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Abstract

Detecting misogyny in multimodal content re-
mains a notable challenge, particularly in cul-
turally conservative and low-resource contexts
like Bangladesh. While existing research has
explored hate speech and general meme clas-
sification, the nuanced identification of misog-
yny in Bangla memes, rich in metaphor, humor,
and visual-textual interplay, remains severely
underexplored. To address this gap, we in-
troduce BANMIME , the first comprehensive
Bangla misogynistic meme dataset comprising
2,000 culturally grounded samples where each
meme includes misogyny labels, humor cat-
egories, metaphor localization, and detailed
human-written explanations. We benchmark
the various performances of open and closed-
source vision-language models (VLMs) under
zero-shot and prompt-based settings and eval-
uate their capacity for both classification and
explanation generation. Furthermore, we sys-
tematically explore multiple fine-tuning strate-
gies, including standard, data-augmented, and
Chain-of-Thought (CoT) supervision. Our re-
sults demonstrate that CoT-based fine-tuning
consistently enhances model performance, both
in terms of accuracy and in generating meaning-
ful explanations. We envision BANMIME as
a foundational resource for advancing explain-
able multimodal moderation systems in low-
resource and culturally sensitive settings. The
code and dataset are publicly available at
https://github.com/Ayon128/BANMIME.

Disclaimer: This paper contains elements that
one might find offensive which cannot be avoided
due to the nature of the work.

1 Introduction

In the digital era, internet and social media have
fundamentally transformed global communication
patterns, with approximately 5.56 billion internet

Figure 1: Explainable misogyny classification via
metaphor understanding. Given a meme image and its
associated text, the goal is to identify the underlying cat-
egory of misogyny (e.g., shaming, objectification) and
generate an explanation by interpreting the metaphorical
meaning conveyed through the image–text interplay.

users representing 67.9% of the global population1

and 5.24 billion active social media participants
worldwide2 as of early 2025. Within this digital
landscape, memes have emerged as powerful ve-
hicles for entertainment and social commentary,
blending visual and textual elements into easily
shareable formats that now constitute a ubiquitous
feature of online culture (Zannettou et al., 2018).
Although their accessibility facilitates widespread
adoption, this same characteristic enables the rapid
spread of problematic content, particularly in cul-
turally conservative regions such as Bangladesh,
where women frequently become targets of degrad-
ing content. Consequently, the convergence of ex-
panding digital connectivity with conservative so-

1https://www.meltwater.com/en/blog/
digital-2025

2https://www.aiprm.com/technology-statistics/
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cial structures creates environments where misogy-
nistic memes significantly impact women’s partici-
pation and well-being. Previous research by Blake
et al. (Blake et al., 2021) established clear corre-
lations between online misogyny and offline vio-
lence against women, while (Paciello et al., 2021)
demonstrated how exposure to sexist memes under-
mines moral reasoning and emotional processing.
These findings collectively indicate that misogy-
nistic memes extend beyond mere offensive con-
tent to constitute vectors for tangible societal harm.
Moreover, (Kiela et al., 2020) identify unique mod-
eration challenges posed by memes’ multimodal
nature, where harmful messaging emerges from the
complex interaction between seemingly innocuous
text and images.

Despite increasing research attention to this crit-
ical issue, substantial challenges persist in detect-
ing misogynistic memes. Notably, (Fersini et al.,
2022) developed a pioneering task on multimedia
automatic misogyny identification, highlighting de-
tection complexities across cultural contexts, while
(Singh et al., 2023) documented persistent difficul-
ties faced by contemporary models in identifying
misogynistic content, particularly emphasizing the
nuanced interplay between visual and textual ele-
ments. Nevertheless, the identification of misog-
ynistic content in Bangla, a language with over
230 million speakers worldwide, remains signifi-
cantly under-researched. Previous work on Bangla
datasets has primarily focused on general meme
identification or broad hate speech detection (Hos-
sain et al., 2022b,a; Nahin et al., 2024); however,
none specifically address the unique characteristics
of misogyny in Bangla memes. To the best of our
knowledge, we are the first to propose a compre-
hensive dataset, BANMIME (Bangla Misogynis-
tic Memes), specifically designed to detect misog-
yny in Bangla memes by addressing this critical
gap. Our dataset employs a fine-grained taxonomy
of four categories capturing cultural nuances of
misogyny: Stereotype, Objectification, Shaming,
and Violence. Additionally, each meme is anno-
tated with classification, humor labeling, metaphor
localization, and comprehensive explanations that
identify specific elements contributing to its misog-
ynistic nature as illustrated in Figure 1. This ap-
proach follows similar reasoning to Hwang and
Shwartz (Hwang and Shwartz, 2023), who intro-
duced MemeCap for captioning and interpreting
memes.

Our extensive experiments using both open-

source and closed-source large vision-language
models (LVLMs) reveal that while current mod-
els can achieve reasonable accuracy in detecting
misogynistic content, they continue to struggle with
generating accurate explanations that identify spe-
cific mechanisms through which misogyny is con-
veyed. This performance gap underscores the need
for culturally-aware AI systems capable of under-
standing the contextual and multimodal nature of
online misogyny. In light of these findings, our
major contributions include:

• BANMIME the first comprehensive dataset of
2,000 Bangla memes annotated for misogyny
detection with explanations and fine-grained
categorization.

• A thorough benchmarking of open and closed-
source large language models on misogyny de-
tection and explanation generation tasks using
zero-shot, Chain-of-Thought, and supervised
fine-tuning approaches.

• Systematically explore various fine-tuning ap-
proaches, including standard, data-augmented,
and Chain-of-Thought methodologies, reveal-
ing their relative efficacy for metaphor under-
standing and misogyny detection.

2 Related Work

Prior research on hate and misogyny detection
has explored both unimodal and multimodal ap-
proaches, evolving from text-focused traditional
models to transformer-based systems that integrate
text and images.

2.1 Unimodal Approaches
Unimodal approaches typically process either text
or image data. In the context of Bangla misog-
yny detection, Jahan et al. leveraged RNN, LSTM,
and BanglaBERT-based embeddings, while An-
zovino et al. applied SVM and Random Forests,
both facing challenges with class imbalance (Jahan
et al., 2023; Anzovino et al., 2018). Other studies
explored TF-IDF features with Naive Bayes and
GRU networks (Ishmam and Sharmin, 2019) on
Facebook comments, as well as hybrid CNN–RNN
architectures for aggression detection (Sadiq et al.,
2021). Despite moderate success, unimodal sys-
tems often fail to capture implicit or context-
dependent cues. (Haider et al., 2024) introduced a
novel dataset and experimented with various state-
of-the-art approaches for multilabel hate speech
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identification in transliterated online social media
texts.

2.2 Multimodal Approaches

To address the limitations of unimodal methods,
multimodal approaches have emerged as a more ef-
fective solution, particularly for meme-based hate
and misogyny. Several datasets have facilitated this
research, including MUTE for Bangla memes (Hos-
sain et al., 2022c), MultiOFF for offensive memes
(Suryawanshi et al., 2020), MIMIC for multi-label
misogyny (Singh et al., 2024), and MIMOSA for
aggression in Bangla memes (Ahsan et al., 2024).
These resources highlight challenges such as sar-
casm detection, OCR errors, and imbalanced label
distributions.

On the modeling side, both early and late fusion
strategies have been explored, showing improve-
ments over unimodal baselines, although fusion
complexity often limits performance. Recent work
emphasizes interpretable and reasoning-aware ap-
proaches, including attention- and graph-based
methods (Rehman et al., 2025), debate-style rea-
soning between LLM-generated explanations (Lin
et al., 2024), and brain-inspired fusion architectures
that separate primary semantics from auxiliary con-
text (Wu et al., 2024). CLIP-based methods, such
as Hate-CLIP (Kumar and Nandakumar, 2022), ex-
plicitly model cross-modal interactions, capturing
subtle contextual cues.

Cross-lingual and regional approaches have fur-
ther extended detection beyond English. For in-
stance, MuRIL and mBERT-based models have
been applied to detect misogyny in Tamil and
Malayalam memes (Mahesh et al., 2024), and
ensemble-based methods have been proposed for
multilingual robustness (Gu et al., 2022). These
advances underscore the importance of robust
multimodal and multilingual frameworks, while
highlighting persistent challenges in explainabil-
ity, cross-domain generalization, and low-resource
languages such as Bangla.

3 BANMIME Dataset Collection and
Annotation

The creation of BANMIME (Bangla Misogynistic
Memes) involves a systematic collection and an-
notation process designed to address the critical
gap in resources for detecting misogynistic content
in low-resource languages. Our dataset comprises
2,000 carefully curated memes and employs a fine-

grained taxonomy of four categories that reflects
Bangla cultural contexts: Stereotype, Objectifica-
tion, Shaming, and Violence. Figure 2 illustrates
the overall pipeline of the BANMIME dataset de-
velopment.
Data Collection We collected a total of 4,280
memes from predominant social media platforms
utilized by Bangla speakers: the majority from
Facebook (2,850 memes), a substantial portion
from Instagram (950 memes), and a smaller num-
ber from Reddit (480 memes). This distribution
reflects regional usage patterns where Facebook
maintains higher penetration. Our data collection
targeted public pages and communities between
January 2020 and December 2024, employing tem-
porally stratified sampling to ensure balanced rep-
resentation across this period. Notably, meme cre-
ation surged during the COVID-19 pandemic, and
our four-year span captures evolving themes from
humorous and satirical to derogatory content, re-
flecting shifting gender-based stereotypes and de-
bates.
Data Filtering We implemented a systematic filter-
ing process to ensure dataset quality and relevance.
Specifically, we removed: (1) non-readable memes
with degraded image quality, (2) memes without
textual content, (3) memes containing exclusively
English text , and (4) directly nude pictures, as
our study focuses on Bangla linguistic and cultural
markers. This filtering process eliminated approxi-
mately 1,410 memes, leaving us with 2,870 memes
with extractable, readable Bangla textual content
that were retained for further analysis.
Data Cleaning During the cleaning phase, we ap-
plied deduplication algorithms to eliminate redun-
dant instances of identical memes appearing across
multiple sources. We systematically removed ex-
traneous elements, including hyperlinks, URLs,
and hashtags embedded in the text, as these were
not central to the semantic analysis and could po-
tentially introduce noise. This preprocessing re-
moved an additional 870 duplicate entries and non-
essential textual elements, resulting in a final cu-
rated dataset of 2,000 clean, text-bearing memes
ready for annotation.
Data Annotation To annotate the BAN-
MIME dataset properly, we recruited three
native Bangla-speaking undergraduate annotators
with expertise in Bangla meme culture and
social media discourse for the annotation task.
Their prior experience with meme creation and
cultural context interpretation ensured high-quality
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Figure 2: BANMIME dataset development pipeline illustrating the four-stage process: Data Source collection from
social media platforms, Data Filtering to remove non-relevant content, Data Cleaning to eliminate duplicates and
extraneous elements, and Data Annotation & Validation resulting in the final dataset.

annotations that captured nuanced misogynistic
content. We provided comprehensive guidelines
with annotators for the annotation process. The
annotation guidelines are provided in the Appendix
Section A. The annotators were instructed to
complete their tasks within a 15-day period.

