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Abstract

Harmful memes are ever-shifting in the Inter-
net communities, which are difficult to ana-
lyze due to their type-shifting and temporal-
evolving nature. Although these memes are
shifting, we find that different memes may
share invariant principles, i.e., the underlying
design concept of malicious users, which can
help us analyze why these memes are harm-
ful. In this paper, we propose REPMD, an
ever-shifting harmful meme detection method
based on the design concept reproduction. We
first refer to the attack tree to define the De-
sign Concept Graph (DCG), which describes
steps that people may take to design a harmful
meme. Then, we derive the DCG from his-
torical memes with design step reproduction
and graph pruning. Finally, we use DCG to
guide the Multimodal Large Language Model
(MLLM) to detect harmful memes. The eval-
uation results show that REPMD achieves the
highest accuracy with 81.1% and has slight
accuracy decreases when generalized to type-
shifting and temporal-evolving memes. Human
evaluation shows that REPMD can improve
the efficiency of human discovery on harmful
memes, with 15∼30 seconds per meme.

Disclaimer: This paper may contain content
that is disturbing to some readers.

1 Introduction

Nowadays, memes have emerged as important cul-
tural symbols on the Internet. They use both vi-
sual and textual elements to convey the designer’s
opinion for organizations, regimes, and social
events (Lin et al., 2024). However, malicious users
may design harmful memes as a weapon to ex-
press their biased viewpoints (Sharma et al., 2022),
which may pose threats to society and other users.

The rapid growth of the Internet community has
led to the following ever-shifting characteristics
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Misogyny
Design Concept: Specify 
fact “people’s parenting 
issues” on crazy woman.

Offensiveness
Design Concept: Specify 
fact “make mistakes” on 
Pence (attack D. Trump).

Sarcasm
Design Concept: Specify 
fact “stab people” to 
stupid person.

Target Meme

Racism

The meme express racism to black 
people, by emphasizing the wearing 
(nose stud) with highlights…

Doubao-1.5-Vision-Pro

S1: Explore person’s feature. 
S2: Specify fact to person.

Guidance

This meme is not harmful because it 
only contains a black people…

w/o Design 
Concept

w/ Design 
Concept

×

√

Figure 1: The motivation example of REPMD.

of harmful memes (Valensise et al., 2021): (1)
Type Shifting: Memes come in many forms and
attack different targets, and (2) Temporal Evolv-
ing: Memes are temporally related to some events.
This ever-shifting nature makes the visual elements
and expression of new memes quite different from
the historical ones. For example, Figure 1’s tar-
get meme uses a new and implicit way to express
discrimination against black people, through the
highlighted red circles on the people’s accessories
(i.e., nose stud). Existing harmful meme detection
methods (Kiela et al., 2020; Suryawanshi et al.,
2020) only learn the combination of harmful el-
ements, and lack understanding of these implicit
expressions, so they cannot accurately detect the
harmfulness. Moreover, new slang abbreviations
like "GOAT" and "Stan" are used in memes to ex-
press harmful viewpoints, and these rarely-seen
expression improve the difficulty of detection.

Although harmful memes are ever-shifting, we
find that they have "invariant principles". In Fig-
ure 1, we choose four example memes that have
different harmful types, but share similar underly-
ing ideas that MLLM can learn from each other.
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For example, the idea of the leftmost meme is to
specialize in fact (e.g., parenting issues) to a cer-
tain group of people (e.g., crazy women), thereby
attacking these people. This is the Design Concept
of memes, expressing the attacks through the hu-
man specification (Sălcudean, 2020). By analyzing
the design concepts, the test MLLM, i.e., Doubao-
1.5-Vision-Pro (Guo et al., 2025), can accurately
identify the target meme’s racism: the malicious
user specifies a fact "people who wear nose stud"
onto "black people" to express the stereotype.

In the previous cases, we can see that the design
concept is useful. However, previous works have
not defined an explainable structure to formally
describe this design concept. Therefore, we need
to define its structure and derive the contents based
on the visible information of memes. Moreover,
we also need to propose the corresponding usage
strategy of design concepts, which can effectively
guide the MLLM to detect target harmful memes.

In this paper, we propose an automated approach
that Reproduce memes’ design concept to improve
the ever-shifting harmful Meme Detection, named
REPMD. Inspired by the effectiveness of the at-
tack tree (Schneier, 1999), we define the structure
of DCG, a heterogeneous graph (Zhang et al.,
2019; Gao et al., 2025) that describes steps that
people may take to design a harmful meme, as
well as the goal they want to achieve. This struc-
ture can explain the user’s design logic and guide
MLLM to stepwise identify the harmfulness. Based
on this structure, we derived a DCG from histori-
cal memes that MLLMs fail to predict accurately,
through the design steps’ reproduction and graph
pruning. For target memes, we retrieve similar
reproduction steps from DCG, then form the step-
wise guidance to help MLLM detect target harmful
memes in the ever-shifting scenario.

To evaluate the performance of REPMD, we
conduct two types of experiments on a dataset of
58,192 memes. For the type-shifting experiment on
public GOAT-Bench memes, REPMD achieves the
highest accuracy with 81.1% and has only a 2.1%
accuracy decrease in out-of-domain evaluation. For
the temporal-evolving experiment on our manually
crawled Twitter memes, REPMD also outperforms
baselines and has a 0.3% accuracy improvement in
other quarters’ evaluation. Moreover, our human
evaluation shows that REPMD can improve the
efficiency of human discovery on harmful memes,
with 15∼30 seconds per meme.

This paper makes the following contributions:

• We propose REPMD, a harmful meme detection
method with design concept reproduction, appli-
cable for ever-shifting memes on the Internet.

• We evaluate REPMD on ever-shifting memes
from two data sources, which outperforms base-
lines and can be generalized to type-shifting and
temporal-evolving memes with the help of DCG.

• We conduct a human evaluation to illustrate that
DCG has high explainability and can help evalu-
ators manually identify harmful memes.

• We release the code and dataset1 to facilitate
REPMD’s reproducibility.

2 Definition of Design Concept

To describe the meme’s design concept, we re-
fer to the idea of attack trees (Schneier, 1999), a
threat model that contains STRIDE threat types,
attack methods, goals, and logic of the attack repro-
duction. It can guide LLM-based security testing
tools to warn of software vulnerabilities (Xiong
and Lagerström, 2019), which aligns with MLLM’s
logic for identifying memes’ harmful information.

Before extracting the DCG, we first analyze the
reasons why harmful memes cannot be detected by
MLLM, then form the fail reason tree. It contains
the type and fail reason nodes, as well as the type
and link edges. Then, we derive the fail reason
node to the steps that the harmful users will take
to design harmful memes, which contain the type,
reproduction method, goal, and logic gate nodes,
as well as the type, link, and achievement edges.

2.1 Definition of Fail Reason Tree
The structure of fail reason tree can be formed as
GF = ⟨{NT,NF}, {ET, ELink}⟩, defined as follows:
Node: (1) Type Node NT: It contains three node
levels L1 ∼ L3, where the chosen value is in
Table 7, similar to STRIDE threat types in at-
tack trees: Macro Type Nodes NL1

T : The seven
fixed categories in Table 7, defined in the previ-
ous works (Chen et al., 2025); Subtype Nodes
NL2,3

T : The detailed types that need to be specified,
e.g., Culture→Video Games. These subtypes are
not limited to the table and can be extended. (2)
Fail Reason Node NF: It contains one-sentence
MLLM’s fail reason and memes’ text description.
Edge: (1) Type Edge ET: The edge is NLi

T →
NLi+1 , indicating the division from the macro type

1https://github.com/jzySaber1996/RepMD
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Figure 2: The overview of REPMD.

to subtypes; (2) Link Edge ELink = NT → NF:
It indicates that one type of incorrectly predicted
harmful meme has corresponding fail reasons.

2.2 Definition of DCG

We extract design concepts of historical memes
and gather them into the DCG. The structure
refers to the attack tree’s three-level structure,
i.e., attack method, attack goal, and logic gate,
which reflect how to reproduce a harmful meme.
The structure of DCG can be formed as GD =
⟨{NT,NM,NG,Nσ}, {ET, EA, ELink}⟩, where the
reproduction nodes are derived from reason nodes
NF → (NM,NG,Nσ), which is the reproduction
step for the DCG. defined as follows:
Node: (1) Type Node NT: They are the same as
the fail meme tree. (2) Reproduction Method
NM: These nodes describe the steps that malicious
users take to design harmful memes; (3) Logic
Gate Nσ: There is a logical combination between
the reproduction methods to design a meme, i.e.,
And (∧), Or (∨), and Not (¬); (4) Reproduction
Goal NG: A design goal that a malicious user aims
to achieve, such as the human specification. Each
node also contains a harmful indicator {0, 1} that
identifies which node may pose a harmful.
Edge: (1) Type Edge ET: It is the same as the
fail meme tree. (2) Link Edge ELink = NT →
NM: The structure is the same as the fail meme
tree, but the meaning is slightly different. The
link indicates that in historical memes, one type of
harmful meme has the corresponding reproduction
step. (3) Achievement Edge EA: Edges between
(NM,NG,Nσ), which are the logic indicating the
achievement between methods and the goal.

3 Overview of REPMD

The element changing in ever-shifting harmful
memes makes them difficult to detect. As shown in
Figure 1, the target meme expresses racism against
people in an unknown and implicit way. With the
help of the design concepts, we find that different
types of memes may have invariant principles, such
as the above-mentioned human specification. This
invariant feature can help MLLMs infer why the
unknown meme is harmful.

