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Abstract001

The identification of harmful memes extends002
beyond a mere classification task, encompass-003
ing challenges related to multi-perspective se-004
mantic comprehension and hierarchical reason-005
ing. Prevailing approaches predominantly de-006
pend on modal alignment or black-box classi-007
fiers, which fail to capture implicit biases and008
lack interpretability. In this study, we propose009
BPDMoE-Hate, a novel framework grounded010
in dual-space mixture-of-experts, which innova-011
tively conceptualizes harmful meme detection012
as an integrated process of “viewpoint decou-013
pling and hierarchical fusion”. Our approach014
generates adversarial binary perspectives via015
Visual-Language Models (VLMs) and incor-016
porates an adaptive viewpoint gating to facili-017
tate viewpoint selection, thereby enabling the018
model to autonomously discern implicit se-019
mantic inclinations. Moreover, we propose020
the Hyperbolic-Euclidean space expert to ef-021
fectively capture the hierarchical structural re-022
lationships and semantic correlations between023
multimodal and viewpoint features, thereby en-024
abling interpretable reasoning at the geometric025
representation level. Empirical evaluations con-026
ducted on three mainstream datasets demon-027
strate that BPDMoE-Hate not only substan-028
tially surpasses existing methodologies in per-029
formance but also offers visual explanations for030
viewpoint selection and hierarchical structur-031
ing, thereby advancing the field of interpretable032
multimodal content analysis.033

1 Introduction034

The advancement of social media platforms has en-035

hanced the capacity for individuals to express their036

emotions (Hermida and Santos, 2023; Liu et al.,037

2024a); however, it has concurrently contributed038

to the propagation of detrimental information. A039

notable example includes internet memes, which040

have gained widespread circulation in recent years.041

Typically, a meme comprises an image paired with042

The term "portable dishwasher slash 
sandwich maker“ links women to 
"household tools", which is a 
degrading portrayal of women as 
mere tools. It implies that women's 
value is narrowed down to being 
"household producers"...

The image depicts a happy couple in 
a home setting, which conveys a 
positive and lighthearted atmosphere. 
The caption about a “portable 
dishwasher slash sandwich maker” is 
humorous and imaginative...

The image shows two people
standing indoors, with one person
holding the other up as they both
smile and pose for the photo...which
s e e m s h u m o r o u s b e c a u s e i t
combines unrelated household items
into a single concept. This caption
l i k e l y s e r v e s a s c o m e d i c
commentary ...
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Figure 1: Binary viewpoints and entailment loss.

concise textual content conveying a particular view- 043

point. Certain users exploit this format to dissemi- 044

nate hate speech, thereby facilitating and intensify- 045

ing violent (Mei et al., 2024) conduct in real-world 046

contexts. 047

Viewpoint decoupling. Previous hate speech 048

meme detection methods either adopt a single clas- 049

sifier (Hebert et al., 2024; Lu et al., 2024) or cross- 050

modal alignment (Yang et al., 2024) to narrow 051

the inter-modality semantic gap, but these black- 052

box models (Lin et al., 2024) exhibit limited inter- 053

pretability. Recently, studies have leveraged VLMs 054

with zero-shot prompting (Kojima et al., 2022) and 055

multi-agent debate frameworks (Park et al., 2024; 056

Zheng et al., 2024) to interpret harmful memes 057

(Cao et al., 2023; Ji et al., 2024; Lin et al., 2025), 058

and even incorporated explanatory text (Hee and 059

Lee, 2025) or debate outcomes (Lin et al., 2024; 060

Zhou et al., 2025) into model training for perfor- 061

mance improvement. However, these interpretative 062

approaches still cannot model multi-perspective se- 063

mantic conflicts, and are thus prone to introducing 064
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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 ...

The image depicts a lighthearted and
affectionate moment between a person
and a dog, which al igns with the
humorous and exaggerated tone of the
caption. The use of "bite back to assert
dominance" is intended as a playful
metaphor ...
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Figure 2: Our overall framework: generate decoupled binary viewpoints via the VLM, select viewpoints using AVG,
and then leverage DSMoE 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.

the model’s subjective bias towards memes.065

As illustrated in Figure 1, the text within the066

meme diminishes the value of women by portray-067

ing them as mere “household tools”. Figure 1 (a)068

incorporates the model’s own subjective judgment,069

erroneously interpreting the content as humorous.070

Consequently, integrating such explanations into071

the training process risks propagating subjective072

biases, leading to misclassification. Panels (b.1)073

and (b.2) represent the explanatory approach we074

propose, which involves a more in-depth analysis075

of memes from two distinct perspectives. This de-076

coupled adversarial viewpoint partially mitigates077

the model’s inherent bias. Nonetheless, only one078

of these perspectives accurately reflects the true079

nature of the harmful meme. Consequently, this080

raises an important question: how can the model081

be trained to autonomously select the appropriate082

viewpoint?083

Hierarchical reasoning. Beyond the viewpoint084

selection challenge, a more critical issue unad-085

dressed by existing methods is the lack of a system-086

atic framework to model the hierarchical seman-087

tic relationships between multimodal content and088

interpretative perspectives. Regarding the meme089

depicted in Figure 1, from the perspective of cog-090

nitive logic (Van Ditmarsch et al., 2008), human091

observers first synthesize information from both092

components (image and title) to achieve compre-093

hension, subsequently generating clear and specific094

views on it. These perspectives represent a more 095

profound understanding of the multimodal informa- 096

tion—comprising both images and texts—thereby 097

establishing a hierarchical structure (Vendrov et al., 098

2015) that progresses from “multimodal content” to 099

“human viewpoints”. Given that hyperbolic space 100

(Desai et al., 2023; Pal et al., 2024) near the origin 101

encodes more general information, while regions 102

closer to the boundary convey more specific at- 103

tributes, it is appropriate to represent multimodal 104

content and viewpoints as “roots” situated near the 105

origin and “leaves” positioned closer to the periph- 106

ery within the hyperbolic space. 107

This study revisits the problem of harmful meme 108

detection from the perspective of geometric rep- 109

resentation learning. We hypothesize that un- 110

derstanding harmful memes entails a reasoning 111

process of “viewpoint decoupling-hierarchical fu- 112

sion”. Specifically, we propose BPDMoE-Hate, 113

a Binary Perspectives Dual-space Mixture-of- 114

Experts framework comprising two core compo- 115

nents: an Adaptive Viewpoint Gating (AVG) mod- 116

ule for viewpoint selection and a Dual-Space MoE 117

(DSMoE) module for hierarchical feature fusion. 118

In the viewpoint decoupling phase, dual viewpoints 119

are generated via adversarial prompting, and the 120

AVG module is designed to enable adaptive view- 121

point selection, thereby empowering the model to 122

discern semantic veracity. Subsequently, in the hi- 123

erarchical fusion phase, the hierarchical structure 124
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of multimodal and viewpoint features is modeled in125

