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Abstract

This paper presents an overview of the Shared
Task on detecting homophobia and transphobia
in meme datasets across three languages: Hindi,
English, and Chinese. With the rapid growth of
internet users worldwide, memes have become
a widely used medium for expressing humor,
satire, and sarcasm on social media platforms.
However, their increasing popularity has also
facilitated the spread of hate, misinformation,
and propaganda targeting specific communi-
ties. Hateful memes often attack individuals
or groups based on attributes such as physi-
cal appearance, language, ethnicity, religion,
or sexual orientation. Among those affected,
the LGBTQ+ community is particularly vulner-
able and frequently targeted on social media
platforms. To address this issue, we organized
a shared task that focuses on identifying ho-
mophobic and transphobic hate in memes. The
task aims to encourage the development of auto-
mated systems capable of detecting such harm-
ful content across multiple languages. Evalu-
ation was conducted using Macro F1-score as
the primary metric. The top performing system
achieved a Macro F1-score of 0.8377 for En-
glish, 0.8081 for Hindi, and 0.7535 for Chinese,
demonstrating promising results for multilin-
gual hate detection in memes.

Disclaimer: This paper (including figures and
examples) may contain offensive, hateful, or
harmful language and imagery, including con-
tent targeting individuals based on sexual ori-
entation or gender identity. All such material is
presented strictly for research and educational
purposes to support the development of auto-
matic detection systems. The content does not
reflect the views of the authors or the organiz-
ers. Reader discretion is advised.
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1 Introduction

Homophobia and transphobia refer to negative com-
ments, including hatred, discomfort, or prejudice,
aimed at lesbian, gay, bisexual, and transgender
individuals (Chakravarthi, 2024). Expressions of
homophobic or transphobic feelings often involve
foul language and lead to hate speech targeting
these groups, this type of content is becoming more
prevalent on the internet. The presence of homo-
phobia and transphobia on social media poses a
serious challenge, as it spreads harmful content
that undermines equality, diversity, and social in-
clusion (Chakravarthi, 2024). Such content is com-
monly present online in the form of memes, images,
videos, and comments on social media.

According to the Cambridge English Dictionary,
a meme is “an idea, joke, image, video, etc. that
is spread very quickly on the internet” (Cambridge
English Dictionary, n.d.). Over the years, memes
have become a popular way to express humor,
satire, and sarcasm online. Besides mainstream so-
cial media platforms like Facebook, Instagram, and
Reddit, many platforms have emerged specifically
for creating and sharing memes, such as Memechat,
Pinterest, and others (Joshi et al., 2024).

Initially, memes were predominantly shared in
English; however, in recent years, their use has
expanded significantly across regional languages
in India, particularly Hindi. This shift is unsur-
prising given that Hindi is one of the most widely
spoken languages globally, with over 600 million
speakers. After English and Chinese, Hindi is the
third most spoken language in the world (Eberhard
et al., 2021). Mostly used in India and the Indian
subcontinent, it is one of the official languages of
India and is also recognized as a protected language
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in Fiji, Nepal, South Africa, and the United Arab
Emirates (Wikipedia contributors, 2025).

English, with approximately 1.4-1.5 billion
speakers worldwide (including native and non-
native speakers), is the most widely spoken lan-
guage globally. It serves as the primary language
of international communication, academia, busi-
ness, and digital media, making it the dominant
language in the early evolution of internet culture
and meme dissemination. Similarly, Chinese partic-
ularly Mandarin Chinese has over 1.1 billion speak-
ers, primarily concentrated in China and across
Chinese-speaking communities worldwide. As the
official language of the People’s Republic of China
and Taiwan, and one of the six official languages of
the United Nations, Mandarin has played a signifi-
cant role in shaping internet culture within Chinese
digital ecosystems. The growth of social media
platforms in China has further facilitated the rapid
creation and spread of memes in Chinese, contribut-
ing to a distinct and highly dynamic online meme
culture.

Given the large number of social media users,
hate speech targeting marginalized communities is
widely observed online (Chakravarthi et al., 2021a)
and has increasingly taken multi-modal forms such
as memes. Prior studies have shown that such
hateful content targeting the LGBTQ+ community
contributes to hostile online environments, mak-
ing social media platforms unsafe and socially iso-
lating for affected individuals (Sdnchez-Sdnchez
et al., 2024). Despite the large population of En-
glish,Hindi and Chinese speaking social media
users and the existence of hateful content in meme
formats, studies specifically focused on identify-
ing homophobia and transphobia in Hindi memes
remain extremely limited.