Figure 2 illustrates the overview of REPMD.
Guided by the concept, we first explore the reasons
in historical meme cases that MLLMs fail to de-
tect harmful memes, formed as the fail reason tree
defined in Section 2. Second, we derive reproduc-
tion steps from the fail reason tree and form DCG,
then propose a fast Singular Value Decomposition
(SVD)-based graph pruning method, proved effec-
tive in GNN’s dimensionality reduction (Cai et al.,
2023). These steps form the design concept with
the relation "Fail Reason Tree→DCG→SVD". Fi-
nally, REPMD retrieves relevant reproduction steps
from DCG to help MLLMs detect whether the tar-
get meme is harmful.

3.1 Fail Reason Tree Construction

Before constructing the DCG GD, we aim to ex-
plore the reason why MLLMs fail to detect harmful
memes. Given historical memes [MH

1 , ...,MH
n ],

we propose an looped framework of "extraction,
reflection, and optimization". After the loop, we
can obtain a fail reason tree GF and the optimized
prompt. Through prompt optimization, the fail rea-
son tree will contain some harmful memes that
cannot be accurately detected, no matter how the
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prompt is optimized. Therefore, it is meaningful to
explore design concept for these memes.

3.1.1 Collaborative Fail Case Extraction
For each historical meme MH

i , given the origi-
nal PHarm (see Figure 9), we input it into the five
tested MLLMs, i.e., Doubao-1.5-Vision, GPT-4o,
Qwen2.5VL, Gemini-Pro, and InternVL3, based
on evaluation reports (Lu et al., 2024; Li et al.,
2024a). These MLLMs achieve state-of-the-art
performances in tasks like OCR and Image Under-
standing, etc., with high Performance and Time
Efficiency. Some novel models, like Qwen3VL-
235B, may take over two minutes with a long chain-
of-thought, so we do not evaluate them. We then
obtain fail cases Mfail with the major voting, i.e.,
≥ 3 MLLMs Fail, which means in the ith iteration,
even prompts are optimized, MLLMs still struggle
to identify their harmfulness, so they need to be
prioritized to analyze.

3.1.2 Collaborative Fail Reason Reflection
Given fail cases Mfail, we use the tree generation
MLLM with prompt PF (see Figure 10) to generate
GF: (1) Reason Nodes Generation: We concate-
nate the responses of all fail MLLMs, then ask a
larger MLLM (i.e., Qwen3VL-235B) to analyze
why they cannot detect the harmful: Mfail → NF.
We directly tell Qwen3VL that MLLMs fail in
prompt PF and ask it to generate content in the
fail reason nodes. (2) Type Nodes Generation: To
analyze which type the meme belongs to, we input
the pre-defined types and the reason node’s content
into Qwen3VL and categorize it into type nodes:
(Mfail,NF) → NT. The prompt controls MLLM to
first classify the meme into the macro type as L1,
then stratify subtypes from L2 to L3. (3) Prompt
Optimization. We use Qwen3VL to summarize
the key points in GF, which summarize the common
causes of fail memes and what the MLLM needs
to focus on. We optimize the prompt by appending
these points: PHarm ⊕ KeyPoints → P

′
Harm, which

makes MLLMs focus on fail cases and pertinently
improve the performance of meme detection.

3.2 DCG Construction

Given the fail reason tree GF with the "reason-
level expression" (e.g., Figure 3’s "crazy woman
with the parenting issues"), we aim to explore
memes’ "reproduction-level idea" (e.g., "deliber-
ately choose a crazy woman to emphasize and at-
tacking these persons). The "reproduction" means

∧

Rep-Method 𝑁𝑀1: Write 

a fact text. (Harmful=0)

Rep-Method 𝑁𝑀2: Search 

related images. (Harmful=0)

Rep-Method 𝑁𝑀3: Select 

a biased image.
(Harmful=1)

Rep-Goal 𝑁𝐺: Specify fact to Person, 
express harmful to people emotion 
(misogyny, etc.) (Harmful=1)

Sub-Type: Implicit Misogyny Slangs Type: Gender

TEXT: PARENTING; 
IF YOU FEEL CRAZY, THEN YOU’RE 
DOING IT RIGHT

…

Historical Meme Example DCG

Figure 3: The example DCG extracted from the histori-
cal meme (harmful type: misogyny).

thinking about the user’s design process based on
visible information. Its core idea is to find a harm-
less alternative element, thereby identifying the
reason why users choose the current element.

We propose the node derivation and calibration
method to derive the reproduction steps and form
the original DCG: GD. Then, since GD may contain
redundant nodes, and MLLMs may have exces-
sive time cost to prune this graph, we propose an
effective pruning algorithm based on the SVD.

3.2.1 Reproduction Step Node Derivation

For reason nodes NF, we derive reproduction steps
with Qwen3VL-235B and prompt PD (see Figure
11): NF → GD: (1) Reproduction Method and
Logic Gate Derivation: We ask Qwen3VL to cap-
ture the reason-level elements with the combina-
tion logic Nσ. Then, according to the previous
description of alternative design approaches, we
drill down into the ideas and steps that focus on
the method of designing this meme NM, by ask-
ing Qwen3VL three questions: "A: Is there a re-
placement method for each element?", "B: Why
is that element chosen?", and "C: Is the replaced
element harmful?". (2) Graph Calibration and
Goal Derivation: We ask another Qwen3VL to
validate whether the design concept aligns with the
meme’s visual elements and analyze what the user
wants to achieve as NG. After generating design
concepts from historical memes, we link them by
type nodes and form an overall graph as DCG.
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3.2.2 SVD-based DCG Pruning
The DCG is the gathering of all historical memes,
so some memes may have similar design concepts,
introducing redundant nodes and edges to the DCG.
Therefore, we propose the SVD-based pruning
method, as shown in Algorithm 1. The main idea is
how to design an adjacency matrix to describe the
relations between nodes Ni and Nj , so we propose
the reproduction score (line 2):

Scorerep(Nij) = ReLU(sim(Ni,Nroot)− sim(Ni,Nj))

where sim(Ni,Nj) = 0 if Ni/Nj = Nroot
(1)

where the function sim(·, ·) is the cosine similar-
ity between TF-IDF values of the node’s contents.
NT’s root node is NL1

T , and NM’s root node is
NG. The final scores are activated with the ReLU
function (Glorot et al., 2011) to ensure the positive
definiteness of the adjacent matrix. The equation
implies that we want a node to have higher correla-
tion to the root node and lower similarity to other
nodes, which means that this node is not redundant
and will not be pruned. Moreover, we find that
redundancy mainly comes from reproduction steps,
so we introduce scaled factors α, β for the matrix
of the reproduction step (NM,NG,Nσ) → ARepr
and the edge matrix ELink → ALink (1 > β > α).

From line 3 to 12, after we have initialized the
base matrix A, we calculate the t-hop matrix’s
indirect feature value, i.e., At in the loop, which in-
dicates how the nodes are correlated to other nodes
through the graph’s relations. Then, we set a hyper-
parameter θ to represent the retained nodes in G′

D.
We first introduce the Laplacian Normalization (Li
et al., 2024b) to process the adjacent matrix to L.

In line 5, during the SVD, we obtain singular
values [λ1, ...λn], which can be used to represent
the matrix’s feature with the low-rank approxima-
tion. Since the distribution of singular values may
be long-tailed, we calculate the difference on a log-
arithmic scale and choose the cut-off value λcut

with the steepest decline.
Finally, in line 11, if the proportion of retained

nodes does not achieve θ, we explore the impact of
the t-hop matrix’s indirect relations.

3.3 DCG-Guided Harmful Meme Detection
Since REPMD has constructed DCG with multiple
prompts, the detection is lightweight by reusing pre-
vious prompts. Given target memes [MT

1 , ...,M
T
n ]

and the test MLLM, we retrieve the similar repro-
duction steps from the DCG G′

R and guide the harm-
ful meme detection. Since this step is executed

Algorithm 1: SVD-based DCG pruning.
Input: The original DCG GD, retained proportion θ.
Output: The pruned DCG G′

D.
1 A = Scorerep(GD) with Equation (1), where

A =

(
AType βELink
βELink αARepr

)
, α, β: scaled factors;

2 Calculate Degree Matrix D, Initialize G′
D = ∅;

3 while t ≤ 5 do
4 L = I−D−1/2AtD−1/2;
5 SVD: L = UΛV⊤ (See Appendix A.2.1);

Λ = diag(λ1, ..., λn), λ1 ≥ λ2 ≥ ... ≥ 0;
6 Cut-off Determination (See Appendix A.2.2):

cut = argmaxi | ln(λi+1 − λi)|;
7 Graph Pruning: G′

D = ⟨{N1, ...,Ncut}, {E
′}⟩,

where Ni := λi,
{E ′} = {Ni → Nj |i, j ≤ cut};

8 if cut/n ≥ θ then
9 break;

10 end
11 t-hop Indirect Features: t = t+ 1;
12 end
13 return G′

D;

online, the time cost of REPMD comes from the
scale of the test dataset.

Step-1: Relevant DCG Reproduction Step Re-
trieval. We extract the historical reproduction
step as follows: (1) DCG Node Retrieval: We
reuse the prompt PF and PD to select DCG’s
nodes that may relate to MT

i , aggregated as a set
{Ni|Ni ∈ G′

D}. (2) Reproduction Step Forma-
tion: We cluster the subgraphs based on the edges,
i.e., Gsub = ⟨{Ni}, Esub ⊂ G′

D⟩.

