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Abstract

Internet memes serve as widely distributed multimodal so-
cial content that conveys complex ideas through metaphor-
ical expressions, often containing harmful implications that
make accurate harmful meme detection an important prob-
lem. Reasoning knowledge extracted from large language
models plays a crucial role in recent advances in harm-
ful meme detection. However, these methods only perform
reasoning analysis on memes from a single opinion, ignor-
ing that memes are essentially products of group consensus,
where their true meaning interpretation highly depends on
the collision and aggregation process of diverse user view-
points. To address this problem, we propose a Social Graph
of Thought Reasoning Enhancement (SGoTRE) framework
for harmful meme detection. The SGoTRE contains three
key steps: First, through multi-agent simulation technology,
we obtain diverse chains of thought that represent the pars-
ing logic of users from different backgrounds toward memes,
authentically restoring the diversity characteristics of group
cognition. Second, we construct a Social Graph of Thought
(SGoT) that effectively integrates multi-chain reasoning pro-
cesses and structurally expresses the consensus and diver-
sity of viewpoints among users. Finally, we utilize the SGoT
for cognitive distillation, internalizing multi-opinion reason-
ing logic into a single multimodal large model (SGoT-R1)
to achieve efficient and interpretable harmful meme detec-
tion. Experimental results show that SGoT-R1 significantly
improves detection performance on mainstream datasets. Par-
ticularly on the most challenging FHM dataset, SGoT-R1
achieves an 8.9% improvement over state-of-the-art models.

Introduction

The rise of social media gives birth to a new type of mul-
timodal entity—memes. As products of collective consen-
sus, memes typically combine visual elements with concise
text, conveying user emotions and cultural appeals through
metaphorical expression(Shifman 2013). This type of con-
tent has strong sharing properties and can rapidly spread
across various online platforms. While memes are often pre-
sented in humorous forms, some are strategically used to
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Figure 1: Comparison between the Single-Model opinion
and the Group Consensus opinion.

spread harmful content. These harmful memes can attack in-
dividuals or groups based on targeting identity information
such as race, gender, and religion. Their widespread dissem-
ination not only intensifies online public opinion conflicts
but may also distort public perception, leading to the for-
mation of misguided value orientations. Therefore, develop-
ing algorithms that can accurately detect memes containing
harmful metaphors is crucial for eliminating potential social
risks in online environments.

With the diversification of detection methods and contin-
uous improvement of benchmark datasets, the field of harm-
ful meme detection makes significant progress(Kiela et al.
2020; Pramanick et al. 2021b,a). Early research mainly fo-
cuses on capturing interaction mechanisms of multimodal
content (such as matching relationships between text and
image content)(Pramanick et al. 2021b; Kiela et al. 2019;
Cao et al. 2023b; Su et al. 2025), learning association
patterns between features of different modalities. When
these patterns match known harmful characteristics (such as
strong associations between malicious text and provocative
images), content is classified as harmful memes. However,
the annotation process for harmful meme detection data re-



quires annotators to have rich social experience and strong
contextual understanding abilities, resulting in extremely
high annotation costs and making it difficult to create large-
scale, high-quality labeled datasets. Due to this limitation,
models struggle to effectively learn the deep associations be-
tween images and text, which naturally leads to insufficient
generalization ability.

With the rapid advancement of large language models
(LLMs), recent studies have utilized their strong reasoning
and extensive knowledge to aid in harmful content detec-
tion (Lin et al. 2023; Hee and Lee 2025). However, these
methods often rely on a single model’s opinion, which can
introduce cognitive bias. Memes, as products of collective
consensus (Shifman 2013), derive their metaphorical mean-
ings from the shared understanding and cultural negotiation
within communities. A single model cannot fully capture
this consensus-forming process, leading to potential mis-
judgments when analyzing complex memes. For instance,
Figure 1 shows a meme that disparages men by compar-
ing them to dogs. In Figure 1(a), the single-model approach
misclassifies the meme as “expressing cuteness” and fails
to detect its harmful intent. In contrast, Figure 1(b) adopts
a group consensus opinion, aggregating multiple user opin-
ions. While individual views may differ, the majority agree
the meme intends to satirize men. This demonstrates that
group consensus-based methods are more accurate and ro-
bust in detecting complex metaphors and harmful content.

