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Abstract

This paper presents our system for Subtask-2:
Emotion, Offensive Language, and Hate De-
tection in the MAHED 2025 Shared Task at
ArabicNLP 2025. We address the challenge
of multi-label classification in Arabic social
media text using a two-stage, prompt-based
framework with large language models. In the
first stage, our system classifies emotions into
12 distinct categories; in the second stage, it
detects offensive messages and, when relevant,
further identifies the presence of hate speech.
Both stages leverage the Meta-Llama-3.1-8B
model, fine-tuned to capture the diverse lin-
guistic and dialectal characteristics of Arabic.
Our approach achieved a macro Fl-score of
0.518 on the official test set, placing 4th in
Subtask 2. The results demonstrate the effec-
tiveness of prompt-based modeling for com-
plex Arabic text classification and contribute
a practical, LLM-based solution for emotion
and hate speech detection in low-resource sce-
narios.

1 Introduction

The growing influence of social media platforms
has fundamentally transformed how individuals
express emotions and communicate across digital
spaces, with Arabic-speaking communities having
represented one of the fastest-growing user bases
globally (Ali and Alegabie, 2024; Algahtani and
Alothaim, 2022). According to Statista, the inter-
net user population in the United Arab Emirates
(UAE) has peaked in 2025 and has increased by
almost a thousand users compared to the previ-
ous year. This rapid growth has generated vast
amounts of user-generated content in diverse Ara-
bic dialects. Consequently, there has been a grow-
ing need for robust NLP tools to understand and
moderate Arabic content, especially given the mix
of emotions and potential for offensive or hateful
language. Yet, existing moderation systems have

often struggled with Arabics morphological com-
plexity, dialect diversity (Center for Democracy
and Technology, 2023), and limited training data
and cultural awareness (AL-Sarayreh et al., 2023).

To address these challenges, we have partici-
pated in Subtask-2 of the MAHED 2025 Shared
Task on Multimodal Detection of Hope and Hate
Emotions in Arabic Content (Zaghouani et al.,
2025). The purposive focus of this task has been
to identify the emotion expressed in Arabic social
media text, determine whether the text is offensive,
and, if offensive, further assess whether it contains
hate content.

To achieve our goal, we have employed a large
language model (LLM), specifically a lightweight
Meta-Llama-3.1-8B, as the core of our system.
This powerful LLM has been fine-tuned using
the Unsloth framework, allowing us to efficiently
adapt it to the challenging Arabic emotion, of-
fensive language, and hate speech detection tasks.
The use of a large language model has enabled
us to build an effective system that has achieved
competitive performance (macro Fl-score: 0.518),
ranking 4th among all submissions. The main con-
tributions of this work have been:

* Proposed a two-stage prompt-based frame-
work linking emotion and hate speech detec-
tion.

* Applied lightweight LL.M fine-tuning for effi-
cient Arabic multi-label classification.

* Showed conditional prompting outperforms
flat multi-label methods in low-resource Ara-
bic NLP.

Further implementation details can be accessed
via the GitHub repository.'

"https://github.com/ratnajit-dhar/MAHED
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2 Background

The detection of hate speech and offensive lan-
guage in Arabic has remained challenging due to
its complex morphology and dialectal variation.
The MAHED 2025 Shared Task (Zaghouani et al.,
2025) has required systems to analyze short Ara-
bic texts (mostly tweets) and assign multiple la-
bels. The dataset (Zaghouani et al., 2024; Za-
ghouani and Biswas, 2025b,a) used in this work
was introduced at the ArabicNLP 2025 workshop
under the MAHED 2025 Shared Task. Examples
of input texts and their corresponding output labels
are provided in Appendix A.

Early pioneering work has developed founda-
tional methods for Arabic emotion detection uti-
lizing Twitter data in the context of the Egyp-
tian revolution and has found that it was possi-
ble to automatically detect emotions from Ara-
bic tweets after appropriate preprocessing (Ra-
bie and Sturm, 2014). Further studies have pro-
vided sizable progress through a variety of ap-
proaches. A study to collect Arabic dialect
datasets by scraping tweets through Olympic hash-
tags has derived an accuracy of 68.12% with Com-
plement Naive Bayes classifiers (Al-Khatib and El-
Beltagy, 2017). Another one has built large-scale
COVID-19 datasets with 5.5 million tweets and
has achieved an 83% F1-score for emotion classifi-
cation using LSTM models (Al-Laith and Alenezi,
2021). The advent of transformer-based models
has transformed Arabic emotion detection. Re-
search has shown transformer-based models, such
as AraBERT, have been superior to traditional ma-
chine learning methods (Qaddoumi, 2022). Ara-
bic hate speech and offensive language detection,
an equally challenging space, has had progress on
large-scale datasets with special tags for vulgarity
and hate speech where researchers have achieved
Fl-scores of 83.2% using state of the art tech-
niques (Mubarak et al., 2020). The integration
of emotional knowledge with hate speech detec-
tion through multi-task learning frameworks has
shown promising results, with studies demonstrat-
ing approximately 3% improvement when combin-
ing emotional analysis with hate speech detection
tasks (Mnassri et al., 2023).

