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Abstract

The authenticity of digital content has become
an increasingly critical challenge with the rapid
adoption of generative Al tools, especially
for low-resource languages such as Arabic.
The language’s rich morphology and domain
diversity further complicate the detection of
machine-generated Arabic text. In this work,
we present our submission to the ARATECT
4.3 shared task, Subtask 3, which focuses on
identifying Al-generated Arabic news articles.
Our approach employs fine-tuned multilingual
transformer models based on XLM-RoBERTa.
The XLM-RoBERTa-large model achieved a
macro Fl-score of 0.93 on the development set,
while the XLM-RoBERTa-base model obtained
an Fl-score of 0.78 on the test set, ranking
fourth on the official leaderboard. This paper
outlines our methodology, presents the experi-
mental results, and discusses key insights from
our participation.

1 Introduction

The rapid development of large language mod-
els (LLMs), such as GPT-4 (Achiam et al., 2023),
PalLM (Chowdhery et al., 2023), and ChatGPT (Ma-
niaci et al., 2024), has enabled the generation of
coherent and contextually rich text from simple
prompts. These models have transformed natural
language generation (NLG), supporting applica-
tions in education, journalism, scientific writing,
and customer service (Duaibes et al., 2024). How-
ever, their widespread adoption has also raised con-
cerns regarding the authenticity and ethical impli-
cations of Al-generated text (AIGT), particularly in
high-stakes domains (Stahl and Eke, 2024; Cotton
etal., 2024).

Distinguishing AIGT from human-written text
(HWT) remains a persistent challenge, especially

as modern systems such as ChatGPT and Gemini
(Imran and Almusharraf, 2024) increasingly emu-
late natural human language. Misuse of such tech-
nology has been associated with misinformation,
plagiarism, and declining trust in online content
(Weidinger et al., 2022; Sheng et al., 2021; Gao
et al., 2022; Duridi et al., 2025; Jazzar and Duridi,
2024). Despite efforts to develop detection tools,
most are designed for English or other Latin-script
languages, with limited adaptation for morphologi-
cally rich, low-resource languages.

Arabic, spoken by over 440 million people
across 22 countries (Jaber and Martinez, 2023),
remains underrepresented in AIGT detection re-
search. Its complex morphology, optional diacrit-
ics, and stylistic diversity present unique challenges
for existing detection systems (Duridi et al., 2024).
Only a few recent studies have directly addressed
Arabic AIGT detection (Alshammari et al., 2024),
and some report performance degradation when
models are applied to diacritized Arabic HWT (Al-
shammari and Ahmed, 2023).

To address this gap, the AraGenEval Shared Task
introduced ARATECT Subtask 3: Arabic News
Text Detection (Abudalfa et al., 2025), which fo-
cuses on distinguishing human-written from Al-
generated Arabic news articles. For this subtask,
the PTUK-HULAT team developed a detection sys-
tem based on multilingual transformer models fine-
tuned on stratified splits of the shared task dataset.
Our primary system, built on XLM-RoBERTa-base,
achieved an F1-score of 0.78 on the test set, rank-
ing fourth on the official leaderboard. The imple-
mentation code is publicly available at: GitHub
Repository.
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2 Background

ArabicNLP 2025 features eleven shared tasks, in-
cluding Shared Task 5: AraGenEval on Arabic Au-
thorship Style Transfer (AST) and AI-Generated
Text (AIGT) detection. Within this task, ARA-
TECT 4.3 (Abudalfa et al., 2025) evaluates sys-
tems on distinguishing between human-written and
Al-generated Arabic text across multiple genres.
Subtask 3 — Arabic News Text Detection (Ara-
bicNewsGen) — focuses on classifying full-length
Arabic news articles and shorter excerpts into two
categories: human-written or Al-generated.

The input to the system consists of a single Ara-
bic news text, which may range from short pas-
sages to full-length articles. The output is a binary
label: human for human-written or machine for
Al-generated. Table 4 provides representative ex-
amples from each class in Appendix A.

3 Related Work

Research on AIGT detection has largely focused
on English, with early tools like GPTZero and Ope-
nATI’s classifier targeting synthetic content. The rise
of Arabic generative models has prompted studies
on Arabic-specific detection methods.