hyperbolic space, while semantic relationships are126

captured in Euclidean space. Finally, the DSMoE127

module dynamically integrates these two types of128

representations to form a unified and discriminative129

feature space.130

Our contributions are as follows: 1) We pro-131

pose a multi-view decoupled reasoning framework,132

which formalizes the task as a process of view133

generation, selection and fusion. 2) We design134

a DSMoE to provide an interpretable geometric135

foundation for multimodal reasoning. 3) Experi-136

mental results verify the superior performance of137

our approach.138

2 Preliminaries139

In this section, we provide a concise overview of140

the essential concepts underlying hyperbolic geom-141

etry; more details can be found in (Chami et al.,142

2019). Hyperbolic space is characterized as the143

unique complete, simply connected Riemannian144

manifold that is isotropic and exhibits constant145

negative sectional curvature (Wang et al., 2024).146

The curvature parameter quantifies the extent to147

which hyperbolic space diverges from Euclidean148

flatness. The models used to describe hyperbolic149

space mainly include the Lorentz model and the150

Poincaré model. This work focuses exclusively on151

the Poincaré model.152

Consider the n-dimensional Poincaré sphere en-153

dowed with a constant negative curvature −c(c >154

0). The associated Riemannian manifold can be155

characterized as Hn,c = {x ∈ Hn | ∥x∥2 < 1
c}.156

For any point xH ∈ Hn,c within this hyperbolic157

space, there exists a corresponding tangent space158

TxHn,c, which serves as a local, first-order ap-159

proximation of the manifold at xH. The hyper-160

bolic space and its tangent space at xH are related161

through the following mapping:162

expcx(v) = v⊕c(tanh(
√
c
λc
x ∥v∥
2

)
v√
c ∥v∥

) (1)163

logcx(y) =
2tanh−1(

√
c ∥−x⊕cy∥)(−x⊕cy)√
cλc

x ∥−x⊕cy∥
(2)

164

In this context, v ∈ TxHn,c, x, y ∈ Hn,c.165

λc
x = 2

1−c∥x∥2 is the conformal factor, ⊕c denotes166

Möbius addition (Ungar, 2001). The exponential167

operation maps TxHn,c to Hn,c, while the logarith-168

mic operation maps Hn,c to TxHn,c. The distance169
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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 170

path between two points x and y: 171

dcxy =
2√
c
arctanh(

√
c ∥−x⊕cy∥) (3) 172

3 Method 173

3.1 Viewpoint Decoupling 174

The overall architecture is illustrated in Figure 2. 175

To mitigate the subjective biases (Ye et al., 2024) 176

present in models during the generation of VLM 177

explanations, we conceptualize the generation of 178

viewpoints as an adversarial semantic completion 179

task. Concretely, we design a pair of adversarial 180

prompt templates that direct the VLM to produce 181

two opposing textual descriptions—one harmful 182

and one harmless—for the identical meme, as illus- 183

trated in step 1 of Figure 2. This approach can be 184

interpreted as a semantic decoupling of the original 185

multimodal content, with the objective of disen- 186

tangling implicit semantic dimensions that may 187

contribute to ambiguity in the final evaluation. The 188

corresponding prompt templates are presented in 189

Appendix B. 190

3.2 Viewpoint Selection 191

We use the text encoder to encode the decoupled 192

binary viewpoints. Nevertheless, the model must 193

identify the viewpoint that more accurately cor- 194

responds to the true semantics between the two 195

contrasting perspectives, which is the prerequisite 196

for achieving reliable hierarchical fusion. 197

3.2.1 Adaptive Viewpoint Gating 198

Inspired by (Zhao et al., 2022), we design an AVG 199

to conduct the selection of viewpoint features. As 200

illustrated in Figure 3, the two viewpoint feature 201

3



vectors produced by the text encoder are denoted202

as Hv, Hnv ∈ RB×L×N . Where B represents203

the batch size, L denotes the length of the text se-204

quence, N represents the output dimension of the205

hidden layer. These two vectors are individually en-206

hanced through the core module VEM (Viewpoint207

Enhancement Module), allowing each viewpoint208

feature to interactively reference its complemen-209

tary viewpoint as well as the original multimodal210

context. Consequently, this process facilitates the211

acquisition of more discriminative representations.212

Subsequently, the enhanced feature representa-213

tions Ev and Env are derived and subsequently fed214

into the classification layer to produce the final215

viewpoint selection weights Wv ∈ RB×1. This216

process is formally represented by the following217

equation:218

Wv = Sigmoid(Linear(Cat(Ev, Env))) (4)219

Here, “Cat(·)” represents feature concatenation.220

After obtaining the weights for the viewpoint selec-221

tion, for each sample hiv ∈ RL×N , hinv ∈ RL×N222

and wi
v ∈ R1×1, where i ∈ B, we perform the223

viewpoint selection through the following formula:224

his = wi
v · hiv + (1− wi

v) · hinv (5)225

Moreover, we develop a viewpoint selection226

loss, wherein the true labels are consistent with227

the downstream harmful detection task, forcing the228

selection mechanism to be congruent with the final229

task objective.:230

Lview = LCE(v̂, v) (6)231

Where LCE denotes the cross-entropy loss, v̂ sig-232

nifies the prediction generated by AVG for the se-233

lection of viewpoints, and v corresponds to the true234

label.235

3.2.2 Viewpoint Enhancement Module236

Suppose the target sample currently input is hiv,237

that is “Current Viewpoint”, then hinv is “Opposite238

Viewpoint”, while the features from the multimodal239

encoder are mi ∈ RM×N . Firstly, perform multi-240

head self-attention and cross-attention operations241

on the current features, that is, the SA and CA mod-242

ules in Figure 3. Here, we use CA as an example.243

The Queries are derived from hiv, represented as244

Qt = ItWq, while the Keys and Values come from245

mi, represented as Ks = IsWk and Vs = IsWv,246

where Wq,Wk,Wv ∈ RN×N are learnable param-247

eters. The CA can then be formulated as:248

oicm = Softmax
(
QtK

T
s√

dk
Vs

)
= Softmax

(
ItWqW

T
k ITs√

dk

)
IsWv

(7) 249

In the SA module, the Queries, Keys, and Values 250

are all derived from the same feature. We represent 251

the vectors produced by the SA and an additional 252

CA as oic and oico, respectively. These are then com- 253

bined using a “Gate” followed by a feed-forward 254

network (FFN) to achieve an enhanced represen- 255

tation eiv ⊂ Ev (Appendix E.8 demonstrates the 256

effectiveness of VEM): 257


eiv = hiv + ei + FFN(LN(ei))

ei = wi
e · oic + (1− wi

e) · (oicm + oico)/2
wi
e = Sigmoid(Linear(Cat(oic, o

i
cm)))

