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Abstract—Automatically classifying bug severity helps reduce
manual effort and improve response times in software mainte-
nance. This study leverages Large Language Models (LLMs),
specifically CodeBERT, to generate contextual embeddings of
bug reports for automated severity classification. To enhance
the quality of embeddings, we integrate Contrastive Learning,
which structures the embedding space by bringing similar bug
reports closer and pushing dissimilar reports apart. Our ap-
proach is evaluated on the NASA PITS and Mozilla datasets
and compared against LLMs fine-tuned without contrastive
learning as well as traditional embedding models like Doc2Vec.
Our results demonstrate that contrastive learning consistently
enhances performance, particularly on imbalanced and diverse
datasets. Furthermore, the results demonstrate that LLMs excel
in handling longer bug descriptions, while traditional embedding
models like Doc2Vec are suitable for smaller, structured datasets.

Index Terms—bug severity, contrastive learning, large language
models, natural language processing, software maintenance.

I. INTRODUCTION

Bug severity classification plays a critical role in software
maintenance by helping developers triage and prioritize bug
reports. Assigning the correct severity level to a given bug
report ensures that critical issues impacting core functionality
are fixed promptly [1]. Manual bug severity classification
is challenging in large-scale software projects and can be
inefficient, labor-intensive, and prone to inconsistencies. Al-
ternatively, automatic bug severity classification can improve
efficiency, ensure consistency, enhance scalability, and enable
faster and more reliable software maintenance.

Automating bug severity classification involves analyzing
bug reports and assigning them to predefined severity levels.
Traditionally, bug severity classification has utilized rule-based
approaches, keyword matching, and machine learning models
trained on manually extracted features [2]. More recent ap-
proaches have been developed to improve performance using
deep learning [3l], graph attention networks (GATS) [4]], and
embedding techniques (e.g., Doc2Vec) [Sl]. These existing
methods are often limited in their ability to generalize across
projects with diverse bug reports.
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In contrast, Large Language Models (LLMs) offer a more
flexible and generalizable approach to bug severity classifica-
tion. Unlike the models mentioned above, LLMs automatically
learn contextual embeddings from bug descriptions, capturing
semantic nuances without the need for handcrafted feature
selection [6]. While fine-tuning LLMs for bug severity classifi-
cation can improve performance, they still suffer from misclas-
sification when overlapping representations where embeddings
of different severity levels may be too similar. This problem
is particularly evident in imbalanced datasets, where certain
severity classes dominate, making it difficult for models to
learn distinct patterns for underrepresented classes.

To enhance the benefits of LLMs and to better handle
imbalanced datasets [7], we propose a contrastive learning-
based approach for fine-tuning LLMs in bug severity clas-
sification [H Contrastive learning enhances the embedding
space by bringing similar bug reports closer together while
pushing dissimilar reports apart, ensuring better differentiation
between severity levels. By structuring the embeddings more
effectively, this approach improves classification accuracy,
robustness, and generalization, particularly in imbalanced and
diverse datasets. In this research, a novel framework for bug
severity classification is introduced, where a pre-trained LLM
(CodeBERT) is fine-tuned using contrastive learning. To assess
the benefits of our framework, we evaluate it using the NASA
PITS dataset and the Mozilla Bug Reports dataset, and conduct
a comparative analysis with LLMs trained without contrastive
learning and traditional embedding models (Doc2Vec). Results
demonstrate improvements in classification accuracy and F1-
score in most cases, particularly in cases where the dataset is
highly diverse and imbalanced, highlighting the robustness of
the contrastive learning approach.

II. OUR CONTRASTIVE LEARNING FRAMEWORK

Contrastive learning is leveraged to align bug reports of sim-
ilar severity in the embedding space. Specifically, we use N'T-
Xent (Normalized Temperature-scaled Cross Entropy) loss [8]
to encourage semantically similar reports to cluster together,
while pushing apart dissimilar reports. Our framework (see
Fig. [I)) consists of three steps:

Uhttps://github.com/seer-lab/bug_severity_contrastive_learning
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Fig. 1: Overview of Bug Severity Classification Approach

(1) Pre-processing and pairing bug reports. Positive pairs
are formed from bug reports sharing the same severity label;
negative pairs are drawn from reports with differing severity
levels. No textual augmentation (e.g., paraphrasing, masking)
is used and similarity is defined solely based on class label.

