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Abstract
The proliferation of fake news on social media motivates the devel-
opment of multimodal fake news detection. While most existing
methods focus on various fusion strategies, they can still yield unre-
liable results caused by epistemic and aleatoric uncertainties, which
can arise from the restricted contextual horizon of isolated sample
pairs or inherent noise in unimodal data. To address this, we propose
a novel Decoupling Dual-level Uncertainties (DDU) framework for
reliable multimodal fake news detection. First, for epistemic uncer-
tainty, we retrieve semantically similar instances along with their
veracity labels, distilling them into dynamic prompts to anchor
and calibrate the perception of semantic relationships. Second, for
aleatoric uncertainty, we employ a Mixture-of-Experts architecture
to quantify feature-level uncertainty. A novel uncertainty-aware
routing mechanism is then introduced to dynamically down-weight
features with high uncertainty, ensuring reliable multimodal fu-
sion. Extensive experiments are conducted on three real-world
datasets spanning two languages, demonstrating significant per-
formance improvements of our method. The code is available at
https://github.com/njustkmg/MM26-DDU.

CCS Concepts
• Information systems → Data mining; Social networks; •
Computing methodologies→ Artificial intelligence.
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Figure 1: Comparison of the fusion and detection processes.
(a) Previous methods primarily rely on the interaction of
isolated sample pairs and various fusion strategies, resulting
in high epistemic and aleatoric uncertainties. (b) Our method
retrieves similar instances along with their veracity labels as
semantic anchors to alleviate epistemic uncertainty, and em-
ploys an uncertainty-aware routing mechanism to mitigate
aleatoric uncertainty.

1 Introduction
The proliferation of social media has fueled the spread of mul-
timodal fake news, which combines text and images to appear
more credible and deceptive. Such disinformation poses signifi-
cant threats to societal trust and stability [19, 34]. As manually
fact-checking this massive volume of content is infeasible, the de-
velopment of automated Multimodal Fake News Detection (MFND)
techniques has become an urgent research priority [23, 37].

Existing MFND methods primarily explore various fusion strate-
gies to integrate multimodal signals, which can be categorized
into three stages: (1) Representation-centric Basic Fusion meth-
ods [31, 36] focus on learning strong unimodal representations
and fusing them with simple aggregation, but often ignore the
intricate semantic interactions between modalities. (2) Correlation-
aware Alignment Fusion methods [3, 46, 47] explicitly model the
semantic interactions between modalities, such as similarity or am-
biguity, as key detection signals. However, these methods primarily
rely on global representations, which limits their effectiveness in
identifying deceptive news with fine-grained inconsistencies. (3)
Fine-grained Adaptive Fusion methods [25, 32, 41, 42] employ ad-
vanced architectures with multi-granularity or multi-view branches
to dynamically capture complex modality interactions.
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Although existing methods have achieved a certain degree of
performance, they often rely on a fundamental assumption that
the input multimodal data is inherently complete and reliable [43].
This deterministic perspective overlooks the potential unreliability
of features, leading to two critical challenges: (1) Epistemic uncer-
tainty stemming from sophisticated semantic deception. Fake
news often exploits maliciously constructed cross-modal relation-
ships tomislead detectors [46]. Relying solely on isolated image-text
pairs renders it difficult for models to verify these complex decep-
tive cues. As shown in Figure 1(a), this limited contextual horizon
leads to high epistemic uncertainty, where the model produces a
fuzzy prediction around 0.5 because it cannot effectively anchor
and disambiguate the underlying semantic claims. (2) Aleatoric
uncertainty arising from inherent data noise. In real-world
scenarios, visual and textual data are inevitably corrupted by inher-
ent noise such as blurs or typos [43]. As illustrated in Figure 1(a),
existing fusion mechanisms typically rely on operations like con-
catenation or addition to blindly aggregate these unreliable features
without quantifying their quality. Consequently, the unperceived
noise results in high aleatoric uncertainty, manifested as a wide
and flattened probability distribution that signifies a severe lack of
decision-making reliability.

To address the challenges above, we propose a novel Decoupling
Dual-level Uncertainties (DDU) framework for reliable multimodal
fake news detection. Specifically, to alleviate epistemic uncertainty,
we first design a Retrieval-Augmented Context Prompter (RACP)
module. As shown in Figure 1(b), RACP bridges the limited contex-
tual horizon of isolated samples by retrieving semantically similar
instances along with their veracity labels. These retrieved instances
are then distilled into dynamic prompts that act as semantic ref-
erence anchors to calibrate the model’s perception of complex se-
mantic relationships. By introducing these external anchors, the
prediction mean is effectively shifted from the ambiguous 0.5 to-
ward confident endpoints (0 or 1), thereby resolving the underlying
semantic ambiguities.

