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Abstract
The rapid expansion of social media platforms
has led to a significant increase in the spread
of harmful content, including misogynistic, ho-
mophobic, and transphobic memes. Detecting
such content is challenging because memes of-
ten combine textual and visual elements and
frequently appear in multilingual and cultur-
ally diverse contexts. This study proposes a
multimodal transformer-based framework for
multilingual harmful meme classification that
integrates textual and visual representations
to improve detection performance. The pro-
posed architecture employs XLM-RoBERTa
for multilingual text encoding and the Swin
Transformer for hierarchical visual feature
extraction. A cross-attention fusion mecha-
nism is introduced to enable meaningful in-
teraction between textual and visual modal-
ities. The fused representation is then pro-
cessed through a classification layer to per-
form multi-class prediction. Experiments are
conducted across multiple datasets covering
eight languages and three harmful content cat-
egories: misogyny, homophobia/transphobia,
and hate speech. The model is evaluated using
the macro-F1 score and demonstrates consis-
tent improvements over baseline multimodal
systems across both high-resource and low-
resource languages. The results highlight the
effectiveness of transformer-based multimodal
architectures in capturing implicit and contex-
tual harmful signals present in memes. The
study contributes to the development of robust
multilingual systems for harmful content detec-
tion and supports efforts toward creating safer
and more inclusive online environments.

1 Introduction

The rapid growth of social media platforms has
transformed how people communicate, share opin-
ions, and express identities. However, this growth
has also led to an increase in harmful content, in-
cluding misogynic, homophobic, and transphobic

expressions (Chakravarthi et al., 2024). The de-
tection of these expressions is very difficult since
the content is often implicit and sarcastic in na-
ture. Detecting them is particularly challenging
when the content is multilingual or multimodal,
as meaning often emerges from a combination of
text, imagery, and social context. Therefore, build-
ing robust computational systems that can identify
harmful content across languages and modalities
has become an important research direction.

Recent studies highlight the difficulty of identify-
ing misogynistic and harmful memes. For instance,
Chakravarthi et al. (2025) introduced the ToxiCN-
MM dataset for Chinese harmful memes and em-
phasized the importance of contextual knowledge
in multimodal detection. Shared tasks such as those
organized by Chakravarthi et al. (2024) have ex-
tended this research to low-resource Dravidian lan-
guages, contributing annotated datasets to support
multilingual and code-mixed hate speech detection.
These efforts collectively demonstrate that harmful
content detection requires models capable of under-
standing both language-specific and cross-modal
relationships.

Hate speech and related abusive expressions of-
ten target individuals or groups based on character-
istics such as gender, caste, migration status, race,
or sexual orientation and are frequently embedded
within dynamic and multilingual online discourse.
Recent efforts highlight the growing need for ro-
bust systems capable of handling culturally sensi-
tive and multilingual harmful content (Rajiakodi
et al., 2025). Furthermore, Kumaresan et al. (2025)
emphasizes the importance of fine-grained model-
ing to identify harmful spans within social media
text.

This paper proposes a transformer-based mul-
timodal framework for harmful meme classifica-
tion that integrates XLM-RoBERTa (XLM-R) for
multilingual textual representation and Swin Trans-
former for visual feature extraction. The textual
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Figure 1: Our proposed architecture diagram

and visual embeddings produced by these models
are combined using a cross-attention fusion mech-
anism to enable meaningful interaction between
the two modalities. The fused multimodal repre-
sentation is then passed to a classification layer to
perform multi-class prediction. By jointly mod-
eling linguistic context and visual semantics, the
proposed architecture aims to capture both explicit
and implicit harmful signals present in multilin-
gual memes, enabling robust detection of abusive
content across diverse languages and contributing
toward safer and more inclusive online environ-
ments.

2 Related Work

In K and B (2025), ResNet-50 was employed for
visual feature extraction and BERT for textual rep-
resentation. Their results demonstrated that com-
bining visual and textual representations improves
performance over unimodal approaches. Rahman
et al. (2025b) explored transformer-based architec-
tures such as CharBERT and CLIP in different fu-
sion strategies. Recent work Rajiakodi et al. (2026)
highlights the importance of transformer-based
models and balanced evaluation strategies for abuse
detection in social media contexts.(Hossan et al.,
2025) proposed a multimodal fusion-based frame-
work for misogynistic meme detection in Tamil and
Malayalam using machine learning, deep learn-
ing, and transformer-based architectures. Their
study combined textual models such as BERT,
MuRIL, and mBERT with visual encoders includ-
ing ResNet50 and DenseNet121 through feature-
level and decision-level fusion strategies. Experi-
mental results showed that BERT+ResNet50 and
MuRIL+ResNet50 achieved strong performance,
demonstrating the effectiveness of multimodal

transformer-based approaches for harmful meme
classification in low-resource languages.

