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Abstract001

The proliferation of fake news on social me-002
dia motivates the development of automatic003
Multimodal Fake News Detection. While004
most existing methods focus on various fu-005
sion strategies, they largely overlook the het-006
erogeneous modality imbalance issue (inter-007
modal information disparities and noise in-008
terference) in real-world scenarios, which009
hinders effective fusion through biased fea-010
ture representations. To address this, we011
propose a novel Context-aware Uncertainty-012
adaptive Rebalancing Experts (CURE) frame-013
work for multimodal fake news detection.014
First, to bridge inter-modal information dispar-015
ities, a Retrieval-Augmented Context Prompter016
(RACP) module retrieves similar instances and017
distills them into dynamic prompts, enhancing018
the features of each modality by providing sup-019
plementary context. Second, to mitigate noise020
interference, an Uncertainty-Adaptive Rebal-021
ancing Experts (UARE) module first quanti-022
fies feature-level noise via uncertainty mod-023
eling. An uncertainty-adaptive routing mech-024
anism then achieves robust modality rebal-025
ancing by adaptively down-weighting features026
with high uncertainty. Extensive experiments027
are conducted on three real-world datasets028
spanning two languages, demonstrating signifi-029
cant performance improvements of our method.030
The code is available at https://anonymous.031
4open.science/r/CURE1.032

1 Introduction033

The proliferation of social media has fueled the034

spread of multimodal fake news, which combines035

text and images to be more credible and decep-036

tive. Such disinformation poses significant threats037

to societal trust and stability (Vosoughi et al., 2018;038

Lazer et al., 2018). As manually fact-checking this039

massive volume of content is infeasible, develop-040

ing automated Multimodal Fake News Detection041

(MFND) techniques has become an urgent research042

priority.043

(a) An example of inter-
modal information dispari-
ties: an image with poor in-
formation vs. a text with rich
information.
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(b) A pilot study of noise
interference on the MIMoE-
FND (Liu et al., 2025) base-
line with injected Gaussian
noise on the Weibo dataset.

Figure 1: Illustration of the heterogeneous modality
imbalance issue, which manifests as (a) inter-modal
information disparities and (b) noise interference.

Existing MFND methods primarily focus on var- 044

ious fusion strategies, which can be broadly di- 045

vided into three categories: (1) Representation- 046

centric Early Fusion methods (Wang et al., 2018; 047

Singhal et al., 2019), (2) Cross-Modal Consistency 048

and Alignment methods (Chen et al., 2022; Zhou 049

et al., 2023; Wang et al., 2024b), and (3) Adaptive 050

Strategy-based Fusion methods (Ying et al., 2023; 051

Yu et al., 2025; Liu et al., 2025). Although these 052

methods have achieved notable performance, they 053

largely overlook the heterogeneous modality imbal- 054

ance issue in real-world scenarios that ultimately 055

hinders effective multimodal fusion (Zhang et al., 056

2024b). This issue manifests primarily through two 057

critical challenges: 058

(1) Inter-modal information disparities. Raw 059

multimodal inputs in MFND often exhibit a signifi- 060

cant information disparity across modalities. For in- 061

stance, as shown in Figure 1(a), the text may deliver 062

an information-rich, extreme accusation that serves 063

as primary evidence for a fake verdict. In contrast, 064

the accompanying image is merely a portrait of the 065

accuser, offering little contextual information. This 066

imbalance naturally causes the model to over-rely 067
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on the information-dense text modality while ne-068

