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Abstract

As Large Language Models (LLMs) become in-
creasingly proficient at generating human-like
text, distinguishing between human-written and
machine-generated content has become a crit-
ical challenge for information integrity. This
paper presents Kashif-Al a system developed
for the AbjadGenEval Task 1: Al-Generated
Arabic Text Detection. The approach lever-
ages fine-tuned Arabic Pre-trained Language
Models (PLMs), specifically MARBERT and
CAMEeLBERT, to classify news articles. A rig-
orous ablation study was conducted to eval-
uate the impact of data augmentation, com-
paring models trained on the official shared
task data against those trained on a combined
corpus of over 47,000 samples. While near-
perfect performance was observed during val-
idation, the blind test set evaluation revealed
a significant generalization gap. Contrary to
expectations, data augmentation resulted in per-
formance degradation due to domain shifts.
The best-performing configuration, which uti-
lized CAMeLBERT-Mix trained on the original
dataset, achieved an F1-score of 66.29% and
an Accuracy of 70.5% on the blind test set.

1 Introduction

The rapid evolution of Generative Al has lowered
the barrier for creating high-quality, fluent text in
various languages, including Arabic. While benefi-
cial for productivity, this capability poses risks re-
garding misinformation, academic dishonesty, and
the dilution of verified news sources (Solaiman
et al., 2019; Alshammari and Elleithy, 2024). Con-
sequently, the detection of Al-generated text has
emerged as a vital research area for the Arabic
NLP community, often categorized under broader
efforts to maintain information integrity (Alsham-
mari and Elleithy, 2024; Al-Shaibani and Ahmed,
2025; Jawahar et al., 2020). Comprehensive sur-
veys have highlighted the evolving threat models
and the necessity of robust detection mechanisms

in the face of increasingly sophisticated LLMs
(Crothers et al., 2022). This work addresses Ab-
jadGenEval Task 1, which focuses on the binary
classification (Human vs. Machine) of Arabic news
articles (Ezzini et al., 2026).

The proposed system, Kashif-Al, treats this prob-
lem as a supervised sequence classification task.
The efficacy of distinct Transformer architectures is
explored, specifically MARBERT (Abdul-Mageed
et al., 2021), which is optimized for both dialec-
tal and MSA coverage, and CAMeLBERT-Mix
(Abdul-Mageed et al., 2021), a model pre-trained
on a diverse mix of Arabic texts. The contribu-
tions of this study include a comparative analysis
of state-of-the-art Arabic PLMs under identical
training conditions, an ablation study demonstrat-
ing the counter-intuitive impact of data augmenta-
tion where merging a large external corpus reduced
generalization, and a detailed error analysis high-
lighting the discrepancy between validation results
and blind test results. To ensure reproducibility and
facilitate future research, open access is provided
to all experimental code and fine-tuned models via
GitHub! and Hugging Face?.

2 Background and Related Work

The proliferation of Large Language Models
(LLMs) has necessitated robust detection mech-
anisms to maintain information integrity. Early de-
tection methodologies relied heavily on statistical
artifacts, such as perplexity and burstiness features,
or zero-shot methods utilizing the probability cur-
vature of the generating model (Gehrmann et al.,
2019; Mitchell et al., 2023). However, as genera-
tion quality has improved, these statistical signals
have become less reliable.

"https://github.com/astral-fate/
Kashif-AI/

https://huggingface.co/collections/
FatimahEmadEldin/kashif-ai
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Input Article

Figure 1: The system overview of Kashif-Al illustrating the data flow from input text to final classification.

Consequently, the paradigm has shifted towards
supervised fine-tuning of Pre-trained Language
Models (PLMs). Numerous studies have demon-
strated that Transformer-based classifiers, such as
BERT and RoBERTa, consistently achieve state-of-
the-art performance in distinguishing human from
machine text by learning high-dimensional seman-
tic and stylistic representations (Devlin et al., 2019;
Liu et al., 2020; Zellers et al., 2019).

In the context of Arabic NLP, this Transformer-
based approach is increasingly critical due to the
language’s morphological complexity. Recent
work has focused on domain-specific PLMs such
as AraBERT (Antoun et al., 2020), MARBERT
(Abdul-Mageed et al., 2021), and CAMeLBERT
(Inoue et al., 2021). These models, pre-trained on
massive Arabic corpora, have set new benchmarks
for various classification tasks, including dialect
identification and sentiment analysis. This study
builds upon this established foundation by apply-
ing these specific Arabic PLMs (MARBERT and
CAMEeLBERT) to the novel task of Al-generated
text detection.

