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Abstract 

Software development projects often involve large volumes of source code that 

require proper documentation for effective understanding, maintenance, and 

collaboration. However, manual documentation is time-consuming and is often 

overlooked by developers, leading to reduced code readability and maintainability. 

This project proposes an automated approach for generating natural language 

descriptions from Python source code using a transformer-based deep learning model. 

The system utilizes a dataset consisting of Python functions and their corresponding 

documentation strings, which are preprocessed and tokenized to prepare them for 

training. A transformer architecture is employed to learn the relationship between 

code snippets and their textual explanations. During the training phase, the model 

optimizes prediction loss and learns to generate concise and meaningful one-line 

descriptions for given code segments. 

The performance of the system is evaluated using text generation metrics to assess the 

quality and relevance of the generated documentation. Experimental results 

demonstrate that the model can effectively produce accurate and context-aware 

descriptions, achieving an approximate accuracy of around 94%. 

Overall, the proposed system provides an efficient solution for automated code 

documentation, helping developers save time, improve code readability, and enhance 

software maintainability. 

I. Introduction 

Software development projects often involve large volumes of source code that 

require proper documentation for effective understanding, maintenance, and 

collaboration. Well-written documentation helps developers understand the 

functionality of code, reduces errors, and improves team productivity. However, 

manual documentation is time-consuming, repetitive, and often neglected by 

developers, especially in fast-paced development environments. As a result, many 

software projects suffer from poor documentation, making code difficult to 

understand and maintain. 
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With the rapid advancement of Artificial Intelligence (AI) and Natural Language 

Processing (NLP), automated solutions for code understanding and documentation 

have gained significant attention. Deep learning techniques have shown great 

potential in analyzing source code and generating human-readable descriptions. These 

techniques enable systems to learn patterns and relationships between programming 

constructs and their corresponding explanations, making it possible to automate the 

documentation process. 

Among various deep learning models, transformer-based architectures have emerged 

as powerful tools for sequence-to-sequence tasks such as language translation and text 

generation. Transformers use attention mechanisms to capture contextual 

relationships within data, allowing them to effectively map code snippets to natural 

language descriptions. This makes them highly suitable for code-to-text generation 

tasks. 

II. Literature Survey 

Automated code documentation and source code summarization have become 

important research areas with the advancement of deep learning and transformer-

based models. Various researchers have proposed techniques to improve the quality, 

accuracy, and efficiency of generating natural language descriptions from source code. 

Fang et al. [1] proposed ESALE, a framework that enhances alignment between 

source code and generated summaries using multitask learning techniques. Their 

model improves performance in BLEU, ROUGE-L, and METEOR metrics, 

demonstrating better semantic understanding of code.  

Gandhi et al. [2] introduced a multi-agent system using large language models to 

automate the conversion of research methodologies into executable code. Their work 

highlights the potential of multi-agent architectures in automating complex software 

tasks, including documentation.  

Ghaemi et al. [3] presented a comprehensive survey on transformer-based models for 

source code generation and summarization. The study concluded that transformers 

outperform traditional machine learning approaches in code-related tasks.  

Grandel et al. [4] developed COMCAT, a system that integrates human judgment with 

large language models to generate meaningful code comments. The study shows that 

human-in-the-loop approaches improve the quality and usefulness of generated 

documentation.  

Karaman et al. [5] introduced Code2Doc, a curated dataset containing high-quality 

code-documentation pairs. Their results demonstrate that training models on well-

structured datasets significantly improves documentation accuracy.  

Li et al. [6] proposed EditSum, a retrieve-and-edit framework that generates 

summaries by modifying existing similar code explanations. This approach improves 

relevance and informativeness compared to traditional methods.  
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Li et al. [7] introduced ExpSum, a knowledge-guided model that integrates contextual 

metadata for better code summarization. Their approach achieved improved 

performance across evaluation metrics, emphasizing the importance of contextual 

understanding.  

Maru et al. [9] provided a comprehensive review of neural methods used in 

programming tasks. The study highlights that transformer-based models dominate in 

tasks such as code generation, translation, and summarization.  

Muhamed et al. [10] developed an automatic code comment generator using the 

CodeT5 transformer model. Their system successfully generates meaningful 

comments for Python functions, improving code readability.  

Nguyen et al. [11] proposed HierarchyNet, which combines lexical, syntactic, and 

semantic features using graph transformers and CNNs. This approach improves the 

structural understanding of code and enhances summary generation.  

Research Team et al. [12] explored the integration of code metrics such as complexity 

and structure into documentation systems. Their results showed improved BLEU and 

ROUGE scores, indicating better semantic quality.  

Research Group et al. [13] analyzed summarization techniques using large language 

models with different prompting strategies. Their findings highlight the importance of 

prompt engineering in improving documentation accuracy.  

Rong et al. [14] proposed EduFuncSum, a progressive transformer-based model that 

generates function-level summaries sequentially. The model improved coherence and 

contextual consistency in generated documentation.  

Sarker et al. [15] evaluated advanced large language models for context-aware code 

documentation. Their results showed that incorporating contextual information 

significantly improves the quality of generated documentation. 

