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ABSTRACT

Modern software development depends heavily on code review to maintain software
quality, detect defects at an early stage, and ensure that coding standards are
consistently followed across large and evolving projects. Although manual review
remains one of the most reliable quality assurance practices, it is also time-
consuming, cognitively demanding, and difficult to scale in contemporary
development environments where teams continuously integrate and deploy new code.
This study proposes an automated code review framework for Python 3.13 projects
that combines Large Language Models with Retrieval-Augmented Generation
(RAG) to generate more accurate, context-sensitive, and actionable review
comments. The proposed framework first constructs a dataset from GitHub pull
requests collected through the GitHub REST API (version 2022-11-28). Review
comments are then organized into semantic categories using a semi-supervised
Support Vector Machine (SVM) classifier. During inference, the system retrieves the
most relevant historical comments from a vector database and provides them as
contextual guidance for multiple open-weight language models, including DeepSeek-
Coder-33B, Qwen2.5-Coder-32B, Codestral-22B, CodeLlama-13B, Mistral-Instruct-
7B, and Phi-3-Mini. The performance of the framework is evaluated through a
comprehensive validation methodology that combines conventional text-generation
metrics such as BLEU-4, ROUGE-L, and cosine similarity with semantic evaluation
using an LLM-as-a-Judge approach and expert human assessment. Experimental
findings demonstrate that retrieval augmentation significantly improves review
quality for larger models. DeepSeek-Coder, for instance, achieved a 17.9%
improvement in alignment score when retrieval depth was set to k = 3. Smaller
models such as Phi-3-Mini, however, experienced context collapse when excessive
contextual information reduced the quality of generated feedback. To address this
limitation, a hybrid expert-routing mechanism was developed to dynamically assign
review tasks to the most suitable model according to semantic category. The proposed
system achieved an overall improvement of 13.2% over zero-shot baselines while
also reducing hallucinations and generating review comments that closely resemble
expert human feedback.
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INTRODUCTION

Code review has become one of the most important practices in contemporary software
engineering because it enables developers to detect faults, improve maintainability,
enforce coding standards, and prevent vulnerabilities from reaching production
systems. In modern development environments, peer review is not merely a quality-
control activity but a central process that supports collaboration, knowledge transfer,
and long-term software sustainability. Empirical studies conducted at major technology
organizations, including Google, have demonstrated that systematic review practices
significantly improve software reliability and maintainability over time.

Despite its importance, manual code review presents major practical limitations. As
software systems become increasingly large and complex, developers face growing
cognitive pressure during the review process. Engineers are often required to inspect
extensive code modifications while simultaneously understanding project
requirements, implementation details, and architectural implications. Research has
shown that developers spend several hours each week performing review-related
activities, reducing the time available for feature development and innovation. In
addition to the workload problem, manual review quality is strongly influenced by
reviewer expertise, domain familiarity, and time constraints. Consequently, subtle
logical flaws, maintainability concerns, or security weaknesses may remain undetected,
particularly when review practices are inconsistent across teams.

To reduce these limitations, the software industry has long relied on Static Application
Security Testing (SAST) tools such as SonarQube and ESLint. These tools
automatically identify syntax violations, style inconsistencies, and predefined
vulnerability patterns. Although effective for rule-based analysis, traditional static
analyzers lack a deeper semantic understanding of source code and business logic. They
are unable to interpret project-specific conventions, architectural intent, or developer
rationale, which limits their ability to provide meaningful contextual feedback.

Recent advances in Large Language Models have created new possibilities for
automating software engineering tasks. Modern code-oriented LLMs can summarize
code, explain functionality, generate implementations, and identify defects using
natural language reasoning. Nevertheless, applying LLMs directly to automated code
review remains challenging because these models generally operate without awareness
of project history, organizational conventions, or prior review discussions. In many
situations, they produce overly generic recommendations or hallucinated suggestions
that appear plausible but are technically incorrect or irrelevant to the project context.

To address these challenges, this study introduces a Retrieval-Augmented Generation
framework for automated Python code review. Unlike traditional retrieval systems that
treat all code modifications equally, the proposed approach uses a two-stage
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architecture that incorporates semantic classification and dynamic expert routing. First,
pull requests are classified into semantic categories such as Functional, Refactoring,
Documentation, and Discussion in order to determine the reviewer’s underlying
objective. Next, the system retrieves historically relevant review comments from a
vector database and supplies them as contextual guidance to a specialized language
model selected according to the semantic category.

The framework employs multiple open-weight language models, each selected because
of its strengths in specific review tasks. Larger models such as Qwen2.5-Coder and
DeepSeek-Coder are utilized for complex functional analysis and defect identification,
while smaller instruction-oriented models are used for lighter tasks such as
documentation and readability suggestions. This dynamic routing strategy enables the
system to generate more precise, coherent, and context-aware review comments while
simultaneously reducing computational overhead.

