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Abstract

With the widespread proliferation of the Inter-
net, the spread of fake news has accelerated
significantly, evolving from single-text content
to multimodal forms that include images and
videos. The task of Multimodal Fake News De-
tection (MFND) takes both text and relevant im-
ages as input for fake news identification. How-
ever, issues such as image noise and inaccurate
focus of visual features often lead to insuffi-
cient attention to critical information within im-
ages during multimodal fusion. To effectively
address these challenges, we propose a covari-
ance matrix-driven image channel allocation
method. This method first expands the number
of original channel maps, then evaluates the im-
portance of image channels through the covari-
ance matrix and assigns importance scores to
the expanded channel maps, thereby redirecting
the focus of visual features. Subsequently, we
design a multimodal fusion strategy based on a
multilayer Co-Attention mechanism to achieve
dynamic fusion across modalities. Finally, a
contrastive learning loss is introduced to en-
hance the alignment between textual and visual
modalities. Extensive experiments demonstrate
that our method achieves state-of-the-art perfor-
mance on three public multimodal fake news
detection benchmark datasets.

1 Introduction

With the rapid expansion of social media, online
platforms such as Twitter and Weibo have become
crucial information sources for the public. Al-
though these platforms facilitate the dissemination
of news, they provide fertile ground for the pro-
liferation of fake news. Consequently, fake news
detection has attracted significant attention from
the research community. In comparison to plain
text, multimodal information is more intuitive and
can elicit stronger emotional responses from users
(Shu et al., 2017). It is frequently used as a medium
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Figure 1: An example illustrating the image noise and
improper focus of visual feature in multimodal samples.

for news dissemination (Wu et al., 2015) and has
therefore become a vital basis for fake news detec-
tion. Multimodal Fake News Detection (MFND)
simultaneously takes the text and a relevant image
as input for fake news detection, has emerged as a
research focus and is gaining increasing attention.

Most existing MFND methods focus on design-
ing an efficient multimodal fusion framework to
bridge the semantic gap between images and texts.
Previous studies have fed images and texts directly
into multimodal encoders, employing fusion meth-
ods such as concatenation (Jin et al., 2017; Wang
et al., 2018) and attention mechanisms (Wu et al.,
2021; Wang and Sui, 2021), followed by fake news
detection. However, these methods overlook the in-
terference caused by noise in the images, which can
disrupt fake news detection. Some studies attempt
to alleviate this issue by extracting salient visual en-
tities and feeding them into the image encoder (Qi
et al., 2021). Although this method reduces noise
to some extent, it inevitably overlooks some impor-
tant features beyond the visual entities in the image,
which also play a significant role in fake news de-
tection. We summarize two main shortcomings of
current methods:

Noise of Multimodal Samples It is often chal-
lenging to acquire an image that precisely corre-
sponds to the textual information. As shown on the
left of Figure 1, the objects enclosed in the green
box of the image correspond to the phrase "Police
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forces take position" in the post sentence, repre-
senting valuable visual information for fake news
detection. In the task of multimodal fake news de-
tection (MFND), visual noise primarily originates
from background elements irrelevant to the text,
such as shrubs, roads, and street lights. These el-
ements may introduce cognitive bias and degrade
detection performance. Therefore, exploring ef-
fective image denoising techniques is essential for
improving the accuracy of the MFND task.

Improper Focus of Visual Feature Map Al-
though existing methods have enabled models to
focus on relevant visual information during the mul-
timodal fusion process, they have not fundamen-
tally addressed the issue at the visual feature level.
As illustrated in Figure 1, the image is mapped into
channel maps and fed into the image encoder to
obtain visual features. However, the visual feature
assigns weights to the irrelevant background region,
resulting from improper image channel allocation
of the channel map. This can mislead the attention
assignment of image encoders and interfere with
the multimodal fusion process. We posit that if the
model can identify salient information from the per-
spective of image channels and modulate its focus
on the size distribution of the channel map, it can
optimize the encoded visual features without sac-
rificing global visual information. This approach
would thereby achieve the goal of filtering image
noise at the visual feature level.

In order to address the aforementioned chal-
lenges, we propose a Covariance Matrix-Driven
Image Channel Allocation method (abbreviated as
CoM-ICA) to effectively guide visual features to
focus on salient information. Firstly, we expand
the original image channel maps into richer chan-
nel representations through convolutional neural
networks. Secondly, we evaluate the importance
of each channel through the calculation of channel
scores based on channel covariance matrix. Thirdly,
we allocate the calculated channel scores to the ex-
panded channel maps, and reconstruct the channel
maps back to their original dimensions through
another convolutional neural network. For the
multimodal fusion method, we propose an image-
feature-dominated multilayer Co-Attention Trans-
former to dynamically and selectively integrate text
and visual features. Contrastive learning loss is
utilized to enhance multimodal alignment. Over-
all, we employ a covariance matrix-based method
to calculate importance scores to image channels,

enabling the model to focus on crucial visual in-
formation while minimizing information loss. By
optimizing both the visual feature and cross-modal
fusion, we enhance the performance of multimodal
fake news detection.

The main contributions of our work are as fol-
lows:

• We propose a covariance matrix-based chan-
nel importance evaluation method that mod-
els the correlations and linear relationships
between channels to accurately assess the im-
portance of each image channel, thereby quan-
tifying its contribution to the overall feature
representation.

• A channel allocation method is proposed to en-
hance visual representation by expanding im-
age channels and assigning importance scores
to the expanded channels. Additionally, we
design a multi-layer fusion approach to facili-
tate multimodal collaboration.