Second, to mitigate aleatoric uncertainty, we develop the Un-
certainty-Aware Routing Experts (UARE) module. Inspired by [2],
the module quantifies feature-level aleatoric uncertainty via proba-
bilistic modeling within a Mixture-of-Experts architecture. Specifi-
cally, each expert maps its features onto a Gaussian distribution,
where the resulting variance serves as a direct measure of uncer-
tainty. A novel uncertainty-aware routing mechanism, as illustrated
in Figure 1(b), is then introduced to achieve reliable multimodal
fusion by dynamically down-weighting experts with high uncer-
tainty. Consequently, the final probability distribution becomes
significantly concentrated and sharp, yielding reliable fusion that
effectively suppresses the negative impact of inherent noise.

In summary, our main contributions are:

• To the best of our knowledge, this is the first work to decou-
ple dual-level uncertainties for multimodal fake news detec-
tion. We reveal that the prevalent deterministic assumption
in existing methods results in high epistemic and aleatoric
uncertainties.

• To address these issues, we propose DDU, which first re-
trieves similar instances along with their veracity labels as

semantic anchors to alleviate epistemic uncertainty. Further-
more, DDU quantifies aleatoric uncertainty and dynamically
down-weights experts with high uncertainty for reliable
multimodal fusion.

• We conduct experiments on three real-world datasets span-
ning two languages, demonstrating that our method outper-
forms state-of-the-art baselines.

2 Related Work
2.1 Multimodal Fake News Detection
Researchers address the MFND task using various fusion methods
that can be broadly divided into three stages: (1) Representation-
centric Basic Fusion methods [31, 36] focus on learning strong
unimodal representations and fusing them with simple aggrega-
tion, but often ignore the intricate semantic interactions between
modalities. (2) Correlation-aware Alignment Fusion meth-
ods [3, 46, 47] explicitly model the semantic relationship between
modalities, such as similarity or ambiguity, as key detection signals.
However, these methods primarily rely on global representations,
which limits their effectiveness in identifying deceptive news with
fine-grained inconsistencies. (3) Fine-grained Adaptive Fusion
methods [26, 32, 41, 42] employ advanced architectures with multi-
granularity or multi-view branches to dynamically capture complex
modality interactions.

However, these methods largely rely on a fundamental assump-
tion that the input multimodal data is inherently complete and
reliable [12, 39, 40, 43]. This deterministic perspective overlooks
the potential unreliability of features, leading to high epistemic
uncertainty caused by isolated semantic horizons and aleatoric
uncertainty triggered by data noise. Recently, some efforts have at-
tempted to introduce external knowledge to enhance detection. For
instance, KEN [47] leverages retrieved evidence and large vision-
language models to break information silos. While such knowledge-
augmented methods provide supplementary context to alleviate
semantic deficiency, they typically do not account for the aleatoric
uncertainty arising from inherent data noise. In contrast, our pro-
posed DDU framework decouples epistemic and aleatoric uncertain-
ties, providing a more reliable fusion mechanism for multimodal
fake news detection.

2.2 Uncertainty in Deep Learning
In general, uncertainty in deep learning can be categorized into
epistemic uncertainty and aleatoric uncertainty [16]. The former
represents the uncertainty inherent in the neural network itself,
indicating the confidence level in its predictions, which typically
originates from a lack of knowledge or limited training data. The
latter refers to the inherent noise present in the data, such as image
blurriness or text ambiguity. Both types of uncertainty pose sig-
nificant challenges to the model’s predictions, potentially leading
to unreliable outputs in complex scenarios. In recent years, some
efforts have been made to address uncertainty in various fields,
such as computer vision [2, 15], information retrieval [21, 22], and
multimedia understanding [8, 13]. It is worth noting that such
uncertainty is also prevalent in multimodal fake news detection,
where sophisticated semantic deception and inherent data noise
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Figure 2: The overall framework of DDU consists of four components: (1) Multi-branch Feature Extraction: extracting unimodal
and cross-modal representations from raw inputs; (2) Retrieval-Augmented Context Prompter (RACP): retrieving semantically
similar instances as anchors to alleviate epistemic uncertainty; (3) Uncertainty-Aware Routing Experts (UARE): quantifying
aleatoric uncertainty via probabilistic modeling and performing adaptive routing to mitigate aleatoric uncertainty; (4) Aggrega-
tion: integrating uncertainty-rectified features through fusion experts for final fake news detection.

lead to significant epistemic and aleatoric uncertainties, respec-
tively, which can severely mislead the final decisions. Recently,
some research [7, 44] has focused on addressing uncertainty in
multimodal learning. However, these efforts often focus on a sin-
gle uncertainty source or provide a unified quantification without
distinguishing their distinct origins. Therefore, this work aims to
fill this gap by decoupling epistemic and aleatoric uncertainties,
aiming to achieve more reliable multimodal fake news detection.

