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ABSTRACT
Refactoring is essential for improving software maintainability,
yet it often remains a validation-intensive and developer-guided
task—particularly in Python projects shaped by fast-paced experi-
mentation and iterative workflows, as is common in the machine
learning (ML) domain. Recent advances in large language models
(LLMs) have introduced new possibilities for automating refactor-
ing, but many existing approaches rely on single-model prompt-
ing and lack structured coordination or task specialization. This
study presents an empirical evaluation of a modular LLM-based
multi-agent system (LLM-MAS), orchestrated through theMetaGPT
framework, which enables sequential coordination and reproducible
communication among specialized agents for static analysis, refac-
toring strategy planning, and code transformation. The system was
applied to 1,719 Python files drawn from open-source ML repos-
itories, and its outputs were compared against both the original
and human-refactored versions using eight static metrics related
to complexity, modularity, and code size. Results show that the
agent consistently produces more compact and modular code, with
measurable reductions in function length and structural complexity.
However, the absence of a validation agent led to 281 syntacti-
cally invalid outputs, reinforcing the importance of incorporating
semantic and syntactic verification to ensure transformation cor-
rectness and build trust in automated refactoring. These findings
highlight the potential of LLM-based multi-agent systems to auto-
mate structural code improvements and establish a foundation for
future domain-aware refactoring in ML software.
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1 Introduction
Refactoring improves internal code structure without altering exter-
nal behavior [10, 16], and is essential for long-term software main-
tainability—particularly in fast-evolving domains like ML, where
rapid prototyping, frequent experimentation, and loosely coupled
scripts accelerate structural degradation [23, 28]. Despite the avail-
ability of tools for manual and semi-automated refactoring [1, 4, 26],

fully automated approaches remain constrained, especially in dy-
namic languages such as Python, where flexibility and iterative
workflows often lead to accumulated technical debt (TD) [23, 28].

LLMs have recently shown promise for automating source code
edits [2, 8, 14]. However, many LLM-based refactoring tools rely on
single-shot prompting and lack structured coordination, semantic
validation, or domain adaptation. Emerging multi-agent frame-
works like ChatDev [21], SWE-Agent [31], and MANTRA [30] ad-
dress these gaps through agent collaboration, but are typically
tailored for Java or synthetic benchmarks. Their performance on
dynamic, real-world Python code remains underexplored.

In this context, machine learning codebases offer a compelling
testbed for evaluating automated refactoring strategies: they are
often under-tested, highly experimental, and subject to frequent re-
structuring [28]. Understanding how general-purpose LLMs behave
in such settings provides critical insights into both the potential
and the limitations of current automation techniques.

This study presents an exploratory empirical evaluation of amod-
ular LLM-based multi-agent system for automated refactoring. The
system consists of three role-specialized agents—for static analysis,
refactoring strategy planning, and code transformation—coordinated
sequentially via the MetaGPT framework [12]. Evaluation is per-
formed on 1,719 real-world Python files extracted from open-source
ML repositories, using eight static maintainability and complex-
ity metrics. Outputs are compared against both the original and
human-refactored versions to assess the structural impact of the
automated system.

Research Questions

• RQ1: In which maintainability metrics does automated refac-
toring improve the original code?

• RQ2: How do human and agent-based refactorings differ
across maintainability metrics?

• RQ3: What refactoring types are most frequently applied by
agents and humans, and how does their distribution differ?

2 Related Work
Traditional Refactoring Approaches. Early refactoring research
focused on identifying structural issues and recommending local-
ized improvements.Metrics-basedmethods targetedMoveMethod [29],
while graph-based models aided Extract Class refactorings [6]. Tools
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like RefactoringMiner 3.0 [1] enhanced abstract syntax tree (AST)
differencing with semantic matching, and PyRef [4] extended de-
tection to Python. Approaches like WitchDoctor [9] and RMove [7]
added real-time recommendations and ML. While effective, these
methods rely heavily on static rules or engineered features, limiting
their adaptability and capacity to handle heterogeneous codebases.

LLM-Based Techniques for Code Refactoring. Recent work
explores LLMs to support refactoring tasks. DePalma et al. [8]
and Liu et al. [14] found that ChatGPT can propose useful edits,
but suffers from inconsistencies and limited opportunity detection
without prompt engineering. EM-Assist [19] improves reliability
by combining LLM output with static analysis and IDE integration.
Prompting strategies [24] and hybrid designs [33] show promise
for improving code quality. Still, challenges persist—such as hal-
lucination, misalignment, and lack of validation. Alomar et al. [2]
observed that developers often issue vague prompts, which LLMs
may misinterpret. These limitations suggest the need for structured,
collaborative approaches to guide and constrain model behavior.

