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Abstract

Misogynistic content in memes on social me-
dia platforms poses a significant challenge for
content moderation, particularly in languages
like Chinese, where cultural nuances and multi-
modal elements complicate detection. Address-
ing this issue is critical for creating safer online
environments, A shared task on multimodal
misogyny identification in Chinese memes, or-
ganized by LT-EDI@LDK 2025, provided a
curated dataset for this purpose. Since memes
mix pictures and words, we used two smart
tools: ResNet-50 to understand the images and
Chinese RoBERTa to make sense of the text.
The data set consisted of Chinese social media
memes annotated with binary labels (Misog-
ynistic and Non-Misogynistic), capturing ex-
plicit misogyny, implicit biases, and stereo-
types. Our experiments demonstrated that
ResNet-50 combined with Chinese RoBERTa
achieved a macro F1 score of 0.91, placing sec-
ond in the competition and underscoring its
effectiveness in handling the complex interplay
of text and visuals in Chinese memes. This
research advances multimodal misogyny detec-
tion and contributes to natural language and
vision processing for low-resource languages,
particularly in combating gender-based abuse
online.

1 Introduction

Misogynistic content fuels hostility and discrimi-
nation, particularly targeting women, and poses a
significant barrier to fostering safe and inclusive
online spaces. These memes flooding Chinese so-
cial media platforms like Weibo aren’t just harm-
less jokes—they’re digital barbs that mock women,
blending snarky text with images to spread hos-
tility (Kiela et al., 2020). Detecting misogyny in
these multimodal formats is complex, as the intent
hinges on the interplay between visual and textual
elements (Chen and Pan, 2022). Subtle misogyny
can dodge automated tools, or worse, those tools

might flag innocent posts by mistake (Jindal et al.,
2024). This is not just a technological problem,
it is a social one, as these memes shape attitudes
and amplify harm. The Misogynistic Meme De-
tection Shared Task at LT-EDI@2025 took aim at
this, challenging teams to spot harmful memes in
Chinese social media with precision. Our team,
CUET_Ignite, participated in the LISN 2025 Co-
daLab competition to wrestle with these issues. We
set out to build a system that could handle the tricky
interplay of images and Chinese text. Our key con-
tributions include the following:

• Used ResNet-50 to dig into images and Chi-
nese RoBERTa to decode Chinese text, nailing
the visual and linguistic cues of misogyny.

• Ran tests on image-only and text-only models
to figure out which pulls more weight, landing
an F1-score of 0.91 for solid accuracy and
balance.

Inspired by (Rahman et al., 2025), which tackled
abusive Tamil text with transformers, we pushed
their ideas into the multimodal world of Chinese
memes. This is our working way of making the
Internet less toxic. For more details, our code is
available at https://github.com/MHD094/Chinese-
Misogyny-Meme-Detection.

2 Related Work

Social media is packed with harmful content such
as misogyny and hate speech. In recent years, NLP
researchers have been working on spotting trolled,
hostility, and abusive content on social media. The
early work was mostly about text alone (Anzovino
et al., 2018). (Nozza et al., 2021) showed that hate
speech tools struggle with different hate types, so
misogyny needs its own focus.

Now, researchers are working on memes that
mix text and images, making things trickier. Recent
research has investigated multimodal approaches
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to boost classification performance. For exam-
ple, (H et al., 2024) developed a method to label
Tamil and Malayalam memes as “Misogynistic”
or “Non-Misogynistic” using Multinomial Naive
Bayes, merging results with weighted probabili-
ties. (Chen et al., 2024) used a CLIP model to see
how text and pictures work together in misogynis-
tic memes. (Mahesh et al., 2024) studied Tamil
and Malayalam memes, pairing mBERT or MuRIL
with ResNet-50, hitting F1-scores of 0.73 and 0.87.
(Attanasio et al., 2022) built a Perceiver IO sys-
tem, blending ViT for images and RoBERTa for
text, which performed well at catching misogyny in
memes. (Jha et al., 2024) launched MultiBullyEx,
a dataset for cyberbullying memes in mixed lan-
guages. A Contrastive Language-Image Pretrain-
ing (CLIP) projection based multimodal shared-
private multitask approach has been proposed there
for visual and textual explanation of a meme. (Ah-
san et al., 2024) shared MIMOSA, with 4,848 Ben-
gali memes, using a fusion method to sort aggres-
sion. (Zhou et al., 2024) introduced Multi3Hate, a
multilingual meme dataset capturing cultural vari-
ability in hate interpretation, and evaluated sev-
eral vision-language models on this task. Simi-
larly, (Lee et al., 2022) proposed Hate-CLIPper,
which achieved state-of-the-art results by modeling
cross-modal interactions between CLIP-encoded
image and text features. These efforts show how
hard it is to catch harmful memes in different lan-
guages and cultures, especially with subtle humor
or jabs. Our work at CUET_Ignite@LT-EDI-2025
(Chakravarthi et al., 2025) stands out as we used
ResNet-50 and Chinese RoBERTa to nab misogy-
nistic Chinese memes, hitting an F1-score of 0.91.
We addressed Chinese slang, idioms, and cultural
vibes, making our model relevant for China’s social
media and helping to keep online spaces safer.