• Extensive experiments are conducted on three
public datasets, and the results demonstrate
the effectiveness and superiority of the pro-
posed method.

2 Related Work

2.1 Multimodal Fake News Detection

Multimodal Fake News Detection models mainly
achieve fusion by simply concatenating image and
text features (Jin et al., 2017; Wang et al., 2018).
To learn shared representations of multimodal in-
formation, MVAE (Khattar et al., 2019) proposes a
multimodal variational autoencoder, reconstructing
multimodal representations from a learned proba-
bilistic latent model. Ma et al. (2024) integrate vi-
sual manipulation, textual emotion and multimodal
inconsistency at event-level for fake news detection.
Chen et al. (2023) conduct causal graphs to mitigate
image biases. Some works utilize the consistency
between modalities to promote fake news detection
(Chen et al., 2022; Fung et al., 2021). Furthermore,
considering the complexity of real-world scenarios,
Zeng et al. (2025) propose the IMOL framework
to address the challenges of multi-domain distribu-
tion and incomplete modalities (e.g., missing audio
or text) in news videos. However, these models
either assume the integrity of all modalities or do
not specifically address the noise issues in images.
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Police forces take position by the kosher grocery store 

in Saint-Mande, near Porte de Vincennes in Paris.

Text Encoder

Image

Importance Evaluation

⨀

Flatten

Flattened Channel Map Covariance Matrix Channel Score

Allocated Channel Map

ICA Layer 

Image Channel Allocation
Image Encoder

ICA Feature Map Original Feature Map ×

Co-Attention

Layer

𝑽𝑲

𝑸

Co-Attention

Layer

𝑸′ 𝑽𝑲

⋯× L

Transformer 

Encoder

Classifier

Real News

×
Fake News

Multimodal FusionOriginal Channel Map 

ICA Channel Map

Post

Channel Allocation

Image Encoder

Channel Expansion

Expanded Channel MapOriginal Channel Map

C
o
n

v
 

D
W

C
o
n

v
 

Existing Methods

Softmax

Figure 2: The overall architecture of CoM-ICA, which consists of two main modules: the Image Channel Allocation
module and the Multimodal Fusion module. The Image Channel Allocation module enhances the focus of visual
features, while the Multimodal Fusion module dynamically integrates multimodal information.

2.2 Image Denoising

The noise in news images primarily stems from ir-
relevant information. Fang and Feng (2022) model
the semantic information in visual features to ob-
tain a text-guided visual feature representation,
while Ye et al. (2022) employ a position-aware
masking mechanism to mask the noise components
in visual features. However, these methods filter
out noise in the multimodal fusion level using the
text modality. As for the visual feature level, a
direct approach involves extracting visual entities
by identifying key objects or regions in news im-
ages (Qi et al., 2021). Futeral et al. (2023) intro-
duce prior knowledge of text-image alignment to
filter out noisy visual information. These methods
may lead to information loss and be constrained
by external knowledge. To address these issues,
we propose an importance-based channel alloca-
tion method, filtering the noise at the visual feature
level without information loss.

3 Methodology

Figure 2 illustrates the overall architecture of CoM-
ICA, which mainly consists of an image channel
allocation module and a multimodal fusion mod-
ule. In the image channel allocation module, we

expand the number of channels, evaluate their im-
portance using a covariance matrix, assign weights
in a high-dimensional space, and then restore the
channel dimension to its original size, thereby guid-
ing visual attention to focus on critical information.
In the multimodal fusion module, we introduce an
image-feature-dominated multilayer Co-Attention
Transformer architecture to fuse textual and visual
information, combined with a contrastive learning
loss to enhance cross-modal alignment. Finally, a
classifier is used for fake news detection.

3.1 Image Channel Allocation(ICA)

Considering that improper allocation of image
channels can disrupt the focus of visual features,
we assign different weights to channels based on
their importance. This module consists of three
stages: The first stage is Channel Expansion, where
the channel map is expanded from 3× 244× 244
to 3n× 244× 244 to enhance feature representa-
tion. The second stage is Importance Evaluation,
where channel scores are calculated using the co-
variance matrix, and channels with larger variances
are regarded as more critical. The third stage is
Channel Allocation, where the scores are used to
weight the expanded channel map, assigning differ-
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ent weights to guide visual features to focus on the
key information.

Channel Expansion In this stage, an expanded
depthwise convolution (Chollet, 2017) with a ker-
nel size of 3×3 is used to encode local information
Ih from the original channel map Io. Then, a con-
volution followed by a GELU activation function is
applied for cross-channel linear combination, gen-
erating the expanded channel map Id:

Ih = DWConv3×3 (Io) , (1)

Id = Conv1×1 (ϕ(Ih)) , (2)

where Ih ∈ RH×W×C , Id ∈ RH×W×C′
, and C ′ =

nC. ϕ(·) denotes the GELU activation function.

Importance Evaluation Mathematically, vari-
ance measures the dispersion of a single random
variable. For two or more variables, this dispersion
is described by covariance. For random variables
X and Y , covariance is defined as:

Cov(X,Y ) = E [(X − E [X]) (Y − E [Y ])] .
(3)

In the multivariate case, covariance generalizes to
the covariance matrix, which describes the correla-
tion and linear relationships among variables. For
an n-dimensional variable X = (X1, . . . , Xn)

T ,
the covariance matrix is:

C =



c11 · · · c1n

...
. . .

