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Abstract
Memes, a multimodal form of communication,
have emerged as a popular mode of expres-
sion in online discourse, particularly among
marginalized groups. With multiple mean-
ings, memes often combine satire, irony, and
nuanced language, presenting particular chal-
lenges to machines in detecting hate speech,
humor, stance, and the target of hostility. This
paper presents a comparison of unimodal and
multimodal solutions to address all four sub-
tasks of the CASE 2025 Shared Task on Mul-
timodal Hate, Humor, and Stance Detection.
We compare transformer-based text models
(BERT, RoBERTa) with CNN-based vision
models (DenseNet, EfficientNet), and multi-
modal fusion methods, such as CLIP. We find
that multimodal systems consistently outper-
form the unimodal baseline, with CLIP per-
forming the best on all subtasks with a macro
F1 score of 78% in sub-task A, 56% in sub-task
B, 59% in sub-task C, and 72% in sub-task D.

1 Introduction

Social networks have emerged as a platform that
promotes unity by amplifying the spread of ideas
in creatively diverse forms (Parihar et al., 2021).
However, the proliferation of various modalities in
online content has resulted in a rapid increase in
hate speech, toxicity, offensive nuances, and pro-
paganda (Rauniyar et al., 2023; Thapa et al., 2023;
Jafri et al., 2024; Naseem et al., 2025; Jafri et al.,
2023). A popular multimodal form of such con-
tent is memes, a combination of image or video
and text that expresses ideas of a certain group
or culture (Suryawanshi et al., 2020). Usually
used as a powerful medium for satire, critique, and
nuanced messages, memes blur the line between
humor and hate, making them extremely cumber-
some for machines to identify and tackle (Praman-
ick et al., 2021). This complication is particularly
pronounced in marginalized spaces, especially the

LGBTQ+ movement, where memes serve as both a
means of solidarity and a force of resistance, mak-
ing the content simultaneously supportive and hos-
tile (Bikram Shah et al., 2024; Khatoon et al.).

With substantial interest from scholars and re-
searchers, recent advances have demonstrated a
significant improvement in understanding con-
tent that integrates both text and visual elements.
Transformer-based models such as BERT (De-
vlin et al., 2019) and RoBERTa (Liu et al., 2019)
have demonstrated strong performance, particularly
when dealing with nuanced or context-dependent
textual language. On the visual side, Convolutional
Neural Network (CNN) architectures such as Ef-
ficientNet (Tan and Le, 2019) are widely used to
extract semantic representations from images. Fur-
thermore, CLIP (Radford et al., 2021), a vision
language model trained on image-text pairs, has
emerged as a powerful tool for aligning textual and
visual semantics in a joint embedding space.

In this paper, we discuss a unified approach that
leverages multiple deep learning techniques, in-
cluding BERT, RoBERTa, DenseNet, EfficientNet,
and CLIP, to detect hate speech, humor, stance,
and identify target memes. These models were
evaluated as part of the Shared Task on Multi-
modal Hate, Humor, and Stance Detection in the
context of marginalized movement at CASE 2025
(Thapa et al., 2025a; Hürriyetoğlu et al., 2025).
The shared task consists of four subtasks: detecting
hate speech (subtask A), identifying hate targets
(subtask B), classifying the topical position (sub-
task C), and detecting humor (subtask D) using the
PrimeMM dataset associated with the LGBTQ +
Pride movement (Bikram Shah et al., 2024). Our
approach incorporates both unimodal and multi-
modal pipelines, with comparative evaluations to
assess the performance and limitations of each
model.
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2 Related Works

The increasing prevalence of using multimodal con-
tent to disseminate hate has evidently gathered the
interest of researchers in developing an efficient
system to detect and decrease the spread of online
negativity (Gandhi et al., 2024). Research in the
detection of harmful and offensive content has been
conducted in both unimodal and multimodal forms,
with multimodality gaining exponential popularity
in recent years. Several studies on understanding
the multimodality in content have demonstrated
promise in addressing the challenges of harmful
content on social platforms using different tech-
niques and frameworks (Thapa et al., 2024a). More
extensive research on multimodal hate detection be-
gan with a challenge organized by Facebook AI,
namely the Hateful Meme Challenge, with respect
to which various papers and systems have emerged
to tackle this issue (Kiela et al., 2020).