Based on the above analysis, we attempt to propose a
corresponding method from the perspective of group con-
sensus. The core idea of this method can be divided into
three progressive steps: (1) Diverse user opinion acquisition:
The foundation of group consensus lies in the exchange and
integration of diverse user viewpoints. Thus, we first com-
prehensively collect users’ varied interpretations of memes,
providing a data basis for subsequent consensus modeling.
(2) User opinion consensus modeling: In forming group con-
sensus, user opinions display both commonalities and sig-
nificant differences. Simply aggregating these views often
overlooks important distinctions and fails to reflect how con-
sensus evolves. Therefore, we use a graph structure to con-
nect shared elements among opinions while preserving ex-
isting differences, fully reconstructing the consensus forma-
tion process. (3) Social cognitive reasoning distillation: Re-
peatedly invoking large models for group reasoning is time-
and resource-intensive. By leveraging knowledge distilla-
tion, we embed group reasoning logic into a single model,
which greatly reduces computational costs while maintain-
ing analytical performance.

To achieve these goals, we propose the Social Graph
of Thought Reasoning Enhancement (SGoTRE) framework
for harmful meme detection. Through this framework, we
trained a Social Graph of Thought Reasoning-enhanced
multimodal large language model (SGoT-R1). Our SGoTRE
enhances the powerful metaphorical reasoning capabilities
of multimodal large language models (MLLMs) by intro-
ducing the Social Graph of Thought (SGoT). Specifically,
we first utilize multi-agent systems based on MLLMs to
simulate users’ thinking processes when analyzing memes
according to different user profiles, generating diverse user
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chains of thought. Subsequently, we fuse and structurally
process these diverse user chains of thought to construct
SGoT that reflects group consensus and viewpoint diver-
sity. Finally, we propose a novel multimodal large model
training paradigm: taking memes as input, SGoT as the rea-
soning process, and ground-truth category labels as output.
The SGoT-R1 trained through this paradigm can restore the
cognitive processes of multi-opinion users, achieving inter-
pretable detection of harmful memes.
Our key contributions are summarized as follows:

* We propose a novel SGOTRE framework for harmful
meme detection that systematically addresses the limita-
tions of existing single-opinion methods in cognitive bias
by integrating the diversity and consensus of user opin-
ions, effectively capturing collective cognitive patterns in
meme comprehension.

We introduce SGoT-R1, a multimodal large language
model that distills multi-agent cognitive reasoning pro-
cesses into a single unified architecture through SGoT.
This design maintains reasoning opinion diversity while
eliminating expensive online multi-agent computation,
achieving a balance between performance and efficiency.

Comprehensive experiments on three benchmark
datasets validate the advanced performance of SGoT-R1.
On the challenging FHM dataset, our method achieves
an 8.9% accuracy improvement over state-of-the-art
approaches while providing interpretable reasoning
explanations.

Related Work

Research on multimodal information interaction relation-
ships primarily follows two technical paradigms: one ap-
proach adopts traditional dual-stream architectures, per-
forming classification and detection based on visual and tex-
tual feature fusion (Kiela et al. 2020, 2019; Pramanick et al.
2021b; Cao et al. 2023b; Su et al. 2025); the other focuses
on domain adaptation of pre-trained multimodal models to
improve task-specific performance (Lippe et al. 2020; Pra-
manick et al. 2021a; Yang et al. 2022; Cao et al. 2023c;
Muennighoff 2020; Sharma et al. 2022). Although these
methods achieve significant progress in performance met-
rics, their decision-making processes still suffer from insuf-
ficient interpretability. To address this issue, (Hee, Lee, and
Chong 2022) proposes a reverse reasoning framework to re-
veal the formation mechanism of image-text associations in
hate content recognition. Meanwhile, attempts to solve prob-
lems through enhanced data resources also face major obsta-
cles. Although recent studies attempt to construct datasets
with metaphorical content annotations, the high cost of man-
ual annotation severely constrains dataset scale, thereby lim-
iting model generalization capability.

Recent research explores leveraging the rich knowledge
reserves and powerful reasoning capabilities of pre-trained
vision-language models or large language models to gener-
ate auxiliary knowledge for enhancing hate content detec-
tion and improving model generalization (Cao et al. 2023a;
Lin et al. 2023, 2024; Hee and Lee 2025). However, these
methods still have key limitations: they often treat large



models as a single expert opinion, and the generated rea-
soning knowledge exhibits obvious singularity. However,
memes are essentially products of group consensus, and
their interpretation relies on the collision and aggregation
of different user viewpoints. Single-opinion reasoning fails
to match the collective nature of memes, potentially leading
to judgment bias.

