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Abstract

Refactoring is essential for developing maintainable software. Using Large Language Models in soft-
ware engineering is widespread, but compared to well-established domains such as code generation,
reliable refactoring is still relatively underexplored. In this paper, we perform a broad analysis on
the refactoring capabilities of small open-weight language models (SLMs) by evaluating 12 models
on 3,453 Python programs. Our study focuses on the two defining aspects of refactoring: behavior
preservation and code quality improvement. We evaluate these properties using unit tests and various
code metrics. Across models ranging from 0.5B to 8B parameters, most models improve code quality.
Larger models are more reliable, as they preserve behavior more consistently. Reasoning models
often make more significant changes while refactoring. Allowing models to generate reasoning traces
improves performance, but only for models larger than 4B. For smaller models, reasoning in fact
reduces refactoring reliability. The difficulty of the underlying task affects refactoring performance,
with more complex tasks associated with higher failure rates. Our results indicate that current open
SLMs can support refactoring tasks, especially larger ones with reasoning capabilities, but they are
best used with human oversight.

Keywords: refactoring; small language models; open-weight; code equivalence; code quality

1. Introduction

Both open and closed-weight Large Language models (LLMs) have been used for a wide variety
of software engineering-related tasks, including code generation, summarization and bugfixing [1-4].
Their code refactoring capability is a less well investigated area. Refactoring is the process of changing
a software system in such a way that it does not alter the external behavior of the code yet improves
its internal structure [5]. Code improvements can manifest in various ways, including reducing code
complexity, enhancing maintainability, and improving adherence to coding standards.

Prior work has demonstrated the potential of LLMs to perform code refactoring [6—12]. The
degree to which these models can improve source code has often been measured using software quality
metrics, such as Cyclomatic Complexity [13], Maintainability Index [14], Halstead metrics [15], and
complience to PEP-8 guidelines [16]. Correctness of the refactored program is often validated by
executing unit tests on the modified programs. Validating the correctness of refactorings can be crucial,
as LLMs have been shown to introduce new bugs in certain cases [10], making them unreliable for
fully automated refactoring.

Previous research on LLM refactoring capabilities has primarily focused on large, closed-weight
models. This leaves smaller, open-weight models underrepresented, with only a few studies exploring
them [7,9,11]. Moreover, studies typically examine only a narrow range of models (often only one
or two), resulting in a limited understanding of how different models perform and compare in their
refactoring capabilities. Furthermore, the impact of other factors such as reasoning ability, model size
or the difficulty of the underlying tasks on refactoring performance remains largely unexplored.
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In this work, we perform an extensive study on the refactoring capabilities of smaller open-weight
language models (SLMs). Such models are particularly interesting because they are cheaper and easier
to run locally, making them more accessible in practice. Our investigation includes 12 models, ranging
from 0.5B to 8B parameters, covering general-purpose models [17,18], coding models [1,19], and ones
with reasoning capabilities [18]. To the best of our knowledge, our study is the first to provide such a
broad analysis of the refactoring capabilities of open SLMs. Using a dataset of 3,453 Python programs
from the APPS benchmark [20], we assess how well these models can (i) preserve the original behavior
of code and (ii) improve code quality. Behavior preservation is measured by running unit tests, while
the extent to which SLMs improve code quality is assessed through metrics reflecting factors like code
complexity and compliance with PEP-8. In addition, we explore how model size, reasoning ability,
and the difficulty of the underlying tasks affect refactoring quality.

Most of the evaluated models show promising performance in code refactoring, but their ability
to maintain program behavior is not always consistent. We observed the following trends in their
current performance:

e  Larger models generally achieve better performance, while smaller models struggle to preserve
program equivalence.

e  Task complexity negatively impacts performance, with behavior-preserving modifications de-
creasing as difficulty increases.

e  Reasoning improves refactoring quality for larger models but may hinder smaller ones, indicating
that its benefits also depend on model size.

*  When equivalence is not preserved, errors are predominantly runtime and logical, whereas syntax
errors and timeouts are rare.

*  Reasoning further reduces the rate of runtime errors in non-equivalent modifications.

¢  Significant reduction in PEP-8 violations reveal that refactorings result in cleaner code that adheres
to coding standards.

¢ While improvements in code complexity and maintainability are observed, these are less notable.

2. Related Work

Shirafuji et al. evaluated the refactoring capabilities of GPT-3.5 on 880 Python programs sourced
from the AQOJ online judge system [12]. The model was prompted with few-shot examples to produce
ten refactored versions of each program, after which only functionally correct outputs were retained
for analysis. The refactorings were assessed using metrics such as Cyclomatic Complexity, lines of
code, character and token counts, as well as distance and similarity metrics. Their results showed that
GPT-3.5 generated functionally correct and less complex programs in 95.68% of cases, achieving an
average reduction of 17.35% in Cyclomatic Complexity and 25.84% in average line length.

In a study on the code generation capabilities of GPT-4, Poldrack et al. examined its refactoring
capabilities [6]. The authors collected 2,000 Python programs from GitHub, selecting at most one pro-
gram per repository. They retained 274 programs for analysis after several filtering steps. Syntactically
invalid programs were removed using the flake8 linter before refactoring was applied. The refactored
outputs were then evaluated using a range of metrics, including flake8 error counts, lines of code,
number of comments, Cyclomatic Complexity, Maintainability Index, Halstead Difficulty, and Halstead
Bugs. The results showed substantial improvements: mean flake8 errors per line decreased from 0.23
to 0.09, mean Cyclomatic Complexity dropped from 3.46 to 3.28, and the mean Maintainability Index
increased from 70.29 to 74.09.

Guo et al. evaluated GPT-3.5-Turbo for automated code refinement within a code review setting [8].
The study compared the performance of the model using an existing benchmark tool (CodeReviewer).
Five prompt templates of increasing information content were used, ranging from a minimal prompt
to a fully detailed scenario with comprehensive requirements. Refactoring quality was assessed by
comparing the generated code to canonical solutions using Exact Match, BLEU, and their trimmed
variants. The authors also examined the effect of temperature settings. Their results showed that
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GPT-3.5-Turbo performed best when given prompts containing base requirements, the associated
code review, and scenario descriptions, and that lower temperatures produced more stable and
higher-quality outputs.

Caumartin et al. replicated the study of Guo et al. to evaluate whether open-weight SLMs can
serve as viable alternatives to proprietary models [7]. Using the same code review dataset, they
assessed the refinement capabilities of Llama 2 7B and CodeLlama 7B by comparing their outputs to
canonical solutions. The evaluation followed the original setup and relied on text similarity metrics
rather than unit tests. Their results showed that CodeLlama 7B achieved performance comparable to
GPT-3.5-Turbo, suggesting that using open-weight models can be a viable alternative.

