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Abstract 

Hierarchical text classification represents a significant and critical 
challenge in the field of Arabic natural language processing. This chal-
lenge is further complicated by the language's morphological richness 
and the scarcity of large-scale, structured datasets. This paper presents 
a comprehensive comparative study of two modern approaches to 
fine-tuning this task: a generative text-to-text approach using the 
AraT5 model, and a direct classification approach using the AraGPT-2 
model. These models were evaluated on a large, specially collected da-
taset comprising over 75,000 articles distributed across 600 subcate-
gories, as well as a smaller benchmark dataset compared to the previ-
ous literature. Experimental results demonstrated that the generative 
AraT5 model achieved superior performance and hierarchical con-
sistency on this large and complex dataset. Furthermore, our improved 
AraGPT-2 model, enhanced with advanced regularization techniques, 
significantly outperformed the current literature benchmark on the 
compared dataset, achieving a hierarchical F1 score of 93.54%. The re-
sults indicate that, while both approaches are effective, the generative 
approach demonstrates a clear advantage in dealing with a fuzzy clas-
sification space. This work establishes new performance benchmarks 
and provides critical insights into the impact of fine-tuning strategies 
and data complexity on the hierarchical classification of Arabic. 

 
 
Introduction  
Language is a complex and dynamic communica-
tion system that enables individuals to communi-
cate thoughts, emotions, intentions, and infor-
mation through an organized set of symbols and 
rules. The science that studies this complex sys-
tem is known as linguistics, which seeks to under-
stand its various components, including sounds, 
words, sentence structures, and meanings [1]. In 
our digital age, the field of Natural Language Pro-
cessing (NLP) has emerged, a branch of artificial 
intelligence that enables machines to understand, 
interpret, and respond to human language in a 
meaningful way [2]. Text classification is one of 
the fundamental and important tasks in the fields 
of natural language processing and machine 

learning, as it aims to design algorithms that al-
low computers to extract features and automati-
cally classify texts [3]. Text classification has nu-
merous applications, spanning broad areas such 
as information retrieval, topic labeling, sentiment 
analysis, and news classification [4]. Recent years 
have witnessed a significant shift in text classifi-
cation techniques, moving from traditional "shal-
low learning" methods to "deep learning" ap-
proaches. Deep learning models have gained sig-
nificant traction due to their ability to model 
complex features without the need for manual 
engineering [4]. proving to be more powerful 
than traditional machine learning methods at 
representing features [3]. At the heart of this de-
velopment, the transformer architecture has 
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emerged as the dominant architecture in natural 
language processing, outperforming convolu-
tional neural networks (CNNs) and recurrent 
neural networks (RNNs). Significant advances in 
transformer architectures and pre-training have 
led to the construction of models with higher ca-
pacity that can be easily adapted to specific tasks 
such as text classification and achieve strong per-
formance [5]. Among these models, two major ar-
chitectures have emerged: the first is "decoder-
only" models such as GPT-2, which learn tasks 
without any explicit supervision [6]. The second 
architecture is encoder-decoder models such as 
the T5 model, which rely on a unified framework 
that transforms all text-based language problems 
into a text-to-text format[7]. Despite significant 
progress in this field, Arabic language generation 
applications remain underrepresented despite 
the large and diverse speaker base [8]. Hierar-
chical text classification, which involves classify-
ing texts into a multi-level classification, adds lay-
ers of complexity, especially in distinguishing 
closely related categories within the same super-
class [8]. Advanced models have been developed, 
such as AraGPT2, the first advanced Arabic lan-
guage generation model based on the GPT-2 ar-
chitecture, and AraT5, which is based on the T5 
framework and is capable of converting all lan-
guage problems into text-to-text (Text), making it 
inherently suitable for generation tasks [9].  Ac-
cordingly, this paper aims to provide a compara-
tive study of the performance of two. 
 
Related Work 
A review of the historical development of text 
classification techniques reveals an upward tra-
jectory, from traditional statistical methods to 
the advanced transformer models that dominate 
the field today. Initially, the classification process 
relied on successive stages including prepro-
cessing, feature extraction, and then the applica-
tion of a classification algorithm [4]. "Shallow 
learning" algorithms such as Support Vector Ma-
chines (SVMs), K-Nearest Neighbors (KNNEs), 
and Naïve Bayes (NBBs) [10]. dominated, requir-
ing manual construction of text features such as 
"bag-of-words" (BOWs) [4]. For example, the 
Maximum Entropy algorithm was successfully 
used to classify Arabic news after applying pre-
processing techniques such as word tracing and 
part-of-speech identification [11]. Later, with the 
advent of deep learning, neural networks demon-
strated superior capabilities that enabled them to 
surpass traditional methods in many tasks [12]. 
Convolutional neural networks (CNNs) excelled 
at extracting local features, while recurrent neu-
ral networks (RNNs) and long short-term 
memory (LSTM) networks excelled at modeling 
long-term dependencies in text sequences [3]. 

