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Abstract – Hierarchical Text Classification (HTC) is a 
specialised task in natural language processing that involves 
categorising text into a hierarchical structure of classes. This 
approach is particularly valuable in several domains, such as 
document organisation, sentiment analysis, and information 
retrieval, where classification schemas naturally form hierarchical 
structures. In this paper, we propose and compare two deep 
learning-based models for HTC. The first model involves fine-
tuning GPT-2, a large language model (LLM), specifically for 
hierarchical classification tasks. Fine-tuning adapts GPT-2’s 
extensive pre-trained knowledge to the nuances of hierarchical 
classification. The second model leverages BERT for text pre-
processing and encoding, followed by a BiLSTM layer for the 
classification process. Experimental results demonstrate that the 
fine-tuned GPT-2 model significantly outperforms the BERT-
BiLSTM model in accuracy and F1 scores, underscoring the 
advantages of using advanced LLMs for hierarchical text 
classification. 

 
Keywords – BERT, BiLSTM, fine-tuned GPT-2, generative pre-

trained transformer (GPT), hierarchical text classification (HTC), 
large language model (LLM). 

I. INTRODUCTION 
Artificial Intelligence (AI) has transformed numerous 

industries by incorporating machine learning and deep learning 
methods to address complex challenges across a wide range of 
domains. Within AI, natural language processing (NLP) has 
emerged as a critical area focusing on the interaction between 
computers and human languages [1]. One of the key tasks in 
NLP is text classification, which involves categorising text into 
predefined classes [2]. Text classification has a wide range of 
applications, including document organisation, sentiment 
analysis, and spam detection. 

Historically, text classification challenges have been 
addressed using machine learning methods, which involve 
training models on labelled datasets to identify patterns and 
produce predictions [3]. However, the emergence of deep 
learning has greatly enhanced the effectiveness of text 
classification models. Deep learning, a subset of machine 
learning, utilises neural networks (NNs) with several layers, 
hence the term “deep”, to capture and model intricate patterns 
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in data [4]. This ability to learn from huge amounts of data and 
capture intricate patterns has led to the development of 
sophisticated models, such as Bidirectional Encoder 
Representations from Transformers (BERT), Long Short-Term 
Memory (LSTM) networks, and Bidirectional LSTM 
(BiLSTM). These models have revolutionised NLP by 
providing robust solutions for various tasks, including text 
classification. 

In recent years, large language models (LLMs), like GPT-2, 
have become highly effective tools in the field of NLP [5]. 
These models utilise deep learning methods to analyse and 
produce human-like text by being trained on extensive datasets. 
LLMs can be fine-tuned to address a range of problems, 
including text classification. 

Hierarchical Text Classification (HTC) presents an 
additional layer of complexity compared to flat text 
classification [6]. While flat text classification assigns a single 
label to a document, HTC involves assigning multiple labels 
that follow a hierarchical structure. This added complexity 
arises from the need to accurately navigate and classify texts 
within a hierarchy, which requires models to understand both 
the content and the hierarchical relationships between labels. 

In this paper, we propose and compare two deep learning-
based models for HTC. The first approach leverages GPT-2, a 
prominent LLM, by fine-tuning it for HTC tasks. Fine-tuning 
adapts GPT-2’s extensive pre-trained knowledge to the specific 
requirements of hierarchical classification. The second 
approach uses BERT for text pre-processing and encoding, 
followed by a BiLSTM layer for the classification process. 

Our comparison demonstrates that fine-tuning GPT-2 is more 
efficient and effective in hierarchical text classification 
compared to the BERT-BiLSTM model. The results show that 
GPT-2 not only achieves higher accuracy but also performs 
better in terms of F1 scores, highlighting the potential of 
advanced LLMs in addressing the complexities of HTC. 

