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Abstract

The identification of harmful memes extends
beyond a mere classification task, encompass-
ing challenges related to multi-perspective se-
mantic comprehension and hierarchical reason-
ing. Prevailing approaches predominantly de-
pend on modal alignment or black-box classi-
fiers, which fail to capture implicit biases and
lack interpretability. In this study, we propose
BPDMOoE-Hate, a novel framework grounded
in dual-space mixture-of-experts, which innova-
tively conceptualizes harmful meme detection
as an integrated process of “viewpoint decou-
pling and hierarchical fusion”. Our approach
generates adversarial binary perspectives via
Visual-Language Models (VLMs) and incor-
porates an adaptive viewpoint gating to facili-
tate viewpoint selection, thereby enabling the
model to autonomously discern implicit se-
mantic inclinations. Moreover, we propose
the Hyperbolic-Euclidean space expert to ef-
fectively capture the hierarchical structural re-
lationships and semantic correlations between
multimodal and viewpoint features, thereby en-
abling interpretable reasoning at the geometric
representation level. Empirical evaluations con-
ducted on three mainstream datasets demon-
strate that BPDMoE-Hate not only substan-
tially surpasses existing methodologies in per-
formance but also offers visual explanations for
viewpoint selection and hierarchical structur-
ing, thereby advancing the field of interpretable
multimodal content analysis.

1 Introduction

The advancement of social media platforms has en-
hanced the capacity for individuals to express their
emotions (Hermida and Santos, 2023; Liu et al.,
2024a); however, it has concurrently contributed
to the propagation of detrimental information. A
notable example includes internet memes, which
have gained widespread circulation in recent years.
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(a) Explanation

The image shows two people
standing indoors, with one person
holding the other up as they both
smile and pose for the photo...which
seems humorous because it
combines unrelated household items
into a single concept. This caption
likely serves as comedic

Iy LT | commentary ...
(b.1) Harmful Viewpoint (b.2) Non-harmful Viewpoint
The term "portable dishwasher slash The image depicts a happy couple in

sandwich maker” links women to a home setting, which conveys a
"household tools", which is a positive and lighthearted atmosphere.
degrading portrayal of women as The caption about a “portable
mere tools. It implies that women's dishwasher slash sandwich maker” is
value is narrowed down to being humorous and imaginative...
"household producers"...
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Figure 1: Binary viewpoints and entailment loss.

Typically, a meme comprises an image paired with
concise textual content conveying a particular view-
point. Certain users exploit this format to dissemi-
nate hate speech, thereby facilitating and intensify-
ing violent (Mei et al., 2024) conduct in real-world
contexts.

Viewpoint decoupling. Previous hate speech
meme detection methods either adopt a single clas-
sifier (Hebert et al., 2024; Lu et al., 2024) or cross-
modal alignment (Yang et al., 2024) to narrow
the inter-modality semantic gap, but these black-
box models (Lin et al., 2024) exhibit limited inter-
pretability. Recently, studies have leveraged VLMs
with zero-shot prompting (Kojima et al., 2022) and
multi-agent debate frameworks (Park et al., 2024;
Zheng et al., 2024) to interpret harmful memes
(Cao et al., 2023; Ji et al., 2024; Lin et al., 2025),
and even incorporated explanatory text (Hee and
Lee, 2025) or debate outcomes (Lin et al., 2024;
Zhou et al., 2025) into model training for perfor-
mance improvement. However, these interpretative
approaches still cannot model multi-perspective se-
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@ Viewpoint Decoupling

Harmful Viewpoint

This image and caption could be
interpreted as promoting aggressive
behavior towards animals, suggesting
that violence is an appropriate response
to minor incidents like a dog biting. This
normalization of aggression can
perpetuate harmful attitudes towards ...

Non-harmful Viewpoint

The image depicts a lighthearted and
affectionate moment between a person
and a dog, which aligns with the
humorous and exaggerated tone of the
caption. The use of "bite back to assert
dominance" is intended as a playful
metaphor ...

h @ Viewpoint Selection Dual Space MoE
armful lon-Harmful g[llllll Elllllli
[ \z‘ew:\oim ] [NViel\;‘po::f ] ' l l :
— | |
EE% Text Encoder (bl v
—— |
Adaptive H bolic S
[ Te] Viewpoint Gating J yperolcpace
* O OO
| |

Viewpoint Feature ) \: Euclidean Space

2N

1

1|
@ Hierarchical Fusion

Caption

-, —»{

3

\ ~
when the dog x4 \ & ?T) _’ Not
bit d \ o
bite " back_ o Multimodal Dual Space —® Classifier Harmful
G Encoder Multimodal Viewpoint MoE ®-——Z -
Feature  Feature Top K
/

Figure 2: Our overall framework: generate decoupled binary viewpoints via the VLM, select viewpoints using AVG,
and then leverage DSMOoE to learn dual-space features for classifier-based prediction. The dashed box delineates the
mapping and inverse mapping operations that are unique to hyperbolic space.

mantic conflicts, and are thus prone to introducing
the model’s subjective bias towards memes.

As illustrated in Figure 1, the text within the
meme diminishes the value of women by portray-
ing them as mere “household tools”. Figure 1 (a)
incorporates the model’s own subjective judgment,
erroneously interpreting the content as humorous.
Consequently, integrating such explanations into
the training process risks propagating subjective
biases, leading to misclassification. Panels (b.1)
and (b.2) represent the explanatory approach we
propose, which involves a more in-depth analysis
of memes from two distinct perspectives. This de-
coupled adversarial viewpoint partially mitigates
the model’s inherent bias. Nonetheless, only one
of these perspectives accurately reflects the true
nature of the harmful meme. Consequently, this
raises an important question: how can the model
be trained to autonomously select the appropriate
viewpoint?

Hierarchical reasoning. Beyond the viewpoint
selection challenge, a more critical issue unad-
dressed by existing methods is the lack of a system-
atic framework to model the hierarchical seman-
tic relationships between multimodal content and
interpretative perspectives. Regarding the meme
depicted in Figure 1, from the perspective of cog-
nitive logic (Van Ditmarsch et al., 2008), human
observers first synthesize information from both
components (image and title) to achieve compre-

hension, subsequently generating clear and specific
views on it. These perspectives represent a more
profound understanding of the multimodal informa-
tion—comprising both images and texts—thereby
establishing a hierarchical structure (Vendrov et al.,
2015) that progresses from “multimodal content” to
“human viewpoints”. Given that hyperbolic space
(Desali et al., 2023; Pal et al., 2024) near the origin
encodes more general information, while regions
closer to the boundary convey more specific at-
tributes, it is appropriate to represent multimodal
content and viewpoints as “roots” situated near the
origin and “leaves” positioned closer to the periph-
ery within the hyperbolic space.

This study revisits the problem of harmful meme
detection from the perspective of geometric rep-
resentation learning. We hypothesize that un-
derstanding harmful memes entails a reasoning
process of “viewpoint decoupling-hierarchical fu-
sion”. Specifically, we propose BPDMoE-Hate,
a Binary Perspectives Dual-space Mixture-of-
Experts framework comprising two core compo-
nents: an Adaptive Viewpoint Gating (AVG) mod-
ule for viewpoint selection and a Dual-Space MoE
(DSMoE) module for hierarchical feature fusion.
In the viewpoint decoupling phase, dual viewpoints
are generated via adversarial prompting, and the
AVG module is designed to enable adaptive view-
point selection, thereby empowering the model to
discern semantic veracity. Subsequently, in the hi-
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erarchical fusion phase, the hierarchical structure
of multimodal and viewpoint features is modeled in
hyperbolic space, while semantic relationships are
captured in Euclidean space. Finally, the DSMoE
module dynamically integrates these two types of
representations to form a unified and discriminative
feature space.

