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Dual-Attention Network for Rumor Detection
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Abstract—Multimodal rumor detection aims to automatically
identify real or fake news, thereby mitigating the adverse effects
of misinformation. Although existing methods are effective, they
pay insufficient attention to frequency features and often fail to
fully integrate multimodal features. To address these challenges,
we propose the FS-DARD model. First, we extract frequency
features from images using the discrete cosine transform and
design a spatial-frequency fusion stream based on an attention
mechanism to enable comprehensive interaction between dif-
ferent image features. Next, we develop an image-text fusion
stream that incorporates textual semantic features into the
discrimination process. Finally, we introduce a gating mechanism
during feature fusion to select the most representative features
for detection. Experiments on three public datasets, Weibo,
Twitter, and GossipCop, demonstrate the superiority of our
model. Now, our code is available at https://anonymous.4open.
science/r/FS-DARD-76E2.

Index Terms—multimodal, rumor detection, discrete cosine
transform, attention mechanism.

I. INTRODUCTION

The rapid evolution of social media and digital communi-
cation platforms has fundamentally reshaped the global infor-
mation landscape. While these technologies have democratized
information access, they have also created a fertile breeding
ground for the viral spread of rumor that is intentionally and
verifiably false, designed to mislead readers. The unchecked
dissemination of rumor poses a severe threat to modern
society. At the social level, malicious rumor undermines the
credibility of mainstream media and public institutions [29]. In
terms of public safety, during public health incidents or natural
disasters, the spread of rumors can directly threaten people’s
lives [30]. On political level, malicious people manipulate
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public opinion through algorithms, interfering with the fairness
of elections or policy implementation [31].

Rumors typically have exaggerated headlines, strong emo-
tional language, and manipulated images. Therefore, the re-
searchers extracted features such as word frequency, part of
speech, emotional tone, and image-text semantics, and then
used deep learning models to identify a post as a rumor
[32]. Such methods are called Content-based Methods. In
the early days, content-based rumor detection uses only text
information as input. Early detection methods relied solely
on text content [36], [37], but these are no longer effective
in the current environment where multimodal misinformation
is widespread. Rumor detection shifted towards a multimodal
approach. Qian et al. [19] detected rumors based on a multi-
layered semantic relationship modeling approach. Qi et al.
[27] focused extensively on the complementary information
between different modalities, the enhancement of multimodal
information, and the comparison between multimodal infor-
mation. Lao et al. [15] utilized fourier spectrum analysis to
obtain forgery clues. However, these detection methods often
focus solely on either semantic information or frequency infor-
mation, neglecting the possibility of detecting misinformation
from other perspectives. For example, images generated by
generative adversarial network(GANs) often have distinctive
frequency representations [42].

Despite significant advances in rumor detection, existing
detection systems face several critical bottlenecks. [35] 1)
Modern fake news is rarely text-only; it often incorporates
Deepfake images or manipulated videos. ii) Most existing
methods focus on the semantic information of images while ig-
noring their physical features, such as many forgery traces that
can often be detected through frequency features. Effectively
fusing features across different modalities remains a significant
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challenge.

To address the challenges mentioned above, this study pro-
poses Frequency-Semantic Dual-Attention Rumor Detector
(FS-DARD). The primary contributions of our work can be
summarized as follows:

o We obtained the image’s frequency features based on
the discrete cosine transform and carefully designed a
frequency feature extractor and a frequency-spatial fusion
module.

o We designed image-text fusion module based on self-
attention and cross-attention mechanisms, and optimized
this module using a gating mechanism.

« Based on the modules we proposed, we present a novel
end-to-end method to detect fake news on social media
using only text and accompanying images.

o Extensive experiments on three datasets demonstrate
that our model consistently outperforms state-of-the-
art (SOTA) benchmarks, particularly on the imbalanced
dataset of GossipCop, our method can also mitigate the
negative impact of the data distribution and achieve better
results than other models.