Step-2: Target Guidance Generation. We trans-
form the retrieved step Gsub into plain text with
logic semantics (see Appendix A.1), then feed
the target meme and this plain text into the test
MLLM (same model for testing the follow-up
harmful meme detection) to output the guidance as
(S1) → (Sn). Finally, REPMD inputs the gener-
ated guidance with the target meme MT

i into the
test MLLM, then uses the optimized prompt P

′
Harm

in Figure 9 to detect the target harmful memes.

4 Experimental Design

To evaluate the performance of REPMD, we intro-
duce three Research Questions (RQs).

RQ1: What are the performances of REPMD on
detecting ever-shifting harmful memes, i.e., type-
shifting or temporal-evolving memes.

RQ2: How do each component contribute to
REPMD’s performances?
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RQ3: Can REPMD’s DCG help humans under-
stand why the memes are harmful?

Dataset Preparation. We construct the dataset
from two sources, i.e., GOAT-Bench (Lin et al.,
2024) and our crawled memes from Twitter, and
the steps are shown as follows.

(1) Type-Shifting Dataset Preprocessing: We
first reuse all memes in GOAT-Bench. Then,
we manually find that it has overlap cate-
gories (misogyny and hatefulness) and misclassi-
fied samples (classify misogyny memes as hate-
fulness), so we replace the type name, e.g.,
"Harmfulness"→"Toxicity" (violence and suicide,
etc) and "Hatefulness"→"Racism" (mainly the
racial hatefulness). Then, we reclassify 110 misog-
yny memes to the correct type. The revised data is
used to detect type-shifting harmful memes.

(2) Temporal-Evolving Dataset Annotation:
There are currently no usable benchmarks, so we
manually crawl the memes on Twitter in year:
2025 and divide them into four quarters. In each
quarter, we randomly select 500 memes for DCG
construction and evaluation. We have invited three
researchers with ≥ 3 years of experience in harm-
ful meme detection (not included in the authors),
and asked them to annotate the dataset indepen-
dently based on the criteria for determining harm-
ful content (Pandiani et al., 2025). Each meme is
labeled by these three annotators, and they check
whether the labels are accurate. The average Co-
hen’s Kappa (Pérez et al., 2020) value is 0.86,
which achieves a high agreement on the labels.

Table 1: The statistics of our constructed dataset.

Types Type-Shifting Dataset from GOAT-Bench
Racism Misogyny Offensiveness Sarcasm Toxity

DCG 8,310 10,190 7,000 19,816 4,250
Target 2,080 920 743 1,820 1,063

Quarters Temporal-Evolving Dataset from Twitter Total
Jan∼Apr Apr∼Jun Jul∼Sep Oct∼Dec

DCG 400 400 400 400 51,166
Target 100 100 100 100 7,026

(3) Dataset Size and Labeling Cost: Table 1
shows that we collect 58,192 memes (54.0% are
harmful) in the dataset, where 56,192 come from
GOAT-Bench for type-shifting evaluation, and
2,000 are crawled memes for temporal-evolving ex-
periments. Moreover, the manually-labeled dataset
comes from GOAT-Bench’s adjustment and Twit-
ter’s, so the cost of human labor is small.

Baselines. We select three novel and represen-
tative baselines. One method utilizes Retrieval-
Augmented Generation (RAG) for harmful meme

detection, which meets the evaluation require-
ments of DCG construction and retrieval. The
other two methods introduce few-shot Supervised
Fine-Tuning (SFT), which meet the experimen-
tal requirements on ever-shifting memes: Mode-
Hate (Cao et al., 2024) is a few-shot hateful meme
detector fine-tuned with LoRA; MIND (Liu et al.,
2025) is a zero-shot RAG-based framework with
bidirectional insight-augmented inference; and RA-
HMD (Mei et al., 2025) is a fine-tuned adapta-
tion framework for hateful meme detection. More-
over, we have also selected four representative
MLLMs as baselines, i.e., Qwen2.5VL-32B (Bai
et al., 2025), GPT-4o, Doubao-1.5-Vision-Lite,
and Doubao-1.5-Vision-Pro (Guo et al., 2025).

Metrics. To ensure a fair and comprehensive eval-
uation, we measure model performance using two
commonly-used metrics: Accuracy and F1-Score,
following the setting of GOAT-Bench.

Experimental Settings. For implementation, we
use MLLM’s APIs and set temperature = 0 to
make the output fixed, Top_P , and max_token as
default values in the vanilla MLLM. For hyperpa-
rameters, we set α = 0.3 and β = 0.6 for SVD,
and θ = 75% (see Appendix A.4). All experiments
run on four GeForce RTX A6000 GPUs.

5 Results

5.1 Overall Performance of REPMD on
Evolving Memes (RQ1)

Type-Shifting Experiments. We conduct this ex-
periment in the following types: (1) In-Domain
(ID) Evaluation: We construct DCG and detect
target memes’ harmfulness within the same type.
(2) Out-Of-Domain (OOD) Evaluation: We in-
troduce the cross-type analysis, which means that
we choose one specific type of memes in GOAT-
Bench as the target, and use the other four types
of memes as historical to generate DCG.

Table 2 illustrates the results for type-shifting
scenario, where ∆(ID,Vanilla) and ∆(OOD, ID)
indicate the absolute improvement of REPMD and
the relative decrease when migrated to the OOD
memes. We can see that, the absolute detection
performance of REPMD achieves 81.1% accuracy,
outperforming all baseline approaches. The im-
provement on vanilla MLLMs achieves +9.1% (F1)
and +10.5% (Accuracy). Besides, the OOD experi-
ment shows that the decrease of REPMD’s perfor-
mance is smaller than baselines (which is -18.7%
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Table 2: The performance of REPMD on In-Domain (ID) and Out-Of-Domain (OOD) memes(%).

Evaluation on Types Racism Misogyny Offensiveness Sarcasm Toxicity Average
Approaches F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc.

Few-Shot SFT and RAG-based Baselines for Harmful Meme Detection

Mod-HateID (Cao et al., 2024) 58.3 58.1 61.9 61.5 63.0 64.1 61.3 63.3 71.2 69.3 63.1 63.3
Mod-HateOOD 36.6 34.9 43.7 44.5 40.2 43.7 42.1 45.2 59.3 55.1 44.4 44.7
MINDID (Liu et al., 2025) 69.1 66.2 69.2 68.7 63.7 62.5 64.0 63.2 71.6 71.2 67.5 66.4
MINDOOD 47.4 45.0 49.5 49.4 42.1 42.0 45.9 44.3 55.3 54.0 48.0 46.9
RA-HMDID (Mei et al., 2025) 74.6 73.4 77.3 76.8 71.9 70.1 70.4 71.3 70.2 69.5 72.9 72.2
RA-HMDOOD 57.2 56.3 50.2 48.6 48.0 47.4 45.2 44.3 64.5 62.3 55.0 51.8

Average ∆(OOD, ID) ↓20.3 ↓20.5 ↓21.7 ↓21.5 ↓22.8 ↓21.2 ↓20.8 ↓21.3 ↓11.3 ↓12.9 ↓18.7 ↓19.5

Test MLLMs for Harmful Meme Detection

Qwen2.5VL-32B (Vanilla∗) 72.6 68.3 65.2 60.9 63.2 55.3 71.0 68.7 62.3 53.9 66.9 61.4
+REPMDID 78.2 77.4 74.9 74.5 71.0 70.6 80.4 79.6 79.1 77.0 76.7 75.8
+REPMDOOD 76.8 75.4 73.0 72.6 70.2 70.1 77.2 77.2 77.5 75.8 74.9 74.2

GPT-4o (Vanilla) 76.6 75.2 82.7 82.4 59.1 59.1 68.7 66.3 66.3 64.2 70.7 69.4
+REPMDID 88.5 87.6 90.5 90.4 71.2 71.1 84.2 83.8 80.2 78.5 82.9 82.3
+REPMDOOD 87.1 87.0 88.7 86.2 70.4 70.2 80.5 79.6 77.6 76.9 80.9 80.0

Doubao-1.5-Vision-Lite (Vanilla) 70.5 69.1 67.3 68.0 66.4 65.5 68.6 68.7 70.0 70.2 68.6 68.3
+REPMDID 77.4 77.2 74.5 74.1 76.3 75.4 75.0 74.9 78.6 78.5 76.4 76.0
+REPMDOOD 76.2 75.5 73.2 73.7 72.1 73.1 74.1 72.6 77.5 76.2 74.6 74.2

Doubao-1.5-Vision-Pro (Vanilla) 72.4 71.9 73.4 72.9 67.4 64.3 71.3 70.4 72.0 72.1 71.1 69.9
+REPMDID 81.5 80.6 82.2 81.3 80.2 81.3 81.2 81.3 83.0 82.8 81.3 81.1
+REPMDOOD 80.3 79.4 80.4 79.3 78.2 77.6 78.5 78.4 81.7 80.9 79.4 78.7

Average ∆(ID,Vanilla) ↑7.7 ↑9.0 ↑7.6 ↑7.9 ↑9.4 ↑12.8 ↑9.2 ↑9.8 ↑11.7 ↑13.1 ↑9.1 ↑10.5
Average ∆(OOD, ID) ↓1.3 ↓1.4 ↓1.7 ↓2.1 ↓2.0 ↓1.9 ↓2.6 ↓3.0 ↓1.7 ↓1.7 ↓1.9 ↓2.1
∗ "Vanilla" means using original MLLMs with the optimized detection prompt P

′
Harm to detect harmful memes.

