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Abstract

Online misogyny increasingly appears in multimodal
formats such as memes. Memes combine text and images
to convey humor, sarcasm, and ideology. Misogynistic
meaning is often implicit and culturally grounded. A
meme interpreted as harmful in one cultural setting may
be perceived differently in another. Based on the complex
scenario of cross-cultural misogynistic meme detection,
we proposed to conduct predictions using large language
models (LLMs) through zero-shot prompts in the absence
of training datasets. This enables our method to effec-
tively address the key pain points such as the difficulty in
annotating the training dataset, the high cost and long time
consumption of manually labeling the training dataset
labels. We applied this zero-shot prompts method to the
Tamil (India) MDMD dataset. The best model results
achieved Macro F1-score and Accuracy of 0.628995 and
0.696629 respectively for Task A: Single-culture predic-
tion. Overall contexts including Indian context, Chinese
context, and Western context, the best model results
achieved Macro F1-score and Accuracy of 0.601143 and
0.695693 respectively for Task B: Cross-cultural predic-
tion. This approach of deliberately not using the training
dataset for fine-tuning and training large language models
(LLMs) or pre-trained models enables our method to have
greater flexibility in real-world scenarios. For further
information, the project code and user’s guide is available
from https://github.com/WangKongQiang/
CC-MMD_Grand_Challenge_ICMI_2026.

Index Terms— Multimodal Learning, Zero-shot Prompts,
Large Language Models (LLMs), Cross-Cultural Detection,
Misogynistic Classification, Meme Detection.

1 Introduction

The Cross-Cultural Misogynistic Meme Detection (CC-
MMD) challenge is hosted as an ICMI 2026 Grand Challenge.
It benchmarks culturally robust multimodal systems for binary
misogyny classification in memes across Indian, Chinese, and
Western (English) contexts [1]. Online misogyny increasingly
appears in multimodal formats such as memes. Memes com-
bine text and images to convey humor, sarcasm, and ideol-
ogy [2]. Misogynistic meaning is often implicit and culturally

grounded [3]. A meme interpreted as harmful in one cultural
setting may be perceived differently in another.

Current multimodal models achieve strong performance in
high-resource settings but often lack cultural grounding. They
struggle under cross-lingual and cross-cultural distribution
shifts. Prior findings show that cultural background signifi-
cantly influences misogyny annotation and interpretation. CC-
MMD dataset addresses this challenge through multilingual
data and systematic cross-cultural annotation. The benchmark
explicitly evaluates robustness across cultural partitions rather
than a single pooled test set.

This grand challenge invites participants to build culture-
aware multimodal systems that generalize reliably under cul-
tural shifts. Based on the setup of this task, we made some spe-
cial modifications to enhance the performance of our results in
zero-shot prompt-based large language models (LLMs). Be-
cause the task provided the training set and development set
content, we deliberately did not use them for fine-tuning the
large language model (LLM) or pre-training model, in order
to evaluate cross-cultural misogynistic meme detection in the
zero-sample setting. Content moderation systems are often
trained in dominant cultural contexts [4]. This risks biased
predictions and inconsistent decisions across regions. Misog-
yny detection requires sensitivity to implicit language, humor,
symbolism, and local norms. By explicitly evaluating cultural
robustness, this challenge advances research toward more in-
clusive, reliable, and globally deployable multimodal systems.
However, the cost of manually annotating datasets and col-
lecting valuable samples that meet the requirements of a spe-
cific cultural background is extremely high and takes a long
time [5]. Therefore, zero-sample prediction for cross-cultural
misogynistic meme detection is more in line with real-world
scenarios and practical needs [6]. We set up the environment
based on this experiment, and the main contributions are as
follows:

* In the scenario without manually annotated training data,
conduct zero-shot prediction of the large language model
(LLM) for cross-cultural misogynistic meme detection,
making the task more in line with real-world scenarios
and practical needs [7].

