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Abstract

There is a rapid increase in the use of multimedia content
in current social media platforms. One of the highly popular
forms of such multimedia content are memes. While memes
have been primarily invented to promote funny and buoyant
discussions, malevolent users exploit memes to target individ-
uals or vulnerable communities, making it imperative to iden-
tify and address such instances of hateful memes. Thus social
media platforms are in dire need for active moderation of such
harmful content. While manual moderation is extremely diffi-
cult due to the scale of such content, automatic moderation is
challenged by the need of good quality annotated data to train
hate meme detection algorithms. This makes a perfect pre-
text for exploring the power of modern day vision language
models (VLMs) that have exhibited outstanding performance
across various tasks. In this paper we study the effectiveness
of VLMs in handling intricate tasks such as hate meme detec-
tion in a completely zero-shot setting so that there is no depen-
dency on annotated data for the task. We perform thorough
prompt engineering and query state-of-the-art VLMs using
various prompt types to detect hateful/harmful memes. We
further interpret the misclassification cases using a novel su-
perpixel based occlusion method. Finally we show that these
misclassifications can be neatly arranged into a typology of
error classes the knowledge of which should enable the de-
sign of better safety guardrails in future. Code and other rele-
vant sources are available online.
Warning: Contains potentially offensive content.

CODE — https://github.com/hate-alert/HateVLMs

Introduction
Several large vision language models (VLMs) have recently
become available to the public (Kheiri and Karimi 2023;
Lan et al. 2023). A pertinent question is how VLMs perform
precisely in the context of hate meme detection (Plaza-del
arco, Nozza, and Hovy 2023; Van and Wu 2023) and partic-
ularly in a zero-shot setting. The urgency for such systems
stem from the exponential growth in multi-modal content on
social media platforms and companies like Meta releasing
statements of using LLMs/VLMs for content moderation1.

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1https://about.fb.com/news/2025/01/meta-more-speech-fewer-
mistakes/

This choice is justified since while manual moderation is
nearly impossible, traditional machine learning models can
also be not extensively trained for automatic moderation due
to the severe lack of labeled hateful memes datasets that are
diverse in terms of language, target groups and social set-
ting. This gap in research underscores the need to explore
and evaluate the effectiveness of zero-shot VLMs for iden-
tifying and mitigating the spread of such content in memes.
Note that the zero-shot setting is important here since curat-
ing labeled hateful meme datasets that are socially, culturally
and target-wise diverse is extremely difficult.
In this paper, for the first time, we systematically em-
ploy various prompt strategies and input instructions
to assess the ‘power’ of well-known VLMs, including
IDEFICS (Laurençon et al. 2023), LLAVA-1.5 (Liu et al.
2023), INSTRUCTBLIP (Dai et al. 2023) and GPT-4O (Ope-
nAI 2024) in detecting hateful memes in a fully zero-shot
setting. Our work is motivated by the recent literature on
zero-shot evaluation of LLMs (Plaza-del arco, Nozza, and
Hovy 2023; Roy et al. 2023; Saha et al. 2024). Not only there
is an extreme shortage of quality datasets for hateful meme
detection but also as we shall show, many memes (due to
their implicit nature and nuanced presentation) routinely get
incorrectly annotated by humans across benchmark datasets.
Thus to make these models usable for moderation in online
platforms, it is important to understand their zero-shot ca-
pabilities carefully gauging the risks they pose on unseen
data so that necessary fixes can be implemented in future.
Consequently, our main goal here is to perform interpretabil-
ity analysis to understand the vulnerabilities faced by these
models in a completely zero-shot setup. While fine-tuning
the model might improve the results it might also limit the
generalizability of the model to the type of data it is being
finetuned on. Further, fine-tuning with incorrectly annotated
data might result in more harm than good.
We evaluate the outputs of these models for four well-known
datasets covering hateful, misogynistic, and harmful memes
in English and two datasets covering hateful, and offensive
memes in Bengali and HINGLISH2 language respectively.
The central contributions of this paper are as follows.
(i) Systematic evaluation of classification capability of

2Hinglish is a blend of Hindi and English, where speakers mix
words, phrases, or sentences from both languages in conversation.
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VLMs: We systematically study the effect of prompt strate-
gies that we use to query these models to understand their
strengths and vulnerabilities. In total we investigate as many
as 48 prompts (8 prompt variations across 6 datasets) for
each model. This is unlike what is typically done in a ma-
jority of studies where the model is queried using one or
two prompt variants at most thus limiting the true potential
of prompt engineering. Our prompts can be broadly catego-
rized into the following types based on the input and output
patterns: input variants can comprise (a) vanilla input, (b)
input along with the definition of what is hateful/misogynis-
tic/harmful/offensive, (c) input along with OCR3 text, (d) in-
put along with definition and OCR text; output variants can
be (a) vanilla output, (b) output along with an explanation.
We observe that prompt variants that are most successful in
eliciting correct responses vary across models and datasets;
nevertheless, in many of the cases OCR text alone or OCR
text with definition works well.
(ii) Interpretation of misclassified results: In order to un-
derstand the reasons for the misclassifications done by a
model we present a novel superpixel based occlusion strat-
egy to occlude different parts of an originally mispredicted
meme. We note if these occlusions result in a change in the
model prediction. If they indeed do, then one can conclude
that the occluded parts play an important role in the deci-
sion making process of the model. This approach allows us
to interpret the failure cases of the model and pinpoints to
the regions of the memes that plays a key role in confus-
ing the model predictions. Interestingly, we also find evi-
dences of cases where the ground-truth annotations might
themselves have been wrong, per our judgement, as opposed
to the model predictions.
(iii) Typology of misclassifications: The final question that
we ask in the paper is whether one can systematically organ-
ise the misclassifications of the model so that constructive
suggestions could be brewed from them to re-engineer the
safety guardrails of the VLMs. To this purpose, we cluster
the misclassified memes using multi-modal topic modeling
thereby inducing a typology of error patterns. Interestingly,
this typology seems to highly align with the different kinds
of superpixel based interpretations that we obtain. This ty-
pology can be thought of as the ‘Achilles heel’ of a VLM
against which it needs to be safeguarded in future.
Overall, our study has a far larger scope than the standard
objective of identifying the best all-purpose VLMs. It strives
to rather choose the best prompt variant across different
models using a thorough and principled prompt engineer-
ing approach. Further it lays a foundation to identify in-
terpretable typological categories of hateful memes that the
VLMs are most vulnerable to. These induced topics can be
used for actionable evaluation (Vilar et al. 2006) to im-
prove the performance of VLMs by implementing safety
guardrails without fine-tuning the models repeatedly which
typically comes with a huge compute cost. We outline the
summary and flow of the paper in Figure 1.

3OCR - Optical Character Recognition: In memes, this tool
is used to extract the embedded textual content. In our work, we
use the OCR extracted text already present in the datasets.

Related Works
Hate meme detection: A growing body of research in recent
years focused on hate meme detection (Gomez et al. 2020;
Kirk et al. 2021; Shang et al. 2021). Several datasets and
models have been developed, encompassing various dimen-
sions, including hateful content detection (Kiela et al. 2020),
misogyny detection (Fersini et al. 2022), cyberbullying de-
tection (Maity et al. 2022), harmful meme detection (Pra-
manick et al. 2021a,b), and many more (Chandra et al. 2021;
Lin et al. 2024) including other languages (Das and Mukher-
jee 2023; Hossain et al. 2024; Kumari et al. 2024).
Vision language models: IDEFICS (Laurençon et al.
2023), LLAVA-1.5 (Liu et al. 2023), INSTRUCTBLIP (Dai
et al. 2023), Flamingo (Alayrac et al. 2022), and GPT-
4O (OpenAI 2024) are popular vision language models
widely used for tasks like sentiment analysis (Kheiri and
Karimi 2023), question answering (Lan et al. 2023), and
hate meme detection (Van and Wu 2023). However, explor-
ing hate meme detection using VLMs is limited (Van and
Wu 2023; Lin et al. 2024), particularly in the context of dif-
ferent prompt scenarios, different model setups & languages
and thorough interpretation of results.
Interpretability: With the advent of deep learning, sev-
eral efforts are made to explain the working of the model’s
predictions (Selvaraju et al. 2017; Gyevnar, Ferguson, and
Schafer 2023; Ribeiro, Singh, and Guestrin 2016; Lund-
berg and Lee 2017). Recently, there have also been efforts
to evaluate vision-language multimodal systems (Zhao et al.
2022). However, memes are a special type of image where
the actual context is inherently decided by the combination
of image and the embedded text within the meme. There
are a handful of works present on understanding memes
as well (Deshpande and Mani 2021; Hee, Lee, and Chong
2022; Hee, Chong, and Lee 2023). However none of these
works present the study of important regions in the meme
that lead to model’s prediction with respect to an input
prompt given to the VLMs. More importantly, to the best of
our knowledge, there are no works presently that can inter-
pret the predictions of closed source VLMs like GPT-4O. In
this work, we propose a novel model agnostic superpixel
based approach to effectively understand the important re-
gions in the meme leading to model’s prediction correspond-
ing to an input prompt.

Datasets and Metrics
Datasets: This section introduces the six datasets we have
utilized to explore the performance of Vision-Language
Models (VLMs). These datasets cover four types of memes:
hate, misogyny, harmful, or offensive content spanning three
languages: English, Bengali & HINGLISH. (see Table 1 for
details).
(1) Facebook hateful memes (FHM): The FHM dataset in-
troduced by Facebook AI (Kiela et al. 2020) is a collection of
memes designed to help researchers develop tools for identi-
fying and removing hateful content online. The dataset con-
tains more than 10K memes labeled hateful and not-hateful,
covering various targets, including race, ethnicity, religion,
gender, sexual orientation, and disability. We use a random
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 - 6 models x 6 datasets x 8 prompt variants
 - dimensions covered: hate, misogyny, harm, &
offense.
 - languages covered: English, Bengali & Hinglish.

stage: 1
zero shot evaluation

 - quantitative results and observations
 - leaderboard: generalizability of models across
different languages and dimensions of toxicity.
 - stability: mean & standard deviation based
analysis of model stability across prompt variants.

stage: 2
actionable evaluation: model agnostic interpretability & typology induction

 - select: best performing open source model & GPT-4o with their best prompt variant
from leaderboard.
 - segregate misclassified samples: misclassified to (i) positive label (ii) negative label.

model agnostic interpretability
 - slic super pixels: generate occluded
samples using SLIC algorithm.
 - re-prompt: prompt the model on the
occluded samples again.
- case study: study the change in
prediction based on 4 cases -
      CASE 1: originally misclassified to
positive label; atleast one occluded
sample corrected the result.
      CASE 2: originally misclassified to
positive label; no occluded sample
corrected the result.
      CASE 3: originally misclassified to
negative label; atleast one occluded
sample corrected the result.
      CASE 4: originally misclassified to
negative label; no occluded sample
corrected the result.

 - observation:
rigidness of models
towards perturbation.
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n - distribution: bifurcate the
annotated classes over the four
cases.

 - automation: BERTopic to
automate typology induction.
 - topic identification:
distribution of topics across
misclassified samples.

- clusters: neat cluster
induction as a quick way of
audit.

 example
SLIC algorithm

based
occlusions.

 - note: white
patches represent
occluded regions.

misclassified
sample

Figure 1: PIPELINE: A concise summary and flow of the evaluation and analysis carried out in this work.

