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A Transformer-based Framework to Automatically
Refactor Legacy Code

Shoban Ravichandran
23272040

Abstract

Legacy code refactoring involves systematically restructuring outdated code
bases to improve maintainability, readability, and extensibility while preserving
existing functionality. Refactoring legacy code is a critical challenge in software
engineering due to the accumulation of technical debt and the future cost incurred
to repair the code. This research proposes a Transformer-based framework
that combines Retrieval Augmented Generation with transformer-based language
models and NSGA-II optimization for automated Python code refactoring. This
research proposes a transformer-based framework combining Retrieval Augmented
Generation with multi-objective optimization for automated Python code refactor-
ing. The framework integrates multiple state-of-the-art language models through
NSGA-ITI optimization to balance competing quality objectives. Results demon-
strate significant improvements in refactoring quality and system efficiency. NSGA-
II optimization successfully identified Llama3-70B-8192 as the optimal model con-
figuration, achieving significant improvements across multiple metrics: An-
swer Relevance (+2.00%), Response Completeness (+7.61%), and CodeBLEU Score
(+69.23%). The optimization also improved system efficiency with reduced latency
by 10.4% and decreased token usage by 24.9%. The framework achieved an overall
13.78% improvement in core quality metrics while maintaining 100% success rate
across all test cases. This research aligns with the goals of Sustainable Development
Goal 9 (SDGY), which emphasizes resilient infrastructure and sustainable industrial
growth. This research benefits software development teams by reducing manual re-
factoring effort, organizations by minimizing code repair remediation costs, and
society by enabling more resilient software infrastructure.

Keywords — Code Refactoring, RAG Framework, Multi-objective Optimiza-
tion, NSGA-II, Python, Large Language Models

1 Introduction

Software maintenance and refactoring consume significant developer resources, with stud-
ies showing developers spend approximately 60% of their time on these activities Murphy-
Hill and Black| (2012); |Chen and Huang| (2009). Technical debt accumulates through
various code quality issues including poor naming conventions, overly complex functions,
code duplication, and inadequate error handling Fowler (2018). Traditional refactoring
approaches have relied heavily on manual developer expertise and rule-based static ana-
lysis tools Murphy-Hill and Black| (2008a)), which limits their scalability and effectiveness
in large codebases.



Large language models have demonstrated remarkable capabilities in code understand-
ing and generation tasks [Palit and Sharmaj (2024)), suggesting potential for automated
refactoring applications. However, existing automated refactoring approaches suffer from
limitations including insufficient domain knowledge integration, inability to balance mul-
tiple refactoring objectives simultaneously, and inadequate evaluation methodologies |Po-
mian, Bellur, Dilhara, Kurbatova, Bogomolov, Sokolov, Bryksin and Dig) (2024); |Palit and
Sharma) (2024)). Current research has predominantly focused on single-model architec-
tures [Pomian, Bellur, Dilhara, Kurbatova, Bogomolov, Sokolov, Bryksin and Dig] (2024));
Pomian, Bellur, Dilhara, Kurbatova, Bogomolov, Bryksin and Dig (2024), which may
not capture the complexity of real-world refactoring decisions that require multi-faceted
analysis.

The research question is how does this proposed transformer-based framework
combining Retrieval Augmented Generation with multiple transformer-based language
models that automatically identify refactoring opportunities and generate high-quality
Python code transformations through advanced optimization techniques perform?

To address the research question, the following specific research objectives were de-
rived:

1. Investigate state-of-the-art approaches in automated code refactoring and Retrieval
Augmented Generation-enhanced code generation systems

2. Design a multi-objective Retrieval Augmented Generation framework integrating
multiple LLMs with NSGA-II optimization for balanced refactoring performance

3. Implement a comprehensive system utilizing Qdrant vector database and advanced
embedding techniques for code pattern retrieval

4. Evaluate the framework’s effectiveness using multi-dimensional metrics including
Answer relevance, faithfulness, and semantic similarity measures

The major contribution of this research is a transformer based framework that
combines retrieval augmented generation with NSGA-II optimization to automatically
refactor Python legacy code. This represents the first systematic application of multi-
objective optimization for LLM orchestration in the code refactoring domain. A minor
contribution is the development of a comprehensive evaluation methodology incorpor-
ating traditional code quality metrics with advanced Retrieval Augmented Generation
evaluation measures including CodeBLEU for code assessment.

The framework successfully orchestrates five state-of-the-art LLMs through a Qdrant
vector database containing 15,217 indexed refactoring patterns, achieving optimal model
selection through NSGA-II optimization across four competing objectives. Experimental
results demonstrate a 13.78% overall improvement in refactoring quality with the optimal
LLaMA-3-70B model configuration.

This paper discusses the related work done in this aspect of research in Section [2|
The transformer based framework architecture and multi-LLM integration with multi-
objective optimization methodology using NSGA-II is presented in Section [3] Section
details the system architecture and component design. Implementation specifics and tech-
nical integration are covered in Section 5l Section [0] presents comprehensive evaluation
results and optimization outcomes. Section [7] concludes the research and outlines future
directions.



2 Related Work

The intersection of retrieval augmented generation and automated code refactoring rep-
resents an emerging research domain with significant potential for advancing software
engineering practices. Traditional approaches have relied on static analysis tools and
pattern matching, while recent developments in transformer-based models have opened
new possibilities for intelligent code transformation.

2.1 Automated Code Refactoring Approaches

Fowler| (2018) established the foundation of refactoring patterns, providing systematic
approaches to code improvement including Extract Method, Replace Conditional with
Polymorphism, and Introduce Parameter Object. While comprehensive, these manual
techniques require significant developer expertise and time investment. Murphy-Hill and
Black| (2008b)) identified that developers spend approximately 25% of their development
time on refactoring activities, highlighting the need for automated solutions. Recent
findings by |Murphy-Hill and Black| (2008a) demonstrate that despite tool availability,
developers perform refactoring manually due to usability issues, with 46% indicating
that automated tools differ from manual refactoring practices.

