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Abstract

Detecting hate speech in social media content
is essential to provide a safe space for people to
connect. Memes have been used lately to sar-
castically express one’s opinion, and they can
be used to hide harmful intentions and spread
hateful speech. In this work, we build our
system that detects hateful speech in memes
by combining visual and textual features and
merging them using different techniques to de-
tect the inherent meaning and overcome the
challenge of vast dialectal differences and the
variety of topics discussed. To improve our sys-
tem’s robustness, we combine different tech-
niques, such as multi-tasking, contrastive learn-
ing, and vision language modeling in a final
ensemble model that secured us the third place
in the MAHED 2025 shared-task leaderboard
with a macro-f1 score of 0.74, showing strong
performance on the evaluation set.

1 Introduction

The social media content of the Arabic-speaking
world is a complex footprint of social and political
expression due to the diverse topics discussed on
it, the different points of view introduced, and the
different narratives they are presented in. People
tend to reflect their hopeful and hateful sentiments
on social media platforms, projecting them in dif-
ferent formats of content, such as memes, videos,
and textual blog posts (Al-Saqqa et al., 2024; Mulki
etal., 2019). The increase of the meme culture over
the last few years provided an abundance of mul-
timodal data that introduced nuanced techniques
to hide complex and harmful messages through
humour and irony (Kiela et al., 2020; Alam et al.,
2024a). This necessitates the need for a means of
automatic detection of such hateful content to en-
able safer online platforms for people to express
their opinion (Chen and Pan, 2022).

We address the need for robust hateful digital
content detection by focusing on the multimodal of

Arabic memes (Arya et al., 2024). Such systems
must have the capacity to analyze both the visual
and textual components of a meme to produce a
binary classification of “hate” or “no-hate”, thereby
mitigating the spread of harmful online content.

One of the challenges in this task can be the lin-
guistic diversity of Arabic, including vast dialectal
variations (Habash, 2010) and cultural expressions
with double meanings that can obscure intent (Elko-
rdi et al., 2024). Additional hurdles include the
wide range of viral social and political topics, such
as politics, religion, and gender, and data-specific
issues like the scarcity of clean annotations and
a significant imbalance where non-hateful memes
are more common (Mulki et al., 2019).

To overcome these obstacles, our system must
handle the complexities of the Arabic language by
analyzing the interaction between visual and tex-
tual features to uncover the actual intent behind
sarcastic content. A key requirement is the abil-
ity to generalize from limited data across diverse
topics and expressions, enabling the model to dif-
ferentiate between benign cultural commentary and
genuinely hateful projections.

Our main contributions can be summarized in
the following points:

* Applied multi-tasking technique to benefit
from fine-grained classed and contrastive
learning to extract meaningful features that
can group samples of the same class closer in
the embedding space.

* Used a pretrained vision language model in
our classification task to benefit from it gener-
alization and multilingual abilities.

* Combined the different techniques we used
in a maximum voting ensemble that is robust
in multimodal hate speech detection and se-
cured the third place in the shared task leader-
board (Zaghouani et al., 2025).
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(a) Our dual-encoder training setup in the multi-tasking setup.
Both input modalities are encoded separately, then the embed-
dings are concatenated, and the binary cross-entropy loss is
applied on the merged embedding and the text embedding while
the contrastive loss is applied only on the textual embedding.
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(b) In the testing phase, each model in our system outputs its
prediction, then a maximum voting is applied to produce the
final prediction. Our ensemble benefit from the different en-
coding and merging approaches we used with both modalities,
including VLMs and encoder/decoder-only models for text em-
bedding.

Figure 1: Illustration of our training in the multi-tasking setup and the maximum voting ensemble in the testing

phase

2 Background

Prior research has explored hate speech detec-
tion through different classical and deep learning
techniques in both unimodal and multimodal set-
tings. The main focus was on the textual content
only (Chhabra and Vishwakarma, 2023), relying on
classical techniques such as Bag-of-Words (Husain
and Uzuner, 2022), TF-IDF (Kumar and Varalak-
shmi, 2021), Word Embedding e.g. Word2Vec,
GloVe, and FastText (Plaza-del Arco et al., 2021),
and hybrid methods that combine CNN and GRU
or integrate attention mechanisms for improved
performance (Zhang et al., 2018).

Then, the focus is switched to deep learning tech-
niques that rely on contextual representation using
recurrent networks such as RNNs and LSTMs or
BERT-based models (Devlin et al., 2019) that rely
on the self-attention technique. More recent work
has used both images and text for better contextual
representation and accurate results (Kiela et al.,
2020). In this setup, multiple techniques have been
explored, such as early fusion, late fusion (Lippe
et al., 2020), and pre-trained vision language mod-
els (Chen and Pan, 2022).