Method
Problem Statement

We define the harmful meme detection dataset as a collec-
tion containing multiple memes, where each meme M =
{I, T} consists of an image I and a text sequence 7'. This
study transforms the harmful meme detection task into a
natural language generation problem: the model takes the
meme text 7' and image [ as input and generates a label
output Y € {harmful, not harmful}, thereby explicitly de-
termining whether the meme is harmful.

Overview

In this section, we introduce a novel SGoTRE framework for
harmful meme detection. Based on the SGoTRE, we train
a multimodal large language model SGoT-R1 with multi-
opinion user cognitive reasoning capabilities. The overall
structure of our SGoTRE is illustrated in Figure 2.

Diverse User Opinion Acquisition

To replicate the diversity of user opinions in real-world sce-
narios, this module simulates the cognitive and reasoning
patterns of different groups through a multi-agent system.
The specific process is as follows:

User Pool Given that users’ occupations significantly in-
fluence their sociocultural backgrounds, value orientations,
and decision-making logic (Berthet 2022), we adopt occupa-
tion as the primary criterion for user categorization. Specifi-
cally, we directly utilize the real Twitter user data (including
user profiles and tweet histories) already collected by the so-
cial simulator HiSim (Mou, Wei, and Huang 2024). Subse-
quently, we apply the method proposed in (Gao et al. 2024)
to identify and classify users’ occupations, ultimately cat-
egorizing them into ten occupational groups. To ensure the
representativeness and diversity of the simulated population,
we further screen high-influence users within each occupa-
tional group—measuring influence by the number of likes
and retweets their posts receive. For each occupation, we
select the top-h most influential representative users, con-
structing a simulated user set U = {uy,us,...,un, } con-
sisting of IV, users in total. The opinions of these represen-
tative users are considered to reflect the typical stances and
cognitive tendencies of their respective occupational groups.

Agent-based Human-like Simulation To enable agents
to accurately simulate the target users, we inject correspond-
ing user profile information into each agent. The injected
information includes: (1) user profile (such as occupational
background, age, and interests), and (2) comment habits
(such as tone, commonly used expressions, and preferences
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regarding sensitive topics). Based on these profiles, we de-
sign a prompt P; to guide the agent in generating user-
consistent reasoning processes. The agent is required to out-
put a structured chain of thought (CoT) comprising four
steps. The prompt P; is as follows:

Please simulate the user based on {user profile} and
{commenting habits}, and generate an interpretation
chain for the meme according to the following rea-
soning steps:

1. Content Interpretation: Extract the surface meaning
of both image and text elements;

2. Image-Text Relationship Analysis: Assess the rela-
tionship between the image and text;

3. Stance Identification: Specify the attitude towards
individuals or groups involved in the meme;

4. Metaphor Analysis: Based on the above, uncover
the deeper metaphors implied by the image-text com-
bination.

Following these steps, each agent simulates the logi-
cal reasoning of a specific user when interpreting a given
meme M; = {I;,T;}, where I; is visual information of
the i-th meme and 7; is textual information of the ¢-th
meme. This process yields a user chain of thought C; ; =
{cij,ci .}, ¢t} where C; ; denotes the chain of thought

produced by the j-th user for the i-th meme, ¢} ;,; denotes the
1-th step of C; ;. The above steps can be formalized as fol-
lows.
Pl = [tl,pTij7 hCLbth] (1)
Ci,j = MLLM(M;, P1), 2)
where ¢ is the instruction of Py, prof; is the j-th user’s
profile, habit; is the j-th user’s comment habit.

User Opinion Consensus Modeling

After obtaining N,, chains of thought generated by agents
for each meme, this module constructs a Social Graph of
Thought map that embodies both consensus and diversity
through feature encoding, clustering analysis, and linkage
association. The specific process is as follows:

Feature Encoding For each four-step reasoning chain
generated by an agent—including image-text interpretation,
image-text joint analysis, stance judgment, and metaphor
analysis—we treat the reasoning result of each step as an
independent node c¥ i j- We use the GME embedding model
to encode all nodes, converting the textual reasoning content
into low-dimensional dense vector representations v¥ .. This
process provides a numerical basis for subsequent clustermg
and correlation analysis.