Recent advances in LLM-driven refactoring show promise but face significant limita-
tions. The Extract Method (EM) -Assist plugin for IntelliJ IDEA achieves a 53.4%
success rate in replicating developer-performed refactorings through few-shot learning
approaches [Pomian, Bellur, Dilhara, Kurbatova, Bogomolov, Sokolov, Bryksin and Dig
(2024)), though human validation remains necessary due to hallucination risks where 13
solutions out of 176 generated introduce syntax errors or alter functionality.

The ROSE framework demonstrates transformer-based refactoring for architectural
smells (code structure issues that violate design principles) using CodeBERT and CodeT5
models, achieving 96.9% accuracy and 95.2% F1 score when fine-tuned on over 2 mil-
lion refactoring instances from 11,149 Java projects Nursapa et al. (2025). However, this
work focuses specifically on architectural patterns rather than general-purpose Python
refactoring.

Cordeiro et al. (2024) conducted an empirical evaluation of StarCoder2 for code
refactoring, finding that the model reduces code smells by 20.1% more than human
developers. Their findings show that one-shot prompting improves unit test pass
rates by 6.15% and reduces code smells at a 3.52% higher rate, suggesting that
strategic prompting techniques can significantly enhance LLM refactoring performance.

Traditional automated refactoring tools integrated into IDEs focus on well-defined
transformations such as method extraction or variable renaming. However, these ap-
proaches lack contextual understanding necessary for complex legacy code scenarios.
Silva et al.| (2014]) demonstrated that rule-based automated refactoring tools could reduce
refactoring time by up to 40%, but noted significant limitations in handling complex code
dependencies and architectural decisions.

Tsantalis et al.| (2018]) developed advanced refactoring detection algorithms capable
of identifying Extract Method opportunities with 87% precision and 98% accuracy
using AST-based statement matching without requiring user-defined thresholds. Their
RMiner tool represents a significant advancement in refactoring detection, achieving state-
of-the-art performance in commit history analysis with 99.6% precision for detecting
move operations and 93.5% recall for extract operations.



2.2 Large Language Models for Code Understanding

The application of transformer architectures to code understanding has demonstrated
remarkable progress. CodeBERT [Feng et al.| (2020) established benchmarks for bimodal
pre-trained models combining programming and natural languages, utilizing replaced
token detection objectives to capture semantic connections between code and document-
ation with significant improvements across six CodeXGLUE tasks.

GraphCodeBERT |Guo et al.| (2021)) extended this approach by incorporating data flow
graphs to represent semantic-level code structure, achieving state-of-the-art performance
on code search, clone detection, and code translation tasks. The model demonstrates
superior performance over CodeBERT by leveraging inherent structure of code
through data flow representation.

CodeT5 Wang et al| (2021) introduced unified encoder-decoder transformer archi-
tectures specifically for code generation and understanding, employing identifier-aware
pre-training objectives and bimodal dual generation tasks. The model demonstrates su-
perior performance across multiple CodeXGLUE benchmark tasks, including code defect
detection, clone detection, code summarization, and code translation with consistent
improvements over baseline models.

Recent evaluations show that Llama3-70B-8192 demonstrates competitive perform-
ance against GPT-4, with particular strengths in Python coding tasks (15% higher
performance) while being up to 50 times cheaper and 10 times faster |Al| (20244).
Domain adaptation studies show Llama3-70B-8192’s effectiveness in specialized applica-
tions while maintaining performance across general and domain-specific benchmarks |Siri-
wardhana et al.| (2024).

Multi-agent LLLM approaches show significant promise for code generation. The Map-
Coder framework employs four agents emulating the full program synthesis cycle,
achieving state-of-the-art results with 93.9% pass@1 on HumanEval [slam et al.
(2024). The Multi-Programming Language Ensemble (MPLE) approach demon-
strates how leveraging multiple programming languages enhances code generation accur-
acy, achieving 96.25% accuracy on HumanEval |Al| (2024b)).

The AutoSafeCoder framework presents a multi-agent approach focused on se-
curity, showing a 13% reduction in code vulnerabilities compared to baseline LLMs
through continuous collaboration between coding, static analysis, and fuzzing agents Nunez
et al.| (2024). Recent ensemble approaches demonstrate 90.2% accuracy on Hu-
manEval and 50.2% on LiveCodeBench, significantly outperforming individual mod-
els [Tekin et al.| (2024).

2.3 Retrieval Augmented Generation for Code

Retrieval Augmented Generation (RAG) has emerged as a powerful paradigm for enhan-
cing language model performance through external knowledge integration |Lewis et al.
(2021)) introduced the RAG framework for natural language tasks, demonstrating signific-
ant improvements in factual accuracy and response quality through knowledge retrieval.
The approach combines parametric memory (LLM parameters) with non-parametric
memory (external databases) to address knowledge-intensive tasks effectively.

Recent applications of RAG to code-related tasks have shown substantial improve-
ments. |[Rani et al.| (2024) demonstrate augmented code sequencing with RAG for
context-aware code synthesis, showing how retrieval mechanisms enhance code genera-
tion quality through contextual code example integration. The TelecomRAG system
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demonstrates domain-specific RAG applications providing precise, factual answers in spe-
cialized telecom contexts |Yilma et al.| (2024)).

Bhattarai et al| (2024 present enhanced code translation using RAG with
few-shot learning, demonstrating significant improvements over traditional zero-shot
methods, particularly in translating between Fortran and C++4. This work highlights
RAG’s ability to leverage existing codebases dynamically, making it highly relevant for
refactoring applications where historical patterns matter.

Vector databases have become crucial for effective RAG implementation in code tasks.
ACORN achieves state-of-the-art performance with 2-1,000 X higher throughput at
fixed recall compared to prior methods through performant and predicate-agnostic search
over vector embeddings Patel et al| (2024). The Curator system demonstrates multi-
tenant vector indexing with low memory overhead while maintaining high performance
for code-related queries |Jin et al.| (2024).

