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Abstract

Software quality assessment is essential for maintaining reliable and scalable
software systems as codebases become larger and more complex. Traditional
prediction methods depend on manually engineered metrics and labeled defect
datasets, limiting scalability and semantic understanding. This study
investigates self-supervised learning for source code representation to support
automated software quality assessment with reduced dependence on manual
annotation. The proposed framework learns contextual code embeddings from
large software repositories and integrates them with predictive models to
evaluate defect density, code complexity, and maintainability indicators.
Experimental results show that learned representations capture meaningful
structural and semantic relationships within source code and improve prediction
performance compared with traditional metric-based approaches. The findings
suggest that self-supervised representation learning can strengthen automated
software engineering analysis, support early detection of quality risks, and
provide practical benefits for developers and maintenance teams working with
large-scale software systems.
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1. Introduction

Software systems have become increasingly complex as modern applications integrate distributed
services, large codebases, and continuous development cycles. Ensuring the reliability and
maintainability of such systems requires accurate methods for assessing software quality during
development. Traditionally, software quality assessment has relied on static analysis tools, rule-based
defect detection systems, and manually engineered metrics such as cyclomatic complexity and code
churn. Although these approaches provide useful insights, they often struggle to capture deeper
semantic relationships within source code. Recent developments in machine learning have opened new
opportunities for automated code understanding by enabling models to learn patterns directly from large

software repositories rather than relying solely on manually defined metrics [1].

In the past decade, researchers have increasingly explored the use of representation learning techniques
to model source code. Early work focused on token-based embeddings where code was treated similarly
to natural language, enabling neural models to learn vector representations of code tokens and functions
[2]. Subsequent studies introduced tree-based representations using Abstract Syntax Trees (ASTs) to
capture syntactic structure, improving the ability of models to understand code semantics and
relationships between program elements [3]. Graph-based neural networks further expanded these ideas
by modeling control flow and data dependencies in programs, enabling more expressive representations
for software analysis tasks [4]. These approaches demonstrated that learned representations could

improve tasks such as bug detection, code classification, and vulnerability identification.

More recently, self-supervised learning has emerged as a promising paradigm for training code
representation models without requiring large labeled datasets. Instead of relying on manually annotated
defect labels, self-supervised methods learn representations through pretext tasks such as masked token
prediction, code fragment reconstruction, or next-statement prediction [5]. These techniques allow
models to leverage vast repositories of open-source code to learn generalizable representations of
program structure and semantics. Studies have shown that such representations can significantly
improve downstream tasks including code summarization, code search, and defect prediction [6]. As a
result, self-supervised learning is increasingly viewed as a scalable approach for extracting meaningful

representations from large-scale software corpora.

Despite these advances, several limitations remain in existing research on machine learning—based
software quality assessment. Many prior approaches rely heavily on labeled datasets that are expensive
to construct and often limited in size, which restricts model generalization across diverse programming
environments [7]. In addition, traditional defect prediction models frequently rely on handcrafted
features derived from software metrics, which may fail to capture deeper semantic relationships within

code. Even when representation learning is applied, models are often optimized for specific tasks such
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as vulnerability detection rather than broader quality assessment metrics that reflect maintainability and

long-term reliability [8].

Another challenge arises from the mismatch between representation learning objectives and the
requirements of software quality evaluation. Many self-supervised models are trained using tasks that
capture syntactic patterns but do not directly encode indicators of code quality such as modularity,
maintainability, or complexity evolution. As a result, the learned representations may perform well in
certain code understanding tasks but remain insufficient for predicting software quality outcomes. This
gap between representation learning and practical quality assessment highlights the need for models

specifically designed to bridge these objectives [9].

The core problem addressed in this study is the development of a self-supervised learning framework
capable of generating meaningful source code representations that directly support automated software
quality assessment. Instead of focusing solely on syntax-based pretext tasks, the proposed approach
integrates representation learning with quality-oriented evaluation mechanisms. By aligning
representation learning objectives with software quality indicators, the study seeks to improve the
ability of machine learning models to capture structural and semantic characteristics that influence

software maintainability and reliability.

This problem is particularly important as modern software development increasingly relies on large
collaborative repositories and continuous integration pipelines. In such environments, developers
require automated tools that can quickly identify quality risks and provide early feedback during
development. Effective representation learning models could enable intelligent systems that detect
potential quality issues before they propagate into production systems, reducing maintenance costs and

improving long-term system stability.

The conceptual direction of this work focuses on designing a self-supervised representation learning
architecture that captures both syntactic and structural aspects of source code while preserving
information relevant to quality assessment. By combining representation learning with quality
evaluation models, the framework aims to produce embeddings that are directly useful for predicting
software quality metrics. This integration provides a pathway toward scalable, data-driven quality

assessment techniques capable of operating across diverse software repositories.

