusses the
potential threats to validity; and finally, Section 6 summarizes the
conclusions, contributions, and future directions of the research.

!https://lmarena.ai/leaderboard/
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2 Background and Related Work
2.1 Evaluating ACMG

Historically, the literature has benchmarked Automatic Commit
Message Generation (ACMG) models using metrics borrowed from
machine translation [25, 29], such as BLEU [22], ROUGE [15], and
METEOR [4]. These metrics operate on a simple principle: mea-
suring the lexical overlap (n-gram similarity) between a generated
message and a single developer-written message used as a "ground
truth" reference.

The fundamental flaw in this paradigm is its reliance on a refer-
ence that is itself often unreliable. A high-quality commit message
should clearly explain not only what was changed but also why the
change was necessary [26]. However, developers frequently neglect
this documentation due to time constraints or a lack of motivation,
resulting in poor messages. Studies confirm this, indicating that
as many as 44% of developer-written commit messages in widely-
used datasets are of suboptimal quality [26]. In addition, 14% of
commit messages across 23,000 projects were empty [10], and mes-
sage quality in 17 popular Apache projects declined over time [13].
Consequently, when using traditional evaluation metrics, a model
that generates a genuinely superior, more detailed message will be
unfairly penalized for deviating from a poor-quality reference.

Recent research has empirically demonstrated this misalignment.
Tao et al. [25] highlighted the lack of standardization in BLEU imple-
mentations and confirmed their imperfect correlation with human
judgment. The most compelling evidence of this paradox comes
from Li et al. [14]’s work on the OMG model, a state-of-the-art
LLM-based approach. In their evaluation, human evaluators scored
messages generated by OMG higher on the Likert scale for compre-
hensiveness and rationality. Yet, when evaluated using automated
metrics, such as BLEU and ROUGE, the model performed poorly
precisely because its outputs were more detailed and informative
than the human references.

2.2 Elo Rating

The Elo Rating system, originally developed for chess [2], is a
robust method for calculating the relative skill levels of players in
competitive, zero-sum games. Its principles have been successfully
adapted for evaluation in computer science [24], particularly for
ranking generative models [3, 5].

The Elo system operates on the basic idea that each player re-
ceives a numerical rating indicating their skill level at a given
moment. When two players compete, the difference in their ratings
is used to figure out the expected score for each player. Therefore, a
higher-rated player is expected to score more wins against a lower-
rated opponent when playing multiple games. The system changes
dynamically: after each game, points are redistributed, with the
winner gaining points and the loser losing them. The amount of
exchanged points depends on how different the actual result was
from what was expected. Unexpected results, like a lower-rated
player beating a higher-rated one, yield a bigger shift in points,
while a predictable result yields fewer points.

Given the characteristics of the Elo Rating system, it is possi-
ble to calculate the ranking of players in a competition without
every player having to face each other [2]. For example, given a
competition match between two players, A and B, each with their
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respective Elo scores R4 and Rp, the expected outcome of a match
between them is calculated as follows:

1
Fa= — W
1+10 400
1
Ep= —G @
1+10 400 —

The variables E4 and Ep are the expected outcome of each re-
spective player winning, assuming a value between 0 and 1. The
constant 400 is a factor that adjusts the sensitivity to differences
in the scores of the players in the match. A 400-point advantage in
the rating equates to a 10:1 probability in favor of the higher-rated
player, while a match where players have equal scores equates to a
50:50 probability of victory for both [5].

After obtaining the expected probability of victory, it is possible
to calculate the updated scores R, and Ry, by verifying the player
who won the match and using the following equations:

R:L‘:RA+K(SA—EA) 3)

R% =R+ K(Sg — Ep) (4)

Sa and Sp represent the match’s outcome, and can take a binary
value of 1 or 0 in a match where there are no draws, being 1 if the
player was the winner and 0 otherwise. The K-factor serves as a hy-
perparameter to adjust the pace at which the score changes, thereby
altering the speed at which the score converges or mitigating the
impact of unusual cases on the score.

