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Abstract
Code comprehension is vital for software development. Still, unreadable code remains a 
significant issue, costing substantial time and money losses. While tools to identify code 
exhibiting a low readability exist, take actions to improve such a quality aspect is far 
from trivial. To support developers in such a task, Vitale et al. introduced at ASE’23 an 
approach using a transformer model (T5) fine-tuned on code commits in which devel-
opers explicitly stated their goal to improve code readability. The authors reported that 
their model is able to generate readability-improving changes being identical to those 
implemented by developers (exact matches) in 21% of cases and that, even when they 
differ, they still improve readability in the vast majority of cases (∼80%). Given the major 
advances in AI made in the last few years, we questioned whether a fine-tuning for such 
a task was still needed in the era of Large Language Models (LLMs), thus revisiting the 
work by Vitale et al. with state-of-the-art models. In doing so, we found out one major 
issue with the original study design: The training-test splitting was performed randomly 
(i.e., readability-improving commits mined from open source projects were randomly split 
between training and test) rather than by project, significantly inflating the reported per-
formance due to repeating readability-improving commits done within the same project. 
Indeed, as we will show, even newer and more powerful LLMs fine-tuned for this task can 
only achieve a ∼1% of exact matches. Once fixed this issue, we shifted our attention on 
assessing whether fine-tuning on available developer readability improvements is actually 
needed given the recent advances in general-purpose LLMs. We compare the performance 
of fine-tuned state-of-the-art LLMs with what they achieve in zero-shot setting, also in-
cluding in our study commercial LLMs (GPT-4.1). As we will show, quantitative metrics 
(e.g., exact matches, CrystalBLEU) tell very little about the readability-improving capa-
bilities of LLMs and, thus, our study is mainly qualitative in nature, with a total of ∼9,500 
inspected LLMs’ change recommendations. While all models do improve code readability, 
our results clearly show that fine-tuning using mined readability-improving commits does 
not help and, instead, results in sensibly poorer readability recommendations as compared 
to LLMs used in a zero-shot setting, with GPT-4.1 being the one achieving the best results.
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1  Introduction

Software development hinges heavily on code comprehension, with such an activity con-
suming a substantial portion of developers’ time (Erlikh 2000; Minelli et al. 2015). While 
this should make code readability as a first-class quality attribute, several software projects 
feature what has been defined in the literature as “unreadable code” (Piantadosi et al. 2020). 
Recognizing the criticality of this issue, prior research has focused on developing models 
to automatically assess code readability (Buse and Weimer 2008, 2009; Posnett et al. 2011; 
Dorn 2012; Scalabrino et  al. 2016, 2018; Mi et  al. 2018). While identifying unreadable 
code might make developers aware of what should be improved, it does not support them 
in solving the issue.

One might argue that readability can be easily improved by using existing IDE-inte-
grated tools (e.g., code formatting). However, this is only partially true, since code read-
ability issues are often more intricate than they seem on the surface. Let us consider, as an 
example, the snippet in Fig. 1. There are several issues in the code before the implemented 
readability-improving change (see colored rectangles). The improvement of some of them is 
straightforward (e.g., formatting issues). Others, instead, require more work and knowledge 
of good code design. For example, let us focus on line 3 before the change. When improving 
the naming of the variables (red rectangles) and removing magic numbers (blue rectangles), 
the line becomes too long, triggering an extract variable refactoring with answerCount 
being created. Finally, the method calls related to the Java stream APIs are split on several 
lines, again with the goal of improving readability.

While previous research has introduced advanced methods for improving all the indi-
vidual aspects featured in this example (e.g., styling Loriot et al. 2019 and naming Thies 
and Roth 2010; Allamanis et al. 2014; Lin et al. 2017), improving readability as a whole 
is a more complex problem to address. This is the reason why Vitale et al. (2023) recently 
proposed an approach that aims at achieving this goal. They first mine a dataset of read-
ability-improving commits and then use it to fine-tune a T5 model (Raffel et al. 2019) that 
can improve code readability. Despite the pioneering nature of such a work, we wondered 
whether its findings were still valid nowadays, after the major advances done on general-
purpose Large Language Models (LLMs), which can automate several tasks in a zero-shot 
setting (i.e., by just receiving instructions via a crafted prompt). We started by replicating 
their work, exploiting the mining pipeline they built to enlarge the set of readability-improv-
ing commits mined from open source projects that are used to train and test the deep learn-
ing models. Indeed, Vitale et al. (2023) mined such commits from GitHub up to 2022 and, 
thus, additional data can be collected nowadays. Their pipeline exploits textual patterns in 
commit messages (e.g., “improve readability”) and has been shown to have a high accuracy 
in identifying readability-improving commits. As main quantitative evaluation metric in the 
original work, the authors used exact matches (EM), namely the percentage of commits in 
the test set for which T5 was able to recommend the exactly the same readability-improv-
ing changes as those implemented by developers. They found that, with a single attempt, 
T5 achieved EM=21%, a quite impressive result considering the very limited size (60M 
trainable parameters) of such a model. In this work, we exploit newer LLMs, since the T5 
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used in Vitale et al. (2023), while still considered a state-of-the-art model in 2023 (when 
the study was conducted), looks outdated in the modern LLMs landscape. For example, it 
has a very limited context window (512 tokens), which makes the approach hardly adopt-
able in practice for code-related tasks, since it can only “look” at very small inputs. This 
is also the reason why Vitale et al. trained it at “block-level granularity”, meaning that a 
single diff representing a readability-improving commit was split into several training/test 
data points, each focusing on a specific code block of maximum 10 contiguous lines which 
were impacted by the change. This means that the model can not support a more complex 
readability-improving refactoring as the one presented in Fig. 1. In our work, we focused 
on a more realistic method-level granularity, in which we provide the LLMs with an entire 
method that has been subject to readability-improving changes in the commits’ diff. While 
this may still look like limited in size, it is worth noting that readability-improving changes 
are usually well focused as compared, for example, to bug-fixes or architectural changes, 
which may involve even multiple files.

Despite employing newer LLMs being substantially larger than T5, i.e., from ∼10× 
(0.5B) to ∼115× (7B) more trainable parameters (Hui et al. 2024), we only achieved up to 
EM=1.40%. Such a difference may be due to many differences in the experimental design, 
such as the choice of targeting more realistic (but also more challenging) method-level 
changes, rather than block-level ones. However, by investigating the root causes behind this 
major difference, we found out that in the original work (Vitale et al. 2023) the authors split 
the collected readability-improving commits randomly, with the possibility of having the 
commits from the same project both in the training and in the test set.

Fig. 1  Example of change aimed to improve readability

 



1 3

    9   Page 4 of 29 Empirical Software Engineering            (2027) 32:9 

Recent work showed such a splitting could heavily bias the results (Shi et  al. 2022a; 
Zhang et al. 2023; Zhu et al. 2024c). In the context of this work, this may be due to repetitive 
readability-improving commits performed within the history of certain projects, with some 
of them placed in the training and others in the test set. Indeed, our by-project splitting led 
to completely different (quantitative) findings.

Once fixed this issue, we moved to the main focus of our study, namely understanding 
whether fine-tuning an LLM for code readability improvement is still worthwhile having 
available general-purpose LLMs which, in theory, can automate several tasks in a zero-
shot setting. We experiment in zero-shot the same LLMs we previously fine-tuned, namely 
those belonging to the Qwen2.5-Coder family (Hui et al. 2024) in four different sizes (0.5B, 
1.5B, 3B, and 7B) as well as GPT-4.1, used via the OpenAI APIs. From a quantitative 
point of view (mainly EM predictions), we found that there is a slight advantage from fine-
tuning models with code readability improvement examples, but not big enough to justify 
the costs. However, by manually inspecting some of the generated predictions, we quickly 
realized that quantitative metrics such as EM predictions tell very little about the quality 
of the readability-improving changes recommended by the LLMs. Indeed, in several cases 
the LLMs were recommending meaningful changes which, however, were different from 
those implemented by developers. Thus, we completely switched the focus of our study 
to a qualitative investigation, in which we inspected statistically significant samples of the 
predictions generated by different LLMs and different techniques (e.g., fine-tuning vs zero-
shot) to understand the extent to which the changes recommended by the LLMs do not 
change the behavior of the input code, as it would be expected from a readability-improving 
change. We found that all models change the behavior between 11.4% (Qwen2.5-Coder-7B 
instructed) and 16.2% (Qwen2.5-Coder-7B fine-tuned) of the cases, which clearly shows 
that developers should carefully check the models output before integrating the suggested 
changes.