3 Task and Dataset Description

The pervasive spread of harmful content on social
media, especially misogynistic material, has be-
come increasingly common often hidden within
memes that combine both text and images. These
memes can reinforce negative stereotypes and pro-
mote gender-based hate speech. This work focuses
on building automated systems that detect misog-
ynistic memes by jointly analyzing visual and tex-
tual information, specifically in Chinese language
memes. It is a multimodal classification task, where
each meme must be categorized as either:

Misogynistic: Memes that contain content demean-
ing, targeting, or offending women.
Non-Misogynistic: Memes without harmful or of-
fensive intent toward women.
The dataset requires analyzing both the image and
the accompanying Chinese text, making the task
challenging in the fields of Natural Language Pro-
cessing and Computer Vision. It also contributes
toward advancing multimodal and multilingual AI
systems for hate speech detection.

This dataset builds upon the MDMD (Misog-
yny Detection Meme Dataset) originally introduced
by (Ponnusamy et al., 2024), which focused on
Tamil and Malayalam memes. The present dataset
extends their methodology and annotation guide-
lines to Chinese social media content. A detailed
overview of dataset design and objectives is also
provided in (Chakravarthi et al., 2024). To ensure
consistency with the original task, the same annota-
tion schema was adopted and adapted for Chinese
memes.

Classes Train Development Test
Misogyny 349 47 104
Non-Misogyny 841 123 236
Total 1190 170 340

Table 1: Dataset distribution.

Figure 1: Percentage distribution of two different
classes.

The dataset shows moderate imbalance, with 500
misogynistic and 1,200 non-misogynistic samples
across all subsets. A total of 1200 memes are in-
cluded: 1190 for training, 170 for development,
and 340 for testing.

4 Methodology

The objective of this study is to detect misogynis-
tic content in multimodal Chinese memes by inte-
grating visual and textual features. Our approach
begins with preprocessing the memes, followed
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by feature extraction from both modalities. The
features are then fused using an attention-based
mechanism, and a classifier predicts whether the
meme is misogynistic or non-misogynistic. Figure
2 provides a visualization of our methodology.
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Figure 2: An abstract view of the proposed methodology

4.1 Data Preprocessing

In this step, we preprocess Chinese text and images
for model compatibility. Text is tokenized using the
hfl/chinese-roberta-wwm-ext tokenizer (Cui et al.,
2020), transformed into 128-token numerical repre-
sentations with [CLS] and [SEP] tokens, leveraging
Chinese-RoBERTa’s vocabulary for slang. Images
are resized to 224×224 pixels, normalized with Ima-
geNet statistics (Sayma et al., 2025), and converted
to RGB.

4.2 Visual Approach

For visual feature extraction, we experiment
with two pre-trained convolutional neural network
(CNN) models: ResNet-50 and ResNet-101 (He
et al., 2016), both pre-trained on ImageNet. The
fully connected layer of each model is replaced
with an identity layer to extract 2048-dimensional
feature vectors. These models were chosen for their
ability to capture complex visual patterns, such as
culturally nuanced imagery or humorous elements
in Chinese memes.

4.3 Textual Approach

The textual component of memes is processed us-
ing transformer-based models optimized for Chi-
nese. We experiment with BERT-Base-Chinese and
Chinese-RoBERTa-wwm-ext, both leveraging pre-
trained weights. The [CLS] token’s output from
the last hidden state is extracted, generating 768-
dimensional feature vectors. Chinese-RoBERTa-
wwm-ext is prioritized for its whole-word masking

strategy, which enhances its ability to capture con-
textual nuances in meme-specific language (Cui
et al., 2021).

4.4 Multimodal Approach
Our multimodal approach combines the visual and
textual features through a fusion strategy. The vi-
sual features from ResNet-50 or ResNet-101 (2048-
dimensional) and textual features from Chinese-
RoBERTa-wwm-ext or BERT-Base-Chinese (768-
dimensional) are first projected to a common 512-
dimensional space using linear layers, each fol-
lowed by ReLU activation. These projected fea-
tures are then fused using a multi-head attention
mechanism (8 heads, embed dim=512) to capture
cross-modal interactions, with the attention output
averaged to produce a 512-dimensional represen-
tation (Wang et al., 2024). This combined repre-
sentation is processed through a two-layer neural
network classifier. The first layer reduces the di-
mensionality to 512, followed by ReLU activation
and dropout (0.3) for regularization. The final layer
produces binary classification outputs for misogyny
detection. The training protocol uses Adam (learn-
ing rate: 1e-5, batch size: 16) for 10 epochs, with a
weighted cross-entropy loss to address class imbal-
ance, where class weights are computed as the in-
verse of class frequencies. This strategy aligns with
recent approaches in multimodal harmful meme de-
tection that emphasize cross-modal attention for
enhanced feature fusion (Huang et al., 2024). Ta-
ble 2 shows the list of tuned hyperparameters used
in the experiment.