Dataset Label distribution Total

FHM
Hateful 250

500
Not hateful 250

MAMI
Misogynous 500

1000
Not misogynous 500

HARM-P
Harmful 173

355
Not harmful 182

HARM-C
Harmful 124

354
Not harmful 230

BHM
Hateful 266

711
Not hateful 445

HINGLISH
Offensive 250

500
Not offensive 250

Table 1: DATASETS: Label distribution for each dataset.

sample of 500 memes4 in order to test the VLMs in the zero-
shot setting.
(2) Multimedia automatic misogyny identification
(MAMI): The MAMI (Fersini et al. 2022) dataset was
created and shared as part of SemEval-2022 Task 5. Unlike
the FHM dataset, the MAMI dataset focuses on identifying
misogyny in online memes. The dataset contains 11K
memes, of which 1K memes are in the test set, and we
conduct all our experiments considering only the test
set. Each meme has a binary label – misogynous or not
misogynous – which we use for our experiments.
(3) Harmful memes: ‘Harmful’ is a more general term com-
pared to ‘offensive’ and ‘hateful’. While an offensive or
hateful meme is harmful, not all harmful memes are nec-
essarily hateful or offensive. We utilize the HARM-P (Pra-

4Note that for this dataset the test set was removed by the au-
thors after the competition; therefore we used the dev split.

manick et al. 2021b) (related to US politics) and HARM-
C (Pramanick et al. 2021a) (related to COVID-19) datasets
for our experiments. Both datasets contain more than 3.5K
memes. For our study, we only consider the test sets. The
original labels of both datasets have three classification la-
bels: not harmful, somewhat harmful, and very harmful. To
maintain consistency with our binary classification experi-
ments, we have merged somewhat harmful and very harmful
into a single category labeled as harmful.
(4) Bangla hateful memes: The BHM dataset was pro-
posed in a recent work by (Hossain et al. 2024) and contains
over 7K memes in Bengali language. These memes are la-
belled as hateful or not-hateful and are specifically prevalent
among Bengali speakers in India & Bangladesh, covering a
variety of discussion topics. We use the test split with 711
memes for our experiments.
(5) HINGLISH offensive memes: HINGLISH is a language
commonly spoken within Indian subcontinent and is a mix
of Hindi with English. A recent work by (Kumari et al. 2024)
introduced a dataset in HINGLISH which contains offen-
sive or not-offensive memes. Although the paper mentions
around 7k samples, just over 2k memes have been made
public5. We reached out to the authors of the paper for the
complete dataset but without any success. The memes sur-
round the activities which are prevalent within Indian sub-
continent. Since the full dataset has not been made public,
we randomly sample 250 memes from each of the offensive
and not offensive classes.
Metrics: As we perform binary classification tasks, we mea-
sure the models’ performance using accuracy, and macro-
F1 score as metrics.

5https://github.com/Gitanjali1801/CM MEMES
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Models
We ran our experiments on a total of six different models.
IDEFICS: IDEFICS (Laurençon et al. 2023) which
closely follows the architecture of Flamingo, is trained on
open source datasets like OBELICS and LAION. It com-
bines two frozen uni-modal backbones which are, LLAMA
as the language model and OPENCLIP as the vision encoder.
We used instruction fine-tuned IDEFICS 9B model with the
checkpoint HuggingFaceM4/idefics-9b-instruct for our ex-
periments.
LLAVA-1.5: LLAVA-1.5 (Liu et al. 2023) is an enhanced
version of LLAVA. LLAVA combines LLAMA/Vicuna as
the language model and CLIP as the vision encoder. Com-
pared to LLAVA, LLAVA-1.5 has enhanced capabilities
due to the addition of an MLP vision-language connector
and integration of academic task-oriented data. We have
used two different LLAVA-1.5 models with 7B and 13B
parameters. The checkpoints of these models are llava-
hf/llava-1.5-7b-hf and llava-hf/llava-1.5-13b-hf.
INSTRUCTBLIP: INSTRUCTBLIP (Dai et al. 2023) is an
instruction fine-tuned model that uses the same architec-
ture as BLIP-2 with a small but significant difference. It
uses frozen Flan-T5/Vicuna as the language model and a
vision transformer as the image encoder. Extending BLIP-
2, INSTRUCTBLIP proposes an instruction-aware Q-Former
module. As additional inputs, the model takes instruction
text tokens which interacts with the query embeddings via
the self-attention layer of the Q-Former. We have used
two different INSTRUCTBLIP models with Vicuna 7B and
Flan-T5-xl as backbone language models. The checkpoints
of these models are Salesforce/instructblip-vicuna-7b and
Salesforce/instructblip-flan-t5-xl respectively.
GPT-4O: GPT-4O (OpenAI 2024) (‘o’- omni) is a
model released by OpenAI that takes input an arbitrary com-
bination of image or text and generates textual output. Com-
pared to previous OpenAI models, GPT-4O is compara-
tively better at vision understanding. In our work, this is the
only closed source model which we have considered apart
from the five open source models. We used the Azure-AI
APIs to infer GPT-4O from their documentation to run our
experiments6 and for our case, we used a combination of
single image with text as input to remain consistent with the
zero-shot setup.
BASELINES: Our work focuses on the evaluation of zero-
shot capability of VLMs. To have a fair comparison with a
very recent prior work presented in (Cao et al. 2023), we
consider two different baselines: (i) complete zero-shot as-
sessment, and (ii) fine-tuned only on FHM (a very diverse
dataset) for two epochs (instead of ten; to be very near to
the zero-shot setup) and evaluation across all six datasets.
These setups not only allow for fair evaluation, but also help
in assessing the generalization capability, which is often ig-
nored. Two samples (one negative and one positive) are also
provided with the test sample in the prompt, as noted in the
mentioned paper; hence we present results as mean and stan-
dard deviation across three different seeds for each setup.

6https://learn.microsoft.com/en-us/azure/ai-services/openai/

Prompts
This section presents the array of prompt variants employed
in our work. A concise summary of representative examples
for the prompt variants is provided in Appendix, while de-
tailed information for each variant is discussed below.
Input patterns: We run our experiments on four different
input patterns, which are as follows.
Vanilla input: Following (Roy et al. 2023), we use a
prompt template to instruct the model to classify the given
meme into a label from a predefined list of labels.
However, in our scenario, the list of labels is only
restricted to binary labels. In addition, we supply two
example outputs (one label per line for positive and
negative samples) to assist the models in generating ap-
propriate answers. In our case, ‘positive’ denotes content
deemed hateful, misogynistic, harmful, or offensive based
on the dataset passed to the model.
(+) Definition input: For vanilla prompts, we assumed that
VLMs are to some extent aware of the labels for classi-
fying the input image. Here, we take a step further and
add the definition of labels as an additional context
to the VLMs. Our intuition was similar to (Roy et al.
2023), i.e., the definition can help the VLMs under-
stand the classification tasks better. We picked and added
one line of definition from the corresponding dataset
for all list of labels (positive and negative in our
case). We provide definitions of the labels for each dataset
in Appendix.
(+) OCR input: In a meme, multi-modality, i.e., embedded
text and image play very crucial role in classification, simi-
lar to the works (Pramanick et al. 2021a; Das and Mukher-
jee 2023). We therefore add ocr extracted text in the
vanilla prompt. Our intuition was that the models would fur-
ther be better in understanding the contexts with this ad-
dition and would be more successful in classifying the in-
put meme as per the list of labels. We provide the
ocr extracted text enclosed within three back-ticks
for the model to distinguish it from other texts in the prompt.
(+) Definition & OCR input: Here, we combine both
definition and ocr extracted text with vanilla
prompt and pass it as input prompt for our experiment. We
use all intuitions discussed above in previous prompt vari-
ants and assume that this prompt would provide the models
with deeper contexts for the classification task. Moreover, in
this setup the order of the prompt text is the definition
followed by the ocr extracted text.
Output patterns: We run our experiment on two different
output patterns which are noted below.
Vanilla output: In this case, we prompt the model to
generate as output only the correct class label from the
list of labels corresponding to different datasets as
mentioned in Table 1.
(+) Explanation output: Adding to the above case of vanilla
output, we prompt the model to further explain the rationale
(within 30 words) based on which it made a prediction.
Thus we run a total of eight prompts for each dataset and
for each model setup by running four input patterns × two
output patterns.
The definition of hate speech, the explanation as to why a
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post is hateful, and the OCR text (often indicating the victim
community) are a hate meme’s three most important com-
ponents. We believe that prompts should at least include in-
formation about these components, as has also been noted
in (Roy et al. 2023). We agree that there can be other vari-
ants but at meta level the above three units should always be
considered while framing a prompt for hate meme detection.

Experimental Setup
For all the models, we use a batch size of 1. We manu-
ally tune the temperature values and set them to 1.0 for the
IDEFICS, LLAVA-1.5 7B & 13B, GPT-4O models, and
0.8 for the INSTRUCTBLIP models. The temperature pa-
rameter controls how random the generated output would
be. However, with lower temperatures, we observed inferior
performance of these models. As noted earlier, we experi-
ment with eight different prompts on six datasets, studying
them across six models. In short, we run 48 prompts per
model and 288 prompts across all six models. All the open
source models are coded in Python using the PyTorch library
while we have no information about GPT-4O since it is a
proprietary model. For open source models, we utilize 2xT4
GPUs from Kaggle, providing a total of 15GB memory on
each GPU with a usage limit of 30hrs/week We provide fur-
ther setup details for these models in Appendix. We present
the detailed results in the following section.

Results
In this section, we present the results of our experiments.
In Table 2 we show the results for the six datasets across
the six models. Each block in the table corresponds to
a particular (model, dataset) combination and covers the
results for eight prompt pattern combinations. Since we use
the generation capability of VLMs for prediction, we ob-
serve that in some prompt variants, certain (model, prompt)
combinations did not classify the input meme amongst the
list of labels and diplomatically bypassed the query
with an irrelevant answer. This led to a decrease in support
to infer the results accurately grounded on correct labels in
the dataset. In the table, we have greyed out the cases which
did not generate a correct label for at least 90% of the data
points. Examples of ambiguous outputs are provided in
Appendix.

Overall results: From Table 2, we observe that INSTRUCT-
BLIP models are not able to correctly predict the labels out
of list of labels even for English datasets and gener-
ate ambiguous answers for quite a large number of prompt
variants. Their generated output did not conform with the
expected output format specified in input prompt. We also
observe that IDEFICS performs best with only OCR as in-
put. LLAVA-1.5 7B, works best with explanation as output,
when the input prompt was definition & OCR text. Over-
all, GPT-4O emerged to be the best model and LLAVA-1.5
13B the best open-source model. While LLAVA-1.5 13B
works best with OCR & definition as input and vanilla out-
put, for GPT-4O the best prompt variant is not conclusive as
per Table 2. However, we observe that the variation of scores

is quite less in GPT-4O compared to open source models
and therefore, in the upcoming subsection we formulate a
Leaderboard to further understand, quantify and provide in-
depth conclusions of our obtained results.
Multilingual capability: We observe that even LLAVA-1.5
7B & 13B models generate ambiguous outputs for BHM and
HINGLISH datasets; indicating their monolingual limitation.
For all models, including GPT-4O, the metrics degrade con-
siderably compared to the results on English datasets. This
demonstrates the limitations of VLMs in handling multilin-
gual memes. As expected, GPT-4O outperforms all models
in terms of metrics and does not generate any ambiguous
output.
Leaderboard: Since engineering solutions are always in the
‘quest for the best’, we propose a quantitative metric to or-
ganize the (model, prompt) combinations into a leaderboard.
The idea is that the top combinations on this leaderboard
should generalize well across the six datasets combined (and
eventually across 4 different dimensions of toxicity, i.e.,
hate, misogyny, harm and offense and 3 different languages,
i.e., English, Bangla and HINGLISH). For each prompt vari-
ant considered over all models, we calculate a weighted av-
erage macro-F1 score depending on the number of samples

in each of the datasets by the formulation:

∑
D

(fD)∗|D|∑
D

|D|
. Here

fD is the macro-F1 for the dataset D. After calculating the
weighted average macro-F1 score, we also calculate mean
and standard deviation of each model across all prompt vari-
ants to obtain the overall performance and stability of the
models. The results are shown Table 3.
Based on the above results, we conclude GPT-4O to be the
best model with definition & OCR as input and explanation
as output. LLAVA-1.5 13B is the best open-source model
with definition & OCR text as input and vanilla as output.
Moreover, GPT-4O is the best model for all prompt variants
taken individually and LLAVA-1.5 13B outperforms other
open-source models in 7 of the 8 prompt variants and lags
behind LLAVA-1.5 7B variant for the setting with definition
& OCR as input and explanation as output.
Stability: Further, we also observe that GPT-4O is not only
the best model across all prompt variants, but is also the most
stable model with least standard deviation across different
prompt variants. Amongst open-source models, LLAVA-
1.5 13B model has the best mean.
Baselines: As per the discussion in ‘Models’ section, we
present the results in Table 4 on zero-shot and FHM fine-
tuned versions of the baseline. Note that it is done to be very
near to zero-shot evaluation. GPT-4O outperforms these
baselines even without any fine-tuning. Notably, LLAVA-
1.5 13B version also outperforms these baselines across
Macro-F1 score. This raises a deep concern about the gener-
alization capability of previous works.