Recent work on hard negative mining for contrastive learning-based code
search shows the CoCoHaNeRe model achieving significant improvements over Code-
BERT, GraphCodeBERT, and UniXcoder by 11.25%, 8.13%, and 7.38% respect-
ively [Fan et al.|(2025). The Chat2Data system integrates RAG with vector databases
and LLMs for interactive data analysis, demonstrating practical applications of RAG in
software engineering contexts Zhao et al. (2024]).

However, the integration of RAG with refactoring-specific knowledge bases and expert
refactoring patterns remains largely unexplored in comprehensive frameworks. Current
research focuses primarily on code generation and documentation, lacking systematic
approaches to legacy code modernization through knowledge-enhanced transformation.

2.4 Multi-objective Optimization in Software Engineering

Multi-objective optimization has found successful applications in various software engin-
eering contexts, including test case generation, architectural design, and project schedul-
ing. The Non-dominated Sorting Genetic Algorithm IT (NSGA-II) Deb et al.| (2002)) has
proven particularly effective in handling conflicting objectives common in software en-
gineering problems, offering O (MN?) computational complexity where M represents ob-
jectives and N represents population size, with fast non-dominated sorting and crowding
distance mechanisms ensuring well-distributed Pareto fronts.

Harman et al.| (2012) pioneered search-based software engineering, demonstrating
how optimization algorithms can address complex software engineering challenges across
multiple domains. The comprehensive survey identifies successful applications in re-
quirements engineering, project cost estimation, testing, and automated remodulariza-
tion Harman| (2007). The approach has evolved to address dynamic adaptive problems
where fitness landscapes change during optimization.

In code refactoring contexts, |[Kessentini et al.| (2014) applied genetic algorithms to
identify optimal refactoring sequences using NSGA-II, achieving significant improvements
in design quality metrics including reduced coupling and increased cohesion. Their
multi-objective approach balances structural improvements against code preservation,
though it focused primarily on structural metrics without considering semantic quality
aspects or modern language model integration.

Recent work demonstrates model refactoring using interactive genetic algorithms
with NSGA-II showing superior performance compared to mono-objective approaches and
random search methods |(Ghannem et al.| (2013)). The approach incorporates good design



examples to guide refactoring generation, achieving high precision in identifying optimal
transformation sequences.

The application of multi-objective optimization to LLM orchestration and model se-
lection represents a novel research direction. Recent advances in neural architecture
search demonstrate the effectiveness of evolutionary algorithms for optimizing complex
Al systems across multiple performance dimensions, including accuracy, efficiency, and
resource utilization |Elsken et al.| (2019)). However, systematic application to multi-LLM
coordination for code refactoring remains unexplored.

2.5 Code Quality Evaluation Metrics

Traditional code quality assessment relies on metrics such as cyclomatic complexity, main-
tainability indices, and code smell detection. However, these metrics often fail to capture
semantic quality and readability aspects crucial for effective refactoring evaluation, par-
ticularly in the context of Al-generated code transformations.

The CodeBLEU metric, introduced by Microsoft Research Ren et al. (2020), ad-
dresses limitations of traditional BLEU scores by incorporating syntax via abstract syn-
tax trees (AST) and semantics via data-flow analysis. The metric’s four components -
traditional BLEU score, weighted n-gram match, syntactic AST match, and semantic
data-flow match - provide comprehensive code quality assessment that achieves higher
correlation with human evaluation scores compared to BLEU and accuracy metrics
across text-to-code, code translation, and code refinement tasks.

Recent evaluations demonstrate CodeBLEU’s effectiveness as a smarter alternative
for AI code synthesis evaluation Jatasra (2023)), showing superior performance in
capturing both syntactic correctness and semantic preservation essential for refactoring
assessment. The metric addresses the critical need for semantic-aware evaluation in
automated code transformation tasks.

BLEU [Papineni et al.| (2002) and ROUGE [Lin| (2004)) scores from machine transla-
tion have been adapted for code quality evaluation, providing foundational approaches
to measuring similarity between generated and reference code. However, these metrics
primarily focus on syntactic similarity rather than semantic correctness, limiting their
effectiveness for complex refactoring evaluation.

The SWE-MERA benchmark addresses critical limitations in existing code eval-
uation datasets, particularly data contamination issues where 32.67% of successful
patches involve direct solution leakage Adamenko et al. (2025)). This dynamic, con-
tinuously updated benchmark ensures more reliable evaluation of automated refactoring
systems by preventing evaluation inflation from training data overlap.

Recent research demonstrates that semantic similarity metrics can effectively
evaluate code clone detection and refactoring quality beyond traditional structural ap-
proaches. However, the systematic application of these metrics to automated refactoring
evaluation, particularly in multi-objective optimization contexts, remains underexplored
in current literature.

Contemporary evaluation challenges include handling hallucination detection in LLM-
generated code, preserving functional correctness across transformations, and measuring
long-term maintainability improvements. The integration of traditional software metrics
with modern Al evaluation approaches represents a critical research gap for comprehens-
ive refactoring assessment.