(Antoun et al., 2020b) introduced AraGPT?2
alongside a discriminator trained to detect its out-
puts, achieving up to 98% accuracy. They later
developed AraELECTRA (Antoun et al., 2020a),
an Arabic adaptation of ELECTRA (Clark et al.,
2020), which demonstrated strong performance
in distinguishing real from synthetic Arabic texts.
Harrag et al. (Harrag et al.,, 2021) fine-tuned
AraBERT on synthetic Arabic tweets, outperform-
ing traditional sequence models with 98.7% accu-
racy. Other studies (Almerekhi and Elsayed, 2015;
Alghamdi and Alowibdi, 2024) applied classical
machine learning with handcrafted features to de-
tect bot-generated Arabic social media content, re-
porting around 92% accuracy.

More recent work by Alshammari et al. (Alsham-
mari and Ahmed, 2023) highlighted the limitations
of general-purpose detectors for Arabic, propos-
ing fine-tuned AraELECTRA and XLM-RoBERTa
models on ChatGPT- and Bard-generated datasets,
achieving near 99% accuracy after dediacritization.
Alharthi (Alharthi, 2025) addressed detection in
multiple Arabic dialects, providing novel dialectal
datasets and achieving up to 97% accuracy with
fine-tuned AraELECTRA and AraBERT, empha-
sizing the challenge of paraphrased content and the
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importance of features like lexical diversity and
readability.

These studies illustrate the progress and ongo-
ing challenges in Arabic AIGT detection, partic-
ularly the need for dialect-aware datasets, robust
benchmarks, and models capable of cross-dialect
generalization.

4 Dataset

The organizers of the ArabicNewsGen shared task
released a dataset containing Arabic news articles
in various domains, including politics, economy,
technology and sports, and was released in three
phases, as summarized in Table 1. The training
set contains 4,798 labeled articles (id, content,
label), moderately balanced across the human and
machine classes; approximately 1.3% of entries
with missing content were removed during pre-
processing. The development set consists of 500
unlabeled articles (id, title, content) for vali-
dation and tuning, while the test set includes 500
unlabeled articles with the same structure as the
development set, used for leaderboard-based evalu-
ation against hidden labels.

S System Description

Our model selection process was iterative. We be-
gan by fine-tuning several widely used Arabic and
multilingual transformers, including mBERT, Dis-
tilBERT, QARIBERT, and AraELECTRA. Among
these, AraELECTRA achieved the highest score
on the test set. Although mBERT, DistilBERT,
and QARIBERT produced relatively strong re-
sults during training, AraELECTRA and XLM-
RoBERTa consistently delivered stronger and more
reliable performance across both the development
and test sets. This finding aligns with prior studies
(see Section 3), which highlight AraELECTRA’s
effectiveness in Arabic-specific tasks and XLM-
RoBERTza’s robustness in handling multilingual
and mixed-language text. Based on these obser-
vations, we prioritized AraELECTRA and XLM-
RoBERTa (base and large) in our final evaluation,
along with a BILSTM-enhanced variant of XILM-
RoBERTa-base.

5.1 Models

AraELECTRA is an Arabic-specific model
based on the ELECTRA framework (Antoun et al.,
2020a), which uses a replaced token detection pre-
training objective. Pre-trained solely on exten-



Table 1: Summary of the ARATECT 4.3 Subtask 3 dataset.

Phase Samples Fields Avg Length (words) English (%)
Training 4,798 id, content, label 485.77 15.86
Development 500 id, title, content 288.74 56.60
Testing 500 id, title, content 238.96 37.60

sive Arabic corpora, AraELECTRA offers efficient
training and strong performance on Arabic NLP
tasks, making it well-suited for Al-generated text
detection in Arabic news domains.

XLM-RoBERTa-base and XLM-RoBERTa-
large are multilingual transformer models trained
on 2.5TB of CommonCrawl data across 100 lan-
guages (Conneau et al., 2019). The base model con-
tains 270 million parameters, providing a balance
between performance and computational efficiency,
while the large model scales up to 550 million pa-
rameters to capture richer linguistic patterns.

