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Abstract

Memes, originally crafted for humor or cul-
tural commentary, have evolved into powerful
tools for spreading harmful content, particu-
larly misogynistic ideologies. These memes
sustain damaging gender stereotypes, further
entrenching social inequality and encouraging
toxic behavior across online platforms. While
progress has been made in detecting harmful
memes in English, identifying misogynistic
content in Chinese remains challenging due
to the language’s complexities and cultural
subtleties. The multimodal nature of memes,
combining text and images, adds to the de-
tection difficulty. In the LT-EDI@LDK 2025
Shared Task on Misogyny Meme Detection,
we have focused on analyzing both text and
image elements to identify misogynistic con-
tent in Chinese memes. For text-based mod-
els, we have experimented with Chinese BERT,
XLM-RoBERTa and DistilBERT, with Chi-
nese BERT yielding the highest performance,
achieving an F1 score of 0.86. In terms of
image models, VGG16 outperformed ResNet
and ViT, also achieving an F1 score of 0.85.
Among all model combinations, the integra-
tion of Chinese BERT with VGG16 emerged as
the most impactful, delivering superior perfor-
mance, highlighting the benefit of a multimodal
approach. By exploiting these two modalities,
our model has effectively captured the subtle
details present in memes, improving its ability
to accurately detect misogynistic content. This
approach has resulted in a macro F1 score of
0.90355, securing 3rd rank in the task.

1 Introduction

The rise of social media has transformed communi-
cation but also contributed to the spread of harm-
ful content, including misogynistic memes. These
memes combine text and images to reinforce neg-
ative gender stereotypes (Gasparini et al., 2022).
While research has focused on English memes
(Farinango Cuervo and Parde, 2022), misogyny

is increasing in Tamil and Malayalam memes
(Suryawanshi et al., 2020c). Often humorous (Pon-
nusamy et al., 2024), they still normalize disrespect
toward women (Singh et al., 2024), highlighting
the need for multimodal detection models (Huang
et al., 2024).

The LT-EDI@LDK 2025 Shared Task on Misog-
yny Meme Detection tackles the challenge of identi-
fying misogynistic content in memes from Chinese
social media, requiring models to analyze both text
and images. The task’s goal is to classify memes
into Misogynistic and Non-misogynistic categories
(Ponnusamy et al., 2024; Chakravarthi et al., 2025).

In this study, we have proposed a multimodal
framework that integrates textual and visual fea-
tures for detecting misogynistic content. Integrat-
ing BERT (bert-base-chinese) for text representa-
tion and VGG16 for visual feature extraction, the
fusion of BERT (bert-base-chinese) + VGG16 re-
sults in remarkable advancements in performance.
It achieves an impressive F1 score of 0.92 on the
validation set, underscoring the power of combin-
ing both textual and visual data for more accu-
rate hate speech detection. For text-based models,
we have experimented with Chinese BERT, XLLM-
RoBERTa and DistilBERT, with Chinese BERT
yielding the highest performance. In terms of im-
age models, VGG16 outperformed ResNet and ViT,
demonstrating superior ability in extracting crucial
features. The combination of Chinese BERT and
VGG16 has proven to be the most effective, yield-
ing the best results in the task. The core contribu-
tions of our research work are as follows-

* We have implemented a novel integration
of BERT (bert-base-chinese) for text embed-
dings and VGG16 for image features, signifi-
cantly improving misogyny detection and clas-
sification performance.

* We have developed a multimodal classifier
that combines text and image features, im-

116



proving accuracy while reducing reliance on
manual feature extraction.

For a comprehensive guide on the imple-
mentation process and to access the com-
plete codebase, please visit the GitHub reposi-
tory: https://github.com/AJFaisal002/Misogyny-
Meme-Detection.