LLM-Based Multi-Agent Systems for Software Engineering
Automation. To overcome these limitations, recent research has
introduced multi-agent frameworks where specialized LLMs collab-
orate to emulate structured workflows. Systems like ChatDev [21]
and MetaGPT [12] simulate development pipelines via predefined
roles and communication protocols, but mainly target synthetic sce-
narios or code generation. SWE-Agent [31] focuses on bug fixing,
while MANTRA [30] and Siddeeq et al. [25] explore refactoring in
statically typed languages like Java or Haskell. Other systems like
LocalizeAgent [5] and TransAgent [32] address design-level con-
cerns and language translation, respectively, but do not explicitly
target maintainability.

These studies collectively underscore the promise of LLM-based
agent collaboration in software engineering tasks. However, few
explore its applicability to real-world Python codebases — partic-
ularly in domains like ML, where dynamic patterns and technical
debt present unique challenges for automation.

2.1 System and Experimental Setup
2.2 System Overview
The system under evaluation is a modular Large Language Model-
Based Multi-Agent System designed to automate software refactor-
ing by distributing responsibilities across specialized agents. Each
agent is instantiated as an independent LLM process and coordi-
nated through the MetaGPT framework [12].

The architecture consists of three sequential agents: the Code
Quality Agent, the Refactoring Strategy Agent, and the Code Trans-
formation Agent. These agents collaborate to progressively trans-
form input source code. Figure 1 illustrates the full interaction flow:
step 1○ feeds the input file (original.py) to the Code Quality
Agent, which performs static analysis and outputs a structured re-
port 2○. This report is consumed by the Refactoring Strategy Agent,
which generates a refactoring plan 3○. The Code Transformation
Agent applies these instructions to the input file to produce the
final version (agent_refactored.py) 4○.

Agents exchange information through serialized JSON files to
ensure deterministic, inspectable, and reproducible communication.

Each agent used the open-mixtral-8x22b model, accessed via a
publicly available API. This model was selected for its accessibility
and straightforward API integration, making it a practical choice for
reproducible experimentation within the multi-agent framework.
Inference was performed using a temperature of 0.7, following
the default setting provided by the model’s API, and a maximum
context window of 65,536 tokens. All other parameters (e.g., top-
p, frequency penalties) were left at their default values. No fine-
tuning or prompt engineering was applied beyond task-level role
descriptions.

Although the system is domain-agnostic, its evaluation in this
study focuses on Python code extracted from ML repositories,
where TD and structural degradation are common [23, 28].

2.3 Dataset Description
The evaluation dataset is derived fromMLRefScanner [17], a curated
collection of refactoring commits across 199 open-source Python
ML repositories. From its public replication package,1 all commits
labeled with has_refactoring=1 were selected, yielding 15,311
candidate commits.

File-level refactoring instances were extracted using:
• PyRef [4], to detect method-level refactorings.
• PyDriller [27], to retrieve the corresponding pre- and post-
commit file snapshots.

After extraction and filtering, a corpus of 12,599 unique Python
files was obtained. To accommodate the context length limitations
of LLMs, files exceeding 500 lines were discarded. From the resulting
pool, a reproducible random sample of 2,000 instances was selected
(random_state=42).

Each sample includes:
• original.py: The version of the file before the refactoring
commit.

• human_refactored.py: The version of the file after the human-
performed refactoring.

The human-refactored version corresponds to the post-commit
snapshot in each labeled instance.

2.4 Experiment Pipeline
Each experimental instance comprises three aligned versions of the
same Python file: the original version (original.py), the version
refactored by a human developer (human_refactored.py), and
the version generated by the system (agent_refactored.py). The
original serves as input to the LLM-MAS, which sequentially applies
analysis, planning, and transformation steps to produce the agent
version. The human version corresponds to the post-commit state
retrieved from the dataset.

Figure 2 illustrates the complete experimental setup. The pipeline
begins with commit selection from MLRefScanner, followed by
normalization and filtering. Each valid instance produces the three
file variants described above, which are then evaluated using static
maintainability and complexity metrics. These metrics are used to
compare structural variations across the original, human-refactored,
and agent-refactored versions, providing empirical support for the
three research questions.