In conclusion,The literature review highlights critical limitations in current auto-



mated refactoring approaches. Foundational contributions such as [Fowler| (2018) estab-
lished refactoring patterns, while [Murphy-Hill and Black| (2008al) emphasized the neces-
sity of automation due to developer time constraints; however, existing solutions remain
insufficient. State-of-the-art methods face notable shortcomings: LLM-driven systems
like EM-Assist achieve only 53.4% success rates Pomian, Bellur, Dilhara, Kurbatova,
Bogomolov, Sokolov, Bryksin and Dig| (2024)), transformer-based solutions such as ROSE
Nursapa et al.| (2025) emphasize architectural patterns rather than general-purpose re-
factoring, and multi-agent frameworks |Islam et al.| (2024); |AL (2024b)) show promise but
lack systematic integration with domain-specific knowledge bases. Similarly, retrieval-
augmented generation (RAG) applications in code Rani et al| (2024)); Bhattarai et al.
(2024)) are constrained to specific translation tasks instead of addressing comprehensive
refactoring. These gaps reveal a lack of approaches that systematically combine retrieval-
augmented generation with multi-objective optimization, alongside inadequate evaluation
methodologies that fail to ensure semantic quality preservation. Moreover, single-model
architectures cannot fully capture the multi-faceted decision-making required for real-
world refactoring scenarios. To address these limitations, this research proposes integ-
rating transformer-based models with NSGA-II optimization, developing comprehensive
evaluation metrics that blend software engineering and NLP perspectives, and incorpor-
ating domain-specific knowledge. This systematic application of multi-objective optim-
ization to LLM orchestration in refactoring offers a novel and essential contribution to
advancing automated software maintenance and legacy code modernization.

3 Methodology

The research methodology consists of five phases: Dataset & Knowledge Base Construc-
tion, multi-LLM RAG framework design, NSGA-II multi-objective optimization integ-
ration, advanced evaluation framework development, and empirical validation through
systematic experimentation as shown in Figure

‘Phase 1: Dataset & Knowledge Base Construction’

|

‘ Phase 2: Multi-LLM RAG Framework Design’

|

‘ Phase 3: NSGA-IT Multi-objective Optimization

|

‘ Phase 4: Advanced Evaluation Framework’

|

‘ Phase 5: Empirical Validation & Analysis

Figure 1: Research Methodology Overview

The first phase, Comprehensive Dataset Construction, involves creating an



extensive corpus of Python refactoring examples and expert knowledge. A synthetic data-
set containing 2,200 Python files with diverse refactoring opportunities was synthetically
generated, covering ten primary refactoring patterns: long function decomposition, class
extraction from functions, conditional replacement with polymorphism, parameter object
introduction, loop optimization with comprehensions, type hint addition, error handling
improvement, code duplication elimination, naming enhancement, and performance op-
timization.

The knowledge base integrates authoritative refactoring literature including “Clean
Code in Python: Refactor your legacy code base” and “The Clean Coder: A Code of
Conduct for Professional Programmers.” Through advanced PDF processing and con-
tent extraction techniques, the system successfully indexed 15,217 high-quality code
chunks representing comprehensive refactoring patterns, expert recommendations, and
best practices.

Each dataset entry includes original legacy code, expertly refactored versions,
complexity metrics, maintainability scores, and detailed refactoring rationale an-
notations. The dataset ensures balanced representation across 12 diverse domains in-
cluding web development (183 examples), data processing (190 examples), scientific
computing (184 examples), file management (210 examples), machine learning (189 ex-
amples), and enterprise applications such as user management, database operations,
and e-commerce, totaling 2,200 examples to enhance generalizability. The refactor-
ing demonstrates significant complexity reduction, with mean complexity decreasing
from 18.7 to 10.1 lines of code, while addressing 20 distinct code smell categories
and delivering measurable benefits in readability, maintainability, and performance
optimization. The dataset generation process itself constitutes a significant contribu-
tion of this work, with the complete Python implementation provided as a code arti-
fact that enables reproducible dataset creation and extension. The improvements
were achieved by adding specific statistics including 2,200 total examples across 12
domains, incorporating quantitative complexity reduction metrics, covering 10
different refactoring types, implementing comprehensive code smell detection
across 20 categories, providing concrete domain examples with their respective counts,
and enhancing the description with measurable outcomes rather than just general
benefits.

The second phase, RAG Architecture Development, involves designing a soph-
isticated retrieval-augmented generation system optimized for code refactoring tasks.
The framework integrates five state-of-the-art language models: LLaMA-3-70B-8192 for
complex reasoning, Gemma-2-9B-IT for efficient processing, Qwen-3-32B for balanced
performance, Moonshot Kimi-K2-Instruct for instruction following, and DeepSeek-R1-
Distill-LLaMA-70B for optimized inference.

The knowledge retrieval component utilizes Qdrant Cloud vector database with
Jina-Embeddings-V2-Base-Code for semantic code similarity search. The embedding
model generates 768-dimensional vectors specifically optimized for code representa-
tion, enabling efficient retrieval of relevant refactoring patterns with average similarity
scores of 0.837 across test scenarios.

The generation component implements sophisticated prompt engineering techniques,
incorporating retrieved knowledge into contextually aware prompts that guide language
models toward generating high-quality refactored code. The framework employs grounded
generation strategies ensuring faithfulness to retrieved expert knowledge while maintain-
ing solution creativity and appropriateness.



The third phase, Multi-objective Optimization Framework, addresses the critical
challenge of model selection and performance optimization across competing objectives,
where the NSGA-IT algorithm optimizes four clear objectives: Performance (weighted
ensemble performance across core metrics), Consistency (model reliability and robust-
ness measures), Complexity (balancing ensemble simplicity with diversity), and Effi-
ciency (retrieval threshold and top-k optimization). The NSGA-II implementation em-
ploys a population size of 150 over 250 generations, with a crossover probability
of 0.8 and adaptive mutation to maintain solution diversity while ensuring convergence
toward optimal configurations, ultimately identifying Pareto-optimal solutions that rep-
resent the best trade-offs across all objectives.

The fourth phase, Comprehensive Evaluation Methodology, develops a multi-
dimensional assessment approach combining traditional software engineering metrics with
advanced NLP evaluation techniques. The framework incorporates Core Quality Met-
rics—Answer Relevance, Faithfulness, Response Completeness, and Code BLEU Score—
specifically adapted for code refactoring assessment to measure both retrieval quality
and generation effectiveness. It also includes Efficiency Metrics such as Latency and
Total Tokens to evaluate the computational efficiency and resource consumption of the
refactoring process, ensuring fast response times and cost-effective execution. Finally, a
Multi-objective Performance Analysis is conducted using Pareto optimality analysis,
convergence metrics, and solution diversity measures to assess optimization algorithm ef-
fectiveness and the quality distribution of solutions.

