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Abstract

Authorship identification and AI-generated text
detection have recently emerged as pivotal ar-
eas of research in natural language processing
(NLP), with particular urgency for languages
such as Arabic that exhibit complex morpho-
logical and orthographic structures. Despite
growing interest, most prior work has cen-
tered on English and other Indo-European lan-
guages, leaving a gap in effective approaches
tailored to Arabic’s linguistic challenges. This
paper presents our participation in two shared
tasks: Arabic authorship identification and Ara-
bic AI-generated text detection. For Task2,
we fine-tuned transformer-based architectures
on a corpus of 21 authors, leveraging paral-
lelized, semantically segmented book data to
better capture stylistic variation. For Task3,
we trained models on a balanced dataset of
human-written and AI-generated news arti-
cles produced by multiple large language mod-
els. Our approach achieved competitive results
across both tasks, underscoring the potential of
domain-adapted transformers for morpholog-
ically rich languages. We also highlight key
limitations, including domain sensitivity and
difficulties in distinguishing closely aligned
stylistic features, and propose directions for
enhancing cross-domain robustness and gener-
alization.

1 Introduction

Authorship identification and AI-generated text de-
tection have emerged as critical research areas in
the field of natural language processing (NLP), par-
ticularly for languages with complex morphologi-
cal and orthographic systems such as Arabic. Over
the past decade, researchers have developed diverse
methodologies for this task, ranging from tradi-
tional statistical models to modern deep learning
approaches. For instance, ensemble-based strate-
gies have shown promise in enhancing attribution
accuracy across heterogeneous datasets (Abbasi

et al., 2022). Similarly, deep learning architec-
tures, including convolutional and recurrent neural
networks, have been explored for robust author-
ship identification in multi-domain contexts (Qian
et al., 2017). In the domain of Arabic, transformer-
based methods such as BERT have been adapted
to specific genres, achieving strong results in tasks
like poetry authorship attribution (Alqurashi et al.,
2025), and knowledge-based models have been uti-
lized to verify authorship in Arabic social media
texts (Alqahtani and Yannakoudakis, 2022). Ear-
lier work has also examined fusion approaches for
authorship identification in religious Arabic texts,
demonstrating the value of multi-feature integra-
tion (Sayoud and Hassina, 2021).

Parallel to authorship identification, the increas-
ing sophistication of large language models (LLMs)
has introduced the challenge of detecting AI-
generated content, especially in morphologically
rich languages like Arabic. Recent studies have
addressed unique difficulties such as diacritics han-
dling (Alshammari and Elleithy, 2024) and have
investigated detection performance in short dialec-
tal Arabic texts (Alharthi, 2025). Encoder-based
transformer architectures have also been proposed
for Arabic AI-generated text detection, leveraging
contextual embeddings for improved accuracy (Al-
shammari et al., 2024). Comparative evaluations
between human and machine-generated Arabic con-
tent have further highlighted the challenges of reli-
ably distinguishing AI-authored text from authentic
human writing (Boutadjine et al., 2025).

In this paper, we present our systems developed
for two shared tasks: (1) Authorship identification
in Arabic texts and (2) Arabic AI-generated text
detection. We build upon the existing literature
in both domains, leveraging transformer-based ar-
chitectures. Our contributions include fine-tuning
domain-specific language models, evaluating their
performance on benchmark datasets, and analyzing
error patterns to guide future research.
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2 Background

The shared task (Abudalfa et al., 2025) comprises
three subtasks and we worked on two of them:
Task 2 (Authorship Identification) and Task 3 (Ara-
bic AI-Generated Text Detection). Both are Arabic
text classification problems but differ in objectives,
input/output formats, and dataset composition.

2.1 Tasks

Task 2: Authorship Identification Task 2 is a mul-
ticlass classification problem where the goal is to
predict the author of a given text. The input is a
paragraph written in the style of a specific author,
provided in the text_in_author_style column,
and the output is the predicted author’s name in
Arabic, matching the labels in the dataset.
Task 3: Arabic AI-Generated Text Detection
Task 3 is a binary classification problem aimed
at distinguishing between human-written and AI-
generated Arabic news articles or snippets. Human-
written samples were sourced from verified news
platforms, while AI-generated content was pro-
duced using multiple LLMs (e.g., GPT-3.5, GPT-4,
Claude) with varied prompting strategies and gen-
eration parameters.