For annotating the misogyny memes, we con-
sider four misogyny labels namely Stereotype, Ob-
jectification, Shaming, and Violence inspired by the
work (Hakimov et al., 2022). Further, the annota-
tors were asked to annotate the humor type, misog-
yny intensity, metaphor localization, metaphor ob-
ject, and meme template. Each annotator indepen-
dently labeled memes across the four categories.
For classification tasks, we employed majority vot-
ing to determine final labels. We did a compensate
the annotators at 1 BDT per sample. After complet-
ing the meme classification and detection annota-
tion process, inspired from the work (Hwang and
Shwartz, 2023), we also annotate the explanation
of each meme. For completing the explanation an-
notation, we instructed annotators to write a short
but comprehensive explanation for the memes, doc-
umenting structured metaphor analyses according
to our standardized format. The explanation an-
notation guideline is detailed in Appendix Section
B.1. For this task of meme explanation, we divided
the 2,000 samples among annotators. Each meme
was annotated by one annotator and compensating
annotators at 2 BDT per sample. We provide the
data validation process and metrics in Appendix D.

4 BANMIME : Dataset Statistics

Meme Collection. The BANMIME dataset com-
prises 2,000 labeled Bangla memes collected from
three major platforms: Facebook (1,300), Insta-
gram (450), and Reddit (250). We implemented a
stratified sampling approach to partition the dataset
into training (1,500) and test (500) splits, preserv-
ing the distribution of categories across both sets.
The corpus exhibits linguistic diversity, with text

Source Distribution # Samples

Facebook 1300
Instagram 450
Reddit 250
Splits

- Train 1500
- Test 500
Text Statistics

Mean Character Length 91.91
Max Character Length 963
Min Character Length 6
Mean Word Count 15.44
Max Word Count 150
Min Word Count 3

Table 1: Statistical overview of BANMIME dataset
showing source distribution across platforms, training-
testing splits, and text characteristics demonstrating lin-
guistic diversity in Bangla memes.

length ranging from 6 to 963 characters and word
count varying from 3 to 150 words per meme. Ta-
ble 1 presents the comprehensive statistics of the
data set.
Misogyny Label & Intensity. Analysis of misogy-
nistic content distribution reveals distinct patterns
specific to Bangla meme culture, as illustrated in
Figure 3(a). Shaming and Stereotype constitute the
majority of instances, followed by Objectification
and Violence, which appears least frequently. This
distribution suggests that while explicit violent con-
tent is comparatively uncommon in this medium,
more subtle and culturally embedded forms of
misogyny predominate. The intensity analysis de-
picted in Figure 3(b) demonstrates that high and
moderate intensity content dominate the dataset.
Humor Categorization. Our analysis reveals dis-
tinct humor patterns across misogynistic content in
Bangla memes, as visualized in Figure 3(c). Mock-
ery and sarcasm constitute the vast majority of in-
stances, while ironic, satirical, and other forms
appear less frequently. The notable prevalence of
mockery and sarcasm suggests that Bangla misogy-
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Figure 3: a) and (b) show the misogynistic content distribution in the BANMIME dataset. (c) and (d) show discourse
analysis on humor and metaphore localization.

nistic memes predominantly employ direct ridicule
rather than more complex humor forms, potentially
amplifying their harmful impact.

Metaphor Analysis. Metaphorical expressions
emerge as key mechanisms for conveying misog-
yny in Bangla memes. As shown in Figure 3(d),
text-based metaphors predominate over multimodal
and image-based varieties, highlighting the central-
ity of linguistic elements while also demonstrat-
ing sophisticated text-image integration. Common
metaphor objects include bodies, character traits,
sexual objectification, and domestic abilities.

Meme Explanation Analysis. To enhance quali-
tative understanding, we annotated comprehensive
explanations for each meme. As shown in Table 2,
these explanations vary in length and complexity,
offering insights into cultural and linguistic mecha-
nisms present in Bangla memes. These annotations
document how specific cultural references, visual-
textual interactions, and linguistic elements func-
tion within this multimodal format. This explana-
tory layer strengthens the dataset’s utility for devel-
oping detection systems capable of understanding
contextual nuances in multimodal content.

More data analysis on the meta data and meme

Statistics Text

Mean Character Length 192.59
Max Character Length 725
Min Character Length 33
Mean Word Count 30.94
Max Word Count 120
Min Word Count 6

Table 2: Statistical analysis of meme explanations show-
ing character and word count distributions that reveal
cultural and linguistic mechanisms of misogynistic ex-
pression.

template analysis for our BANMIME dataset can
be found in Appendix E.

5 Experiment Design

To evaluate the understanding of visual metaphors
and their role in detecting misogyny in memes
on our BANMIME dataset, we select a diverse
set of multimodal VLMs. We classify our experi-
mentation designs into two categories: (i) Prompt-
based Experiments and (ii) LoRA Finetuning Ex-
periments.
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5.1 Prompt-Based Experiments

For this experiments, we consider Zero Shot
Prompting and Chain of Thought(CoT) prompt-
ing. In zero-shot setting the input is question text,
the meme text, and multiple options, while the out-
put is to predict the answer from the option set and
explain metaphor. In CoT The model was encour-
aged to think step by step( (e.g., identifying the
metaphor object, explain the metaphor, classify-
ing the misogyny category) before given the final
answer. Refer to Appendix H for detailed prompt.

We have experimented prompt based approaches
on pretrained VLMs LLaVA-1.5-7B (Liu et al.,
2024a), Llama-3.2-11B-V (Grattafiori et al., 2024),
LlaVA-NeXT-mistral-7b (Liu et al., 2024b), Phi-4-
multimodal (Microsoft et al., 2025), Phi-3.5-V (Ab-
din et al., 2024), Gemma-3-12B (Team et al., 2025),
and Qwen2.5-VL-7B- (Bai et al., 2025). In addi-
tion, we conduct evaluations using closed-source
large VLMs, including GPT-4o (GPT-4o-mini), and
Gemini (Gemini-2.0-Flash).

5.2 VLM LoRA Fine-Tuning

(Dehan et al., 2024) demonstrated that fine-tuning
LLMs, particularly TinyLLMs, can exhibit strong
performance in low-resource languages such as
Bangla. Building on this, we also extend our
experimentation to include LoRA fine-tuning for
open-source models. Most open-source VLMs
adopt a model architecture commonly referred to
as the vision_enc-adapter-LLM pipeline. We ap-
ply LoRA (Hu et al., 2022) finetuning on the LLM
part ϕLLM of the VLMs. We explore three distinct
fine-tuning approaches, all operating on the same
set of memes and instructions but differing in how
it has been supervised to response.

Augmented Direct Prompt Fine-Tuning. In this
approach, we enhance multiple-choice VQA train-
ing by permuting the position of the correct class la-
bel c∗ within a fixed label set C = {c1, c2, c3, c4}.
For each input triplet (I,Q, c∗), this results in four
augmented variants, increasing data diversity while
preserving the semantic meaning. Each sample,
consisting of the instruction prompt Inst, image I,
and class label set C, is fed to the model.

Standard LoRA Fine-Tuning. In the standard
setting, we input the instruction Inst, question Q,
image I, and the class label set C to the vision-
language model. The training objective is to iden-
tify the correct class label c∗ ∈ C.

Chain-of-Thought Fine-Tuning. We also explore
the CoT fine-tuning strategy to improve multi-
modal reasoning. In our context—detecting misog-
yny and identifying metaphors in memes—we
adapt CoT fine-tuning to guide vision-language
models through three key steps: (1) identifying
metaphorical elements, (2) explaining their se-
mantic roles, and (3) linking these interpretations
to the final misogyny classification. Our dataset
provides ground truth for both metaphor localiza-
tion (TLocalization) and explanatory reasoning (TExp).
Each training instance encourages the model to
“think aloud” using guided prompts along with ba-
sic task instructions.

The model is trained to generate intermediate
reasoning steps by identifying metaphorical clues
(TmetaClue → TLocalization), producing semantic ex-
planations (TmetaExp → TExp), and finally classify-
ing the meme as c∗. The overall training objective
is:

Ltotal = Lclass + Lclue
NTP + Lexp

NTP,

where LNTP represents next-token prediction
losses. Due to space constraints, we provide details
of the fine-tuning approaches in Appendix F.1, and
outline our experimental setup and implementation
specifics in Appendix F.2.

6 Result Analysis

The performance of different VLMs in classify-
ing misogyny and generating explanations on our
BANMIME dataset is reported in Table 3. Table 7
presents the VLMs’ performance in detecting hu-
mor types within the dataset, while Table 8 details
the performance in assessing misogyny intensity
and metaphor localization. In Table 9 we also ana-
lyze the performance of the models across Meme
Template.