Error Analysis
In the previous section we concluded that GPT-4O (with
definition + OCR text as input and explanation as output)
is the best model and LLAVA-1.5 13B (with definition +
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Strategies FHM MAMI HARM-C HARM-P BHM HINGLISH
in out acc mf1 acc mf1 acc mf1 acc mf1 acc mf1 acc mf1

IDEFICS 9B
vn vn 53.2 48.84 50.5 34.96 62.99 53.64 50.42 49.68 37.13 27.25 54.8 50.46
def vn 50.14 33.4 50 33.33 44.49 43.32 51.12 50.34 37.38 27.21 51.2 41.25
ocr vn 58 57.64 53.2 42.58 64.31 61.64 63.38 63.1 61.32 49.14 50.2 48.92

def + ocr vn 52.02 41.29 50.1 33.56 45.35 45.29 53.67 53.55 37.41 27.23 51.1 48.05
vn ex 51.2 43.16 50.1 33.56 51.13 50.01 47.61 46.97 37.41 27.23 50.8 47.46
def ex 50.6 34.65 50.9 38.91 35.04 28.66 50.14 46.55 37.5 27.27 49 36.62
ocr ex 57.6 57.45 50.15 50.13 64.41 39.92 48.17 48.17 52.2 50.67 51.8 41.6

def + ocr ex 49.8 38.15 49.4 36.69 51.84 43 53.39 47.22 38.69 30.71 48.8 36.23
LLAVA-1.5 13B

vn vn 55.95 52.27 62.3 58.09 53.95 53.76 54.93 54.32 43.67 43.17 51.67 49.92
def vn 57.96 57.46 60.84 60.63 54.76 54.53 54.79 53.95 59.94 57.47 54.33 53.35
ocr vn 54.8 52.59 55.22 51.38 61.61 56.88 59.57 58.62 61.6 54.41 56.22 53

def + ocr vn 58.57 58.33 67.56 67.55 58.63 58.07 56.12 55.61 64.25 50.7 55.88 53.69
vn ex 56.61 55.89 61.92 61.9 55.81 45.09 54.31 49.73 46.33 46.33 54.04 52.13
def ex 50.51 36.89 62.59 62.58 42.86 40.59 50.28 42.57 36.59 27.85 51.68 42.97
ocr ex 57.5 57.5 64.16 63.97 54.05 51.65 58 56.09 52.15 51.47 50.91 36.79

def + ocr ex 49.7 36.46 63.03 62.21 43.55 40.74 50 41.23 38.29 29.78 53.31 52.19
LLAVA-1.5 7B

vn vn 50 33.33 50.8 35.25 64.97 39.38 51.27 33.89 57.69 38.77 55.29 53.84
def vn 52.8 46.79 50.82 41.81 67.35 58.12 52.46 43.25 54.29 54.05 50.77 34.46
ocr vn 53.31 46.32 53.4 41.17 65.25 40.25 51.27 33.89 60.88 46.55 57.47 54.63

def + ocr vn 55.6 50.39 62.7 60.44 65.25 59.93 54.93 52.7 57.27 50.64 51.02 35.22
vn ex 50.4 36.18 55.1 48.37 64.97 39.38 51.55 34.53 53.2 49.47 52.29 41.39
def ex 55 53.91 54.7 46.12 48.02 47.28 49.86 47.52 39.01 29.23 50 33.33
ocr ex 51.2 41.45 52.7 40.89 64.97 39.38 51.55 35.03 52.81 51.3 51.1 35.57

def + ocr ex 60 59.98 63.6 63.48 60.45 59.03 54.08 54.07 46.14 45.19 50.2 33.78
INSTRUCTBLIP VICUNA 7B

vn vn 54.14 38.59 46.86 31.91 44.25 40.16 43.98 33.42 60.94 39.23 51.76 50.03
def vn 51.12 34.55 49.74 34.44 49.12 48.65 48.63 41.05 61.49 42.44 50.12 41.04
ocr vn 50.1 33.73 48.37 33.94 65.44 59.86 48.48 46.96 62.55 38.48 50.4 34.22

def + ocr vn 50.21 34.87 51.49 38.19 64.13 52.84 51.49 44.12 62.77 38.92 51.32 37.32
vn ex 48.38 38.06 50.35 35.2 46.63 41.27 44.84 44.21 38.78 32.18 50.2 34.13
def ex 49.68 33.19 51.43 49.85 46.88 46.77 50.35 50.27 62.46 40.35 49.71 34.67
ocr ex 49.12 34.41 47.39 47.34 65.42 55.19 49.5 45.17 61.66 39.6 49.89 37.13

def + ocr ex 53.06 44.37 54.39 52.52 65.6 51.25 54.09 49.82 61.57 40.84 50.33 35.37
INSTRUCTBLIP FLAN-T5-XL

vn vn 50.2 33.78 56.67 48.6 64.12 41.88 51.27 36.32 62.68 38.53 50.1 33.73
def vn 50.2 35.13 59.9 56.67 64.97 39.38 51.27 33.89 62.82 38.94 52.1 38
ocr vn 51.2 39.22 55.9 47.75 65.16 40.21 51.27 33.89 62.39 39.12 51.9 37.89

def + ocr vn 52.6 42.33 52.1 39.59 65.54 42.52 51.98 36.68 62.62 39.21 52.2 38.3
vn ex 60.78 60.76 55.34 50.7 60.19 41.53 49.12 46.76 41.39 37.21 48.33 33.14
def ex 51 40.86 53.14 34.92 64.2 39.1 51.46 33.98 36.87 29.08 50.1 33.74
ocr ex 60 58.17 61.13 59.39 61.7 38.16 49.33 33.03 41.47 36.08 50 33.33

def + ocr ex 57.94 55.58 55.01 45.67 65.04 39.41 51.56 34.02 62.61 47.97 49.9 33.29
GPT-4O

vn vn 69.2 68.02 79.3 78.84 71.47 69.54 67.04 66.99 64.84 59.07 65 64.24
def vn 70.4 69.32 79.5 78.95 72.32 71.71 63.66 62.52 62.31 55.56 62.6 61.64
ocr vn 70 69.5 83.6 83.54 67.8 63.46 64.23 63.44 66.95 57.87 61 58.74

def + ocr vn 72.2 71.16 80.3 79.96 71.47 70.86 62.54 62.15 66.1 56.94 61.6 59.57
vn ex 70.4 69.74 82.9 82.78 69.77 66.21 69.3 69.29 65.26 56.01 60.8 59.17
def ex 72.8 72.35 82.03 81.86 72.03 71.06 65.35 64.59 60.76 55.22 64.2 63.5
ocr ex 69.8 69.68 83.03 83.03 69.49 62.82 64.51 62.66 65.54 57.83 61.4 59.47

def + ocr ex 73.4 73.1 82.54 82.52 74.58 72.82 63.94 63.91 65.96 59 61.4 59.47

Table 2: OVERALL RESULTS: Greyed cells: ambiguity above assigned threshold. Best (model, prompt) per (model, dataset)
is underlined. Best (model, prompt) per dataset is marked bold & underlined; across open source models is marked bold.
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Strategy Models
in out ID(9B) LV(13B) LV(7B) IB(V) IV(F) GPT-4O

vn vn 41.11 52.1 38.71 38.07 40.2 68.82

def vn 36.03 57.12 45.85 39.24 42.95 67.69

ocr vn 51.18 53.74 44.16 38.93 41.05 68.36

def + ocr vn 38.78 58.45 52.39 39.86 39.72 68.12

vn ex 38.77 53.35 43.43 36.4 45.44 68.74

def ex 35.26 44.38 42.14 42.94 34.74 69.34

ocr ex 48.81 54.36 41.59 42.94 45.62 68.19

def + ocr ex 37.34 45.84 53.39 45.98 43.93 69.95
Mean 40.91 52.42 45.21 40.54 41.71 68.65

(Std. Dev.) (5.54) (4.65) (4.85) (2.94) (3.37) (0.68)

Table 3: LEADERBOARD AND STABILITY: Weighted
macro-F1 score across 6 datasets with mean + (stan-
dard deviation) along promt variants. Overall best macro-
F1 score and best mean + (standard deviation) are
marked bold and underlined; across open source models
are italicized and underlined. Best macro-F1 scores across
each prompt variant are underlined; for open source mod-
els are italicized. Greyed out cells signify ambiguity above
assigned threshold; similar to Table 2. ID(9B): IDEFICS
9B, LV(13B), LV(7B): LLAVA-1.5 13B, 7B, I-BLIP V:
INSTRUCTBLIP VICUNA 7B, I-BLIP F: INSTRUCTBLIP
FLAN-T5-XL.

Datasets Metrics zero shot fine-tuned

FHM
acc 52.13 (0.95) 60.67 (1.33)
mf1 47.11 (0.97) 57.27 (1.53)

MAMI
acc 50.43 (0.51) 59.57 (0.32)
mf1 43.88 (0.47) 56.58 (0.43)

HARM-C
acc 57.72 (0.99) 61.21 (1.27)
mf1 46.57 (1.52) 44.72 (1.34)

HARM-P
acc 52.14 (1.73) 54.76 (0.65)
mf1 44.67 (2.65) 44.81 (1.51)

BHM
acc 57.48 (1.38) 60.62 (1.02)
mf1 44.92 (2.1) 50.28 (1.73)

HINGLISH
acc 50.2 (0.6) 55.13 (0.23)
mf1 38.55 (0.68) 49.03 (0.41)

Table 4: BASELINES: Mean with (standard deviation). We
have discussed the details in Section ‘Models’.

OCR text as input and vanilla as output) is the best model
amongst chosen open source models. Since it is practically
infeasible to study error analysis over all models and prompt
variants, we therefore investigate the cases of misclassifica-
tion for these two best models (one proprietary and one open
source based on the Leaderboard) with their best prompt
variants. We comprehensively evaluate GPT-4O for a total
of 828 misclassified memes: 124- FHM, 149- MAMI, 195-
HARM P+C, 205- BHM and 155- HINGLISH datasets and
LLAVA-1.5 13B for a total of 1184 misclassified memes;
202- FHM, 321- MAMI, 276- HARM P+C, 216- BHM and
169- HINGLISH datasets. In particular we attempt to obtain
an explanation of parts in the meme that confuses the model
and leads to mispredictions (first sub-section). Further, we
induce a typology of the error cases to systematically organ-
ise the vulnerable points of the model (second sub-section).