In summary, the Elo system provides a dynamic and iterative
method for establishing a performance hierarchy. By applying the
predictive scoring (Equations 1 and 2) and the update mechanism
(Equations 3 and 4) over a series of matches, the system processes
the binary outcomes of each match and adjust participant scores.
This repeated adjustment, moderated by the K-factor, allows the
player ratings to converge to a score that accurately represents
each player’s performance. The final calculated Elo rank, there-
fore, represents a stable and relative measure of skill derived from
these various matches, without requiring a complete round-robin
tournament structure.

3 Methodology

This section outlines the methodology for evaluating and ranking
Automatic Commit Message Generation (ACMG) solutions using
the Elo Rating System. The process, illustrated in Figure 1, com-
prises three main phases: (1) Data and Experiment Preparation,
where we detail data collection and model selection; (2) the Empir-
ical Experiment, involving developer evaluators; and (3) the Elo
Rating calculation to rank the solutions. All the code and data
necessary to replicate this study are available in our replication
package [1].

3.1 Data and Experiment Preparation

Our study utilizes a dataset derived from the OMG paper [14], which
contains commit messages from 32 Apache projects, like Mesos and
Cassandra. The original dataset provided 381 commit messages and
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Figure 1: Overview of the Research Methodology

Table 1: Number of commit messages across all projects in

the dataset.

Project URL # Commit Messages
ambari https://github.com/apache/ambari 1
ant https://github.com/apache/ant 19
archiva https://github.com/apache/archiva 6
aries https://github.com/apache/aries 1
beam https://github.com/apache/beam 15
Cassandra https://github.com/apache/cassandra 16
cocoon https://github.com/apache/cocoon 11
exf https://github.com/apache/cxf 15
directory-server https://github.com/apache/directory-server 16
flink https://github.com/apache/flink 13
Geronimo https://github.com/apache/geronimo 12
hadoop https://github.com/apache/hadoop 1
ignite https://github.com/apache/ignite 7
isis https://github.com/apache/causeway 4
jclouds https://github.com/apache/jclouds 11
jena https://github.com/apache/jena 13
JMETER https://github.com/apache/jmeter 22
karaf https://github.com/apache/karaf 3
Lenya https://github.com/apache/lenya 10
logging-log4j2  https://github.com/apache/logging-log4j2 20
maven https://github.com/apache/maven 13
mesos https://github.com/apache/mesos 1
poi https://github.com/apache/poi 12
qpid https://github.com/apache/qpid 3
storm https://github.com/apache/storm 5
synapse https://github.com/apache/synapse 5
tomcat https://github.com/apache/tomcat 43
tomee https://github.com/apache/tomee 16
usergrid https://github.com/apache/usergrid 6
wicket https://github.com/apache/wicket 35

their corresponding SHAs, but lacked the code changes (diffs) and
repository URLs.

To obtain the necessary context, we both manually searched for
the original repository and programmatically retrieved the origi-
nal commits and their code changes using the commit SHA. This
process successfully recovered 355 commits and their respective
diffs across 30 projects. Commits that could not be recovered were
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affected by either destructive modifications to the repository his-
tory or by the original repository URL not being found. The final
dataset content is detailed in Table 1.

We evaluated four sources of commit messages, hereafter re-
ferred to as players: the original developer-written messages and
messages generated by three distinct ACMG models. The models
were selected to represent a variety of approaches:

e OMG [14]: A state-of-the-art LLM-based ACMG solution
that employs a ReAct prompting.

e FIRA [9]: An ACMG solution that employs traditional Neu-
ral Networks, which represent code changes with graphs.

e NNGen [17]: A classical retrieval-based model that employs
the Nearest Neighbor algorithm to retrieve the most closely
related message from its index of existing commit messages.

Messages from OMG and FIRA were extracted directly from the
dataset provided by Li et al. [14]. For NNGen, we used the original
authors’ publicly available implementation to generate message
candidates for our set of code changes. The final experimental
dataset included the 355 original developer-written messages and
1,065 corresponding messages generated by the three ACMG models
(355 messages per model).