2.1 Task Setup

The task is defined as a binary classification prob-
lem. Given an input text sequence .5, the system
must predict a label y € {0, 1}, where 0 represents
human-authored text and 1 represents machine-
generated text (Ezzini et al., 2026; Abudalfa et al.,
2025; Lamsiyah et al., 2025). The domain focuses
on news articles, requiring the model to discern sub-
tle stylistic artifacts inherent to neural generation
rather than obvious semantic errors. This challenge
is consistent with findings that human-like neural
text can often be holistically confusing for both
human judges and automated classifiers (Ippolito
et al., 2020).

2.2 Dataset Details

Two primary sources of data were utilized for train-
ing: the Official AbjadGenEval Data and an Exter-
nal Dataset (Al-Shaibani and Ahmed, 2025). The
official data consists of balanced human-written
news articles and Al-generated content produced
by models such as GPT-3.5, GPT-4, and Claude.
To investigate the effects of scale, a large exter-
nal dataset consisting of 41,940 samples was in-
corporated. The datasets were merged to create a
"Combined" training corpus. The distribution of
the utilized datasets is detailed in Table 1.

Dataset Source Total Size Human Machine

4,800 2,400 2,400
41,940 8,637 33,303

Combined 46,740 11,037 35,703
Official Test 2,000

Usage

Official Train
External Data

Base Training
Augmentation

Experiments 3 & 4
Blind Evaluation

Table 1: Distribution of datasets used in the experiments.

3 Methodology

The proposed system, Kashif-Al, treats the detec-
tion of Al-generated text as a supervised binary
sequence classification task. The architecture is
designed as a modular pipeline comprising three
distinct stages: preprocessing, feature extraction
via pre-trained Transformer encoders, and classifi-
cation. The high-level system architecture is illus-
trated in Figure 1.

3.1 System Architecture

The detection pipeline ingests raw Arabic news
articles and processes them through a specialized
regex-based cleaning module to remove noise such
as URLs and tatweel (elongation). The normalized
text is then tokenized and passed to a Transformer
encoder (MARBERT or CAMeLBERT). The en-
coder outputs a sequence of contextualized vectors,
where the vector corresponding to the special clas-
sification token ([CLS]) is extracted to serve as
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Validation Split Blind Test Set
Model Training Data F1-Score Accuracy F1-Score Accuracy
Base (Original) 0.992 0.992 0.632 0.650
MARBERT Combined (Augmented) 0.998 0.998 0.636 0.570
Base (Original) 0.995 0.995 0.663 0.705
CAMeLBERT Combined (Augmented) 0.997 0.997 0.561 0.570

Table 2: Ablation Study: Comparison of MARBERT and CAMeLBERT performance across distinct data configura-
tions. The table contrasts the internal Validation performance against the official Blind Test leaderboard results.
The Base dataset refers to the official task data, while Combined includes external scraped data.

the aggregate semantic representation of the entire
text (Devlin et al., 2019) .

3.2 Evaluation Metrics

Model performance was assessed using standard
binary classification metrics. Given the potential
for class imbalance in the augmented datasets, F1-
Score was prioritized as the primary metric for
model selection (Goutte and Gaussier, 2005). The
metrics are defined as follows, where TP, T'N,
FP,and F'N represent True Positives, True Nega-
tives, False Positives, and False Negatives, respec-
tively:

Precision — TP 1
recision = TP+ FP
TP
ll= ———— 2
Reca TP+ FN 2)

The F1-Score represents the harmonic mean of
Precision and Recall, providing a balanced assess-
ment of the classifier’s performance:

Precision x Recall

F1— Score =2 x 3)

Precision + Recall

Accuracy was also recorded to measure the over-
all ratio of correctly predicted observations to total
observations.

3.3 Experimental Setup

To ensure a rigorous comparative analysis, identical
experimental conditions were maintained across all
model configurations.

3.3.1 Training Configuration

A supervised fine-tuning approach was adopted.
The models were trained using the AdamW opti-
mizer (Loshchilov and Hutter, 2017) with a learn-
ing rate of 2¢7° and a weight decay of 0.01 to

prevent overfitting. A linear learning rate scheduler
was employed to stabilize convergence over 3 train-
ing epochs. To accommodate standard news article
lengths, the maximum sequence length was fixed
at 512 tokens, with a batch size of 16. The training
procedure utilized a "save-best" strategy, where the
model state achieving the highest F1-score on the
validation set was preserved for final testing.