(2) Generating embeddings using a contrastive learn-
ing strategy applied to a LLM. Each report in a pair
is passed through CodeBERT [9] to generate embeddings.
CodeBERT is an encoder-only transformer model containing
code-comment pairs across multiple programming languages.
It is well-suited to the task of bug severity prediction as
bug reports often include technical terminology and code
snippets. The bug descriptions in each report are tokenized
and truncated or padded to a maximum length of 256 tokens.
The tokenized bug descriptions and input IDs with attention
masks are what is passed into CodeBER The model outputs
a 768-dimensional embedding representing the bug report’s
semantics. Once the embeddings for each pair of reports are
generated, pairwise cosine similarity [10] is computed between
the embeddings. NT-Xent loss is applied to pull positive pairs
closer and push negative pairs apart in the embedding space.

(3) Training a classification head on the learned em-
beddings to predict severity. After contrastive training, a
linear classification head is trained using the embeddings to
predict the severity class. Cross-entropy loss [11]] is used for
classification.

III. DATASET

Our research focuses on the use of two main datasets — the
NASA Project and Issue Tracking System (PITS) dataset [12]]
and the Mozilla Bug Reports dataset [13]. We selected these
two datasets because they are distinctly different examples
from the literature.

On one hand, the NASA PITS dataset is from a closed-
source development environment and is small in size. It is
made up of five NASA robotic mission projects: PITS A (965
reports), PITS B (987 reports), PITS C (323 reports), PITS D
(182 reports), and PITS E (825 reports) with defined severity

>The hyperparameters for CodeBERT fine-tuning (learning rate = 2e-5,
batch size = 32, temperature = 0.5) were selected based on commonly adopted
values in LLM literature and preliminary tuning on validation data. Due to
computational constraints, a full grid search was not conducted.

TABLE I: Model Architecture and Training Configuration

Component Details
Backbone CodeBERT (RoBERTa-based pre-trained model)
Tokenizer RoBERTaTokenizer (HuggingFace)

Input Length 256 tokens

Embedding Dimension 768

Contrastive Loss NT-Xent Loss (Temperature = 0.5)
Similarity Metric Cosine Similarity

Positive Pairing Reports with same severity

Negative Pairing Reports with different severities

Text Augmentation None (pairing based only on labels)
Classification Head Fully connected layer (768 — num_classes)
Loss Function Cross-Entropy Loss

Optimizer Adam
Learning Rate 2e-5
Batch Size 32

levels (2-5). The dataset is imbalanced in severity levels, with
most bugs falling under levels 2 and 3, while levels 4 and 5
are less common. A larger dataset is produced by combining
all the projects and is referred as Combined PITS (3,282 bug
reports). Each bug report in the dataset includes a Project ID,
creation date, subject, severity, and description. For this study,
only the description and severity are utilized.

On the other hand, the Mozilla Bug Reports dataset is
from open-source development and is larger with 9,998 bug
reports across five severity levels (1, 2, 4, 5, and 6). The
majority of the bugs belong to severity 2, while severity 6 is
the least populated. Bug reports in the dataset include a Bug
ID, Creation date, Component Name, Product Name, status,
short description, long description, severity levels, etc. For this
study, only long description and the corresponding severity
levels are utilized. However, when evaluating against unseen
projects, product names are also considered to enhance the
cross-project generalization.

The severity levels differ slightly between the PITS and
Mozilla datasets and there is no standardized mapping between
the two. Furthermore, the criteria for assigning severity may
vary across projects. As a result we focus on using each dataset
independently for intra-dataset and cross-project experiments.

IV. EXPERIMENTAL DESIGN

Our experimental evaluation focused on answering the fol-
lowing questions to gain insight into the use of contrastive



learning and LLMs in bug severity classification:

« RQ1: How effective is the proposed contrastive learning
model in classifying bug severity?
— RQ1(a): When applied within the same project?
— RQ1(b): When trained on past projects and tested
on a new or unseen project?

e RQ2: How does training with contrastive learning im-
prove bug severity classification compared to non-
contrastive approaches?

