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Abstract
Multimodal content combining textual and vi-
sual information poses significant challenges
for rumor detection on social media. Compared
to traditional spatial domain features, frequency
domain features have attracted increasing atten-
tion due to their stronger discriminative capa-
bilities. However, existing methods still fall
short in capturing cross-modal semantic incon-
sistencies and often overlook inherent noise in
multimodal features, which limits overall de-
tection performance. To address these issues,
we propose a novel multimodal rumor detec-
tion method based on multi-scale spectral se-
lection and entropy-guided uncertainty fusion.
Specifically, we first apply the Discrete Cosine
Transform (DCT) to image and text features to
convert them into the frequency domain. Then,
multi-scale convolutional filters are employed
to extract fine-grained information across dif-
ferent frequency scales. Next, modality sep-
aration is performed to capture both shared
and modality-specific features, enabling more
effective cross-modal representation learning.
Finally, entropy is used to estimate the uncer-
tainty of each prediction branch, calculate con-
fidence scores, and perform adaptive weighted
fusion accordingly. Experimental results on
multiple benchmark datasets demonstrate that
our method outperforms existing state-of-the-
art approaches in multimodal rumor detection,
demonstrating stronger detection capability and
robustness.

1 Introduction

With the rapid development of social media, online
platforms such as Twitter and Weibo have become
vital sources of information for the public, and a
large amount of content combining images and text
has emerged. Along with the spread of multimodal
media, a more complex and concerning issue has
also arisen: multimodal rumors. Multimodal ru-
mors refer to the dissemination of misleading or
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Figure 1: Two examples illustrating the issues of feature
noise (a) and cross-modal semantic inconsistency (b) in
rumor detection.

false information through social media platforms,
which integrates various forms of communication,
such as text and images. Compared to single-text
rumors, multimodal rumors are more intuitive and
can elicit stronger emotional responses from users
(Shu et al., 2017; Jin et al., 2017b), making them
more likely to spread widely. If left unchecked,
they may pose a severe challenge to the credibility
of news media platforms (Abdelnabi et al., 2022),
potentially leading to public panic and social insta-
bility. Therefore, detecting and mitigating multi-
modal rumors is critically important.

Intra-modal Noise Problem The noise issue
in rumor detection mainly stems from the large
amount of irrelevant content mixed in tweets. For
example, as shown in Figure 1(a), the text con-
tains non-essential elements such as emojis and
links, while the images include background ele-
ments or non-key visual regions unrelated to the
event. These noisy elements are often encoded by
the model during feature extraction, which inter-
feres with semantic alignment between modalities
and may cause the model to focus on incorrect
information areas, thereby weakening the overall
discriminative ability. Therefore, effectively sup-
pressing redundant and irrelevant features has be-
come one of the key challenges in enhancing the
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performance of multimodal rumor detection.

Cross-modal Semantic Inconsistency Semantic
differences between modalities are primarily re-
flected in both their content and presentation styles.
As shown in example (b) of Figure 1, the word
“surf” in the text is semantically associated with the
visual depiction of waves in the image. However,
the specific expressions and emotional vocabulary
in the text are not directly represented in the image.
Meanwhile, elements such as cars appear in the
image but are not mentioned in the text. This indi-
cates that although different modalities may share
some similar semantic information, each modality
still retains its own unique content and form of ex-
pression. Addressing such inconsistency is also of
great significance for detection tasks.

To address the above issues, we propose a mul-
timodal rumor detection method based on Multi-
Scale Spectral Selection and Entropy-Guided Un-
certainty Fusion. This method extracts key infor-
mation from different frequency bands in a fine-
grained manner through multi-scale spectral selec-
tion. Subsequently, it leverages modality decompo-
sition to obtain both shared features and modality-
specific features, and estimates the uncertainty of
each prediction branch using entropy to adjust the
contribution of private and shared information to
the classification results. The main contributions
of this work are as follows:

• A multi-scale spectral selection method is pro-
posed to capture key features across different
frequency bands, aiming to address the issue
of feature noise.

• We propose a frequency feature separation
method that extracts shared and private fea-
tures through modality decomposition, com-
bined with an entropy-based uncertainty fu-
sion that performs dynamic weighted fusion
across branches, thereby enabling more effec-
tive capture of cross-modal inconsistencies.

