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ABSTRACT

The systematic review on "Machine Learning
Approaches to Code Similarity Measurement"
provides a comprehensive analysis of how
machine learning (ML) techniques have been
applied to assess the degree of resemblance
between code segments. Code similarity
measurement is crucial in various software
engineering tasks such as code quality
assurance, plagiarism detection, vulnerability
analysis, and malware detection. This review
surveyed 84 primary studies, identifying 51
different ML algorithms used across 15
application areas. The abstract syntax tree (AST)
representation of code emerged as the most
prevalent, while the BigCloneBench dataset was
the most frequently used benchmark. The review
not only catalogs existing methodologies but
also highlights the integration of deep learning
and hybrid ML models that combine syntactic
and semantic code features to improve similarity
detection accuracy and scalability. It emphasizes
the trend toward more sophisticated models,
such as neural networks and Siamese networks,
which better capture intricate code patterns and
cross-language similarities. Additionally, the
review addresses challenges faced by the field,
notably the scarcity of diverse and high-quality
public datasets and the limitations of current ML
models in handling large-scale and multi-
language code bases. It underscores the
importance of developing scalable tools capable
of processing complex and vast code
repositories efficiently. The findings also touch
on the emergence of new applications, including
code recommendation systems and automated

code review, which benefit from improved code
similarity ~ assessments.  Future  research
directions proposed include enhancing the
interpretability of ML models, better handling of
semantic context, and expanding the scope of
code similarity studies beyond conventional
clone detection to include novel tasks in
software maintenance and security. Overall, this
systematic review serves as a detailed roadmap
for researchers and practitioners aiming to apply
or advance ML techniques in code similarity
measurement with a focus on both theory and
practical impact.
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I.INTRODUCTION

The measurement of code similarity, which
evaluates the extent of resemblance between
different segments of source code, is an essential
task in software engineering. It underpins many
critical applications such as plagiarism
detection, code clone identification, software
maintenance, and security analysis. With the
increasing volume and complexity of software
systems, traditional rule-based or heuristic
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approaches to code similarity have encountered
significant limitations in scalability,
generalizability, and accuracy. This has driven
the adoption of machine learning (ML)
techniques, which can learn intricate patterns
and semantic structures from large codebases to
perform more robust and automated similarity
assessments.

Machine learning approaches leverage a variety
of code representations, including token
sequences, abstract syntax trees (ASTSs), control
flow graphs, and program dependency graphs, to
extract meaningful features that capture both
syntactic and semantic aspects of code.
Techniques range from traditional supervised
learning algorithms to advanced deep learning
models such as recurrent neural networks and
graph neural networks. The systematic study and
comparison of these methods provide insights
into  their  strengths, weaknesses, and
applicability across different programming
languages and domains. This review also
highlights the challenges faced, including the
scarcity of comprehensive labeled datasets and
the difficulty of cross-language similarity
detection, while suggesting promising directions
for enhancing model interpretability, scalability,
and integration into real-world software
development workflows.

II.LITERATURE SURVEY

Machine learning techniques have increasingly
been applied to the problem of code similarity
measurement, which plays a critical role in
various software engineering tasks such as code
clone detection, plagiarism detection, malware
analysis, and code recommendation. Early
approaches to code similarity were mostly
heuristic or rule-based, relying on syntactic
comparisons. However, these methods lacked
scalability and accuracy when dealing with large
and complex codebases. With the advent of
machine learning, researchers began exploring
diverse models to learn representations of code
that capture both syntactic and semantic
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features. Studies have employed multiple types
of code representations, including token
sequences, abstract syntax trees (AST), control
flow graphs, and program dependency graphs,
enabling ML models to better understand
structural and semantic code similarities.
Systematic reviews have identified over 80
software tools and 51 distinct ML algorithms
used in this domain across multiple applications.
Deep learning methods, particularly neural
networks such as recurrent neural networks
(RNNs), convolutional neural networks (CNNS),
graph neural networks (GNNs), and Siamese
networks, have shown efficacy in capturing
complex relationships in code and cross-
language similarity. Datasets like
BigCloneBench are widely used to benchmark
these methods. Despite notable progress,
challenges remain, including the scarcity of
comprehensive labeled datasets, the difficulties
in detecting cross-language clones, and
balancing the trade-offs between accuracy and
computational efficiency. Current research
directions focus on creating more interpretable
models, improving scalability for large
codebases, and extending applications to
automated code review and security analysis,
demonstrating the evolving landscape of
machine  learning for code  similarity
measurement. This survey consolidates these
findings to guide future research and practical
implementations in this field.