...
cn1 · · · cnn


 , (4)

where the diagonal elements represent the vari-
ances of each variable:

cii = Var(Xi), (5)

indicating the fluctuation level of variable Xi.
In the ICA module, we leverage this property

to model channel importance. Specifically, the
expanded channel map Id is flattened into ID ∈
RC′×(H·W ), and channel-wise mean subtraction is
performed to center the data, resulting in IC ,

IC = ID − 1

H ·W
H·W∑

i=1

ID[:, i]. (6)

We first compute the covariance matrix for the cen-
tered channel map IC = (Y1,Y2, . . . ,YC′), then
extract its diagonal elements and normalize them

using the Softmax function to obtain the impor-
tance scores αi for each channel,

C =
1

H ·W − 1
IC · ITC , (7)

vi = Var(Yi), i = 1, 2, . . . , C ′, (8)

αi = softmax(vi) =
evi

∑C′
j=1 e

vj
, (9)

under this mechanism, channels with larger vari-
ances contain more information and are thus as-
signed higher weights, while channels with smaller
variances carry less information and receive cor-
respondingly lower weights. This effectively sup-
presses noise and enhances useful features. Based
on this, we can accurately assess the importance
of each channel by modeling the variability of its
features, assigning higher weights to the key infor-
mation with greater variability.

Channel Allocation Then, based on the channel
scores S = [α1, α2, . . . αC′ ], the expanded chan-
nel map Id is weighted and scaled to enhance the
weights of important channels while suppressing
the influence of less important channels:

Is = Id ⊙ S ∈ RH×W×C′
, (10)

where ⊙ denotes element-wise multiplication. Fi-
nally, a 1×1 convolution is applied to the weighted
channel map Is to restore it back to the 3-channel
ICA channel map I′:

I′ = Conv1×1 (Is) ∈ RH×W×C . (11)

3.2 Multimodal Fusion
Text Encoder As for the text encoder, we feed
the raw Text into the pre-trained RoBERTa model
(Liu et al., 2019) to generate text features:

T = RoBERTa (Text) ∈ RB×LT×dT , (12)

where B is the batch size, dT is the dimension of
the text features, and LT represents the length of
the post sentence.

Image Encoder As for the image encoder, we
feed the ICA channel map I′ into the ResNet-50
model (He et al., 2016) and extract the visual fea-
tures through flattening and a linear layer with a
ReLU activation function:

I = φ
(
w1 · Flatten

(
ResNet50

(
I′
))

+ b1
)
, (13)
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where I ∈ RB×dI , dI = dT and φ (·) denotes
the ReLU activation function. Flatten represents
the operation of flattening features into a one-
dimensional vector, w1 is the weight matrix of the
fully connected layer, and b1 is the bias term.

Multimodal Fusion Method The Multimodal
Transformer (Xu et al., 2023) integrates image and
text features through multi-head attention, achiev-
ing good results in previous studies (Qian et al.,
2021; Zhang et al., 2023). However, these methods
still lack sufficient modality alignment and fine-
grained fusion, and the visual features tend to be
weakened during fusion. To address this, we pro-
pose an image-feature-dominated multilayer Co-
Attention Transformer that progressively refines
the alignment between visual and textual features
using multiple layers of Co-Attention (MHCA).
In this model, visual and textual features interact
through multiple Co-Attention layers, each incorpo-
rating residual connections and layer normalization
(LN). The computation is as follows:

I(l) = LN
(

MHCA(l)(I(l−1),T) + I(l−1)
)
, (14)

where l ∈ [1, L], and MHCA(l) denotes the Multi-
Head Co-Attention at the l-th layer. The queries
are derived from the image features, while the keys
and values come from the textual features.

The output of the final Co-Attention layer I(L)

is fed into a multi-head self-attention (MHA) mod-
ule and a feed-forward network (FFN) for feature
refinement. Residual connections and layer normal-
ization are applied after each sub-layer to stabilize
training and preserve information,

I(L)a = LN
(

MHA
(

I(L)
)
+ I(L)

)
, (15)

F = LN
(

FFN
(

I(L)a

)
+ I(L)a

)
, (16)

where F is the output of our proposed multimodal
fusion method.

3.3 Training Objects

After obtaining the fused feature vector, we input
it into a multi-layer perceptron (MLP) for classifi-
cation:

ŷ = MLP (F) . (17)

We utilize the cross-entropy loss as our first train-
ing object:

Lp = − 1

N

N∑

i=1

(y log ŷ + (1− y) log (1− ŷ)) ,

(18)
where N represents the number of training samples,
and y denotes the true label of each sample.

Contrastive Semantic Alignment. Since news
images and textual semantics often exhibit partial
misalignment or loose correlation, we introduce a
multiscale contrastive learning module to explicitly
bridge the semantic gap. Specifically, we adopt a
refined NT-Xent loss function (Chen et al., 2020)
that incorporates a Top-K soft-alignment strategy.
Unlike standard contrastive frameworks that en-
force a strict one-to-one identity mapping, our
approach projects textual features ti and visual
features ij into a shared d-dimensional manifold
and applies L2 normalization. We then calculate
a temperature-scaled cosine similarity matrix S,
where Sij = (ti · ij)/τ . To accommodate potential
semantic overlaps in social media data, the Top-K
strategy identifies the most relevant cross-modal
pairs as potential semantic neighbors rather than
relying solely on the diagonal elements. The con-
trastive loss for the i-th sample is defined as:

Lc = − 1

N

N∑

i=1

log
exp (Sii)∑N
j=1 (Sij)

, (19)

where τ is the temperature coefficient. This ob-
jective incentivizes the model to aggregate coref-
erential cross-modal features while penalizing de-
ceptive inconsistencies, effectively transforming
semantic discrepancies into measurable spatial sep-
aration.