(8) 258

3.3 Dual Space MoE 259

3.3.1 Hyperbolic Space Experts 260

To construct the hierarchical structure within hyper- 261

bolic space, we initially employ Eq.1 to project the 262

selected viewpoint and multimodal features onto 263

the hyperbolic manifold. As indicated in (Wang 264

et al., 2024), it is necessary to first apply a linear 265

transformation to the features to reduce their dimen- 266

sionality, thereby enhancing the representational ca- 267

pacity of the hyperbolic manifold. Given a weight 268

matrix W ∈ Rm×n and a bias term b ∈ R1×1 asso- 269

ciated with a linear layer, the matrix multiplication 270

operation within the Poincaré ball is performed via 271

Möbius multiplication: 272

W⊕cx = expc0(W · logc0(x)) (9) 273

In the context of biased addition, the vector b 274

represents a vector located in the tangent space 275

T0Hn,c. It is necessary to transport this vector to 276

the tangent space TxHn,c at the point x, after which 277

it is projected onto the hyperbolic manifold: 278

T c
0→x(b) = logcx(x⊕c exp

c
0(b)) (10) 279

Where xH⊕cb = expcx(T
c
0→x(b)) =

λc
0

λc
x
b. As 280

illustrated in Figure 1(c), we further adopt the en- 281

tailment loss (Desai et al., 2023) to constrain view- 282

point features within the entailment cone centered 283

on multimodal features, thus geometrically encod- 284

ing the “multimodal entailment viewpoint” reason- 285

ing relationship explicitly. Let x and y represent 286
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the multimodal and viewpoint vectors embedded287

in hyperbolic space, respectively. Here, x should288

lie closer to the hyperbolic origin, while y should289

reside within the entailment cone originating at x.290

The half-aperture angle aper(x) of x is defined as291

follows:292

aper(x) = arcsin(
rmin

√
c

tanh(
√
cdcox
2 + ε)

) (11)293

Here rmin = 0.1 denotes the minimum radius of294

the containment cone, ε = 1×10−8, c is a learnable295

curvature value, initialized to 1.0 and decreasing296

during training. The external angle ext(x, y) =297

π − ∠Oxy, thus ∠Oxy can be obtained by the298

following formula:299

∠Oxy = cos−1 (300

cosh(Dc
ox) cosh(D

c
xy)− cosh(Dc

oy)

sinh(Dc
ox) sinh(D

c
xy) + ε

) (12)301

Where Dc
AB =

√
c dcAB , while dcAB corresponds302

to the hyperbolic distance between points A and B,303

as determined by Eq.3. Then, the final entailment304

loss is expressed as:305

Lent = max(0, ext(x, y)− aper(x)) (13)306

Moreover, we enable the implementation of both307

cross-attention and self-attention modules within308

hyperbolic space (as shown in Figure 2). Subse-309

quently, as described by Eq.2, the fused features310

are mapped back to Euclidean space.311

3.3.2 Euclidean Space Expert312

Euclidean space experts are responsible for model-313

ing the semantic connections between multimodal314

and viewpoints. In this instance, the component315

enclosed by the dashed box in Figure 2 is excluded,316

retaining solely the attention mechanisms.317

3.3.3 Hierarchical Fusion and Prediction318

Our DSMoE innovatively integrates experts from319

different spaces into the MoE (Liu et al., 2025)320

layer, which is composed of a Router and n expert321

networks, where we set n = 4. The experts with322

odd indices operate in Euclidean space, while those323

with even indices function in hyperbolic space. As324

shown in Figure 2, the Router (a standard trans-325

former block), dynamically integrates experts from326

two distinct domains, enabling the model to adap- 327

tively integrate hierarchical reasoning and semantic 328

correlation information, thereby facilitating hierar- 329

chical fusion subsequent to viewpoint decoupling. 330

Subsequently, a classification layer is employed to 331

derive the probabilities of n experts being assigned 332

and top 2 experts are chosen to participate in the 333

computation. The detailed formula is as follows: 334

Oexp =
n∑

i=1

wi
exp · oiexp (14) 335

Where oiexp denotes the output from the ith ex- 336

pert. Ultimately, the harmful meme prediction is 337

produced by the classification layer. We employ 338

the cross-entropy loss between the model’s pre- 339

dicted category and the actual category, expressed 340

as Ltask = LCE(ŷ, y). 341

In addition, we also introduce contrastive learn- 342

ing loss LInfoICE (Oord et al., 2018) to better 343

distinguish the positive and negative samples in the 344

sampling process, and load balancing loss Lbalance 345

(Fedus et al., 2022) to promote the balanced load- 346

ing of experts. For detailed information, please 347

refer to Appendix C and E.4. The overall training 348

loss is as follows: 349

Lall = Ltask + αLview + βLent+

γLbalance + ηLInfoICE

(15) 350

4 Experiments 351

4.1 Evaluation Dataset and Baselines 352

We evaluate BPDMoE-Hate on three widely used 353

hate meme datasets, including Facebook’s Hateful 354

Meme (FHM) (Kiela et al., 2020), Multimedia Au- 355

tomatic Misogyny Identification (MAMI) (Fersini 356

et al., 2022), and Harmful Meme (HarMeme) (Pra- 357

manick et al., 2021). Furthermore, we demonstrate 358

the effectiveness of our method by comparing it 359

with some state-of-the-art meme detection models 360

(separated by a double line in Table 1), which in- 361

clude: 1) VLMs 2) pure text classification models 362

and multimodal classification models 3) harmful 363

meme detection framework. For detailed supple- 364

mentary information on the datasets and references 365

to the models, please refer to Appendix D. 366

4.2 Implementation Details 367

To guarantee the reliability of the decoupling of 368

viewpoints, we employ Qwen2.5-VL-32B-Instruct 369

(Qwen2.5-VL) as the viewpoint generation model. 370
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Model
FHM MAMI HarMeme

