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Abstract  
 

Code refactoring is a crucial practice in software engineering that enhances code 
maintainability, readability, and performance. Traditional refactoring approaches often rely on 
static analysis and developer expertise, which may not scale efficiently for large and evolving 
codebases. This paper proposes a reinforcement learning (RL)-based framework for self-
adaptive code refactoring, leveraging AI-driven decision-making to optimize code structure 
dynamically. The proposed model utilizes deep reinforcement learning (DRL) techniques to 
identify refactoring opportunities and apply modifications autonomously, ensuring scalability 
and efficiency. Experimental results demonstrate significant improvements in software 
quality metrics, reducing technical debt while maintaining functional integrity. 
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Introduction  
Modern software systems undergo continuous evolution, leading to increased complexity and 
code degradation over time. As software projects grow in size and scope, maintaining high-

quality code becomes increasingly challenging. Code that was once efficient and 
maintainable may accumulate technical debt due to frequent modifications, changing 
requirements, and lack of proper documentation. Without timely and effective refactoring, 
these issues can significantly impact software performance, scalability, and maintainability. 
Hence, software development teams must adopt strategies that ensure long-term sustainability 
by continuously improving the codebase. 
 

Effective refactoring strategies play a crucial role in maintaining software quality by 
eliminating redundant code, improving modularity, and enhancing readability. However, 
traditional manual refactoring approaches require extensive human intervention and can be 
time-consuming. Developers must analyze code complexity, identify code smells, and apply 
appropriate refactoring techniques, all while ensuring that functional correctness is 
maintained. This manual process is often inconsistent and error-prone, as different developers 
may have varying interpretations of what constitutes an optimal refactoring decision. These 
challenges necessitate the adoption of automated techniques to streamline refactoring efforts. 
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Recent advancements in artificial intelligence (AI) and machine learning (ML) have paved 
the way for automated solutions to software maintenance problems. Among these, 
reinforcement learning (RL) has gained attention for its ability to optimize decision-making 
in dynamic environments. RL-based models can learn from historical refactoring actions, 
adapt to evolving code structures, and make informed recommendations based on predefined 
objectives. By leveraging AI-driven automation, software teams can reduce the burden of 
manual refactoring while improving overall software quality. 
 

This paper introduces an AI-driven framework employing RL techniques to perform self-
adaptive code refactoring. Our approach integrates deep reinforcement learning (DRL) 
algorithms to analyze software structures, predict refactoring needs, and apply appropriate 
transformations autonomously. The proposed system not only enhances code maintainability 
but also ensures that refactoring decisions align with best practices in software engineering. 
By minimizing manual intervention and leveraging AI-driven learning, this framework 
provides a scalable solution for modern software development environments, helping 
organizations maintain high-quality code while accommodating continuous evolution. 
 

Review of Literature 

 

The integration of reinforcement learning (RL) into software engineering has opened new 
avenues for automating code refactoring processes. Between 2015 and 2019, several studies 
explored this intersection, aiming to enhance software maintainability and evolution. 
In 2015, Ouni et al. introduced a search-based approach to recommend refactorings using 
multi-objective optimization. Their method considered various quality attributes, such as 
coupling and cohesion, to suggest optimal refactoring solutions, laying the groundwork for 
automated refactoring tools  
 

Building upon this, Alizadeh et al. (2019) proposed a machine learning-based framework that 
predicts the need for refactoring by analyzing code metrics and historical data. Their 
approach utilized supervised learning techniques to identify code smells and recommend 
appropriate refactoring actions, demonstrating the potential of ML in proactive code quality 
management  
 

In the realm of self-adaptive systems, Mzid et al. (2015) explored the use of RL for real-time 
system design and refactoring. They developed an optimization model based on Q-learning to 
produce optimal deployment models, ensuring that timing properties are respected while 
minimizing resource usage. This study highlighted the applicability of RL in dynamic and 
resource-constrained environments  
 

Focusing on the documentation of refactoring activities, AlOmar et al. (2019) investigated 
how developers document their refactoring efforts in commit messages. They introduced the 



 

 

Volume 05, Issue 06, Nov 2021                                       ISSN 2581 – 4575 Page 104 

 

concept of Self-Affirmed Refactoring (SAR) and proposed a two-step approach to classify 
commit messages, enhancing the understanding of developer practices in code maintenance  
 

The integration of RL into code refactoring processes has been further explored by Haouari et 
al. (2019). They proposed an RL-based model to optimize task deployment in real-time 
embedded systems, ensuring adherence to timing constraints while minimizing the number of 
active processors. This approach demonstrated the potential of RL in automating complex 
refactoring decisions in specialized domains  
 

In the context of web applications, Kazi et al. (2020) presented a self-adaptive mechanism for 
web portals to adjust to hosting platform changes. Their approach utilized a sensor-effector 
model to detect and adapt to environmental changes, ensuring continuous availability and 
functionality of the web application. This study underscored the importance of adaptability in 
software systems and the role of automated refactoring in achieving it  
 

The evolution of AI-based code refactoring techniques has been marked by the integration of 
machine learning algorithms to analyze and optimize code structures. Studies have shown 
that AI can assist in identifying code smells and suggesting refactoring opportunities, thereby 
improving code quality and maintainability. These advancements have paved the way for 
more intelligent and automated refactoring tools  
 

Despite these advancements, challenges remain in implementing AI-based refactoring 
techniques. Concerns such as the potential for incorrect suggestions, the need for specialized 
expertise, and the risk of bias in AI systems highlight the necessity for ongoing research and 
development. Addressing these challenges is crucial for the broader adoption of AI-driven 
refactoring tools in the software industry 

 

3. Proposed Framework 

The proposed RL-based framework consists of several interconnected components, each 
playing a vital role in ensuring efficient, adaptive, and intelligent code refactoring. 

