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Abstract

The rapid spread of memes makes harm-
ful content detection increasingly crucial,
as effective identification can curb the cir-
culation of misinformation. However, ex-
isting methods rely heavily on high-volume
annotated data, which leads to substantial
training costs and limited generalization.
To address these challenges, we propose
PrismAgent, a zero-shot, multi-agent, in-
terpretable framework. PrismAgent con-
ceptualizes this task as a criminal case
investigation, employing four specialized
agents responsible for the analysis, inves-
tigation, prosecution, and judgment stages
within a structured collaborative workflow.
In the first stage, the analyst agent para-
phrases each meme under benevolent and
malicious assumptions to probe its underly-
ing intent. The investigator agent then re-
trieves supporting evidence from an unan-
notated dataset and constructs contextual
interpretations for the meme and its vari-
ants. Next, the prosecutor agent per-
forms three independent preliminary judg-
ments by pairing the original meme with
each of the three interpretations. Finally,
the judge agent deliberates across all evi-
dence to render a final verdict. Moreover,
PrismAgent’s explicit multi-stage reason-
ing chain makes the model inherently in-
terpretable, since every intermediate step
is explicitly explained rather than only pro-
ducing a final detection result. Extensive
experiments on three public datasets show
that PrismAgent significantly outperforms
existing zero-shot detection methods.

1 Introduction

With the rapid development of social media,
memes have become a pervasive form of mul-
timodal communication. While memes were
initially created for humor expression, they
are increasingly being misused to spread mis-

information and harmful biases. This emerg-
ing trend poses serious risks to social media,
highlighting the necessity of detecting harmful
memes (Sharma et al., 2022).

Traditional harmful meme detection meth-
ods primarily rely on large-scale and carefully
annotated dataset (Yang et al., 2024b; Lin
et al., 2024). However, these methods tend
to overfit to the training distribution, which
compromises their robustness when applied to
unseen or evolving memes. Given the rapidly
changing nature of meme content, such ap-
proaches face substantial challenges when de-
ployed in real-world scenarios (Cao et al., 2024;
Huang et al., 2024).

Another challenge lies in the inherently im-
plicit nature of memes. Their meaning is often
conveyed through shared cultural knowledge,
visual symbolism, or multimodal irony rather
than explicit textual content. Such indirect
expressions make it challenging for models to
capture the underlying intent, as understand-
ing memes typically requires commonsense rea-
soning and cultural context that extend be-
yond literal interpretation.

To address these challenges, we propose
PrismAgent, a zero-shot, multi-agent, in-
terpretable framework for harmful meme de-
tection. Much like a prism that refracts a
single beam of light into multiple revealing
facets, PrismAgent decomposes each meme
into diverse motivational and contextual per-
spectives, which makes its underlying meaning
clearer and its judgment more interpretable.
To achieve this, PrismAgent simulates the
workflow of a real criminal case investigation,
where different stages of the process are han-
dled by distinct specialized roles. The inves-
tigation begins with analysts who infer poten-
tial motives and intentions behind a meme. In-
vestigators then collect relevant contextual ev-
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Figure 1: Pipeline comparison between training-
based methods and our proposed approach.
idence to reason about the case and establish
preliminary interpretations. Finally, a judge
evaluates both the collected evidence and the
investigators reasoning to deliver a fair and
well-grounded verdict.

PrismAgent instantiates each stage of the
investigation process as a dedicated agent, in-
cluding the analyst, investigator, prosecutor,
and judge. The analyst agent paraphrases
each meme under two opposing disseminator
intentions, benevolent and malicious, to re-
veal the range of plausible potential intent.
Next, the investigator agent searches the unan-
notated dataset for evidence relevant to the
original meme and its two rewritten variants,
which are then used to construct contextual
interpretations. The prosecutor agent then
reasons over the original meme and each con-
textualized variant, producing three indepen-
dent judgments. If these judgments are con-
sistent, the prosecutor finalizes the decision.
Otherwise, the case is forwarded to the judge
agent, who integrates all available information
and deliberates to render a coherent and inter-
pretable final verdict.

Unlike previous methods that rely on a
single-step prediction, we decompose harmful
meme detection into a series of structured sub-
tasks. This design induces an explicit reason-
ing chain and substantially improves the inter-
pretability of the detection process. Moreover,
by adopting a reasoning-based pipeline rather
than training a task-specific classifier, PrismA-
gent eliminates the dependence on annotated
data and naturally enables effective zero-shot
detection. A comparison between previous
methods and ours is illustrated in Fig. 1. Our
main contributions are summarized as follows:

e We propose PrismAgent, a multi-agent

framework that decomposes harmful
meme detection into structured subtasks,
which enables modular role-specific rea-

soning.

e We design a multi-stage reasoning chain
that integrates the outputs of several spe-
cialized agents to enhance interpretability
via explicit, stage-wise explanations.

o Extensive experiments on public meme
datasets demonstrate the effectiveness of
our method and show that it performs
competitively against state-of-the-art ap-
proaches.

2 Related Works

Harmful Meme Detection The multi-
modal nature of memes necessitates multi-
modal strategies (Borakati, 2021; Beyer and
Alexy, 2025), which consistently outperform
unimodal methods in harmful meme detec-
tion (He et al., 2016; Devlin et al., 2019).
Previous studies primarily follow two method-
ological directions. The first relies on clas-
sical two-stream architectures that perform
harmful meme -classification by fusing tex-
tual and visual modalities (Singh et al., 2022;
Suryawanshi et al., 2020; Pramanick et al.,
2021b; Kumar and Nandakumar, 2022). The
second direction fine-tunes large pre-trained
multimodal models to adapt them to domain-
specific detection tasks (Velioglu and Rose,
2020; Hee et al., 2022, 2025; Hee and Lee,
2025). In addition, relevant studies have pro-
posed various improved strategies (Cao et al.,
2022; Ji et al., 2023; Cao et al., 2023; Garg
et al., 2025; Kumari et al., 2025), as well as de-
tection methods for few-shot annotation (Cao
et al., 2024; Huang et al., 2024) and zero-shot
annotation (Liu et al., 2025) scenarios to re-
duce reliance on labeled data.
VLM-based multi-agent
When Vision Language models (VLMs) are
deployed as agents across various domains,
they demonstrate strong planning and reason-
ing capabilities in a wide range of scenarios
(Yao et al., 2022; Sun et al., 2023; Bang et al.,
2024; Zhao et al., 2024; Yang et al., 2024a;
Chen et al., 2024; Gao et al., 2025). These
advancements show that LLM-based methods
can effectively handle complex tasks even

framework
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Figure 2: Overview of the proposed zero-shot, multi-agent, interpretable framework for harmful meme

detection, PrismAgent.

under weakly supervised conditions. Build-
ing on the success of single-agent systems,
multi-agent frameworks (Qian et al., 2024;
Tao et al., 2024; Hong et al., 2024; Ma et al.,
2024; Zahedifar et al., 2025; Yang et al., 2025)
further enable interactive collaboration and
collective problem-solving. However, research
on multi-agent frameworks for harmful meme
detection remains limited. Although Liu et al.
(2025) proposed the MIND framework, it still
fails to fully address the inherent challenge of
interpreting meme metaphors under zero-shot
settings.