glecting potentially complementary signals from069

the image, which results in a strong modality bias.070

Therefore, bridging this information gap is crucial071

for alleviating the overall modality imbalance.072

(2) Noise Interference. In real-world scenarios,073

both visual and textual data are inevitably corrupted074

by noise, such as blurry images or textual typos075

(Luvembe et al., 2024). To investigate this, we076

conducted a pilot study by injecting Gaussian noise077

into the strong MIMoE-FND baseline (Liu et al.,078

2025) on the Weibo dataset, testing four settings:079

(1) a no-noise baseline, (2) visual noise only, (3)080

textual noise only, and (4) noise in both modalities.081

As shown in Figure 1(b), the results reveal two082

critical phenomena. First, introducing any noise083

causes a significant performance drop. Second,084

the model proves more sensitive to textual noise085

than visual noise, revealing a modality-dependent086

impact. Therefore, developing a mechanism to087

dynamically identify and down-weight high-noise088

features is critical for achieving a robust fusion and089

mitigating this aspect of modality imbalance.090

To address the challenges above, we pro-091

pose a novel Context-aware Uncertainty-adaptive092

Rebalancing Experts (CURE) framework. Specif-093

ically, to tackle inter-modal information dispari-094

ties, we first design a Retrieval-Augmented Context095

Prompter (RACP) module. Drawing inspiration096

from the prompt learning paradigm and its recent097

extension from natural language processing to mul-098

timodal learning (Zhou et al., 2022), the module099

retrieves semantically similar instances and dis-100

tills them into dynamic prompts. As shown in Fig-101

ure 2, these prompts then enhance the features of102

each modality by providing supplementary context,103

effectively bridging the information gap between104

them.105

Second, to mitigate noise interference, we in-106

troduce the Uncertainty-Adaptive Rebalancing107

Experts (UARE) module. This module em-108

ploys a Mixture-of-Experts architecture with both109

modality-specific and shared experts to learn intra-110

modal and cross-modal feature interactions, respec-111

tively. Inspired by Chang et al. (2020), the module112

quantifies feature-level noise via uncertainty mod-113

eling. Specifically, each expert maps its features114

onto a Gaussian distribution, where the resulting115

variance serves as a direct measure of uncertainty.116

An uncertainty-adaptive routing mechanism then117

achieves robust modality rebalancing by adaptively118

down-weighting features with high uncertainty.119

Figure 2: The proposed RACP module retrieves similar
instances and distills them into dynamic prompts, bridg-
ing inter-modal information disparities by enhancing
each modality with supplementary context.

In summary, our main contributions are: 120

• We propose CURE, a novel framework for 121

multimodal fake news detection that aims to 122

alleviate heterogeneous modality imbalance 123

by tackling its two primary manifestations: 124

inter-modal information disparities and noise 125

interference. 126

• We design a Retrieval-Augmented Context 127

Prompter module that leverages context-aware 128

prompts to effectively bridge inter-modal in- 129

formation disparities. 130

• We develop an Uncertainty-Adaptive Rebal- 131

ancing Experts module that implements an 132

uncertainty-adaptive routing mechanism to ro- 133

bustly mitigate noise interference. 134

• We conduct extensive experiments on three 135

real-world datasets spanning two languages, 136

demonstrating that our method significantly 137

outperforms state-of-the-art baselines. 138

2 Related Work 139

2.1 Multimodal Fake News Detection 140

Researchers address the MFND task using vari- 141

ous fusion methods that can be broadly divided 142

into three categories: (1) Representation-centric 143

Early Fusion methods (Wang et al., 2018; Sing- 144

hal et al., 2019) focus on learning strong unimodal 145

representations and fusing them with simple ag- 146

gregation, but often overlook complex inter-modal 147

correlations. (2) Cross-Modal Consistency and 148

Alignment methods (Chen et al., 2022; Zhou et al., 149

2023; Wang et al., 2024b; Zhu et al., 2025) ex- 150

plicitly model the semantic relationship between 151

modalities, such as similarity or ambiguity, as a 152

key detection signal. (3) Adaptive Strategy-based 153

Fusion methods (Ying et al., 2023; Yu et al., 2025; 154

Liu et al., 2025; Su et al., 2025) employ dynamic 155

architectures to learn sample-specific fusion strate- 156
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Figure 3: Overall framework of our proposed CURE.