The primary objective of this research is to evaluate whether retrieval augmentation and
expert model routing can improve the quality of automated code review compared to
conventional zero-shot language-model approaches. The study specifically investigates
the influence of contextual retrieval depth, the specialization capabilities of different
LLM architectures, and the effectiveness of combining retrieval-based reasoning with
semantic task allocation.

This research addresses several key questions concerning the future of automated
software review systems. The first objective is to determine the extent to which
Retrieval-Augmented Generation improves the specificity and technical correctness of
generated review comments compared to baseline LLM outputs. The second objective
is to identify the optimal retrieval depth that balances contextual awareness with
information overload. The third objective is to evaluate whether different language-
model architectures exhibit specialized strengths across semantic review categories
such as functional defect detection and refactoring guidance. Finally, the study
investigates whether a dynamic expert-routing mechanism can improve overall review
quality by assigning tasks to the most suitable model according to semantic context.

To accomplish these goals, this work makes several important contributions to the field
of automated software engineering. First, a curated dataset of Python code reviews was
developed using GitHub pull requests and categorized into semantic classes through a
semi-supervised SVM classification framework. Second, a Retrieval-Augmented
Generation pipeline was designed to retrieve historically relevant review comments and
provide contextual grounding for language-model inference. Third, the system was
evaluated using both conventional textual similarity metrics and semantic evaluation
approaches, including LLM-as-a-Judge and human expert validation. Finally, the study
introduces a hybrid expert-routing mechanism that dynamically selects the most
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appropriate language model according to review context, thereby improving both
elevance and technical accuracy.

The remainder of this paper is organized as follows. Section 2 reviews existing literature
related to modern code review practices, automated review systems, and Large
Language Models for software engineering. Section 3 describes the dataset construction
process, semantic classification methodology, retrieval architecture, and vector
database design. Section 4 presents the experimental setup, evaluation metrics, and
model configurations. Section 5 discusses the experimental findings and analyzes the
impact of retrieval augmentation and expert routing. Section 6 examines threats to
validity and practical limitations, while Section 7 concludes the paper and outlines
possible directions for future research.

RELEVANT LITERATURE

Research on code review has evolved considerably over the last several decades,
progressing from traditional manual inspection techniques to highly sophisticated
automated review systems powered by machine learning and Large Language Models.
This section examines the historical development of code review automation, the
growing role of LLMs in software engineering, and the emergence of Retrieval-
Augmented Generation as a mechanism for context-aware code analysis.

EVOLUTION OF CODE REVIEW AUTOMATION

The origins of modern code review can be traced back to Fagan’s formal code
inspection methodology, which established peer review as a structured process for
identifying defects and improving software quality. Manual review quickly became
recognized as one of the most effective methods for detecting implementation errors,
improving maintainability, and promoting shared understanding among development
teams. However, despite its effectiveness, traditional review processes were labor-
intensive and often introduced delays because they depended heavily on reviewer
availability and expertise.

To address these limitations, the software industry gradually adopted Static Analysis
Tools and rule-based verification systems. These tools automated the detection of
syntax errors, coding-standard violations, and known vulnerability patterns. While such
systems reduced the burden of repetitive inspections, they were limited by their inability
to understand the semantic intent of software implementations. Researchers observed
that rule-based systems frequently generated false positives and lacked the contextual
understanding necessary to evaluate business logic or architectural decisions.

As software engineering practices evolved, researchers introduced Context-Aware
Recommender Systems to improve review efficiency. These systems focused primarily
on optimizing reviewer assignment and workflow management rather than directly
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generating review comments. Studies demonstrated that incorporating contextual
factors such as reviewer expertise, project history, and development activity improved
reviewer selection and reduced turnaround time in industrial environments.

The next stage in this evolution involved the development of Automated Code Review
systems capable of directly analyzing code changes and generating feedback. Early
approaches treated code review as a translation problem in which machine-learning
models transformed defective code into corrected versions. Subsequent systems
introduced specialized neural architectures designed specifically for understanding
code modifications and generating review suggestions. Although these systems
represented significant progress, they remained constrained by limited contextual
understanding and insufficient project awareness.

The emergence of Large Language Models fundamentally changed this landscape by
introducing models capable of sophisticated reasoning over natural language and source
code simultaneously. These advances created the foundation for intelligent, context-
aware review systems capable of producing detailed and human-like feedback.

LARGE LANGUAGE MODELS IN SOFTWARE ENGINEERING

Large Language Models have significantly expanded the capabilities of automated
software engineering systems. Unlike earlier deep-learning architectures, modern
LLMs can interpret complex programming constructs, reason about implementation
details, and generate explanations using natural language. Recent studies have shown
that LLMs can detect vulnerabilities, identify code smells, and assist in software
maintenance tasks that were previously difficult to automate using conventional static-
analysis techniques.

Researchers have also explored collaborative and multi-agent review architectures in
which several models cooperate to analyze source code from different perspectives.
Such systems improve fault detection by combining the strengths of multiple
specialized agents. Despite these advancements, an important limitation remains: most
LLMs operate without sufficient awareness of project-specific context. They often fail
to understand historical design decisions, repository conventions, and prior review
discussions, which can lead to hallucinated or irrelevant feedback.

