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Abstract—Memes have become a double-edged sword on social
media platforms. On one hand, they facilitate the rapid dissemi-
nation of information and enhance communication. On the other
hand, memes pose a risk of spreading harmful content under the
guise of humor and virality. This duality highlights the need to
develop effective moderation tools capable of identifying harmful
memes. Current detection methods, however, face significant
challenges in identifying harmful memes due to their inher-
ent complexity. This complexity arises from the diverse forms
of expression, intricate compositions, sophisticated propaganda
techniques, and varied cultural contexts in which memes are
created and circulated. These factors make it difficult for existing
algorithms to distinguish between harmless and harmful content
accurately. To understand and address these challenges, we first
conduct a comprehensive study on harmful memes from two novel
perspectives: visual arts and propaganda techniques. It aims to
assess existing tools for detecting harmful memes and understand
the complexities inherent in them. Our findings demonstrate that
meme compositions and propaganda techniques can significantly
diminish the effectiveness of current harmful meme detection
methods. Inspired by our observations and understanding of
harmful memes, we propose a novel framework called HM-
GUARD for effective detection of harmful memes. HMGUARD
utilizes adaptive prompting and chain-of-thought (CoT) reasoning
in multimodal large language models (MLLMs). HMGUARD has
demonstrated remarkable performance on the public harmful
meme dataset, achieving an accuracy of 0.92. Compared to the
baseline, HMGUARD represents a substantial improvement, with
accuracy exceeding the baselines by 15% to 79.17%. Additionally,
HMGUARD outperforms existing detection tools, achieving an
impressive accuracy of 0.88 in real-world scenarios.
Disclaimer. This paper contains harmful content, which has the
potential to be offensive and may disturb readers.

I. INTRODUCTION

Memes have become a widely used and captivating
medium on social media, often employed to disseminate ideas,
∗ Equal contribution.
∥ Corresponding author.

Fig. 1: A harmful meme example.

cultures, trends, and events [1], [2]. They are now a prominent
form of online expression, typically combining images and
text to deliver messages in a concise, engaging, and impactful
way. Memes on the Internet possess unique characteristics,
such as susceptibility to parody, incorporation of intertex-
tuality, viral propagation, and evolution over time [3], [4].
Online users utilize the characteristics of memes for humor
or ridicule. However, there is a more concerning side: the
same characteristics can be exploited by malicious individuals
to create and spread memes containing explicit or implicit
harmful content on social media, often evading detection [5].
For example, Fig. 1 illustrates a harmful meme that combines
multiple sub-images to demonstrate how the term “China
Virus” assimilates other expressions of the virus, such as
“COVID19”, “Coronavirus”, and “SARS-COV”. This process
of assimilation contributes to the stigmatization of a particular
nationality. Harmful memes pose significant threats to society
by causing discomfort, stigmatization, or even harm to indi-
viduals [6]–[8]. Furthermore, such memes have the potential
to negatively impact public online experiences, contribute to
cyber radicalization [9], and even incite real-world crimes [10].

Network and Distributed System Security (NDSS) Symposium 2025
24-28 February 2025, San Diego, CA, USA
ISBN 979-8-9894372-8-3
https://dx.doi.org/10.14722/ndss.2025.240415
www.ndss-symposium.org



Consequently, there is an urgent need for methods that can
effectively detect harmful memes.

Meta, previously known as Facebook, recently introduced
the “Hateful Memes Detection Challenge”, highlighting that
the pro�ciency of deep learning-based arti�cial intelligence to
identify hateful memes still falls signi�cantly short of human-
level discernment [6]. This competition has ignited substantial
research interest in the �eld of hateful and harmful meme de-
tection [11]–[14]. Despite these efforts, existing detection tools
have struggled to achieve satisfactory performance, largely due
to the inherent complexities of harmful memes that remain
poorly understood. Several works have speculated and hy-
pothesized about the failures of detection and the challenges
brought about by harmful memes, such as the lack of advanced
reasoning ability of existing tools [14], [15], and the neglect
of important features in image caption extraction methods [6],
[16]. Nevertheless, a signi�cant gap persists in systematic anal-
ysis, as current research predominantly focuses on addressing
the limitations of detection models rather than delving into
understanding the underlying complexities speci�c to harmful
memes that make them so challenging to detect.