gies. However, these methods largely overlook the157

heterogeneous modality imbalance issue. Recently,158

some work theoretically confirmed that this issue159

can significantly hinder effective multimodal fu-160

sion (Wang et al., 2020; Huang et al., 2022). To161

address this, our proposed CURE framework aims162

to alleviate this modality imbalance by tackling its163

two primary manifestations: bridging inter-modal164

information disparities and mitigating noise inter-165

ference.166

2.2 Imbalanced Multimodal Learning167

Multimodal learning often fails to achieve its ex-168

pected performance gains in real-world scenarios169

due to the presence of low-quality data. This issue170

primarily manifests as two critical challenges: im-171

balanced modality quality and imbalanced noisy172

modalities (Zhang et al., 2024b).173

Learning with Imbalanced Modality Quality.174

Imbalanced modality quality often causes over-175

reliance on the information-dense modality. To176

address this, some efforts suppress the dominant177

modality via on-the-fly gradient modulation (Peng178

et al., 2022) or adaptively mask its network compo-179

nents (Yang et al., 2025). Recently, some methods180

in the MFND task attempt to equalize modal contri-181

butions by dynamically re-weighting branch losses 182

(Wu et al., 2025b) or regulating modal contribu- 183

tion scores (Wu et al., 2025c). However, they pay 184

less attention to the intrinsic inter-modal informa- 185

tion disparities. In contrast, we design the RACP 186

module that leverages context-aware prompts to 187

effectively bridge this disparity. 188

Learning with Noisy Modalities. Noise interfer- 189

ence in various modalities, such as vision and text, 190

is a common issue that degrades model robustness. 191

In recent years, some efforts have been made to ad- 192

dress this in fields like multimedia recommendation 193

(Xv et al., 2024; He et al., 2025) and multimodal 194

sentiment analysis (Zhang et al., 2024a; Li and Li, 195

2025). It is worth noting that noise is also prevalent 196

in multimodal fake news detection, imposing a neg- 197

ative impact on final decisions. However, dedicated 198

research in this area remains limited. To fill this 199

gap, we develop the UARE module, which employs 200

a robust uncertainty-adaptive routing mechanism 201

to mitigate this noise interference. 202

3 Methodology 203

In this section, we introduce the proposed CURE, 204

designed to alleviate the heterogeneous modality 205

imbalance issue. As illustrated in Figure 3, it con- 206
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sists of four components: (1) a multi-branch fea-207