Cordeiro et al. investigated the refactoring capabilities of StarCoder2 15B using 30 open-weight
Java projects from the 20-MAD dataset [9]. The study compared refactorings generated by the model
against those produced by developers and analyzed the types of refactoring operations applied.
Correctness was assessed using automatically generated unit tests, while code quality improvements
were measured through Cyclomatic Complexity and code smell reduction. The authors also examined
the impact of prompt engineering, finding that one-shot prompting produced higher unit test pass
rates and greater reductions in code smells than zero-shot prompting. The results indicate that while
developers perform better on complex refactorings, StarCoder2 excels in systematic and repetitive
refactoring tasks, with the best outcomes achieved by combining one-shot prompting and multiple
generations.

Liu et al. examined the refactoring capabilities of GPT-4 and Gemini-1.0 Pro using a dataset
of 180 real-world refactoring opportunities from 20 Java projects [10]. These opportunities required
applying standard refactoring techniques such as extract method and rename variable. The models
initially identified only a small fraction of the required refactorings. However, supplying more detailed
prompts substantially improved the performance of GPT-4, increasing its success rate from 15.6% to
86.7%. Across all tasks, 63.6% of refactoring recommendations generated by GPT-4 were comparable
to or better than developer-crafted refactorings. Both models, however, produced unsafe refactorings
that altered program behavior, prompting the authors to introduce a detect-and-reapply strategy. This
approach uses thoroughly tested refactoring engines to reapply the model-identified transformations
to the original code and successfully reproduced 94.3% of the refactorings without introducing bugs.

Midolo et al. evaluated the refactoring capabilities of GPT-40-mini [21]. The basis of their work is
a dataset of 100 Python classes from the ClassEval benchmark [22]. They use unit tests to evaluate the
behavioral correctness of refactorings. Code quality is asessed with Pylint, Flake8 and SonarCloud.
Furthermore they also perform readability evaluation using a state-of-the-art readability tool [23].
Based on their findings, generally 8 out of 10 refactorings pass the unit tests. GPT-40-mini generally
improved code quality, especially according to syntax-related metrics (Flake8). However the model
struggles with semantically more complex refactorings. They also found that readability scores often
decrease as a result of refactoring.

3. Method

In order to evaluate the refactoring performance of SLMs, we use correct solutions of 3,453 tasks
written in Python. These tasks originate from the APPS benchmark [20]. The SLM is prompted to
refactor the correct programs one by one, which are then validated in terms of equivalence and quality.
We run unit tests on the modified program to check if the modifications are behavior-preserving (i.e.
the two programs are equivalent). We also employ a wide range of metrics, which aim to capture
the degree to which the programs have been modified and improved. Twelve open SLMs from four
model families are used and evaluated in our work. We include Qwen3 models [18] to investigate how
reasoning affects the quality of refactorings. These hybrid models are usable both with and without
generating reasoning traces before the answer.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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3.1. Dataset

The experiments utilize programs selected from the APPS benchmark, which was originally
designed to evaluate code generation capabilities of LLMs. In the APPS benchmark, LLMs are
instructed to generate Python solutions based on problem descriptions. The benchmark is composed of
a training and a test set, each containing 5000 tasks that range from simple programming exercises to
problems that require advanced algorithmic skills. As the tasks are annotated with their corresponding
task difficulty, we investigate the impact of how the difficulty of the underlying task influences
refactoring quality.

We chose the test set for our investigation because every task in it is accompanied by unit tests,
which is not the case for the training set. The test cases are needed to confirm that the refactored
programs preserve their original behavior. Furthermore, several tasks lack correct solutions and are
therefore not suitable for our evaluation. In total, there are 3,453 tasks in the test set with correct
solutions, which form the basis for our experiments. The final dataset used for our experiments
contains one randomly selected correct solution per each task.

3.2. Validating the behavior-preserving nature of refactorings

Refactoring needs to preserve behavior while modifying the code. That is, a correct refactoring
must result in a program that is functionally equivalent to the original. Although a full formal
verification of this equivalence is outside the scope of our paper, we can use test cases to evaluate this
aspect. Since every program in our dataset passes its associated set of test cases, we rely on these to
validate that the refactored versions also preserve the same functionality. For each model output, we
check if the refactored code continues to pass the test cases.

If a refactored program doesn’t pass every test case, then they are further categorized by the type
of failure. We include four failure categories: syntax error, runtime error, logical error and timeout (15
seconds). This further classification gives us the opportunity to look into the cause of failed refactorings
of each model.

3.3. Measuring Code Improvement with Code Metrics

In order to determine the degree to which the programs have been improved as the result of
refactoring, we use multiple metrics. These metrics aim to capture code complexity, adherence to
formatting guidelines, and the extent to which the refactored programs differ from their original

counterparts. For each SLM, we compute metrics for both the original and refactored programs and
refactored—original )
original :

In order to measure the difference in terms of complexity, we compute Halstead metrics (Volume,

report their mean values and relative differences (

Difficulty, and Effort), as well as Cyclomatic Complexity of both the original and refactored versions
of the programs. It is reasonable to expect refactored programs to be less complex compared to the
original ones, thus we expect the refactored programs to have lower values for these metrics.

In order to measure if refactorings increase code maintainability, we compute the Maintainability
Index score of both the original and refactored versions of the programs. Refactored programs should
be more maintainable, therefore we expect the refactored programs to have higher Maintainability
Index values.

To measure adherence to formatting guidelines, we evaluate both the original and refactored
programs using the flake8 package. We count the number of warnings and errors in both versions. As
refactorings should decrease these, we expect lower values for the refactored programs according to
these metrics.

To get a more refined sense of the degree to which the programs change, we compute the
similarity between the original and refactored programs. This is measured with CodeBleu [24] as well
as Levenstein similarity [25]. We also report the number of lines of code (LOC), logical lines of code
(LLOC), source lines of code (SLOC), comments and blanks for both programs in the Appendix. These

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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support metrics do not factor into the evaluation in the same way as the previously mentioned ones,
as their relationship to code quality is less clear.

3.4. Evaluated models and prompt

Our experiments are performed using twelve instruction-tuned' open SLMs, belonging to four
model families. Specifically, the models used are Qwen2.5-Coder (0.5B, 1.5B, 3B, 7B) [1], Qwen3
(0.6B, 1.7B, 4B, 8B) [18], DeepSeek-Coder (1.3B, 6.7B) [19], and Llama3.2 (1B, 3B) [17]. We choose
multiple models from certain families to isolate the effect of model size on refactoring quality: by using
models that share identical or similar training methods, we can conclude how their size influences the
quality of refactorings. The Qwen3 models are used both with reasoning enabled as well as disabled,
facilitating the analysis of how reasoning affects refactoring quality.

The prompt instructs the models to refactor the given Python code without introducing any new
libraries or modules. This constraint is critical for the testing environment, as an otherwise correct
refactoring could be rejected due to the introduction of a package which is not part of the testing
environment. The prompt was formulated as follows:

Refactor the following program without introducing any new

libraries or modules.