• State Representation: The system encodes various code attributes as state features to 
facilitate accurate decision-making. These attributes include coupling, cohesion, 
complexity, and duplication levels. Coupling and cohesion help determine 
interdependencies between classes and modules, ensuring that the proposed 
refactorings do not introduce unintended consequences. Complexity metrics highlight 
areas in the code that might be difficult to maintain, while duplication features 
identify redundant code sections that could benefit from refactoring. 

• Action Space: The framework defines a comprehensive set of possible refactoring 
operations that can be applied based on the current state of the code. These operations 
include method extraction, class splitting, variable renaming, and dependency 
minimization. Method extraction helps in breaking down large, monolithic functions 
into smaller, reusable components, improving code readability. Class splitting ensures 
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that large, overloaded classes are divided into more manageable entities, while 
variable renaming enhances code clarity. Dependency minimization aims to reduce 
unnecessary module interconnections, simplifying system architecture and making the 
codebase more modular. 

• Reward Function: The reinforcement learning model is guided by a well-defined 
reward mechanism that evaluates the impact of applied refactorings. The reward 
function is formulated based on key software quality metrics, including 
maintainability index, cyclomatic complexity, and technical debt reduction. A 
refactoring action that improves these metrics results in a positive reward, while 
actions that degrade code quality receive negative feedback. This mechanism ensures 
that the learning algorithm prioritizes effective refactoring strategies and avoids 
unnecessary or counterproductive modifications. 

• Policy Learning: To optimize refactoring decisions over time, the framework employs 
reinforcement learning techniques such as Deep Q-Networks (DQN) and Proximal 
Policy Optimization (PPO). DQN enables the model to learn effective refactoring 
actions by approximating Q-values for different state-action pairs, while PPO 
enhances policy optimization by stabilizing updates and improving convergence 
speed. By leveraging these techniques, the system gradually refines its decision-

making process, leading to more effective and scalable code refactoring solutions. 
 

4. Experimental Evaluation 

 

To validate the effectiveness of the proposed RL-based framework, we conducted a series of 
experiments on open-source software repositories. The evaluation process compared AI-
driven refactoring against traditional rule-based approaches to assess their impact on software 
quality and maintainability. 
The primary evaluation metrics included: 

• Code Maintainability Index: This metric quantifies the ease with which code can be 
understood, modified, and extended. The RL-based approach demonstrated an 
average increase in maintainability index, signifying improvements in code structure 
and readability. 

• Reduction in Code Smells: Code smells, such as duplicated code, long methods, and 
excessive dependencies, were identified and minimized through automated 
refactoring. The experimental results indicated a significant reduction in these issues, 
leading to cleaner and more maintainable code. 

• Developer Effort Estimation: The framework was evaluated in terms of its ability to 
reduce the manual effort required for code refactoring. Results revealed that RL-

driven refactoring substantially decreased developer intervention while maintaining 
software integrity and performance. 
 

Furthermore, qualitative feedback from developers who reviewed AI-driven refactoring 
outputs suggested that the model's decisions were largely aligned with best practices in 
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software engineering. The automation of routine refactoring tasks allowed developers to 
focus on higher-level software design and architectural improvements. 
 

5. Conclusion and Future Work 

 

This research presents a reinforcement learning-based framework for self-adaptive code 
refactoring, addressing key scalability and efficiency challenges in modern software 
development. By leveraging RL techniques, the proposed model effectively identifies and 
applies refactorings that enhance code maintainability while minimizing technical debt. 
The experimental results demonstrate that RL-driven refactoring outperforms traditional rule-

based methods by improving software quality with minimal manual intervention. 
Additionally, the framework's ability to learn and refine its policies over time makes it a 
viable solution for large-scale software evolution. 
 

Future research directions include: 
 

• Integration of Explainable AI (XAI) Techniques: While the proposed RL-based 
framework exhibits strong performance, enhancing interpretability remains a 
challenge. Future work will focus on integrating XAI methods to provide developers 
with clearer insights into the reasoning behind automated refactoring decisions. 

• Multi-Language Codebases: Expanding the framework to support refactoring in 
multiple programming languages will improve its applicability across diverse 
software projects. 

• Real-Time Adaptability: Investigating methods to enable real-time refactoring in 
continuous integration/continuous deployment (CI/CD) pipelines will further enhance 
the automation and efficiency of the refactoring process. 

Overall, this study contributes to the advancement of AI-driven software engineering by 
demonstrating the feasibility of reinforcement learning for self-adaptive code refactoring. The 
proposed framework represents a step toward fully autonomous and intelligent code 
evolution, aligning with the goals of modern software maintainability and scalability. 
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