Performance of Close Source Models For the
closed-source VLMs, both Gemini and GPT show
similar performance, with Gemini outperforming
GPT by over 7% in the LAVE score under a zero-
shot prompt. Interestingly, both models experience
a performance decline when using the CoT prompt.
Specifically, Gemini’s performance drops by 3%,
while GPT sees a larger decline of over 10%. Re-
garding explanation generation, Gemini’s perfor-
mance decreases by less than 1%, whereas GPT’s
drop exceeds 2%. The CoT prompting appears
to negatively impact both models’ performance in
this regard. Notably, Gemini demonstrates stronger

17830



Models Misogyny Classification Explanation

Sham Stereo Obj Vio Avg BScore LAVE Avg

Zero Shot Prompt

Closed Source VLMs
Gemini2.0 Flash 34.97 52.55 65.77 72.41 56.43 86.70 35.00 60.85
GPT-4o-mini 26.26 61.33 60.33 77.42 56.34 87.26 27.20 57.23

Open Source VLMs
Llama-3.2V 11B 12.31 18.12 42.50 16.13 22.27 82.82 0.35 41.59
Gemma-3-12B 52.02 22.67 48.76 67.74 47.80 83.54 8.00 45.77
Qwen2.5-VL 7B 22.73 41.33 57.02 35.48 39.14 78.60 0.60 39.60
Phi-3.5 23.23 67.33 25.62 6.45 30.66 82.30 0.23 41.27
Phi-4 49.49 28.86 20.83 16.13 28.83 81.63 0.20 40.92
LLaVA-1.5 7B 16.92 39.60 27.50 19.35 25.84 82.40 0.22 41.31
LLaVA-NeXT 7B 29.59 25.68 16.53 16.67 22.12 79.25 0.45 39.85

CoT Prompt

Closed Source VLMs
Gemini2.0 Flash 48.11 64.23 47.75 55.17 53.82 86.96 31.60 59.28
GPT-4o-mini 22.54 80.69 44.55 33.33 45.28 87.20 22.94 55.07

Open Source VLMs
Llama-3.2V 11B 11.68 35.33 16.67 3.33 16.75 83.53 1.73 42.63
Gemma-3-12B 75.25 11.33 38.02 41.94 41.64 84.49 7.36 45.93
Qwen2.5-VL 7B 24.24 61.74 28.3 3 16.13 32.61 84.56 5.13 44.85
Phi-4 10.71 59.46 14.17 2.45 22.09 84.41 1.29 42.85
LLaVA-1.5 7B 7.61 57.72 10.08 6.45 20.47 84.34 0.27 42.31
LLaVA-NeXT 7B 8.67 43.62 11.57 6.45 17.58 84.23 2.16 43.20

LoRA (CoT) Fine-Tuning

Llama-3.2V 11B 32.83 65.33 52.89 48.39 49.86 86.01 8.00 47.01
Gemma-3-12B 16.16 76.67 49.59 64.52 51.74 86.16 13.80 49.98
Qwen2.5-VL 7B 44.95 59.33 48.76 51.61 51.16 85.36 5.00 45.18
LLaVA-1.5 7B 24.62 48.33 52.98 54.26 45.05 85.19 4.80 44.20
Paligemma-2-10B 8.08 61.33 42.98 61.29 43.42 81.80 2.00 41.90

Table 3: The effect of different prompt techniques on the test split of the BANMIME dataset is reported in terms
of accuracy percentage. Here, Sham, Stereo, Obj, and Vio stand for Shaming, Stereotype, Objectification, and
Violence, respectively. Highest performance per category is colored in bold.

explanation capabilities, achieving the best LAVE
score 60.85% with a zero-shot prompt. The model
surpass the others in prompting experiments.

Performance of Open Source Models Among
the open-source models, Gemma-3 outperforms
the other VLMs. Qwen2.5 and Phi-3.5 show mod-
erate performance, while the others perform the
worst. Notably, except for Gemma-3, the LAVE
scores of the other open VLMs are below 1, in-
dicating their inability to provide meaningful rea-
soning. Interestingly, although the CoT prompting
causes a decline in model performance, it leads
to an improvement in the LAVE scores, particu-
larly for Qwen2.5. However, Phi-4 experiences
the most performance drop with CoT prompting.
For the open VLMs, while zero-shot prompting
yields better performance, the explanation quality
remains poor. In contrast, although CoT prompting
degrades performance, it enhances the quality of
the generated explanations.
To What Extent Does Fine-Tuning Improve

Performance? We assess the impact of LoRA-
based fine-tuning by comparing model perfor-
mance across Zero-Shot, CoT prompting, and fine-
tuned settings. Overall, fine-tuning consistently
improves classification accuracy across model fam-
ilies, including LLaVA, Phi, Qwen, Gemma, and
PaLI-Gemma. Notably, open models still trail
behind proprietary systems in absolute perfor-
mance. A detailed comparison with accuracy
trends and class-wise breakdowns is available in
Appendix G.1.

Comparison on Different Finetuning Strategies
As discussed in the section 5.2, we evaluate three
settings: Standard fine-tuning LoRAstd, finetune
with data augmentation LoRAaug, and Chain-of-
Thought supervised fine-tuning LoRACoT . In this
section we answer the hypothesis we arise in sec-
tion 5.2. The analysis reveals two central find-
ings: (1) data augmentation does not consistently
enhance performance, and (2) LoRACoT tends
to yield the most reliable gains across categories
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Figure 4: Model performance comparison using different evaluation methods and the effect of finetuning.

Models Misogyny categories

Shaming Stereotype Obj Violence Avg

Different Fine-Tuning Strategies

LLaMa-3.2V 11B
LoRAaug 0.5 99.3 0.0 3.2 25.9
LoRAstd 11.6 61.3 49.6 61.3 46.0
LoRACoT 32.8 65.3 52.9 48.4 49.9

Gemma-3 12B
LoRAaug 8.1 98.0 7.4 9.7 30.8
LoRAstd 10.1 70.7 49.6 48.4 44.7
LoRACoT 16.2 76.7 49.6 64.5 51.7

Qwen2.5-VL 7B
LoRAaug 49.0 58.7 5.8 22.6 34.0
LoRAstd 47.0 59.0 27.3 37.1 42.6
LoRACoT 45.0 59.3 48.8 51.6 51.2

LLaVa-1.5 7B
LoRAaug 13.1 84.0 0.0 3.2 25.1
LoRAstd 8.1 46.7 38.8 48.4 35.5
LoRACoT 24.6 48.3 53.0 54.3 45.1

Paligemma-2 10B
LoRAaug 38.9 18.0 24.8 16.1 24.4
LoRAstd 9.6 39.3 39.7 58.1 36.7
LoRACoT 8.1 61.3 43.0 61.3 43.4

Table 4: Model performance on different finetune setups:
LoRA-FT models are evaluated under different train-
ing setups. Here LoRACoT refers to chain of though
finetuning, LoRAaug = Finetune with augmentation,
LoRAstd = Standard finetuning with no augmentation.

and models. Detailed analysis is provided in Ap-
pendix G.2.
Metaphor Explanation Analysis We conduct a
qualitative analysis to assess how well our fine-
tuned model interprets metaphors in misogyny cat-
egorization tasks. The model shows promising rea-
soning abilities, often aligning with human annota-
tors, particularly due to CoT fine-tuning. Notably,
errors are frequently linked to misinterpretation of
metaphorical content. Detailed examples and addi-
tional discussion are provided in Appendix G.3.

Model Performance Across Misogyny Cate-
gories We observe highly skewed results across the
misogyny categories. Most open VLMs struggle

to accurately predict labels for Shaming and Vio-
lence memes. In the Shaming category, all models,
except Gemma-3 and Phi-4, perform below 35%
in zero-shot settings. However, CoT prompting
helps Gemma-3 and Gemini improve their perfor-
mance (a 33% improvement for Gemma-3 and 13%
for Gemini), while the performance of the other
models deteriorates. Fine-tuning improves the per-
formance of LLaMa, Qwen, and LLaVa in this
category. For Stereotype memes, GPT with CoT
achieves over 80% accuracy, while Gemma-3 with
CoT performs the worst. Overall, most models
perform better at detecting stereotype memes than
at detecting other categories. In the Objectifica-
tion category, Gemma-3 with CoT-FT delivers the
best result, achieving nearly 70% accuracy. GPT
with zero-shot performs well at detecting violence-
related memes, but the introduction of CoT leads to
a large performance drop across all models. Most
open-source VLMs, particularly Gemma-3, strug-
gle to detect violence memes. However, for most
models (except Gemma-3), fine-tuning results in
improved performance.

Model Performance on Humor Category Table 7
presents a comparative analysis of VLMs in detect-
ing five types of humor—Ironic, Mockery, Satirical,
Sarcastic, and Other. Closed-source models like
Gemini2.0 Flash and GPT-4o-mini typically outper-
form open-source models in humor detection, with
Gemini2.0 Flash leading the way in both Zero Shot
and CoT prompting. Among open-source models,
Gemma-3-12B stands out, particularly excelling
in Mockery and Satirical humor. The Chain of
Thought method enhances Gemini2.0 Flash’s per-
formance, while GPT-4o-mini sees a slight decline.
Fine-tuning with LoRA boosts the performance of
Gemma-3-12B and Qwen2.5-VL 7B, especially in
detecting Mockery and Sarcastic humor. However,
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models like LLaVA-1.5 7B and LLaVA-NeXT 7B
consistently perform poorly across all humor cat-
egories, showing limited improvement even with
fine-tuning. In general, Gemini2.0 Flash excels,
particularly in Ironic and Sarcastic humor, mak-
ing it the top performer across all categories. For
further details, refer to Appendix Section G.4.

Impact of Misogyny Intensity Table 8 summa-
rizes VLM performance on Misogyny Intensity
detection across Zero Shot, CoT, and LoRA (CoT)
Fine-Tuning. Gemini2.0 Flash consistently leads,
scoring 49.41 in Zero Shot and 53.66 with CoT.
GPT-4o-mini follows closely. Among open-source
models, Gemma-3-12B performs best, improving
from 33.78 (Zero Shot) to 45.24 (LoRA). Qwen2.5-
VL 7B also shows gains, while models like Llama-
3.2V and LLaVA variants lag behind.