XLM-RoBERTa-base + BILSTM extends the
base transformer by adding a BILSTM layer atop
the transformer encoder outputs to model sequen-
tial dependencies and stylistic flow more effectively.
The BiLSTM processes the summed embeddings
from the last four transformer layers bidirection-
ally, enabling the capture of long-range contextual
patterns indicative of Al-generated text. During
fine-tuning, only the last four transformer layers
are unfrozen to maintain pre-trained knowledge,
while the BiLSTM and classifier layers are trained
fully. The BiLSTM hidden size is set to 256 units
with a single bidirectional layer.

6 Experimental Setup

6.1 Data and Preprocessing

We utilized the provided labeled dataset, splitting it
into training (90%) and development (10%) subsets
using stratified sampling to preserve class distribu-
tions.

Preprocessing involved removing samples with
empty content fields and concatenating the title
and content fields into a single text sequence. The
textual class labels (human and machine) were
mapped to numerical labels, with human assigned
0 and machine assigned 1.

Although we initially experimented with exten-
sive text cleaning—including removing diacritics,
normalizing Arabic letters, eliminating punctua-
tion, and collapsing repeated characters—we ob-
served that applying these steps actually reduced
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model performance. Therefore, no additional text
cleaning or normalization was applied prior to tok-
enization, as keeping the raw text produced better
results.

6.2 Training Details

All models were trained using the AdamW opti-
mizer (Loshchilov and Hutter, 2017) with early
stopping (patience=3 epochs) based on the devel-
opment set F1 score for the machine class. Hy-
perparameters were selected through empirical val-
idation considering model architecture and size
constraints.

Key hyperparameter ranges across experiments:

* Learning rate: 1107° to 5107

* Batch size: 4-16 (adjusted for model memory
requirements)

* Dropout: 0.1-0.5 (higher for more complex
architectures)

* Warmup ratio: 0-10% of total training steps
 Label smoothing: ¢ = 0.0 — 0.1
* Maximum epochs: 10-20

For consistency across experiments, we em-
ployed weighted random sampling and class-
weighted cross-entropy loss in all training runs,
though the training data was balanced. The spe-
cific hyperparameter configurations for each model
variant are provided in Table 5 in Appendix B.

6.3 Implementation and Evaluation

Experiments were run on Google Colab with
NVIDIA T4 GPUs, leveraging PyTorch, Hugging-
Face Transformers, and the Accelerate library for
efficient training. Evaluation metrics included pre-
cision, recall, and F1-score per class.

7 Results

7.1 Development Phase Performance

Table 2 demonstrates the superior performance
of XLM-RoBERTa-large on the development set,



achieving state-of-the-art results with 0.9272 F1-
score and 92.4% accuracy. The model exhibits
exceptional recall (0.968), indicating near-perfect
detection of machine-generated texts. While XLLM-
RoBERTa-base shows solid performance (0.8532
F1), AraELECTRA’s high recall (0.912) is offset by
low precision (0.5078), revealing language-specific
challenges in Arabic AIGT detection and limiting
its suitability for further evaluation.

7.2 Test Phase Performance

On the test set Table 3, XLM-RoBERTa-base main-
tains the strongest balance between precision and
recall (0.7823 F1). The BiLSTM-enhanced variant
shows a distinct precision-focused profile (0.8029
precision vs. 0.668 recall), suggesting architectural
modifications significantly impact error tradeoffs.
Performance degradation from development to test
sets (XLM-R-base F1: 0.8532 — 0.7823) high-
lights domain shift challenges in AIGT detection.

The experimental results demonstrate that the
XLM-RoBERTa-large model significantly outper-
forms the base variant on the development set, ben-
efiting from its enhanced capacity to capture the
complex linguistic patterns necessary for distin-
guishing between human- and machine-generated
Arabic texts. The model’s high recall and balanced
accuracy indicate its effectiveness in identifying
machine-generated content, which is critical for
practical detection applications.

On the test set, the XLM-RoBERTa-base model
achieves a more balanced trade-off between recall
and precision compared to the BiLSTM-enhanced
variant. While the BiLSTM addition improves pre-
cision and specificity, it does so at the expense of
recall, resulting in a more conservative classifier
that may fail to detect certain machine-generated
samples. This trade-off underscores the need to
carefully select model architectures according to
the intended application’s prioritization of recall
Versus precision.