2 Related Work

Memes communicate meaning through the interac-
tion of images and text, making them fundamen-
tally multimodal. Determining whether a meme
is hateful therefore requires analyzing both com-
ponents together rather than in isolation. Prior re-
search demonstrates that unimodal systems per-
form poorly in this setting: text-only models
achieve roughly 65 accuracy, and image-only sys-
tems perform even worse. In contrast, multimodal
approaches that jointly model visual and textual
information improve performance to around 70-75
(Kiela et al., 2020; Das et al., 2020). This im-

provement stems from what (Das et al., 2020) de-
scribe as “benign confounders,” where individually
harmless text and images produce hateful mean-
ing when combined. To address this challenge,
Vision-Language Pretrained Models (VL-PTMs)
such as OSCAR, CLIP, and BERT integrate visual
and textual representations through cross-modal fu-
sion, enabling more effective meme understanding
(Chen and Pan, 2022).

Even though multi modal meme detection has
progressed significantly, research specifically tar-
geting detection of homophobia and transpho-
bia remains limited. Existing LGBTQ+ hate
speech datasets, such as the one introduced by
(Chakravarthi et al., 2021b), focus primarily on
textual comments not multi modal memes. The
LT-EDI Shared Task (Chakravarthi et al., 2022)
expanded LGBTQ+ hate detection across five lan-
guages such as English, Spanish, Tamil, Hindi,
and Malayalam. Meanwhile, multilingual and
code-mixed hate speech research has grown, with
studies on Hinglish memes (Rajput et al., 2022),
foundational Hindi-English datasets (Bohra et al.,
2018; Singh and Lefever, 2020), and the Chinese
harmful meme dataset TOXICNMM (Lu et al.,
2024) demonstrating the complexity of culturally
grounded, multilingual meme interpretation. Cross-
lingual approaches using models such as XL.M-
RoBERTa further show that multilingual systems
can achieve strong results even with limited labeled
data (Mnassri et al., 2024; Dinarta and Wicaksana,
2025).

The current research landscape reveals a clear
gap at the intersection of three areas: multimodal
meme detection for homophobia and transphobia,
multilingual modeling, and LGBTQ+-targeted hate
speech analysis. While each of these areas has been
studied independently, their integration remains
largely underexplored. To address this gap, we
organized the Overview of Multimodal Homopho-
bia and Transphobia Meme Classification Shared
Task. Through this shared task, we introduce a
novel multilingual multimodal dataset in English,
Hindi, and Chinese to support research on detecting
homophobic and Transphobic memes.

3 Task Description

The Multimodal Homophobia and Transphobia
Meme Classification Shared Task aims to automat-
ically detect and categorize harmful memes tar-
geting LGBTQ+ communities. Participants were
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provided with annotated training and test datasets
to develop and evaluate their systems. Each meme
must be classified into one of three categories: Ho-
mophobia, Transphobia, or Non-LGBT, using both
textual and visual information incorporated in the
meme.

The task incorporates memes in three languages
English, Hindi, and Chinese representing diverse
cultural contexts. This multilingual setup enables
the development and evaluation of systems capa-
ble of detecting harmful content across multiple
languages and cultural settings. It also promotes
research on cross-lingual and cross-cultural multi-
modal hate detection against LGBTQ+ Communi-
ties, highlighting the challenges involved in iden-
tifying harmful narratives across different online
platforms.

4 Dataset Description

The dataset for the Homophobia and Transpho-
bia Meme Detection task consists of multimodal
memes collected from social media platforms.
Each meme contains both visual content (image)
and associated textual information, either provided
as captions or embedded within the image itself.
The dataset captures diverse expressions of homo-
phobia, transphobia, and neutral or non-anti-LGBT
content, reflecting real-world online discourse and
harmful meme culture across multiple languages,
including English, Hindi, and Chinese. This diver-
sity makes the dataset well-suited for multimodal
hate meme classification.

The dataset was divided into training and test-
ing sets for each language track. The training sets
were provided with class labels, while the test sets
were released without labels for evaluation. Each
meme instance is annotated into one of three cate-
gories: Homophobia, Transphobia, or Non-LGBT.
The data distribution and class distribution of train-
ing and test sets for all language tracks are pre-
sented in Table 1.