2. Methodology

The methodological framework of this study focuses on constructing a self-supervised learning pipeline
capable of extracting meaningful representations from large-scale source code repositories. Software
repositories contain complex structural and semantic relationships that cannot always be captured using

traditional handcrafted metrics. Representation learning techniques aim to transform raw code into
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vector embeddings that encode program structure, token relationships, and contextual information.
Recent research in software engineering has shown that machine learning models trained on large code
corpora can learn patterns associated with program behavior and software quality characteristics [10].

These models therefore provide a promising approach for automated quality assessment systems.

The first stage of the methodology involves constructing a dataset by mining publicly available open-
source software repositories. Modern version control systems contain extensive information about code
development, including commit histories, bug fixes, and file modifications. Repository mining enables
the extraction of thousands of source files representing different programming styles and architectures.
Such datasets provide the diversity required for training machine learning models capable of
generalizing across software systems. Previous empirical studies have demonstrated that repository-
based datasets offer valuable insights into software quality trends and development practices [11]. The
collected repositories are filtered to remove incomplete or irrelevant files to maintain dataset

consistency.

After dataset collection, preprocessing is performed to convert raw source code into structured
representations suitable for machine learning algorithms. The preprocessing pipeline begins with lexical
tokenization, where source code is divided into tokens such as keywords, identifiers, operators, and
constants. Tokenization enables neural models to treat source code as a sequence of symbolic units
similar to natural language tokens. In addition to token-level analysis, structural information is extracted
using Abstract Syntax Trees. AST representations capture hierarchical relationships between program
elements such as functions, loops, and conditional statements. Research on code representation learning
indicates that combining lexical tokens with syntactic structures improves the ability of machine

learning models to capture program semantics [12].

Following preprocessing, the core component of the methodology is the self-supervised learning stage.
Self-supervised learning enables models to learn meaningful representations without relying on
manually labeled datasets. Instead of defect labels or quality annotations, the model is trained using
automatically generated tasks derived from the code itself. These tasks include predicting masked
tokens within a code sequence or reconstructing corrupted program fragments. Such tasks encourage
the model to learn contextual relationships between programming elements. Studies in self-supervised
code modeling show that these learning strategies allow neural models to capture structural

dependencies within programs and improve representation quality [13].

The architecture used in this study employs an encoder network that converts code sequences and
structural features into dense vector embeddings. The encoder processes tokenized code along with
AST-based features to generate contextual representations of program fragments. Each code fragment
is mapped into a high-dimensional embedding space where semantically similar fragments appear

closer together. This embedding space captures both syntactic patterns and logical relationships between
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code components. Neural representation learning models have been shown to effectively encode

program semantics and identify functional similarities between different software modules [14].

Once embeddings are generated, they are used as input features for a software quality prediction
module. This module applies machine learning classifiers to analyze relationships between learned
representations and software quality indicators. The prediction model evaluates factors such as defect
density, maintainability, and complexity evolution across the codebase. By combining representation
learning with predictive modeling, the framework enables automated quality analysis that extends
beyond traditional metric-based approaches. Machine learning models trained on learned embeddings
have demonstrated improved performance in identifying defect-prone modules and predicting software

reliability outcomes [15].

To evaluate the effectiveness of the learned representations, the framework applies several classification
performance metrics. Prediction accuracy provides a general measure of model performance, while
precision and recall offer insight into the model’s ability to correctly identify defective or low-quality
code segments. The F1-score is also computed to provide a balanced measure between precision and
recall. These evaluation metrics are widely used in software defect prediction research because they

provide a comprehensive understanding of classification behavior under different dataset conditions.

Another important aspect of the methodology involves analyzing the interpretability of the learned code
representations. Visualization techniques such as dimensionality reduction are applied to project high-
dimensional embeddings into two-dimensional space. If the representation learning model successfully
captures semantic relationships, code fragments with similar functionality or quality characteristics
should cluster together in the embedding space. Such clustering behavior provides evidence that the

embeddings encode meaningful program features rather than random statistical patterns.

In addition to evaluating the predictive model, the methodology compares the proposed self-supervised
framework with traditional software quality prediction approaches. Conventional models typically rely
on manually engineered metrics such as lines of code, coupling measures, and complexity indicators.
While these metrics provide useful insights, they often fail to capture deeper semantic dependencies
within source code. Representation learning models address this limitation by automatically extracting
features that reflect program behavior and structural relationships. Comparative analysis therefore helps

demonstrate the advantages of self-supervised representation learning for software quality assessment.