ture extraction (§3.1), (2) the Retrieval-Augmented208

Context Prompter (RACP) module (§3.2), (3)209

the Uncertainty-Adaptive Rebalancing Experts210

(UARE) module (§3.3), and (4) the final aggre-211

gation and loss function (§3.4).212

3.1 Multi-branch Features Extraction213

We employ a multi-branch architecture to extract214

features from both unimodal and cross-modal per-215

spectives. For the textual branch, we use a pre-216

trained BERT (Devlin et al., 2019) to obtain token-217

level representations Et ∈ Rn×de , where n denotes218

the text sequence length and de is the feature dimen-219

sion. For the visual branch, we use a pre-trained220

MAE (He et al., 2022) to obtain patch-level rep-221

resentations Ev ∈ Rm×de , where m denotes the222

number of image patches. Additionally, we use223

CLIP’s encoders (Radford et al., 2021) to acquire224

aligned embeddings Ect and Ecv. For the mul-225

timodal branch, we adopt the strategy from Tong226

et al. (2024), generating a fused feature Fm ∈ Rdm227

by weighting the concatenated CLIP embeddings228

with their cosine similarity:229

sim =
Ect · (Ecv)T

∥Ect∥∥Ecv∥
(1)230

231
Fm = sim · MLP(Ect ⊕ Ecv) (2)232

3.2 Retrieval-Augmented Context Prompter233

To tackle inter-modal information disparities, we234

propose the RACP module. Inspired by recent235

advancements in injecting prompts directly into236

hidden feature representations (Zhou et al., 2022),237

it first retrieves semantically similar instances and238

distills them into dynamic prompts. These prompts239

then enhance the features of each modality by pro-240

viding supplementary context, effectively bridging241

the information gap between them.242

Multi-branch Retriever To retrieve relevant in-243

stances, we first construct a memory bank M =244

{(tm, vm, ym)}|M|
m=1, where |M| represents the to-245

tal number of instances. To prevent a high-quality246

query in one modality from being contaminated by247

a low-quality one in another, we design a multi-248

branch retriever. It leverages the pre-aligned em-249

beddings Ect and Ecv as independent query vectors250

to retrieve the Top-K relevant instances for each251

modality based on cosine similarity. The retrieval252

for the textual branch is defined as:253

Rt = Top-K
m∈M

(
Ect · (Ect

m)T

∥Ect∥∥Ect
m∥

)
(3)254

The visual context set Rv is obtained analogously. 255

This multi-branch retrieval yields two modality- 256

specific sets of (text, label) and (image, label) pairs, 257

preventing cross-modal contamination. 258

Dynamic Prompt Generation and Enhancement 259

To best leverage the retrieved context, we design a 260

dynamic prompt generation mechanism. Our key 261

insight is to enrich this context with explicit sig- 262

nals (i.e., ground-truth labels and modality types), 263

empowering a cross-attention mechanism to selec- 264

tively amplify salient information. 265

Specifically, we first construct the context for 266

each modality. For the retrieved textual set Rt, 267

we form a rich context Ct by concatenating its 268

token-level features Er,t ∈ RK×n×de with a learn- 269

able label embedding El,t ∈ R2×de and a modality 270

type embedding Etype ∈ R2×de . These embed- 271

dings provide crucial label semantics and source- 272

distinguishing information, respectively. After gen- 273

erating the visual context Cv analogously, both are 274

concatenated into a unified context representation 275

C with potential synergistic signals across both 276

modalities. 277

To adaptively learn the most effective informa- 278

tion from this unified context, we introduce a set 279

of learnable query tokens Pq ∈ RLp×de , where Lp 280

is the prompt length. These tokens attend to the 281

context C, which serves as the key and value, via a 282

cross-attention block to generate a shared prompt 283

P . This prompt is subsequently specialized into 284

modality-specific prompts, P t and P v, through two 285

independent Feed-Forward Networks. The process 286

is defined as: 287

P = Attn(fQ(Pq), f
K(C), fV (C)) (4) 288

289

Attn(Q,K, V ) = Softmax
(
QKT

√
d

)
V (5) 290

291
P t = FFNt(P ), P v = FFNv(P ) (6) 292

where fQ(·), fK(·), and fV (·) are linear projec- 293

tions, and d is the dimension of the key vectors. 294

Finally, the generated dynamic prompts are con- 295

catenated to the initial features to yield the en- 296

hanced features F t and F v: 297

F t = P t ⊕ Et, F v = P v ⊕ Ev (7) 298

This process enriches the original features with 299

distilled supplementary context, thus effectively 300

bridging the inter-modal information gap. 301

4



3.3 Uncertainty-Adaptive Rebalancing302

Experts303

To mitigate noise interference in the enhanced304

features, which can hinder effective fusion, we305

propose the UARE module. It first quantifies306

feature-level noise via uncertainty modeling. An307

uncertainty-adaptive routing then achieves ro-308

bust modality rebalancing by adaptively down-309

weighting features with high uncertainty.310

Noise Quantification Motivated by our pilot311

study revealing the modality-dependent impact of312

noise, we employ a Mixture-of-Experts architec-313

ture to handle both modality-specific and cross-314

modal noise patterns. For each branch k ∈315

{t, v,m}, we define an expert ensemble Ek with316

a total of Ne experts, composed of Ns modality-317

specific experts and Nc shared experts:318

Ek = [Ek
s,1, . . . , E

k
s,Ns

, Ec,1, . . . , Ec,Nc ] (8)319

where Ek
s,j and Ec,j denote the j-th modality-320

specific and modality-shared expert, respectively.321

With the expert architecture established, we322

quantify the feature-level noise by modeling the323

uncertainty, inspired by Chang et al. (2020). Specif-324

ically, each expert Ek
j maps its output to a diagonal325

multivariate Gaussian distribution:326

p(Zk
j |Ek

j (F
k)) ∼ N (µk

j , (σ
k
j )

2I) (9)327

328
µk
j = fµ(E

k
j (F

k)), σk
j = fσ(E

k
j (F

k)) (10)329

where the mean µk
j represents the refined feature330

and the variance (σk
j )

2 serves as a direct quantifi-331

cation of its noise level. They are generated by332

two distinct fully-connected layers, fµ and fσ. To333

enable differentiability for back-propagation, we334

apply the re-parameterization trick:335

Zk
j = µk

j + ϵ · σk
j , ϵ ∼ N (0, I) (11)336

To ensure the variance term meaningfully captures337

noise, rather than collapsing to zero under the pres-338

sure of the main task loss (Chang et al., 2020), we339

introduce a KL divergence regularization term:340

Lk
kl =

1

Ne

Ne∑
j=1

KL[N (µk
j , (σ

k
j )

2I)||N (0, I)]

(12)341

Uncertainty-Adaptive Routing Having quanti-342

fied the noise level of each expert’s output, we em-343

ploy an uncertainty-adaptive routing mechanism to344

achieve robust modality rebalancing. A gating net- 345

work Gk processes the input feature F k to generate 346

routing weights: 347

W k = Softmax(Gk(F k)) (13) 348

These weights then aggregate the refined features 349

from all experts, yielding the final denoised feature 350

Hk: 351

Hk =

Ne∑
j=1

W k
j · µk

j (14) 352

To explicitly guide the gating network to down- 353

weight outputs with high uncertainty, we introduce 354

an uncertainty-adaptive routing loss Lk
u: 355

Lk
u =

1

Ne

Ne∑
j=1

W k
j · (σk

j )
2 (15) 356

This loss penalizes assigning high weights to out- 357

puts with large variance, thereby prioritizing fea- 358

tures with low noise for fusion. Consequently, this 359

mechanism ensures that high-quality modalities 360

contribute more to the final representation, effec- 361

tively promoting robust modality rebalancing. 362

3.4 Aggregation and Loss Function 363

Finally, the denoised features from all branches 364

are concatenated into a unified representation Hf . 365

Without loss of generality, we employ a classic 366

expert gating mechanism, consisting of Nf fusion 367

experts and a gating network Gf , to produce the 368

final representation Hfinal: 369

W f = Softmax(Gf (Hf )) (16) 370
371

Hfinal =

Nf∑
i=1

W f
i · Ef

i (H
f ) (17) 372

The resulting Hfinal is then fed into a classifier to 373

yield the prediction ŷfinal. 374

The main task loss is denoted as Lfinal, and an 375

auxiliary loss for each branch is denoted as Lk
b . 376

Both losses are formulated using the Binary Cross- 377

Entropy (BCE). The overall training objective is to 378

minimize a total loss function L: 379

L = Lfinal +
∑
k

Lk
b +α

∑
k

Lk
kl+β

∑
k

Lk
u (18) 380

where k ∈ {t, v,m} indicates the modality branch. 381

α and β serve as trade-off hyperparameters to bal- 382

ance the contribution of the KL divergence regu- 383

larization and the uncertainty-adaptive constraint, 384

respectively. 385
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Datasets Method Accuracy
Fake News Real News