Encouragingly, recent research on memes has highlighted
the importance of visual arts [17] and propaganda tech-
niques [18]–[20] in understanding memes, shedding new light
on harmful meme detection. Speci�cally, in the realm of
visual arts, composition—de�ned as the organization of vi-
sual elements such as panel count and image scale—holds
signi�cant importance. The challenge in detecting harmful
memes arises because subtle changes in composition can shift
a meme's perceived meaning and emotional impact, often
allowing harmful intent to be obscured within seemingly
harmless visuals. Similarly, propaganda techniques, which
employ strategic rhetorical and psychological tactics to in-
�uence opinions or behaviors towards speci�c objectives,
introduce additional detection challenges for detection. These
techniques can mask manipulative content within persuasive
rhetoric, complicating the identi�cation of harmful intentions.
Addressing these complexities requires integrating visual arts
and propaganda techniques into meme detection frameworks,
emphasizing reasoning-based methodologies.

In this work, we present the �rst systematic investigation
into the challenges in detecting harmful memes, with a focus
on their inherent complexity. Our �ndings, evidenced by a
low true-positive rate, reveal that existing detection tools are
inadequately equipped to tackle these challenges effectively.
We conduct a thorough analysis of the factors contributing
to memes' inherent complexity, focusing on their composition
and the use of propaganda techniques. Our analysis indicates
that complex meme compositions, such as stitching images
(i.e., combining multiple images into one meme to deliver a
complete message), signi�cantly undermine the effectiveness
of existing harmful meme detection tools. Additionally, the
employment of propaganda techniques in memes further com-
plicates detection efforts by embedding harmful content within
sophisticated rhetorical and psychological triggers. These �nd-
ings underscore the need for sophisticated detection methods
that can understand and address both compositional complex-
ities and the subtleties of propaganda techniques.

Building on our new understanding and integrating existing
knowledge about harmful memes, we design and develop a

novel framework,HMGUARD 1, speci�cally tailored to detect
harmful memes effectively.HMGUARD is the �rst harmful
meme detection framework that utilizes adaptive prompting
[21] and a chain-of-thought (CoT) reasoning strategy [22]
with multimodal large language Models (MLLMs). It prop-
erly leverages MLLMs' capability to integrate multimodal
semantics with sophisticated reasoning abilities, effectively
addressing the complexities of harmful memes. Meanwhile,
we designed a CoT reasoning strategy namedHMCOT, which
decomposes the process of harmful meme detection into seven
steps, targeting different aspects of the challenges posed by
harmful memes. As a result, our framework achieves a state-
of-the-art (SOTA) performance, with an accuracy score of 0.92
in harmful meme detection.

The key contributions of this paper are as follows:

� New understanding of harmful memes from novel
perspectives.This study presents a novel understand-
ing of the challenges posed by harmful memes. Our
�ndings reveal the multifaceted challenges related to
complex meme compositions, such as stitching im-
ages. In addition, propaganda techniques embedding
harmful content within sophisticated rhetorical and
psychological triggers also pose intractable challenges
to harmful meme detection. These insights shed light
on new prerequisites for enhancing inspection tools
and underpin the development of innovative frame-
works.

� New framework for harmful meme detection. We
design and develop a new harmful meme detection
framework calledHMGUARD. HMGUARD is a novel
harmful meme detection framework that utilizes adap-
tive prompting and CoT reasoning in MLLM to realize
zero-shot adaption and multimodal complex reason-
ing, effectively alleviating the challenges brought by
harmful memes.