Also, we performed a direct comparison between the best fine-tuned model we found, 
its zero-shot version, and the largest commercial LLMs considered in our work (GPT-4.1 
in zero-shot) to qualitatively assess which of them was able to recommend the best read-
ability-improving changes given a common set of code instances. The fine-tuned model 
achieved similar but slightly worse results as compared to the original developers, show-
ing that it does learn their change characteristics. However, when directly comparing the 
fine-tuned and the zero-shot version of the same model, the latter achieved consistently 
better results, suggesting that fine-tuning, as proposed by Vitale et al., is less effective than 
zero-shot learning in this context. On the other hand, the two models in the zero-shot setting 
(Qwen2.5-Coder-7B instructed and GPT-4.1) achieve sensibly better results, not only when 
compared to the fine-tuned model, but also to the original developer, with GPT-4.1 emerg-
ing as the best model, at the moment, to improve code readability.

The main contributions of this paper are as follows:

	– We differentially replicate and extend the study by Vitale et al. (2023) revisiting code 
readability improvement by building a larger dataset of readability-improving commits 
(spanning from 2015 to 2024) and introducing a method-level granularity setting with 
project-wise splitting to avoid data leakage.

	– We provide an in-depth empirical evaluation state-of-the-art LLMs in code readability 
improvement. We considered both open-weight models (Qwen2.5-Coder, from 0.5B to 
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7B) in both fine-tuned and zero-shot settings, and a commercial closed-weight model 
(GPT-4.1). Our evaluation mainly focuses on human evaluation for assessing both 
behavior changes in the proposed improvements and the actual improvements in terms 
of readability.

	– We release all data and code used in our study to foster future research on code read-
ability improvement (Anonymous 2025).

2  Related Work

Software maintenance remains one of the most expensive activities in the software life-
cycle. Erlikh (2000) showed that developers spend more time in maintenance activities 
than developing code. In fact, Oliveira et al. (2024) studied the importance of code under-
standability during code review, finding that many reviewers’ comments are focused on the 
improvement of code understandability.

Given its importance, previous work aimed at defining approaches for automatically 
assessing code readability, essential to ease code understandability. Pioneering works, such 
as those from Buse and Weimer (2008, 2009), introduced the first approach for achieving 
such a goal through structural features (e.g., line length and identifier length). Posnett et al. 
(2011) defined a simpler model for code readability by using three metrics: Halstead vol-
ume, entropy, and LOC. Later, Dorn (2012) achieved higher prediction accuracy proposing 
a new model leveraging visual, spatial, and linguistic features (e.g., alignment of characters 
and indentation variation), and introduced a large dataset of manually-evaluated snippets in 
different programming languages. Scalabrino et al. (2016, 2018) defined a comprehensive 
model including all the state-of-the-art features, in which they also integrated a set of textual 
features (e.g., consistency between comments and identifiers and comment readability). Mi 
et  al. (2018) tested deep-learning techniques to predict code readability through Convo-
lutional Neural Network (CNN) (Mi et al. 2018), visual, semantic and structural features 
(Mi et  al. 2022), and graph neural networks (Mi et  al. 2023). Recently, Sergeyuk et  al. 
(2024a, 2024b) evaluated the alignment of existing code readability assessment models 
with developers, finding weak correlation between the latter and developers’ ratings. They 
found moderate agreement between developers on key aspects that guide code readability 
assessments. Finally, Vitale et al. (2025a) studied personalized code readability assessments 
(i.e., specialized for developer readability perspectives) through models tailored to develop-
ers previous assessments; they empirically show that also such models are not effective in 
automatically assessing code readability.

Vitale et al. (2023) defined the first and, to the best of our knowledge, only approach 
in the literature for automatically improving code readability. They collected a dataset of 
readability-improving commits and used it to fine-tune a T5 model. Since the publication of 
that work there have been significant advancements for the automation of code-related tasks 
using deep learning. Newer language models have been scaled both in the number of param-
eters (i.e., billions vs millions) and the amount of training data (i.e., billions vs trillions 
tokens). For example, the smallest variants of models such as CodeLlama (Roziere et al. 
2023), StarCoder (Lozhkov et al. 2024), and DeepSeek-Coder (Guo et al. 2024a) contain up 
to ∼20× more parameters than the pre-trained T5 adopted by Vitale et al., which only had 
60M parameters. Additionally, these newer models are pre-trained on massive amounts of 
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text data including both natural language and code and are further fine-tuned for instruction-
following to support conversational interactions. This allowed users to directly prompt the 
model to achieve a specific task e.g., code generation, code summarization, and others.

The strong automation capabilities of these models used in a zero-shot setting has been 
also demonstrated for several software-related tasks. For example, Sun et al. (2024) showed 
that zero-shot prompting LLMs achieved strong effectiveness in code summarization 
according to human evaluation. Also, most of the proposed instruction-fine-tuned models 
showed strong performance on well-established benchmarks for both code generation and 
code editing (Guo et al. 2024a; Hui et al. 2024; Lozhkov et al. 2024; Roziere et al. 2023). 
Still, to the best of our knowledge, no previous work investigated the extent to which they 
can automatically improve code readability, thus understanding whether fine-tuning on 
available developer readability changes is actually needed for supporting this task. This is 
the aim of our work.

3  Study Design

The goal of our empirical investigation is to differentially replicate and extend the study 
by Vitale et  al. (2023) considering the recent advances in LLM-based code automation. 
More specifically, we want to understand the extent to which (i) LLMs can actually recom-
mend readability-improving changes; (ii) fine-tuning is actually needed and overcomes a 
zero-shot approach to the problem. In details, we aim at answering the following research 
questions (RQs): 
RQ1:	 To what extent are LLMs fine-tuned and used in zero-shot prompting able to emu-
late the readability-improving changes made by developers? This is the only RQ for which 
we completely rely on quantitative metrics (e.g., EM and CrystalBLEU Eghbali and Pradel 
2022) to (i) compare our findings to what reported by Vitale et al. (2023) in the fine-tuning 
scenario; and (ii) have a first (cheap) comparison between fine-tuning and zero-shot.
RQ2	 To what extent do LLMs fine-tuned and used in zero-shot prompting change the 
code behavior? By manually inspecting the code changes recommended by fine tuned 
LLMs and LLMs used in zero-shot, we assess whether the models try to improve readability 
or make other unrequested operations that change the code behavior.
RQ3	 To what extent do LLMs fine-tuned and used in zero-shot prompting improve code 
readability as perceived by humans? We qualitatively assess and compare the meaningful-
ness of the readability-improving changes (i) recommended by fine-tuned LLMs and those 
used in zero-shot setting, and (ii) implemented by human developers.

3.1  Context Selection

We introduce the context of our study in terms of used data and LLMs.

3.1.1  Training, Validation, and Test Sets

To collect the code readability improvement dataset, we rely on the methodology adopted 
by Vitale et al. (2023). In their work, the authors leveraged GitHub Archive (Grigorik 2012) 
to extract readability-improving commits spanning from January 2015 to December 2022. 
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The candidate commits were identified as those featuring keywords related to “readabil-
ity” in the message (e.g., readability, cleanup, formatting). Then, a two-stage filtering pro-
cess was applied: (i) a word-blacklist was used to exclude false positives (i.e., commits 
retrieved as readability-improvement which, however, relate to other types of changes); (ii) 
a NLP heuristic was employed to include only instances in which an improvement lemma or 
code lemma was linked to a readability-related one. Concerning the first point, we slightly 
improved it. In particular, by looking at several cases of false positives returned by the 
pipeline, we enlarged the sets of words in the blacklist, representing common terms often 
co-occurring with readability-related keywords but unrelated to the code readability. For 
example, we included terms related to: (i) GUI components (i.e., banner, chart, div, svg, 
etc.) since sometimes developers use them in sentences line “resized svg icons for better 
readability”; and (ii) other quality aspects (e.g., performance) to exclude tangled commits, 
which would be problematic both at test and training time (e.g., “improved performance and 
refactored code to be more readable”). In total, we added 65 new terms in the blacklist (see 
replication package Anonymous 2025).