The remainder of the paper is organised as follows: Section 2 
covers related work, with an emphasis on text classification. 
Section 3 presents the fine-tuned GPT-2 based model, detailing 
the adaptation of GPT-2 for hierarchical text classification and 
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its system architecture. In Section 4, the proposed BERT-
BiLSTM based model is introduced, highlighting how BERT is 
integrated with BiLSTM for hierarchical classification tasks. 
Section 5 offers a comparative study between the fine-tuned 
GPT-2 and BERT-BiLSTM models, presenting performance 
metrics and empirical results. Finally, Section 6 concludes the 
paper with insights drawn from the comparative analysis and 
discusses future research directions in HTC. 

II. RELATED WORK 
Text classification (TC) is among the most extensively 

studied tasks in the NLP community [7]. Essentially, TC 
methods are supervised learning algorithms aimed at mapping 
texts to a predefined set of labels. Over the years, numerous 
surveys and reviews have covered a broad spectrum of 
techniques in NLP, from traditional approaches to state-of-the-
art deep learning methods [2], [7]–[12]. 

As a subtask of TC, HTC shares many similarities with 
standard text classification methods. The primary distinction 
lies in the organisation of labels in a multi-level hierarchy, 
adding complexity to the classification process. Given the 
extensive range of HTC approaches, we offer a high-level 
overview of recent methodologies, building upon and extending 
the study by Zangari et al. [13] as follows: 

• Sequence-to-sequence (Seq2Seq) methods reinterpret 
hierarchical text classification as a Seq2Seq task, where 
the input is the document (text) to categorise, and the 
output is a sequence of labels. This approach improves the 
modelling of local label hierarchies [14]. Target labels for 
each document are converted into a linear sequence, 
ordered through techniques such as breadth-first or depth-
first search. During prediction, each step produces the next 
label according to the input document and the label 
predicted earlier, enabling the model to determine 
dependencies between labels. Various frameworks using 
this method have shown enhancements in label generation 
and more effective use of co-occurrence information [15], 
[16]. Many of these works highlight better label generation 
and the improved exploitation of co-occurrence data [17]–
[21]. 

• Graph-based methods represent hierarchical structures 
with specialised encoders, facilitating improved use of 
shared information among labels. Both graph-based and 
tree-based models have shown promising results [22], 
[23]. Several approaches utilise graph convolutional 
neural networks (GCNs) to encode label hierarchies, often 
combined with text encoders to enrich the overall 
representation [24]. Hierarchy-aware and label-balanced 
models have also been suggested for HTC [25], alongside 
techniques aimed at enhancing label correlation and co-
occurrence modelling [26]–[29]. However, some 
researchers, like Ning et al. [30], argue that graph-based 
methods might overlook the directional nature of tree 
hierarchies, proposing unidirectional message-passing 
constraints as a solution. Others have leveraged GCNs to 
boost feature sharing among labels at the same hierarchical 
level [31]. Although graph neural networks (GNNs) and 

GCNs are widely favoured, transformer-based models 
such as Graphormers have also been explored [32]. 
Furthermore, knowledge graphs (KGs) have been 
employed to create knowledge-aware embeddings, 
incorporating external data and improving generalizability 
across different tasks [33]. 

• Tuning methods for large models (LMs) are becoming 
more and more popular in NLP and have also yielded 
promising outcomes in hierarchical text classification. 
One such technique, prompt-tuning, seeks to bridge the 
gap between pre-training and fine-tuning by embedding 
inputs in natural language templates, effectively 
transforming the classification task into a masked 
language modelling task [34]–[36]. Another method, 
known as prefix-tuning, optimises and stores a smaller set 
of parameters compared to full fine-tuning, while still 
delivering similar performance levels [37]. 

In this paper, we implement two deep learning-based models 
for HTC. The BERT-BiLSTM model, a transformer-based 
approach, can be classified under the graph-based method, as it 
leverages transformers to encode text and the hierarchical 
structure. On the other hand, the fine-tuned GPT-2 model 
represents an LM tuning method, adapting a large language 
model to the hierarchical classification task. 