» This paper evaluated the performance of various main-
stream large language models (LLMs) from both Chinese
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and the rest of the world under both transcription text set-
tings and multimodal meme settings. Pioneering the lat-
est approach for zero-sample cross-cultural misogynistic
meme detection.

2 Related Works

2.1 Cross-Cultural Misogynistic Meme Detec-
tion

Misogynistic content increasingly appears in multimodal
memes combining images and text, where harmful mean-
ings are often implicit and culturally dependent [8]. Exist-
ing misogyny detection methods mainly focus on English and
single-culture settings, limiting their robustness under cross-
cultural distribution shifts. Recent multimodal models such as
CLIP and multimodal large language models (MLLMs) im-
prove meme understanding by jointly modeling visual and
textual information, but they still struggle with culturally
grounded interpretations. The CC-MMD challenge addresses
this issue by evaluating misogyny detection across Indian, Chi-
nese, and Western contexts. In this work, we explore zero-
shot prompt-based large language models (LLMs) for cross-
cultural misogynistic meme detection without task-specific
fine-tuning [9].

2.2 Zero-shot Prompting Engineering

Zero-shot prompting enables large language models (LLMs)
to perform downstream tasks without task-specific fine-tuning
by leveraging natural language instructions. Recent studies
demonstrate that carefully designed prompts can significantly
improve reasoning, classification, and multimodal understand-
ing capabilities. In multimodal hate speech and meme detec-
tion, prompt engineering helps models better interpret implicit
semantics, sarcasm, and contextual information contained in
images and text [10]. Compared with supervised learning ap-
proaches, zero-shot prompting reduces annotation costs and
improves adaptability to unseen domains. Motivated by these
advantages, this work employs prompt-based zero-shot in-
ference to evaluate the robustness of large language models
(LLMs) [11] in cross-cultural misogynistic meme detection
scenarios.

3 Task Information

This task can be divided into two consecutive subtasks: Task
A: Single-culture prediction and Task B: Cross-cultural
prediction.

Task A evaluates performance on a single target culture.
Authors may choose and submit predictions for any one tar-
get culture they want to predict. Target cultures correspond to
the culture-specific test partitions in CC-MMD (India, China,
Western/Ireland). Input content are meme image (referenced
by image_id), transcription field, and test partition from one

selected culture. Output content is one binary prediction per
meme (I = misogyny, 0 = not-misogyny).

Task B evaluates cross-cultural robustness. Authors must
submit predictions for all provided target cultures. The official
ranking uses the culture-balanced Macro F1 averaged across
the three culture partitions. Input content are meme image
(referenced by image_id), transcription field, and all cultural
test partitions. Output content is one prediction per meme for
each culture (I = misogyny, 0 = not-misogyny).

4 Evaluation Metrics

First, let me clarify the task-specific requirements. For Task A:
Single Culture Evaluation, the objective is to predict the label
from one specific cultural perspective [12]. The requirements
for output is your file should contain the prediction for your
chosen perspective. For Task B: Cross-Culture Evaluation, the
objective is models must capture multi-perspective cultural nu-
ances. The requirements for output is the model must return all
cultural perspective labels relevant to the chosen dataset con-
text within the same file. Note that depending on the dataset,
this might include the original culture plus one or two target
cultures.

Evaluation is conducted separately for each subtask. All
metrics are computed on the official hidden test sets. For Task
A: Single-Culture Evaluation. Participants select one cultural
partition (India, China, or Western). Evaluation is performed
only on the selected partition. Primary Metric. Macro F1-
score on the selected cultural test set. Macro F1 balances per-
formance across both classes (misogyny and not-misogyny).
Secondary Metric. Accuracy on the selected cultural test set.
Leaderboard ranking for Task A is based on Macro F1.