Effect of Metaphor Localization In terms of
Metaphor Localization, Gemini2.0 Flash again
proves to be the leader across all prompting meth-
ods, with an average of 50.07 in Zero Shot and
54.11 in CoT. Gemma-3-12B is strong in Zero Shot
(avg: 37.57) and shows further improvement un-
der CoT (avg: 40.46), although it still trails be-
hind Gemini2.0 Flash. LoRA Fine-Tuning brings
noticeable improvements for Gemma-3-12B and
Qwen2.5-VL 7B, with average scores of 49.36 and
38.83, respectively. However, Llama-3.2V 11B
still struggles in this task, with a low average of
26.91. Overall, Gemini2.0 Flash remains the top
performer across both tasks, while Gemma-3-12B
benefits most from fine-tuning. For a more detailed
explanation, can be found Appendix Section G.5.

Influence of Meme Template. The Table 9 com-
pares the performance of VLMs across meme tem-
plates. Gemini2.0 Flash consistently outperforms
all models across prompting methods, particularly
excelling in Doge and Troll Face, achieving high
average scores, especially in Chain of Thought
prompting. GPT-4o-mini also shows strong perfor-
mance, particularly in Wojak and Doge, with high
averages across all settings. Open-source models
such as Llama-3.2V 11B and Gemma-3-12B per-
form reasonably well, with Llama-3.2V 11B show-
ing the strongest results among them, especially
for Doge and Troll Face. Fine-tuning via LoRA
enhances performance, with Llama-3.2V 11B and
Paligemma-2-10B achieving notable improvements
in categories like Doge. Overall, closed-source
models outperform open-source models, but fine-

tuning helps close the gap for several open-source
VLMs. More details can be found in Appendix
Section G.6.

7 Conclusion

We present BANMIME , the first culturally
grounded dataset for misogyny detection and ex-
planation in Bangla memes, enriched with fine-
grained annotations and detailed metaphor-based
reasoning. Our extensive experiments reveal that
current VLMs including advanced closed-source
VLMs like GPT and Gemini—struggle to inter-
pret complex multimodal cues, especially those
involving metaphor. These models often fail to gen-
erate coherent explanations and fall significantly
short of accurate prediction. We envision our work
will drive the development of culturally-aware mul-
timodal systems for Bangla content moderation
and foster improved reasoning abilities in vision-
language models for underrepresented languages.

Limitations

A primary limitation of our study is the rela-
tively small dataset size ( 2,000 samples), con-
strained by the need for high-quality, culturally
informed human annotations—particularly for nu-
anced tasks like metaphor explanation and misog-
yny categorization. Given the complexity of
code-mixed Bangla-English memes and the visual-
textual reasoning required, annotation was both
time-consuming and resource-intensive. While our
fine-tuned models show strong performance, the
limited scale may impact generalizability. Future
work should explore scalable annotation strategies,
such as active learning or semi-automated pipelines,
to expand the dataset without compromising qual-
ity.

Ethical Statement

We excluded any memes containing explicit nu-
dity to maintain ethical content standards. No per-
sonal information was collected from annotators,
and no personally identifiable information (PII)
is included in the dataset. We conducted a thor-
ough review of the data to identify and mitigate
potential biases. While our models are designed
with fairness in mind, we acknowledge that bi-
ases—particularly in subjective tasks like abusive
content detection—can be difficult to eliminate en-
tirely. Labeling such content can be inherently
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subjective, and although we aimed for objectiv-
ity, some unintended biases may exist. Nonethe-
less, our dataset exhibits strong annotation qual-
ity, supported by high inter-annotator agreement.
All datasets and models will be publicly released
(where permissible) to ensure transparency and re-
producibility, with full credit to original sources.
We emphasize that any biases in our data are un-
intentional, and we have no intent to harm any
individual or group. Further evaluation may be
necessary to assess and address any residual model
bias in downstream applications.
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(a) Stereotype (b) Objectification

(c) Shaming (d) Violence

Figure 5: Examples of the four types of misogynistic content in the BANMIME dataset, showing representative
instances of Stereotype, Objectification, Shaming, and Violence with their corresponding metadata annotations.

violence against women. Figure 5 illustrates ex-
amples of memes representing each of these four
categories, along with their complete metadata an-
notations including misogyny label, humor type,
metaphor localization, textual content, meme ex-
planation, and misogynistic intensity. The design
of annotation guidelines is inspired by BanglaTLit
paper (Fahim et al., 2024).

A.1 General Instructions

The annotation process followed these core princi-
ples:

• Multimodal Analysis: Annotators analyzed
both image and text components, considering
their semantic interrelationship and cultural
context.

• Mutually Exclusive Classification: Each
meme was assigned exactly one of the four
primary categories based on its predominant
misogynistic characteristics.

• Comprehensive Metadata: Annotators pro-
vided all required metadata alongside the pri-
mary label for multidimensional analysis.

• Annotation Consistency: Definitions were
applied uniformly across the dataset to ensure
reliability and reproducibility.

• Cultural Relevance: Bangla-specific cultural
nuances and expressions were carefully con-
sidered during interpretation.

A.2 Primary Categories and Definitions
We developed a taxonomy comprising four distinct
categories of misogynistic content adapted to re-
flect Bangla cultural contexts.

• Stereotype
Definition: Content that attributes gener-
alized and oversimplified characteristics to
women, reinforcing traditional gender roles
and limiting perceptions of women’s abilities
and behaviors.
Indicators:

– Portraying women as primarily inter-
ested in shopping/makeup

– Depicting women as emotional, irra-
tional, or intellectually inferior

– Suggesting women are naturally suited
only for domestic roles
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– Attributing universal traits to all women

• Objectification
Definition: Content that treats women as ob-
jects devoid of agency, focusing solely on
their physical appearance or sexual attributes,
thereby reducing their personhood.
Indicators:

– Reducing women to body parts
– Comparing women to consumable items
– Depicting women as decoration or aes-

thetic objects
– Treating women as interchangeable or

collectible

• Shaming
Definition: Content that criticizes or mocks
women for behaviors or characteristics that
deviate from societal norms, often targeting
aspects like sexuality, appearance, or lifestyle
choices.
Indicators:

– Mocking women’s appearance
– Criticizing women’s clothing/fashion

choices
– Ridiculing women’s career or education

choices
– Shaming women for perceived promiscu-

ity or prudishness

• Violence
Definition: Content that promotes, normal-
izes, or makes light of physical, sexual, or
psychological harm directed at women, in-
cluding threats, coercion, or dehumanizing
language.
Indicators:

– Jokes about domestic abuse
– Normalizing sexual harassment or as-

sault
– Threatening language toward women
– Dehumanizing depictions of women

B Metadata Annotation Schema

To enable multidimensional analysis of misogy-
nistic content, annotators provided the following
structured metadata for each meme:

• Misogynistic Intensity
A three-point scale measuring severity:

– High: Explicit, severe, and unambigu-
ous misogyny

– Moderate: Clear but less extreme misog-
ynistic content

– Low: Subtle or implicit misogynistic el-
ements

• Humor Type
Categorization of rhetorical mechanisms:

– Mockery: Ridiculing or belittling
women misogyny

– Sarcastic: Using irony to convey con-
tempt

– Ironic: Expressing meaning opposite to
the literal meaning

– Satirical: Using humor to criticize as-
pects of society

– other: Humor types not covered by the
categories above

• Metaphor Localization
Location of metaphorical content:

– Text: Metaphor present in the textual
content

– Image: Metaphor conveyed through vi-
sual elements

– Both: Metaphor is expressed in both text
and imagery

• Metaphor Object
Our analysis identified numerous metaphor-
ical targets, with varying frequencies
across the dataset. The most common
metaphor objects include women’s body,
marriage/relationship, women’s character,
sexual objectification, women’s intelligence,
presidency, makeup, money, pregnancy,
cooking ability, and sexual performance,
among others.

• Meme Template
Classification of formal structure:

– Non-Templated Memes: Original
meme without standard templates

– Established Templates: Including Troll
Face, Wojak, Rage Comic, Soyjak, Doge,
and others
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B.1 Meme Explanation Annotation
For the meme explanation annotation phase, anno-
tators were instructed to write the explanation of
each meme using a standardized format: Metaphor
object + Metaphor location + Explanation. For
example, in a meme containing luxury car refer-
ences, the annotation might read: "Metaphor: Text,
Metaphor Object: BMW, Meme Explanation: In
the text, BMW, a popular and expensive car, men-
tioned in the text of the meme metaphorically in-
dicates that a beautiful woman is a financial trap."
This structured documentation approach enabled
systematic analysis of how metaphors function
within misogynistic discourse in Bangla memes, re-
vealing patterns in the symbolic associations used
to reinforce stereotypes, objectification, shaming,
and violence against women.

C Annotation Tool

We developed a custom web-based annotation plat-
form to facilitate systematic and consistent annota-
tion of misogynistic memes in Bangla. Figure 7 il-
lustrates the user interface, which incorporates sev-
eral key components designed for efficient multi-
class annotation:

• Authentication and Configuration: The left
sidebar provides secure authentication, dataset
parameter configuration, and annotation ini-
tialization. Access controls ensure that only
authorized annotators can submit classifica-
tions.

• Image Display Module: The central panel
presents memes at their original resolution,
allowing annotators to examine both visual
and textual elements in their native context.

• Classification Interface: A structured drop-
down menu enforces the mutually exclusive
nature of our annotation scheme, requiring
annotators to select exactly one of the four
predefined categories.

• Contextual Documentation: A dedicated
text area allows annotators to document rel-
evant observations and metaphor explana-
tions according to the standardized format de-
scribed in the guidelines.

• Progress Management: Intuitive naviga-
tion controls facilitate seamless movement be-
tween samples, with persistent progress track-
ing and automatic state saving.

• Structured Data Export: The platform sup-
ports JSON export for annotations, enabling
seamless integration with validation processes
and analytical pipelines.