3 Method

3.1 Overview

Detecting harmful memes presents a signifi-
cant challenge because their meaning often re-
lies on subtle cultural references, visual sym-
bols, or humorous wordplay, rather than ex-
plicit textual or visual cues. Additionally,
most existing methods depend on large-scale
annotated training datasets, which often cause
detectors to overfit to the training memes.
As memes continually evolve, these methods
struggle with poor generalization.

To alleviate these challenges, we propose
PrismAgent, a zero-shot, multi-agent, inter-
pretable framework for harmful meme detec-
tion. An overview of the framework is depicted
in Figure 2. PrismAgent introduces an ex-
plicit reasoning chain and assigns distinct roles
to four agents, including analyst, investigator,
prosecutor, and judge. These agents collab-
orate to reveal the intentions behind memes.
Specifically, the analyst agent imagines two

opposing intentions for the meme’s dissemi-
nator and paraphrases the meme accordingly.
The investigator agent then searches an unan-
notated dataset for relevant supporting ev-
idence for the original meme and its two
rewrites, which construct contextual interpre-
tations for each version. The prosecutor agent
produces three independent judgments by rea-
soning over the original meme together with
each of the contextual interpretations. If these
judgments conflict, the judge agent integrates
all evidence and delivers a final, robust, and
interpretable decision.

PrismAgent requires no training and oper-
ates as a zero-shot detection framework. By
leveraging a structured multi-agent reasoning
process, it renders decisions that are highly in-
terpretable and transparent.

3.2 Analyst Agent

Revealing the hidden intent of memes is a cru-
cial yet challenge step in meme understanding.
To make such implicit intentions more accessi-
ble, we introduce the analyst agent to explic-
itly amplify implicit intentions by assuming
two opposing disseminator intentions, benev-
olent and malicious, to reveal the real intent.
Specifically, for each meme version, we first
input it into the agent, and the agent is guided
by the carefully designed prompts to imag-
ine possible dissemination motives and para-
phrase two corresponding rewrites: one reflect-
ing benevolent and the other reflecting mali-
cious intensions. In this process, the original
linguistic style and contextual tone are pre-
served as much as possible, ensuring that the



rewritten memes remain semantically coherent
while exposing their potential intentions. Con-
sequently, the procedure produces two rewrit-
ten versions that make the original memes la-
tent intentions more explicit from two oppos-
ing motives. This process can be expressed as:

My, = AgentAna(Moriv Pb)a (1)

M, = Agent g, (Moriys Pr), (2)

where M,,; = {V,T} denotes the original
meme. M, = {V,Tp} and M,, = {V,Tn}
represent the benevolent and malicious memes
obtained by our analyst agent, respectively. V
and 7T denote the visual content and the ac-
companying text, respectively. T, and 7, rep-
resent the benevolent and malicious rewrites,
respectively. Besides, P, and P,, denote the
prompts used to rewrite the meme from benev-
olent and malicious intentions, respectively.

Finally, a single original meme M,,; is ex-
panded into a set { My, My, My, }, which con-
tains the original sample and its two rewrites.
This process makes the latent intent more
salient by forcing the meme to be expressed
under contrasting motivational assumptions,
thereby amplifying the subtle cues embedded
in the original content. The detailed prompts
are provided in Appendix A.3.

3.3 Investigator Agent

After the analyst agent paraphrases each
meme, the investigator agent then searches the
unannotated dataset for supporting evidence
to the original meme and its two rewrites.
This step provides the subsequent investiga-
tion stage with additional context and prece-
dents, enabling it to gather supporting evi-
dence that further explores the potential in-
tentions behind the original meme and its
rewrites. Moreover, this process offers a po-
tential advantage: since memes are constantly
evolving, the investigator agent can continu-
ously expand the unannotated dataset in the
deployment stage to incorporate emerging con-
texts. This allows our framework to adapt to
emerging meme trends in real time, enhancing
its robustness and generalization in the zero-
shot scenario. The evidence search process can
be formulated as:

Qevi = f(Drefa Mori) (3)

where Qeyi = {ML;,..., ME.} denotes the set
of top-k relevant memes retrieved from the
unannotated reference datase Dy.p. ME; de-
notes most k-th most similar meme retrieved
from D,cr. f(-) represents the matching func-
tion that measures the similarity between the
original meme and each sample in D, and re-
turns the top-k closest memes. k is empirically
set to 3 in this paper.

After retrieving the relevant cases, the in-
vestigator agent interprets them in descending
order of similarity, from the most similar to
the least similar. At each step, the current
meme is interpreted together with the interpre-
tations accumulated from previous steps, en-
abling the agent to integrate newly evidence
with prior observations. This sequential accu-
mulation of information helps the investigator
agent to capture subtle contextual cues and la-
tent intentions that may not be apparent from
a single meme. This process can be formulated
as follows:

0; = Agent]m}(Méviv Oi-1, Pint)? (4)
where O; and O;_; represent the interpreta-
tions generated in the i-th and (i-1)-th steps,
respectively; M{ ; denotes the i-th most simi-
lar evidence retrieved from D,..r. P, denotes
the interpretation prompt, which is detailed in
Appendix A.4.

3.4 Prosecutor Agent

After the investigator agent has gathered rele-
vant evidence and constructed contextual in-
terpretations for the original meme and its
rewrites, the prosecutor agent takes over to
perform harm assessment. The prosecutor
agent evaluates the original meme with differ-
ent interpretations individually and issues an
independent judgment regarding its potential
harmfulness. In this way, the prosecutor agent
reasons the harmfulness based on different as-
sumed intentions and detect whether harmful
meaning persists across perspectives, thereby
providing a more reliable basis for final judg-
ment. The process can be formulated as:

Ru = Agentp,.,(Ou, Mori, Ppro), u € {ori,b,m}.