However, the real paradigm shift came with the 
emergence of the "Transformer" architecture, 
which brought about tremendous progress in 
natural language processing. By relying on a self-
attention mechanism, this architecture was able 
to model the relationships and understand the 
context between all words in a text, regardless of 
the distance between them [5]. This architecture 
has paved the way for the emergence of pre-
trained large language models (PLMs) that have 
redefined the capabilities of the field. These mod-
els can be divided into two main categories: de-
coder-only models such as GPT-2, which excel at 
generation tasks [6]. and encoder-decoder mod-
els such as T5, which address diverse tasks, in-
cluding classification, within a unified text-to-text 
framework [7]. When applying these techniques 
to Arabic, unique challenges arise due to the pres-
ence of many different dialects [13]. To address 
this, dedicated transformer models such as AraT5 
have been developed, which has demonstrated 
state-of-the-art performance on a wide range of 
tasks thanks to its pre-training on massive Arabic 
datasets [14]. This becomes more complex when 
dealing with hierarchical classification, which re-
quires the model to understand the relationships 
between main and subclasses [8]. In this specific 
context, the work presented by Bouchiha et al. 
This is closest to what will be presented in this 
paper. They fine-tuned the AraGPT2 model for a 
hierarchical classification task on a limited da-
taset (12 subclasses), achieving an accuracy of 
80.64% [8]. They also explored a hybrid architec-
ture that combines a BERT model with a BiLSTM 
network for the same task. The BERT model ex-
tracts rich contextual representations of words, 
and the BiLSTM layer then models the entire text 
sequence before sending the output to the final 
classification layer [15]. Based on this review, 
and despite the progress made, it is clear that pre-
vious studies, particularly the work of Bouchiha 
et al. [8], [15], leave a fundamental research gap. 
Although their approach has proven effective on 
a small scale, the scalability of these models to 
handle more complex hierarchical classification 
problems remains questionable. The field also 
lacks a direct, large-scale comparison of the per-
formance of different architectures (Decoder-
Only versus Encoder-Decoder) on this particular 
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Methodology 
This section reviews the detailed methodology 
used in the construction and adaptation of deep 
learning models for the task of hierarchical clas-
sification of Arabic texts. The methodology be-
gins with the collection of data from multiple 
sources using web scraping technology, followed 
by a critical stage of pre-processing that included 
standardizing hierarchies and reducing the size 
of data via sample reduction to address the prob-
lem of imbalance between categories. Subse-
quently, an improved data segmentation method-
ology (derived from stratified sampling) was ap-
plied to ensure a fair representation of all catego-
ries in the training and test groups. Finally, the 
different transfer Learning strategies of both 
models (AraGPT-2 with direct classification, and 
AraT5 with generative classification) are ex-
plained and each structure is adapted to the task 
of hierarchical classification. 

 
Fig. 1. Steps of the Methodology. 

Preprocessing 

website 

Data 

Cleaned 

Data 

Collected 

Split 

Data 

Data 

training 

Data 

testing 

Fine-tuning 

Models 

Evaluation 

Models 

Evaluation 

Result 

PC 



Multi Group classification based on Arabic   

11 

 

1. Data Collection 
Building a robust and representative dataset is the 
cornerstone of any machine learning study. This 
section details the methodological steps involved in 
the data collection process for this study, from iden-
tifying and selecting appropriate sources, through 
the technical process of data extraction, to verifying 
compliance with ethical considerations. 
 
Data Sources and Characteristics The dataset for 
this study was constructed by collecting articles 
from diverse fields to ensure comprehensive cover-
age. These fields included literature, Islamic topics, 

general culture, medicine, education, nutrition, culi-
nary arts, stories, travel, commerce, technology, and 
others. Four leading Arabic websites were selected 
as data sources: Mqall [16], Mawdoo3 [17], Mhtwyat 
[18], and Mqalaty [19]. These sources were selected 
based on their rich content, organized within a clear 
hierarchical structure consisting of main categories 
and subcategories, making it easier to identify the 
areas covered by the articles. The collection process 
resulted in a final dataset of 94,685 articles, catego-
rized into 72 main categories and 767 subcatego-
ries. Table 1 provides a breakdown of the number of 
categories collected from each site. 

 
Table 1. Statistics for main and subcategories collected from each source. 

Subcategories 
collected 

Main categories 
collected 

Available 
subcatego-
ries 

Main catego-
ries available 

Web-
sites 

320 22 356 24 maqall 
99 18 99 18 mqalaty 

98 14 107 16 mhtwya
t 

250 18 328 21 maw-
doo3 

767 72 868 76 Total 
 
To visualize the scale and complexity of this hierarchical structure, the relationships between the main and 
sub-categories were modeled as a network graph, as shown in Figure 2. 

Fig .2. A network visualization of the hierarchical relationships between the main categories (large circles) 
and sub-categories (triangles). 

 
Node colors represent distinct communities de-
tected within the network, highlighting clusters 
of thematically related topics. This network visu-
alization reveals key structural characteristics of 
the dataset that a table alone cannot show. The 
use of a force-directed layout algorithm groups 

related topics into distinct "galaxies" or clusters, 
visually confirming the thematic coherence of the 
data. The size of each main category node (the 
large circles) is proportional to the number of 
sub-categories it contains, immediately highlight-
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ing the dominant topics within the corpus. Fur-
thermore, the colors do not represent the main 
categories themselves, but rather "communities" 
of nodes that are more densely interconnected. 
This advanced analysis reveals the inherent se-
mantic overlap between certain high-level topics, 
which is a key challenge that the machine learn-
ing models must overcome. To confirm the accu-
racy of the number of categories he mentioned, a 
complete list of all the main and sub-categories 
and their structure has been included in Appen-
dix A1 of this study. 
 web scraping. The dataset was created using 
web scraping, a technique for automatically ex-
tracting data from websites using specialized 
software rather than manually copying and past-
ing [20] This process required developing custom 
Python code for each target website, given the 
differences in their internal programming struc-
tures. The extraction process relied on two main 
libraries: 
 Requests: A popular HTTP library in Python 
that facilitates the process of sending HTTP re-
quests to a specified web server and receiving the 
response content, which is typically the raw 
HTML code of the page [21]. It was used to send 
HTTP requests to servers and retrieve the raw, 
unstructured HTML code of article pages. When 
retrieved, this code is disorganized and difficult 
to read. 
 Beautiful Soup: It was used to parse the re-
trieved HTML code and convert it into a struc-
tured document tree. This tree is an organized hi-
erarchical representation of HTML elements, al-
lowing for accurate text extraction (title, content, 
and categories) [21] 
The extraction process took between two and five 
hours for each site. After the data was extracted, 
it was saved in separate CSV files and then com-
bined into a single final data file. Privacy concerns 
were observed, but all collected data is public 
content and may be accessed and used in accord-
ance with the ethics of scientific research or the 
terms of use of the source sites 