For Task B: Cross-Cultural Evaluation. Participants must
submit predictions for all cultural partitions. Evaluation mea-
sures cross-cultural robustness. Primary Metric. Macro
F1 is computed independently for each cultural partition:
F1_India, F1_China, F1_Western. The final Task B score
is the unweighted average: FinalScore = (F1_India +
F1_China + F1_Western)/3. This culture-balanced score
ensures systems perform consistently across all cultural con-
texts. Secondary Metric. Accuracy reported per culture.
Mean accuracy across all cultures. Tie-Breaking Rules (Task
B). Higher worst-culture Macro F1 (minimum among the three
cultures). If still tied, higher mean accuracy. Important Notes:
Test labels are hidden. Scores are computed using the official
evaluation script. All submissions must follow the required
CSV format.

S CC-MMD Datasets Analysis

Official organizers present the Cross-Cultural Misogyny
Meme Dataset (CC-MMD), the benchmark dataset for this
grand challenge containing multimodal memes annotated for
misogyny across different cultural contexts. It is multi-
lingual, multimodal, and cross-culturally annotated. Each
meme contains an image and its associated OCR-extracted
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text [13]. CC-MMD integrates memes organized into three
culture-specific partitions: Indian Context. Tamil and Malay-
alam memes (MDMD dataset). Chinese Context. Chi-
nese memes (CMMD dataset [14]). Western Context. En-
glish/Ireland memes (MAMI dataset). Each meme is an-
notated from multiple cultural perspectives, enabling cross-
cultural analysis. These partitions are used in Task A and Task
B to evaluate single-culture and cross-cultural robustness. The
MAMI dataset [15] (Western Context) is focused exclusively
on cross-cultural labels and only contains annotations for tar-
get_culturel and target_culture2. The data is provided in CSV
format alongside the image files. An abstract example situa-
tion is shown in the Table 1 below.

Table 1: Special characters of data format & fields.

image_id transcription originalculture  target_culturel  target_culture2

‘meme_001.jpg
Note: image_id — Unique meme identifier. transcription — OCR-extracted
meme text. original_culture — Label from source culture annotators.
target_culturel — Cross-cultural annotation. farget_culture2 — Cross-cultural
annotation. Labels are binary: 1 = misogyny and 0 = not-misogyny.

“Example OCR extracted text here” 1 0 1

The dataset is divided into training, development, and test
sets. Training Set. Provided with labels (and images) for
model development. Development Set. Used for validation
and tuning. Test Set. Labels withheld for official evaluation.
Participants must use the provided splits and may not modify
them. The number of images and transcriptions in the Train,
Dev, and Test sets of the MDMD - Tamil (India) Dataset [16],
which was mainly used for our experiment, is shown in Table
2.

Table 2: The number of images and transcriptions splits in
the Train, Dev, and Test sets of the MDMD - Tamil (India)
Dataset.

Chinese Labels
242:894
70:214

145.41-921-11
v Sef 137.65-996-17
t Set 145.09-822-34
Note: The transcription text length is indicated in the format of average
length-maximum length-minimum length. The original_labels, irish_labels,

and chinese_labels indicate the format as misogyny(1):not-misogyny(0).

273:863
75:209
100:256

268:868
69:215
88:268  85:271

6 Methodology

6.1 Textual Prompt Engineering for Task A:
Single-culture prediction

To investigate the effectiveness of text-only misogyny detec-
tion [17], we design a textual prompt engineering framework
for Task A: Single-culture Prediction. Unlike the multimodal
setting, this task focuses exclusively on OCR-extracted meme
transcriptions without visual information [18]. The objective
is to determine whether a meme transcription contains misog-
ynistic content within a specific cultural context. The main
test we conducted was on the tamil language in the indian
country context, focusing on its single-cultural misogynistic
meme detection aspects. Given that online meme texts of-
ten contain sarcasm, slang, transliterated expressions, implicit

hate speech, and culturally dependent semantics, carefully de-
signed prompts are essential for guiding large language models
(LLMs) toward reliable classification behavior.

6.1.1 Prompt Design

The proposed prompt explicitly instructs the large language
model (LLM) to: Analyze the meme transcription carefully;
Consider the linguistic and socio-cultural context; Detect im-
plicit or explicit misogynistic meaning; Produce structured
JSON outputs for downstream processing. The prompt tem-
plate is defined as follows shown in Figure 1. The transcrip-
tion text is dynamically appended at the end of the prompt.
This prompting strategy encourages the model to perform con-
textual reasoning rather than relying on superficial keyword
matching [19].