[

python
{code}

[

To guide models in generating code, we start their response with the ¢‘‘python substring, which
indicates the start of a Python code block. Due to this constraint, models are encouraged to generate
Python code as the first part of their response. This is helpful for two reasons: (1) it ensures that
the models have the same context for generating code (only the input code and the instruction to
refactor it), allowing a fair comparison of their outputs; and (2) it speeds up the evaluation process by
preventing models from generating large amounts of texts before starting to code. Then whenever the
¢¢ substring is generated, we stop the generation. Naturally, Qwen3 models with reasoning turned on
are exceptions to this: they are first allowed to generate reasoning tokens, but once the reasoning is
complete (marked by the special </think> token), they are also forced to proceed to code generation.

As for generation parameters, we set max_new_tokens to twice the length of the input code and
used sampling with a temperature of (T=0.5) to balance between diversity and quality. We kept all
other generation parameters at their default values. An exception to these is the Qwen3 models,
for which we used settings recommended by model authors: enable_thinking=True, do_sample=True,
temperature=0.6, top_k=20, top_p=0.95, and min_p=0.0. Additionally, as reasoning traces can be long, we
removed the max_new_tokens limit to ensure that they are not cut off prematurely.

4. Results

In this section, we present the results of our experiments. We first report the number and
percentage of equivalent refactorings estimated using test cases, which indicate how often models are
able to preserve the original program behavior. Second, we report code quality metrics to assess how
the refactorings affect program quality.

Table 1 presents an overview of model performance in terms of preserving program behavior,
showing the number and percentage of behavior-preserving refactorings. Models are grouped by
family and the respective model sizes are also indicated. We visualize the effect of model size in
Figure 1.

1 Although some models originally include “Instruct” in their names, we omit this for brevity. All of the models used in our
work are instruction-tuned models.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 1. Number and percentage of equivalent modifications when refactoring with each model.

Model Size Equivalent modifications
1.3B 2118 (61.3%)
DeepSeek-Coder o 2359 (68.3%)
1B 583 (16.9%)
Llama 3.2 3B 808 (23.4%)
0.5B 2278 (66.0%)
1.5B 1157 (33.5%)
QwenCoder 2.5 3B 2274 (65.9%)
7B 2264 (65.6%)
0.6B 1984 (57.5%)
0.6B (r) 1089 (31.5%)
1.7B 2244 (65.0%)
1.7B (1) 1881 (54.5%)
Qwen3 4B 2609 (75.6%)
4B (r) 2838 (82.2%)
8B 2709 (78.5%)
8B (r) 2941 (85.2%)
& 801 —
1]
C
2 70 1 I S—"
g *
5 60 -
o
€
‘€ 50 1
Q
S
3 401 —e— DeepSeekCoder
3 —®— Llama-3.2
.g 30 A —8— Qwen2.5-Coder
2 —8— Qwen3
& 20 A / —e— Qwen3 with reasoning

1 2 3 4 5 6 7 8
Number of parameters (B)

Figure 1. Behavior-preserving refactoring performance by model family and size.

We investigate how the difficulty of the underlying task influences refactoring quality. This can
easily be done, as the APPS dataset contains difficulty labels for each task. Difficulty levels include
introductory, interview, and competition. The percentage of behavior preserving refactorings across
each difficulty level is shown in Table 2.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 2. Number of successful (behavior-preserving) refactorings for each model, broken down by difficulty level.
The difficulty labels originate from the APPS benchmark.

Model Size Introductory (696)  Interview (2474)  Competition (283)
1.3B 451 (64.80%) 1516 (61.28%) 151 (53.36%)
DeepSeek-Coder  '7p 521 (74.86%) 1668 (67.42%) 170 (60.07%)
1B 182 (26.15%) 371 (15.00%) 30 (10.60%)
Llama 3.2 3B 217 (31.18%) 536 (21.67%) 55 (19.43%)
0.5B 460 (66.09%) 1635 (66.09%) 183 (64.66%)
1.5B 297 (42.67%) 790 (31.93%) 70 (24.73%)
Qwen25-Coder  5p 507 (72.84%) 1609 (65.04%) 158 (55.83%)
7B 498 (71.55%) 1607 (64.96%) 157 (55.48%)
0.6B 488 (70.11%) 1377 (55.66%) 119 (42.05%)
0.6B (r) 283 (40.66%) 741 (29.95%) 65 (22.97%)
1.7B 516 (74.14%) 1575 (63.66%) 153 (54.06%)
Owen3 1.7B (1) 458 (65.80%) 1317 (53.23%) 106 (37.46%)
wen 4B 564 (81.03%) 1859 (75.14%) 186 (65.72%)
4B (r) 607 (87.21%) 2020 (81.65%) 211 (74.56%)
8B 593 (85.20%) 1925 (77.81%) 191 (67.49%)
8B () 629 (90.37%) 2093 (84.60%) 219 (77.39%)

We examine the types of failures that occur when refactorings do not preserve behavior. Such

cases are indicated by the refactored programs not passing test cases. We report the number of syntax

errors, runtime errors, logical errors and timeouts. The distribution of failure types for each model is

visualized in Table 3.

Table 3. Distribution of failure types for each model when refactorings do not preserve program behavior. In case

of non-equivalent modifications, we categorized the refactorings into syntax errors, runtime errors, logical errors

and timeouts.

Model Size Syntax Runtime Logical Timeouts
] 1.3B 20 (1.50%) 554 (41.50%) 748 (56.03%) 13 (0.97%)
DeepSeek-Coder v 11(1.01%) 290 (2651%) 760 (69.47%) 33 (3.02%)
Llama 3.2 1B 369 (12.86%) 1351 (47.07%) 1126 (39.23%) 24 (0.84%)
ama o. 3B 274 (10.36%) 860 (32.51%) 1478 (55.88%) 33 (1.25%)
0.5B 719 (61.19%) 160 (13.62%) 289 (24.60%) 7 (0.60%)

Owen25-Cod 1.5B 26 (1.13%) 877 (38.20%) 1360 (59.23%) 33 (1.44%)
wens.ooder - 3p 12 (1.02%) 462 (39.19%) 678 (57.51%) 27 (2.29%)
7B 14 (1.18%) 412 (34.59%) 734 (61.63%) 31 (2.60%)

0.6B 18 (1.23%) 624 (42.48%) 797 (54.25%) 30 (2.04%)

0.6B(r) 23(0.97%) 1022 (43.23%) 1283 (54.27%) 36 (1.52%)

1.7B 22 (1.82%) 423 (34.99%) 735 (60.79%) 29 (2.40%)

Owen3 1.7B(r) 12(0.76%) 368 (23.41%) 1160 (73.79%) 32 (2.04%)
wen 4B 6(0.71%) 266 (31.52%) 565 (66.94%) 7 (0.83%)
4B (r) 4(0.65%) 108 (17.56%) 489 (79.51%) 14 (2.28%)

8B 2(027%) 182 (24.46%) 544 (73.12%) 16 (2.15%)

8B (r) 8(1.56%)  61(11.91%) 433 (84.57%) 10 (1.95%)

We also characterize the degree to which models improved code quality. We measure this by

computing code quality metrics on the original as well as on their refactored counterparts. The used

metrics are Cyclomatic Complexity, Maintainability Index, Halstead metrics (Volume, Difficulty, Effort),

PEP-8 errors and warnings, CodeBLEU and Levenstein similarity. Table 5 contains the average relative

changes in terms of code quality metrics for all refactorings, while Table 4 focuses only on behavior-

preserving refactorings. A more detailed analysis with the average metric values are provided in the

Appendix.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 4. Average relative changes for code quality metrics, with a focus on behavior-preserving refactorings. Code
equivalence success rate is also included for reference.