Finally, the total training objective is formulated
by integrating the classification loss Lp and the
contrastive loss Lc:

L = Lp+ λLc, (20)

where λ is a learnable weighting coefficient that
adaptively balances the two components.

4 Experiments

4.1 Experimental Settings
We evaluate the CoM-ICA module on three widely
used fake news detection benchmarks: Pheme (Zu-
biaga et al., 2017), Weibo (Jin et al., 2017), and
CFND (Zhang et al., 2024). The Pheme dataset con-
sists of tweets from Twitter, focusing on five major
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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
SpotFake(Singhal et al., 2019) 0.845 0.809 0.836 0.822 0.830 0.825 0.841 0.833 0.873 0.873 0.874 0.873
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
LIIMR(Singhal et al., 2022) 0.870 0.848 0.831 0.839 0.852 0.817 0.834 0.826 0.900 0.882 0.823 0.847
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
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
Event-Radar(Ma et al., 2024) 0.901 0.883 0.878 0.880 - - - - 0.919 0.928 0.910 0.919
CoM-ICA 0.923 0.911 0.896 0.903 0.925 0.922 0.920 0.921 0.936 0.936 0.935 0.935

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.

# Model
Pheme

Accuracy Precision Recall F1-Score
1 CoM-ICA 0.923 0.911 0.896 0.903
2 - w/o ICA 0.893 0.876 0.851 0.862
3 - w/o Channel Expansion 0.913 0.908 0.869 0.886
4 - w/o Channel Allocation 0.897 0.890 0.846 0.865
5 CBAM(Woo et al., 2018) 0.899 0.900 0.843 0.866
6 ECA-Net(Wang et al., 2020) 0.904 0.903 0.851 0.872
7 GCT(Yang et al., 2020) 0.908 0.902 0.864 0.880
8 MCA(Jiang et al., 2024) 0.910 0.895 0.877 0.885
9 - w/o Lc 0.917 0.905 0.884 0.894

10 CONCAT (Wang et al., 2018) 0.853 0.849 0.770 0.796
11 MMC (Han et al., 2023) 0.882 0.856 0.846 0.851
12 MMT (Xu et al., 2023) 0.914 0.892 0.897 0.894
13 TEXTQUERY 0.893 0.871 0.858 0.864

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

breaking news events. The Weibo dataset includes
real news from authoritative Chinese media such as
Xinhua News Agency, while fake news is collected
from the Weibo platform and verified through its
official fact-checking system. The CFND dataset
is compiled from multiple Chinese fact-checking
websites and official news sources, covering five
distinct domains. In our experiments, we follow the
dataset partitioning strategy used in NLIN (Zhang
et al., 2024).

We implement CoM-ICA using PyTorch (Paszke
et al., 2017), scikit-learn (Pedregosa et al., 2011),
and Transformers (Wolf et al., 2020). We use the
Adam optimizer and the learning rate is set to 5e-
4, 1e-4 and 1e-4 for Pheme, CFND and Weibo
dataset respectively. The batch size is set to 30,
the temperature for the contrastive learning loss
is set to 0.5, and the value of λ is initialized to
0.1. All the experiments are trained and evaluated
using 1 Tesla V100 GPU. For the selection of other
hyperparameters, please refer to Appendix B.

4.2 Main Results
We compare CoM-ICA with ten representative
baselines on three fake news detection benchmarks.

Table 1 presents the results and demonstrates that:
Firstly, the proposed CoM-ICA model signifi-

cantly outperforms all the baseline models. Com-
pared to the best-performing baseline model, CoM-
ICA achieves improvements of 2%, 5.1% and 1.4%
on the Pheme, CFND and Weibo datasets, respec-
tively. This underscores the effectiveness of CoM-
ICA in enhancing the performance of MFND task.

Secondly, CoM-ICA outperforms the event con-
sistency model Event-Radar(Ma et al., 2024) and
the external knowledge-based NLIN(Zhang et al.,
2024). By focusing on key regions in images, CoM-
ICA mines fine-grained correlations between im-
ages and text, fully leveraging the complementarity
of multimodal information. This not only enhances
feature representation but also improves overall
performance in fake news detection, demonstrating
the advantages of deep multimodal fusion.

Thirdly, CoM-ICA consistently outperforms
other MFND models that actively explore multi-
modal fusion frameworks, such as CAFE (Chen
et al., 2022) and MVAE (Khattar et al., 2019), un-
derscoring the efficacy of our proposed multimodal
fusion method.

5 Analysis

5.1 Effects of Image Channel Allocation
To investigate the impact of the Image Channel Al-
location module, we conduct ablation studies and
the results are presented in Table 2. When remov-
ing the Image Channel Allocation module (#2), we
observe a 3% decrease in accuracy, indicating that
ICA is able to reduce interference from irrelevant
information and enhance the performance of fake
news detection. When removing the Channel Ex-
pansion stage (#3), we also observe a 1% drop in
performance, validating that this stage is able to
minimize the information loss and capture complex
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Figure 3: Use heatmaps to visualize the channel maps
to demonstrate the effectiveness of the ICA method.
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Figure 4: T-SNE visualization of learned representa-
tions. MF denotes Multimodal Fusion.

visual features. When removing the Channel Allo-
cation stage (#4), the obvious result drop shows the
necessity of our proposed Importance Evaluation
stage and the improvement in model performance
is attributed to the proper allocation of channels
based on channel scores, rather than to the increase
in parameters resulting from the Channel Expan-
sion stage.

