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Abstract

We address the problem of distinguishing be-
tween human-authored and Al-generated text
in low-resource languages, particularly Ara-
bic. We present the LMSA! team’s participa-
tion in the ARATECT (Arabic Al-Generated
Text Detection) subtask of the AraGenEval?
shared task, which targets the detection of
Al-generated Arabic texts. We propose an
ensemble-based classification framework that
integrates multilingual and Arabic-specific
pre-trained language models, namely Fanar,
AraBERT, and XLLM-R, optimized through a
dedicated fine-tuning pipeline. The approach is
evaluated on the balanced Arabic text dataset
provided by the shared task organizers. Our sys-
tem achieved an F1-score of 0.864 and ranked
first among all participating teams.

1 Introduction

The rapid advancement of generative artificial in-
telligence has significantly transformed the land-
scape of content creation, education, and commu-
nication. State-of-the-art large language models
(LLMs) such as GPT-3 (Brown et al., 2020), GPT-
4 (OpenAl et al., 2023), and LLaMA (Touvron
et al., 2023) are now capable of producing text that
exhibits a high degree of fluency, coherence, and
stylistic refinement, often closely resembling hu-
man writing. These technologies offer substantial
benefits, including personalized learning, writing
support, and scalable content generation. How-
ever, they also raise serious ethical concerns re-
garding authorship, originality, and academic in-
tegrity. Moreover, generative Al can be misused
to produce misleading or deceptive content, includ-
ing fabricated news articles (Ishraquzzaman et al.,

*Corresponding author:
zita.kaoutar@univ-ghardaia.edu.dz

'Laboratoire des Mathématiques et Sciences Appliquées,
University of Ghardaia, Algeria

Zhttps://ezzini.github.io/AraGenEval/

26

2025), deepfake tweets (Fagni et al., 2021), and
Al-generated documents such as academic papers
and study reports (Chowdhury et al., 2025). Such
misuse poses significant ethical risks across do-
mains, including journalism, education, and social
media. In light of these developments, there is a
growing need and a corresponding challenge to
reliably distinguish between human-written and
machine-generated text.

Arabic, one of the six official languages recog-
nized worldwide (Wahdan et al., 2020) and the
fourth most used language on the Internet with
over 400 million speakers (Guellil et al., 2021), has
received comparatively less attention in the area
of Al-generated text detection. In this context, the
AraGenEval shared task (Arabic Authorship Style
Transfer and AI-Generated Text Detection) (Abu-
dalfa et al., 2025) is introduced to foster research
on Arabic text generation and detection. One of its
subtasks, ARATECT, focuses on the binary classi-
fication of Arabic texts as either human-written or
Al-generated.

To address this challenge, we propose an
ensemble-based classification framework that com-
bines the strengths of both multilingual and Arabic-
specific pre-trained language models. By integrat-
ing Fanar, AraBERT, and XLM-R within a fine-
tuning pipeline and applying a majority voting
strategy, this approach enhanced the robustness
and accuracy of our system, enabling it to rank first
among the 16 submitted systems in the ARATECT
subtask.

The implementation is publicly available® to sup-
port transparency and reproducibility.

3https://github.com/kaoutarzi/
AraGenEval-2025-Aratect
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2 Background

2.1 Task Setup

In this study, we address the detection of Al-
generated Arabic text as part of the ARATECT
subtask in the AraGenEval Shared Task. This sub-
task is formulated as a binary classification prob-
lem in which the system is given an Arabic text and
must determine whether it was written by a human
or generated by an Al model. The dataset used
consists of Arabic texts spanning various genres,
including news articles and literary content. It is
balanced in terms of class distribution, featuring an
equal number of human- and machine-generated
samples. The full dataset comprises 5,798 texts,
split into training, development, and test sets, as
detailed in Table 1.

For instance, a system might encounter a news
excerpt such as:
A gl Olelaal) o) Bla dy gall LAY D g ca1d "
Eolgall e duay Gl pw] Ol gdal Oual Ay ) !
Slelwdl b By dewlall das 2 Gblis Cdigiul

" EYREE L (I VA (Y ‘,133'1

Which means "The Syrian Arab News Agency
(SANA) reported that Syrian air defenses re-
sponded to an Israeli attack involving several mis-
siles that targeted areas around the capital, Damas-
cus, in the early hours of Thursday." The system is
then expected to classify the text accordingly.

2.2 Related Work

Numerous studies (Liu et al., 2025; Wu et al., 2025;
Fraser et al., 2025) have addressed the challenge of
detecting Al-generated text, driven by the growing
capabilities of large language models. However,
most existing research has focused predominantly
on English or other high-resource languages.

For instance, Katib et al. (2023) introduced a
hybrid model called TSA-LSTMRNN, which in-
tegrates LSTM with an attention mechanism and
the Tunicate Swarm Algorithm (Kaur et al., 2020).
They utilize TF-IDF, count vectorizer, and word
embeddings for feature extraction, achieving up to
93.83% accuracy in distinguishing between human-
and ChatGPT-generated text.