� Extensive evaluation ofHMG UARD. The evaluation
results show that our system achieves the most ad-
vanced accuracy rate of 0.92 and F1-score of 0.91
in detecting harmful memes, and all the evaluation
indexes exceed the highest level of the baselines. For
the hateful meme dataset, our system's detection accu-
racy is 24.64% higher than the state-of-the-art (SOTA)
benchmarks, and 41.67% higher on the F1-score.
Furthermore, the experimental results indicate that
on two public datasets, the prompt strategy proposed
in this paper signi�cantly enhances performance by
15.28% to 96% compared to the MLLM-based method
with a generalized prompt. In real-world scenarios,
our framework has proven effective in detecting harm-
ful memes prevalent on social media platforms and
achieved an accuracy of 0.88 and an F1-score of 0.86.

II. BACKGROUND AND RELATED WORK

A. Harmful Memes

In recent years, the digital landscape has witnessed the
emergence of a new and rapidly proliferating form of harmful

1Our framework is available at https://github.com/koi-yong/HMGuard.
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content: harmful memes [7]. Unlike traditional harmful con-
tent, harmful memes often employ humor and satire, making
it more challenging to discern their intent and mitigate their
impact [15]. The potency of these memes lies in their ability
to encapsulate complex and often insidious messages in a
format that is easily digestible, highly shareable, and capable
of bypassing conventional content moderation systems due to
their nuanced and context-dependent nature [4].

Harmful memes are rapidly facilitating the dissemination of
hate speech [23], misinformation, and extremist ideologies [5].
Their capacity to cloak harmful content in layers of irony
and cultural references makes them particularly attractive to
younger demographics, creating signi�cant challenges in limit-
ing their reach and impact [5]. The detrimental effects of these
memes often extend beyond the digital sphere, inciting real-
world actions, contributing to individual radicalization, and
deepening social divisions [10].

B. Harmful Meme Detection

Harmful memes pose signi�cant challenges for automated
detection due to their complex interpretation, rapid evolution,
and the integration of visual and textual content. The intricacies
of cultural references and humor make it dif�cult to under-
stand their intent without context, while their swift evolution
surpasses the capabilities of detection tools [5]. Moreover, the
seamless fusion of visual and textual elements necessitates a
comprehensive analysis to effectively detect and mitigate their
potential harm [24], [25]

Pramanick et al. [7] formally de�ned the harmful meme
concept and demonstrated its dependence on contextual
factors. The complex nature of memes, which often rely on
multiple modalities, makes it challenging to yield good perfor-
mance only using unimodal detection methods like BERT [26]
or VGG19 [27]. From the initial single pipeline feature analysis
evolved to using traditional pre-trained encoders to derive
the image and text representations and focusing on designing
new methods to fuse multimodal data [28]. To better fuse the
relationship between modes, the detection methods based on
prompt learning use the template to extract the key information
in memes [11], [12], to predict the mask decision target better.

It is worth mentioning that ExplainHM is one of the SOTA
existing works in the �eld of harmful meme detection. Ex-
plainHM [29] leverages the debate capability of large language
models to generate and debate explanations from different
perspectives and then uses a smaller model to judge the
harmfulness by synthesizing these debates with the multimodal
content of memes.

Existing harmful meme detection tools only focused on
marginal improvements in detection performance, failing to ad-
dress the challenges inherent in the nature of harmful memes.
Moreover, these tools lack the capability forreasoning[30],
which is crucial for understanding and moderating the threats
posed by harmful memes.

C. Multimodal Large Language Models and Chain-of-Thought
Prompting

With the rapid development of the visual-language model
(VLM) and large language model (LLM) in recent years,