= fomE (ij)

; 1s the feature vector representation of the c

vl k=1,234,

(3
where v

Clustermg Analysis Based on the feature encodlng
above, we perform clustering at each reasoning step for ev-
ery meme to identify consensus viewpoints.

For each meme and each reasoning step, we collect all
feature vectors generated by IV agents:

={vi,1i=12,....,N,} 4)
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Figure 2: An overview of our SGOTRE. Based on the SGoTRE framework, we train a large multimodal language model called
SGoT-R1. For memes composed of images and text sequences, SGoT-R1 first generates a SGoT to analyze the meme as part of
its reasoning process, and then outputs a label indicating whether the meme is harmful.

We then apply hierarchical clustering (Dasgupta and Long
2005) to VE:
NF = Cluster (VF) ©)

NF={nf,lg=12.G}} (6)

where N k denotes the set of consensus nodes identified for
i-th meme at reasoning step k, n¥ 4 denotes the g-th consen-

sus node of N¥, G¥ is the number of consensus nodes in the
k-th step of the CoT for ¢-th meme.

The optimal number of clusters is determined by maxi-
mizing the silhouette coefficient (Rousseeuw 1987), which
measures the cohesion and separation of the clusters. Each
cluster represents a group of agents who share similar rea-
soning at the corresponding step. Thus, for each meme and
each reasoning step, we obtain multiple consensus nodes,
which collectively reflect the diversity and consensus of user
opinions.

Social Graph of Thought Construction Following the
logical structure of the four-step reasoning chain (“content
interpretation — image-text relationship analysis — stance
identification — metaphor analysis”), we establish cross-
step connections between consensus nodes as follows:
For i-th meme M;, at each reasoning step k (k
1,2,3,4), let the set of consensus nodes be N} = {n}

We add a edge from consensus node n} , to nlHl if there
exists at least one agent j whose reasomng chaln passes
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through both clusters, i.e.,
3je{1,2,...,N,}, SR e

Under this condition, we deﬁne the set of cross-step edges
for M; as:

Enlg, k‘HEn

gz:{( 597 k+1 )3]7 enzga ®)
’f*lenf;l,k:l,z:&}

By preserving the multi-consensus-node structure at each
step, we ultimately construct a SGoT for each meme:

4
gz = <U /\/Z‘ka gz)
k=1

This graph encapsulates both intra-layer clustering relations
and inter-layer logical links: the diversity of opinions is
captured by the multiple consensus nodes in each layer,
while the cross-layer edges represent the logical continuity
of group reasoning chains.

9)

Social Cognitive Reasoning Distillation

To address the high computational cost of multi-agent online
reasoning, we distill the multi-opinion consensus reasoning
logic embedded in the SGoT into a single MLLM. This al-
lows the model to restore the cognitive processes of users
with diverse opinions and achieve interpretable detection of
harmful memes. The specific process is as follows:



Opinion Summary In a single consensus node, the re-
peated occurrence of highly similar user opinions leads to in-
formation redundancy and increases the computational costs
of the model during both training and inference phases. To
address this issue, we input the diverse user opinions within
each consensus node into a LLM, converting the collection
of multiple opinions within the node into a single opinion
summary. This process can be formulated as follows:

1}y = LLM([Py,n ) (10)
NF={af, lg=1.2.,GF} (1)
4
Gi= (U NE, &-) (12)
k=1

Where P, is the prompt of opinion summary, and detailed
information can be found in the supplementary material.
Based on the annotated meme dataset, training samples

are constructed in the form of triplets (M, Q'i, Y;) for each

’

sample, where M; denotes the input, G; represents the rea-
soning process, and Y; corresponds to the output.

Model Distillation Based on the constructed triplet
dataset (M;, Gi, Y;), this paper proposes a knowledge dis-
tillation method. The goal is to distill the collective reason-
ing ability of multi-agent systems into a single MLLM. The
process is as follows:

First, we treat the SGoT gl generated by multiple agents,
as the teacher signal. This graph serves as supervision for
the model’s reasoning process. The student model Fy,, is
a single MLLM, which takes the meme’s visual and textual
information M; as input. The model is required to sequen-
tially output a predicted SGoT G; (as the intermediate rea-
soning result), and then produce the final harmfulness label
Y;. During training, the student model needs to reconstruct
the group reasoning path and accurately classify the harm-
fulness label. To improve parameter efficiency and reduce
computational cost, we apply LoRA for fine-tuning. LoRA
inserts trainable low-rank matrices into selected layers of the
model. By only updating a small number of additional pa-
rameters, the model adapts efficiently to specific tasks. The
input-output flow of the distillation process can be formal-
ized as the following equation.