Our contributions are as follows: 1) We pro-
pose a multi-view decoupled reasoning framework,
which formalizes the task as a process of view
generation, selection and fusion. 2) We design
a DSMoE to provide an interpretable geometric
foundation for multimodal reasoning. 3) Experi-
mental results verify the superior performance of
our approach.

2 Preliminaries

In this section, we provide a concise overview of
the essential concepts underlying hyperbolic geom-
etry; more details can be found in (Chami et al.,
2019). Hyperbolic space is characterized as the
unique complete, simply connected Riemannian
manifold that is isotropic and exhibits constant
negative sectional curvature (Wang et al., 2024).
The curvature parameter quantifies the extent to
which hyperbolic space diverges from Euclidean
flatness. The models used to describe hyperbolic
space mainly include the Lorentz model and the
Poincaré model. This work focuses exclusively on
the Poincaré model.

Consider the n-dimensional Poincaré sphere en-
dowed with a constant negative curvature —c(c >
0). The associated Riemannian manifold can be
characterized as H™¢ = {z € H" | ||z|? < 1}.
For any point 7y € H™*° within this hyperbolic
space, there exists a corresponding tangent space
T.H™¢, which serves as a local, first-order ap-
proximation of the manifold at x3,. The hyper-
bolic space and its tangent space at x4 are related
through the following mapping:

X ol v

1
> Ve Y
o 2tanh (el —a@al) (~a®ey)
loga(y) = N

expl(v) = v&(tanh(y/c

2)

In this context, v € T, H™¢, x,y € H™C.
G = ﬁ is the conformal factor, @, denotes
Mobius addition (Ungar, 2001). The exponential
operation maps 7,H"™ to H™¢, while the logarith-

mic operation maps H"™¢ to T,/ H™“. The distance
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Figure 3: Adaptive viewpoint gating. VEM represents
our viewpoint enhancement module, CA signifies Cross-
Attention, while SA denotes Self-Attention.

within the Poincaré sphere is defined as the shortest
path between two points = and y:

2
d;y = —arctanh(v/c||—z®.y|) 3)

NG

3 Method
3.1 Viewpoint Decoupling

The overall architecture is illustrated in Figure 2.
To mitigate the subjective biases (Ye et al., 2024)
present in models during the generation of VLM
explanations, we conceptualize the generation of
viewpoints as an adversarial semantic completion
task. Concretely, we design a pair of adversarial
prompt templates that direct the VLM to produce
two opposing textual descriptions—one harmful
and one harmless—for the identical meme, as illus-
trated in step 1 of Figure 2. This approach can be
interpreted as a semantic decoupling of the original
multimodal content, with the objective of disen-
tangling implicit semantic dimensions that may
contribute to ambiguity in the final evaluation. The
corresponding prompt templates are presented in
Appendix B.

3.2 Viewpoint Selection

We use the text encoder to encode the decoupled
binary viewpoints. Nevertheless, the model must
identify the viewpoint that more accurately cor-
responds to the true semantics between the two
contrasting perspectives, which is the prerequisite
for achieving reliable hierarchical fusion.

3.2.1 Adaptive Viewpoint Gating

Inspired by (Zhao et al., 2022), we design an AVG
to conduct the selection of viewpoint features. As
illustrated in Figure 3, the two viewpoint feature
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vectors produced by the text encoder are denoted
as H,, Hy, € RB*L*N_ Where B represents
the batch size, L denotes the length of the text se-
quence, N represents the output dimension of the
hidden layer. These two vectors are individually en-
hanced through the core module VEM (Viewpoint
Enhancement Module), allowing each viewpoint
feature to interactively reference its complemen-
tary viewpoint as well as the original multimodal
context. Consequently, this process facilitates the
acquisition of more discriminative representations.

Subsequently, the enhanced feature representa-
tions E, and E,,, are derived and subsequently fed
into the classification layer to produce the final
viewpoint selection weights W, € RP>*1. This
process is formally represented by the following
equation:

W, = Sigmoid(Linear(Cat(Ey, Eny)))  (4)

Here, “Cat(-)” represents feature concatenation.
After obtaining the weights for the viewpoint selec-
tion, for each sample h’,, € RE*N, hi,, € REXN
and w', € R, where i € B, we perform the
viewpoint selection through the following formula:

his = wiv : hiv + (1 - wiv) : him) 5)

Moreover, we develop a viewpoint selection
loss, wherein the true labels are consistent with
the downstream harmful detection task, forcing the
selection mechanism to be congruent with the final
task objective:

£view = £C’E ({)7 U) (6)

Where Lo g denotes the cross-entropy loss, © sig-
nifies the prediction generated by AVG for the se-
lection of viewpoints, and v corresponds to the true
label.

3.2.2 Viewpoint Enhancement Module

Suppose the target sample currently input is hf,,
that is “Current Viewpoint”, then h’,,,, is “Opposite
Viewpoint”, while the features from the multimodal
encoder are m’ € RM*N _ Firstly, perform multi-
head self-attention and cross-attention operations
on the current features, that is, the SA and CA mod-
ules in Figure 3. Here, we use CA as an example.
The Queries are derived from h’,, represented as
Q¢ = 1;W,, while the Keys and Values come from
m!, represented as K, = I,W), and V, = I,W,,
where W,, Wy, W, € RNXN are learnable param-
eters. The CA can then be formulated as:

) KT
oL, = Softmax (Qt = V;)
Vi,
Lw,wilir
Vi,

In the SA module, the Queries, Keys, and Values
are all derived from the same feature. We represent
the vectors produced by the SA and an additional
CA as o', and o}, respectively. These are then com-
bined using a “Gate” followed by a feed-forward
network (FFN) to achieve an enhanced represen-
tation ¢!, C E, (Appendix E.8 demonstrates the

effectiveness of VEM):

(N

= Softmax < > I, W,

¢l = hi + ¢l + FFN(LN(e?))
el = wé ' Og + (1 - w(lz) ’ (Oém + Oio)/Q
w! = Sigmoid(Linear(Cat(o, 0., )))

®)

3.3 Dual Space MoE
3.3.1 Hyperbolic Space Experts

To construct the hierarchical structure within hyper-
bolic space, we initially employ Eq.1 to project the
selected viewpoint and multimodal features onto
the hyperbolic manifold. As indicated in (Wang
et al., 2024), it is necessary to first apply a linear
transformation to the features to reduce their dimen-
sionality, thereby enhancing the representational ca-
pacity of the hyperbolic manifold. Given a weight
matrix W € R™*" and a bias term b € R'*! asso-
ciated with a linear layer, the matrix multiplication
operation within the Poincaré ball is performed via
Mobius multiplication:

Waer = expy(W -logh(z) ()

In the context of biased addition, the vector b
represents a vector located in the tangent space
ToH™¢. It is necessary to transport this vector to
the tangent space 7, H"™¢ at the point x, after which
it is projected onto the hyperbolic manifold:

T54(b) = logg (z®@cexpg (b)) (10)

Where 27 @.b = expS(T¢., (b)) = :\\—;‘Zb. As
illustrated in Figure 1(c), we further adopt the en-
tailment loss (Desai et al., 2023) to constrain view-
point features within the entailment cone centered
on multimodal features, thus geometrically encod-
ing the “multimodal entailment viewpoint” reason-
ing relationship explicitly. Let x and y represent
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the multimodal and viewpoint vectors embedded
in hyperbolic space, respectively. Here, « should
lie closer to the hyperbolic origin, while y should
reside within the entailment cone originating at x.
The half-aperture angle aper(x) of x is defined as
follows:

T'min \/E

aper(x) = arcsin( i
tanh(% +¢)

) dn

Here 7,;n = 0.1 denotes the minimum radius of
the containment cone, ¢ = 1x 1078, ¢is a learnable
curvature value, initialized to 1.0 and decreasing
during training. The external angle ext(x,y) =
m — ZOzy, thus ZOxy can be obtained by the
following formula:

Z0zy = cos ! (
cosh(Dg, ) cosh(Dg, ) — cosh(Dg,)
sinh(Dg,) sinh(Dg,) + ¢

) (12)

Where D 5 = /¢ d g, while d 5 corresponds
to the hyperbolic distance between points A and B,
as determined by Eq.3. Then, the final entailment
loss is expressed as:

Lent = max(0, ext(x,y) — aper(x))  (13)
Moreover, we implement CA and SA for
hyperbolic features via a “project-infer-project”
paradigm as shown in Figure 2: hyperbolic fea-
tures are first mapped back to Euclidean space for
attention computations, then reprojected to hyper-
bolic space; the final fused hyperbolic features are
mapped to Euclidean space as described by Eq.2.

3.3.2 Euclidean Space Expert

Euclidean space experts are responsible for model-
ing the semantic connections between multimodal
and viewpoints. In this instance, the projection and
back-projection operations are excluded, and only
the attention mechanism is retained.

3.3.3 Hierarchical Fusion and Prediction

Our DSMoE innovatively integrates experts from
different spaces into the MoE (Liu et al., 2025)
layer, which is composed of a Router and n expert
networks, where we set n = 4. The experts with
odd indices operate in Euclidean space, while those
with even indices function in hyperbolic space. As

shown in Figure 2, the Router (a standard trans-
former block), dynamically integrates experts from
two distinct domains, enabling the model to adap-
tively integrate hierarchical reasoning and semantic
correlation information, thereby facilitating hierar-
chical fusion subsequent to viewpoint decoupling.
Subsequently, a classification layer is employed to
derive the probabilities of n experts being assigned
and top 2 experts are chosen to participate in the
computation. The detailed formula is as follows:

n
Oexp = Z wéxp ) Ozexp (14)
i=1

Where oéxp denotes the output from the ith ex-
pert. Ultimately, the harmful meme prediction is
produced by the classification layer. We employ
the cross-entropy loss between the model’s pre-
dicted category and the actual category, expressed
as ‘Ctask = ['CE (ya y)

In addition, we also introduce contrastive learn-
ing loss Ly, rorcr (Oord et al., 2018) to better
distinguish the positive and negative samples in the
sampling process, and load balancing 10ss Lpaance
(Fedus et al., 2022) to promote the balanced load-
ing of experts. For detailed information, please
refer to Appendix C and E.4. The overall training
loss is as follows:

Lo = Liask + aLyiew + ﬁﬁent"i'

(15)
'Yﬁbalance + nLInfoICE

4 Experiments

4.1 Evaluation Dataset and Baselines

We evaluate BPDMoE-Hate on three widely used
hate meme datasets, including Facebook’s Hateful
Meme (FHM) (Kiela et al., 2020), Multimedia Au-
tomatic Misogyny Identification (MAMI) (Fersini
et al., 2022), and Harmful Meme (HarMeme) (Pra-
manick et al., 2021). Furthermore, we demonstrate
the effectiveness of our method by comparing it
with some state-of-the-art meme detection models
(separated by a double line in Table 1), which in-
clude: 1) VLMs 2) pure text classification models
and multimodal classification models 3) harmful
meme detection framework. For detailed supple-
mentary information on the datasets and references
to the models, please refer to Appendix D.

4.2 Implementation Details

To guarantee the reliability of the decoupling of
viewpoints, we employ Qwen2.5-VL-32B-Instruct
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FHM MAMI HarMeme

Model AUC ACC AUC ACC AUC ACC

Llama-3.2-V - 63.38 +0.83 - 69.14 to0.69 - 69.21 £1.61
Llava-1.5 - 52.34 to0.81 - 53.72 +1.45 - 55.37 +1.03
Qwen2.5-VL - 73.52 to0.16 - 69.78 +o0.25 - 63.33 +0.13
BERT-base 64.98 061 57.86 £o0.68 71.56 £o0.65 64.28 *0.52 81.38 *0.88 75.31 *1.19
RoBERTa-large  64.40 £1.29  58.56 £0.43  72.46 £o0.65 66.08 £1.15 81.72+0.83 76.38 £0.90
FLAVA-full 78.60 *0.74 70.02 £1.30 81.24 f+o0.55 70.10 £0.61 85.45 +1.06 79.72 *1.78
Visual BERT* 68.71 +1.02  61.48 £1.19 78.71 £o0.59 71.06 £0.94 80.46 *1.04 75.31 *1.44
VIiLBERT* 73.05 +0.62 64.70 &1.12  77.71 *1.20 69.48 +1.00 84.11 +0.88 78.70 *1.17
BLIP2 63.52 +0.62 58.18 £0.96 82.05 £0.20 65.50 £3.53 89.94 +0.14 80.62 *1.84
ALBEF* 79.40 +0.53 70.58 +0.50 83.24 +0.93 T72.77 *1.00 85.49 +1.23 80.99 Fo0.80
Mod-HATE 64.50 +0.19  58.00 £1.07 67.40 £0.46 61.00 £2.22 73.40 +0.27 69.40 Fo0.42
PromptHate 76.76 £0.95 67.8241.23 76.21 £1.05 68.08 +0.58 87.51 £0.74 79.38 *1.72
Pro-Cap 80.87 £o0.66  72.28 +0.90 82.53 £o0.49 73.06 £o.82 90.25 +o0.54 83.25 %1.00
ExplainHM 82.32 £112 72224162 79.07+2.13 71.03 £o.s8 7558 +4.92 77.16 *1.98
IntMeme 81.50 +1.11  71.52 £1.49 81.89 £1.15 72.30 179 89.35 +1.22 81.92 +2.47
BPDMoE-Hate  83.71 +0.39 75.18 +1.38 87.84 £0.54 76.70 £o.s0 94.11 028 86.10 t0.94

Table 1: The results are presented as the “mean + standard deviation” of the outcomes derived from five distinct
random seeds. * indicates the results are from (Cao et al., 2023). We use the same VLM to generate the explanations.