The inherent characteristics of the dataset—such
as predominantly Arabic text with a minor English
component, variable text lengths, and the pres-
ence of abbreviations—pose challenges that larger
transformer-based models are often better equipped
to address due to their richer representational capac-
ity. Furthermore, differences in text length and lan-
guage composition between the training and evalu-
ation sets likely contribute to domain shifts, which
may explain the observed performance degrada-
tion on the test set relative to development results.

45

Not all models from the development phase were
carried forward to the test phase: AraELECTRA,
despite its high recall, exhibited poor precision and
overall F1-score, making it unreliable for balanced
AIGT detection. XLM-RoBERTa-large achieved
the best performance on the development set, but
its evaluation on the test set was excluded due to
substantial computational cost. Therefore, the test
set experiments focused on XLLM-RoBERTa-base
and its BiILSTM-enhanced variant, which offered
a practical balance between efficiency and perfor-
mance while allowing exploration of architectural
improvements.

8 Conclusion

This work investigated multiple transformer-based
architectures for detecting Al-generated Ara-
bic text, including XLM-RoBERTa-base, XI.M-
RoBERTa-large, and a BiLSTM-enhanced vari-
ant. The best development set performance was
achieved by XLM-RoBERTa-large, benefiting from
its higher representational capacity to capture com-
plex Arabic linguistic patterns. On the test set,
XLM-RoBERTa-base offered a more balanced pre-
cision-recall trade-off, while the BiLSTM addition
improved specificity at the cost of recall.

Despite strong results, the system faces chal-
lenges from domain shifts between training and
test data, varying text lengths, and mixed-language
content, which reduce performance on unseen data.
Future work will address these issues through do-
main adaptation, better model designs for balanc-
ing precision and recall, and improvements to han-
dle diverse Arabic texts and code-switching.
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Table 4: Sample Arabic Texts with Labels
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.&Jh‘_,ém_}a.udlm‘;.vj).&iﬂl Jlia¥ Oldae OF ury 92 Al jo a3 520
L..\.cL.a.' agdd —Oleid¥) Oldllay aludduwly Jloa ¥y 2 maodl Jloa¥iy 4;}@.” 43
':_L.e-._mu o el slsld) Jie Oluas )3.@!4,3 Lpg!}&.di puas awe LUaj_a_Ln
el Uad podl JLia W Oldes Ougd Aol lLaﬁjj l..u.a.u i Olema gkt
LA’Aj ).«AA.A‘;.“)I‘;J‘L;" M}@‘Mﬂj)‘}.ﬁ)&ﬁgﬂ)jil&&—éﬂbbéb)
o e A Led g Al St Aobesd S 331 5 5 pud le ¢ guall dalius
OLEET (B o peadl 5 olaidl OF (a5 98 ot J45 ST g 2 9 JSSIYN daloandl o St (a5 92
Oile plactl Ao jliue putas Loviold (uSigiuall (po Aadls Alady cullaly (3 9 LASIYT Jhais ¥

B398 il (9 ) ST Juol g3 ST pe Julald) (o | jimns 9 4B 95 g0 Silg> pse ¥

human

G2ld lieaed) adiwall 3] 558 ¢lad L8 addi ¥l SN blbwud e aae Juo g
1 B W g Slesngd) Ao 3 pudad OLLoY Libswal) (o yad (5 9 padl 7 Mall
Adall Zole I @uddS b paddued! B O glelall el Adbaiedl B Sl ) Lgiias

Auall mgidle )l pdiwl e Joall g (obaedd 4o )31

machine

Table 5: Key training hyperparameters per model architecture

Parameter XLM-R Base BiLSTM XLM-R Large Arabic ELECTRA

Learning rate 3107° 510=° 3107° 310—°

Batch size 16 16 4
Max epochs 10 20 10

16
10

Warmup ratio 10% 0% 10% 10%

Dropout 0.1 0.5 0.1 0.1
Label smoothing (¢) 0.1 - 0.1 0.1

Optimizer AdamW
Early stopping Patience=3 (F1)
Class weighting Yes
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