 
2. Data Preprocessing  
After completing the data collection process, the 
dataset underwent multiple preprocessing steps 
to ensure its quality and consistency and prepare 
it for the training process. This preprocessing 
was carried out in three main stages: standardi-
zation of category labels, addressing category im-
balances, and text cleaning and standardization. 
Label Normalization. The initial data screening 
process revealed discrepancies in the labels of 
the main and subcategories, which was expected 
given that the data was collected from several dif-
ferent electronic sources. To address this, a man-
ual standardization process was conducted to 

combine similar names for the main and subcate-
gories. This process resulted in reducing the 
number of main categories to 29 and the number 
of subcategories to 600 distinct categories. 
Class Imbalance Handling. Analysis of the data 
distribution revealed significant variation in the 
number of articles per subcategory, with some 
categories containing more than 2,000 articles, 
while others contained fewer than 20. This phe-
nomenon, where some categories (majority cate-
gories) are significantly more frequent than oth-
ers (minority categories), is known as class im-
balance, and can bias trained models toward the 
majority categories. To address this problem, 
down sampling was used. This is a resampling 
method that aims to balance the distribution of 
categories by randomly reducing the number of 
samples in the majority categories [22].  A Python 
script was developed that caps the number of ar-
ticles in each subcategory at 400. Any subcate-
gory containing more than 400 articles was re-
duced by retaining 400 articles and deleting the 
rest, while categories containing 400 articles or 
fewer were left unchanged. As a result of this pro-
cess, 19,433 articles were removed, bringing the 
total size of the final dataset to 75,282 articles. 
Text Cleaning and Normalization. A compre-
hensive set of cleaning and normalization pro-
cesses was applied to the textual content of each 
article to ensure noise-free and consistent syntax. 
These processes included: 

 Removing common Arabic stopwords. 

 Removing all vowel signs (diacritics) and 
intonation symbols. 

 Removing all non-alphabetical symbols, 
such as punctuation and numbers. 

 Normalizing the various forms of the alif 
letter )إ, أ, آ(   to the basic form "ا".   

 Converting the ta marbuta )ة(   to a ha )ه(   at 
the end of words. 

 Removing repetitions of letters, newlines, 
and any text written in languages other 
than Arabic. 

 
3. Data Splitting Methodology 
Given the large number of main classes and sub-
classes in the dataset, controlling the class bal-
ance poses significant challenges, potentially bi-
asing models toward the majority classes in the 
classification process. To address this challenge, 
a custom splitting method was designed and im-
plemented to control the distribution of classes 
between the training and test sets, especially 
with a data size of 75,752 records and a massive 
number of subcategory (600). This methodology 
is a customized and improved version of strati-
fied sampling, and can be referred to as [23]. It is 
implemented by independently checking the fre-
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quency of records in each subclass. If the fre-
quency is greater than 30 records (θ), a fixed 
number of 26 records (N_large) are selected for 
testing, while the remaining records in that sub-
class are allocated to the training set. If the num-
ber of records in a subclass is 30 or fewer, 20% 
(R_small) of these records is taken for testing, and 
the rest is allocated for training. This method 
aims to construct a more representative and bal-
anced test set across all classes, rather than tak-
ing perfectly equal samples, thus ensuring a fair 

assessment of model performance. As a result, 
the test data became 15,184 samples, represent-
ing 20% of the total dataset, while the training 
data became 60,067 samples, representing 80% 
of the total dataset. This data splitting method is 
a fundamental step that helped achieve better 
balance in the test classes and enabled models to 
train on the data more effectively while reducing 
the risk of bias in classification processes. To pro-
vide a precise description of this method, it is for-
malized in the following algorithm: 

 
Input: Dataset 𝐷, threshold ∅, test count for large classes 𝑁𝑙𝑎𝑟𝑔𝑒 , test 

ratio for small classes 𝑅𝑠𝑚𝑎𝑙𝑙, random seed 𝑆𝑠𝑒𝑒𝑑  

1 

Output: Training set 𝐷𝑡𝑟𝑎𝑖𝑛, Test set 𝐷𝑡𝑒𝑠𝑡 2 
Initialize 𝐷𝑡𝑟𝑎𝑖𝑛  as ∅ 
Initialize 𝐷𝑡𝑒𝑠𝑡  as ∅ 

3 

Shuffle (𝐷, 𝑆𝑠𝑒𝑒𝑑)  
Let 𝐶 be the set of unique classes in 𝐷 

4 

For each class 𝐶 in 𝐶 
     Let 𝐷𝐶 be the subset of 𝐷 for class 𝐶 
     Let 𝑛𝑐  = size of 𝐷𝐶 

5 

If 𝑛𝑐> θ 𝑡ℎ𝑒𝑡𝑎  
         𝐾= 𝑁𝑙𝑎𝑟𝑔𝑒  

6 

    Else 
         𝐾= [ 𝑛𝑐  × 𝑅𝑠𝑚𝑎𝑙𝑙] 

7 

    End If  
     Append first 𝐾 items of 𝐷𝐶 to 𝐷𝑡𝑒𝑠𝑡  
     Append remaining (𝑛𝑐  − 𝐾) items of 𝐷𝐶 to 𝐷𝑡𝑟𝑎𝑖𝑛  

8 

Next 𝐶 
Shuffle (𝐷𝑡𝑟𝑎𝑖𝑛 , 𝑆𝑠𝑒𝑒𝑑) 
Shuffle (𝐷𝑡𝑒𝑠𝑡 , 𝑆𝑠𝑒𝑒𝑑) 

9 

Return 𝐷𝑡𝑟𝑎𝑖𝑛 ,𝐷𝑡𝑒𝑠𝑡  10 
 
This algorithm is an effective solution to the 
problem of imbalance in large, multi-class da-
tasets. By applying this methodology, we were 
able to obtain a test set (𝐷𝑡𝑒𝑠𝑡) that represents all 
major and minor classes in a balanced manner, 
ensuring that the model's performance evalua-
tion is fair and accurate. Furthermore, this 
method provides a rich and diverse training set 
(𝐷𝑡𝑟𝑎𝑖𝑛) that helps the model effectively learn the 
distinctive features of each class, significantly re-
ducing the likelihood of bias and improving the 
overall quality of the classification process. 
 