Table 1: Dataset Statistics

Hindi
Train Test

English Chinese
Train Test Train Test

Homophobic 160 40 366 64 705 176
Transphobic 160 41 274 96 55 14
Non-LGBT 240 60 158 40 196 49

Total 560 141 798 200 956 239

Class

Dataset Distribution Across Languages and Classes

700 B Hindi_Train
Hindi_Test
English_Train
English_Test
Chinese_Train
Chinese_Test

600

500

Number of Memes

Non-LGBT

Homophobic

Transphobic

Figure 1: Dataset Distribution

5 Dataset Construction

5.1 Data Collection From Social Media
Platforms

On social media, hashtags act as labels that group
large volumes of related content such as memes,
images, and short videos, making topics easier
to discover and spread across online communities
(Caleffi, 2015). In the context of transphobic and
homophobic memes, hashtags are often derived
from stigmatizing or derogatory terms, which al-
lows such content to be easily located and circu-
lated. Platforms like Instagram, X (formerly Twit-
ter), and Facebook enable meme collection through
these hashtags, while Reddit communities (subred-
dits) organize discussions and posts around similar
themes. Additionally, Pinterest provides searchable
meme templates that can be reused or adapted to
create and analyze meme content across platforms.

5.2 Data Augmentation

To generate a multimodal meme, both visual con-
tent (an image template) and textual content (a
caption) are required. Several online platforms
support meme creation; among them, Imgflip is a
widely used service that provides a large collection
of popular meme templates. Imgflip allows users
to generate memes either through its graphical user
interface (GUI) or via its meme generation APL
The API enables automated and scalable meme cre-
ation, making it particularly useful for generating
large numbers of memes for dataset expansion and
data augmentation.

For Hindi, we already had access to an existing
dataset containing derogatory comments and hate
speech, which we used as captions for meme gen-
eration. We carefully examined the human intent
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and emotional context behind each derogatory re-
mark, selected an appropriate meme template that
matched the sentiment, and then added the caption
to the template to generate the final meme.

Homophoblc Transphobic Non-LGBT

Figure 2: English Meme Examples

Teri maa ka
dekisugi %

Homt;;Jhobic Transphoblc Non-LGBT

Figure 3: Hindi Meme Examples
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Figure 4: Chinese Meme Examples

6 Methodology

A total of participating teams created systems for
the Homophobia and Transphobia Meme Classi-
fication shared task, which took place in English,
Hindi, and Chinese. You had to sort memes into
three groups: Homophobia, Transphobia, and Non-
Anti-LGBT. Because memes can be in more than
one form, most systems combined text and images,
often using OCR pipelines to pull out text that was
hidden in images.

The MemeScouts (Bueno et al., 2026) team
adopted a Prompted Weak Supervision strategy.
A Vision-Language Model (VLM) was prompted
with 89 structured yes/no or either/or questions
about each meme. The generated responses were
treated as structured features and used to train a
Random Forest classifier. We used feature selec-
tion based on the validation F1-score to get rid of

extra or noisy attributes. This method put a lot of
emphasis on how easy it is to understand and how
well it can adapt to changing meme trends.

The BiasBreakers team developed a multi-
modal pipeline combining visual and textual sig-
nals. Text was extracted using EasyOCR and a
Vision—-Language Model, and a perplexity-based
scoring mechanism selected the most coherent text
representation. Both image and selected text were
encoded using a pretrained CLIP model into a
shared embedding space. The concatenated em-
beddings were passed through a lightweight neural
classifier optimized using cross-entropy loss and
AdamW.

The SigJBS (Sinha et al., 2026) team imple-
mented an OCR-aware multimodal framework.
Meme text was extracted and normalized before
being combined with image inputs in a LoRA-
fine-tuned Qwen2-VL-2B vision-language model.
A zero-shot CLIP baseline was also evaluated.
Parameter-efficient fine-tuning enabled adaptation
with limited computational resources while ac-
counting for class imbalance using macro-F1-based
validation.

The susmitha (Jaishri et al., 2026) team pro-
posed a gated multimodal fusion architecture.
XLM-RoBERTza (base) was used for multilingual
textual embeddings, and CLIP-ViT-B/32 was used
for visual feature extraction. OCR preprocessing
using Tesseract supplemented embedded text detec-
tion. A learnable gating mechanism dynamically
adjusted the weight of each modality’s contribu-
tion, and weighted cross-entropy loss was used to
fix bias and imbalance.