Rajiakodi et al. (2026) underscore the chal-
lenge of detecting women-targeted abusive con-
tent in Tamil social media. The study high-
lights the effectiveness of transformer-based mod-
els and macro-F1-based evaluation in low-resource
settings. These findings reinforce the need for
language-aware and context-sensitive abusive con-
tent detection systems. Sayma et al. (2025) fo-
cused on identifying misogynistic memes in Malay-
alam and achieving the macro F1 score of 0.8. In
addition, Kumaresan et al. (2025) extended the
scope of harmful content detection by focusing on
fine-grained span-based detection of homophobic
and transphobic expressions. This highlighted the
importance of effective multilingual transformer-
based models in dealing with nuances of online
abuse expressions. Wang and Markov (2024) used
RoBERTa for textual encoding and Swin Trans-
former V2 for visual feature extraction, followed
by a multilayer perceptron (MLP) for feature fu-
sion and classification. Choi et al. (2024) demon-
strates that effective multimodal systems can be
built through efficient knowledge transfer without
large-scale multimodal pretraining, reducing com-
putational cost while maintaining strong perfor-
mance.

3 Proposed Method

We propose a multimodal transformer-based archi-
tecture for multilingual harmful meme classifica-
tion that jointly models textual semantics and vi-
sual context through cross-attention fusion. Given
a meme sample M = (T, I), where T denotes
the textual component (OCR-extracted text) and I
denotes the associated image, the objective is to
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Task Languages Train Dev Test Total
Misogyny Tamil 1,136 284 356 1,176

Malayalam 640 160 200 1,000
Chinese 1,190 170 340 2,500

Homophobia/transphobia Hindi 640 160 200 1,000
English 450 110 140 700
Chinese 760 190 240 1,190

Hate speech Hindi 900 300 770 1,970
Bodo 400 150 350 900

Table 1: Dataset distribution across Languages

predict a class label ŷ ∈ Y . Here Y represents the
task-specific label space corresponding to harm-
ful meme categories (e.g., misogyny, homopho-
bia, transphobia or hate speech), depending on the
dataset and task formulation.

The overall prediction pipeline can be expressed
as:

ŷ = Classifier
(

CrossAttn
(
XLM-R(T ), SwinT(I)

))

(1)
The architecture consists of three principal mod-

ules: (i) multilingual textual encoding via XLM-
RoBERTa, (ii) hierarchical visual representation
via the Swin Transformer, and (iii) a cross-attention
multimodal fusion mechanism followed by a clas-
sification head.

3.1 Multilingual Text Representation using
XLM-RoBERTa

To encode multilingual textual information,
we employ XLM-RoBERTa (Conneau et al.,
2020), a transformer-based cross-lingual language
model pretrained on large-scale multilingual cor-
pora. Given an input token sequence T =
{w1, w2, . . . , wn}, the model produces contextu-
alized token embeddings through stacked self-
attention layers. The sentence-level representation
is obtained from the [CLS] token of the final en-
coder layer:

fT = XLM-R(T ) ∈ RdT (2)

where dT denotes the hidden representation di-
mension.

Self-attention within each encoder layer com-
putes contextual interactions as:

Attention(Q,K,V) = softmax
(
QK⊤
√
dk

)
V (3)

where Q, K, and V denote the query, key, and
value projections of token embeddings, and dk
is the projection dimension. This mechanism al-
lows the model to capture contextual dependencies
such as sarcasm, implicit insults, and culturally
grounded harmful expressions across languages.

3.2 Visual Representation using Swin
Transformer

For the visual modality I ∈ RH×W×3, we em-
ploy the Swin Transformer (Liu et al., 2021). The
model partitions the image into non-overlapping
patches and processes them through hierarchical
transformer stages.

Self-attention is computed within local windows
of size M×M patches using Window-based Multi-
head Self-Attention (W-MSA). A learnable relative
position bias B is incorporated to encode spatial
relationships:

W-MSA(Z) = softmax
(
QK⊤
√
dk

+B

)
V (4)

Patch merging layers progressively reduce spa-
tial resolution while increasing feature dimension-
ality, forming a four-stage hierarchical architecture
that captures both local visual patterns and global
semantic structure.