• Extensive experiments are conducted on three
publicly available datasets, and the results vali-
date the effectiveness of the proposed method.

2 Related Work

2.1 Multimodal Rumor Detection
Previous multimodal rumor detection methods typ-
ically fuse image and text features by simply con-
catenating them (Jin et al., 2017a; Wang et al.,

2018; Cui et al., 2019), which integrates multi-
modal information only in the spatial dimension,
neglecting the deeper interactions between differ-
ent modalities. To learn shared representations
of multimodal information, MVAE (Khattar et al.,
2019) proposes a multimodal variational autoen-
coder that reconstructs multimodal representations
from a learned probabilistic latent model. CAFE
(Chen et al., 2022) further introduces cross-modal
alignment and ambiguity learning mechanisms, en-
hancing multimodal feature fusion and enriching
modal representations by leveraging contextual in-
formation from hidden states. BMR (Ying et al.,
2023) proposes an improved Multi-gate Mixture-
of-Expert network, which combines single-view
prediction and cross-modal consistency learning
strategies to jointly model both unimodal and mul-
timodal features, further improving the model’s
generalization ability and robustness.

2.2 Multimodal Spectrum Rumor Detection

The Discrete Cosine Transform (DCT) effectively
transforms signals from the time or spatial domain
into the frequency domain and has been widely ap-
plied in deep learning(Liu et al., 2021; Yu et al.,
2025; Shen et al., 2021). In multimodal rumor de-
tection tasks, frequency-domain features are often
used as supplementary clues to provide additional
evidence. For example, MCAN(Wu et al., 2021)
treats frequency-domain information as physical
characteristics of images to identify recompression
artifacts, achieving certain effectiveness. How-
ever, such methods still primarily rely on spatial-
domain features for rumor detection. In contrast,
FSRU(Lao et al., 2024) pioneers a multimodal spec-
tral rumor detection framework that transforms
original features into the frequency domain and
performs a series of complex-valued operations
within this domain for detection. Nonetheless, ex-
isting methods often overlook the key attributes of
rumor features—namely, the inter-modal dispari-
ties and noise caused by redundant information. To
address this issue, we propose a multi-scale spec-
tral selection approach for fine-grained filtering of
noise information, and design an entropy-driven
uncertainty fusion mechanism to effectively cap-
ture cross-modal differences, thereby significantly
improving rumor detection performance.
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Figure 2: The overall architecture of MS-SFM. Where FSE stands for the Frequency Squeeze-and-Excitation
module; {Tp,Ts, Ip, Is} represent the private and shared features of the text and image modalities, respectively;
{yt,ys,yi} denote the three prediction results, and {ct, cs, ci} correspond to the confidence scores of these
predictions.

3 Methodology

Figure 2 illustrates the overall architecture of MS-
SFM, which consists of four key components.
First, the frequency-domain feature extraction mod-
ule transforms spatial domain features into their
frequency-domain representations. The multi-scale
spectral selection module explores and filters infor-
mation across different frequency ranges to extract
meaningful signals. Next, the frequency-domain
feature separation strategy is applied to capture
both shared and private information from image
and text modalities. Finally, the entropy function
is used to compute the confidence of each informa-
tion branch, and a weighted fusion is performed to
produce the final prediction.

3.1 Frequency Feature Extraction
Given an input image, intermediate feature repre-
sentations are first extracted using a ResNet-50(He
et al., 2016) network, denoted as I ∈ RB×D, where
B represents the batch size and D is the feature di-
mension. Similarly, for the text modality, the input
text is first encoded by a pre-trained BERT(Devlin
et al., 2019) encoder, resulting in the contextual rep-
resentation tensor T ∈ RB×L×D, where L is the
sequence length. For the image, a one-dimensional
Discrete Cosine Transform (DCT)(Ahmed et al.,
1974) is applied along the feature dimension to
obtain the frequency-domain representation If ∈
RB×D. For the text, a one-dimensional DCT is ap-

plied to each token feature vector, resulting in the
frequency-domain representation Tf ∈ RB×L×D.
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where αx is the normalization coefficient.

