Journal of Computer and Electrical Sciences (JCES)- Volume-1 Issue-4, April 2026
ISSN: 3049-2602(Online)

MULTI-LABEL SOURCE CODE
ERRORCLASSIFICATION USING DISTIL-BERT

KRISHNA SIRI HAMSIKA NIMMAGADDA
Student, Department of Computer Science and Engineering

ANDHRA LOYOLA INSTITUTE OF ENGINEERING AND TECHNOLOGY,

VIJAYAWADA, ANDHRA PRADESH, INDIA

Guide: MRS. K. RAJESWARI
Associate Professor, Department of Computer Science and Engineering

ANDHRA LOYOLA INSTITUTE OF ENGINEERING AND TECHNOLOGY,

VIJAYAWADA, ANDHRA PRADESH, INDIA

Email id: krishnasiri.nimmagadda@gmail.com

Abstract: This study introduces an optimized approach for source code error understanding by
integrating Distil-BERT, an advanced and compact version of BERT. Unlike the original BERT-
Cased and BERT-Uncased models, which achieved around 90% classification accuracy, the
extended Distil-BERT model offers faster processing and improved precision with a simplified
architecture. Through knowledge distillation, Distil-BERT retains BERT's deep contextual
intelligence while reducing computational overhead, making it more suitable for real-time
learning and analysis environments. Experimental evaluation shows that the Distil-BERT-Cased
model attains 93.84% accuracy, outperforming the earlier approach. This demonstrates its
capability to handle complex, multi-label error classification more efficiently. The enhanced
model minimizes resource usage, accelerates training, and strengthens prediction reliability.
Overall, this extension provides a lightweight yet powerful framework for automated error
detection and educational programming tools, contributing to smarter debugging and improved
learning outcomes in software engineering applications.
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1. INTRODUCTION

Computer programming has become a fundamental skill in modern education and industry,
forming the backbone of software development, artificial intelligence, data analytics, and
numerous engineering applications. As programming languages evolve and systems grow more
complex, the ability to write correct, efficient, and maintainable code has become increasingly
important. However, programming is inherently error-prone. Even small mistakes in logic,
syntax, or structure can lead to unexpected behavior, incorrect outputs, or system failures.

In educational environments, learning programming is widely recognized as a cognitively
demanding process. Beginners often struggle to translate problem statements into correct
algorithms and further into executable code. While syntax errors are usually detected by compilers
or interpreters, many programming mistakes go beyond simple syntax violations. Logical errors,
semantic inconsistencies, and improper use of programming constructs may allow the code to
compile and execute successfully, yet produce incorrect results.

Traditional compiler tools and rule-based debugging mechanisms primarily focus on identifying
syntactic and runtime errors. Although these tools are effective at reporting line-level issues, they
offer limited support in explaining the nature of errors or identifying multiple underlying mistakes
within a single code segment. In real-world programming scenarios, a single program often
contains several interconnected errors spanning different categories such as incorrect conditions,
flawed loops, improper variable usage, or misuse of functions.

Recent advances in artificial intelligence and natural language processing have opened new
possibilities for source code analysis. Programming code, although formal in structure, shares
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similarities with natural language in terms of syntax, semantics, and contextual dependencies.
One of the key challenges in automated error analysis lies in the nature of error labeling itself.
Programming errors are rarely mutually exclusive. A single code snippet may simultaneously
contain multiple mistakes, each belonging to a different error category. This limitation motivates
the use of multi-label classification, where a single input instance can be associated with multiple
relevant labels.

The emergence of transformer-based language models has significantly advanced the state of
natural language understanding. Models based on attention mechanisms can capture long-range
dependencies and contextual relationships more effectively than earlier neural architectures. In
this paper, we propose the use of Distil-BERT, a compressed version of BERT, which retains
most of BERT's contextual understanding while significantly reducing computational overhead,
making it ideal for real-time error classification in programming education and automated
debugging environments.

2. LITERATURE SURVEY

Several approaches have been proposed for source code error detection and classification. Amin
et al. (2025) theoretically frame programming as a complex cognitive activity integrating logical
reasoning, syntactic awareness, and semantic understanding. They propose multi-label
classification as a more realistic representation of programming error characteristics, recognizing
that a single code instance can simultaneously exhibit multiple error categories such as syntax
mistakes, logical flaws, and improper control structures.

Wang et al. (2024) position programming code as a structured representation of human
knowledge, emphasizing that modern programming environments involve complex interactions
between syntax, semantics, libraries, and execution contexts. They critique rule-based approaches
for their dependence on predefined patterns and advocate for data-driven models capable of
reasoning across multiple abstraction levels.

Feng et al. (2021) conceptualize source code as a bimodal linguistic entity integrating natural
language and formal programming syntax, highlighting the semantic gap between what
programmers intend and what code actually executes. Devlin et al. (2019) establish bidirectional
contextual representation as a core theoretical concept, where meaning emerges from full
contextual awareness rather than sequential interpretation. Vaswani et al. (2017) introduced the
attention mechanism, enabling models to capture global dependencies within structured data,
which is essential for understanding code errors that span multiple lines and functions.

Liu et al. (2019) demonstrate the importance of robust pretraining with diverse data for stable
semantic representation, while Zhang et al. (2016) and Tsoumakas et al. (2011) provide
foundational frameworks for multi-label learning, establishing that labels are rarely independent
and must be modeled as interdependent constructs. Boutell et al. (2004) and Schapire and Singer
(2000) further validate multi-label classification as a paradigm aligned with real-world semantic
complexity. Traditional machine learning models such as Decision Trees and Random Forests,
while interpretable, lack the contextual understanding of code required for deep semantic error
analysis.