To further demonstrate the effectiveness of the
ICA module intuitively, we compared the visualiza-
tions of the original channel maps and the channel
maps processed by the ICA module, as shown in
Figure 3. The results indicate that the feature maps
guided by the ICA module focus more on key re-
gions closely related to the news semantics, such as
people and vehicles. Overall, through both quanti-
tative and qualitative analyses, we have thoroughly
validated the crucial role of the channel allocation
mechanism in the ICA module in optimizing visual
attention areas. This effectively enhances the dis-
criminative ability of visual features, providing a
more reliable foundation for subsequent fusion and
decision-making.

(a) Bert (b) RoBERTa

Figure 5: Accuracy on the Pheme dataset under various
text and image encoders.

5.2 Effects of the Multimodal Fusion Method
Quantitative Analysis To verify the effective-
ness of our proposed multimodal fusion method,
we conduct ablation studies, with results shown in
Table 2. Removing the contrastive learning loss
(#9) led to a performance decline, highlighting its
crucial role in modality alignment. Replacing our
fusion architecture with CONCAT (#10), which
directly concatenates text and visual features, a
multimodal Transformer(MMT,#12), and MMC
(#11), which fuses features using a cross-attention
mechanism, all resulted in inferior performance
compared to our method. This indicates that our
approach is better suited for dynamic and selective
multimodal fusion. Using text as the query vec-
tor (TEXTQUERY, #13) also caused performance
degradation, further demonstrating that visual infor-
mation plays a dominant role in fusion and empha-
sizing the importance of optimizing visual feature
focus. Overall, the ablation studies thoroughly vali-
date the effectiveness and rationality of our method.

Qualitative Analysis To further verify the ef-
fectiveness of the contrastive learning and fusion
modules, we conducted t-SNE visualization on the
Pheme test set, illustrated in Figure 4. The “-w/o
MF” variant shows that the fusion module helps
distinguish multimodal rumor features, but there is
still overlap between labels. In contrast, CoM-ICA
with contrastive learning exhibits clearer bound-
aries and significantly reduces feature overlap.

5.3 Compare Our Method to Channel
Attention Methods

We replace the ICA module with other channel at-
tention mechanisms for comparison experiments.
As shown in Table 2, the model performance drops
by at least 1.3%. Specifically, CBAM (#5) en-
hances feature representation by combining spatial
and channel attention mechanisms; ECA-Net (#6)
employs local cross-channel interactions to avoid
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Model Feature
English→German

Test2016 Test2017 MSCOCO
SA -w/o ICA ResNet 40.69 32.66 29.10
SA -w ICA ResNet 40.83 33.24 29.32

Table 3: BLEU scores of our proposed model on
Multi30K Test2016, Test2017 and MSCOCO test sets.
SA denotes Selective Attention model (Li et al., 2022).

the computational complexity of fully connected
layers; GCT (#7) adjusts feature distribution be-
tween channels using a gating mechanism; and
MCA (#8) characterizes channel distributions with
higher-order statistics such as mean, standard devi-
ation, and skewness. In contrast, CoM-ICA models
channel correlations based on the covariance ma-
trix and more accurately captures fine-grained vari-
ations in channel features. This method not only
excels at enhancing informative channel represen-
tation and suppressing noise but also offers good
interpretability by intuitively reflecting the impor-
tance of each channel. It is particularly well suited
for fine-grained feature modeling and optimization
in multimodal scenarios.

5.4 Apply Our Method to Other Encoders
To comprehensively verify the generalization abil-
ity of ICA, we conduct experiments using CoM-
ICA with various text and image encoders (see
Figure 5). The results show that different encoders
affect performance, with RoBERTa as the text en-
coder and ResNet-50 as the image encoder achiev-
ing the best results. Meanwhile, the consistent per-
formance improvements across different encoders
demonstrate that by optimizing the channel map,
ICA effectively guides visual features to focus on
important information. This enhancement does not
depend on a specific encoder, indicating good gen-
eralizability and application potential.

5.5 Generalization to Multimodal Machine
Translation

We further investigate the applicability of ICA in
multimodal machine translation (MMT), where
visual information is integrated into neural ma-
chine translation to enhance language understand-
ing through visual context. As shown in Table 3, we
conduct experiments on the Multi30K benchmark
(Elliott et al., 2016), with the training and valida-
tion sets comprising 29,000 and 1,014 instances,
respectively. The results indicate that incorporat-
ing ICA into the Selective Attention framework (Li
et al., 2022) improves BLEU scores compared with

Model Top-1 Top-5
ResNet-50 0.862 0.993
ECA + ResNet-50 0.877 0.994
ICA + ResNet-50 (Ours) 0.884 0.995

Table 4: Classification Results on the CIFAR-10
Dataset.

Model Top-1 Top-5
ResNet-50 0.623 0.858
ECA + ResNet-50 0.643 0.862
ICA + ResNet-50 (Ours) 0.650 0.879

Table 5: Classification Results on the CIFAR-100
Dataset.

the baseline without ICA. This improvement is at-
tributed to ICA’s effectiveness in optimizing the
focus of visual features, which is a key challenge
in MMT. The demonstrated effectiveness of ICA
in MMT shows its ability to filter out image noise
at the visual feature level, suggesting potential ap-
plicability to other multimodal tasks.