II. RELATED WORK
A. DCT on Disinformation Detection

DCT is now widely applied in computer vision. Researchers
have adapted DCT for disinformation detection to enable
rapid identification of rumor patterns in the frequency domain.
Kwon et al. [23] combined RGB and DCT streams to jointly
learn compression artifact features in both the RGB and DCT

domains, thereby achieving precise localization of image splic-
ing regions. Zhu et al. [22] extracted and separated the high-
frequency and low-frequency information of images through
DCT and designed a parallel fusion stream to detect image
manipulation. Dutta et al. [24] explored the combination of
wavelet transform and DCT, utilizing the energy distribution
across different frequency bands to quickly identify deepfake
videos. However, the aforementioned studies applied DCT
only to unimodal disinformation detection and did not inves-
tigate its application in scenarios involving the interaction of
multiple information modalities. Wu et al. [5] applies DCT to
multimodal rumor detection, it lacks selection and filtering of
the DCT spectrum, leading to noise dominating the detection
process.

Rumor detection and disinformation detection are two
closely related but fundamentally different concepts. Although
the definitions differ, the technical approaches of these two
concepts overlap significantly in the field of Computer Vison,
Natural Language Processing and Multimodal Learning [33],
[34]. This is why we can apply the discrete cosine transform
to rumor detection tasks.

B. Multimodal Rumor Detection Methods

In addition to the content-based method introduced in the
introduction section, there are three other methods that can be
used for rumor detection. The Propagation-based Methods
focus on how news spreads on social media. Liu et al. [25]
propose the first real time rumor debunking algorithm and
dataset Twitterl5. Ma et al. [26] introduced the concept of



propagation trees and developed Twitter16 dataset based on
Twitter15. Zhang et al. [28] detect rumors by extracting social
event elements and change them to Bipartite Ad Hoc Event
Trees. In addition to the methods mentioned above, there
are also Social Context-based Methods and Knowledge-
based Methods. These methods are achieved by constructing
a user relationship network [38], [39] and introducing external
knowledge [40], [41], respectively. Propagation-based methods
suffer from detection latency, requiring sufficient spread before
analysis, and depend heavily on restricted structural data [43].
Social context-based methods excel by analyzing propagation
patterns and user reactions but suffer from significant detection
latency and vulnerability to social manipulation [44]. In con-
trast, knowledge-based methods provide high explainability by
verifying claims against authoritative databases; yet, they are
hindered by the incompleteness and time-lag of knowledge
graphs, especially regarding breaking news [45].

III. METHODOLOGY
A. Overview of Problem and Model

There exists a pair of image and text (I,7") representing
news to be published. Our goal is to design a discriminative
model that determines whether the news corresponds to a
real event or a rumor. The model outputs 1 to indicate
that the image-text pair is false, and O to indicate that it
is true. FS-DARD is the proposed model, with its detailed
architecture shown in Figure 1. FS-DARD takes spatial and
spectral features of images, as well as semantic features of
text, as inputs. It includes a spatial-spectral fusion module, an
image-text fusion module, and a discriminator composed of a
multilayer perceptron.

B. Multimodal Feature Extraction

a) Spatial Feature Extraction: Spatial features are used
to describe and analyze image content. To effectively extract
these spatial features, we employed ResNet-50 [2] for feature
extraction. The extracted features were then passed through
an embedding layer to produce a set of tensors, denoted as
S =[S, 52, ...,.5,]. This set of tensors represents the spatial
and semantic features of the image.

b) Spectrum Feature Extraction: The study [1] found
that fake news often involves re-compressed or tampered
images that show periodicity in the frequency domain. These
forgery cues can be easily captured by convolutional neural
networks (CNNs). Therefore, analyzing the image spectrum
provides an alternative perspective for revealing image forgery
cues. We carefully designed a DCT-CNN Network to capture
forgery cues in the image spectrum. The network architecture,
inspired by [3], [5], is illustrated in Figure 2. The DCT-
CNN Network is a specialized feature extraction module that
integrates 2D DCT with a multi-branch lightweight CNN; it
functions by first converting input images into the frequency
domain to isolate low-frequency coefficients, then processing
these via a residual-based stem and three parallel convolution
branches for multi-scale feature learning, and finally utiliz-
ing a Squeeze-and-Excitation (SE) attention mechanism [14]

alongside global average pooling to generate a robust, flattened
frequency-domain feature representation. Finally, the spectral
features are also embedded as a set of tensors, denoted as
F=[F1,F2,.. Fnl.