accumulating works improve text-image semantic fusion us-
ing these two advanced models. Visual Question Answering
(VQA) tasks in VLM allow for the extraction of abundant
feature information from memes in the form of queries.
However, due to the lack of complex reasoning ability and
rich background knowledge in the language model, VLM still
has deviation in understanding harmful memes [13]. LLMs
have rich background knowledge and more advanced complex
reasoning abilities. However, due to insuf�cient information
provided by the vision extractor, the model's understanding of
image features and meanings may not be in place [14]. The
integration of LLMs with visual capabilities has led to the
emergence of multimodal large language models (MLLMs),
such as GPT-4 [16]. MLLMs have demonstrated impres-
sive performance on various vision-language tasks, including
image-context reasoning, conceptual understanding, preference
distillation, and embodied reasoning [31]. These advanced
MLLMs stand out for their exceptional interpretability, adapt-
ability, and augmented contextual insight, presenting numerous
prospects for addressing complex and novel challenges in
the intersection of vision and language. In our study, we
leverage the capabilities of MLLMs to identify and analyze
the complex patterns of harmful memes within explainability
and interpretability.

Chain-of-thought (CoT) [22] prompting breaks questions
into a sequence of reasoning steps before arriving at a �nal
answer. LLMs can perform various reasoning tasks by using
chain-of-thought prompting, which guides them to �nd an-
swers through step-by-step demonstrations. Shao et al. [32]
introduce synthetic prompting, a method that leverages a
few handcrafted examples to prompt the model to generate
more examples by itself and selects effective demonstrations
to elicit better reasoning. Yoran et al. [33] introduce Multi-
Chain Reasoning (MCR), an approach that prompts LLMs
to meta-reason over multiple chains of thought rather than
aggregate their answers. With the rapid development of mul-
timodal technology and MLLMs, Zhang et al. [34] propose a
multimodal-CoT that incorporates language (text) and vision
(images) modalities into a two-stage framework that separates
rationale generation and answer inference. In our study, we
innovatively extend the application of CoT to the �eld of
harmful meme detection, utilizing the reasoning capabilities of
CoT to understand and detect harmful memes more effectively.

III. T HREAT MODEL

Harmful memes are a potent medium for the dissemination
of misinformation, incitement of violence, and propagation of
discrimination and hate speech. Due to their often humorous or
satirical packaging, these memes can evade traditional scrutiny
and moderation, making them particularly insidious tools for
in�uencing public opinion and behavior. The rapid propagation
capabilities of these memes through social networks exacer-
bate their potential impact, necessitating robust detection and
mitigation strategies.

In the context of harmful memes, adversaries typically
include online users who intentionally or unintentionally share
or distribute them. Their motivations range from seeking to
in�uence public discourse to sowing discord or unrest. The
targets of harmful memes are generally the broader online
community, which can include vulnerable or marginalized
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groups who are disproportionately affected by the negative
consequences of these memes.

Social media platforms like X and Meta offer content
control and moderation mechanisms that empower users to
report sensitive or inappropriate content [35], [36]. Such
tools are crucial �rst lines of defense in mitigating the
spread of harmful memes. However, the effectiveness of these
mechanisms varies widely due to cultural, gender, and racial
sensitivities, which can in�uence the perception and reporting
of potentially harmful content. This variability often places a
signi�cant burden on platform administrators and automated
detection tools, which must navigate these complex and
nuanced landscapes to identify and mitigate harmful content
effectively. The primary challenge in combating harmful
memes lies in the timely and accurate detection of both explicit
and implicit harmful content. Current automated tools can
struggle with the subtleties and contextual nuances of memes,
leading to under-detection or false positives. Moreover, the
reliance on user reports can result in inconsistent moderation
across different regions and communities.

Therefore, this work aims to bridge the gap between current
automated detection methodologies and human knowledge. By
employing advanced machine learning techniques combined
with insights derived from human moderators, we design a
novel system capable of understanding the semantic subtleties
and context-speci�c nuances in harmful memes. This system
will effectively detect harmful memes, thereby facilitating the
creation of safer and more respectful online environments.

IV. M EASUREMENT AND OBSERVATION

In this section, we present our studies focused on examin-
ing the effectiveness of existing methods for detecting harmful
memes, as well as understanding the challenges involved in
this detection process. These studies are critical in identifying
the limitations of current technologies and paving the way for
the development of more advanced and accurate approaches.