The criteria we chose to evaluate the quality of commit mes-
sages were based both on literature and a survey conducted by Li
et al. [14], which explores the information developers expect from
effective commit messages. The selected evaluation criteria for this
study are the following:

o Rationality: the message needs to provide a clear and logical
explanation for the code changes, explaining the reasoning
behind them, and the nature of the change. Popularly known
as the “Why”.

e Comprehensiveness: the message should provide a sum-
mary of the changes, including all relevant details necessary
for understanding the modifications. Popularly known as
the “What”.

e Conciseness: the message should convey information suc-
cinctly, ensuring readability and quick comprehension.

e Expressiveness: the message content should be grammati-
cally correct.

o Judge’s Selection: overall preference for a commit message,
mitigating limitations of the other previous criteria, and
ultimately, is the one that the judge would use from the
available candidates.

Evaluating the five distinct criteria for each pairwise comparison
of commit messages could be a daunting process. To streamline
this process and alleviate the cognitive burden, we developed a tool
called the Commit Message Evaluation Helper Tool, or COMEHT
(pronounced as COMET).

CoMEHT, as shown in Figure 2, serves as a Graphical User In-
terface, offering structured and more readable information. For
each Match, COMEHT displays the number of files changed and
illustrates the changes introduced by the commit by showing the
BEFORE (2) and AFTER (3) versions of the selected file (1). We ex-
plicitly show the current criterion (6) to be evaluated in the commit
message pair (4) and (5). At the bottom, we present the buttons (7)
where the judge will click to select the message that he/she believe
to be the best for the current criterion. Clicking “A is better” will

Lucas Aguiar, Matheus Freitas, Matheus Paixao, and Rafael Carmo

compute a win for Player A on the current criterion. Otherwise, “B
is better” will compute a win for Player B. It is important to note
that the evaluator cannot identify which commit message sources
they are evaluating.

3.2 Empirical Experiment

To avoid bias in judge selection, we selected five Developers with
varying experience: one with 2 years, two with 4 years, and two
with more than 9 years of experience in software development.
They also had various fields of expertise: one tester, three back-
end developers, and one full-stack developer. All of them reported
some degree of familiarity with the Java language, which was the
language of the evaluated projects.

The experiment was then performed in two steps. In the first
step, we conducted a presentation that allowed the judges to ex-
plore CoOMEHT’s Ul while we explained the evaluation criteria.
Additionally, we selected 8 matches for them to evaluate, enabling
them to familiarize themselves with the process. This step took
about 30 minutes, and the played matches were both disregarded
in our analysis and removed from the final dataset.

In the second step, the judges evaluated 120 matches, selecting
the better message from each pair based on their preferences across
the five criteria. The number of matches is the result of a previously
conducted pilot, which showed that 120 matches were enough for
the Elo Ranking to converge between four players. All players had
the same number of matches, and each pair played 20 games. On
average, the second step took approximately 2 hours and 50 minutes
to complete, and all 600 match results (120 matches for each of the
5 criteria) were used to compute the Elo Ranking.

3.3 Elo Ranking Calculation

To transform the raw pairwise comparison data from the empirical
experiment into a stable and meaningful ranking, we implemented
a rigorous calculation process based on the Elo Rating system. This
process was specifically designed to address the inherent challenges
of the Elo system, particularly its sensitivity to the sequence of
comparisons.

Following the best practices for using Elo Rating, our primary
step was to mitigate the potential for order bias [5]. To achieve this,
we generated 100 unique permutations of the complete set of 600
match results. For each shuffled sequence, we calculated the Elo
scores for the four players (Developer, FIRA, NNGen, and OMG).
In these calculations, we utilized a K-factor of 16, a value that, in
the literature, yielded more consistent and accurate rankings in
evaluating LLMs [5]. All players received a common initial score of
1400.