1https://github.com/seal-replication-packages/TOSEM2024

https://github.com/seal-replication-packages/TOSEM2024
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Code Transformation Agent

Profile: Code Refactoring Specialist

Input: original.py (Python File) & Refactoring Plan (JSON File)

Output: agent_refactored.py (Python File) 
 

LLM

Code Quality Agent

Profile: Static Code Quality Auditor

Input: original.py (Python File)

Output: List of Findings (JSON File)
 
   - refactor_type: <operation name>
   - description: <whats is wrong>
   - code_excerpt: <small portion of the code involved >
   - impact: <how this might affect maintainability>
 

LLM

Refactoring Strategy Agent

Profile: Refactoring Strategist

Input: List of Findings (JSON File)

Output: Refactoring Plan (JSON File)
 
   - refactor_type:     <operation name>
   - explanation:     <why this refactoring helps>
   - before_excerpt:     <code excerpt from finding>
   - after_suggestion:   <how it could look>
   - linked_issue:     <summary or hash of original issue>

LLM

original.py

agent_refactored.py

1
2

3

3
4

Figure 1: LLM-MAS architecture. Blue numbered circles indicate the data flow: 1○ Input file; 2○ Analysis report; 3○ Refactoring
plan; 4○ Transformed code.
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Figure 2: End-to-end experimental pipeline for code refactoring using LLM-MAS: From labeled commits to metrics analysis.

2.5 Evaluation Metrics
To assess the impact on maintainability of automated refactoring,
eight static code metrics commonly used in software quality evalu-
ation were selected. These metrics capture aspects of complexity,
modularity, documentation, and size. Table 1 summarizes each met-
ric, grouped by the attribute it reflects.
Metrics 1–4 assess structural and cognitive complexity; metrics 5–8
evaluate code size, modularity, and documentation quality. This
grouping enables multi-dimensional insight into how refactoring
affects maintainability.

All metrics were computed statically using two established tools:
Radon2 (for Halstead metrics, lines of code, and cyclomatic complex-
ity) and Lizard3 (for function-level indicators). The analysis did not
require code execution, ensuring compatibility with non-runnable
or partially complete files.

Each variant (original, human-refactored, and agent-refactored)
was evaluated using all metrics. For each metric𝑀 , the following
deltas were computed to quantify structural change:

Δhuman =𝑀 (human_refactored.py) −𝑀 (original.py)
Δagent =𝑀 (agent_refactored.py) −𝑀 (original.py)

2https://radon.readthedocs.io/
3https://github.com/terryyin/lizard

Δagent-vs-human =𝑀 (agent_refactored.py)−𝑀 (human_refactored.py)

2.6 Statistical Analysis Plan
The distributions of the computed differences (Δℎ𝑢𝑚𝑎𝑛,Δ𝑎𝑔𝑒𝑛𝑡 ,
Δ𝑎𝑔𝑒𝑛𝑡−𝑣𝑠−ℎ𝑢𝑚𝑎𝑛)were evaluated using the Shapiro-Wilk test, which
indicated non-normality (𝑝 < 0.05). Therefore, all statistical com-
parisons used non-parametric methods [3, 13].

The Wilcoxon signed-rank test assessed whether the median of
paired differences significantly deviated from zero. Comparisons
were file-based, using matched pairs to control for project-specific
structure. Directional tests determined whether the median was
significantly greater than zero (increase, ↑), less than zero (decrease,
↓), or showed no significant change (–), with 𝛼 = 0.05.

Effect sizes were estimated using Cliff’s Delta (𝛿), a robust non-
parametricmeasure. Interpretation followed standard thresholds [22]:
negligible (|𝛿 | < 0.147), small (0.147 ≤ |𝛿 | < 0.33), moderate
(0.33 ≤ |𝛿 | < 0.474), and large (|𝛿 | ≥ 0.474), reported as –, *,
**, and ***, respectively. All calculations were performed in R using
the effsize package.4

4https://cran.r-project.org/web/packages/effsize/index.html

https://radon.readthedocs.io/
https://github.com/terryyin/lizard
https://cran.r-project.org/web/packages/effsize/index.html
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Table 1: Summary of Code Metrics Used for Evaluation

# Metric Definition Interpretation Rationale

1 Avg Cyclomatic Complexity (Avg_CC) Average number of independent
execution paths per function

Higher values may indicate more com-
plex logic per function

Logical complexity can affect understandability,
maintainability, and testability [15]