A. Data Preparation

In our study, we aim to understand the composition chal-
lenges of harmful memes. To this end, we utilize two well-
established datasets in the �eld of harmful meme detection:
HarMeme [7] and Meta Hateful Memes (FHM) [6].

HarMeme. The HarMeme dataset contains original memes
that were actually shared on social media, and most of the
content is related to COVID-19 [7]. The dataset categorizes
these memes into three groups: “very harmful”, “somewhat
harmful”, and “harmless”. To ensure comparability with prior
studies, we merge the “very harmful” and “somewhat harmful”
categories into a single “harmful” category, following the eval-
uation settings of recent works [11]–[14], [24]. This adjustment
transforms the task from a three-class classi�cation to a binary
classi�cation problem.

Meta Hateful Memes (FHM). The FHM dataset was devel-
oped and disseminated by Meta during the Hateful Memes
Challenge, which focuses on identifying hateful memes [6].
Compared to harmful memes, hateful memes target entities
mainly based on personal attributes [24]. In this study, we
choose this dataset as instances of content designed to in�ict

TABLE I: Overview of datasets.

Dataset # Memes # Harmful # Harmless

HarMeme 289 110 179
FHM 711 422 289

Total 1000 532 468

harm, assisting in the formulation of detection strategies for a
wider spectrum of harmful content.

In our study, we utilized the test sets from these two
datasets to investigate the challenges of existing methods
to detect harmful memes. To ensure the reliability of the
data, we �rst cleaned the dataset by removing the repetitive
memes. Then, we excluded the memes with text that was
unrecognizable. In addition, by eliminating the redundancies
and ambiguities, we ensured that each meme in our collection
was distinct and contributed unique value to the dataset.
Consequently, we compiled a re�ned dataset comprising
1,000 memes as depicted in TABLE I. This process not only
streamlines the analysis but also enhances the accuracy of
any insights derived from the data.

B. Failure of Existing Detection Methods

In order to understand the effectiveness of existing harmful
meme detection systems, we measured the state-of-the-art
detection methods (ExplainHM, discussed in § II-B) and two
advanced MLLMs (LLaVa [37] and GPT-4 [16]) with the
HarMeme dataset. Due to the universality and effectiveness of
these detection methods and MLLMs, they can be considered
representatives of existing technologies that can be used for
harmful meme detection.

Speci�cally, ExplainHM uses a prompt in an LLM, “Given
the meme, with the Text: [T] embedded in the Image, and
the following two meme rationales: (1) Harmless: [r hl ]; (2)
Harmful: [r hf ], is this meme harmless or harmful?”, alongside
the meme in question, as input. ExplainHM will analyze
the aspects of both harmful and harmless, and summarize
the decision through a response in the form of debate. For
the chosen MLLMs, our methodology involves supplying a
general prompt, “Is this meme harmful or harmless?”. The
MLLMs then generate a response that concludes their decision,
classifying the meme as either “harmful” or “harmless”.

In the experiments, we use the True Positive Rate (TPR) as
our measurement metric, focusing on the model's effectiveness
in detecting harmful content. TPR, also known as sensitivity
or recall, is de�ned as the ratio of true positives to the total
number of actual positives (i.e., the sum of true positives and
false negatives). Here, true positives represent harmful memes
correctly identi�ed by the model, while false negatives refer
to harmful memes misclassi�ed as harmless.

The low TPR values reported in TABLE II highlight
that existing tools have signi�cant room for improvement
in detecting harmful memes. For instance, ExplainHM, an
LLM-based method, achieves only 57.72% TPR. Similarly,
the selected MLLMs perform poorly, with TPRs ranging from
just 16.94% to a maximum of 52.42%. This underperformance
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TABLE II: Existing methods in detecting harmful memes.

Detection Methods TPR

ExplainHM 57.72 %
LLaVa 16.94 %
GPT-4 52.42 %

stems from a predominant focus on advancing application
models rather than addressing the inherent challenges posed
by harmful memes, which severely limits the effectiveness of
existing detection methods.