The dataset used in this study includes multiple open-source projects containing thousands of source
files and diverse program structures. Each project contributes source code files along with quality
indicators derived from repository histories and code analysis tools. The dataset is divided into training
and testing subsets to evaluate model performance under realistic conditions. Table 1 summarizes the
main characteristics of the dataset and the software quality metrics used during the training and

evaluation process.
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Table 1. Dataset Description and Software Quality Metrics Used for Model Training and Evaluation

Category Parameter Value / Description
Dataset Projects and Languages 12 open-source repositories (Java, Python)
Dataset Total Source Files 18,500 files
Dataset Average File Size 210 lines of code
Data Split Training / Testing 70% / 30%
Quality Metrics Defect Density Defects per KLOC
Quality Metrics | Complexity & Maintainability | Cyclomatic complexity, Maintainability index

3. Results and Discussion

The proposed self-supervised representation learning framework was evaluated using the dataset
described earlier to determine its effectiveness in predicting software quality characteristics. After
training the representation learning model, embeddings were generated for each source code fragment
in the testing dataset. These embeddings capture contextual information about program structure, token
relationships, and syntactic patterns. The generated embeddings were then used as input features for the
software quality prediction model. Performance evaluation focused on assessing the ability of the

learned representations to distinguish between high-quality and defect-prone code modules.

To understand how effectively the learned embeddings capture structural similarities between source
code fragments, dimensionality reduction techniques were applied to project the high-dimensional
embeddings into a two-dimensional space. Figure 1 illustrates the visualization of the learned source
code embeddings produced by the self-supervised learning model. In this representation, each point
corresponds to an individual code fragment, while the spatial position reflects similarity relationships
between program structures. Code fragments with similar programming patterns and complexity

characteristics appear closer together within the embedding space.
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Figure 1. Visualization of Learned Source Code Embeddings Generated by the Self-Supervised
Model
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The embedding visualization shows that the representation learning model forms clear clusters
corresponding to different structural characteristics of the source code. Modules with stable
development histories and lower complexity tend to form compact clusters, whereas modules with
higher modification frequency or structural complexity appear in more dispersed regions of the
embedding space. This clustering behavior indicates that the model successfully captures meaningful
relationships between code fragments. Such representation capability is essential for automated quality
analysis because it allows machine learning systems to identify patterns associated with maintainability

and defect-proneness.

Following the representation analysis, quantitative experiments were conducted to evaluate the
predictive performance of the proposed framework. The self-supervised representation model was
compared with baseline methods that rely on traditional software metrics. These baseline models use
features such as lines of code, cyclomatic complexity, and coupling measures to predict software defects
or maintainability risks. In contrast, the proposed approach uses the learned embeddings as input

features for classification models designed to predict software quality indicators.

The comparative results of the prediction models are presented in Figure 2, which shows the
performance of the self-supervised framework against several baseline approaches. The results indicate
that the proposed model achieves higher predictive accuracy and improved balance between precision
and recall compared with conventional metric-based models. The improvement can be attributed to the
ability of the representation learning model to capture contextual relationships within the source code

rather than relying solely on manually defined features.
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Figure 2. Performance Comparison of Self-Supervised Model and Baseline Methods for Software

Quality Prediction

4. Conclusion

This study investigated the application of self-supervised learning techniques for generating meaningful
source code representations and improving automated software quality assessment. The proposed

framework utilized large-scale source code repositories to learn contextual embeddings that capture
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structural and semantic relationships within programs. By integrating representation learning with a
predictive modeling module, the system was able to evaluate software quality indicators such as defect
density, code complexity, and maintainability characteristics. The results demonstrate that self-
supervised learning provides an effective mechanism for extracting informative features directly from

source code without relying heavily on manually engineered software metrics.

The visualization of the learned embeddings revealed that the proposed model successfully captures
structural similarities between code fragments and organizes them into meaningful clusters. These
clusters correspond to groups of software modules with similar quality characteristics, indicating that
the representation learning model is able to identify patterns associated with stable and defect-prone
code. Such representation capability is particularly valuable for large-scale software systems where

manual quality evaluation becomes increasingly challenging.

Quantitative evaluation further confirmed the effectiveness of the proposed framework in predicting
software quality outcomes. The comparative analysis showed that the self-supervised representation
model achieved higher prediction performance compared with traditional metric-based approaches.
This improvement can be attributed to the model’s ability to learn deeper contextual relationships within
source code rather than relying solely on static code metrics. As a result, the framework provides a more
comprehensive view of software quality and enables more accurate identification of potential

maintenance risks.

In summary, the findings of this study highlight the potential of self-supervised learning as a powerful
tool for intelligent software engineering analysis. The integration of representation learning with
automated quality prediction can support early detection of software defects and improve the reliability
of software development processes. Future work may extend this approach by incorporating larger
multi-language code repositories, exploring advanced neural architectures for representation learning,
and integrating the framework into real-world software development environments for continuous

quality monitoring.
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