(0.%)

where Ql is the intermediate reasoning result of Fiy,,. }Aﬁ is
the final detection result of Fgy,,.

‘Fstu(Mi) (13)

Training Objective and Optimization
This work uses a joint cross-entropy loss for end-to-end op-
timization. The loss function constrains the model’s output
on two objectives:

Social Graph of Thought Generation Loss: The
teacher signal’s SGoT is serialized into a text sequence
.C';i (w1, ws,...,wr), and the student model gener-

ates the SGoT is serialized into a text sequence G; =
(1, Ws, . ..,wr). At each time step ¢, the student model
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Datasets Train Test
Harmful Not-harmful Harmful Not-harmful
FHM 3050 5450 500 500
Harm-C 1064 1949 124 230
Harm-P 1486 1534 173 182

Table 1: Statistical distributions of datasets used for evalua-
tion.

outputs a probability distribution ﬁﬁ” over the vocabulary.

The graph cross-entropy loss is defined as:

T VvV
PR 1 v
Lompn(G:,G)) = 5 > Y Lwe =v) -logp”  (14)

t=1 v=1

where V is the vocabulary size.

Harmful Label Classification Loss: For binary harm-
fulness classification, the ground-truth label is denoted as
Y; € {0, 1}, and the student model predicts the probability
Y; € [0,1] of being harmful. The binary cross-entropy loss
is defined as:

Lao(¥;, Vi) = — (Vi log(¥i) + (1 - ¥7) - log(1 - ¥7))
(15)
The total loss is defined as:

Lol = Laraph (Gis Gi) + Lais (Y3, Vi) (16)

Experiments
Datasets and Metrics

We use three publicly available meme datasets for evalu-
ation: (1) FHM (Kiela et al. 2020), (2) Harm-C (Praman-
ick et al. 2021a), and (3) Harm-P (Pramanick et al. 2021b).
Harm-C and Harm-P contain memes related to COVID-19
and U.S. politics, respectively. FHM is released by Face-
book as part of a challenge for crowdsourced multimodal
harmful meme detection to address the problem of harmful
speech, as shown in Table ??. In FHM, each meme is labeled
as either harmful or harmless, while Harm-C and Harm-P
are originally annotated with three categories: very harm-
ful, somewhat harmful, and not harmful. For a fair com-
parison, following the settings of recent related work (Hee
and Lee 2025), we merge the very harmful and somewhat
harmful categories into a single harmful class. To ensure
fair and comprehensive evaluation, we adopt two widely uti-
lized metrics in harmful meme detection: Accuracy (Acc)
and Macro-F1 score (Su et al. 2025; Lin et al. 2023).

Experimental settings

To generate diverse user chains of thought for each meme,
we employ the multimodal large language model Gemini-
1.5 (Team et al. 2024) developed by Google, specifically
the version Gemini-1.5-flash. This version achieves perfor-
mance comparable to state-of-the-art MLLMs while signif-
icantly reducing economic and computational costs. To en-
sure the reproducibility of results, we set the temperature pa-
rameter to 0.01 and the maximum generation length to 1024.



Type Model Year

FHM Harm-C Harm-P
Acct F1T Acct FI1T Acct FI7

Unimodal Text BERT NeurIPS 2019 57.1 415 702 663 80.1 78.4
Image-Region CVPR 2016 523 342 687 630 73.1 72.8

MMBT-Region NeurIPS 2019 65.1 619 735 67.1 825 80.2

Multimodal MOMENTA ACL 2021 613 57,5 838 828 89.8 88.3
MaskPrompt EMNLP 2022 729 652 845 815 882 87.1

HateSieve NAACL 2025 735 71.6 83.6 83.1 88.8 88.5

Pro-Cap ACMMM 2023 749 71.7 850 832 893 87.9

Knowledee-enhanced MR.HARM EMNLP 2023 754 75.1 862 854 89.6 89.6
& ExplainHM WWW 2024 756 754 87.0 864 90.7 90.7
IntMeme AAAI 2025 715 712 819 804 873 86.1

Collective Consensus  SGoT-R1 (Ours) 2025 845 843 89.0 88.7 913 91.3

Table 2: harmful meme detection performance comparisons on FHM, Harm-C and Harm-P dataset