Hyperparameters Value
Optimizer Adam
Learning rate 1e-05
Epochs 10
Batch size 16
Dropout Rate 0.3

Table 2: Overview of optimized hyper-parameters.

5 Results & Discussion

This section presents a comparative performance
analysis of various experimental approaches for
classifying Chinese memes as misogynistic or non-
misogynistic. The effectiveness is primarily as-
sessed based on the weighted F1-score, while pre-
cision and recall are also considered in some cases.
Table 3 presents a summary of the precision (P), re-
call (R), and F1 (F1) scores for each model on
the test set. The results show that ResNet-50
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and Chinese-RoBERTa-wwm-ext performed best
among the visual and textual models, respectively,
with an F1-score of 0.73 and 0.84. However, the
top classification performance was observed in the
multimodal models, where combining Chinese-
RoBERTa-wwm-ext and ResNet-50 resulted in the
highest F1-score of 0.91. These findings highlight
the superiority of multimodal models in meme clas-
sification by effectively integrating text and visual
features.

Approach Classifier P R F1
Visual ResNet-101 0.70 0.72 0.71

ResNet-50 0.73 0.74 0.73
Textual Bert-Base-Chinese 0.76 0.77 0.77

Chinese-Roberta 0.85 0.84 0.84
Multimodal Bert-Base-Chinese + ResNet-101 0.83 0.86 0.84

Chinese-Roberta + RestNet-50 0.92 0.90 0.91
Bert-Base-Chinese + RestNet-50 0.88 0.83 0.85

Table 3: Evaluation of various models on the test set.

5.1 Quantitative Discussion
The results highlight the effectiveness of multi-
modal models in identifying misogynistic content
in Chinese memes. The confusion matrix in Fig-
ure 3 shows that the multimodal model (Chinese-
RoBERTa-wwm-ext + ResNet-50) outperforms uni-
modal approaches, correctly classifying 228 Not-
Misogyny and 87 Misogyny instances, with fewer
misclassifications (8 false positives and 17 false
negatives). These findings affirm that leveraging
both visual and textual features improves precision
and recall in detecting misogynistic memes, partic-
ularly in reducing false positives.

Figure 3: Confusion matrix of best performing ap-
proach.

5.2 Qualitative Discussion
Figure 4 presents sample predictions from our
best-performing Chinese-RoBERTa-wwm-ext +
ResNet-50 model. The first sample, incorrectly
classified as non-misogynistic (label 0), contains

Figure 4: Examples of some misclassified samples from
the top-performing model.

a derogatory term indicating misogyny (label 1),
likely misclassified due to the model interpreting
the cartoon character’s mischievous expression as
playful. Conversely, the second sample, genuinely
non-misogynistic (label 0), was misclassified as
misogynistic (label 1), possibly because the dis-
tressed cartoon cat’s expression suggested conflict,
despite the text’s lighthearted tone. Cultural norms
in Chinese internet memes, involving exaggerated
expressions, may have influenced these errors. The
multimodal model struggles with nuanced cases
involving culturally specific language and ambigu-
ous visuals, a challenge also seen in experiments
with BERT-Base-Chinese and ResNet-101.

6 Conclusion

This work presented the details of the methods
and performance analysis of the models for de-
tecting misogynistic memes in Chinese, exploring
visual, textual, and multimodal fusion techniques.
The results revealed that the Chinese-RoBERTa-
wwm-ext + ResNet-50 model achieved the highest
F1-score of 0.91, demonstrating that multimodal
fusion with attention mechanisms significantly en-
hances model performance. The attention-based fu-
sion effectively captured cross-modal interactions,
leading to improved precision and recall compared
to unimodal approaches. In the future, we plan to
explore advanced fusion strategies, such as cross-
attention or graph-based methods, and extend the
dataset to include more diverse meme content for
better robustness, especially in handling Chinese
internet slang and culturally specific references.
Adding Chinese cultural knowledge and reducing
model biases enhances adaptability, fairness, and
generalization.
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Limitations

A key limitation of this study stems from its de-
pendence on pre-trained models for visual and tex-
tual feature extraction, which may not adequately
address the intricacies of Chinese meme culture
and context. Although the multimodal framework
yields strong results, these models often lack the
ability to generalize effectively to culturally spe-
cific or niche meme content. Moreover, the training
dataset may not fully encompass the diverse range
of Chinese memes, potentially undermining the
model’s robustness. The influence of cultural el-
ements, such as humor, irony, and regional slang
prevalent in Chinese online spaces, has also not
been thoroughly examined. Misogynistic intent
can often be conveyed indirectly through satire or
cultural references, posing challenges for AI mod-
els in accurately discerning intent. Future efforts
should focus on expanding the dataset, developing
Chinese-specific models, and conducting in-depth
analyses of humor and cultural influences to im-
prove accuracy and adaptability. While the dataset
was balanced and did not necessitate augmentation,
applying data augmentation techniques in future
work with larger, imbalanced datasets—through
synthetic text or image transformations—could mit-
igate class imbalances and enhance generalization
across diverse categories. This approach would
lead to better performance in underrepresented
scenarios, fostering a more resilient and effective
model for practical deployment.
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