Considering the Arabic language, this is the
first use of multimodal memes for hateful speech
detection. A previous task explored the use
of such a setup for propaganda detection from
memes (Hasanain et al., 2024). Participants of
this task explored different techniques to integrate
visual and textual features to produce the final pre-
diction, such as using multi-agent LL.Ms to detect
the propaganda (Alam et al., 2024a) or using con-
trastive learning with a multi-objective function
(Zaytoon et al., 2024).

3 System Overview

In this section, we present different components of
our system. First, we show the backbones and the
fusion technique we used in a dual-encoder archi-
tecture. Then, we present how we benefited from
the instruction capabilities of pretrained vision lan-
guage models (VLMs) (Bordes et al., 2024). Then,
we showcase how we improved the classification
performance using a multi-task approach. Finally,
we present our system as an ensemble of all the
above components.

3.1 Dual-Encoders

In this component, we employed a separate encoder
for each modality. For the text modality, we relied
on pretrained language models and tested two dif-
ferent approaches. First, we used an encoder-only
model, MARBERTv2 (Abdul-Mageed et al., 2021),
which is known for its robustness against dialec-
tal Arabic. We used a version of it that is trained
for hate speech detection in the Egyptian dialect
(Ahmed et al., 2022). Second, we used a pretrained
decoder-only LLLM, Qwen2.5-1.5B (Team, 2024)
to provide a more general representation of the
textual input. For the image modality, we used con-
volutional neural network backbones, specifically
ResNet-101 (He et al., 2016) and ResNeXt-101
(Xie et al., 2017) models, to capture both global
and fine-grained visual features.

After the extraction of both visual and textual
features, they are concatenated to form a single
multimodal representation. Next, we apply binary
cross-entropy on this final representation and the
textual embedding, along with a contrastive loss on
the textual features only, using in-batch sampling
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Split Number of Samples
Total Training 2,452
Validation 606

Test 500

Table 1: Number of samples in each split of the dataset.

to select positive and negative samples as shown
in 1.
Liow = ‘Cgl(%llijm + »CtBeétE + ﬁg}ft ey

3.2 Vision Language Models (VLMs)

In this component, we explored the instruction-
following capabilities of pretrained VLMs and
applied supervised fine-tuning to the recent
Gemma3-4B model (Team et al., 2025) on our task.
The model is provided with an instruction that ex-
plains the task and both modalities, text and im-
age. The model is trained in the next token predic-
tion setup, and the cross-entropy loss is applied on
the model’s output tokens only that include either
“hate” or “no-hate’ only.

3.3 Multi-Task

The shared task dataset had another fine-grained
classification for each sample, including nine dis-
tinct categories. We observed a strong correlation
between those categories and the original binary
classes. Hence, we decided to benefit from this
correlation as an additional supervision by employ-
ing a multi-classification objective using our dual-
encoder component with two classification heads
instead of one.

3.4 Ensemble

Finally, we combined all three components in a
maximum voting ensemble as shown in figure 1b,
where each of the three models is treated equally
and the class with the highest vote is picked as our
final classification.

4 Experimental Setup

4.1 Dataset

The dataset is collected from different social me-
dia platforms such as Facebook, Instagram, and
Pinterest. Then, the dataset went through multiple
filteration stages filtered including de-duplication,
text extraction, and memes identification. Then, the
dataset is randomly sampled from the original 6k
samples (Alam et al., 2024b) and gets annotated.

Method 11}’[ lﬂ.t - macro-F1
asking
Qwen2.5-1.5B + ResNet-18 X 0.689
Qwen2.5-1.5B + ResNet-18 v 0.702
Qwen2.5-0.5B + ResNet-18 v 0.663
Qwen2.5-1.5B + ResNeXt-101 v 0.699
MARBERTv2 + ResNet-18 v 0.705
MARBERTv2 + ResNeXt-101 v 0.703

Table 2: Macro-F1 results on the validation split using
the dual-encoder approach for comparison between sin-
gle and multi-tasking, as well as the size of both textual
and visual encoders and the architecture of the textual
encoder.

Table 1 indicates the distribution of the provided
dataset. It includes 2,452 samples for training, 606
samples for validation, and 500 samples for final
evaluation of the model’s performance.