Dataset Model CASES: 1, 2 CASES: 3, 4

FHM
GPT-4O 15.32, 55.65 8.06, 20.97
LV-13B 14.36, 26.73 20.3, 38.61

MAMI
GPT-4O 17.45, 42.95 14.77, 24.83
LV-13B 20.87, 15.89 38.32, 24.92

HARM
P+C

GPT-4O 18.97, 33.85 12.82, 34.36
LV-13B 34.78, 30.07 20.29, 14.86

BHM
GPT-4O 12.68, 9.76 26.83, 50.73
LV-13B 7.87, 2.31 35.19, 54.63

HINGLISH
GPT-4O 13.55, 7.1 34.19, 45.16
LV-13B 18.93, 5.33 42.60, 33.14

Table 5: CASE DISTRIBUTION AND RIGIDNESS: Per-
centage (%) distribution of misclassified samples from each
dataset for all 4 CASES studied under occlusion based in-
terpretability. Wherever CASE 2 or 4 are higher than CASE
1 or 3 respectively, the entries are marked in bold as a mea-
sure of rigidness of models towards occlusion.

Dataset Model CASE 1 CASE 2 CASE 3 CASE 4

FHM
GPT-4O

NHM: 47.37
WA: 36.84
SI: 26.32

WA:72.46
NHM: 18.84

MCVG: 50
URET: 30

IM: 73.08

LV-13B
WA: 41.38
SI: 24.14

NHM: 24.14

WA: 62.96
NHM: 24.07

MCVG: 41.46
URET: 19.51

SI: 12.2
IM: 74.36

MAMI
GPT-4O

WA: 69.23
PFW: 34.62

WA: 64.06 NV: 54.54 IM: 70.27

LV-13B
WA: 44.78

SI: 19.4
PFW: 17.91

WA: 64.71 NV: 47.15 IM: 56.25

HARM CP
GPT-4O No conclusion WA: 68.18 URET: 24 FC: 26.67
LV-13B No conclusion WA: 40.34 URET: 30.36 FC: 29.27

BHM
GPT-4O SI: 42.56 SI: 55 SI: 60 SI: 50.77
LV-13B SI: 44.89 SI: 69.65 SI: 65.89 SI: 59.7

HINGLISH
GPT-4O SI: 57.14 SI: 63.64 No conclusion WA: 55.5
LV-13B SI: 54.54 SI: 62.51 No conclusion WA: 56.25

Table 6: CLASS BASED ERROR TYPOLOGY: Distribution
of various classes across misclassifications for GPT-4O &
LLAVA-1.5 13B as per manual evaluation done on occlu-
sion. All the numbers are in percentage (%). Following are
the 9 classes covered: NHM: Not hateful memes contain-
ing (i) common target words (i.e., Islam, white, migrants,
etc.) (ii) image signifying these common targets or having
some politician in it (iii) profane words, WA: Wrong anno-
tation, SI: Stacked images, MCVG: Multiple color varia-
tions, grayscale image or multiple objects, URET: Lengthy,
unreadable embedded text or having small font size, IM:
Implicitly hate meme, PFW: Perturbed / animated faces of
women, NV: Nudity or vulgarity in image or embedded text,
FC: Fake conversation. Note: HARM CP: Harm C+P, LV-
13B: LLAVA-1.5 13B.

Occlusion Based Result Interpretation
Using the SLIC algorithm (Süsstrunk et al. 2012)7 we first
segment the misclassfied memes into superpixels. The algo-

7Useful tutorial on SLIC algorithm -
https://darshita1405.medium.com/superpixels-and-slic-
6b2d8a6e4f08
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rithm automatically segments the images into 5 - 12 super-
pixels depending on the size of the image. We control the
size of each superpixel so that it is neither too small nor too
big. Next the region circumscribing each of these superpix-
els are occluded one at a time by white patches and the mod-
els (i.e., GPT-4O and LLAVA-1.5 13B) are queried again
for its predictions with their corresponding best prompt vari-
ant (as per Leaderboard).
CASES: Following are the cases in which we have broadly
divided our occlusion study: CASE 1- Original meme mis-
classified as positive (i.e., hateful, misogynistic, harmful, or
offensive corresponding to the dataset) and at least one oc-
cluded version resulted in the correct prediction (i.e., nega-
tive). CASE 2- Original meme misclassified as positive and
none of the occluded versions resulted in the correct predic-
tion . CASE 3- Original meme misclassified as negative and
at least one occluded version resulted in the correct predic-
tion (i.e., positive). CASE 4- Original meme misclassified as
negative and none of the occluded versions resulted in the
correct prediction.
Rigidness: In Table 5, we present the distribution for each of
the cases. For GPT-4O, we observe that CASE 2 & CASE
4 have higher values compared to CASE 1 and CASE 3 re-
spectively. This points to a very interesting observation re-
garding the rigidness of GPT-4O in its classification deci-
sion. LLAVA-1.5 13B on the other hand has similar behav-
ior for the FHM and BHM datasets. Overall these results
show that the models which perform better are also more
rigid in their generation and are comparatively less prone to
a decision change based on the perturbations in the image.
Decrease in rigidness on non-English datasets relates with
the weaker performance of models on multilingual ability.
Case by case study: We perform further analysis and divide
each case across 9 classes (refer Table 6) and provide rep-
resentative examples in Table 7. Based on these tables we
present a case-by-case manual analysis of the results. We
employ three annotators to perform manual analysis of these
occluded images. Out of them, two are NLP researchers
having professional working experience on understanding
hateful memes and the other one is an undergraduate stu-
dent in his fourth year with major in Computer Science and
has working experience in NLP. All the three annotators are
from the authors’ institute and are well aware of the topical-
ity of discussion being conveyed in the memes. As we em-
ploy three annotators, we calculate Krippendorff’s α (Cas-
tro 2017) as a metric for inter-annotator agreement. We ob-
tain high agreement values of 0.873 & 0.875 for GPT-4O
& LLAVA-1.5 13B, respectively. Note that we have added
annotation guidlines in Appendix.
CASE 1: FHM dataset: Around one-fourth of the memes
are made up of multiple images stacked together. These
memes put humans and animals (apes/gorilla/goat) in the
same frame. Further, certain not hateful memes also seem to
contain profane words or mention the common target words
either as embedded text or as a representation in the im-
age itself (refer Table 6’s caption for further details). Oc-
clusion results in correct predictions due to the removal of
these confusing regions from the meme where the model
was misfocusing. That said, our manual inspection indicates

that there are memes which are indeed wrongly annotated
as not hateful and the predictions of the model for the orig-
inal meme are arguably correct. MAMI dataset: Majority
of the memes are indeed wrongly annotated or contain per-
turbed faces of women with weird makeups or portray men
either with (i) women or with (ii) embedded text contain-
ing words like ‘women’, ‘girlfriend’, ‘girl’. Moreover, for
LLAVA-1.5 13B, some memes are made up of multiple
images stacked together. However, the overall theme of the
meme is not misogynistic. When occlusion removes the per-
turbed faces of women or words from the embedded text,
the focus of the model is no longer misdirected thus lead-
ing to correct predictions. HARM P+C dataset: Here again
most of the memes are composed of stacked images. Fur-
ther many of these memes have long text with small font
size embedded on them. Such images are even hard for hu-
man judges to label. Owing to this very complex nature of
the memes, there in no regular pattern indicating why oc-
cluding certain parts of the image results in the correct pre-
diction. This is a case where the occlusion based prediction
changes are insufficient in explaining the performance gap
of the models and more research is needed in the future.
BHM + HINGLISH datasets: No conclusive pattern was vis-
ible due to the diverse topicality of discussion and outdated
conversations within current context. However, majority of
the memes were composed of stacked images.
CASE 2: FHM dataset: Surprisingly, we find that a ma-
jor portion of the memes are indeed hateful and seem to
be incorrectly annotated as not hateful. Common targets in-
clude religion, gender, race and politicians. Amongst reli-
gion, ‘Islam’ is mostly targeted while ‘Hitler’ and ‘Trump’
are the most targeted politicians. None of the occlusions
resulted in a change in the predictions which further rein-
forces the possibility that the data might be wrongly anno-
tated. MAMI dataset: Majority of the memes pose nudity,
vulgarity, feminism amongst other attacks on women. Em-
bedded texts have vulgar words like ‘bra’, ‘va**na’, ‘t*ts’,
‘s*xy’, ‘a*s’ targeting women. These memes indeed portray
explicit misogyny and as per our analysis, model correctly
classifies it as misogynistic and this decision does not get re-
verted due to occlusion. Here again, we conclude that anno-
tations themselves are incorrect. HARM P+C dataset: Here
too we manually observe that most of the memes are indeed
harmful and are possibly incorrectly annotated. The predic-
tions of the model seem to be correct and occlusions do not
change the predictions. BHM + HINGLISH datasets: Simi-
lar to CASE 1, no conclusive pattern was visible and major-
ity of the memes were composed of stacked images.
CASE 3: FHM dataset: In this group, most of the memes
have very small font size of the embedded text. Further the
image has multiple objects or numerous color variations.
This confuses the model leading to wrong predictions. Oc-
clusion of these confusing regions allowed the model to fo-
cus on the parts of the image important for correct classifi-
cation. MAMI dataset: In most of the cases, image portrays
nudity or other forms of vulgarity. In some memes, the em-
bedded text contains the words like ‘MILF’, ‘VIRGIN’, etc..
targeting women. Occlusion brings the focus of the model
to these disturbing elements of the image leading to the cor-
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Dataset Misclassified to Change in prediction No change in prediction

FHM
Hateful

CASE 1 CASE 2

Not-hateful
CASE 3 CASE 4

MAMI
Misogynistic

CASE 1 CASE 2

Not-misogynistic
CASE 3 CASE 4

HARM-C & P
Harmful

CASE 1 CASE 2

Not-harmful
CASE 3 CASE 4

Table 7: CASE STUDIES: Occlusion based predictions. The occlusion is implemented by making a given superpixel white. For
each case, we present one sample each from GPT-4O & LLAVA-1.5 13B, respectively. For CASE 1 and CASE 3 we provide
both the occluded and non-occluded samples. Due to space constraints and no robust conclusion from manual annotation of
BHM and HINGLISH, we omit them.

rect prediction. HARM P+C dataset: Majority of the memes
contain the image of ‘Trump’ or mention the words ‘Trump’,
‘Covid-19’ or ‘Corona’. Length of embedded texts are very
large, which possibly confuses the model. Occlusion helps
to bring back the focus of the model to the correct regions re-
sulting in correct predictions. BHM + HINGLISH datasets:
While no conclusion was visible for HINGLISH, in BHM
majority of the memes were composed of stacked images.
CASE 4: FHM dataset: Majority of the memes contain

implicit hate. Individually neither the image nor the em-
bedded text in the memes portray any hate. Most text have
words like ‘dishwater’, ‘sandwich maker’, ‘girl’, ‘wive’,
‘girlfriend’. The images in these memes have cheerful faces
of women with no vulgarity. When both the image and text
are taken together they portray hate and, quite naturally, the
model has difficulty in identifying this implied semantics
even when parts of the image are occluded. MAMI dataset:

Once again these memes seem to bear implicit misogyny.
Words like ‘dishwater’, ‘sandwich maker’, ‘kitchen’, and
those referring to implicit body shaming appear in the em-
bedded text. The model does not seem to have the requisite
reasoning ability to infer the correct class of the meme and
occlusion naturally does not come to any help. HARM P+C
dataset: Drawing conclusion from this case is tricky. How-
ever, we observe a common set of memes that portray fake
conversations among political leaders. These conversations
are implicitly harmful and are present in a satirical manner.
The model misclassifies both the original and the occluded
memes. BHM + HINGLISH datasets: Interestingly, we ob-
served many samples wrongly annotated for HINGLISH
while BHM contained stacked image based memes.
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FHM

white, people,
okay, time, man,

12, shower, single,
way, school

islam, people,
world, terrorist,
don, new, going,

say, doesn, gorilla

Case 1: 24%, Case 2: 76% FHM

dishwasher,
potato, love,
just, latest,

husband, male,
man, maybe, mean

maker, chemicals,
shit, polish, coffee,
removes, mockers,
meter, lusts, loses

Case 1: 19%, Case 2: 81%
Case 3: 23%, Case 4: 77%
Case 3: 36%, Case 4: 64%

FHM

want, people,
white, man, think,

know, like, just,
god, old

new, terrorist,
people, believe,
make, racism,
gorilla, going,
religion, world

Case 1: 35%, Case 2: 65% FHM

don, like, way,
allah, white, treat,
eat, love, girl, steal

dishwasher,
sandwich, maker,

just, doubles,
ironing, board,
like, soap, throw

Case 1: 34%, Case 2: 66%
Case 3: 36%, Case 4: 64%
Case 3: 18%, Case 4: 82%

GPT-4o
X

LLAVA - 1.5 13B

Figure 2: TYPOLOGY: Green circles represent misclassifi-
cation to positive label; red signifies misclassification to neg-
ative label. Each set of misclassification is bifurcated into
two clusters. Distribution of cases, topic words and repre-
sentative image cluster are shown for GPT-4O and LLAVA-
1.5 13B models, for FHM dataset. Important keywords in
each topic are marked in bold. Due to paucity of space, ty-
pology for MAMI and HARM-C + P datasets, enlarged im-
age clusters and results for BHM and HINGLISH datasets
are presented in Appendix.

Actionable Evaluation: Typology of the Error
Cases
While the previous section allowed us to obtain reasons for
misclassification using the occlusion approach, it is largely
manual. In this section we present an automatic method to
induce the cases we observed earlier. This investigation is
motivated by the concept of actionable evaluation through
error typology induction introduced in (Font Llitjós, Car-
bonell, and Lavie 2005; Vilar et al. 2006). As a first step, for
each dataset, we organise the misclassified data points into
two groups – (a) misclassified as positive (hateful/misogy-
nistic/harmful/offensive) and (b) misclassified as negative.
Next for the data points for each group of each dataset we
first obtain embeddings of the meme image + OCR text
using the clip-ViT-B-32 model. We then run multimodal
BERTopic8 on each group and bifurcate them into two clus-
ters. Two clusters are specifically chosen to analyze the dis-
tribution of two cases (CASE 1/CASE 2 or CASE 3/CASE
4) which we covered in the previous subsection. We present
our results in Figure 29 and in the rest of the section we

8https://maartengr.github.io/BERTopic/getting started/
multimodal/multimodal.html

9A similar analysis of the model generated explanations are pre-
sented in the Appendix.

attempt to make inferences from the obtained results. Note
that here we present the results of English datasets; error ty-
pology of BHM and HINGLISH is updated in Appendix.
(i) We observe that across each cluster (with correspond-
ing topic words), outputs of GPT-4O fall into CASE 2 and
CASE 4, which naturally follows from the rigidity anal-
ysis we have performed. We observe similar patterns for
LLAVA-1.5 13B version for the FHM dataset; for the other
datasets, the outputs of LLAVA-1.5 13B fall mostly into
CASE 1 and CASE 3. This corroborates with our conclu-
sion from human evaluation done earlier.
(ii) The topic words and the corresponding clusters for mis-
classification to hateful memes for FHM are nearly same
for both models. However, for GPT-4O the topics obtained
are more fine-grained compared to LLAVA-1.5 13B in the
following cases – misclassification to not-hateful class for
FHM dataset and misclassification to either of the classes
for the other datasets.
(iii) For HARM-C + P, we observe that for keywords re-
lated to Covid-19, both models tend to misclassify to harm-
ful. Note that this is an important observation, since we ar-
rived at no such conclusion from the human annotations.
(iv) The implicit keywords like dishwater, sandwich, polish,
and maker are instances where current VLMs fail.
(v) GPT-4O in case of misclassification to not-misogynistic
for the MAMI dataset fails to understand the implicit hateful
references to words like food, hot, and fat.
(vi) Both LLAVA-1.5 13B and GPT-4O in case of misclas-
sification to hateful memes contain keywords related to re-
ligion. Thus non-hateful memes containing common target
words can often get misclassified.

Action Items
Overall we believe the above two subsections together pro-
vide invaluable insights into what are the systematic error
patterns that VLMs are vulnerable to. We summarize our
analysis and discuss some action items:
(i) Annotation quality: Our study reveals that the annota-
tion quality of datasets is a concerning problem. No mat-
ter how fancy and sophisticated the models are, the veracity
of the results will remain questionable if one cannot ensure
the robustness of annotation quality in future. Systematic
phase-wise incremental pilots should be undertaken (simi-
lar to (Mathew et al. 2021)) to improve the annotation qual-
ity. At the end of each pilot, the quality of each annotation
needs to be reviewed. One particularly important trend of
good quality annotation is that the inter-annotator agreement
should improve at the end of each pilot. Errors committed by
the annotators in the early stages of the pipeline should be
pointed to them so that these are not repeated in future. Suit-
able explanations need to be presented to the annotators so
that they can understand their errors better. Continuously un-
derperforming annotators, especially in the early pilot stages
need to be removed from the pool. Finally, benchmark tasks
can be evaluated against the annotated data after every pilot
stage and performance can be monitored. If there is a drop
in the performance, the annotations need to be revisited and
corrective steps need to be taken.
(ii) Occlusion as blackbox model audit: Since social me-

1678



dia memes include both images and embedded text, typi-
cal interpretability schemes like LIME (Ribeiro, Singh, and
Guestrin 2016), SHAP (Lundberg and Lee 2017), GRAD-
CAM (Selvaraju et al. 2017) etc. are not quite apt for them.
Moreover, these methods cannot be applied on closed source
models like GPT-4O. In contrast, our simple yet effective
occlusion based strategy is able to reveal highly relevant in-
terpretations of why VLMs go wrong and this approach is
easily generalizable to other similar downstream tasks.
(iii) Error typology as safety guard rail: On social me-
dia platforms, the content of memes change frequently. Thus
costly finetuning of the models is repeatedly required to
adapt to these new changes. The meta-level categories of
memes like the topic clusters that we induced are far less
volatile and any newly formed hate meme can be easily
mapped to one of these clusters. Therefore it should suffice
to feed these clusters into the design pipeline of the safety
guardrails for the VLMs thus eliminating the need for their
regular finetuning. Further, it can be brewed to design func-
tionality based trees and preference datasets for VLM align-
ment. For instance, one can attempt to prepare error type
aware preference datasets for RLHF style safety fine-tuning.

Conclusion
We present a comprehensive study of popular VLMs on
hateful memes, spanning eight different prompt variants. For
this study, we utilize six datasets spanning three languages
and covering various toxicity dimensions and observe that
model performance varies based on datasets, language and
prompts used. Furthermore, we also propose an approach to
select the best model and prompt combination that general-
izes well over considered datasets & languages. Finally we
present a systematic method to induce a typology of the er-
rors committed by such VLMs which could have a long-term
impact to build safeguarding approaches in the future.

Limitations
Our work has a few limitations. First, although we exper-
imented with various prompt settings to identify misclas-
sification patterns, these prompt variants are not exhaus-
tive, and numerous other variants could be explored. De-
spite this, we are confident that our range of prompts can
unveil the actual performance of VLMs in hate meme detec-
tion as they cover various broad meta-aspects. Second, we
did not use hate meme datasets tailored explicitly for this
task by fine-tuning the VLMs because of the issues pointed
out in the introduction section. Finally, all our experiments
are performed by manually tuning the temperature parame-
ter which is fixed for a specific model; to perform fair eval-
uation across datasets and prompt variants. Other values can
also be tested. In future, we plan to address these limitations.
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Laurençon, H.; Saulnier, L.; Tronchon, L.; Bekman, S.;
Singh, A.; Lozhkov, A.; Wang, T.; Karamcheti, S.; Rush,
A. M.; Kiela, D.; et al. 2023. Obelisc: An open web-scale
filtered dataset of interleaved image-text documents. arXiv
preprint arXiv:2306.16527.
Lin, H.; Luo, Z.; Wang, B.; Yang, R.; and Ma, J. 2024.
GOAT-Bench: Safety Insights to Large Multimodal Models
through Meme-Based Social Abuse. arXiv:2401.01523.
Liu, H.; Li, C.; Wu, Q.; and Lee, Y. J. 2023. Visual instruc-
tion tuning. arXiv preprint arXiv:2304.08485.
Lundberg, S.; and Lee, S.-I. 2017. A Unified Approach to
Interpreting Model Predictions.
Maity, K.; Jha, P.; Saha, S.; and Bhattacharyya, P. 2022.
A multitask framework for sentiment, emotion and sar-
casm aware cyberbullying detection from multi-modal code-
mixed memes. In Proceedings of the 45th International
ACM SIGIR Conference on Research and Development in
Information Retrieval, 1739–1749.
Mathew, B.; Saha, P.; Yimam, S. M.; Biemann, C.; Goyal, P.;
and Mukherjee, A. 2021. HateXplain: A Benchmark Dataset
for Explainable Hate Speech Detection. In AAAI.
OpenAI. 2024. GPT-4o — openai.com. https://openai.com/
index/hello-gpt-4o/. [Accessed 15-02-2024].
Plaza-del arco, F. M.; Nozza, D.; and Hovy, D. 2023. Re-
spectful or Toxic? Using Zero-Shot Learning with Language
Models to Detect Hate Speech. In Chung, Y.-l.; R{\”ottger},
P.; Nozza, D.; Talat, Z.; and Mostafazadeh Davani, A., eds.,

The 7th Workshop on Online Abuse and Harms (WOAH),
60–68. Toronto, Canada: ACL.
Pramanick, S.; Dimitrov, D.; Mukherjee, R.; Sharma, S.;
Akhtar, M. S.; Nakov, P.; and Chakraborty, T. 2021a. Detect-
ing Harmful Memes and Their Targets. In Findings of the
Association for Computational Linguistics: ACL-IJCNLP
2021, 2783–2796.
Pramanick, S.; Sharma, S.; Dimitrov, D.; Akhtar, M. S.;
Nakov, P.; and Chakraborty, T. 2021b. MOMENTA: A
Multimodal Framework for Detecting Harmful Memes and
Their Targets. In Findings of the Association for Computa-
tional Linguistics: EMNLP 2021, 4439–4455.
Ribeiro, M. T.; Singh, S.; and Guestrin, C. 2016. ”Why
Should I Trust You?”: Explaining the Predictions of Any
Classifier. In Proceedings of the 22nd ACM SIGKDD In-
ternational Conference on Knowledge Discovery and Data
Mining, KDD ’16, 1135–1144. New York, NY, USA: Asso-
ciation for Computing Machinery. ISBN 9781450342322.
Roy, S.; Harshvardhan, A.; Mukherjee, A.; and Saha, P.
2023. Probing LLMs for hate speech detection: strengths
and vulnerabilities. In Findings of the Association for Com-
putational Linguistics: EMNLP 2023, 6116–6128.
Saha, P.; Agrawal, A.; Jana, A.; Biemann, C.; and Mukher-
jee, A. 2024. On Zero-Shot Counterspeech Generation by
LLMs. In Calzolari, N.; Kan, M.-Y.; Hoste, V.; Lenci,
A.; Sakti, S.; and Xue, N., eds., Proceedings of the 2024
Joint International Conference on Computational Linguis-
tics, Language Resources and Evaluation (LREC-COLING
2024), 12443–12454. Torino, Italia: ELRA and ICCL.
Selvaraju, R. R.; Cogswell, M.; Das, A.; Vedantam, R.;
Parikh, D.; and Batra, D. 2017. Grad-CAM: Visual Explana-
tions from Deep Networks via Gradient-Based Localization.
In 2017 IEEE (ICCV), 618–626.
Shang, L.; Zhang, Y.; Zha, Y.; Chen, Y.; Youn, C.; and Wang,
D. 2021. Aomd: An analogy-aware approach to offensive
meme detection on social media. Information Processing &
Management, 58(5): 102664.
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Paper Checklist
1. For most authors...

