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Abstract

Comments are very useful to the flow of code development. With the increasing use of code in commonplace life,
commenting the codes becomes a hassle for rookie coders, and often they do not even think commenting as a
part of the development process. This in general causes the quality of comments to degrade, and a considerable
amount of useless comments are found in such codes. In these experiments, the usefulness of C comments are
evaluated using LLM-generated silver standard machine learning models. The results of the experiments create
a baseline for better results that can be found in the future through more research. Based on these findings,
more complex and accurate machine learning models can be created that can improve the accuracy achieved in
performing said task.
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1. Introduction

Comments provide valuable insights within codebases, thereby facilitating easier maintenance. However,
when comments are verbose, irrelevant, or unhelpful, they can contribute to storage overhead without
offering real benefit. With the rising prevalence of programming, many novice developers tend to
overlook proper commenting practices, leading to a reduction in both the quality and quantity of
comments [1]. As a result, large portions of comments often turn out to be uninformative, and sifting
through them during code maintenance can be inefficient or even counterproductive.

Several deep learning—based approaches for automatic commenting aim to reduce the volume of
comments [2]. Yet, research specifically addressing the quality of comments remains limited. Recent
efforts have begun addressing these challenges by applying machine learning models capable of detecting
and categorizing comments based on their usefulness.

The author explores a range of machine learning (ML) models to tackle this problem. This study aims
to investigate key questions in the context of the Information Retrieval in Software Engineering (IRSE)
shared task at the Forum for Information Retrieval Evaluation (FIRE) 2025.

« What level of complexity is necessary for an ML model to reliably distinguish between useful
and non-useful comments?

« With the growing capabilities of large language models, can they be effectively applied to this
task?

This work proposes that LLM-based models can serve as strong baseline approaches for the problem.
More advanced models may be built upon these foundations, while remaining mindful of the risks of
overfitting.

This study also investigates the important question of whether the dataset for the learning task can
be augmented with data generated by large language models, such as GPT-3. This consideration is key
to exploring the potential of leveraging artificial intelligence to improve comment quality evaluation.
The research analyzes the impact of incorporating Al-generated data into the dataset, aiming to clarify
both the benefits and challenges of integrating advanced language models into the machine learning
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workflow. This aspect represents a central component of the study, emphasizing the intersection of
human-authored and Al-generated content in the context of assessing comment quality.

2. Related Work

Software metadata [3] plays a crucial role in code comprehension and maintenance. Various tools have
been developed to extract knowledge from software metadata, including runtime traces and structural
code properties [4, 5, 6, 7, 8, 9, 10, 11, 12].

Several studies have explored the quality of code comments in the context of mining. Steidl et
al. [13] employ techniques such as Levenshtein distance and comment length to measure similarity in
code-comment pairs, effectively filtering out trivial or non-informative comments. Rahman et al. [14]
focus on distinguishing valuable from inconsequential code review comments on review platforms,
leveraging insights from attributes identified in a survey conducted with Microsoft developers [15].
Majumdar et al. [16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26] propose a framework to evaluate comments
based on key concepts necessary for code understanding. Their approach constructs textual and code
correlation features and utilizes a knowledge graph to semantically analyze the content of comments.

These approaches combine semantic and structural features to address the predictive challenge
of identifying useful versus unhelpful comments, thereby supporting codebase cleaning. With the
emergence of large language models such as GPT-3.5 and LLaMA, assessing the quality of code comments
in comparison with human judgment has become increasingly important. The IRSE track at FIRE
2024 extends the methodology introduced in prior work [16]. This study examines various vector
space models and feature sets for binary classification of comments, emphasizing their relevance to
code comprehension. Additionally, it conducts a comparative analysis of model performance when
incorporating GPT-generated labels for code and comment quality derived from open-source projects.
Other studies [27, 28] explore the similar aspects of LLMs for the ongoing research.

3. Description of Task and Dataset

This section provides an overview of the task and its corresponding dataset. The IRSE assignment at
FIRE 2025 was defined as follows:

Enhancing a binary code comment quality classification model by incorporating generated code-comment
pairs to improve its accuracy.