3 Methodology
In this section, we introduce the proposed DDU, designed to allevi-
ate epistemic and aleatoric uncertainties. As illustrated in Figure 2,
it consists of four components: (1) multi-branch feature extraction
(§3.1), (2) Retrieval-Augmented Context Prompter (RACP) mod-
ule (§3.2), (3) Uncertainty-Aware Routing Experts (UARE) module
(§3.3), and (4) final aggregation and loss function (§3.4).

3.1 Multi-branch Feature Extraction
We employ a multi-branch architecture to extract features from
both unimodal and cross-modal perspectives. For the textual branch,
we use a pre-trained BERT [4] to obtain token-level representations
𝐸𝑡 ∈ R𝑛×𝑑𝑒 , where 𝑛 denotes the text sequence length and 𝑑𝑒 is the
feature dimension. For the visual branch, we use a pre-trained MAE
[11] to obtain patch-level representations 𝐸𝑣 ∈ R𝑚×𝑑𝑒 , where𝑚
denotes the number of image patches. Additionally, we use CLIP’s
encoders [28] to acquire aligned embeddings 𝐸𝑐𝑡 and 𝐸𝑐𝑣 . For the
multimodal branch, following [33], we generate a fused feature
𝐹𝑚 ∈ R𝑑𝑚 via fusion adjustment, which weights the concatenated
CLIP embeddings by their cosine similarity to bridge the cross-
modal semantic gap:

sim =
𝐸𝑐𝑡 · (𝐸𝑐𝑣)𝑇
∥𝐸𝑐𝑡 ∥∥𝐸𝑐𝑣 ∥ (1)

𝐹𝑚 = sim ·MLP(𝐸𝑐𝑡 ⊕ 𝐸𝑐𝑣) (2)
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3.2 Retrieval-Augmented Context Prompter
To mitigate epistemic uncertainty, we propose the RACP module.
RACP retrieves semantically similar instances along with their
veracity labels as reference anchors, thereby bridging the limited
contextual horizon of isolated samples. By distilling these external
signals into dynamic prompts, the module calibrates the model’s
perception of complex semantic relationships, effectively resolving
underlying ambiguities.
Multi-branch Retriever To retrieve relevant evidence, we first
construct a memory bank M = {(𝑡𝑚, 𝑣𝑚, 𝑦𝑚)} |M |

𝑚=1, where 𝑡𝑚, 𝑣𝑚 ,
and 𝑦𝑚 denote the raw text, image, and associated ground-truth
veracity label of the𝑚-th instance, respectively. To prevent a high-
quality query in onemodality from being contaminated by potential
unreliability in another, we design a multi-branch retriever. It lever-
ages the pre-aligned embeddings 𝐸𝑐𝑡 and 𝐸𝑐𝑣 as independent query
vectors to retrieve the Top-K relevant instances for each modality
based on cosine similarity. The retrieval for the textual branch is
defined as:

R𝑡 = Top-K
𝑚∈M

(
𝐸𝑐𝑡 · (𝐸𝑐𝑡𝑚 )𝑇

∥𝐸𝑐𝑡 ∥∥𝐸𝑐𝑡𝑚 ∥

)
(3)

The visual context setR𝑣 is obtained analogously. Thismulti-branch
retrieval yields two modality-specific sets of reference instances,
ensuring that each modality is enhanced by its most semantically
relevant evidence without cross-modal interference.
Dynamic Prompt Generation and Enhancement To trans-
form raw retrieved instances into actionable semantic signals, we
design a dynamic prompt generation mechanism. Our key insight is
to enrich the context with explicit veracity signals (i.e., ground-truth
labels), empowering a cross-attention mechanism to selectively am-
plify salient information that helps disambiguate deceptive claims.

Specifically, we first construct the context for each modality. For
the retrieved textual set R𝑡 , we form a rich context representation
𝐶𝑡 by concatenating its token-level features 𝐸𝑟,𝑡 ∈ R𝐾×𝑛×𝑑𝑒 with
a learnable label embedding 𝐸𝑙,𝑡 ∈ R2×𝑑𝑒 . This label embedding
provides crucial veracity semantics, serving as a benchmark for
the model to distinguish between authentic and fabricated pat-
terns. After generating the visual context 𝐶𝑣 analogously, both are
concatenated into a unified context representation 𝐶 to capture
potential synergistic signals across modalities.

To adaptively distill the most effective evidence from this unified
context, we introduce a set of learnable query tokens 𝑃𝑞 ∈ R𝐿𝑝×𝑑𝑒 ,
where 𝐿𝑝 is the prompt length. These tokens attend to the context
𝐶 (acting as keys and values) via a cross-attention block to generate
a shared prompt 𝑃 . This prompt is subsequently specialized into
modality-specific prompts, 𝑃𝑡 and 𝑃𝑣 , through two independent
Feed-Forward Networks:

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

Attn(𝑄,𝐾,𝑉 ) = Softmax
(
𝑄𝐾𝑇
√
𝑑

)
𝑉 (5)

𝑃𝑡 = FFN𝑡 (𝑃), 𝑃𝑣 = FFN𝑣 (𝑃) (6)
where 𝑓𝑄 (·), 𝑓 𝐾 (·), and 𝑓 𝑉 (·) are linear projections.