AUC ACC AUC ACC AUC ACC

Llama-3.2-V - 63.38±0.83 - 69.14±0.69 - 69.21±1.61

Llava-1.5 - 52.34±0.81 - 53.72±1.45 - 55.37±1.03

Qwen2.5-VL - 73.52±0.16 - 69.78±0.25 - 63.33±0.13

BERT-base 64.98±0.61 57.86±0.68 71.56±0.65 64.28±0.52 81.38±0.88 75.31±1.19

RoBERTa-large 64.40±1.29 58.56±0.43 72.46±0.65 66.08±1.15 81.72±0.83 76.38±0.90

FLAVA-full 78.60±0.74 70.02±1.39 81.24±0.55 70.10±0.61 85.45±1.06 79.72±1.78

VisualBERT* 68.71±1.02 61.48±1.19 78.71±0.59 71.06±0.94 80.46±1.04 75.31±1.44

ViLBERT* 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 72.77±1.00 85.49±1.23 80.99±0.80

Mod-HATE 64.50±0.19 58.00±1.07 67.40±0.46 61.00±2.22 73.40±0.27 69.40±0.42

PromptHate 76.76±0.95 67.82±1.23 76.21±1.05 68.08±0.58 87.51±0.74 79.38±1.72

Pro-Cap 80.87±0.66 72.28±0.90 82.53±0.49 73.06±0.82 90.25±0.54 83.25±1.00

ExplainHM 82.32±1.12 72.22±1.62 79.07±2.13 71.03±0.88 75.58±4.92 77.16±1.98

IntMeme 81.50±1.11 71.52±1.49 81.89±1.15 72.30±1.79 89.35±1.22 81.92±2.47

BPDMoE-Hate 83.71 ±0.39 75.18 ±1.38 87.84 ±0.54 76.70 ±0.80 94.11 ±0.28 86.10 ±0.94

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.

The text encoder and multimodal encoder are in-371

stantiated using RoBERTa-large and BLIP2, respec-372

tively. During training, the multimodal encoder373

parameters are frozen, while the final two layers of374

the text encoder are fine-tuned over 4 epochs. The375

loss function incorporates weighted components376

with coefficients α, β, γ, η set to 0.5, 1 × 10−2,377

1× 10−3, and 0.1, respectively. A learning rate of378

1× 10−5 is adopted, and the entire training proce-379

dure is conducted for 10 epochs (batch size is set380

to 48) utilizing one NVIDIA A6000 GPU. Model381

performance is evaluated using Accuracy (ACC)382

and the Area Under the Receiver Operating Char-383

acteristic Curve (AUC) as metrics.384

4.3 Main Results385

As presented in Table 1, the BPDMoE-Hate model386

demonstrated superior performance across all three387

datasets. Notably, while explanation-based ap-388

proaches such as ExplainHM and IntMeme yielded389

competitive results—particularly with Pro-Cap390

attaining an AUC of 90.25 on the HarMeme391

dataset—our method, by effectively integrating392

two distinct perspectives, achieved a higher AUC393

of 94.11. This enhancement substantiates the ef-394

ficacy of the dual-view decoupling and selection395

mechanism in identifying implicit harmful content.396

Furthermore, the consistent outperformance on the397

MAMI dataset, which focuses on explicitly hate-398

ful content directed towards women, as well as the399

FHM dataset, characterized by mixed content types,400

suggests that the proposed dual-space hierarchical 401

fusion framework possesses strong generalizability 402

across diverse tasks. 403

4.4 Ablation Study 404

As shown in Figure 4, we demonstrate the contri- 405

butions of different modules. The simultaneous 406

removal of AVG and DSMoE resulted in a marked 407

decline in performance, indicating that AVG plays 408

a critical role in selection following perspective 409

decoupling, whereas DSMoE is essential for hier- 410

archical fusion. Both components are therefore in- 411

dispensable. This highlights the importance of the 412

two-stage architecture of our framework, termed 413

“decoupling-fusion”. The elimination of AVG alone 414

led to a more pronounced performance degradation, 415

underscoring its critical role in mitigating model 416

biases and autonomously identifying the accurate 417

perspective. Interestingly, the removal of DSMoE 418

alone on the MAMI dataset resulted in a slight in- 419

crease in AUC. We believe that the misogynistic 420

content within this dataset is predominantly ex- 421

pressed explicitly, thereby reducing the reliance on 422

complex hierarchical reasoning. 423

4.5 The Significance of Viewpoints 424

Given the importance of uncovering the latent 425

information within memes for enhancing model 426

decision-making, we conduct a series of experi- 427

ments to assess the influence of various interpreta- 428

tions. The results, presented in Table 2, indicate 429
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Viewpoint Type
FHM MAMI HarMeme

AUC ACC AUC ACC AUC ACC

BPDMoE-Hate 83.71±0.39 75.18±1.38 87.84±0.54 76.70±0.80 94.11±0.28 86.10±0.94

Random Select 79.78±1.21 69.88±1.43 86.54±0.87 73.04±1.29 89.95±0.90 83.33±1.47

Harmful View 82.06±0.56 72.78±1.88 87.12±0.50 74.04±1.31 90.29±1.07 83.79±1.11

Non-harmful View 79.35±0.55 69.04±1.09 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 67.74±1.22 92.74±0.11 84.58±1.89

Only Explanation 82.80±0.16 73.18±1.81 87.10±0.61 75.38±1.09 92.75±0.24 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.

BPDMoE-Hate w/o AVG
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Figure 4: The impact of different modules on the overall
performance of the model. We gradually removed AVG
and DSMoE.

that employing a single viewpoint leads to a no-430

ticeable decline in performance. Furthermore, the431

approach of randomly selecting viewpoints, which432

disrupts the AVG’s selection strategy, yields even433

poorer outcomes compared to using only one view-434

point. The performance without using any view-435

point is the worst, underscoring the critical role436

of hidden information extraction in meme detec-437

tion. Conversely, utilizing solely model explana-438

tions produces comparatively better results. These439

findings demonstrate that the concurrent integra-440

tion of both viewpoints exerts a more beneficial441

impact on the model’s decision-making process.442

4.6 The Significance of DSMoE443

In this section, we conducted tests using the same444

random seed, and the experimental results are pre-445

sented in Figure 5(a). It is evident that the AUC446

and ACC values for both “Only HS” and “Only ES”447

are inferior to those of BPDMoE-Hate, indicating448

that our model effectively captures complementary449

information from different spaces. The absence450

of either spatial feature representation adversely451

affects the model’s performance. Furthermore, the452

overall performance of “Only HS” surpasses“Only453

ES”, suggesting that hierarchical structure model-454

ing in hyperbolic space contributes more positively455

FHM HarMeme

(a)