To mitigate this issue, several researchers have proposed methods for enriching
language-model prompts with contextual information extracted directly from
repositories. Techniques such as code slicing and dependency extraction have been
used to provide models with relevant variable definitions, execution context, and
implementation history. Nevertheless, these approaches remain limited because they
generally focus on localized code fragments rather than leveraging broader historical
review knowledge.
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This limitation has motivated the adoption of Retrieval-Augmented Generation
techniques, which combine external information retrieval with generative language
modeling. By integrating retrieved historical comments and project-specific examples
into the generation process, RAG systems provide language models with contextual
grounding that substantially improves accuracy, coherence, and relevance.

The integration of Retrieval-Augmented Generation with dynamic expert routing
therefore represents a promising direction for the future of automated code review. By
combining contextual memory with specialized model selection, such systems can
overcome many of the weaknesses associated with traditional static analyzers and
standalone language models, enabling more reliable and practically useful review
automation.

CONCLUSION

This study presented a Retrieval-Augmented Generation framework for automated code
review in Python software projects by integrating Large Language Models with
historical review-context retrieval and semantic task classification. The research
addressed one of the central limitations of existing automated review systems: the
inability of conventional static-analysis tools and standalone LLMs to provide context-
aware, project-specific, and semantically meaningful feedback. By combining retrieval
mechanisms, semantic categorization, and dynamic expert routing, the proposed
framework demonstrated that automated review systems can move beyond rule-based
defect detection toward intelligent and context-sensitive software evaluation. The
findings of this research show that Retrieval-Augmented Generation substantially
improves the quality and relevance of generated review comments when compared with
zero-shot prompting approaches. Larger code-oriented language models particularly
benefited from contextual retrieval because historical review examples supplied
practical guidance that aligned generated comments with project conventions and
reviewer expectations. The experiments also demonstrated that retrieval depth must be
carefully balanced. While moderate retrieval improved semantic alignment and
technical accuracy, excessive context introduced information overload and reduced
performance in smaller models. This phenomenon, referred to as context collapse,
highlights the importance of adaptive retrieval strategies in future automated review
systems. An important contribution of this work is the introduction of a hybrid expert-
routing mechanism that dynamically assigns review tasks to the most appropriate
language model according to semantic review category. Rather than depending on a
single universal model, the system leveraged the specialized strengths of different
architectures for functional analysis, refactoring suggestions, documentation
improvement, and discussion-oriented feedback. Experimental results showed that this
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routing strategy significantly enhanced overall review quality while also reducing
hallucinations and irrelevant suggestions. The research also demonstrated the
limitations of relying exclusively on traditional evaluation metrics such as BLEU and
ROUGE for assessing automated code review quality. Although these metrics measure
textual similarity, they fail to fully capture semantic correctness, contextual relevance,
and practical usefulness. The incorporation of LLM-as-a-Judge evaluation and focused
human assessment therefore provided a more comprehensive and realistic
understanding of review quality. The combination of automated and human-centered
evaluation proved essential for validating whether generated comments satisfied
professional software-engineering expectations. Beyond its experimental findings, this
study contributes to the broader field of software engineering automation by illustrating
how retrieval systems and language models can be integrated into practical
development workflows. The proposed framework aligns closely with modern DevOps
and continuous integration practices because it enables scalable, rapid, and context-
sensitive review assistance that can support developers during pull-request evaluation.
As software systems continue to expand in complexity, intelligent review automation
will become increasingly important for maintaining quality while reducing developer
workload.

Despite the promising results, several limitations remain. The study focused primarily
on Python projects collected from GitHub repositories, which may restrict
generalizability across other programming languages and industrial environments. In
addition, the quality of retrieval augmentation depends heavily on the availability and
consistency of historical review data. Projects with limited review history may therefore
obtain smaller benefits from the proposed approach. Computational cost also remains
an important challenge, particularly when large language models and vector retrieval
systems are deployed in real-time development pipelines.

Future research should explore multilingual and cross-language review systems capable
of supporting broader software ecosystems. Further work is also needed to improve
retrieval efficiency, reduce context collapse, and develop adaptive context-selection
strategies that dynamically optimize retrieval depth according to task complexity and
model capacity. Another promising direction involves integrating repository-level
knowledge graphs, software architecture representations, and developer interaction
histories to provide deeper contextual awareness. Finally, combining Retrieval-
Augmented Generation with static-analysis techniques and formal verification methods
may lead to hybrid systems capable of producing not only semantically meaningful
feedback but also verifiable correctness guarantees.

In conclusion, this study demonstrates that Retrieval-Augmented Generation combined
with semantic expert routing provides an effective and scalable approach for intelligent
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automated code review. By reducing hallucinations, improving contextual awareness,
and generating feedback that closely resembles expert human evaluation, the proposed
framework advances the practical application of Large Language Models in software
engineering. As Al-assisted development tools continue to evolve, context-aware
automated review systems are likely to become an essential component of modern
software quality assurance practices.
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