(a) Would answering this research question advance sci-
ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying disre-
spect to societies or cultures? Yes

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes, refer
to ‘Results’ & ‘Error analysis’ sections.

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? NA, all
the datasets we have used in this paper are publicly
available and have been used in many previous papers.

(e) Did you describe the limitations of your work? Yes,
refer to ‘Limitations’.

(f) Did you discuss any potential negative societal im-
pacts of your work? Yes, we have added briefly an
‘Ethics statement’ in Appendix.

(g) Did you discuss any potential misuse of your work?
NA

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes, for reproducibility of findings, we
have added ‘Experimental setup’ and ‘Reproducibility
steps’.

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes, further
we have added an ‘Ethics statement’ as well

2. Additionally, if your study involves hypotheses testing...
(a) Did you clearly state the assumptions underlying all

theoretical results? NA
(b) Have you provided justifications for all theoretical re-

sults? NA
(c) Did you discuss competing hypotheses or theories that

might challenge or complement your theoretical re-
sults? NA

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? NA

(e) Did you address potential biases or limitations in your
theoretical framework? NA

(f) Have you related your theoretical results to the existing
literature in social science? NA

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? NA

3. Additionally, if you are including theoretical proofs...
(a) Did you state the full set of assumptions of all theoret-

ical results? NA

(b) Did you include complete proofs of all theoretical re-
sults? NA

4. Additionally, if you ran machine learning experiments...
(a) Did you include the code, data, and instructions

needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? Yes,
we have added ‘Experimental setup’ in the main con-
tent and ‘Reproducibility steps’ in Appendix with cor-
responding code links of HuggingFace APIs. Also, we
have specified all prompts used and definition of labels
in Appendix.

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? Yes, we
have explained it in detail in ‘Experimental setup’ of
main content and ‘Reproducibility steps’ in Appendix.

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
NA, we have concisely presented all our results in both
‘Results’ & ‘Error Analysis’.

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? Yes, refer to ‘Experimental
setup’.

(e) Do you justify how the proposed evaluation is suf-
ficient and appropriate to the claims made? Yes, we
thoroughly justify every result comprehensively in
‘Results’ and ‘Error analysis’.

(f) Do you discuss what is “the cost“ of misclassification
and fault (in)tolerance? Yes, we thoroughly cover it in
‘Error analysis’.

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes, in ‘Related works’, ‘Datasets and metrics’
& ‘Model’ Sections.

(b) Did you mention the license of the assets? Yes, we
have discussed it in ‘Reproducibility steps’ in Ap-
pendix.

(c) Did you include any new assets in the supplemental
material or as a URL? NA

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
Yes, refer to ‘Reproducibility steps’ in Appendix.

(e) Did you discuss whether the data you are using/curat-
ing contains personally identifiable information or of-
fensive content? Yes, we have mentioned it and have
also provided a warning in ‘Abstract’.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR?
NA

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset? NA

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...
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(a) Did you include the full text of instructions given to
participants and screenshots? No, for our occlusion
based manual evaluation, we organized meetings and
annotated occluded results. All annotators are expert in
this field and no explicit instruction set was required.

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? No, all annotators were from authors’
institute.

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA

Definitions
The definitions provided below are picked from the corre-
sponding dataset papers.

FHM Dataset
• hateful: A direct or indirect attack on people based on

characteristics, including ethnicity, race, nationality, im-
migration status, religion, caste, sex, gender identity, sex-
ual orientation, and disability or disease. Attack is de-
fined as violent or dehumanizing (comparing people to
non-human things, e.g., animals) speech, statements of
inferiority, and calls for exclusion or segregation. Mock-
ing hate crime is also considered hateful.

• not-hateful: A meme which is not hateful and follows
social norms.

MAMI Dataset
• misogynistic: A meme is misogynous if it conceptually

describes an offensive, sexist or hateful scene (weak or
strong, implicitly or explicitly) having as target a woman
or a group of women. Misogyny can be expressed in the
form of shaming, stereotype, objectification and/or vio-
lence.

• not-misogynistic: A meme that does not express any
form of hate against women.

HARM-C and HARM-P Datasets
• harmful: Multi-modal units consisting of an image and

a piece of text embedded that has the potential to cause
harm to an individual, an organization, a community, or
civil society more generally. Here, harm includes mental
abuse, defamation, psycho-physiological injury, propri-
etary damage, emotional disturbance, and compensated
public image.

• not-harmful: Multi-modal units consisting of an image
and a piece of text embedded that does not cause any
harm to an individual, an organization, a community, or
society more generally.

BHM Dataset
• hateful: If it explicitly intends to denigrate, vilify, harm,

mock, abuse any entity based on their gender, race, ide-
ology, belief, social, political, geographical and organi-
zational status.

• not-hateful: If it is not hateful and follows social norms.
community, or the society more generally.

HINGLISH Dataset
• offensive: A meme will be categorized as offensive if

it either explicitly or implicitly dehumanizes, degrades,
insults, or attacks any individual or group based on at-
tributes, such as gender, nationality, sexual orientation,
ethnicity, race, skin color, health condition.

• not-offensive: A meme that is not offensive and follows
social norms.

Prompt Strategies
We provide a detailed list of templates for the corresponding
prompt variants in Table 8.

Reproducibility Steps
We briefly summarize our methodology so that our research
can be easily reproduced by the research community:
Datasets: All six datasets that we have used are commonly
used for hateful/misogynistic/harmful/offensive meme de-
tection tasks. The links to these datasets can be found here
– (FHM)10, (MAMI)11, (HARM-C & HARM-P)12, (BHM)13,
and (HINGLISH)14.
Processors: We used the respective model processors to pro-
cess our images and text. From HuggingFace, we used the
AutoProcessor.from pretrained
(model checkpoint) API and passed the image and
text to the processor before feeding it to the model. Here we
passed model checkpoint corresponding to the models
we used (as discussed in main content).
Quantization: We used HuggingFace APIs for quantiza-
tion15. We specifically used bitsandbytes16 library to setup
8-bit quantization.
Embedded text (OCR): We used the OCR text already
present in the dataset for our experiments on memes. For
BHM dataset, we translate Bengali OCR text to English us-
ing AI4Bharat17 models.
BERTOPIC: We set random state equal to 42 in UMAP
while generating clusters.

10https://www.kaggle.com/datasets/parthplc/facebook-hateful-
meme-dataset

11https://github.com/TIBHannover/multimodal-misogyny-
detection-mami-2022?tab=readme-ov-file

12https://github.com/LCS2-IIITD/MOMENTA
13https://github.com/eftekhar-hossain/Bengali-Hateful-

Memes/blob/main/README.md
14https://github.com/Gitanjali1801/CM MEMES
15https://huggingface.co/docs/transformers/en/main classes/

quantization
16https://huggingface.co/docs/bitsandbytes/index
17https://ai4bharat.iitm.ac.in/
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MAMI

girlfriend, girls,
girl, women, com,
men, boys, like,

black, don

make, sandwich,
sammich, kitchen,

funny,
memegenerator,

net, memes, com,
clean

Case 1: 28%, Case 2: 72%
MAMI

com, fat, people,
tequila, afl, memes,

eat, sex,
quickmeme,

demotivational

food, women,
mom, hot,

feminist, eat, men,
air, really,

appreciated

Case 1: 28%, Case 2: 72%
Case 3: 32%, Case 4: 68%
Case 3: 44%, Case 4: 56%

MAMI

com, women, net,
woman, girlfriend,
men, got, cooking,

yes,
memegenerator

girls, girl,
girlfriend, cute,
boys, like, level,
ifunny, vs, hot

Case 1: 53%, Case 2: 47%
MAMI

com, woman, food,
net, girl, make,

meme, sandwich,
women,

quickmeme

com, milf, meme,
like, memecenter,

women, mom,
memes, shower,

year

Case 1: 65%, Case 2: 35%
Case 3: 67%, Case 4: 33%
Case 3: 52%, Case 4: 48%

GPT-4o
X

LLAVA - 1.5 13B

HCP

trump, party, com,
like, dick, slaves,

joe, american,
speech, anti

covid, virus, 19,
corona, china,

memes,
coronavirus,

party, people, don

Case 1: 44%, Case 2: 56%
HCP

trump, biden,
covid, joe, 19,

obama, memes,
2020, donald, 20

party, libertarian,
org, ip, post,

locally, states,
thanks, involved, lie

Case 1: 27%, Case 2: 73%
Case 3: 27%, Case 4: 73%
Case 3: 28%, Case 4: 72%

HCP

coronavirus,
corona, covid,

virus, 19, people,
quarantine, 2020,

day, memes

trump, party,
barack, obama,
joe, com, like,
america, man,

republican

Case 1: 47%, Case 2: 53% HCP

trump, lp, covid,
19, biden, obama,
joe, party, donald,

democratic

libertarian, party,
ip, org, post,

locally, involved,
thanks, states, lie

Case 1: 61%, Case 2: 39%
Case 3: 59 %, Case 4: 41%
Case 3: 53%, Case 4: 47%

GPT-4o
X

LLAVA - 1.5 13B

Figure 3: TYPOLOGY FOR MAMI AND HARM-C + P DATASETS: Green circles represent misclassification to positive
label; red signifies misclassification to negative label. Each set of misclassification is bifurcated into two clusters. Distribution
of cases, topic words and representative image cluster are shown for GPT-4O and LLAVA-1.5 13B models, for MAMI and
HARM-C + P datasets. Important keywords in each topic are marked in bold. Enlarged image clusters are presented in
upcoming Section of the Appendix.

License agreement: We agreed to every license before ac-
cessing any model/dataset. Since we used open-source mod-
els using HuggingFace, we agreed to their license and for
the datasets, we thoroughly read the license and used them
as per the corresponding agreement. Please navigate to cor-
responding mentioned dataset URLs/model checkpoints to
get complete license details.

Examples of Ambiguous Outputs
We report four representative example outputs obtained
from the VLMs where it was not able to classify amongst
list of labels. Corresponding model, prompt variant
and dataset is mentioned for each of these examples. Impor-
tant text leading to ambiguity is highlighted. Due to these
ambiguous outputs, we set a threshold of 90% support while
presenting and comparing our results.

(i) IDEFICS: Definition Input + Explanation output
(MAMI dataset)
Misogynistic - The meme depicts a
woman running from a car, which is
a stereotype that women are weak and
need to be protected. The woman is
also shown with a large belly, which is
an objectification of women’s bodies.
The meme is sexist and hateful towards
women.
Not-misogynistic - The meme is not
misogynistic because it does not depict

any form of hate towards women. It is
a simple joke that does not have any
negative connotations towards women.