C. Harmful Meme Detection Challenges

Building on our previous studies, we aim to explore the
challenges posed by harmful memes and develop a novel
method for their effective detection. Our work motivation fo-
cuses on the research of three challenges:multimodal semantic
fusion, meme composition, andmeme propaganda technique.

� Multimodal semantic fusionrefers to the semantic fu-
sion of memes containing text and image information.
The nuanced interplay between text and image can
convey subtle or overt harmful content. We discuss this
in §IV-D that the fusion of text and visual semantics
brings challenges to harmful meme detection.

� Meme compositionrefers to the organization of visual
elements in a picture from the perspective of visual
arts. Meme composition can subtly alter the perceived
meaning and emotional impact, hiding harmful intent.
We verify its effects on harmful meme detection in
§IV-E.

� Meme propaganda techniquecan be de�ned as a
form of communication that aims to in�uence the
opinions or actions of people towards a speci�c
goal [18]. Meme propaganda techniques introduce
another layer of complexity by cloaking manipulative
content with strategic communication, further compli-
cating the identi�cation of harmful content. we discuss
the challenges it brings to harmful meme detection in
§IV-F.

D. Multimodal Semantic Fusion

Early methods for harmful meme detection relied heavily
on the capabilities of traditional pre-trained encoders to extract
features from each modality independently [38]–[40], where
separate channels for text and image data were analyzed
without considering the integrative aspects of multimodal
content. Recent advancements have introduced sophisticated
models such as VisualBERT [41] and VL-T5 [42], which
utilize multimodal pre-training and fusion techniques that
can integrate textual and visual modalities from memes.
However, such multimodal models are limited in their
ability to understand the semantic interplay between different
modalities. Speci�cally, memes often have the unique
property where the text does not directly caption the image,
and the relationships between the modalities can be ironic

or contradictory. This makes understanding memes face the
challenge of multimodal semantic complexity.

In this section, we examine the challenges multimodal
models face in achieving semantic fusion to understand harm-
ful memes. For this analysis, we use the HatReD dataset [42],
an extension of the FHM dataset that includes additional se-
mantic annotations to enhance its utility for multimodal hateful
meme detection. Human experts have carefully annotated the
dataset to facilitate deeper semantic fusion and comprehension
of hateful memes. We adopt BERTScore [43] as the evaluation
metric and use the experimental results from Lin et al. [44]
as baselines. The BERT-based scoring system evaluates se-
mantic similarity by comparing a reference sentencex (the
human interpretation of a meme) with a candidate sentencex̂
(the model's interpretation). It computes three metrics: recall
RBERT, precisionPBERT, and the F1-scoreFBERT.

RBERT evaluates how well each token inx is represented
in x̂ by averaging the maximum cosine similarities between
corresponding tokens:

RBERT =
1

jxj

X

x i 2 x

max
x̂ j 2 x̂

x>
i x̂ j (1)

PBERT determines how effectively tokens in̂x capture the
semantics ofx, calculated similarly by averaging maximum
cosine similarities:

PBERT =
1

jx̂j

X

x̂ j 2 x̂

max
x i 2 x

x>
i x̂ j (2)

FBERT is the harmonic mean ofRBERT andPBERT, integrating
both metrics to assess the model's accuracy and completeness:

FBERT = 2 �
PBERT � RBERT

PBERT + RBERT
(3)

TABLE III illustrates that traditional multimodal models
like VisualBERT and VL-T5 exhibit signi�cant gaps compared
to human-level performance in interpreting the multimodal
semantics of memes.

Remark 1: Multimodal Semantic Fusion Challenge

We observe that multimodal semantic fusion presents
a challenge for understanding harmful memes due to
the model's limited ability to capture the interactions
between modalities.

TABLE III: The BERTScore of different tools for interpreting
the meaning of memes.