c) Text Feature Extraction: Text semantic features are
extracted by BERT [4]. Each word in the sentence is encoded
into a feature vector, resulting in a series of patch embeddings.
This is denoted as T' = [T1,T5, ..., Tp)-

C. Multimodal Feature Fusion

a) Gated Attention: Gated Attention [6] achieves selec-
tive attention to important information and filters out noise
by adding a data-dependent gating signal after the value. In
our model, we apply this mechanism to cross-attention in
order to select crucial information from different modalities.
For example, when reading news accompanied by images, we
typically first concentrate on one modality, such as the title
text. Then, we look for images related to that text to serve as
supporting evidence. After examining the images, we assess
the truthfulness of the news. Introducing an attention gate in
this evaluation process means that, when processing informa-
tion, our brains initially filter out non-essential details from
both images and text, relying only on the key information to
make a judgment. We apply gating exclusively to co-attention
because self-attention inherently reinforces information.

Gated Attention’s calculation method is similar to that of
multi-head attention [10]. Firstly, We use linearly project W
on the input Query (Matrix (Q), Key (Matrix K), and Value
(Matrix V') to unify their dimensions to the model embedding
dimension.

Q=QxWo,K=Kx«Wg,V=VxWy. (1)

Then, split the projected Q, K, V into h heads, where each
head has a dimension of d; = dyode1/h, i € (1, h). Thirdly,
compute attention weights for each head and weight V by
these weights.

QK]
Vg,
Finally, we concatenate the outputs of all heads to get the
result Y. After add a gate, our calculation method should be:

Y' =g(Y,X,Wp,0) =Y ® a(XWy), 3)

Y; = softmax < ) Vi,i € (1,h). 2)

where X is the input used to calculate the gating score, Wy
is learnable parameters in gating, o is activation function and
Y is the result of attention calculation.

b) Attention Block and Fusion Stream: Following the
Transformer architecture, we combined the attention mech-
anism with Add&Norm and Feed-Forward Network (FFN)
layers to get Self-Attn and Co-Attn blocks. Based on these two
attention blocks, we designed two fusion streams. In Spatial-
Frequency Fusion Stream, spatial feature embeddings and
DCT feature embeddings are input into two Co-Attn Blocks to
refine the correlation between spatial semantics and frequency
domain patterns. Then, the Co-Embedding module integrates
these into a unified spatial-frequency fusion feature, capturing
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both spatial content and frequency domain details. In Image-
Text Fusion Stream, the Self-Attn Block first strengthens the
logical connections within the text. Subsequently, the spatial-
frequency fusion features are input into the Co-Attn Block
to perform cross-modal attention matching between image
and text. After multiple rounds of interaction, a cross-modal
feature R that fuses image spatial-frequency features and
text semantic features is produced. This feature is used to
determine the truthfulness of the news.

D. Detection Head and Loss Function

We define a simple Multi-Layer Perceptron network M as
our prediction head, which consists of two linear layers and
an activation function. We use the output of M to represent
the probability that a news image-text pair is fake news, this
probability can be denoted as ¢. The loss function is devised
to minimize the cross-entropy value [7]:

L = —ylog * (§) — (I —y) xlog(1 —7), 4)

where y is the label. For datasets that have imbalanced labels,
we use FocalLoss [8] for optimization.

FL = —ay (1 —p;)? *log(py), o)

where p; is the probability that the model correctly predicts
the class. (1 —p;)” is modulating factor, «; is balance factor.

IV. EXPERIMENT
A. Experiment Datasets and Settings

a) Experiment Datasets: We use three public real-world
social media datasets: Weibo [12], Twitter [11], and Gossipcop
[13]. These three datasets are commonly used in content-
based rumor detection tasks. Weibo is a widely used Chinese
dataset for rumor detection. The real news comes from China’s
authoritative news agency, Xinhua News. The Twitter dataset
is also a well-known multimodal dataset used for rumor
detection. The data inside comes from real users’ tweets on
the Twitter website. The Gossipcop dataset is a subset of
FakeNewsNet, primarily focusing on fact-checking news in
the entertainment sector. Before the experiments, we filtered
out unimodal news without images or textual descriptions,
news with videos, and non-English/non-Chinese news. Then
we performed word segmentation and removed stop words
from the text. Some metadata for the three datasets are shown
in the Table L.