The final visual representation is obtained via
global average pooling over the final stage output:

fV = SwinT(I) ∈ RdV (5)

3.3 Cross-Attention Multimodal Fusion

To model interactions between textual and visual
modalities, both feature vectors are first projected
into a shared latent space of dimension df :

hT = fTWT , hV = fV WV (6)
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Parameter Value
Epochs 20
Learning rate 2× 10−5

Batch size 16
Optimizer AdamW
Dropout 0.1
Max sequence length 128
Image resolution 224× 224

Table 2: Training hyperparameters

where WT ∈ RdT×df and WV ∈ RdV ×df are
learnable projection matrices.

Cross-attention is then applied where the textual
representation acts as the query, while the visual
representation provides the key and value. This al-
lows the model to highlight visual features relevant
to the textual semantics:

fcross = softmax

(
(hTW

Q)(hV W
K)⊤√

df

)
(hV W

V )

(7)
where WQ, WK , and WV denote the learnable

query, key, and value projection matrices.
The cross-attended representation is combined

with the textual representation using a residual con-
nection and layer normalization to produce the final
multimodal representation:

ffused = LayerNorm(hT + fcross) ∈ Rdf (8)

3.4 Classification Head
The fused representation ffused is passed through
a feed-forward network with GELU activation to
produce the final prediction:

ŷ = softmax(GELU(ffusedW1 + b1)W2 + b2)
(9)

The model is trained end-to-end using the stan-
dard cross-entropy loss:

L = −
|Y|∑

c=1

yc log ŷc (10)

where yc denotes the ground-truth indicator for
class c and ŷc represents the predicted probability.
This formulation supports both binary and multi-
class classification depending on the number of
categories in Y .

4 Experimental Setup

4.1 Datasets

We evaluate our framework across three harmful
meme classification tasks spanning eight languages,
covering both high-resource and low-resource set-
tings. Each sample consists of a meme image
paired with its associated text, and labels are as-
signed at the meme level for binary or multi-class
classification.
MDMD: Misogyny Detection Meme Dataset
(Ponnusamy et al., 2024) covers Tamil and Malay-
alam, and CMMD: Chinese Misogynistic Meme
Dataset (Chakravarthi et al., 2025) covers Chinese,
addressing harmful content targeting women across
diverse linguistic and cultural contexts.The dataset
was collected from different shared tasks and con-
sists of meme samples annotated with binary labels
such as misogynistic and non-misogynistic.
Homophobia/Transphobia Meme Detection
Dataset spans Hindi, English, and Chinese, tar-
geting memes that express discriminatory content
toward LGBTQ+ communities.The dataset consists
of meme samples annotated with labels such as
homophobic/transphobic, and non-anti-LGBT cat-
egories. 1.
Hate Speech Meme Detection Dataset (Ghosh
et al., 2026) covers Hindi and Bodo. Bodo repre-
sents an extremely low-resource language, which
introduces additional challenges for cross-lingual
generalization.

The full dataset statistics across all tasks and lan-
guages are summarized in Table 1. Note that the
Chinese datasets used in the misogyny and homo-
phobia/transphobia tasks originate from different
task annotations.

4.2 Implementation Details

All experiments are implemented in PyTorch
and executed on a single NVIDIA A100 GPU.
For textual encoding, we initialize the model
from the pretrained xlm-roberta-base check-
point. For visual encoding, we use the pre-
trained swin-base-patch4-window7-224 check-
point. Both encoders are fine-tuned jointly during
training.

Input images are resized to 224×224 pixels and
normalized using ImageNet statistics. Text inputs
are tokenized using the XLM-RoBERTa tokenizer
with a maximum sequence length of 128 tokens.

1https://www.codabench.org/competitions/11335/
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The shared multimodal projection dimension is set
to df = 768.

The key training hyperparameters are summa-
rized in Table 2.

4.3 Evaluation Metric
We report the macro-averaged F1 score (Macro-
F1) as the primary evaluation metric across all tasks
and languages.

Macro-F1 computes the F1 score independently
for each class and then averages them with equal
weight:

Macro-F1 =
1

|Y|

|Y|∑

c=1

2 · Pc ·Rc

Pc +Rc
(11)

where Pc and Rc denote the precision and recall
for class c, respectively. This metric is particularly
suitable for imbalanced datasets because it assigns
equal importance to all classes regardless of their
frequency.

5 Results and Discussion

Tables 3, 4, and 5 present the macro-F1 scores of
our proposed model in comparison with baseline
systems across three datasets: misogyny, homopho-
bia/transphobia, and hate speech.