The SAJI (Bandyopadhyay et al., 2026) team
employed a zero-shot sequential transformer ap-
proach. Qwen 2.5 VL was used for extracting
and analyzing meme content, and then they used
Llama 3 and Mistral large language models to sort
it using prompt-based inference. The system pro-
duced single-word outputs without any supervision
or fine-tuning.

The EthosAl team adopted an element-wise fu-
sion strategy. EfficientNet-B0 extracted visual fea-
tures, and paraphrase-multilingual-MiniLM-L12-
v2 generated textual embeddings. Both feature
vectors were projected to the same dimension and
fused element-wise before classification, emphasiz-
ing computational efficiency.

The DLRG team treated the problem as a pure
image classification task. EfficientNet-B3 was used
as a pretrained backbone for feature extraction, fol-
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lowed by a linear classification head for predicting
the three classes. This approach excluded textual
information.

The CuriousVectors (Kushwaha et al., 2026)
team extracted meme text using Tesseract OCR
and fine-tuned RoBERTa for text encoding and
ConvNeXT for image encoding. Both representa-
tions were projected to 256-dimensional vectors
and combined. An XGBoost classifier was trained
on fused features for final prediction.

The MemeSentinel team build a CLIP-based
multimodal architecture with a gated fusion mod-
ule. Image and textual embeddings were combined
adaptively, and test-time augmentation (TTA) was
used during inference to make the system more
robust. The system was evaluated separately for
English, Hindi, and Chinese tracks.

Across all submissions, multimodal architec-
tures were dominant. OCR-based preprocessing
and CLIP or VLM-based encoders were frequently
adopted. Fusion mechanisms included concatena-
tion, element-wise operations, and gated adaptive
weighting. Some teams looked into zero-shot and
prompt-based methods, while others worked on su-
pervised multimodal fine-tuning.multimodal fine-
tuning.

7 Results and Discussion

The submitted systems were evaluated using the
Macro-averaged Fl-score (MF1) as the primary
metric. We also used Accuracy (ACC), Macro
Precision (MP), Macro Recall (MR), Weighted Pre-
cision (WP), Weighted Recall (WR), and Weighted
F1 (WF1). We chose Macro-F1 to ensure that all
three classes performed equally well. This was es-
pecially important because there could be an imbal-
ance between memes that are homophobic, trans-
phobic, and not anti-LGBT.

Team Ranking by Macro F1 Score

0.7535

0.7527

07371

0.4 05 06 0.7 08
Macro F1 Score

Figure 5: Macro F1 Ranking Chart For Chinese Memes
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Figure 6: Macro F1 Ranking Chart For Hindi Memes

Team Ranking by Macro F1 Score

0.8377

0.7384

Macro F1 Score

Figure 7: Macro F1 Ranking Chart For English Memes

7.1 English Track

In the English track, MemeScouts secured first
rank with a Macro-F1 score of 0.8377, achieving
the highest balanced performance across categories.
The high macro precision (0.8405) and macro recall
(0.8393) show that the model can tell the difference
between classes well. The Prompted Weak Supervi-
sion method showed that structured VLM-derived
features can effectively capture multimodal hate
signals.

The BiasBreakers team ranked second with a
Macro-F1 of 0.7384, followed by SigJBS with
0.6396. These systems leveraged CLIP-based and
LoRA-fine-tuned VLM architectures, confirming
the effectiveness of OCR-aware multimodal mod-
eling.

Mid-ranked systems like susmitha (0.6121) and
SAJI(0.5509) showed moderate performance. The
gated multimodal fusion approach outperformed
zero-shot prompt-based inference, suggesting the
benefit of supervised fine-tuning.

DLRG (0.2664) and MemeSentinel (0.1393)
are two examples of systems that don’t work well
with unimodal modeling or multimodal fusion in
the English dataset.
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Table 2: Leaderboard of Participating Systems Ranked by Macro-F1 (Homophobia and Transphobia Meme