Building on prior work, our system employs a
two-stage prompt-based approach using large lan-
guage models to efficiently address the problem
of hierarchical emotion and hate speech detection
with limited data and different dialects.

3 System Overview

Our system has been built upon a two-stage,
prompt-based classification framework, using
Meta-Llama-3.1-8B as the backbone large lan-
guage model. The main design choice has been
to separate emotion classification from detecting
hate and offensive speech, providing appropriate
prompts and fine-tuning approaches for each stage.
An overview of the architecture is illustrated in
Figure 1.

In the first stage, we have fine-tuned the model
to detect emotion using the prompts that have ex-
plicitly highlighted the 12 emotion categories. An
example of a prompt that has been used during
training and during the inferencing phase follows:

The following text is an Arabic text. Your task is to clas-
sify the emotion expressed in the text into one of the fol-
lowing categories:

1. anger, 2. disgust, 3. neutral, 4. love, 5. joy, 6. an-
ticipation, 7. optimism, 8. sadness, 9. confidence, 10.
pessimism, 11. surprise, 12. fear

Text: {text}

Response: {response}

In the second stage, we employed a dedicated
prompt asking the model to create a response in
two steps, strictly following the task instructions:

You are given an Arabic text. Your task is to classify
whether the text is offensive or not offensive.

- If the text is offensive, respond with: offensive

- Then, further classify the text as either:

- hate (if it expresses hate speech)

- not_hate (if it does not express hate speech)

- If the text is not offensive, respond with: not offensive

- Then, respond with: not_applicable for the second
classification.

Text: {text}

Response:
1. {offensive}
2. {hate}

Based on the hierarchical nature of the task la-
bels, this two-stage design has treated emotion
classification as a foundational step, whereas hate
speech classification has only been taken into con-
sideration if the text has already been deemed of-
fensive. Such a conditional setup has not only re-
duced label confusion but also allowed the model
to focus on distinct linguistic patterns at each stage.
This approach has aligned with prior work show-
ing that hierarchical approaches have had better
performance than flat multi-label classification for
multi-label tasks as it reduces a complex task into
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Figure 1: Two-Stage LLM Framework for Arabic Emotion, Offensive, and Hate Speech Detection.

simpler sub-tasks (Galea et al., 2017; Yang et al.,
2023). To ensure deterministic outputs during
evaluation, we have set the generation temperature
to 0.0 for all inference stages.

All fine-tuning and evaluation have used only
the official MAHED 2025 dataset; no external
data, manual features, or class balancing tech-
niques have been applied.

4 Experimental Setup

4.1 Dataset

We have used the MAHED 2025 dataset from
the shared task on Arabic emotion, offensive lan-
guage, and hate speech classification. Each post
is labeled with one of 12 emotions, an offensive
label (yes or no), and, if offensive, a hate label
(hate or not hate). The training set contained 5,960
posts (1,744 offensive, 303 hate), the validation set
1,277 posts (363 offensive, 68 hate), and the test
set consisted of 1,278 unlabeled posts, used solely
for final shared task evaluation. The detailed dis-
tribution of labels in the training set is shown in
Table 1.

4.2 Model and Hyperparameters

We have fine-tuned the Meta-Llama-3.1-8B model
using 4-bit quantization and LoRA (Hu et al.,
2021) with rank 16 for 3 epochs. Emotion and
offensive/hate models have been trained for 1000
and 500 steps, respectively, using AdamW opti-
mizer (Loshchilov and Hutter, 2019) with a learn-
ing rate of 2e-4, weight decay 0.01, and a lin-
ear scheduler with 5 warmup steps. We have em-
ployed gradient accumulation and capped input se-
quences at 2048 tokens. Gradient checkpointing

Label Category Count
Anger 1551
Disgust 777
Neutral 661
Love 593
Joy 533
Anticipation 491
Emotion Optimism 419
Sadness 335
Confidence 210
Pessimism 194
Surprise 143
Fear 53
Total 5960
Offensive No 4216
Yes 1744
Not Hate 1441
Hate (if offensive) Hate 303
Total 1744

Table 1: Distribution of emotion, offensive, and hate
speech labels in the MAHED 2025 training set.

has been enabled to reduce memory usage.

4.3 Libraries and Frameworks

We have used the Unsloth framework (v2024.8)
for fine-tuning and the Hugging Face Transform-
ers library (v4.44.0) for model loading/inference.
Fine-tuning was configured with TRL, and all
models were quantized to 4-bit using BitsAnd-
Bytes (v0.43.1) to reduce memory usage.