2 Halstead Volume (Hal_Vol) Size of the code in terms of total
operators and operands

Larger volume may suggest more ver-
bose or complicated code

Code volume influences cognitive load during com-
prehension and maintenance [11]

3 Halstead Effort (Hal_Eff) Estimated mental effort to under-
stand or develop the code

Higher effort implies greater cognitive
complexity

Effort correlates with perceived difficulty during
code evolution tasks [11]

4 Halstead Difficulty (Hal_Diff) Logical complexity relative to vo-
cabulary richness

Higher difficulty reflects more intri-
cate logic structures

Logical complexity impacts the ease of program
understanding and modification [11]

5 Lines of Code (LoC) Number of non-comment source
lines

Larger codebases may increase main-
tenance effort

LoC is a traditional proxy for software size and
potential change cost [20]

6 Number of Functions (Func_Count) Number of defined functions in the
codebase

Higher modularization may indicate
better separation of concerns

Modular systems enhance reusability, readability,
and maintainability [10]

7 Comment Density (Comment_Density) Ratio of comment lines to total
lines of code

Higher density suggests more docu-
mentation per line of code

Adequate commenting improves code comprehen-
sion and maintainability [18]

8 Avg Function Length (Avg_Fun_Len) Average number of lines per func-
tion

Longer functions may imply lower
modularity or higher complexity

Smaller functions are associated with better read-
ability and maintainability [10]

3 Results and Discussion
From the 2,000 curated samples described in Section 2.3, a total of
1,719 files were successfully processed and analyzed using the static
maintainability metrics defined in Section 2.5. The remaining 281
samples were excluded due to syntactic errors in the LLM-generated
code, identified via Python’s AST parser. These errors, likely re-
sulting from ill-formed generations, were filtered to preserve the
integrity of metric computations.

To contextualize the comparisons, the analysis begins by quanti-
fying the baseline variations induced by human refactorings. Sub-
sequent subsections address RQ1–RQ3 individually.

3.1 Baseline Variations by Human Refactorings
Metric variations resulting from human refactorings were assessed
by comparing each human_refactored.py file to its corresponding
original.py version. Table 2 reports the direction, average delta,
and effect size for each metric.

Table 2: Direction,Mean Variation, and Effect Size for Human
Refactorings

Metric ΔHuman
Direction Mean 𝛿

Avg_CC ↑ +0.05 –
Hal_Vol ↑ +15.43 *
Hal_Eff ↑ +116.9 *
Hal_Diff ↑ +0.11 –
LoC ↑ +10.04 **
Comment_Density ↓ –0.00 –
Func_Count ↑ +0.43 *
Avg_Func_Len ↑ +0.41 *

Change directions (Wilcoxon signed-rank test): ↑ increase, ↓ decrease, (–) no significant difference.
Effect sizes (Cliff’s Delta 𝛿 ): small (*), moderate (**), large (***), negligible (–).

Most maintainability metrics increased after human refactor-
ings. Code size indicators such as LoC and Func_Count exhibited
upward trends, with a moderate effect for LoC (**) and small ef-
fects for Func_Count (*) and Avg_Func_Len (*). Complexity-related
metrics also showed slight increases—particularly Hal_Vol and

Hal_Eff—with small effect sizes. No statistically significant changes
were observed in Avg_CC, Hal_Diff, or Comment_Density, suggest-
ing that these aspects remained relatively stable across refactorings.
These results indicate that human developers tend to restructure
and modularize code, increasing granularity and length, but do not
consistently reduce internal complexity or enhance documentation.

3.2 RQ1: Variations after Automated
Refactoring

Paired comparisons between agent_refactored.py and original.py
were used to evaluate whether automated refactorings yield mea-
surable changes. Table 3 summarizes the observed deltas.

Table 3: Direction, Mean Variation, and Effect Size for Agent
Refactorings

Metric ΔAgent
Direction Mean 𝛿

Avg_CC ↓ -0.26 **
Hal_Vol - -8.27 –
Hal_Eff ↓ -76.72 –
Hal_Diff ↓ -0.06 –
LoC ↓ -11.60 *
Comment_Density ↓ -0.03 **
Func_Count ↑ +0.66 **
Avg_Func_Len ↓ -2.49 ***

Change directions (Wilcoxon signed-rank test): ↑ increase, ↓ decrease, (–) no significant difference.
Effect sizes (Cliff’s Delta 𝛿 ): small (*), moderate (**), large (***), negligible (–).