Finally, the generated dynamic prompts are concatenated to the
initial features to yield the enhanced features 𝐹 𝑡 and 𝐹 𝑣 :

𝐹 𝑡 = 𝑃𝑡 ⊕ 𝐸𝑡 , 𝐹 𝑣 = 𝑃𝑣 ⊕ 𝐸𝑣 (7)

By incorporating these dynamic prompts, the RACP module effec-
tively provides essential semantic anchors to guide the model’s
judgment, thereby significantly mitigating epistemic uncertainty.

3.3 Uncertainty-Aware Routing Experts
To mitigate the aleatoric uncertainty arising from inherent data
noise, we propose the UAREmodule. Unlike traditional fusion meth-
ods that blindly aggregate features regardless of their reliability,
UARE first quantifies feature-level aleatoric uncertainty via proba-
bilistic modeling and then employs an uncertainty-aware routing
mechanism to achieve reliable multimodal fusion.
Uncertainty Quantification Given that noise patterns across
modalities are inherently diverse, we employ a Mixture-of-Experts
(MoE) architecture to model these complex distributions. For each
branch 𝑘 ∈ {𝑡, 𝑣,𝑚}, we define an expert ensemble 𝐸𝑘 with a total
of 𝑁𝑒 experts, composed of 𝑁𝑠 modality-specific experts and 𝑁𝑐
shared experts:

𝐸𝑘 = [𝐸𝑘𝑠,1, . . . , 𝐸
𝑘
𝑠,𝑁𝑠

, 𝐸𝑐,1, . . . , 𝐸𝑐,𝑁𝑐
] (8)

where 𝐸𝑘
𝑠,𝑗

and 𝐸𝑐,𝑗 denote the 𝑗-th modality-specific and modality-
shared expert, respectively.

With the expert architecture established, we quantify the feature-
level aleatoric uncertainty by modeling each expert’s output as a
diagonal multivariate Gaussian distribution, inspired by Chang et al.
[2]:

𝑝 (𝑍𝑘𝑗 |𝐸
𝑘
𝑗 (𝐹

𝑘 )) ∼ N (𝜇𝑘𝑗 , (𝜎
𝑘
𝑗 )

2𝐼 ) (9)

𝜇𝑘𝑗 = 𝑓𝜇 (𝐸
𝑘
𝑗 (𝐹

𝑘 )), 𝜎𝑘𝑗 = 𝑓𝜎 (𝐸𝑘𝑗 (𝐹
𝑘 )) (10)

where the mean 𝜇𝑘
𝑗
represents the refined feature and the variance

(𝜎𝑘
𝑗
)2 serves as a direct quantification of its uncertainty level. These

parameters are generated by two distinct fully-connected layers, 𝑓𝜇
and 𝑓𝜎 . To ensure differentiability for back-propagation, we apply
the re-parameterization trick:

𝑍𝑘𝑗 = 𝜇𝑘𝑗 + 𝜖 · 𝜎
𝑘
𝑗 , 𝜖 ∼ N(0, 𝐼 ) (11)

To ensure the variance term meaningfully captures the inherent
uncertainty rather than collapsing to zero, we introduce a KL di-
vergence regularization term:

L𝑘
𝑘𝑙

=
1
𝑁𝑒

𝑁𝑒∑︁
𝑗=1

KL[N (𝜇𝑘𝑗 , (𝜎
𝑘
𝑗 )

2𝐼 ) | |N (0, 𝐼 )] (12)

Uncertainty-Aware Routing Having quantified the uncertainty
level of each expert, we employ an uncertainty-aware routing mech-
anism to prioritize reliable information for fusion. A gating network
𝐺𝑘 processes the input feature 𝐹𝑘 to generate routing weights:

𝑊 𝑘 = Softmax(𝐺𝑘 (𝐹𝑘 )) (13)

These weights aggregate the refined features from all experts, yield-
ing the final denoised feature 𝐻𝑘 :

𝐻𝑘 =

𝑁𝑒∑︁
𝑗=1

𝑊 𝑘
𝑗 · 𝜇𝑘𝑗 (14)
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To explicitly guide the gating network to down-weight unreliable
outputs, we introduce an uncertainty-aware routing loss L𝑘𝑢 :

L𝑘𝑢 =
1
𝑁𝑒

𝑁𝑒∑︁
𝑗=1

𝑊 𝑘
𝑗 · (𝜎𝑘𝑗 )

2 (15)

This loss penalizes assigning high weights to experts with large
variance, thereby prioritizing features with low uncertainty for the
subsequent fusion stage. Consequently, this mechanism ensures
that reliable features dominate the decision-making process, effec-
tively suppressing the negative impact of inherent data noise and
leading to a more concentrated probability distribution.