The fifth phase, Systematic Empirical Validation, conducts comprehensive ex-
periments validating framework effectiveness across multiple dimensions. The evaluation
includes systematic testing of all five integrated language models using 10 standardized
test cases covering common refactoring scenarios including all the generated refactoring
pattern from the synthetic dataset like nested function optimization, cyclomatic com-
plexity reduction, and performance enhancement.

The validation process incorporates statistical significance testing, cross-model
comparison studies, and optimization algorithm convergence analysis. Perform-
ance benchmarking measures response latency (ranging from 2.0 to 5.7 seconds), accuracy
metrics, and resource utilization to assess practical deployment feasibility.

4 Design Specification

The Transformer-based framework architecture integrates five primary components: multi-
LLM orchestration system, advanced RAG knowledge retrieval, NSGA-II optimization
engine, comprehensive evaluation framework, and intelligent model selection mechanism
as shown in Figure [2]
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Figure 2: Five Primary Framework Components

4.1 Multi-LLM Orchestration Component

The multi-LLM orchestration system manages five state-of-the-art language models through
the MultiLLMProvider class, each contributing specialized capabilities to the refact-
oring process. llama3-70b-8192 provides exceptional reasoning capabilities for com-
plex architectural transformations with 4000 max tokens. gemma2-9b-it offers effi-
cient processing for routine refactoring patterns with competitive performance metrics,
while gqwen/qwen3-32b demonstrates superior balanced performance with extended
6000 token capacity for comprehensive responses.

moonshotai/kimi-k2-instruct excels in instruction following with precise refact-
oring task execution capabilities. deepseek-rl-distill-llama-70b provides optimized
inference with high answer relevance while maintaining computational efficiency.

The orchestration layer implements intelligent grounded prompting with explicit
faithfulness instructions, rate limiting with exponential backoff (15-second delays),
and automatic failover mechanisms through comprehensive error handling. The sys-
tem enforces strict response validation and includes timeout protection (30 seconds)
to ensure reliability during extended operations.

4.2 RAG Knowledge Retrieval System

The RAG framework integrates comprehensive refactoring knowledge through a soph-
isticated retrieval mechanism utilizing Qdrant vector database with intelligent PDF
processing skip logic. The system processes a comprehensive dataset of 2,200 synthetic
examples across 10 refactoring patterns including extract method, eliminate code
duplication, add type hints, improve naming, and performance optimization.

The Jina-Embeddings-V2-Base-Code model generates 768-dimensional vec-
tors specifically optimized for code representation through the CodeEmbedder class. The
system implements enhanced context creation that adds refactoring intent, com-
plexity metrics, and semantic patterns with average similarity scores optimized through
intelligent boosting mechanisms (up to +0.15 for refactored examples).

The knowledge base successfully integrates Synthetic Examples (2,200 realistic
code examples across 12 application domains), Expert Knowledge (PDF processing
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from technical literature with code block extraction), and Refactoring Patterns (com-
prehensive coverage of complexity reduction, readability improvement, and performance
optimization).

The retrieval process implements enhanced query processing through the QueryProcessor
class, expanding queries with domain-specific terminology and performing hybrid semantic-
keyword search with configurable similarity thresholds (default 0.3).

4.3 NSGA-II Multi-objective Optimization Engine

The optimization engine addresses the fundamental challenge of balancing competing
objectives through the ImprovedModelOptimizationProblem class. The NSGA-II al-
gorithm maintains a population of 150 solutions across 250 generations, optimizing
model ensemble weights, retrieval parameters, and metric importance weights.

The algorithm optimizes four clear objectives: Performance (weighted ensemble per-
formance across core metrics), Consistency (model reliability and robustness measures),
Complexity (balancing ensemble simplicity with diversity), and Efficiency (retrieval
threshold and top-k optimization).

The optimization successfully employs elite non-dominated sorting with improved
TOPSIS (Technique for Order of Preference by Similarity to Ideal Solution)
selection for compromise solutions. The system implements crossover operations with
probability 0.9, adaptive mutation (1.0/n_var probability), and includes comprehensive
constraint handling for weight normalization.

Enhanced Optimization Features include Intelligent Fallback (multi-criteria
selection when optimization fails), Meaningful Comparisons (baseline vs. optimized
metrics tracking), Comprehensive Statistics (mean, standard deviation, median, and
robustness calculations), and Ensemble Weights (dynamic model weight optimization
with primary model selection).

4.4 Comprehensive Evaluation Framework

The evaluation component implements a multi-dimensional assessment methodo-
logy through the RAGEvaluator class, combining traditional software engineering metrics
with advanced NLP evaluation techniques. The framework provides detailed performance
analysis across seven core evaluation dimensions.

RAG-specific Evaluation Metrics: The ContextRelevanceEvaluator assesses
retrieval and generation quality through specialized algorithms measuring: The evalu-
ation framework measures Answer Relevance (enhanced word matching with concept
detection), Faithfulness (statement-level support validation from context), Response
Completeness (indicator-based assessment with bonuses for code examples), Retrieval
Quality (multi-factor scoring with metadata boosting of 4+-0.15 for refactored examples),
Latency (response time in milliseconds with a 30-second timeout protection), and Token
Usage (tracking input, output, and total token consumption for efficiency analysis). For
CodeBLEU Assessment, the CodeBLEUEvaluator delivers advanced semantic simil-
arity evaluation through AST-based Analysis (structural similarity via syntax tree
comparison), Token-level BLEU (code-aware tokenization preserving semantics), Fea-
ture Extraction (capturing function names, variable names, node types, and literals),
and Weighted Combination (dynamic weighting based on the code content ratio).
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Enhanced Test Coverage: The system evaluates across 10 comprehensive test
cases covering all major refactoring patterns from the dataset generator, ensuring robust
performance assessment across extract method, polymorphism replacement, parameter
object introduction, and performance optimization scenarios.