As per the NLP-based filter, we do not apply any change to the approach Vitale et al. 
defined. The basic idea behind their technique is to identify as relevant commits those in 
which a term related to “readability” relates to another term indicating improvement (e.g., 
improved, increase, optimize) or to a term explicitly referring to a code element (e.g., code, 
function, variable, statement). The full list of words are available in our replication pack-
age (Anonymous 2025). Specifically, each commit message is first divided in individual 
sentences. Then, for each sentence, a dependency tree is constructed using Python SpaCy. 
Finally, if the “readab-” node is linked via a dependency relation to either an improvement-
related node or a code node the commit is retained, otherwise, it is discarded.

Subsequently, as in the original pipeline, we exclude commits (i) modifying too many 
files (>5, to reduce the chance of tangled commits), and (ii) modifying files not related to the 
programming language of interest (Java).

We also updated the dataset collected by Vitale et al. by including commits from January 
2023 to December 2024, i.e., we added two years of development on the whole GitHub. 
This resulted in additional ∼66k readability-improving commits (i.e., +36%).

Vitale et al. also ran an experiment to validate the capabilities of their NLP-based tech-
nique for selecting readability-improving commits. Since we modified the procedure by 
including more keywords, we fully replicated it to assess its precision. Two authors manually 
analyzed a statistically-significant sample of 500 commits (95% confidence level, ±4.38% 
margin of error). The evaluators were asked to read the commit message, check the change 
diff, and report whether the intention of the developer was to improve readability (a boolean 
classification). The evaluators disagreed on 76 cases, which were carefully reviewed and 
discussed by both of them, finding an agreement. In total, the evaluators classified 452 com-
mits out of 500 as readability-improvement (90.40%). Therefore, we can conclude that the 
percentage of actual readability-improving commits in the dataset we collected is between 
86.02% and 94.78% (95% confidence level), which is slightly higher than the one reported 
in the original work (which was between 82% and 90.8%).

We build our dataset at method-level granularity, meaning that for a given readability-
improving commit, we (i) identify all modified files, excluding added and deleted ones 
since we need the code both before (assumed lower readability) and after (assumed higher 
readability) the commit; (ii) find, within those files, the lines impacted by the changes; and 
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(iii) use javaparser (Javaparser n.d.) to map the impacted lines to the methods featured in 
the files. This gives use pairs of ⟨mb, ma ⟩ with mb representing a given method before 
the readability-improving changes and ma its “improved” version. Remember that such a 
granularity is different compared to the one used in the replicated work (Vitale et al. 2023), 
which focused on block-level changes within the diff (i.e., diff hunks) limited to up to 10 
lines of code. In total, we collected 57,136 ⟨ mb, ma ⟩ pairs.

We then employ a data cleaning pipeline aimed at removing invalid instances. First, we 
excluded all pairs having an empty ma or mb. Indeed, while we only considered modified 
files in order to have both code before and after the readability-improving changes, it may 
still happen that within those files a method has been deleted (no ma) or added (no mb).

Then, we temporary abstract all strings, numbers, and dates in all collected methods 
<STRING>, <NUMBER>, and <DATE> tokens, respectively, and remove: (i) instances in 
which ma is equal to mb (e.g., only a number has been changed); and (ii) duplicated pairs in 
the dataset, identified as pairs having the same ma and/or mb. For the latter, we only keep 
one instance in the dataset.

As done in recent work applying deep learning techniques to software-related tasks, we 
also apply additional filters to improve the data quality, removing pairs that (i) likely include 
self-admitted technical debt (SATD) (Mastropaolo et al. 2021; Shi et al. 2022b; Tufano et al. 
2023) by simple string-matching with terms such as “TODO”, “FIX-ME”, etc.; (ii) contain 
non-ASCII characters (e.g., emojis); (iii) present specific patterns (e.g., “=======”), fre-
quently indicating toy examples (Tufano et al. 2023); and (iv) instances with commented-
out code (Shi et al. 2022b). This left us with ∼45k ⟨ mb, ma ⟩ pairs.

We also remove instances composed by more than 1024 tokens (i.e., as counted by the 
LLM tokenizer that we use). We choose 1024 as a limit since, during pre-processing, we 
found that ∼92% of the instances contained less than 1024 tokens. In the original work 
(Vitale et al. 2023) such a threshold was 512 which, in our dataset, would include only ∼
69% of pairs. Finally, as done by Vitale et al., we exclude all trivial instances, namely those 
for which the token edit distance between mb and ma is less than 10.

Such a process left us with 31,781 ⟨ mb, ma ⟩ pairs, with mb (i.e., what will become 
the LLMs’ input) containing up to 134 lines of code. To avoid data leakage, and differently 
from the previous work we are replicating (Vitale et al. 2023), we split the data into training, 
validation, and test sets by making sure that all pairs from a single repository are featured 
within one of these sets. We aimed at reaching the typical 80-10-10 proportion but, due to 
the repository-level splitting, we ended up with slightly different percentages (25,459 for 
training – 80.1%, 3,179 for validation – 10.0%, and 3,143 for test – 9.9%).

3.1.2  Large Language Models

Given the goal of comparing fine-tuned LLMs and LLMs used in a zero-shot setting, we 
started by selecting a set of open LLMs that can be used in both settings. We chose the 
Qwen2.5-Coder family (Hui et al. 2024), since it (i) features models in several different 
sizes; and (ii) achieved state-of-the-art performance across several well-established bench-
marks (Hui et al. 2024).

Qwen2.5-Coder LLMs are built upon the Qwen2.5 architecture: Starting from Qwen2.5’s 
model weights, these LLMs have been further pretrained on additional 5.5 trillions of tokens 
related to source code, text, and math data. In our experiments, we use the 0.5B, 1.5B, 



1 3

Page 9 of 29      9 Empirical Software Engineering            (2027) 32:9 

3B, and 7B trainable parameters variants. This also allows to observe how the model size 
impacts the quality of the readability improvements with and without fine-tuning.

We use each model both (i) in zero-shot prompting, and (ii) after fine-tuning it with the 
training set of 25,459 ⟨ mb, ma ⟩ pairs previously described. We fine-tune each model for 
5 epochs using a batch size of 16 and a the maximum length set to 1024 tokens. Following 
previous work (Lin et al. 2024; Kavathekar et al. 2025; Ren et al. 2025; Silva et al. 2025; 
Wang et al. 2025a, b, c), we use AdamW (Loshchilov and Hutter 2017) as optimizer and 
set 2e-5 as learning rate. Additionally, we set a warmup ratio of 10% and a cosine learning 
rate scheduler. We use BF16 precision to accelerate the training process. We employ early 
stopping to prevent overfitting (Prechelt 2002). We assess the effectiveness of the model 
after each training epoch by calculating the number of correct predictions achieved on the 
validation set. A correct prediction corresponds to the model’s ability to implement read-
ability improvements as the developer did (exact match).

The fine-tuning procedure is stopped and the best-performing checkpoint is selected if 
there is no gain in correct predictions after three epochs.

We also include in our study GPT-4.1 (OpenAI n.d.) as a representative of closed-weights 
and general-purpose models. GPT-4.1 was the flagship OpenAI model when the experiment 
has been ran. We use GPT-4.1 only in zero-shot setting.

Table 1 reports the models included in our study, with the name we will use in the remain-
der of the paper to refer to them.