(Qwen2.5-VL) as the viewpoint generation model.
The text encoder and multimodal encoder are in-
stantiated using RoBERTa-large and BLIP2, respec-
tively. During training, the multimodal encoder
parameters are frozen, while the final two layers of
the text encoder are fine-tuned over 4 epochs. The
loss function incorporates weighted components
with coefficients o, 3,7,7 set to 0.5, 1 x 1072,
1 x 1073, and 0.1, respectively. A learning rate of
1 x 1079 is adopted, and the entire training proce-
dure is conducted for 10 epochs (batch size is set
to 48) utilizing one NVIDIA A6000 GPU. Model
performance is evaluated using Accuracy (ACC)
and the Area Under the Receiver Operating Char-
acteristic Curve (AUC) as metrics.

4.3 Main Results

As presented in Table 1, the BPDMoE-Hate model
demonstrated superior performance across all three
datasets. Notably, while explanation-based ap-
proaches such as ExplainHM and IntMeme yielded
competitive results—particularly with Pro-Cap
attaining an AUC of 90.25 on the HarMeme
dataset—our method, by effectively integrating
two distinct perspectives, achieved a higher AUC
of 94.11. This enhancement substantiates the ef-
ficacy of the dual-view decoupling and selection
mechanism in identifying implicit harmful content.
Furthermore, the consistent outperformance on the
MAMI dataset, which focuses on explicitly hate-
ful content directed towards women, as well as the

FHM dataset, characterized by mixed content types,
suggests that the proposed dual-space hierarchical
fusion framework possesses strong generalizability
across diverse tasks.

4.4 Ablation Study

As shown in Figure 4, we demonstrate the contri-
butions of different modules. The simultaneous
removal of AVG and DSMoE resulted in a marked
decline in performance, indicating that AVG plays
a critical role in selection following perspective
decoupling, whereas DSMOE is essential for hier-
archical fusion. Both components are therefore in-
dispensable. This highlights the importance of the
two-stage architecture of our framework, termed
“decoupling-fusion”. The elimination of AVG alone
led to a more pronounced performance degradation,
underscoring its critical role in mitigating model
biases and autonomously identifying the accurate
perspective. Interestingly, the removal of DSMoE
alone on the MAMI dataset resulted in a slight in-
crease in AUC. We believe that the misogynistic
content within this dataset is predominantly ex-
pressed explicitly, thereby reducing the reliance on
complex hierarchical reasoning.

4.5 The Significance of Viewpoints

Given the importance of uncovering the latent
information within memes for enhancing model
decision-making, we conduct a series of experi-
ments to assess the influence of various interpreta-
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FHM MAMI HarMeme

Viewpoint Type AUC ACC AUC ACC AUC ACC

BPDMOoE-Hate 83.71 +0.39 75.18 +1.38 87.84 +0.54 76.70 +0.80 94.11 +0.28 86.10 F0.94
Random Select 79.78 121  69.88 +1.43 86.54 to.87 73.04 £1.29 89.95 4090 83.33 *1.47
Harmful View 82.06 *o0.56 72.78 £1.88 87.1240.50 74.04 +1.31  90.29 +1.07  83.79 *1.11
Non-harmful View  79.35 +0.55 69.04 +1.00 86.60 £1.05 73.90 £1.71 89.98 +1.45 83.45 *1.33
No View 70.16 £2.05 61.98 1.17 82.49 +1.14 67.74F1.22 92.74 +0.11 84.58 +1.89
Only Explanation 82.80 £o0.16 73.18 £1.81 87.10 £o.61  75.38 £1.09 92.75+o0.24 85.76 £0.96

Table 2: The influence of different viewpoints. We set up 5 types of viewpoints for training, including: 1) Randomly
select one of the viewpoints. 2) Only use harmful viewpoints. 3) Only use harmless viewpoints. 4) Remove both
types of viewpoints. 5) Replace both types of viewpoints with explanations for memes.

AUC Performance

o I
.

HarMeme

ACC Performance

AUC Score (%)

oG o DSWEE, 5 g DSWE GPOMOEHE®

Modules Modules

BPDMOEH2® wWolNG uswc:’f G & DSMOE

Figure 4: The impact of different modules on the overall
performance of the model. We gradually removed AVG
and DSMoE.

tions. The results, presented in Table 2, indicate
that employing a single viewpoint leads to a no-
ticeable decline in performance. Furthermore, the
approach of randomly selecting viewpoints, which
disrupts the AVG’s selection strategy, yields even
poorer outcomes compared to using only one view-
point. The performance without using any view-
point is the worst, underscoring the critical role
of hidden information extraction in meme detec-
tion. Conversely, utilizing solely model explana-
tions produces comparatively better results. These
findings demonstrate that the concurrent integra-
tion of both viewpoints exerts a more beneficial
impact on the model’s decision-making process.

4.6 The Significance of DSMoE

In this section, we conducted tests using the same
random seed, and the experimental results are pre-
sented in Figure 5(a). It is evident that the AUC
and ACC values for both “Only HS” and “Only ES”
are inferior to those of BPDMoE-Hate, indicating
that our model effectively captures complementary
information from different spaces. The absence
of either spatial feature representation adversely
affects the model’s performance. Furthermore, the
overall performance of “Only HS” surpasses“Only
ES”, suggesting that hierarchical structure model-
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Figure 5: The importance of DSMoE. In (a), “Only ES”
indicates replacing all experts with Euclidean experts,
while “Only HS” represents “only hyperbolic space ex-
perts”. (b) represents the hierarchical structure in hy-
perbolic space. “text” represents the selected viewpoint
feature. (c) denotes the frequency of activation for each
expert alongside the corresponding mean probability.

ing in hyperbolic space contributes more positively
to the model’s gains.

To validate the geometric assumptions underpin-
ning the hierarchical structure modeling in hyper-
bolic space, we utilize the visualization method
from (Pal et al., 2024) and present the learned hy-
perbolic space structure through low-dimensional
visualization (showing the spatial norm distribution
of the test set samples in the form of histograms).
As shown in Figure 5(b), multimodal features con-
sistently cluster near the origin of the hyperbolic
space, while viewpoint features are located farther
away. This notable geometric distinction offers
quantitative evidence that the hierarchical structure
of the “multimodal entailment viewpoint features”
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Figure 6: The influence of the reverse hierarchical structure. We forcibly reversed the hierarchical relationship

between the viewpoint (“text”) and the multimodal information.

has been effectively represented.

As shown in Figure 5(c), experts in the hyper-
bolic space are more frequently activated on most
datasets. This finding suggests that the model pre-
dominantly depends on hyperbolic space represen-
tations, which are capable of encoding hierarchi-
cal semantic relationships, during decision-making
processes. From the perspective of the activation
probabilities of experts, except for the HarMeme
dataset, which tends to assign greater weight to the

ey call me wony

1

Sum g wonu.4 4

[Harmful Perspective]..associating the name
“Wong” with a comedic portrayal of poor English
proficiency, which can reinforce negative racial
biases and contribute to the marginalization of
Asian individuals...

[Non-Harmful ~Perspective]The image and
caption appear to be intended as a humorous
meme, playing on the phrase "sum ting wong,"
which is a playful misspelling of "something
wrong."..

When you work at a bank and 2
guys with mask come i but they're
just robbing the place

[ 2
[Harmful Perspective]... the use of a well-known
actor in a distressed pose might amplify these

negative  associations,  reinforcing  harmful
narratives about masked individuals being
inherently threatening...

[Non-Harmful Perspective]...depict a scenario
where the unexpected twist (the robbers “just
robbing the place”) creates a light-hearted
moment, avoiding any harmful or hateful intent...