D Data Validation

Data Validation for Meme Identification. Inter-
annotator reliability for the primary classification
task was assessed using Cohen’s kappa coefficients,
as presented in Table 5. The results demonstrate
substantial agreement across all misogyny cate-
gories. Notably, while prior research in content
moderation reported κ scores of approximately
0.53, indicating moderate agreement (Islam et al.,
2021), our refined annotation guidelines and an-
notator selection criteria yielded higher agreement
scores. These robust agreement metrics across mul-
tiple evaluation methods affirm the clarity of our
taxonomy and the effectiveness of our annotation
protocol. The rigorous annotation methodology
ensures that the BANMIME dataset establishes a
reliable foundation for computational analysis of
misogynistic discourse in Bangla memes.

Category Kappa(κ)

Stereotype 0.76
Objectification 0.69
Shaming 0.71
Violence 0.78
Average 0.74

Table 5: Inter-annotator agreement for misogyny cate-
gories measured by Cohen’s Kappa, with average score
of 0.74 demonstrating substantial cross-category anno-
tation reliability.

Data Validation for Meme Explanation. To eval-
uate the quality and consistency of meme explana-
tions, we randomly selected a subset of 200 sam-
ples for independent analysis by each annotator.
The similarity between these annotator-generated
explanations was assessed using multiple auto-
mated metrics. The explanations exhibited ex-
ceptional consistency, with high ROUGE scores
(ROUGE-1(F1): 86.72%, ROUGE-2(F1): 52.14%,
ROUGE-L(F1): 85.96%) demonstrating substan-
tial agreement in both content structure and cov-
erage. Complementary evaluation using BLEU
(74.33%), BERT similarity (95.87%), and ME-
TEOR (82.51%) metrics further confirmed strong
semantic coherence and lexical alignment across
the annotators’ interpretations, validating the relia-
bility of our explanation annotation approach.
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(a) Misogyny Intensity (b) Metaphor Localization

(c) Humor Type (d) Meme Template

Figure 6: Cross-categorical analysis of metadata distributions in the BANMIME dataset: (a) Misogyny Intensity
showing prevalence of high intensity content in violence categories; (b) Metaphor Localization patterns revealing
predominance of text-based metaphors across all categories; (c) Humor Type distribution highlighting mockery as
the primary vehicle for misogynistic content; and (d) Meme Template analysis demonstrating the overwhelming
predominance of non-templated, locally-generated content across all misogyny types.

E Metadata Distribution Analysis Across
Misogyny Categories

Meme Template Analysis.

Statistics #Samples

Non-Templated Memes 1636
Troll Face 99
Wojak 47
Rage Comic 23
Soyjak 17
Doge 15
Other 163

Table 6: Meme template analysis shows non-templated
content (81.8%) substantially outnumbers established
templates (18.2%), indicating locally-generated content
prevalence in Bangla misogynistic memes.

The distribution of meme templates presented in

Table 6 reveals a notable pattern: non-templated
memes substantially outnumber established tem-
plates. Among the established templates, Troll
Face appears most frequently, followed by Wojak,
Rage Comic, Soyjak, and Doge, with various other
templates completing the distribution. This pre-
dominance of non-templated content represents a
departure from global meme culture, suggesting
that Bangla misogynistic meme creation is less in-
fluenced by international formats and more deeply
rooted in locally generated content.

Meta Data Statistics To better understand how
linguistic and visual elements interact within dif-
ferent types of misogynistic content, we present
cross-categorical analyses of key metadata dimen-
sions from the BANMIME dataset. These visualiza-
tions reveal distinctive patterns in how misogyny
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Figure 7: Interface of the web-based annotation tool developed for the BANMIME dataset, showing the configuration
interface, annotation workspace, and meme display with classification options.

manifests across stereotype, objectification, sham-
ing, and violence categories. Figure 6(a) presents
the distribution of misogyny intensity levels (high,
moderate, low) within each misogyny category.
Violence exhibits the highest proportion of high-
intensity instances (72.5%), while stereotype con-
tent shows a more even distribution with greater
representation of low intensity (33.6%). This vi-
sualization quantifies the varying severity patterns
characteristic of each misogyny type. Figure 6(b)
illustrates metaphor localization patterns (text, im-
age, both) across the four misogyny categories.
Text-based metaphors predominate across all cate-
gories (46.9%-56.0%), though with notable varia-
tions. Stereotype content shows the highest propor-
tion of combined text-image metaphors (25.6%),
highlighting how stereotypical content often re-
quires multimodal interpretation. Figure 6(c) vi-
sualizes humor type distribution (ironic, mockery,
sarcastic, satirical, other) across categories, reveal-
ing that violence-themed content employs more
ironic humor (20.2%) compared to other categories,
while mockery remains the consistent primary ve-
hicle across stereotype (40.5%) and objectifica-
tion (39.1%) categories. Figure 6(d) demonstrates
meme template usage patterns across misogyny cat-
egories, with the consistency of non-templated con-
tent (77.2%-85.3%) revealing a notable departure
from global meme culture and suggesting greater
reliance on locally generated content across all
forms of misogynistic expression. These cross-
categorical metadata distributions provide essential

insights for developing more nuanced detection
mechanisms capable of identifying the specific pat-
terns associated with different manifestations of
misogyny in Bangla memes.

F Experiment Design Details

F.1 Finetuning Approaches

Augmentation Strategy: Consider a data sample
represented as (I,Q,M), where I is the image, Q
is the associated question, and M is the correct
answer selected from a set of class labels.

In our approach, we provide the Vision-
Language Models (VLMs) with the question
Q, image I, and the set of class labels C =
{c1, c2, c3, c4}, where c1, c2, c3, c4 represent the
four possible options for the given question. The
correct label c∗ is one of the elements in C.

To enhance the dataset and mitigate the scarcity
of multiple-choice data, we perform augmentation
by shuffling the position of the correct label c∗

within the class label set C. This generates four
distinct permutations of the class label set, resulting
in four new question-answer pairs for each original
sample. Each augmented pair corresponds to a
different arrangement of the class labels with the
correct answer c∗ placed in various positions.

For instance, consider a sample (I,Q,M) where
the original class label set is C = {c1, c2, c3, c4}
and the correct label is c∗ = c1. We have four
labels for misogyny identifications. The augmented
question-answer pairs generated from this are:
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1. Sample 1: Question Q with class labels C =
{c1, c2, c3, c4}, answer: c1

2. Sample 2: Question Q with class labels C =
{c2, c1, c3, c4}, answer: c1

3. Sample 3: Question Q with class labels C =
{c3, c2, c1, c4}, answer: c1

4. Sample 4: Question Q with class labels C =
{c4, c2, c3, c1}, answer: c1

This process is repeated for every question-
answer pair in the dataset. Each question-answer
pair generates four distinct versions after augmen-
tation, as the correct label c∗ is shuffled into dif-
ferent positions within the class label set C. If the
dataset initially contains N samples, after apply-
ing this augmentation strategy, the total number of
augmented samples will be 4N , where N is the
number of original samples and 4 represents the
four distinct permutations per sample.
Chain-of-Thought (CoT) Fine-Tuning for Struc-
tured Reasoning: Chain-of-thought (CoT) reason-
ing refers to a structured paradigm wherein mod-
els generate intermediate steps or rationales that
bridge the gap between input stimuli and the fi-
nal prediction (Wei et al., 2023). In the context
of multimodal question answering, previous work
has demonstrated that including CoT demonstra-
tions—either in the form of pre-answer rationales
or post-answer explanations—can significantly im-
prove the model’s ability to decompose complex
reasoning tasks into simpler, interpretable sub-
problems (Liu et al., 2023) (Lu et al., 2022).

We extend this paradigm to our multimodal
meme understanding task, which involves detecting
misogynistic content and identifying metaphorical
usage. Each data sample is defined as (I,Q,C, c∗),
where I is the meme image, Q is a question about
the meme, C = {c1, c2, c3, c4} is the set of candi-
date labels, and c∗ ∈ C is the correct class label.

In addition to the classification objective, our
dataset includes ground-truth metaphor localiza-
tion TLocalization and explanation annotations TExp,
which provide richer supervision signals. To this
end, we adapt CoT fine-tuning to guide the model
through a structured reasoning process comprising:

1. Identifying metaphorical clues in the image-
text meme TmetaClue,

2. Generating a textual explanation of their
meaning TmetaExp,

3. Predicting the correct misogyny category c∗ ∈
C.

Each training instance is framed as a sequence
generation task where the model is prompted to
"think aloud." Given an instruction prompt Inst,
the model generates:

Model Output: TmetaClue → TLocalization,

TmetaExp → TExp,

followed by c∗.

The training objective combines classification
loss with next-token prediction losses:

Ltotal = Lclass(c
∗, ĉ)

+ LNTP(TmetaClue, TLocalization)

+ LNTP(TmetaExp, TExp),

where ĉ is the model’s predicted label, Lclass is the
classification loss, and LNTP denotes the next-token
prediction loss for the reasoning components. The
hyperparameters λ1 and λ2 control the trade-off
between classification and reasoning supervision.

We hypothesize that incorporating such struc-
tured CoT supervision enables the model to bet-
ter interpret metaphorical and culturally nuanced
content, ultimately improving its performance on
complex multimodal reasoning tasks.

F.2 Experimental Setup

Evaluation Metrics: For the multi-class misogyny
detection task applied to both our prompt-based
and fine-tuned models we report per-class ac-
curacy on each of the four labels (Stereotype,
Objectification, Shaming, and Violence) to ensure
that performance is tracked individually for all
categories. To assess the quality of the generated
explanations (i.e., metaphor localization and
interpretation), we adopt BERTScore (Zhang et al.,
2019) and the LAVE (Mañas et al., 2024) metric.

Implementation Details: We fine-tuned all mod-
els using a single NVIDIA A100-SXM4-80GB
GPU. Low-Rank Adaptation (LoRA) (Hu et al.,
2022) was adopted with configuration parameters:
α and r = 64, a dropout rate of 0.05, a learn-
ing rate of 2e−4 and batch size 32. Each model
was trained for 4 epochs. We employed LLaMA-
Factory (Zheng et al., 2024) for LoRA fine-tuning
and VLLM (Kwon et al., 2023) for inference.
For reproducibility, we used greedy decoding with
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temperature = 0 and no sampling during evalua-
tion. For the other hyperparameters, we followed
(Fahim, 2023) configurations.