Model BERTScore

PBERT RBERT FBERT

VisualBERT 0.5 0.45 0.47
VL-T5 0.47 0.41 0.45
LLaVA 0.77 0.80 0.79
GPT-4 0.84 0.83 0.83
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However, MLLMs, such as LLaVA [37], and GPT-4 [16],
have shown considerable improvements over traditional mod-
els. Notably, GPT-4's achieved increases of 68%, 84.44%, and
76.60% inPBERT, RBERT, and FBERT, respectively, compared
to the highest-performing traditional models.

These results highlight the ability of MLLMs to provide
multimodal fusion interpretations of memes that are semanti-
cally closer to human-annotated interpretations.

Our work aims to develop a novel detection framework
based on MLLMs that can achieve a comprehensive under-
standing of the contextual relationships and cultural implica-
tions between modal semantics during modality fusion, thereby
addressing the challenges of multimodal semantic fusion in
harmful meme detection.

E. Meme Composition

Measurement Framework. In our study, inspired by the
measurement framework proposed by Ling et al. [17], we
employed four meme compositions to analyze memes in the
prepared dataset. As a result, four essential compositions
were identi�ed, as depicted in Fig. 2. The details for each
composition are as follows:

� Type of the images.The types of images employed in
memes can be categorized into three types. First, illus-
tration images, which include drawings, paintings, or
any form of printed artwork, are characterized by their
artistic creation. Second, photo images are de�ned by
their origin in camera photography. Third, screenshot
images pertain speci�cally to visuals captured directly
from a computer screen.

� Scale.In terms of scale, memes can be classi�ed into
three categories: Close-up, Medium shot, and Long
shot. A close-up tightly frames a person or object,
drawing attention to speci�c details. A medium shot
provides a balanced view, giving equal emphasis to
the subject and its background. In contrast, a long
shot captures a wide scene where the subject becomes
less distinguishable, shifting the focus to the overall
environment rather than any single element.

� Movement.Movements depicted in memes can be
classi�ed into three distinct categories. First, Physical
movement encompasses any form of motion captured
within the image. Second, Emotional movement is
conveyed through facial movement or body language
that reveals underlying emotions. Lastly, Causal move-
ment refers to a sequence of movements in which an
action from one entity (the sender) causes a reaction
or a set of actions from another entity (the recipient).
For example, strong sunlight (the cause) leads people
to squint or cover their eyes (the effect).

� Number of panels.According to the number of panels
presented, a meme can be categorized as Single-panel
memes, which are composed of only one image, and
Stitching memes are memes composed of a series of
images that are no less than two images.

We annotated the dataset using the methodology proposed
by Ling et al. [17]. The details can be found in AppendixA.

Fig. 2: Examples of memes with different compositions.

Result and Observation. We evaluate the performance of
harmful meme detectors by providing memes with varying
compositions as inputs and observing the detection outcomes.
TABLE IV presents the effectiveness of SOTA harmful meme
detectors and MLLMs, using the True Positive Rate (TPR) as
the evaluation metric.

Based on the number of panels, we observe that single-
panel memes achieved a TPR exceeding 50%, whereas stitched
images had an average TPR of only 35.18%. This signi�cant
difference underscores the increased complexity that stitched
images pose for detection models, making such memes more
challenging to interpret accurately. Here, a ”signi�cant” con-
cern arises when the TPR falls below 50% for image types
that account for more than 10% of the dataset, as re�ected in
TABLE IV.

For the types of images, the TPR values across different
categories consistently remained above 50%, aligning with the
overall detection results in TABLE II. This suggests that image
types do not signi�cantly affect the effectiveness of harmful
meme detection.

In terms of scale, TPR levels for close-up and medium
shots were consistently above the overall average, with close-
up shots achieving a notably high TPR of 85.71%. In contrast,
long shots performed poorly, with signi�cant �uctuations in
TPR. However, given the limited number of long-shot samples
in the dataset (only 4%), we suspect this under-performance
may be due to insuf�cient representation. Thus, we cannot
conclusively determine whether scale, particularly long shots,
signi�cantly impacts harmful meme detection.

In terms of movement, physical and emotional movement
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