Router: [0.28, 0.00, 0.28, 0.00]
Label: y=1 | Pred: y = 0.86
View_Select_Pred : [0.083, 0.917]

Router: [0.00, 0.23, 0.30, 0.00]
Label: y=0 | Pred: §=0.13
View_Select_Pred: [0.923, 0.077]

hyperbolic space expert with ID O, the other two

(2)

(®)

datasets exhibit a preference for allocating higher
probabilities to the Euclidean space experts. This
observation clearly demonstrates the flexibility of
our framework in selecting different experts.

4.7 Reverse Hierarchical Structure

We performed a causal intervention experiment by
repositioning the viewpoint features to the origin
of the hyperbolic space while situating the multi-
modal features at the periphery. The outcomes, pre-
sented in Figure 6, demonstrate a marked decrease
in performance across the three datasets. These
findings indicate that the observed positive hier-
archical relationship is not merely a coincidental
correlation within the data but constitutes a causal
factor contributing to the model’s superior perfor-
mance. Furthermore, we also verify the effect of
removing this hierarchical relationship, detailed
information is provided in Appendix E.6.

4.8 Cross-Domain and Cross-Cultural
Generalization

We evaluate the cross-domain performance by train-
ing the model on the FHM dataset (general harmful
meme detection) and directly testing on the MAMI
dataset (misogyny-specific meme detection), with
results reported in Table 3. Despite a natural perfor-
mance drop due to the domain shift from general

Figure 7: Case illustration. “Router” represents the
activated experts and their assigned probabilities, while
“View_Select_Pred” indicates the probability of each
viewpoint being selected.

MAMI
Method ACC  AUC
IntMeme 57.20 64.00

BPDMoE-Hate 62.50 72.37

Table 3: Cross-domain transfer performance (trained on
FHM, tested on MAMI), here we set the random seed
to 42.

memes to misogyny-specific content, BPDMOoE-
Hate maintains a substantial advantage over the
baseline IntMeme, with absolute gains of 5.30% in
ACC and 8.37% in AUC. This result verifies the
robust cross-domain generalization of our method.

To test the cross-cultural adaptability, we fur-
ther evaluate BPDMoE-Hate on ToxiCN (Lu et al.,
2024), a Chinese harmful meme dataset, using
VLM-generated Chinese decoupled viewpoints as
input. The comparison with state-of-the-art base-
lines is shown in Table 4. The results demonstrate
that our method achieves significant performance
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ToxiCN
Method ACC Fl
PromptHate 76.04 67.45
Pro-Cap 7570 71.36
ExplainHM 7520 67.60
ALARM (GPT-40) 7745 67.87
BPDMoE-Hate 82.75 71.29

Table 4: Cross-cultural performance on ToxiCN Chinese
harmful meme dataset (Set the random seed to 42).

advantages on Chinese memes, outperforming all
compared baselines by a clear margin. Specifically,
BPDMoE-Hate obtains the highest ACC of 82.75%,
with an absolute improvement of 5.30% over the
strongest baseline ALARM (Lang et al., 2025).
Collectively, both experiments confirm the strong
generalization ability of BPDMoE-Hate across dif-
ferent domains and cultural contexts.

4.9 Case Study

Figure 7(a) is the malicious pun on the Asian sur-
name “Wong” by deliberately spelling “something
wrong” as “‘sum ting wong” to imitate a stereotyp-
ical Asian accent is offensive and defamatory to
the Asian community. Our harmful viewpoint cor-
rectly explains this point. Additionally, our Router
utilizes hyperbolic space experts to accurately iden-
tify such harmful memes, and AVG successfully
select the correct viewpoint. Figure 7(b) depicts the
actor portraying Iron Man exhibiting relief upon
confronting the masked criminal. Since typical rob-
beries do not necessitate superhero intervention,
this scenario conveys a humorous and teasing tone.
These observations further substantiate the efficacy
of our proposed framework.

5 Conclusion

This paper presents BPDMoE-Hate, a dual-space
viewpoint decoupled reasoning framework for de-
tecting harmful memes. Our framework utilizes the
generated dual viewpoints as the input for semantic
decoupling, and employs an AVG to autonomously
determine the semantic authenticity, effectively al-
leviating the model’s subjective bias. Furthermore,
we designed a dual-space MoE, which explicitly
models the hierarchical entailment relationship be-
tween multimodal and perspective features in the
hyperbolic space, and learns semantic associations
in the Euclidean space, achieving the synergy of
structured reasoning and semantic matching.
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Limitations

The limitations of this study are as follows. Our
proposed framework depends on a robust VLM
to produce high-quality binary perspectives. Al-
though the implementation of a perspective selec-
tion mechanism mitigates bias to some extent, the
diversity and comprehensiveness of the generated
perspectives remain constrained by the inherent
cognitive limitations of the VLM. In Appendix
E.3, we provide a detailed argument supporting
the decoupling perspective generated by the small
model. Future research will investigate retrieval-
augmented generation (RAG) techniques to en-
hance the quality and controllability of perspective
generation in smaller models.
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spread, protects vulnerable groups and promotes
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ing cross-cultural adaptability and reducing such
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A Related Work

A.1 Detection of Harmful Memes

Harmful memes have proliferated extensively
across social media platforms, inflicting harm
on vulnerable populations and contributing to
increased social fragmentation to some degree.
To address the challenge of effective detection,
(Stepanov et al., 2025) employs retrieval-guided
contrastive learning to improve hate speech identifi-
cation. (Yang et al., 2024) introduces a cross-modal
alignment framework to model multimodal error
alignment and uncertainty perception. (Chhabra
and Vishwakarma, 2023) utilizes a multi-scale
adaptive receptive field to emphasize salient spatial
regions, while (Xu et al., 2025) leverages hyper-
graphs to capture the hateful content arising from
cross-modal information. Additionally, (Lin et al.,
2024) implements modular networks for the de-
tection of hate memes. Although these methods
primarily focused on directly training classifiers
for hate meme detection, they often overlooked the
supplementary role of implicit information embed-
ded within the memes. In contrast, studies such
as (Jiet al., 2024; Park et al., 2024) directly apply
VLMs to extract indicative features from memes.
Furthermore, (Lin et al., 2024; Huang et al., 2025;
Hee and Lee, 2025; Liu et al., 2024a) propose that
VLMs be employed to extract implicit informa-
tion from memes, which is then integrated into
detection models during training. Distinct from the
aforementioned approaches, our method introduces
a novel concept termed “Viewpoint Decoupling”.
This approach has the potential to mitigate the in-
herent biases of models toward harmful content to
a certain extent.

A.2 Hyperbolic Space

Hyperbolic space can effectively model data with
potential hierarchical structures, thereby enhancing
the generalization ability of models. (Liu et al.,
2024b) utilizes hyperbolic space to solve the task
of completing multimodal knowledge graphs and
designs a dual-space multi-hop structure learning
module. (Mandica et al., 2024) proposes a BLIP-
2 hyperbolic version training strategy. (Moreira
et al., 2024) demonstrates that hyperbolic embed-
dings achieve the best few-shot classification per-
formance. (Peng et al., 2025) proposes HyperCLIP,
which fine-tunes text embeddings by adjusting their
hyperbolic radius through scaling transformations.
(Desai et al., 2023; Pal et al., 2024) prove the ex-

Harmful Prompt )

Given an image and its corresponding title, please explain, from the
perspective of hatred or harm, why this image and caption have
been labeled as hateful or harmful.