Model Time FHM Harm-C  Harm-P
ACC F1 ACC Fl1 ACC F1

GPT 4o
w/ zero-shot  3.7s 68.8 68.3 67.5 60.3 63.1 64.5
w/ SGoT 15.3s 72.1 71.8 73.2 70.3 80.6 80.3
Gemini 1.5 Flash
w/ zero-shot  3.0s 60.2 589 66.1 64.2 61.6 55.5
w/ SGoT 14.9s 67.8 62.5 70.4 689 78.2 78.4

SGoT-R1-2B  0.67s 79.4 79.1 87.3 86.8 89.0 88.7
SGoT-R1-7B  1.62s 84.5 84.3 89.0 88.7 91.3 91.3

Table 3: Evaluation the effectiveness of SGoT in harmful
meme detection

Our SGoT-R1 trains on a computing platform equipped with
an NVIDIA A100 GPU (80GB), an AMD EPYC 9754 CPU
with 128 cores, 256GB of RAM, and 1TB of disk stor-
age. The training runs for 20 epochs with a batch size of
4. We set the learning rate to Se-5, the LoRA rank to 256,
alpha to 512, and dropout to 0.05. We use the AdamW opti-
mizer (Loshchilov and Hutter 2017).

Comparison with state-of-the-art methods

To evaluate the effectiveness of our method, we conducted
comprehensive comparative experiments against three cate-
gories of state-of-the-art baseline models across three bench-
mark datasets: (1) Unimodal harmful meme detection mod-
els: As shown in the first group of Table 2, these meth-
ods perform detection based solely on either image or text
modality. The compared models include: Text BERT (De-
vlin et al. 2019) and Image-Region (He et al. 2016). (2) Mul-
timodal harmful meme detection models: The second group
in Table 2 presents models that fuse textual and visual in-
formation, demonstrating significant performance improve-
ments over unimodal approaches. The compared models in-
clude: MMBT-Region (Kiela et al. 2019), MOMENTA (Pra-
manick et al. 2021b), MaskPrompt (Cao et al. 2023b) and
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Model FHM Harm-C Harm-P
ACC F1 ACC Fl1 ACC F1

Qwen2VL-2B

w/ zero-shot 54.2 539 56.7 51.5 539 21.8
w/ SFT 76.2 76.2 82.5 81.1 80.3 79.7

w/SGoTRE 79.4 79.1 87.3 86.8 89.0 88.7

Qwen2VL-7B

w/ zero-shot 63.8 63.2 64.1 63.0 55.5 229
w/ SFT 78.6 78.1 85.9 83.2 85.9 86.3

w/SGoTRE 84.5 84.3 89.0 88.7 91.3 91.3

Table 4: Evaluation the effectiveness of our SGOoTRE in
harmful meme detection. We report the zero-shot and SFT
performance of the baseline model and compare it with
SGoT-R1

HateSieve (Su et al. 2025). (3) Knowledge-enhanced harm-
ful meme detection models: The third group in Table 2 in-
cludes methods that incorporate external knowledge through
pre-trained vision-language models (VLMs) or multimodal
large language models (MLLMs). The compared models in-
clude: Pro-Cap (Cao et al. 2023a), MR.HARM (Lin et al.
2023), ExplainHM (Lin et al. 2024) and IntMeme (Hee and
Lee 2025).

Experimental results demonstrate that our proposed
SGoT-R1 model achieves optimal performance across all
benchmark datasets. Specifically, SGoT-R1 attains accuracy
improvements of 8.9%, 2.0%, and 0.6% over the best base-
line models on the FHM, Harm-C, and Harm-P datasets, re-
spectively. Notably, the magnitude of performance improve-
ment exhibits a positive correlation with dataset complex-
ity and scale, with the most significant enhancement ob-
served on the FHM dataset, which features the broadest the-
matic coverage, largest scale, and most complex implicit
hate mechanisms. This performance gain validates the ad-
vantages of SGoT-R1—effectively capturing collective cog-
nitive patterns in meme understanding by integrating both
diversity and consensus from user opinions.
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Node4_2: Users unanimously agree that this metaphor is a racist
stereotype that animalizes and stereotypes Black people.
Node4_3: Users unanimously agree that the “gorilla” metaphor
is an extremely racist stereotype.