This procedure resulted in 100 distinct Elo scores for each player
across each of the five quality criteria. The final, definitive Elo
score for each player and each criterion was then computed by
averaging these 100 scores. This averaging step is critical as it
ensures that the final ranking is robust and represents a stable
measure of quality, independent of the random order in which the
matches were processed.

While we opted for the Elo Rating system for this phase, for
reasons explained in Sections 1 and 2.2, our methodology is not
limited to it. We recognize that other rating systems are available,
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3| Commit Message Evaluation Helper Tool

Number of files changed: 1
Choose a file RealPathModule.java v

implements ThreadSafe 4
61

62 - final static Vector returnhames;

64 static {

65 Vector tmp = new Vector(); 2
66 tmp.add(""realPath"");

80 public Iterator getAttributeNames( Configuration
modeConf, Map objectModel ) throws ConfigurationException {

82 - return RequestURIModule.returnNames.iterator();

Message A
Refactor: Update getAttributeNames method in RealPathModule
This commit updates the getAttributeNames method in the
RealPathModule class. Previously, the method was returning an
iterator of the attribute names of the RequestURIModule. Now,
it returns an iterator of the attribute names of the
RealPathModule. This change improves the structure of the code
without chanaina its hehaviar.

Which of the two proposed
messages, in your opinion, is
better in each aspect:

7

A is better ®
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Figure 2: COMEHT: An auxiliary platform designed to assist judges in evaluating commit message sources. It presents important
information in an organized manner while continuously saving the match results.

such as the Bradley-Terry method [6]. Our framework can be easily
adapted with minimal modifications to accommodate any new and
improved rating systems for evaluating ACMG.

4 Results

In this section, we present the results of our empirical study. The
analysis is structured to answer our two research questions: first,
we compare the rankings produced by our Elo-based framework
against those from traditional automated metrics (RQ1); second,
we examine the Elo scores for the commit quality criteria to derive
insights into developers’ preferences for commit messages (RQ2).

4.1 RQ1: How does the ranking of ACMG
methods produced by the Elo-based
framework compare to rankings produced
by traditional automated metrics?

To answer our first research question, we established a developer-
centric benchmark by evaluating four commit message sources
(OMG, FIRA, NNGen, and Developer) using our Elo-based frame-
work. The analysis of the aggregated Elo scores, shown in Figure 3,
reveals a consistent hierarchy of developer preference across the
five quality criteria.

The results indicate a clear preference for the LLM-based OMG
model, which ranked first in four of the five criteria: Comprehen-
siveness, Expressiveness, Rationality, and the holistic Judge’s Per-
sonal Selection, surpassing even developer-written messages. The
messages from FIRA and Developer sources were ranked closely,

ELO Score Comparison by Aspect and Judge’s Selection

= FIRA
Developer

1800

1700
1600
1500
g 1400
1300
1200

1100

1000

Comprehensiveness Conciseness.
Aspects + Judge’s Selection

Expressiveness  Rationality  Judge's Selection

Figure 3: Player’s average Elo-score between all judges and
100 iterations.

occupying the middle ground, with FIRA notably outperforming De-
veloper messages in Conciseness. Lastly, the retrieval-based NNGen
was consistently the least preferred solution across all criteria. The
final ranking from the Judge’s Personal Selection, which represents
the Judges’ ultimate choice, is shown in Table 2

Next, we calculated the scores for the traditional automated met-
rics. We employed BLEU [22], specifically B-Norm [25], ROUGE-L
[15], and METEOR [4]. For the three models, we used the developer-
written messages as the ground truth reference. This allowed us to
generate results from the perspective of conventional evaluation
methods, as shown in Table 2.
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Table 2: Player ranking through different metrics.