3.4 Aggregation and Loss Function
Finally, the uncertainty-rectified features from all branches are
concatenated into a unified representation 𝐻 𝑓 . Without loss of
generality, we employ a classic expert gating mechanism, consisting
of 𝑁𝑓 fusion experts and a gating network𝐺 𝑓 , to produce the final
representation 𝐻final:

𝑊 𝑓 = Softmax(𝐺 𝑓 (𝐻 𝑓 )) (16)

𝐻final =

𝑁𝑓∑︁
𝑖=1

𝑊
𝑓

𝑖
· 𝐸 𝑓
𝑖
(𝐻 𝑓 ) (17)

The resulting𝐻final is then fed into a classifier to yield the prediction
𝑦final.

The main task loss is denoted as Lfinal, and an auxiliary loss for
each branch is denoted as L𝑘

𝑏
. Both losses are formulated using the

Binary Cross-Entropy (BCE). The overall training objective is to
minimize a total loss function L:

L = Lfinal +
∑︁
𝑘

L𝑘
𝑏
+ 𝛼

∑︁
𝑘

L𝑘
𝑘𝑙

+ 𝛽
∑︁
𝑘

L𝑘𝑢 (18)

where 𝑘 ∈ {𝑡, 𝑣,𝑚} indicates the modality branch. 𝛼 and 𝛽 serve
as trade-off hyperparameters to balance the contribution of the
KL divergence regularization and the uncertainty-aware routing
constraint, respectively.

4 Experiments
4.1 Experimental Settings
• Datasets. To evaluate the effectiveness of DDU, we evaluate our
method on three real-world datasets: Weibo [14], Weibo-21 [27],
and GossipCop [30], which are all widely adopted datasets inMFND.
We use the original train-test splits for Weibo and GossipCop, and
adopt a 9:1 ratio forWeibo-21, following BMR [41]. Dataset statistics
are detailed in Table 1.
• Baselines. We compare DDU with several competitive baselines
divided into three groups: (1) Representation-centric Basic Fu-
sionmethods, including: EANN [36] and SpotFake [31]. (2) Corre-
lation-aware Alignment Fusion methods, including: SAFE [45],
CAFE [3], MSACA [35], FND-CLIP [46] and KEN [47]. (3) Fine-
grained Adaptive Fusionmethods, including: BMR [41], RaCMC
[42], MIMoE-FND [24] and DAAD [32].
• Implementation Details. For the RACP module, the memory
bank M is constructed from the training sets to build a diverse
knowledge base, with the test set strictly held out to prevent data
leakage. The retrieval process is conducted as an efficient offline

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 1: Statistics of three fake news datasets.

pre-processing step, introducing no latency during model train-
ing or inference. The number of retrieved instances 𝐾 is set to
5, and the prompt length 𝐿𝑝 is 16. For the UARE module, we uti-
lize TextCNN [17] as the textual expert, CNN [20] as the visual
expert, and MLPs as multimodal experts. We configure the number
of modality-specific experts 𝑁𝑠 = 6 and shared experts 𝑁𝑐 = 12. In
the final aggregation stage, we use 𝑁𝑓 = 8 MLPs as fusion experts.
The trade-off hyperparameters 𝛼 and 𝛽 in Eq. 18 are both set to
0.001. For the multimodal branch, we employ Chinese-CLIP [38] for
Chinese datasets (Weibo and Weibo-21) and OpenCLIP [29] for the
English dataset (GossipCop) to ensure language-specific alignment.
All models are trained for 50 epochs with a batch size of 64, using
the Adam optimizer [18] with an initial learning rate of 0.0001. All
experiments are conducted on an NVIDIA 4090 GPU.

4.2 Overall Performance
Table 2 compares DDU with several state-of-the-art methods across
four evaluation metrics. It can be observed that DDU achieves the
highest accuracy of 94.0%, 96.1%, and 90.2% on the three datasets,
respectively. Notably, DDU consistently ranks first in both Ac-
curacy and F1-score for fake and real news categories across all
datasets. Specifically, DDU demonstrates a consistent performance
lead on the Weibo dataset. On the Weibo-21 dataset, it surpasses
the strongest baseline MIMoE-FND across all evaluation metrics.
Notably, DDU is the only framework to exceed the 90% accuracy
threshold on the challenging GossipCop dataset. These results high-
light DDU’s superior ability to provide reliable detection by decou-
pling dual-level uncertainties. Furthermore, we retrain DDU and
the best-performing baselines five times. The calculated 𝑝-values
for all metrics are significantly lower than 0.05, demonstrating that
the improvements are statistically significant.