HLEXISTING SYSTEM

Current  systems  for code  similarity
measurement predominantly leverage a variety
of machine learning (ML) and deep learning
techniques, significantly improving accuracy
and scalability compared to traditional heuristic
or rule-based methods. These systems apply
diverse code representations—including token
sequences, abstract syntax trees (ASTs), and
program dependence graphs—that encapsulate
both syntactic and semantic characteristics of
code snippets. By representing codes in multiple
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ways, systems can capture varied structural and
behavioral features. Hybrid approaches, which
combine token-based, tree-based, and graph-
based similarity detection methods, are
especially common. These hybrid methods
empower systems to address different
dimensions of similarity and thus enhance
overall  detection robustness.  Benchmark
datasets like BigCloneBench play a key role by
providing standardized data for training and
objective evaluation of these models, enabling
meaningful ~ comparison  across  different
techniques.

Beyond classical ML algorithms such as support
vector machines and random forests, recent
systems frequently adopt advanced deep
learning architectures like convolutional neural
networks (CNNS), recurrent neural networks
(RNNSs), graph neural networks (GNNs), and
Siamese networks. These deep models excel at
capturing complex patterns and subtle semantic
nuances within code, a capability crucial for
applications such as code clone detection,
plagiarism identification, malware analysis, and
automated code review.Cross-language
similarity detection is another hard problem
because syntactic and semantic signatures differ
across programming languages. Additionally,
the scarcity of sufficiently large and labeled
datasets for supervised training hinders further
progress. Therefore, ongoing research is
focusing on improving model interpretability to
make these systems more transparent and
trustworthy, enhancing scalability to handle
bigger codebases, and broadening applications
to cover diverse software engineering tasks
beyond traditional clone detection. This
continuous development promises more flexible,
accurate, and practical ML-driven solutions for
measuring code similarity.

IV. PROPOSED SYSTEM

The proposed system aims to enhance code
similarity measurement by leveraging a
combination of advanced machine learning
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algorithms, including k-nearest neighbors, naive
Bayes, and neural network-based models, to
accurately capture both syntactic and semantic
similarities between code fragments. . The
system also employs hybrid methodologies that
combine token-based, tree-based, and graph-
based similarity metrics to improve robustness
across diverse programming languages and code
structures. This multi-faceted approach allows
the system to overcome limitations of existing
methods, particularly in handling obfuscated
code and cross-language similarity detection.
Additionally, the proposed system incorporates
publicly available datasets like BigCloneBench
for training and benchmarking, ensuring rigor in
performance evaluation. It also emphasizes
scalability and efficiency, utilizing optimized
algorithms for processing large code repositories
with  low computational overhead. By
integrating machine learning models that capture
deeper semantic relationships within code, the
system aims to support a wide range of
applications such as plagiarism detection,
malware analysis, automated code review, and
software maintenance. Future extensions of the
system include enhancing interpretability of the
ML models and applying the framework to new
domains requiring precise code similarity
assessment. Overall, the proposed system
represents a significant step towards more
accurate, scalable, and versatile code similarity
measurement solutions in software engineering.
V.SYSTEM ARCHITECTURE