5.6 Generalization to Image Classification

To further evaluate the capability of ICA in pure
visual tasks, we extend its application to the Im-
age Classification task. A fundamental challenge
in classification lies in effectively distinguishing
discriminative object patterns from complex back-
grounds or redundant channel information. We con-
ducted experiments on the CIFAR-10 and CIFAR-
100 benchmarks (Krizhevsky et al., 2009) us-
ing ResNet-50 as the backbone, comparing ICA
with the baseline ResNet-50 and the parametric
attention-based ECA-Net (Wang et al., 2020).

As summarized in Table 4 and Table 5, the inte-
gration of ICA consistently outperforms both the
vanilla ResNet-50 and its ECA-enhanced version
across all metrics. Specifically, on the CIFAR-10
dataset, ICA + ResNet-50 achieves a Top-1 ac-
curacy of 88.4% and a Top-5 accuracy of 99.5%,
surpassing ECA by 0.7% and 0.1%, respectively.
A more significant improvement is observed on
the more complex CIFAR-100 dataset, where ICA
reaches 65.0% (Top-1) and 87.9% (Top-5), repre-
senting an increase of 2.7% and 2.1% over the base-
line model. These results demonstrate that even in
single-modality vision tasks, ICA’s variance-based
selection mechanism can effectively prioritize in-
formative structural features. This confirms its po-
tential as a robust, parameter-free, and plug-and-
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Ground Truth: Real - w/o ICA: Fake CoM-ICA: Real

Post: The first person killed in Charlie Hebdoattacks was 

Muslimpolice officer

Ground Truth: Fake - w/o ICA : Real CoM-ICA: Fake

Post: LIVE REPORT - Assault in Paris ( #Vincennes ). Some 

hostages are free.

Ground Truth: Real - w/o ICA : Fake CoM-ICA: Real

Post: Police forces take position by the kosher grocery store in 

Saint-Mande, near Porte de Vincennes in Paris.

Figure 6: Three detection cases from the MFND task.
The left side shows the original images, while the middle
and right figures present the visualizations of the visual
features used by the model.

play module for a wide range of computer vision
applications.

5.7 Case study

Figure 6 presents three detection cases analyzed us-
ing two different systems. The "-w/o ICA" denotes
the baseline model without the ICA module. We
employ Grad-CAM (Selvaraju et al., 2017) to gen-
erate heatmaps that visualize the attention regions
of the visual features. The results indicate that the
baseline model tends to focus on background in-
formation in the images, such as shrubbery, streets,
and text, which may be caused by improper chan-
nel map allocation. In contrast, CoM-ICA is more
inclined to attend to salient content within the im-
ages—for example, “The first person” in the first
case, “Some hostages” in the second case, and “Po-
lice forces take position” in the third case. These
cases demonstrate that the proposed ICA module
can effectively guide visual attention through im-
age channel allocation. By refining attention allo-
cation, it enhances the model’s ability to perceive
key information within the image, thereby further
validating the performance improvements brought
by the CoM-ICA architecture in the multimodal
fake news detection (MFND) task. In addition,
more illustrative visual examples are provided in

Appendix A to further support our analysis.

6 Conclusion

This paper addresses the issue of image noise
caused by inaccurate visual feature focus in the
multimodal fake news detection (MFND) task. We
propose a covariance matrix-driven image channel
allocation module to evaluate channel importance
and effectively guide visual features to focus on
salient information. Then, a multilayer perceptron
transformer is designed to dynamically fuse mul-
timodal features, and finally, contrastive learning
is employed to reduce the semantic gap between
modalities. Extensive experiments demonstrate
that the proposed method can effectively improve
the performance of the MFND task.

7 Limitations

Although the proposed CoM-ICA method has
achieved considerable results, it has not been
deeply integrated with current multimodal large
language models. In terms of the collaboration
between visual and textual features, our approach
mainly focus on the visual modality and the mul-
timodal fusion mechanism. The detailed textual
characteristics, such as emotions, stances, and other
information are not fully exploited. We identify
these directions as key challenges to be addressed
in our future research.
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A Additional Cases

Figure 7 presents six additional supplementary
cases. The first five cases further validate the effec-
tiveness of the CoM-ICA model in multimodal fake
news detection. The sixth case is a failure example
that reveals a potential failure mode of ICA. Specif-
ically, ICA hesitates between textual information
and key visual entities, causing the visual features
to lose focus on critical regions and resulting in an
incorrect prediction. This indicates that the com-
plex mixture of text and key visual entities in news
images may lead to ICA failure.

B Hyperparameter Selection

Para Pheme
CEM CL

1 0.913 0.897
2 0.906 0.910
3 0.923 0.905
4 0.902 0.923
5 0.910 0.902

Table 6: Accuracy on the Pheme dataset under different
hyperparameters, CEM stands for Channel Expansion
Multiplier and CL denotes Co-attention Layers.

To investigate the impact of different parameters
on experimental results, we conducted a grid search
on two key parameters, with the results shown in
Table 6. First, we examined the channel expan-
sion multiplier, selecting the best parameter from
candidates ranging from 1 to 5. Ultimately, the
expansion multipliers were set to 3, 3, and 4 for the
Pheme, CFND, and Weibo datasets, respectively.
Second, we studied the effect of the number of
cross-attention layers in the fusion method, also
determining the optimal number of layers through
a grid search within the range of 1 to 5. As the
number of attention layers increased, model per-
formance peaked at a certain point; excessive lay-
ers not only significantly increased computational
complexity but also failed to effectively enhance
multimodal feature fusion. Based on these results,
we set the number of Co-Attention layers to 4 for
Pheme, and 3 for both CFND and Weibo.