Antoun et al. (2023) proposed a methodology for
detecting ChatGPT-generated French text by trans-
lating the HC3 English dataset (Guo et al., 2023)
and training classifiers (e.g., CamemBERTa, XI.M-
R). The detectors performed well in-domain (F1
~ 0.97), but showed reduced effectiveness on out-
of-domain and adversarial samples, highlighting
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limitations in generalization.

Focusing specifically on Arabic, Alshammari
et al. (2024) propose two fine-tuned Transformer-
based models, AraELECTRA and XLM-R, for de-
tecting Al-generated versus human-written texts.
Their approach incorporates a novel Dediacritiza-
tion Layer. Trained on the AIRABIC dataset (Al-
shammari and EI-Sayed, 2023), the models achieve
up to 83% accuracy, outperforming GPTZero
(63%) and OpenAl Text Classifier (50%).

Similarly, Alghamdi and Alowibdi (2024) com-
piled a dataset of Arabic tweets authored by both
humans and ChatGPT. They trained and evaluated
three machine learning models (SVM, Naive Bayes,
and Decision Tree), with Naive Bayes achieving
the highest accuracy of 93% in distinguishing be-
tween the two sources.

3 System Overview

In this study, we progressively explored a wide
range of models for Arabic text classification to
address the task of detecting Al-generated con-
tent. We began with traditional machine learning
methods, advanced through deep learning archi-
tectures, and further extended our investigation by
fine-tuning various pre-trained language models.
To enhance overall performance and robustness,
we adopt an ensemble strategy based on majority
voting (Dong et al., 2020). The following sections
provide a detailed exploration of each category of
models employed in our study.

3.1 Machine Learning-based Classification

To classify Arabic Al-generated text using tradi-
tional machine learning, we extracted three types
of features: (1) statistical and stylistic features,
such as word counts, lexical diversity, and punctu-
ation usage; (2) TF-IDF features, which captured
sparse lexical patterns; and (3) contextual represen-
tations derived from AraBERT embeddings. These
features were then used as input to machine learn-
ing models, specifically Logistic Regression and
a Multi-Layer Perceptron (MLP), which were se-
lected based on their performance on the develop-
ment set.

3.2 Deep Learning-based Classification

To explore deep learning-based detection, we de-
signed a fusion architecture that integrates both
handcrafted and contextual features. As shown
in Figure 1, the input text is processed twice to



get a rich encoding. The first branch encodes
handcrafted stylometric and sparse lexical patterns
(stylistic features and TF-IDF), while the second
processes semantic features obtained via AraBERT
embeddings. This separation aims to preserve
the distinct contribution of each feature type and
prevent potential dominance of contextual embed-
dings. The outputs from both branches are then
concatenated and passed through a multi-head at-
tention layer to model cross-feature interactions,
enabling the integration of both surface-level and
deep contextual cues for the final classification.
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Figure 1: FusionNet Architecture for Arabic Al Gener-
ated Text Detection.

3.3 LLM-based Classification

A core focus of our work lies in exploring the poten-
tial of large pre-trained language models (LLMs)
for detecting Al-generated text. To this end, we ex-
perimented with several models and identified three
that contributed the most significantly to our final
submission results: Fanar, AraBERT, and XLM-R.

XLM-RoBERTa* is a multilingual transformer-
based language model developed to handle over
100 languages, including Arabic. It builds upon
the RoBERTa architecture and is trained using the
Masked Language Modeling (MLM) objective on
a massive dataset of 2.5TB of filtered Common-
Crawl data. Its architecture supports fine-tuning for

*FacebookAI/x1m-roberta-base
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tasks such as text classification, sentiment analysis,
and question answering, leveraging rich contextual
representations learned from diverse multilingual
corpora (Conneau et al., 2020).

AraBERT? is a transformer-based language
model specifically pre-trained for Arabic, adapting
the original BERT (Devlin et al., 2019) architec-
ture to better address the linguistic richness and
morphological complexity of Arabic. Trained on
approximately 1.5 billion words from diverse Ara-
bic corpora, AraBERT demonstrates strong per-
formance across various NLP tasks such as sen-
timent analysis, question answering, and named
entity recognition. Its design, which includes 12
encoder layers and 136M parameters, allows it to
capture deep contextual representations tailored to
the Arabic language (Antoun et al., 2020).

Fanar® is an Arabic-centric multimodal Large
Language Model developed by the Qatar Comput-
ing Research Institute at Hamad Bin Khalifa Uni-
versity. It is available in two versions: Fanar Star
(7B) and Fanar Prime (9B), trained on a corpus
of one trillion tokens in Arabic and English. Fa-
nar is designed to support Modern Standard Ara-
bic as well as major regional dialects. Aligned
with Islamic values and Arab cultural contexts, it
offers a range of capabilities such as text genera-
tion, speech and image processing, and retrieval-
augmented generation (RAG) (Team et al., 2025).