**Please note that you need to provide an explanation from a
hateful and harmful perspective, and keep it within no more than
two sentences.**

Here is the title:{title}

Your answer:

Non-harmful Prompt

Given an image and its corresponding title, please explain, from a
non-hateful or harmless perspective, why this image and caption
have been labeled as non-hateful or harmless.
**Please note that you need to provide the explanation from a non-
hateful and harmless perspective, and keep it within no more than
two sentences.**
Here is the title:{title}

KYour answer:

J

Figure 8: A prompt used to generate different perspec-
tives.

istence of a hierarchical structure between image-
text pairs. We posit the existence of a hierarchi-
cal relationship between multimodal information
and interpretative perspectives, and draw upon the
aforementioned concepts to model this hierarchical
structure within hyperbolic space.

B Viewpoint Generation Template

To facilitate the model’s ability to produce view-
points from two distinct perspectives, we meticu-
lously crafted a prompt that includes instructions
representing both a harmful and a harmless view-
point, as illustrated in Figure 8. It is important to
note that the generated viewpoints were restricted
to a maximum of two sentences, taking into ac-
count the computational constraints of the visual
language model.

C Loss Calculation

To enhance the discrimination between positive
and negative samples within our framework, we
incorporate a contrastive learning loss. Let the total
number of samples be denoted by n, and suppose
that among these, there are m positive samples
sharing the same label. The feature representations
of all samples are given by the set { f1, fa,..., fn}
Under these conditions, the following formulation
applies:

lem 1 & exp(s; ;)
Crugrce =137 L3 1o 020)
=1 7j=1 Z exp(si,k)

bkt
(16)
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Figure 9: Eliminate the hierarchical relationship between viewpoints and multimodal features in hyperbolic space.

Here, s; j = finj/T, where 7 = 0.07 is the
temperature coefficient. Moreover, to ensure the
balanced loading of experts, our load balancing
loss is as follows:

n

1 ; 2
i _
ﬁbalance = E 5 (wexp - wexp) +
=1

1 < 2
=3 (chp — Toxp)
i=1
i

Where n represents the number of experts, wey,
represents the weight assigned to the ith expert,
and céxp represents the loading frequency of the ith
expert in a sampling set.

A7

Dataset FHM MAMI HarMeme
Train 8,500 10,000 3,013
Valid 500 100 177

Test 1,000 1,000 354

Table 5: Dataset Distribution

D Detailed Supplement of the Dataset
and Baselines

We conducted an evaluation of BPDMoE-Hate
utilizing three extensively recognized hate meme
datasets. The FHM dataset comprises a diverse col-
lection of harmful memes sourced from the internet,
consisting of 8,500 samples designated for train-
ing and 1,000 samples reserved for testing. The
MAMI dataset focuses specifically on misogynis-
tic memes gathered from prominent social media
platforms. The HarMeme dataset includes harm-
ful memes obtained from social media websites
as well as through crowdsourcing efforts, notably
encompassing a substantial subset of memes asso-
ciated with the 2019 novel coronavirus. The size
of the relevant dataset is shown in table 5.

The models we used for comparison include:
1) VLMs, such as Qwen2.5-vl-Instruct-32B (Bai
et al., 2025), Llama-3.2-11B-Vision (Grattafiori
et al., 2024) and Llava-1.5 (Liu et al., 2023). 2)
Pure text classification models, including Bert-base
(Devlin et al., 2019) and RoBERTa-large (Liu et al.,
2019). 3) Multi-modal classification models, in-
cluding FLAVA-full (Singh et al., 2022), Visual-
BERT (Li et al., 2019), ViLBERT (Lu et al., 2019),
BLIP2 (Lietal., 2023) and ALBEF (Li et al., 2021).
4) Harmful meme detection frameworks, including
Mod-HATE (Cao et al., 2024), PromptHate (Cao
et al., 2022), Pro-Cap (Cao et al., 2023), Explain-
HM (Lin et al., 2024) and IntMeme (Hee and Lee,
2025).

E Additional Experiments

E.1 The Influence of the Viewpoint Encoder

For the encoding of viewpoints, we employed the
more advanced RoOBERTa-large model as the text
encoder. This section examines the influence of
various viewpoint encoders on the overall model
performance, as shown in Table 6. Specifically, we
substituted the original encoder with four alterna-
tive models: RoBERTa-base, T5-base (Raffel et al.,
2020), BERT-base, and BERT-large. Experimen-
tal results indicate that an increase in the number
of model parameters does not necessarily corre-
spond to improved performance in meme detection.
Rather, the effectiveness appears to depend on the
intrinsic capabilities of the encoder itself. We hy-
pothesize that this outcome may be attributed to the
extensive freezing of parameters during the training
phase. Consequently, future work should focus on
selecting a more effective text encoder to further
enhance the framework’s performance.
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FHM MAMI HarMeme
View Encoder ;5 ACC AUC ACC AUC ACC
Roberta-large 83.71 £0.39  75.18 £1.38 87.84+o.54 76.70+to.s0 94.11 £o.28 86.10 £0.94
Roberta-base 83.89 +0.49 75.06 £1.20 88.91 £0.48 75.40 *1.06 93.85 +0.43 86.05 £1.48
T5-base 83.11 0.7 73.92 +o0.72 88.21 +0.36 75.02 *+1.53 93.23 +o0.32 84.40 *1.75
Bert-large 83.14 £o0.92  73.28 £2.12  88.63 £o.32 76.90 £2.21  92.73 £o.26 84.92 £1.14
Bert-base 83.49 o058 73.72+o0.76 89.05 f+o0.52 76.46 +0.97 93.78 +0.30 85.54 +o0.70

Table 6: The impact of the viewpoint encoder (text encoder) on the model’s performance.

FHM MAMI HarMeme
Multimodal Encoder ;¢ ACC AUC ACC AUC ACC
BLIP2 83.71 +0.30 75.18 &1.38 87.84 +0.54 76.70 +0.80 94.11 +0.28 86.10 F0.94
ViT 80.83 +0.37 71.94 to.86 85.98 £0.42 74.20 063 85.95 +1.49 T79.15 *1.12
Flava-full 83.34 +0.67 74.50 do0.87 87.40 *o0.70 75.74+1.51 89.62 *o.77v 83.33 Fo.67

Table 7: The impact of the multimodal encoder on the model’s performance.
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Figure 10: Compare the influence of the coefficients of
the contrastive loss and the entailment loss. “3” rep-
resents the coefficient of the entailment loss, and “n”
indicates the coefficient of the contrastive loss.

E.2 The Influence of the Multimodal Encoder

The performance of the multimodal encoder di-
rectly influences the feature representations dur-
ing the hierarchical fusion stage. Since both im-
ages and their corresponding captions are simul-
taneously input into the multimodal encoder, the
features output by this encoder have a greater im-
pact on the BPDMoE-Hate prediction. As shown in
Table 7, compared to Table 1, employing the lower-
performing Flava-full model results in a significant
decline in overall model performance. This finding
underscores the critical role of multimodal infor-
mation as the “root” within the hierarchical struc-

ture; inadequate representation of this information
severely impairs hierarchical modeling. Further-
more, we replaced the multimodal encoder with a
ViT (Dosovitskiy, 2020) model capable of encod-
ing only images to investigate whether a more effec-
tive hierarchical structure could be formed between
“image” and “viewpoint”. Experimental results in-
dicate that this hierarchical structure contributes
less to our model than the “multimodal-viewpoint”
structure, thereby further validating the feasibility
of the proposed hierarchical framework.