(5)
where R denotes the prosecution result, de-
notes the prosecution result, which includes
both the harmful judgment and the support-



ing rationale. P, denotes the prosecution
prompt, which is detailed in Appendix A.5.
The interpretations captured by the inves-
tigator agent reflect how the memes harm-
fulness manifests under distinct dissemination
intents. The prosecutor agent reasons over
these interpretations to assess whether the
harmful interpretation shifts when the meme
is rewritten with benevolent or malicious mo-
tives. Accordingly, if the harmful judgments
from R, Rb, Rm converge to the same con-
clusion, then no further arbitration is required.

3.5 Judge Agent

During arbitration by the judge agent, we
guide the model to concentrate on the core
points of contention across different view-
points. To enhance the objectivity and reli-
ability of the analysis, we introduce auxiliary
evidence into the arbitration process. Specifi-
cally, we reuse Qeyi as the input of the judge
agent. Unlike the stepwise interpretation of
similar samples mentioned in Sec. 3.4, here the
original meme and its evidence are fed into the
judge agent simultaneously. This enables the
judge agent to conduct a joint analysis that
takes both the original meme and its evidence
into account to reason from a broader contex-
tual basis, which can be formally expressed as:

Rjud = Agentjud(Moriy Qeviu Pcore)v (6)

where Rjuq represents the core representation,
P,ore denotes the related prompt.

Rjua summarizes the core characteristics
shared by similar memes, such as common
themes (e.g., pandemics, racial issues) and ex-
pressive techniques (e.g., exaggeration, irony).
During arbitration, it serves as an anchor that
guides the judge agent toward relevant reason-
ing paths, preventing irrelevant reasoning and
improving the objectivity and robustness of
the decision. Then, the judge agent integrates
all information and complete arbitration pro-
cess as:

J = Agent.]ud(Roriv Ramba Mori’ Rjud ) Pjud)7 (7)

where Ramp denotes the ambiguity prosecu-
tion result, which is inconsistent with the orig-
Ramb = {Rx | Rx 7é Roriu HAS
{b,m}}. Pj,q denotes the final judge prompt.

inal one.

J denotes the final judgment result and the
related supporting rationale. The detailed
prompts are provided in Appendix A.6.

In this way, we construct a reasoning chain
that mirrors the practical workflow of a crim-
inal case investigation. Hence, PrismAgent
is an interpretable framework that provides
a stage-wise reasoning process supported by
explicit reasoning interpretations, rather than
merely outputting a final detection result.

4 Experiment

4.1 Experiment Setup

Datasets. We use three publicly available
meme datasets for evaluation: (1) HarM (Pra-
manick et al., 2021b), (2) FHM (Kiela et al.,
2020), and (3) MAMI (Fersini et al., 2022).
Baselines. We compare PrismAgent with
various advanced methods: 1) GPT-40 (Ope-
nAl et al., 2023); 2) Gemini-2.0-Flash (Team
et al, 2024) 3) Late Fusion (Pramanick
et al., 2021a); 4) MOMENTA (Pramanick
et al., 2021b) 5) LLaVA-1.5-7B (Liu et al.,
2024); 6) InstructBLIP-7B (Dai et al., 2023);
7) MiniGPT-v2-7B (Chen et al., 2023); 8)
OpenFlamingo-9B (Awadalla et al., 2023);
9) LLaVA-1.5-13B (Liu et al., 2024); 10)
InstructBLIP-13B  (Dai et al., 2023); 11)
LLaVA-1.5-34B (Liu et al., 2024); 12) MIND
(Liu et al., 2025).

Metrics. We use the accuracy and macro-
averaged F1 scores as the evaluation metrics.
The detail experimental setting and implemen-
tation details can be found in Appendix A.

4.2 Harmful Meme Detection
Experiments

We evaluate PrismAgent against a range of
existing methods on three public datasets,
and the results are summarized in Table 1.
These methods can be roughly divided into
four groups, including the closed-source VLMs,
the classical training-based methods, the open-
source VLMs, and agent-based methods. It
can be seen that PrismAgent consistently out-
performs other baselines, demonstrating its
strong detection performance. Even with a
13B backbone, PrismAgent achieves perfor-
mance comparable to models with over 34B pa-
rameters, highlighting its efficiency and reason-
ing capability. Compared with the latest de-



Dataset HarM FHM MAMI
Model Accuracy Macro-Fi Accuracy Macro-Fy Accuracy Macro-F}
Closed-Source VLMs
GPT-40 (OpenAl et al., 2023) 67.51 60.29 68.80 68.25 81.00 81.00
Gemini-2.0-FLash (Team et al., 2024) 64.67 58.84 60.40 54.04 80.00 79.92
Training-Based Methods
Late Fusion (Pramanick et al., 2021a) 73.24 70.25 59.14 44.81 63.20 59.76
MOMENTA (Pramanick et al., 2021b) 83.32 82.80 61.34 57.45 72.10 66.93
Open-Source VLMs
LLaVA-1.5-7B (Liu et al., 2024) 59.23 49.44 53.80 45.51 52.90 41.53
InstructBLIP-7B (Dai et al., 2023) 51.53 50.99 52.00 48.85 53.10 46.93
MiniGPT-V-2B (Chen et al., 2023) 60.12 52.39 51.30 47.88 57.40 52.22
OpenFlamingo-9B (Awadalla et al., 2023) 63.42 54.36 50.50 49.52 54.70 49.88
LLaVA-1.5-13B (Liu et al., 2024) 62.28 50.45 55.20 53.01 60.10 55.52
InstructBLIP-13B (Dai et al., 2023) 64.92 49.61 55.40 51.89 60.00 57.97
LLaVA-1.6-34B (Liu et al., 2024) 67.51 61.59 64.00 63.51 71.30 71.28
Agent-Based Methods

MIND (LLaVA-1.5-13B) (Liu et al., 2025) 68.93 65.19 60.80 60.71 68.90 68.84
PrismAgent (LLaVA-1.5-13B) 70.62 68.44 64.00 63.96 70.70 70.69
PrismAgent (LLaVA-1.6-34B) 71.19 69.78 66.80 66.72 73.20 73.18

Table 1: Zero-shot harmful meme detection results on three datasets. The accuracy and macro-averaged
F1 scores(%) are reported as the metrics. The best results in open-source setting are in bold.