Precision Recall F1 Precision Recall F1

Weibo

EANN (Wang et al., 2018) 0.827 0.847 0.812 0.829 0.807 0.843 0.825
SpotFake (Singhal et al., 2019) 0.892 0.902 0.964 0.932 0.847 0.656 0.739

SAFE (Zhou et al., 2020) 0.762 0.831 0.724 0.774 0.695 0.811 0.748
CAFE (Chen et al., 2022) 0.840 0.855 0.830 0.842 0.825 0.851 0.837

FND-CLIP (Zhou et al., 2023) 0.907 0.914 0.901 0.908 0.914 0.901 0.907
BMR (Ying et al., 2023) 0.918 0.882 0.948 0.914 0.942 0.879 0.904

MSACA (Wang et al., 2024b) 0.903 0.935 0.873 0.903 0.872 0.935 0.902
MINER-UVS (Wang et al., 2024a) 0.934 0.948 0.922 0.935 0.919 0.946 0.933

MFUIE (Hao et al., 2024) 0.926 0.936 0.912 0.924 0.917 0.940 0.929
RaCMC (Yu et al., 2025) 0.915 0.910 0.924 0.917 0.921 0.906 0.914

MIMoE-FND (Liu et al., 2025) 0.928 0.942 0.913 0.928 0.913 0.942 0.927
DAAD (Su et al., 2025) 0.932 0.942 0.915 0.928 0.922 0.947 0.934
KEN (Zhu et al., 2025) 0.935 0.937 0.934 0.935 0.932 0.935 0.934

CURE 0.940 0.943 0.941 0.942 0.937 0.939 0.938

Weibo-21

EANN (Wang et al., 2018) 0.870 0.902 0.825 0.862 0.841 0.912 0.875
SpotFake (Singhal et al., 2019) 0.851 0.953 0.733 0.828 0.786 0.964 0.866

SAFE (Zhou et al., 2020) 0.905 0.893 0.908 0.901 0.916 0.901 0.890
CAFE (Chen et al., 2022) 0.882 0.857 0.915 0.885 0.907 0.844 0.876

FND-CLIP (Zhou et al., 2023) 0.943 0.935 0.945 0.940 0.950 0.942 0.946
BMR (Ying et al., 2023) 0.929 0.908 0.947 0.927 0.946 0.906 0.925

MFUIE (Hao et al., 2024) 0.935 0.942 0.926 0.934 0.944 0.929 0.936
DAAD (Su et al., 2025) 0.942 0.951 0.925 0.938 0.931 0.955 0.943

MIMoE-FND (Liu et al., 2025) 0.956 0.953 0.957 0.955 0.959 0.956 0.957
CURE 0.961 0.958 0.965 0.961 0.964 0.957 0.961

GossipCop

EANN (Wang et al., 2018) 0.864 0.702 0.518 0.594 0.887 0.956 0.920
SpotFake (Singhal et al., 2019) 0.858 0.732 0.372 0.494 0.866 0.962 0.914

SAFE (Zhou et al., 2020) 0.838 0.758 0.558 0.643 0.857 0.937 0.895
CAFE (Chen et al., 2022) 0.867 0.732 0.490 0.587 0.887 0.957 0.921

FND-CLIP (Zhou et al., 2023) 0.880 0.761 0.549 0.638 0.899 0.959 0.928
BMR (Ying et al., 2023) 0.895 0.752 0.639 0.691 0.920 0.965 0.936

MSACA (Wang et al., 2024b) 0.887 0.816 0.538 0.648 0.897 0.971 0.933
MINER-UVS (Wang et al., 2024a) 0.891 0.746 0.653 0.697 0.920 0.947 0.933

RaCMC (Yu et al., 2025) 0.879 0.745 0.563 0.641 0.902 0.954 0.927
MIMoE-FND (Liu et al., 2025) 0.895 0.762 0.644 0.698 0.920 0.953 0.936

CURE 0.902 0.830 0.614 0.706 0.911 0.973 0.941

Table 1: Comparison between CURE and state-of-the-art multimodal fake news detection methods on Weibo,
Weibo-21 and GossipCop.