¢« RQ3: How well do LLMs classify bug severity across
applications compared to traditional word embedding
methods like Doc2Vec?

A series of experiments were conducted to address each re-
search question and evaluate the effectiveness of the proposed
contrastive learning-based approach for bug severity classifi-
cation. Two datasets are used in this experiment - the PITS
dataset and the Mozilla dataset. Three models are evaluated
- the proposed approach of using contrastive learning to fine-
tune LLM, fine-tuning LLM without contrastive learning, and
baseline model Doc2vec+MLP from the research [14].

Experiment 1: Train and Test on the Same Project: The
goal of this experiment is to evaluate the performance of the
models when trained and tested on the same project datasets,
addressing RQ1(a). The evaluation is conducted on individual
PITS datasets and a combined dataset that aggregates all the
PITS projects together. Additionally, the models are evaluated
on the larger Mozilla dataset. For each dataset, 80% of the
data is used for training and 20% for testing. This experi-
ment provides insights into the model’s ability to accurately
classify bug severity within the same project environment and
highlights its performance across datasets of varying sizes and
distributions.

Experiment 2: Train on One or More Projects and Test
on an Unseen Project: The objective of this experiment is
to evaluate the generalizability of the models when trained
on one or more project datasets and tested on an unseen
project, addressing RQ1(b). The models are trained on various
combinations of PITS and Mozilla datasets and tested on a
different, unseen PITS and Mozilla project (see Table [LLI)
for combination details). This experiment assesses how well
the models adapt to unseen project data and measures their
robustness in cross-project scenarios. Due to the large class
mismatch and differing label bug severity sets, direct cross-
dataset evaluation was avoided. Future work could consider
harmonized label mappings to bridge such domain gaps.

Experiment 3: Contrastive Learning vs. Non-Contrastive
Learning: The goal of this experiment is to compare the
performance of the LLM model fine-tuned using our con-
trastive learning-based framework with the LLM model trained
traditionally, using a non-contrastive learning approach. In
the non-contrastive approach, the model is directly fine-tuned
for classification. This experiment addresses RQ2. The com-
parison is conducted on the PITS datasets and the Mozilla
dataset, following the settings of Experiment 1 and Experiment
2. Models are evaluated using accuracy and Fl-score to

determine the benefits of contrastive learning for bug severity
classification.

Experiment 4: LLMs vs. Traditional Embedding Meth-
ods: This experiment compares the performance of LLMs,
specifically CodeBERT, with traditional embedding methods
like Doc2Vec [14]. The experiment addresses RQ3. The
evaluation is performed on the PITS datasets (A, B, C, D,
E, and Combined PITS) and the Mozilla dataset, as described
in Experiment 1 and Experiment 2. For LLMs, embeddings
are extracted using CodeBERT, fine-tuned with and without
contrastive learning.

The baseline approach from [14] is replicated, where
Doc2Vec embeddings are used as input to an Multi-Layer
Perceptron (MLP) classifier. In Experiment I (same-project
settings), Doc2Vec is trained separately on both descriptions
and summaries to provide a comprehensive comparison. How-
ever, in Experiment 2 (cross-project settings), the Doc2Vec
model trained on descriptions struggled to classify bug reports
effectively. As a result, Doc2Vec model is only trained on
summaries and evaluated against LLM-based models, which
use report descriptions to classify bug severity. All other
experimental settings from [14] are maintained for consistency.

Overfitting Mitigation: To prevent overfitting on smaller
datasets, the model’s performance is continuously monitored
by evaluating the validation loss during training. Regular-
ization techniques, such as L1 and L2 penalties [15], are
applied to reduce the complexity of the model and improve
its generalization capability. Additionally, an early stopping
mechanism is employed, halting training when the validation
loss stops improving, further minimizing the risk of overfitting.

V. RESULTS
Performance Comparison

The results presented in this section focus on the accu-
racy and Fl-score for each model configuration and dataset.
They comprehensively compare contrastive learning-based ap-
proaches, non-contrastive models, and traditional embedding
methods (e.g., Doc2Vec). We use accuracy because it provides
a general measure of the model’s performance although it
may not account for class imbalances in the dataset. We
use the Fl-score because it is particularly useful for datasets
with imbalanced severity levels, as it highlights the trade-off
between precision and recall.