Dataset HarM FHM MAMI

Model Accuracy Macro-Fy Accuracy Macro-Fy Accuracy Macro-Fy
LLaVA-1.5-7B 59.23 49.44 53.80 45.51 52.90 41.53
MIND (LLaVA-1.5-7B) 62.71 (+3.48) 57.22 (47.78) 54.00 (40.20) 48.28 (42.77) 53.90 (+1.00)  45.45 (+3.92)
PrismAgent (LLaVA-1.5-7B) 63.56 (+4.33) 58.59 (+9.15) 53.80 (+0.00)  49.29 (+3.78) 55.10 (+2.20)  47.48 (45.95)
LLaVA-1.5-13B 62.28 50.45 55.20 53.01 60.10 55.52
MIND (LLaVA-1.5-13B) 68.93 (+6.65) 65.19 (+14.47) || 60.80 (+5.60) 60.71 (+7.70) 68.90 (+8.80) 68.84 (+13.28)
PrismAgent (LLaVA-1.5-13B) 70.62 (+8.34) 68.44 (+17.99) || 64.00 (+8.80) 63.96 (4+10.95) || 70.70 (4+10.60) 70.69 (+15.17)
LLaVA-1.6-34B 67.51 61.59 64.00 63.51 71.30 71.28
MIND (LLaVA-1.6-34B) 69.49 (+1.98) 66.12 (+4.53) 66.40 (+2.40) 68.38 (+4.87) 73.60 (+2.30)  75.38 (4+4.10)
PrismAgent (LLaVA-1.6-34B) 71.19 (+3.68) 69.78 (+8.19) 66.80 (+2.80) 66.72 (+3.21) 73.20 (+1.90)  73.18 (+1.90)
Gemini-2.0-FLash 64.67 58.44 60.40 54.04 80.00 79.92
MIND (Gemini-2.0-FLash) 64.84 (+0.17)  60.13 (+1.69) 67.20 (+6.80) 66.05 (412.01) 80.10 (+0.10)  80.00 (+0.08)
PrismAgent (Gemini-2.0-FLash) || 67.51 (42.84) 63.05 (+4.61) 68.20 (+7.80) 67.51 (+13.47) 80.50 (+0.50)  80.46 (40.54)

Table 2: Accuracy performance improvements of our proposed framework across different model scales
and datasets for zero-shot harmful meme detection. Numbers in red indicate absolute improvements over

original models.

tection framework MIND, it also achieves im-
provements of 2.23% in average accuracy and
2.78% in macro Fl-score, fully demonstrating
its performance advantages.

4.3 Generalization Experiments

To verify the generalization of the proposed
PrismAgent, we integrate it with a variety
of VLMs, including both open- and closed-
source models. Besides, we compare our per-
formance with the advanced zero-shot frame-
work MIND. As shown in Table 2, PrismA-
gent consistently enhances performance across
the majority of models and datasets, demon-
strating its adaptability to diverse backbones.
Among them, the performance improvement
on LLaVA-1.5-13B is particularly remarkable;
even for the more powerful LLaVA-1.6-34B

model, the average accuracy and macro F1-
score across three datasets are increased by
2.79% and 4.43%, respectively.

4.4 Ablation Study

To comprehensively evaluate the effectiveness
of different agents in PrismAgent, we con-
duct ablation experiments, and the results are
shown in Table 3. The experiment results
demonstrate that all core strategies in the
proposed framework play critical and comple-
mentary roles in the harmful meme detection,
and omitting any part of them will lead to a
degradation of the overall performance. The
synergistic effect of these agents significantly
improves the robustness of the framework in
detecting harmful content, the performance
degradation of the model after disabling any



Dataset HarM FHM MAMI

Model Accuracy Macro-F; | Accuracy Macro-Fy | Accuracy Macro-F}

Baseline 62.28 50.45 55.20 53.01 60.10 55.52

PrismAgent (LLaVA-1.5-13B) 70.62 68.44 64.00 63.96 70.70 70.69
w/o Analyst Agent 67.80 59.00 60.00 59.49 67.30 66.09
w/o Investigator Agent 66.67 60.49 58.20 57.65 63.90 62.53
w/o Prosecutor Agent 60.73 53.58 52.20 52.13 60.10 59.96
w/o Judge Agent 67.80 65.13 61.60 61.35 68.20 68.03

Table 3: Ablation studies on our proposed framework.

single strategy fully confirms their effective-
ness.

4.5 Analyst Agent Experiments

To evaluate the effectiveness of our intention
imagine strategy, we design three sets of com-
parative experiments: 1) The first setting cor-
responds to the full version of PrismAgent, in-
cluding all agent components and functional-
ities; 2) The second set uses only one of the
three memes, either the original or one of its
two rewrites, as input, and does not involve
the judge agent, as no arbitration is required
when the judgments are consistent; 3) The
third set includes the original meme and one
of its variations, and the judge agent would
work when there is a discrepancy between the
decisions of the two.

The results are shown in Table 4. It can
be observed that our analyst agent effectively
enhances performance. Moreover, even when
combining only the original meme with a sin-
gle variation, the performance still shows no-
table improvement. This can be attributed
to the agents ability to reveal latent inten-
tions and amplify information from the origi-
nal meme. Notably, in the HarM dataset, only
treating M as input can achieve a higher accu-
racy. This phenomenon stems from the unbal-
anced distribution of the dataset, where harm-
less memes constitute a substantially larger
proportion. By incorporating the original
meme and its two invariations, our method
can partially mitigate the impact of the im-
balanced class distribution, providing a more
balanced representation for effective harmful
meme detection.

4.6 Prosecutor Agent Experiments

For the prosecutor agent, we investigate how
the number of retrieved evidence affects the
detection performance. The results are pre-

(a) (b)

Figure 3: Effect of Top_k in Similar Sample Re-
trieval of generating Core Representation: (a) Ac-
curacy; (b) Macro Fl-score

sented in Figure 3, we can find that a larger
value of K does not necessarily lead to better
performance. While increasing K allows the
prosecutor agent to have more similar cases,
it also tends to include instances with lower
relevance, which may introduce noise rather
than useful evidence. Our observations indi-
cate that this trade-off between coverage and
relevance is crucial for the prosecutor agents
effectiveness. Across all datasets, we suggest
setting K to 7, which achieves an optimal
trade-off by capturing sufficient contextual ev-
idence while minimizing irrelevant or mislead-
ing cases.