E.3 Different Viewpoint Generation Models

Our BPDMoE-Hate framework employs the ad-
vanced Qwen2.5-VL-32B-Instruct model for view-
point generation. In this section, we investigate the
influence of utilizing various VLMs to produce
binary viewpoints on the overall system perfor-
mance. The evaluation was conducted on the FHM
and HarMeme datasets, with the corresponding re-
sults presented in table 8. Our findings indicate
that VLMs possessing stronger self-inference ca-
pabilities exert a more beneficial impact on the
framework. Conversely, VLMs with comparatively
weaker performance, constrained by limited inter-
nal knowledge, tend to generate binary viewpoints
with reduced informational content, thereby imped-
ing the model’s evaluative accuracy. Consequently,
we infer that binary viewpoints derived from mod-
els with enhanced reasoning abilities more accu-
rately capture the authentic expression of memes,
leading to improved judgment within the frame-
work.
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FHM HarMeme
VIM AUC ACC AUC ACC
Qwen2.5-VL-32B-Instruct  83.71 +0.39  75.18 £1.38  94.11 +0.28  86.10 £0.94
Gemma3-12B 84.37 055 75.50 £1.28 93.88 £0.59 83.95 *1.84
Qwen3-VL-8B 82.65 fo.59 7244 +114 94.16 £o.20 84.41 £1.20
Qwen2.5-VL-7B-Instruct ~ 80.48 +0.41  69.66 £2.65 92.74 051 84.01 +1.91
Qwen2-VL-2B-Instruct 74.47 +0.34  64.82+1.98 92.59 £1.22 83.90 £1.83

Table 8: The influence of different viewpoint generation models on the results.
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~
> 0.7
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Figure 11: Removing the viewpoint selection loss. The
term “Consistency Probability” denotes the probability
that the model’s predicted viewpoint selection aligns
with the harmful meme prediction within the test dataset.
We fix the random seed for the verification.

E.4 The Proportion of Different Losses

This section examines the effects of the entailment
loss and the contrastive learning loss on model
performance. Since the viewpoint selection loss
and the task loss are components of the same opti-
mization objective, and no discernible pattern was
observed regarding the impact of the corresponding
loss coefficient on the outcomes during experimen-
tation, further discussion on this aspect is omitted.
The experimental results are presented in Figure
10. Our findings indicate that optimal performance
was achieved at parameter values of 5 = 0.01 and
1 = 0.1. Although increasing 3 led to a slight im-
provement in the AUC metric for FHM, the ACC
of HarMeme peaked at 7 = 0.05. Furthermore,
we hypothesize that the proportion of entailment
loss should not be excessively large because it is
applied exclusively within the hyperbolic space.
An overly high weighting of this loss may inhibit
the model’s ability to select experts effectively in
the hyperbolic space, thereby diminishing overall
performance.

E.5 Consistency Between Viewpoint Selection
and Prediction

In this section, we remove the viewpoint selec-
tion loss to examine the consistency between the
model’s viewpoint selection predictions and its
harmful meme predictions. The results are pre-
sented in the figure 11. We observe that after train-
ing, BPDMOoE-Hate demonstrates a high degree
of alignment between viewpoint selection and the
prediction of whether a meme is harmful, under-
scoring the significance of the viewpoint selection
loss for our model. Upon removal of this loss, the
“Consistency Probability” experiences a substantial
decline across all three datasets, and the ACC of the
model is inferior to that of BPDMoE-Hate. This in-
dicates that accurate viewpoint selection positively
influences model performance, whereas incorrect
viewpoint choices tend to mislead harmful meme
predictions. These findings further validate the
efficacy of our model in mitigating bias.

Type Parameter Size
Trainable params 138 M
Non-trainable params 41B
Total Params 42B

Table 9: The total number of parameters.

E.6 Eliminate Hierarchical Relationships

In this section, we verify the impact of eliminating
the hierarchical relationship in hyperbolic space
on the model’s performance. We artificially bring
the norm values of the projected viewpoint features
and multimodal features in hyperbolic space closer
and observe the experimental results as shown in
Figure 9. We find that the absence of hierarchical
relationship constraints leads to a certain decline
in model performance. Moreover, the performance
metrics in Figure 6 decline more significantly com-
pared to the elimination of hierarchical relation-
ships, demonstrating the importance of correctly
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setting the hierarchical relationship order.

Hyperbolic Distance FHM MAMI HarMeme
Multimodal 0.63 0.60 0.67
Viewpoint 7.82 8.57 7.17
Difference Value 7.19 7.97 6.50

Table 10: The average hyperbolic distance of different
features from the origin. Here, we fixed the random
seed for the test set.

E.7 Quantitative Analysis of Hierarchical
Structure

The preceding observations have been intuitively il-
lustrated through the distribution histograms of the
norms of various vectors, indicating the existence
of a hierarchical relationship between multimodal
features and viewpoint features. Furthermore, mul-
timodal features represent a more generalized form
compared to viewpoint features. In this section,
we quantitatively validate this hierarchical relation-
ship by analyzing the average hyperbolic distance
from the origin for both multimodal and viewpoint
features within different test sets. The results, pre-
sented in table 10, demonstrate that across different
test sets, multimodal features consistently exhibit
shorter hyperbolic distances to the origin, whereas
the selected viewpoint features are positioned far-
ther away. These findings substantiate that the pro-
posed model effectively captures the hierarchical
structure inherent between these two feature types.
It is observed that the range of values for the hyper-
bolic distance is [0, +00).

Dataset BPDMoE-Hate w/o VEM
FHM 75.18 £-1.38 71.74 +o0.72
MAMI 76.70 £0.80 74.04 £0.55
HarMeme 86.10 4-0.94 83.05 £0.89

Table 11: The significance of the viewpoint enhance-
ment module. The evaluation metric used is ACC.

E.8 Removal of The Viewpoint Enhancement
Module

The design objective of the VEM is to compre-
hensively incorporate the essential characteristics
of contrasting perspectives and multimodal data
into the target viewpoint, thereby better capturing
the harmful information hidden in memes. Con-
sequently, this module constitutes a critical com-
ponent of our overall framework. To evaluate its
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Figure 12: The impact of the number of experts. This
assessment is conducted using the FHM dataset.

significance, we conducted an ablation study by
removing the VEM and assessing the resultant per-
formance variations. The findings, as presented in
table 11, indicate a performance decline following
the module’s removal. Notably, the VEM exerted
the most pronounced effect on the FHM dataset
and the least on the MAMI dataset. This obser-
vation further substantiates our assertion that the
MAMI dataset, which focuses on misogyny, pos-
sesses relatively straightforward discriminative fea-
tures, wherein the integration of images and titles
sufficiently conveys explicit information.