The framework achieves comprehensive evaluation through enhanced scaling mech-
anisms and intelligent metric aggregation, providing detailed before/after compar-
isons with statistical significance testing and meaningful improvement tracking.

5 Implementation

Transformer-Based Framework
to Automatically Refactor Legacy Code

User Query Query Processor Code Embedder Vector Store
Python Code + Quesfion Context Enhancement Jina-Embeddings-V2 15,217 chunks

Data Sources & Processing Pipeline

Legacy Code PDF Processor Code Chunker Retrieval Service
Generator
= 2,200 Python samples. - Intzlligent skip logic - AST-aware chunking - Enhanced - king
- 10 refactoring pattems. - Hash-based tracking - Metadata enrichment [T —
- Beforefafer pairs - Code block extraction - Semantic prasenation + Tog-K optimizaton

RAG Orchesiration Engine
Intelligent PDF Processing * Health Monitoring = Mutii-mode Generafion
Session Management » System Siafisfics * Model Optimization
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Figure 3: Transformer Based Framework Architecture

The Transformer based Framework to automatically refactor legacy code combining RAG
System represents a sophisticated implementation of a Multi-LLM Retrieval-Augmented
Generation architecture optimized for automated code refactoring assistance which is
shown in Figure The system employs a multi-layered architectural approach that
integrates advanced machine learning techniques with robust software engineering prac-
tices.

Core Architecture and Data Flow: The system’s foundational layer consists
of a LegacyCodeGenerator that programmatically creates a comprehensive dataset of
2,200 Python code examples spanning ten distinct refactoring patterns, including extract
method, introduce parameter object, replace conditional with polymorphism, and per-
formance optimization techniques. This synthetic dataset and the expert knowledge book
pdfs are processed through an AST-aware CodeChunker that employs intelligent chunking
strategies to maintain semantic coherence while maximizing retrieval effectiveness.
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Embedding and Vector Storage: The CodeEmbedder component utilizes Jina-
Embeddings-V2-Base-Code to generate 768-dimensional semantic representations of code
fragments, enhanced with metadata-driven context enrichment. These embeddings are
stored in a Qdrant Cloud vector database, enabling efficient cosine similarity searches with
sub-second response times. The system implements intelligent PDF processing with hash-
based duplicate detection, preventing redundant embedding generation and significantly
reducing computational overhead.

Multi-Objective Optimization Framework: The system’s distinguishing feature
is its FixedNSGA20ptimizer, which employs a Non-dominated Sorting Genetic Algorithm
IT (NSGA-II) to solve a multi-objective optimization problem across four key dimen-
sions: overall performance, consistency, complexity management, and efficiency. The op-
timizer evaluates ensemble model weights, retrieval parameters, and metric importance
weights across a population of 150 solutions over 250 generations, ultimately identifying
llama3-70b-8192 as the optimal language model through TOPSIS-based compromise se-
lection.LLM Integration and Evaluation: The MultiLLMProvider orchestrates five
different language models via the Groq API, implementing sophisticated rate limiting,
failover mechanisms, and grounded prompting strategies that ensure response faithfulness
to retrieved context. The RAGEvaluator employs a comprehensive evaluation framework
incorporating traditional RAG metrics (answer relevance, faithfulness, response complete-
ness) alongside code-specific measures including CodeBLEU with AST-aware similarity
computation, providing nuanced assessment of code refactoring quality.

Interactive System Management: The user interface layer features an

InteractiveDisplayManager built on the Rich terminal library, providing multi-
mode response display, session management, and comprehensive system health monitor-
ing. The system tracks PDF processing status, provides real-time performance metrics,
and offers flexible interaction modes including best-model-only, all-models, and compre-
hensive comparison views, ensuring optimal user experience across different use cases.

6 Evaluation

The comprehensive evaluation demonstrates the effectiveness of the transformer-based
framework across multiple dimensions: optimization performance, individual model cap-
abilities, semantic similarity assessment, and overall refactoring quality improvement.
The systematic testing across five state-of-the-art language models provides insights into
model-specific strengths and optimal configuration strategies.

6.1 Multi-objective Optimization Results

The NSGA-ITI optimization successfully identified optimal model configurations across six
competing objectives (Answer Relevance, Faithfulness, Completeness,CodeBLEU Score,Latency,
Tokens Count), demonstrating significant improvements in automated code refactoring
quality. Tablell|presents the comprehensive performance metrics for all evaluated models,
illustrating the multi-dimensional optimization challenge.

The results demonstrate diverse model strengths across evaluation dimensions.
Deepseek-R1-Distill-Llama-70B achieved the highest answer relevance (0.657), while
Moonshotai/Kimi-K2-Instruct excelled in faithfulness (0.719), indicating strong ad-
herence to retrieved expert knowledge. Llama3-70B-8192 demonstrated superior per-
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Table 1: Comprehensive Model Performance Evaluation

Model Answer Faith | Complete | CodeBLEU | Latency | Tokens | Success
Relevance | fulness ness Score (ms) Count Rate
llama3-70b-8192 0.581 0.327 0.753 0.2084 4579 396 100.00%
gemma2-9b-it 0.527 0.324 0.633 0.0935 2227 380 100.00%
qwen/qwen3-32b 0.633 0.461 0.687 0.0325 7792 775 100.00%
moonshotai/kimi-k2-instruct 0.452 0.719 0.700 0.1400 3590 375 100.00%
deepseek-r1-distill-llama-70b 0.657 0.333 0.720 0.1313 7685 766 100.00%

formance in response completeness (0.753) and CodeBLEU scores (0.2084), making it
optimal for comprehensive refactoring tasks.