F1), with -1.9% (F1) and -2.1% (Accuracy). By an-
alyzing the inference of MLLM, we find that they
detect harmful memes by analyzing what elements
are harmful, but may ignore the implicit expres-
sions (e.g., Figure 1’s red circle) and seemingly
harmless elements. From the experiment results,
we can see that DCG guides MLLM to understand
the idea of memes’ design, enabling REPMD to
detect harmful memes across types. Even if there
are not too many training samples labeled with fine-
grained types, REPMD can achieve effective de-
tection ability by {0, 1} harmful labels. Moreover,
we have conducted a pairwise T-test to measure
the significance between MLLMs and REPMD2.
We can see that, in Table 3, REPMD can signifi-
cantly outperform the vanilla MLLMs, and the col-
umn "OOD vs ID" shows that migrating REPMD
to type-shifting memes will not reduce the perfor-
mance significantly.

Table 3: The p-values of pairwise significant T-testing
on type-shifting and temporal-evolving memes.

Tested MLLMs REPMD vs Vanilla OOD vs ID TE vs TF

Qwen2.5VL-32B 3.0× 10−6 0.007 0.017
GPT-4o 7.0× 10−9 0.037 0.032
Doubao-1.5-Vision-Lite 4.6× 10−10 0.008 0.016
Doubao-1.5-Vision-Pro 7.1× 10−10 0.052 0.020

2p < 0.01 means high significance.

Temporal-Evolving Experiments. We conduct
this experiment in the following types: (1) Tem-
poral Fixed (TF) Evaluation: We construct DCG
and evaluate REPMD on same quarter’s memes.
(2) Temporal Evolving (TE) Evaluation: To en-
sure fairness of evaluation, we choose quarteri’s
cases to construct DCG and detect harmful memes
in quarteri+1’s cases.

Table 4: The performance of REPMD on Temporal
Evolving (TE) and Temporal Fixed (TF) memes (%).

Evaluation on Quarters Apr∼Jun∗ Jul∼Sep Oct∼Dec
Models (Top-2 MLLMs) F1 Acc. F1 Acc. F1 Acc.

RA-HMDTF 45.9 44.9 52.7 51.5 56.4 55.2
RA-HMDTE 31.7 31.2 40.2 40.0 45.3 44.1
∆(TE,TF) ↓14.2 ↓13.7 ↓12.5 ↓11.5 ↓11.1 ↓11.1

GPT-4o (Vanilla) 51.3 50.0 56.3 55.0 67.4 65.0
+REPMDTF 60.2 60.0 63.0 66.0 83.5 80.0
+REPMDTE 67.4 65.0 61.6 65.0 82.4 78.0
∆(TF,Vanilla) ↑8.9 ↑10.0 ↑6.7 ↑11.0 ↑16.1 ↑15.0
∆(TE,TF) ↑7.2 ↑5.0 ↓1.4 ↓1.0 ↓1.1 ↓2.0

Doubao-1.5-V-Pro (Vanilla) 67.4 65.0 66.2 65.0 67.4 65.0
+REPMDTF 82.4 80.0 82.4 80.0 86.7 85.0
+REPMDTE 82.4 80.0 82.4 80.0 86.7 85.0
∆(TF,Vanilla) ↑15.0 ↑15.0 ↑16.2 ↑15.0 ↑19.3 ↑20.0
∆(TE,TF) 0.0 0.0 0.0 0.0 0.0 0.0

∗ The year: 2025 is divided into quarter-based intervals.

Table 4 shows the Top-2 MLLMs’ performances
on Twitter’s temporal-evolving memes within the
last three quarters. We can see that, REPMD im-
proves the vanilla MLLMs with +13.7% (F1) and
+14.3% (Accuracy) on average. Moreover, we cal-
culate the difference ∆(TE,TF) and find that in-
troducing historical memes can even improve the
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Figure 4: The case study of temporal evolving memes.

Table 5: The contribution of REPMD on detecting harm-
ful memes with different design concepts.

Approach Human Specification Minecraft Replacement

MIND 21/50 (42.0%) 20/50 (40.0%)
RA-HMD 35/50 (79.0%) 36/50 (72.0%)
Vanilla GPT-4o 34/50 (68.0%) 31/50 (62.0%)

GPT-4o+REPMD 44/50 (88.0%) 47/50 (94.0%)

detection performance of memes, with +0.8% (F1)
and +0.3% (Accuracy) on average. This advantage
comes from the consistency with the design con-
cepts of the same organization. Some subcultural
groups (e.g., Bitcoin’s Dogwifhat, Minecraft, and
K-pop Fancam, etc.) have opinion leaders, and
group members will utilize a similar expression
pattern to design memes, so the continuity of these
patterns can help us identify the causes of harm-
ful memes accurately. Finally, in Table 3’s column
"TE vs TF", we can see that even when migrated to
temporal evolving memes, REPMD’s performance
reductions are not significant, which further indi-
cates the generalizability of our approach.

Case Study for Design Concepts. Figure 4
shows that the Minecraft group’s users use ele-
ments like "Creeper" and "Ignition Tool" instead
of regular weapons to express violence, This ex-
pression is successfully captured by REPMD in the
DCG, so it can help the MLLMs understand ideas
of the group’s opinion leaders and members, thus
detecting harmful memes that are rapidly shifting.

We have conducted another experiment to illus-
trate the advantages of GPT-4o+REPMD with the
help of DCG, where we manually select 200 exam-
ples with two design concepts, i.e., "Human Speci-
fication" and "Minecraft Replacement", where 150
memes are used for constructing DCG, and we de-
tect harmful memes in the remaining 50 memes.
The following results show the number of accu-
rately predicted memes. We can see that, in Table
5, REPMD can not only outperform baselines, but

Table 6: The accuracy of REPMD’s ablation study (com-
ponent removal or replacement) on three variants (%).

Variants ID OOD TE

GPT-4o+REPMD 82.3 80.0 69.3

w/o Tree 81.1 (↓1.2 79.2 (↓0.8) 68.1 (↓1.2)
w/o VoteMLLMs 81.0 (↓1.3) 79.2 (↓0.8) 65.3 (↓4.0)
w/o OptPrompt 79.0 (↓3.3) 78.6 (↓1.4) 64.9 (↓4.4)

w/o SVD 76.8 (↓5.5) 71.6 (↓8.4) 60.5 (↓8.8)
SVD→GPT-4o 79.9 (↓2.4) 78.2 (↓1.8) 68.1 (↓1.2)
SVD→Doubao-V-Pro Failed 79.1 (↓0.9) 69.0 (↓0.3)
SVD→Qwen3VL Failed Failed 70.0 (↑0.7)

w/o DCG 76.3 (↓6.0) 70.9 (↓9.1) 60.1 (↓9.2)
Retrieval→ImgSim 78.2 (↓4.1) 77.1 (↓2.9) 64.5 (↓4.8)
Retrieval→GraphRAG 81.1 (↓1.2) 79.5 (↓0.5) 65.5 (↓3.8)

also detect 26 harmful memes with DCG, where
vanilla GPT-4o cannot detect them.

5.2 Ablation Study of REPMD (RQ2)

To evaluate the contribution of model’s components
to REPMD, we analyze three types of variants
based on the structure in Section 3: Sec 3.1: Re-
moving the failed reason tree and using all histori-
cal memes to construct DCG directly (w/o Tree);
Removing the vote mechanism (w/o VoteMLLMs)
and prompt optimization (w/o OptPrompt); Sec
3.2: Replacing DCG with fail reason tree (w/o
SVD) and SVD with MLLMs (SVD→MLLMs);
Sec 3.3: Directly generating reproduction steps
without retrieval (w/o DCG), replacing retrieval
with image similarity (Retrieval→ImgSim), and
the most similar graph-based RAG method, i.e.,
(Retrieval→GraphRAG (Peng et al., 2024)).

Table 6 shows the results of the ablation study.
We can see that, REPMD outperforms most vari-
ants (5/6) in terms of the experiments ID, OOD,
and TE. The maximum decrease is in the compo-
nents that are related to the DCG, i.e., w/o SVD and
w/o DCG, which achieve over -8.0% and -9.0%
Accuracy. Considering SVD→MLLM, we find that
replacing SVD with Qwen3VL-235B fails on ID
and OOD because of information truncation (too
many input tokens) and incorrect output (pruned
graph’s nodes are different from original DCG).
However, MLLM successfully prunes the graph
and slightly outperforms SVD on the TE task, with
a time cost of over 14× (see Appendix A.4). This
indicates that SVD offers advantages in balancing
time cost and performance, but fine-tuning an LLM-
based pruning method may improve DCG quality
and detection performance.
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Figure 5: The results of human evaluation, i.e., scores
of five evaluation criteria and analysis time cost.

5.3 Human Evaluation of REPMD (RQ3)

We conduct the human evaluation on the DCG in
two aspects: (1) DCG’s Quality: We have in-
vited three types of human evaluators categorized
by research experiences on harmful memes (i.e.,
≥ 3 year veterans, 1 ∼ 3 year beginners, and
non-experienced social network users). Each cate-
gory includes two evaluators. We randomly select
10 historical memes with their corresponding fail
reason trees and the DCG’s design concepts, then
rate these patterns on a 5-point Likert scale (from
1: poor to 5: excellent) based on five key crite-
ria (Mazhar et al., 2025): Relevance (R), Correct-
ness (C), Actionability (A), Uniqueness (U), and Ex-
plainability (E, which is newly introduced based on
DCG’s structure). (2) DCG’s Contribution: We
randomly select another 10 target harmful memes
with generated target guidance, then calculate the
time costs that previous evaluators take to identify
their harmfulness with/without DCG’s help. Note
that we only count samples that can be success-
fully analyzed by humans. We have presented the
questionnaire in Appendix A.6.