III. FINE-TUNED GPT-2 BASED MODEL 
This section presents the fine-tuned GPT-2 system and its 

architecture for hierarchical text classification. 

A. GPT-2 and the Fine-Tuning Process 
GPT-2 (Generative Pre-trained Transformer 2) is a large 

language model (LLM) created by OpenAI [38]. It is built on 
the Transformer architecture [39], which leverages self-
attention mechanisms to efficiently handle long-range 
dependencies in textual data. GPT-2 employs a series of 
transformer decoder layers and is trained on extensive datasets 
to perform a range of NLP tasks, such as translation, text 
generation, and summarisation. 

Fine-tuning GPT-2 consists of additional training on a 
specific task or dataset to customise the pre-trained model for a 
new context. In our case, the task is hierarchical text 
classification. Fine-tuning allows the model to retain the 
general language understanding from its pre-training phase 
while specialising in the nuances of hierarchical classification. 
This process typically involves adjusting hyperparameters, such 
as learning rate, number of epochs, and batch size, to enhance 
performance on the target task. 

B. System Architecture 
As illustrated in Fig. 1, the GPT-2 fine-tuning process for 

hierarchical text classification consists of several key 
components: 

• Data layer: The dataset is loaded and split into training and 
test sets in a 70-30 ratio. 

• Pre-processing layer: This includes: 
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– Tokenization: Using the GPT-2 tokenizer to convert 
text into token IDs, ensuring that the padding token is 
defined. 

– Label encoding: Mapping hierarchical categories and 
super-categories to numerical labels. 

• Model layer: 
– Model initialisation: Initialising two separate GPT-2 

models, one for category classification and another for 
super-category classification, with each configured for 
the appropriate number of labels. 

– Training arguments: Setting the hyperparameters for 
training, which include the number of epochs, learning 
rate, weight decay, and batch size. 

• Training and Evaluation layer: 
– Trainer: Managing the training and evaluation 

processes using the Trainer class, with data collators 
handling padding and batching. 

– Metrics calculation: Computing evaluation metrics such 
as accuracy and F1 scores for categories, super-
categories, and overall hierarchical classification. 

 

Fig. 1. Fine-tuned GPT-2 system architecture. 

IV. BERT-BILSTM BASED MODEL 
This section introduces the proposed BERT-BiLSTM based 

system and its architecture for hierarchical text classification. 

A. BERT and BiLSTM 
BERT (Bidirectional Encoder Representations from 

Transformers) is a deep learning model created by Google that 
utilises the transformer architecture to generate contextual 
embeddings [40]. Unlike traditional models, BERT considers 
the context of a word based on both its preceding and 
succeeding words, making it bidirectional. This bidirectional 
approach enhances the model’s understanding of natural 
language, allowing it to achieve state-of-the-art results in 

various NLP tasks such as named entity recognition and 
sentiment analysis. 

BiLSTM (Bidirectional Long Short-Term Memory) is an 
enhancement of the conventional LSTM model, aimed at 
addressing the challenges of standard recurrent neural networks 
(RNNs) in capturing long-term dependencies. LSTM units have 
gates that control the flow of information, permitting the 
network to either retain or discard information as needed over 
time [41]. BiLSTM further improves upon this by processing 
input data in both forward and backward directions, capturing 
context from both the left and right ends of the sequence [42]. 
This bidirectional processing provides a more comprehensive 
understanding of the text. 

B. System Architecture 
As illustrated in Fig. 2, the BERT-BiLSTM system 

architecture for hierarchical text classification comprises the 
following components: 

Fig. 2. BERT-BiLSTM system architecture. 

• Input layer: The dataset is loaded and split into a 70 % 
training set and a 30 % test set. 

• BERT embedding layer: We use a pre-trained BERT 
model to create contextual embeddings (encoding) for the 
input text sequences after an initial pre-processing step. 
These embeddings consist of dense vectors that reflect 
contextual information, with each token’s embedding 
influenced by the entire sequence. This approach captures 
subtle language patterns and meanings. 

