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Abstract
Bangla memes are widely used on social me-
dia to express humor and social commentary,
yet computational analysis of gender bias in
Bangla memes remains largely unexplored. In
this work, we present a multimodal framework
for detecting gender bias in Bangla memes
by jointly analyzing textual and visual con-
tent. We construct a dataset of 6,846 Bangla
and Banglish code-mixed memes annotated
into three categories: male-biased, female-
biased, and neutral. For textual representa-
tion, we use BanglishBERT, while visual fea-
tures are extracted using ConvNeXt, and the
two modalities are fused for final classifica-
tion. Our best-performing model, ConvNeXt
+ BanglishBERT, achieves accuracy of 0.67
and an F1-score of 0.63, outperforming sev-
eral multimodal baselines. The results demon-
strate the effectiveness of multimodal learn-
ing for understanding culturally nuanced and
code-mixed meme content in low-resource lan-
guages. Code and data available at this link.

1 Introduction

Memes have emerged as a powerful form of dig-
ital communication on social media, combining
images and text to convey humor, opinions, and
social commentary. While memes often serve
as entertainment, studies show that they are also
frequently used to express offensive, hateful, or
biased narratives through the interaction of vi-
sual and textual cues (Chen and Pan, 2022). In
Bangladeshi online communities, Bangla memes
have become increasingly popular and often re-
flect social attitudes and cultural norms. Recent
discussions on online harms highlight the risks of
tech-facilitated gender-based violence (TFGBV),
where digital media such as memes and images
can be used to propagate gendered harassment and
abuse, emphasizing the need for automated de-
tection systems (Mobashwira, 2026). Analyzing
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such content can therefore provide insights into
how gender roles and social perceptions are rep-
resented in digital culture.

Prior research has demonstrated that multi-
modal approaches significantly improve meme un-
derstanding by jointly analyzing visual and textual
information. Early studies showed that combining
these modalities improves the detection of harm-
ful or offensive meme content (Oriol Sàbat, 2019).
Similarly, visual–linguistic pre-training and mul-
timodal architectures have been successfully ap-
plied to tasks such as offensive meme detection,
hate speech identification, and sentiment analysis
(Hakimov et al., 2024). In the Bangla context, ex-
isting work has mainly focused on sentiment anal-
ysis (Ahammad et al., 2024) and misogyny detec-
tion (Mia et al., 2025), highlighting both the impor-
tance and challenges of analyzing memes in low-
resource languages.

Despite these advances, the computational anal-
ysis of gender bias direction in Bangla memes re-
mains largely unexplored. Most existing systems
focus on detecting whether a meme is hateful or
offensive but do not explicitly identify whether
the bias targets males, females, or neither (Mia
et al., 2025). Furthermore, humor, bias, and sen-
timent in memes are often shaped by cultural con-
text, making models trained on high-resource lan-
guages difficult to apply directly to Bangla meme
data (Xie et al., 2023). These challenges high-
light the need for dedicated datasets and models
for Bangla meme analysis.

To address these limitations, we propose a mul-
timodal framework for detecting gender bias in
Bangla memes by jointly analyzing textual and vi-
sual information. We construct a dataset of Bangla,
Banglish, and code-mixed memes collected from
social media and annotate them into three cate-
gories: male-biased, female-biased, and neutral.
Our model combines BanglishBERT for textual
representation with ConvNeXt for visual feature
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extraction through a multimodal fusion mecha-
nism. The system is evaluated using standard met-
rics including accuracy, precision, recall, and F1-
score.

The main contributions of this work are summa-
rized as follows:

• We develop a multimodal framework for
detecting gender bias in Bangla-Banglish
memes by jointly analyzing textual and vi-
sual information.

• We construct a dataset of Bangla memes an-
notated for gender bias direction, consisting
of 6,846 memes with additional metadata.

• We provide statistical analysis and insights
into gender bias patterns in Bangla meme cul-
ture on social media.

2 Related Work

Recent years have witnessed growing interest in
analyzing harmful and biased content in memes us-
ing multimodal learning techniques. Memes typi-
cally combine images and short textual captions,
making them inherently multimodal and challeng-
ing for traditional text-only or vision-only models.
As a result, many studies have explored the use
of computer vision and natural language process-
ing methods to jointly analyze both modalities for
detecting offensive, hateful, or biased content in
memes.