2.1 Unimodal Hate Meme Detection

Traditionally, detection models were mainly based
on textual content, which was later expanded to
images as well. Textual models have shown a
strong base with state-of-the-art performance even
in noisy and nuanced language. Text-based mod-
els have been particularly dominant, employing
traditional machine learning techniques such as
SVMs and logistic regression with handcrafted fea-
tures (Schmidt and Wiegand, 2017). They have
later progressed to deep learning models, including
LSTMs and transformer-based architectures like
BERT (Devlin et al., 2019). These models demon-
strate improved performance in identifying explicit
hate speech, but struggle to capture implicit or sar-
castic expressions, especially when critical context
is embedded visually. Parallelly, computer vision
has also advanced to provide strong performance
in hate detection in images as well. Image-only
models, often based on CNNs or architectures like
DenseNet (Huang et al., 2017) and ResNet (He
et al., 2016)— focus on visual symbolism or hateful
graphics but lack the linguistic information neces-
sary to interpret captions or textual overlays. While
unimodal approaches offer simplicity and lower
computational cost, several studies have shown that
they are insufficient for decoding the complex in-
terplay between text and image that characterizes
modern hate memes (Kiela et al., 2020).

2.2 Multimodal Hate Meme Detection

Throughout the years, multiple efforts have been
made to create a multimodal dataset of harmful
and offensive memes. Most datasets focus on a
specific domain or target group of hate. PrideMM
dataset (Bikram Shah et al., 2024) is an annotated
multimodal dataset that focuses primarily on the
LGBTQ+ movement. Suryawanshi et al. (2020)
suggested the MultiOFF dataset, which is related
to offensive content from the 2016 US presidential
election, and implemented an early fusion model to
classify memes. Pramanick et al. (2021) proposed
the extension of their HarMeme dataset by includ-
ing US political memes as Harm-P and COVID-
19 memes as Harm-C to cover larger yet specific
contexts of harmful meme analysis and further an-
notated types of targets. A more general and nu-
anced dataset introduced to capture the vague sense
of memes is Multi3Hate, the first multimodal and
multilingual dataset with 1,500 memes, including
memes in five different languages (Bui et al., 2024).

Advanced models have lately been presented that
deal with the complexity of the multimodal meme.
More recently, models such as CLIP (Radford et al.,
2021) have bridged the gap between vision and
language by demonstrating strong performance in
zero-shot and few-shot classification, making it a
promising model used as a base for their archi-
tecture by many researchers (Bikram Shah et al.,
2024; Kapil and Ekbal, 2025). A notable research
in this domain is MOMENTA, which utilized a
multimodal neural network combining local and
global features, and adding intramodel attentions
to form the CLIP features outperforming several
rivaling approaches (Pramanick et al., 2021). A
unique approach was adopted in KnowMeme by
leveraging a graph neural network to identify im-
plicitly offensive content in memes with common
sense (Shang et al., 2021). Recently, the use of
LLMs and VLMs with zero-shot setting (Bui et al.,
2024), Chain-of-Thought (Yang et al., 2023), and
Chain-of-Expression (Huang et al., 2022) as well as
prompting techniques (Niu et al., 2024; Sun et al.,
2023), is gaining popularity in multimodal hate de-
tection (Thapa et al., 2025b). Question-Answering
has also been on the rise in the field of hate meme
classification (Anaissi et al., 2025; Nandi et al.,
2024).