3.2  Data Collection & Analysis

All non-fine-tuned models (i.e., the four Qwen2.5-Coder variants and GPT-4.1) used in zero-
shot have been instructed with the following prompt: “Improve the readability of the fol-
lowing Java code and return ONLY the updated method: {method}”, where {method} 
is the mb in the collected pairs (i.e., the method in need of readability improvements). 
In contrast, for the fine-tuned models, as set during the training, we simply provide them 
with mb as input using the prompt: “Improve the readability of the following Java code: 
{method}”. We defined the zero-shot prompt by iterative refinement: The specification 
“return only the updated method” was necessary since, without it, the model tended to 
return multiple methods as an output. This was not the case for the fine-tuned models, that 
have been explicitly trained to generate a single method ma given mb, thus not requiring 
in the prompt a clarification about the expected output format. We use greedy-decoding to 
generate the predictions (temperature = 0) to foster replicability.

Name Family Size Modality
Qft-0.5B Qwen2.5-Coder 0.5B Fine-Tuned
Qft-1.5B Qwen2.5-Coder 1.5B Fine-Tuned
Qft-3B Qwen2.5-Coder 3.0B Fine-Tuned
Qft-7B Qwen2.5-Coder 7.0B Fine-Tuned
Qin-0.5B Qwen2.5-Coder 0.5B Zero-shot
Qin-1.5B Qwen2.5-Coder 1.5B Zero-shot
Qin-3B Qwen2.5-Coder 3.0B Zero-shot
Qin-7B Qwen2.5-Coder 7.0B Zero-shot
GPT-4.1 GPT-4.1 N.A Zero-shot

Table 1  Models considered in 
our experiments
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3.2.1  RQ1: Reproducing Developers’ Changes

To answer RQ1, we compute for all predictions generated by each model on our test set (i) 
the percentage of exact matches, and (ii) descriptive statistics about the CrystalBLEU score 
(Eghbali and Pradel 2022). The former compares the candidate improvement recommended 
by LLM with the changes implemented by developers in the mined commit, considering the 
candidate correct only if it is identical to the developer’s change. This is a quite strict met-
ric, representing a lower bound for the performance of the LLMs. CrystalBLEU, instead, 
is a similarity metric between the prediction (candidate) and the expected output (refer-
ence). Differently from BLEU (Papineni et al. 2002), which primarily focuses on matching 
n-grams, CrystalBLEU mitigates the influence of trivially shared n-grams i.e., common 
sequences that occur frequently among source code artifacts due to syntactic sugar or pro-
gramming languages, but that do not necessarily indicate semantic similarity.

3.2.2  RQ2: Changing Behavior

To answer RQ2, in line with previous work (Vitale et al. 2023), we rely on manual inspection 
of the generated predictions with the goal of assessing how frequently the LLMs generate 
code changes which are certainly wrong, since they alter the behavior of mb, something 
which should not happen with a readability-improving change. We opted for manual inspec-
tion instead of automated testing (e.g., unit test execution) because the latter would have 
introduced several challenges. First, we would have needed to have unit tests targeting the 
method within the original repository, a requirement that is not always satisfied in open 
source software, especially in less mature projects. Second, the tests available should be 
adequate enough (e.g., they should have high branch coverage), which literature shows is 
often not true in practice (Wang et al. 2024). Besides, test adequacy would still be insuf-
ficient to guarantee that tests would allow to find bugs in the improved version of the code. 
Having considered all those aspects, we preferred a double and independent manual inspec-
tion, which – although requiring more effort – is more accurate than testing in finding bugs 
and allows for more fine-grained checks (i.e., identifying the precise nature of the behav-
ioral change) in this context.

Running manual analysis on a sufficiently big sample of predictions for all studied mod-
els would have been too expensive. Thus, based on the idea that larger models tend to 
perform better in automating code-related tasks (Chen et al. 2021), we focus on the manual 
inspection of Qft-7B, Qin-7B, and GPT-4.1. Basically, we manually inspect a sample of 
readability-improving changes recommended by the largest open model used in our study 
(7B) in both its versions (i.e., fine-tuned and used in zero-shot), as well as by the only com-
mercial model we adopt (GPT-4.1).

To sample the instances to inspect, we started by selecting 500 ⟨ mb, ma ⟩ pairs in which 
we could confirm that the developer-introduced changes did not alter the code behavior. 
This was a way to consider cases in which we know that the LLM at least had the chance 
to implement meaningful changes without impacting the code behavior. Indeed, note that 
this is not guaranteed for all pairs we collected, since, as we documented, errors are made 
by the automated collection pipeline. The selection was made by two authors, who indepen-
dently inspected 500 instances as a starting point with the goal of labeling them as behavior-
preserving or not. To ensure that they had the same understanding of the task, the evaluators 
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had a meeting where a series of examples were provided and discussed, clarifying the crite-
ria to define whether a candidate improvement changes the behavior. The evaluators agreed 
on the following process. First, they examined the instruction blocks in mb and looked for 
their corresponding parts in ma, and vice versa. If any block in one version did not have a 
clear counterpart in the other version, they concluded that the behavior had changed. Oth-
erwise, they examined the equivalence of the corresponding blocks (e.g., they checked that 
the actual parameters of method calls were the same). If any difference was observed, they 
concluded that the behavior had changed. Finally, if no relevant differences were identified, 
they concluded that the behavior was preserved. Take as an example a method that includes 
a check on the presence of a column of a CSV file before returning its mean, and a candi-
date that removes such a check. In this case, the evaluators can confirm that the candidate 
changes the behavior logic of the original code because there is no mapping for that instruc-
tion block (the if condition). Cases of disagreements (15) have been resolved via open 
discussion. Then, the 121 pairs labeled as “changing the behavior” have been replaced by 
new ones, iterating the process until the 500 target was reached. In total, this required the 
inspection of 672 pairs and the solving of 17 cases of disagreement.

Once collected, the 500 ⟨ mb, ma ⟩ pairs, providing a statistically significant sample 
(95% confidence, ±4% margin of error), based on the previously defined criteria, were inde-
pendently inspected by two authors for all predictions generated by the three models, for 
a total of 1500 predictions each. The goal of the manual inspection was the same of the 
one performed for the human-implemented changes: Labeling each prediction as behavior-
preserving (thus, possibly a correct readability-improving change) or not (certainly wrong). 
Again, 26 cases of disagreement were resolved through an open discussion.

We report, for each model, the percentage of cases in which their predictions were behav-
ior-changing (the lower the better). In addition, we conduct a Fisher exact test (Fisher et al. 
1956) as an exploratory check to observe the general trends in behavior-preserving dif-
ferences between models (three comparisons: Qft-7B vs. Qin-7B, Qft-7B vs. GPT-4.1, 
and Qin-7B vs. GPT-4.1). We adjust p-values using the Benjamini-Hochberg procedure 
(Benjamini and Hochberg 1995) to account for multiple comparisons. We reject the null 
hypothesis (i.e., there is no difference) if the p-value is lower than 5%.

3.2.3  RQ3: Readability Improvement Capabilities

Finally, to answer RQ3 we run again a qualitative analysis of the candidate improvements 
generated by the same three models subject of RQ2 (Qft-7B, Qin-7B, GPT-4.1) starting 
from the same subset of 500 pairs for which humans did not change the code behavior. 
However, RQ3 aims at (i) directly comparing the three models among them, to see which 
ones provides the best readability-improving changes, (ii) compare the readability improve-
ments achieved by models with those achieved by humans, and (iii) quantify the effect of 
fine-tuning comparing the fine-tuned and zero-shot versions of the same model (Qft-7B and 
Qin-7B). Thus, we only selected the subset of 500 pairs for which all three models gener-
ated a behavior-preserving code change. This resulted in 342 instances, that additionally 
assures a statistically representative sample with a 95% confidence level and a 5% margin 
of error. In this way, we can focus on the eventual readability improvement provided by 
the models. Basically, the combination of RQ2 and RQ3 will tell us which models generate 
better readability-improving changes (RQ3), how do they compare with the human-written 
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improvements (RQ3), how fine-tuning influences model effectiveness (RQ3), and the extent 
to which they avoid the side effect of changing code behavior (RQ2).