4.7 Case Study

To thoroughly analyze the processing and eval-
uation mechanisms of the proposed framework
for memes, we select and present two typical
cases in Figure 4. If these two samples are
directly detected solely based on their origi-
nal content, both would lead to misjudgments.
After intent-enhanced rewriting via our frame-
work, diversified analytical perspectives are
provided, creating conditions for the collision
and analysis of different viewpoints. This ulti-
mately corrects the initial misjudgments and
achieves accurate predictions.!

Furthermore, to evaluate the impact of in-
tent rewriting on similar sample retrieval and
final judgment, as shown in Figure 5 we se-

!Disclaimer: This paper includes examples that
may be disturbing, shown only for research purposes.



Dataset HarM FHM MAMI
Accuracy Macro-F; | Accuracy Macro-Fy | Accuracy Macro-F}

PrismAgent (LLaVA-1.5-13B) 70.62 68.44 64.00 63.96 70.70 70.69
W/ Mo 65.25 63.02 63.40 63.22 69.40 69.46
w/ Mm 64.69 61.36 59.20 57.77 65.60 65.35
w/ My 70.62 67.33 62.20 62.17 67.20 67.11
W/ Mori + Mm 66.67 64.14 62.80 62.48 70.20 70.19
w/ Mori + My 67.80 65.12 63.00 62.76 69.20 69.16

Table 4: Experiments about the effectiveness of our Analyst Agent.

Malicious Version (B):

"Dat ass, you're as dumb as a
sheep herder!"

Output: harmful

Original Version (A):
"dat ass ahmarbkrich*d"
Output: harmless

Harmful

|| Benevolent Version (C):
""Dat ass ahmarbkrich*d, you're a real showstopper!""
Output: harmless

Prediction:
Harmful

Thought: The key contradiction between the opposing vi ints lies
in their interpretations of the meme's text, imagery, and implied
meaning. Investigator A considers the meme harmless, as it is a play
on words combining the man's action with the sheep's rear ends,
while Investigator B views it as harmful, as it perpetuates a negative
stereotype and uses derogatory language towards sheep herders:
Based on the analysis of the meme's content and the shared
characteristics of similar memes, it is more appropriate to consider the

Prediction:
Harmful

gl meme as harmful. The meme a negative ype and
uses derogatory language towards sheep herders, which can be
hurtful and discriminatory. Sharing such a meme can contribute to the
spread of harmful stereotypes and offend people from different
cultural backgrounds.

Answer: Harmful

(a)

Prediction:
Harmless

Original Version (A):

"CAN'T DIE OF COVID-19\nIF YOU DIE FROM\
nINJECTING BLEACH\ningfia c\n"

Output: harmful

Malicious Version (B):

"IF YOU DIE FROM INJECTING BLEACH, YOU CANT DIE
OF COVID-19"

Output: harmful

Benevolent Version (C):

"If you die from injecting bleach,\nCOVID-19 wont be
the one to blame.\nJust remember to keep your sense
of humor,\nAnd dont be afraid to take a joke in
stride."

Output: harmless

IEYOU DIE FROM
- INJECTING BLEACH

Thought: The key contradiction between the viewpoints lies in their interpretations of the meme's
text and its implied meaning. Investigator A considers the meme harmful because it suggests
injecting bleach as a preventive measure against COVID-19, which is a dangerous and unproven idea.
Investigator C, on the other hand, sees the meme as harmless, as it is a humorous message that
discourages taking such an idea seriously.\n\nUpon analyzing the meme's content and the shared
characteristics of similar memes, it is evident that the meme is intended to be humorous and not to
be taken seriously. The meme's text is a play on words, and the image is minimalistic, with the focus
on the text and the message it conveys. The meme does not promote injecting bleach as a
preventive measure against COVID-19 but rather uses it as a joke to make light of the situation.\n\
nThe shared characteristics of similar memes, such as using bold text, capital letters, and
exclamation points, as well as minimalistic imagery and humor, further support the idea that the
meme is intended to be harmless.

Answer: Harmless.

(b)

Figure 4: Examples of correctly predicted harm-
ful memes: (a) The target meme is harmful, and
the analysis result is harmless when analyzed solely
based on the original meme, while the analysis re-
sult becomes harmful after using PrismAgent; (b)
The target meme is harmless, and the analysis
result is harmful when analyzed solely based on
the original meme, while the analysis result turns
harmless after using PrismAgent.

lected another typical correct prediction case.

It can be observed that adequate rewriting of
the text can effectively optimize the retrieval
results, and the introduction of new evidence
can generate new perspectives. This in turn
helps the system obtain diversified analytical
perspectives and ultimately achieve accurate

Figure 5: Examples of correctly predicted harmful
memes with retrieve process: The target meme is
harmless, and the analysis result is harmful when
analyzed solely based on the original meme, while
the analysis result becomes harmless after using
PrismAgent.

judgments. This result fully demonstrates
that our framework can effectively improve
the recognition performance of hard-to-detect
memes.

5 Conclusion and Future Work

To address the reliance on labeled data in
harmful meme detection tasks, this paper
proposes the zero-shot interpretable detection
framework PrismAgent. To tackle the inher-
ent challenge of difficulty in deeply under-
standing the underlying intent of memes un-
der zero-shot conditions, we have designed
a multi-agent role-playing collaborative strat-
egy. Through conducting comprehensive ex-
periments and in-depth analyses on three pub-
lic datasets, the effectiveness of the proposed
framework and strategy has been fully veri-
fied. In future work, we plan to extend Pris-
mAgent beyond harmful meme detection to
other reasoning multimodal tasks, exploring
its broader applicability across diverse content
understanding scenarios.



6 Limitations

Although our proposed achieved satisfactory
performance, there are several ways to further
improve this work:

1) When revealing the hidden intentions
of memes, we amplify their underlying mean-
ings by rewriting the original meme in both
benevolent and malicious directions. While
this method has shown good results, it in-
evitably introduces some additional computa-
tional costs. We believe that predicting the
rewriting direction can effectively reduce the
computational cost.