(b)

(c)

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.

to the model’s gains. 456

To validate the geometric assumptions underpin- 457

ning the hierarchical structure modeling in hyper- 458

bolic space, we utilize the visualization method 459

from (Pal et al., 2024) and present the learned hy- 460

perbolic space structure through low-dimensional 461

visualization (showing the spatial norm distribution 462

of the test set samples in the form of histograms). 463

As shown in Figure 5(b), multimodal features con- 464

sistently cluster near the origin of the hyperbolic 465

space, while viewpoint features are located farther 466

away. This notable geometric distinction offers 467

quantitative evidence that the hierarchical structure 468

of the “multimodal entailment viewpoint features” 469

has been effectively represented. 470
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Method AUC (↓2.59) ACC (↓2.04)

BPDMoE-Hate 83.71±0.39 75.18±1.38

Reverse Hierarchy 81.12±1.25 73.14±0.73

(a)

Method AUC (↑0.75) ACC (↓2.28)

BPDMoE-Hate 87.84±0.54 76.70±0.80

Reverse Hierarchy 88.59±0.43 74.42±2.18

(b)

Method AUC (↓0.54) ACC (↓0.34)

BPDMoE-Hate 94.11±0.28 86.10±0.94

Reverse Hierarchy 93.57±0.42 85.76±0.81

(c)

FHM MAMI HarMeme

Figure 6: The influence of the reverse hierarchical structure. We forcibly reversed the hierarchical relationship
between the viewpoint (“text”) and the multimodal information.

As shown in Figure 5(c), experts in the hyper-471

bolic space are more frequently activated on most472

datasets. This finding suggests that the model pre-473

dominantly depends on hyperbolic space represen-474

tations, which are capable of encoding hierarchi-475

cal semantic relationships, during decision-making476

processes. From the perspective of the activation477

probabilities of experts, except for the HarMeme478

dataset, which tends to assign greater weight to the479

hyperbolic space expert with ID 0, the other two480

datasets exhibit a preference for allocating higher481

probabilities to the Euclidean space experts. This482

observation clearly demonstrates the flexibility of483

our framework in selecting different experts.484

4.7 Reverse Hierarchical Structure485

We performed a causal intervention experiment by486

repositioning the viewpoint features to the origin487

of the hyperbolic space while situating the multi-488

modal features at the periphery. The outcomes, pre-489

sented in Figure 6, demonstrate a marked decrease490

in performance across the three datasets. These491

findings indicate that the observed positive hier-492

archical relationship is not merely a coincidental493

correlation within the data but constitutes a causal494

factor contributing to the model’s superior perfor-495

mance. Furthermore, we also verify the effect of496

removing this hierarchical relationship, detailed497

information is provided in Appendix E.6.498

4.8 Case Study499

Figure 7(a) is the malicious pun on the Asian sur-500

name “Wong” by deliberately spelling “something501

wrong” as “sum ting wong” to imitate a stereotyp-502

ical Asian accent is offensive and defamatory to503

the Asian community. Our harmful viewpoint cor-504

rectly explains this point. Additionally, our Router505

utilizes hyperbolic space experts to accurately iden-506

tify such harmful memes, and AVG successfully507

[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."…

Router: [0.28, 0.00, 0.28, 0.00]

Label: y=1 | Pred: ො𝐲 = 0.86

View_Select_Pred : [0.083, 0.917]

(a)

(b)

[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: [0.00, 0.23, 0.30, 0.00]

Label: y=0 | Pred: ො𝐲 = 0.13

View_Select_Pred: [0.923, 0.077]

(b)

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.

select the correct viewpoint. Figure 7(b) depicts the 508

actor portraying Iron Man exhibiting relief upon 509

confronting the masked criminal. Since typical rob- 510

beries do not necessitate superhero intervention, 511

this scenario conveys a humorous and teasing tone. 512

These observations further substantiate the efficacy 513

of our proposed framework. 514

5 Conclusion 515

This paper presents BPDMoE-Hate, a dual-space 516

viewpoint decoupled reasoning framework for de- 517

tecting harmful memes. Our framework utilizes the 518

generated dual viewpoints as the input for semantic 519

decoupling, and employs an AVG to autonomously 520

determine the semantic authenticity, effectively al- 521

leviating the model’s subjective bias. Furthermore, 522

we designed a dual-space MoE, which explicitly 523

models the hierarchical entailment relationship be- 524

tween multimodal and perspective features in the 525

hyperbolic space, and learns semantic associations 526

in the Euclidean space, achieving the synergy of 527

structured reasoning and semantic matching. 528
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Limitations529