E.9 Number of Experts

The number of selected experts is fixed at 2, while
the total number of experts is varied. The corre-
sponding results are presented in the Figure 12. It
is important to note that a total expert count of zero
indicates the direct removal of experts from the
dual space. The findings demonstrate that the per-
formance of BPDMoE-Hate is influenced by the
total number of experts. Specifically, optimal per-
formance is observed when the number of experts
was set to 4. Consequently, the total number of
experts is established at 4 for subsequent experi-
ments.

E.10 Text-only Probe on Generated
Viewpoint Features

In this section, we employ the RoBERTa-large
model trained exclusively on the generated tex-
tual content, without incorporating any visual in-
formation. As presented in Table 12, even when
leveraging both viewpoints, the text-only classi-
fier still lags considerably behind our full model
(HarMeme AUC: 88.39 vs. 94.11), demonstrating
that visual features and hierarchical fusion are es-
sential for strong performance. Notably, adopting
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Method FHM MAMI HarMeme

AUC ACC AUC ACC AUC ACC
Text-only (Non-harmful) 78.42 +o0.29 68.72 +1.41 78.45 £o0.54 70.76 1.09 83.68 £0.44 77.23 +0.96
Text-only (Harmful) 81.84 +0.21 72.30 £o.26 84.06 £o0.16 73.38 *0.78 86.74 *o0.56 79.44 to0.95
Text-only (Both) 83.50 +0.47 72.88 +o0.52 84.81 +0.16 74.20 089 88.39 +0.53 82.20 +o0.64
BPDMoE-Hate (Full) 83.71 to.39 75.18 +1.38 87.84 +o.54 76.70 +o.80 94.11 +o.28 86.10 +0.94

Table 12: Text-only Probe Experiments on Generated Viewpoint Features

Method FHM MAMI HarMeme
Image + Harmful viewpoint (only vlm) 71.32 £o0.26 75.70 £1.79  55.48 £o0.23
Image + Non-harmful viewpoint (only vim)  60.34 £0.08  53.52 0.04  53.52 %o0.04
Image + Both viewpoints (only vim) 71.22 £1.72 70.20 £1.67 67.23 £o0.00
BPDMoE-Hate 7518 138 76.70 £os0  86.10 t-o0.94

Table 13: Direct VLM Decision Baselines for Image-Viewpoint Inputs. The evaluation metric used is ACC.

dual viewpoints instead of relying on a single best
viewpoint yields AUC improvements of 1.66% on
FHM, 0.75% on MAMI, and 1.65% on HarMeme.
This confirms that our adversarial generation strat-
egy remains beneficial even in the absence of vi-
sual modalities.Nevertheless, the performance up-
per bound of the text-only model (around 88 AUC
on HarMeme) is clearly surpassed by our DSMoE-
based hierarchical fusion approach (94.11 AUC).
This validates that geometric representation learn-
ing effectively captures meaningful image—text in-
teractions that cannot be derived from raw textual
semantics alone.

E.11 Direct Classification Baselines with
VLM

We further conduct an end-to-end classification ex-
periment by feeding images and their generated
captions directly into Qwen2.5-VL. As reported
in Table 13, the results highlight clear limitations
of vanilla vision-language model outputs. When
using only harmful viewpoints, classification ac-
curacy reaches 71.32% on FHM and 75.70% on
MAM]I, yet drops sharply to 55.48% on HarMeme.
For non-harmful viewpoints, performance hovers
near random guessing across all datasets, ranging
from 53% to 60%. Simply concatenating both view-
points without explicit selection or fusion yields
accuracies of 71.22%, 70.20%, and 67.23 %—still
significantly lower than the 75.18%, 76.70%, and
86.10% achieved by BPDMoE-Hate. This indi-
cates that unfiltered dual perspectives can interfere
destructively with prediction. In contrast, our pro-
posed AVG+DSMoE modules deliver substantial
practical benefits: absolute accuracy improvements
of 3.96%, 6.50%, and 18.87% over the strongest

vanilla VLM baseline.
E.12 Human Evaluation of Model
Interpretability

Metric Value
Human assessment accuracy rate  0.820
AVG quality evaluation (average) 3.99
AVG accuracy rate (all data) 0.748
AVG accuracy rate (sample data)  0.640

Table 14: Systematic human evaluation results for
model interpretability (FHM dataset, 50 sampled ex-
amples).

To further validate the interpretability of
BPDMOoE-Hate in a rigorous and quantitative man-
ner, we conduct a systematic human evaluation on
the FHM dataset (fixed random seed 42), including
assessments of viewpoint quality, Adaptive View-
point Gating (AVG) selection accuracy, and failure
mode analysis for AVG errors. For the experiment,
we uniformly sample 50 representative examples
from the FHM dataset, invite a professional evalua-
tor in this field, and design a three-stage human
evaluation protocol: (1) human judgment accu-
racy (annotators are provided with dual viewpoints
and blind to true labels); (2) human quality rating
of AVG-selected viewpoints (on a 1-5 scale, with
5 indicating the highest quality); (3) AVG selec-
tion accuracy (consistency between AVG’s selected
viewpoint and the true label of the meme).

The quantitative results of the human evalua-
tion and AVG performance are summarized in Ta-
ble 14. We find that the average quality score of
AVG-selected viewpoints reaches 3.99, approach-
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Type of error

Num Typical characteristic

Visual neglect 1
Ambiguity 6
Deficiency of context 7
Poor quality 4

Image contains implicit hate symbols

Both viewpoints are reasonable

Requires cultural background knowledge
Low-quality viewpoints generated by VLM

Table 15: Failure mode analysis of AVG selection errors.

ing human-level judgment, while the AVG selec-
tion accuracy on sampled data (64.0%) lags signif-
icantly behind the human baseline (82.0%). This
indicates that the quality of VLM-generated view-
points is the core bottleneck for interpretability
performance, rather than the AVG selection mecha-
nism itself, which further validates a key limitation
of our framework: its partial dependence on the
quality of dual viewpoints generated by VLMs.

We further conduct a fine-grained failure mode
analysis on the 18 misjudgments (36% of the 50
sampled examples) of the AVG module, and catego-
rize the error types and their typical characteristics
in Table 15.

The analysis shows that AVG selection errors
mainly stem from two core factors: inadequate
VLM generation quality and lack of cultural back-
ground knowledge in viewpoint generation. Cor-
responding future improvement solutions include
adopting more powerful VLMs for viewpoint gen-
eration and integrating retrieval-augmented genera-
tion (RAG) to supplement contextual and cultural
knowledge.

F The Number of Parameters

The total number of parameters within the proposed
framework was computed and is presented in ta-
ble 9. It is important to note that the parameters
associated with the VLM were excluded from this
calculation. The framework comprises 138 million
trainable parameters, whereas the majority of non-
trainable parameters originate from the multimodal
encoder component. Substituting the multimodal
encoder with a more lightweight alternative, such
as FLAVA-full (as shown in table 7), enables de-
ployment on a wider range of devices; however,
this modification will incur a slight reduction in
performance.

G Deployment Efficiency Analysis

We measure the inference time of BPDMoE-Hate
using 1,000 samples as an example, with the results

Time statistics for reasoning

Total number of test samples 1,000
Total reasoning time 91.6237s
Average processing time per data  91.62ms

Table 16: Time complexity statistics of our method.

shown in the Table 16. The results indicate that our
method performs inference quickly on individual
samples, enabling efficient deployment.
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