=2
&
&,

5 ov

Figure 1: The overall zero-shot prompts are illustrated concep-
tually and the model performs textual modality binary classi-
fication for Task A: Single-culture prediction.

6.1.2 Culture-aware Reasoning

To improve cross-cultural understanding, the prompt incorpo-
rates both language and country information. Since misog-
ynistic expressions can vary significantly across regions and
communities, the model is guided to interpret the transcrip-
tion within the target cultural environment [20]. For example:
Tamil memes are interpreted under the cultural context of In-
dia; Chinese memes are interpreted under the cultural context
of China; English memes may be interpreted under the cul-
tural context of Ireland. Our main focus was on testing Tamil
memes within the cultural framework of India. This culture-
aware prompting mechanism enables the model to capture im-
plicit misogynistic semantics, local stereotypes, and culturally
dependent offensive expressions [21].

6.1.3 Large Language Model Inference

The textual classification framework utilizes the different large
language models (LLMs) through the Ollama inference APIL.
The model performs zero-shot classification using prompt-
based instruction following. The inference configuration is de-
fined as shown in Table 3. A deterministic decoding strategy
with low temperature is adopted to ensure stable and repro-
ducible predictions.
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Table 3: Some typical commands hyper-parameter for textual
modality large language models (LLMs)

Model

“num_predict”: 1024}
um_predict”; 512}
51

deepseek-r
deepseek-

{ temperat
{“temperature
{ temperature”
{"temperature”;
{"temperature”: 0.0, "num _predict”: 512}

6.1.4 Advantages of Textual Prompt Engineering

The proposed textual prompt engineering strategy offers sev-
eral advantages: Culture-aware text understanding [22]; Zero-
shot misogyny detection without task-specific training [23];
Structured and interpretable outputs; Robust handling of mul-
tilingual meme transcriptions; Flexible integration with differ-
ent large language models (LLMs). By explicitly incorporat-
ing cultural and linguistic context into the prompt design, the
framework improves the detection of implicit misogynistic ex-
pressions in multilingual online meme environments [24].

6.2 Multimodal Prompt Engineering for Task
B: Cross-cultural prediction

This study proposes a multimodal misogynistic meme detec-
tion framework based on the vision-language model (VLM)
Alibaba Cloud’s Qwen2.5-VL 3B and 7B. The framework
jointly analyzes meme images and OCR-extracted textual tran-
scriptions to determine whether a meme contains misogynistic
content under different cultural contexts. At the same time, we
also referred to the models Gemma-3 1B and 4B, which only
contain OCR-extracted textual transcriptions for determina-
tion. The proposed pipeline consists of four major stages: Data
Loading and Preprocessing; Prompt-based Multimodal Rea-
soning; Vision-Language Inference; Prediction Parsing and
Result Generation. The overall workflow is illustrated con-
ceptually as shown in Figure 2 (/eft).

% Quen

aquen25.k 3

[

Figure 2: The overall workflow is illustrated conceptually and
the model performs binary classification for Task B: Cross-
cultural prediction (left). The prompt template is formulated
for Qwen2.5-VL 3B/7B and Gemma-3 1B/4B (right).

Internet memes typically communicate meaning through the
interaction between visual and textual elements. Therefore, re-

Table 4: Test dataset results for textual modality large lan-
guage models (LLMs) in the MDMD - Tamil (India) Dataset.
Bold font represents the best model performance for this Task
A.