The limitations of this study are as follows. Our530

proposed framework depends on a robust VLM531

to produce high-quality binary perspectives. Al-532

though the implementation of a perspective selec-533

tion mechanism mitigates bias to some extent, the534

diversity and comprehensiveness of the generated535

perspectives remain constrained by the inherent536

cognitive limitations of the VLM. In Appendix537

E.3, we provide a detailed argument supporting538

the decoupling perspective generated by the small539

model. Future research will investigate retrieval-540

augmented generation (RAG) techniques to en-541

hance the quality and controllability of perspective542

generation in smaller models.543

Ethical Considerations544

Data Privacy and Compliance: The datasets used545

in this study (FHM, MAMI, HarMeme) are pub-546

licly available and used in strict accordance with547

the original authors’ terms of use. We have not548

collected any additional personal data, and all mul-549

timodal content (images, captions) has undergone550

anonymization processing (e.g., removing identi-551

fiable personal information, desensitizing faces or552

private logos) to avoid infringing on user privacy553

(e.g., age, location, gender identity).554

Bias Mitigation and Fairness: To mitigate555

potential biases in harmful meme detection, our556

dual-perspective generation mechanism—anchored557

in adversarial harmful/non-harmful viewpoint558

prompts—aims to eliminate implicit semantic bi-559

ases within multimodal data, such as gendered or560

racial stereotypes. Qualitative analyses and ab-561

lation studies validate that our hierarchical fusion562

framework, by balancing semantic modeling across563

these dual perspectives, reduces disproportionate564

impacts on marginalized groups. Despite these565

safeguards, the model may still encounter gener-566

alization challenges in cross-cultural contexts or567

low-resource language settings, as the underlying568

perspective generation mechanism struggles to cap-569

ture cultural nuances and language-specific charac-570

teristics in such scenarios. We acknowledge this as571

a significant limitation of our approach.572

Expected Use and Misuse Prevention: This573

framework is exclusively designed for detecting574

and mitigating harmful memes, with the goal of575

promoting a safer online environment. We explic-576

itly prohibit its use for any purpose that violates577

ethical or legal norms, including but not limited578

to: (1) propagating hate speech or discriminatory 579

content; (2) abusive surveillance or inappropriate 580

censorship of legitimate speech; (3) targeting vul- 581

nerable groups with biased detection results. We 582

will provide a detailed user guide to clarify the 583

model’s applicable scenarios and limitations, and 584

encourage users to report misuse cases. 585

Social Benefits and Limitations: This research 586

contributes to reducing the spread of harmful con- 587

tent online, protecting vulnerable groups (e.g., 588

women targeted by misogynistic memes, racial mi- 589

norities) from discrimination, and fostering inclu- 590

sive digital spaces. However, we acknowledge that 591

no detection model can achieve 100% accuracy: 592

false positives may restrict legitimate speech, and 593

false negatives may allow harmful content to evade 594

detection. Future work will focus on improving 595

cross-cultural adaptability and reducing such risks. 596

Code Release: The publicly available dataset 597

we utilized contains harmful language and attacks 598

directed at minority groups; therefore, we have cho- 599

sen not to release the binary opinion dataset gen- 600

erated by the VLM. However, the relevant dataset 601

can be reasonably obtained by requesting it from 602

the original authors, and our prompt templates can 603

be employed to create new binary opinion datasets. 604

Additionally, our code is included in the supple- 605

mentary file “code.zip” and will be made publicly 606

accessible upon acceptance of the paper. 607
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A Related Work876

A.1 Detection of Harmful Memes877

Harmful memes have proliferated extensively878

across social media platforms, inflicting harm879

on vulnerable populations and contributing to880

increased social fragmentation to some degree.881

To address the challenge of effective detection,882

(Stepanov et al., 2025) employs retrieval-guided883

contrastive learning to improve hate speech identifi-884

cation. (Yang et al., 2024) introduces a cross-modal885

alignment framework to model multimodal error886

alignment and uncertainty perception. (Chhabra887

and Vishwakarma, 2023) utilizes a multi-scale888

adaptive receptive field to emphasize salient spatial889

regions, while (Xu et al., 2025) leverages hyper-890

graphs to capture the hateful content arising from891

cross-modal information. Additionally, (Lin et al.,892

2024) implements modular networks for the de-893

tection of hate memes. Although these methods894

primarily focused on directly training classifiers895

for hate meme detection, they often overlooked the896

supplementary role of implicit information embed-897

ded within the memes. In contrast, studies such898

as (Ji et al., 2024; Park et al., 2024) directly apply899

VLMs to extract indicative features from memes.900

Furthermore, (Lin et al., 2024; Huang et al., 2025;901

Hee and Lee, 2025; Liu et al., 2024a) propose that902

VLMs be employed to extract implicit informa-903

tion from memes, which is then integrated into904

detection models during training. Distinct from the905

aforementioned approaches, our method introduces906

a novel concept termed “Viewpoint Decoupling”.907

This approach has the potential to mitigate the in-908

herent biases of models toward harmful content to909

a certain extent.910

A.2 Hyperbolic Space911

Hyperbolic space can effectively model data with912

potential hierarchical structures, thereby enhancing913

the generalization ability of models. (Liu et al.,914

2024b) utilizes hyperbolic space to solve the task915

of completing multimodal knowledge graphs and916

designs a dual-space multi-hop structure learning917

module. (Mandica et al., 2024) proposes a BLIP-918

2 hyperbolic version training strategy. (Moreira919

et al., 2024) demonstrates that hyperbolic embed-920

dings achieve the best few-shot classification per-921

formance. (Peng et al., 2025) proposes HyperCLIP,922

which fine-tunes text embeddings by adjusting their923

hyperbolic radius through scaling transformations.924

(Desai et al., 2023; Pal et al., 2024) prove the ex-925

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}
Your answer:

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

istence of a hierarchical structure between image- 926

text pairs. We posit the existence of a hierarchi- 927

cal relationship between multimodal information 928

and interpretative perspectives, and draw upon the 929

aforementioned concepts to model this hierarchical 930

structure within hyperbolic space. 931

B Viewpoint Generation Template 932

To facilitate the model’s ability to produce view- 933

points from two distinct perspectives, we meticu- 934

lously crafted a prompt that includes instructions 935

representing both a harmful and a harmless view- 936

point, as illustrated in Figure 8. It is important to 937

note that the generated viewpoints were restricted 938

to a maximum of two sentences, taking into ac- 939

count the computational constraints of the visual 940

language model. 941

C Loss Calculation 942

To enhance the discrimination between positive 943

and negative samples within our framework, we 944

incorporate a contrastive learning loss. Let the total 945

number of samples be denoted by n, and suppose 946

that among these, there are m positive samples 947

sharing the same label. The feature representations 948

of all samples are given by the set {f1, f2, . . . , fn}. 949

Under these conditions, the following formulation 950

applies: 951

LInfoICE =
1

n

n∑
i=1

1

m

m∑
j=1

log
exp(si,j)
n∑

k:k ̸=i

exp(si,k)

(16) 952
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Method AUC (↓0.84) ACC (↓0.6)

BPDMoE-Hate 83.71±0.39 75.18±1.38

No Hierarchy 82.87±0.56 74.58±1.46

(a)

Method AUC (↑0.46) ACC (↓1.12)

BPDMoE-Hate 87.84±0.54 76.70±0.80

No Hierarchy 88.30±0.47 75.58±1.49

(b)

Method AUC (↓0.73) ACC (↓1.02)

BPDMoE-Hate 94.11±0.28 86.10±0.94

No Hierarchy 93.38±0.37 85.08±1.57

(c)

FHM MAMI HarMeme

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

Here, si,j = fi
T fj/τ , where τ = 0.07 is the953

temperature coefficient. Moreover, to ensure the954

balanced loading of experts, our load balancing955

loss is as follows:956

Lbalance =
1

n

n∑
i=1

(wi
exp − w̄exp)