4. Transfer Splitting 
The models used in this study are based on the 
Transformer architecture, a cornerstone of mod-
ern natural language processing. This research 
explores two distinct strategies for implementing 
transfer learning, using the AraGPT-2 and AraT5 
models, which implement the Transformer archi-
tecture in fundamentally different ways, result-
ing in distinct performance and capabilities. This 

section details the underlying architecture of 
each model and the fine-tuning methodology ap-
plied to adapt them to the hierarchical classifica-
tion task 
Direct Classification Methodology Using 
AraGPT-2. This approach is based on the 
AraGPT-2 model, the Arabic version of the GPT-2 
(Generative Pre-trained Transformer 2) model 
developed by OpenAI [6]. AraGPT-2 is a language 
model based on a unidirectional decoder-only ar-
chitecture, where each token can only see the to-
kens preceding it in the sequence, making it ideal 
for language generation tasks. Each decoder layer 
consists of a masked multi-head self-attention 
mechanism and a feed-forward network, with re-
sidual correlations and layer normalization to en-
sure training stability [6]. The attention mecha-
nism in AraGPT-2 is based on the "scaled dot-
product self-attention" algorithm, which was first 
introduced in the transformer architecture [24]. 
which can be formally described as follows. 
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Algorithm: Scaled Dot-Product Attention Input: Query matrix 𝑄, Key matrix 
𝐾, Value matrix 𝑉 

1. Compute dot products of the query with all keys: 𝑄𝐾𝑇 

2. Scale the dot products: 
𝑄𝐾𝑇

√𝑑
 

3. Apply a SoftMax function to obtain the weights on the values: 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑
) 

4. Compute the weighted sum of the values 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) =

𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑
) 𝑉 

5. Output: The attention-weighted value matrix. 
 

where 𝑄, 𝐾, 𝑉 are matrices derived from the same input sequence, and dk is the 
dimension of the key vectors. 

 
The AraGPT-2 model was pre-trained on a mas-
sive amount of Arabic text to enable it to under-
stand and generate coherent texts, making it a 
strong foundation for various Arabic language 
processing tasks [25]. To leverage and adapt the 
model for classification, in this study, the 
aubmindlab/AraGPT-2-base version of the Hug-
ging Face [26]. platform was downloaded. This 
model was not used for its original generative 
task, but rather employed as a "feature extrac-
tor." The applied architecture consists of passing 
the input text to the AraGPT-2 model to extract an 
information-rich numerical representation from 
its last layer (last_hidden_state). Then, to adapt 
this understanding to the classification task, a 
custom class (GPT2ForClassification) was built, 
adding new layers known as "Classification 
Heads." Fine-tuning focused on training these 
new heads, with minor adjustments to the 
weights of the original model. This process was 
controlled using the AdamW optimizer and ad-
vanced techniques such as using class_weights to 
address data imbalance, a learning rate regulator 
with a warm-up period, and early stopping 
Generative Classification Methodology Using 
AraT5. This approach relies on the T5 (Text-to-
Text Transfer Transformer) model, a framework 
developed by Google to unify natural language 
processing tasks into a text-to-text format. T5 

features a full encoder-decoder architecture. The 
bidirectional encoder reads the entire input text 
to construct a comprehensive contextual repre-
sentation, while the unidirectional decoder gen-
erates the output sequence symbol by symbol, 
taking into account the encoder's output. This de-
sign makes T5 particularly powerful for tasks 
that require understanding an entire sequence 
and then generating a new sequence [7]. This 
study used the Arabic version of UBC-
NLP/AraT5-base, which was specifically trained 
on Arabic texts [14]. To leverage and adapt the 
model for the classification task, it was down-
loaded from the Hugging Face [27]. platform to 
take advantage of its natural structure. This was 
achieved by reframing the classification task to 
suit its generative nature. Instead of adding clas-
sification layers, the model was fine-tuned by de-
signing directive inputs (using special tokens) 
that inform the model of the required task. The 
model was trained to read the input text and gen-
erate a structured string containing category 
identifiers (e.g., "[CATEGORY] {id} [SUBCAT] 
{id}"). This was achieved by designing directive 
inputs and training the model to generate the tar-
get string.The two base models, despite their re-
liance on transformers, differ significantly in 
their architecture, as summarized in Table 2. 

 
Table 2. Comparison of the infrastructure parameters of the models used in the pre-training phase. 

Parameter AraGPT2-base AraT5-base 
Architecture Decoder-Only Encoder-Decoder 

Layers 12 12   for both encoder and decoder 
Hidden Size 768 768 
Attention Heads 12 12 
Total Parameters ~124 million ~220 million 

 
Results And Discussion 
This section provides a comprehensive systematic Discussion of fine-tuning experiments and performance 
evaluation, tracing a multi-stage path starting with the initial tuning and optimization of AraT5 and 
AraGPT-2 models on different datasets, focusing on the tuning of hyperparameters and the use of regular-
ization techniques to combat overfitting. After the training phase, the transition is made to the analysis of 
actual performance on large test groups using traditional scales (accuracy, F1-Score) and hierarchical 
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scales that take into account the taxonomic structure. The stage concludes with a comprehensive compar-
ison of the resulting performance and the performance of reference models in the literature, followed by a 
crucial step is the evaluation of Inference Evaluation on a new, independent and unseen dataset to ensure 
the generalization power in real-world scenarios, allowing to draw substantial conclusions about the effi-
ciency of each architecture (generative vs. Direct) in the task of hierarchical classification of Arabic texts. 