6.2 Optimization Impact Analysis

The NSGA-II optimization demonstrated significant improvements across multiple
evaluation dimensions, achieving an overall 13.78% performance enhancement in
core quality metrics and 17.65% efficiency improvement. Table [2| presents the de-
tailed before-and-after optimization comparison, where percentage improvements repres-
ent the relative change from baseline model performance to the optimized single-model
configuration with tuned retrieval parameters (positive values indicate improvements,
negative values indicate reductions).

Table 2: Optimization Impact Assessment

Metric Before After Absolute | Percentage
Optimization | Optimization | Change | Improvement

Answer Relevance 0.5700 0.5814 +0.0114 +2.00%
Faithfulness 0.4327 0.3301 -0.1026 -23.72%
Response Completeness 0.6987 0.7518 +0.0531 +7.61%
CodeBLEU Score 0.1215 0.2056 +0.0841 +69.23%
Latency (ms) 5174.8 4637.0 -537.8 -10.4%
Total Tokens 538.4 404.2 -134.1 -24.9%
Core Metrics Average - - - +13.78%

The optimization results reveal substantial improvements in code-specific quality
metrics, with CodeBLEU scores increasing by 69.23% and response complete-
ness improving by 7.61%. The decrease in faithfulness (-23.72%) suggests a trade-off
where the optimized model configuration prioritizes generating more comprehensive and
code-accurate refactoring suggestions over strict adherence to retrieved patterns. Import-
antly, efficiency metrics showed significant improvement with 10.4% latency reduction
and 24.9% token usage reduction.

6.3 Optimal Model Configuration

The NSGA-II optimization identified Llama3-70B-8192 as the optimal single model
for code refactoring tasks, achieving superior performance through strategic parameter
tuning rather than ensemble weighting. While the algorithm generates ensemble weights
as part of its multi-objective search process, the final configuration effectively utilizes a
single model with optimized retrieval parameters.
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Table 3: Optimized Model Selection Results

Component Value Role

Primary Model llama3-70b-8192 | Main refactoring engine (96.9% weight)
Similarity Threshold 0.444 Optimized retrieval parameter

Top-K Multiplier 1.319 Enhanced context selection
Secondary Models 3.1% combined | Minimal ensemble contribution
Configuration Type Single Model | Effectively mono-model deployment

The 96.9% weight allocation to Llama3-70B-8192 demonstrates clear model su-
periority across the optimization landscape, with the remaining 3.1% weight distribution
serving minimal practical purpose. The optimization also identified optimal retrieval
parameters with a similarity threshold of 0.444 and top-K multiplier of 1.319, which
proved more impactful than ensemble diversity for improving refactoring quality.

6.4 Retrieval Quality and Knowledge Base Effectiveness

The RAG framework demonstrated exceptional retrieval performance with consist-
ent high-quality retrieval scores (0.815 average similarity) across all test scen-
arios, indicating highly effective knowledge base construction and semantic similarity
matching.

Table 4: RAG Framework Performance Analysis

Metric Value Interpretation

Knowledge Base Size 15,217 chunks Comprehensive pattern coverage
Average Similarity Score 0.815 High-quality semantic matching
Retrieval Quality Consistent Reliable knowledge retrieval
Vector Store Status Connected Successful Qdrant integration
Embedding Model Jina-V2-Base-Code | Code-specialized representation
Embedding Dimension 768 Optimal vector representation

The average similarity score of 0.815 indicates robust semantic matching between
user queries and retrieved refactoring patterns, while the consistent retrieval quality
demonstrates the effectiveness of the Jina-Embeddings-V2-Base-Code model for code rep-
resentation tasks. The successful processing of 15,217 chunks from the legacy refactoring
dataset provides comprehensive coverage of refactoring patterns.

6.5 System Performance and Efficiency Analysis

The framework demonstrates practical deployment feasibility with response times
suitable for interactive development environments and automated refactoring workflows.
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Table 5: System Performance Characteristics

Model Average Response | Performance | Use Case

Time (seconds) Category Suitability
gemma2-9b-it 2.2 Fast Interactive refactoring
moonshotai/kimi-k2-instruct 3.6 Fast Real-time suggestions
llama3-70b-8192 4.6 Moderate | Balanced processing
deepseek-r1-distill-llama-70b 7.7 Deliberate* | Complex transformations
qwen/qwen3-32b 7.8 Deliberate* | Batch processing

Deliberate: Slower response time suitable for complex analysis requiring thorough processing
The 4.6-second average response time for the optimal Llama3-70B-8192 model
provides suitable performance for practical development workflows, while the 2.2-second

response time of Gemma-2-9B enables real-time interactive refactoring scenarios. All
models achieved 100% success rates, demonstrating robust system reliability.

6.6 Optimization Algorithm Performance

Table 6: NSGA-IT Optimization Performance

Parameter Value | Description

Generations 250 | Evolution iterations

Population Size 150 | Solution candidates per generation
Optimization Time | 7.38s | Total algorithm runtime

Pareto Front Size 150 | Non-dominated solutions found
Best TOPSIS Score | 0.7862 | Compromise solution quality
Variables 11 Model weights and parameters
Objectives 4 Quality and efficiency metrics

The NSGA-II optimization algorithm demonstrated exceptional performance, completing
250 generations with a population size of 150 in 7.38 seconds. The algorithm successfully
identified 150 Pareto optimal solutions, with the selected compromise solution achieving
a TOPSIS (Technique for Order of Preference by Similarity to Ideal Solution) score of
0.7862 which measures the compromise solution quality, where higher values indicate
better balance across competing objectives.

6.7 Discussion

This research demonstrates the successful integration of multi-objective optimization
with RAG-enhanced model selection for automated code refactoring. The 13.78% over-
all improvement in core metrics and 17.65% efficiency enhancement achieved
through NSGA-IT optimization provides quantitative validation of the single-model op-
timization approach’s effectiveness.