In the above output, model instead of choosing only
one label out of {Misogynistic or Not-misogynistic} and
explaining the reason behind its classification, provided an
output with both labels. It further went on to justify both of
the labels.

(ii) INSTRUCTBLIP Vicuna 7B: Vanilla Input + Expla-
nation output (FHM dataset)
Example output for hateful meme:
hateful - This meme is hateful because
it makes fun of a woman’s appearance
and implies that she is not capable of
being a good mother.
Example output for not-hateful meme:
not-hateful - This meme is not hateful
because it is a lighthearted comment
about a woman’s appearance and does not
imply any negative judgments about her
abilities as a mother.

In the above output, model repeated the example output
format provided to it for both labels {Hateful and Not-
hateful}. It then further provided an explanation for both
labels corresponding to the input meme.

(iii) INSTRUCTBLIP Vicuna 7B: OCR Input + Vanilla
output (FHM Dataset)
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Prompt variants Prompt templates
Vanilla (input)

+
Vanilla (output)

Classify the input meme as ‘positive label’ or ‘negative label’. Provide the answer as either ‘positive label’ or ‘negative label’ only.
Example output for ‘positive label’ meme : ‘positive label’
Example output for ‘negative label’ meme : ‘negative label’

Definition (input)
+

Vanilla (output)

Consider the following definitions.
1. ‘positive label’ - “Definition of ‘positive label’ corresponding to dataset”
2. ‘negative label’ - “Definition of ‘negative label’ corresponding to dataset”
Classify the input meme as ‘positive label’ or ‘negative label’ based on the above definitions considering the image.
Provide the answer as either ‘positive label’ or ‘negative label’ only.
Example output for ‘positive label’ meme : ‘positive label’
Example output for ‘negative label’ meme : ‘negative label’

OCR (input)
+

Vanilla (output)

Classify the input meme as ‘positive label’ or ‘negative label’ considering the image as well as the extracted
text from the image which is delimited by three backticks.
Extracted text from the image: “‘OCR extracted text goes here”’
Provide your answer in the format: ‘positive label’ or ‘negative label’.
Example output for ‘positive label’ meme : ‘positive label’
Example output for ‘negative label’ meme : ‘negative label’

OCR & Definition (input)
+

Vanilla (output)

Consider the following definitions.
1. ‘positive label’ - “Definition of ‘positive label’ corresponding to dataset”
2. ‘negative label’ - “Definition of ‘negative label’ corresponding to dataset”
Classify the input meme as ‘positive label’ or ‘negative label’ based on the above definitions considering the image
as well as the extracted text from the image which is delimited by three backticks.
Extracted text from the image: “‘OCR extracted text goes here”’
Provide the answer as either ‘positive label’ or ‘negative label’ only.
Example output for ‘positive label’ meme : ‘positive label’
Example output for ‘negative label’ meme : ‘negative label’

Vanilla (input)
+

Explanation (output)

Classify the input meme as ‘positive label’ or ‘negative label’. Provide the answer as either ‘positive label’ or ‘negative label’ only
with an explanation within 30 words explaining your classification.
Example output for ‘positive label’ meme : ‘positive label’ - Explain within 30 words that why you classified this meme as ‘positive label’.
Example output for ‘negative label’ meme : ‘negative label’ - Explain within 30 words that why you classified this meme as ‘negative label’.

Definition (input)
+

Explanation (output)

Consider the following definitions.
1. ‘positive label’ - “Definition of ‘positive label’ corresponding to dataset”
2. ‘negative label’ - “Definition of ‘negative label’ corresponding to dataset”
Classify the input meme as ‘positive label’ or ‘negative label’ based on the above definitions considering the image. Provide your answer
as either ‘positive label’ or ‘negative label’ only with an explanation within 30 words explaining your classification.
Example output for ‘positive label’ meme : ‘positive label’ - Explain within 30 words that why you classified this meme as ‘positive label’.
Example output for ‘negative label’ meme : ‘negative label’ - Explain within 30 words that why you classified this meme as ‘negative label’.

OCR (input)
+

Explanation (output)

Classify the input meme as ‘positive label’ or ‘negative label’ considering the image as well as the extracted text from the image
which is delimited by three backticks.
Extracted text from the image: “‘OCR extracted text goes here”’
Provide your answer in the format: ‘positive label’ or ‘negative label’, followed by an explanation within 30 words explaining your classification.
Example output for ‘positive label’ meme : ‘positive label’ - Explain within 30 words that why you classified this meme as ‘positive label’.
Example output for ‘negative label’ meme : ‘negative label’ - Explain within 30 words that why you classified this meme as ‘negative label’.

OCR & Definition (input)
+

Explanation (output)

Consider the following definitions.
1. ‘positive label’ - “Definition of ‘positive label’ corresponding to dataset”
2. ‘negative label’ - “Definition of ‘negative label’ corresponding to dataset”
Classify the input meme as ‘positive label’ or ‘negative label’ based on the above definitions considering the image as well as the extracted
text from the image which is delimited by three backticks.
Extracted text from the image: “‘OCR extracted text goes here”’
Provide your answer in the format: ‘positive label’ or ‘negative label’, followed by an explanation within 30 words explaining your classification.
Example output for ‘positive label’ meme : ‘positive label’ - Explain within 30 words that why you classified this meme as ‘positive label’.
Example output for ‘negative label’ meme : ‘negative label’ - Explain within 30 words that why you classified this meme as ‘negative label’.

Table 8: EMPLOYED PROMPTS: Representative examples for different prompt variants. Definition for corresponding labels
can be picked from Appendix. ‘positive label’ and ‘negative label’ will be replaced by corresponding labels as per the dataset.
Note: Important text in each prompt variant has been indicated in boldface.

The image contains a man who is eating
a banana, and the text "bravery at its
finest" is written above it. Based on
the context and the extracted text, it
is not possible to determine whether

the meme is hateful or not-hateful.

In the above output, the model does not adhere to the
desired output format. Instead of generating only the label
out of {Hateful or Not-hateful}, it gives a brief explanation
and finally infers that it is not possible to determine whether
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the meme is hateful or not.

(iv) INSTRUCTBLIP FlanT5-xl: OCR Input + Explana-
tion output (HARM-C dataset)
The message from President Trump to
Covid-19 is a meme that is a warning
to people to leave the country. The
message is not harmful, but it is not
harmless.

Here, the model’s output does not adhere to the desired
output format. Moreover, model diplomatically bypassed the
classification task by considering meme to be neither harm-
ful nor harmless.

Multimodal BERTopic Image Clusters
The image clusters of the error typology induction for FHM,
MAMI and HARM C+P datasets are presented in Figure 4.

BHM and HINGLISH Typology
From Figure 5, we surprisingly observe that both models
seemingly correctly classify to offensive for BHM dataset
since the induced topic – f*cking, mullah, nibba, and nibbi
are indeed used to propagate hateful sentiments and are
prevalent within Indian subcontinent. Also, the decreased
distribution of CASE 2 and CASE 4 compared to English
datasets for GPT-4O signifies its weakness for multilingual
data. For HINGLISH, most clusters contain common pro-
nouns used in HINGLISH language. However, for both mod-
els, the second cluster corresponding to cases of misclas-
sification to the not offensive class has keywords related
to Covid-19; this again corroborates the earlier observation
from the occlusion based experiments.

Therefore, the extended study on BHM and HINGLISH
further demonstrates the importance of our automatic typol-
ogy induction.

Annotation Guidelines
The annotation process was carried out to evaluate the effect
of occlusion of misclassified memes across four cases. For
each case, annotators had to bifurcate every meme into sys-
tematic error cases. These cases were defined by the authors
of the paper after having a broad review of all misclassifi-
cation cases. Further, it was observed that each case broadly
focused on specific classes. Annotators were asked to assess
each of the cases alongwith occlusion results to help us bet-
ter understand the specific regions of the meme important
for the models.
Four separate files were created, each corresponding to one
of these cases, to document these instances and understand
the nuances of model errors. Each page of the file contains
the image ID, the original image, its ground truth label,
the occluded images that changed the original prediction,
and the corresponding predictions after occlusion. The eval-
uation process identified and categorized the misclassified
memes into nine distinct error situations based on their vi-
sual and textual characteristics:

1. NHM (Not hateful memes): Memes featuring common
target words (e.g., “Islam,” “migrants,” “white”), politi-
cal figures, or profane language.

2. WA (Wrong annotation): Memes incorrectly labeled in
the dataset.

3. SI (Stacked images): Memes with overlaid or stacked
visual elements.

4. MCVG (Multiple color variations or grayscale):
Memes containing varied color schemes, grayscale visu-
als, or multiple objects.

5. URET (Unreadable embedded text): Memes with
lengthy or small-font embedded text that is difficult to
read.

6. IM (Implicit hate meme): Memes that convey hate or
harmful content implicitly, where the harmful intent is
not straightforward to understand.

7. PFW (Perturbed or animated faces of women):
Memes featuring distorted, exaggerated, or animated fe-
male faces.

8. NV (Nudity or vulgarity): Memes containing explicitly
vulgar/nude visuals or embedded text.

9. FC (Fake conversation): Memes designed as fabricated
dialogues or text exchanges.

The results of the annotation process, are summarized in
the main content of the paper and we have provided detailed
insights into the distribution of these situations across the
four cases for both GPT-4O andLLAVA-1.5 13B models.
For instance:

• CASE 1: Prominently featured NHM, WA, PFW, and SI,
indicating these categories were sensitive to occlusion.

• CASE 2: Largely influenced by WA and NHM, indicat-
ing wrong annotation in datasets and stereotyping com-
mon target words.

• CASE 3: Showed issues with NV and MCVG, where
models struggled with explicit content or complex visual
layouts.

• CASE 4: Highlighted errors in processing FC and IM,
emphasizing limitations in understanding fabricated con-
texts or subtle cues.

The annotation process sheds light on the limitations of
VLMs when handling nuanced or visually complex memes.
By categorizing errors and analyzing the impact of occlu-
sion, the study underscores the importance of improving fea-
ture extraction and capturing subtle contextual cues to en-
hance model robustness and predictive accuracy.

Takeaways From Prompt Variants
While we have covered extensive experiment and analysis
in the main content, we summarize key observations here as
well.
(i) Open source models tend to perform much better when
vanilla as output is prompted. They seemingly confuse with
the generation of explanation.
(ii) OCR text alone helps IDEFICS and the incorporation
of definition generally degrades its results.
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Misclassified to
hateful

Misclassified to
not hateful

Misclassified to
misogynistic

Misclassified to
not misogynistic

Misclassified to
harmful

Misclassified to
not harmful

Misclassified to
hateful

Misclassified to
not hateful

Misclassified to
misogynistic

Misclassified to
not misogynistic

Misclassified to
harmful

Misclassified to
not harmful

Figure 4: TYPOLOGY CLUSTERS: Upper panel images: GPT-4O error clusters. Lower panel images: LLAVA-1.5 13B error
clusters. Each cluster and dataset are separated by dashed lines.

(iii) OCR + definition works best for LLAVA-1.5 models.
Surprisingly, 7B version works best with explanation as out-
put while 13B works best with vanilla as output.
(iv) We can safely say that although open source VLMs
might be good at generation, their performance as predictors
needs improvement. Our study proves that although open
source VLMs are good generators, a long path awaits be-
fore they match with likes of GPT-4O.
(v) We also observed that the models which generally per-
form better across all datasets are also more stable; hence
GPT-4O had the least standard deviation across all models
considered.