3.2 Multi-Scale Spectral Selection(MSS)

In many rumors, irrelevant information such as
extraneous emojis, special symbols, and links in
texts, as well as unrelated visual elements and back-
grounds in images, often introduces noise during
the detection process, interfering with the model’s
accurate capture of key information. Given the
strong separability of spectral features, we propose
a multi-scale spectral selection strategy to perform
fine-grained filtering on spectral features, thereby
effectively suppressing noisy content while extract-
ing key information. This strategy consists of two
sub-modules: one is the adaptive multi-scale filter,
which is used to extract fine-grained information
from different frequency bands; the other is the fre-
quency squeeze-and-excitation mechanism, which
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is used to dynamically select the most salient fea-
tures from each frequency band.

Adaptive Multi-Scale Filters(AMF) For the
input frequency-domain features Fx = Tf ∈
RB×L×D or Fx = If ∈ RB×D, We introduce
multi-scale convolutional filters along the feature
dimension to model contextual information across
different frequency bands. The convolutional out-
put at the s-th scale is denoted as:

F(s) = Conv1D(s) (Fx) , (3)

the kernel size of each convolution is k. For differ-
ent scales, the dilation rate is set correspondingly
as ds = s, and symmetric padding is used to main-
tain the feature dimension. Different dilation rates
correspond to receptive fields of varying sizes, en-
abling the capture of fine-grained information from
different frequency bands.

Symmetric padding is applied to maintain the
feature dimension, and the results from multiple
scale convolutions are concatenated and then aver-
aged for fusion:

Fms =
1

S

S∑

s=1

F(s), (4)

where S is the total number of scales, and the di-
mension of Fms is consistent with that of Fx.

Frequency Squeeze-and-Excitation(FSE) Af-
ter obtaining the multi-scale spectral features, in-
spired by the SE-Net(Hu et al., 2018) architec-
ture, we design a frequency squeeze-and-excitation
mechanism to assign different weights to each fre-
quency dimension, thereby enabling fine-grained
and adaptive selection of spectral features:

F
′
= Fms ⊙ σ (WFms) , (5)

here, W ∈ RD×D is a learnable linear transforma-
tion matrix, σ(·) denotes the sigmoid activation
function, ⊙ represents element-wise multiplica-
tion, and F′ ∈ RB×D or RB×L×D is the weighted
frequency-domain feature.

3.3 Frequency Feature Separation and Fusion
Compared to features in the spatial domain
that may have ambiguous boundaries, frequency-
domain representations exhibit clearer energy dis-
tributions and stronger structural separability(Xu
et al., 2023; Yang et al., 2024; Xu et al., 2024).
Based on this, we explore a similarity-based

frequency-domain feature separation strategy. By
jointly modeling shared and private features, this
approach effectively captures the differences be-
tween modalities.

Frequency-Domain Feature Separation Specif-
ically, in order to eliminate the scale differences
between different modalities and ensure the stabil-
ity of the decoupling process, we first perform L2
normalization on the image feature FI and text fea-
ture FT. This process can be formalized as follows:

F̂I =
FI

∥FI∥2 + ϵ
, (6)

F̂T =
FT

∥FT∥2 + ϵ
, (7)

the L2 norms of the image and text features are
denoted as ∥FI∥2 and ∥FT∥2, respectively, and ϵ is
a small constant to prevent division by zero.

Next, the mean is taken along the sequence di-
mension of the text features, and the similarity be-
tween image and text features is calculated as a
trigger for modality conflict.

F̂
′
T =

1

L

L∑

l=1

F̂T [:, l, :] , (8)

trigge = α = F̂I · F̂
′
T, (9)

where α represents the similarity between image
and text features, and · denotes the dot product op-
eration. The shared filter is generated based on the
similarity between image and text features, while
the private filters are activated when the trigger
is engaged, performing a fine-grained separation
by comparing the amplitude differences in the fre-
quency domain.

filters = Π(α > θ) , (10)

filterpi = Π
(
F̂I > F̂

′
T ∧ α < θ

)
, (11)

filterpt = Π
(
F̂

′
T > F̂I ∧ α < θ

)
, (12)

where Π(·) denotes the indicator function, which
equals 1 if the condition holds, and 0 otherwise; θ
is a threshold.