III. System Analysis 

 
Automated code documentation systems aim to improve software development by 

generating natural language descriptions for source code. In modern software projects, 

large volumes of code make manual documentation difficult and time-consuming. 

Developers often skip documentation, leading to poor readability and maintenance 

issues. With the advancement of Natural Language Processing (NLP) and deep 

learning, automated solutions can analyze code and generate meaningful summaries. 

The proposed system uses transformer-based models to understand Python functions 

and generate descriptions. It processes code through tokenization and learns 

relationships between code syntax and textual explanations. The system is trained 

using datasets containing code-comment pairs. It evaluates performance using text 

generation metrics such as BLEU and ROUGE. The system improves code readability 

and reduces developer effort. Overall, it provides an efficient solution for automatic 

documentation generation. 

 

Existing System 
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Existing systems for code documentation mainly rely on manual writing by 

developers or simple rule-based tools. Manual documentation is time-consuming, 

inconsistent, and often incomplete. Rule-based systems generate basic comments but 

lack contextual understanding of code logic. Traditional machine learning models 

depend on handcrafted features, limiting their performance. Some earlier approaches 

fail to capture semantic relationships between code and text. These systems struggle 

with complex functions and diverse programming styles. Additionally, they lack 

scalability for large codebases. Existing methods also produce generic or irrelevant 

descriptions. As a result, they do not provide accurate and meaningful documentation. 

This highlights the need for advanced NLP-based approaches. 

Disadvantages of Existing System 

 

·  Time-consuming manual documentation  

·  Inconsistent and incomplete comments  

·  Poor understanding of code semantics  

·  Limited scalability for large projects  

·  Low accuracy in rule-based systems  

·  Lack of contextual awareness 

 

Proposed System 

 

The proposed system introduces an automated documentation generator using NLP 

and transformer-based deep learning models. It takes Python functions as input and 

generates meaningful one-line descriptions. The system uses a dataset of code-

comment pairs for training. Preprocessing and tokenization are applied to convert 

code into a structured format. A transformer architecture learns the relationship 

between code syntax and natural language. The model uses attention mechanisms to 

capture contextual information. During training, the system minimizes prediction loss 

to improve accuracy. The generated output is evaluated using metrics like BLEU and 

ROUGE. The system produces concise, accurate, and context-aware documentation. 

It reduces manual effort and improves code readability and maintainability. 

 

Advantages of Proposed System 

• Automated documentation generation  

• High accuracy using transformer models  

• Context-aware and meaningful descriptions  

• Reduces developer effort and time  

• Scalable for large codebases  

• Improves code readability and maintenance  

IV. Methodology 

The methodology begins with collecting a dataset of Python functions along with their 

corresponding documentation strings. The data is preprocessed by cleaning, 

tokenizing, and converting both code and text into numerical representations suitable 

for model training. A transformer-based deep learning model is then used to learn the 

mapping between source code and natural language descriptions. The model utilizes 

attention mechanisms to capture the contextual relationships within code sequences. 
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During training, the system optimizes prediction loss to improve the quality of 

generated summaries. After training, the model is tested on unseen Python functions 

to generate one-line descriptions. The performance is evaluated using text generation 

metrics such as BLEU, ROUGE, and METEOR to ensure accuracy and relevance. 

This approach enables the system to automatically generate meaningful and concise 

documentation for Python functions. 

System Architecture 

The system architecture for the automated Python function documentation generator 

consists of several key stages that work together to produce natural language 

descriptions from source code. Initially, Python function inputs are provided to the 

system, which are then passed through a preprocessing stage where the code is 

cleaned, tokenized, and formatted. The processed data is fed into a transformer-based 

model that acts as the core component of the system. This model uses attention 

mechanisms to understand the structure and semantics of the code. The extracted 

features are then passed through decoding layers to generate corresponding textual 

descriptions. The output is a concise natural language summary of the input function. 

The system also includes an evaluation module that measures the quality of generated 

text using metrics such as BLEU and ROUGE. This architecture ensures accurate, 

efficient, and context-aware documentation generation. 

 
V. Result and Output 

 

https://ijerst.org/index.php/ijerst


Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991 

 

 
 
 

Vol. 22, No. 2(1), 2026                                       https://ijerst.org/index.php/ijerst                         225 

 

 
 
 
 

https://ijerst.org/index.php/ijerst


Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991 

 

 
 
 

Vol. 22, No. 2(1), 2026                                       https://ijerst.org/index.php/ijerst                         226 

 
VI. Conclusion 

In conclusion, the automated Python function documentation generator using NLP 

provides an efficient solution to the challenges of manual code documentation. By 

leveraging transformer-based deep learning models, the system can generate accurate, 

concise, and context-aware descriptions for Python functions. The use of 

preprocessing and tokenization ensures effective data representation, while attention 

mechanisms enhance the understanding of code semantics. The system significantly 

reduces the time and effort required for documentation and improves code readability 

and maintainability. Experimental results demonstrate high accuracy and relevance in 

generated outputs. Overall, this approach has the potential to transform software 

development practices by automating documentation and supporting better 

collaboration among developers. 
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