C Computational Efficiency

We analyze the computational cost of CoM-ICA,
with results shown in Table 7. All models have the
same number of parameters, but CoM-ICA’s train-
ing time is 410.92 seconds, significantly longer

1112

https://doi.org/10.1609/AAAI.V37I4.25670
https://doi.org/10.1609/AAAI.V37I4.25670
https://doi.org/10.1609/AAAI.V37I4.25670
https://doi.org/10.18653/v1/2025.acl-long.1494
https://doi.org/10.18653/v1/2025.acl-long.1494
https://doi.org/10.1145/3581783.3612423
https://doi.org/10.1145/3581783.3612423
https://doi.org/10.1145/3581783.3612423
https://www.ijcai.org/proceedings/2024/281
https://www.ijcai.org/proceedings/2024/281
https://doi.org/10.1007/978-3-030-47436-2_27
https://doi.org/10.1007/978-3-030-47436-2_27
https://doi.org/10.1007/978-3-319-67217-5_8
https://doi.org/10.1007/978-3-319-67217-5_8


Ground Truth: Fake - w/o ICA: Real CoM-ICA: Fake

Post: Hostage-taker in supermarket siege killed, reports. 

say.

Post: #sydneysiege: It's understood the gunman has demanded 

a meeting with the Australian PM.

- w/o ICA : Real CoM-ICA: Fake

Ground Truth: Real - w/o ICA : Fake CoM-ICA: Real

Post: #BREAKINGNEWS: Update - One person shot at War 

Memorial in Ottawa, police say.

- w/o ICA: Real CoM-ICA: Fake

Post: #CharlieHebdo-11 dead including 2 police in Paris shooting.

Post: BREAKING: Shots fired, hostages taken in manhunt for 

#CharlieHebdo attackers, police say

- w/o ICA : Real CoM-ICA: Fake

- w/o ICA : Fake CoM-ICA: Fake

Post:Make Fun of Hindu God's #PK = Creativity , Freedom of 

Expression Make Fun of A Prophet = 12 killed 

Ground Truth: Fake

Ground Truth: Fake

Ground Truth: Fake

Ground Truth: Real

Figure 7: Three additional supplementary cases. The last one marked in red represents a failure case.

Model Params (M) Training Time (s) FLOPs (MMAC) Latency (ms/sample) Acc (%)

ICA-Fadar 123.14 410.92 9893.7508 1.3234 92.3
-w/o ICA 123.14 303.15 9884.2675 1.2062 89.3
-w/o Channel Expansion 123.14 406.89 9884.2675 1.2287 91.3
-w/o Channel Allocation 123.14 401.01 9893.7508 1.2825 89.7
CBAM (Woo et al., 2018) 123.14 454.49 9889.1848 1.2641 89.9
ECA-Net (Wang et al., 2020) 123.14 397.71 9884.4181 1.2580 90.4
GCT (Yang et al., 2020) 123.14 388.71 9884.2675 1.2222 90.8
MCA (Jiang et al., 2024) 123.14 379.60 9884.2675 1.2696 91.0

Table 7: Computational Efficiency and Performance Comparison of different components and methods.

than 303.15 seconds without the ICA module. This
is mainly due to the introduction of channel ex-
pansion and enhancement mechanisms, which im-
prove expressive capacity but increase computa-
tional complexity.

In terms of computational complexity, CoM-
ICA has 9893.75 MMAC FLOPs, only about 0.1%
higher than the model without the ICA module, and
similarly less than 0.1% increase compared to other
models. This minimal overhead brings significant
improvements in feature extraction, achieving a
good balance between performance and efficiency.

During inference, CoM-ICA’s latency is 1.3234
milliseconds, slightly higher than other methods,
but it improves accuracy by at least 1.3%. The
increase in latency mainly comes from the dynamic
channel selection mechanism, yet overall remains
within the efficiency requirements of most visual
tasks.

In summary, CoM-ICA mainly increases training

time and slightly raises inference latency, while sig-
nificantly boosting accuracy from 89.3% to 92.3%.
It outperforms other mainstream attention mecha-
nisms, validating its effectiveness in enhancing the
model’s discriminative ability and feature percep-
tion, with strong practical value.

D Justification of ICA

To further illustrate the rationale for using channel
variance as a measure of channel importance in
the ICA module, we provide a theoretical explana-
tion based on convolutional mapping and variance
analysis below.

After convolutional mapping and channel expan-
sion, let each channel vector be denoted as Yi . We
can regard it as the sum of a “signal” component
and a “noise” component,

Yi = Si +Ni, (21)

where Si represents the signal containing seman-

1113



tic or structural information, and Ni denotes zero-
mean random noise. Taking the variance of Yi
and leveraging the additivity of variance (assuming
signal and noise are approximately uncorrelated)
yields,

V ar (Yi) = V ar (Si) + V ar (Ni) . (22)

Through training, the convolutional mapping
(implemented via DWConv3×3 followed by 1× 1
Conv and nonlinearity ϕ (·)) amplifies and aggre-
gates task-relevant spatial patterns in Si resulting
in larger V ar (Si) for channels carrying useful se-
mantic information. In contrast, random noise typ-
ically exhibits relatively small variance and lacks
structured correlation across channels. Therefore,
for “discriminative” channels, it usually holds that,

V ar (Si) ≫ V ar (Ni) , (23)

which implies,

V ar (Yi) ≈ V ar (Si) . (24)

For redundant channels, V ar (Si) is close to zero,
leading to a small V ar (Yi). Normalizing the chan-
nel variances vi = V ar (Yi) via the Softmax func-
tion,

αi =
evi∑
j e

vj
, (25)

which assigns higher weights to channels with sig-
nificantly larger V ar (Si), while the Softmax nor-
malization suppresses the dominance of any sin-
gle channel with abnormally high variance (if ex-
treme noisy channels exist, their relative weights
are still constrained by the overall distribution). In
summary, under the assumption that convolutional
mappings have learned to denoise and emphasize
semantic patterns, using channel variance as a mea-
sure of importance combined with Softmax normal-
ization statistically distinguishes channels contain-
ing richer semantic information from those domi-
nated by noise, thereby enabling effective channel
selection and weighting.