Metric | DeepSeek-Coder | Llama 3.2 ‘ Qwen2.5-Coder

| 1.3B 6.7B | 1B 3B | 05B 1.5B 3B 7B
Cyclomatic Complexity | -1.21%  -1.84% | +6.57%  +2.87% | -0.03% +0.41% -1.72% -1.71%
Maintainability Index 213%  -2.66% | +6.00% +21.09% | -0.61% +2.90% +0.47% +1.46%
Halstead Volume -0.66%  -0.79% | +6.14%  +3.41% | +0.05% +0.58%  +0.12%  -1.10%
Halstead Difficulty -0.20%  +1.17% | +2.84%  -0.36% | +0.01% -0.96%  +0.48% +1.54%
Halstead Effort -0.88%  -0.01% | +6.65%  +3.56% | +0.01% +0.54% +0.83%  -0.55%
PEP-8 Errors -49.53% -51.75% | -59.97%  -73.41% | -4.88% -35.34% -78.30% -67.43%
PEP-8 Warnings -56.86% -70.44% | -52.03% -68.81% | -3.76% -64.09% -80.90% -79.12%
CodeBLEU Score 0.76 0.68 0.61 0.47 0.98 0.64 0.66 0.60
Levenshtein Similarity 0.90 0.86 0.70 0.49 0.99 0.78 0.85 0.81

Code equivalence 61.3% 68.3% ‘ 16.9% 23.4% ‘ 66.0% 33.5% 65.9% 65.6%

Metric ‘ Qwen3

| 06B 06B( 17B  17B() 4B 4B (v) 8B 8B (1)
Cyclomatic Complexity | -1.43%  -411% -2.31% -471% -2.36% -6.46% -153%  -7.37%
Maintainability Index | +0.02%  -0.22%  +2.75%  -040% +2.64% +6.26% +0.84%  +2.30%
Halstead Volume 049%  -1.94%  -072%  -444% -086% -7.26% -157% -10.14%
Halstead Difficulty +0.32%  -0.50%  +0.62%  -1.22%  +0.64% -2.67% +1.48%  -2.67%
Halstead Effort 011%  -1.90%  +0.77%  -422%  +0.69% -7.52%  -0.97% -10.52%
PEP-8 Errors -84.11% -8499% -82.50% -84.41% -82.99% -85.18% -84.69% -86.46%
PEP-8 Warnings -62.88% -79.42% -77.00% -80.81% -74.36% -74.48% -81.70% -78.23%
CodeBLEU Score 0.75 0.64 0.69 0.53 0.63 0.50 0.61 0.49
Levenshtein Similarity 0.91 0.85 0.87 078 0.83 0.72 0.82 073
Code equivalence | 575%  315%  65.0%  545%  75.6%  822%  785%  852%
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Table 5. Average relative changes for code quality metrics, including both behavior-preserving and non-preserving
refactorings. Code equivalence success rate is also included for reference.

Metric | DeepSeek-Coder | Llama 3.2 \ Qwen2.5-Coder
| 13B 678 | 1B 38 | 05B 1.5B 3B 7B
Cyclomatic Complexity | -3.57%  -3.97% -0.94% -1.63% -0.99% -740%  -2.56%  -3.83%
Maintainability Index 2.22%  -2.56% | +14.64% +25.28% | -0.58%  +8.32% +1.34% +2.85%
Halstead Volume -3.08%  -3.96% -4.56% -2.94% -1.05%  -11.07% -0.58%  -4.33%
Halstead Difficulty -1.74%  -1.76% -5.45% -5.03% -0.95% -8.71%  -0.63%  +1.15%
Halstead Effort -4.16%  -9.01% -7.07% -8.35% -1.71%  -19.71%  +0.36%  -3.80%
PEP-8 Errors -54.19% -55.34% | -71.18%  -75.75% | +97.48% -55.46% -78.47% -67.90%
PEP-8 Warnings -73.46% -66.99% | -77.14%  -74.39% | -20.07% -72.78% -81.79% -82.17%
CodeBLEU Score 0.69 0.65 0.47 0.39 0.90 0.51 0.63 0.57
Levenshtein Similarity 0.86 0.84 0.60 0.45 0.87 0.68 0.83 0.78

Code equivalence

61.3% 68.3% ‘ 16.9% 23.4% ‘ 66.0% 33.5% 65.9% 65.6%

Metric \ Qwen3

| 06B 06B() 17B  17B () 4B 4B (1) 8B 8B (r)
Cyclomatic Complexity | -5.86% -13.39% -349% -6.78%  -2.66%  -6.31% -1.45%  -7.00%
Maintainability Index +0.85%  +2.83%  +4.88% +0.23% +3.31% +6.50% +1.10% +2.33%
Halstead Volume -6.49%  -15.86% -2.81% -7.77%  -1.65%  -8.15%  -1.62%  -9.84%
Halstead Difficulty -248%  -834%  -1.69%  -448% +0.18% -273% +1.75% -2.72%
Halstead Effort -10.64% -21.01% -6.85% -11.65% +1.12% -879%  -0.75% -10.21%
PEP-8 Errors -86.29% -86.75% -84.75% -85.46% -83.87% -85.65% -85.75% -86.61%
PEP-8 Warnings -81.91% -85.25% -75.47% -80.47% -79.45% -73.89% -80.22% -78.01%
CodeBLEU Score 0.69 0.53 0.65 0.52 0.62 0.49 0.60 0.48
Levenshtein Similarity 0.87 0.77 0.84 0.76 0.82 0.72 0.81 0.72
Code equivalence | 57.5% 31.5% 65.0% 54.5% 75.6% 82.2% 78.5% 85.2%

In order to provide a better insight into the style of the dataset as well as the refactorings generated
by the models, we also provide a sample of refactorings in the Appendix.

5. Discussion

Probably the most important aspect of refactoring is to ensure that the behavior of the original
program is preserved. This is important because otherwise refactorings could have unintended side
effects or could inject bugs into the code. Our experiments show that many of the evaluated models
perform poorly in this aspect, as they often fail to preserve external behavior. The worst performing
models are the two Llama 3.2 models: they refactored only 16.9% (1B) and 23.4% (3B) of the programs
without changing their behavior. Furthermore, even the best performing model in terms of behavior
preservation (Qwen3 8B with reasoning turned on) fails to maintain equivalence in 14.8% of the cases.
The lack of consistent behavior preservation implies that the evaluated models are not suitable for
completely reliable refactoring. In production, this limitation could be mitigated with additional
safeguards to ensure correctness, such as more rigorous testing or human oversight.