4.3 Ablation Studies
To evaluate each component, we conduct ablation studies and sum-
marize the results in Table 3.
• Effect of RACP module.We analyze the RACP module using
five variants: 1)w/o RACP removes the entire module; 2) Joint Re-
trieval utilizes fused multimodal embeddings for a single retrieval;
3) Static Prompt uses fixed non-dynamic prompts; 4) w/o Label
excludes veracity labels; 5) kNN Label Voting predicts labels by
voting over the retrieved instances. Results indicate that removing
RACP or utilizing joint retrieval leads to substantial performance
degradation, confirming that relevant context is vital for anchoring
semantics to alleviate epistemic uncertainty. Notably, the perfor-
mance drop of the w/o Label variant underscores veracity signals as
crucial anchors for disambiguating deceptive patterns. Meanwhile,
the clear gap between full DDU and kNN Label Voting shows that
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Datasets Method Accuracy
Fake News Real News

Precision Recall F1 Precision Recall F1

Weibo

EANN [36] 0.827 0.847 0.812 0.829 0.807 0.843 0.825
SpotFake [31] 0.892 0.902 0.964 0.932 0.847 0.656 0.739
SAFE [45] 0.762 0.831 0.724 0.774 0.695 0.811 0.748
CAFE [3] 0.840 0.855 0.830 0.842 0.825 0.851 0.837

FND-CLIP [46] 0.907 0.914 0.901 0.908 0.914 0.901 0.907
BMR [41] 0.918 0.882 0.948 0.914 0.942 0.879 0.904

MSACA [35] 0.903 0.935 0.873 0.903 0.872 0.935 0.902
RaCMC [42] 0.915 0.910 0.924 0.917 0.921 0.906 0.914

MIMoE-FND [24] 0.928 0.942 0.913 0.928 0.913 0.942 0.927
DAAD [32] 0.932 0.942 0.915 0.928 0.922 0.947 0.934
KEN [47] 0.935 0.937 0.934 0.935 0.932 0.935 0.934

DDU (Ours) 0.940 0.943 0.941 0.942 0.937 0.939 0.938
𝑝-value 2.43 × 10−5 4.12 × 10−5 1.87 × 10−6 3.56 × 10−6 5.21 × 10−5 2.94 × 10−5 4.08 × 10−6

Weibo-21

EANN [36] 0.870 0.902 0.825 0.862 0.841 0.912 0.875
SpotFake [31] 0.851 0.953 0.733 0.828 0.786 0.964 0.866
SAFE [45] 0.905 0.893 0.908 0.901 0.916 0.901 0.890
CAFE [3] 0.882 0.857 0.915 0.885 0.907 0.844 0.876

FND-CLIP [46] 0.943 0.935 0.945 0.940 0.950 0.942 0.946
BMR [41] 0.929 0.908 0.947 0.927 0.946 0.906 0.925
DAAD [32] 0.942 0.951 0.925 0.938 0.931 0.955 0.943

MIMoE-FND [24] 0.956 0.953 0.957 0.955 0.959 0.956 0.957
DDU (Ours) 0.961 0.958 0.965 0.961 0.964 0.957 0.961
𝑝-value 1.25 × 10−5 3.68 × 10−5 2.14 × 10−6 1.03 × 10−5 4.72 × 10−6 5.81 × 10−5 2.33 × 10−5

GossipCop

EANN [36] 0.864 0.702 0.518 0.594 0.887 0.956 0.920
SpotFake [31] 0.858 0.732 0.372 0.494 0.866 0.962 0.914
SAFE [45] 0.838 0.758 0.558 0.643 0.857 0.937 0.895
CAFE [3] 0.867 0.732 0.490 0.587 0.887 0.957 0.921

FND-CLIP [46] 0.880 0.761 0.549 0.638 0.899 0.959 0.928
BMR [41] 0.895 0.752 0.639 0.691 0.920 0.965 0.936

MSACA [35] 0.887 0.816 0.538 0.648 0.897 0.971 0.933
RaCMC [42] 0.879 0.745 0.563 0.641 0.902 0.954 0.927

MIMoE-FND [24] 0.895 0.762 0.644 0.698 0.920 0.953 0.936
DDU (Ours) 0.902 0.830 0.614 0.706 0.911 0.973 0.941
𝑝-value 6.71 × 10−5 2.84 × 10−5 5.12 × 10−6 4.29 × 10−5 1.96 × 10−5 3.77 × 10−6 8.15 × 10−5

Table 2: Comparison between DDU and state-of-the-art multimodal fake news detection methods on Weibo, Weibo-21 and
GossipCop.