2) Although PrismAgent has significantly
reduced substantial training costs and data
annotation costs, its relatively long infer-
ence time due to the need for collaborative
invocation of multiple LLMs poses certain
challenges for real-time deployment scenarios.
However, our extensive experimental results
demonstrate that the adoption of lightweight
models with smaller parameter sizes or module
pruning on existing models can significantly re-
duce the overall resource consumption.

3) PrismAgent incorporates a variety of
strategies to uncover the metaphors behind
memes, thereby helping the model gain a
deeper understanding of their core semantics,
but the final detection performance is still
constrained by the capabilities of the under-
lying LLM. In the future, adopting models
with stronger capabilities in capturing socio-
cultural differences or more superior perfor-
mance is expected to further improve the ac-
curacy of detection.

7 Ethics Statement

This study aims to combat harmful meme con-
tent through zero-shot detection methods, con-
tributing to building a safer online space. The
types of harmful content focused on in this
study are core issues that have been fully ver-
ified in the field of social media research. Our
work concentrates on detecting various forms
of harmful content, including hate speech,
misogynistic speech, and disinformation all
of which may have negative impacts on indi-
viduals and communities. However, we also
recognize that malicious users may use reverse
engineering techniques to create memes, in or-
der to evade detection by Al systems like Pris-

mAgent or cause them to make misjudgments.
We firmly condemn such behaviors and em-
phasize that this study is solely for the pur-
poses of scientific research and harmful content
prevention. The relevant framework and sup-
porting resources are strictly prohibited from
being used for commercial profit or malicious
abuse. To ensure the responsible development
and evaluation of the framework, we have im-
plemented a number of protective measures:
1) All experiments use publicly available re-
search datasets and fully comply with the us-
age agreements of each dataset; 2) No user
personal data has been collected or used in
this study. We believe that the benefits of im-
proving harmful meme detection capabilities
far outweigh the potential risks especially at
a time when the challenge of governing harm-
ful content on social media is becoming in-
creasingly severe. It should also be noted that
the views and content contained in the meme
samples do not represent the positions of the
studys authors. The framework we designed
is intended to assist rather than replace hu-
man review work, maintaining a healthy online
community environment through collaborative
efforts.
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A Implementation Details

A.1 Datasets

We use three publicly available meme datasets
for evaluation: (1) HarM (Pramanick et al.,
2021a), (2) FHM (Kiela et al., 2020), and (3)
MAMI (Fersini et al., 2022). HarM consists
of memes related to COVID-19. FHM was
released by Facebook as part of a challenge to
crowd-source multimodal harmful meme detec-
tion in hate speechsolutions. M AMI contains
memes that are predom-inantly derogatory to-
wards women, exemplifyingtypical subjects of
online vitriol. Different from FHM and MAMI,
where each meme was labeled as harmful or
harmless, HarM was originally labeled with
three classes: very harmful, partially harm-
ful,and harmless. For a fair comparison, we
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merge the very harmful and partially harmful
memes into the harmful class, following the set-
ting of recent work (Pramanick et al., 2021b;
Cao et al., 2022; Lin et al., 2023; Huang et al.,
2024). The detailed statistics for the original
test splits of the three datasets are shown in
Table 5.

Dataset Test
#harmful #harmless
HarM 124 230
FHM 250 250
MAMI 500 500

Table 5: Statistics of test sets.

A.2 Baselines

To benchmark the performance of PrismA-
gent in zero-shot harmful meme detection,
we compare it against a series of state-of-
the-art (SOTA) baseline methods: GPT-
40 (OpenAl et al., 2023): A proprietary
large-scale multimodal model developed by
OpenAl, which excels in zero-shot visual-
language task processing via in-context learn-
ing mechanisms; Gemini-2.0-Flash (Team
et al., 2024): Googles up-to-date multimodal
model, characterized by competitive perfor-
mance in both reasoning tasks and visual com-
prehension tasks; Late Fusion (Pramanick
et al., 2021a) and MOMENTA (Pramanick
et al., 2021b): Two widely recognized ear-
lier approaches, which are trained on manu-
ally annotated datasets for harmful meme de-
tection; LLaVA-1.5-TB (Liu et al., 2024):
A lightweight multimodal model constructed
upon the Vicuna-7B foundation, trained on
diverse visual instruction datasets to handle
general vision-language tasks; Instruct BLIP-
7B (Dai et al., 2023): An instruction-
finetuned vision-language model rooted in the
BLIP-2 framework, utilizing Vicuna-7B as its
language modeling component; MiniGPTv2-
7B (Chen et al., 2023): A compact but high-
performing multimodal model that integrates
visual encoding modules with instruction-
finetuned language generation capabilities;
OpenFlamingo-9B (Awadalla et al., 2023):
An open-source instantiation of Flamingo-
style models, which allows frozen language
models to parse visual inputs via cross-
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attention mechanisms; LLaVA-1.5-13B (Liu
et al., 2024): A medium-scale variant of the
LLaVA series (built on Vicuna-13B), featur-
ing improved visual grounding and reasoning
capacities; InstructBLIP-13B (Dai et al.,
2023): An upgraded iteration of Instruct-
BLIP, adopting Vicuna-13B as its language
model backbone; LLaVA-1.6-34B (Liu et al.,
2024): The most recent and largest-scale
LLaVA model to date, boasting advanced rea-
soning, OCR, and world knowledge compe-
tencies; MIND(LLaVA-1.5-13B) (Liu et al.,
2025): A state-of-the-art zero-shot harmful
meme detection framework available currently.
We use the accuracy and macro-averaged F1
scores as the evaluation metrics.