By including models of varying sizes from the same family, we can observe how model size
relates to refactoring quality. In most cases, larger models tend to perform better in terms of preserving
program behavior than their smaller counterparts within the same family. These trends are visualized
in Figure 1. The Qwen2.5-Coder models are especially interesting, as their four versions include a
notable outlier in the 0.5B model: it has a success rate of 66.0%, which is surprisingly high given
its small size. However, this high success rate is due to the model frequently copying the original
code without making any changes, thus trivially preserving behavior. This can be seen from the high
CodeBLEU and Levenstein similarity scores, as well as the minimal changes in lines of code and other
metrics (see Table 4 and Table A1).
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Similarly to model size, task complexity appears to have an impact on refactoring performance.
In general, models perform best on simpler, introductory-level tasks, with their success rate gradually
decreasing as task complexity increases: on average, from 65.29% at the introductory level to 57.19%
for interview-level and to 49.12% in case of competition-level tasks. This pattern suggests that as the
logical and structural complexity of the task grows, models struggle more to preserve behavior during
refactoring.

To better understand why programs fail, we categorized the types of errors that occur when
refactorings do not pass their test cases. We counted syntax errors, runtime errors, logical errors, and
timeouts (Table 3). In most cases, the models introduced runtime and logical errors during refactoring,
while syntax errors and timeouts were relatively rare. Three models stood out as exceptions: Qwen2.5-
Coder-0.5B and the two Llama3.2 models produced significantly more syntax errors than the others.
The most notable among them is Qwen2.5-Coder-0.5B, which generated 1.58 times more syntax errors
than all the other error types together.

Regarding the role of reasoning in refactoring, our results indicate that it has a mixed efffect on
refactoring capabilities. The 0.6B and 1.7B Qwen3 models performed worse with reasoning turned
on, while the 4B and 8B models performed better. This suggests that smaller models are not capable
of taking advantage of reasoning tokens to aid refactoring as well as larger ones. Independent of
the model size, we see that the use of reasoning leads to a notable decrease in CodeBLEU as well as
Levenshtein similarity scores. This indicates that reasoning makes the models do more fundamental
changes to the code. Reasoning also appears to reduce the proportion of runtime errors compared to
other types of errors.

In general, the models tend to reduce program complexity when attempting to refactor programs,
but only to a limited extent. This can be seen from the decrease in cyclomatic complexity: the average
decrease for behavior-preserving refactorings is 1.68%, while across all modifications it is 4.49%. These
values indicate that the models are capable of simplifying programs by reducing their complexity.
However, larger, more significant modifications are less likely to preserve behavior, as reflected by the
smaller complexity decrease for behavior-preserving refactorings than for all modifications.

The decrease in code complexity is further characterized by Halstead metrics. For the behavior-
preserving modifications, Halstead volume decreases on average by 1.23%, difficulty stays roughly
unchanged (increasing only by 0.03%), and effort decreases by 0.85%. When considering all modifi-
cations, the average decreases are larger, showing a similar trend as observed in case of cyclomatic
complexity: 5.36% in volume, 2.73% in difficulty, and 7.64% in effort. In line with observations on
cyclomatic complexity, these reductions indicate that the models tend to simplify the overall com-
putational and cognitive load of the programs, but more significant simplifications are less likely to
preserve behavior.

Refactored programs also tend to have higher maintainability than their original counterparts,
indicated by an increase in Maintainability Index. This score is 2.54% higher in case of behavior-
preserving refactorings, and 4.32% higher when considering all modifications. Interestingly, the
DeepSeek-Coder models, despite their generally good refactoring capabilities (indicated by other code
quality metrics and their percentage of behavior-preserving refactorings), tend to modify programs
in a way that reduces maintainability. Conversely, although Llama3.2 models are clearly the worst-
performing models, code maintainability increases most significantly in their refactorings (by 6% and
21.09% for the 1B and 3B models for the refactorings that preserved behavior and by 14.64% and 25.28%
for all the refactorings).

Improvements in code style are much more significant. For behavior-preserving refactorings, the
number of PEP-8 errors decreased by 68.50%, and warnings by 67.81%. Considering all modifications,
errors decreased by 65.37%, and warnings by 73.97%. These reductions suggest that the models
produce code that is substantially cleaner and more compliant with style guidelines. A notable outlier
is Qwen2.5-Coder-0.5B: in case of behavior-preserving refactorings, it achieved a significantly lower
reduction in errors (4.88%) and warnings (3.76%) compared to other models. Furthermore, considering
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all modifications on average, this model nearly doubled PEP-8 errors (indicated by an increase of
97.48%).

Overall, the evaluated models have varying refactoring performance, especially in terms of pre-
serving program behavior. A common pattern throughout the models is a consistent and significant
decrease in PEP-8 violations, which indicates that the models are highly effective at improving adher-
ence to code style. Furthermore, models tend to reduce code complexity and increase maintainability,
however, these improvements are clearly less significant. This indicates that while the evaluated
models are useful for code refactoring, they tend to focus more on improving adherence to code style
rather than on deep code optimizations and simplifications.

6. Conclusion

In this work, we performed a comprehensive study on the refactoring capabilities of small open-
weight language models. We evaluated the ability of these models to preserve behavior and improve
code quality using a dataset of 3,453 Python programs. We investigated how model size, the ability to
reason before constructing the refactored output, and the difficulty of the underlying task may affect
refactoring quality. We also examined the types of errors that were encountered while testing the
modified programs.

Our investigation shows that although models generally improve code quality, they are not fully
reliable in preserving program behavior. Most of the refactorings the models perform are shallow,
primarily focused on PEP-8 compliance, while deep structural changes to improve code complexity
and maintainability are less significant. When program behavior is not preserved, it is typically due to
logical or runtime errors introduced by the models. While better performance can be achieved by using
larger models and enabling reasoning (above 4B), these models are only safe to use in professional
environments with human oversight.

As future work, we plan to replicate our experiments with larger models. We also plan to use
a dataset with larger programs to gain a more refined understanding of refactoring performance.
Furthermore, we also plan to experiment with different prompting techniques, such as including more
context about the program to be refactored.

Broader Impact

With this paper we hope to contribute to the ongoing effort to democratize generative Al in
software development-related tasks, emphasising correct and high-quality code. By identifying current
SLM capabilities in source code refactoring, we hope to help stakeholders select the most appropriate
models for code refactoring.

Our environmental impact was relatively small: the experiments consumed roughly 500 GPU-
hours on two Nvidia A100 GPUs. Our findings allow others to avoid wasted computation that would
occur when using SLMs that have been found to be inefficient in code refactoring.
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Appendix A

In this appendix, we provide a more detailed overview of the changes in code quality metrics
observed across our experiments. Table Al and Table A2 are extended versions of Table 4 and Table 5.
They extend the previously provided relative differences by including the average metric values for
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the original and refactored programs. We note that most metrics can only be calculated for parsable
programs. Therefore, pairs of programs where the refactoring is unparsable are not included in the
averages. As different models usually produce unparsable refactorings for different inputs, the original
average metric values can slightly differ for different models. We also provide further metrics in these
tables that are not included in the main text: lines of code, logical lines of code, source lines of code,
blank lines, and comments.
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Table Al. The average relative changes in code quality metrics in case of behavior-preserving modifications.
These also include the average metric values for both the original and refactored programs, as well as some
additional metrics: lines of code, logical lines, source lines, number of blank lines, and comments.