• Bidirectional LSTM layer: Two LSTM layers analyse the 
BERT embeddings, one processes the text in the forward 
direction, while the other processes it backward. This 
bidirectional approach captures long-range dependencies 
and context from both directions, enhancing the model’s 
understanding of the hierarchical structure and 
relationships within the input data. 

• Dense layer: This layer assigns the text to predefined 
categories or super-categories using a softmax activation 
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function. The dense (fully connected) layer applies 
softmax to the aggregated output and generates a 
probability distribution over potential categories and 
super-categories, which facilitates hierarchical 
classification. 

V. COMPARATIVE STUDY 
To conduct our comparative study, we implemented two 

classifiers, Fine-tuned GPT-2 and BERT-BiLSTM, and made 
them publicly available on GitHub 2  for the AI and NLP 
communities. We also used a large hierarchical dataset 
structured into three levels. Additionally, we utilised a GPU-
powered machine to run the classifiers. The following sections 
detail the experiments and results. 

A. Fine-tuned GPT-2 Classifier 
The implementation of the hierarchical text classifier using 

GPT-2 follows these key steps: 
• Data preparation and Tokenization: The dataset is loaded 

and split into 70 % for training and 30 % for testing. The 
GPT-2 tokenizer is initialized, and the padding token is set 
to the end-of-sequence token. 

• Dataset encoding and Model initialisation: Labels are 
encoded for both category and super-category 
classifications. Two GPT-2 models are initialised, one for 
category classification and the other for super-category 
classification. 

• Training arguments: We need to define several arguments 
for training: 
– Epochs: Specify the total number of times the model 

processes the entire training dataset. 
– Batch size: The number of samples processed before 

updating the model’s parameters. 
– Warmup steps: Gradual increase in learning rate over a 

set number of steps. 
– Weight decay: Regularization to prevent overfitting by 

applying a penalty to the weights. 
– Evaluation strategy: The model is evaluated at the end 

of each epoch to monitor its performance. 
• Training and Evaluation: The models are trained with the 

specified parameters and evaluated on the test set. The 
evaluation metrics include category accuracy, category F1 
score, super-category accuracy, super-category F1 score, 
and hierarchical F1 score. 

The default parameters for the fine-tuned GPT-2 classifier, 
epochs = 3, batch size = 1, warmup steps = 500, weight 
decay = 0.01, and evaluation strategy = ‘epoch’, were chosen 
to optimise training while managing computational resources. 
Setting epochs to 3 allows the model to learn effectively without 
overfitting, while a batch size of 1 is selected due to GPT-2’s 
high memory requirements, especially with longer sequences. 
Warmup steps of 500 help the model stabilise early in training 
by gradually increasing the learning rate, preventing sudden 
large updates. A weight decay of 0.01 is applied to avoid 
overfitting by slightly penalising large weights. The evaluation 

 
2 https://github.com/khouloud-1/Fine-tunedGPT-2vsBERT-BiLSTM 
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strategy of ‘epoch’ ensures that the model’s performance is 
assessed after each epoch, allowing for adjustments if 
necessary. These settings aim to strike a balance between 
achieving strong model performance and maintaining efficient 
use of resources. 

B. BERT-BiLSTM Classifier 
The implementation of the BERT-BiLSTM hierarchical text 

classifier involves several stages: 
• Data loading and splitting: The dataset is loaded and split 

into 70 % for training and 30 % for testing. 
• Pre-processing and Encoding: BERT handles pre-

processing tasks such as text cleaning and tokenization. 
The text is then encoded as a 768-dimensional vector. 