Datasets Method Accuracy
F1 score

Fake Real

Weibo

PFBL (Wu et al., 2025a) 0.929 0.935 0.930
BMLHF (Wu et al., 2025b) 0.912 0.903 0.902
BCMPL (Wu et al., 2025c) 0.912 0.922 0.924
DCLR (Wang et al., 2026) 0.917 0.895 0.907

CURE 0.940 0.942 0.938

Table 2: Comparison between CURE and latest multi-
modal imbalance methods on Weibo.

4 Experiments386

4.1 Experimental Settings387

To evaluate the effectiveness of CURE, we bench-388

mark it on three widely adopted datasets in MFND:389

Weibo (Jin et al., 2017), Weibo-21 (Nan et al.,390

2021), and GossipCop (Shu et al., 2020). We com-391

pare our method against several competitive base-392

lines, as well as recent approaches specifically ad-393

dressing modality imbalance. Detailed descriptions394

of the datasets and baseline methods are provided395

in Appendix A. 396

Implementation Details For the RACP module, 397

the memory bank M is constructed from the train- 398

ing and validation sets to build a diverse knowledge 399

base, with the test set strictly held out to prevent 400

data leakage. The retrieval process is conducted 401

as an efficient offline pre-processing step, introduc- 402

ing no latency during model training or inference. 403

The number of retrieved instances K is set to 5 404

and the prompt length Lp is 16. For the UARE 405

module, we utilize TextCNN (Kim, 2014) as the 406

textual expert, CNN (LeCun et al., 2002) as the vi- 407

sual expert, and MLPs as multimodal experts. We 408

configure the number of modality-specific experts 409

Ns = 6 and shared experts Nc = 12. In the final 410

aggregation stage, we use Nf = 8 MLPs as fusion 411

experts. The trade-off hyperparameters α and β in 412

Eq. 18 are both set to 0.001. All models are trained 413

for 50 epochs with a batch size of 64, using the 414

Adam optimizer (Kingma and Ba, 2015) with an 415

initial learning rate of 0.0001. All experiments are 416
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Module Variant
Accuracy

Weibo Weibo-21 GossipCop

CURE All 0.940 0.961 0.902

RACP
w/o RACP 0.930 0.950 0.891

Rd Retrieval 0.931 0.952 0.892
Static Prompt 0.936 0.957 0.898

UARE

w/o UARE 0.929 0.950 0.890
w/o U-Adaptive 0.931 0.951 0.891

w/o U-Loss 0.934 0.953 0.895
w/o KL-Loss 0.935 0.956 0.897

Table 3: Ablation studies of CURE on three datasets.

conducted on an NVIDIA A100 GPU, with results417

averaged over five independent runs.418

4.2 Overall Performance419

The performance of CURE is evaluated against420

several state-of-the-art methods, with detailed re-421

sults presented in Table 1. It can be observed that422

CURE achieves the highest accuracy of 94.0%,423

96.1%, and 90.2% on the three datasets, respec-424

tively. While some baseline methods might achieve425

slightly higher Precision or Recall in specific cat-426

egories on Weibo or GossipCop datasets, CURE427

consistently secures the highest F1-scores for both428

fake and real news across all datasets. This high-429

lights its superior ability to provide a robust detec-430

tion by addressing the modality imbalance issue.431

More importantly, we directly validate CURE’s432

capability against modality imbalance by compar-433

ing it with specialized methods in Table 2. Our434

method significantly outperforms these approaches435

in accuracy, achieving improvements ranging from436

1.1% to 2.8%. This advantage arises because while437

competing methods primarily adjust training dy-438

namics, CURE tackles modality imbalance by di-439

rectly addressing the issue of low-quality data,440

which manifests as inter-modal information dis-441

parities and noise interference. We note that as442

addressing this modality imbalance issue in MFND443

is a recent direction with few public implemen-444

tations, our comparison is performed against the445

results reported in their respective papers on the446

Weibo dataset.447

4.3 Ablation Studies448

To evaluate the impact of each component within449

CURE, we conducted an extensive ablation study450

and summarize the results in Table 3.451

• Effect of RACP module. We designed 3 vari-452

ants to analyze the effect of the RACP module:453
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Figure 4: Sensitivity analysis of CURE on three
datasets.