We involved three authors as annotators, who independently performed the following 
task. For each ⟨ mb, ma ⟩ pair, they inspected mb (i.e., the code before the readability-
improving changes), ma (i.e., the code implementing the human-written improvements), 
and the three improvements recommended by Qft-7B, Qin-7B, and GPT-4.1. The annota-
tors assigned a score on a scale between −4 to 4 to each of the four readability-improved 
candidates. The guidelines to score each candidate were as follows:

	● 0: Used to indicate no improvement in readability as compared to mb (e.g., no changes 
were implemented).

	● 1–4: Used to indicate an improvement in readability as compared to mb. The higher the 
score the stronger the magnitude of the perceived improvement. Having four values al-
lowed participants to define a sort of ranking among the four candidates in the case all 
of them increased readability but with different magnitudes.

	● –1 to –4: Used to indicate a deterioration in readability as compared to mb. The lower 
the score the stronger the magnitude of the perceived deterioration.

Participants were allowed to give the same score to two solutions if they perceived them as 
equally good (or bad). The solutions to score were shown in random positions, not allowing 
the annotators to know the “generator” of the solution (either a human or one of the three 
LLMs). Similarly to the previous manual analysis, the evaluators had a meeting in which 
the aim and the procedures of the task were explained and agreed. To make this, a series 
of examples were shown, everyone manifested their code readability preferences and were 
guided toward the compilation of the scores. Once all the evaluators felt confident as for the 
process, the manual analysis proceeded.

For each evaluator and instance, given the scores assigned, we extracted the preference 
ranking. For example, given the scores c1 = 4, c2 = 2, c3 = 1, c4 = 2, the ranking is c1 > c4 
= c2 > c3. We do not compute agreement per instance, since readability is inherently subjec-
tive (Sergeyuk et al. 2024a; Vitale et al. 2025a). Instead, we treat each evaluator ranking for 
each instance as an independent preference. Thus, for n instances annotated by m evalua-
tors, we collect a total of n × m rankings, which we then aggregate across the entire set of 
samples.

This allows us to apply Condorcet-based voting rules (Krishnamoorthy and Raghavachari 
2005) to aggregate the rankings. This is done by constructing a matrix in which each cell 
(i, j) represents the number of times candidate ci is preferred over cj  across all evaluator 
rankings. We first check for a Condorcet winner (Elkind et al. 2015), namely a candidate 
that beats all others in head-to-head comparisons. If such a winner exists, it is ranked first. 
Otherwise, we use the Copeland rule (Saari and Merlin 1996), which assigns each candidate 
a score equal to the number of pairwise wins minus losses. The candidate with the highest 
Copeland score is ranked first, followed by others in descending order. This final ranking 
provides a global representation of how each model-generated and human-implemented 
changes are perceived in terms of readability improvements. We report the ranking of the 
models, as well as the Condorcet matrix. Note that this also naturally produces pairwise 
comparisons among any two candidates. This allows us to directly assess, for instance, how 
the developer changes compare to those generated by GPT-4.1, or how Qft-7B performs to 
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its counterpart Qin-7B. The latter comparison is particularly relevant, as it directly quanti-
fies the effect of fine-tuning, one of the objectives of RQ3.

4  Results

In this section we present the results of our study, answering the research questions defined 
in Section 3.

4.1  RQ1: Reproducing Developers’ Changes

We report in Table 2 models’ performance as assessed by the previously described metrics, 
i.e., Exact Match (EM) and CrystalBLEU.

First, it is clear that all models are not effective at reproducing the exact readability-
improvement changes implemented by developers. Indeed, no model can achieve an EM 
score higher than 1.40%. This means that the best model (i.e., Qft-7B) perfectly emulates 
code readability improvements made by developers for 44 instances out of the ∼3k featured 
in our test set. As per the CrystalBLEU values, while they look pretty high (e.g., CB = ∼
74.3 for Qin-0.5B), it must be considered that the LLMs received mb as input (i.e., the 
method before the readability improvement) and have been instructed (or fine-tuned) to 
implement readability-improving changes, not expected to change mb too much. Indeed, the 
commits we mined focused on readability-improving changes as well, thus resulting in an 
ma (the method after the readability improvement) relatively similar to mb. The ma method 
represents our “oracle” to assess CrystalBLEU, and it is expected by construction to have 
some form of similarity with the LLMs’ prediction, simply due to the common starting point 
(mb). Thus, while the CrystalBLEU values may provide hints about which models perform 
the best, they should not be used to assess LLMs’ performance in absolute terms.

When comparing fine-tuned to instructed models, we can observe that the former achieve 
higher performance than the latter. The smaller variant of Qwen2.5-Coder (0.5B) achieves 
∼46% higher exact match when it is fine-tuned as compared to its zero-shot counterpart. 
This is even more clear for the biggest variant (7B), for which the EM goes from 0.06% 
up to 1.40%. When considering EM values, GPT-4.1 which is worse than all the fine-tuned 
models. As we will see, this quantitative assessment, central in many papers on DL-based 
automation of code-related tasks (Guo et  al. 2024b; Li et  al. 2022; Prenner and Robbes 
2024; Zhu et al. 2024b), only says a little part of the story.

Mode Model Exact Match Crystal BLEU
Zero-shot Qin-0.5B 0.70% 74.3%

Qin-1.5B 0.10% 62.2%
Qin-3B 0.13% 51.1%
Qin-7B 0.06% 55.6%
GPT-4.1 0.13% 54.7%

Fine-tuned Qft-0.5B 1.02% 71.1%
Qft-1.5B 0.64% 67.4%
Qft-3B 1.37% 70.7%
Qft-7B 1.40% 69.5%

Table 2  RQ1. Exact match and 
crystal BLEU achieved by the 
experimented models
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When focusing on fine-tuned models, we observed that the bigger the models, the higher 
their accuracy in reproducing the developers’ changes. The only exception to this trend is 
the 1.5B model, which achieves worse results than Qft-0.5B.

The biggest Qwen2.5-Coder variant (7B) achieves the highest EM score. Note, however, 
that the CrystalBLEU of all fine-tuned models is comparable, with the smallest model (Qft

-0.5B) achieving the highest score. When analyzing the predictions, we noticed that smaller 
fine-tuned models tend to make less changes than bigger models, or no changes at all. For 
example, Qft-0.5B does not change the input code in ∼20% of the instances, while Qft-7B 
does the same only in ∼5% of the cases.

For the reasons previously explained (i.e., the high similarity between mb and ma), this 
actually helps Qft-0.5B in terms of achieved CrystalBLEU.

As for the instructed models, the results show that the smallest model i.e., Qin-0.5B 
reproduces the readability improvements made by real developers more often than its bigger 
variants and even than GPT-4.1. The same is true for CrystalBLEU. This is again due to the 
lower number of changes implemented by the smaller LLMs. Indeed, we noticed that devel-
opers modified ∼20% to ∼40% of the input lines (i.e., mb), while instructed models tend to 
provide more significant changes, usually modifying ∼80% of the input, or even revisiting 
the whole method. So, they get a lower CrystalBLEU and low chances of exact match.

The fine-tuned models, having been instructed on the developers’ commits, tend instead 
to implement a number of changes aligned with those of the developers (and, thus, the 
higher EM and CrystalBLEU).

A last point of discussion is the comparison of the results we achieved in terms of EM 
with those reported in the work by Vitale et al. (2023). In their work, using a smaller 
model and a comparable amount of fine-tuning data (24,945 training instances in Vitale 
et al. (2023) vs 25,459 in our work), the authors reported an EM score of ∼20%, while 
our best model, being 117 times bigger, achieved 1.40%. Our assumption is that their 
choice of randomly splitting the readability-improving commits between training and 
test (rather than by project, as we do), substantially boosted the performance due to 
repetitive changes implemented by developers over the history of the same software sys-
tem. To better investigate such a conjecture, we tried to randomly split our dataset, and 
replicated our assessment with the best fine-tuned model we in our study (i.e., Qft-7B). 
We achieved EM=14.4%, confirming that the choice of the splitting strategy significantly 
affects model performance. Note that our EM is still lower than the one obtained by 
Vitale et al. (2023), probably due to the most complex experimental setting we adopt, 
i.e., we experiment with readability-improving changes affecting entire methods (up to 
> 100 lines of code), while the previous work focused on code chunks of up to 10 lines 
(Vitale et al. 2023). Note that we can not conclude with certainty that this is the case 
because we did not study the impact of each modification we made in the design as 
compared to the previous work we are differentially replicating since we do not want 
to test whether this design is better than the other – it is for theoretical reasons, not for 
empirical ones.