G Additional Experimental Results

G.1 Fine-Tuning vs. Prompt-Based
Performance

Figure 4 illustrates the comparative accuracy
(%) of various models across three evalua-
tion paradigms—Zero-Shot, CoT prompting, and
LoRA-based Fine-Tuning (LoRA-FT)—on the task
of misogyny category classification. In this setup,
we treat the prompt-based results (Zero-Shot and
CoT) as baselines to assess the impact of task-
specific fine-tuning.

Across all model families evaluated—LLaVA,
LLaMA, Qwen, Gemma, and PaLI-Gemma—fine-
tuned models consistently outperform their prompt-
based counterparts. Notably, Qwen 2.5 VL exhibits
a substantial improvement, achieving 51.16% ac-
curacy after fine-tuning (LoRA-FT), up from its
best prompt-based performance of 39.14% in the
Zero-Shot setting. Similarly, Gemma-3, which
shows strong performance across all configurations,
benefits from fine-tuning, reaching 51.74% accu-
racy compared to 47.80% (Zero-Shot) and 41.64%
(CoT), emerging as the top-performing model over-
all.

Comparable trends are also observed for LLaVA,
LLaMA, and PaLI-Gemma, all of which demon-
strate clear performance gains after fine-tuning.
While fine-tuning boosts performance over prompt-
based approaches, open models still lag behind
proprietary closed-source systems in overall accu-
racy.

G.2 Detailed Analysis of Fine-Tuning
Strategies

Limited Gains from Augmented Fine-Tuning:
Contrary to expectations, incorporating augmented
samples during fine-tuning LoRAaug does not lead
to systematic improvements. For example, from the
table 4 we can see for LLaMa-3.2, the average per-
formance drops significantly in the LoRAaug set-
ting (25.94%) compared to the LoRAstd (45.96%).
This pattern is consistent across other models such
as Gemma-3 (30.80% vs. 44.69%) and LLaVa-1.5
(25.09% vs. 35.50%), indicating that naïve aug-
mentation strategies may introduce noise or distract
the model from core discriminative features.
Effectiveness of Chain-of-Thought Supervised

Fine-Tuning: In contrast, figure 4 clearly visualize
fine-tuning models using LoRACoT leads to notice-
able improvements over both baseline strategies.
For instance, Gemma-3 achieves an average accu-
racy of 51.74% under LoRACoT —surpassing both
its LoRAstd (44.69%) and LoRAaug (30.80%)
settings. Similar trends are observed with
Qwen2.5-VL (51.16% with LoRACoT vs. 42.59%
LoRAstd), and LLaMa-3.2, which jumps from
45.96% LoRAstd to 49.86% LoRACoT . The
class-wise breakdown further supports the ben-
efits of CoT supervision. For example, LLaVa-
1.5 shows significant gains in the Objectification
(52.98%) and Violence (54.26%) categories un-
der LoRACoT , outperforming both LoRAstd and
LoRAaug. These observations underscore the
value of reasoning-augmented supervision: by
training on rationales, models likely learn to in-
ternalize intermediate steps and contextual cues
that enhance classification robustness—especially
in cases involving subtle or overlapping definitions
of misogyny.

While CoT fine-tuning improves overall ac-
curacy and reasoning quality, models still ex-
hibit notable confusion between closely related
categories—particularly Shaming, Objectification,
and Stereotype. A detailed quantitative analy-
sis of these misclassifications is provided in Ap-
pendix G.3.

G.3 Case Studies and Error Analysis
Qualitative Analysis on Metaphor Explanation:
Figure 8 shows several examples in which our CoT-
fine-tuned models correctly classify the misogyny
category while also generating accurate and con-
textually grounded metaphor explanations. The
responses from finetune models such as Gemma-3
and Qwen-2.5 closely align with the gold annota-
tions. We can observe that these models success-
fully identify problematic content categorized as
Stereotype, Objectification, and Violence in memes
and images. The models demonstrate sophisticated
reasoning by recognizing metaphorical clues (such
as the red pill/blue pill analogy), identifying de-
humanizing comparisons, and detecting oversim-
plified gender portrayals. For instance, Gemma-3
correctly interprets the cultural reference to "The
Matrix" movie, understanding how the red pill/blue
pill dichotomy is being repurposed to create a harm-
ful contrast between different expressions of fem-
inism. Paligemma-2 exhibits spatial reasoning by
noting how visual elements (covered vs. revealed
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Ground Truth Explanation: The meme uses the Red Pill/Blue Pill metaphor to
contrast different expressions of feminism, implying that a Hijabi/Niqabi
feminist is less authentic.
Label: Stereotype

Gemma-3: The image uses the metaphor of the red pill and blue pill from the
movie "The Matrix," where choosing the red pill leads to harsh reality and the
blue pill to blissful ignorance. In this context, the "red pill" is associated with a
"feminist" who is visible, while the "blue pill" is linked to a "Hijabi/Niqabi
Feminist" who is metaphorically hidden or operating under a "mask." This
suggests a negative view of feminists who wear hijab or niqab, implying they are
disingenuous or hiding their true beliefs, while those who are more visible are
seen favorably. The answer is Stereotype

Paligemma-2: The meme presents two pills, one labeled "Feminist" and the other labeled "Hijabi/Niqabi Feminist". The "Feminist"
pill is associated with a hand revealing it publicly, while the "Hijabi/Niqabi Feminist" pill is associated with a hand covering a face,
implying that this type of feminism is more private or hidden compared to feminism. The answer Stereotype

Ground Truth Explanation: The image shows a cup designed in the shape of a woman's breast,
playing on the sexualized nature of the shape to create a crude objectification of the female body.
Label: Objectification

LLaVA-1.5: The meme holds a double meaning. The image shows a woman holding a coffee mug with
exaggerated breasts, while the text makes a sexual innuendo. This reduces the woman to her body
parts and sexualizes her by implying something Ironic. The answer is Objectification

Ground Truth Explanation: The meme uses the Joker's dialogue to dismiss the significance of
the Shahbag movement and those involved, including women, by comparing their lives to that of a
monkey, dehumanizing and belittling their concerns.
Label: Violence

LLaMA-3.2: The text poses a scenario where the Joker claims he will kill 100 people and 1 monkey.
The interrogator asks why the monkey. The Joker responds by saying no one cares about 100
Shahbagis, implying that the monkey is a symbol of something insignificant compared to human life..
The answer is violence

Ground Truth Explanation: The top panel depicts a Dog with feminine features labeled
"Feminist" and text saying, "If there is income, no need for a husband." The bottom
panel shows a cloaked figure with a sword labeled "Muslimah" and text saying, "If there
is a husband, no need for income." This sarcastically contrasts two perceived
stereotypes: the independent feminist who rejects marriage for financial autonomy, and
the traditional Muslim woman who relies on her husband for income, potentially mocking
both groups with oversimplified and arguably negative portrayals
Label: Stereotype

Qwen-2.5: The meme sarcastically contrasts the ideas of feminists and Muslims regarding
relationships and work. It suggests that feminists want to work but don't want a husband,
while Muslim women want a husband but don't want to work. The meme uses these perceptions
to mock both groups. The answer is Stereotype.

Figure 8: A qualitative assessment of metaphor explanation generation quality from various finetune models. Given
the core instruction to identify the misogyny category with provided options model learns to generate metaphorical
explanation before predict the misogyny type. Detailed and accurate parts are emphasized in colored and bold letter.
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Ground Truth Explanation: In the meme, foot on neck and touching the sky
metaphorically indicate sexual act from different prespective of boy and girl
Label: Shaming

LLaMA-3.2: The meme shows a man irritated by a woman singing along to the
radio. The woman is portrayed as annoying and unwanted, like a fungus growing
on a foot, with her presence making the man uncomfortable. The answer is
Objectification.

LLaVA-1.5: In the meme, cassette used as metaphor for cherishing moment by
the couple which indirectly insult women. The answer is Objectification

Ground Truth Explanation: In the meme, tiktok is used metaphorically for
which coach should be changed
Label: Shaming

Qwen-2.5: The meme sarcastically implies that the coach's permit is being
revoked because he allows the team to use TikTok, suggesting that TikTok usage
is detrimental to their performance or-export. The answer is Shaming.

Ground Truth Explanation: The meme mocks women who advocate for sexual freedom
in one country but expect conservatism in another, using the slap as a metaphor for
silencing perceived hypocrisy
Label: Shaming

Pali-Gemma-2: The meme mocks the idea of playing favorites among friends, creating a
sarcastic and relatable scenario. The answer is Shaming

Ground Truth Explanation: The meme uses the wolf to mock feminists and Shahbagis,
portraying them as unclean and undesirable, promoting a derogatory and dismissive view
of these groups.
Label: Shaming

Gemma-3: The meme uses the image of a bear to suggest that feminists and Shahbagis are
so attracted to women that they are a source of constant temptation, implying a negative
view of these groups.. The answer is Objectification.

Figure 9: Model Failures in Metaphorical Interpretation of Misogyny detection. Examples illustrating how finetuned
models misinterpret metaphors, hallucinate non-existent elements, and generate plausible but incorrect explanations
even when occasionally classifying correctly. The red colored is used to highlight the mistakes it made.
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hands) reinforce stereotypical implications about
different feminist identities. In the case of Objectifi-
cation, LLaVA-1.5 demonstrates an understanding
of how everyday objects can be designed to sexual-
ize female anatomy, recognizing the breast-shaped
cup as reducing women to body parts. When an-
alyzing Violence, LLaMA-3.2 correctly identifies
the dehumanizing rhetoric that compares human
lives (Shahbagis) to animals, understanding how
this linguistic device diminishes the value of human
life and normalizes violence. Similarly, Qwen-2.5
shows awareness of cultural stereotypes by identify-
ing the oversimplified binary portrayal of feminist
and muslim women, recognizing how the meme
uses sarcasm to reinforce harmful generalizations
about both groups’ values regarding work and re-
lationships. Their explanations reveal multi-step
analytical processes, first describing the visual and
textual elements, then interpreting the implicit mes-
sages, and finally connecting these interpretations
to the appropriate misogyny categories. This sug-
gests that CoT-based fine-tuning—when grounded
in high-quality, richly annotated data—is highly
effective in improving both the interpret ability and
reasoning ability of vision-language models in so-
cially sensitive tasks such as misogyny detection.

