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Abstract

Internet memes serve as powerful vehicles of
expression across platforms like Instagram,
Twitter, and WhatsApp. However, they of-
ten carry implicit messages such as humor,
sarcasm, or offense especially in the context
of marginalized communities. Understanding
such intent is crucial for effective moderation
and content filtering. This paper introduces a
deep learning-based multimodal framework de-
veloped for the CASE 2025 Shared Task on
detecting hate, humor, and stance in memes
related to marginalized movements. The study
explores three architectures combining tex-
tual models (BERT, XLM-RoBERTa) with vi-
sual encoders (ViT, CLIP), enhanced through
cross-modal attention and Transformer-based
fusion. Evaluated on four subtasks, the mod-
els effectively classify meme content—such as
satire and offense—demonstrating the value of
attention-driven multimodal integration in in-
terpreting nuanced social media expressions.

1 Introduction

Memes have emerged as a dominant medium of
communication in the digital age, enabling users to
express emotions, opinions, and social commentary
in humorous yet impactful ways. Their wide dis-
semination on platforms such as Twitter, Instagram,
and WhatsApp makes them not only vehicles of
entertainment but also instruments of cultural and
ideological expression. Despite their seemingly
innocuous appearance, memes can carry coded lan-
guage, sarcasm, and implicit ideologies that may
reinforce hate (Parihar et al., 2021; Roy and Ku-
mar, 2025; Swain et al., 2022; Kumar et al., 2021),
misinformation, or discrimination (Zannettou et al.,
2018). Their interpretative flexibility often depends
on the viewer’s cultural background, context, and
personal values (Kiela et al., 2020), making auto-
matic intent recognition particularly challenging.

Figure 1: A meme promoting ’Heterosexual Pride
Month’ — raising concerns about LGBTQ+ exclusion.

What makes memes powerful is also what com-
plicates their analysis: they integrate both visual
and textual elements, with meaning frequently
emerging from the interaction between the two
modalities. A single meme can appear humorous to
some while being deeply offensive to others. This
inherent ambiguity necessitates sophisticated ap-
proaches to computational analysis that can reason
across modalities and cultural contexts.

Figure 1 illustrates the importance of multimodal
reasoning. This meme, sourced from the CASE
2025 shared task (Thapa et al., 2025a; Hürriyetoğlu
et al., 2025), visually depicts a heterosexual fam-
ily shielding their child from colored rain. While
it may appear neutral or protective at first glance,
the colored rain can be interpreted as represent-
ing LGBTQ+ pride, implying an exclusionary and
discriminatory undertone.

Interpretation 1: Neutral Perspective: At first
glance, the meme may appear to convey a positive
or protective sentiment—parents shielding their
child from colorful rain. This can be interpreted as
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a metaphor for responsible parenting, without any
harmful connotation.

Interpretation 2: Critical Perspective: Upon
closer examination, the rainbow-colored rain sug-
gests a symbolic representation of LGBTQ+ iden-
tity. The umbrella labeled “Heterosexual Pride
Month” implies protection from LGBTQ+ influ-
ence, thus reinforcing anti-LGBTQ+ sentiment and
promoting a harmful ideological stance.

The latest developments in the impressive deep
learning, particularly in the field of multimodal
learning, have allowed extraction and reasoning of
both textual and visual features. The alignment of
vision and language, which is vital in the under-
standing of the layered semantics of memes, has
had an impressive result on the architectures, in-
cluding CLIP (Radford et al., 2021) and BLIP (Li
et al., 2022). Particular to meme analysis, the
Hateful Memes Challenge (Thapa et al., 2024) and
Memotion Analysis tasks (Sharma et al., 2020)
have inspired new studies on multimodal hate
(Thapa et al., 2023; Bhandari et al., 2023) and sen-
timent analysis.