4.2 Training Setup

For the dual-encoders components, we trained the
model for 150 epochs with a learning rate of 0.001
and used AdamW optimizer (Loshchilov and Hut-
ter, 2017). We used different batch sizes based
on the backbone sizes. We used a batch size of 2
for Qwen2.5-0.5B and 16 for Qwen2.5-1.5B and
MARBERT. For the Gemma3-4B, we trained the model
for 10 epochs with a learning rate of 5e-6 with a
cosine scheduler and a batch size of 2. We evalu-
ated our system during training on the validation
set using the macro-F1 score, which treats each
class equally. All training was done on a single
NVIDIA RTX-3090 GPU.

5 Results

In this section, we present a detailed overview of
our experiments. All results are reported on the
validation set using the macro-F1 score, and finally,
we report our test set results on the leaderboard.

5.1 Effect of Multi-Tasking

We conducted our first experiment to assess the
effect of the fine-grained categories on the main
classification task. We used Qwen2.5-1.5B and
ResNet-18 for this experiment. We can see in the
first two rows of table 2 that the multi-tasking im-
proved the classification performance by 0.013.

5.2 Size of the Text Encoder

We tested the effect of the text encoder size with-
out changing the image encoder. This experiment
was done using the multi-tasking setup. Results
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Contrastive

Method Embedding macro-F1
Qwen2.5-1.5B + ResNet-18 text 0.702
Qwen2.5-1.5B + ResNet-18 fused 0.666
Qwen2.5-1.5B + ResNet-18 | text + fused 0.687
VLM - Gemma3-4B - 0.692

Table 3: Comparison between the dual-encoder ap-
proach and fine-tuning a pre-trained VLM approach. In
the dual-encoder approach, different embeddings were
used for the contrastive objective during training.

show that the size increase improved our system
performance by 0.039.

5.3 Size of the Image Encoder

Also, we tested the effect of increasing the im-
age encoder size. In this experiment, we com-
pared ResNet-18 and ResNeXt-101. Our results
show that the size of the image encoder didn’t have
a huge improvement on the classification perfor-
mance.

5.4 Encoder vs. Decoder Models

We tested changing the text encoder architecture
and tried using a bi-directional encoder. We
used MARBERTv2 model, and tested it with both
ResNet-18 and ResNeXt-101. Using an encoder-
only model improved the performance when using
different sizes of the image encoder. Also, increas-
ing the size of the image encoder doesn’t improve
the model’s performance.

5.5 Dual-Encoders vs. VLM

Finally, we compared fine-tuning a pre-trained vi-
sion language model with the dual-encoder setup
with the multi-tasking objective. In the dual-
encoder setup, we tested the application of the con-
trastive objective on different feature vectors: the
text embeddings, the image embeddings, and the
fused embeddings. We can see that applying the
contrastive loss on the text embedding only was the
best performing. Also, fine-tuning VLM had very
close results and was better than other dual-encoder
setups.

5.6 Test Set Results

In this section, we report the results of different sys-
tems we submitted and the final maximum voting
ensemble we made from them in table 4. We chose
the submitted models based on their experimental
results shown in tables 2 and 3. Our max-voting
ensemble achieved a macro-fl score of 0.74 and
secured our third place in the leaderboard.

Method macro-F1
Qwen2.5-1.5B + ResNet-18 0.71
MARBERTv2 + ResNeXt-101 0.72
VLM - Gemma3-4B 0.72
Ensemble 0.74

Table 4: Macro-F1 scores on the test set submitted on
the shared task leaderboard.

R

ot

ﬁ\

Y.

P o9 _)}”
el 6 ddlaall Olysas gloil

Luisé b
owall 53531

Ground Truth: no-hate
Prediction: hate

Ground Truth: hate
Prediction: no-hate

Ground Truth: hate
Prediction: no-hate

Figure 2: Examples of failure cases from our system.

5.7 Qualitative and Error Analysis

Figure 2 shows cases that our system failed to cor-
rectly predict. In the first sample, our system pre-
diction was misguided by the cartoonish scene and
failed to identify its hateful stance when discussing
religious opinions. In the second image, the obvi-
ously sarcastic text over-shadowed the hateful and
offensive scene displayed in the image. In the final
image, our system identifies the sample as hateful
due to its mocking and stereotyping nature.

6 Conclusion

This paper investigated our work in subtask-3 of
the MAHED 2025 shared task for hate speech de-
tection in memes. We used contrastive learning
and multi-tasking techniques in our dual-enconder
component with late embedding fusion. We also
fine-tuned a vision language model to benefit from
its instruction-following, multi-lingual, and gener-
alization capabilities in the classification task that
covers multiple Arabic dialects and different topics.
Lastly, we combine different models we built in a
robust maximum voting ensemble that secured us
the third place in the competition leaderboard with
macro-f1 score of 0.74.
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