In contrast, misinterpretation of metaphor of-
ten results in incorrect classifications. Figure 9
presents several failure cases in which the models
demonstrate significant limitations by misclassify-
ing harmful categories and constructing incorrect
explanations, even when occasionally arriving at
the right label. Key errors include: completely
misinterpreting sexual metaphors (such as "foot on
neck"), inventing non-existent elements in the im-
ages, replacing actual visual components with fabri-
cated ones (e.g., substituting bears for wolves), and
creating entirely fictional scenarios unrelated to the
actual content. Even when models correctly iden-
tify the harmful category, their explanations often
fail to capture the intended metaphorical meaning
or cultural context, revealing a disconnect between
classification accuracy and genuine understand-
ing. These failures highlight critical weaknesses
in the models’ ability to consistently interpret im-
plicit meanings, recognize culturally-specific ref-
erences, and reliably distinguish between different
categories of harmful content.
Quantitative Error Analysis: Category Confu-
sion in Misogyny Classification Figure 10 shows
that across all models, a consistent pattern emerges
where the categories of Shaming and Objectifica-

tion are frequently confused with each other and
with Stereotype. This classification confusion re-
veals significant challenges in distinguishing be-
tween different forms of misogynistic content. For
example in the Gemma-3 model, only 16.16% of
Shaming instances are correctly classified 95 out of
198 Shaming instances are misclassified as Stereo-
type 56 out of 198 Shaming instances are misclas-
sified. As Objectification for the Objectification
class, while 49.59% of instances are correctly iden-
tified 51 out of 121 Objectification instances are
wrongly labeled as Stereotype. This is the consis-
tent pattern we can see from all the models. The
pattern clearly indicates that the Shaming class
is consistently misclassified, especially as Stereo-
type and Objectification, suggesting that models
struggle to distinguish between Shaming and other
misogyny categories. Hence, this remains an open
question: what underlying conceptual overlaps ex-
ist between these misogyny categories, and how
might we develop more nuanced taxonomies and
training approaches to help models better differen-
tiate among them?

G.4 Performance of VLMs on Humor Type
Table 7 shows the performance of various VLMs
in detecting five types of humor: Ironic, Mockery,
Satirical, Sarcastic, and Other across three prompt-
ing methods: Zero Shot, CoT, and LoRA (CoT)
Fine-Tuning. Closed Source VLMs like Gemini2.0
Flash and GPT-4o-mini generally perform better
than open-source models across humor types. Gem-
ini2.0 Flash consistently excels, with an average
score of 47.15 in Zero Shot and 50.78 in CoT. GPT-
4o-mini performs slightly worse, especially under
CoT (avg: 42.70). Among open-source models,
Gemma-3-12B leads with an average of 47.34 in
Zero Shot, outperforming others like Qwen2.5-VL
7B (avg: 45.45) and Llama-3.2V 11B (avg: 29.01).

Performance by humor type shows that Gem-
ini2.0 Flash excels at detecting Ironic, Mock-
ery, and Sarcastic humor, while Gemma-3-12B is
strong in Mockery and Satirical humor. Qwen2.5-
VL 7B stands out in the Other humor category with
a notably high score of 70.11 in Zero Shot. On
the other hand, LLaVA-1.5 7B and LLaVA-NeXT
7B consistently score low across all humor types,
especially in categories like Satirical and Sarcastic
humor.

When comparing the prompting techniques,
Zero Shot results show Gemini2.0 Flash and
Gemma-3-12B as top performers, while LLaVA
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Figure 10: Confusion matrices for all finetuned models showing category-wise classification performance on the
misogyny detection task. Rows represent the true labels and columns the predicted labels. Frequent confusion is
observed between shaming and objectification.

models perform poorly. With Chain of Thought
(CoT) prompting, Gemini2.0 Flash shows improve-
ment, while GPT-4o-mini experiences a slight de-
cline. In LoRA Fine-Tuning, Gemma-3-12B and
Qwen2.5-VL 7B see a performance boost, par-
ticularly in Mockery and Sarcastic humor, while
LLaVA-1.5 7B shows minimal improvement.

Overall, Gemini2.0 Flash remains a standout
model, especially in Ironic and Sarcastic humor
detection, while LLaVA models show consistent
weaknesses.

G.5 Misogyny Intensity and Metaphor
Localization Results

Table 8 presents the performance of different
VLMs in detecting Misogyny Intensity (high, mod-
erate, low) and Metaphor Localization (text, im-
age, both) across three prompting techniques: Zero
Shot, Chain of Thought (CoT), and LoRA (CoT)
Fine-Tuning.

In Zero Shot Prompting, Gemini2.0 Flash
emerges as a strong performer in both Misogyny

Intensity (avg: 49.41) and Metaphor Localization
(avg: 50.07), consistently outperforming GPT-4o-
mini (avg: 47.82 and 48.08, respectively). Among
open-source VLMs, Gemma-3-12B demonstrates
solid performance with an average of 33.78 for
Misogyny Intensity and 37.57 for Metaphor Local-
ization. Other models like Llama-3.2V 11B and
LLaVA models score significantly lower, especially
in Metaphor Localization where they lag behind,
with LLaVA-NeXT 7B scoring the lowest in both
categories (avg: 17.19 for Misogyny Intensity and
20.04 for Metaphor Localization).

Under Chain of Thought (CoT) prompting, Gem-
ini2.0 Flash again leads with an average of 53.66
for Misogyny Intensity and 54.11 for Metaphor Lo-
calization, showing a noticeable improvement over
its Zero Shot performance. GPT-4o-mini maintains
consistent results with a slight increase in Misog-
yny Intensity (avg: 47.40) and a small decline in
Metaphor Localization (avg: 48.06). Among open-
source models, Gemma-3-12B continues to show
strength in Metaphor Localization (avg: 40.46) but
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Models Humor Types

Ironic Mockery Satirical Sarcastic Other Avg

Zero Shot Prompt

Closed Source VLMs
Gemini2.0 Flash 44.07 51.37 51.72 51.76 36.84 47.15
GPT-4o-mini 51.61 50.25 50.00 46.56 30.00 45.68

Open Source VLMs
Llama-3.2V 11B 22.35 30.12 32.68 29.47 30.83 29.01
Gemma-3-12B 45.27 52.13 50.94 45.76 42.58 47.34
Qwen2.5-VL 7B 50.62 40.18 25.37 40.95 70.11 45.45
Phi-3.5 38.03 35.64 18.92 34.87 30.09 31.51
Phi-4 36.41 34.08 15.73 33.21 30.64 30.01
LLaVA-1.5 7B 35.78 32.29 17.85 28.46 12.57 25.40
LLaVA-NeXT 7B 28.12 27.64 15.31 27.88 25.39 24.87

Chain of Thought (CoT) Prompt

Gemini2.0 Flash 49.15 51.63 55.17 57.89 36.84 50.78
GPT-4o-mini 47.37 51.91 35.71 45.18 33.33 42.70

Open Source VLMs
Llama-3.2V 11B 16.67 23.94 27.27 23.19 25.00 23.22
Gemma-3-12B 36.67 46.46 42.86 33.33 30.00 37.66
Qwen2.5-VL 7B 40.00 32.08 17.65 33.64 62.50 37.57
Phi-4 26.67 28.67 8.33 27.92 25.00 23.52
LLaVA-1.5 7B 26.19 26.53 9.52 20.28 6.67 17.84
LLaVA-NeXT 7B 21.43 20.77 10.34 20.69 20.00 18.85

LoRA (CoT) Fine-Tuning

Llama-3.2V 11B 35.29 41.67 43.10 39.72 38.24 39.01
Gemma-3-12B 48.78 53.33 51.28 47.50 44.44 49.07
Qwen2.5-VL 7B 47.94 44.23 37.50 42.86 68.18 48.76
LLaVA-1.5 7B 41.18 38.10 29.17 33.33 20.00 32.75
Paligemma-2-10B 45.01 49.12 42.34 43.71 38.18 43.07

Table 7: Performance of different VLMs in detecting various Humor Types under Zero Shot, Chain of Thought
(CoT) prompting, and LoRA fine-tuning.

lags behind in Misogyny Intensity (avg: 39.60).
Qwen2.5-VL 7B also performs reasonably well
in Misogyny Intensity (avg: 34.09) and Metaphor
Localization (avg: 30.91).

In LoRA Fine-Tuning, Gemma-3-12B continues
to outperform most other models, achieving an av-
erage of 45.24 for Misogyny Intensity and 49.36 for
Metaphor Localization, indicating that fine-tuning
improves its performance. Similarly, Qwen2.5-VL
7B shows notable improvements (avg: 40.37 and
38.83, respectively). Llama-3.2V 11B, while show-
ing a slight improvement in Misogyny Intensity
(avg: 28.53), does not perform as well in Metaphor
Localization (avg: 26.91). LLaVA-1.5 7B and
Paligemma-2-10B also show improvements, with
Paligemma-2-10B being the top performer among
fine-tuned models (avg: 46.28 for Misogyny Inten-
sity and 48.34 for Metaphor Localization).

Overall, Gemini2.0 Flash consistently excels

across all categories and prompting methods, while
Gemma-3-12B shows the most improvement un-
der fine-tuning, especially in Metaphor Localiza-
tion. The LLaVA models struggle, particularly in
Metaphor Localization, highlighting a clear perfor-
mance gap between closed-source and open-source
models.

G.6 Meme Template based Result Analysis

Table 9 compares the performance of different
VLMs on meme template classification, assess-
ing results across Zero Shot, Chain of Thought
(CoT), and LoRA (CoT) Fine-Tuning. The models
are evaluated on various meme templates such as
Non-Templated, Troll Face, Wojak, Rage Comic,
Soyjak, Doge, Other, and their overall average.