3. PROPOSED SYSTEM

The proposed system introduces Distil-BERT, a smaller and faster version of BERT, to improve
the process of source code error understanding. Distil-BERT maintains the accuracy and
contextual understanding of BERT while reducing model size and execution time through
knowledge distillation. It is designed to classify multiple programming errors simultaneously
using deep learning and natural language processing techniques.

The existing system used traditional compilers and machine learning models like CodeT5 and
CodeBERT to identify programming errors. While these models can detect basic or single-label
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errors, they lack efficiency in handling multiple error types simultaneously. The original BERT
models improved accuracy by understanding code context but required heavy computational
power and long training time. The proposed Distil-BERT system is more efficient, lightweight,
and easier to deploy on limited hardware, making it suitable for educational platforms and
automated debugging environments.

The system architecture consists of four primary modules: data preprocessing, feature extraction
using Distil-BERT embeddings, a multi-label classification layer, and a prediction and feedback
module. The input source code is tokenized using the Distil-BERT tokenizer, passed through
transformer layers to extract contextual embeddings, and then fed into a classification layer that
predicts multiple error labels simultaneously.

4. METHODOLOGY

The methodology of this study is designed to systematically analyze, understand, and classify
programming errors present in source code using a multi-label learning paradigm. The dataset
used is the CODENET dataset sourced from Kaggle
(https://www.kaggle.com/datasets/alexjercan/codenetpy/data), consisting of source code samples
collected from automated programming platforms and educational repositories. Each source code
instance may contain multiple errors, making it suitable for multi-label classification.

The overall methodology follows the structured steps described below:

1. Data Collection: Source code samples with multiple labeled error categories are collected from
the CODENET dataset, reflecting real-world programming behavior from student submissions
and online judges.

2. Data Preprocessing: Raw source code undergoes token normalization, removal of irrelevant
characters, handling of special symbols, and preservation of syntactic structures such as loops,
conditionals, and function definitions.

3. Error Label Encoding: Each source code instance is associated with one or more error labels
— including syntax errors, logical errors, control flow mistakes, EOFError, TLE, and IndexError
— encoded as binary vectors for multi-label classification.

4. Feature Extraction: Distil-BERT generates dense contextual embeddings that capture both local
syntactic information and global semantic context, enabling the model to understand relationships
between different code segments without manual feature engineering.

5. Model Training: The dataset is split into 80% training and 20% testing subsets. The Distil-
BERT model is fine-tuned using the Adam optimizer with a learning rate of 1le-5, batch size of 8,
and trained for multiple epochs to minimize classification loss.

6. Evaluation: Performance is evaluated using accuracy, precision, recall, F1-score, and confusion
matrix analysis, comparing Distil-BERT against baseline models including CodeT5 with
Decision Tree, CodeT5 with Random Forest, and BERT -Cased.

5. RESULTS

The proposed Distil-BERT-Cased model achieved an accuracy of 93.84%, significantly
outperforming all baseline models. The CodeT5 with Decision Tree and CodeT5 with Random
Forest models achieved lower accuracy due to their limited contextual understanding of code
semantics. The BERT-Cased model achieved approximately 90% accuracy but required
significantly more computational resources and training time compared to Distil-BERT.

The system effectively identified multiple errors in a single code snippet, demonstrating strong
capability for multi-label classification. Error types classified include EOFError, TLE (Time
Limit Exceeded), IndexError, and logical errors, with Distil-BERT accurately assigning multiple
labels where applicable. The confusion matrix analysis shows that Distil-BERT provides better
generalization with reduced misclassification rates across all error categories.
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The enhanced model also demonstrated faster inference time compared to the full BERT model,
making it more suitable for real-time deployment in educational programming platforms and
automated code review systems. Overall, Distil-BERT provides the best balance of accuracy,
speed, and resource efficiency among all tested models.

6. CONCLUSION

This paper presented an effective approach for multi-label source code error classification using
the Distil-BERT model. By leveraging the CODENET dataset and a structured multi-stage
methodology, the system successfully captured real-world programming error patterns through
contextual embeddings and deep learning. The integration of CodeT5 embeddings with Decision
Tree and Random Forest algorithms served as strong baselines, while BERT-Cased enhanced
semantic understanding of source code. The extended Distil-BERT-Cased model achieved
93.84% accuracy, reducing computational overhead without sacrificing performance.

The system demonstrated strong capability in identifying and classifying multiple programming
errors simultaneously, including syntax errors, logical errors, EOFError, TLE, and IndexError.
This work highlights the potential of combining transformer-based models with traditional
classifiers for intelligent code analysis and provides a scalable foundation for automated
programming assistance and educational support systems.

7. FUTURE SCOPE

The future scope of this project includes extending the system to support multiple programming
languages beyond the current dataset, enabling broader applicability in diverse coding
environments. Advanced transformer models such as CodeBERT, GraphCodeBERT, and larger
pre-trained code models can be integrated to further improve error detection accuracy and
semantic understanding across varied programming paradigms.

Real-time error feedback and suggestion generation can be incorporated to assist programmers
actively during code development, transforming the system into an intelligent coding assistant.
Additionally, the system can be enhanced with explainable Al (XAI) technigues such as attention
visualization and SHAP values to provide more detailed and interpretable insights into error
causes, building trust and transparency for learners and developers.

Integration with online coding platforms, IDEs, and learning management systems would support
large-scale educational use and enable personalized learning experiences. The system can also be
extended to handle multi-language code repositories and collaborative programming
environments. Furthermore, incorporating active learning and continual learning strategies would
allow the model to adapt to evolving programming practices and newly emerging error patterns
without requiring complete retraining.
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