Most maintainability metrics showed measurable reductions
after agent-based refactoring. Notable decreases were observed
in Avg_CC, LoC, Comment_Density, and Avg_Func_Len, with effect
sizes ranging from small to large (* to ***). These results suggest
that the automated system is capable of simplifying control flow,
shortening functions, and compacting source code.

The agent also increased the number of functions (Func_Count,
**), possibly indicating a modularization tendency. In contrast, no
significant changes were found for Hal_Vol, Hal_Eff, or Hal_Diff,
all of which showed negligible effects (–). This suggests that while
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structural complexity may be reduced, deeper logical transforma-
tions (e.g., effort or difficulty) remain largely unaffected.

These changes align with maintainability principles, as reducing
function length, control flow complexity, and code volume generally
improves readability, testability, and modular evolution [10].

3.3 RQ2: Comparison between Agent and
Human Refactorings

Refactorings produced by the agent were compared directly against
those performed by human developers. Table 4 reports average
metric differences and effect sizes.

Table 4: Direction, Mean Variation, and Effect Size: Agent vs.
Human Refactorings

Metric ΔAgent vs Human
Direction Mean 𝛿

Avg_CC ↓ -0.30 **
Hal_Vol ↓ -23.70 *
Hal_Eff ↓ -193.62 *
Hal_Diff ↓ -0.17 *
LoC ↓ -21.63 ***
Comment_Density ↓ -0.03 *
Func_Count ↑ +0.23 *
Avg_Func_Len ↓ -2.90 ***

Change directions (Wilcoxon signed-rank test): ↑ increase, ↓ decrease, (–) no significant difference.
Effect sizes (Cliff’s Delta 𝛿 ): small (*), moderate (**), large (***), negligible (–).

Compared to human refactorings, the agent produced systemat-
ically lower values in most maintainability metrics. Large reduc-
tions were observed in LoC and Avg_Func_Len, with large effect
sizes (***), and moderate to small reductions in Avg_CC, Hal_Vol,
Hal_Eff, and Hal_Diff (* to **). These trends suggest that the
agent applies more aggressive structural simplification strategies.

The number of functions increased slightly in agent outputs
(Func_Count, *), possibly reflecting a modularization behavior not
consistently observed in human changes. Comment density was
also marginally reduced by the agent (Comment_Density, *), sug-
gesting a potential loss of explanatory content compared to the
human-refactored version.

Overall, these results indicate that while both humans and agents
restructure code, the agent tends to produce more compact and
fragmented transformations, reducing complexity and size with
greater intensity across several metrics.

3.4 RQ3: Refactoring Types and Distribution
This research question examines which types of refactorings are
most frequently applied by the agent and by human developers,
and how these refactorings are distributed across files. Table 5
summarizes the frequency of each refactoring category, extracted
using PyRef [4].

Overall, the agent applied a substantially higher number of
refactorings than humans (12,647 vs. 2,335). While both actors
employed a variety of transformation types, agent outputs were
dominated by rename_method and extract_method, suggesting a

Table 5: Distribution of Refactoring Types (Human vs. Agent)

Refactoring Type Human Count Agent Count

Rename Method 541 5132
Extract Method 120 2175
Add Parameter 844 1279
Change/Rename Parameter 259 1126
Change Return Type 100 1083
Rename Class 150 1075
Inline Method 13 628
Remove Parameter 308 138
Other 0 11

Total 2335 12647

strong focus on syntactic modularization. In contrast, human devel-
opers more frequently applied semantic-preserving changes such
as add_parameter and remove_parameter, indicative of localized
behavioral adjustments.

Distribution patterns are further illustrated in Figure 3. Most
human-refactored files include 1–3 changes, while agent outputs
often apply 5 or more, occasionally exceeding 20. This indicates that
the agent performs more extensive transformations per file, with
a tendency toward applying multiple edits in structurally related
locations.

Figure 3: Refactorings per file: Human vs. Agent

While this higher volume may reflect systematic modularization
strategies, it also raises the possibility of over-refactoring. Some
transformations may be redundant or stylistic rather than impact-
ful, potentially introducing fragmentation or reducing code clar-
ity when performed without semantic awareness. Identifying the
boundary between beneficial restructuring and unnecessary edits
remains an open challenge. Future work should explore thresh-
olds for meaningful refactoring density and incorporate semantic
validation layers to constrain excessive transformation.