Table [II] demonstrates the performance of the models on
the same project dataset with setups from Experiment 1,
addressing RQ1(a), RQ2, and RQ3. The results demon-
strate that contrastive learning consistently outperforms other
approaches across all datasets, including Combined PITS,
individual PITS (A, B, C, D, E), and Mozilla. For example,
Contrastive Learning achieved an accuracy of 0.7686 and F1-
Score of 0.7615 on the Combined PITS dataset, outperform-
ing the non-contrastive approach, which scored 0.7458 and
0.7304, respectively. Traditional methods like Doc2Vec+MLP
performed comparatively worse, although using summaries
with Doc2Vec+MLP provided better results, particularly on
Mozilla, which achieved the highest accuracy of 0.8235.



TABLE II: Performance Comparison of Models on seen Projects

Datasets Contrastive Learning  Without Contrastive Learning  Doc2vec+MLP with Description [14] Doc2vec+MLP with Summary [14]
Accuracy F1 Accuracy F1 Accuracy F1 Accuracy F1

Combined PITS 0.77 0.76 0.75 0.73 0.65 0.65 0.73 0.72

PITS A 0.77 0.77 0.74 0.73 0.66 0.66 0.75 0.75

PITS B 0.72 0.72 0.69 0.68 0.67 0.69 0.64 0.64

PITS C 0.91 0.90 0.88 0.88 0.86 0.85 0.89 0.89

PITS D 0.97 0.98 0.97 0.97 0.97 0.98 0.96 0.96

PITS E 0.76 0.75 0.65 0.66 0.62 0.63 0.72 0.71

Mozilla 0.81 0.78 0.78 0.77 0.74 0.75 0.82 0.76

TABLE III: Performance Comparison of Models on Unseen Projects

Datasets (PITS)

Contrastive Learning

Without Contrastive Learning

Doc2vec+MLP with Summary [14]

Train-Test Accuracy F1 Accuracy F1 Accuracy F1
A,B,C,D-E 0.56 0.55 0.50 0.50 0.61 0.51
B,C,E-D 0.49 0.59 0.30 0.38 0.44 0.56
A,B-C 0.68 0.67 0.67 0.67 0.80 0.82
C,E-B 0.61 0.58 0.56 0.52 0.51 0.51
Mozilla (Core) 0.78 0.75 0.79 0.71 0.64 0.68
Mozilla (Firefox) 0.80 0.77 0.79 0.76 0.67 0.69
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Fig. 2: Comparison of LLM embedding visualizations: (a) without contrastive learning, (b) with contrastive learning.

On simpler datasets such as PITS D, all methods performed
similarly, highlighting the minimal complexity of the dataset.
However, for larger and more diverse datasets like Combined
PITS and Mozilla, Contrastive Learning showcased its ability
to generalize better across varied bug reports, achieving the
highest F1-Scores. These findings emphasize the strength of
fine-tuned LLMs, particularly with contrastive learning, in
handling complex bug severity classification tasks, outper-
forming traditional embedding methods like Doc2Vec+MLP.

A comparative analysis of the performance of the evaluated
models on seen projects (see Table [[l)), further reinforces the
effectiveness of contrastive learning. The trend shows that the
contrastive learning approach has consistently higher F1 scores

across all datasets. F1 scores are demonstrated since it is a
better measure for imbalanced datasets.

The results from models trained on one or more projects
and tested on an unseen project (see Table [TI), address
RQ1(b), RQ2, and RQ3. We report LLM-based results for
descriptions and Doc2Vec+MLP [14] results for summaries
due to a limitation with Doc2Vec+MLP where it failed to
classify bug reports from descriptions (accuracy below 0.50).
Therefore, the results highlight a performance gap between
traditional embedding models and LLMs on unseen projects.