Accuracy

0.595506
0.648876
0.654494
0311798
0.317416
0.696629
0.727528
0.573034
0.418539
0.685393

Model Language  Cultural Context  Macro-F1

5 0.513717
0.52647
0.571072
0.279834
0.27615
0.628995
0.458194
0.558774
0.4135
0.615254

Tamil India
Tamil India
Tamil India
Tamil India
Tamil India
Tamil India
Tamil India
Tamil India
Tamil India
Tamil India

lying solely on text or image information may lead to incom-
plete semantic understanding. To address this issue, the pro-
posed framework adopts a multimodal reasoning strategy that
integrates: Visual content from meme images; OCR-extracted
textual transcription; Cultural context information. For each
meme sample, the input consists of X = {I,T,C, L} where:
I denotes the meme image, T represents the OCR transcrip-
tion, C denotes the target cultural context (e.g., India, China,
Ireland), L represents the meme language (e.g., Tamil, Malay-
alam, Chinese, English).

The OCR transcription is appended to the textual prompt to
help the model reason jointly over textual and visual seman-
tics. At the same time, we also referred to the models Gemma-
3 1B and 4B, which only contain OCR-extracted textual tran-
scriptions for determination. Therefore, the input of these two
models ignores the visual content from meme images. How-
ever, the results showed that these two textual models actually
achieved better overall Macro Fl-score and Accuracy. The
possible reason is that the visual language model (VLM) is still
unable to fully understand the content information of meme
images, which instead leads to excessive redundancy of the
data, causing interference for the large language model (LLM)
when performing cross-cultural misogynistic meme detection.

A prompt-based classification strategy is employed to guide
the model toward culturally-aware misogyny detection [25].
The prompt explicitly instructs the model to: Analyze both
image and text simultaneously; Consider the specified cultural
context; Detect implicit misogynistic meaning; Output predic-
tions in structured JSON format. The prompt template is for-
mulated as shown in Figure 2 (right). The meme image and
OCR transcription is appended dynamically. This design en-
courages the model to perform cross-modal semantic reason-
ing rather than relying on isolated modalities.

7 Results and Analysis

For Task A: Single-culture Prediction, the main dataset we use
is the MDMD - Tamil (India) Dataset, which predicts the situ-
ation of misogynistic meme detection based on the Tamil lan-
guage within the Indian cultural context. The results of its test
set are shown in Table 4.

For Task Task B: Cross-cultural prediction, the main dataset
we use is the MDMD - Tamil (India) Dataset, which predicts
the situation of misogynistic meme detection based on the
Tamil language within the Indian/Irish/Chinese cultural con-
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Table 5: Test dataset results for multimodal or textual modality
large language models (LLMs) in the MDMD - Tamil (India)
Dataset. Bold font represents the best model performance for
this Task B.

Model anguage  Cultural Context  Macro-F1  Accuracy

India 0.461018
Irish 0.476471
Chinese 0.462167
Ve 0.466552
India 0.653783
Irish 0.555935
0.593712

0.716292
0.747191
0.735955
0.733146
0.705056
0.679775
0.702247

gemma-3-1b-it-abliterated

gemma-3-db-it-abliterated

0.601143
India 0.217582
Irish 0.196388

Chinese 0.192744

0.202238
India 0.301822
Irish 0.377359

Chinese 0.443188

0.374123

0.695693
0.278090
0.244382
0.238764
0.253745
0.337079
0.384831
0.443820
0.388577

text. The results of its test set are shown in Table 5.

8 Discussion and Limitation

We merely discussed the application effect of zero-shot
prompt engineering for Cross-Cultural Misogynistic Meme
Detection (CC-MMD). In cases where manual annotation of
the dataset is costly, considering transfer learning or introduc-
ing existing official datasets might further enhance the effect
[26]. This is an important part of our future work.

9 Conclusion

For Task A: Single-culture prediction and Task B: Cross-
cultural prediction, we discussed the effectiveness of zero-shot
prompt engineering in single-culture prediction and multi-
culture prediction. Interestingly, the introduction of meme im-
age did not improve the model’s prediction performance. In-
stead, it misled the model’s prediction results. Simply using
the meme transcription could achieve good results. This was
a great attempt in the application scenarios where the train-
ing dataset is scarce [27] and it is more in line with real-life
situations [28].
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