• Parameter settings: Several parameters are set for training: 
– Epochs: Correspond to the total number of times the 

model processes the entire dataset. 
– Batch size: The number of samples processed in each 

iteration before updating the model’s parameters. 
– Sequence length: Fixed length of input sequences 

during tokenization. 
– Hidden size: Dimensionality of the BERT embeddings 

and LSTM units. 
– Dense layer: Number of units and activation functions 

in the fully connected layers. 
– Attention masks: Binary masks indicating which tokens 

should be attended to during processing. 
• Model Training and Evaluation: The models are trained 

with the specified parameters and evaluated on the test 
dataset. Evaluation metrics include category accuracy, 
category F1 score, super-category accuracy, super-
category F1 score, and hierarchical F1 score. 

The default parameters for the BERT-BiLSTM model, 
epochs = 3, batch size = 16, sequence length = 128, hidden 
size = 768, dense layer size = 768, and attention masks, were 
chosen to balance performance and computational efficiency. 
Setting epochs to 3 ensures sufficient training without risking 
overfitting, while a batch size of 16 effectively manages GPU 
memory constraints and maintains stable training. A sequence 
length of 128 captures the majority of relevant text context 
while fitting within typical GPU memory limits. The hidden 
size of 768 and the dense layer of the same size align with 
BERT’s architecture, preserving model integrity and 
maximizing the benefits of its pre-trained weights. Attention 
masks are used to ensure that the model correctly focuses on 
actual tokens, ignoring padding, which helps maintain accuracy 
during training. These settings are well-established in practice 
for achieving reliable performance without excessive resource 
demands. 

C. Dataset 
For our experiments, we used a hierarchical text 

classification dataset built from Amazon product reviews 3 , 
consisting of forty thousand texts. The dataset is organised into 
the following levels: six classes at level 1, sixty-four classes at 
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level 2, and five hundred ten classes at level 3. The level 1 
classes include grocery gourmet food, beauty, pet supplies, 
health personal care, baby products, and toys games. Before 
training the models, the dataset format was adapted from its 
original structure (“Text | Category_level1 | Category_level2 | 
Category_level3”) to the format required by our models (“Text 
| Category | Super_category”). 

Selecting the optimal proportion for splitting the dataset into 
training and test sets is a challenge in classification problems. 
Several studies have addressed this issue. Bichri et al. found that 
using at least 70 % of the dataset for training yields the best 
performance [43]. Similarly, after conducting multiple 
experiments, Vrigazova recommended a 70/30 train/test split 
[44]. Based on these findings, the Amazon product reviews 
dataset was randomly divided into a 70/30 split for both models. 

D. Evaluation Metrics 
The following metrics are used to evaluate the fine-tuned 

GPT-2 and BERT-BiLSTM models in the context of HTC: 
• Category Accuracy: Measures the proportion of correct 

predictions for category labels [45]. 

Category Accuracy = 

  Number of Correct Category Predictions
Total Number of Predictions

. (1) 

• Category F1 Score: Balances precision and recall for 
category classification by calculating the harmonic mean 
of the two metrics [46]. 

 Precision =  True Positives
True Positives+False Positives

. (2) 

 Recall =  True Positives
True Positives+False Negatives. (3) 

 Category F1 Score = 2 ×  Precision×Recall
Precision+Recall

. (4) 

• Super-Category Accuracy: Measures the proportion of 
correct predictions for super-category labels [45]. 

Super_Category Accuracy = 

  Number of Correct Super_Category  Predictions 
Total Number of Predictions

. (5) 

• Super-Category F1 Score: Balances precision and recall 
for super-category classification by calculating the 
harmonic mean of the two metrics [46]. 

 Precision =  True Positives
True Positives+False Positives

. (6) 

 Recall =  True Positives
True Positives+False Negatives. (7) 

 Super_Category F1 Score = 2 × Precision×Recall
Precision+Recall

. (8) 

• Hierarchical F1 Score: Evaluates the correctness of 
predictions across both category and super-category levels 

by accounting for the hierarchical structure of the labels 
[47]. Let TPH be the number of true positives considering 
the hierarchy, FPH be the false positives, and FNH be the 
false negatives. 