TABLE I
METADATA OF THREE DATASETS.

Head weibo  twitter  gossipcop
rumor number 4174 5371 2715
non-rumor number 3632 7258 9615
train set number 6118 11635 9863
test set number 1688 994 2467




b) Experiment Settings: Our parameter design is di-
vided into general parameters and parameters set for specific
datasets. In terms of general parameters, Our experiments are
conducted on server with Linux operating system and single
4090. We set batch size to 32, dropout rate to 0.3, max text
sequence to 128 and random seed to 777. In attention mech-
anism, the attention heads number and dropout rate are set to
12 and 0.1. The parameters set for the specific dataset include
learning rate, backbone freezing epochs, training epochs and
warmup number. All these parameters are shown in the Table
II.

TABLE I
PARAMETERS SET FOR SPECIFIC DATASET.

Head weibo  twitter  gossipcop
epoch number 30 15 50
learning rate 3e-6 Se-7 3e-6
backbone frozen number 3 15 3
warmup number 6 2 6

B. Comparison Experiment

a) Baseline and Evaluation Metrics: To better validate
the effectiveness of FS-DARD, we selected different baseline
models for each dataset. These baseline methods are sourced
from top conferences such as SIGIR, WWW, AAAI. These
methods use cross-modal learning, fourier spectrum, and exter-
nal information enhancement to achieve rumor detection. We
evaluate these methods using four metrics: accuracy, recall,
precision, and Micro-F1 score. As not all baseline models had
been tested on all three datasets, we try our best reproduced the
experiments and reported our reproducing results. The names,
sources and experimental results of all models are presented
in Table III.

Experimental results demonstrate that FS-DARD consis-
tently outperforms all competing methods in terms of overall
Accuracy across all datasets, achieving 0.954, 0.953, and
0.903 respectively. Notably, on the Gossipcop dataset, FS-
DARD shows a significant improvement in the rumors F1-
score (0.781) compared to the second-best model (0.680), rep-
resenting a substantial gain in detecting minority class samples
in imbalanced scenarios. While some baselines like ERIC-
FND achieve competitive Precision in specific metrics, FS-
DARD maintains the most robust and balanced performance
across the majority of evaluation dimensions (indicated in red).

From the experiments, we can also see that the Twitter
dataset, due to its small number of images and one image
corresponding to multiple texts, allows all models to achieve
good results. However, when the test scenario is switched to
GossipCop dataset, most of these models struggle to finish
their task. Our model not only got the highest accuracy, but
also performed evenly, achieving the best results for both
rumor cases and non-rumor cases.

C. Ablation Experiment

To better evaluate the role of each module in the model,
we remove each module from the entire model for compari-
son. ALL” indicates that the model FS-DARD includes all
modules, containing the frequency domain features (F), the
spatial-frequency fusion stream module (SF), the image-text
fusion stream module (IT), and the gating mechanism of the
co-attn blocks (GA). We report the ablation experiment results
in Table IV.

Table IV compares the performance of the FS-DARD
method and its ablated variants across three datasets: Weibo,
Twitter, and Gossipcop. FS-DARD achieves the highest accu-
racy and F1 on Weibo (0.954/0.953) and Twitter (0.953/0.950),
and leads on Gossipcop (0.903/0.935). Removing any com-
ponent—whether F, SF, IT, or GA—causes noticeable drops,
especially on Gossipcop, where accuracy falls from 0.903 to
as low as 0.618 without IT. These results confirm that every
module contributes to the overall robustness of FS-DARD.
Because nearly 50% of the images in the GossipCop dataset
are manipulated celebrity faces, face swapping often leaves
forgery traces in the frequency domain.

FS-DARD’s superior accuracy stems from the synergistic
interplay of its four components. In F, frequency features de-
rived from DCT offer a novel perspective for detecting rumors.
These features help us understand the details and structure of
images, thereby detecting artifacts that are difficult to detect
in news images. The SF effectively combines image spatial
semantics with frequency features, allowing frequency features
to truly play their role. The IT (Fusion) layer compresses text,
images, and propagation structure information into a unified
semantic space, mitigating single-modal noise. GA can filter
noise to some extent, but the model is close to complete even
without GA, so eliminating GA has the least impact.