It has been observed that unimodal learning sys-
tems cannot capture subtle contextual data; hence,
to address the situation, we present a multimodal
deep learning framework to integrate visual and
textual information in a multi-modal environment
by means of the fusion strategy of attention. The
given approach can identify not only direct but also
expressive forms of hate, such as sarcasm and po-
sitions of ideology. Our model follows a similar
pattern but uses pre-trained architectures (XLM-R
on the text data, CLIP model on the visual infor-
mation) and colleges a Transformer-based fusion
module to enable more robust performance with
better interpretability on multiple downstream stan-
dardized data sets.

The rest of the sections are organized as follows:
Section 2 discusses related work for memes identi-
fication, Section 3 discusses proposed methodology
in detail, The outcome of the proposed model is
listed in Section 4 and Section 5 concludes the
paper.

2 Related Work

Detecting harmful or misleading memes presents
a significant challenge due to their inherently mul-
timodal structure often requiring nuanced under-
standing of visual cues and embedded text. Over
the years, multiple approaches have been developed

to address this challenge, ranging from unimodal
to state-of-the-art multimodal architectures.

2.1 Text and Vision Models for Content
Moderation

Early approaches primarily focused on either the
textual or the visual component of memes. Models
like BERT (Devlin et al., 2019) and RoBERTa (Liu
et al., 2019) were widely used for text analysis,
while CNN-based models such as ResNet (He et al.,
2016) and DenseNet (Huang et al., 2017) handled
image classification. However, these unimodal
methods often failed to capture the interaction be-
tween image and text, a critical element in meme
understanding.

2.2 Multimodal Detection and the Facebook
Hateful Memes Challenge

The Facebook Hateful Memes Challenge (Kiela
et al., 2020) emphasized the need for multimodal
solutions by presenting memes where neither text
nor image alone conveyed hate. Transformer-based
models such as ViLBERT (Lu et al., 2019) offered
early solutions for joint vision-language learning.

The introduction of CLIP (Radford et al., 2021)
further advanced this field by aligning visual and
textual representations in a shared embedding
space. Leveraging this, Hate-CLIPper (Kumar and
Nandakumar, 2022) and MemeCLIP (Shah et al.,
2024) demonstrated robust performance for hateful
meme detection and multi-label classification tasks
such as humor, stance, and hate.

2.3 Recent Advances in Meme Understanding

Recent studies have further refined multimodal fu-
sion strategies. Align-before-Attend (Hossain et al.,
2024) aligns image and text features prior to fusion
to improve hate detection performance, particularly
on multilingual datasets. Evolver (Huang et al.,
2024) applies prompt-based chain-of-evolution rea-
soning, enabling the model to use historical meme
context for interpreting intent.

LMM-RGCL (Mei et al., 2025) introduces a
two-stage contrastive learning approach for fine-
tuning large multimodal models and achieves state-
of-the-art results across six meme datasets. Lin et
al. (Lin et al., 2024) propose an explainable debate
framework between LLMs (Thapa et al., 2025b)
for modeling conflicting viewpoints within memes.
M3Hop-CoT (Kumari et al., 2024) uses a multi-
modal chain-of-thought strategy to enhance misog-
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ynous meme detection performance, especially in
datasets like MAMI.

In multilingual settings, Chauhan and Ku-
mar (Chauhan and Kumar, 2025) employ XLM-
RoBERTa with ViT and BiLSTM-attention for de-
tecting misogyny in Tamil and Malayalam memes.
GuardHarMem (El-amrany et al., 2025) incorpo-
rates caption generation with fusion-based detec-
tion for improved interpretability and performance
(F1 ≈ 0.91).

2.4 Research Gap

Despite recent advances in multimodal learning,
many existing approaches still rely heavily on task-
specific architectures, handcrafted feature engineer-
ing, or late fusion strategies that treat textual and
visual modalities in isolation until the final stage.
These limitations restrict the models’ ability to cap-
ture fine-grained interactions between modalities
and often reduce their generalizability across tasks.

3 Methodology

Each meme sample contains both image and OCR
text. All subtasks are multi-class or binary clas-
sification problems, requiring both modalities for
accurate prediction (see Table 1 for task descrip-
tion). The additional information on the dataset
can be found in (Thapa et al., 2025a).