4.4 Evaluation Metrics

We have used macro-averaged F1-score as the pri-
mary evaluation metric. Additionally, we have
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reported per-class precision and recall to analyze
how the model has handled both common and un-
derrepresented emotion and hate categories.

5 Results

In this section, we present the results of our Ara-
bic emotion, offensive language, and hate speech
classification task by comparing different prompt-
ing strategies as well as models in order to demon-
strate their abilities in tackling the problems of this
multi-label task.

Our official (fine-tuning LLaMA-3.1-8B) sys-
tem has had a macro-average F1-score of 0.518 on
the test set, placing us in 4th place out of all of the
participating systems.

To gain insight into the impact of different
model architectures and prompting strategies, we
have compared a number of LLMs using zero-shot,
few-shot, and fine-tuned setups. The results, eval-
uated on the development set, are summarized in
Table 2.

In addition to our overall performance, our
team (CUET_823) achieved the highest preci-
sion (0.617), showing strong effectiveness at min-
imizing false positives despite slightly lower F1-
scores.

Model Prompting | Macro

Name Strategy F1
Fine-tuning | 0.554
LLE'JE%"“ Zero-shot | 0.484
Few-shot 0.477
) Zero-shot 0.412
MU | Few-shot | 0420
Fine-tuning | 0.435
Qwen-2 Zero-shot 0.458
7B Few-shot 0.407
Fine-tuning | 0.415
Zero-shot 0.388
Codeg}B? mma Few-shot 0.397
Fine-tuning | 0.421
Zero-shot 0.374

Zephyr

7B Few-shot 0.386
Fine-tuning | 0.410
Zero-shot 0.395
Gemna3 | Few-shot | 0402
Fine-tuning | 0.428

Table 2: Macro F1 performance of different models on
the validation set.

Fine-tuning has clearly outperformed both zero-
shot and few-shot prompting strategies across all

models. The LLaMA-3.1-8B model has consis-
tently achieved the highest scores, validating our
choice of model and training strategy.

5.1 Error Analysis

While this system has performed very well overall,
it has struggled in borderline cases of offensive/the
hate speech classification decision. In many cases,
the system has flagged text as offensive but has
failed to escalate to hate, especially where hateful-
ness was implied or culturally coded. Below are a
few representative errors from the validation set:

Text: L2 e 4l Dy ol 15K @ZADXII

True: love, no, -

Predicted: neutral, no, -

A positive, polite thank-you message was predicted as
neutral rather than ’love’ (politeness vs. affection con-
fusion).

Text: ol SE L1155 4F &bl 55) 4l

True: disgust, yes, hate

Predicted: disgust, yes, not_hate

Racist slur went undetected as hate, showing model’s hes-
itation to escalate from ’offensive’ to “hate’ without ex-
plicit group targeting.

6 Conclusion

In this work, we have presented a hierarchical
two-stage system for Arabic emotion, offensive
language, and hate speech detection. The exper-
iments have shown that detecting emotions first
and then applying conditional offensive and hate
speech classification has been effective due to the
strong correlation between these tasks. The hierar-
chical approach has also been useful in addressing
dialectal diversity while being resource-efficient.

Although the system has performed competi-
tively, there have been some limitations. Gener-
alizability has been limited as we have employed
only a single dataset and architecture, and static
prompting may struggle with evolving language.
Not exploring Arabic-specific transformer models
may also have limited performance. Future work
could explore further architectures, new ensem-
ble methods, dynamic prompting rather than static,
wider dialect coverage, and multimodal features
for better robustness and contextual understand-
ing.
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A Appendix
A.1 Input and Output Examples

The example below shows a sample input and the
corresponding output labels from the train dataset:

Example 1

Input: e 05 UGSl i cledl Lall ol
G<LP>llgde ol dsud o sy 2 Uy Sl pls 1y K
b slasY Loy Gle ol o GLE ab e 18,3 0 2y
Ut VLI OVT o & 23l il pe 1L ST 2oyl 13, ¢
https://t.co/tBeNnETQ4z . L:;j, C)U-'\ 4l ML;\H Sl
Output:

Emotion: neutral

Offensive: no
Hate: not applicable

J
Example 2

Input: L <l taa2 @AddadRuh @tlbakhsh: RT
'B.K.LU ”’413}&...“ éj_\'c L@J}:Jlﬂ ljf %ﬁ c—L::t‘ ”& L_§3)"‘~‘”}

Output:
Emotion: anger
Oftensive: yes
Hate: yes
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Example 3

Input: bl (i 3 ol pddl b Gam Ol
VA = BV sl e el G pllad) e Vs oy
< LF > # <G,Lﬂ\# YoV e <LF><LE>#(y medl ez

LF > ###Bahrainhttps : /[t.co/kBhiugdJ f N

Output:

Emotion: anger

Offensive: yes
Hate: not_hate