(1) w/o RACP removes the entire module; (2) Rd 454

Retrieval replaces semantic retrieval with random 455

instances; (3) Static Prompt uses a fixed, non- 456

dynamic prompt. Results show that removing the 457

entire RACP module or using random retrieval 458

causes the most significant performance drop. This 459

confirms that leveraging retrieved, relevant context 460

is crucial for bridging inter-modal information dis- 461

parities. Additionally, the improvement over static 462

prompt validates the effectiveness of our dynamic 463

generation mechanism. 464

• Effect of UARE module. To assess the effect 465

of the UARE module, we designed 4 key variants: 466

(1) w/o UARE removes the entire module; (2) w/o 467

U-Adaptive removes the uncertainty quantification 468

mechanism; (3) w/o U-Loss and (4) w/o KL-Loss 469

ablate the uncertainty-adaptive routing loss and the 470

KL divergence loss, respectively. The significant 471

performance degradation observed when removing 472

the UARE module or its core uncertainty-adaptive 473

mechanism validates our central hypothesis: explic- 474

itly modeling feature uncertainty is paramount for 475

mitigating noise interference. The associated loss 476

functions also prove essential for ensuring robust 477

fusion. 478

4.4 Hyper-Parameter Analysis 479

Figure 4 presents the sensitivity analysis of 480

CURE’s key parameters on three datasets. 481

• Number of retrieved instances K. As shown 482

in Figure 4(a), the model’s performance initially 483

improves as K increases, but then declines. This 484

suggests that a small K provides insufficient con- 485

text, while a large K may introduce noise from 486
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irrelevant instances. We thus select K = 5 for its

Figure 5: Examples of Top-2 Retrieved Instances. Red
texts highlight similar content, while purple highlights
supplementary information.

487

robust balance across all datasets.488

• Prompt length Lp. Figure 4(b) shows a simi-489

lar rise-and-fall trend. A shorter prompt may fail490

to capture sufficient context, while a longer one491

can introduce noise. We thus adopt Lp = 16 for492

optimal performance.493

• Ratio of experts Ns:Nc. Figure 4(c) confirms494

that using only one type of expert (specific or495

shared) is suboptimal. The ratio Ns:Nc = 6:12496

yields robust results, suggesting this configura-497

tion is most effective for modeling both modality-498

specific and cross-modal noise patterns.499

• Number of fusion experts Nf . Figure 4(d) shows500

that performance peaks at Nf = 8. We select this501

value as it is sufficient for effective fusion without502

adding redundant complexity.503

4.5 Retrieval Quality Presentation504

To analyze the retrieval quality of our RACP mod-505

ule, we visualize the Top-2 retrieved instances for506

two examples from the GossipCop dataset in Fig-507

ure 5. The retrieved instances not only exhibit508

strong semantic correlation with the target news509

but also provide valuable supplementary context.510

This confirms RACP’s ability to identify relevant511

information for bridging inter-modal disparities.512

4.6 Robustness to Noise Interference Analysis513

Building on our pilot study, we evaluate robust-514

ness by injecting Gaussian noise (σ = 1.5) into515

textual, visual, and multimodal inputs. As shown516

in Figure 6, CURE outperforms the strong MIMoE-517

FND baseline in two aspects. First, CURE exhibits518

superior robustness to noise. Specifically, under519

multimodal noise, it experiences a marginal accu-520

racy drop of 2.8% on Weibo and 3.2% on Weibo-21,521

compared to severe degradations of 4.5% and 4.2%522

for the baseline. Second, CURE demonstrates a523

CURE (No Noise) CURE (+Visual Noise) CURE (+Textual Noise)
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Figure 6: Analysis of robustness to noise interference on
the Weibo and Weibo-21 datasets. We compare the ac-
curacy of CURE and the MIMoE-FND baseline across
unimodal (Visual/Textual) and multimodal noise with
injected Gaussian noise (σ = 1.5).

more balanced sensitivity to noise across modal- 524

ities. The performance gap between visual-only 525

and textual-only noise is merely 0.4% on Weibo 526

and 1.5% on Weibo-21 for CURE, significantly 527

narrower than the baseline’s 2.2% and 2.5%. This 528

resilience is attributed to the UARE module, which 529

effectively identifies and down-weights noisy fea- 530

tures, rebalancing modal contributions to ensure a 531

robust fusion. 532

4.7 Modality Rebalance Analysis 533

To thoroughly investigate how CURE addresses the 534

modality imbalance issue, we analyze the testing 535

accuracy curves under different modality settings, 536

as shown in Figure 7. The results reveal that CURE 537

fosters a synergistic rebalancing, where individual 538

modality branches within the framework surpass 539

their independently trained counterparts. Detailed 540

analysis is provided in Appendix B. 541

5 Conclusion 542

In this paper, we propose CURE that aims to alle- 543

viate heterogeneous modality imbalance in multi- 544

modal fake news detection. To bridge inter-modal 545

information disparities, the Retrieval-Augmented 546

Context Prompter module retrieves similar in- 547

stances and distills them into dynamic prompts 548

to provide supplementary context. To mitigate 549

noise interference, the Uncertainty-Adaptive Re- 550

balancing Experts module quantifies feature-level 551

noise via uncertainty modeling and leverages an 552

uncertainty-adaptive routing mechanism for a ro- 553

bust fusion. Extensive experiments conducted on 554

three real-world datasets demonstrate the superior- 555

ity of our method. 556
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Limitations557