First, the system receives source code as input,
which is then preprocessed to normalize and
tokenize the code. This preprocessing includes
parsing the  code into intermediate
representations such as abstract syntax trees
(ASTs) or control flow graphs. The feature
extraction module transforms these
representations into numerical feature vectors
capturing syntactic and semantic properties.
These vectors serve as the input to the machine
learning models. Second, the core machine
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learning engine employs a variety of
algorithms—ranging from traditional classifiers
(like k-nearest neighbors and naive Bayes) to
deep learning models (such as convolutional
neural networks, recurrent neural networks, and
graph neural networks)—to learn code similarity
patterns. The system may integrate hybrid
approaches combining token-based, tree-based,
and graph-based similarity measures to improve
detection robustness. Finally, the similarity
computation module compares feature vectors of
code pairs to generate similarity scores, which
are then used for applications such as clone
detection, plagiarism identification, and malware
analysis. The architecture often incorporates
benchmark datasets like BigCloneBench for
training and evaluation, and emphasizes
scalability to efficiently process large
codebases.This ~ modular  design  enables
extensibility and integration into automated
software development workflows, providing a
comprehensive framework for accurate and
scalable code similarity measurement using
machine learning techniques.It also emphasizes
scalability and efficiency, utilizing optimized
algorithms for processing large code repositories
with low computational overhead. The feature
extraction module transforms these
representations into numerical feature vectors
capturing syntactic and semantic properties.

Fig 5.1 System Architecture
VI.IMPLEMENTATION
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VII.CONCLUSION

This systematic review underscores the critical
role of machine learning techniques in
advancing code similarity measurement, a
fundamental activity in software engineering
that supports diverse applications such as
plagiarism detection, code clone identification,
malware analysis, and automated code review.
The synthesis of 84 primary studies reveals a
rich landscape of methodologies, including
classic machine learning algorithms and state-of-
the-art deep learning models that leverage
various code representations such as abstract
syntax trees and program dependency graphs.
These techniques have demonstrated significant
improvements in accuracy and robustness over
traditional heuristic approaches. The integration
of hybrid models combining token-based, tree-
based, and graph-based similarity measures
further enhances the versatility and effectiveness
of similarity detection systems.

Despite these advancements, several challenges
remain, including the need for larger and more
diverse annotated datasets, difficulties in cross-
language similarity detection, and balancing
model interpretability with performance and
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scalability. Future research directions
emphasized in the review include the
development of scalable, interpretable machine
learning frameworks capable of handling the
growing complexity and volume of codebases.
Continued innovation in this space promises to
enable more efficient, accurate, and automated
tools that will streamline software development
processes, improve code quality, and strengthen
security measures. Overall, machine learning-
based code similarity measurement is a vibrant
and evolving field with significant potential for
impact across numerous domains of software
engineering.

VII.FUTURE SCOPE

The future of machine learning approaches to
code similarity measurement is poised for
significant advancements, driven by the rapid
evolution of Al and deep learning technologies.
One promising direction is the integration of
large language models (LLMs) and graph
representation learning, which can better capture
the deep semantic and structural features of code
across different programming languages. This
will enhance the accuracy and applicability of
similarity measurements, especially in multi-
language and obfuscated code scenarios.
Additionally, the adoption of federated learning
techniques could enable collaborative model
training on decentralized code repositories while
preserving data privacy, opening new avenues
for  industry-wide  collaboration  without
compromising sensitive intellectual property.
Another important future trend involves
improving the interpretability and explainability
of machine learning models in code similarity
tasks, empowering developers and organizations
to understand and trust automated similarity
assessments. The scalability of algorithms to
handle exponentially growing large-scale
codebases with low latency will become
increasingly critical. Moreover, there is scope
for the development of real-time, automated
code review and security vulnerability detection
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systems embedded within continuous integration
pipelines. These innovations will not only
streamline software development and
maintenance but also reinforce software security
and integrity through precise similarity
detection. Overall, the future of ML-powered
code similarity measurement promises more
robust, efficient, and context-aware solutions
tailored to a wide range of practical software
engineering challenges.
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