Moreover, in the domain of humor detection, sar-
casm often coexists with offensive or hateful under-
tones, making it a particularly challenging aspect
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for automated systems to detect reliably (Shiwakoti
et al., 2024). Stance detection, on the other hand,
has been studied in textual political and climac-
tic discourse (Küçük and Can, 2020; Thapa et al.,
2024b). However, relatively few works have tack-
led it in multimodal forms where visual rhetoric
plays a key role. Niu et al. (2024) introduced
the MmMtCSD dataset for multimodal stance de-
tection and proposed a framework that leverages
LLMs for the integration. A considerable amount
of research has been conducted, particularly on the
hate detection task; however, the other objectives
have limited resources available in the context of
multimodal content.

3 Datasets

The dataset used in this shared task is a multimodal,
multi-aspect resource, PrideMM (Bikram Shah
et al., 2024). The dataset comprises 5,063 text-
embedded images - primarily memes - relevant to
the LGBTQ + movement that are collected from
Facebook, Twitter, and Reddit between 2020 and
2024. Each image in the dataset is annotated across
four distinct subtasks: Hate Speech Detection, Tar-
get Classification, Topical Stance Classification,
and Humor Detection. Extracted text from the text-
embedded image is also provided using the OCR
vision API. The dataset was segmented into train,
evaluation, and test sets, with the test labels remain-
ing undisclosed throughout the challenge. Table 1
provides the statistics of the dataset used in each of
the subtasks.

Subtask Class Train Eval
Subtask A Hate 1,985 248

No Hate 2,065 258
Subtask B Individual 199 25

Community 931 116
Organization 238 30
Undirected 617 77

Subtask C Support 1,527 191
Oppose 1,357 169
Neutral 1,166 146

Subtask D Humor 2,737 342
No Humor 1,313 164

Table 1: Dataset Statistics of all subtasks

3.1 Subtask A: Hate Speech Detection

For sub-task A, the provided dataset contains im-
ages labeled either No Hate(0) or Hate(1), with a

total of 4,050 training images and 507 images for
testing. The dataset for sub-task A is quite bal-
anced, with 1,985 instances labeled as hate, and
2,065 labeled as no hate in the provided training set.
Additionally, 506 samples were also provided for
evaluation, with 248 hate and 258 no-hate samples.

3.2 Subtask B: Hate Target Classification

Subtask B aligns with the classification of targets
of hate speech in the text-embedded images. With a
total of 1,985 memes in the training set, the targets
are classified as Undirected (0) with 617 instances,
Individual (1) with 199 instances, Community (2)
with 931 instances, and Organization (3) with 238
instances. The evaluation set contains 248 text-
embedded images, and the test set has 249 unla-
beled instances.

3.3 Subtask C: Stance Classification

In Subtask C, the main objective is to determine the
stance of the image, with a total of 5,063 samples
annotated as Neutral (0), Support (1), or Oppose
(2). The training dataset contains 1,527 samples
of support, 1,357 of oppose, and 1,166 of neutral
instances. Additionally, a total of 506 samples in
the evaluation set contain 191 samples of support,
169 of opposition, 146 of neutral instances, and 507
images in the test set.

3.4 Subtask D: Humor Detection

Subtask D is a binary classification task focused
on identifying whether the text-embedded image
employs humor or not in the context of LGBTQ+
discourse. There are a total of 4,050 instances in the
training set, with 2,737 labeled as humor and 1,313
labeled as no humor. The evaluation set contains
1,012 images, and the test set contains 507 images.

4 Methodology

All four subtasks have been configured with both
unimodal and multimodal approaches to compare
the performance of each pre-trained model for each
modality. Starting with data pre-processing, model
adaptation, and fusion strategies, the process and
models are unified for all subtasks.

4.1 Data Processing

The multimodal nature of the dataset requires pro-
cessing to be done on both the text and the im-
age. In this section of the paper, textual and image
processing, including the modeling architectures,
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are described. The extracted textual data obtained
using the OCR technology, provided along with
the dataset, was utilized for the processing of the
texts. Industry standard preprocessing and normal-
ization techniques, including lowercasing, removal
of punctuations and extra whitespace, and other
characters, were applied. The text was then tok-
enized using the HuggingFace tokenizers.