D. Visualization and Case Studies

Now we use the t-SNE tool [9] to visualize our classification
results. We can observe from Figure 4 that after classification
by our model, the isolation area between the two types of
samples is more distinct, thanks to the effective multimodal
feature extraction and attention-based fusion in our model. The
application of these modules in our method is based on our
in-depth understanding of the characteristics of multimodal
rumors, and ultimately facilitates the distinction between fake
news and real news.

weibo twitter gossipcop
Fig. 4. Visualization of the classification results for the three datasets shows
that our model can successfully identify rumors.



TABLE III
PERFORMANCE COMPARISON ON DIFFERENT MODELS AND DATASETS.

Dataset Method Source Accuracy Rumor Non-Rumor
Precision  Recall Fl-score Precision Recall Fl-score
CAFE [16] WWW 2022 0.840 0.855 0.830 0.842 0.825 0.851 0.837
FSRU [15] AAAI 2024 0.901 0.922 0.892 0.906 0.879 0913 0.895
Weibo ERIC-FND [17] AAAI 2025 0.946 0.985 0914 0.948 0.908 0.984 0.944
RaCMC [18] AAAI 2025 0.915 0.910 0.924 0.917 0.921 0.906 0914
FS-DARD Ours 0.954 0.942 0.958 0.949 0.964 0.951 0.958
HMCAN [18] SIGIR 2021 0.897 0.971 0.801 0.878 0.853 0.979 0.912
CAFE [16] WWW 2022 0.806 0.807 0.799 0.803 0.805 0.813 0.809
Twitter FSRU [15] AAAI 2024 0.952 0.983 0.938 0.960 0.901 0.984 0.940
W ERIC-FND [17] AAAI 2025 0.945 0.987 0.910 0.947 0.905 0.986 0.944
FS-DARD Ours 0.953 0.966 0.944 0.955 0.933 0.959 0.946
DistilBert [21] ARXIV 2021 0.857 0.805 0.527 0.637 0.866 0.960 0911
CAFE [16] WWW 2022 0.867 0.732 0.490 0.587 0.887 0.957 0.921
Gossipcop  FSRU [15] AAAI 2024 0.849 0.729 0.636 0.680 0.898 0913 0.905
RaCMC [18] AAAI 2025 0.879 0.745 0.563 0.641 0.902 0.954 0.927
FS-DARD Ours 0.903 0.750 0.814 0.781 0.947 0.924 0.935
TABLE IV V. CONCLUSION
ABLATION EXPERIMENT RESULTS. . .
This paper proposes a novel Frequency-Semantic Dual-
Weibo Twitter Gossipcop Attention Network to address the challenge of fusing text and
Method ~ Accuracy FI  Accuracy Fl  Accuracy FI image features for rumor detection. We utilize three different
networks to extract features from frequency domain, spatial
FS-DARD 0.954 0.953 0.953 0.950 0.903 0.935 . . . q y . p
w/o F 0.889 0.889 0.918 0.917 0.738 0.685 domam, and text domaln, respectlvely. Then, two different
-w/o SF 0.894 0.893 0945 0944 0745  0.697 fusion modules are designed based on attention mechanisms to
-w/o IT 0.858 0.855 0.937 0.936 0.618 0.584 fullv 1 I h ifferen f f I E rimen n
wlo GA 0909 0908 0958 0956 0858  0.799 ully leverage the different types of features. Experiments o

This is real? Shark in NewJersey
#HurricaneSandy#Sandy

In Nepal. Two and a half year old
sister protected by four year old
brother in Nepal

Fig. 5. Two typical examples of rumors.

Figure 5 shows two classic rumor cases. In the left image,
a picture of a shark has been spliced into the water, and such
manipulation techniques can easily be detected through spatial
and frequency domains. The image on the right illustrates a
classic case of semantic inconsistency between the text and
the image. In fact, the two main people in this photo are
Vietnamese and did not experience an earthquake.

three public rumor detection datasets validate the effectiveness
of the proposed method, showing that FS-DARD is better
than current state-of-the-art methods. In the future, we will
continue to research content-based rumor detection methods
and attempt to uncover more fine-grained forgery clues.
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