Metrics
Source Elo BLEU ROUGE-L | METEOR
OMG 1st (1573.1) | 2nd (0.009) | 3rd (0.128) | 1st (0.210)
Developer | 2nd (1464.6) - - -
FIRA | 3rd (1443.8) | 1st (0.011) | 1st(0.314) | 2nd (0.205)
NNGen | 4th (1118.4) | 3rd (0.005) | 2nd (0.247) | 3rd (0.136)

The results show that FIRA achieved the highest position in
both BLEU and ROUGE-L with 0.011 and 0.314, respectively. These
automated metrics calculate the closeness of the generated mes-
sages to the original messages, indicating that FIRA and Developer
messages have highly related content.

However, despite being the clear winner in our Elo Framework,
the OMG solution ranked last in ROUGE-L and second in BLEU.
This occurs because OMG messages, while rated higher in infor-
mational content by Judges (being preferred in both Rationality
and Comprehensiveness), are more verbose and detailed than the
typically brief human references, leading to a penalty for their lack
of similarity.

The automated metric METEOR, which didn’t penalize OMG’s
longer messages, failed to accurately reflect the difference in pref-
erence between OMG and FIRA, yielding similar scores for both:
0.205 and 0.210, respectively. In contrast, Elo allows us to prop-
erly estimate the difference between these two models: OMG has a
65% chance of being preferred overall over developer messages, as
reported in Figure 4.

Win Probability of A over B - Judge's Selection

1.0
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0.0
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Source B

Figure 4: Win probability of each player against the other in
the criterion of Judge’s Selection

Response for RQ1: There is a fundamental misalignment be-
tween traditional automated metrics and genuine developer pref-
erence. The Elo-based framework reveals that developers priori-
tize the detailed nature of LLM-generated messages. In contrast,
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metrics like ROUGE-L penalize the very characteristics that make
these messages valuable. This demonstrates that human-centric,
reference-free methods, such as our Elo-based Framework, are bet-
ter suited for benchmarking modern ACMG solutions.

4.2 RQ2: What is the Difference in ELO
Rankings for Different Commit Message
Quality Criteria?

The evaluation of Comprehensiveness, which assesses a message’s

ability to provide a complete summary of all relevant changes, the

“what”, found OMG as the undisputed winner, achieving the highest

Elo score among all sources. Figure 5 quantifies this dominance

by detailing the win probabilities from direct comparisons. OMG

demonstrated massive superiority, showing an 83% win probabil-

ity against Developer-written messages, 89% against FIRA, and a

near-total 97% against NNGen. Developer-written messages ranked

second, consistently being more comprehensive than FIRA, with a

62% win probability in their matchups.

In the Rationality criterion, which assesses the message’s abil-
ity to explain the “why” behind the code change, the OMG model
ranked first. The quantitative results, presented in Figure 6, under-
score OMG’s superiority, achieving an expected win probability
of 85% against Developer-written messages and 88% against FIRA.
The second position was occupied by Developer messages, which
held a slight edge over FIRA (56% win probability), suggesting a
very similar perceived preference between the two.

The Conciseness criterion was the only aspect where OMG did
not rank first, revealing a clear trade-off between informational
depth and brevity. Figure 7 illustrates this reversal in preference,
with FIRA emerging as the top performer, achieving a 68% win
probability against OMG and 54% against Developer messages.
Developer messages were also rated as significantly more concise
than OMG’s (65% win probability), indicating that OMG’s verbosity
was perceived as a drawback.

Response for RQ2: Our findings reveal that the Elo rankings
differed across quality criteria, highlighting a critical trade-off in
developer preferences. The LLM-based model, OMG, emerged as
the dominant performer, ranking first in Comprehensiveness, Ra-
tionality, and Expressiveness. However, this trend was completely
inverted for the Conciseness criterion, where OMG was rated poorly
for its lengthy messages, while FIRA and Developer-written mes-
sages were favored. This discrepancy demonstrates that no single
model excelled across all attributes, underscoring an inherent ten-
sion between depth of information and brevity. Crucially, despite
OMG'’s low Conciseness score, it regained the top rank in the holis-
tic Judge’s Personal Selection, indicating that developers prioritize
context-rich, in-depth messages over pure brevity.