Through the above filters, the features are decou-
pled, modeling the shared and private information
of the text and image features separately, and then
transformed back to spatial and sequential features
through Inverse Discrete Cosine Transform(IDCT).
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Ip = IDCT
(
F̂I ⊙ filterpi

)
, (13)

Tp = IDCT
(
F̂

′
T ⊙ filterpt

)
, (14)

Is = IDCT
(
F̂I ⊙ filters

)
, (15)

Ts = IDCT
(
F̂

′
T ⊙ filters

)
. (16)

Entropy-Driven Uncertainty Fusion The con-
tributions of the decoupled shared and private fea-
tures to the final prediction vary across different
scenarios, meaning that the model’s confidence in
each type of feature is inconsistent. To capture this
variability, we measure the prediction uncertainty
of each feature type using the entropy of their in-
dividual outputs. Based on these uncertainties, the
model adaptively assigns fusion weights, thereby
dynamically adjusting the influence of each feature
type on the final decision.

Specifically, for the three branches of private
image features, private text features, and shared
features, we calculate the prediction results through
independent multi-layer perceptrons (MLPs):

ys = MLPs ([Is;Ts]) , (17)

yt = MLPt (Tp) , (18)

yi = MLPi (Ip) , (19)

pk = softmax
(yk

τ

)
, k ∈ {s, t, i}, (20)

where pk ∈ R2 represents the probability predic-
tion results, and k ∈ {s, t, i} denotes the concate-
nated shared features, private text features, and
private image features, respectively. The parameter
τ is the temperature coefficient used to control the
smoothness of the softmax output.

Subsequently, we quantify the uncertainty of the
predictions by calculating their entropy,

H (pk) = −
2∑

j=1

pjk log
(
pjk + ε

)
, (21)

where pjk represents the predicted probability for
class j, ε is a small constant to avoid numerical
instability, and H(pk) is the prediction entropy
for branch k, measuring the average uncertainty
of the prediction. Lower entropy indicates higher
confidence.

We compute the confidence of each branch based
on its entropy, then apply softmax to get the fusion

weights, and finally obtain the weighted prediction
result:

ck = 1− H(pk)

log(2)
, (22)

ω = softmax ([cs, ct, ci]) , (23)

ŷ =
∑

k∈{s,t,i}
ωk · pk, (24)

where ck denotes the confidence score for each
branch, ω are the fusion weights, and ŷ is the final
prediction result.

3.4 Training Objects
We use the cross-entropy loss as our training objec-
tive:

Lp = − 1

N

N∑

i=1

(yi log ŷi + (1− yi) log(1− ŷi)) ,

(25)
where N is the number of training samples, yi ∈
{0, 1} is the ground truth label for sample i, and ŷi
is the predicted probability of the positive class for
the i-th sample.

4 Experiments

4.1 Experimental Settings
We evaluate the performance of the MS-SFM
model on three widely used rumor detection bench-
mark datasets: the Weibo dataset (Jin et al., 2017a),
the CFND dataset (Zhang et al., 2024), and the
Pheme dataset (Zubiaga et al., 2017). The Weibo
dataset includes real news from authoritative Chi-
nese media such as Xinhua News Agency, as well
as fake news verified by the official fact-checking
system of the Weibo platform. This dataset con-
tains a total of 9,528 news instances. The CFND
dataset is compiled from multiple Chinese fact-
checking websites and official news sources, cov-
ering five different domains, and includes a total
of 26,665 news instances. The Pheme dataset con-
sists of tweets from Twitter, focusing on five major
breaking news events. We follow the data process-
ing strategy used in NLIN (Zhang et al., 2024) in
our experiments.

We implement the MS-SFM model using Py-
Torch (Paszke et al., 2017) and optimize the loss
function with the Adam optimizer. The input im-
age size is set to 224 × 224. The maximum se-
quence length for textual inputs is set to 32 for
the Pheme dataset and 64 for both the Weibo and
CFND datasets. The embedding dimension for
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Method
Pheme CFND Weibo

Accuracy Precision Recall F1-Score Accuracy Precision Recall F1-Score Accuracy Precision Recall F1-Score