Nodel 2 f~ Node2 1

/

Node2 2 ™~ Node3 2

»
onthe 9m£1 Ugist1945 (colorized) /

Node3_1 N~ \
pred: harmful Noded 1 Node4_2
GT: harmful v
(a) Input Meme (b) SGoT

Nodel_1: Users point out that the meme creates a disturbing
contrast by pairing cheerful imagery with a tragic historical
background.

Nodel_2: The meme ironically juxtaposes an excited man with
atomic bomb text, producing unsettling humor.

Node2_1: The meme uses the incongruity between image and text,
along with a bold visual format, to create dark or absurd humor.
Node2_2: The humor comes from the clash between triumphant
imagery and tragic text,

Node3_1: The meme challenges traditional respect for historical
tragedies through dark, provocative, and irreverent humor.
Node3_2: Through cynical, shocking, and inappropriately
juxtaposed humor, it mocks the trivialization of tragedy.
Node4_1: The meme criticizes the manipulation and trivialization
of history for the sake of humor.

Node4_2: It highlights how internet culture, in pursuit of "edgy"
humor, distorts human suffering through extreme contrast.

(c) Consensus Node Content

Figure 3: Examples of correctly predicted harmful memes and their corresponding SGoT are provided below. To clearly present
core information from the verbose original content of each consensus node, we employ LLM to extract key viewpoints. In the
diagram, consensus nodes aligned with harmful prediction results are highlighted in red

Ablation Study

Zero-Shot To evaluate whether SGoT improves harmful
meme detection through structured collective cognition, we
conducted zero-shot inference experiments. In these ex-
periments, SGoT is used as a supplementary input to en-
hance baseline model performance, and results are com-
pared with current mainstream baselines. Two representa-
tive multimodal large language models are selected as base-
lines: (1) GPT-4o (Hurst et al. 2024), a state-of-the-art multi-
modal model; and (2) Gemini 1.5 Flash, which balances per-
formance and cost. As shown in Table 3, integrating SGoT
leads to significant performance gains for both GPT-40 and
Gemini 1.5 Flash, confirming the effectiveness of SGoT. Ad-
ditionally, compared to directly generating SGoT with the
baseline model, SGoT-R1 greatly reduces inference time.

Supervised Fine-Tuning To further validate the effec-
tiveness of the SGOoTRE method for harmful meme detec-
tion, we conducted supervised fine-tuning experiments. The

SGoT serves as an intermediate reasoning step between the
input and output, and we fine-tuned the multimodal models
accordingly. The results are compared with both zero-shot
and supervised fine-tuning baselines, using the 2B and 7B
versions of Qwen2-VL (Wang et al. 2024) as baselines. As
shown in Table 4, experimental results show that models us-
ing the SGoT approach achieve the best performance across
all metrics, fully demonstrating the feasibility and effective-
ness of distilling collective cognition reasoning into a unified
framework.

Qualitative Analysis

As shown in Figure 3, we select two typical cases of harm-
ful memes for qualitative analysis: one is a meme that mocks
Black people using the image of a chimpanzee, and the other
offends victims of the Japanese nuclear bombings by dis-
torting human suffering. The experiment displays the SGoT
generated by our SGoT-R1 and the consensus node con-
tent of SGoT, clearly presenting the reasoning process. The
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results show that, in both cases, the majority of consen-
sus nodes point to the presence of harmful metaphors in
the memes, with only a few nodes (such as Nodel_1 and
Node2_2 in the first case) expressing ambiguous or non-
harmful views. These results validate the effectiveness of
the proposed model in predicting harmful memes and also
demonstrate that, from the opinion of social consensus, it is
possible to more clearly grasp the general public’s judgment
tendencies toward such harmful content.

Conclusion

In this paper, we propose a Social Graph of Thought Rea-
soning Enhancement (SGoTRE) framework to address the
limitations of single-opinion reasoning in harmful meme de-
tection. Our SGoTRE enhances multimodal large language
models’ metaphorical reasoning capabilities by introducing
the Social Graph of Thought (SGoT). We first utilize multi-
agent systems to simulate diverse user thinking processes
and generate varied chains of thought, then construct SGoT
to integrate these chains and model group consensus and
viewpoint diversity, and finally distill the collective reason-
ing logic into a single model SGoT-R1 through a novel train-
ing paradigm. Extensive results demonstrate the superiority
of our approach that achieves a new state-of-the-art on main-
stream datasets.
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