Under Zero Shot Prompting, Gemini2.0 Flash
shows strong results, particularly with Doge (96.02)
and Troll Face (63.64), but its average score
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Models Misogyny Intensity Metaphor Localization

High Moderate Low Avg Text Image Both Avg

Zero Shot Prompt

Closed Source VLMs
Gemini2.0 Flash 53.93 45.33 49.58 49.41 52.05 55.91 43.24 50.07
GPT-4o-mini 53.33 45.31 43.83 47.82 47.70 50.00 47.80 48.08

Open Source VLMs
Llama-3.2V 11B 22.35 20.12 13.68 18.05 21.47 20.83 15.24 19.34
Gemma-3-12B 36.27 34.13 30.94 33.78 31.76 44.58 36.38 37.57
Qwen2.5-VL 7B 27.62 30.18 34.37 30.39 34.95 32.11 23.41 30.82
Phi-3.5 18.03 23.64 30.92 24.53 25.87 30.09 21.04 25.75
Phi-4 17.41 22.08 28.73 22.07 23.21 28.64 18.61 24.92
LLaVA-1.5 7B 19.78 18.29 22.85 20.64 18.46 22.17 14.57 18.73
LLaVA-NeXT 7B 17.12 17.64 19.31 18.02 15.88 18.39 17.09 17.19

Chain of Thought (CoT) Prompt

Closed Source VLMs
Gemini2.0 Flash 54.97 48.34 56.67 53.66 52.27 55.91 53.02 54.11
GPT-4o-mini 49.17 44.97 47.06 47.40 46.15 56.32 43.26 48.06

Open Source VLMs
Llama-3.2V 11B 27.63 23.08 15.56 22.42 27.71 22.50 16.00 20.73
Gemma-3-12B 40.45 42.86 34.48 39.60 34.82 50.00 41.56 40.46
Qwen2.5-VL 7B 30.19 33.33 38.75 34.09 37.12 36.54 26.97 30.91
Phi-4 20.83 27.64 35.71 28.06 28.42 34.62 19.01 24.92
LLaVA-1.5 7B 21.52 20.83 25.56 22.64 22.99 27.16 17.70 22.57
LLaVA-NeXT 7B 19.70 20.27 20.69 20.22 18.92 23.08 20.13 20.04

LoRA (CoT) Fine-Tuning

Llama-3.2V 11B 32.81 29.04 22.73 28.53 31.13 29.18 21.45 26.91
Gemma-3-12B 46.93 48.21 40.57 45.24 42.59 56.25 48.92 49.36
Qwen2.5-VL 7B 36.84 39.37 43.89 40.37 42.16 41.24 33.09 38.83
LLaVA-1.5 7B 27.78 26.12 30.77 28.56 29.67 33.45 23.19 28.31
Paligemma-2-10B 45.51 46.73 47.61 46.28 45.92 52.42 45.67 48.34

Table 8: Performance of various VLMs across Misogyny Intensity and Metaphor Localization Categories under
Zero Shot and Chain of Thought prompting, and LoRA fine-tuning.

is 44.69, which lags behind GPT-4o-mini (avg:
50.23). The open-source VLMs show relatively
lower performance across the board. For instance,
Gemma-3-12B achieves the highest average among
the open-source models at 41.96, with reason-
able performance in Troll Face (39.39) and Other
(40.10). Llama-3.2V 11B performs slightly better
than others with an average of 38.11, with Doge
(94.23) being its standout.

In Chain of Thought (CoT) prompting, Gem-
ini2.0 Flash again leads with an average of 47.51,
with notable improvement in Non-Templated
(54.92) and Doge (95.00). GPT-4o-mini also shows
a solid performance with an average of 45.87, espe-
cially excelling in Wojak (50.00) and Doge (95.05).
Among open-source models, Llama-3.2V 11B per-
forms lower than the closed-source models, with
an average of 30.48. Gemma-3-12B and Qwen2.5-

VL 7B achieve comparable averages of 36.98 and
34.79, respectively, with Gemma showing decent
performance in Soyjak (10.22).

Under LoRA (CoT) Fine-Tuning, the models
show mixed results. Llama-3.2V 11B reaches an
average of 34.83, with strong performance in Doge
(96.34). Gemma-3-12B maintains consistent per-
formance with an average of 36.88, especially in
Troll Face (37.45) and Other (44.36). Qwen2.5-
VL 7B shows a slightly lower average of 34.83
but does well in Doge (82.47) and Other (42.71).
LLaVA-1.5 7B, while performing decently in Doge
(97.12), achieves a lower average of 33.57, with no-
table underperformance in Non-Templated (22.28).
Paligemma-2-10B, a strong performer across cate-
gories, achieves an average of 38.53, excelling in
Doge (89.88).

Gemini2.0 Flash consistently outperforms all
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Models Meme Template

Non-Templated Troll Face Wojak Rage Comic Soyjak Doge Other Avg

Zero Shot Prompt

Closed Source VLMs
Gemini2.0 Flash 50.13 63.64 33.33 10.35 33.33 96.02 48.65 44.69
GPT-4o-mini 48.57 50.00 40.00 33.33 75.00 95.00 41.03 50.23

Open Source VLMs
Llama-3.2V 11B 30.45 41.67 18.20 15.45 38.89 94.23 22.76 38.11
Gemma-3-12B 42.17 39.39 31.11 30.55 15.56 84.90 40.10 41.96
Qwen2.5-VL 7B 36.88 36.36 20.00 27.78 19.75 82.12 38.65 36.88
Phi-3.5 32.12 34.00 23.08 20.00 22.22 84.78 35.33 31.54
Phi-4 28.55 38.89 25.64 18.12 21.67 86.42 37.50 33.71
LLaVA-1.5 7B 25.75 31.11 35.00 17.35 27.78 95.88 31.02 34.38
LLaVA-NeXT 7B 23.60 20.00 37.04 14.78 30.00 89.33 28.89 31.04

Chain of Thought (CoT) Prompt

Closed Source VLMs
Gemini2.0 Flash 54.92 45.45 22.22 33.33 33.33 95.0 50.00 47.51
GPT-4o-mini 47.59 45.00 50.00 30.35 25.00 95.05 47.22 45.87

Open Source VLMs
Llama-3.2V 11B 23.36 33.33 10.22 12.33 50.00 95.67 13.64 30.48
Gemma-3-12B 40.11 36.36 28.57 33.33 10.22 80.23 43.48 36.98
Qwen2.5-VL 7B 34.06 33.33 12.20 33.33 15.30 80.85 41.67 34.79
Phi-4 24.92 42.11 28.57 10.25 15.71 81.86 40.62 34.68
LLaVA-1.5 7B 21.15 26.67 40.00 11.20 25.00 96.20 28.57 32.87
LLaVA-NeXT 7B 19.79 10.00 44.44 11.36 33.33 87.50 25.00 30.53

LoRA (CoT) Fine-Tuning

Llama-3.2V 11B 24.90 34.66 10.53 12.95 51.50 96.34 14.05 34.83
Gemma-3-12B 41.31 37.45 29.43 34.33 10.53 81.84 44.36 36.88
Qwen2.5-VL 7B 35.75 34.33 12.67 34.33 15.80 82.47 42.71 34.83
LLaVA-1.5 7B 22.28 27.47 41.20 11.64 25.75 97.12 29.42 33.57
Paligemma-2-10B 40.12 38.51 30.13 30.10 28.90 89.88 42.20 38.53

Table 9: Performance of various VLMs on meme templates under Zero Shot, Chain of Thought prompting, and
LoRA fine-tuning.

models in Zero Shot and Chain of Thought prompt-
ing, with GPT-4o-mini closely following. Llama-
3.2V 11B and Gemma-3-12B show solid perfor-
mances in various meme templates, but open-
source VLMs generally lag behind the closed-
source models in terms of average scores. Fine-
tuning with LoRA improves the performance
of most models, with Llama-3.2V 11B and
Paligemma-2-10B being the most notable models
in the fine-tuned setting.
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H Used Prompts in the Paper

Prompt Used for LAVE Evaluation

Prompt for LAVE evaluation

You are an expert cultural anthropologist tasked with evaluating the correctness of candidate answers for
cultural visual question-answering.
Given an image as context, a question, and reference answer by an expert, and a candidate answer by a
model, please rate the candidate answer’s correctness.
Use a scale of 0-1, where 0 indicates an incorrect, irrelevant, or imprecise answer, and 1 indicates a correct,
precise answer according to the reference.
You have to provide the rationale for your rating and then provide a rating in a specific ’*rating:* X’ format,
where X is either 0 or 1.

ZeroShot Prompt.

ZeroShot Prompt for Misogyny Detection

You are an expert at detecting misogynistic content in Bangla memes (containing both
image and text, including text written in Latin script/English letters). Your task is to
classify memes into one of four categories of misogyny: Stereotype, Objectification,
Shaming, or Violence, and provide a very brief explanation.

Chain-of-Thought Prompt.

CoT Prompt for Misogyny Detection

You are an expert in analyzing Bangla memes for misogynistic content. Think through each
step carefully before answering.
Step 1: Briefly describe what you see in the image (scene, characters, actions).
Step 2: Transcribe and interpret the text, including any Bangla-English code-mixing or slang.
Step 3: Note any cultural references that influence the meme’s meaning.
Step 4: Identify the humor type:
– Mockery (ridicule),
– Sarcasm (opposite of what is meant),
– Irony (contrast between expectation and reality),
– Satire (criticism via humor),
– Other (specify).
Step 5: Check for metaphor—if present, explain where (image/text) and its meaning.
Step 6: Select the most relevant misogyny category:
– Stereotype: Content that attributes generalized characteristics to women, reinforcing tradi-
tional gender roles.
– Objectification: Content that treats women as objects devoid of agency, focusing solely on
their physical appearance.
– Shaming: Content that criticizes, mocks, or ridicules women for their appearance, behaviors,
choices, sexuality, or for not conforming to gender norms.
– Violence: Content that promotes, normalizes, or makes light of physical, sexual, or emotional
violence against women.
Step 7: Write a 1–2 sentence explanation of the misogynistic content.
Step 8: Present the final answer in this format:
CLASSIFICATION: [Category]
MEME EXPLANATION: [Explanation from Step 7]"""
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