 
1. Experimental Results 
This experimental section is designed for the three experiments tested. The training parameters (hyperpa-
rameters) were tuned differently for each model to suit its architecture and the data used, as shown in 
Table 3. To analyze these results, several fundamental concepts in machine learning were relied upon. The 
ultimate goal of a model is generalization, which refers to the model's ability to perform well on new and 
unseen data after being trained on a limited dataset [28]. This ability is estimated using a validation loss. 
When selection is high, this may indicate underfitting, where the model fails to remove the base model, or 
overfitting, where the model retains details of the training data instead of learning generalities [28]. To 
combat overfitting, regularization techniques such as dropout and weight decay are used [29].  These train-
ing and optimization processes were performed within a specific computing environment, with all experi-
ments conducted on the Google Colab platform. The differences in computational complexity between the 
two approaches were reflected in the training time. Initial training of the AraT5 and AraGPT-2 models on 
the large dataset (75,752 articles) took approximately five and three hours, respectively, using an NVIDIA 
A100 GPU. Training the optimized AraGPT-2 model on the small dataset (6,000 articles) took only 20 
minutes using a T4 GPU. 
Training and improvement Optimization. To ensure the validation and continuity of both applications, 
only different options were applied, selected for the specific details of each model. For the AraGPT-2 model, 
which includes the addition of new classifier layers, the focus was on stabilizing the training process. The 
AdamW optimizer was used, a generally improved version of the Adam algorithm that separates the weight 
update from the weight decay technique, often resulting in better engagement. Additionally, a learning rate 
scheduler was used, including a warm-up phase (get_linear_schedule_with_warmup) [30]. The diverse 
training process begins with the warm-up phase and then linearly decreases the learning curve, a new 
technique among innovations at the beginning of training. As for the AraT5 model, which was trained with 
a "text-to-text" methodology without major architectural modifications, the AdamW optimizer was also 
used, but it was different and without a learning rate scheduler, and the model showed good performance 
even for stable learning. 
 
Table 3. Comparison of fine-tuning parameters for the three models. 

Parameter AraT5 
(Seq2Seq) 

AraGPT-2 (Initial Clas-
sifier) 

AraGPT-2(Comparison paper 
specific) 

Learning Rate 3e-5 4e-5 2e-5 
Batch Size 16 16 16 
Epochs 10 10 15 
Max Length 512 512 128 
Regularization AdamW AdamW, Early Stopping Dropout=0.4, weight_decay=0.01, 

EarlyStopping(patience=2) 

 
Model Performance Analysis. To analyze the 
results, we rely on several fundamental concepts 
in machine learning. The goal is to achieve gener-
alization, i.e., the model's ability to perform well 
on new data [28]. This is assessed using the vali-
dation loss, with high values indicating either un-
derfitting or overfitting [28]. To combat the lat-
ter, regularization techniques are used [29]. Fig-
ures 3 and 4 show the learning curves comparing 
the accuracy and validation loss of the three mod-
els. The AraT5 model, represented by the blue 
curve, shows exceptional performance. In Figure 
3, we see that the validation accuracy started very 
high at 92.42% and steadily increased to peak at 
97.21%. Figure 4 supports this stability, with the 

validation loss steadily decreasing from 0.3579 to 
0.1037, indicating excellent generalization ability 
and a complete absence of overfitting. This strong 
performance is attributed to the compatibility be-
tween the encoder-decoder architecture and the 
generative methodology, which allowed the 
model to effectively handle the hierarchical com-
plexity of large-scale datasets using a simple 
AdamW optimizer. In contrast, the initial perfor-
mance of the AraGPT-2 model, represented by 
the orange curve, represents a classic case of un-
derlearning. In Figure 1, the validation accuracy 
started low at 29.78% and stabilized at a modest 
level (~60%), while the validation loss remained 
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very high (Figure 4), starting at 1.7801 and end-
ing at 1.0800. Despite the use of advanced opti-
mization strategies such as AdamW and the 
learning rate scheduler, this indicates that the 
simple initial parameters listed in Table 6 were 
insufficient to enable the model to learn complex 
patterns in the large dataset. Finally, the opti-
mized AraGPT-2 model, represented by the green 
curve, demonstrates a fine-tuning success story. 
In Figure 3, we see a sharp and healthy increase 
in validation accuracy, starting at 65.19% and 
peaking at 92.35% in the seventh epoch. More 
importantly, Figure 4 shows that the validation 

loss reached its lowest point (0.2712) in the same 
epoch before starting to rise, a clear sign of the 
onset of overfitting. This outstanding perfor-
mance is directly attributable to the advanced 
regularization techniques mentioned in Table 6. 
The high dropout value (0.4) and weight_decay 
value (0.01) prevented the model from memoriz-
ing the training data, while the low learning rate 
(2e-5) allowed for more accurate convergence. 
The Early Stopping mechanism proved effective 
in capturing the model at its optimal performance 
point. 

 

Fig .3. Validation Accuracy Comparison Between Models. 

 
Fig .4. Comparison of validation loss between models. 

 

2. Models Evaluation Results 
This section presents a comparative analysis of 
the performance of the AraT5 and AraGPT-2 
models on the hierarchical text classification task. 

Each model was evaluated using an independent 
test set consisting of 15,000 articles. The evalua-
tion relied on key quantitative metrics, qualita-
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tive error analysis, and visual analysis of the re-
sults shown in the appendices. This comparison 
aims to understand the strengths and challenges 
of each model and the impact of its architecture 
(generative versus direct) on overall perfor-
mance: 

AraT5 Model Evaluation Results. The perfor-
mance analysis of the AraT5 model shows a clear 
disparity between the two levels of hierarchical 
classification. 