One line of work focuses on detecting hate
speech and offensive content in memes. For exam-
ple, (Karim et al., 2022) investigate hate speech
detection in Bengali memes using a multimodal
deep learning framework that combines textual
features extracted from NLP models with visual
features obtained from convolutional neural net-
works (CNNs). Their study demonstrates that in-
tegrating visual and textual signals improves the
detection of harmful meme content compared to
unimodal approaches.

Several studies have also explored multimodal
architectures for sentiment analysis in memes. For
instance, (Faria et al., 2025) introduce Sentiment-
Former, a transformer-based multimodal frame-
work designed to analyze sentiment in Bangla
memes. Their approach uses transformer mod-
els to extract semantic representations from text
and CNN-based models to capture visual informa-
tion from meme images. These representations

are fused through a multimodal architecture to im-
prove sentiment prediction performance.

Another closely related line of research focuses
on identifying offensive or hateful meme content
in Bangla. The work of (Nahin et al., 2024)
presents a dataset and a deep learning framework
for detecting hateful memes in Bengali. Their ap-
proach also uses multimodal representations com-
bining visual and textual information to identify
harmful content. Similarly, (Mia et al., 2025) in-
troduce BANMIME, a dataset and benchmark for
misogyny detection in Bangla memes, highlight-
ing the challenges of identifying gender-targeted
harassment in multimodal social media content.

Beyond Bangla, research on meme analysis has
also expanded to other low-resource languages.
For example, (Ponnusamy et al., 2024) present
a multilingual dataset for detecting misogyny in
memes across South Indian languages such as
Tamil and Malayalam. Their work demonstrates
that memes often encode culturally specific forms
of humor and bias that require language-specific
datasets and models.

More broadly, multimodal meme understand-
ing has been widely studied in the NLP commu-
nity. Early benchmark efforts such as the Hateful
Memes dataset (Hossain et al., 2024) introduced
large-scale multimodal datasets for detecting hate-
ful content in Bangla memes. Subsequent research
has explored various multimodal architectures, in-
cluding vision–language transformers and cross-
modal attention mechanisms, to better capture the
interaction between images and text in meme con-
tent (Ahsan et al., 2024). These studies highlight
the importance of jointly modeling textual and vi-
sual cues when analyzing social media memes.

Despite these advances, existing work primarily
focuses on detecting whether a meme is hateful,
offensive, or misogynistic. In contrast, relatively
little research has examined the direction of gen-
der bias in memes, particularly in low-resource
languages such as Bangla. Most prior work treats
the task as a binary classification problem (e.g.,
hateful vs. non-hateful), without distinguishing
whether the bias targets men, women, or neither.

In contrast to previous studies, our work specif-
ically focuses on detecting the direction of gender
bias in Bangla memes by categorizing memes into
three classes: male-biased, female-biased, and
neutral. We also introduce a curated dataset of
Bangla and Banglish code-mixed memes collected
from social media and annotated for gender bias
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direction. Furthermore, we propose a multimodal
framework that integrates BanglishBERT for tex-
tual representation learning and ConvNeXt for vi-
sual feature extraction. By jointly analyzing vi-
sual and textual signals, our work aims to pro-
vide deeper insights into how gender bias mani-
fests in Bangla meme culture and contributes a
new benchmark for studying gender bias in low-
resource multimodal content.

3 Dataset and Task

For this research, we developed a custom Bangla
meme dataset to study gender bias in social me-
dia memes. Memes were collected from publicly
available sources such as Facebook pages, public
groups, and personal public profiles. Each meme
consists of an image paired with an associated cap-
tion written in Bangla, Banglish, or code-mixed
text. To balance reproducibility with responsible
data sharing, the dataset is distributed under con-
trolled access. Interested researchers may request
access via this form.

3.1 Data Collection

The dataset was manually collected over a period
of seven months and twenty-five days, from March
25, 2025 to November 19, 2025. During the col-
lection process, we ensured that all memes were
publicly available and that duplicate entries were
removed. Memes were retrieved using keyword-
based search strategies related to gender, memes,
humor, and cultural expressions commonly used
in Bangla-speaking online communities.