Models

Metric DeepSeek-Coder ‘ Llama-3.2 ‘ Qwen2.5-Coder

|
|
‘ 1.3B ‘ 6.7B ‘ 1B ‘ 3B ‘ 0.5B ‘ 1.5B ‘ 3B ‘ 7B
|

orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref.

. . 7.44 7.35 7.20 7.07 5.69 6.07 6.20 6.38 8.31 831 6.54 6.56 7.29 7.16 7.07 6.95
Cyclomatic Complexity

-1.21% -1.84% +6.57% +2.87% -0.03% +0.41% -1.72% -1.71%
T 62.47 61.14 63.00 61.33 66.56 70.55 65.46 79.27 61.19 60.82 64.89 66.77 62.78 63.08 63.24 64.16
Maintainability Index
-2.13% -2.66% +6.00% +21.09% -0.61% +2.90% +0.47% +1.46%

216.64  215.21 206.16  204.52 | 151.99 161.33 178.71 184.81 243.56  243.68 186.93 188.02 | 21147 21171 199.26  197.07
Halstead Volume

-0.66% -0.79% +6.14% +3.41% +0.05% +0.58% +0.12% -1.10%
4.33 4.33 4.20 4.25 3.55 3.65 3.98 3.96 4.60 4.60 3.92 3.89 4.30 4.32 4.19 4.25
Halstead Difficulty
-0.20% +1.17% +2.84% -0.36% +0.01% -0.96% +0.48% +1.54%
Halstead Effort 1526.93 1513.55 | 1384.65 1384.49 | 991.81 1057.72 | 125853 1303.35 | 1739.14 1739.30 | 1241.41 1248.07 | 1464.93 1477.08 | 1356.93 1349.45
alstea orf
-0.88% -0.01% +6.65% +3.56% +0.01% +0.54% +0.83% -0.55%

27.65 13.95 30.09 14.52 17.30 6.92 20.74 5.52 39.80 37.86 22.74 14.71 32.80 712 28.68 9.34
PEP-8 Errors

-49.53% -51.75% -59.97% -73.41% -4.88% -35.34% -78.30% -67.43%
18.00 7.77 2191 6.48 7.02 3.37 10.97 3.42 24.20 23.30 12.92 4.64 19.16 3.66 16.67 3.48
PEP-8 Warnings
-56.86% -70.44% -52.03% -68.81% -3.76% -64.09% -80.90% -79.12%

24.77 23.58 24.76 22.28 18.92 25.22 21.73 36.00 28.53 28.70 22.64 2341 24.33 24.70 23.80 23.38
Lines of Code

-4.78% -10.00% +33.32% +65.71% +0.59% +3.42% +1.50% -1.78%
. . 21.15 20.55 20.78 19.66 16.29 18.66 18.17 20.92 24.19 24.22 18.91 19.03 20.77 20.65 20.17 19.37
Logical Lines of Code
-2.84% -5.41% +14.59% +15.13% +0.10% +0.63% -0.56% -3.93%
. 20.59 20.10 20.17 19.25 15.86 17.85 17.88 19.54 23.49 23.52 18.43 18.71 20.20 20.39 19.59 19.09
Source Lines of Code
-2.40% -4.55% +12.57% +9.29% +0.17% +1.50% +0.94% -2.54%
0.75 0.36 0.84 0.28 0.56 0.79 0.75 3.01 0.93 0.87 0.70 0.99 0.79 0.78 0.78 0.86
Comments
-52.18% -66.48% +39.21% +302.98% -6.52% +41.11% -1.22% +10.58%
. 330 3.06 3.60 271 252 3.81 2.86 632 3.95 4.19 3.39 3.69 323 3.50 324 344
Blank Lines
-7.39% -24.65% +51.47% +120.86% +5.93% +8.63% +8.48% +6.35%
CodeBLEU 0.76 0.68 0.61 0.47 0.98 0.64 0.66 0.60
Levenshtein Similarity 0.90 0.86 0.70 0.49 0.99 0.78 0.85 0.81
Code equivalence ‘ 61.3% ‘ 68.3% ‘ 16.9% ‘ 23.4% ‘ 66.0% ‘ 33.5% ‘ 65.9% ‘ 65.6%
‘ Qwen3
Metric ‘ 0.6B ‘ 0.6B thinking ‘ 17B ‘ 1.7B thinking ‘ 4B ‘ 4B thinking ‘ 8B ‘ 8B thinking
‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref.
X . 5.79 5.71 5.56 533 6.51 6.36 622 5.93 7.37 7.20 7.39 6.92 7.37 7.26 7.61 7.05
Cyclomatic Complexity
-1.43% -4.11% -2.31% -4.71% -2.36% -6.46% -1.53% -7.37%
T 6491 6493 | 6588 6574 | 63.87 65.63 64.41 64.15 62.70 64.36 62.58 66.50 62.73 63.26 62.40 63.83
Maintainability Index
+0.02% -0.22% +2.75% -0.40% +2.64% +6.26% +0.84% +2.30%
149.77 149.04 | 14430 14150 | 179.56  178.27 | 170.81 16322 | 211.68 209.85 | 207.27 19223 | 211.34  208.02 | 21951 197.24
Halstead Volume
-0.49% -1.94% -0.72% -4.44% -0.86% -7.26% -1.57% -10.14%
" 3.65 3.66 3.58 3.56 3.95 3.97 3.87 3.82 4.30 433 427 4.16 4.38 444 442 4.30
Halstead Difficulty
+0.32% -0.50% +0.62% -1.22% +0.64% -2.67% +1.48% -2.67%
875.87 874.86 | 861.77 845.40 | 1141.02 1149.75 | 1078.78 1033.22 | 1453.68 1463.71 | 1400.49 1295.16 | 1557.44 1542.32 | 1590.45 1423.19
Halstead Effort
-0.11% -1.90% +0.77% -4.22% +0.69% -7.52% -0.97% -10.52%

2355 374 | 2191 3.29 29.03 5.08 26.40 4.12 32.98 5.61 34.11 5.06 34.25 5.24 35.79 4.84
PEP-8 Errors