 Hierarchical Precision =  𝑇𝑇𝑇𝑇𝐻𝐻
𝑇𝑇𝑇𝑇𝐻𝐻+𝐹𝐹𝐹𝐹𝐻𝐻

. (9) 

 Hierarchical Recall =  𝑇𝑇𝑇𝑇𝐻𝐻
𝑇𝑇𝑇𝑇𝐻𝐻+𝐹𝐹𝐹𝐹𝐻𝐻

. (10) 

Hierarchical F1 Score = 

 2 ×  Hierarchical Precision×Hierarchical Recall
Hierarchical Precision+Hierarchical Recall

. (11) 

E. Results and Discussion 
The classification experiments were performed on a GPU 

machine with the following specifications: 
• GPU: MSI GeForce RTX 3060 GAMING 12G; 
• Graphics Chipset: NVIDIA GeForce RTX 3060; 
• Chipset Frequency: 1320 MHz; 
• Boosted Frequency: 1777 MHz; 
• PCI Express 4.0 16x bus; 
• Video Memory Size: 12 GB; 
• Video Memory Frequency: 15000 MHz; 
• Memory Type: GDDR6; 
• CUDA Cores: 3584 cores. 
As illustrated in Fig. 3, the results indicate that the Fine-

tuned GPT-2 model outperformed the BERT-BiLSTM model 
in every evaluation metric. Notably, GPT-2 achieved a category 
accuracy of 58.1 % and a super-category accuracy of 67.4 %, 
which were both higher than the BERT-BiLSTM model’s 
respective accuracies of 45.2 % and 62.4 %. 

 

Fig. 3. Evaluation results of HTC with Fine-tuned GPT-2 and BERT-BiLSTM 
models. 

Additionally, the F1 scores, which provide a balanced view 
of precision and recall, further emphasise GPT-2’s superiority. 
The hierarchical F1 score, which is particularly important for 
hierarchical text classification tasks, was significantly higher 
for GPT-2 (0.3620) compared to BERT-BiLSTM (0.2431). 

These results suggest that GPT-2’s generative capabilities, 
fine-tuned for this specific task, are more effective in capturing 
the hierarchical relationships within the text. BERT-BiLSTM, 
while still a strong baseline, struggled to match the performance 
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of GPT-2 in this context. Future research could explore the 
integration of additional features or further hyperparameter 
optimisation to enhance the BERT-BiLSTM model’s 
performance. 

VI. CONCLUSION AND PERSPECTIVES 
In this study, we proposed and compared two deep learning 

models, Fine-tuned GPT-2 and BERT-BiLSTM, for the 
hierarchical text classification. Through comprehensive 
experiments using a large dataset of Amazon product reviews, 
we demonstrated that Fine-tuned GPT-2 outperformed BERT-
BiLSTM across most evaluation metrics, particularly in 
Accuracy and Hierarchical F1 Score. These results highlight the 
effectiveness of generative pre-trained transformers in handling 
hierarchical text classification tasks, where contextual 
understanding at multiple levels is crucial. 

However, both models present opportunities for further 
enhancement. For instance, while Fine-tuned GPT-2 delivered 
superior performance, its complexity and training time are 
notable challenges. On the other hand, BERT-BiLSTM, 
although less accurate, could benefit from further optimisation 
and parameter adjustments. 

There are several promising ways to enhance the 
performance of both models. Adjusting key hyperparameters, 
such as the batch size, number of epochs, and learning rate, 
could potentially lead to better model convergence and 
improved classification accuracy. Experimenting with different 
tokenization strategies, attention mechanisms, and model 
architectures could further refine the results. Exploring transfer 
learning and ensembling techniques may also enhance the 
model generalization ability across various datasets and 
domains. 

Moreover, expanding the dataset to include more diverse 
texts and labels or incorporating additional hierarchical levels 
could test the robustness of the proposed approaches. We also 
envision the possibility of applying these methods to other 
languages and domains, contributing to the growing body of 
research in hierarchical text classification. 
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