In addition to meme content, we also collected
metadata about the uploader when available. This
includes whether the meme was posted by a male
user, female user, or a public Facebook page. This
metadata enables further analysis of how gender
bias may vary depending on the type of content
creator.

The final dataset contains 6,846 memes in to-
tal, including 1,935 memes biased against males,
1,470 memes biased against females, and 3,441
neutral memes. The label distribution is shown in
Table 1. The dataset and code used in this study
will be released upon acceptance to facilitate fur-
ther research.

3.2 Annotation Process

Each meme was manually annotated to identify
the direction of gender bias present in the content.

Table 1: Distribution of labels in our dataset, indicating
that more memes are biased against males.

Gender Bias Category No. of samples

Male-biased (MaB) 1,935
Female-biased (FeB) 1,470
Neutral (Neu) 3,441

Total 6,846

The annotation process considered both the textual
caption and the visual information contained in the
meme image.

Two independent annotators with native profi-
ciency in Bangla reviewed each meme and as-
signed one of three labels based on predefined an-
notation guidelines. In cases where disagreements
occurred, a third annotator reviewed the meme and
resolved the conflict through discussion. To mea-
sure annotation reliability, we computed Cohens
Kappa coefficient between the two primary anno-
tators, obtaining a score of κ = 0.81, which indi-
cates strong agreement. This multi-stage annota-
tion process helped ensure the reliability and con-
sistency of the labels.

3.3 Label Definition

Each meme in the dataset was categorized into one
of the following three classes:

• Male-biased (MaB): Memes that contain
negative stereotypes, ridicule, criticism, or
derogatory humor targeting men.

• Female-biased (FeB): Memes that contain
stereotypes, mockery, or harmful narratives
directed toward women.

• Neutral (Neu): Memes that do not target any
particular gender and contain general humor
or commentary unrelated to gender bias.

3.4 Poster Category Analysis

To further analyze how gender bias appears across
different types of content creators, we categorized
memes based on the uploader type and the gender
targeted in the meme. Table 2 presents this distri-
bution.

In Table 2, the arrow symbol (→) represents the
relationship between the poster type and the gen-
der targeted in the meme. Specifically, the left side
of the arrow indicates the uploader of the meme
(Male user, Female user, or Facebook Page), while
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Table 2: Distribution of post categories by occurrence
and percentage.

Post Category Count %

Male → Male 631 9.22
Male → Female 347 5.07
Male → Neutral memes 504 7.36
Female → Male 170 2.48
Female → Female 376 5.49
Female → Neutral memes 281 4.10
Page → Male 1134 16.56
Page → Female 748 10.93
Page → Neutral memes 2655 38.78

the right side indicates the gender group targeted
by the meme (Male, Female, or Neutral). For ex-
ample, Male → Female refers to memes posted by
male users that contain bias targeting females.

The table reveals several patterns in Bangla
meme culture. Facebook pages account for the
largest share of memes overall. In particular,
pages posting neutral memes constitute the largest
category (38.78%), followed by pages posting
memes targeting males (16.56%) and females
(10.93%). This suggests that institutional or semi-
anonymous pages play a significant role in shaping
meme discourse.

Among individual users, male users contribute
a higher volume of memes across most categories
compared to female users. Male users post more
antagonistic memes targeting both males (9.22%)
and females (5.07%), as well as neutral content
(7.36%). Female users show lower overall partic-
ipation, with neutral memes (4.10%) slightly ex-
ceeding antagonistic content. Interestingly, both
male and female users post more memes targeting
their own gender than the opposite gender, sug-
gesting the presence of intra-gender critique along-
side inter-gender bias.

3.5 Example Memes

Table 3 presents example meme captions and their
corresponding gender bias labels from the dataset,
illustrating the diversity of linguistic expressions
found in Bangla meme culture.

Figure 1 shows representative meme images
from the dataset, demonstrating the diversity of
visual styles and cultural references present in
Bangla memes.

Table 3: Sample captions and gender bias labels from
our Meme Dataset, showing varied cultural context.