3.3.2 Dataset Splits

For internal evaluation, the training data was par-
titioned using stratified sampling to generate an
80/20 train-validation split. This stratification en-
sured that the class distribution (Human vs. Ma-
chine) remained consistent across subsets, prevent-
ing bias in the validation metrics.

4 Results

Four distinct experiments were conducted to isolate
the effects of model architecture and data augmen-
tation. Performance was evaluated on both the
internal validation split (held-out from training)
and the official Blind Test Set. Table 2 presents
the comprehensive results of this ablation study. A
stark contrast is observed between the validation
metrics and the blind test metrics. During the train-
ing phase on the combined dataset, both models
achieved exceptionally high performance on the
held-out validation set, with F1-scores exceeding
0.99. However, the blind test results indicated a
significant drop in performance.

4.1 Ablation Study

The impact of model architecture was evident,
as CAMeLBERT-Mix consistently outperformed
MARBERT on the blind test set when trained on
the original data, achieving an accuracy of 70.5%
compared to MARBERT’s 65.0%. This suggests
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that CAMeLBERT’s pre-training on formal MSA
texts aligns better with the news domain of the
shared task compared to MARBERT’s tweet-heavy
pre-training.

Regarding the impact of data augmentation, con-
trary to the common assumption that increasing
dataset size improves performance, the inclusion
of the large external dataset caused a degradation
in generalization on the blind test set. For CAMeL-
BERT, accuracy dropped significantly from 70.5%
to 57.0%. This degradation is attributed to the
heavy class imbalance introduced by the external
data, which led the models to over-predict the "Ma-
chine" class. Additionally, the external data likely
contained specific watermarks or stylistic artifacts
not present in the blind test set, causing the mod-
els to learn dataset-specific shortcuts rather than
generalized detection features. This phenomenon
of "artifact learning" has been documented as a
challenge in scenarios where models might pick
up on subtle watermarking strategies or generation-
specific biases (Kirchenbauer et al., 2023; Ippolito
et al., 2020).

4.2 Error Analysis

To investigate the source of the generalization gap,
a fine-grained error analysis was conducted on the
held-out validation split (N = 7,086). As detailed
in Appendix A, the model exhibited near-perfect
classification capabilities within the training dis-
tribution, as illustrated by the confusion matrix in
Figure 2. While OpenAl-generated abstracts were
detected with 100% success, indicating the pres-
ence of strong learnable artifacts (Kirchenbauer
et al., 2023; Ippolito et al., 2020), models such as
Llama and JAIS (Sengupta et al., 2023) achieved
slightly higher error rates (1.60% and 1.25% respec-
tively). The complete breakdown of these rates is
summarized in Table 3. The discrepancy between
these results and the blind test performance rein-
forces the conclusion that the model overfitted to
the specific generation patterns of the external train-
ing data.

5 Conclusion

In this paper, Kashif-Al was presented as a robust
baseline for Arabic Al text detection. Through
a systematic ablation study, it was demonstrated
that fine-tuning CAMeLBERT-Mix on the balanced
official dataset yielded the highest performance,
achieving 70.5% accuracy. The study further re-

vealed that naive data augmentation with imbal-
anced or out-of-domain external data can be detri-
mental to model generalization. Future work will
focus on domain adaptation techniques to bridge
the gap between training and testing distributions.
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A Appendix A: Detailed Error Analysis

This appendix provides a granular breakdown of
the error analysis results obtained on the internal
validation split.

Confusion Matrix (Validation Set)

5000

1642 14 2000

Actual Human

- 2000

38
- 1000

Actual Machine

Pred Human Pred Machine

Figure 2: Confusion Matrix on the held-out Validation
Set for CAMeLBERT-Mix, showing distinct separation
between Human and Machine classes.

Table 3: Fooling Rate (False Negative Rate) by Source
Model on the Validation Split.

Source Model Total Samples Missed Fooling Rate (%)

Llama (Abstracts) 1,191 19 1.60%
JAIS (Abstracts) 1,284 16 1.25%
Official Task Data 392 2 0.51%
Allam (Abstracts) 1,282 1 0.08%
OpenAl (GPT) 1,281 0 0.00%
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