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Abstract

We present a computationally efficient ap-
proach for detecting AI-generated Arabic
text as part of the AbjadGenEval shared
task. Our method combines Supervised Con-
trastive Learning with a Stacking Ensemble
of AraBERT and XLM-RoBERTa models.
Our training pipeline progresses through three
stages: (1) standard fine-tuning without con-
trastive loss, (2) adding supervised contrastive
loss for better embeddings, and (3) further
fine-tuning on diverse generation styles. On
our held-out test split, the stacking ensemble
achieves F1=0.983 before fine-tuning. On the
official workshop test data, our system achieved
4th place with F1=0.782, demonstrating strong
generalization using only encoder-based trans-
formers without requiring large language mod-
els. Our implementation is publicly available.1

1 Introduction

Large language models capable of generating
human-like text raise concerns about content au-
thenticity and academic integrity (Wu et al., 2025).
While AI-generated text detection has been studied
extensively for English, Arabic remains underex-
plored (Guellil et al., 2021).

The M-DAIGT shared task (Lamsiyah et al.,
2025), AraGenEval shared task (Abudalfa et al.,
2025), and the AbjadGenEval shared task (Ezzini
et al., 2026) address this gap through AI-generated
text detection for Arabic-script languages. We par-
ticipate in the binary classification subtask: distin-
guishing human-written from AI-generated Arabic
text. We contribute:

1. Supervised Contrastive Learning: We add
contrastive loss to cross-entropy, pulling same-
class embeddings together while pushing dif-
ferent classes apart.

1https://www.kaggle.com/code/se7s609/
abjadgeneval-arabic-ai-detection-contrastive-ens

2. Stacking Ensemble: A meta-learner that op-
timally weighs model predictions based on
confidence scores, outperforming simple ma-
jority voting.

3. Three-stage Training: We first train without
contrastive loss, then add contrastive learning,
and finally fine-tune on diverse AI generation
styles.

Our approach achieves strong results on vali-
dation (F1=0.983) and secured 4th place on the
official test set (F1=0.782), all without expensive
LLM fine-tuning.

2 Background

2.1 Task Setup
The ARATECT dataset contains 5,298 balanced
training samples (50% human, 50% machine-
generated by Mistral, GPT-4, and LLaMA) with
200 unlabeled test samples. Table 1 shows the
distribution.

Split Train Test

Samples 5,298 200
Human (%) 50 –
Machine (%) 50 –

Table 1: ARATECT dataset distribution.

For further fine-tuning, we use the Arabic Gen-
erated Abstracts dataset2 containing 8,388 samples
from four AI models (Allam, Jais, LLaMA, Ope-
nAI) across three generation strategies: text polish-
ing, generation from title, and generation from title
with content.

2.2 Related Work
Alshammari et al. (2024) fine-tuned AraELECTRA
and XLM-R achieving 83% accuracy. Alghamdi

2https://huggingface.co/datasets/KFUPM-JRCAI/
arabic-generated-abstracts

https://www.kaggle.com/code/se7s609/abjadgeneval-arabic-ai-detection-contrastive-ens
https://www.kaggle.com/code/se7s609/abjadgeneval-arabic-ai-detection-contrastive-ens
https://huggingface.co/datasets/KFUPM-JRCAI/arabic-generated-abstracts
https://huggingface.co/datasets/KFUPM-JRCAI/arabic-generated-abstracts
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and Alowibdi (2024) used traditional ML on Ara-
bic tweets with Naive Bayes reaching 93% in that
domain-specific setting.

Contrastive learning has proven effective for rep-
resentation learning (Khosla et al., 2020), and en-
semble methods improve text classification (Dong
et al., 2020). We combine both for Arabic AI de-
tection.

3 System Overview

3.1 Model Architecture
We use AraBERT (Antoun et al., 2020), pre-trained
on 1.5B Arabic words, and XLM-RoBERTa (Con-
neau et al., 2020), a multilingual model covering
100+ languages. Both have 136M parameters each.

Each model has two heads: (1) a classification
head for binary prediction, and (2) a projection
head mapping to 256-dimensional space for con-
trastive learning.

3.2 Training Pipeline
Our training follows three stages:

Stage 1: Standard Fine-tuning. We first train
with cross-entropy loss only to establish baseline
performance.

Stage 2: Adding Contrastive Loss. We then
train with combined loss:

L = LCE + λ · LSCL (1)

where λ = 0.3. The supervised contrastive loss
(Khosla et al., 2020):

LSCL = −
∑
i

1

|P (i)|
∑

p∈P (i)

log
ezi·zp/τ∑
a̸=i e

zi·za/τ

(2)
pulls same-class embeddings together while push-
ing different classes apart. Here P (i) is the set of
positive samples, z are L2-normalized embeddings,
and τ = 0.1.