Listing 1 shows a representative example. Here, the agent repli-
cates human refactorings and adds changes such as renaming and
optional parameterization. While not universally representative,
this illustrates the agent’s tendency to apply transformations with
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......
def mean_pairwise_similarity(collection,

metric=sim, meanfunc=hmean, symmetric=False):
def mean_pairwise_similarity(collection,

metric=sim, mean_func=hmean, symmetric=False):
def calculate_mean_pairwise_similarity(collection,

similarity_metric=sim, mean_function=hmean,
symmetric=False, directionality=None):

"""Calculate the mean pairwise similarity of a
collection of strings.

......

Listing 1: Agent edits outperform human refactorings.
Original, Human, Agent (Human-like), Agent (Outperforms)

broader syntactic consistency and greater intensity. This behav-
ior may reflect a bias toward syntactic patterns, which are more
accessible to LLMs than deep behavioral semantics.

These findings reveal a divergence in refactoring strategies: both
agents and humans focus on naming and method-level edits, but
the agent consistently performs more frequent and wider structural
changes, presenting both opportunities and risks for large-scale
automation.

4 Threats to Validity
Internal validity. Each human_refactored.py file corresponds
to a commit labeled as refactoring; however, not all changes within
the file are necessarily related to refactoring operations, poten-
tially introducing noise into metric comparisons. On the other
hand, agent_refactored.py includes only transformations explic-
itly generated by the system, potentially amplifying the perceived
effectiveness of automated refactoring. The system lacks semantic
validation to ensure behavioral preservation. All evaluations are lim-
ited to syntactic correctness, without verifying whether functional
behavior remains intact. A more robust approach would involve
executing existing or generated test cases. Another limitation is
the exclusion of 281 files due to syntax errors introduced by the
agent. Omitting these may bias the evaluation toward successful
outputs. Manual or semi-automated analysis of these failures could
help identify weaknesses in the refactoring process.

External validity. The evaluation was conducted exclusively on
Python codebases, limiting generalizability to other languages.
Python’s dynamic semantics and flexible syntax differ substantially
from statically typed or compiled languages, where refactoring
practices and code structure may behave differently. All selected
repositories belong to the ML domain, characterized by rapid proto-
typing and experimental workflows, whichmay differ from domains
like systems programming or embedded software. The dataset was
also filtered to exclude files exceeding 500 lines, possibly biasing
results toward simpler code and limiting applicability to larger
modules.

Construct validity. This study employs static code metrics as
proxies for maintainability and complexity. While widely adopted
in empirical software engineering, such metrics mostly capture
structural aspects and may not reflect semantic clarity, behavioral

preservation, or developer intent. The comparison between hu-
man and agent-generated refactorings is conducted at the file level,
without verifying whether both targeted the same regions or ap-
plied equivalent changes. This misalignment weakens claims of
equivalence and hampers interpretability. Incorporating semantic
comparison or change-alignment mechanisms could enhance future
analyses. Refactoring types were identified using PyRef, an auto-
mated heuristic tool, which may misclassify complex or non-local
changes, affecting the validity of RQ3 findings. Finally, relying on a
single pretrained model (open-mixtral-8x22b) across all agents
may introduce stylistic biases that influence refactoring patterns
and metric interpretation.

5 Conclusion
This study evaluated a LLM-MAS for automated refactoring of
Python code from machine learning repositories. Across 1,719 files,
the system yielded measurable structural improvements—notably
in function length, cyclomatic complexity, and code size—compared
to both original and human-refactored versions.

The agent consistently applied transformations that promoted
modularization and control flow simplification. While human de-
velopers tended to make more behavior-focused adjustments, such
as parameter changes, the agent primarily performed syntactic
restructurings like renaming and method extraction.

The evaluation also revealed key limitations. The absence of
semantic validation means behavior preservation was not ensured,
and excluding 281 syntactically invalid outputs may have biased
results. Additionally, comparisons were made at the file level with-
out confirming that human and agent changes addressed the same
regions, limiting interpretability.

These findings highlight the potential of LLM-MAS refactoring,
while pointing to essential directions for future work: (i) integrate
automated behavioral testing to confirm functional equivalence,
(ii) analyze unusable outputs to identify failure modes, (iii) apply
semantic-matching techniques to align refactorings, and (iv) tailor
strategies to the patterns and workflows of ML codebases. These
steps will strengthen confidence in LLM-based refactoring and
extend its applicability beyond the current scope.
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