Key Findings and Contributions: The system achieved a 69.23% improvement
in CodeBLEU, demonstrating substantial enhancement in code-specific quality metrics,
with Llama3-70B-8192 identified as the optimal model effectively balancing quality and
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efficiency. The RAG framework consistently attained a similarity score of 0.815, valid-
ating its effectiveness in knowledge retrieval, while maintaining a 100% success rate
across all models, indicating robust reliability for production deployment. This work
contributes a multi-objective RAG framework that combines retrieval augmentation with
evolutionary optimization, a comprehensive evaluation methodology integrating software
engineering and NLP metrics, systematic multi-dimensional assessment for optimal model
selection, and practical deployment insights for enterprise-scale automated refactoring
systems.

Limitations: The study focuses on Python codebases and processes 15,217 refactor-
ing pattern chunks. The trade-off between faithfulness and code quality metrics suggests
opportunities for balanced optimization strategies that maintain stronger adherence to
retrieved patterns while improving code-specific outcomes.

Future research should explore expanded language support, enterprise-scale
deployment considerations, and real-time integration with development envir-
onment workflows to maximize practical impact and adoption in software development
teams.

7 Conclusion and Future Work

The aim of this research was to develop a Transformer-based framework for auto-
mated Python code refactoring that combines retrieval augmented generation with ad-
vanced optimization techniques for balanced performance across competing quality ob-
jectives. This research proposes an integrated approach utilizing five state-of-the-art
language models orchestrated through NSGA-II optimization to achieve superior refact-
oring quality while maintaining practical deployment feasibility.

Results demonstrate that the framework successfully addresses the complex chal-
lenge of automated code refactoring through sophisticated multi-objective optimization.
The NSGA-IT algorithm identified Llama3-70B-8192 as the optimal model config-
uration with 96.9% weight allocation, achieving 13.78% overall improvement in core
quality metrics and 17.65% efficiency enhancement. Significant gains were ob-
served in CodeBLEU scores (+69.23%) and Response Completeness (+7.61%),
while efficiency metrics showed substantial improvements with latency reduction (-
10.4%) and token usage reduction (-24.9%). The framework’s consistent retrieval
quality (0.815 average similarity) and comprehensive knowledge base of 15,217 re-
factoring pattern chunks indicate effective knowledge integration and semantic un-
derstanding capabilities.

The major contributions include the novel integration of RAG architecture with
multi-objective optimization for code refactoring, the comprehensive evaluation meth-
odology combining traditional software engineering metrics with adapted NLP assess-
ment techniques, and the systematic identification of optimal single-model configurations
through evolutionary optimization. The framework represents the first application of
NSGA-II optimization for LLM selection in the automated refactoring domain, demon-
strating that strategic single-model deployment with optimized retrieval parameters can
outperform ensemble approaches.

This research can potentially enhance software development productivity by
providing automated refactoring capabilities that reduce manual effort, minimize tech-
nical debt accumulation, and enable systematic legacy code modernization. The multi-
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objective optimization approach offers principled model selection based on specific quality
requirements and organizational priorities, with all models achieving 100% success
rates, addressing diverse needs of software development teams with reliable performance
guarantees.

Limitations of this study include the focus on Python codebases, implementa-
tion scope with a single vector database deployment, and the evaluation based on 10
standardized test cases across 5 models. The trade-off observed between faithfulness (-
23.72%) and code quality improvements suggests opportunities for balanced optimization
strategies that maintain stronger adherence to retrieved patterns while enhancing code-
specific outcomes. The average response time of 4.6 seconds for the optimal model
indicates suitability for batch processing rather than real-time interactive scenarios.

This work can be improved by expanding language support to JavaScript, Java,
and C++ codebases, developing enterprise-scale deployment capabilities with distributed
vector storage and horizontal scaling, and enhancing the knowledge base with industry-
specific refactoring patterns beyond the current 15,217 chunks. Integration with popu-
lar development environments (VS Code, IntelliJ, PyCharm) and continuous integration
pipelines would enhance practical applicability and developer adoption. The optimiza-
tion framework could benefit from dynamic threshold adjustment and adaptive similarity
scoring based on code complexity and refactoring context.

Furthermore, advanced research directions include exploring reinforcement learn-
ing approaches for dynamic model selection based on refactoring outcomes, investigat-
ing few-shot learning techniques for domain-specific pattern adaptation, and developing
real-time collaborative refactoring capabilities for distributed development teams. The
integration of formal verification techniques could ensure refactoring correctness while
maintaining semantic equivalence. Advanced optimization strategies could address the
faithfulness-quality trade-off through multi-stage optimization processes that first max-
imize adherence to retrieved patterns, then enhance code-specific improvements.

Future work should examine the application of the framework to other software
engineering tasks including automated bug detection, performance optimization,
and architectural improvement. Advanced multi-objective optimization techniques
such as MOEA /D and SPEA2 could provide alternative optimization strategies, while
federated learning approaches could enable privacy-preserving knowledge sharing
across organizations. The 7.38-second optimization time achieved by NSGA-II demon-
strates computational efficiency suitable for real-time model adaptation and continuous
optimization scenarios.

Practical deployment considerations should address the balance between re-
sponse time and refactoring quality, with the current 4.6-second optimal model response
time being suitable for automated batch processing but potentially requiring optim-
ization for interactive development scenarios. The framework’s successful Qdrant
Cloud integration provides a foundation for scalable vector storage, while the Jina-
Embeddings-V2-Base-Code model with 768-dimensional representations demonstrates
effective code-specific semantic understanding.

The framework contributes to sustainable software development practices by
reducing maintenance costs, improving code quality through measurable CodeBLEU im-
provements, and enabling efficient legacy system modernization that supports long-term
technological advancement and economic growth in software-intensive industries. The
demonstrated 100% success rate across all models and substantial quality improve-
ments validate the framework’s readiness for production deployment and practical ap-
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plication in enterprise software development environments.
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