This section presents two multimodal archi-
tectures designed for the Shared Task on Mul-
timodal Hate, Humor, and Stance Detection in
Marginalized Movements @CASE 2025 (Thapa
et al., 2025a; Hürriyetoğlu et al., 2025). Both ar-
chitectures process meme images and their OCR-
extracted text, aiming to predict four semantic prop-
erties: hatefulness, targeted group, stance, and hu-
mor. The overall task is framed as a multi-task
learning problem. The flow diagram for the pro-
posed model can be seen in Figure 2.

Our work introduces a unified transformer-based
architecture that leverages early fusion of mul-
timodal features through cross-modal attention.
Specifically, we explore three distinct combinations
of pre-trained language and vision encoders:

• XLM-RoBERTa + CLIP: We concatenate
768-dimensional textual embeddings from
XLM-RoBERTa with 512-dimensional text
and 512-dimensional image embeddings
from CLIP, forming a comprehensive 1792-
dimensional multimodal representation.

• BERT + ViT: This configuration fuses 768-
dimensional text embeddings from BERT (De-
vlin et al., 2019) with 768-dimensional im-
age embeddings from the Vision Transformer
(ViT), resulting in a 1536-dimensional joint
feature space.

• XLM-RoBERTa + ViT: Here, both text and
image features are of 768 dimensions, produc-
ing a 1536-dimensional combined representa-
tion.

These fused embeddings are then processed
through a Multi-Head Attention Transformer
(Vaswani et al., 2017) that enables deep interac-
tion between modalities at multiple representation
levels. Our models are evaluated across all four
subtasks of the CASE 2025 competition to as-
sess their robustness, transferability, and domain-
independence. The experimental results validate
the effectiveness of our early-fusion attention-
based approach in capturing nuanced multimodal
intent, outperforming or matching task-specific
baselines while maintaining general applicability.

3.1 Architecture 1 : Transformer-based
Fusion

This section describes the architecture and training
procedure of our unified multimodal classification
framework.This approach leverages pretrained en-
coders for independent modality processing and
combines their outputs using a Transformer-based
fusion module.

3.1.1 Text Encoding with XLM-RoBERTa
We process the OCR-extracted text from
memes using the multilingual transformer XLM-
RoBERTa (Conneau et al., 2019). Given an
input text sequence xtext, we obtain its contex-
tual representation via the final [CLS] token
embedding:

hxlmr = XLM-R(xtext)[CLS] ∈ R768

This text encoder is fine-tuned using binary
cross-entropy loss:

Ltext = −
N∑
i=1

yi log(ŷi) + (1− yi) log(1− ŷi)

where ŷi = σ(Wt · hxlmr + bt) is the predicted
probability of the positive class.
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Table 1: CASE 2025 Shared Task Subtasks and Labels

Subtask Objective Label Names Encoded Labels
A Detect hate speech in the meme. No Hate, Hate 0, 1
B Identify the target of hateful

memes.
Undirected, Individ-
ual, Community, Or-
ganization

0, 1, 2, 3

C Determine stance toward move-
ments.

Neutral, Support,
Oppose

0, 1, 2

D Detect humor/satire/sarcasm. No Humor, Humor 0, 1

Figure 2: Block diagram of the multimodal architecture for HM, MAMI, and MultiOFF datasets.

3.1.2 Visual and Textual Embedding with
CLIP

We employ the Contrastive Language–Image Pre-
training (CLIP) model (Radford et al., 2021) to
obtain aligned embeddings for both the meme im-
age ximg and its OCR-extracted text xocr. CLIP
provides a joint representation:

hclip =
[
himg;hocr

]
∈ R1024, himg,hocr ∈ R512

Both image and text features are extracted via
CLIP’s pretrained encoders and optionally fine-
tuned using:

Lclip = −y log σ(Wc · hclip + bc)