2.2 Dataset

For Task 2, the corpus comprises works from 21
authors, each contributing 10 publicly accessible
books. Each book was segmented into semantically
coherent paragraphs, and selected paragraphs were
rephrased into a standardized formal style using
GPT-4o mini2, with parallel pairs restricted to at
most 1900 tokens. The dataset was split into train-
ing, validation, and test sets. For Task 3, the dataset
contains human-written content sourced from veri-
fied news platforms and AI-generated content pro-
duced by multiple LLMs (e.g., GPT-3.5, GPT-4,
Claude) under varied prompting strategies and gen-
eration parameters. It includes 4,800 training sam-
ples, a forthcoming development set, and 2,000 test
samples, with a balanced distribution of human and
AI-generated texts.

3 System Overview

This section outlines the architectures and strate-
gies employed in our system for the shared tasks.

3.1 Task 2: Authorship Identification

In this subsection, we describe our approach to
modeling authorial style and capturing distinctive

linguistic features for the authorship identification
task.
Key Algorithms and Design Deci-
sions. For Task 2, we adopted the
CAMeL-Lab/bert-base-arabic-camelbert-mix
pretrained language model due to its strong
performance on Arabic text understanding and
ability to capture fine-grained stylistic differences
critical for authorship attribution. The task was
framed as a multiclass classification problem over
N = 21 authors. Each paragraph was tokenized
to a maximum length of 512 tokens with dynamic
padding. The BERT classification head was
replaced with a dense layer of size N , followed
by softmax. The model was fine-tuned end-to-end
using cross-entropy loss.
Addressing Task Challenges. The authorship
identification task presented several challenges.
First, many authors exhibited highly similar writ-
ing styles, making stylistic differentiation difficult;
this was mitigated through the use of contextual-
ized embeddings from the pretrained transformer,
which capture subtle variations in style. Second,
the dataset contained long paragraphs, often ex-
ceeding the model’s input length; to address this,
we truncated inputs to 512 tokens while prioritiz-
ing semantically important segments to preserve
representative style cues. Finally, although class
imbalance was relatively minor, it still posed risks
of skewed evaluation, so we did not apply resam-
pling but instead relied on macro-F1 as the primary
metric to ensure fairness across authors. These
design choices collectively allowed the model to
handle the practical difficulties of morphologically
rich Arabic text while maintaining robust perfor-
mance.
System Configuration. Training was conducted
for 4 epochs using the AdamW optimizer with a
learning rate of 2 × 10−5, batch size of 16, and
weight decay of 0.01. Model selection was per-
formed based on the highest validation macro-F1
score to ensure balanced performance across all
author classes. Evaluation metrics included both
accuracy, to capture overall correctness, and macro-
F1, to account for class imbalance and provide a
fairer assessment of performance across authors.

3.2 Task 3: Arabic AI-generated Text
Detection

Here, we present our methodology for distinguish-
ing between human-written and AI-generated Ara-
bic text across multiple domains.
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3.2.1 Configuration 1
We used AraBERTv21 for binary classification of
human-written (1) versus machine-generated (0)
text. The preprocessing stage involved map-
ping labels, replacing missing entries with empty
strings, and applying a stratified train–validation
split to handle class imbalance. Text was
tokenized with the AraBERTv2 tokenizer us-
ing a maximum sequence length of 512 to-
kens. The model consisted of the pretrained
aubmindlab/bert-base-arabertv2 encoder, fol-
lowed by dropout (p = 0.3), a dense layer with
two output units, and a softmax classifier. Training
was performed with cross-entropy loss, gradient
clipping (∥g∥∞ ≤ 1.0), and early stopping to pre-
vent overfitting, ensuring robust performance on
Arabic-specific tokenization challenges.