Figure 5 shows the results of human evaluation.
We can see that, for the overall DCG’s quality
evaluation, the DCG’s five-dimensional scores out-
perform the fail reason trees. All the scores are
nearly or over 4, which means the DCG has high
uniqueness and can be used to guide the detec-
tion of harmful memes. Moreover, the explainabil-
ity of the DCG (score: 4.4) outperforms that of
the trees (score: 1.8) by the largest margin (score:
+2.6), which means the DCG is easier to understand
by evaluators with different experiences. For the
DCG’s contribution, the time costs of human eval-
uation show that DCG can help evaluators improve
their efficiency in accurately analyzing why memes
are harmful. Especially for the Offensiveness and
Sarcasm memes that implicitly express the harmful-

ness, and humans cannot easily find their harmful
elements, the DCG can reduce the average time
costs from 15∼30 seconds per meme. Therefore,
REPMD can help humans identify harmful memes.
Experiments in Appendix A.7 show that DCG can
also help safeguard text-to-image models.

6 Related Works

Harmful meme detection has emerged as an im-
portant research direction in multimodal semantic
analysis. Previous studies extract visual and textual
feature embeddings and fuse them with attention
mechanisms (Suryawanshi et al., 2020; Pramanick
et al., 2021; Lee et al., 2021) and Transformer-
based intermediate fusion (Kiela et al., 2019; Lu
et al., 2019; Li et al., 2019; Chen et al., 2020), and
contrastive reweighting approaches (Kiela et al.,
2020; Muennighoff, 2020; Lippe et al., 2020). With
the development of MLLMs, researchers proposed
prompt-based (Cao et al., 2022; Ji et al., 2023; Cao
et al., 2023; Ji et al., 2024) and multi-agent-based
frameworks for deeper visual understanding (Lin
et al., 2025). Considering the bias in MLLM’s in-
ference steps, researchers proposed LLM debate
frameworks (Hee et al., 2022) to improve the de-
tection performance. To address challenges in low-
resource generalization, researchers have explored
few-shot enhanced methods with SFT and RAG
methods (Cao et al., 2024; Huang et al., 2024; Liu
et al., 2025). However, harmful memes are ever-
shifting on the Internet, but few of these works
concerns on improving their generalizability. Dif-
ferent from these works, REPMD introduces the
explainable design concepts to facilitate the detec-
tion of ever-shifting harmful memes.

7 Conclusion

In this paper, we propose REPMD, an ever-shifting
harmful meme detection method. We first define
DCG, including the harmful types and reproduction
steps of how users design harmful memes. Then,
we derive the DCG from historical memes. Finally,
we retrieve and utilize it to guide the MLLMs to
detect whether the target meme is harmful. The
evaluation results show that REPMD can detect
harmful memes with 81.1% accuracy and can be
generalized to type-shifting and temporal-evolving
memes. Human evaluation shows that REPMD
can improve the efficiency of human discovery on
harmful memes, with 15∼30 seconds per meme.
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Limitations

Although REPMD is effective in detecting ever-
shifting harmful memes, there are some cases that
REPMD cannot accurately identify their harmful-
ness. We manually investigate these bad cases and
discuss the reasons for their failures.

First, 60% of the bad cases come from overly
simple meme features. For example, the Minecraft
group users always use the cubes to represent hu-
mans and objects, but MLLMs have a limited abil-
ity to learn these expressions. In the future, we
plan to combine the MLLM fine-tuning and DCG
to learn these features. Second, 35% of the cases
come from the LLM hallucinations. MLLM may
violate the guidance of DCG during the inference
process and output guessed results, leading to er-
rors in harmful meme detection. We plan to intro-
duce the stepwise hallucination corrector to revise
the correct biases in the responses. Finally, 5% of
the cases come from newly designed memes with
completely unseen design concepts. The propor-
tion of these memes is small, which has relatively
less impact on the detection performance. We also
plan to continuously improve DCG for these cases.

Ethical Statement

Our study aims to detect ever-shifting harmful
memes on the Internet, but it may raise ethical
considerations. We will discuss how these con-
siderations are mitigated as follows. First, the
dataset may have privacy and license issues be-
cause it comes from GOAT-Bench and online Twit-
ter posts. We control permissions of visitors to the
dataset through providing private dataset links and
password access, and continuously track the where-
abouts of the data to prevent data abuse. Second,
the algorithms may have fairness issues because
there are differences in the protection of individ-
ual freedom of speech in different countries. We
publicly disclose the DCG and its related guidance,
and plan to provide channels for misjudgment on
our public website. Third, the annotators and evalu-
ators may have mental health issues when labeling
the dataset. We have provided regular psychologi-
cal counseling to annotators, established a job rota-
tion system, and provided reasonable salaries.
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Table 7: The macro type and example subtypes.

Macro-Type Example Subtypes in DCG’s Type Part

Nationality
Countryhumans
Historical Event Parody
National Stereotype

Gender

Gender Role Reversal
Implicit Misogyny Slangs
Performative-Male Symbols
Transgender Symbols

Religion

Holiday & Ritual Meme Templates
Scripture & Figure Parody
Islamic Muslim Symbols
Buddhist Symbols

Human Racism Sterotype
Disability Stereotype

Animal
Personified Animal Memes
Animal Behavior as Metaphor
Mimicry in Nature as Meme Template

Culture

Nonsense Literature
Abbreviation Culture
Versailles Literature
Video Game

Political
Politician as Meme Template
Political Figure’s Biological Reduction
Policy & Event Satire

A Appendix

A.1 Detailed Definition of DCG

Type Node. In this part, we predefined seven
macro types for the meme classification, i.e., Na-
tionality, Gender, Religion, Human, Animal, Cul-
ture, and Political. Based on this classification
system, we can classify the Internet memes into
those that represent what the users want to express.

For each macro type, we ask the MLLM to di-
vide it into subtypes to specifically illustrate the
details in these memes. Table 7 shows the corre-
sponding relationship between macro types and the
subtypes. In this table, we only present the example
subtypes in DCG’s type nodes, where the subtypes
will be extended when new memes occur.

With the previous classification system, the
macro types and subtypes will be mapped to the
type node Ntype’s three-level information. The
prompts PT for type node generation (Figure 10)
will control the subtype extension in the meme rea-
son tree and DCG construction.

Reproduction Nodes. In this part, we have de-
fined the design concept, which is the idea and steps
that users convey their harmfulness. We need to re-
produce their ideas by observing the visible meme’s
elements, and the graph represents the MLLM’s
inner understanding of this meme.

To illustrate the details of the reproduction nodes
in the DCG, we have provided an example in Figure
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3. In this example, the DCG incorporates four
reproduction step nodes and one reproduction goal.
The macro type is the "Gender" and the subtype is
the "Implicit Misogyny Slangs".

Representation of Reproduction Steps. To rep-
resent the graph in the MLLM’s input with plain
text together with logic-based semantics, we use
the logic expression, which is concatenated by
logic symbols (∧,∨,¬,→). The example’s repro-
duction steps can be formulated as follows:

NM1 ∧ (NM1 → NM2 → NM3) → NG (2)

where the NM1
rep to NM3

rep means the content in the
reproduction nodes, and the NG

rep means the con-
tent in the reproduction goal. In the guidance of
MLLM’s inference of Section 3.3, the input logic
expression utilizes the "then", "and", "or", and "on
the contrary" to replace the logic symbols. Based
on this criterion, the DCG is parsed into text ac-
cording to the following rules.

• Parsed Text of Reproduction Method: Directly
use the reproduction method’s text.

• Parsed Text of Harmful Indicator: Append the
parentheses with labels (i.e., "harmful" and "no
harmful") after reproduction methods.

• Parsed Text of Logic Gate and Achievement
Edge: Append the conjunctions (i.e., "then",
"and", "or", and "on the contrary") between texts
of reproduction methods.

Therefore, the input design concept with the
logic expression can be illustrated as follows:

## Harmful Type
Macro Type: Gender; Subtype: Implicit Misogyny Slangs.
## Reproduction Step
The malicious user writes a fact text (no harmful), then
search the related images based on the fact (no harmful).
Then, it specify the image to the biased people (woman,
harmful). The fact and people specification simultaneously
cause the attack goal (harmful): Specify fact to person,
express misogyny to people emotion.

A.2 Mathematical Rationality for Algorithm 1
A.2.1 Mathematical Rationality of SVD
We consider a symmetric matrix A of the form:

A =

(
AType βELink
βELink αARepr

)
(3)

where AType and ARepr are symmetric matrices rep-
resenting the adjacency or feature similarity within

the type nodes and the reproduction nodes, respec-
tively; ELink is the connection matrix between the
two parts; and α and β are scaling factors satisfying
1 > α > β > 0.

Effect of Scaling Factors. To show that the scal-
ing factors α and β lead to smaller singular val-
ues for the reproduction nodes, we analyze the
Rayleigh quotient of A. Let x = (x1,x2) be a
vector partitioned according to the two parts. We
can derive the equation:

x⊤Ax = x⊤
1 ATypex1 + 2βx⊤

1 ELinkx1 + αx⊤
2 AReprx2 (4)

Consider a vector x that is nonzero only in the
reproduction nodes, i.e., x = (0,x2) with |x2| =
1, we can derive the equation:

x⊤Ax = αx⊤
2 AReprx2 ≤ αλmax(ARepr) (5)

where λmax(ARepr) is the largest eigenvalue of
ARepr. By the Courant-Fischer minimax theorem,
the largest singular value of A (which equals the
largest eigenvalue in absolute value, since A is
symmetric) satisfies:

max
||x||=1

|x⊤Ax| ≥ αλmax(ARepr) (6)

For vectors concentrated on the reproduction
nodes, the Rayleigh quotient scales with α, i.e., the
singular values associated with the reproduction
nodes are roughly proportional to α. Similarly,
for vectors that involve both parts, the Rayleigh
quotient scales with β. Since α < 1 and β <
1, the scaling reduces the Rayleigh quotient for
vectors involving the reproduction nodes, leading
to smaller singular values for those modes.