5.1 Misogyny Detection
Our proposed model demonstrated strong perfor-
mance across all three language tracks in the misog-
yny detection task mentioned in Table 5. For
Chinese, our model achieved a macro-F1 score
of 0.8715, In the Malayalam track, our model
achieved 0.856, demonstrating competitive cross-
lingual performance despite the domain gap be-
tween multilingual pretraining and English-specific
meme semantics. The most significant improve-
ment was observed in Tamil, where our model
achieved 0.7619, substantially outperforming the
second-best system at 0.7351. The consistent gains
across all three languages highlight the effective-
ness of XLM-RoBERTa in capturing multilingual
semantic context and Swin Transformer in extract-
ing hierarchical visual features through an effective
multimodal fusion strategy.

5.2 Homophobia Detection
In the homophobia detection task, our proposed
model similarly demonstrated consistent and com-
petitive performance across all language tracks
mentioned in Table 4. For Chinese, the model

achieved a macro-F1 score of 0.923, effectively
capturing subtle homophobic cues embedded in
both textual and visual modalities. In English,
our model achieved 0.7519, reflecting the robust
cross-lingual transfer capabilities of the multimodal
framework. For Hindi, the model achieved 0.7825,
further confirming the strength of multilingual pre-
training for low-resource language settings. Across
all tracks, the fusion of XLM-RoBERTa and Swin
Transformer proved effective in detecting homo-
phobic content in memes.

5.3 Hate Speech Detection

Our proposed framework demonstrated superior
performance across both language tracks in the
hate speech detection task mentioned in Table 3.
For Hindi, our model achieved a macro-F1 score of
0.7615, outperforming all baseline systems. In the
Bodo track, our model achieved 0.7830, substan-
tially surpassing all competing approaches. The
consistent improvements across both languages
highlight the advantage of cross-attention fusion
over concatenation-based approaches, with particu-
larly strong gains in Bodo, a low-resource language,
demonstrating the robustness of our framework in
limited data settings.

5.4 Error Analysis

Despite strong overall results, our model occasion-
ally misclassified memes that relied on cultural
or language-specific implicit cues not captured by
surface-level text or visual features alone. Sarcastic
or ironic content, where the text appears neutral but
the visual context conveys offensive intent, posed a
particular challenge across all language tracks. Fu-
ture work may explore the incorporation of external
cultural knowledge bases or cross-modal attention
mechanisms to further address these limitations.

Conclusions

This study presents a multimodal transformer-
based framework for multilingual harmful meme
classification. The proposed architecture integrates
XLM-RoBERTa for multilingual textual represen-
tation and the Swin Transformer for hierarchical
visual feature extraction. A cross-attention fusion
mechanism is applied to combine textual and visual
embeddings, enabling the model to capture com-
plex interactions between language and imagery
in memes. Experimental evaluation across multi-
ple datasets and eight languages demonstrates that
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Language Team Name Models Macro F1

Hindi

CSIS BITS Pilani XLM-RoBERTa + CLIP (Concat) 0.56780
NLP Fusion Hindi-RoBERTa + ResNet-34 (Concat) 0.62400
FiRC-NLP LLM + XLM-R + SigLIP (Ensemble) 0.65710
Our proposed method XLM-RoBERTa + Swin (CA) 0.76150

Bodo

CSIS BITS Pilani XLM-RoBERTa + CLIP (Concat) 0.59970
FiRC-NLP LLM + XLM-R + SigLIP (Ensemble) 0.62220
NLP Fusion mBERT + ResNet-34 (Concat) 0.63130
Our proposed method XLM-RoBERTa + Swin (CA) 0.78300

Table 3: Comparison of proposed method with existing methods in Hate speech task

Language Team Name Method Macro F1

English

Susmitha XLM-R + CLIP-ViT (Gated) 0.6121
SigJBS Qwen2-VL + LoRA 0.6396
BiasBreakers CLIP + Neural Classifier (Concat) 0.7384
Our proposed method XLM-RoBERTa + Swin (CA) 0.7519

Hindi

MemeSentinel CLIP + Gated Fusion 0.6068
MemeScouts VLM Prompting + Random Forest 0.6426
BiasBreakers CLIP + Neural Classifier (Concat) 0.7385
Our proposed method XLM-RoBERTa + Swin (CA) 0.7825

Chinese

Susmitha XLM-R + CLIP-ViT (Gated) 0.7371
MemeScouts VLM Prompting + Random Forest 0.7527
MemeSentinel CLIP + Gated Fusion 0.7535
Our proposed method XLM-RoBERTa + Swin (CA) 0.923