2 Related Work

Misogyny detection has evolved into a critical
area of research, initially concentrating on identify-
ing misogynistic content in English memes (Fari-
nango Cuervo and Parde, 2022), but gradually ex-
panding to include multilingual contexts and more
complex forms of content. Transformer-based mod-
els like BERT and RoBERTa have shown strong
performance in understanding nuanced language,
especially for multilingual tasks (Devlin et al.,
2019; Liu et al., 2019). Early meme detection
relied on unimodal models processing text or im-
ages separately, limiting their effectiveness. Mul-
timodal approaches like embedding-level fusion
(Suryawanshi et al., 2020a) and dual-stage fusion
in MemeFier (Koutlis et al., 2023) enhanced per-
formance. Benchmarks from Memotion (2020,
2022) and MultiOFF (Suryawanshi et al., 2020b)
have driven progress in offensive content detection.
The MDMD dataset by (Ponnusamy et al., 2024)
focuses on misogyny in Tamil and Malayalam
memes, providing detailed gender bias annotations.
The Multitask Meme Classification shared task by
(Chakravarthi et al., 2024) explored misogyny and
troll content detection, specifically in Tamil and
Malayalam, offering insights and benchmarks for
current approaches. (Chakravarthi et al., 2025)
provide an overview of misogyny meme detection
methods and results for Chinese social media, set-
ting benchmarks for this task.

3 Data Description

The Misogyny Meme Detection dataset, derived
from Chinese social media, has combined text and
image data, split into Train, Dev and Test sets. Each
Train and Dev sample includes an image, label and
transcription, while the Test set provides only the
image and text for classification. The data distribu-
tion is shown in Table 1.

4 Methodology
4.1 Problem Formulation

The task is to classify memes as Misogynistic or
Non-Misogynistic using multimodal data from Chi-

Labels Train Development Test
Misogyny 349 47 93

Not-Misogyny 841 123 247
Total 1,190 170 340

Table 1: Data Distribution of Misogyny and Non-
Misogyny in Train, Development and Test datasets

nese social media. Given a meme m consisting of
a text ¢t and an image ¢, the task is to classify m
as either Misogynistic or Non-Misogynistic. Let
t € R" represent the textual features of the meme
and ¢ € R™ represent the image features. The
objective is to learn a mapping function f(¢,7) —
{0, 1}, where 0 indicates Non-Misogynistic and 1
indicates Misogynistic, using multimodal fusion of
both text and image features to maximize classifi-
cation accuracy.

4.2 Data Preprocessing

The text data has been processed by removing
URLSs and special characters and Jieba has been
used for tokenizing the Chinese text. Due to the
moderately balanced class distribution, we have
slightly avoided under- or over-sampling. We have
experimented with Chinese BERT, DistilBERT and
XLM-RoBERTa, but Chinese BERT has proven to
be the most effective for feature extraction. This
preprocessing has ensured the text is clean, well-
structured and ready for model input.

For image data, images have been resized to
224x224 pixels, with random flips and rotations
applied for augmentation. We have experimented
with ResNet, ViT and VGG16, with VGG16 prov-
ing to be the most effective for feature extraction.
Techniques like color jitter and rotations have been
used to enhance the dataset and improve model
performance.

4.3 Uni-modal Models

4.3.1 Text-based Model

We have used BERT (bert-base-chinese), a strong
model trained on Chinese text that has understood
context well. We have also experimented with
XLM-RoBERTa, a multilingual model for many
languages, and DistilBERT, a smaller, faster ver-
sion of BERT. Among these, Chinese BERT has
delivered the best results.

4.3.2 Image-based Model

We have experimented with several image feature
extraction models, including VGG16 — a deep
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Figure 1: Multimodal Process Flow Framework for Detecting Misogynistic Content in Memes

convolutional neural network known for capturing
important visual features — Vision Transformer
(ViT), and ResNet, to find the best approach for
misogyny meme detection. Among these, VGG16
consistently delivered better results, effectively ex-
tracting key visual features crucial for accurately
identifying misogynistic memes.

4.4 Fusion Model

We have implelented a multimodal classifier us-
ing late fusion for simpler integration and better
performance than early fusion and attention. We
have employed BERT (bert-base-chinese) for text
processing, which has proven to be more effec-
tive than XLM-RoBERTa and DistilBERT. For im-
age feature extraction, we have explored VGG16,
which has outperformed ViT and ResNet in de-
tecting misogynistic memes. Figure 1 shows that
combining modalities improves detection of subtle
misogynistic details.

4.5 Evaluation Metrics

The models have been evaluated using macro-F1
score, precision and recall to ensure balanced per-
formance and accurate identification of misogynis-
tic content.

5 Results and Analysis

This task has evaluated models using text and im-
age data to detect misogyny. While training perfor-
mance was strong, test results have revealed overfit-
ting, highlighting the need for better generalization
and fusion techniques.

5.1 Task: Multimodal Detection of
Misogynistic Memes in Chinese

Table 2 shows the performance of models in the
task of Misogyny Meme Detection for Chinese.