Module Variant
Accuracy

Weibo Weibo-21 GossipCop

DDU All 0.940 0.961 0.902

RACP

w/o RACP 0.930 0.950 0.891
Joint Retrieval 0.931 0.952 0.892
Static Prompt 0.936 0.957 0.898
w/o Label 0.933 0.954 0.896

kNN Label Voting 0.918 0.941 0.876

UARE

w/o UARE 0.929 0.950 0.890
w/o U-Aware 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 DDU on three datasets.

RACP does not simply transfer retrieved labels. The improvement
over the static prompt further validates the effectiveness of our
dynamic generation mechanism.

•Effect ofUAREmodule.To assess the UAREmodule, we evaluate
four key variants: 1) w/o UARE removes the entire module; 2) w/o
U-Aware omits uncertainty quantification; 3) w/o U-Loss and 4)
w/o KL-Loss ablate the uncertainty-aware routing loss and the KL
divergence loss respectively. The decline observed when removing
UARE or its quantification mechanism shows that modeling feature-
level uncertainty is important for suppressing aleatoric uncertainty.
Additionally, the necessity of both loss functions confirms that
uncertainty-aware routing is vital for reliable fusion by effectively
prioritizing low-noise features.

4.4 Probability Distribution Analysis
To further investigate the learning dynamics of epistemic and
aleatoric uncertainties, we visualize the prediction probability dis-
tributions of DDU and the strong MIMoE-FND baseline across
different training stages in Figure 3.
• Epistemic Uncertainty and Mean Calibration. As illustrated
in Figure 3(a), both models initially exhibit high uncertainty, with
overlapping distributions centered around 0.5. However, as training
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Figure 3: Visualization of the prediction probability distributions at different training stages. The top row displays the MIMoE-
FND baseline, and the bottom row shows our DDU. (a) Initial Distribution (b) Epoch 5 (c) Epoch 15 (d) Epoch 30.

Dataset Method ECE Brier NLL

Weibo

MIMoE-FND 0.071 0.094 0.318
+ MC Dropout 0.058 0.086 0.291
+ Temp. Scaling 0.049 0.081 0.274
DDU 0.039 0.066 0.236

Weibo-21

MIMoE-FND 0.053 0.058 0.206
+ MC Dropout 0.046 0.053 0.193
+ Temp. Scaling 0.039 0.049 0.181
DDU 0.030 0.041 0.158

GossipCop

MIMoE-FND 0.086 0.124 0.392
+ MC Dropout 0.074 0.116 0.365
+ Temp. Scaling 0.065 0.109 0.342
DDU 0.052 0.096 0.308

Table 4: Uncertainty calibration comparison on three
datasets.

progresses to epoch 5 shown in Figure 3(b), DDU demonstrates a
significantly faster polarization, with its probability means rapidly
shifting towards 0 for real news and 1 for fake news. This rapid
mean calibration indicates that the RACP module effectively miti-
gates epistemic uncertainty by providing external semantic anchors,
enabling the model to disambiguate deceptive patterns even in early
training phases. In contrast, the baseline’s means remain closer to
the ambiguous center for a much longer duration.
• Aleatoric Uncertainty and Variance Compression. Addition-
ally, a significant contrast emerges in the concentration of the prob-
ability mass between the two models. At the convergence stage
of epoch 30 in Figure 3(d), while the baseline produces relatively
wide and flattened peaks, the distributions of DDU are remarkably
narrow and concentrated. This significant variance compression
signifies the effective suppression of aleatoric uncertainty through
our UARE module. By dynamically down-weighting experts with

Figure 4: Examples of Top-2 Retrieved Instances along with
their veracity labels. Red texts highlight similar content with
the query news.

high uncertainty, DDU filters out inherent data noise, resulting in
a more reliable fusion.

In summary, the evolution from flat and ambiguous to sharp and
polarized distributions quantitatively validates that DDU achieves
more reliable detection by decoupling and suppressing dual-level
uncertainties.

4.5 Uncertainty Calibration Analysis
To further assess the reliability of detection results, we examine
whether predicted confidence is well aligned with empirical cor-
rectness, rather than relying only on sharper probability distribu-
tions. Therefore, we evaluate calibration using ECE [10], Brier score
[1], and NLL [9], and compare DDU with MIMoE-FND and two
uncertainty-enhanced variants [6, 10].

As shown in Table 4, DDU consistently obtains the lowest ECE,
Brier score, and NLL across all datasets. These results indicate
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Figure 5: Robustness and reliability analysis of MIMoE-FND
and DDU onWeibo-21 and GossipCop datasets under various
noise conditions.

that DDU improves reliability not merely by producing sharper
distributions, but by yielding better calibrated predictions.