MVAE(Khattar et al., 2019) 0.776 0.735 0.723 0.728 0.812 0.807 0.811 0.806 0.824 0.828 0.822 0.823
SAFE(Zhou et al., 2020) 0.807 0.787 0.789 0.791 0.795 0.789 0.804 0.796 0.851 0.849 0.849 0.849
CAFE(Chen et al., 2022) 0.832 0.796 0.794 0.795 0.826 0.827 0.846 0.837 0.840 0.840 0.841 0.840
MCAN(Wu et al., 2021) 0.861 0.830 0.840 0.835 0.845 0.831 0.784 0.807 0.899 0.899 0.899 0.899
KDIN(Sun et al., 2021) 0.846 0.815 0.804 0.809 0.847 0.813 0.846 0.830 0.893 0.894 0.892 0.893
BMR(Ying et al., 2023) 0.884 0.872 0.840 0.855 0.859 0.834 0.815 0.824 0.918 0.912 0.909 0.910
FSRU(Lao et al., 2024) 0.830 0.815 0.758 0.776 0.879 0.872 0.876 0.874 0.901 0.901 0.903 0.902
Event-Radar(Ma et al., 2024) 0.901 0.883 0.878 0.880 - - - - 0.919 0.928 0.910 0.919
NLIN(Zhang et al., 2024) 0.903 0.875 0.883 0.879 0.874 0.848 0.841 0.844 0.922 0.917 0.922 0.919
MS-SFM 0.910 0.882 0.884 0.883 0.915 0.915 0.906 0.910 0.924 0.925 0.924 0.924

Table 1: The accuracy, precision, recall, and F1-score of the fake news detection model on three datasets are
presented. Bold indicates the best performance, while the second-best performance is underlined.

Category Ablation Settings
Pheme

Accuracy Precision Recall F1-Score
Full Model MS-SFM 0.910 0.882 0.884 0.883

- w/o AMF 0.878 0.833 0.867 0.847
Intra-modal Disparity - w/o FSE 0.875 0.831 0.857 0.843

- w/o MSS 0.893 0.860 0.858 0.859
- w/o EUF 0.884 0.843 0.863 0.852
- w/o FFS 0.880 0.840 0.849 0.844

Inter-modal Disparity - w/o trigge 0.899 0.869 0.865 0.867
- w/o amplitude comparison 0.893 0.856 0.869 0.862
Use Max 0.814 0.762 0.721 0.736
Use Mean 0.891 0.848 0.890 0.865

Table 2: The accuracy, precision, recall, and F1-score
of the Pheme dataset in the ablation studies.

Ablation Settings Pheme

Accuracy Precision Recall F1-Score

MS-SFM 0.910 0.882 0.884 0.883
- w/o Private Image 0.882 0.841 0.859 0.849
- w/o Private Text 0.853 0.805 0.831 0.816
- w/o Shared Feature 0.873 0.833 0.836 0.834

Table 3: Ablation study on the contribution of private
and shared features.

both text and image features is 768. The hyperpa-
rameter θ is set to 0.5 across all three datasets, the
number of scales S is set to 3, and the temperature
coefficient τ is set to 0.7. The model is trained for
30 epochs on each dataset with a learning rate of
1e-3 and a batch size of 30. All experiments are
conducted on a single Tesla A100 GPU.

4.2 Main Results

We compare the MS-SFM model with nine rep-
resentative baseline methods on three multimodal
rumor detection benchmark datasets. The detailed
experimental results are presented in Table 1, and
the analysis is as follows:

Firstly, across all three datasets, our proposed
MS-SFM method consistently outperforms other
comparison methods on nearly all evaluation met-
rics, fully demonstrating the effectiveness of MS-
SFM in enhancing the performance of multimodal
rumor detection tasks.

Secondly, among the baseline models, MVAE
and SAFE performed relatively poorly, which may
be attributed to their use of Text-CNN and Bi-
LSTM, resulting in suboptimal text representations.
In contrast, methods such as NLIN and Event-
Radar utilize the CLIP text encoder, enabling them
to extract more effective text representations and
achieve better performance. This highlights the
crucial role of text representation in multimodal
rumor detection tasks.

Finally, MS-SFM consistently outperforms all
baseline methods across all evaluation datasets,
demonstrating a clear performance advantage, es-
pecially when compared to FSRU, which was the
first to introduce a multimodal frequency-domain
framework into rumor detection. This improve-
ment indicates that simply transforming modal
data into the frequency domain and processing
it there is insufficient to fully unleash the poten-
tial of frequency-domain features. In contrast,
MS-SFM effectively alleviates the problem of fea-
ture noise by conducting fine-grained extraction of
key information, thereby obtaining more efficient
frequency-domain representations. Moreover, the
model explicitly models cross-modal heterogeneity,
enabling a deeper understanding and integration of
multimodal information, which significantly en-
hances its discriminative ability in rumor detection
tasks.