Finally, as shown in Figure 2, the predictions
from the fine-tuned XLM-RoBERTa, AraBERT,
and Fanar models were combined using a majority
voting scheme. This ensemble method leveraged
the complementary strengths of the individual mod-
els to achieve balanced performance across all eval-
uation metrics and improve the overall accuracy
and robustness of the text classification system.
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Figure 2: Ensemble-Based Approach for Arabic Al-
Generated Text Detection.

4 Experimental Setup

We deploy the dataset provided in the ARATECT
subtask of the AraGenEval shared task (Abudalfa

Saubmindlab/bert-base-arabertv2
®https://huggingface.co/QCRI/Fanar-1-9B
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et al., 2025), which aims to detect Al-generated
Arabic texts. The dataset comprises a balanced
set of human- and machine-generated texts across
the training, development, and test splits. Human-
written texts were sourced from credible Arabic
news platforms and literary works, ensuring di-
versity in style and topic. In contrast, machine-
generated texts were produced using multiple large
language models, including Mistral, GPT-4, and
LLaMA.

Table 1 provides a detailed overview of the
dataset’s composition.

Data Training Dev Test
# of Samples 4,798 500 500
# of Words 2,330,765 139,745 115,057
Machine (%) 50% 50% 50%
Human (%) 50% 50% 50%

Table 1: ARATECT Dataset Overview.

All experiments were conducted using Python
within a Kaggle GPU environment, leveraging the
Hugging Face Transformers, Datasets, and Evalu-
ate libraries to fine-tune three pre-trained language
models: XLM-RoBERTa, AraBERT, and Fanar.
For XLLM-RoBERTa and AraBERT, texts were tok-
enized and classified using cross-entropy loss, with
a batch size of 4 over 3 epochs and 1 epoch, re-
spectively. Fanar was fine-tuned using instruction-
formatted prompts through LoRA-based parameter-
efficient tuning in 4-bit precision, with a batch size
of 2 and one epoch. Model performance was evalu-
ated using accuracy, precision, recall, and F1-score.
All implementation details, including code and con-
figurations, are publicly available on GitHub’ .

5 Results

Table 2 presents the evaluation results across all
experimented models. Traditional machine learn-
ing approaches and FusionNet obtained relatively
modest performance, reflecting their limited abil-
ity to capture the complex linguistic patterns in
the dataset. Among the Transformer-based models,
the three fine-tuned large language models XLM-
R, AraBERT, and Fanar stood out with superior
and complementary strengths. AraBERT achieved
the highest accuracy (0.864) and F1-score (0.861),
XLM-R attained the highest precision (0.911), and
Fanar recorded the highest recall (0.920). Although

7https://github.com/kaoutarzi/
AraGenEval-2025-Aratect
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Model Acc. Prec. Rec. F1

LR 0.438 0.464 0.804 0.589
MLP 0.506 0.503 0.988 0.667
FusionNet 0.578 0.552 0.824 0.661
AraElectra 0.688 0.737 0.584 0.652
MARBERT 0.586 0.563 0.764 0.649
DeBERTa 0.768 0.791 0.728 0.758
Qwen2.5 0.480 0.490 0.940 0.644
CAMeL 0.642 0.612 0.776 0.684
XLM-R 0.832 0911 0.736 0.814
AraBERT 0.864 0.882 0.840 0.861
Fanar 0.776 0.714 0.920 0.804
Majority Voting 0.866 0.877 0.852 0.864

Table 2: Performance of our models.

the performance of the Majority Voting ensemble
is numerically close to that of AraBERT, the en-
semble remains valuable because it balances these
strengths, producing a more stable and robust sys-
tem that is less dependent on the behavior of a
single model and better suited to varying data dis-
tributions.

6 Conclusion

In this study, we developed a system for Al-
generated Arabic text detection within the ARA-
TECT subtask of the AraGenEval Shared Task. We
proposed an ensemble-based classification frame-
work that combines the strengths of both multilin-
gual and Arabic-specific pre-trained language mod-
els. By integrating Fanar, AraBERT, and XLM-R
within a fine-tuning pipeline and applying a major-
ity voting strategy, the system achieved strong and
balanced performance across all evaluation metrics.
However, there is room for improvement, partic-
ularly in enhancing generalization capabilities to
unseen domains and handling more diverse writing
styles. Future work will address these limitations
by exploring more advanced ensemble learning
techniques, such as stacking, incorporating larger
and more recent language models like GPT-4 or
LLaMA 3, and evaluating the system on broader
datasets to further improve robustness and adapt-
ability. Furthermore, we plan to extend the clas-
sification task beyond binary detection to detect
specific Al-generated segments within texts.
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