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Abstract

Arabic hate speech detection presents unique
challenges due to the language’s morpholog-
ical complexity, dialectal diversity, and the
subtle nature of emotional expressions in so-
cial media. In this paper, we present our
submission to the MAHED shared task for
Arabic hate speech classification, which aims
to classify Arabic text into three categories:
hope, hate, and not_applicable. This task
is crucial for building safer online communi-
ties and has applications in content modera-
tion, social media analysis, and digital well-
being initiatives. We systematically evalu-
ate six transformer-based encoders, comparing
Arabic-specific models (MARBERT, AraBERT,
ALCALM) against multilingual alternatives
(XLM-RoBERTa, LaBSE, BGE). Our approach
demonstrates that specialized Arabic models
specially encoders trained on more than one
dialect like marber significantly outperform
their multilingual counterparts, with MAR-
BERT achieving the best overall performance.
Using our proposed methodology, we achieved
competitive results on the MAHED shared task
with a macro-F1 score of 0.707 on the test split,
securing a strong position in the final competi-
tion rankings.

1 Introduction

This paper details the system we developed for the
MAHED (Multimodal Detection of Hope and Hate
Emotions in Arabic Content) shared task, hosted
at the Arabic Natural Language Processing Con-
ference (ArabicNLP 2025)(Zaghouani et al., 2025).
Our work addresses the critical challenge of Arabic
hate speech classification, a multi-class problem
designed to distinguish between hope, hate, and
neutral expressions in Arabic social media content.

The importance of this task has grown substan-
tially with the increasing prevalence of Arabic con-
tent online and the urgent need for effective content
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moderation systems. Robust hate speech detection
systems have critical real-world applications in so-
cial media platforms for automated content filter-
ing, in digital wellbeing initiatives for protecting
vulnerable users, in research contexts for under-
standing online discourse patterns, and in policy-
making for developing evidence-based regulations
around online hate speech.

The challenge of emotion classification in Arabic
is particularly acute due to the language’s intrinsic
complexities. Arabic is characterized by its rich
morphological system, where words can be derived
from trilateral or quadrilateral roots through com-
plex patterns, making surface-level features less
reliable. Furthermore, the phenomenon of diglos-
sia—the coexistence of Modern Standard Arabic
(MSA) with numerous regional dialects—means
that emotional expressions often carry dialectal nu-
ances that may not be immediately apparent to stan-
dard language models. Additionally, the subtlety
of hate speech and sarcastic expressions in Ara-
bic social media creates challenges for automated
detection systems that must distinguish between
explicit and implicit emotional content.

To address these challenges, we conducted a
systematic evaluation of six transformer-based en-
coders, comparing their effectiveness on Arabic
emotion classification. Our methodology focuses
on fine-tuning individual models with careful hy-
perparameter optimization rather than ensemble
approaches, allowing us to identify the most capa-
ble single-model solution for deployment scenarios
where computational efficiency is crucial.

The key contributions and findings of our work
can be summarized as follows:

• We demonstrate the systematic evaluation of
six diverse transformer encoders on Arabic
emotion classification, providing comprehen-
sive performance comparisons across Arabic-
specific and multilingual models.
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• We show that Arabic-specific mod-
els (MARBERT(Abdul-Mageed et al.,
2021), ALCLAM(Murtadha et al., 2024),
AraBERT(Antoun et al.)) significantly
outperform multilingual alternatives, with
MARBERT achieving the best balance of
performance and robustness.

2 Background

Arabic hate speech detection has evolved from tra-
ditional machine learning approaches using hand-
crafted features to modern transformer-based meth-
ods. Early work in Arabic sentiment analysis re-
lied on lexicon-based approaches and statistical
features, but these methods struggled with the mor-
phological richness and dialectal variation of Ara-
bic text.

The introduction of pre-trained language mod-
els revolutionized Arabic NLP, with BERT-based
models like AraBERT (Antoun et al.) and MAR-
BERT (Abdul-Mageed et al., 2021) demonstrating
significant improvements over previous approaches.
These models leverage large-scale Arabic corpora
to learn contextual representations that better cap-
ture the nuances of Arabic text.

Multilingual models such as XLM-RoBERTa
(Conneau et al., 2019) have shown competitive per-
formance across multiple languages, but their effec-
tiveness on Arabic-specific tasks remains a subject
of investigation. Recent work has suggested that
language-specific pre-training often provides ad-
vantages for morphologically rich languages like
Arabic (Abdul-Mageed et al., 2021)(Antoun et al.).