3.2.2 Configuration 2
In this variant, we employed
aubmindlab/bert-base-arabert with
AutoModelForSequenceClassification,
which simplified implementation by providing
a built-in classification head. Tokenization was
limited to a maximum length of 256 tokens to
improve efficiency and reduce memory usage.
The model consisted of the BERT encoder paired
with the classification head for two output classes,
trained using the AdamW optimizer with a linear
learning rate scheduler over 3 epochs. Pretrained
weights from aubmindlab/bert-base-arabert
were used to leverage prior Arabic language
knowledge. While the shorter sequence length
improved computational efficiency, it slightly
impacted performance; model evaluation was
monitored using accuracy, precision, recall, and F1
to ensure balanced assessment across metrics.

For Task 3, Configuration 1 outperformed
Configuration 2 due to longer context handling,
stronger pretrained embeddings, and custom classi-
fier design.

4 Experimental Setup

4.1 Dataset Processing
For both tasks, the datasets were divided into train-
ing, development, and test sets as provided. The
training sets were used to train the models, the de-
velopment sets for validation and hyperparameter
tuning, and the test sets for final evaluation. For
Task 2, the official training and development sets

1https://huggingface.co/aubmindlab/bert-base-arabertv2

were used, while for Task 3, training was performed
on the provided files and evaluation was done on
the official unlabelled file.

4.2 Preprocessing and Hyperparameter
Details

Text preprocessing included Arabic-specific nor-
malization, removal of non-Arabic characters,
and lowercasing to promote uniformity across
inputs. Tokenization was performed using the
AutoTokenizer from Hugging Face Transform-
ers, with a maximum sequence length of 256 to-
kens for Task 2 and 512 tokens for Task 3, reflect-
ing the different input requirements of each task.
Training batch sizes were set to 16 for Task 2 and
8 for Task 3. Models were optimized using the
AdamW optimizer with a learning rate of 2×10−5,
β1 = 0.9, β2 = 0.999, and ϵ = 1 × 10−8, along
with a linear learning rate warmup over 10% of the
total training steps. Task 2 models were trained
for 4 epochs, while Task 3 models were trained
for 3 epochs. Dropout layers and gradient clipping
were applied as described in the system section to
prevent overfitting and stabilize training, ensuring
consistent convergence across different runs and
input variations.

4.3 Evaluation Metrics
Model performance was evaluated using accuracy
and F1 metrics. For Task 2, macro-F1 was used to
account for class imbalance across the 21 authors,
with accuracy as a complementary measure. For
Task 3, F1 and accuracy were employed to capture
both the balance between precision and recall and
overall correctness.

5 Results

5.1 Task 2: Authorship Identification
Evaluation Set Results. We evaluated the fine-
tuned CAMeL-BERT model on the development
and test splits. On the held-out validation set, the
model achieved a final evaluation loss of 0.584, ac-
curacy of 0.872, and macro-F1 score of 0.809 after
4 epochs. Table 1 shows the epoch-wise training
and validation metrics.

Test Set Results. For the final test submission,
the model achieved an F1-score of 0.827, accuracy
of 0.864, precision of 0.828, recall of 0.854, speci-
ficity of 0.854, and balanced accuracy of 0.854.
The system ranked competitively among all sub-
missions.
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Table 1: Task 2: Epoch-wise training results on the
validation set

Epoch Training
Loss

Validation
Loss

Accuracy F1

1 0.1655 0.6413 0.8273 0.7478
2 0.0591 0.5431 0.8595 0.7774
3 0.0055 0.6400 0.8643 0.7995
4 0.0145 0.5842 0.8723 0.8093

Quantitative Findings and Analysis. Compar-
ing epoch-wise development set performance
and test submission results, we observe that
the design choices—such as stratified splitting,
512-token input length, and dropout regulariza-
tion—contributed positively to overall generaliza-
tion. Ablation of dropout or reducing sequence
length to 256 tokens led to a drop in macro-F1
by 2–3% on validation. Using CAMeL-BERT’s
contextual embeddings for Arabic significantly im-
proved performance compared to simpler baselines
such as TF-IDF + Logistic Regression (macro-F1
∼0.65).

5.2 Task 3: Arabic AI-Generated Text
Detection

Evaluation Set Results. For Task 3, we exper-
imented with two approaches for detecting AI-
generated Arabic text. The approach that per-
formed better was selected for detailed report-
ing. On the held-out validation set the model was
trained for 3 epochs and achieved the following per-
formance. On the held-out validation set, the model
achieved a validation loss of 0.0861, an accuracy
of 0.9844, an F1-score of 0.9841, a precision of
1.0000, and a recall of 0.9688. Epoch-wise training
results are summarized in Table 2.