In short, the findings or RQ1 provided with more questions than answers, showing the 
unsuitability of quantitative metrics to assess the effectiveness of techniques for the auto-
mated improvement of code readability. The following RQs, having a strong qualitative 
focus, will help in better understanding the quality of the LLMs’ recommendations.
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Answer to RQ1. While fine-tuning helps LLMs to better imitate the readability-
improving changes implemented by developers, the low percentage of EM achieved
makes it difficult tomake any claim about the effectiveness of the techniques. Indeed,
as we observed, the amount of changes that different approaches implement in the
inputted code substantially differs for instructed models, which may still be effective
in improving readability despite moving away from the changes implemented by
developers.

4.2  RQ2: Changing Behavior

Table 3 shows the percentage of cases in which a change implemented by the three LLMs 
considered in RQ2 (i.e., Qft-7B, Qin-7B, and GPT-4.1) result in a change of behavior in the 
impacted code, something not expected from a readability-improving change. Table 3 also 
provides the results of the Fisher exact test, with the arrows indicating more ( ) or less (
) cases in which the LLM on the row impacted the code behavior as compared to the LLM 
on the column. For example, when comparing Qft-7B vs Qin-7B, the former produces more 
changes in behavior than the latter ( ), but such a difference is not statistically significant 
(p-value = 0.10).

The model that more rarely modifies the original behavior of the code is Qin-7B (11.4% 
of the instances), followed by GPT-4.1 (13.2%), and Qft-7B (16.2%). This is a first finding 
suggesting that the fine-tuned models may actually perform worse than the instructed one. 
This may be due to several reasons, such as the attempt to replicate complex changes seen 
during fine-tuning (e.g., extract variable refactorings which may be difficult to implement 
without introducing errors) or to noise in the fine-tuning dataset that, as said, is far from 
perfect despite the improvements we implemented in the data collection pipeline. However, 
this basically holds for all kind of automatically-collected training datasets (Li et al. 2024; 
Penedo et al. 2024).

Also, it is also worth noting that none of the statistical tests we run highlight a significant 
difference in the likelihood of observing code behavioral changes implemented by the three 
different LLMs. Indeed, the only significant p-value we obtained was a 0.035 when compar-
ing Qft-7B vs Qin-7B. However, after the adjustment due to the multiple comparisons, it 
became 0.10. Increasing the sample size might result in a significant difference. However, 
note that this would not change the main finding: All models change behavior in a non-neg-
ligible fraction of cases (>10% of the cases), with Qft-7B tending to introduce behavioral 
changes more frequently.

Table 3  RQ2. How frequently each model changed the behavior of the code and the adjusted p-values of 
the comparisons between pairs of models ( and indicate more and less behavior-changing instances, 
respectively)
Model Different Comparison (p-values)

Behavior Qft-7B Qin-7B GPT-4.1
Qft-7B 16.2% -
Qin-7B 11.4% -
GPT-4.1 13.2% -
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A concrete example of change implemented by Qft-7B that impacts the code behavior is 
reported in Listing 1. This is only a small part of the actual diff, in which some readability-
related changes were also implemented. However, the modification of the return state-
ment clearly affects the code behavior, and has no evident link to any readability-improving 
attempt.

Listing 1 Q f t -7B change impacting code behavior

return asString . toString ( ) ;
+ return asString . toString ( ) . replaceFirst (" \n" , "");

In general, there is a clear outcome that can be derived from our analysis: No model, 
whether fine-tuned or used in a zero-shot setting, is capable of improving code readability 
without inadvertently changing the underlying behavior in some cases.

Thus, LLMs for readability improvement are definitely not trustworthy and require 
developers double-checking the implemented changes.

Answer to RQ2. LLMs modify code behavior in 11% to 16% cases when
attempting to improve readability. No major changes are observed between fine-
tuned models and models used in zero-shot.

4.3  RQ3: Readability Improvement Capabilities

Table 4 reports the percentage of cases in which readability has been increased, decreased, 
or kept unchanged after the changes implemented by the developer (Dev.) and each ana-
lyzed model (Qft-7B, Qin-7B, GPT-4.1) according to the manual inspection performed by 
three evaluators (E1, E2, and E3).

A first general observation is that E1 perceived readability improvements as neutral in 
a minority of the cases. As a result, E1 more often reported increased/decreased readabil-
ity. Except for this difference, the three evaluators tend to agree that both changes imple-
mented by the LLMs and by the developers tend to increase readability more often than they 

Table 4  RQ3. Percentage of cases in which developers and LLMs implemented changes that decrease, do 
not change, or increase code readability.
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decrease it. While this is to be expected for the developer, it is was not granted for the three 
models we experimented with.

Another clear trend is that the changes made by the fine-tuned model (Qft-7B) appear 
to have analogous characteristics to the changes made by the developer: According to E2 
and E3, most suggested changes are not affecting readability, while most of the reminder 
increase it. The fine-tuned model, however, acts as a “weak” version of the developers, since 
all evaluators agree that it performs worse.

All evaluators agree, instead, that the instructed models (Qin-7B and GPT-4.1) increase 
readability more often than the both the fine-tuned models and the developers. GPT-4.1 
exhibits the most consistent perception of improvement across all evaluators (between 
67% and 87%). This suggests that LLMs do have a notion of what it means to improve 
code readability even though they are not explicitly trained to do so, and such a notion 
might be more objective (thus more generally accepted), than what readability represents 
for developers.

In Fig. 2 we show the comparisons between all pairs of contrasted changes (win-tie-lose), 
as evaluated by each evaluator and by averaging their preferences. In particular, each block 
of four bars represent the comparison between two LLMs or between the developers-imple-
mented changes and those suggested by an LLM. For example, the top block compares the 
developers’ changes with those recommended by Qft-7B. The four bars represent (from 
top to bottom) the assessments given by the three evaluators (E1, E2, E3) and their aver-
age. Finally, the color schema and percentages represent the cases in which the readability-
improving changes recommended by the candidate on the left (Dev. in our example) is 
considered better than (green), equivalent to (yellow), or worse than (red) the candidate on 
the right (Qft-7B).

When comparing Dev. and Qft-7B, the developer is slightly better than the fine-tuned 
model. All evaluators agree that the two have similar characteristics, aligning with our ear-
lier observation that the fine-tuned model behaves as a weaker approximation of developers 
changes.

Finding 1. Developers changes are preferred to those by Q f t -7B.

When comparing Dev. vs Qin-7B and Dev. vs GPT-4.1, the instructed models clearly out-
perform developers changes, according to all evaluators. In particular, GPT-4.1 is strongly 
preferred (64% wins, 22% ties, 14% losses), while Qin-7B also consistently outperforms 
developer changes, albeit with smaller margins. This show that instructed models can pro-
vide readability improvements that are often perceived as superior to developer ones. Figure 
3 shows a concrete example of readability-improving changes introduced by the developer 
(top) and GPT-4.1 (bottom). The developer focused on reformatting the if condition to 
better highlight, via parenthesis, the precedence that the && operator has in Java over the 
|| operator. For this reason, the diff does not alter the method’s behavior, but it makes more 
explicit the order in which the if condition is evaluated. GPT-4.1 instead, extracts the 
evaluated (sub-)conditions into descriptive boolean variables thus avoiding unnecessary 
nesting and improving the code understandability. All three evaluators were in agreement, 
preferring the GPT-4.1’s solution.
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Finding 2. Instructed models changes are preferred to those by Dev.

When comparing Qin-7B and GPT-4.1, the two instructed models exhibit similar behav-
ior, with GPT-4.1 generally preferred by all evaluators (40% wins, 42% ties, 18% losses). 
The high percentage of ties suggests that, despite being probably smaller in parameter size, 
Qin-7B can generate readability improvements comparable to those of GPT-4.1, confirming 
its strong zero-shot capabilities.