SL No. Text (Bangla Caption) Bias

1 বুিঝ না আমার বয়স ১৮ নািক ৮০ Female
2 গিরব হেত পাির িঠকই িকন্তু অিরিজনাল Neutral
3 ভাই েবিড িনয়া ঝগড়া কইেরন না Female
4 কৰ্াশেক বললাম েতামার মন চুির করেত Male
5 েতেলর যা দাম, িনেজর চরকায় থুথু িদন Neutral
6 নারী িদবেস েকউ উইশ করল না।

িনেজেক
Female

7 েছেলেদর সােথ বনু্ধতব্ কির না কারণ
দুইিদন েগেলই বলেব

Female

Figure 1: Sample meme images from our dataset, show-
casing the visual diversity accompanied by cultural rel-
evance.

4 Methodology

The proposed system adopts a multimodal archi-
tecture designed to analyze both textual and vi-
sual information present in Bangla memes. The
framework consists of two parallel branches that
independently process meme captions and meme
images. Each branch extracts high-level feature
representations using specialized encoders. These
representations are then fused to form a unified
multimodal embedding, which is subsequently
used for gender bias classification. Figure 2 illus-
trates the overall architecture of the proposed sys-
tem.

4.1 Pre-processing

Before feeding the data into the model, both im-
age and text inputs are preprocessed to ensure con-
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sistent representation and improved model perfor-
mance.

Image preprocessing: Each meme image was
first converted to RGB format and resized to 224×
224, which is the required input size for the Con-
vNeXt architecture. The images were then normal-
ized using the standard ImageNet mean and stan-
dard deviation. To improve model generalization
across diverse meme formats, light data augmen-
tation techniques were applied, including random
horizontal flipping and mild brightness and con-
trast adjustments. These augmentations help the
model handle variations in meme styles, fonts, and
backgrounds.

Text preprocessing: The meme captions were
cleaned by removing unnecessary symbols, re-
peated characters, and textual noise commonly
found in social media content. After cleaning, the
captions were tokenized using the BanglishBERT
tokenizer, which performs subword tokenization
and automatically applies padding and truncation
to a fixed sequence length.

After preprocessing, both textual and visual in-
puts are converted into feature embeddings that are
later combined through a multimodal fusion mech-
anism.

4.2 Textual Representation
For textual feature extraction, we experi-
mented with two models: BanglishBERT
(Bhattacharjee et al., 2022) and Sentence-BERT
(Reimers and Gurevych, 2019). From the
Sentence Transformer family, we selected the
paraphrase-multilingual-MiniLM-L12-v2
model due to its strong multilingual capabilities.

BanglishBERT was chosen as the primary tex-
tual encoder because it is specifically designed
for Bangla and English bilingual text. Banglish,
a code-mixed form of Bangla and English, is
widely used in social media memes and often
includes phonetic spellings, transliterations, and
mixed-language expressions. BanglishBERT is
therefore well-suited for capturing the linguistic
characteristics of such data.

The textual processing pipeline begins with
a text normalization step (Hasan et al., 2020),
followed by tokenization. The tokens are
then mapped into embedding vectors containing
word, positional, and token-type representations.
These embeddings are passed through multiple
ELECTRA-based Transformer layers, which cap-
ture contextual relationships between words using

self-attention mechanisms. The resulting contex-
tual embeddings represent the semantic meaning
of the meme captions and are used as input for
downstream classification.

4.3 Visual Representation
For visual feature extraction, we use ConvNeXt
(Liu et al., 2022), a modern convolutional neural
network architecture that combines the efficiency
of CNNs with design principles inspired by vision
transformers.

The preprocessed meme images are passed
through the ConvNeXt encoder, which processes
images through four hierarchical stages. The first
stage captures low-level visual features such as
edges, colors, and simple patterns. The interme-
diate stages extract mid-level features such as tex-
tures, shapes, and structural patterns present in
meme images. Finally, the last stage captures
high-level semantic representations that describe
objects, visual context, and scene-level informa-
tion. These visual embeddings provide meaning-
ful representations of the meme images for down-
stream classification.

4.4 Multimodal Fusion
To combine the information from both modalities,
the feature embeddings obtained from Banglish-
BERT and ConvNeXt are concatenated to form a
unified multimodal representation. This fused em-
bedding captures both the semantic meaning of the
textual captions and the contextual visual informa-
tion contained in the meme image.

The combined feature vector is passed through
a set of fully connected layers, followed by a soft-
max classifier that predicts the gender bias cate-
gory of the meme (male-biased, female-biased, or
neutral).