Contrastive learning consistently outperforms non-
contrastive in most cases. For example, when tested on
PITS E (trained on A, B, C, and D), Contrastive Learning



achieves 0.5636 accuracy and 0.549 F1-Score, compared
to 0.497 and 0.5047 for non-contrastive learning. However,
Doc2Vec+MLP [14] performs best in some cases, such as
PITS E, with 0.6073 accuracy. In challenging cases like PITS
D (trained on B, C, E), Contrastive Learning achieves an
F1-Score of 0.5922, outperforming non-contrastive learning
(0.381) and Doc2Vec+MLP (0.5646). This highlights the
robustness of contrastive learning on imbalanced, diverse
datasets, where non-contrastive methods fail. For PITS
C (trained on A and B), Doc2Vec+MLP achieves the
highest accuracy (0.7988) and F1-Score (0.8249), leveraging
summaries effectively for the smaller dataset. However,
Contrastive Learning performs best for PITS B (trained on C
and E) due to its ability to learn robust patterns from more
diverse and highly imbalanced datasets, resulting in better
generalization.

In the Mozilla dataset, Contrastive Learning also demon-
strates strong performance. When trained on the entire Mozilla
dataset excluding Core-related bug reports and tested on the
Core subset, it achieves an accuracy of 0.78 and an FI-
Score of 0.75, outperforming non-contrastive learning (0.79
accuracy, 0.71 F1) and Doc2Vec+MLP (0.64 accuracy, 0.68
F1). Similarly, when trained on the entire Mozilla dataset
excluding Firefox-related bug reports and tested on the Firefox
subset, Contrastive Learning achieves 0.80 accuracy and 0.77
F1-Score, while non-contrastive learning scores 0.79 and 0.76,
and Doc2Vec+MLP lags behind at 0.67 and 0.69. These results
reinforce the effectiveness of contrastive learning in handling
severity classification in diverse datasets like Mozilla.

When we consider the model performance on unseen
projects (see Table [[I), the results highlight that contrastive
learning improves cross-project generalization, outperforming
non-contrastive models in most cases, though traditional meth-
ods like Doc2Vec+MLP show higher accuracy in specific cases
(e.g., PITS C). F1 scores are preferred for comparison, since
it is a better measure for imbalanced datasets.

Explainability of the Proposed Model

To understand the impact of contrastive learning, t-
Distributed Stochastic Neighbor Embedding (t-SNE) visual-
izations are generated to illustrate the distribution of bug report
embeddings in a two-dimensional space. In Figure 2a] we
visualize the embeddings without contrastive learning. We can
observe that severity classes (0, 1, 2, and 3) overlap, indicating
that the model struggles to produce distinct representations
for each class. This overlap suggests a challenge in accu-
rately classifying bug severities, particularly for ambiguous
or underrepresented classes. In Figure 2b] we visualize the
embeddings with contrastive learning and observe improved
separation between severity classes. Each class forms more
distinct clusters with reduced overlap. Overall, the t-SNE plots
demonstrate that contrastive learning enhances the model’s
ability to generate discriminative embeddings, which improves
classification performance, as observed in the accuracy and
F1-Score results.

VI. DISCUSSION

The proposed contrastive learning-based approach signif-
icantly improves bug severity classification compared to
non-contrastive methods and traditional embeddings like
Doc2Vec [14]. Fine-tuning CodeBERT with contrastive learn-
ing produces more distinguishable embeddings, as seen in t-
SNE visualizations, leading to higher accuracy and F1-scores,
especially on larger datasets with richer descriptions.

LLMs (e.g., CodeBERT) outperform Doc2Vec+MLP on
larger, diverse datasets, excelling in handling unstruc-
tured descriptions where contextual understanding is critical.
Doc2Vec+MLP performs competitively on smaller datasets
or structured summaries, requiring fewer computational re-
sources. However, it struggles with report descriptions, show-
ing accuracies below 0.50 in cross-project evaluations (Exper-
iment 2), highlighting its limitations with long, unstructured
text.

It was observed that input length did not significantly affect
the performance of CodeBERT, as consistent classification
accuracy was maintained across both long descriptions and
short summaries. In contrast, Doc2Vec+MLP showed better
performance on summaries than full descriptions, particularly
in smaller datasets. These findings suggest that CodeBERT
is more robust in handling long report description due to its
contextual encoding capabilities.