A particularly relevant comparison is the one between the two versions of the same 
model, Qft-7B and Qin-7B. Despite sharing the same architecture and pre-training, their 
readability improvement capabilities change noticeably once fine-tuning is performed. 

Fig. 2  Comparison between pairs of models. Each group of bars reports the percentage of cases in which 
the candidate on the left is perceived better than (green), equivalent to (yellow), or worse than (red) the 
candidate on the right according to E1, E2, and E3 – the last bar contains the average
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Across all evaluators, the zero-shot version (Qin-7B) is consistently preferred, indicating 
that fine-tuning, as performed in our work, does not enhance, and may even hinder the 
model’s ability to produce effective readability-improving changes. This suggests that fine-
tuning may have led the model to over-specialize on developer-introduced changes styles, 
patterns, and quality, thereby limiting its ability to generalize and to produce broader and 
effective readability improvements.

Finally, Fig. 4 depicts the pairwise matrices for all candidates, separately for each eval-
uator and for the combined assessment (from left to right). Looking at the results from 
E1, GPT-4.1 achieves the highest number of wins across all other candidates. Qin-7B also 
obtains an high number of wins, particularly against Dev. and Qft-7B, while the devel-
oper and fine-tuned model obtain fewer wins. GPT-4.1 and Qin-7B are the most successful 
candidates also for E2 and E3. However, differently from E1, Dev. and Qft-7B achieve 
fewer wins in head-to-head comparisons. The rightmost matrix aggregates the counts of all 
evaluators, providing a representation of the overall preferences. This matrix confirms that 
GPT-4.1 reports the highest pairwise win counts against every other candidate (657 against 
the developer, 675 against Qft-7B, and 414 against Qin-7B). Similarly, Qin-7B reports a 

Fig. 3  Example of readability-improving changes introduced by the developer (top) and by GPT-4.1 
(bottom)
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high number of wins, mostly against the other two candidates, i.e., the developer (560) and 
Qft-7B (586).

Given such a result, GPT-4.1 emerges as the Condorcet winner, since it is preferred over 
all other candidates in head-to-head comparisons. Finally, applying the Copeland rule to the 
aggregated preferences, the global ranking of the four candidates is the following, which 
closely reflects what we previously discussed: GPT-4.1 is ranked first, followed by Qin-7B, 
developers, and Qft-7B.

5  Discussion

The main outcome of our study is that, in the current LLMs landscape, fine-tuning follow-
ing Vitale et al. approach (Vitale et  al. 2023), namely training on readability-improving 
commits, is not really needed to teach LLMs how to improve code readability. Instructed 
and ready-available LLMs are more effective in this task. Although this may appear coun-
terintuitive, a closer look at the results shows that the main issue here are the improvements 
introduced by the original developers from which the fine-tuned model learns the readabil-
ity-improvement patterns.

Table 5 reports the statistics related to the instances analyzed in RQ3, those of the actual 
fine-tuning data. On one hand, we observe that developer changes, both in the training 
data and in part of the test data (Train and Dev. rows), tend to be small, with low mean 
edit distances and few modified lines, as expected from commit-derived instances. Since 
the fine-tuned model Qft-7B learns directly from this data, it inherits these same charac-
teristics, generating similarly minor and localized edits (Qft-7B row). On the other hand, 
instructed models (Qin-7B and GPT-4.1) demonstrate different characteristics, generating 
larger changes. Human evaluators consistently preferred instructed models changes, imply-
ing that they perceive larger modifications as more effective readability improvements. 
Consequently, the low effectiveness of fine-tuning is not due to the process itself but to the 
limited nature of the data on which it relies. In short, fine-tuning is not the issue; available 
fine-tuning data is. Fine-tuning teaches the model to replicate the small changes that devel-
opers make in practice, rather than larger readability improvements that humans prefer. 

Fig. 4  Number of times the approach on the row is considered better than the approach on the column 
according to each evaluator (matrices for E1, E2, E3, respectively, from the left). The rightmost matrix 
aggregates (sums) the other matrices
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Future research should refine fine-tuning based on larger and higher-quality datasets, or 
with human-aligned supervision strategies, teaching models not what humans do, but what 
they prefer.

Thus, we conclude that practitioners should at least try to use ready-available LLMs in 
a zero-shot setting since they are, most likely, more than enough to help them improving 
readability.

Our findings also show that open models (i.e., Qwen2.5-Coder) are not much less effec-
tive than closed models (i.e., GPT-4.1), and still provide valuable recommendations. Any-
way, practitioners should always carefully inspect the LLMs’ recommendations since, on 
average, once out of ten times they are adopted their modifications change the code behav-
ior, possiblty introducing bugs.

As it is well-known in the literature (see e.g., Sergeyuk et al. 2024a; Vitale et al. 2025a), 
readability is an inherently subjective aspect of the source code. This is reflected from our 
results of RQ3: Two evaluators were closely aligned (the Cohen’s k between E2 and E3 is ∼
0.72), while E1 was not (Cohen’s k is ∼0 with both E2 and E3, respectively). Indeed, while 
all evaluators agreed on the overall results (i.e., the final candidates’ ranking), there were 
major differences in the readability assessment of E1. Let us consider the example in Fig. 
5. First, it can be noticed that the output of the fine-tuned model resembles the one made 
by the original developer more than the LLMs used in zero-shot. Second, while E1 prefers 
the output of the fine-tuned model, E2 and E3 prefer the code recommended by the same 
model (i.e., Qwen2.5-Coder) used in zero-shot. In this case, E1 prefers simpler indentation 
changes, while E2 and E3 prefer a more structured refactoring also involving renamings 
and the addition of comments. Thus, it is still possible that some practitioners might find the 
readability improvement suggestions provided by a zero-shot LLM not enough and might 
prefer solutions tailored on their preferences or on the preferences of a specific community. 
Fine-tuning a model on data collected from a specific repository might help to achieve this. 
This is something we plan to investigate as part of our future work.

Another outcome of our study is related to the metrics adopted for evaluating code read-
ability improvement models. As we expected and also noted in previous work (Vitale et al. 
2023), both exact match and similarity-based metrics (CrystalBLEU, in our case) are not 
good metrics for estimating the quality of a model for automated code readability improve-
ment. Our results even show that those metrics are almost inversely related to the actual 
capabilities of the model observed in our qualitative analysis (RQ3). GPT-4.1 has almost no 
exact matches (only 0.13%), while the best fine-tuned model (i.e., Qft-7B) appears to be 
much better based on such a metric.

Table 5  Mean edit distance (ED) and mean line-level change statistics for developer- and model-generated 
readability improvements. Removed, added, and updated refer to distinct line-level operations, while Modi-
fied indicates their combined total. Results refer to the instances analyzed in RQ3, while Train row summa-
rizes the trainin data
Source ED Line-level operations Total

⊖ Removed ⊕ Added ∆ Updated ± Modified
Train 109.29 0.26 3.93 0.40 4.59
Dev. 96.88 0.14 3.94 0.22 4.30
Qft-7B 63.08 0.14 3.16 0.28 3.58
Qin-7B 264.57 0.58 15.23 1.39 17.20
GPT-4.1 268.72 0.47 16.35 0.51 17.33
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Fig. 5  An example of disagreement among the evaluators on the ranking of the candidate improvements
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Based on human evaluation, however, GPT-4.1 improves readability in ∼69% of the 
cases, and represents the best model according to all evaluators. Researchers should devise 
new approaches to automatically assess whether a candidate actually improves code 
readability.