The dataset associated with this task was organized into two components:
Training dataset: Contains 8,048 samples.
Testing dataset: Contains 1,000 samples.

The training dataset was shuffled and split into 70% for model training and 30% for cross-validation.
The data was labeled as follows:

+ Useful: Comments that contribute to understanding the code
+ Not Useful: Comments that do not aid code comprehension

4. Augmentation

The dataset augentation was performed using GPT-40-mini and GPT-3.5-Turbo. The augmented dataset
was subsequently input into CodeT5, GPT-40-mini, GPT-3.5-Turbo, and Code-LLaMA to generate labels
for the data. Three distinct prompting strategies were employed for this task, described as follows:



Table 1
Description of the Dataset for the Task

Label Example
Useful /*not interested in the downloaded bytes, return the size*/
Useful /*Fill in the file upload part*/
Not Useful  /*The following works both in 1.5.4 and earlier versions:*/
Not Useful /*lock_time*/

1/0 Prompting: In this approach, the LLM performs both labeling and data generation using a roleplay-
based method, providing only the requested label or generated data without any additional content
in its response.

Chain of Thoughts (CoT) Prompting: [29] Here, the LLM produces the desired output along with
an explanation of the reasoning process used to arrive at the answer. This encourages the
generation of more coherent and meaningful data, though it necessitates additional processing of
the response.

Tree of Thoughts (ToT) Prompting: [30, 31] In this method, the LLM generates multiple candidate
responses for a task. Subsequent questions are then asked based on these responses, forming
a tree of thoughts. The optimal output can be selected from the leaves of this tree, improving
accuracy but requiring substantial post-processing.

5. System Description

5.1. Text Preprocessing

All hyperlinks, punctuation marks, numerals, and stop words were removed. Next, words with POS
tags other than Noun, Verb, Adverb, or Adjective were discarded. Lemmatization was applied to
merge different forms of a word into a single canonical term, using NLTK WordNet [32]. The same
preprocessing steps were applied to both the training and testing datasets.

5.2. Feature Extraction

The Tfidf Vectorizer [33] was used to convert text into numerical features. Additionally, the Keras
Tokenizer was employed alongside the Tfidf Vectorizer from the SciKit-Learn library.

5.3. Machine Learning Models

Three models were applied for this task, described as follows:

SilverCodeBERT: Utilizes a CodeBERT-base model to generate embeddings for both the Natural
Language (NL) comment and the Programming Language (PL) code context. Predictions are made
using a Multi-Layer Perceptron (MLP) applied to these embeddings.

SilverDoubleBERT: Employs a BERT-base-uncased model for the NL comment embeddings and
a CodeBERT-base model for the PL code context embeddings. Inference is performed via a
Multi-Layer Perceptron (MLP) using the combined embeddings.

SilverLSTM: Uses a GRU model to generate embeddings for both the NL comment and PL code
context. Predictions are made using a Support Vector Machine (SVM) classifier on the resulting

embeddings.



NOTE: Although these models were initially generated by LLMs, minor modifications were required
to ensure syntactic correctness. The models were then fine-tuned on both the original and augmented
datasets.

6. Findings

6.1. Without Augmentation

Table 2
Results of Classifier Runs
Run Macro F1 Score  Macro Precision  Macro Recall  Accuracy%
SilverCodeBERT 0.807 0.823 0.768 78.12
SilverDoubleBERT 0.799 0.807 0.791 79.08
SilverLSTM 0.779 0.793 0.765 77.22

6.2. With Augmentation

Table 3
Result of Classifier Runs
Run Macro F1 Score  Macro Precision  Macro Recall  Accuracy%
SilverCodeBERT 0.807 0.826 0.788 79.31
SilverDoubleBERT 0.824 0.834 0.814 81.35
SilverLSTM 0.790 0.771 0.811 78.49

7. Conclusion

The tasks were carried out using machine learning models. Results from the SilverDoubleBERT classifier
indicate room for improvement, enabling the development of more sophisticated models that better
align with the problem requirements and yield improved performance. Srijoni Majumdar et al. [34]
have achieved notable results using ELMo and BERT-based models, and it is anticipated that these
outcomes can be further enhanced in future work.
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