Classification)
S.No Team Run Acc MP MR MacroF1 WP WR WF1 Rank
ENGLISH
1 MemeScouts Run2 0.8369 0.8405 0.8393  0.8377 0.8372 0.8369 0.8352 1
2 BiasBreakers Runl 0.7376 0.7495 0.7701 0.7384 0.7656 0.7376 0.7277 2
3 SigIBS_offensive Runl 0.6525 0.6654 0.6300 0.6396 0.6605 0.6525 0.6481 3
4 susmitha Runl 0.6454 0.7171 0.6079 0.6121 0.7114 0.6454 0.6323 4
5 SAJL_English Runl 0.5887 0.6481 0.5444  0.5509 0.6326 0.5887 0.5661 5
6  EthosAl Run2 04255 0.3777 0.3742  0.3498 0.4078 0.4255 0.3926 6
7  DLRG_Offensive Runl 0.3333 0.2633 0.3026  0.2664  0.2803 0.3333 0.2909 7
8  CuriousVectors Runl 0.3475 0.3144 0.2883  0.2421  0.3268 0.3475 0.2791 8
9  MemeSentinel_English Runl 0.2766 0.1500 0.1300 0.1393 0.3191 0.2766 0.2764 9
HINDI
1 SigIBS_offensive Runl 0.8400 0.8217 0.7986  0.8081  0.8398 0.8400 0.8878 1
2  BiasBreakers Runl 0.7800 0.7392 0.7479  0.7385 0.7776 0.7800 0.7628 2
3 MemeScouts Run2 0.6550 0.6397 0.6597 0.6426 0.6780 0.6550 0.6605 3
4 MemeSentinel_Hindi Run2 0.6150 0.6071 0.6330 0.6068 0.6500 0.6150 0.6199 4
5  EthosAl Run2 0.4050 0.4201 0.3906 0.3480 0.4662 0.4050 0.3747 5
6  DLRG_Offensive Runl 0.3600 0.3420 0.3382  0.3240 0.3771 0.3600 0.3521 6
7  susmitha Runl 0.3200 0.1067 0.3333  0.1616 0.1024 0.3200 0.1552 7
CHINESE
1 MemeSentinel_Chinese Runl 0.8636 0.8298 0.7116  0.7535  0.8526 0.8636 0.8488 1
2 MemeScouts Runl 0.8243 0.8002 0.7350 0.7527 0.8396 0.8243 0.8276 2
3 susmitha Runl 0.8452 0.7644 0.7225 0.7371  0.8471 0.8452 0.8447 3
4  BiasBreakers Runl 0.8075 0.8242 0.6247 0.6843  0.8061 0.8075 0.7980 4
5 SigIBS_offensive Runl 0.8285 0.6807 0.6296  0.6492  0.8182 0.8285 0.8220 5
6 CuriousVectors Runl 0.7500 0.5912 0.5874 0.5748 0.7681 0.7500 0.7522 6
7  DLRG_Offensive Runl 0.5858 0.2946 0.3044  0.2993 0.5603 0.5858 0.5727 7

Acc: Accuracy; MP: Macro-Precision; MR: Macro-Recall; WP: Weighted-Precision; WR: Weighted-Recall; WF1: Weighted F1.

7.2 Hindi Track

In the Hindi track, Sig)JBS achieved first place with
a Macro-F1 of 0.8081, demonstrating strong OCR-
aware VLM fine-tuning capability. The system
kept a good balance between high macro precision
and recall.

BiasBreakers ranked second (0.7385), while
MemeScouts secured third place (0.6426). Un-
like the English track, the supervised multimodal
LoRA-based model outperformed the prompted
feature-based method, indicating that language-
specific adaptation plays a critical role in Hindi
meme classification.

Systems such as MemeSentinel (0.6068)
showed competitive performance. But lightweight
fusion methods like EthosAlI (0.3480) and uni-
modal image classification methods like DLRG
(0.3240) achieved comparatively lower Macro-F1
scores. The significant drop for some teams in-
dicates higher linguistic complexity or OCR chal-
lenges in Hindi memes.

7.3 Chinese Track

In the Chinese track, MemeSentinel came in first
with a Macro-F1 score of 0.7535. This shows that
gated multimodal CLIP-based fusion works well
when combined with test-time augmentation.

MemeScouts came in second with 0.7527, show-
ing consistent cross-lingual adaptability of the
prompted weak supervision strategy. susmitha
ranked third (0.7371), indicating the strength of
gated multimodal fusion in multilingual contexts.

Interestingly, performance gaps were narrower
in Chinese compared to English. CLIP-based sys-
tems generalized effectively, while unimodal sys-
tems such as DLRG (0.2993) again showed lower
performance.

8 Conclusion

The Multimodal Homophobia and Transphobia
Meme Classification Shared Task tackled a impor-
tant and underexplored challenge at the conver-
gence of multimodal hate detection, multilingual
modeling, and LGBTQ+-targeted content analysis.
The task established a structured benchmark for
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Table 3: Summary of Participating Systems for Homophobia and Transphobia Meme Detection (v'= reported, x =

not reported).