To evaluate the effectiveness of different model
combinations, we experimented with six multi-
modal architectures formed by pairing different
textual encoders (BanglishBERT and Sentence
Transformer) with visual encoders (ConvNeXt,
ResNet50, and ViT). Among these configurations,
the combination of BanglishBERT and ConvNeXt
achieved the best performance. All models were
trained for 30 epochs, after which the validation
accuracy stabilized.

5 Experimental Setup

All experiments were implemented using the Py-
Torch framework. The dataset was divided into
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Figure 2: Block diagram of the proposed multimodal meme classification framework showing the text encoder,
image encoder, and classifier module.

training (80%), validation (10%), and test (10%)
sets using stratified sampling to maintain the origi-
nal class distribution across the splits. To mitigate
class imbalance during training, a weighted ran-
dom sampler was applied to ensure balanced sam-
pling of meme categories.

The multimodal architecture combines textual
features extracted from BanglishBERT and visual
features extracted from ConvNeXt-Base. Ban-
glishBERT produces a textual embedding of di-
mension 768, while ConvNeXt-Base generates vi-
sual feature vectors of dimension 1,024. These
embeddings are concatenated to form a unified
multimodal representation, which is then passed
through a two-layer fully connected classifier. The
classifier uses a hidden layer of size 512 with
ReLU activation and a dropout rate of 0.2 to re-
duce overfitting.

For textual inputs, meme captions were tok-
enized using the BanglishBERT tokenizer with a
maximum sequence length of 64 tokens. Image in-
puts were resized to 224× 224 pixels and normal-
ized using the standard ImageNet mean and stan-
dard deviation.

The model was optimized using the AdamW op-
timizer with a learning rate of 2× 10−5. Training
was conducted for 30 epochs with a batch size of
16. The best model checkpoint was selected based
on validation accuracy and subsequently evaluated
on the held-out test set.

Table 4: Performance comparison of multimodal mod-
els. Our proposed ConvNeXt + BanglishBERT
achieves the best results across all evaluation metrics.

Model Acc Pr Re F1

ConvNeXt + Sentence-Transformer 0.56 0.53 0.48 0.48
ResNet50 + Sentence-Transformer 0.55 0.53 0.44 0.43
ResNet50 + BanglishBERT 0.65 0.63 0.60 0.61
ViT + BanglishBERT 0.66 0.65 0.60 0.61
ViT + Sentence-Transformer 0.57 0.56 0.48 0.49

ConvNeXt + BanglishBERT 0.67 0.66 0.61 0.63

6 Result Analysis

Table 4 presents the performance comparison of
six multimodal architectures evaluated using ac-
curacy, precision, recall, and F1-score. The mod-
els combine different visual encoders (ConvNeXt,
ResNet50, and ViT) with textual encoders (Ban-
glishBERT and Sentence Transformer).

Among the evaluated models, ConvNeXt +
BanglishBERT achieved the best overall perfor-
mance with an accuracy of 67% and an F1-score
of 0.63. The model also maintained relatively
strong precision (0.66) and recall (0.61), indi-
cating balanced classification performance across
classes. During training, the model reached a train-
ing accuracy of 92% with a training loss of 0.074
and a validation loss of 1.5552.

The second-best model was ViT + Banglish-
BERT, which achieved an accuracy of 66%. Mod-
els that utilized BanglishBERT consistently out-
performed those using Sentence Transformer as
the textual encoder. This suggests that Banglish-
BERT is more effective for handling Bangla and
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Table 5: Training time (minutes) for each multimodal
model. Sentence-Transformer based models generally
train faster than BanglishBERT-based models.

Model Time (min)

ConvNeXt + BanglishBERT 43
ConvNeXt + Sentence-Transformer 33
ResNet50 + Sentence-Transformer 39
ResNet50 + BanglishBERT 45
ViT + BanglishBERT 57
ViT + Sentence-Transformer 41

code-mixed Banglish text commonly found in so-
cial media memes.

ResNet50-based models achieved moderate per-
formance, with the combination of ResNet50
and BanglishBERT reaching an accuracy of 65%.
In contrast, models paired with Sentence Trans-
former generally produced lower results across all
visual encoders.