 
Table 4. Final Performance Metrics for the AraT5 Model on the Test Set 

Metric Main Category Sub-category 
Accuracy 90.45% 66.64% 
F1-Score  0.9042 0.6385 
Precision 0.9052 0.6565 
Recall  0.9045 0.6664 

 
As shown in Table 4, the model achieved excep-
tional performance in the main categories, with 
an accuracy of 90.45% and an F1-Score of 0.9042. 
This is attributed to its Encoder-Decoder archi-
tecture, which allows it to comprehend the full 
context of the text and identify its general do-
main. Conversely, at the sub-category level, per-
formance was lower but still strong, with an ac-
curacy of 66.64% and an F1-Score of 0.6385. This 
gap highlights the fundamental challenge of pre-
cise classification among 600 potential sub-cate-
gories. 
Qualitative Error Analysis: The errors made by the 
model are insightful and not random; they are of-

ten "intelligent" and semantically close to the cor-
rect answer. As shown in Table 9, these errors 
can be categorized into two types: hierarchical 
errors and entirely incorrect classifications. For 
example, an article on "أسماء سورة التوبة ومعانيها" (The 
names and meanings of Surah At-Tawbah) was 
incorrectly classified under "تأملات قرآنية" (Quranic 
reflections) instead of "قرآن" (Quran), although 
the main category "إسلام" (Islam) was correct. 
AraGPT-2 Model Evaluation Results (Direct 
Classification Approach). The AraGPT-2 model 
demonstrated strong performance, comparable 
to AraT5, confirming the effectiveness of the di-
rect classification approach. 

 
Table 5. Final Performance Metrics for the AraGPT-2 Model on the Test Set 

Metric Main Category Sub-category 
Accuracy 89.42% 65.95% 
F1-Score  0.8946 0.6383 
Precision  0.9019 0.6636 
Recall  0.8942 0.6595 

 
As seen in Table 5, the model achieved an F1-
Score of 0.8946 and an accuracy of 89.42% in the 
main categories, indicating high reliability in the 
general classification task. Performance de-
creased as expected at the sub-category level, 
with an F1-Score of 0.6383 and an accuracy of 
65.95%, which is a good result given the com-
plexity of the task. 
Qualitative Error Analysis: The errors made by 
this model were similar to those of AraT5, as de-
tailed in Table 6. They include hierarchical errors, 

where the correct sub-category is placed under 
the wrong main category, and semantically close 
misses, where the model's predictions are logi-
cally reasonable but taxonomically incorrect. For 
instance, an article about "الكركديه والضغط" (Hibis-
cus and Blood Pressure) was incorrectly classi-
fied under "تغذية" (Nutrition) instead of "فن الطهي" 
(Culinary Arts), an error also made by the AraT5 
model, suggesting a potential inherent ambiguity 
in this data point. 

 
Table 6. Examples of Classification Errors 

Model Title 

Correct 
Main 
Cate-
gory 

Correct Sub-
category 

Predicted 
Main Cat-
egory 

Predicted 
Sub-cate-
gory 

AraGPT-
2 

العالم جيلبرت 

 لويس
 علماء تعليم

الحياة 

 والمجتمع
 علماء

AraGPT-
2 

كلام الجمعة 

 الثانية رمضان
 حكم وأقوال الآداب عبارات وكلمات الآداب
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AraT5 & 
AraGPT-
2 

 فن الطهي الكركديه والضغط
مشروبات باردة 

 وساخنة
 فوائد الأعشاب تغذية

AraT5 
أسماء سورة 

 التوبة ومعانيها
 تأملات قرآنية إسلام قرآن إسلام

 
The AraT5 and AraGPT-2 models prove to be 
powerful and effective tools for hierarchical clas-
sification, showing convergent performance. The 
two models excel at identifying high-level topics, 
and while they face challenges in accurately cate-
gorizing among 600 categories, their errors are 
often linguistically plausible. This suggests that 
both models have developed a deep contextual 
understanding from their pre-trained 
knowledge, regardless of their different structure 
 
3. Comparison and Discussion of Results 
The AraT5 and AraGPT-2 models prove to be 
powerful and effective tools for hierarchical clas-
sification, showing convergent performance. The 
two models excel at identifying high-level topics, 
and while they face challenges in accurately cate-
gorizing among 600 categories, their errors are 
often linguistically plausible. This suggests that 
both models have developed a deep contextual 
understanding from their pre-trained 
knowledge, regardless of their different structure 

 
Analysis Based on Traditional Metrics. The 
evaluation using traditional classification metrics 
confirms the model's high effectiveness. On a test 
set of 1,764 texts, the model achieved a Category 
Accuracy of 97.11% and a Sub-category Accuracy 
of 92.86%. These figures indicate a superior ca-
pability in distinguishing between broad catego-
ries and maintaining excellent performance even 
at the more granular sub-category level. To pro-
vide a deeper insight beyond accuracy, metrics 
such as Precision, Recall, and F1-Score were cal-
culated. Precision measures the proportion of 
correct positive predictions among all positive 
predictions made, while Recall measures the pro-
portion of actual positives that were correctly 
identified. The F1-Score, as the harmonic mean of 
Precision and Recall, offers a balanced assess-
ment of the model's performance, which is espe-

cially important in the presence of class imbal-
ance[31]. These are calculated using the follow-
ing standard equations: 

 

Precision = 
TP

TP+FP
                       (1) 

Recall: 
TP

TP+TN
                               (2) 

F1−Score=2 ×
Precision ×Recall

Precision+Recall
     (3) 

 
Where 𝑇𝑃, 𝐹𝑃, and 𝐹𝑁 represent True Positives, 
False Positives, and False Negatives, respectively. 
Analysis Based on Hierarchical Metrics. In hi-
erarchical classification tasks, traditional metrics 
can be misleading as they penalize all errors 
equally, regardless of their proximity within the 
category tree. Therefore, Hierarchical Metrics are 
employed, which incorporate the taxonomy's 
structure into the evaluation[32]. To facilitate a 
direct comparison with the reference paper, the 
same hierarchical evaluation approach was 
adopted. These metrics are calculated based on 
the hierarchical distance (𝑑(𝑐, 𝑐^)) between the 
true class (𝑐) and the predicted class (𝑐^). This al-
lows for a more nuanced evaluation where, for in-
stance, a misclassification within the same parent 
category is penalized less severely than a misclas-
sification into a completely different branch of 
the hierarchy [32]. The core hierarchical metrics 
are defined as: 

 

hP= 
1

|D|
 ∑ ∈ D(1 − d(c, c^))(X,C)        (4) 

hR= 
1

|D|
 ∑ ∈ D(1 − d(c, c^))(X,C)        (5) 

ℎ𝐹 =
2∗ℎ𝑝∗ℎ𝑅

ℎ𝑃+ℎ𝑅
                                       (6) 

 
Were 𝐷 is the dataset, 𝑥 is the text. 𝑐 is the 

true class, and 𝑐^ is the predicted class. 
The results, summarized in Table 7, show that the 
model achieved excellent performance according 
to both traditional and hierarchical metrics at 
both the main and sub-category levels. 