Fusion Methods Pheme

Accuracy Precision Recall F1-Score

Uncertainty Fusion 0.910 0.882 0.884 0.883
Late Fusion(Average) 0.889 0.860 0.893 0.874
Late Fusion(Max) 0.878 0.845 0.825 0.834
Learned Attention 0.886 0.852 0.848 0.850

Table 4: Performance of different fusion methods on the
Pheme dataset.
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Figure 3: Two visualization examples of the energy distribution of the frequency features and the uncertainty fusion
weight during the classification process, including both matched and mismatched cases of images and texts. The
dispersion of the energy distribution reflects the noise level in the frequency features, while the fusion weight is the
basis for classification used by the classifier after being adjusted by our method.
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Figure 4: Comparison of model performance under dif-
ferent perturbation settings on the Pheme dataset. Here,
Image mismatch and Text mismatch denote randomly
shuffling images or texts to simulate cross-modal incon-
sistency scenarios, while Image noise and Text noise
represent the injection of Gaussian noise into image
and text features, respectively, to simulate misleading
frequency-domain characteristics.

5 Analysis

5.1 Effect of MSS

To investigate the effect of intra-modal discrepan-
cies, we conducted ablation studies, with results
shown in Table 2.

When removing the Adaptive Multi-scale Filter
(−w/o AMF), the performance dropped by about

3.2%, indicating that multi-scale modeling can
more effectively capture fine-grained frequency-
domain features, thereby improving rumor detec-
tion performance.

When removing the Frequency Squeeze-and-
Excitation module (−w/o FSE), the performance
significantly decreased, highlighting the impor-
tance of this frequency-domain feature selection
mechanism, which assigns higher weights to im-
portant frequency features during training and thus
improves detection accuracy.

When the Multi-scale Spectrum Selection mod-
ule (−w/o MSS) was removed, the accuracy
dropped by 1.7%, indicating that effective feature
selection across multiple frequency scales is cru-
cial for capturing key information. This further
validates the crucial role of mitigating noise issues
in improving detection performance.

5.2 Effect of Uncertainty Fusion

We remove the entropy-driven uncertainty fusion
module (−w/o EUF) and instead concatenate
modal features directly, followed by a multi-layer
perceptron for prediction, resulting in a 2.6% per-
formance drop. This indicates that shared and pri-
vate information across modalities contribute differ-
ently. Replacing weighted fusion with average fu-
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sion and max fusion causes performance decreases
of 1.9% and 9.6%, respectively, demonstrating that
our strategy effectively leverages information dif-
ferences to assign weights, enhancing decision fu-
sion and task accuracy.

Furthermore, removing the frequency-domain
feature separation mechanism (−w/o FFS) and ap-
plying a unified weighting strategy to fuse text and
image features leads to a 3.0% performance drop,
though still better than the case without EUF. This
shows that text and image modalities contribute
differently to the task. Our method models fine-
grained feature differences to achieve more effec-
tive feature fusion, improving overall performance.
Additionally, removing the trigger operation and
frequency amplitude comparison also reduces per-
formance, further validating the effectiveness of
the frequency-domain separation strategy.

5.3 Feature Contribution Analysis
To analyze the impact of private and shared fea-
tures on model performance, we conduct ablation
experiments, with results shown in Table 3. Re-
moving private image features, private text fea-
tures, or shared features all lead to performance
declines, demonstrating their importance for rumor
detection. Notably, removing private text or shared
features causes more significant drops, indicating
their crucial roles in capturing modality-specific
and cross-modal information. In contrast, remov-
ing private image features resulted in a smaller de-
crease, suggesting a relatively lower contribution.
These results show that private and shared features
carry different levels of information, and their col-
laborative integration is a key factor in enhancing
model performance.