Table 5 compares the training time required for
each multimodal model. Models using Sentence
Transformer generally trained faster than those us-
ing BanglishBERT. However, despite the higher
computational cost, BanglishBERT-based models
consistently achieved better classification perfor-
mance. Among all configurations, ConvNeXt
+ BanglishBERT achieved the best balance be-
tween performance and training efficiency, requir-
ing 43 minutes for training. The ViT + Banglish-
BERT model required the longest training time
(57 minutes), likely due to the higher computa-
tional complexity of the ViT architecture.

To further analyze the model’s behavior, we ex-
amine the confusion matrix shown in Figure 3.
The confusion matrix illustrates the distribution of
correct and incorrect predictions across the three
gender bias categories. Each row represents the
true class, while each column represents the pre-
dicted class.

Figure 3: Confusion matrix of the proposed model, il-
lustrating classification performance across gender bias
categories.

The results indicate that the model performs
best on the neutral class, correctly identifying
283 samples with relatively few misclassifications.
This suggests that neutral memes contain more
consistent linguistic and visual patterns, making
them easier for the model to recognize.

For the male-biased class, the model correctly
classified 62 samples but misclassified several in-
stances as female-biased or neutral. Similarly,
for the female-biased class, the model correctly
predicted 85 samples but also confused some in-
stances with the neutral class. These misclassifi-
cations may occur because memes targeting differ-
ent genders often share similar visual formats or
sarcastic textual expressions.

Overall, the confusion matrix reveals that while
the model performs well in detecting neutral
memes, distinguishing between male-biased and
female-biased memes remains more challenging.
This highlights the complexity of detecting subtle
gender bias in meme content, where humor, sar-
casm, and cultural context often overlap across cat-
egories.
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8 Conclusion

In this work, we presented a multimodal frame-
work for detecting gender bias in Bangla memes
by jointly analyzing textual and visual content. We
introduced a dataset of Bangla and Banglish code-
mixed memes labeled as male-biased, female-
biased, or neutral. Our approach combines Ban-
glishBERT for textual representation and Con-
vNeXt for visual feature extraction to capture both
linguistic and visual cues in meme content. Ex-
perimental results show that the proposed multi-
modal model outperforms several alternative ar-
chitectures, highlighting the effectiveness of mul-
timodal learning for analyzing culturally nuanced
social media data in low-resource languages. In
future work, we aim to explore larger multimodal
models and cross-lingual transfer methods to fur-
ther improve gender bias detection in meme con-
tent.

Limitations

Although the model achieves competitive perfor-
mance but still struggles with subtle gender bias
expressed through sarcasm. The lack of a large
and high-quality Bangla meme dataset was a chal-
lenging issue, which made it difficult for the mod-
els to fully understand cultural expressions, sar-
casm, and mixed language patterns. Since memes
often contain Banglish and heavy code-mixing,
many text exerpts were noisy or stylized, and this
reduced the performance of text encoders. Some
memes contained very small or distorted text that
even struggled to detect correctly. Visual ele-
ments like low resolution, heavy filters, and com-
plex backgrounds also affected feature extraction.
The model sometimes got confused by sarcastic
memes where the humor depends on real-world
context. Class imbalance was another limitation
because some categories had fewer samples, lead-
ing to biased predictions.

Ethics Statement

All data used in this study were collected exclu-
sively from publicly accessible Facebook posts,
pages, and groups with privacy settings set to pub-
lic. No private, restricted, or access-controlled
content was used.

The dataset contains only meme images and
their corresponding annotation labels. No per-
sonally identifiable information (PII), including

names, profile identifiers, contact details, or meta-
data that could directly identify individuals, was
collected or retained. Although the perceived gen-
der of content uploaders was recorded for aggre-
gate statistical analysis, this information was not
linked to any identifiable user data.

Given the sensitive nature of gender bias and
the potential for misuse of social media content,
the dataset is not publicly released. Instead, it is
shared under controlled access. Researchers may
obtain the dataset by submitting a request form
and agreeing to a data use policy that restricts
usage to non-commercial academic research, pro-
hibits attempts to identify or contact individuals,
and forbids redistribution.

All reasonable steps were taken to minimize po-
tential harm, protect user privacy, and ensure re-
sponsible use of publicly available data. This work
adheres to established ethical guidelines for social
media research and data handling.
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