 
Table 7. Comparison of Traditional and Hierarchical Performance Metrics for the Refined Model. 

Sub-Categories Main Categories Metric 

0.9286 0.9711 F1-Score 

0.9292 0.9714 Precision 

0.9286 0.9711 Recall 
0.9354 0.9711 HF1-Score 
0.9354 0.9711 HPrecision 
0.9354 0.9711 HRecall 
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Performance analysis shows that the discrepancy 
between traditional and hierarchical measures 
confirms that errors in hierarchical classification 
are not equal. While traditional measures report 
an error rate of 7.14% across subcategories, hier-
archical measures show greater tolerance for se-
mantically close predictions. For example, pre-
dicting the category "Math/Analysis" instead of 
"Math/Algebra" is a complete miss under tradi-
tional measures but acceptable under hierar-
chical measures because it falls within the same 
parent category. Consequently, the high hierar-
chical F1 value of 0.9354 demonstrates that the 
model possesses a deep understanding of the se-
mantic structure of the data, making it suitable 
for hierarchical classification. 

Compare Results with Reference Paper Re-
sults. After independently validating the model's 
effectiveness, a comprehensive comparison of its 
performance with another leading model in the 
field of hierarchical classification of Arabic texts 
was conducted. This comparison aims to evaluate 
the competitiveness of our refined AraGPT-2 
model and measure its superiority over existing 
state-of-the-art methods. The comparison fo-
cuses on key metrics that express accuracy at var-
ious hierarchical levels, including main-class ac-
curacy, sub-class accuracy, and the hierarchical 
F1 score, which is a comprehensive measure of 
model performance in a hierarchical environ-
ment. 

 
Table 8. Performance Comparison of the Refined AraGPT-2 Model with the Reference Model. 

Model 
Hierarchical 
F1-Score 
(hF1) 

Main Category Ac-
curacy 

Sub-Category 
Accuracy 

Model from Ref-
erence 

80.64% 83.64% 80.98% 

Our Refined 
AraGPT-2 Model 

93.54% 97.11% 92.86% 

Improvement +12.9% +13.47% +11.88% 
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Table 8 shows a clear comparison between the 
performance of our improved model (AraGPT-2) 
and the reference model from the research paper. 
Our model's clear superiority is evident across all 
three key metrics. At the main-class accuracy 
level, our model achieved a significant improve-
ment of +13.47%, demonstrating its superior 
ability to identify general text categories with 
very high accuracy compared to the reference 
model. At the sub-class accuracy level, a metric 
that reflects the model's ability to handle fine-
grained details, our model outperformed the ref-
erence model by an improvement of +11.88%, 
confirming the effectiveness of our fine-tuning 
strategy. Most importantly, at the hierarchical F1 
score (hF1), the most comprehensive and accu-
rate metric for assessing hierarchical classifica-
tion performance, our model achieved a massive 
improvement of +12.9%, confirming that the 
model not only excels at correct predictions but 
also possesses a deeper and more coherent un-
derstanding of the hierarchical structure of the 
data, reducing the penalty for semantically close 
errors. These results confirm that the improved 
AraGPT-2 model outperforms the model in the 
reference paper. 
 
4. Inference Evaluation Models 
In this study, an assessment of the generalization 
ability of trained models was presented, a final in-
ference test was performed on a new, independ-
ent dataset. This collection consists of 200 arti-
cles collected from the Arabic content site 
sotor[33]. a source that was not used in any of the 
previous training or verification stages. This pro-
cess measures the ability of each model to apply 
its acquired knowledge to real-world data that 
comes from a different distribution. The evalua-
tion was conducted using both traditional 
(Weighted F1-Score) and hierarchical (Hierar-
chical F1-Score) scales to provide a comprehen-
sive and integrated view of performance. 
AraGPT-2 Model Inference. The AraGPT-2 
model, following the direct classification ap-
proach, showed a strong ability to generalize to 

new data. At the level of the main class, the model 
achieved excellent performance with an accuracy 
of 94.50% and a conventional F1-Score scale of 
0.9370. This confirms that the structure of fea-
ture extraction with classification headers is able 
to effectively delimit the general area of the arti-
cle. At the subcategory level, the performance 
was very good, with an F1-Score of 0.7874. One of 
the most important observations on the perfor-
mance of this model is the difference between its 
traditional full accuracy (79.00%) and its total hi-
erarchical accuracy scale (87.50%). This signifi-
cant difference indicates that a significant part of 
the model's errors were of the type of "hierarchi-
cally Near-Misses", that is, even when he made a 
mistake in determining the exact subcategory, his 
prediction was often within the correct main cat-
egory, which reduced the punishment imposed 
by hierarchical scales. 
Arat5 Model Inference. The AraT5 model, which 
relies on a generative approach, demonstrated 
exceptional and consistent performance on un-
seen data, outperforming its counterpart on most 
metrics. At the main class level, the model 
achieved an accuracy of 96.97% and an F1-Score 
of 0.9687. More importantly, on the accurate clas-
sification task at the subclass level, it achieved a 
robust F1-Score of 0.8534. The most impressive 
result is that the AraT5 model's overall hierar-
chical accuracy (hF1) reached 91.67%, signifi-
cantly higher than its traditional full accuracy 
(86.36%). This significant difference confirms 
that the model's errors were almost exclusively 
of the "hierarchically close" type. This behavior 
demonstrates that the generative approach not 
only learned how to classify but also learned the 
structural relationships between main and sub-
classes, ensuring it adheres closely to the hierar-
chical structure of the data. Table 9. also summa-
rizes a comprehensive comparison and analysis 
of the results and performance of both models on 
the dataset collected for verification, allowing for 
a thorough analysis of the significant differences 
in their performance. 