To better understand the prompt impact on GPT-4.1, we performed additional experi-
ments using two prompting-techniques. First, we employed an in-context learning (ICL) 
(Brown et al. 2020) prompt including a specialized system prompt, context, definition, and 
positive and negative implications of code readability, other than the actual instruction. We 
call this model GICL. Second, we extended the in-context learning prompt leveraging Few-
shot learning (FS) (Ahmed and Devanbu 2022; Brown et al. 2020) using three examples 
(original code, improvement) extracted from the RQ3 assessments. To select them, we first 
collected a preliminary pool of instances that all the evaluators assessed as improvement 
and, then, we selected the instances with the minimum, median, and maximum edit dis-
tances (Levenshtein 1966) with the aim of showing the model different magnitude of edits. 
We call this model GICL+FS. The prompts used are reported in the replication package 
(Anonymous 2025). We compared GPT-4.1 (Gzs) and GICL on the full test set, and Gzs and 
GICL+FS excluding the instances used in the shots for GICL+FS. The results show that GICL 
achieves an EM of 0.06%, halving Gzs EM (0.13%), while GICL+FS achieves an EM of 
0.38 improving three times over Gzs. Since such metrics are not sufficient alone, E2 and E3 
performed a manual analysis as described in RQ3 on 50 random sampled instances from the 
test set comparing the three models candidates. Qualitatively speaking, the evaluators noted 
that the candidate improvements generated by the three models were actually very simi-
lar. Indeed, E2 reports 21/50 ties between Gzs and GICL and 22/50 ties between Gzs and 
GICL+FS, while E3 reports 21/50 ties between Gzs and GICL and 23/50 ties between Gzs 
and GICL+FS. Additionally, even GICL and GICL+FS obtained 24 and 25 ties from E2 and 
E3, respectively. On the other hand, E2 and E3 exhibited different preferences. E2 tended to 
prefer the Gzs candidates over GICL and GICL+FS (23/50 and 21/50, respectively); instead, 
E3 favored GICL and GICL+FS over Gzs (22/50 and 20/50 respectively). We believe that the 
similarity among the candidates increased evaluators reliance on subtle differences for the 
assessment, ultimately showing their subjective preference.

Based on the analysis we performed, we observe that prompt-engineering practices, with 
respect to the zero-shot prompting, could both reduce (GICL) and improve (GICL+FS) the 
ability to emulate developers changes, while the manual assessments indicates that such 
practices may not highly impact the generated candidates and may introduce subtle varia-
tions that are differently perceived by individual evaluators.

6  Threats to Validity

Threats to Construct Validity  In this work we ran a differentiated replication of the study 
by Vitale et al. (2023). Like in the previous work, it is possible that the dataset contains 
low-quality instances. We applied some modifications to the original pipeline proposed in 
that work (e.g., we introduced new terms to filter out unrelated commits). While our manual 
validation confirmed that our pipeline allows us to construct a less noisy dataset than the 
one from the previous work, we still acknowledge the presence of a non-negligible (docu-
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mented) percentage of wrong training samples. An additional threat regards the size of the 
training set. In our study we collected ∼25k instances available for fine-tuning, a limited 
size with respect to other works (Huang et al. 2025; Improta et al. 2025). However, there 
is evidence that even limited-size training data allows to achieve good effectiveness (Crupi 
et al. 2026; Ye et al. 2025). Enlarging such size could provide different results.

Another threat regards data leakage (López et al. 2024; Vitale et al. 2025b). It is possible 
that some instances of our dataset were included in the training data of the models employed 
in this work, potentially leading to inflated performance. However, since both model fami-
lies were trained on large-scale public corpora, any potential leakage would likely affect all 
evaluated models (both zero-shot and fine-tuned) in a comparable manner. In addition, we 
can not completely exclude the possibility that the models were exposed during pre-training 
to readability-improving commits or related patterns, potentially benefiting from such expo-
sure during evaluation. At the same time, the very low exact-match rates observed in RQ1 
show that the models are not simply reproducing previously seen changes. Moreover, if the 
observed results were driven by leakage or memorization of developer-written commits, we 
would expect the generated changes to more closely resemble those commits. This does not 
appear to be the case, as human evaluators mostly preferred the zero-shot generated read-
ability improvements over the original developer-written changes. Therefore, even if some 
degree of leakage occurred, we expect its practical impact on the validity of our conclusions 
to be negligible.

Threats to Internal Validity  The presence of human errors in the extensive manual evalu-
ation conducted in this work can be considered as a possible threat. To reduce the impact 
of this problem, each instance was evaluated by at least two authors. In case of disagree-
ment, all the authors reviewed again the instances to reach consensus. The manual analysis 
conducted in RQ2 may present human errors. To further strengthen such analysis, we con-
sidered all the instances that were directly compilable without further context (e.g., other 
classes from the same project). This resulted in 87 pairs. Then, we generated test cases 
with EvoSuite (Fraser and Arcuri 2011) starting from the original code version with one 
minute timeout (mean branch coverage ∼68%). Then, we ran the same test cases for both 
the candidate code to spot behavioral changes. Note, indeed, that EvoSuite automatically 
adds oracles that reflect the behavior of the code for which the test cases had been generated 
(i.e., the original code, in our case). We found no cases in which we assessed that the candi-
date improvement was not changing the behavior of the original code while EvoSuite tests 
show the opposite. In addition, EvoSuite revealed four cases with behavioral differences, 
which were also identified by our manual analysis. On the other hand, we found eight cases 
we assessed as behavioral changing for which generated tests did not reveal differences. 
To confirm that our evaluation was correct, we tried to manually write tests that showed 
the behavioral changes. Out of the eight cases, five of them were correctly set as behavior 
changing, while the remaining three were false positives in our initial assessment. In gen-
eral, the automated validation largely confirmed our manual findings, with only three false 
positives identified (∼3%) and zero false negatives.

We did not aim to reach consensus for RQ3, in which we assumed differences were not 
due to possible errors by the evaluators but rather to different views on code readability, 
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which is subjective. Another possible threat regards how we split the instances to define 
training, validation, and test sets. Unlike Vitale et al., who randomly split their instances, we 
enforced repository-level splitting by assigning all instances from the same repository to a 
single split. We did this to limit the risk of data leakage (López et al. 2024).

Another threat concerns the metrics adopted to evaluate model performance in RQ1. 
We relied on Exact Match (EM) and CrystalBLEU as quantitative indicators of model 
effectiveness. However, EM represents a value for model’s capability in emulating devel-
oper changes. Indeed, as observed in RQ3, a non-exact match may still constitute a valid 
readability improvement. For instance, if the developer change renames a variable from a 
to userCount, while the model generates totalUsers, the prediction would be con-
sidered incorrect under EM despite clearly improving readability. In a similar way, while 
CrystalBLEU indicates the similarity between the generated code and the developer change, 
it remains a text-based metric and may assign similar scores to edits that differ substantially 
in terms of code readability. Note, however, that the main conclusions of the paper are based 
on the manual evaluation performed in RQ2 and, most importantly, RQ3.

Threats to External Validity  We only run our study on Java code. Using different program-
ming languages might provide different results. It is also possible that the our results are 
strictly dependent on the specific models we studied (i.e., Qwen2.5-Coder and GPT-4.1). 
To mitigate this threat, we employed four variants of the Qwen2.5-Coder model (i.e., 0.5B, 
1.5B, 3B, and 7B). Still, different models (e.g., Deepseek-Coder Guo et al. 2024a; Zhu et al. 
2024a or Claude 3.7) or larger LLMs (e.g., 14B and 32B) could result in different findings.

7  Conclusion

We presented a differentiated replication of the work by Vitale et  al. (2023) in the con-
text of the modern LLM landscape. Our results generally confirms what the previous work 
suggested, i.e., that LLMs can improve code readability. However, we provide evidence 
that fine-tuning on the set of developer readability changes we collected is not needed to 
improve readability. Our qualitative analysis clearly shows that LLMs in a zero-shot set-
ting provide better recommendations than fine-tuned models. Even more interestingly and 
surprisingly, we observed that evaluators preferred the improvements suggested by LLMs 
in a zero-shot setting to the ones made by human developers. GPT-4.1, as a representative 
of closed-source zero-shot model, obtained the best results, followed by Qwen2.5-Coder 
7B. Finally, we observed that no LLM is completely safe to use since they are all prone to 
change the behavior of the input code in at least one out of ten case. This suggests that prac-
titioners should check the suggested improvements before integrating them.

We publicly release our dataset and all the scripts used to build it, together with the 
results of our manual investigations (Anonymous 2025).
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