For image processing, the images were first
loaded and transformed using the PIL library. Sim-
ple preprocessing steps were applied, including
resizing, normalization, and data augmentation, to
obtain clean and consistent data for processing. Fur-
thermore, to ensure the alignment between the im-
age and text for the multimodal approach, a shared
index was curated with the textual data extracted
from OCR.

4.2 Model Architectures

This section describes the models used in both the
unimodal and multimodal settings. The unimodal
approach describes both the textual and the im-
age encoders. We utilized an extensive array of
models in all subtasks to compare both unimodal
and multimodal approaches. Popular transformer-
based text models, BERT-base (Devlin et al., 2019)
and ROBERTa-base (Liu et al., 2019), were fine-
tuned to be used as the primary unimodal text mod-
els. To capture the spatial features in the image-
only baselines, DenseNet-161 (Huang et al., 2017)
and EfficientNet-B3 (Tan and Le, 2019) were used
with the ImageNet-pretrained weights, followed
by modification of the classification layer accord-
ing to the number of classes in each of the sub-
tasks. Utilizing RoBERTa-base encoder for text
and EfficientNet-B3 for the images, a fusion tech-
nique was employed by concatenating the features
from the two models, which achieved the best per-
formance among multiple other combinations of
text and image processing models (Habib et al.,
2024). Moreover, the result was compared with
the CLIP model (Radford et al., 2021) that encodes
both the input modalities in a combined embedding
space. The shared embeddings were trained on a
custom classification head after freezing the CLIP
backbone.

5 Experiments

Each model, except the frozen CLIP backbone, was
fine-tuned with the AdamW optimizer with a learn-
ing rate of 1e-5 and batch size 8. All the models

were trained until a maximum of 5 epochs with
early stopping using the macro-averaged F1 score
of the validation set. In the case of binary classifi-
cation tasks, the classification threshold was also
optimised based on the validation scores. All the
experiments were conducted using PyTorch, text
models were run on HuggingFace transformers,
and images were run on timm/torchvision. Repro-
ducibility was ensured by random seeds.

Parameter Value
Learning Rate 1e-5
Batch size 8
Epochs 5
Optimizer AdamW

Table 2: Configuration parameters

6 Result and Discussions

The performance of all models is reported using
the macro F1 score, which is the official metric of
the subtask. It is well-suited for this shared task
due to the presence of the imbalanced classes in the
subtasks. Table 3 summarizes the results of all the
models implemented per subtask, reflecting the su-
perior performance of CLIP in all subtasks. In the
hate speech detection task (subtask A), multimodal
models showed promising results, with the CLIP
model achieving the best F1 score of 78.28%, fol-
lowed by fusion of EfficientNet and RoBERTa with
76.33%. Text-based unimodal, such as RoBERTa-
base, also performed quite well with an F1-score of
76.12%, presumably because the captions extracted
by OCR are informal and tweet-like. Nevertheless,
these models often confused sarcastic or ironic ma-
terial, particularly where hate was conveyed using
visual metaphors or jokes, rather than the hate be-
ing expressed through words. In contrast, image-
based unimodals, EfficientNet, and DenseNet were
much less effective, which validates that visual
cues cannot be sufficient to effectively detect hate
speech in memes.

Subtask B was particularly challenging due to
the uneven distribution of the classes and the sub-
jectivity of directed interpretation when defining
the target of hateful text-embedded images. CLIP
again surpassed other models with an F1 score of
56.30%, but the performance declined consider-
ably compared to Subtask A, which suggests the
complexity of the task of disambiguating the target
categories. The major misclassifications were be-
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Subtask Model Accuracy F1 Score Recall Precision

Sub-Task-A

BERT-base 0.7298 0.7248 0.7276 0.7428
RoBERTa-base 0.7613 0.7612 0.7611 0.7614
DenseNet-161 0.6154 0.6145 0.6164 0.6179
EfficientNet-B3 0.6291 0.6285 0.6301 0.6314
EffNet + RoBERTa 0.7633 0.7633 0.7634 0.7633
CLIP 0.7830 0.7828 0.7827 0.7833