Table 4: Comparison of proposed method with existing methods in homophobia/transphobia Task

the proposed framework achieves strong perfor-
mance in detecting harmful meme categories such
as misogyny, homophobia, transphobia, and hate
speech. The model consistently outperforms sev-
eral baseline systems in terms of macro-F1 score
across both high-resource and low-resource lan-
guage settings. These results indicate that combin-
ing multilingual language models with transformer-
based visual representations can effectively capture
both explicit and implicit harmful signals embed-
ded in memes. The findings emphasize the impor-
tance of multimodal and multilingual approaches
for addressing harmful content in online environ-
ments. By jointly modeling visual and textual con-
text, the proposed framework improves the abil-
ity to detect abusive expressions that may not be
identifiable using single-modality methods. Future
research can focus on enhancing multimodal fusion
mechanisms, incorporating cultural knowledge rep-
resentations, and developing more computationally
efficient architectures to support large-scale real-

world deployment.

Limitations and Future Work

Despite the promising performance of the proposed
framework, several limitations remain. The current
approach relies on a relatively simple fusion mecha-
nism to combine textual and visual features, which
may not fully capture complex interactions be-
tween the two modalities. Additionally, the model
is built on large transformer-based architectures
such as XLM-RoBERTa and Swin Transformer,
which require significant computational resources
for training and inference, potentially limiting their
deployment in low-resource environments. The
performance of the system also depends on the
quality, balance, and diversity of the training data.
If certain harmful patterns, cultural contexts, or lan-
guage variations are underrepresented, the model
may struggle to generalize to unseen content.

Future work can address these limitations by
exploring more advanced multimodal fusion strate-
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Language Team name Method Macro_f1

Chinese

SSNCSE (K and B, 2025) BERT + ResNet (Concat) 0.7034
CUET_12033(Rahman et al., 2025b) CharBERT + BiLSTM(GMU) 0.7089
CVF_NITT(T and K, 2025) CLIP (Early Fusion) 0.7362
CUET’s_White_Walkers(Rahman et al., 2025a) BERT + ResNet(Early Fusion) 0.8542
Our proposed method XLM-R + Swin(CA) 0.8715

Malayalam

Code_Conquerors(Rao et al., 2025) BERT + ViT(Concat) 0.7561
Fired_from_NLP(Chowdhury et al., 2025) EffNet + mBERT (Concat) 0.8037
CUET-NLP_Big_O(Hossan et al., 2025) MuRIL + EffNet (FC) 0.8253
byteSizedLLM(Manukonda and Kodali, 2025) XLM-R+ ResNet(BiLSTM) 0.8391
Our proposed method XLM-R + Swin(CA) 0.856

Tamil

Team_Strikers(Shanmugavadivel et al., 2025a) LSTM + ResNet (CNN-LSTM) 0.6477
Code_Conquerors(Rao et al., 2025) BERT + CLIP (Concat) 0.6641
InnovationEngineers(Shanmugavadivel et al., 2025b) BERT + EffNet(VLM) 0.6878
MNLP(Chauhan and Kumar, 2025) XLM-R + ViT(Concat) 0.7351
Our proposed method XLM-R + Swin (CA) 0.7619

Table 5: Comparison of proposed method with existing methods in the Misogyny task

gies, such as deeper cross-modal attention mech-
anisms or end-to-end multimodal training frame-
works. Incorporating data augmentation techniques
and expanding multilingual datasets could fur-
ther improve model robustness and generalization
across diverse linguistic and cultural contexts. In
addition, lightweight model architectures or effi-
cient training strategies may help reduce computa-
tional requirements and enable broader real-world
deployment.
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S.No Image Translation GT / Pred Error Type Explanation

1 “Why are so many people in
relationships?”

Humorous / Neutral Implicit Sarcasm Detection Humor is conveyed primar-
ily through Tamil reaction
images rather than explicit
sarcastic wording.

2 Girl asks for a maroon
stone-work mask while
shopping for Perunnal.

Misogynistic /
Non-misogynistic

Gender Stereotype Misclassi-
fication Indirect sexist humor

is expressed through
exaggerated shopping
stereotypes.

3 “Two ladies, this way
please.”

Homophobic /
Non-hateful

Contextual LGBTQ+ Hate
Misclassification Hidden discriminatory

intent is conveyed through
contextual implication.

4 “If you are under me, then
50.”

Offensive / Neutral Implicit Sexual Harassment
Detection Indirect sexually suggestive

sarcasm was not correctly
identified.

5 “Send a screenshot of your
Chrome history.”

Neutral / Offensive Contextual Humor Misclassi-
fication Playful internet humor was

incorrectly classified as
offensive.

Table 6: Qualitative Error Analysis of Harmful Meme Classification. GT: ground truth, Pred: predicted label
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