E ICA vs Channel-Attention Methods

To further justify the design of the ICA module,
we elucidate its conceptual distinctions from preva-
lent parametric channel attention mechanisms such
as CBAM and ECA-Net. While parametric meth-
ods typically treat channel importance as a latent
variable to be "predicted" through auxiliary learn-
able mappings (e.g., MLPs or 1D convolutions)

based on training-set priors, our ICA module per-
forms a deterministic feature selection driven by
the variance additivity principle. Conceptually,
parametric attention focuses on feature recalibra-
tion through learned inductive biases, whereas ICA
prioritizes feature purification by treating chan-
nels as independent signal sources and employ-
ing variance as a proxy for information entropy.
As derived in Eq. (21)-(24), task-relevant seman-
tic signals Si inherently exhibit structured varia-
tions and higher variance compared to stochastic,
low-variance noise components Ni. By utilizing
a parameter-free variance-based scoring instead
of fixed learned weights, the ICA module adap-
tively suppresses high-activation noise that often
misleads parametric models. This strategic shift
from "prior-based prediction" to "evidence-based
selection" not only enhances the model’s robust-
ness against domain-specific noise but also ensures
superior instance-level adaptation and generaliza-
tion across diverse datasets like Weibo and Pheme
without introducing additional computational pa-
rameters.

F Off-Diagonal Covariance Analysis

Samples with sparse off-diagonal correlations ac-
count for less than 1% of the dataset. This indicates
that most samples exhibit dense off-diagonal corre-
lation structures. Therefore, the following analysis
mainly focuses on dense-correlation scenarios.

Based on this observation, we remove samples
with sparse correlations, retain samples with dense
correlations, and conduct ablation experiments to
compare different channel importance estimation
strategies. We consider two representative metrics
that explicitly utilize off-diagonal covariance infor-
mation.

Row Absolute Sum Variance (RAS Variance)
measures the overall correlation strength of each
channel by summing the absolute values of off-
diagonal entries row-wise:

si = V ar (Yi) +
∑

j ̸=i

|Cov (Yi, Yj)| , (26)

where V ar(Yi) denotes the variance of channel i,
and Cov(Yi, Yj) denotes the covariance between
channels i and j.

Top-k Off-Diagonal Augmented Variance (Top-
k OAV) augments channel variance with the Top-k
most relevant off-diagonal terms:
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si = V ar (Yi)+
∑

j∈Topk(|Cov(Yi,Yj)|)
|Cov (Yi, Yj)| ,

(27)
where Topk(·) returns the indices of the Top-k
largest absolute covariance values associated with
channel i.

When the covariance matrix exhibits dense cor-
relations, off-diagonal elements may provide sup-
plementary information; however, they may also
introduce noise. As shown in Table 8, directly uti-
lizing all off-diagonal information (RAS Variance)
increases the amount of information but does not
improve performance. This suggests that noisy
correlations may offset the potential benefits. Se-
lecting only the Top-k most relevant off-diagonal
terms (Top-k OAV) achieves moderate improve-
ment under dense-correlation scenarios, but still
underperforms CoM-ICA.

Notably, ICA relies solely on the diagonal el-
ements of the covariance matrix as importance
scores. Under convolutional mappings, semantic
signals are amplified, enabling channel variance to
effectively distinguish informative channels from
noisy channels. Meanwhile, the softmax normal-
ization further suppresses excessive dominance of
any single channel. Therefore, relying only on di-
agonal terms provides a stable and efficient way
to estimate channel importance while avoiding the
noise introduced by off-diagonal correlations.

Model Accuracy Precision Recall F1-score

CoM-ICA 0.907 0.894 0.872 0.882
w/o ICA 0.890 0.872 0.851 0.860
Top-k OAV 0.896 0.875 0.864 0.869
RAS Variance 0.890 0.877 0.845 0.858

Table 8: Performance comparison under dense off-
diagonal correlation conditions on the Pheme dataset.

G Model Robustness Under Distribution
Drift

We evaluate the stability of CoM-ICA under distri-
bution drift scenarios. Specifically, Gaussian noise
is added to input images to simulate distribution
shifts, and the performances of CoM-ICA and the
variant without ICA are tested under different noise
standard deviations.

As shown in Table 9, the model equipped with
ICA demonstrates higher robustness across all

noise levels and consistently outperforms the vari-
ant without ICA. As the noise intensity increases,
the performances of both models decline. However,
the model with ICA exhibits a smaller performance
drop, highlighting its superior resistance to noise
perturbations.

These results indicate that ICA helps suppress
noise-sensitive channels while emphasizing more
stable semantic channels, thereby improving ro-
bustness under distribution shift conditions.

Perturbation Setting σ = 0.05 σ = 0.1 σ = 0.2

Accuracy (ICA) 0.917 0.910 0.899
Accuracy (w/o ICA) 0.915 0.904 0.878

Table 9: Performance on the Pheme dataset under dis-
tribution shift simulated by Gaussian noise, where σ
denotes the standard deviation of the Gaussian noise.
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