Low-rank Approximation and Pruning. In the
SVD-based pruning, we approximate A by a low-
rank matrix Ãk = UkΣkV

⊤
k , where only the k

largest singular values are retained. Since the scal-
ing factors α and β decrease the singular values
corresponding to the reproduction nodes, these val-
ues are more likely to be truncated in the low-rank
approximation. Consequently, the edges within the
parts are identified as redundant and can be pruned.

Thus, the scaling strategy with α and β is math-
ematically justified as it systematically reduces the
influence of the reproduction nodes in the singu-
lar value spectrum, enabling reproduction nodes’
pruning while preserving the type nodes.
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A.2.2 Mathematical Rationality for
Logarithmic Cut-off Determination

Properties of Long-Tail Distributions. Let
{xi}ni=1 be a set of n positive real-valued ob-
servations assumed to have a long-tail distribu-
tion. After sorting in descending order, we denote:
x1 ≥ x2 ≥ ... ≥ xn > 0. Our target is to find a
threshold xc such that:

• xi ≥ xc belongs to the "head" region.

• xi < xc belongs to the "tail" region.

The long-tail distributions exhibit the fundamen-
tal property that their generating processes are mul-
tiplicative rather than additive. This leads to the
following characterization:

Theorem 1 (Logarithmic Normalization). For a
random variable X following a long-tail distri-
bution, the logarithmic transform Y = ln(X)
typically follows a distribution with exponentially
decaying tails (e.g., normal distribution for log-
normal, exponential for power-law).

This theorem converts multiplicative differences
in the original scale to additive differences in the
logarithmic scale.

Extreme Value Behavior in Logarithmic Space.
Let Y1 ≥ Y2 ≥ ... ≥ Yn be the order statistics
of the log-transformed data with a long-tail distri-
bution. The spacings between consecutive order
statistics satisfy:

Lemma 1 (Spacing Distribution). For observations
from a distribution with continuous density fY (y),
the normalized spacings n·(Yi−Yi+1)·fY (Yi) con-
verge to independent standard exponential random
variables as n → ∞.

This lemma suggests that in regions where the
density fY (y) is relatively constant, the gaps ∆i

should be approximately equally sized. At the
boundary between the head and tail regions, we
expect a discontinuity in the density, leading to an
anomalously large gap.

Optimality of Maximum Gap Selection. We
provide the theorem for maximum gap optimality:

Theorem 2 (Maximum Gap Optimality). Assume
the data generation follows two regimes:

• Head regime: Y ∼ F1 with support on [a,∞)

• Tail regime: Y ∼ F2 with support on (−∞, b]

• With a > b and minimal overlap between regimes

As n → ∞, the probability that the maximum
gap occurs at the true boundary converges to 1.

Then, we provide the proof for this theorem:

Proof. Let Yk∗ and Yk∗+1 be the order statistics
straddling the true boundary. The expected gap at
this position is:

E[∆k∗ ] = E[Yk∗ − Yk∗+1] ≥ a− b+ o(1) (7)

whereas for position i ̸= k∗, the expected gap is:

E[∆i] = O

(
1

n · fY (Yi)

)

Since a − b > 0 represents a fixed separation
between regimes, and the other gaps shrink as
O(1/n), we have:

lim
n→∞

P
(
∆k∗ > max

i̸=k∗
∆i

)
= 1

Thus, the maximum gap asymptotically identifies
the true boundary.

A.3 Case Study of DCG Construction and
Harmful Meme Detection

In this section, we illustrate the case of how the
DCG is pruned in the REPMD’s second step, in-
cluding the node extension, score calculation in the
SVD, and the details are shown in Figure 6.

In this case, we can see that REPMD first ana-
lyzes the surface-level elements of the two histor-
ical memes from Figure 1’s motivation example.
The malicious users incorporate the "crazy woman",
"parenting issues", "nose stud", and "black people"
in these two memes, which are apparently shown
in the elements.

Then, REPMD extends the elements to the in-
ner ideas, which are the reproduction steps of the
design concept that reflect what users have done
to design such harmful memes. The two memes
are extended to the DCG with 13 nodes (nine re-
production step nodes and four type nodes). From
bottom to top, the DCG represents what the users
have done to express misogyny and racism. How-
ever, the graph contains too many nodes and edges,
which makes it difficult to understand.

To reduce the DCG’s scale, we prune it based on
the SVD, which is calculated based on the node’s
similarity and root correlation. For the node’s
similarity, we find that the reproduction methods
like "select woman’s image" and "select black peo-
ple" have high TF-IDF similarity, where "circle
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Figure 6: The case of REPMD’s DCG pruning.

the black people’s nose" and the "specify fact to
people" seem to have low correlation that need to
be calibrated and pruned. After SVD pruning and
merging, these edges and nodes are removed in the
DCG, which only keeps the core part that has seven
nodes to represent the user’s design concept.

A.4 Other Experimental Results
Pruning Time Cost of SVD Replacement. To
evaluate the time cost between SVD and MLLMs
for graph pruning, we separately evaluate the time
the REPMD takes when pruning the historical
memes {MH

1 , ...,MH
n }. The time cost is calcu-

lated with the following equation:

Costtime = Sec(GR → G′
R)/N({MH

i }) (8)

where the DCG GR is prepared based on the his-
torical meme MH

i ’s analysis results. With this
equation, we do not consider the time cost of graph
generation, but only analyze how effectively the
graph can be pruned. The tradeoff between the
model performance and the efficiency illustrates
the benefit of REPMD.
Table 8: The pruning time cost of variants in SVD
replacement (seconds per meme for DCG pruning).

Variants ID OOD TE

RepMD w/ SVD 4.9 6.1 5.3
SVD→GPT-4o 62.3 (13×) 61.3 (10×) 52.9 (10×)
SVD→Doubao-V-Pro Failed 71.2 (12×) 69.7 (13×)
SVD→Qwen3VL Failed Failed 75.5 (14×)

Table 8 illustrates the pruning time cost of the
SVD and the other MLLMs. We can see that,
MLLMs can prune the DCG, but they have too
much time cost, which is over 10× to the SVD. In
practice, these methods are not applicable, which

0% 20% 40% 60% 80% 100%
Retained Node Proportion 

68

70

72

74

76

78

80

82
Ac

cu
ra

cy
 (%

)

78.7

80.0

Performance - Type Shifting

GPT-4o
Doubao-1.5-Vision-Pro
Max GPT-4o
Max Doubao

0% 20% 40% 60% 80% 100%
Retained Node Proportion 

55

60

65

70

75

80

85

69.3

81.7

Performance - Temporal Evolving

GPT-4o
Doubao-1.5-Vision-Pro
Max GPT-4o
Max Doubao

Figure 7: The effect of the retained node’s proportion θ.

may come from the fact that the input graph has too
many tokens, as well as the long CoT and inference
steps that reduce their efficiency. However, we can
also see that Qwen3VL-235B can slightly improve
the detection performances in the TE task, which
means if we can use SVD’s results as ground-truth
and fine-tune these MLLMs to an acceptable time
range (around 2× to 5× to SVD), the MLLMs may
be useful to improve REPMD’s performance.

Hyperparameter Analysis. We also evaluate the
performance of REPMD when we tune the Re-
tained Nodes’ Proportion θ from 0% ∼ 100% with
a 5% interval. We evaluate the performance of
GPT-4o and Doubao-1.5-Vision-Pro on these inter-
vals, where we calculate the average results of the
OOD and TE experiment.

Figure 7 shows the results of hyperparameter
tuning. We can see that, most of the highest value
comes from θ = 75% and 80%, where the dif-
ference between these two parameters is slightly
different. We also manually check the values across
different types and temporal quarters, and find that
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Target Meme Case 1

Misogyny

Sarcasm

DCG-based Guidance

Output

S1: The image is divided into top panel depicting a robotic figure holding a 
weapon and saying “men‘s rights are only equal to men’s rights,” which 
implies a self-centered or exclusive view of rights that excludes others.
S2: The bottom panel shows the same robot now facing a yellow burst of 
light labeled “EQUAL RIGHTS EQUAL FIGHTS,” suggesting a shift toward 
equality but using aggressive imagery to represent this change.
S3: The robot’s design and posture—militant, dominant, and imposing—
visually associate gender equality with dominance and confrontation.
S4: The use of the word “men” in the top panel without context or balance, 
combined with the absence of female representation, subtly positions 
male perspectives as default or primary, normalizing male-centric views.
S5: The contrast between the two panels suggests that equality is achieved 
through force or struggle, implying that women’s rights must be won 
through conflict rather than mutual recognition.

Output Result: By centering a masculine figure as both the source and enforcer of rights discourse, the 
image implicitly marginalizes women’s agency and promotes a competitive, adversarial view of gender 
equity. This reinforces harmful stereotypes that equate women’s rights with threats to men’s status, 
thereby expressing misogynistic undertones under the guise of advocating fairness. The rhetoric of “equal 
fights” further reduces equality to conflict, suggesting that women must fight aggressively to gain rights, 
which perpetuates a culture of hostility rather than cooperation. Thus, the image conveys an misogynistic.