Table 2: Task 3: Epoch-wise training results on the
validation set

Epoch Training
Loss

Validation
Loss

Accuracy F1

1 0.1013 0.1271 0.9781 0.9777
2 0.0197 0.0564 0.9896 0.9895
3 0.0047 0.0861 0.9844 0.9841

Test Set Results. On the official test split, the
selected model achieved an F1-score of 0.657, an
accuracy of 0.704, a precision of 0.780, a recall
of 0.568, a specificity of 0.840, and a balanced
accuracy of 0.704.

Quantitative Findings and Analysis. Although
the validation performance was very high (F1
∼0.984), the official test results indicate a substan-
tial drop in F1-score (0.657) and recall (0.568).
This suggests a significant domain shift between
the training/validation data and the test data or the
presence of challenging AI-generated text patterns
not seen during training. The high precision (0.780)
and specificity (0.840) indicate that the model is
conservative in predicting AI-generated text, favor-
ing fewer false positives but missing a considerable
portion of AI-generated instances.

Overall, the results highlight that while con-
textual embeddings and fine-tuning strategies can
achieve near-perfect validation performance, care-
ful attention to dataset diversity and robustness is
necessary for generalization to unseen test exam-
ples. Future work should consider data augmen-
tation, cross-domain evaluation, and adversarial
training to better detect AI-generated Arabic text.

6 Conclusion

In this study, we have presented systems for
two Arabic NLP tasks: authorship identification
(Task 2) and AI-generated text detection (Task 3).
For Task 2, a fine-tuned CAMeL-BERT model
achieved strong performance, with 87% accuracy
and a macro-F1 score of 0.809 on the validation set,
demonstrating its ability to effectively capture and
model distinctive authorial styles in a morphologi-
cally rich language like Arabic. Task 3 employed
a contextual embedding-based approach for dis-
tinguishing human-written from AI-generated text,
achieving near-perfect performance on the valida-
tion set (F1 ∼0.984). However, the official test
results showed a notable drop (F1 = 0.657), high-
lighting the challenges of generalizing to unseen
AI-generated content and the variability introduced
by different text sources and generation methods.
These findings emphasize the importance of do-
main adaptation and robust evaluation strategies
when deploying NLP models for Arabic text analy-
sis.

Overall, our results demonstrate the promise of
transformer-based models for both stylistic and gen-
erative text classification tasks, while also underlin-
ing the need for further research on cross-domain
generalization and handling the evolving capabili-
ties of large language models.
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Limitations

Despite achieving strong performance, our study
has several limitations. In Task 2, distinguishing au-
thors with subtle stylistic differences remains chal-
lenging, particularly when writing styles overlap
or when texts are short. For Task 3, AI-generated
text detection proved sensitive to domain shifts, re-
sulting in reduced generalization to unseen sources
or generation methods. Future work should in-
vestigate more advanced transformer-based archi-
tectures, data augmentation techniques, and cross-
domain training to enhance robustness. Addition-
ally, incorporating explainable AI methods could
provide greater transparency and interpretability
of model decisions. Beyond technical considera-
tions, these findings have broader implications: im-
proving authorship identification and AI-generated
content detection in Arabic can support academic
integrity, media verification, and responsible AI
deployment, helping to mitigate the spread of mis-
information and enhance trust in digital content.

Broader Impact Statement

The development of robust authorship identifica-
tion and AI-generated text detection systems for
Arabic has important societal implications. These
tools can help maintain academic integrity by de-
tecting plagiarism, support media and news veri-
fication to combat misinformation, and promote
responsible use of AI-generated content. Moreover,
advancing NLP methods for morphologically rich
languages like Arabic contributes to more inclu-
sive AI technologies, ensuring that non-English
languages benefit from state-of-the-art models and
reducing linguistic biases in automated text analy-
sis. By improving transparency and accountability
in content generation and evaluation, such systems
can foster trust in digital communication and AI
applications more broadly.
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