For different baseline methods, we imple-
ment the following CoT (Kojima et al., 2022)
prompt structure, which achieves better per-
formance than direct classification: " Given
the meme, with the Text: "{}" embedded in the
image {}, your task is to determine whether
this meme is harmful or not, in order to main-
tain the harmlessness and integrity of infor-
mation on the Internet. Please leverage your
extensive knowledge to deeply analyze and un-
derstand this meme, and give your final judg-
ment. Your output should stricly follow the
format:  "Thought: [Your analysis|] Answer:
[harmful/harmless]." "

For our proposed framework, we conduct
extensive experiments with various LMMs,
including the LLaVA series (LLaVA-1.5-7B,
LLaVA-1.5-13B, LLaVA-1.6-34B) and Gemini-
2.0-Flash as our LMM agents. For the base-
line of closed-source models, we use the gpt-
40-2024-11-20 and gemini-2.0-flash versions re-
spectively. For pretrained models, we adopt
the default parameters as specified in their
original papers without modification. For
meme rewriting tasks, we set the model tem-
perature to 0.3 to introduce a moderate level of
exploratory reasoning. In all subsequent mod-
ules, the model temperature is configured to
0 and no sampling mechanisms are enabled,
thereby ensuring experimental reproducibility.
For multimodal embedding computation, we
employ CLIP (Radford et al., 2021) with the
specific version ViT-L/14 as our frozen pre-
trained vision and text Transformer encoders.
The modality fusion weights v and t are set
to 0.8 and 0.2 respectively through grid search
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optimization within the [0,1] interval. In our
implementation, to retrieve the Top_ k& most
similar reference samples during the process
for generating core representations, we empir-
ically set K to 7. This setting achieves a bal-
ance between computational efficiency and suf-
ficient contextual information.

In the actual experimental process, for
the base model LLaVA-1.5-7Tb, we use one
NVIDIA 4090 24GiB GPU; for the 13b model,
we use two NVIDIA 4090 24GiB GPUs; and
for the 34b model, we use one NVIDIA H800
80GiB GPU.

A.3 Analyst Agent

The detailed prompts we designed for the
benevolent Analyst Agent and malicious An-
alyst Agent are as follows:

"You are looking at a meme image paired
with the following text: {}. Task: Decide if
the original text already reads as kind, light-
hearted, wholesome, or supportive. - If YES,
return the original text unchanged. - If NO,
rewrite it to sound more positive, friendly, or
uplifting like it’s encouraging someone, mak-
ing them smile, or gently teasing with warmth.
Grounding requirements: - Make the rewrite
feel tightly connected to the actual image (0b-
jects, expressions, actions, or implied context).
- The rewrite can highlight anything relevant:
people, behavior, stereotypes, or situations de-
picted but spin it in a kind or amusing way. -
Implicitly leverage what’s visible to soften the
message but don’t describe the image directly.
Style constraints: - Keep the sentence struc-
ture and rhythm close to the original. - Make
it short, meme-ready, and punchy. - Use a
tone that feels like wholesome humor, gentle
teasing, or online positivity but don’t break
character or explain. Output: Return ONLY
the final text (original or rewritten) with NO
additional content. Do not include any labels,
explanations, brackets, quotes, or extra words.
Just the text itself."

"You are looking at a meme image paired
with the following text: {}. Task: Decide if the
original text already reads as sarcastic, mock-
ing, mean-spirited, or edgy. - If YES, return
the original text unchanged. - If NO, rewrite it
to sound more hostile, offensive, or mean like
it’s mocking someone, making fun of them, or
taking a nasty jab. Grounding requirements: -



Make the rewrite feel tightly connected to the
actual image (objects, expressions, actions, or
implied context). - The rewrite can target any-
thing relevant: people, behavior, stereotypes,
or situations depicted. - Implicitly leverage
what’s visible to sharpen the insult but don’t
describe the image directly. Style constraints:
- Keep the sentence structure and rhythm close
to the original. - Make it short, meme-ready,
and punchy. - Use a tone that feels like edgy
humor, mockery, or online trolling but don’t
break character or explain. Output: Return
ONLY the final text (original or rewritten)
with NO additional content. Do not include
any labels, explanations, brackets, quotes, or
extra words. Just the text itself.”

Notably, due to the inherent limitations of
the models, even though we have designed rela-
tively comprehensive prompts, the model out-
puts may still contain errors in a few cases.
For example, to address this, while preserving
the original model outputs as much as possi-
ble, we only perform minimal necessary cor-
rections: for instance, obvious redundant ex-
pressions (e.g., "rewrite: xxx") are directly sim-
plified to "xxx"; in cases of garbled output or
empty output, the original meme content is
retained unchanged.

A.4 Investigator Agent

The specific details of how to define the simi-
larity degree when searching for relevant sup-
porting evidence in an unannotated dataset
are as follows: For a single meme sample
M = {V, T} we first generate its visual embed-
ding and textual embedding respectively, then
fuse them in a specific proportion to obtain
the multimodal representation:

Emb =« - VE(V) + - TE(T), (8)
where Emb denotes the multimodal embed-
ding, VE and TE represent the visual encoder
and textual encoder respectively, and « and 3
are fixed weights in the fusion process. Using
the same method, all meme samples in the test
set and the reference set Dt are processed to
obtain the embedding vectors of all samples.
To retrieve the most similar samples, we use
cosine similarity to measure the matching de-
gree between the multimodal embeddings of
the target meme and the reference samples,
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with the formula as follows:

d = Sim(Etargeta Eref)7

9)

where Eiaget and Eyer stand for the embed-
ding vectors of the target sample M and the
reference sample M.s respectively, sim(-) de-
notes the cosine similarity function, d is the
corresponding similarity score. And a higher
similarity score d indicates a greater similarity
between the two.

The detailed prompt we designed for the In-
vestigator Agent is as follows:  "You are a
sophisticated analytical agent tasked with for-
mulating and refining insightful recommenda-
tions.  Your ultimate objective is to assess
whether a meme is harmful. However, the tar-
get meme will not be provided directly. Instead,
you will receive a meme related to the target
meme. Based on this related meme, you are
to synthesize advanced insights to determine
whether such memes are harmful, reflect on
existing insights, and update these reflections
into the current rules. Rules you update must
be GENERAL and HIGH LEVEL. Here is the
related meme: [Meme] Image: <image place-
holder> Text embedded: "org sent" [Meme]
Here are the EXISTING RULES: [EXISTING
RULES START] rules [EXISTING RULES
END] If the ezisting rules are empty, it indi-
cates that you are the first person to analyse on
this related meme, and your output will be of
great importance. Please be serious and care-
ful, think step by step, and ultimately derive
the first version of your updated rules. You
can directly build upon the existing rules by
adding new ones, editing them if there is room
for enhancement, and removing those that are
contradictory or duplicated. You should focus
on distilling insights from the related meme to
assess similar memes, rather than determin-
ing the harmfulness of the meme currently pre-
sented to you. FEach rule should be concise
and easy to follow. Make sure there are a
mazimum of five rules. Your output should
stricly follow the format: "Thought: [Reflect
on whether the current rules are helpful in as-
sessing the harmfulness of this related meme.]
Operations of updating existing rules: [Update
your reflections on this meme into the existing
rules. You can choose to add, edit, and remove
or retain existing rules. You may perform
up to two operations. Please specify in detail



which Tule you want to operate on and how,
but do not mention any operations in the rules
themselves; your operations regarding the rules
should only be mentioned here.] Updated rules:
[Do not mention the operations you have made
and the related meme in the rules, directly out-
put all the updated rules, only output the rules
that have been determined, and do not leave
spaces for rules that have not yet been gener-
ated. Rules you update must be GENERAL
and HIGH LEVEL.]" "