-84.11% -84.99% -82.50% -84.41% -82.99% -85.18% -84.69% -86.46%
. 10.71 3.98 12,51 2.57 21.55 4.96 2171 4.17 18.27 4.68 19.77 5.05 23.02 4.21 22.62 4.92
PEP-8 Warnings
-62.88% -79.42% -77.00% -80.81% -74.36% -74.48% -81.70% -78.23%
. 1859 1927 | 17.73  16.86 21.65 22.29 20.82 18.60 24.53 25.35 24.88 24.65 24.78 25.38 25.55 23.83
Lines of Code
+3.65% -4.94% +2.93% -10.66% +3.34% -0.92% +2.44% -6.73%
. . 1611 1599 | 1546  14.49 18.39 18.30 17.66 16.33 20.99 20.76 21.12 19.84 21.01 20.96 21.69 20.04
Logical Lines of Code
-0.78% -6.25% -0.52% -7.56% -1.10% -6.03% -0.22% -7.60%
15.80 15.89 15.17 1448 17.88 18.10 17.17 16.25 20.34 20.57 20.47 19.65 20.37 20.85 21.02 19.94
Source Lines of Code
+0.54% -4.55% +1.23% -5.37% +1.13% -4.01% +2.36% -5.16%
0.42 0.32 0.39 0.25 0.62 0.72 0.64 0.25 0.76 0.78 0.77 1.63 0.79 0.71 0.84 0.86
Comments
-23.58% -36.92% +15.74% -60.80% +2.92% +111.79% -9.70% +2.56%
X 2.30 3.06 2.12 2.14 3.01 3.45 291 2.09 3.27 3.97 3.50 3.30 3.49 3.81 3.56 3.03
Blank Lines
+33.27% +0.61% +14.55% -28.18% +21.39% -5.66% +9.09% -14.96%
CodeBLEU 0.75 0.64 0.69 0.53 0.63 0.50 0.61 0.49
Levenshtein Similarity 091 0.85 0.87 0.78 0.83 0.72 0.82 0.73
Code equivalence 57.5% 31.5% 65.0% 54.5% 75.6% 82.2% 78.5% 85.2%
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Table A2. The average relative changes in code quality metrics in case of all modifications. These also include the
average metric values for both the original and refactored programs, as well as some additional metrics: lines of
code, logical lines, source lines, number of blank lines, and comments.

Models

1.3B ‘ 6.7B ‘ 1B ‘ 3B ‘ 0.5B ‘ 1.5B ‘ 3B ‘ 7B

|

Metric ‘ DeepSeek-Coder ‘ Llama-3.2 ‘ Qwen2.5-Coder
|
|

orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref.

. . 8.05 7.76 8.04 7.72 7.88 7.81 8.15 8.02 8.67 8.58 8.03 7.44 8.05 7.84 8.02 7.71
Cyclomatic Complexity

-3.57% -3.97% -0.94% -1.63% -0.99% -7.40% -2.56% -3.83%
61.75 60.38 61.76 60.18 61.93 71.00 61.53 77.09 60.76 60.41 61.78 66.92 61.77 62.59 61.79 63.55
Maintainability Index
-2.22% -2.56% +14.64% +25.28% -0.58% +8.32% +1.34% +2.85%
23392 22673 | 23450 22521 | 229.64 21916 | 23872 23170 | 256.46 25377 | 23252 20678 | 23452 233.17 | 23258 22250
Halstead Volume
-3.08% -3.96% -4.56% -2.94% -1.05% -11.07% -0.58% -4.33%
4.52 4.44 4.59 4.50 4.49 4.25 4.66 442 4.72 4.68 4.58 4.18 4.58 4.56 451 4.56
Halstead Difficulty
-1.74% -1.76% -5.45% -5.03% -0.95% -8.71% -0.63% +1.15%
Halstead Effort 1680.40 161045 | 1754.37 1596.31 | 1635.80 1520.14 | 1797.37 1647.23 | 1891.60 1859.17 | 1731.71 1390.39 | 1753.52 1759.79 | 1664.75 1601.56
alstea or
-4.16% -9.01% -7.07% -8.35% -1.71% -19.71% +0.36% -3.80%

35.00 16.03 34.89 15.58 32.63 9.40 31.87 7.73 17.30 34.17 33.72 15.02 36.63 7.89 34.20 10.98
-54.19% -55.34% -71.18% -75.75% +97.48% -55.46% -78.47% -67.90%
27.14 7.20 26.25 8.66 21.25 4.86 19.45 4.98 27.86 2227 21.46 5.84 23.39 4.26 22,68 4.04

PEP-8 Errors

PEP-8 Warnings
-73.46% -66.99% -77.14% -74.39% -20.07% -72.78% -81.79% -82.17%

27.13 24.99 27.12 23.93 26.71 34.57 27.35 43.15 29.86 31.59 27.14 28.01 27.13 27.27 27.09 26.06
Lines of Code

-7.87% -11.75% +29.46% +57.77% +5.76% +3.20% +0.52% -3.81%
. . 23.00 21.77 23.00 21.17 22.67 24.14 23.20 25.27 25.25 26.98 23.02 22.00 23.01 22.65 2297 2141
Logical Lines of Code
-5.36% -7.95% +6.46% +8.91% +6.84% -4.41% -1.54% -6.79%
. 2232 21.30 2231 20.73 21.99 22.96 22.52 23.56 24.50 26.26 2234 21.53 2233 2234 2229 21.08
Source Lines of Code
-4.56% -7.11% +4.40% +4.65% +7.17% -3.61% +0.07% -5.44%
0.89 0.37 0.89 0.28 0.85 1.84 0.88 4.06 1.04 0.90 0.90 1.76 0.90 0.96 0.89 1.09
Comments
-59.16% -68.23% +115.83% +361.16% -13.74% +96.56% +6.54% +21.43%
. 3.76 327 3.76 2.88 3.70 529 3.79 7.69 414 432 3.76 4.67 376 3.95 376 3.95
Blank Lines
-12.96% -23.38% +42.95% +102.73% +4.36% +24.19% +5.04% +5.27%
CodeBLEU 0.69 0.65 047 0.39 0.90 0.51 0.63 0.57
Levenshtein Similarity 0.86 0.84 0.60 0.45 0.87 0.68 0.83 0.78
Code equivalence ‘ 61.3% ‘ 68.3% ‘ 16.9% ‘ 23.4% ‘ 66.0% ‘ 33.5% ‘ 65.9% ‘ 65.6%
‘ Qwen3
Metric ‘ 0.6B ‘ 0.6B thinking ‘ 17B ‘ 1.7B thinking ‘ 4B ‘ 4B thinking ‘ 8B ‘ 8B thinking
‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref. ‘ orig. ref.
. . 8.03 7.56 8.04 6.96 8.03 7.75 8.03 7.48 8.06 7.85 8.05 7.55 8.05 7.94 8.06 7.49
Cyclomatic Complexity
-5.86% -13.39% -3.49% -6.78% -2.66% -6.31% -1.45% -7.00%
N 61.77 62.30 61.78 63.53 61.76 64.77 61.78 61.92 61.75 63.79 61.76 65.77 61.76 6244 61.76 63.20
Maintainability Index
+0.85% +2.83% +4.88% +0.23% +3.31% +6.50% +1.10% +2.33%

23355  218.39 234.15 197.02 | 23433  227.74 | 23333 21521 234.87 23099 | 23487 21572 | 23480  230.99 23492  211.80
Halstead Volume