Chinese BERT leads with an impressive F1 score
of 0.86, surpassing XLM-RoBERTa (0.83) and
DistilBERT (0.79). Among image-based models,
VGG16 outperforms ResNet and ViT with a strong
F1 score of 0.85. The most powerful combina-
tion is the fusion of Chinese BERT and VGGI6,
which achieves a remarkable F1 score of 0.92, high-
lighting the effectiveness of combining textual and
visual features for optimal detection performance.

Model Classifier P R F1
Unimodal XLM-RoBERTa 0.82 0.85 0.83
(Text) DistilBERT 0.78 0.81 0.79
Chinese BERT 0.84 0.88 0.86
Unimodal ViT 0.80 0.83 0.81
(Image) ResNet 0.79 0.82 0.80
VGG16 0.84 0.87 0.85
Multi- (XLM-RoBERTa
modal + ViT) 0.84 0.86 0.85
(DistilBERT +
ResNet) 0.81 0.83 0.84
(Chinese BERT +
VGG16) 086 091 0.92

Table 2: Model performance comparison for unimodal
and multimodal classifiers.

Chinese BERT and VGG16 together outperform
other models due to their exceptional capabilities
in processing text and images. Chinese BERT ef-
fectively handles Mandarin text, while VGG16 ex-
cels in image feature extraction. Despite this, the
model showed signs of overfitting, which we have
addressed by implementing early stopping and ap-
plying a 0.3 dropout for regularization. This combi-
nation has enhanced classification accuracy while
minimizing overfitting.
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Figure 2: Confusion Matrix for Misogyny Meme
Detection

Figure 2 shows the confusion matrix for the
Misogyny Meme Detection model, illustrating its
ability to differentiate between non-misogynistic
and misogynistic texts. The model has correctly
identified 113 non-misogynistic (TP) and 44 misog-
ynistic (TN) texts, while misclassifying 10 as false
positives and 3 as false negatives, indicating strong
overall accuracy with few errors.

5.2 Parameter Setting

Table 3 lists the hyperparameters used for training
XLM-RoBERTa + ViT, DistilBERT + ResNet, and
Chinese BERT + VGG16. A learning rate of 1 x
107° or 2 x 107°, AdamW optimizer, and batch
size of 8 have contributed to improved performance
and reduced overfitting in multimodal misogyny
detection.

Model Learning Rate Optimizer Batch Size
XLM-RoBERTa + ViT 2e-5 AdamW 8
DistilBERT + ResNet le-5 AdamW 8
Chinese BERT + VGG16 le-5 AdamW 8

Table 3: Key Hyperparameters for Model Training

6 Conclusion

The LT-EDI@LDK 2025 Shared Task highlighted
challenges in detecting misogynistic Chinese
memes, where traditional models struggled with
subtle language and visuals. Chinese BERT per-
formed well but overfitting remained an issue. Mul-
timodal fusion of text and images improved de-
tection by capturing nuanced patterns, helped by
regularization and fine-tuning. These results stress
the importance of multimodal methods and diverse

datasets. Although late fusion showed promise, the
model’s use beyond misogyny detection is limited
by domain and cultural factors. Future work should
explore broader datasets for better generalization.
This system can be integrated into real-time mod-
eration to improve automated harmful content de-
tection and intervention.

Error Analysis

The model has struggled with detecting subtle
misogynistic content, as shown in the confusion
matrix, misclassifying non-misogynistic memes
and missing some misogynistic ones. Despite ex-
perimenting with various models, the fusion of
Chinese BERT and VGG16 has proven most ef-
fective. Class imbalance has been addressed with
resampling and class weight adjustments. Further
improvements in multimodal fusion and handling
indirect misogyny are expected to boost accuracy.

Limitations

The model has faced issues with overfitting and
multimodal integration. Cultural nuances in Chi-
nese memes have been hard to capture and manual
validation has been needed for back translation.
Insufficient training data has led to poor gener-
alization and the model may struggle with other
languages without further adaptation. This study
offers limited insight into cultural nuance handling
and multimodal fusion, highlighting key areas for
future exploration.

Ethical Statement

All data processing and modeling followed ethi-
cal guidelines for handling sensitive, misogynistic
content. The study aims to improve misogyny de-
tection while protecting users’ rights and privacy.
The goal is to enhance moderation on online plat-
forms and create safer spaces, free from misogyny.
We have addressed any biases or limitations in the
dataset to the best of our ability.
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