 
Table 9. Detailed Performance Comparison Between AraT5 and AraGPT-2 models. 

AraGPT2 Model AraT5 Model Models 

Subcate-
gory 

Main cate-
gory 

Subcate-
gory 

Main cat-
egory 

Metric 
Metric 
Type 

80.50% 94.50% 86.36% 96.97% Accuracy tradi-
tional 

0.7874 0.9370 0.8534 0.9687 
F1-Score 
(weighted) 

0.8188 0.9344 0.8656 0.9713 
Precision 
(weighted) 

0.8050 0.9450 0.8636 0.9697 
Recall 
(weighted) 

0.7874 0.9370 0.9167 0.9697 HF1-Score Hierar-
chical 0.8188 0.9344 0.9167 0.9697 HPrecision 
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0.8050 0.9450 0.9167 0.9697 HRecall 
 
Table 9: provides profound insights when com-
paring the two models. The results show that 
both models possess strong generalization capa-
bilities, but their behavior and performance dif-
fer, revealing the strengths and weaknesses of 
each approach. The AraT5 model clearly outper-
forms all traditional metrics, especially at the 
subclass level, with a difference of nearly 7 per-
centage points in the F1-score. This demonstrates 
that its generative approach was more robust in 
arriving at completely correct and accurate pre-
dictions. Furthermore, AraGPT-2 exhibits inter-
esting unique behavior: Consider the following 
example: 
 Text: " القوات السودانية تصد هجوما واسعا للدعم

....السريع على الفاشر  " 

 Correct classification: Worldwide -> Cities 
and countries 

 AraT5 prediction: "مدن وبلدان  <- حول العالم" 
(structurally and logically correct) 

 AraGPT-2 prediction: "ثورات  <- حول العالم

 ."وحروب
Therefore, AraGPT-2 made a hierarchical mis-
take, since the category "revolutions and wars" 
does not belong to "around the world". Semanti-
cally, however, his prediction of the subcategory 
was more accurate and related to the content of 
the text than the structurally correct prediction of 
AraT5. ("Revolutions and wars"), ignoring the 
fact that it does not belong to the main category 
predicted by the other head ("around the 
world"). This suggests that the classification 
headers work semi-independently, which can 
lead to very accurate predictions at the hierar-
chical rule-breaking calculation Sublevel. This is 
not so much a classification error as a shortcom-
ing in the design of the structure of the categories 
themselves, since some subcategories may be 
closely related to more than one main category. 
In turn, AraT5 shows a strict adherence to the hi-
erarchical structure. The generative methodol-
ogy "text-to-text" has learned that the generation 
of a certain subcategory directly depends on the 
main one that was generated before it in the same 
sequence. This "structural awareness" is the main 
reason that its hierarchical scale (91.67%) is 
much higher than its traditional one, which is 
what makes it more reliable in applications that 
require maintaining a hierarchy. 
 
Conclusion 
This study provided a comprehensive investiga-
tion of the application of advanced transducer 
models to the complex task of hierarchical classi-
fication of Arabic texts. Two distinct fine-tuning 
methodologies were evaluated and compared: a 
"text-to-text" generative approach using the 

AraT5 model, and a direct classification approach 
using the AraGPT-2 model. The experimental re-
sults led to several main conclusions. First, both 
the generative and direct approaches have 
proven to be highly effective, demonstrating the 
deep ability of pre-trained linguistic models to 
cope with the intricacies of the Arabic language 
and complex hierarchical structures. The genera-
tive AraT5 model showed a slight but consistent 
outperformance over the large-scale and seman-
tically ambiguous dataset, indicating that its ar-
chitecture is exceptionally well suited for tasks 
requiring strong hierarchical cohesion. Secondly, 
this research has successfully proved that sys-
tematic fine - tuning and the application of ad-
vanced regulation techniques can lead to signifi-
cant performance gains. The improved AraGPT-2 
model significantly outperformed the reference 
model from the previous literature, achieving a 
modern hierarchical F1 score of 93.54% and es-
tablishing a new performance standard. Finally, 
the analysis revealed that the fundamental chal-
lenge in this task lies in the complexity and ambi-
guity inherent in the space of classifications, since 
both models showed sophisticated and context-
aware thinking even when making mistakes 
 
Future Work: 
Based on the results of this study, several prom-
ising avenues for future research can be identi-
fied. First, one of the next crucial steps is to con-
duct a study focused on improving and enriching 
the hierarchical classification of a large-scale data 
set. This may include the use of semi-automated 
methods for combining semantically similar sub-
categories, the possibility of adding missing new 
categories to create a more powerful and less am-
biguous classifier space. Evaluating the perfor-
mance of models on this improved rating can re-
veal additional insights into the impact of the 
quality of ratings. Secondly, it would be useful to 
expand the empirical comparison to other mod-
ern architectures. One of the most prominent 
candidates for this is a model based on AraBERT, 
which uses only the structure of the encoder (En-
coder-Only). Comparing its performance with 
that of a typical encoder-decoder (AraT5) and de-
coder-only (AraGPT-2) would complete a com-
prehensive analysis of the three main trans-
former architectures for this task. Finally, the 
models developed in this study can be applied 
and tested to different areas of Arabic texts, such 
as social media content or official legal docu-
ments, to assess their adaptability and perfor-
mance across various linguistic styles and dia-
lects.  
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Appendix 
List view main and sub categories A1 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 

 

 

  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 

 

 

 
 