5 Threats to Validity

We acknowledge the potential limitations in our study, which we
report as follows:

External Validity: Our primary limitation is the scope of the
empirical study. The evaluation was conducted with five judges,
all of whom were familiar with Java. While the participants were
experienced professionals from diverse software development back-
grounds and varying experience levels, the small sample size limits
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the criterion of comprehensiveness
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Figure 6: Win probability of each player against the other in
the criterion of rationality

the generalization of our findings to the broader developer commu-
nity. Furthermore, our dataset consisted of 120 code changes, which
we determined through a pilot. While the results showed stable
rankings at 120 matches, it is possible that with more matches, the
rankings would change. Second, the dataset’s scope is limited to
Java-based projects from the Apache Software Foundation. This
lack of diversity limits the generalization of our findings, as the
identified preferences and source performance may not be repre-
sentative across other programming languages and projects.
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Figure 7: Win probability of each player against the other in
the criterion of conciseness

Construct Validity: First, our definition of commit message
quality was based on five criteria derived from the literature. Al-
though well-grounded, this set of criteria is not exhaustive and may
not capture all the aspects of quality that developers perceive. Sec-
ond, the Elo framework itself has inherent limitations. It provides a
relative ranking of preference, not a measure of absolute quality.

Internal Validity: A potential threat arises from the subjectivity
of human evaluation. To mitigate this, we selected five participants
with diverse backgrounds and an average of 5 years of software
development experience. The judges’ consensus on most criteria
(e.g., Rationality, Comprehensiveness) suggests this was effective.
Another threat is the Elo system’s sensitivity to the sequence of
comparisons. We mitigated this by generating 100 unique permuta-
tions of the 600 match results and averaging the final Elo scores,
ensuring the final ranking is robust and stable. Finally, the Elo cal-
culation is sensitive to the K-factor parameter. We addressed this
by adopting a K-factor of 16. This value yielded more consistent
rankings when evaluating generative models in the literature [5].
Still, other K factors can be explored as we balance the number
of matches needed with the best representation of the player’s
performance.

6 Conclusion

Evaluating the quality of Automatic Commit Message Generation
(ACMG) systems, particularly those powered by LLMs, is a sig-
nificant challenge. Traditional metrics such as BLEU and ROUGE
are often misaligned with developer preference, as they rely on
lexical similarity to Developer-written references of varying qual-
ity. This paper addressed this gap by proposing and validating a
novel, reference-free evaluation framework based on the Elo Rating
system, designed to benchmark ACMG solutions through direct
pairwise comparisons that capture genuine developer preference.
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Our empirical study revealed a fundamental misalignment be-
tween our Developer-centric Elo rankings and those produced by
traditional automated metrics (RQ1). The LLM-based OMG model,
which ranked highly across most developers’ criteria, performed
poorly on metrics such as ROUGE-L and BLEU, which penalize its
informative verbosity. Furthermore, our granular, criterion-based
analysis provided key insights into the nature of developer pref-
erences (RQ2). We found that while developers value conciseness,
they were willing to trade it for informational completeness.

The primary contribution of this work is a validated, reference-
free evaluation methodology for ACMG that serves as a more faith-
ful and insightful proxy for developer preference than traditional
metrics. Our findings provide strong empirical evidence that the
current paradigm for evaluating code summarization tasks may
be focusing on the wrong target. By shifting the focus from lexi-
cal similarity to Developer-centric, preference-driven assessment,
frameworks like the one presented in this paper can pave the way
for developing LLM-powered tools that are not just technically
proficient but genuinely more useful to the software engineers who
rely on them.

For future work, we envision creating a unified platform to evalu-
ate ACMG solutions. We also plan to explore various rating systems,
like the Bradley-Terry method [6]. Ultimately, we aim to gather
a larger sample of evaluators to better capture the nuances of de-
veloper preferences. Additionally, we will investigate the potential
of using LLMs to replace human judges in the evaluation process,
thereby streamlining the assessment.
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