(vi) On multilingual datasets, even GPT-4O struggles in
terms of performance.
(vii) INSTRUCTBLIP models generate very large outputs
which leads to ambiguity. This behavior considerably in-
creases in case of explanation as output.

Examples of Wrong Annotation
Figure 7 presents fifteen memes; nine from MAMI and six
from FHM. All these memes are marked as either misogy-
nistic or hateful by human annotators employed in our work.
All these fall in CASE 2 i.e., none of the occluded sam-
ples were able to correct the prediction. We can observe that
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BHM

fucking, dad,
nibba, nibbi,

friend, middle,
mim, law,

bangladeshi, uncle

phuchka, eat,
boys, shop,

shouldered, 100,
rupee, mullah,

mosque, married

Case 1: 64%, Case 2: 36% BHM

don, like, today,
girl, come, ll,
father, want,
know, man

doing, don,
biology, know,

face, government,
girls, boys, time,

10

Case 1: 48%, Case 2: 52%
Case 3: 30%, Case 4: 70%
Case 3: 42%, Case 4: 58%

BHM

say, house,
married, got,

mim, marriage,
nibba, finny,
nibbi, does

fucking, dear, oh,
jackfruit, people,

agree, sure, suicide,
smell, serial

Case 1: 77%, Case 2: 23% BHM

don, want,
girls, know, baby,

today, just,
ll, getting, like

girl, like,
bangladesh,

month, come,
father, bengali,

rubel, door, village

Case 1: 78%, Case 2: 22%
Case 3: 43%, Case 4: 57%
Case 3: 33%, Case 4: 67%

GPT-4o
X

LLAVA - 1.5 13B

HNG

hai, ko, ka, ke, nahi,
ki, kaha, karta, nay,

hindi

girls,
21, lockdown,
main, days,

boys, hanging,
make, moti, yaar

Case 1: 65%, Case 2: 35%
HNG

hai, kya, nahi, ki,
ho, ke, se, salman,

bhi, khan

coronil, patanjali,
ramdev, baba,

corona, medicine,
cure, launches, 19,

covid

Case 1: 67%, Case 2: 33%
Case 3: 41%, Case 4: 59%
Case 3: 48%, Case 4: 52%

HNG

hindi, hai, unit, ka,
mai, si, nahi, learn,

dyan, di

hai, baar, modi, se,
ke, corona, singh,

chatni, sarkar,
sushant

Case 1: 77%, Case 2: 23%
HNG

hai, kya, ki, nahi,
ka, ko, salman, na,

gay, hi

coronil, patanjali,
ramdev, baba,

corona, medicine,
covid, cure, 19,

launch

Case 1: 79%, Case 2: 21%
Case 3: 56%, Case 4: 44%
Case 3: 52%, Case 4: 48%

GPT-4o
X

LLAVA - 1.5 13B

Figure 5: TYPOLOGY EXTENDED: Green circles represent misclassification to positive label; red signifies misclassification to
negative label. Each set of misclassification is bifurcated into two clusters. Distribution of cases, topic words and representative
image cluster are shown for GPT-4O and LLAVA-1.5 13B models, for BHM and HINGLISH datasets. Important keywords in
each topic are marked in bold.

FHM

hateful, meme,
dehumanizing,

based, attack, hate,
historical, religion,
indirectly, people

meme, hateful,
dehumanizing,

dehumanizes, based,
comparing, people,

implies, attack,
constitutes

Case 1: 26%
Case 2: 74% FHM

meme, nothateful,
based, characteristics,

attack, does,
attacking,

dehumanizing, group,
humorously

text, nothateful, does,
protected, attack,

characteristics, based,
individual, contain,

depict

Case 1: 15%
Case 2: 85%

Case 3: 28%
Case 4: 72%
Case 3: 25%
Case 4: 75%

MAMI

misogynistic, meme,
women, stereotypes,
objectifies, shaming,
implying, offensive,

negative,
objectification

misogynistic, women,
meme, stereotype,
sexist, reinforces,

offensive, implying,
perpetuates, kitchen

Case 1: 28%
Case 2: 72% MAMI

notmisogynistic,
meme, women,

offensive, sexist, does,
hate, shaming, hateful,

targeting

meme,
notmisogynistic,

women, hate, does,
humorously,

humorous, express,
offensive, specifically

Case 1: 28%
Case 2: 72%

Case 3: 40%
Case 4: 60%
Case 3: 34%
Case 4: 66%

HCP

harmful, emotional,
disturbance, meme,

defamation,
potentially, cause,
harm, individuals,

political

harmful, meme, health,
potentially, emotional,
covid19, disturbance,

cause, individuals,
misinformation

Case 1: 32%
Case 2: 68% HCP

notharmful, meme,
harm, individual,

does, cause,
defamation,

organization,
humorous,

humorously

political, notharmful,
meme, harm, causing,

individuals,
organizations,

individual, society,
organization

Case 1: 44%
Case 2: 56%

Case 3: 26%
Case 4: 74%
Case 3: 28%
Case 4: 72%

BHM

hateful, mocks, meme,
based, denigrating,

potentially, religious,
geographical,

cultural, status

hateful, meme, based,
individuals,
stereotypes,

potentially, social,
harmful, uses, mocks

Case 1: 52%
Case 2: 48% BHM

meme, nothateful,
based, humorously,

group, social, entity,
norms, gender, race

text, nothateful, based,
denigrate, group,

specific, social,
humorous, entity,

harm

Case 1: 62%
Case 2: 38%

Case 3: 33%
Case 4: 67%
Case 3: 46%
Case 4: 54%

HNG

offensive, meme,
based, degrades,

appearance, women,
stereotypes, gender,

implying, seen

offensive, meme,
making, harm,

degrading,
individuals, language,
harmful, insults, based

Case 1: 69%
Case 2: 31%

HNG

nonoffensive, meme,
group, based,

individual, attributes,
humorously,
degrading,

dehumanizing, social

meme, nonoffensive,
group, attributes,

humorously, based,
critiques, individual,

dehumanizing,
attacking

Case 1: 62%
Case 2: 38%

Case 3: 43%
Case 4: 57%
Case 3: 43%
Case 4: 57%

Figure 6: TYPOLOGY EXPLANATION: Green circles represent misclassification to positive label; red signifies misclassifica-
tion to negative label. Each set of misclassification is bifurcated into two clusters. Distribution of cases and topic words are
shown for GPT-4O for FHM, MAMI, HARM-C + P, BHM and HINGLISH datasets. Important keywords in each topic are
marked in bold.

GPT-4O does not only predict these cases correctly, but also
provides reasonable justification.

Analysis of GPT-4O Explanations
In Figure 6, we provide the induced typology of GPT-4O
explanations for misclassified samples. We use the default
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GPT-4o output: misogynistic - This meme
objectifies women by making a sexual innuendo
through inappropriate imagery and text, which is

offensive

GPT-4o output: misogynistic - The meme
perpetuates a stereotype that women should be
subservient to men by suggesting that a woman

should make a sandwich

GPT-4o output: hateful - The meme indirectly
dehumanizes and compares a person to a non-
human thing, which is considered a violent and

dehumanizing attack based

GPT-4o output: misogynistic - The meme
perpetuates a stereotype by implying violence
against a woman for not making a sandwich,

which is sexist and offensive.

GPT-4o output: hateful - This meme
dehumanizes people by comparing them to
non-human primates and implies a violent

progression, which constitutes a dehumanizing

GPT-4o output: hateful - This meme dehumanizes and
mocks individuals based on gender and religion,

implying they need to follow practices to avoid sexual
violence from close family

Mocks people of black community Mocks people of black community Mocks muslims

Portrays women as sexual entity Portrays women as sandwich makers
Portrays women as violent

when asked to make sandwich

GPT-4o output: misogynistic - The meme
objectifies a woman by focusing on and

sexualizing her body in an inappropriate manner.

GPT-4o output: misogynistic - The meme
uses sexism and objectification by

implying that women's worth is tied to
fulfilling men's needs, stereotyping women

with the expectation

GPT-4o output: misogynistic - The meme
objectifies women by comparing a girlfriend
to a cow and using derogatory language, thus

perpetuating harmful stereotypes and
disrespect

Portrays women as sexual entity;
usage of derogatory terms.

Portrays women as sandwich makers
and sexual entities

Portrays women as sexual entity; references
that they should blo**ob when hungry

GPT-4o output: misogynistic - The meme
implies a derogatory comparison between male
and female anatomy, promoting stereotypes and
offensive humor about women and their bodies.

GPT-4o output: misogynistic - This
meme includes objectification and explicit

references to sexual acts involving a
woman, presented in a demeaning manner

GPT-4o output: misogynistic - The meme
implies women should be in subservient roles,
such as making sandwiches, and discredits the

significance of International Women's day

Portrays women's sexual organ inappropriately Portrays women as sexual entity Targets an individual and portrays
women as sandwich makers

GPT-4o output: hateful - This meme dehumanizes
and perpetuates negative stereotypes about

individuals named Jamal, which can be linked to a
specific ethnicity or nationality

GPT-4o output: hateful - This meme
dehumanizes and objectifies women by

referring to them as "72 virgins" in a sexual
context

GPT-4o output: hateful - The phrase "stupid bitch" is a
derogatory term and constitutes an attack based on sex

or gender identity

Mocks muslims Stereotypes muslims by referencing
'Jamal'; a muslim name; as terrorist

Mocks women;
usage of vulgar language

Figure 7: EXAMPLES OF WRONG ANNOTATION: Fifteen examples, nine from MAMI and six from FHM are shown for
CASE 2 of GPT-4O with def + OCR as input and explanation as output. Output of the model is also provided.
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BERTopic pipeline to generate typology alongwith clusters
and summarize our key observations:
(i) The induced topics are not very diverse compared to what
we obtained previously (refer to Figures 2 and 5). Although
these topics provide insights into the generation capability
of the model, they cannot be effectively brewed as safety
guardrails.
(ii) From the misclassification to negative labels (red cir-
cles in Figure 6), we observe that models generate words
like ‘humorously’ and ‘humorous’. Drawing from occlusion
based analysis we conclude that models generally consider
implicitly hateful memes as humorous and are unable to
identify hidden hateful elements.
(iii) Further we also observe from the misclassification to
negative labels that the model is seemingly over aggressive
to classify memes targeting ‘group’, ‘society’ and ‘organi-
zation’ as not-(hateful/harmful/offensive).
(iv) The topic ‘stereotype’ is only present in misclassifi-
cation to positive label for MAMI, BHM and HINGLISH
datasets. Interestingly, ‘religion’ and ‘religious’ also fall un-
der misclassification to positive label for FHM & BHM
(both datasets contain hateful memes). This reinforces the
observations from our occlusion based study whereby the
models seem to excessively stereotype religion and force-
fully misclassify.
(v) Another interesting observation is the presence of words
like ‘implies’ and ‘implying’ only in the topic clusters for
miscalssification to positive labels – this means that models
like GPT-4O attempt to stress on defending its classification
to positive labels.
(vi) GPT-4O when given definition as input generates rel-
evant explanations, containing the words like ‘dehumaniz-
ing’, ‘objectification’, ‘stereotypes’, ‘shaming’ and ‘defama-
tion’ among many others. This tells us that after analyzing
the image and OCR text, GPT-4O is able to lucidly apply
reasoning to generate task specific and relevant output.
(vii) Surprisingly, the case distribution of clusters highly
align with what we concluded in actionable evaluation study.
This concludes that the rigidness distribution is just not lim-
ited to inputs but is propagated to outputs as well.
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