Team Model(s) Reported OCR VLM Fusion Img Txt Zero LLM Aug
BiasBreakers  CLIP + Neural Classifier v v Concat v /7 X X X
MemeSentinel CLIP + Gated Fusion v v Gated v v X X v
MemeScouts VLM Prompting + RF X v Feature-based X v v X
EthosAl EfficientNet-BO + MiniLM X X  Element-wise v /7 X X X
CuriousVectors RoBERTa + ConvNeXT + XG- v X  Projection+ML v v X X X
Boost
SAIT Qwen-VL + LLaMA + Mistral v v Sequential X v v X
SigIBS Qwen2-VL + LoRA v v Joint VLM v v/ 4 X
susmitha XLM-R + CLIP-ViT v v Gated /X X X
DLRG EfficientNet-B3 X X Image-only v X X X X

OCR: Optical Character Recognition; VLM: Vision-Language encoder; Fusion: Multimodal fusion strategy; Img: Dedicated
image encoder; Txt: Dedicated text encoder; Zero: Zero-shot inference; LLM: LLM prompting or LoRA fine-tuning; Aug:
Data augmentation or test-time augmentation.

assessing automatic systems intended to identify
harmful meme content aimed at LGBTQ+ com-
munities by introducing an innovative multilingual
dataset that includes English, Hindi, and Chinese
memes. The results show that multimodal ap-
proaches always do better than unimodal baselines.
It demonstrates that it is essential to model both
visual and textual signals together when trying to
understand memes. Across all language tracks, sys-
tems that used OCR-aware pipelines, CLIP-based
encoders, and vision-language pretrained models
did the best, with Macro-F1 scores of 0.8377 in
English, 0.8081 in Hindi, and 0.7535 in Chinese.
The differences in performance between languages
show how linguistic complexity, OCR reliability,
and cultural meme dynamics affect how well a
model works. While supervised multimodal fine-
tuning and gated fusion strategies proved particu-
larly robust, the comparatively lower performance
of image-only systems underscores the importance
of integrated multimodal reasoning. Overall, the
shared task establishes a solid groundwork for fu-
ture research in multilingual multimodal hate de-
tection. It also emphasizes the need for culturally
grounded modeling, better cross-lingual generaliza-
tion, and Al systems that are ethically responsible
to make online spaces safer for marginalized com-
munities.

9 Limitations

The shared task sets a useful standard for finding
memes that are homophobic and transphobic in
multiple languages, but there are still some prob-
lems. One limitation is that the meme content
comes from social media sites, which may have

their own biases and not show all types of harm-
ful content equally. Memes often combine images,
embedded text, sarcasm, and cultural references,
making them inherently ambiguous and difficult to
interpret even for human annotators. The task is
even harder because English, Hindi, and Chinese
all have different languages, slang, and cultural
contexts. This could make it harder for models
trained on the dataset to generalize. Another limita-
tion comes from the multimodal nature of memes,
where harmful meaning may be communicated
through nuanced interactions between visual com-
ponents and textual indicators, which many models
still struggle to capture effectively. In addition, the
dataset size is relatively limited compared to large-
scale multimodal benchmarks, which may restrict
the ability of deep learning models to learn robust
representations across languages and cultural con-
texts. These problems show that we need bigger
multilingual multimodal datasets, better ways to
annotate across cultures, and more advanced mul-
timodal reasoning models to find online hate that
targets LGBTQ+ communities that is not obvious
and depends on the situation.

Ethical Consideration

This shared task dataset contains meme content
that may have language and images that are ho-
mophobic, transphobic, or otherwise offensive to
LGBTQ+ people and groups. Such material is
included strictly for research and educational pur-
poses and does not reflect the views of the authors
or organizers. The memes were collected from pub-
licly available online sources, and steps were taken
to remove or avoid including any information that
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could be used to identify a person in order to protect
their privacy. Only the minimal data necessary for
research and system evaluation was released. The
annotation process was carried out by trained anno-
tators following clear labeling guidelines designed
to ensure responsible handling of sensitive content.
Despite these precautions, the dataset may still con-
tain biases present in online discourse or cultural
interpretations of memes. Therefore, the dataset
should be used responsibly and with awareness of
potential risks, including bias amplification or mis-
use in automated moderation systems. We support
open research practices and suggest that people
keep an eye on systems trained on this dataset to
help with fair and ethical content moderation.
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