A.5 Prosecutor Agent

The detailed prompt we designed for the Pros-
ecutor Agent is as follows: "Given the meme,
with the Text: {} embedded in the image {}. Is
it harmful or harmless? Note: [{note}] (Con-
stder this note above with caution - it may con-
tain biases or subjective interpretations that
could influence judgment. FEwvaluate its reli-
ability and relevance carefully) Your output
should strictly follow the for mat: "Thought:
[First, analyze the memes content indepen-
dently. Then, carefully consider how the pro-
vided note may inform or bias your under-
standing. Weigh the notes credibility and rel-
evance before incorporating it into your final
assessment.] Answer: [harmful/harmless]."

A.6 Judge Agent

The detailed prompt we designed for the
process of generating Core Representation
is as follows: " Task: Analyze the tar-
get meme and its 7 most similar memes to
identify their common characteristics. Target
Meme: - Text: "{target text}" - (Image is
provided) Similar Memes:""" for i, sample in
enumerate(similar_samples, 1): prompt +=
f"""Meme i: - Text: "sample[text’]" - (Im-
age is provided)""" Requirements: 1. Iden-
tify shared themes, topics, and content ele-
ments across all memes 2. Analyze com-
mon expressive techniques (humor, symbolism,
irony, etc.) 3.  Summarize recurring pat-
terns in imagery, text style, or cultural ref-
erences 4. Focus only on descriptive charac-
teristics, not on whether they are harmful or
harmless 5. Provide a concise, structured sum-
mary of these commonalities Output: A clear
summary of the shared characteristics between

n

these memes.
For the Judge Agent, the specific prompt
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Original Version (A):
"my sense of humor is so dark it picks cotton."
Output: harmful

cilhunioiSiSoluarks
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alicious Version (B):

71 "It picks cotton, just like the black people in the
field."

A Output: harmful
Benevolent Version (C):

"My sense of humor is so light-hearted, it picks cotton
with a smile."

Output: harmless
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Thought: The key contradiction between the viewpoints lies in their interpretations of the meme's
text, imagery, and implied meaning. Investigator A considers the meme harmful due to its racist
stereotype and trivialize the serious issue of cotton picking. Investigator C, on the other hand, sees
the meme as harmless, as it creates a light-hearted and humorous tone without promoting any form
of discrimination or offense
The meme uses a racist stereotype to create humor, which can be offensive and perpetuate harmful
attitudes. The image also trivialize the serious issue of cotton picking, which was a form of forced
labor and exploitation for many people, particularly African Americans. The meme's content is not
only offensive but also lacks empathy and understanding of the historical and social context of
cotton picking.

Answer: Harmful

(a)

Original Version (A):
"Me letting my girlfriend know how
incredibly beautiful she is You're
breathtaking!"

Output: harmless

Harmless Benevolent Version (C):
"You're breathtaking!"

Output: harmless

g my girlfriend know
how incredibly beautiful she is

Malicious Version (B):

"You're breathtaking? More like you're a chore to look at.
Get a grip, girl."

Output: harmful

Thought: In this case, the key contradiction between the
viewpoints lies in the interpretation of the meme's text and
imagery. Investigator A sees the meme as a positive and
respectful expression of love and admiration, while Investigator
B perceives it as a disrespectful and harmful joke at the expense

Based on the meme's content and the shared characteristics of
similar memes, | conclude that the meme is harmless. The
message is a compliment, and the context suggests a loving and
supportive relationship. The meme portrays a positive and
respectful relationship between the man and the woman, which
8 aligns better with the patterns observed in similar memes.
Answer: Harmless

(b)

Figure 6: Examples of correctly predicted harm-
ful memes: (a) The target meme is harmful, Al-
though the analysis result of the benevolent rewrit-
ten meme is harmless, the final analysis result re-
mains harmful after using PrismAgent; (b) The tar-
get meme is harmless, Although the analysis result
of the malicious rewritten meme is harmful, the
final analysis result remains harmless after using
PrismAgent.

Youre
breathtaking!

we designed is as follows: "Given the meme,
with the Text: {orig_text} embedded in the im-
age. Is it harmful or harmless? CORFE PER-
SPECTIVES: Investigator A: Verdict: {in-
vestigator__a_ verdict} Reasoning: {investiga-
tor_a_reasoning} DISSENTING PERSPEC-
TIVES: {dissenting investigators} ANALY-
SIS OF SIMILAR MEMES: {Core Represen-
tation} As a judge, your task is to: 1. First,
identify the key contradictions between the op-
posing viewpoints. Analyze where and why the
investigators disagree, focusing on their inter-
pretations of the meme’s text, imagery, and
implied meaning. 2. Then, carefully evaluate
the meme itself (considering its text and im-
age) and the shared characteristics of similar
memes provided above. 3. Determine which



viewpoint is more consistent with the actual
content of the meme and aligns better with
the patterns observed in similar memes. 4.
Ezxplain your reasoning for resolving the con-
tradiction. Your response should strictly ad-
here to this format: Thought: [First, analyze
the key contradictions between the viewpoints.
Then, explain how the meme’s own content
and the similar memes’ characteristics inform
your judgment. Finally, state which viewpoint
is more appropriate and why.] Answer: [Your
final judgment(harmful/harmless)]."

A.7 Case Study

In addition to the examples presented in the
main text, we further provide two correct pre-
diction cases of PrismAgent in Figure 6, to il-
lustrate that our framework exhibits a certain
degree of robustness against intentional rewrit-
ing. These two typical cases indicate that in-
terfering noise is inevitably introduced during
the process of intentional reasoning and rewrit-
ing, causing interference to memes that were
correctly analyzed initially. However, PrismA-
gent exhibits excellent anti-interference perfor-
mance and will not deviate from the final cor-
rect judgment due to such interference.
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