The performance decline in Experiment 2 reflects chal-
lenges with imbalanced severity distributions and domain
shifts across projects. Overrepresented classes (e.g., labels ’2’
or ’3’) dominate, making underrepresented classes harder to
predict. Contrastive learning improves LLM robustness by
aligning embeddings for minority classes. In summary, LLMs
with contrastive learning excel on complex datasets, while
Doc2Vec+MLP is effective for smaller, structured inputs but
struggles with long and detailed bug descriptions.

Threats to Validity

Although this study shows promising results for automatic
bug severity classification, there are several threats to the
generalizability of the results. First, the results are based on
two datasets (PITS, Mozilla) and a single LLM for generating
embeddings (CodeBERT). Experiments with more diverse
data and LLMs is needed to fully understand the benefits
of contrastive learning in bug severity classification. Second,
over-representation of certain severity levels hinders learning
for underrepresented classes. It is not clear how the models
may perform with a more balanced dataset.

While we did not conduct formal statistical significance
tests, our evaluation included diverse datasets, multiple train-
test configurations, and uniform experimental conditions. The
consistent improvements in both Fl-score and accuracy across
these varied settings suggest that the performance gains from
contrastive learning are reliable. Nevertheless, we acknowl-
edge the need for repeated trials with randomized seeds and
statistical testing (e.g., paired t-tests or bootstrap confidence
intervals) in future work to rigorously confirm the significance
of these findings.



VII. RELATED WORKS

Previous approaches to automatic bug severity classifi-
cation include traditional machine learning, deep learning,
and transformer-based models. Ahmed et al. [16] proposed
CaPBug, a framework that utilizes TF-IDF feature extraction
along with classifiers such as Naive Bayes and Random Forest,
and incorporates SMOTE (Synthetic Minority Over-sampling
Technique) to handle imbalanced class distributions. Agrawal
and Goyal [17] applied Word2Vec embeddings, showing im-
proved accuracy over keyword-based methods, but lacked con-
textual adaptability. Deep learning approaches like BiLSTM
combined with GloVe embeddings achieved high performance
on benchmark datasets, with precision exceeding 90% [18].
Kim and Yang [19] proposed a CNN-LSTM hybrid, outper-
forming earlier baselines through topic-based feature selection.
More recently, transformer-based models have shown promise.
Ali et al. [20] fine-tuned BERT on mobile app bug reports,
achieving significant accuracy gains. Jiang et al. [21] presented
NOVA, which utilizes contrastive learning and hierarchical
attention for binary code tasks, demonstrating the effectiveness
of structured representation learning. Our work builds on
these foundations by applying contrastive learning to LLM
embeddings for bug severity classification. This enhances
generalization, especially on imbalanced or cross-project data,
and outperforms both traditional Machine Learning and fine-
tuned LLM baselines.

VIII. CONCLUSION

Our novel framework integrates LLM embeddings with con-
trastive learning to automatically predict bug severity. It can
benefit software maintenance by automatically recommending
or assigning a severity level based on a bug report’s text,
thus assisting developers and triage teams in prioritizing issues
more consistently and efficiently. The experimental evaluation
with the NASA PITS dataset and the Mozilla dataset demon-
strates fine-tuning LLMs with contrastive learning consistently
improves performance, particularly on imbalanced and diverse
datasets, compared to non-contrastive methods. Furthermore,
the findings highlight the effectiveness of LLMs in handling
longer bug report descriptions, outperforming traditional em-
bedding models like Doc2Vec+MLP in such scenarios.

In the future, we plan to expand our evaluation to a more
diverse set of projects to better understand the generalizability
and robustness of the proposed framework. We are also
interested in conducting structured error analysis and including
qualitative examples of success/failure cases to provide more
insight into the quality of the bug severity prediction.

Another future direction is to evaluate our framework with
other language models. On the one hand we would like
to consider lightweight models (e.g., TinyBERT [22]) and
on the other hand, we aim to explore newer LLMs (e.g.,
CodeT5+ [23]]) to assess their suitability. Evaluating different
LLMs would provide insight into the trade-offs between
computational efficiency and performance.
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