2
+

1

n

n∑
i=1

(ciexp − c̄exp)
2

(17)957

Where n represents the number of experts, wi
exp958

represents the weight assigned to the ith expert,959

and ciexp represents the loading frequency of the ith960

expert in a sampling set.961

Dataset FHM MAMI HarMeme

Train 8,500 10,000 3,013
Valid 500 100 177
Test 1,000 1,000 354

Table 3: Dataset Distribution

D Detailed Supplement of the Dataset962

and Baselines963

We conducted an evaluation of BPDMoE-Hate964

utilizing three extensively recognized hate meme965

datasets. The FHM dataset comprises a diverse col-966

lection of harmful memes sourced from the internet,967

consisting of 8,500 samples designated for train-968

ing and 1,000 samples reserved for testing. The969

MAMI dataset focuses specifically on misogynis-970

tic memes gathered from prominent social media971

platforms. The HarMeme dataset includes harm-972

ful memes obtained from social media websites973

as well as through crowdsourcing efforts, notably974

encompassing a substantial subset of memes asso-975

ciated with the 2019 novel coronavirus. The size976

of the relevant dataset is shown in table 3.977

The models we used for comparison include: 978

1) VLMs, such as Qwen2.5-vl-Instruct-32B (Bai 979

et al., 2025), Llama-3.2-11B-Vision (Grattafiori 980

et al., 2024) and Llava-1.5 (Liu et al., 2023). 2) 981

Pure text classification models, including Bert-base 982

(Devlin et al., 2019) and RoBERTa-large (Liu et al., 983

2019). 3) Multi-modal classification models, in- 984

cluding FLAVA-full (Singh et al., 2022), Visual- 985

BERT (Li et al., 2019), ViLBERT (Lu et al., 2019), 986

BLIP2 (Li et al., 2023) and ALBEF (Li et al., 2021). 987

4) Harmful meme detection frameworks, including 988

Mod-HATE (Cao et al., 2024), PromptHate (Cao 989

et al., 2022), Pro-Cap (Cao et al., 2023), Explain- 990

HM (Lin et al., 2024) and IntMeme (Hee and Lee, 991

2025). 992

E Additional Experiments 993

E.1 The Influence of the Viewpoint Encoder 994

For the encoding of viewpoints, we employed the 995

more advanced RoBERTa-large model as the text 996

encoder. This section examines the influence of 997

various viewpoint encoders on the overall model 998

performance, as shown in Table 4. Specifically, we 999

substituted the original encoder with four alterna- 1000

tive models: RoBERTa-base, T5-base (Raffel et al., 1001

2020), BERT-base, and BERT-large. Experimen- 1002

tal results indicate that an increase in the number 1003

of model parameters does not necessarily corre- 1004

spond to improved performance in meme detection. 1005

Rather, the effectiveness appears to depend on the 1006

intrinsic capabilities of the encoder itself. We hy- 1007

pothesize that this outcome may be attributed to the 1008

extensive freezing of parameters during the training 1009

phase. Consequently, future work should focus on 1010

selecting a more effective text encoder to further 1011

enhance the framework’s performance. 1012
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View Encoder
FHM MAMI HarMeme

AUC ACC AUC ACC AUC ACC

Roberta-large 83.71±0.39 75.18±1.38 87.84±0.54 76.70±0.80 94.11±0.28 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±0.74 73.92±0.72 88.21±0.36 75.02±1.53 93.23±0.32 84.40±1.75

Bert-large 83.14±0.92 73.28±2.12 88.63±0.32 76.90±2.21 92.73±0.26 84.92±1.14

Bert-base 83.49±0.58 73.72±0.76 89.05±0.52 76.46±0.97 93.78±0.30 85.54±0.70

Table 4: The impact of the viewpoint encoder (text encoder) on the model’s performance.

Multimodal Encoder
FHM MAMI HarMeme

AUC ACC AUC ACC AUC ACC

BLIP2 83.71±0.39 75.18±1.38 87.84±0.54 76.70±0.80 94.11±0.28 86.10±0.94

ViT 80.83±0.37 71.94±0.86 85.98±0.42 74.20±0.63 85.95±1.49 79.15±1.12

Flava-full 83.34±0.67 74.50±0.87 87.40±0.70 75.74±1.51 89.62±0.77 83.33±0.67

Table 5: The impact of the multimodal encoder on the model’s performance.

Figure 10: Compare the influence of the coefficients of
the contrastive loss and the entailment loss. “β” rep-
resents the coefficient of the entailment loss, and “η”
indicates the coefficient of the contrastive loss.

E.2 The Influence of the Multimodal Encoder1013

The performance of the multimodal encoder di-1014

rectly influences the feature representations dur-1015

ing the hierarchical fusion stage. Since both im-1016

ages and their corresponding captions are simul-1017

taneously input into the multimodal encoder, the1018

features output by this encoder have a greater im-1019

pact on the BPDMoE-Hate prediction. As shown in1020

Table 5, compared to Table 1, employing the lower-1021

performing Flava-full model results in a significant1022

decline in overall model performance. This finding1023

underscores the critical role of multimodal infor-1024

mation as the “root” within the hierarchical struc-1025

ture; inadequate representation of this information 1026

severely impairs hierarchical modeling. Further- 1027

more, we replaced the multimodal encoder with a 1028

ViT (Dosovitskiy, 2020) model capable of encod- 1029

ing only images to investigate whether a more effec- 1030

tive hierarchical structure could be formed between 1031

“image” and “viewpoint”. Experimental results in- 1032

dicate that this hierarchical structure contributes 1033

less to our model than the “multimodal-viewpoint” 1034

structure, thereby further validating the feasibility 1035

of the proposed hierarchical framework. 1036

E.3 Different Viewpoint Generation Models 1037

Our BPDMoE-Hate framework employs the ad- 1038

vanced Qwen2.5-VL-32B-Instruct model for view- 1039

point generation. In this section, we investigate the 1040

influence of utilizing various VLMs to produce 1041

binary viewpoints on the overall system perfor- 1042

mance. The evaluation was conducted on the FHM 1043

and HarMeme datasets, with the corresponding re- 1044

sults presented in table 6. Our findings indicate 1045

that VLMs possessing stronger self-inference ca- 1046

pabilities exert a more beneficial impact on the 1047

framework. Conversely, VLMs with comparatively 1048

weaker performance, constrained by limited inter- 1049

nal knowledge, tend to generate binary viewpoints 1050

with reduced informational content, thereby imped- 1051

ing the model’s evaluative accuracy. Consequently, 1052

we infer that binary viewpoints derived from mod- 1053

els with enhanced reasoning abilities more accu- 1054

rately capture the authentic expression of memes, 1055

leading to improved judgment within the frame- 1056

work. 1057

15



VLM
FHM HarMeme

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±0.55 75.50±1.28 93.88±0.59 83.95±1.84