5.4 Comparison of Different Fusion Methods
To further validate the effectiveness of the proposed
uncertainty fusion mechanism, we conduct com-
parative experiments, including late fusion (max
and average fusion) and learnable attention mech-
anisms, all without entropy calculation or uncer-
tainty evaluation. As shown in Table 4, max fu-
sion performed the worst, as it only selects the pre-
diction branch with the highest probability, result-
ing in information loss. Although average fusion
equally considers information from all branches,
it ignores the differences in confidence and relia-
bility across modalities, thereby limiting the im-
provement of the fusion performance. In contrast,
the uncertainty fusion mechanism adaptively ad-

justs modality weights based on prediction entropy,
more accurately capturing inter-modal discrepan-
cies and effectively suppressing the influence of
low-confidence modalities on the final decision,
thus achieving optimal performance.

5.5 Robustness Analysis
To evaluate the impact of cross-modal inconsis-
tency and misleading frequency features, we con-
duct perturbation experiments. As shown in Figure
4, substituting irrelevant images yields 85.8% accu-
racy, indicating robustness to visual perturbations,
whereas replacing irrelevant text causes a sharp
decline, underscoring the dominant role of textual
information. Injecting noise into image features
achieves 86.2% accuracy, slightly higher than im-
age replacement, suggesting that frequency-domain
noise can be effectively suppressed. By contrast,
noise injection into text features reduces accuracy
to 74.8%, reflecting the higher vulnerability of tex-
tual representations, where local perturbations can
disproportionately disrupt semantic integrity.

5.6 Case Study
To more intuitively demonstrate the evolution and
fusion process of frequency representations in MS-
SFM, we visualize the energy distribution of the
frequency-domain features before and after multi-
scale spectral selection (MSS), as well as the con-
fidence weights of each information branch in the
entropy-driven uncertainty fusion mechanism (see
Figure 3). The results show that before selection,
the energy distribution of frequency-domain fea-
tures is dense, with some potential noise present
across the frequency spectrum. After the MSS, the
energy distribution becomes sparser, indicating that
the model can effectively filter out noise while re-
taining key frequency bands. Additionally, when
modalities are consistent, the model increases the
weight of shared features; when they are incon-
sistent, it tends to rely more on the text modal-
ity—aligning with the common understanding that
text features are generally the dominant modality.
This also indicates that a fixed fusion strategy is
not applicable, as a certain branch might be overly
suppressed, leading to misclassification. This fur-
ther highlights the crucial role of the uncertainty
fusion mechanism.

6 Conclusion

MS-SFM addresses challenges in multimodal
frequency-domain rumor detection, including intra-
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modal noise and cross-modal content inconsistency.
First, a multi-scale spectral selection module filters
noise and extracts key frequency features. Second,
a modality separation mechanism distinguishes
shared and modality-specific image and text fea-
tures. Third, an entropy-based uncertainty fusion
strategy dynamically integrates information across
modalities. Experimental results demonstrate that
the proposed method effectively improves rumor
detection performance.

7 Limitations

Experimental results indicate that weighting differ-
ent information branches based on feature separa-
tion helps capture inter-modal differences. How-
ever, the current feature separation strategy has a
strong dependence on the hyperparameter θ, which
relies on manual tuning. We plan to conduct more
in-depth research on this issue in the future, aiming
to propose a better solution.
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A Computational Cost

To objectively present the computational cost
of MS-SFM, we use the baseline model
(ResNet50+BERT) with all extended components
removed as a reference, and the comparison data is
shown in Table 5. Experimental results demon-
strate that even with the integration of innova-
tive modules such as frequency band selection
and multi-scale fusion, MS-SFM still maintains
a lightweight architectural feature: the model has
only 112.9 million parameters and a computational
complexity of 206.3 GFLOPs. In terms of key
performance indicators, its accuracy is 8.5 percent-
age points higher than that of the baseline model
(91.0% vs. 82.5%), while the inference latency per
sample remains at an extremely low level of 0.0012
seconds. This synergistic advantage of high perfor-
mance and high efficiency makes MS-SFM show
significant adaptability in resource-constrained en-
vironments and latency-sensitive scenarios, espe-
cially suitable for real-time content detection tasks
on social media platforms such as Twitter and
Weibo.

Model Parameters
(M)

FLOPs
(G)

Latency
(s/sample)

Inference Time
(s/sample) Accuracy

MS-SFM 112.896 206.262 0.0012 0.0012 91.0%
ResNet50+BERT 111.516 205.650 0.0006 0.0008 82.5%

Table 5: Comparison of model efficiency and accuracy
on the PHEME dataset.
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