4.6 Retrieval Quality Presentation
To analyze the retrieval quality of the RACP module, we visualize
the Top-2 retrieved instances for two examples from the GossipCop
dataset in Figure 4. The retrieved instances exhibit strong semantic
correlations with the query news in both image and text modalities.
Crucially, these instances provide explicit veracity labels that serve
as reliable semantic anchors. Specifically, both the query and its
retrieved evidence share the same veracity labels, such as real in
the first example and fake in the second example. By effectively
bridging the limited contextual horizon of isolated samples with
these semantic anchors, the RACP module provides the necessary
evidence to alleviate epistemic uncertainty.

4.7 Robustness and Reliability Analysis
To verify the stability of DDU, we conduct pressure tests under
diverse noise scenarios. As illustrated in Figure 5, we compare DDU
with the strong baseline MIMoE-FND across four configurations:
clean data, salt and pepper noise with a density of 0.1, Gaussian
noise with a standard deviation of 10, and semantic interference.
Specifically, we randomly replace 30% of the images in the test set
with images from other news instances to simulate sophisticated
semantic deception. The experimental results reveal a consistent
trend where DDU maintains higher median accuracy and signif-
icantly narrower box heights than MIMoE-FND across all noise
types.

Specifically, DDU exhibits reduced sensitivity to pixel-level or
feature-level perturbations. This stability is primarily because the
UARE module successfully quantifies aleatoric uncertainty and
adaptively prioritizes reliable features to ensure a consistent fusion
process. Furthermore, we evaluate the resilience against sophisti-
cated semantic deception. While the performance of MIMoE-FND
exhibits a sharp decline and severe instability in this challenging
scenario, DDU remains remarkably robust. This resilience high-
lights the critical role of the RACP module, which retrieves external
veracity labels as semantic anchors to calibrate judgment and ef-
fectively suppress epistemic uncertainty even when faced with

Method Params FLOPs Inf. Train Conv.
(M) (G) (ms/batch) (s/epoch) (epochs)

MIMoE-FND [24] 284.7 48.6 115.3 ± 4.2 112.7 ± 3.1 35
DDU (Ours) 272.5 45.2 128.6 ± 3.8 118.5 ± 3.4 30

Table 5: Comparison of complexity and efficiency on Weibo.

cross-modal mismatches. In summary, DDU achieves a superior
balance between accuracy and reliability by maintaining high pre-
cision and low variance under various interference conditions.

4.8 Complexity and Efficiency Analysis
In this section, we analyze the complexity and efficiency of DDU
to demonstrate its suitability for real-world deployment.
• Theoretical Complexity. DDU’s overhead primarily arises from
UARE and RACP. For UARE, the 18 experts are implemented as light-
weight TextCNN, CNN, and MLPs, yielding 𝑂 (𝑁𝑒𝑑2) per branch.
This is lower than the Transformer-based experts in MIMoE-FND
[24], which involve 𝑂 (𝑛𝑒𝑁 2𝑑) and 𝑂 (𝑛𝑒𝑁𝑑2) terms. As shown
in Table 5, DDU significantly reduces total FLOPs to 45.2G while
maintaining a comparable parameter size of 272.5M. Although DDU
introduces moderate inference and per-epoch training overhead, it
converges in fewer epochs than MIMoE-FND.
• Retrieval Efficiency and Deployment. To ensure efficiency,
RACP utilizes offline indexing strategy where the memory bank
M’s features are pre-computed during the pre-processing phase.
In real-world deployment, the indexing and search can be further
optimized using the FAISS library [5], which limits the query latency
to approximately 4.5ms per batch (< 3.5% of total inference time).
While RACP introduces a marginal latency of ∼13.3ms compared
to MIMoE-FND, the overall inference speed remains well within
the requirements for real-time social media monitoring.
• Memory Bank Update Strategy. To handle social media’s tem-
poral dynamics, M can be refreshed via a sliding-window strategy
(e.g., every 24h) to incorporate the latest fact-checked news. As
an offline process, this update does not affect online latency or
accuracy, enabling DDU to adapt to evolving deceptive patterns
without compromising real-time performance.

5 Conclusion
In this paper, we propose DDU, a novel framework for reliable mul-
timodal fake news detection by decoupling dual-level uncertainties.
To alleviate epistemic uncertainty stemming from the restricted
contextual horizon of isolated samples, the Retrieval-Augmented
Context Prompter module retrieves semantically similar instances
along with their veracity labels as semantic anchors, effectively
calibrating the model’s perception of complex semantic relation-
ships. To mitigate aleatoric uncertainty arising from inherent data
noise, the Uncertainty-Aware Routing Experts module quantifies
feature-level noise through probabilistic modeling and introduces
an uncertainty-aware routing mechanism to prioritize reliable fea-
tures for fusion. Extensive experiments conducted on three real-
world datasets demonstrate that DDU not only significantly out-
performs state-of-the-art methods in terms of accuracy but also
exhibits superior reliability and robustness under various interfer-
ence conditions.
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