Sub-Task-B

BERT-base 0.5663 0.5133 0.5052 0.5553
RoBERTa-base 0.5181 0.5018 0.5422 0.5092
DenseNet-161 0.4940 0.3859 0.3742 0.4644
EfficientNet-B3 0.3454 0.2554 0.2745 0.2418
EffNet + RoBERTa 0.5663 0.5420 0.5766 0.5588
CLIP 0.5462 0.5630 0.6235 0.5421

Sub-Task-C

BERT-base 0.5680 0.5663 0.5723 0.5763
RoBERTa-base 0.5759 0.5693 0.5709 0.5713
DenseNet-161 0.4675 0.4570 0.4612 0.4637
EfficientNet-B3 0.4832 0.4767 0.4777 0.4779
EffNet + RoBERTa 0.5459 0.5393 0.5608 0.5614
CLIP 0.5957 0.5930 0.5947 0.5953

Sub-Task-D

BERT-base 0.6923 0.6462 0.6449 0.6478
RoBERTa-base 0.7219 0.6616 0.6543 0.6795
DenseNet-161 0.6963 0.5275 0.6553 0.6709
EfficientNet-B3 0.6114 0.5964 0.6195 0.6050
EffNet + RoBERTa 0.7416 0.7053 0.7050 0.7056
CLIP 0.7594 0.7268 0.7275 0.7261

Table 3: Performance comparison of models across subtasks A–D.

tween the groups of Community and Undirected,
particularly in those memes that had broad or coded
language with no explicit reference to a particular
group. Also, Individual, which was the least rep-
resented category, was commonly under-predicted,
even with simple upsampling used in training. This
indicates a necessity for more evenly distributed
training samples and possibly more detailed guide-
lines for annotation that would be more capable of
differentiating between collective and individual
targets. Both CLIP with an F1-score of 59.57%
and RoBERTa at 56.93% competed well in Subtask
C, which aimed to classify the stance of the meme
toward marginal movements. However, when deal-
ing with irony or tone ambiguity, even those mod-
els produced wrong classifications. The particular
class of the Neutral was most likely to be miscate-
gorized by falling into supportive or opposing mes-
sages. In addition, multimodal models, especially
CLIP with an F1 score of 72.68%, performed better
than the unimodal baselines in Subtask D as well,
where visual cues played a major role in contex-
tualizing comical contexts. Nevertheless, sarcasm

and culturally coded jokes led to false predictions
at times, especially when their models were based
on images only and had no text.

7 Conclusion

In this paper, we address the multimodal and multi-
label nature of the spread of online negativity using
various deep learning models. We assessed the
performance of each model in each sub-task and
proposed a multimodal classification pipeline using
CLIP to detect hate speech, classify stances, iden-
tify targets, and recognize humor in memes. By
comparing transformer-based text encoders such
as BERT with image encoders built on CNN archi-
tectures like EfficientNet and DenseNet, and mul-
timodal models such as CLIP, we find that CLIP
outperforms all other models. CLIP-based architec-
ture performs particularly well in decoding context-
rich content and providing better generalization
across a variety of meme formats. Future work
aims to account for common sense reasoning, tem-
plate awareness, and temporally grounded context
to make the system more consistent with human un-
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derstanding. In addition, it is necessary to develop
unbiased and explainable multimodal architectures
that would guarantee transparency and accountabil-
ity in the practical moderation of hate speech.

Limitation

Although the paper highlights recent advancements
in the related objectives of hate, stance, target,
and humor detection, several challenges remain
unsolved. The imbalance in the dataset has lim-
ited the performance of the models as it has fewer
examples to learn the features of the classes with
fewer instances. The performance of different mod-
els, while demonstrating a promising result, still
shows the inability to deal with ambiguous sar-
casm, under-represented classes, and implicit hate
speech. Dealing with these limitations is important
when employing the evaluated models to accurately
moderate existing hate speech in online platforms.
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