Target Meme Case 2

S1: The image uses a panda bear as the central visual subject, a creature 
that is biologically black and white in coloration, but which is also 
culturally associated with Asia due to its native habitat in China.
S2: The text "He's Black / He's White / He's Asian" directly references the 
panda’s physical appearance (black and white fur) while simultaneously 
assigning racial categories to it, creating a juxtaposition.
S3: The phrase “Be like panda” at the top suggests an invitation to 
emulate the panda.
S4: The inclusion of a cartoon man with glasses and a surprised 
expression on the right side visually contrasts with the panda, suggesting 
a human observer reacting to the absurdity or contradiction presented. 
This reinforces the humorous or ironic tone.
S5: The title “Destoy Racism” (likely a misspelling of “Destroy Racism”) 
sets up an apparent moral message against racism, but the content 
undermines this by using racial categorization in a trivial, reductive way.

Output

DCG-based Guidance

Output Result: The image employs sarcasm by presenting a seemingly anti-racist message (“Destoy Racism”) 
while simultaneously using a non-human animal to mock the concept of race through oversimplification and 
absurdity. The design leverages irony to critique the rigid and often arbitrary nature of racial classification by 
applying it to a panda—an animal whose colors are natural and not socially constructed. The humor arises 
from the contrast between the serious intent of the title and the trivial, illogical application of race to a 
panda. This satirical approach exposes how easily race can be misused or misunderstood, but it does so in a 
way that may also trivialize real struggles related to racial identity. Therefore, the image functions as 
sarcasm—yet potentially risking the minimization of actual racial issues through humor.

Figure 8: The case study of REPMD of other two
meme’s Qwen2.5VL’s outputs.

the highest results all distribute in the proportion
within 70% ∼ 80%. Therefore, we choose the bal-
ance value for all the experiments, i.e., 75%, for
the REPMD’s SVD pruning.

A.5 Case Study of Other Harmful Memes

In Figure 8, we provide two more memes’
Qwen2.5VL’s output based on our DCG guidance.
The output can correct the misleading analysis (e.g.,
the original racism prediction in case 2) from these
memes and output the correct harmful types (e.g.,
sarcasm of case 2), illustrating its usefulness in
harmful meme detection.

A.6 Questionnaire for Human Evaluation

We have provided the content of the questionnaire
provided to evaluators, including the introduction
of the 5-point Likert scale, the detailed definition
for the five criteria, as well as the core dimensions
for evaluators to rate our DCG and memes. We
also suggest evaluators provide open feedback to
our DCG’s improvement, so REPMD can be con-
tinuously optimized.

Questionnaire: Evaluation of Design Concept Graph
(DCG) for Harmful Meme Detection

Instructions: Please evaluate the provided Design Con-
cept Graph (DCG) in relation to the corresponding meme
image based on the following criteria. For each statement,
select the response that best matches your assessment us-
ing the 5-point Likert scale, where:
1 = Strongly Disagree
2 = Disagree
3 = Neutral (neither good nor bad / borderline)
4 = Agree
5 = Strongly Agree
Note: A score of 3 represents the threshold between
positive and negative evaluation. Scores above 3 indicate
a favorable assessment, while scores below 3 indicate an
unfavorable assessment.

Part 1: Criteria Definition
(1) Relevance (R): The DCG is closely related to the
content and meaning of the meme image.
(2) Correctness (C): The DCG accurately represents the
key elements and message of the meme image.
(3) Actionability (A): The DCG provides clear and practi-
cal insights that could guide further actions (e.g., content
moderation, design adjustments, or analysis).
(4) Uniqueness (U): The DCG is distinct and differs mean-
ingfully from graphs of other similar meme images.
(5) Explainability (E): The DCG effectively explains how
the harmful meme image was designed and reflects the
creator’s intent or thought process.

Part 2: Core Dimensions
No. Dimension Rating (1–5)
1 Relevance (R) 1 2 3 4 5
2 Correctness (C) 1 2 3 4 5
3 Actionability (A) 1 2 3 4 5
4 Uniqueness (U) 1 2 3 4 5
5 Explainability (E) 1 2 3 4 5

Part 3: Open Feedback (Optional) Please provide any
additional comments or suggestions regarding the DCG or
its evaluation:

Thank you for your participation!

A.7 Safeguarding the Text-to-Image Models

After the previous human evaluation that illustrates
the benefits of REPMD, we think further on the
usefulness of REPMD, i.e., whether the DCG can
cheat the Text-to-Image models and output harmful
information. Theoretically, if one MLLM cannot
correctly detect the harmfulness of the meme, it
may be misled by these design concepts without
security alignment. Inspired by it, if we can suc-
cessfully jailbreak the MLLMs to generate such
harmful memes, we may have the chance to protect
them based on the design concepts:

Step-1: Attack Prompt Construction: We ob-
tain the target harmful meme MT

i and its stepwise
guidance, then we directly form it as the prompt
that will be input to the MLLM:
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Table 9: The safeguarding of harmful image generation.

Metric Generated Img. / Total Guidance
∆w/o DCG-Guard w/ DCG-Guard

Racism 7/12 (58.3%) 1/12 (8.3%) 50.0%
Misogyny 8/10 (80.0%) 1/10 (10.0%) 70.0%
Offensiveness 7/10 (70.0%) 1/10 (10.0%) 60.0%
Sarcasm 10/10 (100.0%) 0/10 (0.0%) 100.0%
Toxity 1/10 (10.0%) 0/10 (0.0%) 10.0%

Metric Average SSIM
∆w/o DCG-Guard w/ DCG-Guard

Racism 0.76 0.12 0.64
Misogyny 0.90 0.33 0.57
Offensiveness 0.54 0.19 0.35
Sarcasm 0.82 - -
Toxity 0.24 - -

## Task of Qwen-Image
Please draw a meme graph with humor.
## Reproduction Step
The malicious user writes a fact text sentence like "parent-
ing is too difficult and makes people crazy", then draws a
crazy lady in the image.

Step-2: DCG-Guard Safeguarding: We ask
another Qwen3VL-235B model to refer to the
DCG, then safeguard the prompt and remove the
biased information in the memes, and add the for-
bidden sentences. The sentences like "crazy lady
in the image" will be replaced with commands like
"stop generating such image because of misog-
yny", or replace them with other benign elements
like "parents that are raising children".

We select the Qwen-Image as the target MLLM,
which is a model that has not been successfully
aligned and may generate harmful meme content,
and randomly choose 10∼12 cases as the target
memes. We introduce two parts of the evalua-
tion metrics. First, we evaluate how many im-
ages are successfully generated based on our attack
prompt, and calculate the success rates of the at-
tack prompts. Then, we evaluate the average SSIM,
which is the metric that represents the similarity
between AI-reconstructed images and original im-
ages. We evaluate the result with/without DCG-
Guard on the five harmful types of memes.

Table 9 shows the results of safeguarding the
harmful images through DCG-Guard. We can see
that, before safeguarding the Qwen-Image, some
attack prompts can achieve nearly 100% success
rates (except for the Toxicity memes that contain
apparent harmful features in the prompt). With
the help of DCG-Guard, the success rates reduce
by over 50%, where most of the harmful informa-
tion in memes is detected and refused to generate
with the stop commands. Moreover, even if some
images are successfully generated, they may be

different from the previous images based on the
benign element replacement, with over 0.3 SSIM
decrease. These results show that DCG can also
help safeguard text-to-image models.

A.8 Prompts in REPMD
In this section, we show all the details of the
prompts that we have used in REPMD

• Harmful meme detection: PHarm, P
′
Harm in Fig-

ure 9, where PHarm is the original prompt be-
fore generating the target guidance (the Vanilla
MLLMs use this prompt), and P

′
Harm is the

prompt after generating the target guidance.

• Fail reason tree construction: PF in Figure 10,
which indicates the steps of how to find the fail
cases and generate the reasons.

• DCG construction: PD in Figure 11, which indi-
cates how to generate and prune the nodes/edges
in DCGs based on the basic structure.
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## Task of Harmful Meme's Risk Identification
Please identify whether this image contains the risk. The text relate to this image: {TEXT_DESC_OF_PIC}
## Definition of Hateful Meme's Risk
Most of the risks come from the hateful information:
direct or indirect attack based on characteristics, including ethnicity,race, nationality, immigration status, religion, caste, sex, gender identity, sexual-
orientation, and disability or disease, etc.
## Steps to Identify Risks
Step 1: Output what the elements in this image (e.g., image elements, texts, environments, etc.), and what the meaningful information it describes.
Step 2: Based on Step 1, Output the relationships between the elements, and what are these relationships may reflect to the risks.
Step 3: Based on Step 1 and 2, decide whether it contains the risk (e.g., politics, racists, insults, discrimination against women etc., not limited), and 
output how you make such decision.
Step 4: Based on Step 1~3, output "Yes/No", where "Yes" means it has potential risk, and "No" means it is safe.
## Format of Output: Three Lines
- The first line is the details in the image and the intermediate analysis process.
- The second line is a float value from 0 to 1, indicating the confidence of your decision. Lower score means not confident.
  * 0 to 0.3: Confidence to the risk identification, easy to determine the image has/not has risks.
  * 0.3 to 0.6: Relative confident to the risk identification, need to re-validate the results.
  * 0.6 to 0.8: Relative uncertain to the risk identification, need the external knowledge to help.
  * 0.8 to 1: Uncertain to the risk identification, must need the external knowledge for help.
- The second line is the "Yes/No" without any other additional information.
## Suggestions for Harmful Meme Dtection
These are suggestions from previous cases to help you identify the risks.
Suggestion 1: The model needs to enhance contextual understanding of historical events and their sensitive implications, particularly for imagery related 
to tragedies like 9/11, to detect when such content is exploited for propaganda, misleading narratives, or inappropriate humor in political contexts.
Suggestion 2: The model needs to improve recognition of subtle contextual cues and implied connections, rather than relying solely on explicit harmful 
content, to identify when tragic event imagery is used to imply negative political associations or discredit entities.
Suggestion 3: The model needs to better detect satirical intent and underlying inappropriate connections in whimsical or absurd political memes, 
focusing on nuanced features that may mask harmful implications despite overt humor.
Suggestion 4: The model needs to address misinterpretation risks by incorporating broader contextual, cultural, and ambiguous element analysis to 
recognize hidden or nuanced features that define actual risks in memes.