In our setup, both the input and output are text:
the input is a sentence and the output is a label from
the set {hope, hate, not_applicable}. For example,
the input ú


	̄ ¼PA ���� é J
º K
Q Ó@ Èð@ YÒ m× h. A î �D K. @
èXPAî 	D Ë @ �H@YK. , H. Aj. m�'. XA J
 J. Ò J
 ËðB@ is classified
as hope. We evaluate on a dataset of Arabic social
media posts (Zaghouani et al., 2025) (train: 6890,
validation: 1476, test: 1477), which provides a
realistic benchmark for emotion and hate speech
detection. This task goes beyond sentiment analy-
sis by requiring fine-grained distinctions between

emotional states while handling the informal nature
of online discourse.

3 System Overview

3.1 Model Architecture
Our approach employs a standard fine-tuning
methodology using transformer-based encoders
with task-specific classification heads. The gen-
eral architecture consists of four main components:

1. Input Processing: Text tokenization using
model-specific tokenizers optimized for Ara-
bic text handling.

2. Encoder Layer: Pre-trained transformer en-
coder providing contextualized representa-
tions of input sequences.

3. Classification Head: Linear transformation
layer mapping encoder outputs to class proba-
bilities.

4. Loss Function: Cross-entropy loss with class
weighting to address dataset imbalance.

3.2 Evaluated Models
We systematically evaluate six transformer-based
encoders representing different pre-training ap-
proaches and language coverage:

Arabic-Specific Models:

• MARBERT (Abdul-Mageed et al., 2021):
Bidirectional encoder pre-trained specifically
on Arabic social media content, optimized for
informal Arabic text processing.

• AraBERT-Twitter (Antoun et al.): Large-
scale Arabic BERT model with Twitter-
specific pre-training, designed for social me-
dia content understanding.

• ALCLAM (Murtadha et al., 2024): Contem-
plative language model designed for deeper
Arabic text understanding and reasoning
tasks.

Multilingual Models:

• XLM-RoBERTa (Conneau et al., 2019):
Cross-lingual encoder supporting 100+ lan-
guages, including Arabic, trained on diverse
multilingual corpora.

• LaBSE (Feng et al., 2022): Language-
agnostic sentence encoder designed for cross-
lingual text representation and similarity
tasks.
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• BGE-m3 (Chen et al., 2024): Bidirectional
and generative encoder optimized for text em-
bedding and representation learning.

4 Experimental Setup

4.1 Data Split

Train Validation Test
Number of samples 6890 1476 1477

Table 1: Dataset split for Arabic social media posts.

4.2 Training Setup
Key training parameters for our best-performing
model (MARBERT) include:

• Learning rate: 1 × 10−6 (optimized through
systematic search)

• Batch size: 64 (training), 128 (evaluation)

• Training epochs: 3 with early stopping

• Warmup ratio: 0.1 for learning rate scheduling

• Weight decay: 0.01 for regularization

• Maximum sequence length: 170 tokens

4.3 Evaluation Framework
Following the shared task guidelines, we employ
comprehensive evaluation metrics:

• Primary Metric: Macro-averaged F1 score
for balanced evaluation across all classes

• Secondary Metrics: Accuracy, macro-
averaged precision, and recall

5 Results

5.1 Overall Performance
Table 2 presents comprehensive performance com-
parisons for all models evaluated in the test set. The
results demonstrate clear performance advantages
for Arabic-specific models over their multilingual
counterparts other than alclam model, which we
were surprised with the performance of the model.

5.2 Key Findings
The experimental results reveal several important
insights:

Arabic-Specific Model Superiority: AL-
CALM, MARBERT, and AraBERT-Twitter

Model F1-M Acc. Prec. Rec.

XLM-RoBERTa 0.645 0.653 0.645 0.647
MARBERT 0.707 0.712 0.705 0.710
AraBERT-Twitter 0.630 0.658 0.669 0.616
BGE 0.588 0.617 0.631 0.585
ALCLAM Base v2 0.404 0.563 0.684 0.442
LaBSE 0.627 0.654 0.655 0.611

Table 2: Performance comparison across evaluated mod-
els on the test set.

achieved the highest performance scores, demon-
strating the critical importance of language-specific
pre-training for Arabic emotion classification
tasks.

Multilingual Model Limitations: Bge-m3
showed substantially lower performance despite
its broad language coverage, suggesting that mul-
tilingual models may not effectively capture the
subtle linguistic nuances required for Arabic emo-
tion classification, also XLM-RoBERTa, although
higher than both ALCLAM and AraBERT-Twitter,
still lower than the MARBERT which is trained on
more than one arabic dialect.

Performance-Robustness Trade-offs: MAR-
BERT achieved the best balance across all evalua-
tion metrics, making it the most reliable choice for
deployment scenarios requiring consistent perfor-
mance.