Our work has two main limitations that may affect558

the generalization and application of the proposed559

framework. First, the performance of our RACP560

module relies on a memory bank containing rel-561

evant instances, which limits its effectiveness on562

novel or niche topics. Additionally, the retrieval563

process introduces computational overhead, posing564

a concern for real-time applications. Second, while565

our UARE module effectively mitigates noise by566

quantifying its magnitude via uncertainty, it may567

not effectively distinguish its semantic source. For568

example, it may struggle to differentiate between569

uncertainty arising from low-quality data (e.g., a570

blurry image) and that from semantically anoma-571

lous content (e.g., a manipulated image). The for-572

mer is pure noise to be suppressed, whereas the573

latter can be a strong indicator of fake news. By574

uniformly down-weighting features based on un-575

certainty magnitude, our model may overlook this576

crucial detection signal. We plan to address these577

limitations in future research.578

Ethical Considerations579

This paper adheres to the ACL Code of Ethics and580

Professional Conduct. Firstly, our research uti-581

lizes publicly available datasets, ensuring no sensi-582

tive private information is involved and no harm is583

posed to individuals. Secondly, proper attribution584

is given to all relevant prior work, data sources, and585

pre-trained models. Furthermore, our source code586

will be made publicly available and will adhere587

to the licenses of all artifacts it relies on. Lastly,588

this work aims to contribute to a healthier online589

information ecosystem by combating the spread of590

multimodal fake news.591
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A Experimental Settings809

A.1 Datasets810

Datasets Train Test

Real Fake Total Real Fake Total

Weibo 3749 3783 7532 996 1000 1996
Weibo-21 3712 3589 7301 928 898 1826

GossipCop 7974 2036 10010 2285 545 2830

Table 4: Statistics of three fake news datasets.

We evaluate our method on three real-world811

datasets: Weibo (Jin et al., 2017), Weibo-21 (Nan812
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Figure 7: Accuracy curves of CURE across different
modality settings on the Weibo and Weibo-21 datasets.
The curves illustrate the performance comparison be-
tween the full multimodal model, independent single-
modality models, and the individual branches within the
joint framework.

et al., 2021) and GossipCop (Shu et al., 2020), 813

which are all widely adopted datasets in MFND. 814

We use the original train-test splits for Weibo and 815

GossipCop, and adopt a 9:1 ratio for Weibo-21, fol- 816

lowing BMR (Ying et al., 2023). Dataset statistics 817

are detailed in Table 4. 818

A.2 Baselines 819

We compare CURE with several competi- 820

tive baselines divided into three groups: (1) 821

Representation-centric Early Fusion methods, 822

including: EANN (Wang et al., 2018), SpotFake 823

(Singhal et al., 2019) and MFUIE (Hao et al., 2024). 824

(2) Cross-Modal Consistency and Alignment 825

methods, including: SAFE (Zhou et al., 2020), 826

CAFE (Chen et al., 2022), MSACA (Wang et al., 827

2024b), FND-CLIP (Zhou et al., 2023) and KEN 828

(Zhu et al., 2025). (3) Adaptive Strategy-based 829

Fusion methods, including: BMR (Ying et al., 830

2023), MINER-UVS (Wang et al., 2024a), RaCMC 831

(Yu et al., 2025), MIMoE-FND (Liu et al., 2025) 832

and DAAD (Su et al., 2025). We also compare our 833

method with recent approaches that specifically ad- 834

dress modality imbalance in MFND, namely PFBL 835

(Wu et al., 2025a), BMLHF (Wu et al., 2025b), 836

BCMPL (Wu et al., 2025c) and DCLR (Wang et al., 837

2026). 838

B Detailed Modality Rebalance Analysis 839

To thoroughly investigate how CURE addresses the 840

modality imbalance issue, we analyze the testing 841

accuracy curves under different modality settings, 842

as shown in Figure 7. The results reveal two sig- 843

nificant insights. First, the full multimodal CURE 844

consistently achieves the highest accuracy com- 845
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pared to any single-modality variant on both Weibo846

and Weibo-21 datasets, confirming the effective-847

ness of our fusion strategy. Second, and more im-848

portantly, the individual modality branches trained849

within CURE exhibit a clear performance boost.850

Specifically, both the textual and visual branches851

within the joint framework (i.e., Text-multi and852

Image-multi) surpass their independently trained853

counterparts (i.e., Text-only and Image-only) on854

both datasets. This demonstrates that instead of855

the dominant modality suppressing the weaker one,856

CURE effectively bridges information disparities857

and optimizes contribution weights. This leads to a858

synergistic effect where visual and textual represen-859

tations are mutually enhanced, thereby achieving860

synergistic modality rebalancing.861
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