3.1.3 Feature Fusion and Classification
The output representations from XLM-R and CLIP
are concatenated into a single vector:

z = [hxlmr;himg;hocr] ∈ R1792

This vector is linearly projected to a reduced
dimension d for input into a Transformer encoder:

zproj = Wp · z+ bp, Wp ∈ Rd×1792

The Transformer encoder T with positional en-
codings captures inter-modal interactions:

zfused = T (PosEnc(zproj))

A multilayer perceptron (MLP) followed by a
sigmoid activation performs final classification:

ŷ = σ(MLP(zfused))

3.1.4 Training Configuration
The fusion classifier is trained using the following
setup: Optimizer: Adam, Learning rate: 1× 10−4,
Loss function: Binary Cross-Entropy, Batch size:
16, and Epochs: 100. The final prediction ŷ is
thresholded at 0.4:

ŷ =

{
1, if σ(f(z)) ≥ 0.4

0, otherwise

3.2 Architecture 2 : Transformer-based
Fusion with Bidirectional Cross Attention

3.2.1 Text Encoder: XLM-RoBERTa
The textual content from memes is tokenized and
passed into a fine-tuned XLM-RoBERTa model.
We extract contextual token embeddings Ht ∈
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RL×d and apply mean pooling to obtain the final
text embedding:

ht =
1

L

L∑
i=1

H
(i)
t

where L is the sequence length and d = 768 is
the hidden dimension.

3.2.2 Image Encoder: Vision Transformer
(ViT)

The meme image is resized and fed into a pre-
trained ViT model. The image is split into P
patches and encoded to obtain Hv ∈ RP×d. Simi-
lar to the text stream, we perform mean pooling:

hv =
1

P

P∑
j=1

H(j)
v

3.2.3 Bidirectional Cross-Modal Attention
We apply bidirectional multi-head attention be-
tween visual and textual sequences to model fine-
grained interactions:

At←v = MHA(Ht,Hv,Hv) (1)

Av←t = MHA(Hv,Ht,Ht) (2)

These attention outputs are pooled to form final
fused features:

z = [MeanPool(At←v);MeanPool(Av←t)] ∈ R2d

3.2.4 Multi-task Classification Heads
The fused vector z is passed through four indepen-
dent multi-layer perceptrons (MLPs), one for each
subtask:

ŷ(s) = Softmax(f (s)(z)), s ∈ {A,B,C,D}

Each head uses a cross-entropy loss:

Ltotal =
∑
s

λs · L(s)
CE

where λs are task-specific weights (default 1.0).

3.2.5 Training Configuration
Following hyperparameter were used to train the
proposed model: Optimizer: AdamW with weight
decay, Learning rate: 3 × 10−5 (with warm-up),
Epochs: 30, Loss: Multi-task CrossEntropy, Back-
bone Freezing: First 5 epochs.

3.3 Architecture 3 : Lightweight Fusion with
PCA and Multi-Head Attention

3.3.1 Static Feature Extraction
In this architecture, we use frozen encoders for
feature extraction:

• Text: BERT [CLS] embeddings t ∈ R768

• Image: ViT global embeddings v ∈ R768

3.3.2 Dimensionality Reduction
We apply PCA separately:

t′ = PCA(t) ∈ R128, v′ = PCA(v) ∈ R128

3.3.3 Multi-Head Attention Fusion
The reduced embeddings are passed through dense
layers and fused using multi-head attention:

q = Wq · v′ k,vatt = Wk · t′ (3)

zfused = MHA(q,k,vatt) (4)

3.3.4 Multi-task Output and Loss
The attention output is flattened and passed into
shared dense layers, followed by task-specific clas-
sification heads:

ŷ(s) = Softmax(g(s)(zfused)), ∀s ∈ {A,B,C,D}

We minimize total cross-entropy loss across all
subtasks:

Ltotal =
∑
s

L(s)
CE

3.3.5 Training Configuration
Following hyperparameter were used to train the
proposed model: Optimizer: Adam, Learning Rate:
1 × 10−4, Epochs: 50, Loss: Cross-entropy per
subtask.