Stage 3: Further Fine-tuning. Finally, we fine-
tune on the Arabic Generated Abstracts dataset
with reduced learning rate (1 × 10−5) to prevent
catastrophic forgetting while learning diverse AI
patterns.

Figure 1 shows the embedding improvement af-
ter contrastive training.

3.3 Stacking Ensemble
Instead of majority voting, we use logistic regres-
sion to combine model outputs:

ŷ = σ(w1 · p1 + w2 · p2 + b) (3)

Figure 1: t-SNE of AraBERT embeddings before (left)
and after (right) contrastive training, showing clearer
class separation.

Model F1 Acc Prec Rec

Before Further Fine-tuning
AraBERT 0.978 0.977 0.960 0.996
XLM-R 0.965 0.964 0.936 0.996
Stacking 0.983 0.983 0.971 0.996

After Further Fine-tuning
AraBERT 0.912 0.904 0.839 1.000
XLM-R 0.788 0.730 0.650 1.000
Stacking 0.922 0.915 0.855 1.000

Table 2: Results on held-out test split with contrastive
learning. The stacking ensemble achieves F1=0.983
before fine-tuning.

This leverages confidence information: when one
model is uncertain but another is confident, stack-
ing weighs their contributions appropriately.

4 Experimental Setup

We split the ARATECT data 80/10/10
(4,238/530/530 samples) for train/validation/test.
The Arabic Generated Abstracts dataset (8,388
samples) uses 90/10 split for further fine-tuning.

Hyperparameters: Batch size 16, learning rate
2 × 10−5 (halved for fine-tuning), 5 epochs ini-
tial training, 3 epochs fine-tuning, max length 512,
AdamW with weight decay 0.01.

Environment: Kaggle with dual T4 GPUs,
PyTorch, Hugging Face Transformers, mixed-
precision training.

5 Results

5.1 Results on Training Split
We evaluate on our held-out test split (530 samples).
Table 2 shows results across training stages.

5.2 Official Workshop Results
On the official AbjadGenEval workshop test data
(200 samples), our stacking ensemble with fur-
ther fine-tuning achieved 4th place with F1=0.782,
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Model F1 Acc Prec Rec

Without Contrastive Loss
AraBERT 0.53 0.57 0.60 0.48
XLM-R 0.55 0.58 0.61 0.50
Stacking 0.56 0.59 0.62 0.51

With Contrastive Loss
AraBERT 0.58 0.62 0.65 0.53
XLM-R 0.60 0.63 0.66 0.55
Stacking 0.61 0.64 0.67 0.56

Table 3: Ablation study: contrastive loss provides +0.05
F1 improvement.

Accuracy=0.74, Precision=0.66, and Recall=0.95.
The performance gap between our held-out split
and the official test data suggests distribution shift
between training and test sets.

5.3 Ablation: Effect of Contrastive Loss

Table 3 compares training with and without con-
trastive loss. Adding contrastive learning improves
stacking F1 from 0.56 to 0.61 (+9% relative).

5.4 Analysis

Training Split vs Official Test: On our held-out
split, the stacking ensemble achieves F1=0.983,
demonstrating strong learning. However, on the
official test data, performance drops to F1=0.782,
indicating distribution shift between training and
test sets.

Effect of Further Fine-tuning: Interestingly,
further fine-tuning on diverse AI styles slightly re-
duces performance on our held-out split (F1 from
0.983 to 0.922) but was designed to improve gener-
alization to unseen AI patterns in the official test.

Precision-Recall Trade-off: On the official test,
our system achieves high recall (0.95) but lower
precision (0.66). This suits applications where
missing AI content is costly, like academic integrity
checking.

Computational Efficiency: Our encoder-only
approach uses models with 136M parameters each,
making it practical for resource-constrained deploy-
ment without requiring large language models.

6 Conclusion

We presented an efficient Arabic AI text detection
system combining contrastive learning with stack-
ing ensemble. Our system achieves F1=0.983 on
our held-out test split and secured 4th place on
the official AbjadGenEval workshop test data with
F1=0.782.

Key findings: (1) Contrastive learning improves
embedding quality, (2) stacking ensemble outper-
forms individual models and majority voting, (3)
significant distribution shift exists between training
and official test data.

Limitations: The performance gap between val-
idation (F1=0.983) and official test (F1=0.782) in-
dicates overfitting to training distribution. High
recall but moderate precision on official test may
not suit all applications.

Future Work: Investigating domain adaptation
techniques to reduce distribution shift, extending to
multi-class detection to identify specific AI models,
and evaluating on Arabic dialects beyond MSA.
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