Qwen3-VL-8B 82.65±0.59 72.44±1.14 94.16±0.29 84.41±1.20

Qwen2.5-VL-7B-Instruct 80.48±0.41 69.66±2.65 92.74±0.51 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 6: The influence of different viewpoint generation models on the results.
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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 Losses1058

This section examines the effects of the entailment1059

loss and the contrastive learning loss on model1060

performance. Since the viewpoint selection loss1061

and the task loss are components of the same opti-1062

mization objective, and no discernible pattern was1063

observed regarding the impact of the corresponding1064

loss coefficient on the outcomes during experimen-1065

tation, further discussion on this aspect is omitted.1066

The experimental results are presented in Figure1067

10. Our findings indicate that optimal performance1068

was achieved at parameter values of β = 0.01 and1069

η = 0.1. Although increasing β led to a slight im-1070

provement in the AUC metric for FHM, the ACC1071

of HarMeme peaked at η = 0.05. Furthermore,1072

we hypothesize that the proportion of entailment1073

loss should not be excessively large because it is1074

applied exclusively within the hyperbolic space.1075

An overly high weighting of this loss may inhibit1076

the model’s ability to select experts effectively in1077

the hyperbolic space, thereby diminishing overall1078

performance.1079

E.5 Consistency Between Viewpoint Selection 1080

and Prediction 1081

In this section, we remove the viewpoint selec- 1082

tion loss to examine the consistency between the 1083

model’s viewpoint selection predictions and its 1084

harmful meme predictions. The results are pre- 1085

sented in the figure 11. We observe that after train- 1086

ing, BPDMoE-Hate demonstrates a high degree 1087

of alignment between viewpoint selection and the 1088

prediction of whether a meme is harmful, under- 1089

scoring the significance of the viewpoint selection 1090

loss for our model. Upon removal of this loss, the 1091

“Consistency Probability” experiences a substantial 1092

decline across all three datasets, and the ACC of the 1093

model is inferior to that of BPDMoE-Hate. This in- 1094

dicates that accurate viewpoint selection positively 1095

influences model performance, whereas incorrect 1096

viewpoint choices tend to mislead harmful meme 1097

predictions. These findings further validate the 1098

efficacy of our model in mitigating bias. 1099

Type Parameter Size

Trainable params 138 M
Non-trainable params 4.1 B

Total Params 4.2 B

Table 7: The total number of parameters.

E.6 Eliminate Hierarchical Relationships 1100

In this section, we verify the impact of eliminating 1101

the hierarchical relationship in hyperbolic space 1102

on the model’s performance. We artificially bring 1103

the norm values of the projected viewpoint features 1104

and multimodal features in hyperbolic space closer 1105

and observe the experimental results as shown in 1106

Figure 9. We find that the absence of hierarchical 1107

relationship constraints leads to a certain decline 1108

in model performance. Moreover, the performance 1109

metrics in Figure 6 decline more significantly com- 1110

pared to the elimination of hierarchical relation- 1111

ships, demonstrating the importance of correctly 1112
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setting the hierarchical relationship order.1113

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 8: 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 Hierarchical1114

Structure1115

The preceding observations have been intuitively il-1116

lustrated through the distribution histograms of the1117

norms of various vectors, indicating the existence1118

of a hierarchical relationship between multimodal1119

features and viewpoint features. Furthermore, mul-1120

timodal features represent a more generalized form1121

compared to viewpoint features. In this section,1122

we quantitatively validate this hierarchical relation-1123

ship by analyzing the average hyperbolic distance1124

from the origin for both multimodal and viewpoint1125

features within different test sets. The results, pre-1126

sented in table 8, demonstrate that across different1127

test sets, multimodal features consistently exhibit1128

shorter hyperbolic distances to the origin, whereas1129

the selected viewpoint features are positioned far-1130

ther away. These findings substantiate that the pro-1131

posed model effectively captures the hierarchical1132

structure inherent between these two feature types.1133

It is observed that the range of values for the hyper-1134

bolic distance is [0,+∞).1135

Dataset BPDMoE-Hate w/o VEM

FHM 75.18±1.38 71.74±0.72

MAMI 76.70±0.80 74.04±0.55

HarMeme 86.10±0.94 83.05±0.89

Table 9: The significance of the viewpoint enhancement
module. The evaluation metric used is ACC.

E.8 Removal of The Viewpoint Enhancement1136

Module1137

The design objective of the VEM is to compre-1138

hensively incorporate the essential characteristics1139

of contrasting perspectives and multimodal data1140

into the target viewpoint, thereby better capturing1141

the harmful information hidden in memes. Con-1142

sequently, this module constitutes a critical com-1143

ponent of our overall framework. To evaluate its1144
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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 1145

removing the VEM and assessing the resultant per- 1146

formance variations. The findings, as presented in 1147

table 9, indicate a performance decline following 1148

the module’s removal. Notably, the VEM exerted 1149

the most pronounced effect on the FHM dataset 1150

and the least on the MAMI dataset. This obser- 1151

vation further substantiates our assertion that the 1152

MAMI dataset, which focuses on misogyny, pos- 1153

sesses relatively straightforward discriminative fea- 1154

tures, wherein the integration of images and titles 1155

sufficiently conveys explicit information. 1156

E.9 Number of Experts 1157

The number of selected experts is fixed at 2, while 1158

the total number of experts is varied. The corre- 1159

sponding results are presented in the Figure 12. It 1160

is important to note that a total expert count of zero 1161

indicates the direct removal of experts from the 1162

dual space. The findings demonstrate that the per- 1163

formance of BPDMoE-Hate is influenced by the 1164

total number of experts. Specifically, optimal per- 1165

formance is observed when the number of experts 1166

was set to 4. Consequently, the total number of 1167

experts is established at 4 for subsequent experi- 1168

ments. 1169

F The Number of Parameters 1170

The total number of parameters within the proposed 1171

framework was computed and is presented in ta- 1172

ble 7. It is important to note that the parameters 1173

associated with the VLM were excluded from this 1174

calculation. The framework comprises 138 million 1175

trainable parameters, whereas the majority of non- 1176

trainable parameters originate from the multimodal 1177

encoder component. Substituting the multimodal 1178

encoder with a more lightweight alternative, such 1179

as FLAVA-full (as shown in table 5), enables de- 1180
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ployment on a wider range of devices; however,1181

this modification will incur a slight reduction in1182

performance.1183
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