-6.49% -15.86% -2.81% -7.77% -1.65% -8.15% -1.62% -9.84%
. 4.58 4.47 4.51 413 459 451 458 438 459 4.60 4.59 4.46 4.59 4.67 4.59 4.46
Halstead Difficulty
-2.48% -8.34% -1.69% -4.48% +0.18% -2.73% +1.75% -2.72%
Halstead Effort 174212 1556.74 | 1681.21 1327.93 | 1755.21 1634.99 | 1746.65 1543.21 | 1756.02 1775.64 | 1756.92 1602.48 | 1756.24 1743.02 | 1757.70 1578.25
alstea or
-10.64% -21.01% -6.85% -11.65% +1.12% -8.79% -0.75% -10.21%
38.30 525 37.25 4.94 37.90 578 37.43 5.44 37.83 6.10 38.24 5.49 38.60 5.50 38.64 517
PEP-8 Errors
-86.29% -86.75% -84.75% -85.46% -83.87% -85.65% -85.75% -86.61%
23.73 429 25.12 3.71 2225 5.46 24.35 4.75 23.57 4.84 21.16 5.52 23.51 4.65 23.50 517
PEP-8 Warnings
-81.91% -85.25% -75.47% -80.47% -79.45% -73.89% -80.22% -78.01%
. 27.12 26.66 27.11 23.12 27.11 28.66 27.15 25.34 27.15 28.89 27.14 27.10 27.14 28.02 27.14 25.58
Lines of Code
-1.67% -14.73% +5.72% -6.65% +6.44% -0.17% +3.26% -5.74%
. . 23.00 21.83 23.00 19.44 23.00 22.56 23.02 21.21 23.02 22.66 23.02 21.77 23.02 23.05 23.02 21.46
Logical Lines of Code
-5.07% -15.49% -1.94% -7.88% -1.59% -5.44% +0.16% -6.75%
) 22.32 21.65 22.32 19.27 22.32 22.30 22.34 21.03 22.34 22.48 22.34 21.59 22.34 2291 22.34 21.37
Source Lines of Code
-2.99% -13.65% -0.06% -5.88% +0.64% -3.35% +2.58% -4.34%
0.89 0.73 0.89 0.58 0.89 1.98 0.90 1.44 0.90 2.06 0.90 1.84 0.90 0.86 0.89 0.94
Comments
-17.88% -34.67% +122.56% +61.20% +129.73% +105.21% -3.40% +5.69%
. 3.76 4.28 3.75 3.25 3.75 4.37 3.76 2.85 3.76 4.34 3.76 3.59 3.76 423 3.76 3.24
Blank Lines
+13.72% -13.34% +16.74% -24.12% +15.55% -4.40% +12.65% -13.74%
CodeBLEU 0.69 0.53 0.65 0.52 0.62 0.49 0.60 0.48
Levenshtein Similarity 0.87 0.77 0.84 0.76 0.82 0.72 0.81 0.72
Code equivalence 57.5% 31.5% 65.0% 54.5% 75.6% 82.2% 78.5% 85.2%
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Furthermore, we include a sample of refactorings here in order to provide more insight into the
style of programs in the dataset, as well as model performance in code refactoring. Figure A1l shows a
behavior preserving refactoring that was generated by the best performing model, namely Qwen3 8B
with reasoning enabled. The model simplifies a for loop to a list comprehension. Figure A2 also shows
a behavior preserving refactoring, generated by the worst performing model, Llama 3.2 1B. It shows us
the tendency of Llama to introduce many new comments while also making little or no actual changes.
Figure A3 shows another refactoring generated by the same Llama 3.2 1B model which failed the
testing. The model encountered the string “red” in the code snippet, which probably triggered the
use of the hardcoded string “green” instead of the appropriate variable call. Code similarity results in
case of Qwen2.5-Coder 0.5B indicate that the model tends to keep the programs unchanged. Figure A4
shows a good example of this tendency. Figure A5 shows a refactoring generated by the Qwen3 8B
model with reasoning enabled, which failed the testing. Although the model generated a code which
is more in line with PEP-8 guidelines, it introduced an error when trying to simplify the for loop. It
did not take into account that the loop must iterate all the way through the inputs, and not break once
b == cistrue.

n = int(input())

Ist = [int(x) for x in input().split()] n = int(input())
for i in range(len(lIst)): Ist = [int(x) for x in input().split()]
if 1st[i]%2==0: :> Ist = [x = 1 if x % 2 == 0 else x for x in
Ist[i]-= Ist]
Ist = [str(x) for x in lst] print(’ ’.join(map(str, lst)))
print(’ ’.join(lst))

Figure A1. Behaviour preserving refactoring made by Qwen3 8B with reasoning turned on. The model replaced
the while loop and the if statement with a conditional list comprehension.

def main() :
# Get two integers from the user
a, b = map(int, input().split())

a, b = list(map(int, input().split())) # Calculate the result
res = a - 1 res = a - 1
if a <= b: if a <= b:
res += 1 i res += 1
print(res) # Print the result
print(res)
if _name__ == "__main__":
main ()

Figure A2. Behaviour preserving refactoring made by Llama 3.2 1B. The model made virtually no changes to the
code, except for adding comments and extracting it into a main function.

def main() :
# Get user input
a int(input())
s input()

# Check if the number is greater than or
equal to 3200

a=int(input()) if a >= 3200:
s=input () # Print the message for successful
= input
print(s if a>=3200 else "red") print("green")
else:
# Print the message for invalid

input
print("red")

if _name__ == "__main__":
main ()

Figure A3. Refactoring made by Llama 3.2 1B which failed the testing. The model confidently added some
descriptive comments, but failed to understand that it needed to print the value of a variable instead of a
hardcoded string.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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import time

li = list(map(int, input().split()))
n = li.pop(0)

li.sort ()

for i in range(20000000):
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import time

li = list(map(int, input().split()))
n = li.pop(0)

li.sort()

for i in range(20000000):

d0i:10.20944/preprints202603.0295.v1

s =0 s =0
print(" ".join (map(str, 1i))) print(" ".join (map(str, 1i)))

Figure A4. Behavior preserving refactoring made by Qwen2.5-Coder 0.5B. This model tends to keep the programs
unchanged, as showcased by this example.

def solve():
n, m = list(map(int, input().split()))

found = False
for _ in range(n): de
a, b = list(map(int, input().split()

-

solve () :
n, m = map(int, input().split())
found = False

¢, d = list(map(int, input().split() for _ in range(n):
a, b = map(int, input().split())
if b==c: ¢, d = map(int, input().split())
found = True if b == c:
found = True
if m%2==1: break
return False i return (m % 2 == 0) and found
if found:
return True t = int(input())

return False
for _ in range(t):
if solve():
t = int(input()) print("YES")
else:
for _ in range(t): print('NO")
if solve():
print("YES")
else:
print("NO")

Figure A5. Refactoring generated by Qwen3 8B with reasoning turned on which failed the testing. Even the best
performing model in our evaluation can make mistakes.
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