## Task of Harmful Meme's Risk Identification
Please identify whether this image contains the risk. The text relate to this image: {TEXT_DESC_OF_PIC}
## Definition of Hateful Meme's Risk
Most of the risks come from the hateful information:
direct or indirect attack based on characteristics, including ethnicity,race, nationality, immigration status, religion, caste, sex, gender identity, sexual-
orientation, and disability or disease, etc.
## Steps to Identify Risks
Step 1: Output what the elements in this image (e.g., image elements, texts, environments, etc.), and what the meaningful information it describes.
Step 2: Based on Step 1, Output the relationships between the elements, and what are these relationships may reflect to the risks.
Step 3: Based on Step 1 and 2, decide whether it contains the risk (e.g., politics, racists, insults, discrimination against women etc., not limited), and output 
how you make such decision.
Step 4: Based on Step 1~3, output "Yes/No", where "Yes" means it has potential risk, and "No" means it is safe.
## Format of Output: Three Lines
- The first line is the details in the image and the intermediate analysis process.
- The second line is a float value from 0 to 1, indicating the confidence of your decision. Lower score means not confident.
  * 0 to 0.3: Confidence to the risk identification, easy to determine the image has/not has risks.
  * 0.3 to 0.6: Relative confident to the risk identification, need to re-validate the results.
  * 0.6 to 0.8: Relative uncertain to the risk identification, need the external knowledge to help.
  * 0.8 to 1: Uncertain to the risk identification, must need the external knowledge for help.
- The second line is the "Yes/No" without any other additional information.

Original Detection Prompt 𝑷𝐇𝐚𝐫𝐦

Optimized Detection Prompt 𝑷𝐇𝐚𝐫𝐦
′

Figure 9: The detection prompt PHarm and P
′
Harm.
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## Objective:
Given a set of failed meme detection cases (Mfail), you are required to: Generate Reason Nodes (NF): Analyze and explain why the MLLMs failed to detect the harmful content in 
the meme. Generate Type Nodes (NT): Classify the meme into a macro-type (L1) and further stratify it into subtypes (L2, L3) based on the predefined typology.
## Output Format: 
Provide clear, structured reasoning for both the failure explanation and the typological classification.
### Step 1: Reason Nodes Generation (Mfail → NF)
Input: Concatenated responses from all failed MLLMs for a given meme.
Task: Describe the content of the meme in detail. Analyze and explain why the MLLMs failed to identify the harmful elements. Focus on aspects such as: Subtlety or implicit 
nature of the harmful content. Cultural or contextual nuances that were overlooked. Limitations in the MLLMs' training data or detection algorithms. Visual or textual ambiguities 
that led to misinterpretation. Output a succinct, coherent reason node summarizing the failure analysis.
### Step 2: Type Nodes Generation ((Mfail, NF) → NT)
Input: The meme description, the generated reason node (NF), and the predefined typology hierarchy.
Task: First, classify the meme into one macro-type (L1) from the following list: Nationality, Gender, Religion, Human, Animal, Culture, Political.
Then, stratify the classification into subtypes: L2: A subcategory under the chosen macro-type. L3: A further refined subcategory under L2 (if applicable).
Ensure the classification is consistent with the content description and the failure analysis. Provide a brief justification for each level of classification.
### Predefined Typology Hierarchy (for reference):
Nationality:
L2: Stereotyping, Discrimination, Xenophobia, National Conflict. L3: (e.g., under Stereotyping: Generalization, Caricature, etc.)
Gender:
L2: Sexism, Gender Stereotyping, LGBTQ+ Discrimination, Sexual Harassment. L3: (e.g., under Sexism: Objectification, Role Enforcement, etc.)
Religion:
L2: Blasphemy, Religious Stereotyping, Inter-religious Conflict, Persecution. L3: (e.g., under Blasphemy: Sacred Symbol Misuse, Doctrine Mockery, etc.)
Human:
L2: Dehumanization, Violence, Marginalized Groups, Disability Mockery. L3: (e.g., under Dehumanization: Comparison to Objects, Animalization, etc.)
Animal:
L2: Animal Cruelty, Speciesism, Wildlife Exploitation, Pet Abuse. L3: (e.g., under Animal Cruelty: Graphic Harm, Neglect, etc.)
Culture:
L2: Cultural Appropriation, Tradition Mockery, Ethnic Stereotyping, Heritage Disrespect. L3: (e.g., under Cultural Appropriation: Symbol Misuse, Ritual Trivialization, etc.)
Political:
L2: Propaganda, Hate Speech, Conspiracy Theories, Leader Mockery.
L3: (e.g., under Propaganda: Misinformation, Manipulative Imagery, etc.)
## Output Structure:
Meme Description: [Clear description of the meme's content]
Failure Reason (NF): [Concise analysis of why detection failed]
Typology Classification (NT): L1 (Macro-type): [Selected from the predefined list] L2 (Subtype): [Justified subcategory] L3 (Refined Subtype): [Further refinement if applicable]
Justification: [Brief explanation for the classification]
### Note
Ensure the analysis is objective, detailed, and grounded in the provided inputs. The classification should align with the harmful elements identified (or missed) in the meme.
Use the generated reason node (NF) to inform the typology classification (NT).

Prompt of Fail Reason Tree Construction 𝑷F

Figure 10: The fail reason tree’s construction prompt PF.

## Task Overview
You are Qwen3VL-235B, tasked with extending failure reason nodes (NF) into comprehensive diagnostic graph nodes (GD). This process involves two main phases: Reproduction 
Method and Logic Gate Extension (analyzing meme construction) Graph Calibration and Goal Extension (validating and contextualizing the analysis)
Input: Failure reason node NF (containing analysis of why detection failed for a specific meme) and the original detection prompt PD
Output: A structured diagnostic graph node GD ready for integration into the overall Diagnostic Causal Graph (DCG)
## Phase 1: Reproduction Method and Logic Gate Extension
Step 1.1: Surface-Level Element Extraction
Analyze the meme associated with the failure case NF and identify ALL surface-level elements: Visual elements: Characters, objects, symbols, colors, composition, facial 
expressions, gestures Textual elements: Captions, labels, speech bubbles, hashtags
Structural elements: Layout, arrangement, visual hierarchy. For each element, describe: Its explicit appearance/representation; Its immediate semantic meaning (literal 
interpretation)
Combination Logic Nσ Analysis: Describe how these surface elements combine to create meaning. Answer:
logical relationship between elements: and, or, not
Step 1.2: Inner-Level Design Method Analysis (NM)
For EACH identified surface element, conduct a three-question drill-down analysis:
QUESTION A: "Is there a replacement method for this element?“ 
Consider alternative elements that could serve similar structural or functional roles. Evaluate whether replacement would maintain the meme's format/template; Identify if 
multiple replacement options exist
QUESTION B: "Why is that element chosen (and not alternatives)?“ 
Analyze the specific cultural, emotional, or symbolic value of the chosen element. Consider why alternative elements would be less effective for the intended purpose. Examine 
how this element contributes to the meme's persuasive/rhetorical impact
QUESTION C:  "Is the replaced element harmful?"
For each replacement option from Question A, assess whether it would still convey harmful content. If harm persists, describe how the harm mechanism changes or remains. 
Identify which element properties are essential for conveying harm
Output for Step 1: Complete element inventory with surface descriptions; Combination logic Nσ explanation; For each element: A/B/C analysis results
## Phase 2: Graph Calibration and Goal Extension
Step 2.1: Design Concept Validation
Act as a validator (simulating "another Qwen3VL") to assess:
Does the design method analysis (NM) from Phase 1 accurately reflect the actual visual elements?Are there any misinterpretations or overinterpretations of elements? Does 
the combination logic Nσ correctly describe how the meme functions?
Calibration Checklist: All identified elements actually exist in the meme. Element functions/meanings are not exaggerated or understated. Combination logic reflects actual 
viewer perception patterns. No significant elements were missed in Phase 1
Step 2.2: User Goal Inference (NG)
Based on the validated analysis, infer what the meme creator likely aimed to achieve:
Primary Goals: What immediate response was sought from viewers? (laughter, anger, agreement, etc.) What belief or attitude was being reinforced or challenged?
Secondary Goals: What social or cultural commentary was being made? What group was being targeted or elevated?
Strategic Goals: Why was this particular format/template chosen? How does the design maximize spread or impact?
Output for Step 2: Calibration report noting any discrepancies or confirmations. Comprehensive user goal analysis NG

Prompt of DCG Node Extension 𝑷𝐃

Figure 11: The DCG construction’s prompt PD.
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