5.3 Error Analysis
Detailed analysis of model predictions on the vali-
dation set reveals several patterns in classification
errors:

1. Implicit Hate Expression: Subtle hate
speech often misclassified as neutral content.
Example:

	Y 	g@ éÊ¾ �� I. ªÊÖÏ @ ú

	̄ ú
æ�J
Ó éÊª 	®K
AÓ

é 	Kñ � j 	® K
 Ð 	PB �H@A ¢ �� 	� Ó (What Messi
does on the field looks like he took stimulants
They need to test him) True: not_applicable,
but contains subtle accusatory language that
could be misinterpreted.

2. Dialectal Variation Impact: Regional di-
alects and informal expressions create clas-
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sification challenges. Example: 	àAj�JÓ@ Õæ�»
èXPA î 	E @ (Damn today’s exam) True:
not_applicable, but vulgar dialectal ex-
pressions can be difficult to classify
accurately.

3. Context-Dependent Statements: Expres-
sions requiring broader context for accurate
interpretation. Example: ��K
Q¢Ë@ ©¢ �®K
 @ 	Yë
Ñ ê ª Ó �é 	® ËA j�J ÖÏ @ Ñ î�EA K. A � « ú
Î « (This
cuts the road on their allied gangs) True:
not_applicable, but political references re-
quire contextual understanding for proper clas-
sification.

6 Conclusion

The experimental results provide valuable insights
into the effectiveness of different architectural ap-
proaches for Arabic emotion classification. The
consistent superiority of Arabic-specific models re-
inforces the importance of language-specialized
pre-training for morphologically complex lan-
guages.

Model Architecture Insights: The performance
gap between Arabic-specific and multilingual mod-
els suggests that the linguistic complexity of
Arabic—including its rich morphology, dialectal
variations, and unique emotional expression pat-
terns—requires specialized model architectures
trained on Arabic-specific corpora.

Task-Specific Challenges: Our error analysis
reveals that the primary difficulties lie in detecting
implicit emotional content rather than explicit ex-
pressions. This finding has important implications
for system deployment, suggesting that additional
context or multi-turn analysis might improve per-
formance on ambiguous cases.

Practical Deployment Considerations: MAR-
BERT’s balanced performance across all metrics
makes it the most suitable choice for production
deployment, where consistent reliability is more
important than peak performance on specific met-
rics.

The main challenges identified in our analysis
include:

• Class Imbalance Effects: The dominance
of neutral content in the shared task dataset
continues to pose challenges for balanced clas-
sification performance.

• Implicit Expression Detection: Subtle emo-
tional expressions, particularly sarcasm and
implicit hate speech, remain difficult to accu-
rately classify.

• Dialectal Variation Impact: Different Arabic
dialects introduce additional complexity that
current models handle with varying degrees
of success.

• Context Dependency: Many emotional ex-
pressions require a wider conversational or
situational context for an accurate interpreta-
tion.

We presented a systematic evaluation of
transformer-based encoders for Arabic emotion
classification in the MAHED shared task. The re-
sults show that Arabic-specific models, especially
MARBERT, outperform multilingual alternatives
in capturing morphological and dialectal nuances.
Key challenges remain to detect implicit and sar-
castic expressions, handle class imbalance, and
address dialectal variation.

Future work will explore lightweight ensembles
of Arabic-specific models, advanced training strate-
gies (e.g., curriculum learning), and incorporating
broader context or multimodal cues to improve sub-
tle emotion detection.

Limitations: We focused on single-model fine-
tuning with limited hyperparameter exploration,
which may cap performance.
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A Detailed Model Specifications

MARBERT Configuration:
TrainingArguments(

output_dir="./checkpoints_marbert",
eval_strategy="epoch",
save_strategy="epoch",
per_device_train_batch_size=64,
per_device_eval_batch_size=128,
num_train_epochs=3,
learning_rate=1e-6,
warmup_ratio=0.1,
weight_decay=0.01,
logging_strategy="epoch",
save_total_limit=2,
load_best_model_at_end=True,
metric_for_best_model="f1_macro",
greater_is_better=True,
dataloader_num_workers=2

)

Model Architecture Details:

• MARBERT: 12 layers, 768 hidden dimen-
sions, 12 attention heads

• AraBERT-Twitter: 24 layers, 1024 hidden
dimensions, 16 attention heads

• ALCALM: 12 layers, 768 hidden dimensions,
12 attention heads

• XLM-RoBERTa: 12 layers, 768 hidden di-
mensions, 12 attention heads

• LaBSE: 12 layers, 768 hidden dimensions, 12
attention heads

• BGE: Variable architecture depending on spe-
cific variant

B Hardware and Runtime Details

All experiments were conducted on GPU-
accelerated hardware with the following specifi-
cations:

• GPU: NVIDIA Tesla V100 with 32GB mem-
ory

• Training time: Approximately 2-4 hours per
model for 3 epochs

• Framework: PyTorch 1.12+ with Hugging
Face Transformers 4.21+

• Additional libraries: scikit-learn, numpy, pan-
das
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