4 Results

Table 2 presents the performance of our multimodal
model (XLM-R/BERT + ViT/CLIP) across the four
subtasks defined in the CASE 2025 shared task.
The model achieves reasonably competitive per-
formance in binary tasks such as Hate Detection
(Subtask A) and Humor Detection (Subtask D),
obtaining an F1 score of 0.6602 and 0.6564, re-
spectively. These results indicate that the model is
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Table 2: Performance of the Best Performed Models for Different Sub-tasks

Tasks Model Recall Precision F1 Score Accuracy

Subtask-A XLM-R + ViT + Attention 0.6614 0.6654 0.6602 0.6627
Subtask-B BERT + ViT + Attention 0.3158 0.2739 0.4096 0.4217
Subtask-C XLM-R + ViT + Attention 0.4723 0.4905 0.4674 0.4694
Subtask-D XLM-R + ViT + Attention 0.6554 0.6575 0.6564 0.7002

Figure 3: Confusion matrix Subtask
A

Figure 4: ROC curve multiclass sub-
task A

Figure 5: Confusion matrix Subtask
B

able to capture surface-level multimodal features
to some extent.

However, the performance significantly drops in
more semantically complex tasks particularly in
Target Identification (Subtask B) and Stance Clas-
sification (Subtask C). For instance, the F1 score
for Subtask B was only 0.4096, far from the top
performer (0.6530). This gap indicates challenges
in understanding nuanced and context-specific se-
mantic relationships.

A key reason behind the lower performance in
these subtasks is likely due to semantic misalign-
ment between the textual and visual streams. The
model often misinterprets the context when the
image and text convey conflicting or sarcastic mes-
sages. Since memes are frequently designed with
contradictory visuals and text (e.g., humorous im-
ages paired with hateful text or vice versa), the fu-
sion mechanism occasionally diverges in learning,
either overemphasizing the visual cue or misjudg-
ing the intended sentiment of the text.

The confusion metric and ROC for for the testing
labels for xlm-roberta + VIT+ Attention model
can be seen in Figures 3 and 4, respectively. The
confusion metric and ROC for for the testing labels
for BERT + VIT+ Attention model can be seen in
Figures 5 and 6, respectively. The confusion metric
and ROC for for the testing labels for clm-roberta +
CLIP+ Attention based fusion model can be seen in
Figures 7 and 8, respectively. Similarly, confusion

matrix and ROC curve for the subtask-D can be
seen in Figures 9 and 10, respectively.

These findings echo observations from prior
works on multimodal sarcasm and hate detection
(Fersini et al., 2022),which highlight that surface-
level fusion techniques are insufficient when the
modalities encode different or even conflicting se-
mantic signals. Thus, future iterations of the model
can benefit from deeper semantic alignment mod-
ules or attention-based conflict resolution strategies
to better handle such intricacies.

5 Conclusion

The proposed model is validated for four subtasks
from the CASE 2025 shared task. The system
showed promising performance on binary classifi-
cation tasks like Hate Detection (F1 = 0.6602) and
Humor Detection (F1 = 0.6564), indicating that the
model can capture explicit cues from both modal-
ities effectively. However, for more semantically
complex subtasks such as Target Group Identifi-
cation and Stance Classification, the performance
was notably lower (F1 = 0.4096 and 0.4674 respec-
tively). These tasks require a deeper understanding
of socio-political context and subtle narrative tones,
which our current model struggled to generalize.
One key limitation identified was the semantic mis-
alignment between image and text. The model
often failed to resolve contradictions in multimodal
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Figure 6: ROC curve for the Subtask
B

Figure 7: Confusion matrix Subtask
C

Figure 8: AUC curve multiclass sub-
task C

Figure 9: Confusion matrix Subtask D

Figure 10: AUC curve multiclass subtask D

memes—where visual irony or sarcasm alters the
literal meaning of the text. This led to misinterpre-
tation in scenarios where the intended sentiment
was obfuscated through meme-specific humor or
design.
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